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Abstract

This dissertation consists of three essays with a clear empirical orientation.
The first essay provides evidence concerning the relationship between
regional productivity, capital deepening, technological spillovers and local
absorptive capacity. The second essay analyzes regional inequalities in the
impact of broadband on productivity, giving insights on which local
attributes contribute to making the most of those efficiency gains. Finally,
the third essay performs a firm-level study of the linkages between internet
adoption and use with productivity, considering also heterogeneities as the
empirical analysis is performed at different points of the productivity
distribution. The three essays conform the chapters of this thesis, entitled
respectively: “Factor Accumulation, Externalities and Absorptive Capacity
in Regional Growth: Evidence from Europe”, “On the regional impact of
broadband on productivity: the case of Brazil”, and “Internet and enterprise
productivity: evidence from Latin America”.

Factor Accumulation, Externalities and Absorptive Capacity in
Regional Growth: Evidence from Europe (co-authored with Enrique
Lépez-Bazo).

This chapter proposes a model which incorporates capital accumulation and
spatial spillovers across economies, while allowing for regional differences
in absorptive capacity. This model is estimated using a sample of EU
regions, over a period including the enlargement of the single-market area
in the mid-2000’s. Results confirm the relevance of local absorptive
capacity, that is directly linked with the process of making the most of
externalities. Capital deepening reduced the role of capital in explaining the
regional productivity gap, but was not enough to help lagging regions to
equal the return to human capital investments reached by most advanced
regions.
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On the regional impact of broadband on productivity: the case of
Brazil (co-authored with Enrique Lopez-Bazo).

This chapter analyses the incidence of broadband on regional productivity
in Brazil, intending to find out if the economic impact is uniform across all
territories of the country. The possibility of performing a regional approach,
instead of the usual country-level analysis, means an opportunity to
disentangle the economic impact of broadband at territories which share a
common institutional and regulatory framework as are the regions inside a
country. Results suggest that the impact of broadband on productivity is
positive although not uniform across regions. On the one hand, it seems to
depend on connection quality and network effects. Faster download speed
and critical-mass accounting for network externalities in the region enhance
the economic impact of broadband. On the other hand, higher productivity
gains are estimated for the less developed regions. The fact that the less
productive regions in Brazil seem to be benefiting more from broadband
may suggest that it can constitute a factor favoring regional convergence in
the country.

Internet and enterprise productivity: evidence from Latin America
(co-authored with Enrique Lopez-Bazo and Matteo Grazzi).

This chapter tests three hypotheses regarding the link between internet and
firm productivity: 1) internet adoption and use constitute a source of
productivity growth for firms in Latin America, i1) the intensity of its use
also matters, and 1iii) the link between the new technologies and
productivity levels is not uniform over the whole productivity distribution.
The evidence in this chapter fills the gap of scarce and fragmented literature
focused on Latin America, and is aligned with previous research for more
developed regions which has generally recognized that Information and
Communication Technologies have radically changed how modern business
are conducted, benefitting firm performances through several channels,
such as increasing the efficiency of internal processes, expanding market
reach or increasing innovation. The findings suggest that low and medium
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productive firms benefit more from an expansion in internet adoption and
use, in comparison with the most productive ones. If this evidence is
supposed to reflect long-term effects, then public policies oriented to
massify internet adoption and promote internet use intensively will surely
contribute to reduce inequalities of enterprise’s productivity levels,
promoting a level playing field among Latin American firms, something
especially relevant for the most unequal region of the world.
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Chapter 1. Introduction

“Productivity isn't everything, but in the long run it is almost everything. A
country’s ability to improve its standard of living over time depends almost
entirely on its ability to raise its output per worker.”

Those words, belonging to Paul Krugman (The Age of Diminishing
Expectations, 1994), are widely shared among economists. Productivity
levels and its growth determine the living standards and the wealth of
economies. This is because income levels of an economy are ultimately
closely tied to what it produces. Despite the shared consensus among
economists about its relevance, productivity growth in the world has been
mostly heterogeneous in recent decades, prompting the development of new
divides among regions and countries. Figure 1.1 illustrates an example of
this statement, reporting the recent evolution of productivity in six of the
bigger economies in the world.

Figure 1.1: TFP evolution for selected countries (base 1990=1)
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As seen in Figure 1.1, the evolution of Total Factor Productivity (TFP) in
the past 25 years evidences a huge dynamism of some emerging economies
as China and India, growing much faster than more developed countries as
the United States, United Kingdom and France, thus closing the gap among



them, which suggests the presence of a convergence process, in line with
Barro and Sala-i-Martin (1991). On the contrary, other large emerging
countries, as Brazil and Mexico, are going nowhere in terms of productivity
growth, losing ground even to the more mature countries cited. These are
not isolated cases in the emerging world. Taking advantage of the regional
aggregated data offered by The Conference Board, Figure 1.2 reports the
annual growth rate of TFP for three emerging blocks: Latin America,
Middle East and North Africa, and Sub-Saharan Africa, in comparison to
that of the United States as a benchmark. As can be seen, productivity
growth rates in those economies have been usually lower than that of the
US, reaching even negative values in prolonged periods.

Figure 1.2: TFP annual growth rate for selected regions (1990-2016)
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What this evidence is telling us, is that despite the consensus regarding the
relevance of productivity to increase living standards, there still are
important gaps that need to be studied, and disentangling the nature of those
disparities should be a top priority for research and policy advice.

Over the last decades, literature on growth and development has intended to
explain the huge disparities in productivity levels among world economies.



For lagging economies, it is particularly important to understand its
shortcomings in order to prompt or boost the convergence process to the
standards of the richest economies. While the sources of productivity
disparities may be extremely varied, this dissertation will focus specifically
in addressing the topics described below.

Original neoclassical theorists tended to assume that the level and growth
rate of productivity was roughly the same across different economies; hence
disparities were mainly explained by differences in saving rates and capital
stocks (e.g. Solow, 1956). Years later, some authors found empirical
evidence that disparities were mainly accounted by factor accumulation, as
Mankiw et al (1992) and Young (1994, 1995). In contrast, other empirical
findings suggested that cross country differentials in physical capital
accounted for a small part of disparities in income per capita (e.g. Denison,
1962, 1967; King and Levine, 1994). These findings enhanced further the
discussion and added elements to the debate. As stated by Caselli (2005), if
factors were found to account for most of the disparities, then development
economics should focus on explaining low rates of factor accumulation. On
the contrary, if efficiency differences play a larger role in explaining
disparities, then research should have to focus on decoding why some
economies are able to extract more from factor endowments.

As for efficiency improvements, innovation has been identified as one of its
principal sources. Innovation activities may contribute to technological
change at enterprises, thus improving productivity, which may be
extrapolated to economic growth at a macro level. As stated by Schumpeter
(1934), innovation activity and technological advances at a micro level are
significantly important, as they contribute to increase production and
employment, and may play a significant role as a catalyst of important
technological changes. At a macro level, for instance, literature on
endogenous economic growth has analyzed the role of technological
innovation activity as a potential source of economic growth (e.g.
Grossman and Helpman, 1991; Aghion and Howitt, 1991; Romer, 1990).

Related literature also identifies the process of learning-by-doing (Arrow,
1962) as a potential source of productivity gains. Learning-by-doing refers
to the capability of workers to improve their productivity by repeating the



same actions. The increased productivity is achieved through practice,
self-perfection and minor innovations. At the aggregate level, economies
with higher physical capital per worker may be benefited by this type of
externality, which makes learning-by-doing a potential source of disparities.

Technological advances as those described above might also spill-over
across different economic actors. In particular, diffusion of knowledge
spillovers across economies may be linked with geography. For instance
Keller (2002) found that technological spillovers were local, not global, as
the benefits from foreign externalities decreased with distance. The idea of
spatially bounded spillovers, in addition to the stylized fact of a spatial
distribution of wealth and poverty in the world plus the developments in the
New Economic Geography literature (see for instance Krugman, 1991),
made the spatial dependence patterns becoming relevant to consider in
productivity analysis. Trade-related flow of ideas across regions and
countries is believed to be a particular channel of geography incidence in
spillovers (Coe and Helpman, 1995; Koch, 2008; Rodriguez-Pose and
Crescenzi, 2008). In recent years, the empirical analysis performed by
Lopez-Bazo et al (2004), Fingleton and Lopez-Bazo (2006), and Koch
(2008), among other authors, showed the relevance of incorporating spatial
externalities to the analysis of productivity disparities.

The extant literature has identified Information and Communications
Technologies (ICTs) as an important potential source of productivity
growth, for various reasons. In first place, because investment in ICTs
contributes to capital deepening and therefore helps raising productivity.
Second, rapid technological progress in the production of ICT goods and
services may contribute to growth in the efficiency of capital and labour, or
TFP, in the ICT-producing sector. And third, greater use of ICT throughout
the whole economy may help firms increase their overall efficiency, thus
raising TFP. Moreover, greater use of ICT may contribute to network
effects, such as lower transaction costs and more rapid innovation, which
should also improve productivity levels (see for instance Pilat, 2004). Many
other authors suggest that ICT generates externalities in the form of
spillovers through efficiency gains in the production process, and through
the accumulation of intangible organizational capital accompanying



investment in ICT capital (Stiroh, 2002). Such positive externalities, or
spillover effects, can accelerate factor productivity growth in ICT-using
industries. In the past, some aggregate empirical evidence suggested limited
productivity impacts of ICT in many countries, despite substantial
investments (see Solow’s productivity paradox; Solow, 1987). In more
recent years, the evidence suggests that the use of ICTs does have positive
impacts on firm performance and productivity, although there are gaps in
the literature that remain largely unstudied, as the role of the quality of the
networks and the heterogeneous effects across different economic agents.

Finally, some of the above mentioned externalities may not always be
incorporated automatically by those concerned, because there can be
differences in the absorptive capacities of the different economic units. This
may be reflected through a wide range of social and institutional conditions,
which may include educational achievements, productive employment of
human resources, among many others.

The above reported literature still evidences some unsolved issues which
require to be addressed through further empirical research. For instance,
while literature has usually proven that technological spillovers take place
through spatial interactions, it is still not clear if these processes take place
regardless of local characteristics, or if on the contrary, some economic
agents are able to absorb those externalities in a higher degree than others.
On the other hand, it is not clear whether the sources of efficiency gains,
either those deriving by learning-by-doing or by ICTs adoption and use, are
uniform across different economic agents, and if they’re not, which are the
conditions required to maximize its potential. Another question mark is
under which conditions those spillovers can become instruments to promote
convergence, and thus reduce disparities between economic agents —at the
micro level- and across economies —at the macro level. These are key
questions for policy purposes.

All in all, the objective of this thesis is to make a theoretical and empirical
contribution, decoding the nature of productivity disparities across different
economic actors, focusing on the sources described above, and providing
reflections for policy advice. In particular, we aim to contribute to the
extant literature by providing answers to the questions raised in the previous



paragraph. In that sense, one of the main hypothesis of this dissertation is
that efficiency-originated productivity gains vary largely among different
economic units, as the degree of the economic impact will surely depend
significantly on some characteristics of the agents under analysis (firms or
regional economies). Given our manifest purpose of making contributions
which can enrich advice in public-policies, this thesis will focus particularly
in most-disadvantaged economic units, intending to find out which
circumstances can help them to converge to the most productive ones.

We will work with samples which exhibit important disparities and are
especially suitable to test our main hypotheses. While country-level
analysis can be useful to get some insights of the concerned topics, the
possibility of working with more disaggregated data is much more
propitious for our purposes, as are much closer to where the concerned
dynamics effectively take place. In the first place, we will exploit the
information from a sample of European regions, provided by Cambridge
Econometrics, which constitutes a suitable framework to study the role of
spatial externalities. European regions exhibit large internal disparities,
especially since the inclusion of several countries from Central and Eastern
Europe in the mid-2000’s. Given the relevance of the spatial patterns for the
diffusion of externalities, this sample will provide us an opportunity to
study the role played by the local context in the process of making the most
of that spillovers. In the second place, we will also conduct an empirical
analysis for the set of Brazilian regions, which means an opportunity to
disentangle the productivity disparities and the role played by ICTs at
territories which despite evidencing important disparities, still share a
common institutional and regulatory framework, as are the regions inside a
country. The data, mainly provided by Instituto Brasileiro de Geografia e
Estatistica and Telebrasil, consist in a panel of 27 states for 2007-2011.
Finally, we will also conduct firm-level estimates, as the enterprises are the
main economic agent where production effectively takes place, therefore
being the most important part for any productivity analysis. In particular,
firm-level data may help in understanding the ICT dynamics for
productivity improvements, as it can point to factors that cannot be
observed at more aggregated levels. For that reason, we will also perform
empirical analysis with the World Bank Enterprise Surveys database, for a



sample of Latin American firms, a region which constitutes an appealing
case of analysis due to its inequality, its lagging position in adoption of
advanced technologies and slow productivity growth, which will provide us
the possibility of finding out the distributional effects of our key variables
of interest.

This dissertation provides novel evidence on the relevance of absorptive
capacities for the region’s ability to obtain productivity gains from
efficiency spillovers, particularly those arising from [learning-by-doing
externalities, as well as of spatial interactions. Also, the evidence in the
thesis is consistent with ICT having a positive but heterogeneous impact on
productivity. In that sense, both region-level and firm-level empirical
analyses provided evidence that the less productive actors are those which
exhibit the bigger potential gains from internet adoption and use. Therefore,
public policies oriented to promote ICT massification can help to reduce
disparities, both across firms and regions. The quality of broadband
networks and the degree in the intensity of ICT use are also relevant in
order to maximize productivity gains.

The elaboration of this thesis has been a rich process of exchange and
discussion. Previous versions of the different chapters were subsequently
published as working papers or book chapters, and presented in various
academic seminars, in order to get feedback to enrich the analysis. In
particular, this thesis is based on the following publications:

e Jung, J. and Lopez-Bazo, E. (2017) Factor Accumulation,
Externalities and Absorptive Capacity in Regional Growth: Evidence
from Europe, Journal of Regional Science, 57, 266—89.

o Previous versions:

m Jung, J. and Lopez-Bazo, E. (2014) Factor
Accumulation, Externalities and Absorptive Capacity
in Regional Growth: Evidence from Europe, Working
Paper 2014/16, Research Institute of Applied
Economics (University of Barcelona).

e Presented in the following instances:
o XVIII Encuentro de Economia Aplicada,
Alicante, Spain, June 2015



m Jung, J. (2012) Externalities and Absorptive Capacity
in a context of Spatial Dependence: The Case of
European  Regions, Working paper No.22/12
Department of Economics, Faculty of Social Sciences
(University of the Republic, Uruguay).

e Presented in the following instances:

o Montevideo Economics Meeting,
December 2012

o Department of Economics seminar
(University of the Republic, Uruguay),
November 2012

o AQR Lunch Seminar (University of
Barcelona), June 2012

e Jung, J. and Lopez-Bazo, E. (2017) On the regional impact of
broadband on productivity: the case of Brazil, Working Paper
2017/08, Research Institute of Applied Economics (University of
Barcelona).

o This article is a later development of an initial study published
as book chapter:

m Jung, J. (2015) Digital Inclusion and Economic
Development: A Regional Analysis from Brazil, in
Dutta, S., Geiger, T. and Lanvin, B. (eds), The Global
Information Technology Report 2015, World Economic
Forum, 101-9.

o Previous versions:

m Jung, J. (2015) Regional Inequalities in the Impact of
Broadband on Productivity. Evidence from Brazil,
IBEI Working Papers 2015/47.

e Presented in the following instances:
o IBEI Research Seminar - Catedra
Telefonica, March 2014.

e Jung, J.,, Loépez-Bazo, E. and Grazzi, M. (2017) Internet and
enterprise productivity: evidence from Latin America, Working
Paper 2017/09, Research Institute of Applied Economics (University
of Barcelona).

o This article is a later development of an initial study published



as book chapter:

m Grazzi, M. and Jung, J. (2016) Information and
Communication  Technologies, Innovation, and
Productivity: evidence from Firms in Latin America
and the Caribbean, in Grazzi, M. and Pietrobelli, C.
(eds), Firm Innovation and Productivity in Latin
America and the Caribbean, Palgrave Macmillan
US,103-35.

e Presented in the following instances:

o CPR Latam conference, June 2016

o AQR Lunch Seminar (University of
Barcelona), February 2015

o Inter-American  Development  Bank
workshop  “Determinants of Firm
Performance in LAC:
What Does the Micro Evidence Tell
Us?”, June 2014

The thesis is divided into three main chapters, each one containing an
introduction of the topic and a review of the literature to describe the
current state of the art and to delineate the hypotheses. In all cases, a model
is proposed in order to contrast empirically the hypotheses. Together with a
description of the data to be used, each chapter includes an exploratory
analysis of the variables of interest. The presentation and discussion of the
main results is followed by some conclusions and policy implications. At
the end of this dissertation, general conclusions are exposed.
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Chapter 2. Factor Accumulation, Externalities and Absorptive
Capacity in Regional Growth: Evidence from Europe'

2.1 Introduction

Over the last decades, literature on growth and development has intended to
explain the huge disparities in productivity levels among world economies.
This field of study is important, because decoding the sources of disparities
will surely provide a useful input which should guide the agenda for
research and policy advice. As stated by Caselli (2005), if factors were
found to account for most of disparities, then development economics
should focus on explaining low rates of factor accumulation. In contrast, if
efficiency differences were found to play a large role, the task would consist
in explaining why some economies are able to extract more output than
others from their inputs. Additionally, following the advances in the
literature, adding the role of the local context and that of spillovers into the
equation may produce a more global and realistic perspective, in which
decoding the interactions among them will surely provide useful
information. For instance, if local conditions produce differences in
absorptive capacity, then similar policies may produce different results in
diverse regions. As an example, in isolated regions with poor local
conditions the investment in physical capital may not yield the expected
return, because of inadequate local social-filter and its geographical
location, which may make them low exposed to spillovers. This must be
taken into account when designing policies, as for example the European
cohesion programs, which are oriented to regions which have in common
the fact that are poorer in comparison with the core, but that may differ in
terms of geographical location and local context.

! Published as: Jung, J. and Lopez-Bazo, E. (2017) Factor Accumulation, Externalities
and Absorptive Capacity in Regional Growth: Evidence from Europe. Journal of
Regional Science, 57, 266—809.

The author gratefully thank the anonymous reviewers and, particularly, the co-editor Prof.
Coulson for useful suggestions and encouragement. E. Lopez-Bazo acknowledges
financial support provided by the Spanish Ministry of Economics and Competitiveness,
National Program of R&D, under grant ECO2014-59493-R and Fundacion BBVA “I
Convocatoria de Ayudas a Proyectos de Investigacion 2014 (area de socioeconomia)”.
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Nelson and Phelps (1966) were among the first to assert the crucial role of
absorptive capacity on growth, emphasizing the link between higher
education and technological diffusion. Their approach assigned an indirect
role for human capital (through its incidence in technology), rather than the
more conventional consideration of human capital as an additional input of
production. In the same line, Cohen and Levinthal (1990) argued that the
ability to exploit external knowledge is largely a function of prior related
knowledge which depends, among other factors, on the advanced technical
training of workers; whereas Benhabib and Spiegel (1994) claimed that the
ability of an economy to adopt and implement external technology depends
on its human capital stock. Recent empirical evidence has provided support
to the role of human capital as a key determinant of absorptive capacity. For
example, results on the entrepreneurial activity in the US metropolitan areas
in Qian et al (2013) led the authors to conclude that the chief contribution
of human capital is on building entrepreneurial absorptive capacity rather
than creating knowledge-based entrepreneurial opportunities. On the other
hand, technological diffusion soon became linked with geography. For
instance, Keller (2002) found that technological spillovers were local, not
global, as the benefits from foreign externalities decreased with distance.
The idea of spatially bounded spillovers, in addition to the stylized fact of a
spatial distribution of wealth and poverty in the world, plus the
development of the New Economic Geography literature (see for instance
Krugman, 1991) made the spatial dependence patterns almost impossible to
ignore in the analysis. In recent years, Lopez-Bazo et al (2004), Fingleton
and Lépez-Bazo (2006), Ertur and Koch (2007), and Koch (2008, 2010)
proposed growth models which explicitly accounted for spatial dependence
and externalities. Basile et al (2012) even claim that other forms of
proximity, such as technological, relational and social, reinforce the effects
of geographical proximity.

Numerous studies have focused on regional growth disparities in Europe
(see for instance Sala-i-Martin, 1996; Quah, 1996; Lopez-Bazo et al, 1999;
Magrini, 2004; Bosker, 2009; Koch, 2010). Some of them have also
incorporated the spatial dimension to their analysis, which was found to
play a crucial role (see, among others, Fingleton and Lopez-Bazo, 2006;
Basile, 2008). The relevance of the spatial patterns in the distribution of

12



wealth and poverty in Europe revealed in these studies makes that regional
analyses of economic growth should take this characteristic into account.
This is even more important since the enlargement of the European Union
(EU) towards countries of the Centre and East of Europe (hereafter CEE
countries), which has exacerbated the amount of regional disparities.
Actually, the enlargement provided a challenge to the EU regional cohesion
policy. With the inclusion of 10 countries” in 2004 plus Bulgaria and
Romania in 2007, the EU became a 27-country single-market area. As
many of these countries had at that time income levels around 40 per cent
of the EU average, the enlargement increased inequalities and produced the
replacement of the former North/South polarization towards a new
North-West/East pattern (Mora et al, 2004; Ertur and Koch, 2006; Marrocu
et al, 2013). Existing evidence indicate that dispersion in Gross Domestic
Product (GDP) per head had been reduced since late-nineties to 2008, but
despite that, inequalities persist, and have even increased within some CEE
countries (European Commission, 2010; Monastiriotis, 2014). In that
context, it seems worth to study the sources behind the evolution of regional
inequalities in the entire EU in a period including years before and after the
enlargement of the mid-2000s.

The openness of CEE economies prompted the inflows of external capital
through Foreign Direct Investment (FDI), as stated by Bijsterbosch and
Kolasa (2010) and European Commission (2010). For that reason, capital
deepening and technological catch-up should not be analyzed in isolation,
as capital accumulation through FDI may also act as vehicle for economic
restructuring and technological diffusion (Bijsterbosch and Kolasa, 2010).
Because of that, the reference model should consider not only capital
accumulation as an engine of growth, but also additional sources, as for
example a learning-by-doing process (Arrow, 1962). Additionally,
according to Klenow and Rodriguez-Clare (2005), FDI flows have a
relation with geographical distance and, therefore, spatial dependence
should be also considered. The incidence of geography can take place
through other channels. In this sense, trade-related flow of ideas across

2 The 2004 enlargement process included Cyprus, Czech Republic, Estonia, Hungary,
Latvia, Lithuania, Malta, Poland, Slovakia and Slovenia.
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countries is believed to be another channel of geography incidence in
spillovers (Coe and Helpman, 1995; Koch, 2008; Rodriguez-Pose and
Crescenzi, 2008). The strength of these spillovers can be seen, for instance,
as related to the intensity of trade between economies. In that sense,
geography is again expected to play an important role in the process of
technological diffusion. For all those reasons, spatial interactions should be
considered as additional sources of spillovers. Finally, these externalities
may not always be incorporated automatically by those concerned, as there
can be regional differences in absorptive capacity. This may be reflected
through a wide range of social and institutional conditions, constituting a
social-filter which may include educational achievements, productive
employment of human resources, and demographic structure
(Rodriguez-Pose and Crescenzi, 2008).

In the light of the reduction of income disparities which took place in period
1999-2007 (European Commission, 2010), the analysis in this chapter
focuses in decoding its sources (capital intensity and/or technological
catch-up), and in the role played by the local context (through absorptive
capacity) in the process of making the most of externalities. In this regard,
the strategy followed by this chapter is twofold. On the one hand, a
theoretical model is proposed, consisting in an extension of the framework
developed by Ertur and Koch (2007) and Koch (2008, 2010), but going a
step further, as it allows for differences across regions in local absorptive
capacity. In a second step, that model is fitted for a set of EU regions in the
period 1999-2008. Finally, the estimate of the parameters of the model is
used to perform a development accounting exercise, following Easterly and
Levine (2001), intending to find how much of the gap between rich and
poor EU regions can be attributed to differences in physical capital, and
how much can be attributed to technology. In this regard, it should be
mentioned that King and Levine (1994) concluded that capital accounted
for around half of disparities in a sample of 102 countries, whereas results
in Young (1994, 1995) suggested that the “miracle” of the eastern Asian
countries in the second half of the twentieth century was mainly a case of
factor accumulation. In his recent contribution, Koch (2008) showed that
incorporating spatial externalities to the analysis made physical capital to
increase dramatically its contribution, accounting in some cases for 90 per
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cent of the development gap among a sample of 91 countries in 1995. He
concluded that neglecting spatial interactions might potentially bias the role
of physical capital in the development process. His model, however, did not
account for differences in local absorptive capacity. It may also be the case
that the contribution of factor accumulation and that of technology to
disparities across regions differ from those across countries. In contrast, the
hypothesis that guides the analysis in this chapter is that local absorptive
capacity is crucial for explaining the sources of regional disparities in EU.

The rest of the chapter is structured as follows. Section 2.2 sketches the
theoretical model which takes into account externalities across regions and
assumes that they differ in their abilities to make the most of these
spillovers. Section 2.3 introduces the data and descriptive analysis, while
the estimation of the coefficients of the model and the results of the
development decomposition are discussed in section 2.4. Finally section 2.5
concludes.

2.2 A model with externalities and absorptive capacity

We build our model on that proposed by Ertur and Koch (2007) and Koch
(2008), in which for each regional economy i a Cobb-Douglas production
function exhibits constant returns to scale in labour (L) and physical capital

(K):
Y, =KL [1]

The aggregate level of technology in i, 4; , depends on some proportion of
exogenous technology, common to every region, (Q°), and also on
learning-by-doing physical capital externalities and on technological
interdependence between economies:

@+h) +8hwy;)

N
HA* (legf

AF =k
i i J
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wherek” is defined as physical capital per worker, since as pointed out by
Ertur and Koch (2007), knowledge is supposed to be embodied in physical
capital per worker and not in levels, in order to avoid scale effects. A,
represents endowment of human capital per worker, which intends to
measure regional differences in the abilities to adopt and implement
technological externalities, whereas w,; and w,; denote the measures of the
amount of interaction between regions i and j, that may be similar or
different.

The production technology in this chapter does not consider thus human
capital as a conventional input. Instead, human capital is incorporated as an
argument of the aggregate level of technology. There have been some
papers which were unable to find a significant impact of human capital as a
standard input.3 On the other hand, Nelson and Phelps (1966) and Benhabib
and Spiegel (1994) found evidence of human capital incidence through
technology, as it constitutes an important element to be able to incorporate
technological advances generated abroad. In this spirit, our model
incorporates human capital as a measure of local absorptive capacity.4 It is
understood that part of the learning-by-doing externalities may have an
impact on technology regardless of the level of human capital, because even
if workers are not highly embodied with education, they may still learn
something in the process (this effect is measured through the parameter
@>0). At the same time, this learning process will be accelerated the higher
the skills of the workers (this is measured through A>0). In a similar way,
absorptive capacity will play a key role in the technological
interdependence across economies. As before, it is assumed that some
benefit is obtained from interaction regardless of human capital (y>0), but
the absorptive capacity will be enhanced with higher levels of skills (6>0).

> Benhabib and Spiegel (1994) estimated several growth accounting regressions
considering human capital as a conventional input, which was found to enter
insignificantly, and almost always with a negative coefficient.

* From a complementary perspective, Cohen and Levinthal (1990) and subsequent studies
have provided arguments for the critical role of absorptive capacity at the firm level. This
strand of the literature has also pointed to human capital as a key determinant of firm’s
absorptive capacity (e.g. Qian et al, 2013). We thank an anonymous referee for suggesting
this remark.
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Therefore, in contrast with the specification for the aggregate level of
technology in Ertur and Koch (2007) and in Koch (2008), we assume that
the effect of externalities from capital accumulation in region i on its level
of technology depends positively on the existing stock of human capital in
that region. The same applies in the case of technical progress generated
elsewhere. Its effect on the level of technology in region i is assumed to
depend on its absorptive capacity that, in turn, is determined by the
endowment of human capital. The model in the above-mentioned papers
imposes a similar rate of absorption in all regions regardless of the
endowment of human capital. In such a case, A=0=0. Instead of imposing
such a constraint, in this chapter we advocate the existence of differences
across regions in the absorptive capacity linked to the availability of human
capital in each region.

