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“Advancing technology is the permissive source of economic growth, but
it is only a potential, a necessary condition, in itself not sufficient.”
(Kuznets, 1973, p.247; emphasis in the original)

viii

Contents
Acknowledgments
xii
Thesis’ acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii
Chapters’ acknowledgments and co-authorship . . . . . . . . . . . . . . . . xiii
1 Introduction
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . .
1.2 Theoretical background . . . . . . . . . . . . . . . .
1.3 Evolutionary economics and economic geography .
1.4 Aim of this thesis . . . . . . . . . . . . . . . . . . . .
1.5 Contribution and outline . . . . . . . . . . . . . . .

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

1
. 1
. 2
. 3
. 10
. 15

2 Structural accounting: an empirical assessment of cross-country
and cross-region differences in productivity
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.2 Decomposing productivity: Composition effect and Place effect . . .
2.3 Data and measurement of productivity . . . . . . . . . . . . . . . . . .
2.4 Stylized Facts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.5 Results of decomposition . . . . . . . . . . . . . . . . . . . . . . . . . .
2.5.1 Main results . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.5.2 Propensity of technological diffusion . . . . . . . . . . . . . . .
2.5.3 Technology adoption and diversification . . . . . . . . . . . . .
2.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.A Elasticity of substitution . . . . . . . . . . . . . . . . . . . . . . . . . .
2.B Share of capital and labor . . . . . . . . . . . . . . . . . . . . . . . . .
2.C Aggregation model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

17
17
20
22
25
29
29
32
35
38
40
41
42

3 Agglomeration economies: the heterogeneous contribution of human capital and value chains
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.2.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.2.2 Dependent variable: coagglomeration . . . . . . . . . . . . . .
3.2.3 Independent variables . . . . . . . . . . . . . . . . . . . . . . .
3.2.4 Descriptive statistics . . . . . . . . . . . . . . . . . . . . . . . .
3.2.5 Estimation framework . . . . . . . . . . . . . . . . . . . . . . .

47
47
50
50
51
52
55
56

ix

x

CONTENTS
3.3

3.4
3.5
3.A
3.B
3.C
3.D

Empirical findings . . . . . . . . . . . . . . . . . . . . .
3.3.1 Replication of EGK results . . . . . . . . . . .
3.3.2 Extended sample . . . . . . . . . . . . . . . . .
3.3.3 Manufacturing versus services . . . . . . . . . .
3.3.4 Effect heterogeneity . . . . . . . . . . . . . . . .
Marshallian externalities and regional diversification .
Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . .
Additional analysis . . . . . . . . . . . . . . . . . . . . .
Industry list . . . . . . . . . . . . . . . . . . . . . . . . .
Analysis using Location Correlation . . . . . . . . . .
Correction to CBP censoring . . . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

57
57
58
59
60
62
66
68
71
75
77

4 Return Migration and its Impact on Employment and Wages in
Mexico
79
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
4.2 Background: migration dynamics between Mexico and the United
States . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
4.2.1 Outflows, return flows and changing stocks . . . . . . . . . . . 82
4.2.2 Network of migrants and their jobs . . . . . . . . . . . . . . . . 84
4.3 Empirical strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
4.3.1 Theoretical expectations and empirical model . . . . . . . . . 86
4.3.2 Data and identification . . . . . . . . . . . . . . . . . . . . . . . 89
4.4 The impact of return migration on employment growth . . . . . . . . 92
4.4.1 City-industry variation in the ENOE . . . . . . . . . . . . . . 92
4.4.2 City-industry variation in the census . . . . . . . . . . . . . . . 97
4.4.3 Time variation in the ENOE . . . . . . . . . . . . . . . . . . . 98
4.5 The impact of return migration on wages . . . . . . . . . . . . . . . . 99
4.6 Mechanism . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
4.6.1 Standard labor market effects . . . . . . . . . . . . . . . . . . . 101
4.6.2 Entrepreneurship . . . . . . . . . . . . . . . . . . . . . . . . . . 102
4.6.3 Education . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
4.6.4 Tacit knowledge . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
4.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
4.A Additional results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
5 The Made-In Effect and Leapfrogging: a Model
Change for Products with Country-of-Origin Bias
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . .
5.2 Baseline Model . . . . . . . . . . . . . . . . . . . . . .
5.2.1 Static . . . . . . . . . . . . . . . . . . . . . . .
5.2.2 Profit Functions . . . . . . . . . . . . . . . . .
5.2.3 Dynamics . . . . . . . . . . . . . . . . . . . . .
5.3 Leapfrogging vs Maintained Leadership . . . . . . .
5.3.1 Steady States and Simulations . . . . . . . .
5.3.2 The Leapfrogging Condition . . . . . . . . . .
5.3.3 Dynamics . . . . . . . . . . . . . . . . . . . . .

of Leadership
113
. . . . . . . . . . 113
. . . . . . . . . . 115
. . . . . . . . . . 115
. . . . . . . . . . 117
. . . . . . . . . . 118
. . . . . . . . . . 119
. . . . . . . . . . 119
. . . . . . . . . . 122
. . . . . . . . . . 125

CONTENTS
5.4
5.5
5.6
5.A
5.B

Specialization of Leader
Relevance in Empirics .
Conclusions . . . . . . .
Additional Analysis . .
Proof of Propositions .

xi
and Follower in General
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .

6 Conclusions
6.1 Overview . . . . . . . . . . . . . . . . .
6.2 Contributions . . . . . . . . . . . . . .
6.2.1 Empirical findings . . . . . . .
6.2.2 Theoretical contributions . . .
6.2.3 Methodological contributions
6.3 Limitations and future research . . .
6.4 Policy implications . . . . . . . . . . .

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

Equilibrium
. . . . . . . .
. . . . . . . .
. . . . . . . .
. . . . . . . .

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

129
131
134
136
139

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

147
147
148
148
151
154
155
158

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

Bibliography

163

Nederlandse samenvatting

177

Curriculum vitae

182

xii

ACKNOWLEDGMENTS

Acknowledgments
Thesis’ acknowledgments
This thesis was not an individual effort. While I put all myself into it, I must
acknowledge the many people whose help made it possible for this thesis to take
the current form. First and foremost, I would like to emphatically thank my supervisors. Andrea Morrison, to whom I could turn for any question: his supervision
encompassed all aspects of doing a Ph.D. Ron Boschma, whose invaluable comments improved my research in many directions. Frank van Oort, who guided me
since long before the Ph.D. – starting with my master thesis in 2009 and then
continuing with several collaborations during my time at PBL – and guides me
today still.
Part of this thesis was written in Cambridge, Massachusetts and Milan, while
I spent period as visiting scholar at the Harvard Kennedy School and at Bocconi
University. I have immensely benefited from the help and support of scholars
at these two institutions during that time. In particular, I am most grateful to
Frank Neffke, whose extensive supervision cannot be thanked enough. I would
equally like to extend my gratitude to Ricardo Hausmann and Franco Malerba
for welcoming me to their groups and for teaching me and making me grow as a
researcher.
To all my co-authors, your contribution cannot be understated. For this reason, I decided to dedicate a separate section (following this one) where your work
is properly acknowledged. The different chapters have also benefited from inputs
coming from a variety of scholars, in Utrecht, in Cambridge, in Milan, and elsewhere. In the next section, I also attempt to do justice to these contributions.
To my colleagues, Nicola Cortinovis, Sergio Petralia, Matte Hartog, Xiang Nan,
Jaap Nieuwenhuis, Mathieu Steijn, Marianne de Beer, Pier-Alex Balland, Joan
Crespo, and many more, my sincere gratitude for the stimulating conversations
and academic stimuli that kept my mind eager to learn.
Finally, thanks to my friends for having my back and for providing distraction when needed. Among them, extra thanks to Stefano Lugo and Bastiaan
Schravendeel, for supporting me as my paranymphs. To my family – my father
Pier Giuseppe, my mother Cinzia, and my sister Silvia – for their unshakable,
warm support. And to Dalila, my greatest debt is to you. For your love, that
made a tortuous endeavor into a wonderful period.

ACKNOWLEDGMENTS

xiii

Chapters’ acknowledgments and co-authorship
Chapter 2 is based on a single authored working paper, with title “Structural accounting: An empirical assessment of cross-country differences in productivity.”
For this chapter, I would like to thank in particular Ricardo Hausmann for the
ideas and suggestions provided. This also includes ideas that emerged from his
discussions with other Harvard Kennedy School faculty. Additionally, I am very
grateful to Frank Neffke, for the thorough discussions on the measure of decomposition, to Stefano Breschi for suggestions and for sharing his scraping code written
in Ruby and to Dani Rodrik for comments.
Chapter 3 is based on a paper co-authored with Frank Neffke and Neave
O’Clery: “Agglomeration economies: The heterogeneous contribution of human
capital and value chains.” The work is currently in a revise-and-resubmit stage for
the Journal of Urban Economics. Together with my co-authors, I would like to
thank Ricardo Hausmann, David Rigby, Nicoletta Corrocher and the attendees at
the Global Conference on Economic Geography 2015 in Oxford, the Geography
of Innovation 2016 conference in Toulouse and the Growth Lab Seminar at the
Harvard Kennedy School for their useful comments and suggestions.
Chapter 4 is adapted from a paper co-authored with Frank Neffke titled “Experienced return migrants and their impact on employment and wages in Mexico.”
I would like to thank for their comments George Borjas, Lant Pritchett, Ricardo
Hausmann, Mariapia Mendola, David Rigby and all the participants to Workshop
on Industrial Relatedness and Regional Growth at Utrecht University and to the
Growth Lab Seminar at the Harvard Kennedy School, both in 2014.
Chapter 5 is derived from “The made-in effect and leapfrogging: A model of
leadership change for products with country-of-origin bias,” a paper co-authored
with Franco Malerba and Andrea Morrison and currently in a revise-and-resubmit
stage for the European Economic Review. I am indebted to many researchers for
their suggestions: Lorenzo Zirulia, Andrés Gómez-Liévano, Sebastián Bustos, Erik
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Chapter 1

Introduction
1.1

Motivation

The economic landscape of the past few decades calls for optimism: in spite of an
enduring recession that that continues to cloud the prospects of many developed
nations, reports about global poverty offer reason to celebrate. In 2015, the United
Nations (UN) published its long-awaited report on the Millennium Development
Goals, noting that between 1990 and 2015, an astonishing 1 billion people were
lifted out of extreme poverty, effectively halving the number of people living on less
than a $1.25 a day (UN, 2015). As the global population increased by 2 billion over
that same period, the share of the world living in extreme poverty was reduced to
12%, from the 36% reported in 1990. Yet, poverty is far from being eradicated;
these global averages conceal large regional differences. In fact, the overwhelming
majority of this reduction – approximately 70% according to my own calculations
using UN data – happened in China, where the poverty rate plummeted from
61% to a mere 4% (a 94% reduction!). However, until 2002, poverty rates in SubSaharan Africa were higher than in 1990. The subsequent reduction was unable
make up for the lost decade, and the UN target of halving extreme poverty was
not met in this region.
There is absolutely no doubt that the phenomenal growth of the Chinese economy in recent decades is to be credited. Although growth need not translate into
lower poverty, Rodrik (2007) notes that, historically, nothing has served this purpose better than economic growth. Ravallion (2001) estimates that a growth rate
of 1% implies an expected annual decline in the poverty rate of approximately
2.5%. During the same period over which the UN tracked poverty reduction, the
estimates of Penn World Table 9.0 suggest that Chinese GDP per capita1 grew at
an annual compound rate of 6.9%. The corresponding rates are 2.5% for Nigeria
and -2.2% for the Democratic Republic of Congo. As result of these differences,
average standard of living is now more than twice as high in China as in Nigeria
and nearly 16 times higher in China than in Congo. In 1980, China was poorer
1 Gross

domestic product per capita, at purchasing power parity (PPP).
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than both of those countries. The successful story of poverty reduction in China,
paired with less successful cases in other parts of the world, highlights that an old
question in economics remains vital: why do countries follow such different paths?
Since the inception of economics, our understanding of the mechanics of growth
and their causes has increased manifold. Notwithstanding, pieces of the puzzle are
still missing, and growth remains elusive (Easterly, 2001) - a mystery (Helpman,
2004) even. This thesis is an attempt to address some of the unsolved aspects of
this puzzle.

1.2

Theoretical background

In 1966, Simon Kuznets – a pioneer of modern growth theory – laid out a definition of economic growth that included “sweeping structural changes” (Kuznets,
1966, p.1). It was clear to him and to some of his contemporaries (for instance,
Arthur Lewis, Raul Prebisch, and Hans Singer) that one could not hope to have
a full understanding of economic growth without considering the process of transformation that it entails. Among the changes that come with growth, Kuznets
mentions the process of industrialization (the movement of resources from agriculture to non-agriculture), the process of urbanization (the transfer of populations
from the countryside to the city) and the changes in the relative economic position
of various groups, distinguished by employment status and their attachment to a
certain industry (Kuznets, 1966, p.1).
In spite of these earlier contributors’ emphasis on processes of transformation,
research in the field came to neglect the role of structural change in economic
growth. One can conjecture why this came to be. First, dispensing with the
industrial structure allows for the construction of tractable models that can also
be taken to the data. In fact, a major concern at the time (but also currently)
was to explain the six Kaldor facts of economic growth2 .
Ignoring the industrial dimension turned out to be useful. Although the Kaldor
facts apply only to those nations that actually experienced sustained growth, the
approach’s modeling efforts and empirical analysis provided many insights, three
of which I feel compelled to highlight in this brief overview: 1) The accumulation
of capital, albeit important, cannot explain the sustained and balanced growth
observed in developed countries for approximately two centuries. This is true for
the accumulation of inputs in general. In fact, 2) human capital – I refer here to
that which can be accumulated through formal education – is also a key ingredient
of growth, but an insufficient explanation. 3) To explain the sustained growth
experienced by developed countries, as well as their differences from developing
and emerging nations, one needs to account for technological progress (Solow, 1956;
Klenow and Rodrı́guez-Clare, 1997; Jones and Romer, 2010).
2 The six facts, as summarized in Jones and Romer (2010), are 1) labor productivity has
grown at a sustained rate. 2) Capital per worker has also grown at a sustained rate. 3) The real
interest rate, or return on capital, has been stable. 4) The ratio of capital to output has also
been stable. 5) Capital and labor have captured stable shares of national income. 6) Among the
fast growing countries of the world, there is an appreciable variation in the rate of growth “of
the order of 2-5 percent.”
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The findings brought to light by this approach do not stop here. The fact that
growth does not depend primarily on the accumulation of inputs but, rather, on
the efficiency with which inputs are transformed into output is hardly a minor
point. Yet, technology so defined is a black box (a measure of our ignorance
according to Abramovitz, 1956, p.11) and rather than providing an answer, it
shifts the question to what causes different nations to have different technologies?
(paraphrasing Arrow, 1969). Over the past 30 years, a large part of the research
on economic growth has been devoted to answering this question. Theoretically,
endogenous growth theory attempts to model the mechanisms of the generation
and diffusion of technology (Grossman and Helpman, 1991; Aghion and Howitt,
1998). Empirically, econometric exercises focus on discovering the root causes
of growth. There is now convincing evidence that institutions (for instance, the
rule of law, antitrust mechanisms, incentives to innovate), physical geography (the
absence of malaria, proximity to large and innovative economies), and culture
(cooperative behavior, linguistic and cultural proximity to advanced economies)
are the real causes of the differences in technology and, in turn, the differences in
standards of living we observe in the world3 .
This is progress. We understand more about growth than we did 50 years
ago when Kuznets published Modern Economic Growth. Nonetheless, this came
at the expense of addressing the underlying processes of transformation, the dynamics of which we still do not fully comprehend. In spite of early recognition,
only recently has an effort been made to reconcile our current understanding of
countries’ growth with the underlying structural change (Acemoglu, 2009, p.720).
For research on economic growth, this is fertile terrain. The work I have done
during my Ph.D. studies was built around two broad conjectures. First, analyzing
the industrial and structural dimension would expose new or poorly understood
phenomena of economic growth. Second, the methodological way forward for this
task is to draw heavily on economic geography and evolutionary economics, where
the transformation of economies via industrial change has long been a core area
of analysis, although applied to different questions, contexts and scales. The upcoming sections elaborate on this.

1.3

Evolutionary economics and economic geography

The fields of evolutionary economics and economic geography – as well as their
synthesis, evolutionary economic geography – are vast in their scope, and it is
not my aim here to provide a comprehensive review. Instead, the purpose of this
section is to review the core contributions that allowed me to derive the guiding
principles of this research. As these different streams are strongly intertwined, I
find it convenient to proceed by topic.

3 See for instance Acemoglu et al. (2001), Sachs and Warner (2001), Keller (2002), Spolaore
and Wacziarg (2009).
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The nature of technology
Traditionally, technology – and knowledge more generally, of which we may consider technology a subset – has been theorized in microeconomics as holding two
key properties: it is nonrival and excludable 4 . The nonrival nature of technology
is uncontroversial: for instance, one firm’s use of a particular smelting technique to
transform ores into metals does not physically preclude other firms from employing the same process. This is in contrast to rival goods, such as production inputs
(e.g., the ores, the chemicals, the furnace, the labor): the use of these inputs by
one firm does physically prevent other firms from having access to them.
However whether technology is excludable is less obvious. There is a handful
of techniques available to firms engaging in innovation that can exclude others
from reaping the benefits of their effort, such as secrecy, patenting, first-mover
advantage, or the use of complementary resources. There is ample discussion, and
perhaps substantial disagreement, on the efficacy of these instruments, but the evidence seems to point in the direction of partial excludability. For instance, direct
surveys administered to manufacturing R&D labs in US and Japan (Cohen et al.
2000, 2002) suggest that the exclusion mechanisms are successful, at best, half
of the time. The fact that technology is only partially excludable has important
consequences:
 Investment in innovation – to create, for instance, a new efficient production
process – may generate knowledge spillovers or technological externalities,
that is, other firms may acquire information regarding this new production
process, without paying for it in a market transaction (Grossman and Helpman, 1991, p.16)
 The combination of partial spillovers and partial appropriation can be used
to describe sustained economic growth. In most models proposed by endogenous growth theory, economies can escape diminishing returns to capital and
grow at an exponential rate precisely because technology is neither fully excludable nor a pure public good: partial appropriability provides the incentive to innovate, while the spillovers provide the mechanism for sustained
growth (Grossman and Helpman, 1991, p.18).

There is also an interesting corollary on the link between partial excludability and sustained growth. While excludability can be thought of as an intrinsic
property of technology (for instance, whether it is technically feasible to imitate
or reverse engineer it), societies can decide to impose excludability by legal means.
If partial excludability is responsible for sustained growth, then it is desirable to
make technology partially excludable. In the words of Bronwyn Hall:
“The principle behind the modern patent is that an inventor is allowed
a limited amount of time to exclude others from supplying or using an
invention in order to encourage inventive activity by preventing immediate imitation. In return, the inventor is required to make the description
4 Definitional differences in the literature may lead one to classify a nonrival and excludable
good as either an excludable public good (Mas-Colell et al., 1995) or a club good (Varian, 1992).
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and implementation of the invention public rather than keeping it secret,
allowing others to build more easily on the knowledge contained in his
invention.” (Hall, 2007, p.568)
Evolutionary economists have highlighted some issues that arise when describing technology in terms of its properties of non-rivalry and partial appropriability.
In particular, Dosi and Nelson (2010) contend that this approach reduces technology to information. This might be misleading. Whereas information can be
replicated at virtually no cost (for instance, a mathematical theorem can be copypasted and sent via email to multiple recipients), the replication of technological
knowledge is a “painstaking and often quite expensive business” (Dosi and Nelson,
2010, p.58). To fully appreciate this point, we need to return to the foundation
of evolutionary economics. In the much-celebrated book An Evolutionary Theory of Economic Change, Nelson and Winter (1982, p.62) discuss other properties
of technology. For exposition purposes, I will summarize their rich arguments
by extracting three key ‘new’ properties of technology: tacitness, specificity and
complexity.
The concept of tacitness is borrowed from Polanyi (1966) and was first presented by Nelson and Winter (1982) as a property of the knowledge and skills
of an individual, to be later extended to technology at the firm level. A person
with a particular skill – illustrative everyday examples are swimming or driving
– may not be able to explain in words (to others or to oneself) the knowledge
embedded in the skill. That is because at least part of the skill is known to the
person through automatic routines or muscle memory. Quite literally, such knowledge that cannot be spoken of is said to be tacit. Extensions and refinements of
the concept5 indicate that tacitness is a matter of degree, and one can think of
this property as ranging from fully tacit to codified, where the position of a piece
of knowledge on the spectrum can be modified through an effort at codification
(Cowan et al., 2000)6 . Moreover, it has been proposed that tacitness, rather than
being an intrinsic property of a piece of knowledge, can be framed as a property
of the knowledge flow (Breschi and Lissoni, 2001). As such, tacitness depends on
the individuals exchanging knowledge. For instance, two electrical engineers may
codify a piece of knowledge in a technical language that they both understand
and, therefore, be able to successfully transmit it to one another. However, what
has been codified for them might be tacit for a different specialist (say, a financial
analyst).
These observations about knowledge at the individual level are already sufficient to suggest that the technology at the firm level holds the additional properties of tacitness and specificity. Nelson and Winter (1982) take this a step further.
They ask, “where does the knowledge reside?”. The prevailing view was that one
could understand a firm’s technology as being stored in a blueprint or embedded
in a chief engineer. Both views are refuted. The former because if knowledge is
5 It is fair to highlight that the original exposition of Nelson and Winter (1982) already
contains many elements of these extensions.
6 The distinction between tacit and codified knowledge can be related to the work of Daniel
Kahneman, who notes there are two modes of thinking and deciding: one automatic and intuitive,
the other deliberate and reasoned (Kahneman, 2003).
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tacit to some degree at the individual level, a firm’s technology must also be so.
The latter view is refuted on the basis that it is unusual for a firm (at least one
of a certain degree of sophistication) to have only a single person who knows how
to perform every task. Rather, the a firm’s knowledge must be distributed across
many individuals, each of whom possesses skills or knowledge not known to others.
Thereby, the technology of a firm is complex because is a coordinated combination
of different pieces knowledge held by different individuals.
To return to Dosi and Nelson (2010) statement, the replication of technology
is painstaking and expensive because is tacit, specific and complex. These properties are not in contrast with non-rivalry and excludability. Nevertheless, treating
technology as information would emphasize its tendency to slip away: if a firm
does not take measures to protect a technology, it would certainly spill over to the
firm’s competitors. The additional properties suggested by evolutionary theorists
emphasize that, even if a firm wanted to have its technology replicated, there are
several barriers that might impede such replication. Finally, it must be highlighted
that technological externalities are not excluded. In fact, tacit knowledge may be
transmitted between two individuals without them knowing it. Using the classic
example of the swimmer in Polanyi (1962, p.51), one could learn the respiration
techniques that permit buoyancy by unconsciously mimicking the breathing patterns of a swimmer, without acquiring any knowledge of the physical principles
involved and without even realizing that any copying had taken place.

Externalities in economic geography
These properties of technology provide a natural link with economic geography.
Knowledge spillovers – especially when the underlying technology has some degree
of tacitness – require frequent face-to-face interactions between individuals (Audretsch, 1998; Storper and Venables, 2004). There is no better place than an urban
agglomeration – a place where the geographical, professional and social proximity
of engineers, technicians and managers of different firms facilitates frequent formal
and informal interactions – for technological externalities to take place. From this
perspective – just as the properties of non-rivalry and partial excludability allow
for spillovers – the property of tacitness constrains the spillovers to be localized.
Economic geography has a long tradition of studying localized externalities.
In Alfred Marshall’s book IV of Principles of Economics, one can find an early
discussion on localized technological externalities7 .
“[...] so great are the advantages which people following the same skilled
trade get from near neighbourhood to one another. The mysteries of the
trade become no mysteries; but are as it were in the air, and children
learn many of them unconsciously.” (Marshall, 1920, p.225)
7 Marshall proposes the existence of three local externalities: other than technological externalities, he discusses the benefits of access to specialized workers and suppliers. Since all
three can be sources of innovation, but technological externalities have the closest connection
to it (Carlino and Kerr, 2015), to keep the exposition compact, I focus here only on knowledge
spillovers. It is worth highlighting that the other two Marshallian mechanisms have also a central
role in this thesis and are, therefore, discussed later in this chapter.
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While Marshall had no concept of tacit knowledge, one can recognize that some
of its elements are already in place, from the necessity of personal interaction to
unconscious learning. However, the explicit recognition of the tacit dimension
of technology allowed researchers in economic geography to better frame their research agenda and explore in greater detail the mechanisms that permit technology
to diffuse to other local actors (Breschi and Lissoni, 2001). The empirical analysis
of this stream of research suggests that the most important mechanisms for the
diffusion of technology across firms are labor mobility and spinoffs (Breschi and
Lissoni, 2009; Klepper, 2009). It follows that geographical proximity might be
a mere enabler, while “neither a necessary nor a sufficient condition for learning
to take place” (Boschma, 2005, p.62). These findings have demanded a complete
recasting of the concept local knowledge spillovers as a pecuniary externality. Although it is perhaps excessive that all technology transmission happens through
market transactions8 , it is important to recognize the importance of labor mobility
and spinoffs to our understanding of knowledge diffusion.
While Marshallian externalities are typically associated with the diffusion of
ideas among firms “following the same skilled trade,” Jacobs externalities (Jacobs,
1969) rely on a different channel: urban growth – she argues – is driven not by
advancements of single activities but by cities being diversified environments, in
which combinations of different types of work can create new activities that did
not previously exist.
“Our remote ancestors did not expand their economies much by simply
doing what they had already been doing [...]. They expanded their
economies by adding new kinds of work. So do we. [...]. This process is
of essence in understanding cities because cities are places where adding
new work to older work proceeds vigorously.” (Jacobs, 1969, pp.49-50)
Two qualifications are in order. First, compared to Marshallian knowledge
spillovers – where one can identify a diffusion-adoption logic – Jacobs externalities
are mainly, at least in their modern interpretation, a knowledge creation argument. Second, although to appreciate Jacobs externalities, it is not necessary to
establish a link with the description of technology in Nelson and Winter (1982),
one cannot help but notice the connection: if technology is complex, that is (as
defined above) a coordinated combination of different pieces of knowledge held by
8 Externalities can be either pecuniary externalities (transmitted through prices) or technological externalities (“real” externalities). Generally, but not uniquely, economic geographers link
access to workers and suppliers to pecuniary externalities, while access to technologies and ideas
is linked to ‘real’ externalities. This last point in particular is heavily debated (Greenstone et al.,
2008; Breschi and Lissoni, 2009; Huber, 2012). Although the emphasis of the theory might have
led to the exaggeration of the size and role of technological externalities, in my view, it is unlikely
that full technological exclusion is feasible. This is true with respect to externalities in general,
at least because patents make some technologies available to others (for free after the patent’s
expiration). With respect to local externalities, because – even if firms acquire knowledge by
hiring other firms’ engineers – I find it improbable that the hiring firm pays for the full value of
the technology obtained (that is, the value of the technology, minus the pecuniary externality:
the discount the firm receives because the engineers do not have to relocate), at least because
there is a clear asymmetry of information. The jury, however, is still out.
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different individuals, a diverse urban environment is the ideal landscape for the
creation of new technologies.
Marshall and Jacobs externalities are two fundamental pillars of economic geography and sources of much theoretical and empirical discussion (Neffke, 2009).
A particularly troubling conundrum generated by this dichotomous classification
of externalities is that the two forces are expected to push cities in opposite directions: the former invokes a full specialization of cities, while the latter promotes
diversity. Moreover, the empirical evidence on the matter is highly contradictory
(de Groot et al., 2007, 2015). A relatively recent development in economic geography has made a step in the direction of surpassing the adversarial view of
the binary specialization-diversification system (Frenken et al., 2007). It has been
proposed that two firms are not necessarily either similar or different. Instead,
the similarity between two firms is a matter of degree. Technological specificity,
as highlighted above, makes a piece of knowledge useful to some but inaccessible
to others. Cross-firm and cross-industry9 externalities may be successful to various degrees, depending on both the sending and receiving firms. It is clear from
this perspective that the proximity – not in geographical sense but in a cognitive
one (Boschma, 2005) – between the different firms is an important determinant
of technological exchange. Analogously, different industries may exchange knowledge at different intensities according to their cognitive proximity. The degree to
which two industries are related to one another – which has been called by various
names, such as relatedness, similarity, and proximity (Hidalgo et al., 2007; Neffke
and Henning, 2013) – has important theoretical consequences. The most immediate, in the context of the current discussion of technological externalities, is that
cross-industry externalities are heterogeneous.

The growth process
The principles of evolutionary economics – in particular regarding the nature of
technology – can be used (as shown in the previous section) to qualify localized
knowledge externalities, by enriching our understanding of their boundaries (which
industries?) and their transmission (which channels?). This section shows how this
characterization of localized externalities can shed light on the dynamics of the
growth process.
The link between localized externalities and economic growth has been proposed in the past. At the dawn of endogenous growth theory – to which externalities are essential – Glaeser et al. (1992) note the connection between the work
of Arrow (1962), Romer (1986), and Lucas (1988) and that of Marshall (1920),
Jacobs (1969), and Porter (1990). If externalities – they argue – play a prominent
role in economic growth and are spatially bounded, then one could look at cities to
unveil (and test) some aspects of growth. In a similar spirit, this thesis argues that
the understanding of externalities, which comes from an evolutionary perspective
on the nature of technology, can be used to address some unanswered questions
related to economic growth. This is especially the case if one wants to unravel
9 In

this thesis, ‘industry’ is used in a broad sense, including services and the primary sector.
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the process of structural transformation (the sweeping structural changes) that
accompanies the growth of nations in modern times.
Section 1.2 sketches an explanation for why the dominant growth theory has
to some extent neglected structural change. It is hypothesized that the interest in
explaining a sustained and balanced growth path is responsible. This, however,
is changing: a desire to reconcile growth theory with the Kuznets facts, along
with an interest in exploring whether models with multiple sectors could expand
the insights obtained from one-sector models, has recently prompted researchers to
undertake effort in this direction (Herrendorf et al., 2014). Although it is relatively
recent, this literature has produced numerous theoretical models that address the
allocation of resources across industries in a dynamical setting. I attempt here
to synthesize the findings of these models by extracting two major lessons. First,
there are two macro channels that can deliver structural change: the demand side
and the supply side. The channel on the demand side relies on non-homothetic
preferences (Kongsamut et al., 2001); a generalization of Engel’s law, this type of
preferences dictates that the consumption pattern of consumers changes as they,
along with their country, become richer (e.g., lower shares of income are devoted to
food at higher income levels, even if the total expenditure on food increases). The
channel on the supply side relies on asymmetric technology across sectors (Ngai and
Pissarides, 2007). The supply-side asymmetry, in turn, can be generated by either
differential rates of technological progress across industries or by different factor
intensity across industries (Herrendorf et al., 2014). The second lesson is that
opening the economy to trade has ambiguous theoretical expectations. On the one
hand, trade pulls countries together and, through cross-country spillovers or just
pure trade effects, makes them grow at the same rate (although the levels can be
different). On the other hand, if trade is combined with technological asymmetries,
it may have negative effects for some countries in models such as Matsuyama
(1992), Young (1993), Galor and Mountford (2006), and Hausmann et al. (2007).
In this scenario, comparative advantages may lead some countries to specialize in
technologically stagnant industries (so-called ‘incorrect’ specialization) and grow
at a lower rate than those specialized in more progressive sectors.
This last point requires further discussion. The theoretical ambiguity10 seems
to have a polarizing effect among academics. The traditional view is that trade
is beneficial for all parties engaging in it11 . The multiple-sector models described
above challenge this view: in a dynamic setting, technological asymmetries may
render the opening of trade detrimental to a country. In Introduction to Modern
Economic Growth, Daron Acemoglu mounts a defense of free trade and concludes
that
“[...] the potential negative effects of trade on growth because of such
‘incorrect’ specialization should not be exaggerated.” (Acemoglu, 2009,
p.684)
10 The empirics similarly do not offer overwhelming evidence in either direction (Rodriguez
and Rodrik, 2001).
11 At least for all countries; different groups – such as unskilled workers in developed countries
– are expected to be worse off after increased trade liberalization. See Krugman (1987) for a
more nuanced view of trade benefits in economic theory before endogenous growth.
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Most economists would agree with the majority of the arguments proposed by
Acemoglu and concur that, ultimately, the benefits of trade outweigh the possible
negative impacts. Chief among these arguments is that isolated countries cannot
benefit from technological transfer. However, other arguments are less compelling.
In an early version of the book, the defense of trade included the following point12 :
“[...] there is no strong evidence that learning-by-doing externalities are
important in general and much more important in some sectors than in
others.” (Acemoglu, 2009, v.2.2, p.796)
The negative effects of trade in fact rest on the assumptions of technological
asymmetries across industries. The above statement, however, is in direct contrast with the description on technology that is carefully crafted in the preceding
sections. First, externalities of any type, including learning-by-doing externalities,
are an essential ingredient that we cannot dispense of if we want to understand
growth13 . Second, not only do externalities differ by industry, but bilateral externalities also have different intensities for different industry pairs.
Whether, in fact, there are asymmetric externalities across industries is a central question for our understanding of growth. Although the implications of the
benefits of trade are certainly important and highly debated, it is not the main
reason for stressing that this issue can be so divisive. If externalities were allowed
to differ between sectors, we would live in a different world from the one that is
commonly described by the dominant economic theories. We would live in a world
where multiple equilibria are possible, where history matters, where growth is path
dependent, where fundamentals (such as institutions and endowments of human
and physical capital, Hausmann et al., 2007) play a smaller (but still important)
role, and where the industry structure of a country is a cause of growth and not
merely a consequence of it.

1.4

Aim of this thesis

The controversies over the nature of externalities and subsequently, as argued, the
role of the economic structure frame a clear agenda, as there are a number of
questions that remain unanswered.
Research goal: The overall research goal is to understand the influence
that economic structure has on growth, and the mechanisms whereby the
structure changes.
12 Acemoglu uploaded draft versions of Introduction to Modern Economic Growth on the MIT
website, starting two years prior to publication in 2009. As the author evidently removed this
argument from the final version, I am not reporting it to debate his position on the trade-growth
link. Instead, the argument is reported because it captures neatly how important assumptions
about externalities can be. The quote is from the draft version 2.2.
13 New economic geography (NEG) models show that pecuniary externalities can substitute
for technological externalities. For instance, static negative effects of trade that only require
pecuniary externalities are shown in Krugman and Venables (1995). Martin and Ottaviano
(2001) also show that pecuniary externalities can deliver sustained growth.

1.4. AIM OF THIS THESIS

11

In this endeavor, I can build on two separate, yet increasingly converging,
streams of literature. On the one hand, there is that (minority) strand of international economics that has stressed both the existence of multiple equilibria and
the importance of economic structure. Hausmann et al. (2007) contend theoretically (using a model with different sectoral externalities) and empirically that a
country’s export portfolio matters for growth. Expanding on this concept, Hidalgo
et al. (2007) show that it is possible to predict what products countries will add
to their export baskets based on their current export structure. The prediction is
based on the product space, a topography of product relatedness that is meant to
infer technological similarities across industries. Hidalgo et al. (2007) also provide
evidence that rich countries ‘inhabit’ the central, more-connected, and technologically advanced portion of the product space, while less-developed countries are
confined at its periphery, where one can find more basic products. In fact, Bustos
et al. (2012) find that, just like species in biology, products have the property of
nestedness: “rare species inhabit predominantly diverse patches, while ubiquitous
species tend to inhabit both, diverse and non-diverse locations” (Bustos et al.,
2012 p.1)14 . From the property of nestedness, the concept of economic complexity
is derived: the economic complexity of countries is similar to the diversity of the
production structure, but it accounts for how uncommon the products are, that
is, how many other countries are producing them (ubiquity).
Furthermore, there is the literature on evolutionary economic geography, together with its building blocks of economic geography and evolutionary economics.
For the many reasons outlined in this introduction, the literature is well suited to
study economic structure and its evolution – the goal of the present research.
In fact, the affinity with the work of Hausmann, Hidalgo and Rodrik is evident,
offering concepts such as related variety (Frenken et al., 2007) and relatedness
(Neffke, 2009), which have been used to study the evolution of the economic structure of cities and regions (Saviotti and Frenken, 2008; Neffke et al., 2011). The
analysis of tacit knowledge transmission at the local level (Breschi and Lissoni,
2009; Boschma and Frenken, 2015) can help to understand how technology is –
or isn’t – transferred across nations. Finally, the subset of this literature that has
focused on innovation and industrial dynamics15 can provide a different perspective and contribute to our understanding of how an emerging country can become
a leader in new, formerly technologically prohibitive, industries (so-called catch
up or leapfrogging; see, for instance, Lee and Lim 2001, Malerba 2002, Cusmano
et al. 2010, and Lee and Malerba 2015. Petralia et al. 2015 show how the two
literatures are linked). With this in mind, I articulate the research goal into four
research questions (RQ). Roughly, each of the four chapters of the thesis identifies
and addresses one research question. The four questions are as follows: (1) Does
economic structure matter? (2) Do externalities differ by industry? (3) How do
countries acquire new technologies? (4) Is acquiring a new technology sufficient
for structural change?
14 As this pattern could be explained by the fact that a diverse environment generates further
new varieties, one could perceive a similarity with the thesis of Jacobs (1969).
15 A literature more related to evolutionary economics than to economic geography.
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RQ1: Does economic structure matter?
First and foremost, it is important to acquire an understanding of the relevance of
the economic structure of countries and regions. Since theory suggests that economic structure might be either important or inconsequential, this is mainly an
empirical question. Chapter 2 proposes a methodology for structural accounting.
It is shown that productivity can be decomposed into two main components: a
Place effect, which is driven by the average technological sophistication of countries, and a Composition effect, which is driven by the allocation of production
factors across different (lucrative or unproductive) industries. In this way, it is
possible to assess how much of the cross-country variance in productivity can be
attributed to ‘incorrect’ specialization.
Although this accounting exercise cannot disentangle causes from effects, it is a
critical step toward advancing our understanding because of its power to quantify
the importance of structure versus technology with a single statistic. Using a
sample of over 2 million firms, the analysis estimates total factor productivity
(TFP) for 30 countries and 800 sectors (24,000 country-industry combinations)
and finds, after extensive robustness checks, that the variance of productivity is
roughly 1/4 structure and 3/4 technological differences. Repeating the exercise to
decompose subnational TFP suggests that half of the differences between regions
are generated by structure and half by technology.
The results of chapter 2 – which include an estimate of technological diffusion
between nations and country-specific calculations on the benefits of the reallocation
of resources – can be used as guidance for the rest of the thesis. First, technological
improvement, meaning that the productivity of lagging countries can converge
toward the industry average, would largely reduce the differences in the standard
of living across countries. Hence, the reduction of technological differences are of
primary importance, and adopting the perspective of evolutionary economics and
economic geography, some aspects of the technological transformation of countries
are addressed empirically in chapters 3 and 4. Second, even if it were possible to
immediately reduce cross-country differences in industrial technology, the observed
allocation of resources is such that 1/4 of differences would persist.
This result, beyond answering the research question by highlighting that the
economic structure of nations has a sizable impact on the global cross-country
income distribution, raises a follow-up question. If the reallocation of resources
across sectors (at the current productivity) would improve the overall productivity of a country, why is this not happening? Although the depth and breadth of
this question does not allow for its exhaustive treatment in a single thesis, chapter 5 begins to sketch part of the answer by showing, with a dynamical model of
leapfrogging, that in some circumstances, technological catch up might not be sufficient: although a superior technology is available, resources are not reallocated,
and the country remains specialized in low-value products.
RQ2: Do externalities differ by industry?
Complementary to RQ1, this question addresses an important issue for structural
change: as theory shows, local and industry-specific externalities are an essen-
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tial ingredient of a world where growth is path dependent and driven by industry
structure. In Chapter 3, econometric techniques are used to estimate the different
strengths of local externalities for 120 manufacturing industries and services. Expanding on an intuition by Ellison et al. (2010), the binary colocation of industries
is exploited to separately estimate externalities for each industry.
The analysis focuses on two Marshallian channels: input-output relations and
labor externalities. Technological spillovers are overlooked in this analysis to obtain fully comparable measures of heterogeneity across industries that belong to
manufacturing and services16 . For the purpose of keeping the exposition in this
introduction as linear as possible, I constructed a narrative around technological
spillovers. Nevertheless, input-output and labor externalities can also fulfill their
role, for many reasons. First, both input-output and labor links between firms
can be channels for technological transfer (Carlino and Kerr, 2015). Second, even
in the absence of technological spillovers, when matching and sharing mechanisms
are purely pecuniary17 , theory in new economic geography shows that externalities operating through prices are potent substitutes for technological externalities
(Krugman and Venables, 1995; Martin and Ottaviano, 2001). The econometric
exercise reveals substantial heterogeneity across industries in both input-output
and labor externalities. For instance, on average, labor externalities are stronger
in services than in manufacturing.
RQ3: How do countries acquire new technologies?
In addition to measuring the heterogeneous strength of externalities, chapter 3
also attempts to answer to the third research question and to contribute to our
understanding of the evolution of industrial structure over time. The chapter
stresses the link between Marshallian externalities and the product space. As
discussed above, the degree to which two industries are similar can be linked to
the likelihood of knowledge spillovers being effective. This can translate into a
topography of industries, the product space, which maps how the technologies of
different industries affect one another. Since input-output and labor are important
externality channels, the bilateral linkages between industries’ input-output and
labor can be themselves read as a product space.
While the existing literature has already established, with robust evidence,
that the product space can be used to predict the growth of existing industries
or the emergence of new ones (Hidalgo et al., 2007; Neffke et al., 2011), in this
chapter it is shown that measuring industry relatedness using input-output and
labor linkages can also be used to successfully predict the evolution of the economic
structure. Moreover, it is shown that the heterogeneous estimates of externalities
can be used to improve growth predictions.
The product space logic seems to contribute to answering the research question,
but there is something that is – at least in part – unsatisfactory about this an16 Technological spillovers are usually measured by patents or R&D investment and typically
do not capture externalities in the service sector.
17 See Duranton and Puga (2004) for a theoretical discussion of the microeconomic foundation
of Marshallian externalities.
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swer. The dynamics of the product space suggest that there is a path-dependent
transformation, whereby the economic structure of a given year determines the
economic structure of the next one. They also suggest that – while some countries
might be caught in virtuous cycles, with specialization in many activities in the
central, dense part of the product space – others might find themselves locked-in,
at the margin, with a specialization in technologically stagnant and unprofitable
activities. How do countries that are in a similar lock-in acquire a new technology? Using the metaphor in Hidalgo et al. (2007): if the product space is a forest,
products are trees and firms are monkeys, then in less-developed countries, the
monkeys are stuck at the margin of the forest, in unproductive and isolated trees.
To brake the impasse, the monkeys have to jump! How can they jump?
In chapter 4, it is proposed that return migration can allow such jumps. Workers who spend years in a more technologically advanced country can, upon return,
bring home some of the tacit knowledge they acquired, contributing to the acquisition of a technology that the current industrial structure could not have allowed.
An empirical analysis of the migratory movements between the United States
and Mexico shows that return migrants alter the composition of skills in Mexican
cities. It is found, with the aid of two carefully constructed instrumental variables,
that return migration causes structural change in Mexico. Moreover, an analysis
of wages – which are not strongly depressed by return migration, as one should
expect by the downward slope of the labor demand curve – and an exploration
of the potential mechanisms provide suggestive evidence that some technological
externalities occur.
RQ4: Is acquiring a new technology sufficient for structural change?
Finally, the fifth chapter brakes the link between technological catch up and structural change. While it could be argued that structural change is always a mere
consequence of technological change, the theoretical model in this chapter clearly
shows that this does not have to be the case.
The model’s core mechanism that prevents structural change comes from the
demand side. Although the channel is different, it is reminiscent of a strategy used
by growth economists to model structural change that relies on the demand side.
Firms from a lagging country – it is argued – have a demand disadvantage. When
they first attempt to enter into a new sector and sell on international markets, they
first have to face a lack of collective reputation. For more differentiated goods, the
quality of which is not observable before purchase, this can be a serious barrier.
This distortion is known as country-of-origin bias or made-in effect, and chapter 5
presents a formal model designed to determine under which conditions firms (and
countries) may overcome country-of-origin bias and become market leaders.
The modeling strategy for capturing these dynamics is, to the best of my knowledge, novel and designed using a mix of standard and evolutionary principles. The
model in each moment of time borrows from the standard toolkit of microeconomics: CES demand, increasing returns, profit and utility maximization, and
static equilibrium with market clearing. With respect to the evolution over time,
the model is inspired by evolutionary principles. First, demand changes over time
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according to mechanisms highlighted in diffusion models (Geroski, 2000). Second,
firms of different types (that is, from different countries in the model) enter and
exit the market, not because they are forward looking but because of current profit
or losses. In models of species competition (such as the famous Lodka-Volterra
model, Simon and Blume, 1994), the growth or decline in a species of one type
is generated by reproduction and death and depends on the the species’ fitness.
Similarly, in the model, firms reproduce (via imitation or spinoff) or die (via exiting the market), depending on their fitness (profits). Higher profits mean more
imitation; higher losses imply a more rapid exit.
The model so outlined is, formally, a system of differential equations. A thorough analysis of the steady states and transitional dynamics allows to identify
a leapfrogging condition, which depends on the technological differences between
the two countries, the property of the product (differentiated versus homogeneous)
and the initial conditions of the system. A generalization of the model to many
sectors shows that the latecomer countries may remain – after having overtaken
the leader technologically in all sectors – specialized in low-value products. This
confirms the intuition of the one-sector model, namely, that acquiring the relevant
technology is not sufficient to initiate sweeping structural changes.

