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Abstract

This paper investigates a dark side of economic complexity related to the import of trade-embodied CO2
emissions from other countries. We argue that a higher product sophistication can be related to lower
production of CO2 emissions at home, but to higher CO2 embedded in goods and materials imported
from foreign countries, especially from those with low environmental performance. We test these
hypotheses using international trade data for Italian NUTS-3 regions for 2015-2019, merged with yearly
grid maps on CO2 emissions, regional energy use data, and the trade in embodied CO2 database from
OECD. We also test for endogeneity and spatial spillovers across regions using an instrumental variable
approach and spatial econometric techniques.
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1. Introduction

Among the geography of innovation scholars, there is growing awareness about innovation having a ‘dark
side’. Such a negative aspect takes different forms, ranging from issues related to the labour market and
working environment to environmental sustainability, income inequality, financial stability, and firm
competitiveness or survival'. The analysis of these hidden costs of innovation, however, has received relatively

less attention in economic geography and regional studies (Boschma et al., 2024).

At the same time, the literature on economic complexity emphasizes the potential perverse effects that a
structural change towards increased diversification and sophistication of production activities can have across
and within countries and regions (Pinheiro et al., 2022; Antonietti, 2024). While economic complexity has
been extensively studied for its positive relationship with economic growth and development (see Hidalgo,
2021 for a review), recent research has also highlighted its potential adverse impacts, especially concerning
environmental sustainability and income inequality (Sbardella et al., 2017; Neagu, 2021; Pinheiro et al., 2022).
This literature, however, still neglects two important aspects. The first is the focus on regions since most studies
are conducted at the cross-country level or, at most, US counties. Italy, moreover, is a country that has not yet
been analyzed, despite being one of the twenty countries with the highest average economic and technological
complexity? and being characterized by a strong geographic heterogeneity concerning the level of industrial
development. The second is the aspect of hidden costs, specifically the perverse environmental effects linked
to complexity that cannot be estimated from direct observation of the emissions produced (Scope 1), but which

are linked to the CO; indirectly emitted through higher electricity purchase and consumption (Scope 2), and

! For example, in their review article on the harmful consequences of innovation, Biggi and Giuliani (2021) identify five
lines of research on which the innovation literature has focused, namely (i) work-related consequences of technology
acceptance, such as the psychological aspects of workers dealing with pervasive ICT; (ii) unsustainable transitions, related
to the increasing environmental costs that emerge because of more intense innovation activity within industries and
communities; (iii) innovation and growth downside effects, such as those related to financial development, rising
inequality, and global environmental degradation; (iv) dangers and uncertainties arising from emerging technologies, such
as nanotechnology and nanomaterials, big data, or Internet of Things, which can have serious consequences for the
environment and human health; (v) open innovation, and the risk associated to knowledge dissipation and firm survival.
2 See the rankings on the Observatory of Economic Complexity: oec.world.
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the CO; incorporated in intermediate and final goods imported from abroad or from other regions of the same

country (Scope 3).

This paper is positioned within this growing literature and aims to fill these gaps by assessing the possible
direct and indirect environmental effects induced by a higher degree of economic complexity in Italian regions.
While direct effects (Scope 1) are identified through the CO, emissions of the regions' production activities,
indirect effects (Scope 2 and 3) are estimated through, respectively, emissions related to regional higher
electricity use and trade-induced emissions, namely CO; imports from abroad and/or other regions of Italy.
Specifically, we analyze whether, and to what extent, regions with a higher level of economic complexity emit
a less CO; per unit of GDP (or per capita) than regions with lower levels of economic complexity. Then, we
explore whether a more sophisticated production also implies higher or lower electricity use and higher or
lower CO; emissions embedded in imported goods from foreign countries, distinguishing between low and
high environmental performance ones. The basic idea is that structural change towards knowledge-based
products and services can make regional economies more efficient in the use of energy and productive
resources, but it can also make the same regions more dependent on polluting intermediate components

produced by foreign countries that use CO; to extract or produce them.

The empirical analysis is conducted by combining different data sources, such as ISTAT-Coeweb data on
foreign trade of Italian NUTS-3 regions, European Commission data from the EDGAR platform on local CO,
emissions, data from Terna s.p.a. on regional electricity consumption, and OECD data on CO; emissions
embodied in international trade flows. Since the time lapse of carbon emissions data is limited, the observation

period starts from 2015 (the first year available) and end in 2019, before the COVID-19 pandemic.