The interpretation of the parameters in [2] is the key of the model. If @=0
(y=0), then learning-by-doing (technological spatial interdependence) will
not take place in the absence of skilled workers. At the same time, A=0
(0=0) will reflect a negligible role of human capital in enhancing
learning-by-doing (interregional technological spillovers). On the contrary,
if 2>0 and/or 6>0, regions highly endowed with human capital will have
higher capacity for technology adoption. Similarly, poor regions will face
difficulties in catching-up with the rich areas unless they are endowed with
a certain level of human capital. If /learning-by-doing externalities were
verified, then a capital deepening process will indirectly produce a
technology improvement in the economy, making a two-source growth
process (for instance, convergence as a result of capital stock and
technological catch-up). Finally, if @=A=y=0=0, the specification is the
original model proposed by Solow (1956), whereas, as mentioned above,
the one in Ertur and Koch (2007) and Koch (2008) results if A=6=0. In the
former case, capital deepening does not have an impact on technological
catch-up, while in the latter it takes place but regardless of the availability
of skilled labor in each region.

Technological spatial spillovers imply that regions must be analyzed as an
interdependent system. In doing so, it is convenient to write down the
model in matrix terms for a system with N regions, and to express the
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variables in [1] in units of labour (output and physical capital in per-worker
terms), and log-linearized. Thus, hereafter, y, k£, 4, and Q denote the vectors
with the logarithms of output per worker, capital per worker, aggregate
level of technology, and the common-to-all-regions technology. In turn, 4
denotes a diagonal matrix whose elements are the regional endowment of
human capital. Thus, technology in [2] can be rewritten in log matrix terms:

A=Q+ (@ +Ah)k+ (YW, +hW,)A [3]
where:
Ay Q hi O 0
A2 Q 0 hg 0
An Q 0 0 hn
and
k1 0 wsz ... wan
ko w21 0 ... wen
k;\r ws.Nl ws'NE . 0
and w,; (for s=1,2) measures frictions between regions i#. The reasoning

behind the specification of the elements in W is that knowledge embodied
in one region spills over the others but does so with intensity that
diminishes with friction. The more intense is the connection of region i with
region j, the lower is the friction between the two, and the higher w,;. That
is to say, the higher is the potential benefit of region i from spillovers
generated in ;.

Equation [3] can be expressed as:
A=W, +3hW)A=Q+ (DI +Ah)k = ([ —yW | —0hW A =Q+ (D] +Ah)k

which can be rearranged, presuming that (I —yW, - 6hW,) is invertible:’

5> In second order spatial lag polynomials, invertibility depends on the parameters, y and 3,
the two matrices, W, and AW, in our case, and the relationship between W, and hW,,
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A= -yW, =hW,)'Q+ U —yW, - Shw,) (@I + )k [4]

As it can be seen in [4], the level of technology is affected by physical
capital externalities and by spatial interactions. Also, it shows that a region's
ability to absorb and adopt innovations generated elsewhere affects its level
of technology: regions with higher endowments of human capital are
expected to make more profit from externalities.

Replacing [4] in the log-linear version of [1] with the variables in units of
labor results in:

y=0=yW, =8hW)'Q+ I —yW, - 8hW,) (B + M)k +ok  [5]
Pre-multiplying both sides by (/ —yW |, — 6hW,):

[=yW, = ShW,)y = Q+ (@ + M)k +a(l —yW, - ShWW )k
1 2 1 2

After some rearrangements, this yields:

y=Q+(@+a)k+Ak—oyW k- adhW,k+yW,y+hW,y [6]

This expression shows that under the assumption of interregional
externalities whose strength is a function of the absorptive capacity of each
region, local productivity depends on local physical capital, on the
productivity and physical capital of other regions, and also on all these
variables in interaction with local human capital. As a result, the change in
local productivity induced by capital deepening in a region is affected by
externalities within the region and from other regions, and by its
endowment of human capital. Interestingly, local productivity is also
expected to vary with capital deepening in the other regions as a result of
technological diffusion that cross regional borders. Formally speaking,

which complicates the identification of the feasible range for the spatial parameters (e.g.
Beck et al, 2006; Lee and Liu, 2010; Badinger and Egger, 2011; Elhorst et al, 2012). In
this section, we assume that the conditions for the invertibility of (I-yW, -6hW,) are
fulfilled. This issue will be further discussed in section 2.4 for the particular definition of
the matrices used in the empirical exercise.
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output-physical capital elasticities from [5] are defined as:

E=Z = ol + (I —yW, = 5hW,) (D1 +\h) [7]

where / denotes the NxN identity matrix.

&, 1s an NxN matrix with the elasticity of output per worker in each region
with respect to its own level of physical capital per worker and with the
elasticities with respect to physical capital per worker in all the other
regions. These elasticities depend on the capital share in income, on the
learning-by-doing process, and on spatial interactions, through the spatial
multiplier (I-yW, -0hW,)"'. Also, from [7] it is clear that elasticities will be
higher in those regions endowed with higher levels of human capital,
ceteris paribus. All in all, in comparison to the Solow model, the existence
of externalities across regions increases the effect of capital on productivity.
And with respect to Ertur and Koch (2007) and Koch (2008), differences in
absorptive capacity, through the availability of skilled individuals, make
some regions more prone to incorporate innovations originated elsewhere
and thus to improve their level of technology.

As for the effect of changes in the endowment of human capital on
productivity, the corresponding elasticities are defined as:

E=h(5) = h( =YW, = ShIW )™ BW )L =YW, - ShIV,)"'Q)
+ (I =yW | = ShW )" SW )T = yW | - ShW,) (@I + M)k
+(I =yW | = ShWw )" Mk 8]

§,1s an Nx1 vector whose elements are the elasticities of output per
worker in each region with respect to the own level of human capital. These
elasticities depend not only on the human capital stock, but also on the
physical capital stock and on the spatial interactions, through the spatial
multiplier.
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Finally, it needs to be mentioned that the inclusion of the mechanism of
absorptive capacity modifies the decomposition of the gap in the level of
output per worker suggested by Easterly and Levine (2001), and adapted to
the case of the existence of spillovers across economies by Koch (2008).
Defining « as the log of the capital-output ratio, and y°, k", and /" as y, x and
h in relative terms with respect to a reference region, equation [5] can be
expressed as:

Y= A=y =KW ) Qo (al + (I =y W, =817 W,) " (B + 1)) + %)

Defining a diagonal matrix D whose elements are the output per worker in
each region in relative terms with respect to the reference region, and
pre-multiplying both sides of the previous equation by the inverse of D
results in:

Dy =D\ U -yw, -8h W) Q
-1
+(@D™ + D7 =YW, = 8K W,) (B + M)

tal + (DT =y W, =1 W) @+ M)y

where a1 1s a column vector with all elements equal to o. After some
arrangements, the contribution of capital to the gap in the level of
development is obtained as:

-1
Y, =al+(@D™ +D7 (I =yW, =8k"W,) (B +\h"))K"

+ (DT =W, =5k WL) @I+ M)y [9]

As in Koch (2008), the contribution of physical capital depends on three
terms: the capital share in income, the capital-output ratio, and finally the
spatial distribution of productivity. However, in the second and third terms
in [9], the region’s ability to adopt technology enhances the influence of
capital, as it strengths the externalities.
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In order to easier comparisons, the percentage gap in output for each region
i relative to a reference region r is calculated:

B (Y/L).~(Y/L)
GAP, =100 x —(;//L)—" [10]
Then, for a given region i, the contribution of capital to accounting for

disparities with respect to the reference region is Y,; x GAP; .

2.3 Data and descriptive analysis

Our empirical exercise aims at providing evidence on the effect of spatial
spillovers and differences in absorptive capacity in the level of productivity
of the EU regions. To estimate the coefficients in equation [6] we used data
on Gross Value Added (GVA) per worker and on the physical capital stock
per worker for all sectors (both measured in constant 2000 Euros), from the
Cambridge Econometrics database. As for the absorptive capacity, it was
proxied by a measure of human capital. In particular, following the previous
literature which indicates that high skills are a requisite to assimilate new
technology (e.g. Leiponen, 2005; Manca, 2012; Qian et al, 2013) we opted
for using data on the percentage of workers with tertiary-level education
over the whole workforce. The source of the data for this variable is the
Eurostat Regio database. However, the lack of available data for the share
of high skilled workers imposed some constraints in terms of the sample of
regions included in the analysis as well as for the time period under
consideration. Among the first 15-entry countries, regional data on the
share of workers with tertiary education is not available for Denmark,
Sweden, and Luxembourg. In turn, such information is only available for 4
of the CEE countries that acceded the EU in 2004: the Czech Republic,
Hungary, Poland, and Slovakia. Finally, no regional data on educational
attainment is available yet for a long-enough period for Bulgaria and
Romania, the two countries that joined the EU in 2007. Still, the lack of
data for some regions before 1999 forced us to define the period under
analysis from this year to 2008 that is the last year covered by the Regio
database when this study was carried out.
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Table 2.1: Variables description

1999 2008
Mean Star}di}rd Maximum Minimum Mean Stal.ld?rd Maximum Minimum
Deviation Deviation
GVA per 4.249 4.504
worker [ 3.513 0.594 (Inner (Po dliég 8chie) 3.636 0.522 (Inner (Luzl;z?s iie)
(log) London) P London)
Physical 5.480 3,206 5.743 3.434
capital per | 4.819 0.490 (Oberbayern) (Podkarpackie) 4.996 0.477 (Flevoland)  (Lubelskie)
worker
(log)
0.460 0.564
Iéz“:f; 0204  0.091 (Inner (B?)'lgillm) 0275  0.086 (Inner (Sevg}(())gzz ad)
P London) London) P

Source: Author own elaboration

All in all, the sample included 215 NUTS2 regions from 16 EU countries
for the period between 1999 and 2008 (the complete list of regions is
detailed in the Appendix). Some simple summary statistics of the variables
under analysis are provided in Table 2.1 for the beginning and the end of
the period under analysis, whereas Figures 2.1 and 2.2 plot the
corresponding estimates of the density functions, as a way of summarizing
the characteristics of the entire regional distribution of these variables. As
already reported by the previous literature, our descriptive results confirm
the existence of sizeable disparities in labor productivity that persist over
the period under analysis. The gap, in log terms, between the most and less
productive regions in the sample (Inner London and Podkarpackie) was
2.36 1in 1999, similar to that observed in 2008 between Inner London and
Lubelskie (the region with the lowest level of productivity that year), which
was 2.30. Interestingly, the gap in capital per worker was of a similar order
of magnitude: 2.27 between Oberbayern and Podkarpackie in 1999, and
2.31 between Flevoland and Lubelskie in 2008.° The comparison of the
measure of absorptive capacity also reveals marked regional differences,

® Due to its particular industrial mix, specialized in highly productive services that do not
make intensive use of physical capital, Inner London was not the region with the highest
capital-labor ratio despite being that with the highest level of labour productivity.
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with Inner London as the region that made the most intensive use of high
skilled labor all over the period.

Figure 2.1: Kernel density of GVA per worker (left) and physical

capital per worker (right).

on 4

T T T
2 25 3 3.5 4 4.5 3 4

GVA per worker 1398 Physical capital per worker 1289
————— GVA per worker 2008 ——=—- Physical capital per worker 2008

Source: Author own elaboration

Figure 2.2: Kernel density of human capital

Human capital 1999
————— Human capital 2008

Source: Author own elaboration
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The estimated density functions in Figures 2.1 and 2.2 reveal that disparities
went beyond those for the regions with the highest and lowest values for the
variables under analysis. The one corresponding to labor productivity
reveals a bimodal distribution, with an important amount of regions near the
core, and a less numerous but distant group at the left, which constitutes a
periphery (mainly of CEE regions). The distance between the two modes is
rather high and remained stable over the period under analysis. In turn, the
density of capital per worker has a long left tail but without a clear mode in
that area, which indicates larger dispersion for values below the average
than in the case of productivity. In fact, the comparison of the densities for
the two variables suggests that polarization in the distribution of
productivity was not just caused by the distribution of the capital-labor
ratio. In agreement with our hypothesis in this chapter, differences in the
level of technology and in the absorption capacity might well have played a
role. The density for the measure of absorptive capacity, the share of
workers highly endowed with human capital, provides preliminary support
to this hypothesis, since it reveals a substantial mass of probability at the
left of the distribution, corresponding to regions with much lower
endowments of human capital. It is worthwhile noting that the increase in
the endowment of education in the entire EU over the period under analysis
caused a shift to the right in the distribution which, in any case, did not
prevent the presence of strong regional disparities in the share of workers
with tertiary education in 2008.

As an additional element of the simple descriptive analysis in this section,
we want to mention that the distribution of the variables under analysis is
characterized by a clear geographical or spatial pattern. The representation
in maps of labor productivity, capital per worker, and the measure of human
capital’ provides the well-known core-periphery pattern commonly reported
for the EU. Broadly speaking, the lowest levels of productivity, physical
capital, and human capital are found in the south and CEE regions, while
the highest levels are seen in the traditional core. This brings about a
distribution of the wvariables that is characterized by strong spatial
dependence. Using the Moran's I and Geary's C statistics to measure the

" Not included here to save space but available upon request
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strength of the spatial association, and a square-distance inverse weight
matrix (mw—normalized),8 the figures in Table 2.2 clearly confirm positive
spatial correlation for all variables for 1999 and 2008.

Table 2.2: Spatial autocorrelation statistics

GVA Capital
. Human
Year Statistic per worker per worker capital
(log) (log)

Moran's | 0.618%** 0.523%**  (.505%**
Geary's C 0.384 % 0.451%**  0.550%**

1999

2008 Moran's | 0.600%** 0.550%**  (0.499%**
Geary's C 0.387%** 0.427***  (.580%***

Source: Author own elaboration. Note: *p<10%, **p<5%, ***p<1%.

2.4 Results

This section discusses the results obtained when estimating the coefficients
of the model described in section 2 for the set of EU regions over the period
1999 to 2008. Firstly, we comment the results regarding the estimate of the
coefficients for each year. Then, the estimated coefficients are used to
compute the physical and human capital elasticities as defined in equations
[7] and [8]. These elasticities are calculated for each region and then used to
compute averages for the groups of Core, Southern, and CEE regions.
Finally, estimates are used for a development accounting exercise in which
the contribution of capital, distinguishing by the components defined in
equation [9], is assessed. Again, average results for the Core, South, and
CEE regions are computed and compared over the period under analysis.

Equation [6] is used to estimate the coefficients of the growth model with
technological externalities that depend on the economy absorptive capacity.
Since this model includes spatial lags of both endogenous and exogenous
variables, Ordinary Least Squares (OLS) do not provide consistent

8 Similar results were reached in all cases using first-order contiguity and 250 kilometers
cut-off weight matrices.
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estimates of the coefficients. Instead a Maximum Likelihood estimator,
which ensures the desired properties, is applied. Also, we account for the
fact that the empirical specification in [6] includes non-linear restrictions in
the coefficients (see the Appendix for details of the estimation procedulre).9

Estimation of equation [6] involves some other issues that are worth
discussing. Firstly, as stated by LeSage and Pace (2009), W, and AW, are
required to be not functionally related. That technical limitation prevents
using the same weights matrix for W, and W,. As a result, it will be
supposed that for spatial externalities that do not rely on local absorptive
capacity, interaction will take place with its closest neighbours. For that
reason, W, will be represented by a first-order contiguity matrix. For
technological externalities whose absorption in each region depends on
local human capital levels, it will be assumed that interactions have a higher
spatial scope, taking place among regions within a radius of 250 kilometers.
This distance is consistent with the evidence in, for instance, Moreno, Paci
and Usai (2005) and Rodriguez-Pose and Crescenzi (2008) for the scope of
technological externalities in Eulrope.10 Therefore, W, will be represented by
a 250km cut-off distance matrix. Matrices W, and W, may still share some
overlapping information, but this is not believed to be a problem, as W, is
pre-multiplied by /4, and the resulting matrix 2 W, appears to be sufficiently
differentiated with respect to W, to avoid identification problems.11

 The specification may be extended to a panel data setting, therefore controlling for
unobserved regional heterogeneity (see Lee and Yu, 2010). However, in addition to the
obvious complications caused by the non-linearity of the specification, it should be
noticed that pooling the data for the period under study would have hampered the analysis
since the matrix hW, evolves with the endowment of human capital and the spatial
parameters, y and J, are likely to vary over time. For that reason, the estimates of the
coefficients in this section exploit only the information in the cross-section dimension,
although we admit it would be interesting to explore the effect of unobserved regional
heterogeneity in future analysis. We thank an anonymous referee for raising this point.

10 Rodriguez-Pose and Crescenzi (2008) suggest a threshold of a 3-hour drive for
innovation spillovers.

' We analyzed in detail the two spatial matrices used in the study, particularly with
respect to the issue of overlapping information. In this respect, it should be said that the
number of links (non-zero elements) in W, is 12.15 percent of all possible interactions,
whereas this figure is only 4.04 percent in the case of ¥,. Similarly, the mean number of
links is much higher for the distance-based matrix, 13, than for the contiguity matrix,
4.32. Overall, comparison of the two matrices suggests that they actually include different
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Another important issue in the estimation of the empirical model in
equation [6] is the normalization procedure for the referred matrices,
considering the required stability condition, |I-yW,-0hW,[>0. In cases of
two-weight matrices affecting the endogenous variable, a common
approach is to row-normalize each matrix (Lacombe, 2004; LeSage and
Pace, 2009). However, this is not desirable in the case of our specification
because to row-normalize #W, means to get rid of the term £, as the same
values multiply every element of each row. A solution in this case is to
follow Beck et al (2006), and to joint-normalize both matrices, so that the
rows of both matrices, w,; and h,w,,, sum to one.”

Table 2.3: Maximum Likelihood estimation results

1999 2002 2005 2008
Constant 0.215% -0.217 -0.193 -0.186
[0.125] [0.136] [0.124] [0.117]
p 0.032 0.017 0.007 0.000
[0.040] [0.040] [0.041] [0.039]
N 0.036 0.075%** 0.08 1+ 0.0847%%
[0.027] [0.027] [0.025] [0.024]
0.772%%% 0.782%% 0.7827%% 0.783%%
’ [0.054] [0.057] [0.059] [0.058]
0.918%** 0902+ 0.888*#* 0.895%#
Y [0.056] [0.074] [0.080] [0.092]
5 0.753%# 0.609%** 0.622%% 0.482%*
[0.165] [0.177] [0.172] [0.188]
Log Likelihood 137.32 134.76 145.38 149.64
Moran's [ 0.019 0.013 0.012 0.014

Source: Author own elaboration. Notes: *p<10%, **p<5%, ***p<l1%. Bootstrapped standard
errors (999 replications) in brackets. Moran's I is computed over the residuals.

information on potential spatial interactions among the set of EU regions under study. To
check the robustness of the results, the inverse combination for W, and W, was also
tested, but reported lower likelihood. The detailed results are available upon request.

12 1t should be noticed that, in this case, the feasible parameter space is not simply given
by values satisfying [y|+[d|<l, as W, and AW, are not, independently, row-normalised.
Instead, the more general condition [y|+|3|<(max {IW I, IAW,I})" applies (see Lee and Liu,
2010 for further details).

28



The estimation results are summarized in Table 2.3, for years 1999, 2002,
2005 and 2008." Before discussing results of the estimated coefficients it
should be said that the specification seems to account fully for the spatial
dependence in productivity. Although Lagrange multiplier tests to detect
remaining spatial dependence cannot be applied in this case due to the
model non-linearity, a Moran's I test was applied to the residuals of each
regression, with results suggesting no further spatial dependence in any
case.

A first look at the results confirm a high value for a, averaging 0.78 for the
four years of analysis. This is higher than the typical capital share in income
in national accounts, usually one-third (as found by Koch, 2010), but closer
to Koch (2008) results of 0.46-0.52 for a Spatial Durbin Model, and
0.68-0.70 for a Spatial Error Model (although Koch works with a different
sample, consisting of 91 countries). Another important confirmation is the
presence of both kinds of externalities affecting the TFP: learning-by-doing
and spatial interaction. The pattern is clear as regards the first type of
external effects: @ is never significant, while A is significant at 1 per cent in
all years excepting 1999. This means that human capital seems to have a
direct role in the absorption of spillovers from capital accumulation. This
may explain why in Koch's results the parameter @ is not significant as in
the absence of interaction with local conditions these externalities do not
seem to have an incidence on technological levels."* This result suggests
that the presence of a high skilled workforce enhances the return to physical
capital investment. This means that two economies which have made a
similar investment in physical capital may have a different return depending
on its human capital endowment. Significance of A implies a higher return
for physical capital investment for those regions with highest skilled

13 Results for each year in the period under analysis are not included to save space, but
they are available upon request. In any case, estimates for the years not reported are
similar to those in Table 2.3 for the closest periods.

4 Koch (2010) found @ to be not significant in European regions, while Koch (2008)
estimated six regressions for 91 countries, varying weight matrices and depreciation rates,
and only in one case @ was significant, at a 10 percent level (p-value of 0.094).

29



workforce, suggesting that both types of capital are complementary. This
may have some important consequences for regional development, as
regions with poor human capital endowment (especially from the periphery)
will have little technological benefit from capital accumulation spillovers
and as a result will face difficulties to catch-up. As stated before, some
peripheral regions received important amount of FDI during the period. It
can be supposed that these capital flows were mostly endowed with
advanced technology (in contrast to local stocks), and in the light of these
results, possibly only the relatively good human capital-endowed regions
have been able to make the most of that advances.

With respect to the effect of technology generated beyond the borders of the
region, that is to say of spatial spillovers in technology, the estimates of the
corresponding coefficients (y and d) are significant at 1 per cent in all years
(0 at 1.04 per cent in 2008). The coefficient of the direct measure of
technological absorption, v, averages stable values of 0.9, while that of the
measure which incorporates absorptive capacity through human capital, o,
decreases over the period from 0.75 in 1999 to 0.48 in 2008."” However,
this trend should not be seen as a declining in the role of local abilities,
because average levels of human capital increased during the period.
Combining the estimated value of the coefficient with the average share of
tertiary education in the workforce results in only a slight decrease over the
period (0.15 in 1999 versus 0.13 in 2008). In any case, the estimates
confirm that the absorption of technology generated beyond the borders of
the region was enhanced by local capabilities, which results in differences
in the absorptive capacity. In other words, although all regions benefited
from technical progress generated elsewhere, those EU regions with high
endowments of skilled workers made the most of it. This result thus
qualifies the recent evidence reported in Vogel (2015) for a sample of EU
15 regions, which assigns a negligible effect of human capital on region’s
absorptive capacity.

All in all, these results confirm that studies aiming at estimating the effect
of physical capital accumulation on regional disparities in productivity, and
the contribution corresponding to technology diffusion, should account for

!> These values ensure stability as the required condition of |I=yW,-6hW,[>0 is verified.
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differences across regions in the absorptive capacity as a consequence of
differences across regions in the endowment of human capital. Next, the
estimates in Table 2.3 are used to compute the capital-productivity
elasticities and to perform a development accounting analysis for the EU
regions in the period under analysis.

Physical and Human Capital Elasticities

The calculation of physical and human capital elasticities, through
respectively equations [7] and [8], is an effective way to consider the
amount of dispersion in returns across regions. They indicate that the return
on investments in one of these types of capital in a region is conditional on
its endowment of the other, which may constitute a limitation to overcome
for lagging regions. It is, therefore, important to analyze how local
conditions and geographic location can have an impact on the return to
investments in physical and human capital. The elasticities were calculated
for each region in the sample, and their distributions summarized by the
corresponding density functions, estimated by the kernel method. They are
represented in Figures 2.3 and 2.4 (see also the maps provided in Figures
A2.1 to A2.3 in the appendix) for the first and last years under analysis.

Figure 2.3: Kernel densities of local (left) and overall (right) elasticities
of physical capital

Q_

k] B35 k-] 2 1 1.1

Elasticity productivity - physical capital 1999

Elasticity productivity - physical capital {all regions) 1599
————— Elasticity productivity - physical capital 2008 — = — — - Elasticity productivity - physical capital {all regions) 2008

Source: Author own elaboration
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Figure 2.4: Kernel density of human capital elasticity
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Source: Author own elaboration

As to physical capital, it is important to note that equation [7] gives an
indication of the elasticity after an increase in physical capital in a specific
region (the diagonal elements of the resulting matrix), but also that
corresponding to an increase in physical capital in other regions. Therefore,
the overall elasticity of an increase in physical capital in all regions can be
computed. Figure 2.3 shows the densities of the elasticity of physical
capital, distinguishing between local (left panel) and overall elasticity (right
panel). The former is the one for investments in the region, while the latter
reflects the productivity response in the region to physical capital
investments in all regions. It is observed that in both cases the distribution
at the end of the period (dashed line) is at the left of that in 1999
(continuous line), which means that both local and overall elasticities
decreased moderately over the period. Due to the existence of positive
spatial externalities, the overall effect of physical capital investments is
somewhat higher than the local effect in both years. It is also interesting to
note that the local elasticity distribution was more concentrated in 1999
than in 2008, despite the long right tail in the first year analysed, while the
opposite applies in the case of the overall elasticity distribution. When the
effect of spatial externalities in the accumulation of physical capital is taken
into account, what is observed is a substantial shrinkage in the distribution
between 1999 and 2008. In any case, comparing the distribution of local
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and overall elasticities for the last year under analysis allows us to conclude
that spatial interactions led to an increase in the effect of physical capital
investments while, at the same time, contributed to homogenize this effect
across regions. This is true except for a group of regions in which the
overall elasticity is well above that of most EU regions (mass of probability
at around 0.9 and beyond).

In turn, the densities of the human capital elasticity distributions are shown
in Figure 2.4. As indicated in section 2.2, the role of human capital in our
model is constrained to facilitate absorption of technology, generated in the
region or elsewhere. Therefore, the return of investments in this type of
capital is thought not to spill over other regions. Accordingly, there is not an
overall elasticity in the case of human capital, but just the local effect. On
the other hand, it should be kept in mind that, as equation [8] indicates, the
elasticity of human capital depends on the regional endowment of both
types of capital. As a result, disparities across regions in physical capital
endowments shapes the regional distribution of returns to investments in
human capital. It is observed that the density for 2008 is to the right of that
for 1999, which means that, in general, the elasticity of human capital
increased over the period analyzed. In fact, inspection of the density for
1999 reveals that the elasticity of human capital was negative in a large
number of EU regions at the eve of the new century. In contrast, the density
for 2008 suggests that such worrisome negative effect disappeared in the
course of the last decade. Investments in human capital had a positive effect
on productivity in all EU regions at the end of the period. This was mostly
caused by a process of physical capital deepening in regions that departed
from rather low values. Still, the density for 2008 reveals a non-negligible
mass of probability at the left of the mode (low values of the elasticity) and
also at the opposite edge of the distribution (values for the elasticity in the
range 0.5 to 1).16

' In order to check for the effect of the inclusion of human capital as a determinant of the
region’s absorptive capacity, elasticities were computed from the model that does not
consider the interaction between 4 and W,, but only W, in the last term of the RHS of
equation [3], using the corresponding estimates of the coefficients. In all cases, the
distribution of the elasticities computed from the model that accounts for the region’s
absorptive capacity differs clearly from the one that is obtained when that specific role of
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Next, we discuss the average value of the elasticities in three groups of EU
regions: those in the Core of the EU, in the South, and in CEE."” Physical
capital elasticities reported in Table 2.4 show that the CEE regions reach
similar levels of elasticity than the Core and South groups. Another
interesting fact is that in 1999 there were overall increasing returns to
physical capital for all groups of regions, although that was later reversed
and in 2008 results were in the order of 0.90-0.93, which can still be
considered as high levels. This suggests that externalities help to counteract
to some extent the effect of decreasing returns to physical capital
accumulation in the EU regions.

Table 2.4: Average productivity elasticities in groups of EU regions

Elasticity (;re"g‘;f)’n‘;f 1999 2002 2005 2008

Core 0.825 0.827 0.819 0.814

& (local) South 0.834 0.828 0.817 0.810

CEE 0.823 0.819 0.810 0.805

Core 1.042 0.945 0.911 0.871

S (overall) South 1.123 0.987 0.929 0.887
CEE 1.079 0.952 0.903 0.862

Core 0.072 0.260 0.313 0.322

&, (local) South -0.020 0.173 0.229 0.292

CEE -0.450 -0.152 -0.096 0.036

Source: Author own elaboration. Notes: Local refers to the percentage of productivity variation
after a one percent increase in an average local region of the respective group. Overall refers to
the percentage of productivity variation in an average region after a 1 percent increase in every
region.

human capital is neglected. These results are available upon request.