1.5

Contribution and outline

The research in this thesis touches a variety of issues, all of which – I argue –
are crucial to improving our understanding of growth. The findings in the different chapters repaint a picture of the growth process the adds several layers of
complexity to our current image. The main message – and one could see in it a
synthesis of the contributions of the different chapters – is that growth is a twosided process. On one side, there is technological change, which is the main engine
of growth and must be understood by taking into account the nature of technology
(as nonrival, partially excludable, tacit, complex and specific). On the other side,
there is structural change, which relates in multiple ways to technological change.
First, the economic structure causes technological change, an effect due to heterogeneous cross-industry externalities. Second, technological change is, in turn, an
essential ingredient of structural change; when a country or a region acquires the
skills and capacity to produce more efficiently in an industry, the market exerts
pressure to reallocate resources to that industry. Third, in spite of this pressure,
technological change might be insufficient to initiate structural transformation, as
there might be other forces preventing it (this thesis discusses, for instance, how
demand dynamics can be such an obstacle).
The following outline describes in brief the division of this thesis while also
highlighting where the main contributions of this research can be found.
Chapter 2 establishes empirically the importance of structure versus technology. It confirms that a relatively large part of the variance in total factor productivity (25% between countries, 50% between regions) is due to ‘incorrect’ specialization, and many countries could potentially increase their average productivity
by reallocating factors of production across industries. After a careful consider-
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ation of the role of aggregation mismeasurement, the chapter concludes that the
somewhat larger importance of structure between regions is a strong indication
of technological homogeneity. In other words, technology diffuses better between
regions than between nations, and in turn, differences in structure explain larger
part of the variance in productivity.
Chapter 3 provides two important contributions. First, exploiting coagglomeration patterns, it measures the heterogeneity and asymmetry of cross-industry
labor and input-output externalities, finding large and statistically significant differences across industries. Second, it shows that the economic structure, in combination with heterogeneous externalities, can be used to predict structural change
in US regions.
Chapter 4 measures the causal impact of Mexican return migration on employment and wages in Mexico. It is shown that the dynamics of migration to the
US (which follow the migrants’ social networks) and back allow returnees to bring
new skills to Mexican regions. The analysis finds that the new skills alter the
employment structure in Mexico, effectively causing structural change. Moreover,
an analysis of wages provides some evidence of spillover effects.
Chapter 5 is mainly theoretical and focuses on understanding a mechanism
that could explain why – sometimes – technological change is not sufficient for
structural change. While other mechanisms are certainly possible, the chapter
shows that consumers’ biases, such as the country-of-origin effect, could explain
why structural change does not always occur when is expected. The chapter also
finds that this demand-side effect pushes latecomers into specialization in low-value
homogeneous goods, while incumbent countries remain specialized in high-value
differentiated goods even after their technology becomes inferior in every good.
Suggestive evidence of this pattern is also reported in the chapter.
In Chapter 6, one can find the conclusions. Other than a more extensive summary of the main findings, which also includes an overview of the methodological
contributions of the thesis, the chapter outlines the limitations of this research
and discusses possible directions for future research. Finally, the last section of
the chapter places the research into a policy context, by reviewing the growth
policy debate and considering the implications of this work.

Chapter 2

Structural accounting: an
empirical assessment of
cross-country and
cross-region differences in
productivity
2.1

Introduction

One of the central puzzles in economics is the large differences in standards of
living across countries. From the transformative work of Solow (1956), researchers
have focused on the differences in factor productivity – particularly total factor productivity or TFP. This approach typically divides countries’ growth into
two components: factor accumulation and productivity growth. Theoretical arguments and empirical analysis have shown that the core engine of growth – largely
responsible for the global differences in the standard of living – is productivity,
accounting for as much as 50% of the cross-country variance (Jones and Romer,
2010). The natural follow-up question is, why is productivity – which is technology
in a broad sense, the efficiency with which factors such as labor, capital and human
capital are used in production – so different? Why, if a better technology exists,
do so many countries inefficiently use production factors? What prevents them
from adopting the better technology? To answer to these fundamental questions,
many authors have searched through countries’ characteristics to identify which is
the fundamental reason for productivity differences. Prominent explanations are
culture (Spolaore and Wacziarg, 2009), geography (Sachs and Warner, 2001) and
institutions (Acemoglu et al., 2001), with the latter perhaps attracting greater
consensus.
While over many years of research this approach has manifestly improved our
17
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understanding of growth, some authors argue that aggregating a nation’s economy
into a single TFP value – and therefore ignoring the underlying industrial structure
– might have led researchers to overlook some potential complementary explanations. For early development economists, structural change was a key ingredient
of economic growth (Kuznets, 1966). Its role in growth theory became somewhat
marginal when the literature focused on models that could explain the Kaldor facts
(first neoclassical, then endogenous growth theory), and only recently has the literature begun to reconcile leading models with structural change (Herrendorf et al.,
2014). Yet, a number of theoretical and empirical articles in the past two decades
have suggested that the composition of a country’s output might be important.
Models that lead to these conclusions typically involve asymmetric externalities
across industries and an economy open to trade (Matsuyama, 1992; Young, 1993;
Galor and Mountford, 2006; Hausmann et al., 2007). The main insight of these
types of models is that comparative advantages might induce some countries to
specialize in technologically stagnant industries, in turn creating differences in the
aggregate productivity level or growth. Additional empirical exploration hints in
the same direction. Imbs and Wacziarg (2003) find a non-monotonic relationship
between the diversification of the output mix and development. Caselli (2005)
finds that structural change – in this case shifting factors of production to nonagricultural sectors – would have nearly the same effect on reducing cross-country
income variance that one would obtain by increasing agricultural productivity.
This is because productivity in agriculture exhibits much greater variance than
does productivity in the rest of the economy. A similar point is made in Rodrik
(2013), showing that manufacturing exhibits unconditional convergence. Rodrik
(2013) concludes that the lack of convergence observed at the national level cannot
be due to economy-wide factors.
The aim of this chapter is to shed some light on the debate by measuring the
relevance of the output structure for explaining productivity differences. To this
end, we explore in detail TFP and its industrial dimension. The method proposed
in this chapter decomposes the variance of TFP into two main components. The
first, a Composition effect, measures the component of the variance that depends
on the industrial structure of a nation. Nations with high shares in productive
industries would have a strong Composition effect. The second, a Place effect,
captures the amount of variance that can be attributed to nationwide differences
in TFP. When a nation, for instance, is relatively more productive in all industries,
the Place effect plays a more important role.
We estimate TFP, the Place effect, the Composition effect and their variance
using a firm-level dataset of firms spread across several nations and industries (Bureau van Dijk1 ). The estimates from this analysis reveal that the largest share of
the differences in productivity across nations is due to the Place effect: it explains
approximately 79% of the difference. This suggests that the common practice of
describing a country’s economy by its aggregate TFP can be regarded as a rela1 To compromise between breadth and depth, two datasets from Bureau van Dijk are used:
the main dataset is a cross-section from Orbis. For particular estimates, we use a 10-year (20052014) panel of European firms from Amadeus, which also includes information about the NUTS3
location of firms.
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tively accurate approximation. Nonetheless, we find that a more than significant
29% can be attributed to the Composition effect2 . This implies that, even if it
were possible to freely transfer technology across countries, large differences in
standards of living would persist. It is argued that the benchmark estimate of the
Composition effect is a lower bound, as adjustments for price differences indicate
that the Composition effect might be more important. A strong case is made that
the relationship between the Composition and Place effects can be interpreted as
an indicator of how easily technology diffuses through space: the TFP decomposition of regions belonging to the same nation leads to much higher values of the
Composition effect; for instance, in France, Germany and Italy, the Composition
and Place effects are responsible for (roughly) an equal amount of inequality across
NUTS2 regions. In the last section before the conclusion, section 2.5.3, an alternative interpretation of the Composition and Place terms is proposed. It is suggested
that the two main terms of the decomposed TFP can be read as the individual (at
the place level) gross benefits of technology adoption in relation to the benefits
of diversification. Consistent with the main analysis, this interpretation suggests
that the largest benefits would come from technology adoption. Yet, for many
nations, diversification – here intended in a broad sense as changes in the output
mix, without changes in industry TFP – may be a viable alternative.
The results of this chapter can be related to other analyses of structural change.
Articles such as Timmer and de Vries (2009) or McMillan et al. (2014) find that
structural change in recent years, especially in Latin America and Africa, has
been growth reducing (with the trend reversing in Africa after 2000). Whereas
this type of analysis is concerned with change over time (the amount of labor
that moves from and to productive and unproductive sectors), this chapter offers
a cross-sectional picture, to clarify how large the potential gain from structural
change and technological catch up is. This method is more similar to that in Caselli
(2005), which assesses the gains from changes in agricultural productivity vis-à-vis
the gains from transitioning to non-agricultural activities. This analysis expands
this methodology and applies it to a dataset that includes as many as 800 sectors.
Another related stream of literature is emerging around the so-called misallocation
hypothesis (Banerjee and Duflo, 2005). The conjecture is that a large portion of
the within-industry productivity gap between developed and emerging economies
is due to latter having high productivity dispersion. The lower aggregate sectoral
productivity is the result of factors of production being disproportionately employed in unproductive firms. This hypothesis finds some empirical confirmation
(Hsieh and Klenow, 2009 and 2010; Bartelsman et al., 2013), and it has been interpreted as the consequence of a distortion (e.g., different rules for small firms)
in the allocation and selection process. Comparably, this chapter examines the
role of allocation and selection, not within but between industries, and finds that
misallocation also exists between industries. The main message of the chapter is
that the industrial composition of countries, although it is not the main element,
explains an important share of the differences in standards of living. This allows
for old and new explanations that – complementary to the standard approach –
2 Composition and Place do not sum to one. The next section details the mathematical
properties and possible interpretations of the measure.
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can improve our understanding of growth and development.
The chapter proceeds as follows. Section 2.2 presents a novel method of crosssectional productivity decomposition. Section 2.3 discusses the data, as well as
issues related to the measurement of productivity. In section 2.4, one can find
stylized facts about productivity. The main results of the chapter are in section
2.5, while section 2.6 concludes the chapter.

2.2

Decomposing productivity: Composition effect and Place effect

Using standard notation, we define TFP as
Aig =

Yig
,
α
Kig L1−α
ig

(2.1)

where g is used to index countries and i to index industries. Equation 2.1 is a
standard measure of TFP. Yig is output, Kig is capital, and Lig is employment.
This definition of productivity serves as a reference. In this chapter, a variety of
productivity measures are explored and tested for robustness. For instance, I allow
for capital and labor shares to be estimated, output to be measured as revenue
or quantity and employment to be adjusted by wages to control for differences in
human capital. The next section elaborates on the measurement of TFP. For the
present, the definition in 2.1 is sufficient for our purposes. We have that the share
of industry i in country g is
sig =

α 1−α
Kig
Lig

Kgα L1−α
g

.

(2.2)

Then, aggregate productivity can be defined as
Ag =

Yg
α
Kg L1−α
g

= ∑ sig Aig .

(2.3)

i

The decomposition measure is derived from the following identity.
∑ (Aig − Ai )(sig − si ) = ∑ (Aig − Ai )(sig − si ),
i

(2.4)

i

where si is the share of industry i in the whole economy and is defined similarly
to sig in equation 2.2. The identity can be rewritten as
Ag = −A + ∑ sig Ai + ∑ si Aig + ∑ (Aig − Ai )(sig − si ) .
i

´¹¹ ¹ ¹ ¹ ¹ ¹ ¸¹ ¹ ¹ ¹ ¹ ¹ ¹¶
Composition

i

(2.5)

i

´¹¹ ¹ ¹ ¹ ¹ ¹ ¸¹ ¹ ¹ ¹ ¹ ¹ ¹¶ ´¹¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹¸ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹¶
Place

Residual

The Composition term, which this chapter also refers to as Cg , indicates the
amount of TFP that can be attributed to an output mix, which is biased toward
productive or unproductive activities. The Place term, also called Pg , captures
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the amount of TFP due to own productivity – regardless of the output mix. The
third term, Rg , can be seen as a residual, but it could also have an economic
interpretation as a Ricardian effect of specialization: Rg is high if a place g has
large shares in activities in which it has high productivity (although the advantage
in Rg is absolute, not relative). As is shown below, this residual/Ricardian term
plays no role in the main indicator employed in this analysis, and therefore, the
first interpretation, as a residual, is stressed. However a secondary indicator used
for robustness is included in the analysis. Note that the term A is the average
productivity of the economy, and since it is constant, it does not contribute to the
variance. We have
2
⎛ σC
⎜
⎜
2
V ar(Ag ) ∶= σA
= i′ ⎜ σCP
⎜
⎜
⎝ σCR

σCP
σP2
σP R

σCR ⎞
⎟
⎟
σP R ⎟ i.
⎟
⎟
2 ⎠
σR

(2.6)

Where i is a vector of ones, and the matrix on the right-hand side (RHS)
is the variance-covariance matrix of Composition (C), Place (P), and the Ricardian/residual effect (R). To obtain the main indicators, the following thought
experiment is employed. What would the variance of productivity be if every
country had the same industry productivity? If we set Aig = Ai , the standard
deviation σA becomes equal to σC . Equally, we can ask, what would the variance
of productivity be if every country had the same composition of output? Will this
reallocation of production factors reduce the variance? We can see by substitution
that, by setting sig = si , we simply obtain that σA = σP . Our main indicators are
IP =

σP
,
σA
(2.7)

σC
IC =
.
σA

The indicator IP describes the world, at current productivity, with no Composition effect. It reports what share of the standard deviation of productivity would
be left if we were to shut down the Composition effect entirely and is, therefore, an
indicator of the importance of the Place effect. Symmetrically, IC indicates what
share of the standard deviation of productivity would be left by nullifying productivity differences. It is, then, an indicator of the Composition effect. Additional
interpretation can be unveiled by noting that
V ar(Pg ) ∶= σP2 = V ar(∑ si Aig ) = ∑ si sj Cov(Aig , Ajg ).
i

(2.8)

i,j

The covariance term is high when productivity is mainly a country characteristic: for any industry pair ij, higher productivity in country g in i implies higher
productivity in j. The effect is amplified by the weights, when the covariance is
high in industries that represent a large share of the economy. When the covariance term nears zero for all industry pairs, there is no Place effect and industry

22

CHAPTER 2. STRUCTURAL ACCOUNTING

productivity is randomly distributed across countries. For the Composition effect,
we can write
2
V ar(Cg ) ∶= σC
= V ar(∑ sig Ai ) = ∑ Ai Aj Cov(sig , sjg ).
i

(2.9)

i,j

The Composition effect is irrelevant when industry shares are randomly distributed. It becomes more important for explaining the variance of productivity
across countries when some places have systematically larger shares in industries
that are more productive on average.
An interesting link with equation 2.9 is that the term Cov(sig , sjg ) is one
of the common metrics to measure coagglomeration economies or the product
space (Porter, 2003; Hausmann et al., 2014; chapter 3 of this thesis). The idea
behind these types of indicators is that two industries co-occur geographically
more often when they have specific bilateral externalities, such as Marshallian
knowledge spillovers, labor sharing and supply-chain linkages (Ellison et al., 2010).
As discussed in the introduction – theoretical models, which support the hypothesis
that the output mix is important to understand productivity differences across
countries, typically resort to industry-specific externalities.

2.3

Data and measurement of productivity

To measure country-industry productivity, we start from firm-level statistics from
Bureau van Dijk’s Orbis dataset, which collects balance sheet information for more
the 200 million companies. The main shortcoming of these data is that there is
some variation in terms of coverage between countries. Orbis includes all companies that are legally obliged to publicly report their accounts. Differences in
laws that trigger mandatory reporting in different countries create heterogeneity
in coverage. Bureau van Dijk attempts to correct this bias by collecting information on all the remaining companies that they can. This is unlikely to entirely
solve the problem, but it certainly mitigates the distortion. However, Orbis has
many advantages. It is a global dataset, which allows for systematic comparison
across the world. Most companies are assigned detailed geographical (including
subnational information) and industrial codes, which serve the purpose of this
research. One can also distinguish consolidated from unconsolidated accounts,
to avoid assigning attributes to a geographical area that in fact come from the
accounts of a multi-plant (potentially multinational) corporation. Finally, Orbis
contains balance sheet data that can be used to measure TFP.
In its simplest form, TFP can be measured using value added (VA) as output,
fixed capital as capital stock K and the number of employees as labor L. However,
recent works (see, for instance, Bartelsman et al., 2013) have stressed the difference
between TFPR (TFP revenue) and TFPQ (TFP quantity). It can be easily seen
with a stylized model that TFPR is not an adequate measure of firm productivity.
If we describe the environment of firm j with a model of monopolistic competition
and a technology that uses capital and labor as input, demand for firm j is
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(2.10)

where x is physical output, p is price, σ is the elasticity of substitution3 , and E and
I are total demand and the price index of the economy, respectively. Production
is
xj = Aj Kjα L1−α
,
j

(2.11)

where Aj is TFP. However, measuring productivity as TFPR would result in

T F P Rj =

pj xj
V Aj
σ
r
w 1−α
= α 1−α = Aj pj =
( )α (
) .
Kjα L1−α
K
L
σ
−
1
α
1
−
α
j
j j

(2.12)

The price of labor and capital is w and r, respectively. To obtain the final expression for T F P Rj , two substitutions are applied. First, equation 2.11 is used to
substitute for Kjα L1−α
. Then, optimal pricing behavior would lead to the mark-up
j
σ
r
w 1−α
rule where pj = [
( )α (
) ]/Aj . The term Aj – the objective of the
σ−1 α
1−α
analysis – drops out. This framework shows that there is no theoretical proportionality between a firm’s VA and Aj , the efficiency with which inputs are transformed
into output. Intuitively, this lack of correlation stems from the opposing effects of
optimal output versus optimal pricing. While output is proportional to productivity, it is the opposite for prices in the event that firms choose a mark-up on
marginal costs, which in turn are negatively related to productivity.
Starting from a similar theoretical setup, Hsieh and Klenow (2009) highlight
that there is a theoretical link between output and value added – in this model, it
can be derived from equation 2.10 as xj = (pj xj )σ/(σ−1) (I/E)1/(σ−1) – and propose
the following adjusted measure of TFPQ
σ/σ−1

T F P Qj =

V Aj

Kjα L1−α
j

κ.

(2.13)

The Hsieh and Klenow (HK) measure is the baseline indicator of productivity
in this analysis. In their work, the TFPQ indicator is calculated using the standard
capital share of one-third (α = 0.33) and an elasticity of substitution σ = 3. In the
benchmark results in this chapter, I opt for the same capital share but a larger
elasticity (σ = 7). In the results and in the appendix, one can find a careful
explanation for why this benchmark was chosen, as well as a discussion of the
robustness of this choice.
An important control in this context concerns the price index. In the HK
measure, the term κ = (I/E)1/(σ−1) is dropped because the authors are interested in
comparing the productivity of firms in the same country and in the same industry.

3 Beware of the possible confusion between elasticity of substitution (σ) and standard devia2, σ
tion/variance/covariance (e.g., σA , σC
P R ).
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They subsequently assume that κ is a constant4 . This assumption is more stringent
in our context, where the comparison between countries and industries is at the
core of the analysis. I test whether the main conclusions of the baseline indicator
are robust to a country-specific price index, in an attempt to factor in the evident
nominal differences across countries. To coherently model a country-specific price
index (avoiding the complications of including trade costs), countries must be
thought of in isolation. Using the simplifying assumption that each firm j in
industry i produces with efficiency Ai 5 , the price index Ig is
1−σ
Ig = ∑ Pig
=[
i

σ rg α wg 1−α 1−σ
1−σ
( ) (
) ]
∑(1/Ai ) .
σ−1 α
1−α
i

(2.14)

Demand, Eg , equals national value added, that is rg Kg +wg Lg . The adjustment
term, (I/E)1/(σ−1) , is therefore
(Ig /Eg )1/(σ−1) =

rgα wg1−α
(rg Kg + wg Lg )1/(σ−1)

κ1 ,

(2.15)

where κ1 collects all the constant terms. The only additional assumption required
to construct the adjustment term concerns the rental price of capital, r, which
we do not observe. Following HK’s reasoning, I set an homogeneous price of 10%,
which includes a 5% interest rate and 5% depreciation. Alternative prices of capital
are also tested, but there are minimal differences in the outcome (available upon
request). While it certainly is an impure way to correct for price differences across
countries, the term in 2.15 behaves as expected – with a negative relationship with
both countries’ output and productivity.
A last issue in the measurement of productivity concerns the share of capital,
α. In the core of the analysis in this chapter, I assign to α the widely accepted
value – at least for the whole economy – of one-third. Moreover it assigns the
remaining two-thirds to labor (1 − α). For robustness, the analysis is repeated
using estimated values of α̂. The assumption of constant returns to scale is also
relaxed, using β̂ instead of 1− α̂. The use of estimated parameters raises additional
concerns. As highlighted in previous works, most notably by Olley and Pakes
(1996) and Levinsohn and Petrin (2003), OLS or fixed effects estimates of the
production function would lead to biased results. Assuming the same production
α β
function as we have in this chapter – Yig = Aig Kig
Lig – the simplest translation
into an econometric model would be
log(Yig ) = αlog(Kig ) + βlog(Lig ) + γ + ig ,

(2.16)

where Aig would be equal to γ + ig . The issue arises if unobserved shocks in the
production technology (ig ) are correlated with K and L, which would occur in the
event that firms adjust the level of inputs to the change in productivity. Levinsohn
and Petrin (2003) show that the direction of the bias with more than one factor
4 The term κ in Hsieh and Klenow (2009) also includes a distortion that is not modeled here.
This difference does not change the constant nature of κ.
5 With these assumptions, the correction term accounts only for exogenous differences such
such as capital and labor endowment or institutional factors, not for productivity differences.
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of production is nontrivial. In the simple case in which capital is fixed (i.e., firms
cannot adjust the number of machines in a given year in response to an unexpected
shock) and labor is a free to move, then α would be unbiased while β would be
upward biased. As a consequence, productivity would be underestimated, as it is
measured as
Aig = exp {log(Yig ) − α̂log(Kig ) − β̂log(Lig )} .

(2.17)

To solve the simultaneity bias, Levinsohn and Petrin (2003) (building on the
work of Olley and Pakes, 1996) propose an estimation method – LP hereafter – in
which intermediate inputs are used as a proxy variable for the unobserved shock.
The results of this chapter are tested for robustness to simultaneity bias. A 10year panel dataset derived from a subsection of Orbis (Amadeus) comprising only
European firms is used in this case.

2.4

Stylized Facts

Productivity at the country or industry level is measured starting from firm-level
data. A direct consequence of this choice is that the quality of the estimates for
each nation varies with the coverage that Bureau van Dijk has of that country.
As discussed in section 2.3, both the breadth and depth of coverage is rather
heterogeneous across countries in this dataset. Moreover, an additional constraint
is imposed by the availability of the information required to build a TFP measure,
namely employment, fixed assets, and value added. These strong requirements all
add up to vastly reduce the pool of firms in the Orbis dataset that we can use.
For instance, the data include almost 600,000 Dutch companies. Yet, value added
information is available for only 100 of these companies. Since the reliability of
the TFP estimate at the country level depends on how many firms are available
for that country, I was forced to drop a considerable number of countries from the
analysis for which the number of firms was deemed insufficient. Using a threshold
of 500 firms, we are left with 30 countries6 .
Table 2.1 lists the top-10 and bottom-10 countries by productivity. It can
be observed that the majority are developed or emerging economies. While this
somewhat limits the extent to which we can generalize this study, it is worth noting
that the restricted sample still presents large variance to be explained, with almost
10-fold differences in TFP from the most- to the least-productive country.

6 These countries are Australia, Austria, Belgium, Bosnia and Herzegovina, Bulgaria, the
Cayman Islands, the Czech Republic, Finland, France, Germany, Hong Kong, Hungary, India,
Ireland, Italy, Japan, South Korea, Latvia, Luxembourg, Macedonia, Norway, Poland, Portugal,
Romania, Slovakia, Slovenia, Spain, Sweden, Ukraine, and the United Kingdom. For robustness,
the analysis is also repeated with different thresholds.
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Table 2.1: Countries ranked by productivity.
ISO2

Name

Ag

# 4-d sectors

# firms

DE
JP
SE
AU
FR
IE
AT
GB
FI
HK

Germany
Japan
Sweden
Australia
France
Ireland
Austria
United Kingdom
Finland
Hong Kong

0.161
0.155
0.141
0.139
0.135
0.128
0.124
0.121
0.121
0.115

761
274
567
223
579
299
501
580
520
195

73309
4098
90415
908
169024
1942
4849
34287
24733
1091

LV
PT
CZ
KR
SK
RO
BA
BG
MK
UA

Bottom 10
Latvia
Portugal
Czech Republic
Korea, Republic of
Slovakia
Romania
Bosnia and Herzegovina
Bulgaria
Macedonia, the Former Yugoslav Republic of
Ukraine

0.047
0.043
0.043
0.040
0.037
0.025
0.020
0.018
0.018
0.018

275
577
683
406
539
567
369
569
486
406

1394
217464
43886
48692
35402
79816
3557
63888
13601
6982

Top 10

Productivity is measured as the benchmark TFPQ, that is, adjusting value added using σ = 7
and using fixed assets for capital and employment for labor; the capital share is set to 0.33, and
countries with fewer than 500 firms are excluded.

As highlighted in the introduction, it is natural to think of these differences
across countries as a result of generalized productivity differences in all sectors.
Countries such as Japan or Germany are more productive than Macedonia or
Ukraine in most industries. Figure 2.1 in fact shows that – if we take the 30
least-productive industries – the countries with the largest TFP are still more
productive than the average in these low-productivity industries. One can think
of figure 2.1 as a visual depiction of the Place effect: some countries are more
productive in everything they do, and hence, data on their general level of productivity provide information about productivity in some particular industry. That
is, Cov(Aig , Ajg ) > 0, which means that V ar(Pg ) > 0 (see equation 2.8).
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.2

Figure 2.1: A visual depiction of the Place effect. Countries with higher productivity are also more efficient in low-productivity industries.

.15

DE

IE

TFPQ
.1

HK LU
IN

.05

PL
LV

SK
RO

CZ

SI

SE

AU
GB AT
FI
NO
BE

PT
KR

0

BA
BG
MK
UA

HU

IT
ES
KY

FR

JP

0

.01
.02
.03
TFPQ in bottom-30 2-digit industries
95% CI

.04

Fitted values

Productivity is measured as the benchmark TFPQ.

However, the average differences in productivity between industries are as large
as those across countries. Table 2.2 in fact shows that telecommunications firms
are on average 10 times more efficient at transforming inputs into output than
agricultural firms.
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Table 2.2: Industries ranked by productivity.
NACE

Name

Ai

# countries

# firms

61
12
19
51
60
9
35
21
30
29

Top 10
Telecommunications
Manufacture of tobacco products
Manufacture of coke and refined petroleu
Air transport
Programming and broadcasting activities
Mining support service activities
Electricity, gas, steam and air conditio
Manufacture of basic pharmaceutical prod
Manufacture of other transport equipment
Manufacture of motor vehicles, trailers

0.238
0.226
0.224
0.222
0.194
0.194
0.189
0.184
0.184
0.182

30
18
29
30
27
25
30
29
29
30

5322
121
648
642
1952
497
8509
2006
3241
6965

75
15
31
87
16
85
91
13
2
1

Bottom 10
Veterinary activities
Manufacture of leather and related produ
Manufacture of furniture
Residential care activities
Manufacture of wood and of products of w
Education
Libraries, archives, museums and other c
Manufacture of textiles
Forestry and logging
Crop and animal production, hunting and

0.067
0.064
0.064
0.060
0.060
0.058
0.057
0.042
0.037
0.028

23
28
29
26
30
29
20
30
27
30

3071
9133
14234
8190
16593
23207
959
10909
6753
47940

Productivity is measured as the benchmark TFPQ.

These large differences in productivity must be considered in combination with
the specialization of countries. In fact, one can notice, for instance, how manufacturing of motor vehicles is among the most productive industries. This is an
industry in which Germany is traditionally strong and employs large shares of the
workforce. This implies that at least part of the larger productivity of this country is due to a specialization in high-productivity industries. Symmetrically, it is
well known that in less-developed countries, a larger portion of the population is
employed in agricultural activities, hence reducing the average productivity of the
country.
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Figure 2.2: A visual depiction of the Composition effect. Countries with higher
productivity have larger shares in high-productivity industries.
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Figure 2.2 visually captures the concept of the Composition effect. The larger
the amount of resources a country devotes to production, in industries that are
on average more productive, the larger its average TFP. Together, figures 2.1 and
2.2 suggest that, to explain the differences in productivity across countries, both
the Composition and the Place effect are required. Starting with the following
section, the analysis of this chapter, based on the decomposition method proposed
in section 2.2, is aimed at more rigorously evaluating the relative importance of
the two factors.

2.5
2.5.1

Results of decomposition
Main results

The benchmark estimation in table 2.3 can be taken as a representative summary of
the results. Recall that, for this benchmark, we chose an elasticity of substitution
of σ = 7 and a constant capital share of α = 0.33. Moreover, employment instead
of the wage bill is used for the labor variables, the economy is divided into 4digit industries, and all countries with fewer than 500 firms have been excluded
from the analysis. With these choices, I find that – conservatively – at least 1/4
of the cross-country inequality in productivity is due to the Composition effect.
More precisely, this means that, if we were to erase productivity differences within
industries overnight, approximately 29% of the standard deviation of productivity
would persist due to specialization in industries with different productivity levels.
Moreover, over 3/4 of the inequality is due to the Place effect. More accurately, if
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we were to change the industry share such that every country dedicated an equal
amount of resources (equal to the world average) to every industry, 79% of the
cross-country variation would remain. This is an interesting result for at least two
reasons. First, the predominance of the Place effect is probably been the prior of
most researchers and development practitioners. We show here that this is indeed
the case. Second, although the Composition effect is less important, accounting for
at least 29% of the variation – recall that this is a conservative estimate without
price correction – it is far from negligible. This shows that lagging nations could
make progress not only by adopting the technology of more-advanced countries
but also by shifting resources within their industrial/technological portfolio. This
normative interpretation of the decomposition is further developed in section 2.5.3.
In the remainder of this section, we provide an in-depth discussion of the
robustness of the estimates of the Composition and Place effects. The main table
of results – table 2.3 – reports selected output. An overview of the issues related
to robustness is provided here. For the most important issues, dedicated sections
can be found in the appendix. Namely, the sensitivity to the choice of elasticity
is discussed in appendix 2.A. The choice of the capital share, α, is discussed
in appendix 2.B. Sections 2.5.2 and 2.C discuss changes in the industrial and
geographical dimensions.
Table 2.3: Summary of results.
Estimate type

Composition

Place

Residual

Benchmark
2)
Alternative Indicator (σAX /σA

0.292
0.193

0.786
0.624

0.183

Wage bill instead of employment
Price Index Adjustment
Firm threshold = 250
Firm threshold = 1000
Unconsolidated accounts

0.378
0.476
0.305
0.299
0.235

0.573
0.584
0.782
0.811
0.811

σ=2
σ = 12 (∽ TFPR)

0.333
0.223

0.721
0.883

Estimated K and L shares (OLS)
Estimated K and L shares (FE)
Estimated K and L shares (LP)

0.387
0.541
0.728

0.796
0.885
0.932

3-digit industries
2-digit industries

0.255
0.192

0.806
0.875

Europe at NUTS1
Europe at NUTS2
Europe at NUTS3

0.570
0.567
0.581

0.573
0.561
0.589

Composition and Place effect, with the exception of the alternative indicator in the second row,
are expressed in terms of relative standard deviation, that is, σC /σA and σP /σA

It is important to highlight that, using the chosen indicator, the Composition
and the Place effects do not sum up to one. The variance of productivity is not
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only generated by the Composition and Place effects, but also by the variance of a
third residual term, as well as all the covariances. The choice of solely examining
σC and σP is justified by the fact that setting Aig = Ai yields σA = σC . Similarly,
setting sig = si , σA = σP . A valid alternative would have been to analyze all terms
that compose the variance of Ag . In fact, the following equivalence also holds
V ar(Ag ) = Cov(Pg , Ag ) + Cov(Cg , Ag ) + Cov(Rg , Ag )

(2.18)

where, for instance, Cov(Pg , Ag ) = V ar(Pg ) + Cov(Pg , Cg ) + Cov(Pg , Rg ). In the
second row of table 2.3, this property is exploited to construct a second indicator, where the three terms sum up to one. It is clear that the importance of the
Composition and Place effects (at least in relative terms) is not be too different
from that estimated with the primary indicator, with the former capturing 20%
and the latter 60%. This alternative, however, leaves room for a residual term.
As discussed in section 2.2, the residual term can also be interpreted as Ricardian
specialization. According to this interpretation, approximately 20% of the differences in productivity can be ascribed to countries specializing in what they are
better at.
Table 2.3 also shows that results are robust to different thresholds with respect
to number of firms per country and to the use of only unconsolidated accounts.
The case is different for price corrections. We report the results of two types
of decompositions in the third and fourth rows of table 2.3. The first approach
uses payroll instead of employment as in Hsieh and Klenow (2009), following the
argument that wages correct (imperfectly) for differences in human capital. The
second approach uses the correction term theoretically derived in section 2.3. For
both estimates, the role of the Composition effect is closer to that of the Place
effect, with 38% attributable to composition and 57% to the Place effect in the
first case and 48% attributable to the Composition effect and 58% to the Place
effect in the second case. For this reason, we regard the benchmark estimate that
attributes 1/4 Composition and 3/4 Place as a lower bound.
Next, the estimate of the Composition effect increases at lower elasticities of
substitution, σ, and decreases when the elasticity of substitution increases. The
outcome of the decomposition is, however, relatively stable around the benchmark.
As a midpoint between the values found in the literature of σ = 3 and σ = 12 (which
gives an approximation of TFPR, as in this case σ/(σ − 1) ≃ 1), the value of σ = 7
is chosen as a compromise because neither option is desirable. Appendix 2.A
elaborates on this issue.
The capital and labor shares (α and β) estimated via OLS do not substantially change the outcome of the decomposition, with only the Composition effect
increasing to 39%, while the Place effect remains stable. However, this is not the
case when estimating the shares using fixed effects (FE) or the Levinsohn and
Petrin estimator (LP). In this case – see appendix 2.B – the estimated shares of
capital and labor show a net departure from the assumption of constant returns to
scale. The resulting decomposition shows a marked increase in both the Composition effect and Place effect. While such large differences are likely to reflect issues
with LP estimates (LP was expected to be more in accord with OLS than FE, see
Levinsohn and Petrin, 2003), this shows that the decomposition of productivity
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in our data is not robust to the estimator used. Nonetheless, the qualitative conclusion that both effects are important, with the Place effect capturing the largest
share of the variance, continues to hold.
The final rows of table 2.3 show that aggregation – both at the industrial and
geographical level – increases the value of the Place effect, while decreasing that of
the Composition effect. An extensive discussion of how to interpret the outcome
of the decomposition, resulting from changes in the industrial and geographical
dimension, can be found in the following section (section 2.5.2) and in appendix
2.C.

2.5.2

Propensity of technological diffusion

The outcome of decomposition is different if the analysis is conducted with different industrial and geographical dimensions. A question of great importance
that naturally follows is, are these differences a reflection of noise resulting from
aggregation, or do they provide meaningful information?
In appendix 2.C, a simple model of aggregation is proposed to show that disaggregation indeed corrects for noise, and therefore, disaggregated data are preferable7 . However the case can be made that differences in decomposition across
industries and geographies are also informative. In fact, a stronger Composition
effect signals greater homogeneity in industry technology across places, that is,
{Aig − Ai } is small for many industries. By this logic, one can interpret the difference in the Composition effect as an indicator of how easily technology diffuses.
For instance, in table 2.3, it can be observed that changing the geographical scale
– employing regions instead of nations – would change the balance between the
Composition and Place effects, with both terms capturing approximately 57% of
the standard deviation of productivity. In this case, we could interpret this evidence as suggestive that technology diffuses better across European regions than
across countries worldwide. To reconcile this line of reasoning with the arguments
in appendix 2.C, the difference between aggregation and splitting is highlighted.
Splitting is here defined as dividing one dimension into two or more subsets.
For instance, regarding the geography dimension, splitting could take the form of
dividing Europe between east and west. In this case, differences in the Composition and Place effects between east and west Europe (and with Europe as a whole)
can be unequivocally attributed to differences in how technology diffuses, as there
is no change in scale, only in the set of places included. Similarly, along the industry dimension, splitting means analyzing different subsets of the economy, such
as agriculture or manufacturing. In this case also, we can unequivocally interpret
the differences in decomposition as differences in technology diffusion. The industry dimension, nonetheless, is not entirely symmetric with the geographic one:
splitting across the industry dimension reveals differences in technology diffusion
that are – also in this case – across space. If one were to find (as we do) that
the Composition effect is more important in agriculture than in manufacturing,
7 The model also shows that disaggregation makes the decomposition terms converge to a
finite limit and therefore cannot be used to obtain arbitrary values for the Composition and
Place effects.
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this would mean that agricultural technology diffuses more easily across space
than does manufacturing (rather than indicating that diffusion within subsectors
is easier in agriculture than in manufacturing).
Aggregation and disaggregation are not the same operations as splitting. Running an analysis of Europe at the national level and comparing it to an analysis at
the regional level is not unequivocal. On the one hand, we are using more detailed
data, and thus, it is likely that we are correcting for some aggregation error. For
instance, Basque regions would now be independent units rather than being embodied and averaged out in France and Spain. On the other hand, there is a degree
to which we can also regard this disaggregation as a form of splitting. The larger
impact of the Composition effect at the regional level can also be due to the fact
that technology diffuses more easily among regions of the a given country (lower
language or cultural barriers, more labor mobility). By running the analysis on
all of Europe at regional level, we impose the effects of both aggregation (which is
the noise) and splitting (which is the signal), and we cannot disentangle them.
It is worth noting that, whereas for the geographical dimension, disaggregation
implies splitting, this is not the case for industries. If we run the analysis for the
same set of places (say, countries), first at the 4-digit and then at the 2-digit level,
the logic presented above leads to the interpretation that technology diffuses better
across countries in narrowly defined 4-digit industries than in aggregated 2-digit
industries, which is a ‘noise’ argument.
Figure 2.3: Decomposition of selected geographical or industrial subsets.
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Place effects are measured using the main indicator of relative standard deviation

In summary, the lack of symmetry between the geographical and industrial dimensions leads to the following conclusions: (1) splitting by geography reveals
differences in technological diffusion across subsets of locations. (2) Splitting
the industry dimension indicates how easily the technology of different industries
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spreads across the same set of locations. (3) Disaggregating the geographical dimension leads to information that is difficult to interpret, as the differences can be
attributed to both the noise and signal. (4) Disaggregation the industry dimension
only reduces the noise. Following this line of reasoning, splitting – with careful
comparisons – can be exploited to extract information on technology diffusion.
Figure 2.3 shows some selected examples of splitting.
We observe that the decomposition of European countries is very similar to the
benchmark, perhaps because the majority of the sample consists of countries in
Europe. However, it can be observed that in the European Union, the Composition
effect is approximately 50% larger than in the benchmark case, while in Western
Europe, it is almost twice as large, indicating greater technological homogeneity
among these nations. In the subsample of Asian countries, the Composition and
Place effects are almost equally important, although this must be interpreted with
caution, as we have a very small subset of Asian countries (Japan, South Korea,
Australia, India, Hong Kong).
If we look subnationally, at NUTS2 regions within a country, we find on average
that the effect of Composition and that of Place are very similar, as shown in the
productivity decomposition of France, Germany and Italy in figure 2.38 . While
perhaps part of the larger impact of the Composition effect is due to lower level
of noise in more disaggregated data, it is likely that some of the difference arises
from less constrained knowledge diffusion within a country compared to between
countries. Likely, technological homogeneity is easier to achieve at shorter distance and with a homogeneous population. To informally test the conjecture that
the relative importance of the Composition and Place effects can be interpreted
as a sign of the technological diffusion of knowledge, the following econometric
specification is tested. The 16 European countries for which sufficient data are
available to to run the decomposition analysis at the subnational (NUTS2) level
are selected9 .
Table 2.4: Distance decay of technology diffusion.
Dependent variable: σC /σP
Distance

(1)
-0.087*
(0.051)

0.230**
(0.100)

(3)
-0.040
(0.058)
0.191*
(0.115)

1.032***
(0.079)

0.880***
(0.037)

0.941***
(0.095)

(4)
-0.042
(0.058)
0.202*
(0.115)
0.002
(0.002)
0.003
(0.002)
0.812***
(0.127)

0.016
120

0.035
120

0.030
120

0.034
120

Contiguity

(2)

GDP per capita (origin)
GDP per capita (destination)
Constant

Adj.R2
Obs.

8 With

the German case exhibiting a Composition effect far stronger than Place.
countries are Belgium, Bulgaria, the Czech Republic, Germany, Denmark, Spain,
Finland, France, Hungary, Ireland, Italy, Poland, Portugal, Romania, Sweden, Slovakia.
9 These
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Each observation represents a country pair. The dependent variable is obtained from the decomposition at the NUTS2 level of all regions in the pair. Standard errors are in parentheses, and
significance is denoted as follows: P < 0.1:*,P < 0.05:**, P < 0.01:***

The decomposition analysis is run on country pairs; for instance, France and
Italy would have 22 and 21 NUTS2 regions, respectively. Thus, the decomposition
analysis for this pair of countries is limited to 43 NUTS2 regions. There are 120
such pairs ((162 −16)/2 = 120), and for each of them, the ratio between the standard
deviation of the Composition and Place effects, σC /σP , is computed. Table 2.4
reports the econometric results when this indicator is regressed against distance
and contiguity, variables that refer to the 120 pairs of countries.
As one should expect, distance is negatively related to the ratio σC /σP , as
countries that are farther apart have more heterogeneous technology. The effect,
however, is significant only if a contiguity variable is not included. This could
be interpreted as evidence that a short distance is not sufficient for knowledge
diffusion, but the right channel is necessary. Possibly, contiguity allows for human
capital migration, while distance without contiguity only allows for trade. Yet
another interpretation is that a shared border indicates institutional similarity,
which in turn facilitates technological diffusion. This would explain why sharing a
border is more relevant than proximity and why the Composition effect is stronger
between regions than between countries. The evidence presented, however, only
allows for speculation, which is outside the scope of this analysis. The main point
highlighted by these regressions is that the interpretation proposed – the variation
in the relative importance of the Composition and Place effects can be seen as an
indicator of differences in knowledge diffusion – is in line with the evidence on how
σC /σP varies with distance and contiguity.
The final comment of this section concerns splitting the industrial dimension.
Although the priors were less strong in this case than for geographical splitting, it
was somewhat unexpected that manufacturing had a smaller Composition effect
than did agriculture and services. The evidence in Caselli (2005) and Rodrik
(2013), in fact, suggests manufacturing having more homogeneous technology than
agriculture (the former) or services (the latter)10 . The heterogeneity in technology
diffusion between sectors is largely an understudied topic. Yet, its importance is
far from marginal because – as highlighted in section 2.1 – asymmetric externalities
between industries have severe implications for the world in which we live. For
this reason, the contradictory evidence cannot lead to swift conclusions but only
calls for further research.

2.5.3

Technology adoption and diversification

To capture the Composition and Place effects, we examined the standard deviation
of the terms Cg = ∑i sig Ai and Pg = ∑i si Aig . We justified this choice with two
thought experiments. (1) What would be the variation in productivity across
nations if we were to erase within-industry differences? In this case, Ag = Cg ,
10 Rodrik (2013) argues that technological convergence is easier in manufacturing because it
is more tradable and, hence, subject to stronger competition.
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and all that is left of the variance is the Composition effect. (2) What would
be the variation in productivity across nations were we to remove composition
differences? In this case, Ag = Pg , and all that remains of the variance is the Place
effect.
Figure 2.4 plots the benchmark Place effect (Pg ) against the Composition effect
(Cg ). It can be seen that, as the spread of Pg is greater than that of Cg , the Place
effect is more important than the Composition effect.
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Figure 2.4: Scatterplot of the benchmark decomposition.
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For the entirety of the chapter, we have examined the standard deviation of the
observed distribution of Cg and Pg to discuss how much of the observed difference
in productivity is due to one or the other. This section provides a slightly different
interpretation. First, note that the first moment, the mean, of the distributions of
Cg and Pg , as well as the terms themselves, can have their own interpretation. By
the same two thought experiments, Cg and Pg are the productivity that countries
would have if Aig = Ai or sig = si , respectively. The mean of Cg and Pg is then the
average productivity that countries would have in the two scenarios. Returning
to figure 2.4, one can see that the mean of Pg is lower than that of Cg . This
can be interpreted, potentially somewhat counter-intuitively, as a sign that the
Place effect has larger growth potential, on average, than does the Composition
effect. This is to say, if we were to examine the effects of reducing productivity
differences within an industry (when Aig = Ai ), we would have to consider Cg .
If, instead, we wanted to analyze the effects of reducing composition differences
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(when sig = si ), we would have to consider Pg . The figure shows that reducing
productivity differences (Aig = Ai ) would make the average productivity higher
and the difference lower.
This perspective suggests a more normative interpretation of the decomposition (what happens if this policy is undertaken?) versus the positive interpretation
it was given previously (where does the difference come from?). In this revised
interpretation, we can think of Cg as the benefits of technology adoption, while
we can think of Pg as the benefits of industry diversification.