Our analysis shows that Italian regions with higher levels of economic complexity are those which produce
less CO» per unit of GDP or per capita. These same regions are also those which consume less energy per unit
of GDP or per capita. On the other hand, we find that high-complexity regions tend to import more CO; per
unit of GDP, especially from low-environmental performance countries. Our spatial econometrics exercise
also reveals negative spillover effects from complex regions to other regions which are closed to them, not
much from a geographical point of view, but rather from an economic one through input-output relationships.
These results highlight relevant perverse effects of rising product sophistication at the regional level and call

for policy actions to compensate or mitigate the production and import of COs.

The rest of the paper is structured as follows. Section 2 presents a review of the background literature on
economic complexity and its relationship with pollution and environmental performance. In Section 3, we
describe the data, the variables, and the econometric strategy. Section 4 discusses the results, while Section 5

concludes.
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2. Background literature

This section provides an overview of the literature examining the relationship between economic complexity

and CO; emissions, energy consumption, and other indicators of environmental performance.

In recent years, there has been growing interest in integrating economic complexity into the field of
environmental economics (Neagu, 2021). The theoretical foundation for this line of research is the
Environmental Kuznets Curve (EKC), which posits that as countries develop and shift their economic structure
toward services and knowledge-intensive activities, environmental degradation initially worsens but
eventually improves. Specifically, in the early stages of industrialization, marked by a transition from
agriculture to heavy manufacturing, emissions tend to rise due to increased energy consumption associated
with industrial production (scale effect). However, as economies continue to evolve and restructure their
production systems toward advanced manufacturing and high-value-added services, production processes
become more energy-efficient and less carbon-intensive, leading to a reduction in domestic GHG emissions
(technology effect). Moreover, rising GDP per capita enables countries to meet basic needs, prioritize

environmental quality, and invest in technologies that mitigate pollution (Grossman and Krueger, 1995).

Empirical research has primarily focused on examining the linear relationship between GDP per capita (or its
growth) and greenhouse gas (GHG) emissions. While GDP per capita is commonly used as an indicator of
economic development, it does not adequately capture the structural transformation of an economy. For
instance, countries such as Qatar and Saudi Arabia demonstrate that high levels of GDP per capita do not
necessarily indicate industrialization or a shift toward knowledge-intensive sectors. In recent years, economic
complexity has emerged as an alternative indicator of structural change. This measure reflects the extent of
productive knowledge embedded within an economy by assessing the diversity and sophistication of the goods
it produces and exports. It captures an economy’s capacity to generate and integrate complex capabilities
across industries. As such, economic complexity is considered a valuable proxy for structural transformation,
as economies that advance toward more complex, knowledge-based activities typically experience significant
changes in their production systems. In the EKC context, economic complexity can be considered a better
measure of economic development than GDP per capita (Bucher et al., 2023) since it accounts for the type of

goods produced and exported by a country, and for the (unobserved) underlying capabilities.

Nevertheless, the empirical relationship between economic complexity and environmental pollution remains
unclear. For instance, Can and Gozgor (2017) find that in France, a one-standard-deviation increase in
economic complexity was associated with a 17% reduction in CO: emissions between 1964 and 2014. Dogan
et al. (2020) present further panel evidence supporting a long-term beneficial link between economic
complexity and emissions reduction across 28 OECD countries from 1990 to 2014, showing that this effect
can offset the negative environmental impacts of population and economic growth. Similarly, Romero and

Gramkow (2021), analyzing a panel of 67 countries between 1976 and 2012, report that higher economic
4
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complexity is associated with lower emissions intensity and lower per capita emissions. Chu and Le (2021),
focusing on G7 countries from 1997 to 2015, find evidence of a non-linear (inverted U-shaped) relationship
between economic complexity and CO: emissions, consistent with the Environmental Kuznets Curve (EKC)
hypothesis. They also show that political uncertainty amplifies the strength of this relationship. Pata (2021)
arrives at similar conclusions using both ecological footprint and CO: emissions per capita as dependent
variables for the United States over the 1980-2016 period. Balsalobre-Lorente et al. (2022) also confirm the
existence of an EKC-type relationship between economic complexity and CO: emissions in the PIIGS
countries (Portugal, Italy, Ireland, Greece, and Spain) during 1990-2019. Taghvaee et al. (2022) report
comparable findings for OECD countries (1971-2016), noting that while most countries fall on the rising side
of the EKC curve, Germany, Switzerland, and Japan are near the turning point. They also find that the services
sector contributes more to pollution than other sectors. Bucher et al. (2023) support the EKC hypothesis in 27
former socialist transition economies from 1995 to 2017, although the U-shaped relationship is statistically

significant only in countries where economic complexity is increasing over time.