17 Core: regions from Belgium, Germany, France, Netherlands, Austria, Finland, Ireland,
United Kingdom; South: regions from Greece, Spain, Italy and Portugal; CEE: regions
from Czech Republic, Hungary, Poland and Slovakia. It is worth to notice that these
macro-areas are defined based on a geographical criterion and, to some extent (the
northern part of Italy would be the only exception), on well-known differences in the
level of economic development and the timing of accession into the European Union. As
indicated by an anonymous referee, an alternative would have been to use a spatial
clustering algorithm, as the one suggesting by Duque et al (2012). In our view, this
interesting option does not fit into the particular aim of this study, although it might be
considered in further analyses of the estimated elasticities.
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Regarding the effect of human capital, results in Table 2.4 show that the
highest elasticities are estimated for the regions in the Core, followed by
Southern and CEE regions respectively. As stated before, the low levels of
the human capital elasticity for peripheral regions (especially CEE regions
in which negative values for the elasticity are estimated) seem to be
explained by their low endowment of physical capital per worker. In the
case of the Southern regions, geographic distance to the Core may also
constitute a limitation for having lower returns to human capital investment
vis-a-vis the most developed regions in the core of the EU.

An interesting pattern derived from the results in Table 2.4 is the increasing
trend of the elasticity of human capital in the period under analysis, which
is more pronounced in the South and, especially, in CEE regions. In the
latter group, the large negative elasticity at the beginning of the period
analyzed may well reflect that these economies were still in the early stages
of the transition from communism. They lacked the capability for obtaining
a return from the human capital of their populations due to the insufficient
and obsolete endowment of physical capital, the inadequate system of
incentives at the time, and the still low level of ties with economies of
Western Europe. In the following years, after the accession to the EU and
the openness process that led to important FDI inflows, the increase and
modernization of the physical capital endowment along with a more
suitable institutional framework, favored that these regions were able to
start extracting positive returns to human capital investments at the end of
the last decade. This is consistent with a rapid process of skilled biased
technical change in these economies, as they experienced a fast shift in
technology that favored skilled labor by increasing its relative productivity.
This interpretation goes in the same direction as the conclusions reached in
some other studies, as for example Esposito and Stehrer (2009), who found
evidence of this process in Hungary and Poland between 1995 and 2003."°
In a lesser degree, southern regions may still have undergone through a
similar process, reaching higher returns to human capital while its
development increased through the years.

18 This process happened before in more developed countries. In particular, Berman et al
(1998) found evidence of skilled-biased technical change for OECD countries after 1979.
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Development Decomposition

As mentioned in section 2.2, the inclusion of the mechanism of absorptive
capacity that depends on the stock of skilled workers in each region
modifies the decomposition of the gap in the level of output per worker,
suggested by Easterly and Levine (2001) and adapted to the case of
spillovers across economies by Koch (2008). As a final exercise in this
chapter, we use the estimate of the coefficients discussed above to
implement the decomposition in equation [9]. In brief, the goal is to find out
how much of the gap between the least and most productive regions in the
EU can be attributed to differences in physical capital endowments once the
effect associated to regional differences in absorptive capacity is taken into
account.

Firstly, we summarize results by the average of the deciles of the regional
productivity distribution, where that for the most productive decile were
taken as the benchmark or reference region — in equation [10]. In addition,
we also discuss the result of the decomposition for the three groups of EU
regions described above, using also the top decile as benchmark. For the
sake of saving space, we only report the results for the first and final year of
the period analyzed."

Figure 2.5: Capital contribution in 1999 (left) and 2008 (right) —
averages by decile.
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Source: Author own elaboration

1 Those for the other years are available upon request.
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Average results by deciles shown in Figure 2.5 suggest that for the less
productive regions (first three deciles), an important amount of the gap with
respect to the highest decile is explained by the contribution of physical
capital. The detailed decomposition provides additional insights on the
sources of this contribution. It is observed that most of it is due to the return
to physical capital (o), whereas the contribution of differences in the
capital-output ratio (k") is negative. This result is explained by the lesser
physical capital requirements of high value-added activities that are more
abundant in the most productive EU regions. The capital-output ratio is
lower for highly productive activities in the industrial and service sectors
located in core economies. In contrast, a relatively high capital-output ratio
is observed in mature industrial activities in some of the less productive
regions in the EU.” On the other hand, it is observed that the unequal
spatial distribution of productivity (y*) also adds to the contribution of
physical capital in the lowest deciles, particularly in 1999.

Results in Figure 2.5 also reveal that there was a part of the gap not
attributable to physical capital, and thus corresponding to technology, at the
beginning of the period analyzed. However, this seems to be important only
in the case of the less productive regions (first three deciles). Interestingly,
the amount of the gap explained by physical capital slightly reduced in
2008 in comparison with 1999 in these regions. In other words, there is an
increasing portion of the gap for the less productive regions that cannot be
explained by physical capital over the period analyzed. This may be the
result of a process of capital intensity as a consequence of the deepening in
economic integration following the accession to the EU in lagging regions.
Correspondingly, it can be deduced an increasing role of technology in
explaining productivity differentials between the most and less productive
regions in Europe. This phenomenon is also clearly observed for regions
with levels of productivity at the median and upper part of the distribution.
While almost all the gap was explained by physical capital in 1999, the
contribution of technology is similar or even greater to that corresponding
to physical capital in the deciles at the right of the distribution in 2008. That
is to say that technology is responsible of a big deal of the differences

2 For instance, in 2008, the average capital-output ratio for first decile regions was 4.9, in
contrast to an average of 3.7 for the highest decile.
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between regions with middle and middle-upper levels of productivity, and
those at the top of the ranking in the most recent years. In this regard, it 1s
important to remember that the contribution of technology is affected by the
absorptive capacity which, in turn, depends on the endowment of human
capital in each region.

Figure 2.6: Capital contribution 1999 (left) and 2008 (right) — averages
by groups of regions
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As a final stage of our analysis, Figure 2.6 summarizes the contribution of
physical capital and technology to the gap between the average region in
each of the three groups defined above and that of the top decile. As
expected, the widest gap is clearly observed for CEE regions, followed by
the Southern and Core groups. This is consistent with the fact that most
CEE regions are in the first deciles (Figure 2.5). In fact, results in Figure
2.6 allow us to state that the features discussed above with respect to these
deciles correspond mostly to CEE regions. For instance, it is observed that
the negative contribution of differences in the capital-output ratio in 1999
was more intense in the CEE regions than in the Southern group. It can also
be observed that the reduction in the contribution of this component over
the period was more intense in the CEE than in the Southern group. As in
the analysis by deciles, the portion of the gap attributable to the return to
capital (o) appears to be very important in the three groups of regions, while
the contribution of y* is lower and decreasing between 1999 and 2008. As
for the gap not explained by physical capital, results for the CEE group
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point to an increase in the contribution of differences in technology.
However, the rise in the portion of the gap attributable to technology over
the period is even more important for the Southern and Core regions in the
EU. It can be observed how this component was almost negligible for both
groups in 1999, whereas it accounted for about one third of the gap
observed in 2008 for the Southern group and a bit less than one half for the
Core.

To sum up, the decomposition of the regional productivity gap in the EU
based on the empirical specification that includes spillovers from physical
capital accumulation and diffusion of technology across regions, both
shaped by absorption capacity in each region which, in turn, depends on the
human capital endowment, reveals that most of the gap is attributable to
differences in physical capital. However, a clear trend is observed towards
an increasing role of technological differentials. This is so for the less
developed regions in the CEE and the South, and also for those in the Core.
According with the main hypothesis in this chapter, this feature is explained
by the role played by human capital as a fundamental factor for the
absorption of technology.

2.5 Conclusions

This chapter has proposed a theoretical model that combines technological
externalities and differences across regional economies in local absorptive
capacity. Its main assumption is that externalities have a crucial role in
regional development, although not all regions can make the most of them,
as their real impact on productivity is by local absorptive capacity, which in
turn depends on the human capital endowment of the region. We have
shown that the consideration of externalities across regions and local
absorptive capacity affects the elasticity of both physical and human capital.
Interestingly, the development decomposition derived from such a model
has revealed that, in addition to externalities, the local absorptive capacity
also plays a substantive role to the contribution of differences in physical
capital endowments.

The key coefficients of the model, capturing the effect of externalities and
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absorptive capacity, have been estimated from the empirical specification
derived from the model for a sample of 215 European NUTS2 regions for
years in the period from 1999 to 2008. A Maximum Likelihood estimator
has been developed to account for its particular spatial characteristics.
Results have confirmed the important role of local absorptive capacity, as
well as the relevance of externalities in explaining cross-regional
differences in productivity. Evidence from European regions indicates that
physical capital contributes to explain productivity disparities, not only
through the capital share in the economy, but also through the capital-output
ratio and externalities. As a result, we can conclude that physical capital has
a bigger role than that attributed in some previous studies, although this
does not prevent the existence of far from negligible regional efficiency
differentials, which also contributed to the productivity gap.

Results for specific groups of regions in the EU have revealed that, despite
the recent process of capital deepening and economic integration in CEE
economies, regions from this area need to be better endowed with physical
capital to be able to reach higher returns to the investments they make in
human capital, and to be able to achieve some significant technological
catch-up. Regardless of that particular scenario for the CEE regional
economies, an increase of factor endowment in the periphery may
contribute to reduce disparities, though this process is expected to be
hindered by geography, since peripheral regions benefit only marginally
from spillovers generated in the core.

Some policy implications are derived from the results in this chapter. In first
place, peripheral regions in Europe seem to have different necessities,
depending on their geographic location and the endowment of physical and
human capital. As a result, EU policies to stimulate development in lagging
regions should be designed taking into account the specific circumstances
of each region. On the one hand, the ex-ante policy assessment should
consider the particular location of the region, and the real chance of
benefiting from spillovers generated elsewhere. It should also take into
account that the effects of the stimulus of investments in a lagging region
may spillover to other regions. In this context, coordinated actions in groups
of regions (instead of individual efforts) may help to counteract the poverty
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trap generated by geographical location. On the other hand, regional
development policies should continue stimulating investments in human
capital in the less developed areas. However, for these policies to be
effective and human capital investments to have a positive return, a
simultaneous deepening in physical capital accumulation is required.
Modernization of economic structures and improvements in the institutional
framework that favor attraction of investments in physical capital are thus
crucial.
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Appendix

Sample of Regions

Belgium: Région de Bruxelles-Capitale / Brussels Hoofdstedelijk Gewest;
Prov. Antwerpen; Prov. Limburg (BE); Prov. Oost-Vlaanderen; Prov.
Vlaams-Brabant; Prov. West-Vlaanderen; Prov. Brabant Wallon; Prov.
Hainaut; Prov. Liege; Prov. Luxembourg (BE); Prov. Namur.

Czech Republic: Praha; Stredni Cechy; Jihozdpad; Severozapad;
Severovychod; Jihovychod; Stredni Morava; Moravskoslezsko.

Germany: Stuttgart; Karlsruhe; Freiburg; Tibingen; Oberbayern;
Niederbayern; Oberpfalz; Oberfranken; Mittelfranken; Unterfranken;
Schwaben; Berlin; Bremen; Hamburg; Darmstadt; Gieben; Kassel,;
Mecklenburg-Vorpommern;  Braunschweig; Hannover; Liineburg;
Weser-Ems; Diisseldorf; Koln; Miinster; Detmold; Arnsberg; Saarland;
Schleswig-Holstein; Thiiringen.

Ireland: Border; Midland and Western; Southern and Eastern.

Greece: Anatoliki Makedonia, Thraki; Kentriki Makedonia; Dytiki
Makedonia; Thessalia; Ipeiros; Ionia Nisia; Dytiki Ellada; Sterea Ellada;
Peloponnisos; Attiki; Voreio Aigaio; Notio Aigaio; Kriti.

Spain: Galicia; Principado de Asturias; Cantabria; Pais Vasco; Comunidad
Foral de Navarra; La Rioja; Aragdén; Comunidad de Madrid; Castilla y
Leén; Castilla-la Mancha; Extremadura; Cataluna; Comunidad
Valenciana; Illes Balears; Andalucia; Region de Murcia; Canarias (ES).

France: ile de France; Champagne-Ardenne; Picardie; Haute-Normandie;
Centre (FR); Basse-Normandie; Bourgogne; Nord - Pas-de-Calais;
Lorraine; Alsace; Franche-Comté; Pays de la Loire; Bretagne;
Poitou-Charentes; Aquitaine; Midi-Pyrénées; Limousin; Rhone-Alpes;
Auvergne; Languedoc-Roussillon; Provence-Alpes-Cote d'Azur; Corse.

Italy: Piemonte; Valle d'Aosta / Vallée d'Aoste; Liguria; Lombardia;
Provincia Autonoma Bolzano/Bozen; Provincia Autonoma Trento;
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Veneto; Friuli-Venezia Giulia; Emilia-Romagna; Toscana; Umbria;
Marche; Lazio; Abruzzo; Molise; Campania; Puglia; Basilicata;
Calabria; Sicilia; Sardegna.

Hungary: Ko6zép-Magyarorszadg; Kozép-Dunantul; Nyugat-Dunantul;
Dél-Dunantul; Eszak-Magyarorszag; Eszak-Alfold; Dél-Alfold.

Netherlands: Groningen; Friesland (NL); Drenthe; Overijssel; Gelderland;
Flevoland;  Utrecht;  Noord-Holland;  Zuid-Holland;  Zeeland;
Noord-Brabant; Limburg (NL).

Austria: Burgenland (AT); Niederdsterreich; Wien; Kérnten; Steiermark;
Oberosterreich; Salzburg; Tirol; Vorarlberg.

Poland: Ldédzkie; Mazowieckie; Malopolskie; Slaskie; Lubelskie;
Podkarpackie; Swietokrzyskie; Podlaskie; Wielkopolskie;
Zachodniopomorskie; Lubuskie; Dolnoslaskie; Opolskie;
Kujawsko-Pomorskie; Warminsko-Mazurskie; Pomorskie.

Portugal: Norte; Algarve; Centro (PT); Lisboa; Alentejo.

Slovakia: Bratislavsky kraj; Zépadné Slovensko; Stredné Slovensko;
Vychodné Slovensko.

Finland: Itd-Suomi; Eteld-Suomi; Lénsi-Suomi; Pohjois-Suomi; Aland.

United Kingdom: Tees Valley and Durham; Northumberland and Tyne and
Wear; Cumbria; Cheshire; Greater Manchester; Lancashire; Merseyside;
East Yorkshire and Northern Lincolnshire; North Yorkshire; South
Yorkshire; West Yorkshire; Derbyshire and Nottinghamshire;
Leicestershire, Rutland and  Northamptonshire;  Lincolnshire;
Herefordshire, Worcestershire and Warwickshire; Shropshire and
Staffordshire; West Midlands; FEast Anglia; Bedfordshire and
Hertfordshire; Essex; Inner London; Outer London; Berkshire,
Buckinghamshire and Oxfordshire; Surrey, East and West Sussex;
Hampshire and Isle of Wight; Kent; Gloucestershire, Wiltshire and
Bristol/Bath area; Dorset and Somerset; Cornwall and Isles of Scilly;
Devon; West Wales and The Valleys; East Wales; Northern Ireland (UK).
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Empirical specification and estimation procedure

It can be assumed that for every region, the exogenous component of the
TFP can be decomposed into a constant term, and a region-specific shock.
As aresult, [6] can be expressed as:

y=u+(@+o)k+Ak—ayW,k—adhW k+yW,y+3hW,y +¢

where € constitutes the Nx/ vector of perturbations. The model to be
estimated resembles the spatial-Durbin model, as it includes spatial lags of
both endogenous and exogenous variables. For that reason, OLS
estimations will not be consistent. An alternative method is Maximum
Likelihood, which under the compliance of some conditions ensures the
desirable properties of consistency, efficiency and asymptotic normality
(Anselin, 1988). According to Lee (2004), the quasi-maximum likelihood
estimators of the Spatial Autoregressive Model can also be considered if
disturbances are not truly normally distributed.

As the empirical equation involves non-linear restrictions, the estimation
procedure must take them into account. For that reason, the estimation
process will be similar to the proposed by Vaya et al (2004). With some
rearrangement, the empirical equation can also be expressed as:

(=YW, = ShW )y = p+ (@ + a)k + Mk — a(yW | + ShW )k +&.

For different combination of values of y>0 and 6>0, the Nx4 matrix of
pseudo-regressors X, is computed:

N N

1 k1 hikr v Y wijkj+0h1 ) woijk;
= =1
N N

1 ky hyky ¥ ) winikj+0hy Y wanjk;
= =1

This transformation to four pseudo-regressors allows the incorporation of
the nonlinear constraints. As a result, the logarithm of the likelihood
function is:
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InL =In|l —yW, =8hW,| -¥ing’

- ;(?[(I — YW = dhW,)y _XOB]/[([ —YW, =6hW,)y - X,B],

where B is a vector of parameters. Then, OLS is applied to the following
equations: (1) X, on y, (i1) X,on W,y, and (ii1) X, on #W,y, obtaining the 4x1
parameters vectors By, PB;;, B,,- From those regressions the following
residuals are obtained: e, ¢,,, and e, ,. With those residuals, the logarithm of
the concentrated likelihood function can be expressed as:

(eg=ye; —de;,) (eg—ye, =de y)

InLe =C+in|l—yW, =8hW,| - %in{ ~ )
where C is a constant. This process is performed for each combination of vy
and 0. These parameters y and 6 are chosen in order to maximize the
concentrated likelihood function. Then, the remaining parameters are
obtained following the next expression:

Barr =By —vBr1 — 6B

B, represents a 4x1 vector of parameters. With those estimations, the
structural parameters (u, @, A, o) can be easily recovered and all restrictions
are fulfilled. Asymptotic variances for the estimated parameters are
obtained by computing the inverse of the information matrix. The variance
of the implied parameter @ is computed through the delta method.

45



Figure A2.1: Maps of estimated productivity - physical capital local

elasticities
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Figure A2.2: Maps of estimated productivity - physical capital overall
elasticities
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Figure A2.3: Maps of estimated productivity - human capital
elasticities
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Chapter 3. On the regional impact of broadband on productivity: the
case of Brazil”!

3.1 Introduction

Information and Communication Technologies (ICT) in general, and
broadband in particular, have been extensively studied in the economic
literature as a potential source for raising employment and economic
growth. There are, however, some gaps in the literature that remain unfilled
and that motivate the present research.

In the first place, while the bulk of the literature has focused on either at
country-aggregate or firm levels, evidence of subnational-regional analysis
of broadband impact on local productivity is still scarce, and mainly limited
to the United States. In the second place, those empirical studies that have
addressed the regional level usually have replicated the analysis performed
at cross-national level, ignoring the regional perspective. For regional
analysis, it i1s a key element to understand if broadband might have a
uniform impact on productivity across the regions of a country. In that
sense, if the impact of broadband on productivity is found to differ
territorially inside a country, then the analysis will have to contemplate the
regional dimension, intending to find out why some regions are able to
extract more productivity spillovers from technology in comparison with
others. The impact of broadband on productivity may depend on a variety
of regional attributes, such as the quality of its network infrastructures, the
presence of network externalities, and the level of development, among
others.

The possibility of working at a regional scale provides some advantages.

21 Published as: Jung, J. and Lopez-Bazo, E. (2017) On the regional impact of broadband
on productivity: the case of Brazil, Working Paper 2017/08 Research Institute of Applied
Economics (University of Barcelona).

The author gratefully thank useful comments provided by Jos¢ Maria Castellano and José
Ignacio Anton. J.Jung acknowledges the award of a Junior Fellowship at the Institut
Barcelona d’Estudis Internacionals (IBEI) to research regulation of Information and
Communications Technology (ICT) in Latin America, granted by Cétedra Telefonica de
Politica y Regulacion de las Telecomunicaciones e Internet América Latina — Europa.
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Country-level analysis is usually affected by important heterogeneities
across countries in terms of institutions, culture, regulations, etc. Even if
some of these heterogeneities are time-invariant (and as a result can be
tackled by fixed effects), others may vary over time. In contrast to the
country-level approach, regional analysis provides a more homogeneous
framework which allows filtering for those potential heterogeneities and as
a result it may allow to measure the impact of broadband on productivity
more accurately.

To find out if there are differences in the regional productivity impact of
broadband, additional factors will be considered as potential enablers, like
connection quality and critical-mass externalities. The possibility of getting
homogeneous data on download speeds provides the possibility of
considering quality differentials in network infrastructures across regions. A
question that motivates this approach is to find out if continuous
improvements in speed levels of current connections should also constitute
a priority for operators and policy-makers, along with universalization.

The empirical analysis focuses in Brazil, which is an emerging country
which has reached important economic growth over the last decades, prior
to the current political turmoil. A recent report by Centre for Economics
and Business Research (CEBR, 2013) forecasted that Brazil will become
the world’s fifth largest economy in 2023, overtaking UK and Germany.
Despite currently facing an economic and political crisis, the country has
been able to reduce significantly the levels of poverty since 2000,
combining social policies with economic growth in most of those years. As
a result of its potentiality, Brazil has been classified as one of the BRICs
(the others being Russia, India and China). A key of this process was the
openness of its economy for foreign investment. Since the nineties when
many state industries were privatized, the presence of Brazilian
multinationals in the world has grown considerably, as well. Its entrance
onto the world stage has been reinforced by the high-profile international
events that have been hosted in the country: the football World Cup in 2014,
and the Olympic Games 2016 in Rio de Janeiro.

Considering the importance of broadband as an essential infrastructure, the
Federal Government of Brazil launched the "Programa Nacional de Banda
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Larga”, with the objective of extending the provision of broadband,
especially in regions lacking connectivity. The plan, launched at mid-2010,
targeted 40 million of connections in a period of 4 years, acting on several
fronts, such as expansion of optic fiber networks and price reduction
programs, including the implementation of a “popular broadband” tariff for
connections of 1 Mbps per 35 Reais per month. Analysis on the
implementation of this plan is out of the scope of this chapter because it
was not until mid-2011 that it started to be implemented in the first towns
chosen by the authorities. Despite not being considered in the analysis, the
present chapter may bring out some inputs to estimate the future economic
impact of this initiative across the Brazilian states.

The rest of the chapter is structured as follows. The next section reviews the
recent literature on ICT and broadband economic impact while section 3.3
presents a theoretical framework that serves as the basis for the econometric
analysis in this study. The dataset and variables used in the analysis are
introduced in section 3.4 and described in section 3.5. The results of the
estimation of the effect of broadband on regional productivity are presented
and discussed in section 3.6. Finally, section 3.7 briefly summarizes the
main conclusions of the work, with some remarks and policy implications.

3.2 Literature review

The economic impact of infrastructures has been widely studied in the
economic growth literature, following the initial contribution of Aschauer
(1989), who included public capital as a productivity determinant. The
impact of telecommunications infrastructure has also been studied, being
Roller and Waverman (2001) an important contribution in the field. The
diversity of channels through which ICT can contribute to productivity and
economic growth has been extensively studied in the literature (for a
complete review see, for instance, Cardona et al, 2013).

In the last few years most of ICT-derived contributions to productivity has
come from the development of broadband high-speed internet connections,
which has been classified as a General Purpose Technology by some
authors (Mack and Faggian, 2013; Czernich et al, 2011). Because of its
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attributes, they state that the new technologies influence productivity
beyond the effect of regular capital goods. According to Mack and Faggian
(2013) and Jordan and De Leon (2011), broadband now constitutes a key
part of the necessary infrastructure for development, in the same way as
oldest types of infrastructures such as railroads, roads and electricity.

Recent empirical analysis has mainly concentrated on analyzing the
broadband impact on economic growth. Czernich et al (2011) studied a
sample of 25 OECD countries for the period 1996-2007 and found that a
10% increase in broadband penetration raises annual growth in GDP per
capita by 0.9-1.5 percentage points. Koutroumpis (2009) studied a sample
of 22 OECD countries for the period 2002-2007, finding that a 10%
increase in broadband penetration contributed to 0.25% in GDP growth. For
a sample of 120 countries, Qiang et al (2009) found that a 10% increase in
broadband penetration contributed to more than 1% of increase in GDP per
capita growth. As it can be seen, most empirical analyses focus on the
broadband incidence on GDP growth rather than on productivity.

At a regional level, research has been much scarcer, and mostly referred to
the United States. For instance, Crandall et al (2009) studied the effects of
broadband deployment on output and employment in the US States for the
period 2003-2005. They found a positive association of employment and
broadband use in several industries, but were unable to find a significant
association between output and broadband. Mack and Faggian (2013)
analyzed the regional impact of broadband provision for the US counties,
finding that it had a positive impact on productivity only when
accompanied with high skills. Lehr et al (2005) studied the impact of
broadband at the US communities, finding out a positive impact of
broadband on economic growth.

An ongoing debate in the literature is related to the link between the new
technologies and underdeveloped regions. It is believed that ICTs may open
possibilities for isolated regions to overcome traditional disadvantages
associated to their remote location. As a result, new technologies and
internet diffusion could reduce the role played by agglomerations. Some
authors even talk about the “death of distance” as a result of an eventual
widespread deployment of ICTs (Cairncross, 2001). According to this view,
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distance would be less important and peripheral regions would benefit from
opportunities that were not available before (Bonaccorsi et al, 2005; Quah,
2000; Kelly, 1998; Negroponte, 1995).

In some cases, the presence of broadband infrastructure facilitates the
development of poor regions, enhancing some degree of territorial
equilibrium (Surinach et al, 2007). Isolated regions may present some
advantages as lower wages and housing costs, which can be fully exploited
if good broadband infrastructure is available. In that case, it can attract
companies to locate in these regions, especially those which can suffer from
congestion costs in more developed regions, increasing demand and activity
in isolated areas. This might lead to a positive spiral of increased activity
that may help even people who is not a user of broadband.

Even if not related to regional analysis, Thompson and Garbacz (2011) find
that broadband has a relatively more favorable economic impact in
low-income countries than in high-income countries. Similarly, Qiang et al
(2009) suggested that the growth effects of broadband, as well as those of
other technologies, were higher in low-income countries than in
high-income economies. According to Fernandez-Ardevol and Vazquez
Grenno (2011), the economic impact of mobile phones was larger in Latin
America than in OECD countries.

Conversely, other authors argue that the economic impact should be bigger
in high income economies. For instance, for a country-level analysis, Katz
(2012) stated that economies with lower internet penetration tend to exhibit
a lesser contribution of broadband to economic growth. The reason for this
statement is linked to network externalities resulting from larger broadband
penetration. This critical-mass effect might lead to increasing returns to
broadband penetration. Other authors argue that ICTs can exacerbate
disparities between regions, both within and across countries, because
regions may differ not only in ICT endowments, but also in the possibilities
to make a productive use of it (Gareis and Osimo, 2004). Billon et al (2009)
argue that agglomerations and internet may be complementaries rather than
substitutes. According to Bonaccorsi et al (2005), disparities and
inequalities seemed to be reinforced, rather than reduced, by ICT diffusion.
Along with that, the importance of complementarities (e.g., ICTs and
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human capital), sectoral composition and institutional framework may
contribute to a higher economic impact in more developed economies. At
the same time, the decrease of the role of distance as a result of the new
technologies may be over-optimistic, referred to earlier, as only codified
knowledge can be transmitted through ICTs, meaning that distance will
remain to be relevant for tacit knowledge diffusion.

A relatively unstudied aspect of broadband impact is that related to
differences in the quality of the infrastructure (proxied by downloading
speed). A recent paper by Rohman and Bohlin (2013), based on a sample of
34 OECD countries during the period 2008-2010, suggests that doubling the
broadband speed contributes to 0.3% growth compared with the growth rate
in a base year. They performed its estimates in two stages in order to tackle
concerns regarding reverse causality between broadband speed and output.
The relevance of quality is explained because low transmission capacity
and speed of dial-up internet severely limit access to content-dense
applications. Howell and Grimes (2010) argue that fast internet access is
considered a productivity-enhancing factor. As a result, quality of
connections should also be considered as a potential factor which may
contribute to regional differences in the economic impact of broadband.

All the previous arguments may give an insight that broadband should have
a positive impact on productivity, and that the impact may be different
across regions, even inside the same country. The possibility of performing
the analysis in a big country as Brazil, which exhibits important regional
inequalities, may provide a better understanding of the regional dimension
of the impact of broadband in productivity, and may contribute to evaluate
its suitability as an instrument for regional cohesion in emerging
economies.