Benefits of diversification
1

2

Figure 2.5: Strategic framework
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The x-axis is Cg /Ag , and the y-axis is Pg /Ag . For each country, a particular strategy is beneficial if the resulting value is greater than one.

There are two important caveats for this interpretation. First, the technology,
which is to be adopted, might be interpreted as the residual of Abramovitz (1956):
not meant to capture industry-specific technology but a general technology that
affects all activities and may also include institutional or social factors. Second,
both adoption and diversification are not optimal strategies, as the adoption is of
the average technology (Ai ), not the most productive, while diversification is not
necessarily into most productive activities, only into what is produced on average
(si ). Even with these caveats, the indicators can be a good measure to capture
what would be the expected gross benefit of an adoption strategy, attempting
to mimic others’ technology, institutional arrangements, educational system and
business culture (to mention a few examples), versus a pure diversification strategy, attempting to conveniently change the output mix at at the current level of
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productivity11 . The benefit is said to be gross because, as it does not consider the
possible costs involved. The costs of policies that give incentives for technology
adoption could outweigh the benefits. The same can be said for diversification,
where on top of policy costs, one should add known drawbacks of having the central
planner select the industries to promote.
With these warnings in mind, figure 2.5 shows, for each country in the benchmark analysis, the gross benefits of an adoption strategy versus a diversification
strategy. The benefits of adoption are measured as Cg /Ag , that is, the change
in productivity if Aig = Ai . Similarly, the benefits of diversification are measured
as Pg /Ag , the change in productivity if sig = si . As we came to expect from the
previous analysis, the majority of the progress can be made through an adoption
strategy, with some countries having the potential to increase their productivity
five-fold by adopting the existing average technology. However for some of the
countries, considerable progress – an increase in average productivity of up to
40% – could be made by simply reallocating resources across existing sectors of
the economy, without any change in productivity. Developed countries seem to
benefit from neither: with diversified economies and a technology at the frontier,
there seems to be (unsurprisingly) little advantage of regressing toward the mean.
For those countries where both adoption and diversification hold potential for
growth, there is little to indicate which strategy would be most favorable, given
that the benefits are gross. What is clear, though, is that in each country, each
strategy’s growth potential differs widely.

2.6

Conclusions

The estimates in this chapter suggest that 3/4 of the difference in productivity
across our sample of emerging and developed economies is due to technological differences (Place effect), while 1/4 is due to the allocation of resources (Composition
effect). These estimates imply that both reducing technological differences and reallocating resources have the potential to improve lagging countries’ productivity
and hence reduce the cross-national differences in standards of living.
Technology adoption, given its central role, appears to be a conditio sine qua
non for economic development. Nevertheless, it might prove insufficient to achieve
full catch up, as without reallocation of labor and capital into more productive
activities, even full technological adoption would still leave 29% of the difference
in development.
Since this estimate of the Composition effect is somewhat conservative, the
analysis appears to hint that the role of structural change might be far from
marginal in a country’s growth process. Moreover, when the analysis is applied
at the regional level, the Composition effect plays an even larger role. From an
academic perspective, this result might add to the recent stream of empirical and
theoretical articles (Imbs and Wacziarg, 2003; Hausmann et al., 2007; Cadot et al.,
2011) showing that there is room for a revised role of structural change in the the11 This can be contrasted with a non-pure diversification strategy, where the adoption of a
more efficient technology is also required.
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ory of growth – a role that used to be prominent, as discussed in the introduction,
in earlier theories of development. From a policy perspective, the analysis suggests
that a one-size-fits-all approach to development might be misguided. While most
lagging countries appear to have a productivity gap, some seem to also struggle
with an allocation problem. The reason for this problem of composition might
at least in part be technological and, hence, mitigated once the productivity gap
is narrowed. However, institutional, infrastructural and demand-side factors can
create a situation in which a market-winning technology is available, but a country fails to specialize in it. In chapter 5, for instance, a model shows how demand
externalities might lead to failures in sectoral catch-up, even after the lagging
country has entirely closed the productivity gap. This suggests that the adoption
of an industry-specific technology does not directly imply specialization in that industry. Future research on the factors that govern the link between adoption and
diversification, as well as on factors that influence structural change – intended as
a reallocation of factors of production from low productivity to high productivity
industries – might improve our still imperfect understanding of economic growth.
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Appendix
2.A

Elasticity of substitution

To move from TFPR to TFPQ, this chapter uses the HK correction, which is obtained by elevating value added to the power of σ/(σ−1). Hsieh and Klenow (2009)
set σ = 3, as they note that the gains from liberalization – the objective of their
analysis – are increasing in σ and setting it low results in a conservative estimate.
If we were to apply the same reasoning, then we would have to set a high σ: our
prior is a low Composition effect, and a conservative estimate would need to penalize it. Although the sensitivity to σ is not monotonic (see figure 2.7), on average,
the Composition effect is decreasing in σ. In spite of this argument, I do not find
it desirable to set an excessively high value for the benchmark case. As σ/(σ − 1)
approaches unity, our measure of productivity approaches TFPR, and it has been
stressed – in the literature and in section 2.3 of this chapter – that the correct
measure is TFPQ. The benchmark value (σ = 7) is chosen with the aid of figure 2.6.
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Figure 2.6 shows that changing the value of σ significantly affects the ranking
of the industries by productivity. However, while above a value of 6, the differences are contained, below this value, the rankings become highly unstable – to
the extent that for σ = 3, one of the bottom-10 industries becomes more productive than telecommunications – the most productive for a larger elasticity. If, on
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the one hand, a high σ is undesirable because it is closer to TFPR than TFPQ,
on the other hand, a low σ is also also undesirable because of ranking instability.
The value of 7 is chosen not only because it is a compromise between a low and a
high elasticity, but also because it is the closest value to the reference value in the
literature (Hsieh and Klenow, 2009) that maintains ranking stability. Additionally, as shown in figure 2.7, departing from σ = 7 does not create major changes
in the Composition and Place effects, which remain relatively stable around the
benchmark values.
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Figure 2.7: Sensitivity of Composition and Place effects to the elasticity of substitution.
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2.B

Share of capital and labor

This section discusses the sensitivity of the results to the estimation method. It
is shown that, although FE and LP estimation increase the estimates of both
the Composition and Place effects, the results are qualitatively similar. Table 2.5
provides a brief summary. Since for these estimates only a restricted sample of
European countries is used, the first column of table 2.5 – reporting the standard
case, with α = 0.33 and β = 0.67 – shows marginally larger values for the Composition effect and marginally lower values for the Place effect, compared to the
benchmark case in table 2.3.
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Table 2.5: Estimates of Capital and Labor coefficients.
Capital share (α)
Labor share (β)

(Standard)
0.33
0.67

R2
Obs.
Composition
Place

0.367
0.769

(OLS)
0.324***
(0.000)
0.608***
(0.001)

(FE)
0.182***
(0.001)
0.588***
(0.001)

(LP)
0.137***
(0.003)
0.522***
(0.002)

0.659
1345691

0.249
1345691

.
1290754

0.387
0.796

0.541
0.885

0.728
0.932

For the first column, α and β are assumed. The upper part of the table reports the econometric
estimates. For FE, the R2 row reports within R2 . Standard errors are in parentheses, and
significance is denoted as follows: P < 0.1:*,P < 0.05:**, P < 0.01:***. The lower part of the
table displays the corresponding Composition and Place effects.

The OLS estimates reported in the second column are a strong justification for
the choice of parameter values in the standard case. In fact, the estimated value of
alpha is almost exactly 1/3, while that of β is only a few percentage points below
the assumed value of 2/3. Subsequently, the decomposition results are very close to
the standard case. For alternative estimation techniques, results differ more from
the standard case. The exponent of labor is not changed in the fixed effects (FE)
estimates, but the capital share is significantly reduced. This has the consequence
of increasing both the Composition effect and Place effect by 10 percentage points.
However, since they both increase, a qualitative assessment of the importance of
the two terms is not affected by these changes. More extreme is the deviation
from the benchmark results under LP estimation. The estimated coefficients of
capital and labor are much lower. The resulting decomposition suggests that both
the Composition and Place effects are considerable more important, to the extent
that the latter is approaching unity. The Composition effect is also markedly more
important in this case, with the indicator being almost twice as large as in the
standard case. One interpretation of such large values is as follows: a reduction
in the difference in composition (sig = si ) would lead to a standard deviation of
average productivity that is only 7 percentage points lower than before, hence only
marginally reducing the productivity differences. Similarly, reducing differences in
productivity (Aig = Ai ) would lead to a standard deviation of average productivity
that is 70% of the previous value. This is quite larger than before and would imply
a lower impact of equalizing industry productivity. In summary, the importance of
both the Composition and Place effects changes drastically in such an estimation.
Nonetheless, the qualitative conclusion that both effects are important, with the
Place effect capturing the largest part of the variance, still holds.

2.C

Aggregation model

This appendix presents a stylized model of industry aggregation. The aim of
this model is twofold: first, to show that aggregation noise exists. Second, it

2.C. AGGREGATION MODEL

43

demonstrates one cannot obtain arbitrary values of the Composition and Place
effects by selecting a level of disaggregation of his own choosing: it is shown that
under some (reasonable) assumptions, a ‘true’ value of the Composition effect
exists12 .
It is rather straightforward to show the worrisome outcome of a model in which
the Composition effect ranges from 0 to 100% of the variance in productivity,
according to how aggregated the data are: if the entire economy is considered to be
a single industry, then there would be only a Place effect and no Composition effect.
If each firm had a different industry code, then there would only be a Composition
effect and no Place effect. This model, however, uses the implicit assumption
that each firm is entirely unique. This assumption is absurd in the context of this
research, as two firms would never have the possibility of learning from one another
(no technology diffusion would be possible in this world). Moreover, and perhaps
more important, if each firm had a different industry code, we would lose the
ability to compare countries (each country would have its own set of industries).
A more reasonable assumption in constructing a model of aggregation is to think
of firms as belonging to a continuum of industries. In this way, it is possible to
infinitely disaggregate to more fine-grained classifications, while still maintaining
a logical link of similarity between firms. For a location g, let us imagine that
labor and production are distributed across industries over a continuum i ∈ [0, 1].
We write the following convenient distributions.
Lg (i) =

1
Qi ln(Q)Lg ,
Q−1

Yg (i) =

1
Z i ln(Z)Yg ,
Z −1

(2.19)

where Q and Z are random variables (each location draws a value) with expected
1
1
values q and z. Note that ∫0 Lg (i) di = Lg and ∫0 Yg (i) di = Yg . To further clarify
the meaning of these distributions, let us assume that a location draws the following values: Q = 2 and Z = 3. Figure 2.8 depicts the following quantities Lg (i),
Yg (i) and Ag (i) = Yg (i)/Lg (i)13 for this example. Total labor and output in the
country are normalized to 1.

12 As highlighted in section 2.5.2, aggregation creates pure noise only in the industry case.
I only develop, therefore, a model of industry aggregation, although aggregation certainly also
creates noise in the geographical dimension. Moreover, to further simplify the analysis, only the
Composition effect is studied.
13 For simplicity, the stylized model of aggregation presented here considers labor productivity
instead of TFP.
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Figure 2.8: Distribution of labor and output across a continuum of industries.
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The figure depicts an example for one location. In this example, the location extracted Q = 2
and Z = 3. As Z > Q, A ∶= Y /L slopes positively, which means that, for this realization, more
productive activities have larger employment shares.

The figure is intended to synthesize how input and output are distributed across
the continuum of industries ranging from i = 0 to i = 1. Subsequently, this also
provides information about the efficiency at which industry i transforms input
into output. It is important to highlight that, in this example, as Q and Z are
drawn with values larger than one, the industries with index i close to one have
larger shares than those with index i close to zero. Moreover, since Z > Q (with
Q > 1), the industries that have larger shares are also the most productive (i.e.,
there is a positive covariance between the size of an industry and its productivity).
Conversely, if Z < Q, this means that the country is specialized in less-productive
industries. By tweaking the assumptions on the probability distribution of Z and Q
and the overall productivity parameter Yg /Lg , one can recreate the different worlds
we are attempting to analyze. For instance, with little covariance between Q and
Z and systematic differences in the average productivity Yg /Lg , one can recreate
a scenario in which the Place effect dominates. Conversely, smaller differences in
Yg /Lg and large cov(Z, Q) can be set to mimic a world in which the Composition
effect is the most important contributor to the differences in productivity.
The point of this model is not to propose an effective way to describe the
underlying process behind the differences in productivity. Its purpose is instead to
supply a handy tool for understanding what happens when we use the indicators of
this analysis on more aggregated data. In fact, the distributions in 2.19 are chosen
because they can be conveniently used to describe the aggregation of industries
into larger groups. Let us imagine that we want to aggregate the employment of
country g in I industries, starting from a continuum between zero and one. We
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are, in other words, transforming – discretizing – Lg (i) into Lig , where i ∈ I. This
operation can be written as
i/I

Lg (i) di = Qi/I (

Lig = ∫

1 − Q−1/I
) Lg .
Q−1

(2.20)

(i−1)/I

The same operation can be carried out for production.
i/I

Yg (i)di = Z i/I (

Yig = ∫

1 − Z −1/I
) Yg .
Z −1

(2.21)

(i−1)/I

It can be verified that the estimate of a country’s productivity, Ag , is not
influenced by aggregation. This is not the case, however, for the decomposition
indicators used in this chapter. As expected, the transformed indicators are a
function of I – which specifies how coarsely the economy is aggregated into discrete
industries. The Composition term, for instance, is14
I

Lig Yi
.
i=1 Lg Li

Cg = ∑

(2.22)

The Composition term is obtained by substitution
(1 − Q−1/I )(1 − z −1/I )(q − 1) Qz i/I Y
)
.
(
q
L
(1 − q −1/I )(Q − 1)(z − 1)
i=1
I

Cg = ∑

(2.23)

In equation 2.23, everything except the term (Qz/q)i/I is constant across inI

dustries (i) and can be taken out of the sum. The remaining term, ∑ (Qz/q)i/I ,
i=1

is a geometric series and is equal to
I

∑(
i=1

Qz
)
q

(

i/I

=

Qz i/I Qz
) (
− 1)
q
q
.
Qz i/I
(
) −1
q

(2.24)

With minor algebra, it is possible to find the following expression for the Composition term, Cg , as a function (ω) of I, Q, z and q

Cg ∶= ω(I, Q, z, q) =

(Q1/I − 1) (z 1/I − 1)
Y (q − 1) ((Qz/q) − 1)
.
L (Q − 1) (z − 1)
(q 1/I − 1) ((Qz/q)1/I − 1)
´¹¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¸¹¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¶ ´¹¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹¸¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¹ ¶
ψ

(2.25)

λ(I)

14 It is assumed here that, as Q is uniformly distributed in a narrow range around its expected value, it is possible to treat the distribution of Lig as linear and approximate Li
as Li = E[Lig (Q, Lg )]G = Lig (E[Q], E(Lg ))G, where G is number of locations. That is,
Li = q i ln(q)L/(q − 1). Similarly, we can write Yi = z i ln(z)Y /(z − 1). Numerical simulations
(available upon request) show that this approximation only creates small errors (< 1% for q = 2,
< 0.001% for q = 100).
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Our interest lies in understanding what happens if I → ∞. Since ψ, the first
part of equation 2.25, does not depend on I, we can treat it as a constant. To
solve the limit, it is sufficient to split λ(I), the second part of equation 2.25, into
two terms [a] (Q1/I − 1)/(q 1/I − 1) and [b] (z 1/I − 1)/((Qz/q)1/I − 1). Each is solved
using L’Hôpital’s rule. The limit of ω is then equal to
lim ω(I, Q, z, q) = ψ

I→∞

ln(Q)ln(z)
.
ln(q)ln(Qz/q)

(2.26)

The fact that ω has a finite limit for I → ∞ addresses our concern: the outcome
of the decomposition does not arbitrarily change with changes in the industry
aggregation. Instead, it changes by approaching its ‘true’ value when data are
sufficiently disaggregated.

Chapter 3

Agglomeration economies:
the heterogeneous
contribution of human
capital and value chains
3.1

Introduction

In spite of congestion, elevated factor costs and the risk that trade secrets leak
to competitors, firms in the same industry frequently locate close to one another
(Ellison and Glaeser, 1999; Rosenthal and Strange, 2001). The resulting agglomerations of firms in the same industry are often attributed to the presence of three
different types of externalities, namely the sharing of inputs, labor and knowledge.
However, there are good reasons to believe that different industries will benefit to
different degrees from agglomeration. Yet, the differential impact of agglomeration
externalities on individual sectors of the economy is still poorly understood. In
this chapter, our aim is to assess the relative importance of two major drivers of
agglomeration across 120 different industries: the benefits of labor market pooling
and close proximity to value chain partners. In doing so, we also shed light on
what drives agglomeration in service industries, which in spite of being the main
employers in modern urban economies, are still relatively understudied.
Marshall (1920) ascribed “the advantages which people following the same
skilled trade get from near neighbourhood to one another” (p.225) to three different types of agglomeration externalities: the benefits of a large pool of skilled
labor, easy access to local customers or suppliers and local knowledge spillovers1 .
1 Whereas theoretical models tend to divide agglomeration externalities into benefits from
sharing, matching and learning in local economies Duranton and Puga (2004), most of the empirical literature on the topic categorizes Marshallian externalities as economies in transportation,
coordination or communication when acquiring one of three factors: labor, (intermediate) capital
goods and knowledge.
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However, in spite of the early recognition and ample subsequent research on these
subjects, the relative importance of each of these Marshallian externalities has
fueled debate for over a century. A major obstacle, termed “Marshallian equivalence” by (Duranton and Puga, 2004), is the fact that all three Marshallian
agglomeration theories yield the same prediction for the spatial distribution of
an industry: economic establishments engaged in similar activities create benefits
for one another that provide a rationale for these establishments to agglomerate.
This confluence of agglomeration benefits makes it difficult to determine which
of them carries the most weight as an explanation for the observed tendency of
industries to concentrate in space. In a major stride forward Ellison, Glaeser, and
Kerr (2010), henceforth EGK, study not the agglomeration of individual industries but the coagglomeration of pairs of industries. The rationale for this is that
industries that are similar along some dimensions may differ along others. For
instance, whereas some industries will benefit from being colocated because they
employ similar labor, other industries may colocate because they maintain inputoutput or technological linkages. By analyzing the relationship between locational
similarity (coagglomeration) and similarity based on individual Marshallian channels for industry pairs, EGK show that all three Marshallian externalities play a
significant role. On average, however, the most important explanation for why
industries coagglomerate is input-output linkages, closely followed by the sharing
of labor. The weakest determinant of coagglomeration in EGK is the potential for
knowledge spillovers between two industries.
However, such averages conceal marked differences across industries. For instance, whereas making musical instruments requires years of on-the-job training by highly specialized workers, food-processing often employs workers through
temporary work agencies on short-term contracts, without much regard for skills.
Similarly, whereas car manufacturers often closely collaborate with their local suppliers (Morgan and Cooke, 1998), the principal inputs for steel mills, coal and iron
ore are acquired on anonymous exchanges with little need for interaction with
suppliers. Finally, although knowledge spillovers may be important drivers of the
clustering of biotechnology firms (Zucker et al., 1994), they are less important
in industries in which technology progresses less rapidly. Meta-studies reviewing
the empirical literature on agglomeration externalities since the foundational papers by Glaeser et al. (1992) and Henderson et al. (1995) confirm the existence
of considerable variation in empirical findings (Beaudry and Schiffauerova, 2009;
de Groot et al., 2015). We expect these differences to be driven in part by variations across industries in how much they benefit from different types of Marshallian
externalities2 .
In this chapter, we build on the work of EGK to explore whether the heterogeneity in agglomeration benefits is expressed in the coagglomeration patterns of
pairs of industries. While staying close to the EGK framework, we deviate from
2 The Marshallian externalities reported in the above-mentioned meta-studies vary from significantly negative to significantly positive. The authors of these meta-studies attribute these
divergent findings to a variety of factors, such as the geographical area studied and methodological choices. Beaudry and Schiffauerova (2009) find that sectoral differences also matter, although
their study does not identify these as the main reason for the observed differences.
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it in two important respects. First, we do not control for natural advantages, and
second, we focus on externalities that arise from labor market pooling and local
input-output linkages but ignore technological linkages. See Section 3.2.3 for a
discussion of these choices.
The chapter proceeds as follows. We first replicate key parts of the original
work by EGK, which was based on US manufacturing industries in the late 1980s
and 1990s, using similar data for the 2000s. Mimicking EGK, we do so using both
Ordinary Least Squares (OLS) estimation and Instrumental Variables (IV) based
strategies that instrument labor and input-output linkages among US industries
by analogous measures constructed from data on the Mexican economy. As a
second step, we extend the analysis to include other industries, particularly in
the services sector, while still excluding primary sector industries and industries
that purely cater to the needs of the local population (such as retail activities
and hospitals). In a third step, we fully relax the assumption that agglomeration
effects are homogeneous across industries and separately estimate the sensitivity
of coagglomeration patterns to a given agglomeration externality type for each
industry. In a final section, we explore whether the estimated differences in coagglomeration forces can help predict local industry growth patterns. The empirical
exercise in this section is related to work by Dauth (2010), who studies how different agglomeration channels affect the growth of local industries, the literature
in economic geography on clusters (Porter, 2003; Delgado et al., 2010) and an
emerging literature on related diversification (Neffke et al., 2011; Hausmann et al.,
2014). Although all these strands of research acknowledge the relevance of different types of inter-industry linkages, little is known about their relative importance
in the diversification and growth of local economies.
Confirming the results of EGK, we find that labor linkages and input-output
linkages are more or less equally important explanations for coagglomeration. This
result holds not only when we replicate their analysis for the manufacturing sector
but also when we extend it to include other sectors, notably services. However,
there are good reasons to expect tendencies toward coagglomeration in services
to be different from those in manufacturing. First, unlike manufactured goods,
services are often difficult to trade over large distances. Consequently, services
industries will need to colocate with their customers. Second, services tend to be
labor intensive, and moreover, their quality often depends crucially on the quality
of face-to-face interactions between a firm’s employees and its customers (see, for
instance, Kolko 1999 on the importance of agglomeration in services). Both factors should augment the importance of access to adequate human capital. Taken
together, these considerations suggest that value chain and labor market pooling
links should be particularly important for coagglomeration patterns in services.
This conjecture is confirmed when we separately consider manufacturing and services. The OLS effects of input-output linkages on coagglomeration are at least
as large in services as in manufacturing, and the impact of labor externalities on
coagglomeration patterns in services is stronger than on those in manufacturing industries. When we allow full heterogeneity in impacts across industries, we observe
even wider variation in the effects. For some manufacturing industries, coagglomeration with other industries can be attributed neither to labor nor to input-output
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linkages. Typical examples are industries in furniture and food production. In
other manufacturing industries, such as pharma & medical and electronics, coagglomeration patterns seem to be driven primarily by input-output linkages. The
rationales for coagglomeration in services are even more heterogenous. Some industries, such as those in arts and culture, cluster along both externality channels.
In contrast, for media and knowledge-intensive business services, the possibility to
pool labor dominates coagglomeration.
Finally, we propose that the estimated heterogeneity in the effects can help to
gauge an industry’s sensitivity to the corresponding type of agglomeration benefits.
For example, if a firm is active in an industry that displays strong dependence on
specific labor and skills, then locating close to many other firms sharing its labor
needs will be highly beneficial. Conversely, choosing to locate near other firms
with similar value chain requirements will have less of an impact. We show this
by predicting local industry growth rates from the amount of local employment
in industries that are connected by either value chains or labor pooling linkages.
Next, we interact these indicators of related local employment with the sensitivity
to labor pooling and value chains that industries exhibit in their coagglomeration
patterns. Our estimates show that the sensitivity to input-output links determines
how strongly a local industry’s growth rates are affected by a strong local presence
of industries to which it is linked in the value chain. Similar, although somewhat
less robust, effects are observed for labor market linkages.
Our main contribution is to highlight the variation in agglomeration forces
across industries within a unified analysis. Although the heterogeneity in agglomeration effects is widely acknowledged (Rosenthal and Strange, 2004; Beaudry and
Schiffauerova, 2009; de Groot et al., 2015; Rigby and Brown, 2015), this is, to
the best of our knowledge, the first work to exploit coagglomeration to measure
industry heterogeneity. We find that the coagglomeration of services is strongly
driven by labor market pooling dynamics and, in some of our specifications, by
value chain linkages. Given services’ importance as a driver of urban growth, and
against a background of secular decline in manufacturing, these results underscore the importance of cities for the development of a strong service economy.
The chapter also contributes to the growing literature on regional diversification
(Delgado et al., 2010; Neffke et al., 2011; Hausmann et al., 2014) by measuring
industry relatedness directly, as well as by introducing industrial heterogeneity
and asymmetry in the growth and diversification process.

3.2
3.2.1

Methodology
Data

Our main datasets describe employment by region-industry pair in the US and
Mexico. Geographical employment data for the US are derived from the County
Business Patterns (CBP) for the years 2003 and 20083 . Employment data for
3 CBP has different degrees of censoring depending on the geographical level of the data. To
attribute a value of employment to a class, we follow Holmes and Stevens (2004) For further
details, we refer to Appendix 3.D.
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Mexico are taken from the economic censuses in 2003 and 2008. The analysis is
carried out at three different levels of geographical aggregation: US counties (of
which there are 3,190), cities (939 metropolitan areas) and states (51). In Mexico, our geographical units are 2,455 municipalities, 58 cities (metropolitan areas)
and 32 states. We will focus the discussion on the results for metropolitan areas
(labelled ‘cities’ hereafter) as the most appropriate spatial unit for defining labor
markets and economically integrated regions. For the main results, we also report
the outcome at the county and state levels as additional supporting evidence.
Unlike EGK, whose industries follow the Standard Industrial Classification
(SIC87), in this chapter, industries are classified according to the North American Industry Classification System (NAICS). Unfortunately, although the Mexican
classification systems are also based on the NAICS, they are not fully harmonized
with those in the US. Starting from 317 4-digit US NAICS codes, we, therefore,
aggregate industries where necessary and create a new composite industry classification consisting of 215 distinct industries. After dropping industries for which
we lack data to construct all covariates used in this chapter, we are left with 184
industries. We restrict our sample further by dropping industries for which their
spatial distribution is strongly driven by the distribution of population. Examples
are retail, auto repair, construction and elementary schools. Note that we do not
exclude extractive activities such as mining. Although these activities are obviously restricted in their location choice, it is still informative to see which other
industries choose to locate in their vicinity. Following this logic, we arrive at a list
of 120 industries4 . As a robustness check, we repeat the main analysis using the
full sample of 184 industries. The outcomes, which are reported in Appendix 3.A,
are in line with those of the restricted sample.

3.2.2

Dependent variable: coagglomeration

Our main object of interest is the degree to which industries coagglomerate. That
is, to what extent do we observe two industries employing workers in the same
regions? To quantify the tendency of industry i to coagglomerate with industry j,
EGK propose the following measure5 :
R

EGij =

∑r=1 (sir − xr ) (sjr − xr )
.
2
1 − ∑R
r=1 xr

(3.1)

where sir is the employment share of industry i in region r, while xr is the
mean of these shares in region r across all industries. Ellison and Glaeser (1999)
motivate this index as a measure of the likelihood that establishments in two
industries generate spillovers for one another via a model of locational choice. The
index has the advantage that it should not be affected by the size distribution of
establishments in an industry or by the granularity of regional units. Following
this logic, we calculate EG indices for all pairs of industries in the US. Table 3.1
shows the top-10 industry pairs in terms of their coagglomeration.
4 See

Appendix 3.B for a list of included and excluded industries.
measure is equivalent to the coagglomeration index in Ellison and Glaeser (1999) for
the coagglomeration of pairs of industries.
5 This
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Table 3.1: Top-10 industry pairs by coagglomeration (Ellison-Glaeser index).
Top-10 co-location (EG index)
industry i
Cut and Sew Apparel Manufacturing
Sound Recording Industries
Independent Artists
Independent Artists
Sound Recording Industries
Sound Recording Industries
Cut and Sew Apparel Manufacturing
Agents and Managers
Independent Artists
Support Activities for Mining

industry j
Agents and Managers
Agents and Managers
Cut and Sew Apparel Manufacturing
Agents and Managers
Cut and Sew Apparel Manufacturing
Independent Artists
Accounting Services
Accounting Services
Accounting Services
Oil and Gas Extraction

value
0.0846
0.0796
0.0754
0.0707
0.0706
0.0569
0.0463
0.0435
0.0414
0.0376

Here we show the top-10 industry pairs using the coagglomeration metric proposed by Ellison
and Glaeser (1999) (see equation 3.1) using city-industry employment data for the US (County
Business Patterns, 2003). The industry classification is based on NAICS 4-digit industries and
includes 120 distinct industry codes containing both services and manufacturing.

The EG index is similar in spirit to the measure used by Porter (2003), who
quantifies the coagglomeration of two industries as the correlation between the
industries’ locational employment vectors:
LCij = corr (sir , sjr ) ,

(3.2)

Hausmann et al. (2014) show that LCij can be derived from a Ricardian trade
model as an estimate of the similarity of industries’ technology requirements. In
the interest of brevity, we focus our discussion on the analysis that uses the EG
index. The results using the LC index are reported in Appendix C, unless they
lead to qualitatively different conclusions, in which case we discuss them in the
main text.

3.2.3

Independent variables

In our methodology, we stay close to EGK. The main exception, however, is that
we include neither natural advantages nor technological linkages in our analysis of
coagglomeration. Instead, we limit our analysis to input-output and labor links.
The reason for excluding natural advantages is that most of what EGK classify as
natural advantages are either better thought of in terms of input-output relations
or labor market pooling effects. For instance, EGK include cheap access to inputs
such as electricity, coal and timber among the natural advantages. However, these
inputs are typically acquired from extractive industries. In that sense, they are
simply part of a value chain. By analyzing coagglomeration among a wider set
of industries that includes a number of extractive industries, in this chapter, any
benefits from colocation with such industries are associated with input-output
relations. Similarly, we think it is better to think of the availability of unskilled
workers, unionized workers and workers with a bachelor’s degree or higher not
as natural advantages, as in EGK, but rather as counting toward labor market
externalities.
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Technological linkages are problematic for a different reason: most available
proxies are based on patent information6 . The problem of using patent information
is that industries differ widely in how much they rely on patents to protect their
intellectual property; see Cockburn and Griliches (1988). Therefore, the accuracy
with which the potential for inter-industry knowledge spillovers can be assessed
from patent data will differ tremendously by industry. Because this heterogeneity
in measurement error will mechanically translate into heterogeneity in observed
Marshallian agglomeration benefits, it compromises the main aim of the chapter7 .
Below, we describe how we measure the linkages between two industries in terms
of labor market pooling and input-output relations.
Input-output links
Value chains allow individual firms to specialize. However, such specialization also
creates costs: intermediates need to be shipped between firms, and innovation efforts must be coordinated with suppliers (Richardson, 1972; Abdel-Rahman, 1996;
Porter, 1998). Because the costs of transportation and coordination typically rise
with distance, the coagglomeration of different parts of a value chain can be an
effective cost-reduction strategy.
We measure the strength of input-output relations between a pair of industries
using the same indicator as EGK. That is, the input-output proximity of industries
i and j is defined as the maximum relative importance of i as a customer or as
a supplier of j and vice versa. Let IOij be an input-output matrix, i.e., IOij
represents the value of goods and services that industry j sources from industry i.
We now measure the proximity between i and j in terms of input-output linkages
as
PijIO = max (

IOji
IOij
IOji
IOij
,
,
,
)
IO
IO
IO
∑k kj ∑k kj ∑k ik ∑k IOik

(3.3)

For the US, input-output linkages are based on make and use tables provided by
the Bureau of Economic Analysis (BEA) for the year 2002. To match this data to
our coagglomeration data, we create a concordance between the 337 IO codes used
by the BEA and our (adjusted) NAICS codes. Whenever an IO code corresponds
to several NAICS codes, we split the IO codes by these NAICS codes, using total
NAICS employment as reported in the CBP as weights. Next, we use the thus
aggregated supply (make) matrix, S, and demand (use) matrix, U , to construct
an IO-matrix by the standard operation IO = SDS−1 U , where DS is a matrix with
all off-diagonal elements equal to zero and diagonal elements equal to the column
sums of S. Similar calculations are carried out for Mexico, using input-output data
for the year 2008 provided by the Mexican statistical office, Instituto Nacional de
6 EGK

use patent citations and the technology matrix of Scherer (1984), which itself is based
on the assessment of how useful a set of patents filed in one industry is to another industry.
7 Although heteroscedastic measurement error will to some extent affect all inter-industry
proximity measures, the problem is particularly severe in the case of technological similarities.
Indeed, for reasons explained above, we believe that the variation in the precision with which
we can characterize labor and input-output linkages is dwarfed by the variation in measurement
error for technological linkages.
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Estadistica y Geografia (INEGI). The ten strongest input-output linkages (based
on US data) are shown in table 3.2.
Table 3.2: Top-10 industry pairs by strength of input-output links.
Top-10 input-output links
industry i
Petroleum and Coal Manufacturing
Other Apparel Manufacturing
Leather and Hide Tanning
Motor Vehicle Parts Manufacturing
Motor Vehicle Manufacturing
Pulp, Paper, and Paperboard Mills
Support Activities for Mining
Motor Vehicle Manufacturing
Spectator Sports
Motor Vehicle Parts Manufacturing

industry j
Oil and Gas Extraction
Cut and Sew Apparel Manufacturing
Animal slaughtering and processing
Motor Vehicle Manufacturing
Motor Vehicle Body Manufacturing
Paper Product Manufacturing
Oil and Gas Extraction
Audio-Video Equipment Manufacturing
Radio and Television Broadcasting
Leather and Hide Tanning

value
0.6776
0.6001
0.5811
0.5720
0.5351
0.4617
0.4575
0.4343
0.4269
0.4227

Here we show the top-10 industry pairs in terms of input-output linkages, defined as the maximum relative importance of one industry as a customer or as a supplier of the other and vice
versa (see equation 3.3), based on make-and-use tables provided by the US Bureau of Economic
Analysis (BEA) for the year 2002.

Labor market pooling
A large local pool of specialized labor benefits both firms and workers. First,
larger pools of skilled workers (and firms that want to hire them) may result in
better matching of workers to firms (Helsley and Strange, 1990). Second, workers
may demand a wage premium as a compensation for moving to regions that offer
few alternative employment opportunities in case they lose their jobs. In contrast,
having many firms and industries that can absorb one another’s redundant workers
acts as an implicit insurance scheme and therefore may lower wage costs (Marshall,
1920; Duranton and Puga, 2004).
Following EGK, we measure the potential for two industries to draw from
the same pool of workers using industry-occupation employment matrices. In
particular, we compute correlation coefficients across occupations between Eio
and Ejo , where Eio represents the number of workers in occupation o that are
employed (nationwide) by industry i:
PijL = corr(Eio , Ejo ).

(3.4)

For the US, we use industry-occupation data for the year 2002 as reported
in the Occupational Employment Statistics (OES), while for Mexico, we use the
Encuesta Nacional de Ocupacion y Empleo (ENOE) for the year 20058 . The ten
strongest labor linkages (using US data) are reported in table 3.3.
8 The US and Mexico use different classifications of occupations. This is, in principle, unproblematic, because industries are still recorded in both sources according to the NAICS classification. However, because the ENOE uses a mix of 3- and 4-digit classes (consisting of 68 3-digit
and 113 4-digit codes), we have to split some 3-digit industries in the ENOE into 4-digit codes.
Consequently, some industry pairs in Mexico are mechanically attributed the same P L values,
and somewhat under 3% of off-diagonal elements are equal to 1.
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Table 3.3: Top-10 industry pairs by strength of labor links.
Top-10 labor links
industry i
Other Textile Product Mills
Other Apparel Manufacturing
Other Textile Product Mills
Other Transportation Equipment
Motor Vehicle Parts Manufacturing
Other Transportation Equipment
Motor Vehicle Body Manufacturing
Other Machinery Manufacturing
Household Appliance Manufacturing
Heating/Cooling Equipment

industry j
Other Apparel Manufacturing
Cut and Sew Apparel Manufacturing
Cut and Sew Apparel Manufacturing
Agri/Construction/Mining Machinery
Hardware Manufacturing
Motor Vehicle Body Manufacturing
Heating/Cooling Equipment
Agri/Construction/Mining Machinery
Hardware Manufacturing
Hardware Manufacturing

value
0.9919
0.9885
0.9805
0.9802
0.9766
0.9760
0.9756
0.9742
0.9737
0.9715

Here, we show the top-10 industry pairs in terms of labor linkages, computed as a correlation
of industry employment by occupation (see equation 3.4) and based on industry-occupation data
for the year 2002 as reported in the US Occupational Employment Statistics (OES).

3.2.4

Descriptive statistics

Table 3.4: Summary statistics.
Variable

Obs

Mean

Std. Dev.

Min

Max

0.0047
0.1209
0.0353
0.0997

-0.0232
0.4854
0.0000
0.4956

0.0846
0.9915
0.6776
0.9919

0.0477
0.1657
0.0503
0.1094

-0.2579
0.4399
0.0000
0.4828

0.5149
0.9994
1.0000
1.0000

United States
EG index
LC index
Input-output
Labor

7140
7140
7140
7140

0.0001
0.7166
0.0124
0.6013
Mexico

EG index
LC index
Input-output
Labor

7140
7140
7140
7140

0.0005
0.7784
0.0143
0.5565

Here, we provide summary data for coagglomeration (EG and LC metrics) and input-output
and labor linkages for 120 ∗ (120 − 1)/2 = 7140 unique industry pairs for comparable data in both
the US (top) and Mexico (bottom).

Excluding the diagonal, there are 7,140 unique industry pairs in our sample of
120 industries. Table 3.4 contains descriptive statistics for this sample. All variables have similar means in the US and Mexico. However, it is interesting to note
that, for all variables, the dispersion is larger in Mexico, sometimes substantially
so. Although the greater dispersion in the Mexican variables may be structural, it
could also mean that the variables constructed from US data are measured more
accurately.
Table 3.5 reports correlation coefficients between the various dependent and
independent variables. The Mexican and US versions of input-output and labor
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proximity measures are relatively highly correlated (> 0.5). Importantly, the correlations between the different versions of the same variable are higher than between
the same versions of different variables. This is reassuring because it suggests that
these measures indeed capture distinct, yet rather general, relations among industries.
Table 3.5: Correlation coefficients.

EG (US)
LC (US)
IO (US)
Labor (US)
EG (MX)
LC (MX)
IO (MX)
Labor (MX)

EG
(US)

LC
(US)

IO
(US)

Labor
(US)

EG
(MX)

LC
(MX)

IO
(MX)

Labor
(MX)

1.000
0.266
0.195
0.228
0.193
0.044
0.129
0.159

1.000
0.146
0.044
0.038
0.493
0.097
-0.018

1.000
0.235
0.098
0.058
0.533
0.291

1.000
0.158
0.052
0.215
0.537

1.000
0.202
0.141
0.191

1.000
0.049
-0.018

1.000
0.282

1.000

Here, we show the correlation between each of the metics measuring pairwise industry linkages
(coagglomeration using EG and LC definitions, input-output and labor) for the US and Mexico
(MX). We observe that the Mexican and US versions of input-output and labor proximity measures are relatively highly correlated.

3.2.5

Estimation framework

We follow EGK and infer the strength of different agglomeration forces by analyzing the relationship between coagglomeration patterns and labor and value chain
links of industry pairs using the following econometric model:
EGij = α + β rel Pijrel + ij ,

(3.5)

where EGij is the EG-index of coagglomeration for industries i and j, and rel ∈
{IO, L}. Matrices P IO and P L contain the inter-industry input-output and labor
linkages defined in the previous sections.
While EGK limit their inquiry to manufacturing, we extend the analysis to
other sectors of the economy. We do so by expanding both the columns and rows
of the EGij matrix. Next, we split the rows of this sample into a manufacturing
and a services part to separately examine the coagglomeration of manufacturing
(or services) industries with all other industries. Finally, we allow agglomeration
effects to be fully heterogeneous across industries, by estimating the following
equation:
EGij = αi + βiIO PijIO + βiL PijL + ij

(3.6)

That is, parameter estimates βiIO and βiL are allowed to vary freely by industry
of origin, i. The reason that we can estimate a different parameter for each industry
and agglomeration channel is that each industry can coagglomerate with all other
industries. Consequently, there are 119 observations per industry. Equation (3.6)
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can be estimated by running separate regressions for each i. However, it will be
more convenient to simultaneously estimate the coefficients using the following
two-way fixed effects model9 .
EGij = αi + δj + βiIO PijIO + βiL PijL + ij

(3.7)

This procedure yields two vectors with estimates of industry-specific agglomeration effects, β̂ IO and β̂ L . The elements of these vectors represent the extent
to which input-output and labor market linkages are expressed in an industry’s
coagglomeration patterns.
A possible cause for concern is that PijIO and PijL are themselves endogenous.
Accordingly, EGK argue that OLS estimates may be upward-biased if the historical coagglomeration of two industries prompted these industries to adjust their
production technologies in such a way that they could use one another’s outputs
or skilled workers. Another concern is that PijIO and PijL are only imperfect proxies for the degree to which industries can exchange products and labor. Such
measurement error would lead to a downward bias in our estimates. In line with
EGK, we therefore also estimate the models in equations (3.5) and (3.7) using an
IV approach. As instruments, we use analogously constructed variables based on
Mexican data. Similar to the UK-based instruments in EGK, our instruments are
valid, as long as idiosyncratic patterns in the input-output and labor linkages in
Mexico are uncorrelated with coagglomeration patterns in the US.

3.3
3.3.1

Empirical findings
Replication of EGK results

We begin our analysis of the impact of labor market pooling and input-output
relations on coagglomeration assuming that the two factors have homogeneous
effects across industries. Later, we will increasingly relax this assumption. In the
analysis below, we rescale all variables such that they are expressed in units of
standard deviations.
Table 3.6 first replicates the results of EGK, including manufacturing industries
only10 . The table shows the results of univariate OLS specifications in which the
effect of labor pooling and value chain linkages are estimated separately. The left
part of the table (columns 1 to 3) shows our own estimates. For convenience, the
findings in the original paper by EGK (table 3, p.1204) are shown on the right
(columns 4 to 6).
Table 3.6: OLS univariate regressions (EGK replication).

9 Moreover, in contrast to estimating separate equations for each industry, equation (3.7)
allows the inclusion of both industry of origin and of destination fixed effects.
10 For maximal comparability, manufacturing industries are here defined at the 4-digit level of
the original US NAICS classification. In all subsequent analysis, we use the NAICS classification
that was harmonized with the Mexican implementation of NAICS.
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EG index (our estimates)

Input-output
Observations
R2
Labor
Observations
R2

EG index (EGK estimates)

(1)
state
0.214
(0.035)
3655
0.060

(2)
city
0.177
(0.032)
3655
0.060

(3)
county
0.144
(0.029)
3655
0.047

(4)
state
0.205
(0.037)
7381
0.042

(5)
city
0.167
(0.028)
7381
0.028

(6)
county
0.130
(0.022)
7381
0.017

0.181
(0.018)
3655
0.029

0.164
(0.018)
3655
0.035

0.195
(0.016)
3655
0.060

0.180
(0.014)
7381
0.032

0.106
(0.016)
7381
0.011

0.082
(0.013)
7381
0.007

Robust standard errors in parentheses. Columns 1-3 replicate the univariate regression results
of Ellison et al. (2010) (shown in columns 4-6) using equivalent data for the US from 2003
for manufacturing industries and three levels of spatial aggregation: states, cities and counties.
In all cases, the dependent variable is the pairwise EG-based coagglomeration linkages, and the
independent variable is either the corresponding metric for value chain linkages or labor pooling
(see equation 3.5). Most of the new estimates are remarkably close to those of EGK despite the
fact that the new sample refers to a different period and more aggregated industry definitions:
both externality channels are important and have similar impacts on coagglomeration.

In spite of the fact that our sample refers to a different period and more aggregated industry definitions (manufacturing codes are less detailed at the 4-digit
NAICS level than at the 3-digit SIC level), most of our estimates are remarkably
close to those of EGK: both externality channels are important and have similar impacts on coagglomeration. The only substantive difference is that we find
larger effects of labor pooling at the city and county levels than EGK. As a consequence, our estimates imply that, at the county level, labor pooling is a stronger
determinant of coagglomeration than are input-output links instead of vice versa.