In contrast, other studies suggest a negative environmental impact of rising economic complexity. Neagu and
Teodoru (2019) find that greater economic complexity is associated with increased CO. emissions across
countries. Boleti et al. (2021) analyze 88 countries from 2002 to 2012 and find that although economic
complexity improves overall environmental performance, it also leads to lower air quality. Yilanci and Pata
(2020) find that economic complexity worsens China’s ecological footprint and that the EKC hypothesis is not
supported. Likewise, Nathaniel (2021), in a study of six ASEAN countries (1990-2016), finds that higher
economic complexity is associated with a larger ecological footprint over the long run, though no significant

relationship is found with CO2 emissions per capita.

To account for various dimensions of environmental degradation, some studies use indicators beyond CO-
emissions. For example, Swart and Brinkmann (2020) analyze Brazilian municipalities and find that economic
complexity is linked to reduced waste generation but increased fires, with no significant effects on
deforestation or air pollution. Other researchers use the ecological footprint as the main environmental
indicator. Ikram et al. (2021), using quarterly data for Japan (1965-2017), find a cointegrating relationship
between economic complexity, GDP, and the ecological footprint, with both variables having a positive,
though asymmetric, effect. Shahzad et al. (2021) show that in the U.S. (1965-2017), both economic complexity
and fossil fuel energy use increase the ecological footprint. Ahmad et al. (2021) report similar findings for 20
emerging economies (1984-2017), also examining the moderating role of institutional quality and confirming
the EKC hypothesis for both GDP and economic complexity. Neagu (2020) provides further evidence that
economic complexity increases the ecological footprint in the long run, using data from 48 of the world’s most
complex economies (1995-2014), with cointegration techniques (FMOLS and DOLS). Rafique et al. (2021)
confirm this relationship for the 10 most complex economies (1980-2017), validating their findings with

system GMM estimations. Finally, Yilanci and Pata (2020) again show that in the case of China (1965-2016),
5
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the EKC hypothesis does not hold, and that economic complexity is positively associated with the ecological

footprint.

All studies examine the direct impact of product sophistication on pollution, focusing on the relationship
between product complexity and Scope 1 emissions. Only one study extends the analysis to indirect emissions
(Scope 3), which are greenhouse gas emissions occurring throughout the value chain, such as those embedded
in imported inputs. Qayyum et al. (2021) analyze a panel of 68 countries from 1995 to 2015 to explore the
relationship between economic complexity and carbon emissions embodied in trade. Using a dynamic panel
GMM approach, they find that economic complexity has a significant and positive indirect effect on domestic
CO: emissions embodied in imports. This can be explained by the fact that “with a larger comparative
advantage in knowledge-based goods, the country can import more pollution-intensive products that are
embodied with considerable foreign carbon emissions by exporting more complex goods” (Qayyum et al.,

2021, p. 54022).

Building on the existing literature, our analysis introduces four key contributions. First, we investigate the
relationship between economic complexity and emissions from a within-country, regional, perspective. This
is particularly relevant as regions within the same country often exhibit heterogeneous economic structures
and varying degrees of trade openness, thus contributing differently to product sophistication and to both direct
and indirect carbon emissions. Second, we consider CO2 emissions from domestic production (Scope 1), from
electricity use (Scope 2), and from imports (Scope 3) to assess whether a shift toward knowledge-intensive
production entails potential environmental externalities for other countries or regions in the same country.
Third, we examine inter-regional spillovers, specifically, how a region's economic complexity influences CO2
emissions, as well as energy use, generated and imported by other regions which are related through input-
output relationships. Finally, we focus on a single advanced economy, Italy, which is a valuable case study
due to its pronounced regional disparities in economic development, sectoral specialization, income levels,

and degrees of economic complexity (Antonietti and Burlina, 2023).