3.3 Theoretical framework and empirical specification

In this section we build our model on the basis of an augmented Solow
(1956) framework, where economies are supposed to produce according to
a Cobb-Douglas production function with various input factors:
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_ B
Y, = A, KL, H, [1]

Y represents output, K is physical capital stock, L is labour and H denotes
human capital, approximated as H = ¢", where A reflects the efficiency of a
unit of labour, in a similar fashion as Hall and Jones (1999). Subscripts i
and ¢ denote respectively regions and time periods. The term A represents
Total Factor Productivity (TFP), which reflects differences in production
efficiency across regions over time. TFP can be expressed as:

4, =Q,(X) BB?; [2]

TFP is stipulated to depend on some region-specific characteristics,
represented by Q(X), a term which is influenced by a vector of control
variables X, varying across regions and over time, and by time invariant
idiosyncratic productivity effects, which may make some regions more
productive per se because of unobserved characteristics. As it is supposed
that broadband contributes to increase productivity, and to facilitate the
development of new products and processes, and the adoption of new
technologies devised by others, 4 is assumed to depend positively on the
level broadband infrastructure denoted by BB. The stock of broadband
infrastructure 1s used, instead of investment, because users demand
infrastructure and not investment per se (Koutroumpis, 2009). A positive
value for @ is expected indicating the productivity gains derived from
broadband.

The empirical specification will be derived omitting the subscripts for
region and time period for the sake of simplicity. The lack of available data
for state-level physical capital stocks in Brazil require of some assumptions
and rearrangements to derive a workable empirical specification. Adopting
the assumption that markets are competitive, capital earns its marginal
product (Romer, 2006), and thus firms in this economy will acquire
physical capital until its marginal productivity equals its price, usually
approximated by the real interest rate r:
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From this expression, the demand for physical capital can be derived as:

B“/l_]—
K = [

Inserting the derived demand for physical capital in [1], yields an

expression for output which does not depend on physical capital on the
right-hand side:

Y :A[ﬂAlrfﬂl “"LBHY

Under the assumption of constant returns to scale*? for physical capital and
labour, a+p=1, the previous expression can be easily manipulated to obtain

a measure of labour productivity which does not depend on the stock of
physical capital:

1 -1
Y _ Tl ]
7r-1-a

Inserting the expression for TFP in [2] and log-linearising results in:

log ['%] = [l—l_—a]log o + [Tl-Tx]ZOg QLX) + [I—_La]d)log BB + [l—l_—a]yh - [T'i;]log r

The interest rate is easily assumed to be the same across the regions because
financial markets are integrated inside the country. Similarly, it is assumed

as constant as the long-term rate is supposed to vary little over the time
period analyzed.?

22 This assumption has been made before in empirical research for the Brazilian case (see
for instance da Silva Filho, 2002)

2 In any case, any difference will be absorbed by the region fixed effects.
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Renaming the constant factor I'y = [ﬂ;]log o - [I-E;]log r, and the
following parameters successively as I';, the empirical specification can be
written as:

log [£] =T, +T log QX)+T,log BB +T;h [3]

As a result, the empirical specification relates labour productivity to
broadband, human capital, and some controls. The parameter a cannot be
identified from the empirical specification, so the figure for the physical
capital share in income from the Brazilian national accounts will be used to
recover the structural parameters associated to broadband: ® =T, (1 - a).*

The previous specification is a sort of baseline empirical model that is
useful to obtain a common-regional measure of the impact of broadband on
productivity, but is inappropriate to explore the existence of differences
across regions in the impact. As a result, the empirical exercise in this
chapter will consider further strategies which will require of slight
modifications to the TFP term expressed in [2]. On the one hand, the
economic impact of broadband may vary depending on other characteristics
of the infrastructure, such as the quality of the connection, and the presence
of network externalities. Similarly, as stated in the literature review,
broadband may have a different impact depending on the degree of
economic development of the region. To explore these matters, we will
consider a more general expression for [2] to account for heterogeneities in
the effect of broadband on productivity:

A=Q(X) BB®™? 2]

where Z refers to the set of factors which may have an incidence on the
economic impact of broadband, to be defined on course, and the vector of
parameters 0, reflects the incidence of the other factors in interaction with

2 1t is important to note that this implies a return to physical capital which is common to
all regions. Lack of constraints in the inter-regional mobility of capital in Brazil favours
such assumption, although severe differences in the industrial mix could lead to cast some
doubts under imperfect inter-sectoral mobility. This issue will be further discussed in
section 3.6.
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broadband. The procedure to derive the empirical specification and the
strategy for recovering structural parameters is similar to that indicated in
the baseline model.

The availability of a panel data set for the Brazilian states allows to account
for region fixed effects, or in other words to control for time-invariant
unobserved region characteristics. As a result, the pernicious influence of
confounding factors omitted in the specification (e.g. the effect of
geography and differences across regions in managerial talent that evolves
smoothly over time) is less a concern in our empirical exercise. Still, a
common critique of ICT and broadband estimations is that the results could
determine correlation rather than a causal effect on productivity, because
investment in ICT may be considered as a driver, but also a result of
productivity and economic growth (Cardona et al, 2013). This likely reverse
causality may arise because individuals and firms in high-income
economies may also have higher resources to pay for broadband. Some
authors exploit the structure of panel data by using lagged variables for ICT
(Bloom et al, 2010; Hempell, 2005; Tambe and Hitt, 2001; Brynjolfsson
and Hitt, 1995). Other strategies may be structural multi-equation models
(Roller and Waverman, 2001; Koutroumpis, 2009), and Instrumental
Variables estimation (I'V), with a first-stage diffusion equation (Bertschek et
al, 2013; Czernich et al, 2011). In this study, we take the latter approach.?

Bertschek et al (2013) firm-level analysis uses ADSL availability as an
instrument for broadband. Their results suggested that the IV approach
resulted in higher coefficients for broadband incidence in productivity,
although less precise than OLS as the standard errors increase, leaving the
broadband coefficient as weakly significant. In Czernich et al (2011)
country-level analysis uses fixed-line voice telephony and Cable TV
pre-existing networks as instruments for broadband. Its estimations
suggested that IV results are slightly larger than OLS, concluding that OLS
regressions are downward biased.

Following Czernich et al (2011), in the empirical exercise we will build on

2 We decided not to use lagged values of the broadband measure due to the high
persistence in this variable.
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the idea that most common broadband roll-out (i.e.. ADSL or Cable
Modem) rely on the copper wire of pre-existing voice-telephony networks.
As stated by Czernich, the required access to an existing infrastructure built
for other purposes, such as that of fixed telephony, make this a suitable
instrument for this estimation strategy. The instrument in this case is the
number of voice-telecommunication fixed access lines per 100 inhabitants
with a five-year lag. In addition, as broadband deployments may depend on
demographic factors, population density will be added as instrument, but
using variables from the beginning of the last century (census performed
between years 1920 and 1950). The instruments were lagged considerably
to break any possibility of being affected by contemporary shocks. That is
to say, to guarantee that the exclusion restriction are meet which implies
that the measure of density does not affect in a direct way the region’s
productivity but only indirectly through its effect on BB.

3.4 Dataset and variables

To test the effect of broadband connections on regional productivity, this
study estimates the key parameters of the empirical model sketched in the
previous section using data from the 27 Brazilian states (including Brasilia
D.F.) in the period from 2007 to 2011. Table 3.1 provides the precise
definition and source of the key variables to be used in the empirical
analysis. As for the dependent variable, labour productivity is computed as
the ratio of Gross Value Added (GVA) to employment in each state and
year. GVA, that subtracts intermediate inputs from the gross output, is
usually considered a more accurate measure of the actual surplus created by
the regional economy (Cardona et al, 2013). The data, extracted from the
Instituto Brasileiro de Geografia e Estatistica (IBGE) database, is deflated
to 2000 constant Reais prices. Data for the workforce, total number of
workers in each state, comes from the Instituto de Pesquisa Econdmica
Aplicada (IPEA). For cases of missing 2010 employment information,
interpolation using data for 2009 and 2011 was used to fulfill the gaps.

Regarding the key variable in the study, broadband, some preliminary
comments are in order. Considering the importance of ICT to increase the
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competitiveness of territories, inequalities detected in its diffusion can have
implications for economic growth, human development and the creation of
wealth (Vicente and Lopez, 2011; Billon et al, 2009; ITU, 2006). One of the
consequences of the lack of broadband connections is that it generates a
new divide between those who have access to a large number of
applications, for which broadband is needed, and those who do not have
access (Billon et al, 2009).

A wide definition of digital-divide includes a large number of
technology-related variables. Nevertheless, given the scope of the chapter
the empirical analysis focus on broadband only. There is no public regional
data on firms’ broadband adoption in Brazil. But, as stated by Vicente and
Lopez (2011), firm adoption is expected to be highly correlated with the
overall spread of broadband across the entire population. As a result,
penetration across inhabitants is used in our empirical analysis. In this
regard, it should be stressed that several contributions to the extant
literature have used penetration levels to approximate broadband
infrastructure (e.g. Koutroumpis, 2009, and Czernich et al, 2011).

Table 3.1: Variables used in the empirical analysis

Variable Definition Source
Labour productivit Gross Value Added per worker in Reais at Computed using data
p Y2000 constant prices from IBGE and IPEA

Number of subscriptions (>512 Kbps) per 100

Broadband inhabitants Telebrasil
Literacy rate Literacy rate of population over 15 years old IPEA
Public R&D Percentage of R&D expenditures of state Ministério da Ciéncia,
intensity governments in relation to their GVA Tecnologia e Inovagao
Ministério da Industria,
Imports Imports as a percentage of GVA Comércio Exterior e
Servigos
Agriculture Percentage of sectoral GVA IBGE
Services Percentage of sectoral GVA IBGE
Unemployment Unemployment rate IBGE

Source: Author elaboration
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Broadband is defined as internet access provided at a certain high level of
speed capacity (considering the standards for the period under analysis). In
Brazil, most internet available at the end of the 90s and beginning of the
2000s were based on slow dial-up connections, which imposed restrictions
for its usability and ability to make full use and take full advantage of
internet applications. The introduction of broadband allowed the possibility
of exploiting internet full potential. The OECD?* in 2006, and the
International Telecommunications Union (ITU)?” in 2007 defined
broadband as those internet connections with speeds above 256 Kbps. In
this case, Telebrasil (the Brazilian Association of Telecommunications)
classified internet connections by speed considering a threshold of 512
Kbps. Therefore, for the purpose of this research, only broadband
connections that reach at least 512 Kbps or more were considered for the
study. In our opinion this constitutes a much more realistic approximation
for broadband than that based on a threshold of 256 Kbps, which hardly
served for the most advanced applications during the period under analysis.
As a result, Broadband is defined as the number of connections above the
512 Kbps threshold per 100 inhabitants in the region.

As for human capital, it 1s proxied by the literacy rate, which despite being
a measure of the basic skills of the population, is appropriate in our study as
they are far from being universal in the case of the Brazilian regions.

Finally, as stated before, TFP is assumed to depend on some region-specific
characteristics. Most of them may surely constitute time invariant regional
features, such as idiosyncrasy, culture, geographic location, climate, natural
resources, etc. Therefore, region fixed effects are expected to capture all

26 http://www.oecd.org/sti/broadband/oecdbroadbandstatisticstodecember2006.htm

27 https://www.itu.int/ITU-D/ict/material/IndDef e v2007.pdf

28 As stated by Caselli (2005), more conventional measures of human capital as data on
years of schooling for population over 25 years old may seem appropriate for developed
countries with a large share of college graduates, but it is not appropriate for most
developing countries. In order to proxy for more advanced skill levels than literacy rate,
we also considered to add school enrollment from the population aged between 15 and 17
years old (lagged 5-years), but its coefficient was always insignificant while the main
results remained unchanged.
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those components of unobserved heterogeneity which may make some
regions more productive than others. Beyond that, to control for further
productivity differences across regions, a number of variables were
considered. In the first place, R&D activities have been identified in the
literature as relevant to foster productivity (Romer, 1990; Grossman and
Helpman, 1991; and Aghion and Howitt, 1992). For regional analysis,
however, introducing an R&D variable can be problematic, as many firms
whose research labs are located in some regions may have production
facilities distributed through the rest of the country, which would also
benefit from that research (De la Fuente, 2002). Having said that, we will
include the percentage of R&D expenditures of the regional governments in
relation to its GVA, which can also be interpreted as a proxy for absorptive
capacity, as well as a measure of innovation-prone environment. In the
second place, as Coe and Helpman (1995) pointed out, TFP may depend
not only on domestic R&D, but also on foreign R&D, with those spillovers
becoming stronger the more open an economy is to foreign trade.
Considering trade activity as an important source of foreign technological
spillovers, we will add a variable measuring imports as a percentage of
regional GVA.

In further estimations, to take into account additional sources of
heterogeneity, we will include measures of the sectoral composition of the
economy, represented as the percentage of agriculture and services across
the whole regional GVA. Following De la Fuente (2002), we will also
consider the unemployment rate, in order to proxy any cyclical component
which may affect productivity.

3.5 Descriptive analysis

Descriptive statistics for labour productivity, the measure of broadband, and
the regional controls are shown in Table 3.2. It is observed that important
differences arise in labour productivity levels across regions, appearing
Brasilia D.F. as the highest-productivity region. Brasilia presents some
peculiarities. It was founded in 1960, in order to move the capital from Rio
de Janeiro to a more central location. The difference in productivity levels
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between Brasilia and its most close followers (Rio de Janeiro and Sao
Paulo) is substantial, possibly related to differences in its sectoral
composition (its main economic activities are services and public
administration) and on the fact that Brasilia is a city in a small federal
district, while the other regions constitute states. On the other side, the
lowest productivity region is found in Piaui, with a GVA per worker in
2011, which accounted for only 14% of that of the capital city, and 30% of
that of Rio and Sao Paulo.

Table 3.2: Descriptive statistics

Variable Mean Minimum Maximum Obs
Labour 14490.230 5180.351 46762.560 135
productivity  [7371.611] (Piaui, 2007) (Distrito Federal, 2010)
Broadband 2.972 0.040 15.470 135

[3.210] (Amapa and Roraima, 2007) (Distrito Federal, 2011)
. 88.249 74.260 96.850 135
Literacy rate
[6.291] (Alagoas, 2008) (Distrito Federal, 2009)
Imports 0.082 0.000 0.484 135
[0.090] (Acre, 2008) (Amazonas, 2008)
Public R&D 0001 0.000 0.006 135
intensity [0.001] (Rondénia, 2009) (Sao Paulo, 2011)
Agriculture 0.091 0.000 0.290 135
[0.067] (Distrito Federal and Rio de Janeiro)  (Mato Grosso, 2008 - 2009)
Services 0.313 0.220 0.470 135
[0.055]  (Acre,2007; Amazonas and Para, 2010) (Sao Paulo, 2011)
Unemployment 8.521 3.600 16.300 135
[2.429] (Santa Catarina, 2011) (Amap4, 2007)

Source: Author own elaboration. Note: standard deviation in brackets

Figure 3.1 summarizes territorial disparities in labour productivity in Brazil
at the initial and final years of the period analysed. While there is not a
clear core-periphery pattern of the regional distribution of productivity,
most lagged regions appear to be concentrated in the Northeast. On the
other side, most productive regions seem to be located at the Southeast (Rio
de Janeiro, Sao Paulo, Espirito Santo), while there are some centers of
development in the South (Rio Grande do Sul) and in the Northwest
(especially Amazonas). Amazonas is an industrial state, which has attracted
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considerable exporting industries in the last decades. Under a scheme of tax
incentives, through the duty-free zone in Manaus, Amazonas has attracted
manufacturing companies of cell-phones, electronics and motorcycles,
among others.

Some of the fastest growing areas in the period are those in low-productive
regions in the Northeast (with the exception of Bahia), which may suggest
that some process of convergence was in place. Despite that, the spatial
pattern seems to be persistent, with the relative positions remaining almost
unchanged between 2007 and 2011. The reason may be that a possible
convergence process can take much longer than the analyzed period in this
research.

Figure 3.1: Gross value added per worker in Brazilian states

2007 2011
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Source: Author own elaboration.
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Figure 3.2: Broadband across Brazilian states

2007

Source: Author own elaboration.

The description of Broadband in Table 3.2 reveals that penetration averaged
3 subscriptions per 100 inhabitants across the 5-year sample, being again
Brasilia the one which reaches the highest level in 2011, with a penetration
of 15.47 (almost 50% of its households). There seems to be a considerable
regional digital-divide, as poor states, such as Amap4, reached a broadband
penetration of only 0.19 in 2011 (less than 1% of households). This feature
is confirmed by the maps reported in Figure 3.2. In fact, there even seems to
be a more pronounced spatial pattern in the case of broadband than for
regional productivity. The highest penetrations levels are observed in
Brasilia and the Southern regions, while Northern regions appear to be
lagging behind in terms of connectivity (the Amazonas forest is likely to be
the reason behind the lower infrastructure deployment in some states in this
area). As a remarkable element, the lagged northeastern regions appear to
reach in some cases acceptable levels of connectivity. It is worth noting that
Billon et al (2009) report a similar pattern for European regions, as internet
adoption followed an uneven spatial distribution with arising agglomeration
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centers. In a similar fashion, Bonaccorsi et al (2005) state that both
developed and developing countries suffer from serious regional disparities
in ICT.

Figure 3.3: Productivity and broadband in the Brazilian states
2007 2011
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Source: Author own elaboration.

The descriptive evidence provided so far for the level of productivity and
the measure of broadband suggests marked regional disparities in both
magnitudes. A first insight into the link between them for the Brazilian
states can be derived from Figure 3.3, that plots the regional values of
Broadband vis-a-vis those of productivity. Despite correlation should not be
read straightforwardly as evidence of a causal effect going from broadband
connection to productivity, it indicates a strong positive association between
the two variables. That is, productivity and the amount of broadband
penetration tend to appear together in the set of Brazilian regional
economies. The next section provides estimates of this link net of the effect
of other regional characteristics that could confound the simple relationship
between the two variables depicted in Figure 3.3. As deduced from the
description of the measures of human capital and the regional controls in
Table 3.2, there are also substantial disparities across the Brazilian regions
in other potential determinants of productivity, that should be taken into
account when assessing the effect of broadband on regional productivity.
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3.6 Results

Baseline specification

This section presents and discusses the results of the estimation of the effect
of broadband on productivity in the Brazilian regions, using the
specifications described in section 3.3. As mentioned in that section, it is
not possible to identify a directly from the estimated coefficients. To do so,
additional information on the capital share in income from the Brazilian
economy is used. In that sense, Feenstra et al (2015), using the Penn World
Table data (PWT), find that the labour share in the income of Brazil
averaged 0.55 in the period 2007-2011. Under the assumption of constant
returns to scale, this implies 0a=0.45, value that will be used to recover the
structural parameter of interest. Table 3.3 reports estimates of the baseline
model that assumes no interaction between broadband penetration and
regional attributes.

Column (i) in Table 3.3 reports the Ordinary Least Squares (OLS) results
for the baseline model. The coefficient of Broadband is found to be highly
significant and sizeable in magnitude. The implied estimated effect, @,
suggests that a 10% increase in broadband penetration improved regional
productivity by 0.2%. To assess the magnitude of this effect is worthwhile
taking into consideration that the overall average of Broadband in the
sample 1s 3 connections per 100 inhabitants, the 10% increase represents
moving that value up to 3.3 connections per 100 inhabitants. As for the
estimate of the coefficients of the other regressors, it is obtained a positive
and significant (at 5%) effect of the literacy rate on productivity. This
suggests that differences in the endowment of basic skills in the population
contribute to explaining productivity disparities among brazilian regions.
On the other hand, conditional to the other observable and unobservable
regional characteristics, public spending in R&D as a percentage of the
region’s GVA does not exert a significant effect on productivity. In contrast,
the effect of the relative amount of regional imports is positive and
significant, which suggests that more open regions benefit from foreign
R&D embodied in traded goods and, as a result, tend to be more productive.
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Table 3.3: Estimation of the baseline model

Estimation (1) (ii) (iii) @iv)
0.037*** 0.036*** 0.030%** 0.030%*
log(Broadband)
[0.013] [0.012] [0.015] [0.013]
. 0.022%%* 0.022%%* 0.024%** 0.024%**
Literacy rate
[0.008] [0.008] [0.008] [0.008]
0.599%*%* 0.545%%* 0.608** 0.545%*
Imports
[0.242] [0.246] [0.239] [0.231]
. . . -0.327 -0.262 -0.334 -0.261
Public R&D intensity
[0.258] [0.274] [0.225] [0.228]
. -0.189 -0.213
Agriculture
[0.444] [0.420]
) -1.024** -1.021%%*
Services
[0.470] [0.367]
-0.000 -0.001
Unemployment
[0.005] [0.004]
Implied ® 0.020 0.020 0.017 0.017
Observations 135 135 132 132
R-squared 0.643 0.670 0.537 0.572
Method OLS OLS v v
Weak identification test 62.183 60.239
Over-id test statistic 1.731 2.598

Source: Author analysis. Notes: *p<l10%, **p<5%, ***p<1%. Robust standard errors in brackets. All estimates include
region fixed effects. Instruments for Broadband in 1V: telephone fixed voice lines per 100 inhabitants (lagged 5 years), and
population density at the beginning of the XX century (census 1920-1950). First step estimates for columns (iii) and (iv) in
Table A3.1 are in the Appendix. Stock-Yogo weak identification test critical values: 8.68 (10% maximal LIML size).

Although the magnitude of this estimate of the effect of broadband
penetration is similar to that in other empirical studies in the literature,
additional estimations will be performed to evaluate its robustness. In the
first place, column (ii) in Table 3.3 includes additional regressors, with the
aim of controlling for the existence of further regional specific differences
in Q. Particularly, three additional variables are included: the sectoral
composition (percentages of agricultural and service activities in local
GVA) and the unemployment rate, as a proxy for any cyclical component
which may affect productivity. Results in column (ii) reveal that only the
coefficient of the share of services in total GVA is statistically significant
and, most importantly, that the inclusion of these controls does not alter the
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results for the estimated effect of Broadband. In other words, the estimate
of its impact is robust to the addition of further controls in the regional
production function.

As discussed in section 3.3, the OLS estimator will provide biased estimates
of the effect of Broadband if it is an endogenous regressor. To account for
this possibility, columns (iii) and (iv) in Table 3.3 report the results based
on an IV estimator using the instruments discussed in section 3.3. In both
cases, the statistic of the overidentifying restrictions test fails to reject the
null hypothesis of exogeneity of the instruments. On the other hand, the
weak instruments test rejects that the instruments are weakly correlated
with the broadband measure. Therefore, it can be concluded in favour of the
validity of the instruments used. The IV estimated coefficient of Broadband
in column (iii) is only marginally smaller than that reported by OLS. To be
clear, it remains positive although decreases somewhat its significance
(significant at a 5% level) as a result of a slight decrease in the size of the
coefficient and also a small increase in the standard error. In any case, the
implied effect of broadband derived from the IV estimation points to a
substantial effect of broadband on the region’s productivity (a 10% increase
in broadband penetration raises regional productivity by 0.17%). As with
the OLS, the estimated effect of Broadband remains unchanged when
further control variables are included (column iv). Overall, these results
provide support to the hypothesis that fast broadband intensification cause a
positive impact on the level of productivity of the Brazilian regional
economies.”’

» As mentioned at the beginning of this section, the effect of Broadband on productivity
is estimated using the value of the share of capital in income deduced from the data in the
PWT for the entire Brazilian economy (0.45). Alternatively, it is possible to compute the
share of capital in income for each Brazilian state for 2010 and 2011 from the Brazilian
Regional Accounts. The results obtained in that case are shown in Table A3.2 in the
Appendix. It is observed that the estimated effect for the entire country is somewhat
smaller in this case due to the highest share of capital in this alternative source. In any
case, these results reveal some important differences across regions, with the estimated
effect ranging from 0.010 in Espirito Santo to 0.018 in Amapa.
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Regional heterogeneity in the effect of broadband

Once the impact of broadband on the productivity of the Brazilian regional
economies has been verified, it seems interesting to assess whether the
impact is uniform across states or if, on the contrary, it varies with some
characteristics of the infrastructure and with the level of development of the
territorial units. With this aim, the empirical model is modified to
accommodate the TFP function in equation [27]. In the first place, it is
assumed that there is a certain critical-mass required to get benefits from
network externalities. To be clear, the TFP function in [2] 1s specified as:

A — Q(X) BB(SS/[JFSJIWMCISS)

where Mass is a binary variable defined as a function of a given threshold
of broadband penetration: it equals 1 for regions with level of penetration
above the threshold, and 0 otherwise. To define the threshold, it should be
taken into account that even the lowest thresholds considered in previous
studies for the OECD countries were found to be far above from the
Brazilian standards during the period under analysis.*® Therefore, after
analysing the distribution of the values of the variable, a minimum
threshold of 6% penetration is adopted, a level which means approximately
20% of households with broadband connection.’’ Under this specification,
regions in which penetration was below this threshold are supposed to get
no productivity gains of increases in Broadband. It is when reaching the
threshold that improvements in Broadband start leading to higher
productivity in the region. Therefore, we expect 8,/>0.%

Another important aspect that could shape the impact of broadband on
regional productivity is the existence of differentials in the quality of
connections. To approximate quality, following Rohman and Bohlin (2013),
the measure to be used is the average speed of connections in the region.

3% For instance, Koutroumpis (2009) considers as critical the threshold of 20% penetration
per inhabitant, while Czernich et al (2011) measure network externalities from a 10%
level.

3! The average size of Brazilian households is 3.2 persons.

32 16% of the observations in the sample are above the threshold (Mass=1). The
percentage increased over the analysed period from 0% in 2007 to 37% in 2011.
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Available data from Telebrasil allows considering differences in average
bandwidths across regions. Broadband download average speed is
constructed with data which classifies subscriptions to different groups
depending on its speed. More precisely, it is obtained by summing the
average speed for each interval weighted by the corresponding penetration
level.” The description of this variable, Quality, is in Table A3.3 and Figure
A3.1 of the Appendix.

In this case, the specification of equation [27] is as follows:

A=Q(X)B B(SOQ +89 Quality)

The moderating effect of the average quality of connections in the region is
hypothesised to be positive, i.e. §,2>0. In other words, for two regions with
the same relative amount of broadband connections, we expect to observe a
higher impact on productivity for the regions with higher average speeds.

The results of the IV estimation of the parameters of the specifications
allowing for these types of heterogeneities in the effect of Broadband are
reported in the first block of columns in Table 3.4.>* In both cases, two
groups of instruments have been used to account for the interaction between
the corresponding variable (Mass or Quality) and (the log of) Broadband. In
the first place —columns (i) and (iii)—, the interaction between the variable
and the two instruments used before are added to the list of instruments.
This assumes that Mass and Quality are exogenous regressors. Since the
instruments based on the interactions would not be appropriate if Mass and

33 Telebrasil offers data on fixed broadband connections across the following speed
intervals: (1) 512 Kbps - 2 Mbps; (2) 2 Mbps - 34 Mbps; and (3) higher than 34 Mbps.
The formula for computing average download speed for region i at time ¢ is:
Quality,=1.25*[BB(1),]+18*[BB(2),]+50*[BB(3),], where BB(i) refer to share of
connections in speed interval i (=1, 2, 3). Assigned speed values for intervals (1) and (2)
correspond to the mean of the corresponding interval. Speed for the interval (3) is
right-censored, and the election of 50 mbps is somewhat arbitrary, although results are not
sensible to different approximations. The equivalence formula is 1 Mbps = 1024 Kbps.

3 Only the specification that does not include the sector and unemployment controls is
considered in this subsection given that their addition to the list of regressors does not
modify the estimate of the key parameters. The corresponding results are available upon
request.
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Quality are endogenous, we also report results that exclude the interactions
from the list of instruments —columns (i1) and (iv).

Table 3.4: Estimation allowing for regionally heterogenous effects

Estimation (1) (ii) (iii) (iv) E v)
0.025 0.015 0.009 0.008 ! 0.034%%*
log(Broadband) 1
[0.016] [0.018] [0.017] [0.021] ! [0.013]
0.015%* 0.027* !
Mass*log(Broadband) I
[0.008] [0.015] i
Quality*log(Broadband) 0.0037 0.003% i
[0.001] [0.002] i
LP*log(Broadband) i 0.0447
i [0.016]
MP*log(Broadband) i 0007
' [0.019]
[0.014, [0.008, [0.013, [0.012,
Implied ® [min, max] 0.022] 0.023]  0.050] 0.050] !
Implied ® HP i 0.019
Implied ® LP i 0.043
Implied ® MP i 0.015
Weak identification test 27.117 8.782 12.969 11.157 7.083
Over-id test statstic 2298 - 004 - 1337

Source: Author analysis. Notes: Estimations corresponding to the IV method. Instruments as in
Table 3, with the addition of their interaction with the Mass or the Quality variables in (i) and (iii).
First step estimates available upon request. The number of observations is 132 in all cases.
*<l10%, **p<5%, ***p<I1%. Robust standard errors in brackets. LP and MP denote dummy
variables for low- and medium-productive regions, respectively. The omitted category is the group
of high-productive regions (HP). [min, max] refers to the minimum and maximum values obtained
for ®. All specifications include region fixed effects and as control variables the Literacy rate,
Imports, and Public R&D intensity. The “—" denotes that the Over-id test statistic is not available

for the corresponding estimates as the number of instruments equals that of endogenous regressors.