3.3.2

Extended sample

The EGK results are derived only for manufacturing. Do the conclusions change
when we extend the sample of industries? Using the (adjusted) NAICS classification, there are 83 manufacturing industries, which represent roughly two-thirds of
the 120 industries in the overall sample. Consequently, the number of observations
rises to 7,140 (= 120(120−1)
). Table 3.7 contains results of the estimations for this
2
extended sample. The first three columns report OLS estimates, and columns 4 to
6 show IV estimates, where US input-output proximity (PijIO ) and labor proximity
(PijL ) are instrumented by their counterparts constructed from Mexican data.
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Table 3.7: OLS and IV univariate regressions on extended sample.
(1)
OLS
state

(2)
OLS
city

(3)
OLS
county

(4)
IV
state

(5)
IV
city

(6)
IV
county

EG index
Input-output
Observations
R2
Labor
Observations
R2

0.295
(0.041)
7140
0.069

0.215
(0.025)
7140
0.038

0.176
(0.028)
7140
0.025

0.372
(0.045)
7140
0.064

0.267
(0.032)
7140
0.036

0.201
(0.032)
7140
0.024

0.261
(0.012)
7140
0.065

0.229
(0.011)
7140
0.052

0.178
(0.011)
7140
0.030

0.347
(0.031)
7140
0.058

0.296
(0.020)
7140
0.048

0.194
(0.018)
7140
0.030

Robust standard errors in parentheses. Idem table 3.6, but in this case, we include all industries,
not just manufacturing as in the previous table, for a total of 120 industries. We show OLS
IO )
results for the US (columns 1-3) and using IV estimates where US input-output proximity (Pij
L ) are instrumented by their counterparts constructed from Mexican data
and labor proximity (Pij
(columns 4-6). The regressions show that, in this extended sample, value chain and labor market
links are even more important drivers of coagglomeration than in the manufacturing only sample.

The OLS regressions show that, in the extended sample, value chain and labor
market links are even more important drivers of coagglomeration than in the manufacturing sample. Focusing on the city-level estimates, a one-standard-deviation
increase in human capital similarities increases industries’ coagglomeration by 0.23
standard deviations. Similarly, a one-standard-deviation increase in the strength
of value chain linkages between industries increases their coagglomeration index
by 0.22 standard deviations. Turning to columns (4) to (6), we find that the IV
estimates significantly exceed the OLS estimates11 . The effect of a one-standarddeviation increase in the strength of value chain links increases the coagglomeration index by 0.27 standard deviations, whereas a similar increase in human capital
similarity increases coagglomeration by 0.30 standard deviations. The fact that IV
estimates are higher than OLS estimates is similar to what EGK report, although
in EGK, this is limited to the effects of input-output linkages12 . It appears that
reverse causality does not lead to a net overall upward bias. Instead, our findings
are consistent with the notion that inter-industry proximities are measured with
some error.

3.3.3

Manufacturing versus services

The fact that we find that tendencies of industries to coagglomerate along both
the labor and IO channels increase as we extend our sample of industries sug11 The first-stage results (not reported) are very strong: the estimated effects of the instruments
on the endogenous variables exhibit t-statistics of 42 for labor similarities and 8.6 for input-output
linkages.
12 For labor linkages, the OLS and IV estimates are roughly equal in EGK.

60

CHAPTER 3. HETEROGENEOUS AGGLOMERATION ECONOMIES

gests that these factors are stronger drivers of coagglomeration in services than in
manufacturing. To analyze this further, we split the sample into manufacturing
industries and services. The results are summarized in figure 3.1. The panel on
the left reports the OLS results, whereas the panel on the right shows IV results.
Within each panel, the estimated coefficients for β L , together with their 95% confidence intervals, are plotted in the vertical direction and estimates for β IO are
plotted in the horizontal direction. Black symbols mark the manufacturing sector,
gray symbols refer to services. The most striking aspect of figure 3.1 is the differences between services and manufacturing. In particular, labor similarity is a
stronger predictor of coagglomeration in services than in manufacturing, irrespective of whether we use OLS or IV techniques, and input-output similarity is at
least as good a predictor of coagglomeration in services as in manufacturing. The
IV regressions give rather imprecise results for services, but the point estimates
generally exceed those in manufacturing. Interestingly, the differences between
services and manufacturing are even more pronounced when using the LC index.
In particular, the explanatory power of input-output linkages (and not just of labor linkages) is greater in services than in manufacturing in these specifications.
These observations are consistent with the view advanced in the introduction that
the reliance of services on human capital and the non-tradedness of their output
makes services strongly dependent on both types of agglomeration externalities.

3.3.4

Effect heterogeneity

The observed differences between services and manufacturing industries suggest
that there is substantial heterogeneity in why industries coagglomerate. To explore
this in greater detail, we allow the effects of labor and value chain linkages to vary
freely by industry (see 3.7). Whereas we report a full list of industry-specific estimates in appendix 3.B, here, we present results in a more compact way. First, we
group the 120 industries into 27 broad categories. Next, we plot the (unweighted)
mean of input-output and labor coefficients across the industries in a category in
figure 3.2. Once again, the coefficients for labor linkages are plotted in the vertical
direction, and input-output linkages are plotted along the horizontal dimension.
The results for service industries are colored gray, whereas the results for manufacturing industries are depicted in black. To avoid cluttering the graph, we only
show city-level estimates.
The effect sizes summarized in figure 3.2 are quite heterogeneous, but the
general patterns closely track those foreshadowed in figure 3.1. Both types of interindustry similarities exert a greater influence on coagglomeration in services than
in manufacturing industries. However, the variation is particularly pronounced for
the effect of labor similarities. For instance, the labor channel’s greatest impact
on coagglomeration patterns is found in industries in arts & culture, architecture
& engineering, media and knowledge-intensive business services (KIBS). In these
categories, industry pairs exhibit an up to 1.5 standard deviation higher EG index
for every standard deviation increase in the industries’ human capital similarity.
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Figure 3.1: Coagglomeration effects, manufacturing versus services.
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The figures depict estimated labor pooling effects (vertical axis) and value chain effects (horizontal axis) from separate estimations of equation (3.5) on the sample of services and manufacturing
industries. Estimates for the coagglomeration patterns of services are plotted using gray markers; those for manufacturing industries are plotted using black markers. State-level estimates
are marked by squares, city-level estimates by triangles and municipality-level estimates by circles. The crosshairs represent 95% confidence intervals based on robust standard errors. The IV
estimates use analogous variables for labor pooling and input-output linkages using Mexican data.

Although the variation is less pronounced than in services, manufacturing industries also display heterogeneous effects. For instance, the coagglomeration patterns of industries in hardware and in machinery manufacturing follow value chain
as well as labor pooling relations. In contrast, pharma & medical and electronics
industries tend to coagglomerate with customers or suppliers but not with industries that employ similar labor.
Figure 3.2: Coagglomeration effects (EG-index), division into 27 industries.
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1.5

Art & culture
Architecture & Engineering

1

Media

Paper products

Telecommunication

Extraction
IT services

Mineral products
Textile
Wood products
Education Tobacco
Machinery repair
MaterialsPetroleum & Coal
Printing
Transportation eqpt
Machinery
Food
Hardware
Chemical
Furniture
Electrical eqpt
Recreation
Electronics

0

.5

β

L

KIBS

-.5

Pharma & medical

-.2

0

.2
β

.4

.6

IO

Labor pooling effects (vertical axis) and value chain effects (horizontal axis) using OLS regression. This figure summarizes the outcomes of estimations of equation (3.7). Point estimates
are averaged across 27 categories (see Appendix 3.B for a full list of results). Estimates for the
coagglomeration patterns of services are marked with gray triangles, and those for manufacturing industries are denoted by black circles. The crosshairs represent 95% confidence intervals
for these averages, based on robust standard errors.

3.4

Marshallian externalities and regional diversification

Thus far, we have used the EGK framework to show that the balance between
labor market pooling and value chain based agglomeration externalities differs
widely across industries. However, the coagglomeration framework is static in
nature. Do these differences manifest themselves in the spatial dynamics of agglomeration? To explore this issue, we move to an analysis of industries’ growth
paths in a particular location, i.e., given an existing portfolio of industries. In
doing so, we connect to a large and growing literature that has focused on the role
of Marshallian externalities in the evolution of regions’ industrial structure. This
literature suggests that inter-industry linkages are important for understanding
diversification processes, as regions branch into new economic activities that build
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on existing strengths. Using this approach, industries have been found to grow
faster in regions with substantial employment in related industries (Porter, 2003;
Greenstone et al., 2008; Delgado et al., 2010; Neffke et al., 2011; Hausmann et al.,
2014).
Yet, most of this work implicitly assumes that all industries benefit equally
from inter-industry spillovers. Moreover, it typically captures relatedness through
a single Marshallian channel. In this section, we use the insights on industryspecific externalities gained in the previous section to enhance the econometric
models of local industry growth rates that have been used by authors in this
strand of the literature. To do so, let the relatedness between industries i and j be
measured by one of our two proximity measures, Pijrel ∈ {PijL , PijIO }. We can now
calculate the proximity-weighted (related) employment for region-industry (i, r)
in year t as follows:
rel
Eirt
=∑
j

Pijrel
rel
∑k≠i Pik

Ejrt .

This expression can be interpreted as the amount of related employment already
present in the local economy, where what we call “related” depends on rel. For
L
example, in the case of labor, Eirt
represents an index that reflects the size of the
local workforce with skills and know-how that are relevant to industry i.
Letting G03−08
refer to the logarithm of employment growth of industry i in
ir
region r between 2003 and 2008, i.e., Gir = ln (Eir08 ) − ln (Eir03 ) and restricting
the sample to all local industries with non-zero employment in 200313 , we estimate
the following:
rel
) + ιi + ρr + ir03
G03−08
= δ ln (Eir03 ) + γ rel ln (Eir03
ir

(3.8)

where δ captures mean reversion effects, and ιi and ρr are industry and region
dummies. The parameter of interest, γ rel , captures to what extent the growth
in a local industry can be predicted from the amount of related activity already
present in the local economy.

13 In the appendix, we also present results for growth at the extensive margin, estimating the
entry probability for local industries that were non-existent in 2003. The conclusions derived
from this analysis are similar to those presented here.
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Table 3.8: Growth in local industries – Intensive margin.

lnEir03
IO
lnEir03
L
lnEir03

(2)
-0.2029
(0.0035)

(3)
-0.1995
(0.0034)
0.0280
(0.0045)

0.0612
(0.0050)

IO β̂ IO
lnEir03
i,EG

(4)
-0.2029
(0.0035)

(5)
-0.1999
(0.0034)
0.0285
(0.0045)

0.0612
(0.0050)

0.0602
(0.0050)

(7)
-0.2037
(0.0035)
0.0151
(0.0046)
0.0571
(0.0051)

0.0030
(0.0021)

L β̂ L
lnEir03
i,EG

0.0008
(0.0020)

IO β̂ IO
lnEir03
i,LC

(8)
-0.2037
(0.0035)
0.0152
(0.0046)
0.0571
(0.0051)
0.0024
(0.0021)
0.0008
(0.0020)

0.0070
(0.0020)

L β̂ L
lnEir03
i,LC

Obs.
Adj.R2

(6)
-0.2058
(0.0035)

0.0076
(0.0020)
0.0243
(0.0020)

0.0234
(0.0020)
37835
0.1295

37835
0.1325

37835
0.1296

37835
0.1325

37835
0.1298

37835
0.1343

(9)
-0.2074
(0.0035)
0.0179
(0.0046)
0.0555
(0.0052)

37835
0.1327

37835
0.1327

37835
0.1349

Robust standard errors are reported in parentheses. The dependent variable is the logarithm of growth of the employment in local industries between
IO and E L
2003 and 2008. Eir03 is the employment in industry i in city r in the year 2003. Eir03
ir03 define the employment related to industry i
IO β̂ IO
L
L
according to input-output linkages and labor linkages, respectively, in region r in the year 2003. The terms Eir03
i,EG and Eir03 β̂i,EG refer to
the interaction of related employment and the estimated industry-specific effects of input-output linkages or labor linkages in the coagglomeration
regressions. Industry-specific coagglomeration effects are centered on their means and scaled by their standard deviations. All regressions include
industry and region dummies.
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City-industry employment growth
(1)
-0.1995
(0.0034)
0.0280
(0.0045)
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Table 3.8 contains results when using cities as the spatial unit of analysis. In
line with prior studies (e.g., Delgado et al., 2010; Hausmann et al., 2014), we
find significant and negative effects for the mean reversion term, δ, and positive
effects of γ rel , regardless of whether we measure proximity in terms of labor or
input-output linkages. However, our findings thus far suggest that the degree
to which each of these proximities matters will vary by industry. We, therefore,
augment (3.8) by interacting the amount of related employment in a city with
β̂irel , our estimates for βiIO and βiL that contain information on how important a
proximity is to an industry. To facilitate interpretation, the β̂irel are expressed in
units of standard deviations from their respective mean. This yields the following
equation14 :
rel
rel
) + ιi + ρr + ir03
) + γβrel β̂irel ln (Eir03
G03−08
= δ ln (Eir03 ) + γ rel ln (Eir03
ir

(3.9)

If β̂irel captures any information on the importance of the corresponding agglomeration externality, we would expect γβrel to be positive. Table 3.8 shows that
this is indeed the case.
The interaction effect, γβrel , is always positive but consistently statistically
significant only when using the industry-specific effects derived from regressions
using the LC index of coagglomeration (columns (5), (6) and (9)). The marginal
effects of related employment are given by
∂G03−08
ir
= γ rel + γβrel β̂irel .
rel
∂Eir
Figure 3.3 plots these partial derivatives against β̂irel on a range that reflects
the actual coefficient estimates obtained in section 3.3.4. The strongest interaction effects are visible when using industry-specific effects estimated in regression
analysis based on the LC index. In these equations, the elasticities for value-chain
related employment run from as low as 2% for some industries to as high as 4% for
others. The range of elasticities is even greater for employment related in terms
of human-capital similarities, starting from a low of 4% for industries with coagglomeration patterns that are not very sensitive to human capital similarities and
reaching over 10% where such similarities are very strong drivers of coagglomeration. The fact that the industry-specific coagglomeration effects derived in Section
3.3.4 are also reflected in industries’ local growth patterns not only tells us something about local industries’ growth patterns, but it also increases our confidence
in the estimated effect heterogeneity itself.

14 Note

that any level effects of βirel will be absorbed in ιi .
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Figure 3.3: Marginal effects of related employment.
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The marginal effects show the differential impact of related employment in different industries.
The marginal effects are computed as the partial derivative of growth with respect to related employment. The left panel depicts IO effects, while the right shows labor effects. The horizontal
axis plots βIO and βL , respectively. The range is chosen to reflect the actual coefficient estimates
obtained in section 3.3.4. The black lines correspond to the estimates using the EG-index and
the gray to estimates based on the LC-index. Each has three lines showing the mean estimate
and the 95% confidence interval of the prediction.

3.5

Conclusion

Extending the work by Ellison et al. (2010) on why industries coagglomerate, we
find evidence of substantial heterogeneity across industries. Whereas in some industries, firms tend to locate close to their value chain partners, in others they
tend to locate in the vicinity of industries that share their labor requirements.
The largest labor pooling effects are found in the coagglomeration patterns of services. Extreme examples are industries in architecture & engineering, media and
knowledge-intensive business services. Value chain effects on coagglomeration are
generally weaker but also quite heterogeneous, with examples of positive outliers
in manufacturing. In general, it is difficult to measure the impact of labor-market
pooling and input-output effects on the coagglomeration of individual industries.
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It is therefore noteworthy that our noisily estimated coefficients help improve predictions of local industry growth patterns. Whereas there are ample studies that
show that local industries tend to grow faster in regions with substantial employment in related industries, we are able to show that this relatedness matters more
whenever the corresponding inter-industry proximity is more strongly expressed
in the industry’s coagglomeration patterns.
Our findings have a number of implications for future research. First, they
affirm that there is a strong link between the development of a services-oriented
economy and cities (e.g., Kolko, 2010). In particular, we show that coagglomeration patterns to a much greater extent are determined by human capital similarities
(and, although less so, by input-output linkages) in services than in manufacturing. Given that services increasingly dominate economies in the developed and
developing world alike, this may mean that agglomeration externalities will become more important in the future, in spite of the tremendous improvements in
transportation and communication technology that allow economic activities to
become more dispersed. Second, we have shown that the EGK framework can be
leveraged to probe deeper into the processes that underlie agglomeration dynamics
and is sufficiently robust to changes in the exact definition of industries, the time
period studied, the measure of coagglomeration and the choice of instrumental
variable. Third, this chapter confirms the finding of a string of other papers that
inter-industry linkages are important to our understanding of the development of
local economies. However, we add to this literature by finding that the type of
inter-industry linkages that matters most varies greatly by industry.
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Appendix
3.A

Additional analysis

Table 3.9: OLS and IV univariate regressions separate for industry group (EGindex).
EG index
(1)
OLS
state

(2)
OLS
city

(3)
OLS
county

(4)
IV
state

(5)
IV
city

(6)
IV
county

All industries
Input-output
Observations
R2
Labor
Observations
R2

0.174
(0.023)
16836
0.033

0.138
(0.015)
16836
0.022

0.112
(0.015)
16836
0.015

0.237
(0.027)
16836
0.028

0.172
(0.020)
16836
0.020

0.132
(0.019)
16836
0.015

0.201
(0.009)
16836
0.042

0.175
(0.007)
16836
0.034

0.129
(0.007)
16836
0.019

0.322
(0.023)
16836
0.027

0.282
(0.016)
16836
0.021

0.191
(0.015)
16836
0.015

Manufacturing
Input-output
Observations
R2
Labor
Observations
R2

0.239
(0.028)
11786
0.048

0.161
(0.018)
11786
0.025

0.115
(0.016)
11786
0.017

0.293
(0.036)
11786
0.045

0.199
(0.024)
11786
0.024

0.135
(0.019)
11786
0.017

0.229
(0.010)
11786
0.061

0.191
(0.007)
11786
0.049

0.121
(0.006)
11786
0.027

0.302
(0.025)
11786
0.055

0.254
(0.015)
11786
0.044

0.137
(0.011)
11786
0.026

Services
Input-output
Observations
R2
Labor
Observations
R2

0.127
(0.019)
5360
0.015

0.171
(0.028)
5360
0.016

0.175
(0.041)
5360
0.013

0.209
(0.038)
5360
0.009

0.290
(0.053)
5360
0.008

0.272
(0.078)
5360
0.009

0.213
(0.024)
5360
0.019

0.275
(0.037)
5360
0.018

0.294
(0.053)
5360
0.016

0.421
(0.057)
5360
0.001

0.507
(0.075)
5360
0.005

0.515
(0.100)
5360
0.007

This table repeats the calculations in tables 3.6 and 3.7 using all 184 industries as the ‘destination’ industry. Robust standard errors in parentheses.

City-industry appearances
IO
lnEir03

(1)
0.0054
(0.0014)

L
lnEir03

(2)

(3)
0.0054
(0.0014)

0.0082
(0.0013)

IO β̂ IO
lnEir03
i,EG

(4)

(5)
0.0056
(0.0014)

0.0080
(0.0013)

0.0095
(0.0013)

(7)
0.0039
(0.0014)
0.0074
(0.0013)

0.0047
(0.0011)

L β̂ L
lnEir03
i,EG

-0.0018
(0.0010)

IO β̂ IO
lnEir03
i,LC

(8)
0.0038
(0.0014)
0.0072
(0.0013)
0.0045
(0.0011)
-0.0012
(0.0010)

0.0023
(0.0010)

L β̂ L
lnEir03
i,LC

Obs.
Adj.R2

(6)

0.0023
(0.0010)
0.0092
(0.0016)

0.0090
(0.0016)
42369
0.1163

42369
0.1168

42369
0.1168

42369
0.1168

42369
0.1164

42369
0.1175

(9)
0.0046
(0.0014)
0.0087
(0.0013)

42369
0.1169

42369
0.1173

3.A. ADDITIONAL ANALYSIS

Table 3.10: Growth in local industries.

42369
0.1178

Idem table 3.8, but the dependent variable is an indicator variable that takes value one if a local industry came into existence between 2003 and 2008.
Coagglomeration is measured as the correlation index. The independent variables are log-transformed.
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Figure 3.4: Marginal effects of related employment – Extensive margin.
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The marginal effects show the differential impact of related employment in different industries.
The marginal effects are computed as the partial derivative of growth with respect to related
employment. The left panel depicts IO effects, while the right shows labor effects. The horizontal axis is plots βIO and βL , respectively. The range is chosen to reflect the actual coefficient
estimates obtained in section 3.3.4. The black lines correspond to the estimates using the EGindex and the gray to estimates based on the LC-index. Each has three lines showing the mean
estimate and the 95% confidence interval of the prediction.
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Industry list

Table 3.11: Industry list with IO and labor coefficients (EG).

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

name

group

Crop production
Animal production
Aviculture
Mixed agriculture
Silviculture
Forestry
Logging
Fishing
Hunting and Trapping
Support Activities for Crop Production
Support Activities for Animal Production
Support Activities for Forestry
Oil and Gas Extraction
Coal Mining
Metal Ore Mining
Nonmetallic Mineral Mining and Quarrying
Support Activities for Mining
Utilities
Utility System Construction
Land Subdivision
Highway, Street, and Bridge Construction
Heavy and Civil Engineering Construction
Building Exterior Contractors
Building Equipment Contractors
Building Finishing Contractors
Other Specialty Trade Contractors
Animal Food Manufacturing
Grain and Oilseed Milling
Sugar Product Manufacturing
Fruit and Vegetable Preserving
Dairy Product Manufacturing
Animal slaughtering and processing
Seafood Preparation and Packaging
Bakeries and Tortilla Manufacturing
Other Food Manufacturing
Beverage Manufacturing
Tobacco Manufacturing
Fiber, Yarn, and Thread Mills
Textile and Fabric Mills
Textile furnishings mills
Other Textile Product Mills
Apparel Knitting Mills
Cut and Sew Apparel Manufacturing
Other Apparel Manufacturing
Leather and Hide Tanning
Footwear Manufacturing
Other Leather Manufacturing
Sawmills and Wood Preservation
Wood product Manufacturing
Other Wood Product Manufacturing

.
.
.
.
.
.
.
.
.
.
.
.
1
1
1
1
1
.
.
.
.
.
.
.
.
.
2
2
2
2
2
2
2
2
2
2
3
4
4
4
4
4
4
4
4
4
4
5
5
5

data
avail.

traded

IO
coef.

labor
coef.

0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
1
1
0
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

.
.
.
.
.
.
.
.
.
.
.
.
0.27
0.06
-0.02
-0.04
0.36
.
.
.
.
.
.
.
.
.
0.01
-0.09
0.01
-0.00
-0.16
0.02
0.14
0.08
0.01
0.02
0.26
-0.11
0.28
0.16
-0.01
-0.04
0.31
0.37
0.10
0.13
0.00
0.05
0.11
0.10

.
.
.
.
.
.
.
.
.
.
.
.
-0.26
0.97
0.82
0.47
0.95
.
.
.
.
.
.
.
.
.
0.24
0.35
0.19
0.23
0.16
0.54
-0.06
-0.10
0.07
0.13
0.35
2.10
-0.18
0.21
0.12
0.69
0.21
-0.09
0.38
0.31
0.11
0.64
0.31
0.22
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51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
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name

group

Pulp, Paper, and Paperboard Mills
Paper Product Manufacturing
Printing and Related Support Activities
Petroleum and Coal Manufacturing
Basic Chemical Manufacturing
Synthetic Fibers Manufacturing
Agricultural Chemical Manufacturing
Pharmaceutical and Medicine Manufacturing
Paint, Coating, Adhesive Manufacturing
Soap, Cleaning Compound Manufacturing
Other Chemical Product Manufacturing
Plastics Product Manufacturing
Rubber Product Manufacturing
Clay Product and Refractory Manufacturing
Glass and Glass Product Manufacturing
Lime and Gypsum Product Manufacturing
Other Mineral Product Manufacturing
Iron and Steel Mills
Steel Product Manufacturing
Alumina and Aluminum Production
Nonferrous Metal Production
Foundries
Forging and Stamping
Cutlery and Handtool Manufacturing
Structural Metals Manufacturing
Boiler, Tank, Container Manufacturing
Hardware Manufacturing
Spring and Wire Product Manufacturing
Screw, Nut, and Bolt Manufacturing
Coating, Engraving, Heat Treating
Other Metal Product Manufacturing
Agri/Construction/Mining Machinery
Industrial Machinery Manufacturing
Service Industry Machinery Manufacturing
Heating/Cooling Equipment
Metalworking Machinery Manufacturing
Engine, Turbine, Transmission Manufacturing
Other Machinery Manufacturing
Computer Equipment manufacturing
Audio-Video Equipment Manufacturing
Semiconductor Manufacturing
Communications Equipment Manufacturing
Manufacturing of Magnetic and Optical Media
Electric Lighting Equipment Manufacturing
Household Appliance Manufacturing
Electrical Equipment Manufacturing
Other Electrical Equipment Manufacturing
Motor Vehicle Manufacturing
Motor Vehicle Body Manufacturing
Motor Vehicle Parts Manufacturing
Aerospace Product Manufacturing
Railroad Rolling Stock Manufacturing
Ship and Boat Building
Other Transportation Equipment
Household Furniture Manufacturing

6
6
7
8
9
9
9
10
9
9
9
11
11
11
11
11
12
12
12
12
12
12
12
13
13
13
13
13
13
13
13
14
14
14
14
14
14
14
15
15
15
15
15
16
16
16
17
17
17
17
17
17
17
17
18

data
avail.

traded

IO
coef.

labor
coef.

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

-0.13
-0.05
0.02
0.14
0.04
0.04
0.01
0.30
0.09
0.17
0.03
-0.02
0.09
0.11
0.06
0.07
-0.02
0.13
0.18
0.04
0.07
0.04
0.19
0.22
0.02
0.09
0.21
0.19
0.20
0.28
0.17
0.46
0.09
0.18
0.21
0.31
0.16
0.28
0.15
-0.04
0.04
0.23
0.07
0.10
0.13
0.20
0.04
0.11
0.00
0.17
0.24
0.24
0.01
0.12
-0.02

0.74
0.28
0.24
0.31
0.36
0.43
0.35
-0.33
0.09
-0.27
0.16
0.20
0.32
0.40
0.26
0.11
0.46
0.81
0.35
0.36
0.33
0.55
0.32
0.17
0.10
0.28
0.19
0.21
0.21
0.22
0.10
0.18
0.17
0.08
0.14
0.46
0.46
0.15
0.06
-0.10
0.13
0.01
0.00
0.01
0.23
0.15
0.12
0.13
0.25
0.22
-0.08
0.47
0.27
0.17
0.29
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106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
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name

group

Office Furniture Manufacturing
Other Furniture Related Manufacturing
Medical Supplies Manufacturing
Other Miscellaneous Manufacturing
Wholesale Trade
Retail Trade
Scheduled Air Transportation
Nonscheduled Air Transportation
Rail transportation
Water Transportation
Inland Water Transportation
General Freight Trucking
Specialized Freight Trucking
Urban Transit Systems
Interurban Bus Transportation
School and Employee Bus
Charter Bus Industry
Taxi and Limousine Service
Pipeline Transportation of Crude Oil
Pipeline Transportation of Gas
Other Pipeline Transportation
Sightseeing Transportation, Land
Sightseeing Transportation, Water
Sightseeing Transportation, Other
Support for Air Transportation
Support for Rail Transportation
Support for Water Transportation
Support for Road Transportation
Freight Transportation Arrangement
Support Activities for Transportation
Postal Services
Couriers and express delivery services
Local Messengers and Local Delivery
Warehousing and Storage
Publishers
Software Publishers
Sound Recording Industries
Radio and Television Broadcasting
Satellite Telecommunications
Data Processing Services
Other telecommunications
Real estate and construction
Offices of Real Estate Agents
Activities Related to Real Estate
Automotive Equipment Rental
Consumer Goods Rental
General Rental Centers
Machinery and Equipment Rental
Lessors of Nonfinancial Intangible Assets
Legal Services
Accounting Services
Architectural and Engineering Services
Specialized Design Services
Computer Systems Design
Scientific and R&D Services

18
18
10
99
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
19
21
25
19
20
21
20
.
.
.
.
.
.
.
23
23
23
22
22
.
.

data
avail.

traded

IO
coef.

labor
coef.

1
1
1
1
1
0
1
1
0
1
1
1
0
1
1
1
1
1
0
1
1
1
1
1
1
1
1
1
1
1
0
1
0
1
1
1
1
1
1
1
1
1
1
1
1
1
0
0
1
1
1
1
1
0
0

1
1
1
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
0
0
0
0
0
0
0
1
1
1
1
1
0
0

0.05
-0.01
0.13
0.09
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
0.18
0.17
1.91
0.01
0.11
0.04
0.05
.
.
.
.
.
.
.
-0.20
0.13
0.44
0.09
0.05
.
.

0.10
-0.04
0.02
-0.04
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
0.81
0.61
1.71
1.16
0.47
0.42
0.68
.
.
.
.
.
.
.
1.11
2.58
0.68
0.59
2.25
.
.
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161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
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name

group

Advertising and Related Services
Professional and Scientific Services
Management of Companies and Enterprises
Office Administrative Services
Facilities Support Services
Management Consulting Services
Business Support Services
Travel Arrangement Services
Investigation and security services
Services to Buildings and Dwellings
Other Support Services
Waste Treatment and Disposal
Elementary and Secondary Schools
Junior Colleges
Colleges, Universities, Professional Schools
Business Schools and Computer Training
Technical and Trade Schools
Other Schools and Instruction
Educational Support Services
Offices of Physicians
Offices of Dentists
Offices of Other Health Practitioners
Medical and Diagnostic Laboratories
Home Health Care Services
Other Ambulatory Health Care Services
General Medical and Surgical Hospitals
Psychiatric and Substance Abuse Hospitals
Specialty Hospitals
Nursing Care Facilities
Mental Health and Substance Abuse Facilities
Individual and Family Services
Community Food and Housing
Vocational Rehabilitation Services
Child Day Care Services
Performing Arts Companies
Spectator Sports
Promoters of Performing Arts
Agents and Managers
Independent Artists
Museums and Historical Sites
Amusement Parks and Recreation Industry
Traveler Accommodation
RV Parks and Recreational Camps
Residential Care Facilities
Restaurants
Special Food Services
Drinking Places (Alcoholic Beverages)
Automotive Repair and Maintenance
Machinery Repair and Maintenance
Household Goods Repair and Maintenance
Other Personal Services
Associations and Organizations
Household services
Other Public Services
Finance and Insurance

.
.
23
23
23
23
24
.
.
.
.
.
.
24
24
24
24
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
25
25
25
25
25
25
26
26
26
.
.
.
.
.
27
.
.
.
.
.
23

data
avail.

traded

IO
coef.

labor
coef.

0
0
1
1
1
1
1
1
1
0
0
1
1
1
1
1
1
1
1
1
1
0
0
0
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
0
1
1
1
1
1
0
1
1

0
0
1
1
1
1
1
0
0
0
0
0
0
1
1
1
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1
1
0
0
0
0
0
1
0
0
0
0
0
1

.
.
0.07
-0.04
0.07
0.12
0.04
.
.
.
.
.
.
0.32
0.07
0.27
0.13
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
-0.01
0.03
0.23
0.85
0.26
0.18
0.16
-0.00
-0.24
.
.
.
.
.
0.05
.
.
.
.
.
0.07

.
.
0.46
0.54
0.71
0.13
0.21
.
.
.
.
.
.
0.57
0.38
0.39
0.10
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
3.41
0.17
0.42
2.96
2.19
0.44
0.15
0.13
-0.17
.
.
.
.
.
0.31
.
.
.
.
.
0.53
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Table 3.12: Average point-estimates by industry group.

3.C

group

name

IO
coef.

labor
coef.

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
99

Extraction
Food Manufacturing
Tobacco Manufacturing
Textile Manufacturing
Wood products
Paper products
Printing
Petroleum and Coal Manufacturing
Chemical Manufacturing
Pharmaceutical and medical supply
Materials
Mineral products manufacturing
Hardware Manufacturing
Machinery
Electronics
Electrical equipment manufacuting
Transportation Equipment
Forniture
Media
Telecommunication
IT services
Architecture and Engineering
Professional KIBS
Educational
Art and culture
Recreation
Machinery repair
Other

0.13
0.00
0.26
0.12
0.09
-0.09
0.02
0.14
0.06
0.21
0.06
0.09
0.17
0.24
0.09
0.14
0.11
0.01
0.09
0.08
0.10
0.07
0.08
0.16
0.49
-0.03
0.05
0.09

0.59
0.18
0.35
0.39
0.39
0.51
0.24
0.31
0.19
-0.15
0.26
0.45
0.18
0.23
0.02
0.13
0.19
0.12
0.99
0.57
0.51
1.42
0.84
0.33
1.61
0.04
0.31
-0.04

Analysis using Location Correlation

Table 3.13 shows the top-10 industry pairs for the coagglomeration index based
on location correlation; see equation 3.2.
Table 3.14 replicates table 3.7 of the main text for the LC-based coagglomeration measure. Here, value chain links are more important drivers of coagglomeration than labor pooling.
Figure 3.5 replicates figure 3.2 of the main text for the LC-based coagglomeration measure. As in the main text for the EG measure, the effect sizes are quite
heterogeneous. Both types of inter-industry similarities exert a greater influence
on coagglomeration in services than in manufacturing industries. However, the
variation is particularly pronounced for the effect of labor similarities.
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Table 3.13: Top-10 industry pairs by coagglomeration (locational correlation index).
Top-10 co-location (LC index)
industry i
Independent Artists
Legal Services
Independent Artists
Specialized Design Services
Sound Recording Industries
Publishers
Radio and Television Broadcasting
Publishers
Cut and Sew Apparel Manufacturing
Cut and Sew Apparel Manufacturing

industry j
Cut and Sew Apparel Manufacturing
Finance and Insurance
Accounting Services
Legal Services
Agents and Managers
Performing Arts Companies
Legal Services
Legal Services
Agents and Managers
Accounting Services

value
0.9915
0.9900
0.9877
0.9873
0.9861
0.9854
0.9840
0.9837
0.9834
0.9812

Idem table 3.1, but here, we show the top-10 industry pairs using the LC-based coagglomeration
metric (see equation 3.2) using city-industry employment data for the US (County Business
Patterns, 2003).

Table 3.14: OLS and IV univariate regressions on extended sample (locational
correlation index).
(1)
OLS
state

(2)
OLS
city

(3)
OLS
county

(4)
IV
state

(5)
IV
city

(6)
IV
county

LC index
Input-output
Observations
R2
Labor
Observations
R2

0.132
(0.015)
7140
0.024

0.119
(0.015)
7140
0.021

0.122
(0.015)
7140
0.026

0.162
(0.027)
7140
0.023

0.148
(0.028)
7140
0.020

0.139
(0.027)
7140
0.026

0.120
(0.008)
7140
0.024

0.033
(0.008)
7140
0.002

0.044
(0.008)
7140
0.004

0.061
(0.017)
7140
0.018

-0.025
(0.016)
7140
.

0.005
(0.015)
7140
0.001

Idem table 3.7, but in this case, we use the LC correlation index in lieu of the EG index. These
regressions also show that, in this extended sample, value chain and labor market links are even
more important drivers of coagglomeration than in the manufacturing only sample.
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Figure 3.5: Coagglomeration effects (LC-index), manufacturing versus services.
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As in figure 3.2, but using the LC index, the figure above depicts labor pooling effects (vertical
axis) and value chain effects (horizontal axis). Estimates for the coagglomeration patterns of
services are marked with gray triangles, and those for manufacturing industries are denoted by
black circles.

3.D

Correction to CBP censoring

In CBP, when the information in a cell (by geography and by industry) reveals
information about a firm, the data in the cell are withheld by the Census to avoid
disclosure. However in this case, CBP offers information about the employment
size class. To attribute a single employment value to the employment range of the
class, we follow Holmes and Stevens (2004), where the authors provide the following estimate (obtained using national data and a model) of the mean employment
by CBP class in the year 2000.
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Table 3.15: Mean employment by size class in 2000 CBP, as in Holmes and
Stevens (2004).
Employment
range

Average
employment

1-4
5-9
10-19
20-49
50-99
100-249
250-499
500-999
1,000-1,499
1,500-2,499
2,500-4,999
5,000 or more

1.7
6.6
13.5
30.2
68.8
150.1
340.7
681.3
1,208.8
1,892.9
3,374.7
9592.0

The CBP classes have changed slightly since Holmes and Stevens (2004). We
adapt their estimates to the new classes as follows: categories C, E, F and H
directly follow their estimate. Categories A, B and G use weighted averages from
the sub-classes in Holmes and Stevens (2004). Categories I, J, K and L use the
average ratio between the estimated employment of classes A to G and the midpoint of employment classes A to G (0.7974). This ratio is then multiplied by the
midpoint of I, J, K and L to obtain an estimate. Category M lacks an upper bound
to compute the mid-point. 125,000 is obtained multiplying 100,000 by the average
of the ratio between the minimum and estimated mean of classes I through L. The
resulting scheme is used in this chapter
Table 3.16: Mean employment by size class in 2003 and 2008 CBP, as used in this
chapter.
Class
A
B
C
E
F
G
H
I
J
K
L
M

Employment
range

Average
employment

0-19
20-99
100-249
250-499
500-999
1,000-2,499
2,500-4,999
5,000-9,999
10,000-24,999
25,000-49,999
50,000-99,999
100,000 or More

5
40
150
341
681
1,488
3,375
5,980
13,955
29,904
59,804
125,000

Chapter 4

Return Migration and its
Impact on Employment and
Wages in Mexico
4.1

Introduction

The border between the United States and Mexico has long witnessed staggering
numbers of migrants making the journey north. From 1990 to 2010, the number
of US residents born in Mexico grew from 4.5 Million to over 12 Million (Passel
et al., 2012). In recent years, however, this trend has been reverting. The number
of migrants to the US declined, while the number of Mexicans returning to their
home remained stable, and even increased after 2006. Some estimates indicate
that, since 2008, there are more people making the return journey south than
heading north.
The impact of migration from Mexico to the US has been the subject of numerous studies (see, for instance, NBER’s 2007 volume “Mexican Immigration to
the United States,” edited by George Borjas1 ). The impact of return migration to
Mexico, however, remains a largely unexplored area: while some studies are concerned with the impact on return migrants (Gitter et al., 2008; Campos-Vazquez
and Lara, 2012; Reinhold and Thom, 2013), the literature appears to have overlooked the effect on the Mexican economy. The sheer size of these return flows –
since 2000, approximately 200,000 migrants have returned to Mexico each year –
makes it difficult to believe that the labor market in Mexico is unaffected. This
impression is intensified if one takes a close look at the specific dynamics of migration between the US and Mexico: as we show in the next section, returnees have
experience in different sectors than natives, which may alter the composition and
distribution of skills in Mexico.
These observations motivate our quest to analyze the consequences of return
1 Borjas

(2007).
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migration for employment and wages in Mexico. Based on previous theoretical and
empirical works, there are two broad types of impact that we analyze: 1) standard
market effects and 2) knowledge spillover effects. In the first case, return migration
shifts the supply of workers with certain skills. This is expected to depress the
wages of workers with that skill (Borjas, 2003)2 . Another less immediately obvious, yet widely discussed, effect in the standard case is on employment: through
Rybczynski effects, a change in the relative supply of skills causes some industries
to grow or shrink in size (Hanson and Slaughter, 1999 and Card and Lewis, 2007).
The second type of hypothesized impact is that of knowledge spillovers. Migration
has been suggested as an effective mechanism to diffuse knowledge across countries (Kerr, 2008; Moser et al., 2014). In the context of return migration, there is
some evidence that the same dynamics might be in place (Choudhury, 2015), and
Saxenian (2007), using anecdotal evidence, even argues that return migrants are
the main reason that lagging economies such as Taiwan, China and India managed
to catch up in technologically advanced industries.
According to this line of research, knowledge spreads and spills over through
high-skilled workers. The Mexican returnees are, instead, on average low-skilled,
even compared to Mexican non-migrants3 . There are, however, at least three reasons that Mexican returnees could still be important agents of knowledge diffusion
and, perhaps, spillovers. First, not all returnees are low skilled. Approximately
7% of returnees have a college degree, and given the size of the return flows, this
constitutes a considerable number of high-skilled returnees. Second, long ago,
Alfred Marshall noted that with proximity “The mysteries of the trade become
no mysteries; but are as it were in the air, and children learn many of them unconsciously” Marshall (1920, p.225). The United States is at the technological
frontier, while Mexico is still an emerging economy. At any level (for every industry and every occupation), work in the US is likely to be more efficient than that in
Mexico, and even low-skilled workers could be learning and then passing on when
returning what Polanyi defined as tacit knowledge (Polanyi, 1966), while working
as employees. A related, yet different, mechanism stems from the striking fact
that Mexicans are among the most entrepreneurial workers in the world (Fairlie
and Woodruff, 2007). Some of them might attempt to replicate in Mexico what
they observed and learned in the highly productive economy of the United States.
If any of these mechanisms of knowledge spillover are in place, the expectations
are that return migration will have an ambiguous impact on wages: possibly positive – if the effects of spillovers outweigh that of the standard labor supply shift
(Moretti, 2004).
In this chapter, we exploit city-industry and city-industry-time differences in
the rate of return to assess the impact of return flows on the Mexican economy.
Under both standard and spillover effects, we expect that if a city experiences a
large influx of migrants with know-how in a particular industry, this would yield
2 The work of Ottaviano and Peri (2012) suggests that standard market effects can increase
wages, if migrants and non-migrants are imperfect substitutes. We overlook this possibility for
now but discuss it in section 4.6.
3 That is, they are not strongly positively selected. There is some conflicting evidence on
the direction of the self-selection of Mexican migrants, ranging from intermediate-negative to
intermediate-positive (McKenzie and Rapoport, 2010).
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an expansion of that industry. However, the effect on wages is predicted to differ
between the two cases. Hence, we estimate the impact of city-industry return flows
on city-industry employment growth and wage growth.
The Mexican case is all the more interesting because we can identify two sources
of exogenous variation in return migration movements. First, a large share of return migration is not voluntary but is composed of those migrants apprehended
by the authorities of the United States and expelled from the country. Second,
at the early stages of the US recession from 2006 until 2008, the number of voluntary returnees increased. Since the crisis in the US left many people – including Mexican-born workers – unemployed, it is likely that the economic downturn
caused a wave of return migration. This wave contains plausibly exogenous variation in the number of returnees by Mexican city-industry. We, then, pursue an
identification strategy founded on two instrumental variables (IVs). A first instrument, based on forced migration, is constructed using information from a survey on
thousands of deported migrants every year (EMIF Norte, Devueltos)4 . A second
instrument, based on the return wave during the first years of the US recession,
uses data on the jobs the Mexicans worked in the United States, immediately
before the crisis (IPUMS), in combination with the historical migration network
from Mexican cities to American states (EMIF Norte, Procedentes del Sur).
We find robust evidence that return migration by experienced workers causes
city-industry employment growth. Our baseline estimate indicates an elasticity of
returnees to employment growth of approximately 9%. With respect to wages, we
instead find ambiguous results. In the second part of the chapter, we validate and
extend these results. We obtain direct measures for the standard market effect and
the three mechanisms of knowledge spillovers mentioned above (education, tacit
knowledge, entrepreneurship). We present suggestive evidence that both standard
effects and spillover effects contribute to explain the results, with employment
growth that is positively related to both and wage growth negatively related to
the supply pressure and positively to spillovers. The knowledge spillover mechanism that drives the results is tacit knowledge from employees, which we measure
indirectly as the concentration of returnees, to capture Marshallian externalities.
This chapter contributes to several literatures. It adds to the copious analysis
of the migration dynamics between Mexico and the US (e.g., Chiquiar and Hanson, 2005; Borjas and Katz, 2007; Card and Lewis, 2007; Reinhold and Thom,
2013; Ambrosini and Peri, 2012) by analyzing the impact of return migrants on
the Mexican economy. Next, it contributes to the discussion on the problem of
knowledge transmission, defined by Arrow (1969, p.30) as “why different individuals and nations do not have access to equal bodies of knowledge.” Our findings that
returnees transmit tacit knowledge suggests that migration can be such a channel.
Other recent works that have found migration to be a direct or indirect mechanism of transmission of knowledge are Kerr (2008), Spolaore and Wacziarg (2009),
Breschi and Lissoni (2009), Neffke and Henning (2013), Miguélez and Moreno
(2013), Moser et al. (2014), Choudhury (2015), and Bahar and Rapoport (2016).
Finally, the chapter also contributes to the general literature on migration that has
4 Although it should be self-evident, I feel compelled to stress that by no mean this analysis
suggests that deportation is a desirable policy for any of the parties involved.
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addressed the impact of migrants on the destination economy (e.g., Borjas, 2003;
Peri, 2012). In particular, we believe that our IV-based identification strategy
provides a way to extract reliable estimates, while the theoretical framework we
present in section 4.3 suggests that the exploitation of city-industry variation can
address the concern that internal migration may invalidate the estimates (Borjas
et al., 1996; Card, 2001).
The reminder of this chapter is organized into six sections. Section 4.2 provodes
an overview of the background of US-Mexico migration. It describes the change
in the direction of the net migration flow, the importance of forced return migration and why return migration changes the skill composition of Mexican cities.
Section 4.3 discusses the empirical strategy, with a simple model of city-industry
spatial equilibrium, followed by the presentation of the data and the instrumental
variables. Section 4.4 and Section 4.5 show our estimates of the impact of return
migration on employment growth and wage growth, respectively. Section 4.6 elaborates on the mechanisms, and section 4.7 concludes the chapter.