3. Empirical analysis
3.1. Dependent variables

In this paper, we use three dependent variables: one is CO, emissions produced in the region, one is electricity

used in the region, and one is imported CO; from foreign countries.

To compute the CO, emission intensity produced within Italian regions (i.e., Scope 1 emissions), we rely on
yearly grid maps available on the EDGAR v8.0 database (EDGAR 2023). The dataset provides information
on tons of CO; emissions produced in each cell, together with its geographical coordinates, i.¢., longitude and

latitude. These latter are associated with the left bottom corner of each grid cell, which are squares of 0.1x0.1
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degrees®. Using NUTS-3 regions shapefiles from EUROSTAT, we allocate CO, emissions to a region when
the geographical coordinates of the grid cell are enclosed by the coordinates of that region's boundaries. With
this method, we compute the following dependent variables: total emission intensity (CO»/GDP), defined as
tons of CO» emissions per unit of GDP, and total emissions from the manufacturing sector (CO,/MAN), defined

as tons of CO; emissions per unit of manufacturing value added®.

To measure the regional electricity consumption, our proxy for Scope 2 emissions, we use the following two
variables: the total energy use intensity (energy/GDP) and the industrial energy use intensity (energy-
IND/GDP) in Italian NUTS-3 regions obtained from the Italian power grid operator Terna (www.terna.it). As
mentioned in Section 1, we are interested in the consumption of energy not only as an additional measure of
regional environmental sustainability, but also because it is a direct driver of CO; emissions through the

activity of electric power generation plants.

To compute imported carbon emissions, we first take the CO, emissions embedded in Italian imports retrieved
from the Trade in Embodied CO; Database of the OECD. These data show the tons of CO, emissions that are
exported to Italy by different countries in the world and different sectors®. To allocate these emissions to Italian
regions, we create a set of NUTS-3 regional weights using ISTAT data on imports at the three-digit sector

level, as follows:

import;js

Wijs = (1)

importjg

where i represents the NUTS-3 region, j represents the exporting country, and s represents the three-digit
sector. The numerator measures the 2015-2019 average imports of each sector in each Italian NUTS-3 region
from foreign country j¢, while the denominator measures the corresponding total Italian imports from the same

country j.

The CO; emissions imported by sector s in region i and from country j is obtained by multiplying the weights

in equation (1) by the imported CO, emissions e, as follows:

3 Further information on the methodology regarding EDGAR’s grid maps in Crippa et al. (2018), Crippa et al. (2023a),
and Janssens-Maenhout et al. (2019). Another relevant report is Crippa et al. (2023b).
4 To compute the total CO, emissions from the manufacturing, we consider emissions from “power industry”, “oil

9 ER T3 EE T3

refineries and transformation industry”, “non-metallic minerals production”, “non-ferrous metals production”, “iron and
steel industry”, “combustion for manufacturing industry”, “chemical processes industry” and “solvents and product use”.
5 The classification used is the ISIC Rev.4 at the two-digit level. Since some of the sectors are further aggregated, Table
A in Appendix 2 shows the exact division of the sectors.

® The original idea was to calculate the weights in 2015, but this was not possible because products are imported with

different frequencies over the years.
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Cijs = Wijs * €js (2)
Summing by country j and industry s, we obtain the total CO, emissions embedded in region i’s imports’, as

follows:
€ =Zsteijs- (3)

In the econometric analysis, we consider the following set of indicators as our dependent variables: total
imported CO, emissions (e-imp/GDP), the ratio between imported and produced emissions (e-imp/e), and the
intensity of imported CO, emissions from two distinct groups of countries, i.e., low environmental
performance and high environmental performance. In our baseline specification, we measure environmental
performance using the Environmental Performance Index (EPI), primarily developed by the Yale Centre for

Environmental Law and Policy (https://epi.yale.edu/)®. We compute the average EPI score between 2015 and

2019: countries above the average are classified as having high environmental performance, while those with
an EPI below the average are classified as having low environmental performance’. The list of these countries
is provided in Table A3 in Appendix. More specifically, we compute: (i) the intensity of imported CO,
emissions (e.g., CO, emissions per unit of GDP) from low and high EPI countries respectively (e-imp"”/GDP,
e-imp"/GDP), and (ii) the share of CO, emissions from high and low EPI countries respectively on the total
imported CO, emissions (e-imp'/e-imp, e-imp"/e-imp). All our dependent variables regarding CO, emissions
are expressed in tonnes and then computed per unit of GDP (in millions of euros), while the energy is expressed

in gigawatts (GW) per unit of GDP.