As expected, the estimate of the coefficient for the interaction between
Mass and Broadband, 6,", is positive, although it is only statistically
significant at 10% when just the two original instruments are used. This
result confirms that there is a threshold above which further penetration of
broadband leads to improvements in regional productivity, whereas this is
far from guaranteed below the threshold (the estimated effect for regions
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below the threshold, i.e. Mass=0, is not statistically significant).

As for the moderating effect of quality, results confirm the hypothesis that
the impact of Broadband is increasing with the average speed in the region.
At the overall average speed in the sample, the implied ® is estimated at
0.022, whereas it takes a value of 0.013 and 0.050 at the minimum and
maximum values of speed, respectively. That is to say, the impact of
broadband on productivity is fourfold in the region with the highest average
speed with respect to the one in the region in which the average speed was
the lowest. This confirms that quality of the connection matters for the
impact of broadband on productivity.* As in the case of the interaction
involving Mass, there is a decrease in the significance of the coefficient of
the interaction when only the original instruments are used. This seems to
be caused by the higher standard error as the magnitude of the coefficient
remains the same in the two estimations.

Table 3.5: Region clustering according to productivity

Low-Productive regions Medium-Productive regions High-Productive regions

Piaui Tocantins Mato Grosso
Maranhéo Goias Rondonia
Ceara Para Santa Catarina
Paraiba Mato Grosso do Sul Espirito Santo
Alagoas Minas Gerais Rio Grande do Sul
Rio Grande do Norte Acre Amazonas
Bahia Amapa Rio de Janeiro
Pernambuco Parana Sao Paulo
Sergipe Roraima Distrito Federal

Source: Author elaboration

Finally, we explore the relationship between the size of the effect of
Broadband and the level of development in the region. The hypothesis is
that more peripheral regions, with lower density of economic activity and,
thus, less developed, may obtain higher productivity gains from broadband

35 Consistent with the specification, the estimate of the coefficient of log(Broadband) in
columns (iii) and (iv) is not statistically different from zero. This is the expected effect
when the average speed in the region is zero.
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connections as this technology will allow economic agents in that regions to
keep away from some of the costs of peripherality, making location in the
region more attractive for production. To test this hypothesis, regions are
classified in three groups according to the level of development, measured
through the average GVA per worker in the period under analysis. The
composition of the three groups is shown in Table 3.5. Based on this
classification, binary variables were created to identify the regions
belonging to each group (LP, MP and HP for low-, medium-, and
high-productive, respectively).

Using this information, the specification of equation [2"] is defined as:

A= Q(X) BB(SHP 0y p MP+d,p LP)

where 0, measures the effect of Broadband for the group of most
developed regions, and that for the other two groups is obtained by adding
the corresponding parameter, J,,, or §,,. A conspicuous way of checking the
hypothesis under analysis is testing that 3,,, = 6,, = 0. The last column in
Table 3.4 summarises the results of the IV estimation of this specification.
They confirm that important differences among regions do in fact exist, and
that they are linked to the level of development. All regions benefit from
broadband, but the less developed appear to obtain much larger productivity
gains through broadband than medium and highly developed regions. To be
clear, the increase in regional productivity induced by increasing broadband
penetration by 10% is estimated to be 0.19% and 0.15%, respectively, in the
groups of regions with high and medium levels of development, while it
raises up to 0.43% in the group of the less developed Brazilian regions.
Therefore, on average, these results suggests that the impact of broadband
on productivity is particularly high for regional economies with low levels
of productivity and, therefore, of development, and declines to about the
half as regions become more developed. Overall, these results support the
hypothesis in this chapter about the regionally differentiated impact of
broadband on productivity.

74



3.7 Conclusions

This chapter has aimed to provide robust evidence on the impact of
broadband on productivity in Brazil and, particularly, on the fact that these
effects are not uniform across the territory. In fact, broadband seems to be
yielding higher productivity gains for regions which exhibit a minimum
threshold of penetration levels (providing evidence of network effects), as
well as regions with higher quality in its internet infrastructures, denoted by
the broadband speed. Moreover, further analysis provided evidence of a
higher effect of broadband on productivity for less developed regions.
However, due to data unavailability, we were unable to contrast other
possible sources of regional heterogeneity in the impact of broadband on
productivity, which may explain why less developed regions are extracting
more benefits from this technology. A complete understanding of those
aspects should have to be addressed in future research.

Even if a convergence analysis remained out of the scope of this chapter,
our results suggest that broadband connectivity might constitute a factor
favoring regional cohesion in Brazil. In the past, Barrios et al (2008) find
that ICT investments have contributed significantly to regional convergence
in Spain. They also state that the development of ICT activities constitute a
potentially good candidate for promoting regional development. In the same
line, Ding et al (2008) suggest that telecommunication infrastructure
contributed significantly to regional convergence in China, supporting
investment policies in telecom in lagged regions of developing countries.
They state that facilitating telecommunications infrastructure is important
for assisting economic growth in the least developed regions of developing
countries with poorly developed telecom infrastructure. To confirm that
assertion for the case of Brazil, further research will be required, especially
when long enough time series data is available to perform a long-term
growth-regression analysis.

In any case, broadband connectivity appears to be a source of productivity
gains in Brazil, something that provides empirical support to the recently
deployed public program of connectivity "Programa Nacional de Banda
Larga”.
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To conclude, some policy implications can be derived from the analysis.
The importance of broadband for regional development makes that all
levels of government should implement policies that encourage broadband
deployment. Although referring to the case of Europe, Barrios and Navajas
(2008) state the importance to adopt, together with country-level initiatives,
regional policies, because the nature of technological change and
innovation have a strong regional component that makes that public policies
must be designed taking the regional dimension into account. In Brazil,
some states have started to follow this strategy, as for instance Parana and
Amapa, which have launched state-based broadband public plans, as aiming
to complement the above-mentioned national plan. Barrios and Navajas
(2008) highlight the importance that regional cohesion policies consider the
relevance of ICT infrastructure, aiming to favor the attractiveness of the
less developed regions. They even call for differentiated intervention, even
among regions within a country. Regional policies should also promote ICT
skills and the use of ICT by small and medium size enterprises (Barrios et
al, 2008).

In this context, investment from service providers in broadband
infrastructure is critical, both in terms of coverage and speed. As stated by
Crandall et al (2009), it is essential that regulatory policies do not reduce
investment incentives for carriers. In particular, policymakers should adopt
measures that promote, or at least do not inhibit, the growth of broadband.
In density-populated areas, private competition will surely provide the
required incentives which will lead to higher investments and better
connectivity. In those markets, it will be necessary from federal and state
governments to reduce entry barriers and promote investment by
incumbents and new service providers. In contrast, in distant areas, with
low levels of population and economic density, or affected by adverse
geographical conditions, public intervention will definitely become vital for
infrastructure deployment. At those cases, universalization policies might
become crucial. As stated by Frieden (2005), broadband investment
requires of important levels of public and private cooperation. The results in
this chapter prove that the return to these policies is likely to be quite high.

Policy will also need to promote connectivity from the demand-side. Lower
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prices are necessary to increase penetration, because, as stated by Galperin
and Ruzzier (2013), broadband demand is elastic. Promoting flexibility in
commercial offers, as well as tax reductions for low-income segments, and
small-low productive firms, may constitute feasible alternatives to tackle
affordability barriers. Additionally, to maximize demand and social returns
to broadband deployment, policymakers should address eventual
ICT-related skills among the workforce.

Downloading speed is, as seen before, relevant to enhance the economic
impact of broadband, and it will probably become more important in the
future, as data traffic through the networks is increasing and will start to
strain current infrastructures.

Although not addressed by this research, mobile broadband may also
constitute an opportunity to close the digital-divide, especially through its
potential to connect isolated distant areas (Katz, 2012). In that sense,
spectrum allocations will be required to provide necessarily resources for
deployment of new generation services as LTE and 5G.
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Appendix

Table A3.1: First Stage estimations

Dependent variable: First Stage for Column First Stage for Column
log(Broadband) (iii) in Table 3 (iv) in Table 3
Fixed Telephone lines per 100 -0.369%** -0.369%**
inhabitants (5-year lag) [0.037] [0.036]
sesksk skskek
Population density (1920-1950) 0.009 0.010
[0.003] [0.003]
. 0.212%** 0.2071%**
Literacy rate
[0.039] [0.051]
Public R&D intensity 2.229 2.306
[1.604] [1.633]
0.701 0.937
Imports
[3.007] [3.356]
Services -1.920
[3.212]
Agriculture -2:439
[4.802]
Unemployment 0.011
[0.048]
Test F of excluded instruments: 62.18*** 60.24%***

Source: Author own elaboration. Note: *p<10%, **p<5%, ***p<1%. All estimates include
region fixed effects

First step estimates in Table A3.1 confirm the relevance of the proposed
instruments to explain broadband adoption. In both estimates, significance
levels of 1% are reached for the individual and joint tests of significance of
the coefficients of both instruments. While the overall correlation in the
sample between the 5-year lag of the fixed telephone lines per 100
inhabitants and (the log of) Broadband is positive (0.181), the negative sign
in Table A3.1 is due to the control of the region fixed effects. In this case,
the respective coefficients only capture the within variation, that is, the one
due to changes over time. Therefore, the negative coefficient for the fixed
telephone lines indicates that broadband adoption may have grown more
rapidly in regions with lower initial endowments of the older
infraestructures.
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Table A3.2: Estimation of the Broadband effect in each region.

Share Labour Share Capital Effect of BB

Brasil 0.42 0.58 0.013
Rondonia 0.49 0.51 0.015
Acre 0.51 0.49 0.015
Amazonas 0.37 0.63 0.011
Roraima 0.58 0.42 0.017
Para 0.37 0.63 0.011
Amapa 0.59 0.41 0.018
Tocantins 0.48 0.52 0.014
Maranhao 0.43 0.57 0.013
Piaui 0.49 0.51 0.015
Ceara 0.45 0.55 0.014
Rio Grande do Norte 0.48 0.52 0.014
Paraiba 0.50 0.50 0.015
Pernambuco 0.47 0.53 0.014
Alagoas 0.48 0.52 0.015
Sergipe 0.46 0.54 0.014
Bahia 0.44 0.56 0.013
Minas Gerais 0.41 0.59 0.012
Espirito Santo 0.33 0.67 0.010
Rio de Janeiro 0.41 0.59 0.012
Séao Paulo 0.41 0.59 0.012
Parana 0.39 0.61 0.012
Santa Catarina 0.40 0.60 0.012
Rio Grande do Sul 0.41 0.59 0.012
Mato Grosso do Sul 0.40 0.60 0.012
Mato Grosso 0.38 0.62 0.012
Goias 0.39 0.61 0.012
Distrito Federal 0.54 0.46 0.016

Source: Author own elaboration. Note: Data used to compute the labour and
capital share in gross domestic product from Contas Regionais do Brasil. The
effect of Broadband uses the IV estimate of the corresponding coefficient in Table
3.3.
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Table A3.3: Additional variables used in the empirical analysis

Variable Definition Source Mean Std. Deviation Min-Max
Dummy variable which

Mass ~ takes value of 1if Telebrasil  0.156 0.364 0-1
Broadband>0.06
Weighted average

Quality  broadband speed in Telebrasil 4.415 2.819 1.316-13.828
Mbps

Source: Author elaboration

Figure A3.1: Average broadband download speed across Brazilian
states

2007 2011

{1 83324, 194752]

[2.37766,3.54333]
[184752,2.37766]
[1:31613.1.69324]

(87235713 8279]
(6 B7483,972367]
(4 21745.657483]

[210257 4 21745]

Source: Author own elaboration.
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Chapter 4. Internet and enterprise productivity: evidence from Latin

. 36
America

4.1 Introduction

Over the last decades, the economic literature has progressively recognized
the links between Information and Communication Technologies (ICTs) and
economic growth. In particular, a large body of research has clearly shown
the relationship between the acceleration of productivity growth and ICT
diffusion in the context of growth accounting (Oliner and Sichel, 1994 and
2002; Jorgenson, 2001).

Firms are the economic units where this relationship effectively takes place.
ICT adoption can be related to improvements in business performance
through various channels. ICTs allow faster communications and quicker
processing of information, decreasing internal coordination costs, and
facilitating the decision making processes (Cardona et al, 2013; Arvanitis
and Loukis, 2009; Atrostic et al, 2004; Gilchrist et al, 2001). ICTs may also
promote substantial firm restructuring, making internal processes more
flexible and rational, and reducing capital requirements, by improving
equipment utilization and inventory reduction. Moreover, the possibility of
developing better communication channels with suppliers, clients,
knowledge providers, and competitors may increase innovation capacities.

As a result, ICTs seem to allow firms to use new processes and business
practices which, in turns, are linked to performance improvements.
However, ICT-driven productivity gains are expected to vary largely across
countries, regions, industries, and even between enterprises within the same
industry and economy, suggesting that simple diffusion may be not

3¢ Published as: Jung, J., Lopez-Bazo, E., and Grazzi, M. (2017) Internet and enterprise
productivity: evidence from Latin America, Working Paper 2017/09 Research Institute of
Applied Economics (University of Barcelona).

This chapter was produced as part of the Inter-American Development Bank research
project, Policies and Institutions for Productivity in Latin America and the Caribbean
(RG-T1861). The opinions expressed in this chapter are those of the author and do not
necessarily reflect the views of the Inter-American Development Bank, its Board of
Directors, or the countries they represent.
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sufficient to take full advantage of the potential of ICTs. Empirical evidence
indicates that firm-specific operational and organizational characteristics
determine the expected benefit derived from ICT adoption. Therefore,
complementary investment in areas such as organizational change and
human capital appears necessary to both increasing absorptive capacity and
maximizing the real impact of new technologies (Brynjolfsson and Hitt,
2000). Institutional framework and other environmental factors may also be
crucial in exploiting ICTs full potential.

Given the complexities described above, it is a key element to understand
more about the link of ICT with productivity, and whether the strength of
this link varies across firms. A complete understanding of these dynamics is
central in order to design effective public policies to promote ICT adoption
and increase firm productivity. Past research has already suggested that the
effect of ICTs on economic performance may vary across different
economic agents, although main evidence has been developed at a
country-level (see for instance Thompson and Garbacz, 2011; Qiang et al,
2009; or Fernandez-Ardévol and Vazquez Grenno, 2011), while firm-level
analysis is still scarce, being the most relevant recent contribution that of
Paunov and Rollo (2016).

Clearly, the concept of ICT includes a variety of different technologies and
applications, with different potential impact on firm’s performance
(hardware, software, telecommunications, etc). Recently, broadband
internet connection has been indicated as one of the most effective, because
of its potential to enable a wide set of productivity-enhancing services.
Some authors stated that broadband has become a necessary infrastructure
for economic and social development, as it has happened before with
advances such as railroads, roads, and electricity (Mack and Faggian, 2013;
and Jordan and De Leon, 2011). As a result of that, while inspired in ICTs
in general, our analysis will focus exclusively in the adoption and use of
internet, as it has emerged as the main component of these technologies
nowadays.>’

3 Given that variables about adoption of computers are unavailable in our sample, it's not
possible to distinguish between effect of the Internet and a potential effect of other ICTs
such as computers (not connected to the net).
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Rather than exploring the impact of internet based on aggregated data (at
country, region, or industry levels), this chapter assesses its distributional
effects at the firm-level. This is a key aspect since having a complete
understanding of the distributional effects is crucial for public policies. As
stated by Frolich and Melly (2013), from a policy perspective, a public
intervention that helps to raise the lower tail of an outcome distribution
should be more appreciated than an intervention that shifts the median, even
if the average treatment effects are similar. For instance, if the effect of
increasing the use of internet was found to be stronger in low-productive
firms, a policy intervention related to the adoption and use of these
technologies —for instance, a national broadband deployment plan— will
help reduce productivity disparities between firms. On the contrary, if most
productive firms were found to be mostly related to internet-derived gains,
then a massification of these technologies would increase disparities.

While the bulk of the literature has focused so far on developed countries,
evidence from emerging economies is still scarce and dispersed. In this
regard, some of the most recent contributions have analysed the effect of
ICTs on productivity exploiting the firm-level data from the World Bank
Enterprise Survey (WBES) for specific groups of developing countries (e.g.
Cirera et al, 2016; Paunov and Rollo, 2016). In a similar vein, this chapter
aims to contribute to this literature by exploring the relationship of internet
with productivity in the context of the Latin America region, which
constitutes an appealing case of analysis for a number of reasons. Firms in
the region seem to be less innovative and productive when compared to
those belonging to more advanced economies, and one possible reason is
related to internet diffusion and use, which is still relatively low. In fact,
although internet has significantly increased its diffusion in the region, there
is still a notable divide between Latin America and the developed countries,
especially in the most advanced technologies. Although the region’s GDP
has been growing fast since the beginning of the 2000s —mainly driven by
high commodity prices—, advances in productivity levels have been much
poorer, and ICTs can surely provide a powerful opportunity to catch-up. On
the other hand, Latin America is the region in the world with the highest
levels of inequality. From that perspective, the possibility of finding out the
distributional effects of internet, and the implications of public interventions
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aimed to foster the diffusion and use of this new technology, will surely
constitute a useful input for policy makers.

This chapter provides important contributions to the literature. The
possibility of performing an empirical analysis at a micro level —in contrast
to one based on aggregated region/country/sector data— is especially
relevant as the firm is the main economic actor in the internet-productivity
relationship. On the other hand, our measure of firm performance will be a
Total Factor Productivity (TFP) indicator built following the procedure
suggested by Levinsohn and Petrin (2003), instead of performing the
analysis on less suitable measures as labour productivity.*® To the best of
our knowledge, this is the first effort to provide comprehensive evidence at
a firm-level in Latin America about the effect of internet on TFP throughout
the overall distribution of this indicator, not just at its mean, something
which is crucial to provide inputs for public policies oriented to promote the
adoption and intensive use of new technologies.

Paunov and Rollo (2016) is the closest study to ours in terms of approach
and scope. However, our study differs in a series of aspects. In the first
place, their main focus is to study the effect of ICT-related industry
spillovers on firm’s labour productivity. In the second place, we will follow
an Unconditional Quantile Regression approach (UQR; e.g. Firpo, 2007) in
order to characterize the effect of internet on the firm’s TFP throughout the
overall distribution of productivity. In our opinion, this is a more
appropriate choice when the aim is on the distributional impact of internet,
as the estimated effects of internet in this case corresponds to the
unconditional distribution of productivity, which is the variable of interest.
In contrast, Paunov and Rollo (2016) apply the more conventional
Conditional Quantile Regression approach (CQR; Koenker and Bassett,
1978), whose estimated effects refer to the conditional distribution of
productivity, which may substantially differ from the actual (unconditional)
one. Finally, their sample is composed by firms from emerging economies

3% Labour productivity is often seen as an incomplete measure of efficiency. On the
contrary, TFP is a measure that captures efficiency considering all factor inputs, being as
a result, a more complete indicator of the use of resources by productive agents.
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in general, while our analysis is particularly focused in Latin American
enterprises.

Our study, however, encountered some limitations. Due to data
unavailability, we are unable to perform panel-data estimations and,
therefore, to control for unobservables that may affect productivity and
internet at the same time, confounding the estimated effect as a result. On
the other hand, the link between internet and productivity may be
bidirectional, as high productive firms are more expected to adopt ICTs, and
to make better use of them once adopted. To control for potential
endogeneity, we implement an Instrumental Variables estimator (IV).
However, this is only feasible for the analysis at the mean of the
distribution, as to the author's knowledge there has not yet been developed a
similar consistent estimation procedure for the UQR approach. Therefore,
although some robustness checks are performed to address the endogeneity
concern, we should be cautious when deriving conclusions from the results
in terms of causal effects.

The rest of the chapter is organized as follows. In Section 4.2, we review
the related theoretical and empirical literature, from where we will outline
our main hypotheses. In Section 4.3, the dataset and variables to be used in
the empirical analysis are presented. In Section 4.4, we include a
descriptive analysis of the variables of interest. In Section 4.5, we specify
the empirical model to explore the relationship between internet adoption
and use on productivity. In Section 4.6, we discuss the main results of the
empirical estimations. Finally, concluding remarks are provided in Section
4.7.

4.2 Literature Review and Hypothesis

The link between economic performance and ICTs has received
considerable attention in the literature, and over the last few years, many
firm-level empirical studies have identified multiple channels through
which ICT can have a positive effect on enterprise performance. For
example, Mack and Faggian (2013) stated that ICTs have dramatically
changed every aspect of modern life, including business management,
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which has been revolutionized by the new capacity of finding, sharing, and
storing information.

In fact, ICTs have the potential to generate a large impact on the internal
communication processes of a firm. For example, it is usually argued that
ICTs can help to reduce internal communication costs (Jorgenson, 2001),
allowing quicker information processing, lower coordination costs, fewer
supervisors required (reduction in labour costs), and an easier facilitation of
the decision making process (Cardona et al, 2013; Arvanitis and Loukis,
2009; Atrostic et al, 2004; Gilchrist et al, 2001). In turn, the reduction in
communication costs can spur additional investments (Colecchia and
Schreyer, 2002). Moreover, ICTs may enable the development of new
processes and new work practices (Mack and Faggian, 2013), and facilitate
substantial firm restructuring (Brynjolfsson and Hitt, 2000), making internal
processes more flexible and rational, and reducing capital requirements
through better equipment utilization and inventory reduction. These
improvements may also allow firms to improve the quality of their outputs.
In addition, the adoption of ICTs opens the possibility to improve external
communication channels with suppliers, clients and, other firms, facilitating
innovation processes, arranging new distribution systems and prompting
knowledge spillovers across firms and regions (Czernich et al, 2011).
Cheaper information dissemination can facilitate the adoption of new
technologies devised elsewhere. As knowledge is increasingly becoming
crucial for economic activity, the potential of ICT to generate more efficient
external collaboration may promote the creation of new knowledge
(Forman and Zeebroeck, 2010). From a market perspective, ICT
development can contribute to lower entry barriers and to promote
transparency, fostering competition and development of new products,
processes and business models (Czernich et al, 2011).

As a result of all the above, ICTs have become a substantial part of the
modern business environment (Cardona et al, 2013), allowing factor
productivity gains in industries that are intensive in ICT utilization. In a
seminal study, Brynjolfsson and Hitt (2003) explored the effect of
computerization on productivity and output growth in a sample of US firms
over the period 1987-1994, finding a positive association. This relation has
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been confirmed through the years by several empirical studies in various
contexts. For example, Hempell (2005) found significant evidence of the
productivity effects of ICT using a generalized method of moments
estimator on a panel data of German firms in the period 1994-1999.
Arvanitis and Loukis (2009) and Kaiser and Bertschek (2004) confirmed
those findings using data from Greece and Switzerland, and Germany,
respectively. Among emerging regions, Cirera et al (2016) conducted a
study based on a sample of Sub-Saharan African countries, following the
CDM approach (Crepon et al, 1998),* finding positive and robustly
significant impact of ICT on innovation, although the link to productivity
was found to be less clear and dependent on the different innovation
measures. For the Latin America region, Gutierrez (2011) found a positive
and significant effect of ICT investments in labour productivity in
Colombian manufacturing enterprises. Aboal and Tacsir (2015), for a
sample of Uruguayan firms, found evidence of a positive association
between ICT and productivity in manufacturing and services sectors.
Alvarez (2016) found evidence of a positive contribution of ICT to
productivity levels in a sample of Chilean enterprises. In this context, the
first hypothesis in this chapter is to check if this effect can be generalised to
the entire set of firms in the Latin America region:

HI: Internet adoption and its use are a source of productivity gains for

Latin American firms.

Beyond adoption and individual uses, the link of internet on productivity is
possibly related to the intensity of its use. In this sense, using internet
simultaneously in various aspects of business activity should be expected to
be relevant beyond the individual uses. Thus, we can delineate the second
hypothesis as:

H2: The higher the intensity of internet use, the greater the effect on
productivity.

3% Since the seminal contribution of Crepon et al (1998), the CDM strategy has become
popular in studies analysing the effect of the determinants of R&D, innovation, and
productivity. In brief, it first model the determinants of R&D, then those of innovation,
including R&D, and finally it considers the effect of innovation on productivity.
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The impact of ICT may be conditioned to certain characteristics of the
internal context of the firm. In particular, some authors have highlighted the
importance of complementary investments, pointing out that ICT adoption
may increase its productivity impact if combined with human capital
investment or internal restructuring (Brynjolfsson and Hitt, 2000).
Knowledge stock and skills constitute determinants of absorptive capacity,
which may influence firm capabilities to make the most of new
technologies (Benhabib and Spiegel, 1994; Cohen and Levinthal, 1990).
Organizational complements and intangible assets are considered crucial for
ICT influence on productivity.

External factors may also be important to determine the dimension of the
impact. In fact, potential gains derived from ICTs may depend on the
linkages of the firm with external organizations. Network externalities may
also be present when the benefits of having adopted a technology depend on
the adoption decisions of other users. In the case of internet connection, it
means that economic returns to connectivity should rise once a certain
threshold of connectivity penetration in the society is achieved. On the
other hand, the degree of impact of ICTs will surely depend on the firm’s
previous access to knowledge. As stated by Paunov and Rollo (2016), all
else equal, firms that are connected to rich (poor) offline knowledge
networks may possibly have fewer (stronger) productivity performance
gains from adopting and using internet intensively. Moreover, by adopting
and using ICTs, smaller firms may be able to perform tasks which
previously were exclusive to the bigger ones, like enlarging its interactions
with clients and suppliers, or to increase the scope of its diffusion activities.
This is particularly relevant in the case of emerging regions, as ICTs may
help lagging firms to overcome restrictions derived from the socioeconomic
and institutional frameworks. Considering that, extending the use of ICTs to
all enterprises in Latin America may contribute to reduce the productivity
gaps across enterprises.

Previous research has already found some insights regarding
heterogeneities in the impact of ICTs on economic performance. In a
country-level analysis, Thompson and Garbacz (2011) found that broadband
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had a relatively more favorable economic impact in low-income countries
than in high-income economies. In the same fashion, Qiang et al (2009)
suggested that the growth effects of broadband, as well as those of other
technologies, were higher in low-income countries than in high-income
economies. According to Fernandez-Ardevol and Vazquez Grenno (2011),
the economic impact of mobile phones was larger in Latin America than in
OECD countries. Empirical evidence has also been found within most
advanced regions. Cardona et al (2013) argued that ICTs contributed more
to United States than to Europe’s productivity, explaining that the reason
behind this may be related to differences in organizational and managerial
capabilities. On the other hand, Bloom et al (2012) found differences in the
productivity of ICT capital across a sample of firms operating in the United
Kingdom, reaching higher levels those US-owned establishments.

At a firm level, Paunov and Rollo (2016) found evidence of the positive
impact of industry internet use spillovers on enterprise performance in
emerging countries, and the benefit was higher for smaller firms, and those
located in smaller agglomerations and non-exporters; although their
quantile regressions analysis show that relatively larger benefits arose only
for the most productive firms among those groups. However, they followed
the CQR approach which refers to the effect in specific points in the output
distribution conditional on the set of observable factors considered in the
analysis. In other words, it measures the effect on different parts of the
overall conditional productivity distribution. Conversely, our study
estimates the effect on the unconditional productivity distribution to test the
following hypothesis:

H3: The effect of increasing the internet adoption and use is stronger for
low-medium productivity firms than for firms at the upper end of the
productivity distribution. As a result, extending the use of this ICT
technologies contributes to reduce productivity inequality in Latin

American firms.
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4.3 Dataset and variables

The Dataset

The data for the empirical analysis comes from the WBES database,*
which provides representative samples of the population of firms in the
private sector of the countries covered. The surveys cover a broad range of
topics relevant to business including, among others, innovation, ICTs,
access to finance, corruption, infrastructure, crime, competition, and
performance measures.

The WBES are answered through face-to-face interviews with top managers
and business owners. Typically 1200-1800 interviews are conducted in
larger economies, 360 interviews are conducted in medium-sized
economies, and for smaller economies, 150 interviews take place. The
manufacturing and services are the primary business sectors of interest for
the survey.*! Formal (registered) companies with 5 or more employees are
targeted for interview. Firms with 100% government or state ownership are
not eligible to participate. In each country, businesses in the cities or regions
of major economic activity are interviewed.

The WBES follow a stratified random sampling, as all population units are
grouped within homogeneous groups and simple random samples are
selected within each one. The strata for the WBES are firm size, business
sector, and geographic region within a country. Ideally the survey sample
frame is derived from the universe of eligible firms obtained from the
country’s statistical office. Sometimes the master list of firms is obtained
from other government agencies such as tax or business licensing
authorities, while in some cases, the list of firms is obtained from business
associations or marketing databases.