4.2
4.2.1

Background: migration dynamics between Mexico and the United States
Outflows, return flows and changing stocks

The historical dynamics – in terms of size, direction and timing, in addition to
their geographical and industrial pattern – are part of what makes the migration
between Mexico and the United States interesting. Although it is impossible to
perfectly capture the dynamics of migration, the illegal component of which constitutes the majority of the flow, a variety of sources allow us to obtain a clear
enough picture of what transpired in the past decade. With respect to the outflows (migration from Mexico to the United States), we rely on the estimates by
Pew Research, while to capture return flows (both voluntary and not), we rely
primarily on the yearly survey EMIF Norte.
Figure 4.1 depicts total returns against the outflows. The picture is striking:
in the early 2000s more than 700,000 Mexicans migrated every year. This number,
then, steadily declined to the extent that by 2010, ‘only’ 140,000 migrants were
observed. We can easily see that, whereas in the early 2000s emigration from Mexico was approximately three times return migration, by the end of the decade, the
latter had overtaken the former. This is mostly attributable to a sharp reduction
in emigration, although we observe a rise in return migration after 2006.
In figure 4.2, we decompose the return flows into voluntary and deported migrants. After 2001, forced migration increases steeply and comes to dominate the
return flows. This is likely due to a larger presence of Mexicans in the United
States (although the outflows are declining in this period, the stock is still growing) together with stricter law enforcement5 . After 2008, when the net migration
5 Border security increased circa 2006 (the Economist), although we did not find – other than
in the data – evidence that this toughening was systematically also directed inland.
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between Mexico and the United States had turned negative (and possibly as a
consequence of it), forced migration declines and quickly falls back to its 2000
level. Since forced migration constitutes the majority of return migration, and
given that – by definition – forced migrants do not choose to return to Mexico,
our primary identification strategy is based on it.
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Figure 4.1: Migration flows (in thousands).
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Mexican migration to US

An alternative identification strategy is, instead, based on voluntary returns.
Despite that voluntary returns appear to become less important from 2002 onward, we notice that between 2006 and 2009, they increased by more than 50%.
Interestingly, they continued increasing until 2009, while the stock of Mexicans in
the United States had already been declining. Since this implies that the voluntary
return migration rate (the number of voluntary return migrants over the stock of
migrants) is growing in this period, a likely explanation is that the economic crisis
in the United States temporarily changed, albeit marginally, the incentives to stay
in the country. This change in voluntary returns, as it resulted from a financial
crisis, is – as we argue further – reasonably exogenous to the conditions in the
Mexican economy.
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Network of migrants and their jobs

An extremely interesting feature of the Mexican migration is that the choice of
destination in the US appears to be substantially determined by the social networks
of migrants. It is immensely easier for a migrant to adapt to an alien society
if he or she can rely on the help of family, friends or acquaintances. For this
reason, the dynamics of migration tend to be highly path dependent. The historical
distribution of migration has long-lasting effects on the choices of subsequent waves
of migration (McKenzie and Rapoport, 2010). In the case of Mexico, in fact,
we observe a well-defined pattern of migration from cities of Mexico to states in
the US. Pooling the EMIF Norte survey over five years (from 1999 to 2003), we
construct a migration matrix from 91 Mexican metropolitan and rural areas to
the 50 states plus the District of Columbia in the US. Of these 91 areas6 , in 63
we found that the migration went mostly to one US state: that is, more than
50% of the migrant population of a Mexican area chose the same US state. For
instance, the data indicate that the majority of migrants from Veracruz chose to
go to Texas, while the majority of migrants from Puebla (which is geographically
close to Veracruz) chose to go to California. The largest receivers are, in fact, the
largest border states: California, Texas and Arizona.
There are 42 areas of Mexico from which more than 50% of migrants chose to
go to California. The corresponding figures for Texas and Arizona are 18 and 3,
6 59

metropolitan areas and 32 states (excluding the population of the metropolitan areas).

4.2. BACKGROUND: MIGRATION DYNAMICS

85

respectively. In the period observed, no other states in the US received an inflow so
large that can account for more than 50% of the migrant population of a Mexican
urban or rural area. These patterns of migration from Mexican areas to American
states are consistent with the idea that migration is path dependent. However,
it is not unreasonable to hypothesize that the observed network of migration is
the result of migrants matching their supply of skills with the demand for skills in
different parts of America. For instance, if the majority of migrants from Puebla
choose to go to California, this may be because they have a similar specialization.
If the specialization of Puebla is more similar to that of California than it is to that
of Texas, then migrants from Puebla are likely to choose California, as their skills
may fit better. To shed light on this issue, we must dig into the specialization of
the different areas of Mexico and the United States and examine what activities
Mexican migrants perform in the US. To do so, we analyze IPUMS data from 2003
and compare them with data from the Mexican Economic Census of the same year.
Table 4.1: Employment in the United States (IPUMS, 2003).

Mexican workers
Naics2002 (3-digit)
Food Services and Drinking Places
Administrative and Support Services
Food Manufacturing
Crop Production
Educational Services
Merchant Wholesalers
Accommodation
Repair and Maintenance
Food and Beverage Stores
Private Households

Other workers
Share
13%
9%
5%
5%
4%
3%
3%
3%
3%
2%

Naics2002 (3-digit)
Educational Services
Profes., Scientific & Technical Serv.
Food Services and Drinking Places
Hospitals
Ambulatory Health Care Services
Administrative and Support Services
Food and Beverage Stores
Social Assistance
Merchant Wholesalers
Insurance Carriers

share
11%
7%
5%
5%
5%
3%
2%
2%
2%
2%

In table 4.1, we show the top-10 Naics2002 3-digit sectors, by employment.
The left panel only shows employment of Mexican migrants, while the right panel
shows everyone else. It is evident that the profile of the average Mexican migrant
is different from the profile of the average American worker. While the former is
more likely to be employed in low-skilled services and have a significant presence in
agriculture and food manufacturing, the latter is more often found in skill-intensive
services. Identifying this difference, however, does not answer our question of
whether Mexican migrants self-select themselves into different labor markets in
the US, according to their home region in Mexico. To answer to this question, we
correlate vectors of industry specialization of three reference groups: Mexicans in
Mexico, Mexicans in the US and non-Mexicans in the US. We find that there is a
strong match between the activities that Mexicans and non-Mexicans perform in
California (t=3.6) and in Texas (t=4.94), while we observe a negative relationship
between the activities Mexicans perform in the two states (t=-3.46). Moreover,
we find almost no evidence that there is a correlation between the occupation of
Mexicans in Mexican cities and the occupation in the corresponding state they
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migrate to in the US7 .
We interpret this as evidence that the network of migration between Mexico
and the US is not strongly determined by the migrants sorting themselves into
American states that suit their profiles. Nonetheless – once Mexicans work in the
US – despite the striking differences shown in table 4.1, they appear to adapt to the
local supply and work disproportionately in industries that are found in the states
of destination (a similar result is found in Card and Lewis, 2007). This feature
of Mexican migration to the US makes the analysis of return migration extremely
interesting. It implies that any shock in the US that causes an exogenous wave
of return migration will result in different Mexican cities receiving different skills.
For instance, a shock in Texas may increase the supply of workers in Mexico with
experience in industries in which Texas is specialized. This additional supply will
not be equally distributed across Mexico; instead, it will be concentrated in those
cities that have an historical migration link with Texas. The interesting part is
that – as we have shown that there is little correlation between the activities in
those cities and Texas – this additional supply will change the relative proportion
of skills in the Mexican cities. The characteristics of Mexican migration we have
illustrated in this descriptive section are, in fact, the building blocks of our empirical strategy to estimate the impact of returnees on the Mexican economy. The
next section elaborates on this.

4.3
4.3.1

Empirical strategy
Theoretical expectations and empirical model

The aim of this chapter is to identify the impact of experienced return migrants on
the Mexican economy. We argued in the introduction that we might expect two
types of impact: standard and with spillovers. From a theoretical perspective, the
first case can be associated with a shift in the availability of factors of production
in a city. We can think of workers with skills in a specific sector as being a factor
of production that is intensively used in this sector: although they can be used
in the production process of a different industry, they would be less productive
in that industry. As in this case we assume that the skills acquired in the US do
not generate any spillover, we do not expect a return migration wave of this type
to have any effect on the production process, if not through the change in the
abundance of production factors. Conversely, in the spillover case, we expect their
impact on the Mexican economy to go beyond factor abundance: we expect an
upgrade in the technology of production. Before turning to the empirical strategy,
we need to develop detailed theoretical expectations for return migration in the
two cases. The issue is further complicated by the fact that labor within Mexico is
mobile both among cities and among industries. The migration literature argues
that the use of city or industry variation may be compromised by labor mobility
across cells, which are not isolated (Borjas et al., 1996).
7 Results

available upon request.
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Hereafter, we illustrate a simple and highly stylized model intended to capture
all these aspects. We imagine a simple Cobb-Douglas, constant returns to scale
economy with two cities, two industries (say, cars and chemicals) and three factors of production. These factors are land (which is immobile) and two types of
labor, one specialized in the production of cars and the other in the production of
chemicals. The production functions are defined as follows:
i β i γi
fci = θci xα
ci yci λci ,

(4.1)

where c and i index city and industry, θ is total factor productivity (TFP), x and
y are the labor inputs and λ is land. The exponents are such that industry 1 (cars)
is intensive in x, while industry 2 (chemicals) is intensive in y. As a simplifying
assumption, the parameter γ is equal across industries. Assuming that workers are
more mobile across industries than across regions, we first consider a fixed supply
of workers Xc and Yc sorting across industries according to city demand and city
supply. Using the first-order conditions we have for each city-industry that
wx,c αi yci
=
,
wy,c βi xci

(4.2)

where w is the wage. Given the constraints of Xc and Yc , it is possible to
express xci and yci as functions solely of the relative wage in the city. With this
solution, we calculate relative employment in a city as
Ecar,c
xcar,c + ycar,c
=
.
Echem,c xchem,c + ychem,c

(4.3)

Next, zero profit conditions (ZPCs) can be used to equate the price of output
to the cost functions and obtain
(αcar −αchem )

θchem,c wx,c
Pcar
= k1
(
)
Pchem
θcar,c wy,c

,

(4.4)

in which k1 indicates a combination of parameters in the model. Since car production is intensive in x, the exponent of the relative wage is positive. With an
open economy and no transport costs, we can take prices as fixed and exogenous
to the model. As we imposed ZPCs in both cities, firms have no incentives to
relocate. We argued, however, that workers are mobile across cities. This means
that in the long run, the utilities of x and y need to equate, not with one another
(we assume labor mobility across industries, not across skill groups) but between
the two cities. The indirect utility function of, for instance, x is
−χ
−δ
Vx,c = k2 Pcar
Pchem
rc−φ wx,c ,

(4.5)

where r is rent and k2 is a constant parameter. Without making any assumption
about how housing is supplied, we have that – for this system to be in spatial equilibrium – it must be the case that the relative wage between skill groups (wx /wy )
is the same in the two cities.
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Figure 4.3: Migration changes skill proportion (left panel) and generates spillovers
(right panel).

In each of the two panels, the vertical axis indicates the relative price Pcar /Pchem which is common to the two cities. For the remaining axes, the star refers to city 2 and its absence to city
1: left) relative wage of city 1, right) relative wages of city 2, bottom) relative employment of
city 1 to the left and city 2 to the right

In figure 4.3, the effects of the two types of migration (standard and with
spillovers) are also depicted. In the left panel, city 1 experiences a migration
shock of workers belonging to skill group x. Here, we hypothesize that these
workers do not generate spillovers in the city-industry. The only effect they have
then is to change factor proportions in the city. This, through the neoclassical
Rybczynski effect, will alter its production by boosting relative employment in car
production8 .
In the right panel, a second case is discussed. Here, we imagine an inflow of x to
city 1, where the migrants’ knowledge has spillover effects. For modeling purposes,
we link the spillover of new knowledge to a change in the TFP of car production
in city 1. Here, not only does relative employment change, but the relative wages
of city 1 (wx /wy ) also grow significantly. The change in relative TFP and relative
wages encourages further specialization, with car manufacturers and workers x
moving to city 1. In the long run, we could expect the car manufacturer from
city 1, which has absorbed the new technology, to move to city 2 to exploit the
lower wages. This will in effect diffuse the new technology and restore spatial
equilibrium (light gray line in the right panel).
8 Note that, although w /w and w ∗ /w ∗ do not change, the relative utilities between the
x
y
y
x
cities Vx /Vx∗ and Vy /Vy∗ will. Some outmigration from city 1 is to be expected. However, since
Vx /Vx∗ = Vy /Vy∗ , there is no reason to believe that the outmigration involves the workers in group
x more than those in group y. For this reason, the change in the specialization of city 1 can be
permanent.

4.3. EMPIRICAL STRATEGY

89

The stylized model just presented has useful implications for our empirical
analysis. First, an exogenous migration shock of specialized workers is expected
to expand relative employment in the related city-industry. This effect should
be permanent and manifest itself independently of whether migration is standard
or with spillovers. Second, the impact on wages, instead, differs between the two
cases: if returnees do not bring any innovation to the home economy, relative wages
between worker groups will stay constant, while the wages of workers in the receiving city will decline (although temporarily). When the knowledge of returnees
spreads sufficiently to change production technology, wages in the city-industry
will grow temporarily. In the long run, relative wages across cities will equalize
again, but the wages in the affected industry will have permanently shifted to a
higher level. This framework can be easily made apt for econometric testing. A
generic growth regression captures the essence of the model.

t+T
t
t
′
t
log(yci
/yci
) = β0 + β1 log(yci
) + β2 log(mt−1
ci ) + β X + dc + di + ci

(4.6)

where y can be either employment or wages, m is the inflow of return migrants
from the United States in the period preceding that under analysis, and X is a
vector of controls. Controls for average city and industry growth make the growth
of the dependent variable relative to the two groups, in line with the spirit of the
theoretical model.

4.3.2

Data and identification

The main dataset we use in the analysis is built on the ENOE (Encuesta National
de Ocupación y Empleo). This dataset collects information from approximately
300,000 Mexicans surveyed on rotation, quarterly since 2005. The main endogenous variables can be obtained from the dataset: employment and wages (growth
and level) by city-industry (city-industry-time, when we use time variation), and
the number of returnees. Table 4.2 presents some descriptive statistics excluding the first and last percentile of every variable9 , before log-transformation. We
highlight that employment can be a non-integer (as we aggregate from quarterly
data).
Table 4.2: Descriptive statistics of the main dataset (ENOE).
Variable
employment 2007
employment 2012
growth employment
wage 2007
wage 2012
growth wage
US returnees ‘06-‘07

Observations
2345
2345
2345
2345
2345
2345
2345

Mean
66.59
62.46
1.17
28728.55
27781.80
1.23
0.28

Std. Dev.
112.59
104.99
1.03
16443.93
15111.76
1.46
0.88

Min
0.50
0.58
0.08
1200
516
0.01
0

Max
834
599.92
19.22
128666
103200
36.46
13.50

9 Including or excluding the first and last percentile does not change the outcome of our
analysis. We exclude them here because for descriptive purposes, we believe this to be more
informative.
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For robustness, we test the specification on an alternative dataset. The Mexican Economic Censuses of 2004 and 2009 provide the information required to
compute employment and wages (again, in growth and level) by city-industry. As
an alternative variable for return migration, we use the Mexican population from
the Census of 2000, which included an extended questionnaire for approximately
10% of the population that allows for the estimation the number of returnees from
the US by city-industry.
Table 4.3: Descriptive statistics of the alternative dataset (economic and population censuses)
Variable
employment 2003
employment 2008
growth employment
wage 2003
wage 2008
growth wage
US returnees ‘95-‘00

Observations
2538
2538
2538
2538
2538
2538
2538

Mean
2472.39
3029.52
1.55
60868.47
78867.87
1.40
1.26

Std. Dev.
4916.15
5866.35
2.44
40540.54
55682.83
0.72
3.36

Min
7
8
0.01
12579.71
17052.63
0.08
0

Max
42060
41269
69.43
320951.80
382450.70
8.86
59

We immediately notice that wages appear to be somewhat off (approximately
twice as high) compared to what we observe in the ENOE data. This is most
likely due to how the statistic is obtained. In the ENOE, a question is directly
asked to the interviewee, while in the Census, it is derived from firm remuneration
to employees, and some errors are to be expected for both accounts. Likely, the
most important reason for this discrepancy is the lack of information on informal
income in the Economic Census, which can push the averages upward. Since we
run no regressions merging the two datasets, we believe that these measurement
errors have only limited influence.
Return migration by city-industry is obviously highly endogenous to both employment growth and wage growth: Mexican migrants working in the US in a
particular industry have higher incentives to return if that industry is performing
well in some city in Mexico. We cannot be certain, then, how to interpret a correlation between city-industry US returnees and city-industry growth – whether
in employment or wages. To identify the relationship, we follow an instrumental
variable strategy based on two instruments. Each of them needs to be exogenous
to: a) the emigration decision, b) the return migration decision and c) the choice
of city-industry destination in Mexico.
The first instrument we construct is based on forced return migration. Even if
migrants are forced to return, they still are free to choose a destination in Mexico,
both in a geographical sense and in terms of the industry in which they will work.
For this reason, we build this instrument using the survey from EMIF Norte (Devueltos), which has randomly interviewed approximately 10,000 deported migrants
every year since 1999. With this survey, it is possible to construct a variable of
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forced return that varies by city, according to the migrants’ place of birth and
varies by industry according to the job they held in the US, before deportation.
In this way, we do not actually feed in any information on where the migrants end
up on return, but we expect a positive correlation between the instrument and the
endogenous variable.
With respect to the return migration decision, by definition, forced migration
is not a choice made by the migrant. Nonetheless, it is a decision of the migration
authorities of the United States, which can change the level of enforcement. In
fact, enforcement levels vary across states in the US. The issue, however, is whether
they change endogenously with the Mexican economy. It is more than probable
that the US states receiving the largest migration inflows may react accordingly
and toughen their migration laws and enforcement. Given the network nature of
US-Mexican migration, an exogenous negative shock affecting a Mexican city may
increase migration to specific US states, which – in turn – may increase deportation. However this is a regional dynamic, while the cross-section of the analysis
in this chapter is city-industry. We argue, then, that the instrument is exogenous,
conditional on a control for city performance in Mexico (either a dummy or a control for city growth). The identifying assumption is that deportation rates in US
states are influenced only by the total number of arrivals and do not change in intensity following a city-industry shock in Mexico. We believe that this assumption
is reasonable because, while it is true that a city-industry shock, for instance, in
oil extraction in Veracruz, can change migration enforcement in Texas, this change
would not be directed solely at oil workers.
The last aspect, the emigration decision, is the most problematic. It is straightforward that if a Mexican city-industry experienced a negative shock, there might
be more emigrants going to the US who come from that city-industry. In our
view, exogeneity comes from timing. There is a lag from the time at which we
measure return migration and the time at which we measure city-industry growth.
Moreover, there is a lag between emigration and return migration. If city-industry
disturbances are independent or, at least, weakly dependent, and the time between
emigration and when we measure growth is long enough, forced return migration
would still be exogenous. This perhaps is the strongest assumption. We note,
however, that given the negative relationship between performance and emigration, the instrument would underestimate the impact of return migration, should
the assumption be invalid. We can therefore see our estimates as lower bounds.
We can construct an instrument based on forced migration for any period from
1999 to 2013. Given this availability, the instrument is used in all IV regressions,
whether the dataset is based on ENOE or on the Censuses. For the main (baseline)
regressions, we include a second instrument, which can be defined only for a specific
time window. The central idea of this complementary instrument is that the latest
US recession, which began with the bursting of a housing bubble starting in 2006,
provides a one-time shock that accelerated return migration to Mexico (see figure
4.1). The instrument is built as follows. We first take the historical migration
network from Mexican cities to US states from EMIF Norte (dataset: Proceu,
survey of migrants to the US), using data from 1999 to 2003. We then examine
the stock of Mexican migrants by US state and industry in IPUMS (US) in the

92

CHAPTER 4. RETURN MIGRATION

years preceding the crisis (2004-2006). We then predict returnees – caused by the
economic shock – by Mexican city-industry
M EX
Shock ci = ∑ Ncs Esi
,

(4.7)

s

where N is the historical migration network, normalized from US state to Mexican
city, and E M EX is the number of Mexican workers by US state and industry. The
variable Shock is, then, our IV. The instrument is exogenous with respect to
the choice of destination, as the geographical variation is given by the historical
migration network, while the industry dimension is given by the activities that
Mexican migrants perform in the US. Since we assumed an homogenous shock
across the US, there cannot be any correlation between return migration decisions
and industry-specific shocks in Mexico. Finally, with respect to the emigration
decision, the exogeneity of this instrument depends on the same type of assumption
as the previous one: city-industry shocks in Mexico dissipate after a few years (in
this case, we assume that city-industry growth during the period 1999-2003 is
uncorrelated with city-industry growth after 2007). Again, if this assumption fails
to hold, our estimates will be downward biased.
A last methodological note regards the geographical and industrial dimension
of the analysis. For the former, we primarily use Mexican metropolitan areas,
as defined by the statistical office (INEGI), jointly with other public institutes
(CONAPO and Sedesol). The definition consists of 59 areas (which we call cities
for simplicity) that are the aggregation of a multitude of administrative municipalities. The use of metropolitan areas is advantageous because they better represent
the geographical unit where distinct labor markets can form and because the redefinition of administrative borders in the period we consider does not affect them.
For the industrial classification, the US and Mexico (together with Canada) have
agreed to build a common framework to classify industries (the North American
Industry Classification System, NAICS). Some differences, however, still persist.
Moreover, the NAICS is updated periodically. To be able to unambiguously compare data reported under different systems, we build a concordance between the
US and Mexico 3-digit NAICS for the required time period. When encountering
a many-to-many correspondence, we merge the industries on both sides. For this
reason, we ultimately have 64 industries starting from approximately 100 3-digit
industries.

4.4
4.4.1

The impact of return migration on employment growth
City-industry variation in the ENOE

The main dataset, the baseline of this study, is based on a cross-section of the
ENOE. To keep the analysis consistent with the alternative data from the censuses, we measure employment growth over a 5-year span. In this case, growth
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is measured between 2007 and 2012. The endogenous variable is taken from 2006
and 2007, which means that we aggregate return migration over a two-year period,
while the convergence/mean-reversion term is from 2007. Small variations on this
scheme do not significantly affect the results 10 .
For completeness, we first show the endogenous regressions. Table 4.4 displays
a number of Ordinary Least Squares (OLS) regressions. The elasticity of growth
to return migration from the US is approximately 2% in all cases, meaning that
doubling returnees increases growth by 2%. In regressions 2 to 4, we control for
city and industry dummies, which makes growth relative, as the theoretical model
in the previous section suggested. Contrary to expectations, the inclusion of both
types of dummies reduces the point estimate to 1.6%. The stylized model we presented suggested that relative growth (relative to both industry and region) should
be larger than absolute growth. In regression 5, we attempt a different approach
and control directly for city and industry growth. Here, the point estimate does
increase, although marginally. In the sixth and final regression, we also include a
control for internal migration. This variable measures the number of internal migrants moving to the city-region but only when they come from a different Mexican
state. It is meant to control for city-industry long-distance attractiveness, and it
reduces the estimate of the US returnees’ impact on growth.
Table 4.4: Ordinary Least Squares regressions – baseline.
OLS - Dependent variable: employment growth ’07-’12
(1)
(2)
(3)
US returnees ’06-’07
0.019***
0.02***
0.02***
(0.004)
(0.004)
(0.004)
Employment level ’07
-0.081***
-0.109***
-0.097***
(0.009)
(0.011)
(0.01)
Industry growth ’07-’12

(4)
0.016***
(0.004)
-0.261***
(0.02)

(5)
0.021***
(0.003)
-0.077***
(0.009)
1.078***
(0.086)
0.687***
(0.133)

0.182
(0.265)
Y
Y
2542
0.25

0.381***
(0.046)
N
N
2542
0.12

City growth ’07-’12
MX immigration ’06-’07
Constant
Industry dummies
City dummies
Observations
R-Squared

0.277***
(0.048)
N
N
2542
0.04

1.314***
(0.025)
Y
N
2542
0.15

0.468*
(0.283)
N
Y
2542
0.09

(6)
0.018***
(0.003)
-0.102***
(0.011)
1.068***
(0.086)
0.704***
(0.132)
0.023***
(0.004)
0.541***
(0.059)
N
N
2542
0.13

Robust standard errors in parentheses. Cross-section: industry-metropolitan area. Significance
levels of 10%, 5% and 1% are denoted by *, **, ***, respectively. All variables in logarithms

As a final remark, we highlight that the convergence/mean-reversion term is
negative and highly significant. Whereas the theoretical model predicted a positive
elasticity for US returnees both with and without spillovers, and OLS regressions
(as well as the analysis that follows) confirm the expectations – the predictions of
the model also suggested that the shift in city-industry employment might have
10 Since the second instrument is based on a shock to the US economy, it is undesirable to
deviate substantially from this time frame. Results with slight changes on the years of return
and growth years are available upon request.
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been permanent, which is not found in our data. The coefficients of city growth and
industry growth could also be interpreted as a spillover, across industries (within
the city) in the first case and across cities (within the industry) in the second.
Spillovers across industries appear to be larger, with an elasticity of approximately
1.
To control for the evident endogeneity, we run 2-Stage Least Squares regressions
(2SLS). For this cross-section of the ENOE, both of our instruments (forced return
and US economic shock) are available. This allows us to implement Sargan’s test
of overidentifying restrictions. For the first stage, we also report an F-test for the
joint significance of the two instruments. We follow the common rule of thumb in
IV regressions that the test is satisfactory only if it exceeds a value of 10.
In table 5, the results of 2SLS regressions are reported. The first instrument,
forced migration, is always statistically significant and positively associated with
return migration. The second instrument is less so, being positive and statistically significant only in half of the regressions. The two instrumental variables
are, however, jointly significant – with only one case (when using both city and
industry dummies) in which the F-test returns a value lower than 10. The tests
of overidentifying restrictions are never significant, which corroborates our choice
of instrumental variables. The estimate of US returnees’ elasticity in 2SLS regressions increases significantly in all regressions. The larger estimates can be
interpreted in two ways. First, the endogeneity between return migration and
growth is causing downward bias, and the instruments control for it. Second, the
instrumental variable approach might be correcting for attenuation bias caused by
measurement error.
Table 4.5: 2-Stage Least Squares regressions – baseline.
2SLS, FIRST STAGE - Dependent variable: US returnees ’95-’00
(1)
(2)
(3)
(4)
Forced migration ’06-’07
0.145***
0.069***
0.157***
0.077***
(0.019)
(0.022)
(0.019)
(0.022)
Shock US
0.022*
0.064***
-0.052**
0.009
(0.013)
(0.014)
(0.026)
(0.043)
F-test
32.4
19.1
34.9
6.3
Sargan’s test (p-value)
0.73
0.19
0.55
0.29
2SLS, SECOND STAGE - Dependent variable: employment growth ’03-’08
(1)
(2)
(3)
(4)
US returnees ’06-’07
0.065**
0.136***
0.113***
0.175**
(0.026)
(0.043)
(0.029)
(0.071)
Employment level ’07
-0.112***
-0.18***
-0.161***
-0.342***
(0.02)
(0.029)
(0.022)
(0.041)
Industry growth ’07-’12
City growth ’07-’12

(5)
0.144***
(0.019)
0.02
(0.013)
32.1
0.27

(6)
0.141***
(0.019)
0.026**
(0.013)
31.9
0.13

(5)
0.094***
(0.025)
-0.127***
(0.019)
1.106***
(0.088)
0.66***
(0.133)

(6)
0.094***
(0.025)
-0.146***
(0.019)
1.099***
(0.088)
0.672***
(0.133)
0.017***
(0.005)
1.071***
(0.185)
N
N
2542

MX immigration ’06-’07
Constant
Industry dummies
City dummies
Observations

0.624***
(0.201)
N
N
2542

1.273***
(0.26)
Y
N
2542

1.343***
(0.287)
N
Y
2542

2.178***
(0.439)
Y
Y
2542

0.943***
(0.191)
N
N
2542

Robust standard errors in parentheses. Cross-section: industry-metropolitan area. Significance
levels of 10%, 5% and 1% are denoted by *, **, ***, respectively. All variables in logarithms
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More in line with expectations than the values obtained via OLS, the elasticity increases while controlling for city and industry growth. The largest estimate
is obtained when including both city and industry dummies, although the F-test
in the first stage is worryingly low, and we consider this estimate less reliable
than others. The last two columns control for city and industry growth and have
satisfactory diagnostic statistics in the first stage. For this reason, we take the
estimated elasticity – 9 % – as the baseline in this analysis.
Table 4.6: 2-Stage Least Squares regressions – robustness.
2SLS, SECOND STAGE - Dependent variable: employment growth ’07-’12
(1)
(2)
(3)
(4)
Metropolitan Area
0.065**
0.136***
0.113***
0.175**
(Baseline)
(0.026)
(0.043)
(0.029)
(0.071)
32.4
19.1
34.9
6.3
0.73
0.19
0.55
0.29

(5)
0.094***
(0.025)
32.1
0.27

(6)
0.094***
(0.025)
31.9
0.13

Metropolitan Area
(Excluding border states)

0.061**
(0.026)
28.7
0.30

0.123***
(0.037)
22.8
0.97

0.114***
(0.032)
27.5
0.86

0.185***
(0.066)
7.5
0.38

0.085***
(0.025)
28.2
0.69

0.085***
(0.025)
28.9
0.93

Metropolitan Area
(Including rural areas)

0.092***
(0.018)
75
0.34

0.128***
(0.026)
49
0.72

0.125***
(0.021)
73.6
0.19

0.162***
(0.052)
11.9
0.24

0.115***
(0.018)
73.6
0.26

0.113***
(0.018)
73.3
0.10

Low epsilon (=1e-5)

0.057***
(0.012)
64.8
0.07

0.078***
(0.018)
43.3
0.84

0.089***
(0.014)
63.2
0.78

0.1***
(0.035)
9.8
0.20

0.072***
(0.012)
63.4
0.57

0.072***
(0.012)
63.5
0.30

Log-level

0.097***
(0.024)
29.7
0.00

0.172***
(0.041)
17.1
0.95

0.102***
(0.026)
29.8
0.00

0.105***
(0.033)
15
0.02

0.132***
(0.026)
29.5
0.00

0.119***
(0.026)
26
0.00

Share of returnees

0.257***
(0.054)
49.9
0.26

0.319***
(0.067)
46.6
0.87

0.304***
(0.058)
48.7
0.00

0.357**
(0.155)
7.3
0.02

0.328***
(0.055)
48.6
0.38

0.319***
(0.054)
48.6
0.12

Y
N
N
N
N
N

Y
N
N
N
Y
N

Y
N
N
N
N
Y

Y
N
N
N
Y
Y

Y
Y
Y
N
N
N

Y
Y
Y
Y
N
N

Controls
Employment level ’07
Industry growth ’07-’12
City growth ’07-’12
MX immigration ’06-’07
Industry dummies
City dummies

For each set of regressions, the table reports the coefficient of US returnees (second stage) in
the first row. Robust standard errors in parentheses in the second row. F-test on the IV (first
stage) in the third row. Sargan’s test (p-value) in the fourth. Significance levels of 10%, 5% and
1% are denoted by *, **, ***, respectively.

The baseline results are checked for robustness in set of alternative regressions. Table 4.6 compares the baseline regressions with other specifications. In
particular, in the second set of regressions, we run the analysis while excluding all
metropolitan areas that belong to Mexican states on the border with the US. Such
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geographical proximity might influence migration and growth through a variety of
other channels that may invalidate our analysis. For instance, daily commuting
between border cities is not uncommon. We find, however, only limited differences
in the estimates. Next, we re-estimate the model when including the 32 Mexican
states. These are rural areas, as we subtract all employment that belongs to the
59 metropolitan areas of Mexico. Nevertheless, results hold with a narrow margin
of change.
We then test for the sensitivity of results to the handling of zeros. Since we run
log-log regressions, to avoid throwing away all observations with zero returnees, we
substitute all the zeros with a small number (epsilon=0.001). We show that this
choice is not decisive in two ways. First, we rerun the regressions with a different
epsilon, 100 times smaller (epsilon = 1e-5). Then, we perform the analysis at the
log-level, meaning that we do not have to change observations with zero values. We
see that the results are stable. It is obviously a coincidence that the estimated betas
in the log-level regressions are similar to those in the log-log regressions, as in the
former, the size of the estimates depends on the scale. After adjusting for scale,
one can obtain that for approximately every 100 returnees in the city-industry,
growth is 4% larger. For the last set of regressions, we estimate the elasticity of
the share of returnees rather than of the absolute number. The elasticity in this
case is approximately 30%.
To complete this section, we run a falsification test in which we invert the
role of US returnees and internal migration from other Mexican states: we use
the IVs to predict internal migration and US returnees as a control for the sixth
regression. The rationale for the falsification test is that if the results we obtain are
spurious, we could find similar relationships using city-industry immigration from
internal movement: the two variables have, in fact, a correlation of 0.38. However,
we observe that this operation fails to yield consistent results. In the only case
in which positive and significant results are obtained, the F-statistics of the first
stage are unsatisfactory. When both city and industry growth are controlled for,
the results are insignificant.
Table 4.7: 2-Stage Least Squares regressions – falsification.

2SLS, SECOND STAGE - Dependent variable: employment growth ’07-’12
(1)
(2)
(3)
(4)
(5)
MX immigration ’06-’07 0.031
-0.138*** 0.232*** 0.319
-0.015
(0.043) (0.052)
(0.075)
(0.235) (0.041)
17.6
15.9
8.2
1.1
16.4
0.01
0.32
0.83
0.18
0.00

(6)
-0.038
(0.043)
16
0.00

The table reports the coefficient of US returnees (second stage) in the first row. Robust standard
errors in parentheses in the second row. F-test on the IV (first stage) in the third row. Sargan’s
test (p-value) in the fourth. The different columns have different controls, following the pattern
of table 4.6. Significance levels of 10%, 5% and 1% are denoted by *, **, ***, respectively.
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City-industry variation in the census

We now check whether the relationship between returnees from the US and employment growth is also found using alternative data. To do so, we combine different information from the Population Census of 2000 and the Economic Censuses
of 2004 and 2009. As described in section 4.3, growth between 2003 and 2008
is calculated using the Economic Censuses, while we use the population census
to measure number of return migrants in 2000. The Population Census of 2000
actually measures the number of residents who lived in the US in 1995, which
almost coincides with return migration from 1995 to 2000. It is important to note
that here only one instrument is available. Again using EMIF Norte (Devueltos)
for the earliest years available (1995, 1999 and 2000), we construct a variable for
city-industry forced return migration. To make the analysis comparable to that
obtained with the ENOE, we run the regressions with the same type of controls.
The variable for internal migration in this case is the number of residents who
lived in another Mexican state in 1995. As an illustration, table 4.8 reports the
results for metropolitan areas obtained with the census data. The full results of
the analysis using this dataset can be found in the appendix, where – in table
4.14 – a robustness analysis, analogous to that contained in table 4.6 is reported.
We do not report the entire table to save space, but we discuss its contents here.
Table 4.8 is almost representative of the outcome we obtain with census data. The
most important difference is in the second column, where industry dummies are
included. While in the standard regressions reported in table 4.8, the inclusion
of these controls renders return migration insignificant, this is not the case in all
other specifications (see table 4.14). In our preferred estimates in columns 5 and
6, the elasticities are approximately 7%, somewhat lower than the 9.4% obtained
from the ENOE but still within a reasonable margin of error. We also find very
similar elasticities when using the share instead of the absolute number (approximately 35% against 30%) and similar coefficients for the log-level regressions (7%
against 4%, for every 100 returnees).
Table 4.8: 2-Stage Least Squares regressions – alternative dataset.

2SLS, SECOND STAGE - Dependent variable: employment growth ’03-’08
(1)
(2)
(3)
(4)
(5)
US returnees ’95-’00 0.07*** 0.033
0.088*** -0.044
0.073***
(0.015)
(0.023) (0.02)
(0.052) (0.015)
107.2
48.3
70.9
10.4
109.7

(6)
0.069***
(0.015)
108.6

The table reports the coefficient of US returnees (second stage) in the first row. Robust standard
errors in parentheses in the second row. F-test on the IV (first stage) in the third row. The
different columns have different controls, following the pattern in table 4.6. Significance levels
of 10%, 5% and 1% are denoted by *, **, ***, respectively.

We must highlight, however, that with this dataset, the inclusion of both city
and industry dummies makes the coefficient on returnees insignificant in all specifications. This is perhaps due to a weak first stage, where the dummies eliminate
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some of explanatory power of the instrument, which still has a positive F-statistic
but one much lower than in the other cases and always very close to, or below, the
cut-off point of F=10.

4.4.3

Time variation in the ENOE

Table 4.9: 2-Stage Least Squares regressions – time variation.
(1)
(2)
(3)
(4)
First stage - Dependent variable: US returnees [t-1,t]
Forced migration [t-1,t] 0.173*** 0.098*** 0.167*** 0.173***
(0.009)
(0.01)
(0.009)
(0.009)
F-test
371.5
102.2
344.4
370.6
Second stage - Dependent variable: employment growth [t,t+5]
US returnees [t-1,t]
0.068*** 0.113*** 0.085*** 0.067***
(0.011)
(0.021)
(0.012)
(0.011)
Dummies
i
c
t
(1)
(2)
(3)
(4)
First stage - Dependent variable: US returnees [t-1,t]
Forced migration [t-1,t] 0.082*** 0.097*** 0.167*** 0.082***
(0.01)
(0.01)
(0.009)
(0.01)
F-test
71.1
101
343.4
70
Second stage - Dependent variable: employment growth [t,t+5]
US returnees [t-1,t]
0.137*** 0.113*** 0.084*** 0.136***
(0.028)
(0.021)
(0.012)
(0.028)
Dummies
c,i
i,t
c,t
c,i,t
The table reports the coefficient of US returnees (second stage) in the first row. Robust standard
errors in parentheses in the second row. F-test on the IV (first stage) in the third row. City,
industry and time dummies are indicated by c,i,t. Significance levels of 10%, 5% and 1% are
denoted by *, **, ***, respectively

Thus far, we have analyzed the link between return migration and employment
growth, exploiting the city-industry variation in the number of returnees. In this
sub-section, we exploit the time variation in the ENOE and EMIF datasets and
expand the econometric investigation to this dimension. The advantage of using
city-industry-time variation is to control for city-industry performance. Since exogenously caused city-industry growth may cause return migration, conditioning
on city-industry growth may help to identify the reverse case: the causal impact
of return migration on city-industry growth. We run a set of regressions in which
we control for lagged growth of the city-industry. The period we use for lagged
growth is the same for which we compute return migration and its instrument.
The question this regressions ask is, given the city-industry growth between t − T1
and t, what is the impact of return migration between t − T1 and t on growth
between t and t + T2 ? To maintain consistency with the previous analysis (and
maintain a sufficient number of years to allow for some time variation), we show
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in table 4.9 the results for T1 = 1 and T2 = 511 . It can be easily verified that
the elasticities are consistent with those previously estimated. Finally, we note
that performing fixed-effects IV regressions (which is equivalent to IV regressions
with city-industry dummies) leads to insignificant results. This is coupled with a
very weak first stage (F<3.5), which suggests that most of the variation in return
migration is in the cross-section.

4.5

The impact of return migration on wages

Ultimately, we have found robust evidence that experienced migrants boost employment in the city-industry to which they return. This was expected, as predicted by the theoretical model we presented in section 4.3, regardless of whether
the experience of return migrants has spillover effects.
Table 4.10: 2-Stage Least Squares regressions – impact of return migration on
wages.
Second stage - Dependent variable: wage growth
(1)
(2)
(3)
ENOE
0.039***
0.021*** 0.037***
cross-section (OLS)
(0.008)
(0.005)
(0.009)

(4)
-0.001
(0.009)

ENOE
cross-section (2SLS)

0.105***
(0.036)
119.3

0.072
(0.052)
81.4

0.144***
(0.041)
107.4

0.235*
(0.12)
12.2

Census
cross-section (2SLS)

0.005
(0.004)
510

0.012*
(0.007)
203.9

0.002
(0.007)
247.9

0.02
(0.032)
13.4

ENOE
panel (2SLS)

-0.013***
(0.004)
863.9

-0.009
(0.008)
211.2

-0.014***
(0.004)
933.1

0.001
(0.012)
107.6

i

c

c,i

Dummies

For each set of regressions, the table reports the coefficient of US returnees in the first row.
Robust standard errors in parentheses in the second row. When applicable, F-test on the IV
(first stage) is in the third row. Significance levels of 10%, 5% and 1% are denoted by *, **,
***, respectively. In panel regressions, we also include time dummies as controls.

However, the theoretical model also suggested that the presence of spillovers
could be indirectly detected through wages. Only in the case of spillovers would
one expect wages to grow in the city-industry (although temporarily). In the hope
of using wages to discriminate between the two cases, we re-estimate on wages the
entire analysis that we have just conducted on employment. Although we perform
11 Small variation only marginally changes the result. These alternative estimates are available
upon request.
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an analysis that is just as extensive as that on employment, we present the results
in succinct form. We select representative results that are able to capture the main
features of the outcome. The extensive results are available upon request.
The evidence is rather mixed. In the cross-sectional analysis, we find some
evidence that return migration causes wage growth. In the ENOE in particular, the results seem to indicate a positive impact, although in a number of cases
(unlike with employment growth), insignificant results are found. Weaker evidence is provided by the analysis of the census data, where return migration is
mostly insignificant. Altogether, cross-sectional data give some indirect evidence
of spillovers from returnees, although the analysis also suggests that the impact
might be weak. Panel data analysis on ENOE, instead, yield either negative or insignificant coefficients of return migration. It is not straightforward to draw clear
conclusions from this evidence. The mixed results could be due to different reasons.
First, the model that we use to build our framework suggests that wage growth
might only be temporary, as interregional labor mobility might quickly absorb
gain in wages. The exact theoretical predictions indicate that the market forces
should temporary decrease a city’s wage, while spillovers should temporary increase city-industry wages and permanently increase industry wages. In all ENOE
cross-sectional estimates, we observe that including a city dummy increases the
elasticity estimate, while including an industry dummy decreases it. However, we
do not see this pattern repeated in the other regressions. As an alternative way to
explore the issue of temporary gains, we observe the convergence/mean-reversion
term of wages, as well as the role of overall city growth and industry growth in city
industry growth rates. Table 4.11 shows the estimated coefficient for this variable
in a set of different IV regressions. We note that the convergence/mean-reversion
term is always strongly negative and highly significant, with an estimated coefficient close to -1 and a standard error between 0.03 and 0.05. This confirms what
we expected, namely, that any gain in wages could only be temporary.
Table 4.11: 2-Stage Least Squares regressions – temporary gains from wages.
Second stage - Dependent variable: wage growth ’07-’12
(1)
(2)
U.S. returnees ’06-’07
0.095***
0.075**
(0.031)
(0.033)
Wage level ’06
-0.927***
-0.931***
(0.046)
(0.049)
Industry wage growth ’07-’12
1.223**
1.519***
(0.527)
(0.555)
City wage growth ’07-’12
0.455*
0.59*
(0.246)
(0.303)
Observations
2542
1882

(3)
0.043**
(0.021)
-0.913***
(0.032)
1.22***
(0.414)
0.374*
(0.192)
4046

(4)
0.041**
(0.018)
-0.911***
(0.032)
1.334***
(0.421)
0.36*
(0.192)
4046

(5)
0.148**
(0.072)
-0.913***
(0.032)
1.199***
(0.415)
0.368*
(0.192)
4046

The regressions are: 1) only metropolitan areas, 2) excluding border cities, 3) including rural
areas, 4) log-level in US returnees, and 5) share of returnees. Robust standard errors in parentheses. Significance levels of 10%, 5% and 1% are denoted by *, **, ***, respectively.

Furthermore, the controls for industry wage growth and city wage growth reveal something more. They appear to be important drivers of city-industry wage
growth. Although we cannot be certain given the endogeneity of these variables,
one possible interpretation is that the channel through which wages mean revert
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this strongly is a spillover effect from other industries in the city or from the same
industry in the country. This could happen through spillovers strictly speaking
(knowledge externalities) or, as mentioned, through labor mobility. It is interesting
that, consistent with our model’s assumption that experienced labor is industryspecific, industry wage growth has larger elasticities (close to 1), although the
standard errors are large. A second possible explanation for these mixed results is
that perhaps mobility across cities and industries it is somewhat limited, such that
city-industry wages are driven downward by the additional supply of labor. This,
in contrast with the upward pressure of spillovers, could lead to mixed results. In
the next section, we attempt to measure directly standard labor market effects
and knowledge spillover effects to analyze their contributions to our findings.