Figure 1 shows how CO, emission intensity (a), energy use (b), and total imported CO, emission intensity (c)
are geographically distributed across Italian NUTS-3 regions. Figure la shows that the bluest cells are
concentrated in the central and southern regions. Figure 1b, on the contrary, draws a quite scattered situation
for energy use intensity, while in Figure 1¢ we can note that the regions with the highest imported CO; intensity

are those located in the North and Centre of Italy.

" The values obtained account only for the emissions imported from the countries in the OECD dataset, which is only a
part of all Italian imports that are available from the ISTAT dataset. Nonetheless, the imports from these countries account
for 95% of the total import flows reported in the ISTAT dataset.

8 The environmental performance index is based on 40 performance indicators across 11 issue categories and it is the
result of a collaboration between the Yale Center for Environmental Law and Policy (YCELP), Yale University, and the
Columbia University Center for International Earth Science Information Network (CIESIN). For further details, see Wolf
et al.(2022).

® Our results do not change much if we consider the median of the EPI score to discriminate among high and low

performance countries.
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Figure 1. The geographical distribution of CO; emission intensity
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3.2. Main regressor: economic complexity

To assess the level of product sophistication at the regional level, we utilize the Economic Complexity Index
(ECI) developed by Hidalgo et al. (2007) and Hidalgo and Hausmann (2009). The ECI captures a country’s
(or region’s) capacity to produce and export a wide array of sophisticated goods, which depends on the
presence of locally embedded, non-tradable capabilities. Variations in economic development are attributed to
differences in the endowment, diversity, and interconnectedness of these capabilities. A higher ECI indicates
a more complex and exclusive productive structure, whereas lower ECI values reflect specialization in simpler

or more commonly produced goods (Hidalgo and Stojkoski, 2025).
The analysis begins by constructing the Revealed Comparative Advantage (RCA) matrix, calculated using the
Balassa (1965) index, as follows:

_ Xrp/Xp Xrp
RCArp - Yo Xrp/Xr Zp Xrp (1)

The RCA matrix is constructed as a binary matrix, where a value of 1 indicates that region r exhibits a revealed

comparative advantage in product p (i.e., RCA > 1) during the observation period, and 0 otherwise.

Summing across the rows and columns yields two key metrics: a region’s diversification (the number of
products in which it has a comparative advantage) and a product’s ubiquity (the number of regions with a
comparative advantage in producing it). Economies that are highly diversified and specialize in less ubiquitous
(i.e., more exclusive) products are considered more complex. Conversely, low diversification and
specialization in highly ubiquitous products are indicative of lower economic complexity. Formally, it is

possible to compute two indices of economic (k-) and product (k,) complexity as follows:
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{kr,o = ZpMcp
0= ZTMC

2

where M is a dummy variable taking the value of 1 if region  exports the product p with RCA, and 0 otherwise.
Through N continuous iterations between the two indicators, called method of reflections, it is possible to
obtain the following indices:
r N = Zp p N-1
3)
p N = Zc r N-1
As Hidalgo and Hausmann (2009) show, the method of reflections is equivalent to finding the eigenvalues of

the matrix M, for which the entries are given by:
Mrerlp _ MypMy1p
= 2p3 0,0 = @2, ® 4)
The final ECI is given by the eigenvector associated to the second largest eigenvalue of M. The last step is the

standardization of the ECI as follows:

K- <K>
ECI = TR “4)

where the term < K > refers to the average and sd to the standard deviation.

In our sample, regions with higher ECI values are typically those that have reached an advanced stage of
development, where production is driven by technology or knowledge-intensive inputs rather than by energy-
intensive processes. To compute the index, we rely on ISTAT’s Coeweb data on merchandise exports, covering
103 Italian NUTS-3 regions and three-digit manufacturing product categories, classified according to the
Italian ATECO2007 system, for the period 2015-2019. Figure 2 illustrates the geographic distribution of
economic complexity across Italian NUTS-3 regions, based on the average ECI values for the years 2015 and

2019'.