Since 2002, the World Bank has been collecting these data in over 155,000
companies in 148 economies. However, it is worth to mention that

40 http://www.enterprisesurveys.org/about-us
41 This corresponds to firms classified with ISIC codes 15-37, 45, 50-52, 55, 60-64, and
72 (ISIC Rev.3.1).
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information is not available on a regular basis for all countries. While the
WBES have been increasingly intending to produce panel-data, there is still
some limitations in its availability. For instance, for Latin America, surveys
were mainly conducted across two waves, 2006 and 2010, and while there
are some firms that were surveyed in both years (conforming a panel), there
is still some critical information missing from the first wave. Unfortunately,
this is the case for most ICT and innovation related data.

Therefore, we will use the two-period panel (2006 and 2010) to conduct the
TFP estimation, while due to information unavailability, the dataset to be
used for our main empirical estimation linking TFP with internet-related
variables will consist in a 2010 cross-section sample of enterprises from 19
Latin American countries,” most of which belonging to the manufacturing
sector.*

Internet related variables

Table 4.1 summarizes the information about the internet-related variables
available in the dataset, including the specific question from the survey
questionnaire, as well as the answer options applicable for each case. The
internet adoption variable consist in high-speed broadband being adopted
by the firm. Therefore, this definition excludes the older and slower dial-up
internet connections, which do not seem to be suitable for intensive uses in
the period under analysis.** Additionally, we extend the analysis, by
considering not only broadband adoption, but also the degree of
exploitation of its potential, measured through a series of internet uses,
which rank from those with the lowest intensity (email), to those more
sophisticated as research and development of ideas on new products and

42 Argentina, Bolivia, Chile, Colombia, Costa Rica, Dominican Republic, Ecuador, El
Salvador, Guatemala, Honduras, Jamaica, México, Nicaragua, Panama, Paraguay, Peru,
Trinidad and Tobago, Uruguay and Venezuela.

# The sample refers to firms located in Latin America. Therefore, it includes
foreign-owned enterprises located in the region, while it excludes Latin America owned
firms located abroad.

# However, within the broadband category, there could still be very big differences in the
quality of the connections, that we cannot capture with this data.
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services. Theoretically, each of the variables exposed at Table 4.1 has the
potential to improve firm efficiency and to increase productivity as a result.
The email use can help enterprises to better communicate with clients and
suppliers, making communications more efficient and reducing costs.
Having an own website can help enterprises in its diffusion activities, on
marketing purposes and to promote e-commerce, reducing intermediation
costs and reaching a direct contact with clients. Moreover, the possibility of
storing data from clients through its registry in a firm’s website has
enormous potential for marketing purposes. The use of internet to make
purchases for the firm will surely help the internal purchasing departments
to find out the better offers and prices, as well as reducing time and costs
associated to intermediation. The use of internet for the delivery of services
will surely improve logistic efficiency and reduce distribution costs. Finally,
the possibility of using internet to perform research activities can help the
firms in developing ideas on new products and services, which can later
become innovations, which in turn can help increase productivity and/or
sales. Although there are much more possible ICT uses that may contribute
to firm performance improvements, those offered by the survey can provide
us some serious empirical evidence on the link between internet and
productivity in Latin America.

Table 4.1: Internet related variables in the WBES database

Variable Question in survey Possible answers

) Does this establishment have a high-speed Internet Yes/No/Don’t know
Internet adoption

connection on its premises? (spontaneous)
Email At the present time, does this establishment use Emailto ~ Yes/No/Don’t know
mai . . . .
communicate with clients or suppliers? (spontaneous)
Websit At the present time, does this establishment use its own Yes/No/Don’t know
ebsite .
website? (spontaneous)
. . . . Yes/No/Don’t Know
Internet use for Is this establishment’s Internet connection used to Make
. . (spontaneous) / NA
purchases purchases for this establishment?
(spontaneous)
, . . . . Yes/No/Don’t Know
Internet for Is this establishment’s Internet connection used to Deliver
L . . . . o (spontaneous) / NA
delivering services services to this establishment’s clients?
(spontaneous)
Internet use for . . . Yes/No/Don’t Know
5 f Is this establishment’s Internet connection used to Do ( . )/ NA
researc . . spontaneous
research and develop ideas on new products and services? P
(spontaneous)

Source: Author own elaboration
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Beyond adoption and individual uses, the link of internet on productivity is
expected to be related also to the intensity of its use. Different authors have
intended to measure indicators of ICT intensity in the past. Cirera et al
(2016) built an internet index as an average of the different uses at firm
level available in their sample (whether a firm uses internet for internal
communication, e-commerce, managing inventory, marketing or research).
Galliano and Roux (2008) measured ICT intensity as an indicator built
considering the percentage of employees using the internet or email at the
firm. Bartelsman et al (2013) constructed an ICT indicator from the
geometric mean of latent probability estimates for a series of indicators as
access to mobile internet, e-commerce, sharing of electronic data, among
others. Considering that, we will extend the analysis to consider measures
of internet intensity. Table 4.2 provides the detail of the intensity indicators
to be used.

Table 4.2: Internet Intensity variables

Variable Description

Quantity of internet uses conducted by the firm (website, email, internet use for
Internet Intensity Index  purchases, internet for delivering services, internet use for research), divided by
all possible uses (5)

) Dummy variable which takes the value of 1 if the Internet Intensity Index for the
Low Internet Intensity .
firm is lower than the sample mean of the Index.

. . Dummy variable which takes the value of 1 if Internet Intensity Index for the firm
High Internet Intensity |
is above the sample mean of the Index but less than 1.

. Dummy variable which takes the value of 1 if the firm perform all possible
Full Internet Intensity ] .
internet uses (Internet Intensity Index = 1)

Source: Author own elaboration

We will build an Internet Intensity index from the quantity of internet uses
performed by the firm (among those represented in Table 4.1), normalised
in order for the index to take values from zero to one. Therefore, firms
which do not conduct any of the possible internet uses, reach an intensity
value of zero. On the contrary, firms performing all possible uses, reach an
intensity level of one. This Intensity Index can be seen as a proxy for real
intensity levels, although we must admit that it is an imperfect measure of
intensity as long as there exist other uses than those surveyed in the sample.
Another limitation is that, due to insufficient data, the index only takes 6
possible values, so is not a continuous measure as it should be if perfect
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information were available. In any case, the analysis will be complemented
with the use of binary variables that identify three categories based on the
values of the index (low, high, and full internet intensity). For that purpose
we will consider low-intensity as the baseline category, and will add the
dummy variables representing high intensity levels (those enterprises which
exhibit intensity index levels above the mean,” but do not perform all
possible uses) and full intensity levels, for the case of firms conducting all
possible uses (intensity index=1).

The measure of Total Factor Productivity

To measure the effect of internet adoption and its use on the firm’s
productivity, we need to compute a suitable measure of the level of
productivity of the firm. There is now wide consensus that the most
appropriate one is that of the firm’s TFP. Accordingly, we will compute the
TFP level for each firm in the sample based on the estimation of the
production function. In doing so, different approaches suggested in the
literature were considered: Ordinary Least Squares (OLS), Fixed Effects
(FE), and the methods proposed by Olley-Pakes (OP) and Levinsohn-Petrin
(LP). It has been argued that OLS provides biased estimates because it does
not consider the correlation between unobservable productivity shocks and
input levels. The FE estimator solves the problem only if the unobserved
firm-specific productivity is time-invariant. Olley and Pakes (1996) develop
an estimator using investment as a proxy for these unobservable shocks.
More recently, Levinsohn and Petrin (2003) argued about the problems
related to investment as proxy, as it will not respond so smoothly to shocks,
and proposed instead an estimator using intermediate inputs as proxies.

In brief, a firm-level Cobb-Douglas production function is specified:

log(V A),, = By + B, log(L), + Bglog(K), + ®, +n, [1]

4 Bartelsman et al (2013) define a threshold of 0.6 to differentiate low and high intensity,
which was found to be insufficient in our case, as it is considerably below the mean of our
index (0.72).
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where the variables are defined as in Table 4.3, and w,, is the transmitted
productivity component part of the error term, which can be expressed as a
M,).
As usual, the TFP level for each firm is estimated as a residual using a

function of two observed inputs, capital and intermediates: o, = ®,(K,

it’
consistent estimation of the unknown parameters of [1].

It is worth to mention that before computing the TFP, a process of data
cleaning was conducted in order to remove “nonsense” observations, which
is close to the criteria followed by Ornaghi (2006). Firstly, we remove
observations with negative value added. Secondly, we remove observations
where the share of labour input is higher than 0.95 or lower than 0.05.
Thirdly, we remove observations where the share of the sum of intermediate
inputs (M+E+F) is higher than 0.95 or lower than 0.05. At the end, we
obtain an unbalanced panel (2006 and 2010) of 7799 observations.

Other authors have estimated the firm’s TFP using the WBES. Saliola and
Seker (2011), using cross-section data for worldwide firms, estimated TFP
series separately for each country, as the residual of the production function
that included 2-digit industry fixed effects. In a study of the effects of
competition on firm productivity for some countries of Central Asia and
East Europe, Schiffbauer and Ospina (2010) estimated TFP following the
method in Olley and Pakes (1996). Finally, Gonzalez-Velosa et al (2016)
applied the Levinsohn and Petrin (2003) procedure using data for a Latin
American sample of firms from the WBES.

Table 4.3: Variables used for TFP estimation

Variable Code Description
Output y Total sales, last fiscal year
Physical Capital K Cost to repurchase all machinery
Labour I Total labour costs, last year
Materials M Total cost of raw materials and intermediate goods, last fiscal year
Electricity E Total cost of electricity, last fiscal year
Fuel F Total cost of fuel, last fiscal year
Value Added VA Y-M-E-F

Source: Author own elaboration
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Tables A4.1 and A4.2 in the Appendix summarize the main comparisons
performed among the estimates based on OLS, FE, OP and LP. After an
exhaustive analysis, the LP method was chosen as the preferred approach as
it controls for simultaneity while using intermediate inputs as proxy, since
they adjust more smoothly to shocks than investment. In any case, it should
be mentioned that in order to reduce the impact of any potential bias, we
will be computing the TFP by means of sector-specific estimates of the
production function in [1]. Sector classification considered for TFP
computation was defined following the Intermediate-level SNA/ISIC
aggregation criteria. Table A4.3 in the Appendix summarizes the sectoral
classification, which exhibit important differences in K/L and Y/K ratios,
making worth the effort of performing sector-specific estimations.

The estimation of the production function parameters was performed using
panel data observations for 2006 and 2010. Then, the TFP was computed
for all firms, including those with only 2010 data available, using the
estimated parameters. Equation [1] was estimated separately for each sector
when there were enough observations for doing so (sectors with
aggregation code 4, 5, 6, 10, 11, 13, 14, 15 in Table A4.3 in the Appendix).
In each case, TFP values were computed after estimation. For sectors with
insufficient observations for the LP estimation, the procedure was modified
as follows: (i) estimation of equation [1] for the complete sample, (ii) use
this estimation to predict TFP only for sectors with insufficient
observations.

Control variables

In order to assess properly the effect of internet on TFP we should control
for a comprehensive set of firm characteristics. Otherwise, its effect may be
confounded with that of some productive features of the firm, as long as
they correlate with the adoption and use of internet. For that reason, we
have revised extensively the literature to find out which sources of
firm-level characteristics may explain differences in their productivity.
Therefore, the control list was determined to be sufficiently exhaustive in
order to pick all possible heterogeneity sources which may be affecting the
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relationship between internet and TFP. The chosen controls are expected to
capture, even indirectly, the effect of most unobservables which may bias
the estimation of the internet impact. Table 4.4 summarizes the control
variables which will be considered.

Table 4.4: Control variables

Variable Code Description

Dummy variable for firms that introduced a new or
Innovation INNOV significantly improved process for producing or
supplying products over the last 3 years.

Human Capital HK Percentage of workers with at least a bachelor’s degree
Manager Experience MANAGER Experience of the top manager at the firm sector (years)
Age AGE Age of the firm (years)

Dummy variables: Micro (10 or less employees); Small
Size SIZE (11-50 employees); Medium (51-250 employees); Large

(baseline scenario, 251 or more employees).
Dummy variable if 10% or more of the firm sales are
exported
Dummy variables if at least 10% of the capital is foreign

. FDI
Foreign investment owned.
Dummy variables, representing capital cities (Capital
city), other cities with over 1 million people (Big city),
cities with 250.000—1 million people (Medium city), and
cities with 50.000-250.000 people (Small city)

Industry effects IND 2-digit sector dummy variables

Export activity EXPORT

Location effects LOCATION

Country effects COUNTRY Country dummy variables

Source: Author own elaboration

In the first place, the analysis controls for the effect of innovation on
productivity, through the development of new processes, which are
expected to increase efficiency at the firm level. On the other hand, the
effect of human capital on productivity is accounted for by the share of
skilled workers over the total firm workforce. Knowledge stock and skills
also constitute determinants of absorptive capacity, which may influence
firm capabilities to make the most of new technologies (Benhabib and
Spiegel, 1994; Cohen and Levinthal, 1990). Managerial talent may also
constitute a source of firm performance (Gennaioli et al, 2013). While there
is no data available for the manager’s education level in the Latin American
module of the WBES, as a reasonable alternative we will include as a proxy
her/his experience in the sector. We will also consider the age of the firm to
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proxy its technological experience. The role of firm age is not theoretically
straightforward. In fact, on the one hand, older firms are supposedly better
equipped to assess the risks and benefits of the introduction of new
technologies, which in turn should increase productivity; but on the other
hand, younger enterprises are supposed to be more flexible to
organizational changes which may also have an incidence on firm
performance. Literature on productivity at firm level considers size as a
main source of heterogeneity of firm’s performance. Past research has
found that big companies can amortize sunk costs, present more capacity
for risk diversification, and have lower financial constraints (see for
example Acs and Audretsch, 1988; or Cohen and Klepper, 1996). As a
result, large firms are expected to be more productive than small ones.
Castany et al (2005) argue that this may respond to the scale economies
effect, the scope economies effect, the experience effect and the
organization effect. International links of the company can also have an
incidence on firm performance. In fact, it is possible that companies
exposed to international markets face a stronger pressure to innovate, in
order to remain competitive. If exporting firms benefit from the technical
expertise and best practices of their buyers, then some part of the efficiency
of export-led firms may be attributed to externalities derived from exporting
-learning by exporting- (Evenson and Westphal, 1995; Clerides et al, 1998).
In the past, empirical studies have found that exporting firms are more
efficient than their domestically oriented counterparts (Bernard and Jensen,
1995). R&D spillovers of trade partners may also become a source of
productivity increases (see for instance Coe and Helpman, 1995, for a
country level analysis, or Higon, 2007, for firm level evidence). On the
other hand, Foreign Direct Investment (FDI) may also constitute a channel
for international knowledge spillovers, if the organizational structure and
governance of the multinational companies allow it. In particular, Glass and
Saggi (1988) stipulate that openness can benefit technological development
because local players can have access to new knowledge, technologies, and
competencies from more advanced countries. Chou et al (2008), for
instance, specifies a model, which includes FDI to explain productivity.
Additionally, the fact that a firm is located in an urban or densely populated
area can contribute to generate agglomeration economies, which may have
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an impact on firm performance. Country and industry dummies will also be
considered, to account for national and sectoral fixed effects.

Finally, it is important to mention that the sample we will use to perform
our empirical analysis presents some missing data, mainly due to
non-replies on specific questions. However, and although the sample which
will be effectively available to perform the estimations is smaller than the
complete one, its characteristics seem to be quite similar, so sample
selection should not be a cause of concern in our empirical analysis.*

4.4 Descriptive Analysis

Table 4.5 summarizes the descriptive statistics for the internet-related
variables. As it can be seen, there is a high level of internet adoption (88%),
while the less-intensive uses are close to universal (e.g. email use of 92%)).
However, figures are considerably reduced when we further analyze the
data available for more sophisticated activities. For instance, only 62% of
the firms in the sample use an own website. To have a higher proportion of
email users than internet adoption should not be surprising, as there could
still be some firms with slow dial-up internet connections in 2010, which do
not classify as broadband, but still can be used for sending and receiving
emails. On the contrary, the fact that more than 70% of the firms declare to
use internet for research activities seems to be suspiciously large, as it is
well known that Latin America lags behind most regions in innovation
activity. Therefore, results should be taken with caution, as some variables
are based on the respondent perception, so measurement errors should not
be discarded.

As for the intensity values, 26% of the firms are classified as
high-intensive, while 36% reach full intensity levels. The fact that 62% of
the firms are supposed to reach intensity levels above the mean may also
seem to be too optimistic, reflecting the limitations of the data available,
and making worth the distinction between high and full intensity.

% Details available upon request
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Table 4.5: Descriptive statistics of internet indicators

Variable Proportion/Mean Standard Error Observations
Internet adoption 0.878 0.005 4151
Website 0.623 0.007 4612
Email 0.922 0.004 4612
Internet use for purchases 0.659 0.007 4151
Internet to deliver services 0.643 0.007 4151
Internet use for research 0.709 0.007 4151
Internet Intensity Index 0.720 0.295 4147
High Internet Intensity 0.262 0.007 4147
Full Internet Intensity 0.361 0.007 4147

Source: Author own elaboration. Note: Figures refer to the sample of firms for 2010

Table 4.6: Correlation of internet-related variables

Internet Internet  Internetto Internet  Internet  High Full
nterne
doni Website ~ Email use for  deliver use for  Intensity Internet Internet
adoption
P purchases  services research  Index Intensity Intensity
Internet
adoption 1
Website 0.351 %% 1
Email 0.537%**  0.330%** 1
Internet use for
purchases 0.518%*%  (.288*** (.333%%* 1
Internet to
deliver services 0.501*** 0.240%%*  (.3]5%** 0.479%*** 1
Internet use for
research 0.582%%%  (266%*% (.344%*%  0400%k* (3754 1
Internet
Intensity Index 0.714%**  0.631%%*  (.593***  (.753%** 0.726%** 0.707*** 1
High Internet
Intensity 0.223%%%  L0.026%  0.153%*  (.198%** . [16%*¥*  0.136%F*%  0.161%** 1
Full Internet
Intensity 0.280%**  0.540%**  0.204%**  (0.540%** 0.559%** 0.481%%* (. 712%%%  -0.448%** 1

Source: Author own elaboration. Notes: Figures refer to the sample of firms for 2010. *p<10%, **p<5%, ***p<1%.

There is likely to be some overlapping information in the measures of
internet described in Table 4.1. For instance, internet uses are not only
non-excludable, but also closely related to each other as well. This will be
important to consider in the econometric estimations to be performed, as
introducing many of the variables as regressors at the same time may
generate collinearity problems, preventing the precise identification of the
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corresponding effects. The correlation coefficients between the internet
indicators reported in Table 4.6 allows to make an assessment of this
concern. They confirm the association between the different measures.
Internet adoption is clearly correlated with all possible uses (except email, it
is almost impossible to perform those uses without a broadband
connection), while the internet use for purchases also seems to be closely
correlated with using it to deliver services or performing research activities.
In any case, figures in Table 4.6 suggest that each particular measure
contains specific units of information, as the level of association between
any pair of indicators seems to be far from perfect.

Table 4.7: Differences in mean of log(TFP) depending on internet
adoption and use.

. Mean Std. Deviation . Mean-difference
Conditional Observations
log(TFP) log(TFP) test
Int ¢ adooti No 2.694 0.789 440 1231844
niernet adoption Yes 3.199 0.905 3239 e
No 2.780 0.789 1525
: _ sk
Website Yes 3.298 0.906 2544 19.161
Email No 2.582 0.060 317 12,553k
Yes 3.147 0.897 3751
Internet use for No 2911 0.866 1249 _11.289%#*
purchases Yes 3.256 0.905 2430
Internet to deliver No 2.955 0.878 1306 0 304%**
services Yes 3.240 0.906 2373
Internet use for No 2.962 0.912 1062 7 45a%Ek
research Yes 3.210 0.895 2617
Low 2.907 0.867 1383
Internet Intensity High 3.177 0.880 960 -7.373*%* (a)
Full 3.352 0.911 1332 -4.603*** (b)

Source: Author own elaboration. Notes: Figures refer to the sample of firms for 2010. *p<l10%, **p<5%, ***p<1%. In
the mean difference tests, the null hypothesis refers to no difference in the mean of the two samples. (a) Mean comparison
with respect to the sample of low intensity levels. (b) Mean comparison with respect to the sample of high intensity levels.

Intending to begin testing our first two hypotheses we will start in finding
whether there are differences in the firm’s log(TFP) under different
scenarios of internet adoption and use. Table 4.7 summarizes the results for
firms having internet adoption or not, and depending on the different
categories of internet use and intensity. As expected, those firms which
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have adopted or used internet are linked to higher productivity levels. This
seems to be particularly pronounced in the case of internet adoption, email
and website use, and to a lesser degree, to the remaining uses. For all cases,
the mean difference test confirms clearly that productivity associated to
those firms which have adopted or used internet is higher. Similarly, the
comparison of the TFP levels in the group of firms that uses very
intensively internet with the one that does it moderately or not at all can be
used as an initial assessment of the second hypothesis of this study, as
results suggest that the higher the intensity, the larger the mean of log(TFP).

Finally, in order to get some initial insights about our third hypothesis, we
have computed the density functions of the distribution of the log(TFP) for
firms adopting or using internet and for those that do not, as well as the
log(TFP) associated to different quantiles of the distribution in the two
groups of firms. The comparison of the densities is made in the graphs in
Figures 4.1 and 4.2, whereas that of the TFP levels at the selected quantiles
are reported in Table 4.8.

Clearly, enterprises with advanced levels of internet availability or use have
productivity distributions which dominate those which do not (densities for
the former group of firms are at the right of the latter group). This is
verified for all different samples that exhibit internet features in comparison
with those which do not, although it seems to be especially pronounced for
the case of internet adoption, website and email use. In all cases, formal
Kolmogorov-Smirnov tests for equality of distributions were conducted,
with results confirming significant differences in the TFP distributions for
the respective groups of firms.*’” These results have implications for the
analysis, as they provide clear evidence that firms adopting and making use
of internet are more productive. Interestingly, it also suggests that the effect
of internet on TFP could be far from homogeneous as it seems to vary
depending on the position of the firm in the productivity distribution.

47 Details available upon request
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Figure 4.1: l1og(TFP) kernel density by internet adoption and use
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Source: Author own elaboration. Note: Figures refer to the sample of firms for 2010.

103



Figure 4.2: log(TFP) kernel density by Internet Intensity
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Source: Author own elaboration. Note: Figures refer to the sample of firms for 2010

Table 4.8: Differences in distribution of log(TFP) depending on

internet adoption and use.

Quantile of log(TFP)

0.1 0.3 0.5 0.7 0.9

No 1.866 2.327 2.642 3.013 3.640
Internet adoption

Yes 2.169 2732 3.144 3.606 4.349

No 1.916 2.378 2.713 3.133 3.787
Website

Yes 2.299 2.850 3.237 3.710 4.435

No 1.830 2.262 2511 2.797 3.419
Email

Yes 2.128 2.694 3.091 3.545 4.292
Internet use for No 1.965 2.460 2.820 3.318 4.031
purchases Yes 2.250 2.797 3.193 3.662 4.395
Internet to deliver No 1.964 2.508 2.902 3.364 4.121
services Yes 2.230 2.765 3.170 3.643 4.386
Internet use for No 1.942 2.508 2.879 3.398 4.131
research Yes 2.181 2.740 3.150 3.601 4.351

Low 1.940 2.465 2.828 3.317 4.025
Internet Intensity High 2.175 2.725 3.112 3.571 4.288

Full 2.346 2.893 3.284 3.776 4.486

Source: Author own elaboration. Note: Figures refer to the sample of firms for 2010.
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Overall, the descriptive analysis is consistent with the hypotheses in this
chapter, although a deeper analysis is required before reaching a solid
conclusion. To be clear, the observed association, at the mean and in
different parts of the TFP distribution, between the internet indicators and
the level of firm’s TFP could be explained by other characteristics that
affect both productivity and internet adoption and use. Therefore, the
precise measure of the effect of internet should be estimated conditioned to
the set of these other firm characteristics.

4.5 Model specification

In this section, we outline the model to empirically study the link between
internet and firm productivity in Latin America. We will follow a similar
specification as other articles in the literature (Castany et al, 2005; De
Stefano et al, 2016; Gonzalez-Velosa et al, 2016), using the estimated
measure of TFP (in logs) as the dependent variable and considering the set
of variables related to internet adoption and use, and the firm controls
introduced in section 4.3 (see Tables 4.1, 4.2 and 4.4):

log(TFP,) =B, + B INTERNET,+B,INNOV , + B,HK, + B,MANAGER,

+ B;AGE, + B SIZE, + B,EXP ORT , + BeF DI, + BoLOCATION, + ,,IND,

+B,,COUNTRY ; + 2]

where ; is a well-behaved error term for firm i.

As stated before, possible endogeneity of the measures of internet is a
potential cause of concern in the estimation of equation [2].*® Endogeneity
can arise as a result of different reasons. On the one hand, omitted internal
to the firm factors which can have an incidence in TFP and at the same time

# Tt should be mentioned that endogeneity is not treated or even discussed in some
previous similar studies in the literature. For instance, in their recent study Paunov and
Rollo (2016) instrumented the industry adoption internet rates but did not consider an
issue the endogeneity of the firm-level internet use.
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be related to the internet variables, as managerial talent or organizational
capital for which we have no data available (as stated before, we can proxy
managerial talent only through the manager experience due to the lack of
data on the manager education in the sample of Latin American firms). As a
positive relationship is expected between those unobservables with TFP and
internet, the OLS estimation of the effect of internet will be upwardly
biased. Another potential source of endogeneity is simultaneity. A common
critique in this type of studies is that the estimated effect of ICT and
broadband is just capturing the correlation with the firm’s productivity from
which a causality effect should not be inferred. The reason is that
investment in ICT may be considered as a driver of productivity, but also
react to changes in productivity (Cardona et al, 2013). This reverse
causality arise because most-productive firms would have higher resources
to face the costs associated to ICTs. As a result, the OLS estimated
parameter would be capturing also the effect going from productivity to
ICT. Finally, another source of endogeneity can be the existence of
measurement errors. Examples of this can be misreporting, or internet
indicators that do not fully capture its real using levels by the firm. In this
case, we can expect an attenuation bias in the OLS coefficients of the
internet measures, providing an estimate that is lower than the actual impact
of internet on productivity.

Different actions have been carried out to tackle the issue of endogeneity of
the measures of ICT. In the first place, a comprehensive list of controls for
observable characteristics that are known to affect the firm’s level of
productivity has been included in [2]. This is crucial due to the
impossibility to directly control for firm unobservable characteristics in a
cross-section setting. Besides accounting for the direct effect of these
characteristics and for differences across industries and countries, they may
well capture a big deal of the effect of most of the unobservables that could
distort the estimation of the effect of internet on productivity. For instance,
as long as innovation is affected by managerial talent, the inclusion of the
former variable would be capturing in an indirect manner the effect on
productivity of the latter. As a result, the pernicious impact of the omission
of managerial talent in [2] on the estimated effect of internet is expected to
be much lower. Similarly, FDI may also include the effect of other
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unobservables, as foreign enterprises are usually expected to adopt better
organizational practices and to have higher capability to compete in
international markets. In addition, we have obtained estimates substituting
the contemporaneous measures of internet -when available- by their
corresponding lagged values, to assess the effect that simultaneity could
have on the estimated effect of internet. This is a procedure used frequently
in the extant literature to mitigate the problem of endogeneity due to
simultaneity. Finally, the parameters in [2] have been estimated by the
instrumental variables (IV) method. As usual in these situations, the major
challenge is to find suitable instruments for the measures of internet. In any
case, the aim of this part of the study will be to obtain the most robust
empirical evidence possible to test our first two hypotheses.