4.6
4.6.1

Mechanism
Standard labor market effects

The rationale behind standard effects is the following. For employment growth, an
inflow of experienced workers is interpreted as an increase in the type of workers
who are used intensively in that industry. This shift in relative factor abundance
is expected to trigger employment growth through Rybczynski effects. For wages,
more straightforwardly, factor abundance implies downward pressure. This logic,
however, is based on a simplification: we have thus far assumed – both in the
theoretical model and in the empirical analysis – that a return migrant with experience in an industry in the US will contribute to that industry in Mexico. We
are going to relax this assumption here. Reality is more complex, and workers
have a variety of occupations, which industries use at heterogeneous intensities.
We, then, design a measure that takes into account the city-industry-occupation
dimension of migration, with the aim of capturing the standard labor market (lm)
effects.
lmci = ∑ Tio Mco ,

(4.8)

o

Where T is a technology matrix that indicates the intensity of occupation o in
industry i. The matrix M is a migration matrix: how many migrants with experience in occupation o return to city c. We measure the former using the Bureau of
Labor Statistics’ 2004 industry-occupation matrix, at 3 digits for both NAICS and
Standard Occupation Classification (SOC). For the latter, we use the EMIF Norte
(Devueltos) dataset for the years 2006 and 2007, again at 3 digits for NAICS and
for the Clasificación Mexicana de Ocupaciones (CMO). To match the 120 3-digit
SOC and the 135 3-digit CMO occupations, we create a many-to-many mapping,
which collapsed on both sides results in 64 occupations. To adhere to the rationale
of standard labor market effects, both matrices are constructed in relative terms,
using the Balassa Index. The reason should be clear: if an industry is relatively
intensive in occupations a, b and c, and a Mexican city receives a relatively high
inflow of migrants with experience in those occupations, the employment in the
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city-industry is expected to grow. Similarly, a relatively high inflow of occupations
in a city should drive down the wages of those industries that use them intensively.
We test the predictive power of this indicator on the main ENOE dataset. We
find that it is significant in explaining city-industry employment growth between
2007 and 2012, with an elasticity of approximately 2%. However, the result is
significant only at the 10% level, while the estimates of elasticity to return migration are reduced but remain highly significant (see table 4.16 in the appendix).
With respect to city-industry wage growth between 2007 and 2012, we find negative elasticities (as one would expect) of approximately -3%, but they are always
insignificant, with standard errors roughly of the same size (table 4.17 in the
appendix). We interpret this as evidence that the standard labor market mechanisms are at play, but they are not sufficient to explain our findings on return
migration. For employment growth, it is clear that some of this growth is caused
by Rybczynski effects, but a large part of the growth remains unexplained. For
wages, we do not find any significant effect. Even if we were to have found one,
this would not explain the instances of positive wage growth elasticities to return
migration that we find in the ENOE. For this, we turn to the three knowledge
spillover mechanisms we hypothesized in the introduction.

4.6.2

Entrepreneurship

With Mexicans having one of the highest entrepreneurship rates in the world (Fairlie and Woodruff, 2007), we speculate that return migrants might attempt to copy
business ideas they witnessed in the US by opening their own establishment in
Mexico. We note here that there are other potential advantages that a returnee
turned entrepreneur might have. Other than the product or service itself, the
entrepreneur may use business models or adopt business practices that are imperfectly observable from the outside but that he could learn on the job. Next, the
returnees may have established contacts in the US, which could be used to build
a sales network abroad. Furthermore, returnees might have accumulated a larger
amount of savings while abroad, thanks to which it might be easier for them to
collect the required capital to start a business. The questionnaire in the ENOE
allows us to determine whether individuals are entrepreneurs, how many activities
they engage in and how many employees they have. We use this variable to explore
the likelihood of this channel. Of the 73,882 return migrants that we identify in
the ENOE, 19% operate their own business, 6.5% have a business that does not
consist solely of the entrepreneur, and 3.5% have a business with paid employees.
While businesses consisting solely of the entrepreneur and businesses with unpaid
help are unlikely to be impactful (on the contrary, they may signal hidden unemployment), the last group may, by itself, explain the impact of return migrants
on the Mexican economy. In fact, if we sum up all declared paid employees from
return migrants, we obtain approximately 7800 workers, that is 1 job for every
10 returnees, a magnitude that is plausibly connected with our estimated elasticity of 9%. Nevertheless, we are unable to produce a variable on entrepreneurship
from return migrants that significantly explains the employment or wage growth in
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our data. In some regressions, we obtain significantly negative coefficients12 . This
might be because entrepreneurs who are return migrants appear to be, contrary to
our hypothesis, significantly less successful than their non-migrant counterparts,
with mean earnings that are 20% lower.

4.6.3

Education

The economic value of education is widely recognized. Studying longer, other
than improving the earnings of individuals, is also believed to have economic
returns for the rest of society (Psacharopoulos and Patrinos, 2004). The work
of Moretti (2004) shows that increasing the number of college graduates in a US
MSA (Metropolitan Statistical Area), increases the wages of everyone else. Moretti
(2012) reports that skilled employment increases overall employment in a city by
2.5 times (for every skilled job in the tradable sector, 2.5 jobs are created). A
similar mechanism might be at play in our data because – as we noted in the introduction – approximately 7% of return migrants (14,000 per year) have a college
degree. We use the panel version of ENOE to divide the data according to the
level of education of return migrants, which we can observe both in the endogenous variable and in the instrument (forced migration in this case). We then we
run a series of 2SLS regressions for k = {3, 5, 7, 9, 11, 13, 15, 17}, where we count as
return migrants only those whose years of schooling are greater than or equal to
k − 3 and smaller than or equal to k + 313 . We report how the elasticity of growth
to return migration changes as returnees’ level of education increases.
Figure 4.4: Education and employment growth (left) and wage growth (right) elasticity.

The solid lines represent the elasticity of employment growth (left) and wage growth (right)
to return migrants. The dotted lines show a 95% confidence interval. The X-axis represents
different education groups, k.

12 These

results are available upon request.
the largest group, k = 17, we include everyone with years of education greater than or
equal to 14.
13 For
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The left panel of figure 4.4 shows employment growth elasticities. The solid
curve is negatively sloped, as we select for groups of more educated migrants, to
the extent that the elasticity of employment growth to return migration becomes
insignificant at approximately k = 13 (13 years of education means 1 year of tertiary
education). With respect to wage growth, in the right panel, we observe that after
k=7, the elasticity growing from less than 1% to almost 6%, but the standard
errors also grow, and the estimates remain statistically indistinguishable from
zero. These results are confirmed by running regressions on the main dataset with
a direct control for the average years of education of return migrants in the cityindustry (see figures 4.18 and 4.19 in appendix). Overall, we find an insignificant or
negative impact on employment growth and an insignificant or positive impact on
wage growth. We conclude that the results we found in section 4.4 on employment
growth cannot be driven by highly educated return migrants. For wage growth,
the output is consistent with the hypothesis that highly educated return migrants
have some effect on earnings, but the evidence is too weak to be conclusive.

4.6.4

Tacit knowledge

The hypothesis that return migrants are bringing back tacit knowledge is based
on the fact that the US is one of the most productive countries in the world, while
Mexico is still an emerging economy. It is thus possible that migrants have learned
tacit, highly productive work practices on the job and bring this new knowledge
back upon their return to Mexico. The work of Campos-Vazquez and Lara (2012)
and Reinhold and Thom (2013) indicates that return migrants, after correcting for
self-selection, benefit from a wage premium from migration experience. However,
for tacit knowledge to have spillover effects, the knowledge must also be learned
by other workers. As mentioned in the introduction, in Marshall (1920), proximity is what makes the transmission of the “mysteries of trade” possible. Glaeser
et al. (1992) propose that there is a link between endogenous growth theory and
Marshallian externalities. It is argued that, on the one hand, growth is driven by
knowledge spillovers in endogenous growth theory and, on the other, in Marshall’s
theory that physical proximity simplifies the transmission of knowledge. The authors suggest that a combination of these two views leads to the conclusion that
knowledge spillovers are most important in cities, and they subsequently measure
city-industry spillovers through a measure of specialization. We follow a similar approach here. We argue that if return migrants are passing along tacit knowledge to
other workers, the impact of spillovers on growth should increase in proportion to
the concentration of return migrants. We use the EMIF Norte (Devueltos) dataset
to build a Balassa-type specialization index intended to capture city-industry externalities from return migrants. This is to test whether, more important than
the absolute number of return migrants is their relative concentration, which – as
argued in Glaeser et al. (1992) – can lead to knowledge spillovers.
In table 4.12, we show a series of regression results from the main ENOE
dataset, where we add the index for returnees’ concentration. The dependent
variable here is employment growth. We find that the index is mostly positive and
has an elasticity of approximately 1%. In most specifications, the coefficient on
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the number of returnees remains significant. Interestingly, in the most complete
specifications (4, 5 and 6 of 2SLS regressions), introducing the index renders the
coefficient on the number of returnees insignificant. This provides some evidence
that, along with standard labor market effects, knowledge spillovers contribute to
explaining the employment growth caused by returnees.
Table 4.12: Employment growth and relative concentration of returnees.
OLS - Dependent variable: employment growth ’07-’12
(1)
(2)
(3)
US returnees
0.021***
0.018***
0.014**
(0.004)
(0.004)
(0.006)
US returnees concentration
0.007*
0.005
(0.003)
(0.003)
IV - Dependent variable: employment growth ’07-’12
(1)
(2)
(3)
US returnees
0.092***
0.083***
0.259**
(0.024)
(0.02)
(0.106)
US returnees concentration
0
0
(0.004)
(0.005)
Observations
Control for growth
Dummies
Other Mechanisms

2451
Y
N
N

2246
Y
N
N

2246
Y
N
Y

(4)
0.016***
(0.004)

(5)
0.015***
(0.004)
0.011**
(0.004)

(6)
0.015**
(0.006)
0.009**
(0.004)

(4)
0.175**
(0.074)

(5)
0.014
(0.038)
0.011**
(0.005)

(6)
0.029
(0.143)
0.009**
(0.004)

2451
N
Y
N

2246
N
Y
N

2246
N
Y
Y

Significance levels of 10%, 5% and 1% are denoted by *, **, ***, respectively. Robust standard
errors in parentheses. Cross-section: industry-metropolitan area. All variables in logarithms.

Table 4.13: Wage growth and relative concentration of returnees.
OLS - Dependent variable: wage growth ’07-’12
(1)
(2)
US returnees
0.031***
0.021***
(0.007)
(0.006)
US returnees concentration
0.02***
(0.006)

(3)
0.009
(0.007)
0.021***
(0.006)

(4)
-0.003
(0.009)

(5)
-0.002
(0.008)
0.024***
(0.008)

(6)
0.008
(0.009)
0.027***
(0.009)

IV - Dependent variable: wage growth ’07-’12
(1)
(2)
US returnees
0.106***
-0.011
(0.031)
(0.02)
US returnees concentration
0.027***
(0.007)

(3)
-0.217**
(0.085)
0.03***
(0.007)

(4)
0.189*
(0.101)

(5)
-0.233**
(0.101)
0.04***
(0.012)

(6)
-0.931
(0.595)
0.037**
(0.016)

2246
Y
N
Y

2451
N
Y
N

2246
N
Y
N

2246
N
Y
Y

Observations
Control for growth
Dummies
Other Mechanisms

2451
Y
N
N

2246
Y
N
N

Significance levels of 10%, 5% and 1% are denoted by *, **, ***, respectively. Robust standard
errors in parentheses. Cross-section: industry-metropolitan area. All variables in logarithms.

The index has even more explanatory power when considering wage growth.
We estimate an elasticity of between 2% and 4%, and more important, in all 2SLS
regressions, controlling for the concentration of returnees makes the elasticity to
number of returnees insignificant or even negative. These results are robust to

106

CHAPTER 4. RETURN MIGRATION

the inclusion of a specialization index of non-returnees. A negative elasticity on
the number of return migrants, paired with a positive one on concentration, suggests that the impact of return migrants on wages is negative, once stripped of the
spillover effects, as one should expect from a shift in labor supply. These findings
(together with those in section 4.6.1) may suggest that return migration in Mexico
has no positive effect on wages due to imperfect substitutability between migrants
and non-migrants, as reported in the work of Ottaviano and Peri (2012).

4.7

Conclusions

In this chapter, we attempt to estimate the impact of return migration to the
Mexican economy. Specifically, we measure the elasticity to return migration of
employment growth and wage growth in Mexican city-industries. We argue that
the dynamics of migration between Mexico and the US are such that they change
the quantity and distribution of skills across Mexican cities. Using the exogenous
variation in the number of city-industry returnees resulting from a) deportation
by US authorities and b) the general shock to the American economy in the late
2000s, we pursue an instrumental variable strategy to estimate the impact of these
experienced return migrants and the shift they cause in the local supply of labor.
We find a positive elasticity of employment growth of 9%, while we find mixed
results with respect to wage growth. The findings on employment growth are fully
consistent with our framework. Using a model, we speculate that both market
forces (labor supply pressure) and non-market forces (spillovers) should have a
positive effect on city-industry employment growth, and indeed, we find one in
the empirics. However, with respect to wages, the model suggests that the market
forces should temporary decrease a city’s wage, while spillovers should temporarily
increase city-industry wages and permanently increase industry wages. We find
some evidence for this, with the estimates of the cross-sectional ENOE increasing
with the inclusion of a city dummy and decreasing with the inclusion of industry
dummies. Moreover, we find a strong mean-reversion/convergence term and a
positive impact of overall city growth and industry growth. However these results
are not robust to the use of the alternative dataset or to the use of the longitudinal
dimension of the ENOE, where we even find a negative impact on city-industry
wages, which our model does not predict.
We entertain the possibility of an alternative explanation, namely, that industry and city labor mobility is somewhat limited and, as a consequence, the shift in
labor supply negatively effects wages in the city-industry cell. This, in combination with the positive effect of spillovers, may result in a mixed outcome. We are
able to present suggestive evidence that our interpretation might be correct. We
propose direct measures for standard labor market forces and spillover effects and
show that the former decreases the city-industry wage while the latter increases it.
Consistent with our findings on employment, we observe that both forces have a
positive impact on city-industry growth. Concerning the mechanism, Rybczynski
effects seem to be driving employment growth together with Marshallian externali-
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ties, which we measure by the concentration of returnees from the US. Marshallian
externalities also explain the positive effect on wages, while the absolute number
of returnees explains the negative effect.
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Appendix
4.A

Additional results

Robustness of results on employment
Table 4.14: 2-Stage Least Squares regressions on employment growth. Robustness
check using the Census.
2SLS, SECOND STAGE - Dependent variable: Census employment growth ’03-’08
(1)
(2)
(3)
(4)
(5)
Metropolitan Area
0.07***
0.033
0.088***
-0.044
0.073***
(Baseline)
(0.015)
(0.023)
(0.02)
(0.052)
(0.015)
107.2
48.3
70.9
10.4
109.7

(6)
0.069***
(0.015)
108.6

Metropolitan Area
(Excluding border states)

0.082***
(0.017)
103.1

0.04*
(0.022)
53.3

0.107***
(0.023)
71.3

0.012
(0.039)
17.6

0.084***
(0.017)
104

0.08***
(0.018)
103.1

Metropolitan Area
(Including rural areas)

0.088***
(0.01)
220.9

0.046***
(0.014)
119.5

0.122***
(0.017)
125.4

-0.011
(0.044)
15

0.077***
(0.01)
210.8

0.072***
(0.011)
213.8

Low epsilon (=1e-5)

0.062***
(0.008)
186.2

0.033***
(0.01)
95.4

0.09***
(0.013)
94.8

-0.008
(0.038)
7.8

0.054***
(0.007)
177

0.053***
(0.008)
183.9

Log-level

0.009***
(0.002)
43.1

0.004***
(0.001)
36.6

0.009***
(0.002)
41.6

-0.002
(0.002)
31.3

0.009***
(0.002)
43

0.007***
(0.002)
42.6

Share of returnees

0.404***
(0.056)
84.5

0.238***
(0.075)
53.9

0.578***
(0.099)
47.6

-0.082
(0.331)
3.5

0.355***
(0.053)
79.4

0.341***
(0.058)
79.2

Y
N
N
N
N
N

Y
N
N
N
Y
N

Y
N
N
N
N
Y

Y
N
N
N
Y
Y

Y
Y
Y
N
N
N

Y
Y
Y
Y
N
N

Controls
Employment level ’03
Industry growth ’03-’08
City growth ’03-’08
MX immigration ’95-’00
Industry dummies
City dummies

For each set of regressions, the table reports the coefficient on US returnees (second stage)
in the first row. Robust standard errors in parentheses in the second row. F-test on the IV
(first stage) in the third row. Significance levels of 10%, 5% and 1% are denoted by *, **, ***,
respectively.
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Robustness of results on wages
Table 4.15: 2-Stage Least Squares regressions on wage growth. Robustness using
the ENOE.
2SLS, SECOND STAGE - Dependent variable: wage growth ’07-’12
(1)
(2)
(3)
(4)
Metropolitan Area
0.13***
0.128**
0.143***
0.206**
(Baseline)
(0.033)
(0.055)
(0.035)
(0.102)
135.4
76.6
129.1
12.1
0.23
0.29
0.09
0.47

(5)
0.095***
(0.031)
113.7
0.12

(6)
0.075**
(0.036)
74.5
0.09

Metropolitan Area
(Excluding border states)

0.105***
(0.036)
119.3
0.84

0.072
(0.052)
81.4
0.04

0.144***
(0.041)
107.4
0.10

0.235*
(0.12)
12.2
0.65

0.075**
(0.033)
104.9
0.63

0.043
(0.038)
67.8
0.50

Metropolitan Area
(Including rural areas)

0.071***
(0.023)
252.1
0.34

0.051
(0.039)
113.5
0.29

0.088***
(0.024)
246
0.04

0.121
(0.08)
21.3
0.46

0.043**
(0.021)
221.4
0.27

0.016
(0.025)
153.3
0.16

Low epsilon (=1e-5)

0.063***
(0.018)
228.8
0.53

0.038
(0.033)
102
0.18

0.076***
(0.019)
222.1
0.04

0.114*
(0.067)
18
0.48

0.041**
(0.017)
198.9
0.47

0.021
(0.02)
139.5
0.31

Log-level

0.079***
(0.022)
45.2
0.00

0.033*
(0.02)
21.1
0.00

0.071**
(0.028)
46.3
0.31

-0.088*
(0.053)
15.2
0.00

0.041**
(0.018)
43.8
0.00

0.015
(0.019)
32.6
0.00

Share of returnees

0.238***
(0.078)
152.3
0.35

0.136
(0.115)
88.6
0.24

0.236***
(0.071)
128
0.01

0.474*
(0.278)
11.4
0.62

0.148**
(0.072)
122.7
0.28

0.047
(0.079)
88.4
0.16

Y
N
N
N
N
N

Y
N
N
N
Y
N

Y
N
N
N
N
Y

Y
N
N
N
Y
Y

Y
Y
Y
N
N
N

Y
Y
Y
Y
N
N

Controls
Employment level ’07
Industry growth ’07-’12
City growth ’07-’12
MX immigration ’06-’07
Industry dummies
City dummies

For each set of regressions, the table reports the coefficient on US returnees (second stage)
in the first row. Robust standard errors in parentheses in the second row. F-test on the IV (first
stage) in the third row. Sargan’s test (p-value) in the fourth. Significance levels of 10%, 5% and
1% are denoted by *, **, ***, respectively.
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Mechanism: labor market effects
Table 4.16: Employment growth and labor market effects (Rybczynski).
OLS - Dependent variable: employment growth ’07-’12
(1)
(2)
(3)
US returnees
0.021***
0.021***
0.014**
(0.004)
(0.004)
(0.006)
Labor market index (eq. 4.8)
0.018*
0.02*
(0.009)
(0.011)
IV - Dependent variable: employment growth ’07-’12
(1)
(2)
US returnees
0.092***
0.087***
(0.024)
(0.024)
Labor market index (eq. 4.8)
0.013
(0.01)
Observations
Control for growth
Dummies
Other Mechanisms

2451
Y
N
N

2451
Y
N
N

(4)
0.016***
(0.004)

(5)
0.016***
(0.004)
0.022**
(0.011)

(6)
0.015**
(0.006)
0.024*
(0.013)

(3)
0.259**
(0.106)
0.011
(0.012)

(4)
0.175**
(0.074)

(5)
0.162**
(0.072)
0.021*
(0.012)

(6)
0.029
(0.143)
0.023*
(0.014)

2246
Y
N
Y

2451
N
Y
N

2451
N
Y
N

2246
N
Y
Y

Significance levels of 10%, 5% and 1% are denoted by *, **, ***, respectively. Robust
standard errors in parentheses. Cross-section: industry-metropolitan area. All variables in logarithms.

Table 4.17: Wage growth and labor market effects (Rybczynski).
OLS - Dependent variable: wage growth ’07-’12
(1)
(2)
US returnees
0.031***
0.032***
(0.007)
(0.007)
Labor market index (eq. 4.8)
-0.015
(0.032)

(3)
0.009
(0.007)
-0.035
(0.033)

(4)
-0.003
(0.009)

(5)
-0.003
(0.009)
-0.031
(0.038)

(6)
0.008
(0.009)
-0.049
(0.041)

IV - Dependent variable: wage growth ’07-’12
(1)
(2)
US returnees
0.106***
0.113***
(0.031)
(0.033)
Labor market index (eq. 4.8)
-0.03
(0.033)

(3)
-0.217**
(0.085)
-0.025
(0.033)

(4)
0.189*
(0.101)

(5)
0.208**
(0.104)
-0.04
(0.038)

(6)
-0.931
(0.595)
-0.009
(0.053)

2246
Y
N
Y

2451
N
Y
N

2451
N
Y
N

2246
N
Y
Y

Observations
Control for growth
Dummies
Other Mechanisms

2451
Y
N
N

2451
Y
N
N

Significance levels of 10%, 5% and 1% are denoted by *, **, ***, respectively. Robust standard
errors in parentheses. Cross-section: industry-metropolitan area. All variables in logarithms.
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Mechanism: education
Table 4.18: Employment growth and education.
OLS - Dependent variable: employment growth ’07-’12
(1)
(2)
(3)
US returnees
0.021***
0.018***
0.014**
(0.004)
(0.006)
(0.006)
Avg education returnees
0.002
0.003
(0.003)
(0.003)
IV - Dependent variable: employment growth ’07-’12
(1)
(2)
(3)
US returnees
0.092***
0.318**
0.259**
(0.024)
(0.143)
(0.106)
Avg education returnees
-0.107**
-0.085**
(0.052)
(0.038)
Observations
Control for growth
Dummies
Other Mechanisms

2451
Y
N
N

2451
Y
N
N

2246
Y
N
Y

(4)
0.016***
(0.004)

(5)
0.018***
(0.006)
-0.001
(0.003)

(6)
0.015**
(0.006)
0
(0.003)

(4)
0.175**
(0.074)

(5)
0.952
(1.104)
-0.326
(0.384)

(6)
0.029
(0.143)
-0.005
(0.049)

2451
N
Y
N

2451
N
Y
N

2246
N
Y
Y

Significance levels of 10%, 5% and 1% are denoted by *, **, ***, respectively. Robust
standard errors in parentheses. Cross-section: industry-metropolitan area. All variables in logarithms.

Table 4.19: Wage growth and education.
OLS - Dependent variable: wage growth ’07-’12
(1)
(2)
US returnees
0.031***
0.012*
(0.007)
(0.007)
Avg education returnees
0.011***
(0.003)

(3)
0.009
(0.007)
0.008***
(0.003)

(4)
-0.003
(0.009)

(5)
0.001
(0.01)
-0.003
(0.005)

(6)
0.008
(0.009)
-0.005
(0.004)

IV - Dependent variable: wage growth ’07-’12
(1)
(2)
US returnees
0.106***
0.396**
(0.031)
(0.166)
Avg education returnees
-0.138**
(0.062)

(3)
-0.217**
(0.085)
0.093***
(0.032)

(4)
0.189*
(0.101)

(5)
0.988
(0.834)
-0.351
(0.294)

(6)
-0.931
(0.595)
0.322
(0.208)

2246
Y
N
Y

2451
N
Y
N

2451
N
Y
N

2246
N
Y
Y

Observations
Control for growth
Dummies
Other Mechanisms

2451
Y
N
N

2451
Y
N
N

Significance levels of 10%, 5% and 1% are denoted by *, **, ***, respectively. Robust
standard errors in parentheses. Cross-section: industry-metropolitan area. All variables in logarithms.
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Chapter 5

The Made-In Effect and
Leapfrogging: a Model of
Leadership Change for
Products with
Country-of-Origin Bias
5.1

Introduction

Throughout the history of capitalism, recurrent changes of industrial leadership
from the incumbent to the latecomer country have taken place in a variety of sectors (e.g., in shipbuilding, steel, photographic cameras, mobile phones). (Lee and
Malerba, 2015). Some authors have related leadership change to technology-driven
dynamic comparative advantages. Brezis et al. (1993) show how leapfrogging may
occur in technologically progressive sectors that exhibit learning-by-doing and local spillovers. More recent studies have linked leadership changes to city life cycles
(Brezis and Krugman, 1997), spillovers between the old and the new technology with capital mobility (Desmet, 2002) and international spillovers (Furukawa,
2015).
In parallel, other authors suggest that the role of demand can be complementary to that of technology in explaining leapfrogging. Motta et al. (1997) argue
that differences in internal demand can lead to differentiated investments in product quality among nations. Artige et al. (2004) show that leadership change can
occur when increasing wealth in the leading nation generates a change in habits
that favors consumption over investment. Giovannetti (2013) shows how a preference for quality can influence technology adoption and, subsequently, catching up
or leapfrogging.
In this chapter, we argue that to challenge the established leadership, it may
113
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be not enough to produce high-quality or cost-competitive products if consumers
have a marked country-of-origin bias. Also referred to as the made-in effect, this
distortion leads consumers to infer quality from the products’ country of origin
(Dinnie, 2004). The existing literature on the made-in effect finds that such bias
is strong, in particular for differentiated durable and luxury consumer goods for
which quality is imperfectly observable before purchase (Godey et al., 2012). A few
illustrative examples are German cars, American software, Japanese electronics,
Swiss watches, Portuguese tiles, Italian clothing, and French wine. A case in point
is indeed the catch-up dynamic in the wine industry, where some producers (in
emerging countries, such as Chile, and in developed countries, such as Australia)
have, in recent years, managed to take a sizable share of the world market. These
producers certainly had to learn how to make good wine. However, they also made
a huge effort to get consumers to acknowledge that their bottles could compare
to those from Italy or France (see Morrison and Rabellotti, 2015). This example
suggests that catch-up is also a story of discovery and shifting demand: consumers
need to discover that the products from the follower country are just as good as
those currently on the market.
In this chapter, we develop a simple theoretical 2-country model to evaluate
the role of the made-in effect in the dynamics of sectoral leapfrogging. The model
initially assumes that the follower produces at lower costs and that informed consumers on world markets find the goods produced in the two countries to be of
equal quality. Nonetheless, most consumers are not informed and cannot observe
product quality before purchase. Thus, only a minority of pioneering consumers
are willing to purchase the follower’s products, which are of unknown quality. As
these pioneering consumers discover that the follower’s products are just as good,
a process of information diffusion begins. Other consumers are ‘infected’ with the
information on the quality of goods and become willing – in the next period – to
purchase those products. On the production side, firms’ entry, growth and exit are
driven by profits. Firms in the leader and follower countries increase or decrease in
number according to the profits made. We then extend the model to a continuum
of tradable goods to assess how the dynamics of leapfrogging influence the pattern
of specialization and comparative advantage of the follower and leader countries.
We find that for differentiated goods, acquiring a superior technology is insufficient for the follower to leapfrog the leader, unless there is a sufficiently large share
of consumers who are aware of the quality of the follower’s products. Further, we
observe that in some cases, leapfrogging depends on the dynamics of entry and exit
of firms and on the dynamics of information diffusion among consumers. In the
general equilibrium, multiple-product case, the follower – because of its late entry
into the world market – specializes in low-value, highly substitutable goods, while
the leader keeps production on more monopolistic markets. Even when the follower reaches a level of technological sophistication well beyond that of the leader,
wages still favor the first comer. Empirical evidence of this specialization pattern
is presented in section 5.5.
While this work has been inspired by the cases of catching up and leapfrogging
of emerging or developing countries such as Korea, Taiwan, India, and Chile, the
structure, results and application of the model may be considered more general.
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They may broadly refer to a follower country seeking to catch up with the leading
country in a specific sector. The model may represent competition in a sector
in which a follower industry from an advanced country lags behind the leading
industry of another advanced country. For the sake of keeping the argument
simple and clear, however, in this chapter, we will regard the leading country and
follower country as an advanced country and an emerging or developing country.
This chapter contributes to the several related literatures. Catch-up and
leapfrogging dynamics have been modelled in international economics (e.g., Brezis
et al., 1993; Desmet, 2002), endogenous growth theory (e.g., Grossman and Helpman, 1991; Artige et al., 2004) and industrial organization (Giovannetti 2001,
2013), with a clear overlap across disciplines. Our findings show how consumers’
behavior – the made-in distortion of purchasing decisions – influences the chances
of leapfrogging. These results also add to the empirical literature on catching up
and industrial dynamics, in which catch-up and leapfrogging have been associated
with the supply-side and the learning of skills – through education, technological
transfer, imitation, building experience and with social capabilities (Abramovitz,
1986; Lee and Lim, 2001; Malerba and Nelson, 2011). In this chapter, we highlight the importance of demand-side learning, which in spite of some exceptions
has been overlooked (Posner, 1961; Adner, 2002; Malerba, 2005). Our results also
contribute to the literature in international economics addressing how demand influences specialization patterns and trade (Fieler, 2011; Fajgelbaum et al., 2011;
Feenstra and Romalis, 2014).
The chapter is organized as follows: in section 5.2, the baseline model is presented, first when only firms from the leading country are present, then while considering the dynamics triggered by the entry of firms from the catching-up country.
In section 5.3.1, we show the possible outcomes of the model: leapfrogging, maintained leadership and partial catch-up. We then discuss under which conditions
each outcome is attained. First, in section 5.3.2, we highlight that under a set
of parameters, the dynamics of entry and exit, as well those of demand, do not
influence the outcome, and we derive analytically a simple leapfrogging condition.
Then, in section 5.3.3, we analyze the transitional dynamics of the system and show
how dynamic elements of the model, such as the speed of information diffusion or
the rate of entry and exit of firms, can – in some circumstances – affect whether
leapfrogging occurs. In section 5.4, we extend the model to multiple products and
to a 2-country general equilibrium framework to show that the latecomer country
specializes in low-value homogeneous goods, even after overtaking the technology
of the leader. Finally, section 5.5 presents suggestive evidence on the empirical
relevance of the made-in effect, and section 5.6 presents the conclusions.

5.2
5.2.1

Baseline Model
Static

We start with a static model. The world market for a particular industry is
dominated by firms from one country, L (leader). To build a static model that
describes the industry before the entry of firms from the follower country, we use
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a monopolistic competition model (Dixit and Stiglitz, 1977 and Krugman, 1979).
All firms in the leading country use a homogeneous technology, which is freely
available through imitation to all entrepreneurs in that country. The production
uses only labor and has a fixed cost. Formally,
li = aL xi + bL ,

(5.1)

where li is the amount of labor input used by firm i in country L to produce xi
units of output, and a and b are parameters of the model. The nominal cost of
labor (wage) is fixed, as the sector represents only a small portion of the economy
of country L. Demand is represented by a CES (constant elasticity of substitution)
function:
xi =

Pi−σ
E,
∑k∈L Pk1−σ

(5.2)

where Pk is price of the variety k, E is expenditure, the budget consumers in the
world market allocate to the products from this sector (exogenous in this version
of the model), and σ is the elasticity of substitution. Firms’ profit function is
πi = pi xi − wL (aL xi + bL ).

(5.3)

Given the CES demand function, each firm can choose its own price, as each
has a degree of monopolistic power. The price associated with the highest profit
is
pi =

σ
wL aL .
σ−1

(5.4)

The profit-maximizing price is the standard mark-up on variable costs that
depends on σ. For σ close to 1 (quasi-monopoly), firms can set high mark-ups. For
large σ (highly competitive sectors), only small margins can be made. Denoting
the number of firms as nL , in equilibrium, we have
n̄L =

E
.
σwL bL

(5.5)

If nL is lower than n̄L , the firms in the market will be making positive profits,
which attracts new firms to the market. The process continues until it reaches the
maximum sustained by the market, that is n̄L . In the opposite case (in which nL
is greater than n̄L ), negative profits would drive firms out of the market until the
maximum capacity and n̄L is reached.
Let us now imagine that in another country F (follower), a new efficient method
of production becomes available to every entrepreneur in the country. This technology is at least as efficient as that of country L. To operationalize this, in
the baseline model, it is assumed that the two countries have identical wages
(wL = wF ) and fixed costs (bL = bF ) but different variable costs, with aL ≥ aF .
This choice (which we relax in section 5.4) is convenient in the context of monopolistic competition since the maximum number of firms sustained by the market
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does not depend on variable costs (see equation 5.5). This implies that the maximum number of firms is the same whether the market is dominated by L or F .
The production technology is then
lj = aF xj + b.

(5.6)

In contrast to equation 5.1, the subscript of b has been removed here (since
we assumed no difference between L and F in this respect). The index j is used
instead of i for firms in country F .
The newly available technology of country F allows for the production goods of
identical quality to those of country L. However, most consumers do not consider
products from country F as a possible purchase, as at this initial entry stage they
are not aware of these latter products’ quality. Only a minority of pioneering consumers who are aware of the quality of the good will purchase it. The expenditure
is standardized to 1 for each consumer. If there are J aware consumers, the total
demand for variety j from country F is
xj =

Pj−σ
∑k∈L Pk1−σ

+ ∑h∈F Ph1−σ

J.

(5.7)

Total demand for variety i from country L is
xi =

Pi−σ
Pi−σ
J+
(E − J).
1−σ
+ ∑h∈F Ph
∑k∈L Pk1−σ

∑k∈L Pk1−σ

(5.8)

The first term on the right-hand side (RHS) of 5.8 is the quantity of goods
that a firm in the leading country (L) manages to sell to the J aware consumers.
The second term on the RHS is the quantity sold to the E − J unaware customers.
Firms in country F know that they possess a valid and potentially profitable
technology. However they also know that the majority of global consumers (E −J)
will not buy their product. Before the first firm from country F sells on international markets, it is not known how many consumers J exist. Thus, potential
entrants face a high degree of uncertainty and cannot predict whether they will
make positive profits by entering the market. We assume that some potential entrants (pioneering firms) have a high risk propensity and enter the market despite
the uncertainty.

5.2.2

Profit Functions

The profits of firms from L and F are, respectively,

πi = (Pi − waL )[

Pi−σ
Pi−σ
(E − J)] − wb
J
+
∑k∈L Pk1−σ + ∑h∈F Ph1−σ
∑k∈L Pk1−σ

πj = (Pj − waF )(

Pj−σ
∑k∈L Pk1−σ + ∑h∈F Ph1−σ

)J − wb.

(5.9)

(5.10)
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There is a number of substitutions we can apply to both profit equations.
As shown in equation 5.4, the price chosen by a profit-maximizing firm can be
expressed in terms of few model parameters. Second – given that all L firms are
identical and the same goes for F firms – L firms choose the same price as Pi ,
while F firms choose the same as Pj . Third, as Pi = Pk , ∀k and Pj = Ph , ∀h, it
follows that we can replace the sums in the price index with nL and nF . Fourth,
to simplify the notation we define r = aL /aF . Finally, it is convenient to explicitly
highlight the difference between parameters and variables that evolve over time
(state variables). After substitutions and rearrangements, we have that profits of
firms from L and F are, respectively,

πi (t) =

nL (t)Er1−σ + nF (t)[E − J(t)] − nL (t)2 wbσr1−σ − nL (t)nF (t)wbσ
(5.11)
nL (t)2 r1−σ σ + nL (t)nF (t)σ
πj (t) =

5.2.3

J(t) − nF (t)wbσ − nL (t)wbr1−σ σ
.
nF (t)σ + nL (t)r1−σ σ

(5.12)

Dynamics

The essence of this model is in the dynamics which originate from the setting
presented in sections 5.2.1 and 5.2.2. The starting point is that of a market
entirely dominated by L, with nL (t) = E/wbσ and nF (t) = 0, for all t < 0. Then,
at time t = 0, an exogenous number of pioneers from the follower country – nF (0) –
enter the market. At that point, the number of pioneering consumers J(0) willing
to buy their products is revealed. If the entry is successful and firms from country
F make positive profits, new imitators will follow the pioneers. Conversely, if
negative profits (losses) are made, firms will exit the market. The law of motion
of firms from country F is described by the following differential equation:
ṅF (t) = αnF (t)πj (t),

(5.13)

where the left-hand side (LHS) is the derivative of number of firms with respect
to time, while the RHS is a function of number of firms, nF (t), and profits. In
turn, profits of firm j are a function of J(t), nL (t) and nF (t) (see 5.12).
The differential equation is a zero profit condition that also allows for dynamics
to reflect our interest. This function describes the dynamics of entry by imitation
or exit by failure and depends on nF (more visibility, higher chances of spin-offs)
and on profits (which can be negative, driving firms out of the market)1 . The
parameter α captures the speed of entry and exit. An analogous law of motion
dictates entry and exit of firms from country L:
ṅL (t) = αnL (t)πi (t).

(5.14)

1 An entry/exit differential equation that depends on the current value of the state variable
can be seen as having a parallel in reproduction functions in population dynamics (biology,
demography).
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In the model, the number of aware consumers J(t) changes over time: as the
varieties offered by country F experience an expanded presence in world markets,
increasing numbers of consumers become aware of their quality. The following
endogenous law of motion illustrates this process:
˙
J(t)
= βJ(t)(E − J(t))(nF (t) − ñ).

(5.15)

The LHS is the derivative of the number of aware consumers with respect
to time. This law of motion is an adaptation of the word-of-mouth information
˙
diffusion function J(t)
= βJ(t)(E − J(t)), where a user contacts a non-user in
a given period with probability β (Geroski, 2000). We enrich this function with
a multiplication of the term (nF (t) − ñ). This additional term is included to
reflect the fact that the diffusion of information is not independent of the success
and market exposure of firms (i.e., other consumers are not the only source of
diffusion). In particular, when nF (t) = 0, this function avoids the diffusion of
information about a product that is no longer on the market. The parameter ñ is
an arbitrarily small number. Below this (low) threshold, consumers cannot de facto
purchase the product (for instance, because they do not find in the supermarket)
and slowly forget about it.
Equations 5.13, 5.14 and 5.15 represent the core of the model. It is a system of
nonlinear differential equations in three state variables (nF (t), nL (t) and J(t)) and
cannot be solved in explicit form. Nevertheless, it is possible to derive analytical
results that are of considerable interest.

5.3
5.3.1

Leapfrogging vs Maintained Leadership
Steady States and Simulations

We derive two main outcomes from our model: leapfrogging and maintained leadership. These two outcomes correspond to the only two stable steady states possible
when r > 1. In this section (5.3.1), we present the two main steady states and
discuss their stability. To illustrate the process that leads to those steady states,
we show a representative numerical simulation. Since our focus is the situation in
which the follower has a cost advantage over the leader (r > 1), all our analysis is
centered on these two outcomes. We note here, however, that when r = 1, a third
economically meaningful stable outcome, partial catch-up, is also possible. For
completeness, we also discuss this outcome at the end of this subsection, while –
for the rest of the analysis – the emphasis remains on maintained leadership and
leapfrogging.
We also note that the system has several other steady states, all of which
are uninteresting2 . The one exception is an interior saddle point. Considerable
activity occurs around this saddle point, which we discuss in section 5.3.3.
To simulate the dynamics of leapfrogging, maintained leadership and partial
catch-up, a choice of parameters has been made
2 Some are inadmissible (i.e., require negative firms), while others are trivial and unstable
(see appendix).
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Leapfrogging
The first outcome, leapfrogging, is shown in figure 5.1. Were it not for the information asymmetries created by the made-in effect, this would be the only outcome.
Figure 5.1 (where the horizontal axis is iterations/time) shows that, initially, firms
from F are making losses, and the 20 pioneering firms are being driven out of the
market, although a small fraction survives. The number of aware consumers is,
simultaneously, growing – along with demand for products made by the followers.
After some time, firms from country F make positive profits. This attracts new
entrants from country F , which slowly takes over the whole market. Interestingly,
before leapfrogging occurs, there is a long period of coexistence, during which
firms in the two countries have relatively stable market shares. This occurs – as
we discuss further in section 5.3.3 – because for some starting points, the system
is attracted to the interior saddle point before being pushed away.
Figure 5.1: Leapfrogging

This outcome, leapfrogging, is a steady-state equilibrium. It can be easily
verified that when nF (t) = E/(wbσ), nL (t) = 0 and J(t) = E, the system is
˙
stationary, with ṅF (t) = 0, ṅL (t) = 0, and J(t)
= 0. Moreover, the eigenvalues of
the Jacobian are all negatives, giving the steady state asymptotic stability. In the
appendix, we prove the following proposition.
Proposition 5.1. The leapfrogging outcome is an asymptotically stable steady
state of the system, and it is attained when nF (t) = E/(wbσ), nL (t) = 0 and
J(t) = E.
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Maintained Leadership
The second outcome, maintained leadership, is shown in figure 5.2. We use here
the same set of parameters as in figure 5.2, with the only difference being that now
the leader has a smaller cost disadvantage. The figure shows a case in which the
follower F is more efficient, and yet the leader dominates the market in the long
run. This is because the demand for the products from F is too low and firms
make negative profits, which forces them to exit gradually. The number of aware
consumers is growing too slowly for the 20 pioneering firms from F, which all fail
before the demand is high enough to result in positive profits. The firms from L,
initially pressured by the competition, are now making profits, and their number
grows until the maximum sustained by the market is reached. As we show in the
appendix, this outcome is also asymptotically stable.
Figure 5.2: Maintained leadership

Proposition 5.2. The maintained leadership outcome is an asymptotically stable
steady state of the system, and it is attained when nL (t) = E/(wbσ), nF (t) = 0
and J(t) = 0.
Partial Catch-Up
To close section 5.3.1, we illustrate the special case in which firms from the two
countries have the same cost structure. In this scenario, it is possible (although
it is not the only outcome) that the economy ends up in a situation of partial
catch-up, with firms of either type surviving. In figure 5.3, we illustrate this case.
Without dynamics, an equal cost structure allows any division of the market
to be a solution. The dynamics instead force the number of firms from country F

122

CHAPTER 5. MADE-IN EFFECT AND LEAPFROGGING

below the number of pioneering firms. This is because we assume that there is a
number of pioneers that are willing to take a chance and enter the market without
knowing what their profits would be. Once profits are revealed to be negative, no
other entrepreneurs enter the market. The eventual growth of aware consumers to
its maximum level makes the firms from the two countries indistinguishable. Once
enough firms have failed and the zero profit condition is met, a few firms from the
follower country are still in the market.
Figure 5.3: Partial catch up

5.3.2

The Leapfrogging Condition

In the previous section, we showed the possible stable outcomes of the model. Our
interest lies in the case in which the follower has lower costs (r > 1) because this
advantage is countered by the disadvantage created by the made-in effect. We
have seen that – in this scenario – there are two outcomes possible: leapfrogging
or maintained leadership. The question that naturally follows is, under which
conditions will each outcome occur? In this section, we derive a leapfrogging
condition, whereby the leadership in the sector would switch from the leader to
follower.
To derive this condition, we focus on when firms in different countries make
positive profits. We note that the denominators of both profit functions 5.11 and
5.12 are always positive, given the domain of variables and parameters. Thus,
profits are positive if the numerators are positive. This leads to the following
positive profit condition for firms in L and in F :
nF (t) <

nL (t)Er1−σ − nL (t)2 wbr1−σ σ
J(t) − E + nL (t)wbσ

(5.16)
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J(t)
− nL (t)r1−σ .
(5.17)
wbσ
We build a graph that captures the model at a specific time (say t = t∗ ). At t∗ ,
there are J(t∗ ) consumers and nL (t∗ ) and nF (t∗ ) firms. In this graph, we keep
J(t) in the background, while we assign nL (t) and nF (t) to two oriented axes of
a Cartesian plot. We then draw the zero profit lines (zero profit loci) taken from
equations 5.16 and 5.17.
nF (t) <

Figure 5.4: Zero profit loci (projection on the nL -nF plane)

The point x represents the number of firms from both L and F at time t = t∗ .
The curve LL indicates for which combination of nL (t) and nF (t) firms from L
make positive profits. If x is below LL, firms from L make positive profits and
nL grows in subsequent periods. If x is above LL, firms from L make a loss and
decline in number. Similarly, if x is below F F , firms from F make positive profits
and nF grows, while they make a loss and decline in number if x is above F F . The
intersection between F F and LL (point e on the graph) is the zero profit point
toward which x is moving. In figure 5.4, e is found in a region in which both firms
from L and F can exist. It is also possible to propose another set of parameters
(and a value for J(t∗ )) such that e would be found below the nL axis, a region
where only firms from L can survive.
We note that e is a point at which two of three differential equations have their
stationary point. However, since J(t) evolves over time and equations 5.16 and
5.17 depend on J(t), the two curves, LL and F F , are shifting. Subsequently e,
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the point of intersection of the two curves, also shifts. How does e shift when J(t)
changes? It is sufficient to solve equations 5.16 and 5.17 for nL and nF to find the
coordinates of the point e: nL (t)e and nF (t)e .
nL (t)e =

E − J(t)
wbσ(1 − r1−σ )

(5.18)

nF (t)e =

J(t) − Er1−σ
.
wbσ(1 − r1−σ )

(5.19)

Since the sign of J(t) is negative in 5.18 and positive in 5.19, e can only move
north-west (with more firms from F and fewer from L) if J(t) is growing and southeast (with more firms from L and fewer from F ) if J(t) is declining. This insight
– along with the fact that the LL line crosses the horizontal axis at E/wbσ and
that nL (t) ≤ E/wbσ – allows us to identify sufficient conditions for leapfrogging
and maintained leadership.
While we explain this in greater detail in the appendix, the intuition is the
following: if both e and nF are below the critical level, ñ, it does not matter
whether firms from F are initially making profits or losses. They are pulled toward
e, which itself can only shift south-east over time until J(t) = 0 and the whole
market is again dominated by country L. Setting nF (t)e < ñ, we obtain the
maintained leadership conditions: J(t) < Er1−σ + ñwbσ(1 − r1−σ ) and nF (t) < ñ .
Similarly, though not entirely symmetrically, if nF > ñ and the F F line is
greater than ñ when nL ≤ E/wbσ, we obtain the leapfrogging condition of J(t) >
Er1−σ + ñwbσ and nF (t) > ñ. As ñ is an arbitrarily small number, we can collapse
the two conditions into a single one by simply setting ñ = 0. With nF (t) > 0, the
leapfrogging condition is
J(t)
> r1−σ .
(5.20)
E
The expression in 5.20 captures a core result of this chapter. If firms in country F improve their production technology, the RHS of 5.20 decreases, making
leapfrogging more likely (recall that r = aL /aF ). This may prove insufficient if the
LHS is not large enough. The latter depends on the share of consumers in the
world market that are aware of the quality of products from country F .
Condition 5.20 is both a sufficient and a necessary condition for leapfrogging:
if at t = t∗ , condition 5.20 applies, leapfrogging will occur in the model. However,
if at time t = t∗ , condition 5.20 does not apply, leapfrogging is still possible at time
t = t̃, with t̃ > t∗ .
Proposition 5.3. If at any time in the model, the share of aware consumers
becomes greater than r1−σ , the firms from the country F will eventually dominate
the entire market. This is both a necessary and sufficient condition.
The proposition is proven in the appendix. The condition applies for all t. In
the particular case in which the condition is valid at the time of entry (t = 0), the
outcome of the whole model can be assessed without knowing the exact dynamics
(for instance, without knowing how large β is, that is, how rapidly information
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diffuses). Conversely, if at t = 0, the condition does not apply, we need to define
how the dynamics unfold to determine whether leapfrogging will occur (that is,
whether at some point t > 0, the condition will apply).
We observe that for low values of σ – when firms have a high degree of monopolistic power – the RHS has larger values, which means that having a large share
of aware consumers is more important for leapfrogging. However, for high values
of σ – when firms compete mostly on price – a smaller share of aware consumers
is required to trigger leapfrogging. This suggests that the made-in effect is more
relevant for sectors in which consumers perceive a difference among the variety of
products offered and the cost advantage is less relevant.