10 The choice of the 2015-2019 period is primarily driven by data availability. We deliberately excluded the years marked
by the global financial crises and the pandemic (2007-2012 and post-2020), as these episodes caused substantial
fluctuations in the variables used to construct our key indicators. Moreover, to estimate interregional economic spillovers
preceding the observation window, we rely on an input—output table available exclusively for 2014. In addition, the IV
strategy employs an instrument measured over the 2004-2008 period. Given these considerations, and in light of the high

persistence of the ECI, we opted for a cross-sectional analytical framework.

10
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Figure 2. The geography of economic complexity in Italy
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Not surprisingly, most of the more complex regions are in the North and Centre of Italy, while the South and
the islands exhibit the lowest levels of complexity. In our view, such heterogeneity reflects different stages of
economic development of Italian regions, which reflect different underlying production structures and
capability endowment (Antonietti and Burlina, 2023; Hidalgo, 2025). In turn, this should imply different local

energy use but also different direct and indirect carbon emission intensities.

3.3. Other variables

We add a set of variables to control for other factors that may influence the link between carbon
emissions/energy use and economic complexity. First, we control for GDP per capita (GDPPC) in 2015, as an
indicator of regional wealth to distinguish the impact of average product sophistication, which is also a measure
that can predict a region’s potential for future diversification and growth, from a measure that simply captures

the total value of output.

A higher presence of (manufacturing) activities could also influence the level of CO, emissions; therefore,
taking data from InfoCamere-Italian Chambers of Commerce, we include two measures, such as the share of
active manufacturing firms (Manufacturing) and the total number of active firms (Active firms) in each NUTS-
3 region. The latter is also a measure of regional size that controls for the fact that larger regions can produce
more CO; because they are endowed with a larger stock of plants. We also consider demographic factors by
including the population density (Pop density) and the level of urbanization (Urban), given by the share of the
population living in the regional capital. In this respect, there is a wide literature documenting the role of

11
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urbanization and population density in reducing CO, emissions (Bettencourt et al., 2007; Gudipudi et al.,

2016).

Lastly, we include a control for the human capital (HK) endowment, measured through the share of resident

population with a tertiary education degree (source: ISTAT, Atlante Statistico Territoriale delle Infrastrutture,

ASTI), and one for the technological level of each NUTS-3 region, measured through the stock of total patent

applications to the European Patent Office (PATENTS) per capita and the specialization in green technology

(Green Spec). This latter is a dummy taking the value of 1 if a NUTS-3 region has a revealed green

technological advantage and 0 otherwise (Montresor and Quatraro, 2020) and is computed using OECD-
REGPAT data and the OECD ENV-TECH classification of green technologies provided by Has¢i¢ and

Migotto (2015).

Table 1 shows the source and the main descriptive statistics for all variables used in the econometric analysis.

Before proceeding with the regressions, we apply a logarithmic transformation to all variables except ECI and

Green Spec.

Table 1. Descriptive statistics

Source Mean SD Min Max
CO,/GDP EDGAR 269.1 214.5 30.44 1321.2
CO,MAN/GDP EDGAR 123.6 194.7 1.461 1228.4
energy/GDP Terna spa 196.9 68.93 88.95 509.3
energy-IND/GDP Terna spa 88.24 66.53 11.17 375.0
CO,-imp/GDP OECD 0.216 0.207 0.010 1.181
CO,-impheEP/GDP OECD+Yale 0.124 0.120 0.007 0.638
CO2-imp"VEP/GDP OECD+Yale 0.061 0.078 0.002 0.598
CO,-imp"eEPl/e-imp OECD+Yale 0.614 0.159 0.099 0.949
CO,-imp*“EPl/e-imp OECD+Yale 0.287 0.113 0.044 0.686
CO»-imp'*VEP!/e-imp"ishEP OECD+Yale 0.579 0.584 0.046 4.970
ECI ISTAT-Coeweb 0.015 1.003 -3.356 3.227
Manufacturing ISTAT 0.096 0.031 0.053 0.274
Pop density ISTAT 2.600 3.460 0.395 26.82
Active firms InfoCamere 49946 54563.3 7791.99 356475
Urban ISTAT 0.265 0.137 0.082 0.861
HK ISTAT 0.059 0.037 0.001 0.189
Patents OECD REGPAT 0.005 0.022 0.00002 0.215
Green Spec OECD REGPAT 0.495 0.502 0 1