In order to be able to test the third hypothesis, referred to analyze possible
differences in the link between internet and TFP along the productivity
distribution, we need to follow a different approach, as the methods
mentioned so far only provide estimates of the coefficients at the mean.
Through the descriptive analysis some insights suggested the presence of
this heterogeneous link, although a more robust approach was needed in
order to obtain clearer evidence. To take into account this kind of
heterogeneities, the framework that has prevaded in applied economics is
the CQR approach developed by Koenker and Bassett (1978), which has
been used, for example, by Paunov and Rollo (2016) in their study of the
effect of the industry's adoption of internet on the firm's productivity and
innovation performance. The CQR estimations refer to specific points in the
conditional productivity distribution, where all individuals are assumed to
have the same observed characteristics, meaning that they do not
correspond to the impact on the overall productivity distribution of the
Latin American firms. In other words, CQR provides the estimated impact
of a covariate on a quantile of the productivity distribution conditional to
specific values of the other covariates. As a result of that, CQR generate
results that may not be generalizable or interpretable in a policy or
population context. Conversely, the UQR provides more interpretable
results as it marginalizes the effect over the distributions of the other
covariates in the model. As a result, in contrast with the CQR, the UQR is
more appropriate when the ultimate object of interest is the effect on the
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unconditional distribution. In the case under study, the unconditional second
decile refers to low productive firms, whereas the conditional second decile
refers to low productive firms conditional to the set of firm characteristics
included as covariates in the specification, firms that however may not
necessarily be low productive overall. Therefore, as we are especially
concerned with the effect of increasing the internet adoption and use on the
unconditional productivity distribution and, more precisely, on the amount
of inequality in this distribution, the UQR is far more suitable to test our
hypothesis.

Among the methods proposed so far to implement the UQR, we choose that
proposed by Firpo et al (2009) due to its easy of computation (other
alternatives include the methods by Rothe, 2010 and Frolich and Melly,
2013). The procedure by Firpo et al (2009) consists of running a regression
of a transformation —a (recentered) influence function— of the outcome
variable on the explanatory variables. The influence function /F(Y; vFY) of
a distributional statistic v(FY) represents the influence of an individual
observation on that distributional statistic. Adding back the statistic v(F'Y) to
the influence function yields what the authors call as “recentered influence
function” (RIF). As a result, the dependent variable in the regression is the
RIF, and a simple OLS regression of this new dependent variable can be
run on the covariates.

4.6 Results

Effects at the mean of the productivity distribution

Table 4.9 summarizes results of the OLS estimation of equation [2], using
each of the available indicators of internet adoption and use introduced in
section 4.3. Internet adoption seems to be related to an 11% increase in TFP
in Latin American firms. In other words, firms that adopted internet are
11% more productive than similar firms that did not. The available
internet-related uses exert also a significantly positive effect, with the only
exception of performing research activities. The insignificance of the
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coefficient associated to using internet for research may be due to the fact
that this kind of activities may not reach immediate effects, possibly
because it takes some time to translate research into innovations and
eventually to productivity gains. Another possible reason is measurement
error in this variable because, as shown in the descriptive analysis, an
unexpected high proportion of firms declared to use internet for research.
Beyond that, there seem to be differences in the magnitude of the effect for
the other internet use variables. For instance, while using an own website
seems to be related with a 20% increase in TFP (significant at 1%), using
internet for delivering services “only” seems to increase TFP by 8%
(significant at 5%). Further estimations (columns (iv) and (viii) in Table
4.9) were considered for specifications that include more than one
internet-use variables at a time. To minimize collinearity among the internet
indicators, and taking into account the distinction between input- and
output-based measures, we group them in two categories: those
corresponding to “inputs” or “use channels”, as email and having an own
website, and those proxying for final uses or “outputs”, as making
purchases, delivering services, and performing research activities. Adding
together website and email (column (iv) in Table 4.9) keep unchanged the
coefficient and significance level for the first variable, whilst the effect for
the email appears to vanish. This seems to confirm a strong link between
having a website and productivity, helping the firms in its diffusion
activities and improving the communication channels with potential clients
and suppliers. In contrast, there does not seem to be any productivity gain
for firms using email once controlling for having a website. Regarding the
specifications that include all the indicators of final uses, results in column
(viii) of Table 4.9 show that their estimated effects are reduced. In fact, only
the effect of internet use for purchases remains as strongly statistically
significant, while that for deliver services is marginally significant (at 10%)
and reduces its magnitude substantially compared to the specification that
includes only this use of internet (column (vi)). In order to verify the
robustness of these results, additional contrasts were conducted after
estimation, verifying the joint significance for all internet uses.
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Table 4.9: OLS estimations at the mean

(i) (if) (iif) (iv) W) (vi) (vii) (vii) (ix) x)
0.110%**
Internet adoption
[0.029]
0.196*** 0.192%**
Website
[0.026] [0.026]
0.095%* 0.044
Email
[0.037] [0.037]
Internet  used  for 0.102%* 0.083%*
purchases [0.024] [0.026]
Internet for delivering 0.076*** 0.042*
services [0.026] [0.025]
Internet  used  for 0.047 0.003
research [0.034] [0.033]
3 3k ok
Internet intensity 0.259
index [0.049]
%k
High Internet 0.070
intensity [0.035]
Heoskok
Full Internet 0.141
intensity [0.035]
-0.920%** -0.853%x* -0.937%%* -0.848%** -0.916%%** -0.935%** -0.935%#* -0.914%%* -0.875%%* -0.901%**
Micro size
[0.058] [0.051] [0.055] [0.053] [0.057] [0.055] [0.057] [0.058] [0.059] [0.057]
-0.605%** -0.560%** -0.615%%* -0.560%** -0.604%%* -0.610%** -0.608%** -0.604%%** -0.585%** -0.588%**
Small size
[0.049] [0.046] [0.048] [0.046] [0.048] [0.048] [0.049] [0.048] [0.048] [0.048]
-0.295%** -0.278%** -0.300%** -0.279%* -0.298%%** -0.297%** -0.295%%* -0.298%** -0.292%%* -0.290%**
Medium size
[0.043] [0.041] [0.042] [0.041] [0.043] [0.043] [0.043] [0.044] [0.044] [0.043]
0.004%** 0.004%** 0.004%%** 0.004%** 0.004%%* 0.004%** 0.004%** 0.004#%** 0.004%** 0.004#%*
Human Capital
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
-0.001* -0.001 -0.001* -0.001 -0.001* -0.001* -0.001 -0.001* -0.001 -0.001
Manager Experience
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
0.038%* 0.033* 0.045%* 0.032 0.034* 0.036* 0.037* 0.031 0.022 0.025
Innovation
[0.018] [0.019] [0.019] [0.019] [0.019] [0.019] [0.019] [0.020] [0.020] [0.020]
0.002%** 0.002%** 0.002%%** 0.002%** 0.002%%** 0.002%** 0.002%** 0.002%%** 0.002%** 0.002%**
Age
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
0.142%** 0.131%** 0.125%%* 0.131%** 0.144%%* 0.142%** 0.144%*** 0.145%%* 0.150%** 0.148%**
FDI
[0.032] [0.027] [0.029] [0.027] [0.031] [0.031] [0.031] [0.031] [0.031] [0.031]
0.102%* 0.092%*** 0.107%** 0.092%*** 0.102%** 0.104** 0.104%*** 0.102%** 0.096** 0.099%**
Export
[0.041] [0.034] [0.035] [0.034] [0.040] [0.041] [0.040] [0.041] [0.040] [0.040]
0.119%* 0.108** 0.112%%* 0.107** 0.122%* 0.116%* 0.120%* 0.120%** 0.116%* 0.120%**
Capital City
[0.053] [0.049] [0.052] [0.050] [0.052] [0.052] [0.052] [0.052] [0.053] [0.051]
0.120* 0.116* 0.114** 0.115% 0.120* 0.119% 0.117* 0.120* 0.119* 0.118*
Big City
[0.067] [0.067] [0.068] [0.067] [0.067] [0.067] [0.068] [0.067] [0.068] [0.067]
0.091 0.087 0.077 0.087 0.086 0.087 0.087 0.088 0.094 0.089
Medium City
[0.064] [0.061] [0.062] [0.061] [0.064] [0.063] [0.063] [0.063] [0.064] [0.063]
0.119* 0.111%* 0.110* 0.113%* 0.123%* 0.114* 0.119%* 0.120* 0.124%* 0.120%*
Small City
[0.061] [0.056] [0.057] [0.056] [0.061] [0.060] [0.061] [0.061] [0.061] [0.060]
R-squared 0.533 0.548 0.541 0.548 0.534 0.533 0.532 0.535 0.537 0.535
Observations 3587 3963 3962 3962 3587 3587 3587 3587 3585 3585

Source: Author own elaboration. Notes: *p<10%, **p<5%, ***p<1%. Robust standard errors clustered by sector in parentheses; All estimates include Country and
Sector dummies; Omitted categories are firms that do not exhibit the respective ICT attributes, large firms, firms that have not introduced a new process, firms which

do not have at least 10% of foreign ownership, firms that do not export at least 10% of its sales, and firms located in smallest locations.
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Finally, the last two columns in Table 4.9 summarise results obtained when
using the internet intensity variables, which synthesizes the information
contained in all the internet measures. In column (ix), the original index is
included as a regressor, whereas the results when using the three categories
defined based on the values of the index (low, high, and full internet
intensity) are shown in column (x). Results are very clear in the sense that,
as hypothesized, a higher intensity of use is linked to more productive
firms. An increase of one standard deviation in the intensity index raises
0.013% the level of TFP, an estimated effect that is highly significant.
Similarly, results in column (x) for the dummy variables denoting firms
with high and full intensive wuses of internet confirm the
productivity-enhancing effect of using internet intensively: the TFP level
for firms with a high intensive use is about 7 percentage points higher than
otherwise similar firms that make a low use. The gap increases even further
for firms that perform all possible uses, up to 14 percentage points. This is
reasonable in the sense that internet connectivity does not guarantee
productivity gains per se, but only if used in activities that allow the firm to
reduce production and distribution costs, improve the management and
control of the different processes, increase the amount of relevant
information, and the like. The positive and significant coefficients of these
intensity indicators confirm the importance of simultaneously using internet
in various aspects of business activity in order to obtain productivity gains.
The combined use of internet for different activities seems to be relevant
beyond the individual uses. Overall, these results seem to confirm that
simple access to technology is not sufficient to obtain a performance
improvement, instead using it adequately is necessary in order to fully
exploit its potential. Therefore, these results provide evidence supporting
our second hypothesis.

Although they are not the main focus of the analysis in this chapter, it is
worth mentioning that the estimated effect of all the firm characteristics
included in the model as control variables is in line with that expected on a
priori grounds, and consistent with what has been reported in the previous
literature. Firm size is positively associated with productivity, as the
coefficients for the micro, small and medium sized firms are, in all cases,
significantly negative (the omitted category is large firms). Once controlling
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by size, the productivity of the Latin American firms increase with their age
in a quite robust manner. There is also a significant positive association
with productivity of human capital and internationalization, both in terms of
FDI and export activity. The estimated effect of innovation is also positive
although it is only marginally significant in some specifications, whereas
the manager’s experience does not seem to affect the level of productivity
once the other sources of heterogeneity have been taken into account. On
the other hand, estimates for the coefficients of the location variables
support  somehow  the  existence of  benefits linked to
agglomeration/urbanization economies, despite some of the estimated
effects are only marginally significant, and it seems that firms in small cities
have on average similar levels of productivity to those in big cities, and
even in capital cities. Finally, the significance of the industry and country
fixed effects confirms the existence of differences between firms in
different sectors of activity and in different countries.*’

However, as discussed before, the OLS method is likely to provide biased
estimates of the causal effect of internet if the variables proxying for this
factor are endogenous. As discussed in section 4.5, the comprehensive list
of observable characteristics included in the specifications used to estimate
the effect of internet should, hopefully, mitigate the pernicious effect of
endogeneity. Still, as a sort of robustness check, we have considered all the
possibilities at hand to address this issue. In the first place, we took
advantage of the fact that the Latin America 2006 wave of the WBES
included information about two of the internet related variables: email and
website. As a result, we were able to replace the contemporaneous values
for these measures with the values reported in 2006, for a subsample of
enterprises. Using lagged values of the firm characteristics has been
common practice in the literature related, for instance, to innovation (Seker,
2012). Due to data limitations, only 606 enterprises could be considered in
this analysis, which is exposed in detail in Table A4.4 in Appendix.
Parameters estimated using the contemporaneous values (observed in 2010)
and those reported in 2006 seem to be close in comparison, which suggests
that any estimation bias using the contemporaneous data seems to be

# Joint significance tests were conducted respectively to sectoral and country variables in
order to confirm this assertion.
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limited. It is worth noting that this argument would be valid only under the
assumption of far from perfect persistence in the measures of internet. In
other words, if there is not high correlation between the values observed in
2010 and 2006, which seems to be the case in our exercise (correlation for
email is 0.310 and for website 0.394). It is also worth to mention that the
characteristics of the subsample for which this check was implemented are
roughly similar to the full one, implying that sample selection is not a
concern.”® With due caution, our reading of these results is that the OLS
estimates discussed above should not be strongly affected by reverse
causality.

Regarding the implementation of the IV estimator, as was already
mentioned in section 4.5 it has been quite challenging to find suitable
instruments for the measures of the firm's adoption and use of internet.
Highly conditioned by the availability of information in the WBES dataset,
we have considered different sets of variables as instruments. In the first
place, the 4-year lagged values of the email and website indicators for the
subsample of firms for which they are available. As indicated above, these
lagged indicators correlate with the contemporaneous measures and are
supposed not to affect directly the current level of productivity once the
contemporaneous values are included in the model. Secondly, we have
computed a set of instruments by interacting country-level telecom
indicators measured a decade before (fixed telephone lines and internet
users every 100 inhabitants, with a 10-year lag) with the firm age and size
(further details on these instruments are provided in the Appendix). The
idea behind these instruments is that higher adoption and use is expected for
firms in environments that are more prone to the telecom technology. It is
also assumed that this effect of the environment is likely to vary within each
country depending on the age and size of the firms. In brief, the internet
adoption and use by firms observed in 2010 are supposed to correlate with
the penetration of the telecom technologies in the country ten years before,
with differences across firms depending on the age and size. On the other
hand, it is assumed that these aggregate measures do not correlate with the

50 Detail available upon request
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shocks that affect the productivity of single firms (error term in equation

[2D).

All the IV estimations using these instruments were performed following
the limited-information maximum likelihood (IV-LIML) procedure, which
has proven to be more suitable than the Two-Stage Least Squares in the
presence of weak instruments (coefficients and standard deviations
estimated through IV-LIML should be less affected by the weakness of the
instruments). Instruments based on lagged email and website variables were
found to be strong, but presented concerns in terms of the compliance of the
exclusion restrictions. On the other hand, country-level instruments verify
clearly with exclusion restrictions, but seemed to be significantly weaker.
Results are exposed in detail in Tables A4.6 to A4.8 in the Appendix,
suggesting that the effect of internet adoption and use on TFP could be
higher than those suggested by the OLS estimations. Therefore, with due
caution due to the concerns about the suitability of the instruments, we can
consider the OLS estimated coefficients to represent a lower-bound of the
causal effect of internet on TFP.

Effects along the productivity distribution

In order to test our third hypothesis, i.e. the heterogenous effect of internet
along the productivity distribution and, consequently, the impact that the
increase in the internet adoption and use could have on productivity
inequality among Latin American firms, we extend the analysis to consider
results from UQR. Before discussing the results, two comments are in
order. The first one has to do with the interpretation of the estimated effects
in this case. As mentioned in section 4.5, UQR allow estimating the impact
of a change in the variable of interest on each quantile of the actual
(unconditional) productivity distribution. Adapting the argument in
Fournier and Koske (2012) to the case of this study, UQR allow estimating
the effect on the level of productivity of a particular quantile of increasing
by 1 percentage point the share of firms using internet, holding the other
firm characteristics constant. In addition, implications for the impact on the
amount of inequality in the productivity distribution can be inferred from
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the profile of the estimated effect. A downward sloping trend in the effect
over the quantiles should be read as a higher increase in productivity for the
less productive firms induced by the raise in the share of firms using
internet and, thus, that extending the use of this technology will contribute
to decrease inequality in productivity. Conversely, an increasing effect
along the distribution will be observed when extending internet among the
Latin American firms contributes to exacerbate productivity inequality. The
second comment refers to the endogeneity of the measures of internet in the
context of the UQR. The method by Firpo et al (2009) results in appropriate
estimates of the effect of interest if there is not unobserved heterogeneity or
if the unobserved characteristics are independent of the observed ones, and
provided there is not reverse causality. As discussed in the case of the
estimates in the average, endogeneity of the variable of interest in this study
is a reasonable concern. However, besides the challenge of finding suitable
instruments, in the framework of the UQR there is not, as far as we are
aware, a general procedure to account for endogeneity. Frolich and Melly
(2013) suggested a method but only when the endogenous treatment
variable is instrumented by a single binary variable, which in our opinion is
not convenient due to the characteristics of our specification and the
instruments available. In any case, as stressed by Fournier and Koske
(2012), the comparison between the estimates for the different quantiles
would still be valid if the bias is homogeneous over the distribution (i.e.
endogeneity does not affect differently the estimate of the effect at different
quantiles). Anyway, as for the estimates in the average, implications in
terms of causality should be derived with caution, and we will take the
estimated effects from the UQR as a lower-bound of the impact of internet
in the different parts of the distribution. In this regard, it should be
mentioned that Paunov and Rollo (2016), which is the closest article to ours
in terms of contents and data used, also consider the enterprise internet
variables to be exogenous in their quantile regression estimates.
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Figure 4.3: UQR estimated coefficients of internet variables
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The unconditional effect of the different measures of internet has been
estimated at different points of the log(TFP) distribution. Figure 4.3
summarizes the estimated coefficients, for each internet variable, along with
their respective 95% confidence intervals (further details are provided in
Table A4.9 in the Appendix). For instance, it can be observed that if the
percentage of firms adopting internet increases in 10 percentage points, the
TFP at the second decile will increase by 2.2%, by 1.6% at the median,
while TFP on the seventh decile will only increase by 1%. In most cases,
the effect at the median seems to be close to that estimated for the mean,
with higher values at the left of the distribution and lower at the right. The
highest coefficients are reached in most cases at the second decile, after
which the coefficients start to decrease consistently to become negligible in
most cases at the right-end of the productivity distribution.

This is consistent with a situation in which enterprises with lower levels of
productivity are able to yield bigger gains as a results of the extension in the
use of internet than more productive firms, as are playing catch-up, with
higher potential to grow as are starting from behind. As stated before, firms
that are lagging behind surely faced important constraints in comparison to
the most advanced ones, as having lower access to offline knowledge
networks, and facing bigger difficulties to enlarge its interactions with
clients and suppliers, as well as facing other restrictions derived from its
environment. By adopting and using internet, those difficulties may be
partially reverted, yielding as a result productivity performance gains that
are comparatively larger than those of more productive firms. The
economic implications in this case suggest that internet adoption and use
may contribute to decrease TFP differences between enterprises in the long
term —promoting a level playing field—, as inequalities on TFP distribution
seem to be reduced. Similar conclusions can be drawn with respect to most
of the alternative internet uses (email use, internet used for purchases,
internet for deliver services, and internet used for research), as the impact
on productivity of increasing the share of firms making these uses seems to
be much higher at lower quantiles of the productivity distribution. In the
case of using an own website, the effect is higher for the less productive
firms, as the coefficient evidences decreasing results from the median,
although it increases for the most productive firms. This should be
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explained by the fact that it is possible that having an own website presents
the potential for higher productivity gains if used intensively, something
than only the more productive firms should have the resources to fully
exploit. For instance, most productive firms may have more developed
websites, which could be used as platforms for e-commerce and interaction
with customers, in contrast with more disadvantaged firms that may have
more primitive sites. Moreover, the possibility of registering clients in the
firm’s website creates the opportunity to collect, store and manipulate
massive data from customers, which provides very useful statistical reports
and predictive models for business analysis that can give key information to
the firm, in order to understand the necessities of its clients, design better
offers, and conduct more sophisticated diffusion and marketing activities.
This kind of tasks are well beyond the capabilities of smaller or less
productive firms.

Beyond individual internet adoption and use, intensity levels were also
tested through the UQR approach. As can be seen, in this case also the
highest coefficients are reached at the lower end of the distribution,
decreasing from that point. However, significant and positive coefficients
are still reached at some upper deciles, meaning that extending the intensive
use of internet seems to also provide higher returns for firms with high
levels of productivity.

Overall, the downward-sloping trend over the TFP distribution of the effect
of increasing the share of firms using internet, and doing it intensively,
provides support to the third hypothesis of this chapter. That is to say, the
evidence suggest that extending the use of these ICT technologies among
Latin American firms contributes to reduce inequality in productivity
levels. This is a result that, as far as we are aware, has not been reported in
the extant literature neither for the Latin America region nor for any other
developed or developing economy or group of economies.

4.7 Final remarks

To summarize, this chapter contributes to the empirical literature by
exploring the link between internet and productivity in Latin American
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firms. Through our empirical analysis, we found robust empirical evidence
on the positive relationship between internet and firm-performance. In
particular, internet adoption and use seems to constitute a source of
productivity growth for Latin American firms. Secondly, higher intensity of
internet use in firms seems to be linked with bigger productivity gains.
These results seem to prove our two first hypotheses, and are aligned with
previous ICT literature in the developed world, which suggests that internet
plays an important role as innovation enabler and productivity enhancer. In
third place, and providing novel evidence in the literature, low-medium
productive firms seem to benefit more from internet adoption and use, in
comparison with those with higher productivity levels, verifying our third
hypothesis that the impact of the new technologies on productivity levels
does not seem to be uniform for all enterprises. In fact, it seems that internet
adoption contributes to decrease TFP differences between enterprises, as
inequalities on its distribution seem to be reduced.

The availability of this new empirical evidence specific for Latin America
may offer useful insights to policymakers for the design and
implementation of initiatives aimed at fostering productivity by increasing
broadband connectivity. From a policy perspective, the evidence found in
this article supports the initiatives that have been promoting most Latin
American governments, as Digital Agendas and National Broadband plans,
as well as the effort being made by the telecommunications industry, under
the form of investments for network deployments. In the case of
governments, promoting internet adoption and use at firm level may be seen
as a tool to reduce disparities among enterprises, promoting a level playing
field, something which is especially relevant for Latin America, as one of
the most unequal regions in the world. From a long-term perspective, these
results can potentially suggest very important consequences for Latin
America.

However, our analysis has been limited by two main reasons. In first place,
while we were able to perform robustness analysis controlling endogeneity
in estimations at the mean, it has not been possible to extend those controls
to the UQR analysis. For that reason, causality implications of our UQR
analysis must be taken with caution, and will have to be further addressed
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in future research. In second place, limitations on data availability
prevented us to make a much richer analysis. Future research should intend
to find out why some firms are able to extract more productivity gains from
technology in comparison with others. Also, further research may also look
at the role of the national ICT industry. For example, the possibility of a
country to produce software adapted to the needs of local firms may play a
role not only on ICTs adoption decisions, but also in the impact of ICTs on
the firm performance, once adopted. These extensions may provide a
deeper understanding of the linkages between ICTs and firm performance,
and on the characteristics that effective public policies should have.
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Appendix

Construction of the firm TFP measure

Different approaches were considered for building the TFP series: Ordinary
Least Squares (OLS), Fixed Effects (FE), Olley-Pakes (OP), and
Levinsohn-Petrin (LP). In the case of OP, we used investment (in logs) as
proxy for unobservable productivity shocks. In the estimation under LP, the
log of materials was used for that purpose. These estimations were
conducted only for comparison purposes, considering the complete sample
(no sector-level estimation), because of missing values for the investment
variable for some firms, which made impossible the estimation in the case
of OP for a number of sectors. Table A4.1 summarizes the results for the
Cobb-Douglas production function estimates.

Table A4.1: Production function estimates

OLS Fixed Effects Olley-Pakes Levinsohn-Petrin
0.082%*** 0.046** 0.056* 0.053%**
log(K)
[0.005] [0.019] [0.029] [0.020]
0.926%** 0.636%** 0.893%** 0.773%%*
log(L)
[0.006] [0.036] [0.009] [0.011]
Observations 7799 7799 4461 7776

Source: Author own elaboration. Note: *p<10%, **p<5%, ***p<1%.

Before analyzing the results, it should be kept in mind that the OP
estimation was based on a fewer number of observations that in the other
cases, due to the lack of data for the investment proxy or for a substantial
number of firms declaring zero investments. OP and LP report similar
results for the physical capital coefficient (although there are differences in
the level of significance), but they differ with respect the estimation of the
contribution of labour, being larger the estimate of the OP. As in Van
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Beveren (2012), the FE estimation reports a lower estimate for the capital
coefficient, whereas the OLS is the method that provides the highest one.
After estimation, TFP series were constructed from ecach method.
Correlations of the series of log(TFP) are shown in Table A4.2.

It is clearly observed that the TFP estimated from the LP is very highly
correlated to those estimated through OP and FE. In any case, as in the most
recent contributions to the extant literature, LP was chosen as the preferred
approach as it controls for simultaneity while using intermediate inputs as
proxy that adjust more smoothly to shocks than investment.

Table A4.2: Correlation of TFP estimators

log TFP (OP) log TFP (LP) log TFP (FE)  log TFP (OLS)
log TFP (OP) 1.00
log TFP (LP) 0.95 1.00
log TFP (FE) 0.84 0.96 1.00
log TFP (OLS) 0.99 0.89 0.74 1.00

Source: Author own elaboration

Table A4.3 reports the sectoral classification used in the analysis, jointly
with the number of observations in the sample for each sector and the sector
averages of the capital-labour (K/L) and output-labour (¥/K) ratios. It is
observed that there are important differences among sectors in K/L and Y/K.
Therefore, in order to reduce any potential bias, we computed the TFP
series by running sector-specific regressions, as explained in the main text.
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Table A4.3: Sectoral classification - Intermediate-level SNA/ISIC

aggregation
Code Sector Obs K/L Y/K

4 Manufacture of textiles, wearing apparel, leather and related prod. 1860  4.10 15.47
Manufacture of wood and paper products; printing and

5 1774  3.46 77.65
reproduction of recorded media

6 Manufacture of coke and refined petroleum products 120 145 13.61

7 Manufacture of chemicals and chemical products 155 325 21.10
Manufacture of basic pharmaceutical products and pharmaceutical

8 62 891 7.63
preparations
Manufacture of rubber and plastics products, and other

9 210 3.06 799
non-metallic mineral products
Manufacture of basic metals and fabricated metal products, except

10 1412 344 2545
machinery and equipment

11 Manufacture of computer, electronic and optical products 391 3.58 14.59

12 Manufacture of electrical equipment 96 5.01 9.100

13 Manufacture of machinery and equipment n.e.c. 747 295 17.82

14 Manufacture of transport equipment 423 9.24 55.13
Other manufacturing; repair and installation of machinery and

15 161 280 13.87
equipment

16 Electricity, gas, steam and air conditioning supply 14 1.51 11.89

17 Water supply; sewerage, waste management and remediation 303 1.52 1691
Wholesale and retail trade; repair of motor vehicles and

19 6 139  6.75
motorcycles

20 Transportation and storage 18 4.44  18.60

22 Publishing, audiovisual and broadcasting activities 1 729  1.00

24 IT and other information services 2 2.00 239

28 Scientific research and development 2 1.66 1.17

Source: Author own elaboration
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Robustness analysis

Table A4.4: OLS estimations with lagged internet variables

0.218*** 0.203***
Website 2006
[0.053] [0.056]
0.164%%* 0.089
Email 2006
[0.055] [0.056]
0.296%%** 0.287%%*
Website 2010
[0.061 ] [0.061 ]
0.200%** 0.121
Email 2010
[0.073] [0.079]
-0.954%** -1.021%** -0.934%** -0.919%** -1.052%** -0.911%%*
Micro size
[0.151] [0.145] [0.147] [0.142] [0.155] [0.144]
-0.572%** -0.623%** -0.565%** -0.566%** -0.642%** -0.567***
Small size
[0.115] [0.115] [0.112] [0.106] [0.121] [0.107]
-0.338%** -0.370%** -0.336%** -0.351%** -0.385%** -0.356%**
Medium size
[0.095] [0.096] [0.094] [0.091] [0.100] [0.092]
0.004** 0.005** 0.004** 0.004** 0.005** 0.004**
Human Capital
[0.002] [0.002] [0.002] [0.002] [0.002] [0.002]
Manager -0.001 -0.001 -0.001 -0.001 0.000 -0.001
Experience [0.002] [0.002] [0.002] [0.002] [0.002] [0.002]
0.010 0.009 -0.009 -0.004 0.008 -0.006
Innovation
[0.047] [0.050] [0.047] [0.045] [0.050] [0.045]
y 0.002 0.002 0.002 0.002 0.002 0.002
ge
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
DI 0.336%*** 0.324%%* 0.339%%:* 0.346%** 0.317%%* 0.346%**
[0.116] [0.117] [0.116] [0.121] [0.116] [0.120]
0.013 0.052 0.014 0.009 0.052 0.008
Export
[0.070] [0.072] [0.071] [0.078] [0.072] [0.078]
0.162 0.125 0.151 0.118 0.130 0.111
Capital City
[0.127] [0.124] [0.127] [0.129] [0.124] [0.129]
0.117 0.075 0.105 0.106 0.086 0.101
Big City
[0.123] [0.126] [0.123] [0.127] [0.125] [0.128]
0.105 0.046 0.098 0.067 0.059 0.070
Medium City
[0.170] [0.168] [0.167] [0.169] [0.168] [0.167]
0.347* 0.315* 0.339* 0.309* 0.324% 0.307
Small City
[0.184] [0.186] [0.186] [0.184] [0.184] [0.184]
R-squared 0.586 0.577 0.587 0.592 0.577 0.593
Observations 606 606 606 606 606 606

Source: Author own elaboration. Notes: *p<10%, **p<5%, ***p<1%. Estimated coefficients from the regressions; Robust standard errors (clustered by sector) in parentheses; All
estimates include Country and Sector dummies; Omitted categories are firms that do not exhibit the respective internet attributes, large firms, firms that have not introduced a new
process, firms which do not have at least 10% of foreign ownership, firms that do not export at least 10% of its sales, and firms located in smallest locations.
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In line with previous studies, a way to mitigate the pernicious effect of
endogeneity is to use the lagged value of the endogenous regressor rather
than the contemporaneous value. For instance, in an study of the impact of
trade on innovation and labour growth for a firm-level sample of emerging
regions, Seker (2012) use a 3-period lag of its export and import variables
to check for the robustness of the results.