5.3.3

Dynamics

In the event that neither the leapfrogging condition nor the maintained leadership
condition holds at t = 0, we cannot say whether leapfrogging occurs unless we
solve in explicit form the system of differential equations, which unfortunately we
cannot. There are two steps we can take, however, to learn about the property
of the system in this case. First, we analyze the transitional dynamics around
the interior saddle point, where most of activity occurs if the leapfrogging and
maintained leadership conditions do not hold at t = 0. Second, we can use an
extremely simplified version of the dynamical system that allows us to obtain an
analytical solution.
Dynamics around the Saddle Point
The saddle point – as we mentioned – is not on the boundaries of the model’s
admissible region. In fact, the coordinates of this unstable fixed point are nL =
E
− ñ, nF = ñ and J = Er1−σ + ñwbσ(1 − r1−σ ) – in the interior. The initial
wbσ
conditions of the model are instead on a boundary. While J(0) and nF (0) can
have any value (although economically we expect them to be small), nL (0) needs
to be equal to E/wbσ, that is, the maximum number of firms that the market is
capable of supporting. This means that model never starts at the saddle point.
However, being a saddle point, the system may be attracted to it for some initial
values.
The graph in figure 5.5 illustrates the relationship between the initial conditions
of the model and the saddle point by drawing a number of representative solution
curves in its vicinity. The initial conditions are highlighted with white dots, and
all satisfy that nL (0) = E/wbσ. In fact, all starting points are on the cube’s face
that is closer to the observer. The two solid dots, black and gray, indicate the
(direction of) the leapfrogging equilibrium and maintained leadership equilibrium,
respectively. At the center of the graph, one can notice the solution curves drawing
a cross. This cross indicates the saddle point. The system is drawn to it for some
initial values and then pushed away in one of the two possible directions: toward
leapfrogging or maintained leadership.
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Figure 5.5: Solution curves around the saddle point (parallel projection)

As we highlighted above, these dynamics may imply a long period of coexistence of the two types of firms before the system is pushed to one of the stable
steady states. It also implies that marginally different initial conditions may have
unpredictable consequences for whether leapfrogging occurs.
Another way to visualize the dynamics around the saddle point is shown in
figure 5.6. In this graph, we show the same solution curves as in figure 5.5,
although in a projection on the nF -J plane. This viewpoint also allows us to
clearly superimpose the leapfrogging conditions (J(t) > Er1−σ + ñwbσ and nF (t) >
ñ, the gray region to the top-right) and the maintained leadership conditions
(J(t) < Er1−σ + ñwbσ(1 − r1−σ ) and nF (t) < ñ, the gray region to the bottomleft). In the limit case in which ñ = 0, the discriminating region for the conditions
becomes nF > 0 and J > Er1−σ , which (for reference) is also shown in the graph.
Again, the white dots are used to highlight the initial conditions of the solution
curves.
The graph also underlines the regions in which we are uncertain about the outcome. In the top-left white region, firms from F are making profits, which makes
nF grow. However, the number of aware consumers is below the critical threshold
of ñ, and J is declining. Leapfrogging occurs if nF passes the threshold (and,
hence, J begins to grow) before firms from F start making losses – triggered by a
growing number of firms from F and declining demand. Similarly in the bottomright region, firms from F are making losses, but J is growing. Leapfrogging
occurs if the growth of demand turns losses into profits, before nF declines below
the critical threshold. Which outcome occurs is a matter of the exact unfolding of
the dynamics.
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Figure 5.6: Solution curves around the saddle point (projection on the nF -J plane)

Simplified Model
To make the model tractable without losing its interpretative power, we use an
extremely simple set of functional shapes that allow us to obtain an analytical
solution. The law of motion for firms from countries F and L are, respectively,
⎧
α
if πj (t) > 0
⎪
⎪
⎪
if πj (t) = 0
ṅF (t) = ⎨ 0
(5.21)
⎪
⎪
⎪
−α
if
π
(t)
<
0
j
⎩
⎧
α
if πi (t) > 0
⎪
⎪
⎪
if πi (t) = 0 .
ṅL (t) = ⎨ 0
(5.22)
⎪
⎪
⎪
−α
if
π
(t)
<
0
i
⎩
For the diffusion of information among consumers on the quality of goods from
F , we have that
β
˙
J(t)
={
0

if nF (t) > 0
if nF (t) = 0

.

(5.23)

Even with these simple dynamic equations, a few steps are required to reach
useful conclusions. Hereafter, we will enunciate these steps in an intuitive manner.
In the appendix, we rigorously prove our statements. First, if condition 5.20 does
not apply in t = 0, firms from F are making negative profits. This is because the
number of firms from L is given in t = 0 (nL (0) = E/wbσ). It follows that the
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combination of nL (0) and nF (0) for every nF (0) > 0 will lead to negative profits
for F . The number of firms in F then declines as follows:
nF (t) = nF (0) − αt,

(5.24)

where the above equation is the explicit form of 5.21. This dynamic holds until
either all firms from F are out of the market or profits are made. As long as nF (t)
is positive, then J(t) grows as follows:
J(t) = J(0) + βt.

(5.25)

Next, the dynamics of the model dictate that both the point e and the number
of firms, x, are going to cross the nL axis at the exact same point (that is, point z in
figure 5.4, which has coordinates (E/wbσ, 0)). Thus, to assess whether leapfrogging
occurs, we simply need to derive what goes to zero first: if e is in the positive region
before nF (t) becomes zero, then the condition in 5.20 applies and leapfrogging
occurs. Conversely, if nF (t) goes to zero before e becomes positive, there would
be no change in leadership.
The point e becomes positive when J(t)/E > r1−σ . Given that J(t) = J(0)+βt,
t′ =

Er1−σ − J(0)
.
β

(5.26)

The number of firms from F reaches zero when
t′′ =

nF (0)
.
α

(5.27)

We can then easily compute a dynamic leapfrogging condition by imposing
that t′ < t′′ :
nL (0)wbσr1−σ − J(0) nF (0)
<
,
β
α

(5.28)

where we replaced E with nL (0)wbσ to have an expression in which all three initial
conditions (nL (0),nF (0) and J(0)) are made explicit. However, nL (0) is not a
free variable in this model but depends on the size of the market, E, and other
parameters.
Proposition 5.4. If at time zero, the share of aware consumers is smaller than
r1−σ , leapfrogging is still possible, but it is dependent on how the dynamic unfolds:
it depends on the speed of entry and exit of firms (α), on the speed of information
diffusion (β) and on the initial conditions of the dynamic system (nL (0),nF (0)
and J(0)).
The higher the speed of information diffusion, β, the easier it is for country F
to leapfrog. Given that for leapfrogging e needs to become positive before all F
firms exit the market, the speed of entry and exit, α, works against leapfrogging:
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a slow exit rate gives more time to F firms to reach a point at which the share of
aware consumers is high enough to enable a change in leadership3 .
Although nL (0) is not a free variable, we can see that for a large market size,
leapfrogging is less likely to occur. The opposite is true for the two other initial
conditions, nF (0) and J(0). When their value increases, the chances that the
expression in 5.28 holds are higher.

5.4

Specialization of Leader and Follower in General Equilibrium

Let us now imagine that the world economy consists of two countries: the leader
L and follower F . Suppose that L is a developed country, the firms of which
have supplied all tradable goods to both countries for some time. For this reason,
consumers in both countries acknowledge the quality of the leader’s products. F ,
instead, has just started exporting to the world market. While domestic consumers
know the quality of their products, consumers abroad have yet to be exposed and
are therefore biased by the made-in effect. Further, we assume that firms from F
can potentially produce all goods but with an inferior technology.
First, we generalize the leapfrogging condition for a single good (with ñ = 0)
to jointly account for differences in wages, fixed costs and variable costs. If we
assume that the good g has variable costs a(g)/Tc for country c and fixed costs
b(g)/Tc , the leapfrogging condition becomes
TF J(0) 1−ρ
wF
< ( )(
) .
wL
TL
E

(5.29)

Notice that wages are determined at the country level, as we assume labor
mobility across sectors but not across countries. For convenience, we substitute
σ = 1/(1 − ρ).
Equation 5.29 is the leapfrogging condition for any given good. For simplicity, here, we abstract from the dynamics: we can simply imagine that only one
(infinitesimally small) firm from F attempts to enter, and if the condition is not
verified at t = 0, there will be no leadership change.
Let us now imagine is a continuum of goods for ρ(g) ∈ (0, 1). For all the
goods with different elasticities of substitution, ρ, we assume a constant number
of initially aware consumers, J(0)/E (which is below 1, as consumers from L are
unaware of the quality of products from F ). It is easy to see that the follower
has a higher chance of leapfrogging as goods become more substitutable, as in the
standard case. To see what pattern of specialization occurs in general equilibrium,
we must introduce demand. This model compares fairly well with a Ricardian
model of specialization with 2 countries and multiple products (as in the classic
Dornbusch et al. 1977 paper). We see that, when J(0)/E = 1, the leapfrogging
3 We note that this simplification implicitly assumes that ñ = 0. This means that we are only
considering one side of the saddle point, where nF > ñ. We observe that figure 5.6 suggests that
the opposite is true on the other side of the saddle point (nF < ñ): a higher α increases the
chances of leapfrogging, while a higher β decreases it.
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condition equals the cut-off point of specialization in those Ricardian models of
comparative advantage. We then follow a similar procedure to find the equilibrium
wage. As goods here are distinguished by elasticity, and not by relative technological advantage as in Dornbusch et al. (1977), we order goods from the lowest
elasticity of substitution (ρ(g) = 0) to the highest (ρ(g) = 1). If we assume CobbDouglas preferences across goods (with CES preferences for the different varieties
of each good), consumers allocate a constant share of their income to good g. If
we further assume that each good receives the same spending, independent of the
elasticity, ρ, it must hold that
LL wL = ρ(g)(wL LL + wF LF ),

(5.30)

where ρ(g) is the share of goods that are produced by L. F produces 1-ρ(g). The
labor forces in the two countries are LL and LF , respectively. Rearranging 5.30,
we have
wF 1 − ρ(g) LL
=
.
wL
ρ(g) LF

(5.31)

The intersection between 5.29 and 5.31 represents an equilibrium. In figure
5.7, the vertical axis represents the wage ratio between the follower and the leader
(wF /wL ).
Figure 5.7: Equilibrium

The horizontal axis is ρ(g), representing the type of goods by elasticity – as
well as the share of goods from 0 to 100% – in which L specializes. To draw the
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curves, we assumed that the labor forces in the two countries are equal. We can see
that F ends up specializing in fewer goods, with a higher elasticity of substitution
and lower price. The figure also shows what happens in this system if F gradually
catches up on technology. While it is the case that with technological growth, F
increases its market share and its wages, the made-in effect pushes the equilibrium
solution far below where is should have been, if there were no such effect. In the
extreme examples of the figure, even when F is 50% more productive than L, it
only captures 45% of the market and the wages are 3/4 of those of workers in L.

5.5

Relevance in Empirics

The challenges of overcoming the made-in effect have been highlighted in the
literature. For instance, Artopoulos et al. (2013) explore how Argentina managed
to successfully export four types of differentiated goods to developed countries.
Among the relevant factors, they identify the made-in effect and conclude: “At
early stages in the process of export emergence, firms also have to develop a
specific strategy to confront the <<country-of-origin bias>> stemming from the
lack of an established reputation in the industry of the country from which they
are exporting.” (p.28)
The general equilibrium version of our model can be used to illustrate the
relevance of the made-in effect at the macroeconomic level by using trade statistics.
We focus on two sets of dynamics: first, the share of differentiated durable and
luxury goods (the type of goods that suffer most from made-in bias) in the export
basket should increase with economic growth4 . Second, for a latecomer country,
the growth in the share of differentiated goods should be slower than for the
countries who developed first.
We test whether there is any evidence of these dynamics using historical world
trade data from 1962 to 2000 in Feenstra et al. (2005). We collapse bilateral flows
into country-year-product exports at the 4-digit level of the SITC Rev.2 classification. We then select 560 (out of 935) differentiated goods following the classification in Rauch (1999)5 . Selected examples are cars, tires, watches and clocks,
photographic equipment, furniture items such as chairs and tables, footwear, clothing and accessories6 . In the early 1960s, these goods represented 45% of the value
4 The

theoretical model suggests that the share of differentiated goods increases with technological growth (more efficient use of inputs). Since growth accounting exercises highlight that
most economic growth is indeed due to increased efficiency, rather than a greater use of inputs
(Jones and Romer, 2010), we believe that economic growth is a reasonable proxy for technological
growth.
5 The classification categorizes goods as homogeneous if they possess a reference price quoted
on an organized exchange or in trade publications. Rauch (1999) defines a ‘liberal’ and a ‘conservative’ classification. As we find only marginally different outcomes under the two classifications,
we present here results of the ‘conservative’, while in the appendix those of the ‘liberal’ classification.
6 The analysis is simplified here by considering all differentiated goods, disregarding differences in technology. This is because we are interested in the difference between leaders and
latecomers. According to our model, the latecomer exports a differentiated good at a later stage
of development compared to the original leader, regardless of the level of technology required by
the good.

132

CHAPTER 5. MADE-IN EFFECT AND LEAPFROGGING

of world trade. By 2000, this share had grown to 67% of trade value.
The relationship between economic growth and the share of differentiated products is tested using a non-parametric regression as in Imbs and Wacziarg (2003).
We run N (for n = 1..N ) regressions with different subsamples of the dataset. Each
subsample collects all country-year observations for which the GDP per capita (at
PPP) is within an interval of $5,000 dollars (data from Penn World Tables 8.1).
The subsample is changed by shifting the midpoint by $250 for each regression,
thereby allowing the different samples to overlap.
We start with a midpoint of $2,500 and an interval between $0 and $5,000.
We run 71 regressions, each time shifting the midpoint by $250 until it reaches
$20,000. This limit is chosen to have sufficient observations in all groups.
Once we run all the regressions, we compute the predicted value at the midpoint, along with a confidence interval of the prediction. The prediction is obtained
as
̂ n = β̂ F E + β̂ F E Gdpcapn .
shareL
0,n
1,n

(5.32)

In the regressions, we use the shares of differentiated products that a country
has in its export basket in a given year. Other than having a strong link with our
theoretical framework, this measure has the advantage that it does not mechanically increase with economic growth. In the appendix, we show estimates for the
share of differentiated goods over the world trade in these goods.
To test our hypothesis, we run two sets of regressions: we further divide the
samples according to PPP GDP per capita in 2000. For one set of regressions,
we only include countries in the upper quartile. For the other, we only include
those in the third quartile. The logic is that the former group developed earlier
than the latter. As countries develop, we compare the evolution of the share of
differentiated products in the export basket for the two groups.
The reason that we use a fixed effects estimator is to control for unobserved
country characteristics that might generate both a high share of differentiated
products and GDP growth. For instance, being closer to the world market might
cause both higher trade in differentiated products and early development. The
non-parametric methodology we employ does not eliminate all the between-country
variation. Countries are dropped from (and new ones added to) the sample while
shifting to observations with higher GDP per capita. These selections change the
estimate of the average fixed effect β̂0F E .
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Figure 5.8: Economic growth and share of differentiated exports

In figure 5.8, the gray line represents the richest quartile, while the black line
represents the third quartile. On the vertical axis, we have the predicted values
from 5.32. We can observe that for both groups, the share of differentiated goods
increases quickly with development. More interestingly, up to $12,000, the latecomers appear to have lower shares of differentiated goods than what is estimated
for the countries that developed early. Between $12,000 and $19,000, the latecomers have larger shares of differentiated products than the incumbents. We show
here that this is mostly an effect of selection.
We can however use the same methodology to compare the within-estimates
of β̂1F E , the slope of GDP per capita, of the two groups. In figure 5.9, we plot
β̂1F E with 95% confidence intervals for the two groups. This plot confirms the
findings in figure 5.8 up to $12,000: at the early stages of development, the share of
differentiated goods grows for both groups, but the slope is initially steeper for the
most developed quartile. After $6,000, the slope becomes larger for latecomer. For
the estimates above $12,000, the within-variation shows different results. There
are no signs of a larger share growth for the latecomer, as in figure 5.8. This implies
that the temporary overtaking of the latecomers between $12,000 and $19,000 is
entirely driven by sample selection (between-variation). In the appendix, we show
that this may be due to the inclusion of countries with lower market shares of
homogeneous goods.

134

CHAPTER 5. MADE-IN EFFECT AND LEAPFROGGING

Figure 5.9: Magnitude and significance of the slope

This evidence is fully in line with the model’s expectation, and it is highly suggestive that the made-in effect may be relevant at the macroscopic scale. However,
more work needs to be done to fully assess the empirical relevance of the made-in
effect in international trade and development.

5.6

Conclusions

In this chapter, we argue that the well-known bias of consumers with respect to
the country of origin of traded goods has relevant consequences for leapfrogging.
To challenge the established leadership, firms in follower countries not only have to
develop a production process that produces high-quality, cost-competitive goods
but also have to overcome the resistance of consumers, who are often adverse to
purchasing products from countries that have yet to build a reputation.
Our analysis enriches findings on the issues of catch-up and leadership change
by proposing the possibility of significant differences across sectors. While indispensable, technological catch-up will not necessarily be the winning factor when
the made-in effect is at play. Our sectoral model suggests that the more differentiated the goods of an industry are, the smaller the role of technology and cost
efficiency in leapfrogging. With these conclusions, we by no means claim that all
historical events of successful or failed leapfrogging in differentiated goods are to
be attributed to the defining influence of the made-in effect. Some differentiated
goods underwent a radical shift in the technological paradigm (e.g., mobile phones)
that is easy to identify as the lead determinant of leadership change. However,
we believe that our framework applies to a variety of situations; in particular, it
is the most relevant for differentiated durable and luxury goods, final goods and
goods for which the technology of production changes at a relatively slow pace and
does not have strong and recurring discontinuities. Although the boundaries just
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drawn may seem to limit the applicability to a narrow portion of the economy, even
excluding all intermediates and all technologically progressive products7 , we still
find that the made-in effect on leadership change might be applicable to almost
10% of the total value of world trade.
As mentioned in the introduction, our model has been developed for a context
in which the leading country is an advanced country and the follower country is
an emerging or a developing country. However, the model also holds in situations
in which both countries belong to the realm of advanced countries but one of them
is a leader in sector while the other is a follower in that sector. Thus, the model
can be extended to a broader context of industrial competition.
In terms of policy implications, when the follower country is more efficient,
the failure to take over the market, as we described, is a market failure, as it
stems from consumers’ lack of information. This may justify policy interventions
intended to spread information about the quality of the latecomers’ products and
correcting the made-in bias. Institutions that foster coordination among firms
and promote branding and marketing efforts are examples of policy measures that
can facilitate overcoming made-in bias. For instance, in the history of the wine
industry, such institutions played a prominent role in the catch-up process, through
initiatives such as Brand Australia, the Australian Wine and Brandy Corporation,
the South African Wine and Brandy Corporation and Vinos de Chile (Morrison
and Rabellotti, 2015). Obviously, policymakers should exercise extreme caution, as
these measures would only work if the targeted products were already high-quality
and cost-efficient.

7 conservatively,

hence also excluding mature industries such as automobiles.
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Appendix
5.A

Additional Analysis

Figure 5.10: Economic growth and share of differentiated exports (Rauch’s liberal
classification)

Figure 5.11: Magnitude and significance of the slope (Rauch’s liberal classification)

By comparing the figures above with figures 5.8 and 5.9 in the main text,
it is possible to verify easily that the choice between a ‘liberal’ and ‘conservative’
classification of differentiated goods (Rauch, 1999) only generates small differences
in the non-parametric estimates we perform.
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Figure 5.12: Country’s differentiated exports over total differentiated exports

Figure 5.13: Magnitude and significance of the slope

In the two figures above, we use share of a country’s exports in the world trade
of differentiated goods (instead of the share of differentiated goods in a country’s
export basket). Both figures indicate that this share grows in early stages of
development, but it grows significantly faster for the upper quartile than for the
latecomer.
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Figure 5.14: Country’s homogeneous exports over total homogeneous exports

Figure 5.15: Magnitude and significance of the slope

As a placebo, we re-estimate the model using the share of a country’s exports
in the world trade of homogeneous goods. We observe that, at early stages of
development, there is little difference between the two groups. The leader has
slightly larger predicted values, but the estimates of the slope highlight that withinchange is actually negative for the leader. After $10,000, there is a split, and the
latecomers stabilize to a lower share of homogeneous products. The estimates of
the within-effect, however, show that growth should be larger for the latecomer
(although the difference is not significant). This implies that the decline in the
share of homogeneous goods for the latecomer after $10,000 is mainly due to
a selection effect. It is very likely that this selection effect is also behind the
overtaking by latecomers in the share of differentiated goods between $12,000 and
$19,000 observed in figure 5.8 in the main text.
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Proof of Propositions

The system of nonlinear differential equations that characterizes this model is

ṅL (t) = α

nL (t)Er1−σ + nF (t)[E − J(t)] − nL (t)2 wbσr1−σ − nL (t)nF (t)wbσ
nL (t)r1−σ σ + nF (t)σ
(5.33)
ṅF (t) = αnF (t)

J(t) − nF (t)wbσ − nL (t)wbr1−σ σ
nF (t)σ + nL (t)r1−σ σ

˙
J(t)
= βJ(t)(E − J(t))(nF (t) − ñF ).

(5.34)
(5.35)

After setting the LHS to zero, we find by substitution all possible vectors,
x = (nL , nF , J), that are stationary points of the system. There are multiple possibilities:
E
, E). Leapfrogging (stable)
wbσ
E
x=(
, 0, 0). Maintained Leadership (stable)
wbσ
E
x=(
, 0, E). Maintained Leadership (unstable)
wbσ
E
nF
x = (
−
, nF , E). Partial Catch Up (stable). For nF ≠ 0, it is a soluwbσ r1−σ
tion only if r = 1
x = (0,

x=(

J − Er1−σ
E−J
,
, J). Saddle point
1−σ
wbσ(1 − r ) wbσ(1 − r1−σ )

x = (0, 0, E) and x = (0, 0, 0). Trivial and Unstable
x = (nL , −nL r1−σ , 0) and x = (−

ñF
, ñ, J). Inadmissible
r1−σ

Proposition 5.1. The leapfrogging outcome is an asymptotically stable steady
state of the system, and it is attained when nF (t) = E/(wbσ), nL (t) = 0 and
J(t) = E.
Proof. It is straightforward to verify by substitution that leapfrogging – nF (t) =
E/(wbσ), nL (t) = 0 and J(t) = E – is a stationary point of the system. To prove
stability, we analyze the Jacobian matrix of the partial derivative. We note that,
at any stationary point, the numerator of equations 5.33 and 5.34 is zero. The
partial derivative of the ratio numerator-denominator N /D is
(

N ′ N ′ D − D′ N N ′
) =
=
D
D2
D
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The denominator is the same for 5.33 and 5.34
D = (nL r1−σ + nF )(σ/α)
We can then write the Jacobian at any fixed point as

1−σ
− 2nL wbσr1−σ − nF wbσ
⎛ Er
⎜
(nL r1−σ + nF )(σ/α)
⎜
⎜
⎜
⎜
−nF wbσr1−σ
⎜
⎜
⎜
(nL r1−σ + nF )(σ/α)
⎜
⎜
⎝
0

E − J − nL wbσ
(nL r1−σ + nF )(σ/α)
J − 2nF wbσ − nL wbσr1−σ
(nL r1−σ + nF )(σ/α)
βJ(E − J)

For leapfrogging, we have that x = (0,

⎛ −αwb(1 − r1−σ )
⎜
⎜
⎜
⎜
−αwbr1−σ
⎜
⎜
⎜
⎜
⎜
0
⎝

0

−nF
⎞
(nL
+ nF )(σ/α) ⎟
⎟
⎟
⎟
⎟
nF
⎟
⎟
1−σ
(nL r
+ nF )(σ/α) ⎟
⎟
⎟
β(E − 2J)(nF − ñ) ⎠
r1−σ

E
, E). The Jacobian is
wbσ
−

α
σ

⎞
⎟
⎟
⎟
α
⎟
−αwb
⎟
⎟
σ
⎟
⎟
⎟
E
0
−βE(
− ñ) ⎠
wbσ

E
− ñ),
wbσ
which are all negative under the model parameters, thus proving asymptotic stability.
∎

The three eigenvalues are λ1 = −αwb(1−r1−σ ), λ2 = −αwb and λ3 = −βE(

Proposition 5.2. The maintained leadership outcome is an asymptotically stable
steady state of the system, and it is attained when nL (t) = E/(wbσ), nF (t) = 0
and J(t) = 0.
Proof. Again, we easily establish that maintained leadership is a steady state by
substitution. The Jacobian is now simply

0
0
⎛ −αwb
⎞
−αwb
0
⎜ 0
⎟
⎝ 0
0
−β ñE ⎠

The three eigenvalues are λ1,2 = −αwb and λ3 = −β ñE, which are all negative
under the model parameters.
∎
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Proposition 5.3. If at any time in the model, the share of aware consumers
becomes greater than r1−σ , the firms from country F will eventually dominate the
entire market. This is both a necessary and sufficient condition.
Proof. We first prove the proposition, which refers to the limit case in which ñ = 0.
At the end of the proof, we show how the same steps apply to the general case
with ñ ≠ 0. The proof of the proposition is in three parts.
Hereafter, we show that if point e is above the nL axis, while the number of
firms from F is greater than zero, e remains above the nL axis. The point e has
the following coordinates:
nL (t)e =

E − J(t)
wbσ(1 − r1−σ )

(5.36)

nF (t)e =

J(t) − Er1−σ
.
wbσ(1 − r1−σ )

(5.37)

For both J(t) > 0 and n(t) > 0, it holds that
∂J(t)
> 0.
∂t
Then, we have

(5.38)

∂nL (t)e
<0
(5.39)
∂t
∂nF (t)e
> 0.
(5.40)
∂t
The graphical intuition is that point e can only move north-west, to combinations of nL (t)e and nF (t)e that have less of the former and more of the latter.
Hence – if nF (t∗ )e > 0 – we have that nF (t)e > 0, ∀t ≥ t∗ .
In the second part of the proof, we need to demonstrate that if point e is above
the nL axis, then point x is attracted to it. This may seem intuitive, but we need
to rule out one possibility, which we illustrate in figure 5.16. In this graph, we
show a potential evolution over time of points x and e. The empty dot represents
the position of the point at the beginning and the solid dot the position at the
end. The line that links them is the path that they take.
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Figure 5.16: The evolution of x and e over time (projection on the nL -nF plane)

It can be seen that, in this case, point e is above the nL axis at the beginning
of the period. Yet, x intersects the nL axis (hence nF (t) goes to zero) before it
can reach e.
We prove here that this cannot happen in the model. In fact, nL (t) cannot be
larger than E/wbσ, which is the maximum sustained by the system. At the entry
of firms from F , there are exactly E/wbσ firms from L. To grow over this limit,
it would be required that firms from L make positive profits. This happens if and
only if
nF (t) <

nL (t)Er1−σ − nL (t)2 wbr1−σ σ
.
J(t) − E + nL (t)wbσ

(5.41)

Substituting nL (t) = E/wbσ, we obtain
nF (t) < 0.

(5.42)

As long as nF (t) > 0, this condition is never verified and nL (t) never exceeds
E/wbσ.
Next, we use this fact to show that for each value of nL (t) with 0 ≤ nL (t) ≤
E/wbσ, the profit line F F is above the nL axis. This is the case if
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J(t)
− nL (t)r1−σ ≥ 0,
wbσ

(5.43)

which we can write as
1
r1−σ

J
≥ nL (t).
wbσ

(5.44)

Since point e is above the nL axis, we know that the smallest value that 1/r1−σ
can assume is E/J. Hence,
E
≥ nL (t).
wbσ

(5.45)

It follows that – as we have shown that nL (t) cannot be greater than E/wbσ
– the F F line is always above the nL axis for nF (t)e > 0. In summary, for feasible
values of nL (t), if e is above the nL axis, the F F line is also positive, and nF (t)
cannot reach zero without encountering the F F line.
The third and final step of the proof is the easiest. We have shown that if e
is above the nL axis, x is moving toward it. To complete the proof, we only need
to show the final position of e. We know now that there are firms from F in the
market, as x is above the nL axis. Hence, J(t) grows until it reaches the maximum
value, that is, E. We, therefore, solve the equations that identify the position of
point e for J(t) = E to obtain
nL (t)e = 0, nF (t)e = E/wbσ.

(5.46)

Which is the leapfrogging stable stationary point.
∎
The same type of proof applies for the general case in which ñ > 0. In this
case, however, we have a distinct maintained leadership condition and leapfrogging
conditions that are not entirely symmetric.
For maintained leadership, it is sufficient that both points x and e are below ñ
to ensure this outcome (use figure 5.4 for reference). In this case, nF cannot grow
larger than ñ, as point x moves toward e. Moreover, since nF < ñ, J(t) declines
and point e moves south-east. It can only stop at the stationary point where
nL (t)e = E/wbσ, nF (t)e = 0 and J( t) = 0. The maintained leadership condition is
then
nF (t) < ñ
J(t) < Er1−σ + ñwbσ(1 − r1−σ )

(5.47)

For leapfrogging, we need – similarly – that both points x and e are above ñ.
However, the second step of the previous proof (when ñ = 0) is no longer valid
in the general case, as point x can cross the ñ line while e is above ñ (again, use
figure 5.4 for reference). An equivalent, although more restrictive, condition in the
general case demands that the F F line be above ñ for 0 ≤ nL (t) ≤ E/wbσ.
The leapfrogging condition is
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nF (t) > ñ
J(t) > Er1−σ + ñwbσ

(5.48)

Proposition 5.4. If at time zero, the share of aware consumers is smaller than
r1−σ , leapfrogging is still possible, but it is dependent on how the dynamic unfolds:
it depends on the speed of entry and exit of firms (α), on the speed of information
diffusion (β) and on the initial conditions of the dynamic system (nL (0),nF (0)
and J(0)).
Proof. If the share of aware consumers is smaller than r1−σ , this means that point
e is below the nL axis, as illustrated in figure 5.17
Figure 5.17: Zero profit loci if J(0)/E < r1−σ (projection on the nL -nF plane)

The proof uses the previous proposition. In fact, proposition 5.3 states that if
at any time in the model point e is above the nL axis – while nF > 0 – leapfrogging
occurs.
When the system is in a state in which – as in figure 5.17 – e is below the
nL axis and nF > 0, leapfrogging occurs if and only if e crosses the horizontal
axis before x does. In this case, the leapfrogging condition of proposition 5.3 is
verified and leapfrogging occurs. Conversely, if x crosses the horizontal axis (and
nF becomes equal to zero) while e remains below the axis, the final outcome will
be that of maintained leadership.
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We then want to know whether the nF component of e reaches the horizontal
axis before the nF component of x. With the simplified model, we can solve the
differential equations in explicit form. With respect to x, the number of firms in
F then declines as
nF (t) = nF (0) − αt.

(5.49)

With respect to e, as the number of aware consumers grows according to the
law J(t) = J(0) + βt, we have that
nF (t)e =

J(0) + βt − Er1−σ
.
wbσ(1 − r1−σ )

(5.50)

Er1−σ − J(0)
.
β

(5.51)

Point e reaches zero at time t′ .
t′ =

The number of firms from F reaches zero at time t′′ .
nF (0)
.
(5.52)
α
The dynamic leapfrogging condition is then obtained by requiring that t′ < t′′ .
t′′ =

Er1−σ − J(0) nF (0)
<
.
β
α

(5.53)

Substituting E, we obtain
nL (0)wbσr1−σ − J(0) nF (0)
<
,
β
α

(5.54)

where we can see that leapfrogging – if J(0)/E < r1−σ – is still possible but depends
on the speed of entry and exit, α, on the speed of information diffusion, β, and on
the initial conditions, nL (0), nF (0) and J(0).
∎
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We can also use equation 5.53 to draw the basin of attraction of this simple
system. The gray region in figure 5.18 depicts the basin of attraction of the
leapfrogging outcome.
Figure 5.18: Basin of attraction of the simple system

Chapter 6

Conclusions
6.1

Overview

Many aspects of economic growth remain obscure. In spite of – I believe – tremendous progress over the past 50 years, there are many elements of growth that we are
unable to piece together. Chief among them are the sweeping structural changes
highlighted by Simon Kuznets in the 1960s. The purpose of this thesis has been
to improve our understanding of growth by analyzing its link with the economic
structure and the evolution that the latter undergoes over time.
There are solid foundations that this thesis can build on: the role of structure
in economic growth has been recently recognized in endogenous growth theory
(Herrendorf et al., 2014) and international economics (Hausmann et al., 2007).
Moreover, economic geography (evolutionary and non-evolutionary) has a long
tradition of emphasizing the importance of industry structure to explain regional
economic differences (Rosenthal and Strange, 2004; Boschma and Martin, 2010).
Standing on their shoulders, I articulate the aims of this research in four research
questions:
1. Does economic structure matter?
2. Do externalities differ by industry?
3. How do countries acquire new technologies?
4. Is acquiring a new technology sufficient for structural change?
Each question addresses an important component of the current academic debate on the relevance of structural change. Hereafter, I expand briefly on each of
the questions. A more complete discussion can be found in the introduction of the
thesis and in the chapters. The next subsection summarizes the main findings.
Does economic structure matter? Most research in economic growth is based on
the strong prior that economic structure does not matter (Hausmann et al., 2007).
The fundamentals, as some authors call economy-wide factors such as institutions
and human capital, are the true drivers of growth according to this view, and a
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changing economic structure is a mere consequence, a manifestation of growth.
Yet, theoretical considerations cast many doubts on this viewpoint (Matsuyama,
1992; Young, 1993; Galor and Mountford, 2006). The theoretical ambiguity calls
for an empirical assessment of the issue. Chapter 2 is an attempt to understand the
empirical relevance of economic structure in explaining the cross-country variance
in productivity.
Do externalities differ by industry? The importance of this question cannot
be understated. The same theoretical models that highlight the importance of
structure also indicate how the existence of heterogeneous externalities between
industries might be the key to determining which world we live in (see the articles
cited in the previous paragraph). The prior on the centrality of ‘fundamentals’
rests, in fact, on the absence of such heterogeneity. In chapter 3, an analysis
of coagglomeration in the US is employed to measure the different strength of
input-output and labor externalities, an open question in economic geography.
How do countries acquire new technologies? When structure is an important
element of growth, how do countries learn efficient production techniques in new
industries? In this thesis, two answers are provided. First, the endogenous answer
builds on Hidalgo et al. (2007) and Neffke et al. (2011) and the concept of product
space: new industries appear when the countries can build upon related industries (as they benefit from heterogeneous cross-industry externalities). Chapter 3
expands in this direction, providing new insights. Second, the exogenous answer
relies on the property of the tacitness of technology. As Ricardo Hausmann puts it,
it might be easier to move the brain containing the knowledge than the knowledge
between brains. Chapter 4 studies the knowledge transfer and structural change
impact of return migration from the US to Mexico.
Is acquiring a new technology sufficient for structural change? The last question draws attention to the sometimes, perhaps excessive, reliance on supply-side
mechanisms to explain structural change. The theory of sectoral catch-up and
leapfrogging, in fact, stresses the role of technological learning that has been witnessed in the successful cases of catch-up (Lee and Lim, 2001; Malerba and Nelson,
2011). Chapter 5, while emphasizing that supply-side learning is indeed crucial,
analyzes theoretically the circumstances in which demand-side factors can render
the technological catch-up insufficient for structural change to take place.

6.2
6.2.1

Contributions
Empirical findings

The importance of structure
The empirical evaluation of chapter 2 sheds light on the debate on the importance
of structure compared to fundamentals (Hausmann et al., 2007). This chapter
proposes a method to decompose cross-country differences in total factor productivity into a technological component – a Place effect that depends on the overall
productivity of a country – and an allocation component, a Composition effect,
which depends on whether factors of production are allocated to productive or
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unproductive industries. With a sample of over 2 million firms from 30 developed
and emerging countries, the analysis estimates that 1/4 of the difference in productivity is due to the Composition effect, while 3/4 is attributable to the Place
effect. When decomposing the productivity differences between regions of the
same country, it is found that approximately 50% of the productivity difference is
due to the Composition effect. The difference highlights that, when technology is
more homogeneous across geographical units, the industry structure plays an even
more important role in explaining the variance in productivity. These results have
very strong implications. While technological diffusion from leading to lagging
countries would substantially reduce productivity differences, a non-negligible 1/4
of the difference would remain. This highlights the importance of both technology adoption and structural change and suggests that a stronger emphasis on the
latter might improve our understanding of economic growth.
This analysis of structure is innovative in many ways. It proposes a new method
of decomposition to evaluate cross-sectional productivity differences. While most
studies on structure – such as Timmer and de Vries (2009) and McMillan et al.
(2014) – concern changes in productivity, few ask about and measure the magnitude of ‘incorrect’ allocation. This is in spite of the fact that within-industry
misallocation has received considerable recent attention (Banerjee and Duflo, 2005;
Hsieh and Klenow, 2009; Bartelsman et al., 2013). One notable exception is Caselli
(2005), who, making a coarse distinction between agriculture and non-agricultural
activities, finds that comparable progress can be made by either improving the
productivity of agriculture or reallocating factors of production to non-agriculture
activities. The chapter expands on this theme with a more thorough analysis,
which also includes some 800 industries. The role of scale (in both the industrial
and geographical dimension) is also carefully addressed.
Heterogeneous externalities
Chapter 3 provides an empirical examination of externalities and their differences
across sectors. Technological externalities are difficult to measure, as – Krugman
once famously said – “they leave no paper trail” (cited in Jaffe et al., 1993). Some
strategies are, however, available. One common, indirect way of observing their
presence is through agglomeration (see the introduction for a discussion on the
link between externalities and geography). The analysis in chapter 3 relies on agglomeration economies to measure sectoral heterogeneity. It expands on previous
work in urban economics in the following way. The field gives ample recognition
to the heterogeneity of agglomeration economies (de Groot et al., 2015), but it
has not attempted to measure how different types of externalities (Marshallian
externalities in our case) have heterogeneous strength across industries. Part of
the limitation is so-called Marshallian equivalence (Duranton and Puga, 2004),
which states that it is impossible to infer from the agglomeration pattern of a
single industry which Marshallian force is at play. Ellison et al. (2010) show that
coagglomeration patterns can be used to disentangle the relative importance of the
different externalities. Yet, in their work, it is assumed that the Marshallian forces
exercise the same agglomerating pressure on all manufacturing industries. Chap-
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ter 3 contributes to the literature on externalities and agglomeration by measuring
the heterogeneous impact of Marshallian forces on different industries. Exploiting the available degrees of freedom in coagglomeration patterns, we estimate the
industry-specific benefits of sharing labor needs and supply links with local firms.
The analysis, which is conducted using regional US and Mexican data (at different scales, counties, metropolitan areas and states), provides industry-specific
estimates for 120 manufacturing and services industries and documents substantial heterogeneity. In the aggregate, it is found that coagglomeration patterns in
services are at least as strongly driven by input-output linkages as those in manufacturing, whereas labor linkages are much more potent drivers of agglomeration
in services than in manufacturing. For some manufacturing industries and services, no strong effect of either labor or input-output channels is found. Some
examples are furniture and food industries and recreational services. In sectors
such as electronics and pharma & medical, coagglomeration patterns seem to be
driven primarily by input-output linkages, while in a number of industries – and
especially in typical urban services such as knowledge-intensive business services
and architecture and engineering – the labor pool is the main force behind coagglomeration. Yet other sectors (e.g., art & culture and machinery) are influenced
by both Marshallian externalities.
New industries
Endogenous creation: the product space
Chapter 3 not only provides industry-specific estimates of two important Marshallian externalities but also contributes to that stream of literature that has
used the product space logic to understand the creation of new industries in countries and regions and, subsequently, to understand structural change (Hidalgo
et al., 2007; Neffke et al., 2011; Hausmann et al., 2014; Balland et al., 2015).
The product space logic, in fact, suggests that countries diversify by expanding
their production in activities that are related to their current production structure. The product space is a topography that maps how proximate (in a cognitive
sense) two industries are to one another, thereby allowing us to predict in which
direction a country or region might diversify. However, measuring this proximity
is challenging, and a large part of the literature relies on a revealed measure of
proximity/relatedness, based on how often two industries are found in the same
country or region. In chapter 3 – by showing the relative influence of labor and
input-output in different industries – it is shown that the Marshallian bilateral
linkages are, in fact, important channels that make two industries related. It is
shown then that both labor linkages and input-output linkages can be used to
predict the growth of a city-industry at the extensive or intensive margin. Moreover, it is shown that accounting for the estimated heterogeneity in the labor and
input-output externalities can be used to improve on these predictions.
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Exogenous creation: migration
While the product space logic can be used to describe an endogenous growth
process, whereby countries and regions change their production structure by diversifying in related activities, this theory also highlights some potential evolutionary
failures of growth. It is noted that the rugged landscape of the product space may
be causing lock-in for some countries (Boschma and Frenken, 2015). In the Hidalgo et al. (2007) metaphor of the forest, the monkeys (countries) can be stuck in
peripheral, unproductive trees (industries), where there is nothing to easily move
to and monkeys need to jump. In chapter 4, it is argued that return migration can
provide the exogenous knowledge that is not supplied via the endogenous movements of countries through the product space. The analysis measures the impact of
return migration on employment and wages in Mexican city-industries. We show
that the networks of migration with the US are such that returnees change the
distribution of skills across Mexican cities. Deportation imposed by US authorities and the general shock experienced by the American economy in the late 2000s
provide exogenous variation in the number of city-industry returnees. This is exploited to estimate the impact on employment and wages in Mexico. The chapter
measures an elasticity of employment growth of 9%, while mixed results are found
with respect to wage growth. Suggestive evidence indicates that our results can be
explained in part by market mechanisms and in part by knowledge spillovers. The
contributions of this chapter are not only relevant for technology-related questions
– why do countries have different technologies, and how can this technology can
be transfered across countries? – but they also add to the literature on migration,
where the macroeconomic impact of returnees is not well understood. In fact,
while much attention has been devoted to the impact of migrants on the destination (rich) countries (Borjas, 2007), on migrant selection (McKenzie and Rapoport,
2010; Campos-Vazquez and Lara, 2012), and the impact of migration on migrants
(Gitter et al., 2008; Reinhold and Thom, 2013), the impact of return migration on
the origin country appears to be relatively understudied and is largely confined to
studies (qualitative and quantitative) that focus on star migrants (Saxenian, 2007;
Choudhury, 2015).

6.2.2

Theoretical contributions

Technological change without structural change
The final research chapter, chapter 5, addresses an important theoretical concern.
Much of the theory appears to assume a direct link between technological catch-up
and actual catch-up (Aghion and Howitt, 1998). Yet, other contributions suggest
that there are several elements that should be taken into account when addressing
structural change. As Kuznets said in the lecture delivered in Stockholm in 1971
when he received the Nobel prize,
“Advancing technology is the permissive source of economic growth,
but it is only a potential, a necessary condition, in itself not sufficient.”
(Kuznets, 1973, p.247; emphasis in the original)
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For the purposes of this thesis, understanding the relationship between technological change and structural change is central. As shown in chapter 2, one-fourth
of the cross-country variance in productivity comes from a disadvantageous allocation of resources into less-productive industries. While classical trade theory
could call on Ricardian or factor abundance related differences for an explanation,
chapter 5 shows that demand mechanisms can explain failure to catch-up and
‘incorrect’ specialization. It is noted that, for sectoral catch up to occur, firms
in emerging economies not only have to produce high-quality, cost-competitive
goods but also overcome the resistance of consumers in the world market, who
are often adverse to purchasing products from countries that have yet to build a
reputation. It is argued that this country-of-origin bias – a well-documented distortion in the management literature (Dinnie, 2004) – significantly influences the
chances of leadership change. A partial equilibrium model intended to capture the
endogenous dynamics of demand-building and leapfrogging shows that in sectors
with high monopoly power, acquiring a superior technology is not sufficient for a
latecomer country to become the leader, unless a significant share of consumers
is aware of the quality of its products. The required number of aware consumers
depends on technological differences, as well as on the degree of competition in
the industry. These findings speak to many literatures: international economics,
endogenous growth theory, industrial organization, and innovation and industrial
dynamics – all have contributed to the understanding of leapfrogging and catchup dynamics (Brezis et al., 1993; Desmet; Artige et al., 2004; Giovannetti 2001,
2013; Malerba and Nelson, 2011). An extension of the model to multiple sectors
(in general equilibrium) contributes to a portion of international economics that
addresses how demand-side factors drive specialization patterns and trade (Fieler,
2011; Fajgelbaum et al., 2011; Feenstra and Romalis, 2014). The chapter shows
that, under the model conditions, a latecomer country remains specialized in lowvalue undifferentiated goods, even after overtaking the technology of the leading
country in all industries.
Conceptual links among Marshallian externalities, the product space
and structural change
A relatively straightforward, yet important, theoretical contribution can be found
in Chapters 2 and 3, where the concepts of agglomeration (Marshallian) externalities, the product space and structural change are connected with one another.
In chapter 3, it is observed that the work of Ellison et al. (2010) relates closely
to the product space. The authors measure Marshallian externalities in bilateral
links between industries. To them, it is a clever way to circumvent the Marshallian equivalence problem (Duranton and Puga, 2004). For this thesis, it also is a
way to link urban externalities to the product space. This connection provides,
in fact, an empirical window on the product space, a black box thus far (Kemeny
and Storper, 2015), as well as a method to directly measure the product space,
instead of relying on colocation indices, which can only measure revealed relatedness between industries. The link between Marshallian externalities and the
product space, however, does more than that. It reinforces the theory (which the
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introduction of this thesis reviews) in endogenous growth, whereby heterogeneous
local externalities are responsible for path-dependent specialization patterns. This
combines with a second conceptual link, this time between the product space and
economic structure. In Chapter 2, it is shown that the Composition effect and
the product space are linked in that both measurements are proportional to the
covariance of employment shares (see equation 2.9). For the product space, the
covariance is intended to capture colocation, following the logic that two related
industries colocate more often1 . For the Composition effect, the proportionality
to the covariance is somewhat surprising: that the way in which many researchers
have been measuring the product space is a component of productivity decomposition – the component that measures the importance of industry structure – is far
from obvious. This finding strengthens, in my view, the theoretical architecture
around the triad of externality, product space, and industry structure.
Overarching theoretical contribution
The contributions in the different chapters, when considered jointly, also allow for
the pursuit of the overarching research aim of this thesis: to understand the importance of structural transformation for growth. The work in this thesis – building
on research in international economics, evolutionary economics and economic geography – outlines a picture of the growth process that is somewhat discordant
with what appears to be the dominant model in growth theory. Chapter 1, the
introduction of this dissertation, makes an effort at narrowing down where the
divergence occurs. It is argued that different perspectives on the nature of technology are perhaps the central cause for disagreement.
While a traditional approach would stress the nonrival and partially excludable nature of technology, evolutionary economists have highlighted important
additional properties, such as tacitness, complexity and specificity (Breschi et al.,
2000). It appears natural for an evolutionary economist, who keeps these properties in mind, to envision technological externalities (the engine of growth) as
industry specific. This thesis has repeatedly stressed the divisive power of heterogeneous industry externalities. Their presence allows for several (related) theoretical possibilities: multiple equilibria, path-dependent growth, the relevance
of initial conditions and luck, incorrect specialization, the centrality of industrial
structure, and possible adverse effects of trade liberalization.
Once these elements are taken into account, the growth process becomes more
complex to describe. First, technology remains the source of growth, but – as
Kuznets notes – it is only a necessary condition, not sufficient on its own for
growth. Second, structural change is not a mere consequence of technological
change but also a cause. Finally, since growth is path dependent, endogenous
technological and structural change may lead to lock-in in low-yield activities (‘incorrect’ specialization). Exogenous knowledge may be required to re-start growth
in these cases. Although it might be premature to suggest that the contributions
of this thesis – together with the work of the above-mentioned authors in economic
1 Hausmann et al. (2014) also show that similar indices can be derived from a Ricardian trade
model, as well as from an Heckscher-Ohlin-Vanek model.
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growth, international economics, economic geography and evolutionary economics
– combine in a new theory of growth, it is not an exaggeration to say that they
provide a strong alternative to the dominant view, which considers the economic
structure of a country or a region to be only marginally important.

6.2.3

Methodological contributions

A second advantage of the cross-contamination between fields is that the contributions they provide to one another are not uniquely theoretical but also methodological. In this thesis, a variety of novel methodological approaches are proposed.
Some clearly stem from encounters between different streams of literature. This
section briefly reviews them.
In chapter 5, a substantial contribution, involving a synthesis between evolutionary theory and economics, can be found. The chapter proposes a model of
catch-up and leapfrogging that is a mix of methods between the two disciplines.
The dynamic model employs monopolistic competition (Dixit and Stiglitz, 1977;
Krugman, 1979) to describe the market in every period (t). To capture the catchup process, the dynamics of the market are inspired by evolutionary principles.
The mathematics of population dynamics are based on two evolutionary concepts: reproduction and selection (Simon and Blume, 1994; Nowak, 20062 ). Reproduction is the essential feature of evolution (where populations evolve, while
individuals are fixed) and depends on fitness. Selection comes into play when
there is more than one type of population, perhaps in competition for resources.
According to elements related to the environment (such as fitness, reproduction
speed, and interactions between the population types), selection pressures may
lead to the survival of the fittest, the survival of the first, or the survival of both.
A classic example is the Lodka-Volterra system. In this model, the growth
rate of the prey population (ẋ/x) depends not only on the reproduction rate, ax
(with fitness being a), but also on the number of casualties due to predators, by. In
turn, the growth rate of the predator population (ẏ/y) depends on the reproduction
rate, cy (with fitness being c), and on the number of prey animals available (dx).
The selection forces of this model push for the survival of both populations, with
recurring cycles in which prey and predators alternatively dominate.
In a similar fashion, the dynamics of the model in chapter 5 are governed by
reproduction and selection. Firms – it is assumed – grow and decline in number
according to the profits they make (their fitness). When profits are being made,
more firms copy the existing technology either through imitation or spinoff (reproduction). If, instead, companies are operating a loss, failure will drive firms out of
the market. Since the model in chapter 5 is a model of catch-up and leapfrogging,
the mechanism of reproduction is applied to two populations: the incumbent and
the latecomer. The selection forces apply to these two types of firms, which are in
competition to dominate the market3 . According to the parameters and the initial
2 Two additional concepts are used to characterize more complex systems: mutation, when
reproduction is imperfect and copying errors occur, and mating, for sexual reproduction.
3 Note that imitation and spinoffs as reproduction mechanisms are imagined as a local process.
That is, all firms of the ‘incumbent’ type belong to one country, while all firms of the ‘latecomer’
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conditions, the system could lead alternatively to survival of the fittest, survival
of the first, or survival of both.
This is certainly not the first time that evolutionary principles have been applied to economics. Nevertheless, the model’s architecture and adherence to population dynamics is – to my knowledge – new. For instance, in Nelson and Winter
(1982)4 one can find a model of firm growth (in chapter 6) and a model of technology selection (in chapter 10) that have similar characteristics. In particular, they
both feature the replacement of the zero profit condition with growth functions.
However, in their cases, growth is applied to investment, not to populations; that
is to say, the model in this thesis emphasizes the evolutionary mechanism of reproduction, which – through imitation and spinoff – is a primary mechanism for
technology diffusion. In fact, the similarity with models of population dynamics is
obtained by assuming within-period profit maximization: since firms are identical
and have identical behavior, the assumption allows us to abstract from selection
between individual firms5 .
This thesis provides other methodological contributions. Chapter 2 is rich in
this sense. It proposes a new method to cross-sectionally decompose productivity, a
new method for measuring total factor productivity that takes into account average
price differences across countries, and a new (to my knowledge) model of data
aggregation to assess the robustness of the decomposition method to measurement
issues. Chapter 4 outlines a very basic model of city-industry migration, with longrun spatial equilibrium. This model gives a methodological recommendation for
migration analysis, suggesting that city-industry variation might better to detect
the impact of migration than city variation. The latter is, in fact, more exposed to
the Borjas-Freeman-Katz critique, which states that any effect of migration at the
city level is diluted by in- or out-migration of the local population (Borjas et al.,
1996). The city-industry model shows that, even assuming spatial equilibrium, we
have distinct expectations on employment and wages.

6.3

Limitations and future research

A number of important limitations must be highlighted to emphasize the boundaries of the knowledge accumulated on the topic of this thesis, as well to indicate
directions where fertile terrain for future research can be found.

type belong to another.
4 Unfortunately, it is difficult to find contemporary contributions of this caliber. While Nelson
and Winter (1982) inspired a generation of evolutionary theory both formal and verbal (Fagerberg, 2005; Silverberg and Verspagen, 2005; Antonelli, 2008), new analytical insights are scarce.
Appreciative and simulation-based models, as useful as they are, have been the standard, with
only few exceptions (e.g., Klepper, 1996; Bottazzi and Dindo, 2010). Formal evolutionary modeling, like its cousin bounded-rationality modeling, has been struggling to become intellectually
competitive (Harstad and Selten, 2013).
5 This simplification is a strength in our context but could be unacceptable for other research
questions.
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Externalities
There are several unresolved questions surrounding externalities, both theoretical and empirical. In particular, it is far from clear whether local externalities
include knowledge spillovers. The introduction of this thesis proposes theoretical arguments that underpin my prior in favor of the existence of such spillovers.
Nevertheless, it is fair to state that few things in economics are as elusive as local externalities, and many attempts to detect them found little evidence of their
presence (Breschi and Lissoni, 2009; Huber, 2012). As repeatedly stressed, (heterogeneous) spatially bounded knowledge spillovers are a key theoretical element
of a path-dependent world with multiple-equilibria. In this respect, there are also
theoretical unknowns, which call into question the boundaries of the latter statement: is the link between heterogeneous spillovers and path-dependency robust to
alternative specifications? For instance, do models of bounded rationality reach
the same conclusion? Moreover, if local externalities are market-mediated (and,
hence, are pecuniary externalities), should we expect similar effects? Theory has
shown that pecuniary externalities are powerful substitute for effects that were
once thought to require technological spillovers (Krugman, 1991; Martin and Ottaviano, 2001). Is the same true in this context?
In chapter 3, while suspending judgment on the pecuniary/technological nature
of local externalities, an attempt is made to measure heterogeneity by industry,
using aggregate statistics. While the analysis manages to measure their impact
sharply enough to find statistically significant differences, it is also observed that
the estimates are rather noisy. Future efforts, perhaps using firm-level data, could
attempt to increase the estimates’ precision. Moreover, qualitative research could
provide validation of the findings regarding the several industries estimated in the
chapter.
Product space
By envisioning the product space as a network of inter-industry localized externalities, chapter 3 makes a tiny step forward in our understanding and measurement of
the product space. Yet, the product space largely remains a black box. As shown
in the chapter, the commonly used coagglomeration-based measure of relatedness
is only in small measure correlated with input-output linkages or occupational similarity. This highlights potential shortcomings with the theory, as well as with the
chosen measurement. Future studies could certainly expand our understanding of
the product space. A possible direction is to – following a tradition in evolutionary
economics – explore in depth the properties of technology, perhaps with the aid
of cognitive and behavioral sciences, to outline more precisely what makes two
industries similar to one another.
Additionally, in this thesis, the emphasis was placed on the benefits of relatedness, that is, being close in the product space. Yet, part of the literature shows
that breakthrough innovation often comes from the combination of unrelated activities (Castaldi et al., 2015). The consequences that this feature of innovation
has for growth theory were not explored in this thesis and constitute an interesting
avenue for future research.
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Economic structure, path dependency and multiple equilibria
The complex relationship between economic structure and technology has been
one of the theoretical backbones of this thesis. It has been stressed that the
ever-changing economic structure should be seen not only as a consequence of
technological change but also as a cause. Yet no techniques for causal identification have been used for this purpose. While chapter 2 proposes a novel approach
that empirically evaluates the importance of structure to determine average productivity, future analysis could attempt to address the issue of causality between
technological and structural change. In that sense, regions, instead of nations,
could prove to be an useful source of variation, with longer and more detailed
panels and perhaps interesting natural experiments to be exploited. A related
empirical issue is path dependency and multiple equilibria. Given the dramatic
consequences of path dependency for the functioning of the economy, researchers
(in nearly every field, I mention here development economics, growth economics
and economic geography) are often sharply divided along this line (as the final
section on policy underlines, the normative repercussions are more than just substantial). Most empirical research on path dependency and multiple equilibria
uses unit-root analysis on city size, often exploiting large shocks such as wars. An
overview of these contributions reveals that the evidence is rather mixed6 . Even if
it is an old topic, there is, perhaps now more than ever, a need for more empirical
clarification.
Evolutionary dynamics
The modeling strategy of chapter 5 – as highlighted in the section on the methodological contribution – stresses how existing evolutionary models of population
dynamics could be used as an inspiration for dynamic modeling in economics. It
is shown that the mechanism of reproduction, certainly stressed in evolutionary
economics’ appreciative theorizing and simulations, but less prominent in analytical work, could be well captured by these population dynamics models.
The approach could be expanded in several directions. First, identical modeling principles could be applied to other problems. One example is in the spirit of
Nelson and Winter (1982): the method could be used to assess the evolutionary
stability of sub-optimal behavior, such as pricing rules distant from the optimal
mark-up. Second, the reproduction in the model was assumed to be perfect, without errors. Yet, just as in the biological equivalent, copying may result in mistakes.
As models of population dynamics have already formalized copying errors and explored analytically their consequences for the evolution of the population, future
modeling efforts could attempt to take this lesson to economic systems.
6 Key

references come from the traditions of labor economics and new economic geography:
(Blanchard and Katz, 1992; Davis and Weinstein, 2002; Bosker et al., 2007). After the crisis, the
revival of resilience in economic geography triggered new analysis on the topic (Fingleton et al.,
2012). This author also, in Diodato and Weterings (2015), analyzes using a calibrated model
some of the path-dependent consequences of economic shocks. While the empirics presented in
this literature cause me to lean toward the existence of path-dependent growth and multiple
equilibria, the evidence is not overwhelming, and the lack of consensus is understandable.
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Toward a new theory of growth
Although this point has been made repeatedly, especially when highlighting the
theoretical contribution of this thesis, I find it paramount to conclude a section
on limitations and future research by mentioning the theory of growth in general.
The contributions of this thesis have called for several revisions of many aspects
of the currently dominant models of growth. However, as in the research of the
other several authors to whom I am indebted, they do not yet constitute a new
coherent understanding of growth that we may call a theory. Advancing in the
many directions indicated in this section would certainly help to take some of
the required steps in the right direction. However, in addition to these efforts,
an attempt to tie all these elements together into a theory that is intellectually
competitive with the alternatives is arguably necessary.

6.4

Policy implications

The repercussions of growth theories on policies are, for obvious reasons, anything
but marginal. I find it is essential, then, to open with a disclaimer: this thesis did
not directly analyze policies; therefore, I will proceed here very cautiously. Yet,
the implications of the theories expressed in this thesis go in a clear direction. As
the empirical research – section 6.3 on limitations is clear on this point – still has
to clarify a number of aspects related to the dynamics of growth, I urge the reader
to take what follows as a description of what is at stake, rather than a prescription
on what should be done.
Growth policies have always lived amid the dialectic tension between market
and government. There are historical periods during which the dominant view
emphasizes market failure. Policies in such periods stress the importance of restrictions on markets (with limited trade and financial constraints) and of direct
government intervention (with industrial policies). Then, there are historical periods when government failure is emphasized. The focus of policies is then to
prevent rent-seeking, corruption and price distortions. In Bruton (1998), one can
find an extensive account of growth policies from the 1950s. When describing the
consensus among (Western) economists after the war, he writes the following:
“The view that a more or less free market would not solve the development problem was widely accepted. The problem was [...] that the
division of labor between the rich countries and the poor ones seemed
to doom the latter to permanent poverty. [...] Prebisch’s explanation
that the gains from productivity growth in the North resulted in rising wages, not falling prices, due to the monopoly power of both labor
and firms in the North, was widely accepted. In the South, dependent
mainly on agricultural and mineral exports, there was lower productivity growth, and wages were held down by surplus labor, weak unions,
and competition among exporters. The rewards of productivity growth
in manufacturing activities were thus not available to importers of such
products in the South.” (Bruton, 1998, p.905)
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The import substitution policies of the 1950s and 1960s are a reflection of the
theoretical understanding and empirical evidence on growth at the time. Similarly,
the tidal turn in the 1970s follows a deep revision of many previously held priors.
Bruton, again, is extensive in his accounts, while I mention here only some salient
points. By 1970, extensive evidence had accumulated on the many distortions
created by import substitution policies. The responsiveness to price incentives was
found to be stronger than expected, while production techniques were more flexible
(leading to a progressive abandonment of fixed-coefficient models). Moreover,
planning had not prevented misallocation, and the experience of Korea and Taiwan
– outward oriented and relatively liberal by the standards of time – was found to
be quite successful. The fortune of the policies based on correcting market failure
through government intervention began to change. By 1980, a new creed was firmly
held by most economists and practitioners: openness and minimal government.
Even if new theoretical insights from new trade theory (which developed in the
late 1970s and 1980s) provided reasons to defend government interventions, the
counterarguments had the upper hand. Paul Krugman, in an influential article
titled “Is free trade passé?,” reflects on the new theories:
“[...] the case for free trade is currently more in doubt than at any time
since the 1817 publication of Ricardo’s Principles of Political Economy.
This is not because of the political pressures for protection, which have
triumphed in the past without shaking the intellectual foundations of
comparative advantage theory. Rather, it is because of the changes that
have recently taken place in the theory of international trade itself. [...]
These new models [...] open the possibility that government intervention
in trade via import restrictions, export subsidies, and so on may under
some circumstances be in the national interest after all.” (Krugman,
1987, pp.131-132)
While considering the issue, Krugman notes that sophisticated interventions
are unrealistic and that special-interest political pressures and trade wars can
more than offset the potential gains from government intervention. Ultimately,
he concludes that free trade is not passé. These years were, in fact, crucial in
defining the principles of growth policies that (in many respects) remain valid
today. The remarkable convergence in the views of the institutions in Washington –
the so-called Washington consensus of the International Monetary Fund (IMF), the
World Bank (WB), and the United States Agency for International Development
(Williamson, 1990; Rodrik, 2005) – of the European institutions7 , as well as of
other influential actors, such as the weekly magazine The Economist and various
university and think tank figures (Bruton, 1998), began a process of consolidation
of liberal policies as the new orthodoxy. By the mid 1990s, any restriction on free
trade and capital movement, any distortion, government intervention or direct
industrial policy was considered heresy (Abdelal, 2006).
7 Amid growing European integration, the Organisation for Economic Co-operation and Development (OECD), together with European policymakers, pioneered the codification of liberal
capital rules (Abdelal, 2006).
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The establishment of the World Trade Organization (WTO) in 1995 represents
perhaps the zenith of the free-market/small-government paradigm. Since then,
the dominant view has changed yet again. Potentially with the theoretical push
of the newly developed endogenous growth theory, which allows one to merge the
microeconomics of political economy with the macroeconomics of growth (Acemoglu, 2009), the early 21st century witnessed the institutional turn of economics
(Barca et al., 2012). For some, such as Easterly (2001), Rodrik (2008) and Barca
(2009), this calls for a deep revision of current practices, placing the accent on the
need to turn away from one-size-fits all policies and from the tendency to ignore
the poor institutional environment of the target underdeveloped area. For the vast
majority, the necessity of second-generation reforms translates into an ‘augmented’
Washington consensus, a fixed list of reforms that extends the original 10 items
with new, albeit more nuanced, prescriptions (Rodrik, 2005). For many others,
the institutional turn implies even more market and less government. As Rodrik
writes,
“[...] there was growing recognition that market-oriented policies may be
inadequate without more serious institutional transformation, in areas
ranging from the bureaucracy to labor markets. For example, trade
liberalization may not reallocate an economy’s resources appropriately if
the labor markets are <<rigid>> or insufficiently <<flexible>>.” (Rodrik,
2005, p.974)
At present, the balance between market-oriented policies and government intervention is still clearly in favor of the former. In a more recent contribution,
Dani Rodrik describes what he calls hyperglobalization in The New York Times:
“The elimination of barriers to trade and finance became an end in
itself, rather than a means toward more fundamental economic and social
goals. Societies were asked to subject domestic economies to the whims
of global financial markets; sign investment treaties that created special
rights for foreign companies; and reduce corporate and top income taxes
to attract footloose corporations.” (Rodrik, 2016)
In this thesis, the centrality of structural transformation in the growth process
has been strongly emphasized. It is highlighted that, while the role of industrial structure dominates early post-war growth theories, it was almost entirely
neglected until approximately 20 years ago (see chapter 1). The new theoretical contributions (for instance, Hausmann et al., 2007), as new trade theory had
done in the 1980s (Krugman, 1987), again allow, but with new arguments, for the
possibility that government interventions and industrial policies may “be in the
national interest after all.” Moreover, while the empirical contributions on the
matter still have some loose ends (recall the limitation in section 6.3), the case
studies that are accumulating on those nations that did manage to ignite sustained
growth note that virtually none of them (except perhaps Chile8 ) are the result of
overly liberal policies (Lee and Lim, 2001; Rodrik, 2008; Yao, 2014).
8 However, some of its strong exports at present, such as salmon and wine, benefited from
selective industrial policies (Rodrik, 2004; Cusmano et al., 2010).
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While, as lamented by Rodrik in The New York Times, liberal policies still
dictate growth agendas, these new theoretical and empirical contributions have not
been ignored in all policy circles. For instance, the Inter-American Development
Bank offered the following appraisal in 2014:
“ Successful growth experiences around the world have often been associated with active productive development policies (PDPs). Today’s
advanced economies owe much to them. To mention one of many recent
examples, the republic of Korea, probably the most successful development story of the 20th century, shaped its economy with active policies
in support of specific sectors at different stages of development, from
fertilizers to shipbuilding, automobiles and more recently electronics.”
(Crespi et al., 2014, p.i of the synopsis)
Even the World Bank has taken notice. In a 2012 report titled New Structural
Economics signed by Justin Yifu Lin, then chief economist, one can read the
following:
“Drawing lessons from the intellectual advances, controversies, and disappointments of development economics, a third wave of development
thinking, advanced by a small group of economists such as Dani Rodrik,
Ricardo Hausmann, Andres Velasco, Philippe Aghion, Michael Spence,
Ann Harrison, Célestin Monga, myself, and a few others is well under
way. It aims at bringing structural change back to the core of development studies, and it emphasizes the important roles for the market
and the state in the process of promoting economic development. These
economists all agree that the market should be the basic mechanism
for resource allocation, but that government must play an active role
in coordinating investments for industrial upgrading and diversification
and in compensating for externalities generated by first movers in the
dynamic growth process.” (Lin, 2012, p.5)
These words are the clear manifestation of the policy consequences of the line
of research conducted in this thesis. The new theoretical constructions and empirical evidence call for ways of thinking about development that might trigger novel
institutional adjustments, reassessing the balance between the role of markets and
governments. What is particularly called into question is the taboo of industrial
policies. Also known as selective policies (Lall, 2004) or vertical policies (Crespi
et al., 2014), they remain largely marginalized, with some of the tools used in
the past (by Japan, South Korea and China, for instance) not available to most
countries at present, as they are banned by the WTO. Stressing once again my
own disclaimer, the contributions of this thesis highlight some arguments in favor
of selective industrial policies. In chapter 2, it has been found that between-sector
reallocation of production factors can be largely beneficial. Although a policy
maker should verify that this is not due to some constraints or distortions, there
is a distinct possibility that this is the consequence of a lock-in, caused by unfavorable (‘incorrect’) specialization. Chapter 3 also underlines the possibility of
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lock-in, revealing heterogeneous externalities and path-dependency of employment
changes by industry. Moreover, by measuring the heterogeneous strength of labor and input-output externalities, it takes a step forward in understanding the
technological requirements of new industries. The same can be said about chapter 4, which shows that changes in human capital input, something that can be
controlled by a policy maker through education and training programs, can trigger structural change. The chapter also shows suggestive evidence indicating that
return migrants bring back tacit, productive knowledge from advanced countries.
Programs for brain circulation in target industries might be able to achieve growth
through structural change. Finally, chapter 5 discusses how there can be positive
demand externalities among firms in emerging countries, due to low quality perceptions. With information asymmetries and coordination required, it is obvious
that the public sector has reasons to engage.
The new arguments for selective industrial policies do not eliminate the old ones
against them. The perils of rent-seeking, corruption, distortions, or pouring public
resources into the wrong endeavor are as real now as they were in the 1980s. For
these reasons, a number of authors suggest new, cautious strategies for industrial
policies that take into account the role of incentives and build safeguards against
government failures. Some examples are Lall (2004), Rodrik (2004), Cimoli et al.
(2006), Aghion et al. (2009), Lee and Mathews (2010), Mazzucato (2011), Lin
(2012), and Crespi et al. (2014). As these policies are largely untested, it remains
unclear whether they are the solution to the growth conundrum. Nevertheless,
while the evidence is arguably too preliminary to decidedly favor specific policies,
at the same time, I find that there is enough of it to suggest that next-generation
growth policies should search for ways to rebalance the mix between market and
government.
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Nederlandse samenvatting
In 2015 publiceerden de Verenigde Naties hun rapport over de millenniumdoelstellingen voor ontwikkeling, waaruit bleek dat tussen 1990 en 2015 ongeveer 1
miljard mensen zich aan extreme armoede hadden ontworsteld (UN, 2015). Van
deze armoededaling was echter 70% toe te schrijven aan de groei van China, terwijl
in andere delen van de wereld, zoals Afrika ten zuiden van de Sahara, de armoedecijfers sinds 1990 waren gestegen. De toeschrijving aan de groei van de Chinese
economie is onomstreden. Rodrik (2007) merkt zelfs op dat economische groei historisch gezien de grootste aanjager van armoedevermindering is. Dit onderstreept
het blijvende belang van een oude vraag in de economische wetenschap: waarom
groeien sommige landen wel maar andere niet?
Met deze dissertatie wordt een bijdrage geleverd aan dit fundamentele vraagstuk.
Hoewel de theoretische en empirische analyse van de aard en oorzaken van economische groei in de afgelopen vijftig jaar ons inzicht heeft vergroot en een antwoord dichterbij heeft gebracht, wordt hier aangevoerd dat bij de gevolgde aanpak
noodzakelijkerwijs is veronachtzaamd hoe economieën op weg naar groei een diepgaande structurele verandering ondergaan.
Voor de pioniers van de moderne groeitheorie (Simon Kutznets, Arthur Lewis,
Raul Prebisch, Hans Singer) was het duidelijk dat – omdat een zich ontwikkelende economie enorme veranderingen doormaakt, waarbij arbeidskrachten van
het platteland naar de stedelijke nijverheid trekken en daarna uiteindelijk naar de
dienstensector – structurele verandering een belangrijke sleutel moet zijn tot het
antwoord op de vraag waarom bepaalde landen groei vertonen. In plaats daarvan hebben de meeste studies zich na deze eerste bijdragen geconcentreerd op het
geheel van het groeiproces, dat deels bestaat uit accumulatie van input (fysiek en
menselijk) en deels uit technologische verbeteringen, het vermogen om input doelmatig om te zetten in output (Solow, 1956; Klenow and Rodrı́guez-Clare, 1997;
Jones and Romer, 2010).
Deze totaalbenadering is er, als gezegd, in geslaagd ons inzicht in groei te vergroten. In deze dissertatie wordt gesteld dat we, als we structurele verandering
weer een centrale plaats op de onderzoeksagenda geven, onze kennis kunnen vergroten door nieuwe of slecht begrepen economische groeiverschijnselen aan het licht
te brengen. Gelukkig hoef ik dat niet alleen te doen. Hoewel ze zich gedeeltelijk
in de marge van de groeitheorie bevinden, zijn er solide fundamenten waarop deze
dissertatie kan worden gebaseerd: de rol van structuren in de economische groei is
recentelijk onderkend in de endogene groeitheorie (Herrendorf et al., 2014) en de
internationale economie (Hausmann et al., 2007). Bovendien kent de (evolutionaire
en niet-evolutionaire) economische geografie een lange traditie van benadrukking
van het belang van de industriële structuur als verklaring voor regionale groei
(Rosenthal and Strange, 2004; Boschma and Martin, 2010). Op hun schouders
staand formuleer ik de doelen van dit onderzoek in vier onderzoeksvragen: (1) Is
economische structuur van belang? (2) Verschillen de externaliteiten per sector?
(3) Hoe verwerven landen nieuwe technologieën? (4) Is verwerving van nieuwe
technologie voldoende voor structurele verandering?
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Onderzoeksvraag 1: Is economische structuur van belang?
De eerste onderzoeksvraag wordt behandeld in hoofdstuk 2. Deze vraag wordt als
eerste gesteld omdat het van belang is direct empirisch inzicht te krijgen in de
relevantie van de economische structuur van landen en regio’s. Aangezien de theorie niet eensluidend is over het belang van economische structuur, gaat het hier
voornamelijk om een empirische vraag. In dit hoofdstuk wordt een methodologie voor structurele verrekening voorgesteld. Het laat zien dat productiviteit kan
worden ontleed in twee hoofdcomponenten: een plaatseffect (Place), bepaald door
de gemiddelde technologische verfijning van landen, en een samenstellingseffect
(Composition), dat wordt bepaald door de verdeling van productiefactoren over
verschillende sectoren. Zo is het mogelijk om te beoordelen hoeveel van de productiviteitsverschillen tussen landen kan worden toegeschreven aan de economische
structuur ter plaatse.
Dit is een verrekeningsoperatie waarmee geen oorzaken en gevolgen kunnen
worden ontrafeld. Toch is het een cruciale stap op weg naar beter begrip, vanwege
de mogelijkheid om het belang van structuur versus technologie te kwantificeren
in één statistiek. Op basis van een steekproef van meer dan 2 miljoen bedrijven
is in de analyse de totale factorproductiviteit (TFP) berekend voor 30 landen en
800 sectoren (24.000 land-sectorcombinaties). Daaruit blijkt na uitvoerige robuustheidscontroles dat de variatie in productiviteit ruwweg voor 1/4 uit structurele
en voor 3/4 uit technologische verschillen bestaat. Als de exercitie wordt herhaald
om de subnationale TFP te ontleden, lijkt de helft van de verschillen tussen regio’s
te worden veroorzaakt door de structuur en de helft door de technologie.
De uitkomsten van hoofdstuk 2 kunnen als richtsnoer voor de rest van de
dissertatie dienen. Ten eerste kan technologische vooruitgang, waardoor de productiviteit van achterlopende landen kan toegroeien naar het sectorgemiddelde,
de verschillen in levensstandaard tussen landen voor een groot deel verkleinen.
Vandaar dat de verkleining van technologische verschillen van primair belang is en
vandaar dat vanuit het perspectief van de evolutionaire economie en de economische geografie in de hoofdstukken 3 en 4 empirisch wordt ingegaan op een aantal
aspecten van de technologische transformatie van landen. Ten tweede is, zelfs als
het mogelijk zou zijn de verschillen in industriële technologie tussen landen direct
te verkleinen, de waargenomen toewijzing van middelen zodanig dat 1/4 van de
verschillen toch blijft bestaan.
Onderzoeksvraag 2: Verschillen de externaliteiten per sector?
In hoofdstuk 3 wordt ingegaan op een belangrijke kwestie met betrekking tot structurele verandering, namelijk of de externaliteiten per sector verschillen. In de inleiding wordt benadrukt hoe heterogene externaliteiten van sectoren tot ongelijkheid
kunnen leiden. De aanwezigheid van dergelijke externaliteiten laat ruimte voor
verschillende (verwante) theoretische mogelijkheden: meerdere evenwichten, trajectafhankelijke groei, de relevantie van aanvangscondities en geluk, verkeerde specialisatie, het centrale karakter van de industriële structuur en mogelijke negatieve
effecten van de liberalisatie van de handel. Het is daarom van essentieel belang
om de externaliteiten van een sector en hun heterogeniteit te meten.
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In hoofdstuk 3 wordt met econometrische technieken een schatting gemaakt
van de sterkten van lokale externaliteiten voor verschillende industriële en dienstverlenende sectoren. Voortbouwend op een gedachte van Ellison et al. (2010)
wordt de collocatie van sectoren gebruikt om afzonderlijke schattingen te maken
van de externaliteiten per sector. De analyse – die zich concentreert op twee Marshalliaanse kanalen: input-outputrelaties en externe arbeidsrelaties – is uitgevoerd op basis van regionale gegevens uit de VS en Mexico en levert sectorspecifieke
schattingen op voor 120 industriële en dienstverlenende sectoren, waaruit een hoge
mate van heterogeniteit blijkt. Uit het geheel blijkt dat agglomeratiepatronen in
de dienstverlening ten minste zo sterk worden bepaald door input-outputrelaties
als in de industrie, terwijl arbeidsrelaties veel krachtiger agglomeratiefactoren zijn
in de dienstensector dan in de industrie. Voor sommige industriële en dienstverlenende sectoren is geen sterk effect van hetzij arbeids-, hetzij input-outputkanalen
aangetoond. Enkele voorbeelden zijn de meubel- en voedingssector en recreatieve
diensten. In sectoren zoals elektronica, farmaceutica en medisch lijken agglomeratiepatronen hoofdzakelijk te worden bepaald door input-outputrelaties, terwijl
in een aantal andere sectoren – met name typisch stedelijke diensten als kennisintensieve zakelijke dienstverlening, architectuur en engineering – het beschikbare
arbeidspotentieel de belangrijkste aanjager van agglomeratie is. Weer andere sectoren (bijv. kunst en cultuur, machinebouw) worden beı̈nvloed door beide Marshalliaanse externaliteiten.
Onderzoeksvraag 3: Hoe verwerven landen nieuwe technologieën?
Naast het meten van de heterogene sterkte van externaliteiten beoogt hoofdstuk
3 ook antwoord te geven op de derde onderzoeksvraag en bij te dragen aan ons
inzicht in de evolutie van de industriële structuur in de tijd. In dit hoofdstuk ligt de
nadruk op het verband tussen Marshalliaanse externaliteiten en de productruimte.
De mate waarin twee sectoren soortgelijk zijn, kan in verband worden gebracht met
de waarschijnlijkheid van effectieve kennisoverdracht. Deze kan zich vertalen in
een topografie van sectoren, de productruimte, die in kaart brengt hoe de technologieën van verschillende sectoren elkaar beı̈nvloeden. Omdat input-output en
arbeid belangrijke kanalen voor externaliteiten zijn, kunnen de bilaterale verbanden tussen input-output en arbeid van sectoren zelf als productruimte worden
opgevat.
Terwijl in de literatuur al met overtuigende bewijzen is vastgesteld dat de
productruimte kan worden gebruikt om de groei van bestaande of de opkomst van
nieuwe sectoren te voorspellen (Hidalgo et al., 2007; Neffke et al., 2011), wordt in
dit hoofdstuk aangetoond dat ook met het meten van sectorverwantschap op basis
van input-output- en arbeidsrelaties de evolutie van de economische structuur goed
voorspeld kan worden. Bovendien blijkt dat met de heterogene schattingen van
externaliteiten de groeivoorspellingen kunnen worden verbeterd.
De logica van de productruimte lijkt bij te dragen aan de beantwoording van
de onderzoeksvraag, maar iets aan dat antwoord blijft - althans ten dele - onbevredigend. De dynamiek van de productruimte suggereert dat er sprake is van
een trajectafhankelijke transformatie, waarbij de economische structuur in een

180

NEDERLANDSE SAMENVATTING

gegeven jaar de economische structuur van het volgende jaar bepaalt. Ook lijkt
deze dynamiek erop te duiden dat sommige landen terechtkomen in ‘virtuous cycles’, of een opwaartse spiraal, met specialisering in veel activiteiten in het centrale,
drukbevolkte deel van de productruimte, maar dat andere klem komen te zitten
in de marge, met specialisatie in technologisch stagnerende, niet-winstgevende activiteiten. Hoe komen zulke beklemde landen aan nieuwe technologie?
In hoofdstuk 4 wordt gesteld dat remigratie een kanaal kan zijn om aan technologische beklemming te ontsnappen. Werknemers die jarenlang in een technologisch hoger ontwikkeld land hebben doorgebracht, nemen bij terugkeer een deel
van hun verworven impliciete kennis mee en kunnen daarmee bijdragen aan het
invoeren van een technologie die de bestaande industriële structuur niet zou kunnen hebben verworven. Een empirische analyse van de migratiestromen tussen
de Verenigde Staten en Mexico laat zien dat terugkerende migranten het samenstel van vaardigheden in Mexicaanse steden veranderen. Met behulp van twee
zorgvuldig geconstrueerde instrumentele variabelen is ontdekt dat remigratie in
Mexico structurele verandering teweegbrengt. Bovendien levert een analyse van
de lonen voorzichtig bewijs voor enkele technologische externaliteiten.
Onderzoeksvraag 4: Is verwerving van nieuwe technologie voldoende
voor structurele verandering?
Tot slot wordt in het vijfde hoofdstuk de relatie tussen technologische inhaalslag
en structurele verandering verbroken. Hoewel kan worden aangevoerd dat structurele verandering altijd een gevolg is van technologische verandering, blijkt uit
het theoretische model in dit hoofdstuk dat dit niet noodzakelijkerwijs het geval
is.
Het kernmechanisme van dit model dat structurele verandering verhindert,
komt van de vraagzijde. Bedrijven uit een achterlopend land, zo wordt betoogd,
hebben een nadeel op het gebied van vraag.. Wanneer zij voor het eerst een
nieuwe sector betreden en hun goederen of diensten op de internationale markten
aanbieden, moeten zij eerst het hoofd bieden aan een gebrek aan collectieve reputatie. Voor verschillende goederen waarvan de kwaliteit niet voor aankoop kan
worden beoordeeld, kan dit een ernstige belemmering vormen.
Deze verstoring staat bekend als country-of-origin bias of made-in effect, en
in hoofdstuk 5 wordt een formeel model gepresenteerd om vast te stellen onder
welke omstandigheden bedrijven (en landen) deze country-of-origin bias kunnen
overwinnen en marktleiders kunnen worden. De modelstrategie voor het vastleggen van deze krachten is voor zover ik weet nieuw en gebaseerd op een mix van
standaard- en evolutieprincipes. Het model maakt te allen tijde gebruik van de
standaardtoolkit van de micro-economie en is ten aanzien van de ontwikkeling in
de tijd geı̈nspireerd door evolutionaire principes. Ten eerste verandert de vraag
in de loop van de tijd volgens de mechanismen die aan het licht zijn gebracht in
diffusiemodellen (Geroski, 2000). Ten tweede betreden en verlaten bedrijven uit
verschillende landen de markt, niet omdat ze een vooruitziende blik hebben maar
vanwege actuele winsten of verliezen. In soortconcurrentiemodellen (zoals het befaamde Lodka-Volterramodel, Simon and Blume, 1994) wordt de groei of neergang
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in een soort van een bepaald type veroorzaakt door reproductie en overlijden,
afhankelijk van de gezondheid van de soort. Op soortgelijk wijze reproduceren
bedrijven in het model (door imitatie of spin-offs), of ze gaan dood (door van de
markt te verdwijnen), afhankelijk van hun gezondheid (winstgevendheid). Hogere
winst betekent meer imitatie; hoger verlies impliceert een sneller verdwijnen.
De analyse van dit model maakt het mogelijk een toestand van haasje-over te
onderkennen, die afhangt van de technologische verschillen tussen twee landen, het
kenmerk van het product (gedifferentieerd of homogeen) en de aanvangscondities
van het systeem. Een generalisatie van het model naar vele sectoren laat zien dat
de laatkomers onder de landen - nadat ze de koploper technologisch in alle sectoren
hebben ingehaald - mogelijk gespecialiseerd blijven in laagwaardige producten. Dit
bevestigt de intuı̈tie van het eensectormodel, te weten dat het verwerven van de
relevante technologie voldoende is om grote structurele veranderingen in gang te
zetten.
Conclusies
Wanneer de bijdragen in de verschillende hoofdstukken gezamenlijk beschouwd
worden, kunnen we ook het overkoepelende onderzoeksdoel van deze dissertatie
nastreven: inzicht verkrijgen in het belang van structurele verandering voor groei.
In deze dissertatie - die voortbouwt op onderzoek in de internationale economie,
evolutionaire economie en economische geografie - wordt een beeld van het groeiproces geschetst dat enigszins afwijkt van wat het dominante model in de groeitheorie
lijkt te zijn, omdat het ruimte biedt voor meerdere evenwichten, trajectafhankelijke groei, de relevantie van aanvangscondities en geluk, verkeerde specialisatie,
het centrale karakter van de industriële structuur en mogelijke negatieve effecten
van de liberalisatie van de handel.
Wanneer deze elementen in aanmerking worden genomen, wordt de beschrijving
van het groeiproces complexer. Ten eerste blijft technologie de bron van groei,
maar zij is - zoals Kuznets opmerkt - slechts een noodzakelijke voorwaarde en niet
op zichzelf toereikend voor groei. Ten tweede is structurele verandering niet slechts
een gevolg maar ook een oorzaak van technologische verandering. Ten slotte kan
endogene technologische en structurele verandering tot insluiting in laagwaardige
activiteiten (‘verkeerde’ specialisatie) leiden doordat groei trajectafhankelijk is.
Exogene kennis kan noodzakelijk zijn om in dergelijke gevallen weer groei te
genereren. De nieuwe theoretische constructies en empirische bewijzen vergen
nieuwe vormen van denken over ontwikkelingsbeleid. Het bewijs dat deze dissertatie levert, pleit voor een herziening van de balans tussen de rol van de markten en
die van overheden. Dit geldt in het bijzonder ten aanzien van het industriebeleid,
nu nog een taboe. In deze dissertatie wordt echter ook geconstateerd dat de nieuwe
argumenten voor industriebeleid geen eind maken aan de oude bezwaren tegen zo’n
beleid (rendementsdenken, corruptie, verstoringen of het investeren van publieke
middelen in verkeerde zaken). Daarom moeten, zoals andere auteurs hebben bepleit, in nieuwe strategieën voor industriebeleid ook de rol van stimulansen en de
inbouw van garanties tegen overheidsfalen in aanmerking worden genomen.
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