In our case, we have lagged email and website use variables for a
subsample of 606 enterprises. Results using these lagged values are
summarised in Table A4.4, jointly with those obtained when using the
contemporaneous values (for 2010) of the internet variables for the same
subsample of 606 firms. Parameters estimated using the lagged and actual
values seem to be close in comparison, which suggests that any estimation
bias using internet contemporary data is likely to be limited, assuming that
the coefficient of the lagged variable allows to isolate the effect on TFP.
This supposition is supported by the significant partial correlation between
the lagged and actual values of the internet variables (0.394 for website and
0.310 for email), once controlling for the other firm characteristics. In our
view, this validates the OLS results, obtained using the values for 2010 of
the internet variables.

For the IV estimations, we will consider different sets of instruments which,
given data availability, seem to be appropriate for this case (details in Table
A4.5). In the first place, we will build on the idea that broadband roll-outs
(i.e.: ADSL or Cable Modem) rely on the copper wire of pre-existing
voice-telephony networks. As stated by Czernich et al (2011), the required
access to an existing infrastructure built for other purposes, such as that of
fixed telephony, make this a suitable instrument for this estimation strategy.
This approach is similar to that followed by Bertschek et al (2013), which
in a firm-level analysis uses ADSL availability as an instrument for
broadband, and Czernich et al (2011), who uses fixed-line voice telephony
and Cable TV pre-existing networks as instruments for broadband in a
national-level analysis. In our case, the instrument to be used is the number
of voice-telecommunication fixed access lines per 100 inhabitants 10 years
before, in interaction with firm characteristics such as age and size. In
addition, to take into account differences in internet uses, country-level
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internet users per 100 inhabitants 10 years before will be added as
instrument, in interaction with the same firm characteristics. These
instruments are expected to be exogenous, as are national-level indicators,
which avoids any influence which an individual firm may have, and are
lagged considerably (10 years) to break any possibility of being affected by
contemporary shocks.

The second group of instruments will be the lagged internet variables
available. This approach has already been followed in the literature, for
instance, Bresnahan et al (2002), while intending to find out the effect of
computerization on human capital investments for a firm-level analysis in
the US, instrumented their IT variable with its 4-year lag. In our case, the
only internet variables for which we have lags are website and email, from
the 2006 wave of the survey. This second group of instruments are
supposed to be correlated to the current 2010 values for the internet
variables, while their incidence on TFP is expected to take part only
through the instrumented variable. As mentioned above, the 4-year lag
should mitigate any concern of reverse causality.

Table A4.5: Instruments used

Instrument Detail
Group
Group 1 TEF2000*micro*agel, TEF2000*small*agel, TEF2000*medium*agel, TEF2000*big*agel,

TEF2000*micro*age2, TEF2000*small*age2, TEF2000*medium*age2, TEF2000*big*age?,
TEF2000*micro*age3, TEF2000*small*age3, TEF2000*medium*age3, TEF2000*big*age3,
TEF2000*micro*age4, TEF2000*small*age4, TEF2000*medium*age4,
INT2000*micro*agel, INT2000*small*agel, INT2000*medium*agel, INT2000*big*agel,
INT2000*micro*age2, INT2000*small*age2, INT2000*medium*age2, INT2000*big*age2,
INT2000*micro*age3, INT2000*small*age3, INT2000*medium*age3, INT2000*big*age3,
INT2000*micro*aged4, INT2000*small*age4, INT2000*medium *age4

Group 2 Website (2006), Email (2006)

Group 3 TEF2000*micro*agel, TEF2000*small*agel, TEF2000*medium*agel, TEF2000*big*agel,
TEF2000*micro*age2, TEF2000*small*age2, TEF2000*medium*age2, TEF2000*big*age?2,
TEF2000*micro*age3, TEF2000*small*age3, TEF2000*medium*age3, TEF2000*big*age3,
TEF2000*micro*age4, TEF2000*small*age4, TEF2000*medium*age4, Website (2006),
Email (2006)

Source: Author own elaboration. Note: TEF2000: National voice-telecommunication fixed access lines per 100 inhabitants in
year 2000, INT2000: National internet users per 100 inhabitants in year 2000, agel: dummy that takes the value of 1 if age<$,
age2: dummy that takes the value of 1 if age>=5 & age<l10, age3: dummy that takes the value of 1 if age>=10 & age<20, age4:
dummy that takes the value of 1 if age>=20.
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Finally, the third group of instruments will be a mix of the previous two: on
the one hand the number of voice-telecommunication fixed access lines per
100 inhabitants 10 years before, in interaction with firm characteristics such
as age and size; plus the lagged website and email values from 2006. For
the reasons described above, this set of instruments should be strong, while
overall exogeneity should be verified.

Results are shown in Tables A4.6 to A4.8. All estimations were performed
following the IV-LIML approach, which has proven to be more suitable in
the presence of weak instruments. In any case, it has to be said that is
complicated to derive a clear conclusion as in a number of cases the
instruments do not seem to be valid. As seen in Tables A4.6 to A4.8, in all
estimations the results suggest that the instrumental variables approach
resulted in higher estimates of the coefficients. It is also observed that the
estimates from the IV-LIML are less precise than those from the OLS, as
the standard errors increase considerably in the former case. This is similar
to the findings of Czernich et al (2011) for a national-level analysis, and
Bertschek et al (2013) for a firm-level approach, being a well-known result
when the IV approach is used.

The estimations performed with the first group of instruments (Table A4.6)
clearly wverify the exogeneity conditions, as suggested by the
over-identification test, but in contrast, fears seem to be confirmed with
respect to the weakness of the instruments, as suggested by the weak
instrument test. As a result, while the exclusion restrictions are clearly
fulfilled, the correlation between the instruments and the internet variables
does not seem to be strong enough, therefore casting doubts over the quality
of the estimates. Despite that, coefficients associated to internet adoption,
email, and website appear to be positive and statistically significant. The
only estimations of this group that seem to slightly overcome the weak
identification test are those shown in columns (iv) (internet for purchases),
(v) (internet for delivering services) and (vii) (intensity indicator), although
the standard deviation is so large that the coefficients remain statistically
insignificant.
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Table A4.6: Instrumental Variables estimates (Group 1 of instruments)

@ (i) (iif) (iv) v) (vi) (vii)
0.613**
Internet adoption
[0.309]
1.190**
Website
[0.567]
0.686*
E-mail
[0.408]
Internet used for 0.182
purchases [0.445]
Internet used for 0491
delivering services [0.436]
0.681
Internet used for research
[0.446]
0.631
Internet intensity index
[0.412]
-0.799*** -0.318 -0.842%%* -0.891*** -0.869%** -0.786%** -0.773***
Micro size
[0.086] [0.316] [0.083] [0.154] [0.095] [0.119] [0.133]
-0.571*** -0.257 -0.598*** -0.597*** -0.597*** -0.550%** -0.545%**
Small size
[0.056] [0.178] [0.049] [0.061] [0.050] [0.064] [0.067]
-0.293*** -0.174%* -0.304*** -0.301*** -0.304%*** -0.283%** -0.287***
Medium size
[0.044] [0.076] [0.042] [0.043] [0.043] [0.051] [0.045]
0.004%** 0.002 0.004%** 0.004*** 0.004%** 0.004*** 0.004%**
Human Capital
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
-0.001 -0.001 -0.001* -0.001%* -0.002* -0.001 -0.001
Manager Experience
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
0.019 -0.051 0.014 0.027 0.001 -0.035 -0.009
Process innovation
[0.022] [0.058] [0.030] [0.046] [0.044] [0.058] [0.044]
y 0.0027%*** 0.000 0.002%*** 0.002%*** 0.0027%*** 0.002%** 0.002**
e
8 [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
0.154%** 0.181*** 0.141%*** 0.148%** 0.154%** 0.199%** 0.164%***
FDI
[0.033] [0.038] [0.032] [0.038] [0.035] [0.054] [0.034]
0.083** 0.038 0.097** 0.100%** 0.089* 0.077* 0.082*
Export
[0.039] [0.061] [0.040] [0.043] [0.046] [0.042] [0.044]
0.116** 0.086 0.100* 0.124%* 0.097* 0.128* 0.112%%*
Capital City
[0.058] [0.056] [0.053] [0.052] [0.058] [0.066] [0.054]
0.130* 0.131* 0.118* 0.122* 0.122* 0.105 0.121*
Big City
[0.071] [0.069] [0.068] [0.065] [0.068] [0.080] [0.067]
0.123* 0.156%* 0.097 0.088 0.106 0.121 0.109*
Medium City
[0.073] [0.077] [0.067] [0.061] [0.065] [0.079] [0.065]
0.128* 0.146** 0.144%* 0.128* 0.098 0.140%* 0.134%*
Small City
[0.065] [0.070] [0.065] [0.066] [0.063] [0.064] [0.061]
Observations 3587 3595 3594 3587 3587 3587 3585
Over-id statistic 36.232 23.219 33.229 34917 28.977 32.786 33.375
Weak Identification test 3.681 2.303 2.589 7.926 5.092 2.134 5.123

Source: Author own elaboration. Notes: *p<l10%, **p<5%, ***p<1%. Estimated coefficients from the regressions,; Robust standard errors (clustered by sector)
in parentheses; All estimates include Country and Sector dummies; Omitted categories are firms that do not exhibit the respective ICT attributes, large firms,
firms that have not introduced a new process, firms which do not have at least 10% of foreign ownership, firms that do not export at least 10% of its sales, and
firms located in smallest locations; Stock-Yogo weak ID test critical values: 10% maximal LIML size: 3.870.

128



Table A4.7: Instrumental Variables estimates (Group 2 of instruments)

@ (i) (iif) (iv) ) (vi) (vii)
0.951*
Internet adoption
[0.523]
0.549%**
Website
[0.137]
0.571%**
E-mail
[0.230]
Internet used for L117#*
purchases [0.375]
Internet used for 0.980%**
delivering services [0.367]
Internet used for 0.992%*
research [0.468]
0.874%%%
Internet intensity index
[0.234]
-0.874%** -0.787%%* -1.015%** -0.764%** -0.848%** -0.821%** -0.832%%%*
Micro size
[0.130] [0.111] [0.139] [0.149] [0.177] [0.156] [0.121]
-0.559%** -0.499%%** -0.635%** -0.600%** -0.5212%** -0.510%%* -0.545%%%*
Small size
[0.097] [0.082] [0.110] [0.122] [0.117] [0.112] [0.091]
-0.357*** -0.328%%** -0.396%** -0.535%** -0.428%** -0.333%%* -0.391%%*
Medium size
[0.092] [0.075] [0.094] [0.140] [0.126] [0.103] [0.091]
0.003** 0.004** 0.005%*** 0.002 0.005%*** 0.004** 0.004**
Human Capital
[0.002] [0.002] [0.002] [0.002] [0.002] [0.002] [0.002]
-0.001 -0.001 0.000 -0.001 0.001 0.002 0.001
Manager Experience
[0.002] [0.002] [0.002] [0.002] [0.002] [0.002] [0.001]
-0.018 -0.018 -0.002 -0.093 -0.041 -0.091 -0.047
Process innovation
[0.050] [0.043] [0.048] [0.082] [0.069] [0.078] [0.052]
y 0.002 0.001 0.002 0.002 0.002 0.002* 0.002
e
& [0.002] [0.001] [0.001] [0.002] [0.002] [0.001] [0.001]
FDI 0.355%** 0.372%** 0.319%** 0.315%** 0.385%** 0.441%** 0.368***
[0.106] [0.111] [0.104] [0.113] [0.114] [0.137] [0.103]
-0.001 -0.031 0.044 -0.017 0.008 -0.033 -0.012
Export
[0.076] [0.073] [0.067] [0.095] [0.074] [0.085] [0.071]
0.166 0.096 0.107 0.332%* 0.352%* 0.239 0.120
Capital City
[0.150] [0.129] [0.116] [0.193] [0.177] [0.207] [0.137]
0.103 0.117 0.072 0.112 0.216 0.155 0.128
Big City
[0.138] [0.121] [0.117] [0.192] [0.180] [0.213] [0.140]
0.200 0.080 0.070 0.245 0.373 0.185 0.179
Medium City
[0.203] [0.154] [0.148] [0.211] [0.228] [0.205] [0.155]
0317 0.293* 0.316* 0.413* 0.498** 0.519** 0.389%*
Small City
[0.204] [0.175] [0.171] [0.264] [0.216] [0.251] [0.188]
Observations 605 606 606 605 605 605 605
Over-id statistic 5,652+ 0.040 6.632%+ 3.480% 4.651%* 3.983%+ 3.072%
Weak Identification test 7.176 48.999 13.103 8.373 8.211 8.140 28.144

Source: Author own elaboration. Notes: *p<10%, **p<5%, ***p<1%. Estimated coefficients from the regressions, Robust standard errors (clustered by
sector) in parentheses; All estimates include Country and Sector dummies; Omitted categories are firms that do not exhibit the respective ICT attributes, large
firms, firms that have not introduced a new process, firms which do not have at least 10% of foreign ownership, firms that do not export at least 10% of its

sales, and firms located in smallest locations; Stock-Yogo weak ID test critical values: 10% maximal LIML size: 8.680.
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Table A4.8: Instrumental Variables estimates (Group 3 of instruments)

(@) (i) (iii) (iv) v) (vi) (vii)
1.033*
Internet adoption
[0.598]
0.552%**
Website
[0.130]
0.528%*
E-mail
[0.245]
Internet used for 0.895%*
purchases [0.367]
Internet used for 0.592%*
delivering services [0.292]
Internet used for 0.542
research [0.367]
0.773%**
Internet intensity index
[0.230]
-0.857*** -0.785%** -1.019%*** -0.826%** -0.938*** -0.936*** -0.860***
Micro size
[0.128] [0.111] [0.137] [0.163] [0.160] [0.125] [0.127]
-0.552%** -0.498*** -0.636%*** -0.609%** -0.572%%%* -0.572%%* -0.556%**
Small size
[0.097] [0.081] [0.110] [0.119] [0.111] [0.088] [0.093]
-0.356%** -0.328%%* -0.394%** -0.503%%%* -0.406%** -0.351%** -0.389%**
Medium size
[0.092] [0.075] [0.094] [0.126] [0.105] [0.089] [0.090]
0.003** 0.004** 0.005%** 0.003 0.005%** 0.004** 0.004**
Human Capital
[0.002] [0.002] [0.002] [0.002] [0.002] [0.002] [0.002]
-0.001 -0.001 0.000 -0.001 0.000 0.001 0.000
Manager Experience
[0.002] [0.002] [0.002] [0.002] [0.002] [0.002] [0.001]
-0.020 -0.018 0.000 -0.072 -0.020 -0.045 -0.040
Process innovation
[0.051] [0.043] [0.049] [0.073] [0.056] [0.066] [0.051]
0.002 0.001 0.002 0.002 0.002 0.002* 0.002
Age
[0.002] [0.001] [0.001] [0.002] [0.002] [0.001] [0.001]
0.359%** 0.372%** 0.319%** 0.315%** 0.357%** 0.383%*** 0.362%**
FDI
[0.107] [0.112] [0.104] [0.108] [0.109] [0.120] [0.105]
-0.006 -0.032 0.045 -0.003 0.026 0.006 -0.004
Export
[0.079] [0.073] [0.067] [0.087] [0.069] [0.075] [0.070]
0.168 0.096 0.109 0.294* 0.268* 0.194 0.193
Capital City
[0.155] [0.129] [0.116] [0.170] [0.163] [0.153] [0.133]
0.105 0.117 0.073 0.107 0.165 0.124 0.123
Big City
[0.143] [0.121] [0.117] [0.169] [0.157] [0.155] [0.136]
0.212 0.080 0.069 0.208 0.248 0.128 0.165
Medium City
[0.210] [0.154] [0.148] [0.182] [0.206] [0.174] [0.154]
0.316 0.293* 0.317* 0.3952* 0.428** 0.430** 0.381**
Small City
[0.209] [0.175] [0.171] [0.237] [0.192] [0.206] [0.184]
Observations 605 606 606 605 605 605 605
Over-id statistic 14.927 17.234 15.702 17.842 16.168 14.782 18.238
Weak Identification test 2.033 8.801 2.387 3.350 3.707 4.661 6.471

Source: Author elaboration. Notes: *p<I10%, **p<5%, ***p<I1%. Estimated coefficients from the regressions; Robust standard errors (clustered by
sector) in parentheses; All estimates include Country and Sector dummies; Omitted categories are firms that do not exhibit the respective ICT attributes,
large firms, firms that have not introduced a new process, firms which do not have at least 10% of foreign ownership, firms that do not export at least
10% of its sales, and firms located in smallest locations; Stock-Yogo weak ID test critical values: 10% maximal LIML size: 3.360.

130



The estimations performed with the second group of instruments (Table
A4.7) indicate that the instruments are strongly correlated with the internet
variables, and that higher significance levels are achieved for the respective
coefficients. However, concerns arise regarding the exogeneity of the
instruments, as derived from the over-identification test. In this case, only
the estimations summarised in columns (ii) (website use), (iv) (internet use
for purchases) and (vii) (intensity index) seem to verify the double
condition of strong instruments and validity of the exclusion restrictions.

Finally, the third group of instruments (Table A4.8) seem to verify the
double condition for columns (ii) (website), (v) (internet for delivering
services), (vi) (internet use for research), and (vii) (intensity index) which
suggest a positive and significant effect on TFP in most cases, with the
exception of internet use for research, something which is aligned with the
OLS results described at the main text.

To sum up, while it is difficult to reach a definitive conclusion, the results
described above suggest that OLS may be underestimating the true effect of
ICT on TFP. This is in line with the evidence reported in previous studies in
the field, such as those by Czernich et al (2011) and Bertschek et al (2013).

Unconditional Quantile Regressions

Table A4.9 reports results for UQR estimates. For the sake of simplicity,
only the coefficients associated to the internet variables are shown.”!

3! The full set of results is available upon request.
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Table A4.9: UQR estimates

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Internet 0.076  0.220%%%  0.148%%  0.159%%*  (.114%* 0.076 0.093* 0.083 0.016
adoption [0.089] [0.066]  [0.060]  [0.054]  [0.054]  [0.047] [0.050]  [0.056]  [0.071]
' 0.187%%% (245%*% (0 200%%% (227%%* (,173%%% (. 155%%%  (.159%¥* (. ]91%¥* (2]]***
Website [0.051]  [0.041]  [0.039]  [0.035]  [0.039]  [0.079] [0.040]  [0.048]  [0.054]
_ 0.138  0.191%*  0.162%*%  0.174*%*  0.112* 0.102% 0.094* 0.040 -0.096
Email [0.107]  [0.081]  [0.067]  [0.058]  [0.058]  [0.055] [0.053]  [0.060]  [0.068]
Internet used for 0-093*  0.144%%% 0.141%%%  0.140%* 0.100%**  0.061* 0.100%*  0.059 0.024
purchases [0.050]  [0.040]  [0.036]  [0.033]  [0.036] [0.03] [0.041]  [0.048]  [0.055]
Internet for 0.084*  0.133%**  0.081**  0.066* 0.035 0.074%%* 0.059 0.036 0.007
deliver services  [0.045]  [0.040]  [0.035]  [0.034]  [0.034]  [0.037] [0.038]  [0.046]  [0.056]
Internet used for 0056 0.082%*  0.070%*  0.072**  0.057* 0.004 -0.023 -0.029  -0.002
research [0.050]  [0.040]  [0.036]  [0.035]  [0.032]  [0.038] [0.039]  [0.048]  [0.059]
Internet 0.285%*% (.410%** 0,330 *#* (326%%* (.209%** (. 181%** (.185%**  0.151%*  0.093
intensity index 00981  [0.077]  [0.064]  [0.061]  [0.064] [0.064] [0.071] [0.076]  [0.090]
High Internet 0.069  0.110%*  0.094**  0.076* 0.041 0.055 0.074 -0.004  -0.033
intensity [0.053]  [0.045]  [0.039]  [0.040]  [0.039]  [0.041] [0.047]  [0.057]  [0.064]
Full Internet 0-133%%% 0.176%%% 0.157%5%  0.161%%*%  0.098***  0.096**  0.104**  0.103* 0.097
intensity [0.051]  [0.041]  [0.037]  [0.040]  [0.038]  [0.041]  [0.049]  [0.058]  [0.065]

Source: Author own elaboration. Notes: *p<l10%, **p<5%, ***p<I1%. Estimated coefficients from the regressions;

Bootstrapped standard errors in parentheses (400 reps). All estimations include controls described in equation [1].
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Chapter 5. Conclusions and Policy Implications

5.1 Main results and contributions

Through this thesis we were able to contribute to the literature with novel
empirical evidence that allowed us to draw some important conclusions. In
Chapter 2, we proposed a theoretical model that combines technological
externalities and differences across regional economies in local absorptive
capacity. The model was empirically estimated for a sample of 215
European NUTS2 regions for years in the period from 1999 to 2008,
through a Maximum Likelithood estimator. The results confirmed the
important role of local absorptive capacity, as well as the relevance of
externalities in explaining cross-regional differences in productivity. The
evidence suggested that physical capital contributes to explain productivity
disparities across European regions, not only through the capital share in
the economy, but also through the capital-output ratio and externalities. As
a result, physical capital has a bigger role than that attributed in some
previous studies, although this does not prevent the existence of far from
negligible regional efficiency differentials, which have also contributed to
the productivity gap. As for peripheral regions in Central and Eastern
Europe, despite the recent process of capital deepening and economic
integration in the single market, regions from this area need to be better
endowed with physical capital to be able to reach higher returns to the
investments they make in human capital, and to be able to achieve some
significant technological catch-up. Further increases in factor endowments
may contribute to reduce disparities, although this process is expected to be
hindered by geography, since these peripheral regions benefit only
marginally from spillovers generated in the core.

Chapter 3 introduced the ICTs to the analysis of productivity disparities. A
theoretical framework was proposed, considering broadband as an enabler
of productivity gains, and allowing heterogeneities across regions in its
effect. The model derived from this framework was tested empirically for a
sample of 27 Brazilian regions for the period 2007-2011. Results provided
robust evidence on the impact of broadband on productivity in Brazil and,
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particularly, on the fact that these effects are not uniform across the
territory. Broadband connectivity seems to be yielding higher productivity
gains for regions which exhibit a minimum threshold of penetration levels
(providing evidence of network effects), as well as regions with higher
quality in its internet infrastructures, denoted by the broadband speed. In
addition, allowing for heterogeneities depending on the level of
development, evidence was found of a higher effect of broadband on
productivity for the less developed regions. These results suggest that
broadband connectivity might constitute a factor favoring regional
cohesion, at least in the case of Brazil.

Finally, Chapter 4 contributed to the empirical literature by exploring the
link between internet and productivity in Latin American firms, finding
robust empirical evidence on the positive relationship between internet and
firm-performance. Our empirical analysis confirmed the role of internet as a
source of productivity growth for Latin American firms, and that impact
was found to be larger as the intensity of its use is increased. Providing
novel evidence in the literature, the empirical analysis also suggested
important heterogeneities of that impact across enterprises, as low-medium
productive firms seem to benefit more from a deepening in the internet
adoption and use by firms in the Latin American countries, in comparison
with those at the upper part of the productivity distribution. This suggests
that internet adoption and use contributes to decrease productivity
differences between enterprises. In other words, we can foreseen a decrease
in the amount of inequality in the distribution of productivity with the
further extension of internet in the Latin American firms.

5.2 Policy recommendations

The results reported in this thesis allow us to formulate some important
recommendations for policy-makers.

From a regional perspective, it seems clear that peripheral regions are
heterogeneous and as a result have different necessities, depending on their
geographic location and the endowment of physical and human capital, as
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well of ICTs. Policies to stimulate development in lagging regions should
be designed taking into account the specific circumstances of each region,
considering its particular location, and the real chance of benefiting from
spillovers generated elsewhere. Regional development policies should
stimulate investments in human capital and broadband deployment in the
less productive areas, as those investments has been found to be relevant to
reduce disparities across regions. Investment in both human and physical
capital in general, and in ICT infrastructures in particular, will surely favor
the attractiveness of undeveloped regions. In particular, regulatory
frameworks should be designed in order to stimulate deployments of new
generation networks, such as fibre optic and 5G, as the quality of the
connection was found to be relevant to make the most of the benefits of
broadband. Creating conditions to favour network deployments can mean,
for instance, to promote public-private cooperation, through a stable and
long-term framework which can provide certainty to investors. To provide
the required conditions for sustainable competition across enterprises being
part of the digital ecosystem is also a key topic in this sense. Modernization
of economic structures and improvements in the institutional framework
that favor attraction of investments are also crucial.

Governments should also promote internet adoption and intensive use at a
firm-level, with programs and incentives designed especially for the most
disadvantaged enterprises, as this constitutes a source to reduce disparities
in productivity. Allowing telecom operators to deliver flexible commercial
offers, as well as tax reductions for small-low productive firms, may
constitute feasible alternatives to tackle affordability barriers. Also, and
even if it was not addressed by this thesis, we can expect human capital and
ICTs to be highly complementary, being possible that adoption of those
technologies may depend to a large extent on the skills of the managers and
workers. Therefore, in order to maximize demand and social returns to
broadband deployment, policymakers should address eventual ICT-related
skills among the workforce, especially for most disadvantaged firms.

All this will become increasingly more important in the future, as
disadvantaged firms will need to be prepared to make the most of the new
era of Internet of Things, Big Data and Industry 4.0, in order to the
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reduction of disparities to effectively take place.

5.3 Limitations and future research

Through the process of elaboration of this thesis, we encountered some
limitations which prevented us to perform the analysis as we would have
liked in perfect circumstances.

In Chapter 2, data unavailability, particularly as regards the stock of
physical capital which is only available up to 2008, prevented us to expand
the period under analysis in order to assess the impact of the recession and
debt crisis in EU countries, especially considering a potential differentiated
effect for regions of southern economies. This exercise would have allowed
us to test if those circumstances changed the role of capital deepening,
externalities and human capital. Data unavailability also prevented us to
contrast other possible sources of regional heterogeneity in the impact of
broadband on productivity in Chapter 3, in order to find out why less
developed regions are extracting more benefits from connectivity. Similarly,
the lack of long-enough time series data prevented us to perform a
long-term growth-regression analysis in that chapter. In Chapter 4,
limitations on data availability also prevented us to enrich our analysis,
particularly through panel-data estimates to control for unobserved firm
heterogeneities. Data limitations also restricted our robustness analysis in
that chapter, as the process to find suitable instruments for the IV estimates
was highly challenging.

Complexities in estimation approaches also constrained us to some degree.
In the first place, we were unable to extend the estimates in Chapter 2 to a
panel-data setting. Although it was not our preferred approach for that
estimates (as the parameters y and & were likely to vary over time), the
non-linearity of the specification complicated that possibility, preventing us
to add further robustness to the analysis, by controlling for time-invariant
unobserved heterogeneity. In the second place, the lack of a general
procedure to account for endogeneity under the UQR method prevented us
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to extend our robustness checks in Chapter 4 to the analysis across the
different points of the productivity distribution.

All in all, and considering that these extensions should have to be further
addressed in the future, we expect that this thesis contributes to the existing
literature by further disentangling the sources behind productivity
disparities, therefore marking the way for upcoming research and providing
useful inputs for the design of effective public policies.
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