12
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3.4. Econometric strategy

We start by estimating the model in Equation 7 through ordinary least squares (OLS) with heteroskedasticity-

robust standard errors:

Yizo = PBo+ B1EClip015+B2ECIS 015 + X' 120158x + Ur + €i2019, 7

where i refers to the NUTS-3 region, y to our dependent variables described in Section 3.1, X to the vector of
control variables described in Section 3.3, up to a vector of NUTS-1 (or NUTS-2) regional dummies included
to control for unobserved time-invariant effects, and €;5419 to the idiosyncratic error term. All the dependent
variables are observed in the year 2019!!, while ECI, ECI?, and all the other control variables are measured in

the year 2015.

We also check for potential multicollinearity among the regressors using the Variance Inflation (VIF) test.
Then, we use the Akaike (AIC) and the Bayesian Information Criterion (BIC) to select the model that best fits

our data.

The econometric analysis includes two additional steps. In the first, we try to account for the potential
endogeneity of ECI using an instrumental variable approach with GMM and using the Durbin-Wu-Hausman
test to check whether the endogeneity of ECI is statistically relevant. As a suitable instrument, we use the
region’s exposure to Chinese import competition in 20042, right after China entered the WTO. The measure
is computed as the product of two elements: the weight of manufacturing employment in 2004 in each NUTS-
3 region of Italy (wi2004) and the value of manufacturing goods imported from China per capita in 2004 (IMP-
CHINA: o408).

In the second, we use a spatial econometrics approach to check for potential inter-regional spillovers in CO,
emissions (produced and imported) and energy use induced by economic complexity. In doing so, we use two
distinct types of spatial weights, one based on the geographical contiguity between regional borders, and one
based on input-output relationships. After diagnosing the presence of spatial dependence using a Moran-I test,
we proceed by assessing whether, and to what extent, CO, emissions/energy use and economic complexity in

one region influence those in neighbouring regions, using two separate spatial Durbin models.

! The results do not change if we measure either the dependent variables or the regressors as an average over the period
2015-19.

12 China entered the WTO in December 2001. However, our data to compute the employment weights are available from
2004.
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4. Results

Tables 2-5 show the baseline regression results. Columns 1-3 show that the coefficient of ECI is negative and
highly significant. A one-unit increase in economic complexity corresponds to an average 28% decrease in
total and manufacturing CO, emission intensity, which decreases to 21% when regional fixed effects are
considered. We also find that the estimated coefficient of ECI? is not statistically significant, meaning that the
relationship between complexity and emissions remains linear. Columns 4 and 5 show that the strength of the
relationship remains stable once the other regional controls are included. Interestingly, among the regressors,
we find that only population density is statistically significant, and negative. Finally, Column 6 shows the
results of the [IV-GMM regression, when exposure to Chinese manufacturing imports is used as an instrument:
again, we find that the estimated coefficient of ECI remains negative and statistically significant at the 1%

level.

Table 3 confirms that these results holds when the dependent variable is CO, emissions related to
manufacturing processes. The estimated coefficients are even larger: a one-unit increase in ECI corresponds

to an average 45-52% decrease in CO; emission intensity.

From these results we find confirmation for the idea that a higher product sophistication entails a higher

efficiency in manufacturing processes, leading to lower direct emissions per unit of GDP.

Table 4 shows the results for the link between ECI and energy consumption, a variable that we use as a proxy
for Scope 2 emissions. In this case, we still find a negative relation, which turns positive only for two NUTS-
3 regions of Italy (Prato in Tuscany and Biella in Piedmont). This means that, with a few exceptions, a higher

economic complexity leads to a lower use of energy in the region, possibly entailing a lower Scope 2 emissions.

Table 5 to 9, instead, show the results of the OLS regressions where ECI is used as main explanatory variable
of Scope 3 (indirect) emissions. From Tables 5, we find that higher economic complexity is associated with
higher CO, embedded in imported goods: this relationship is clear in Columns 1 to 3, whereas it turns non-
linear in Column 4: in this case, the positive association holds only for a few top ECI regions. Interestingly,
from Tables 6 to 8 we observe that higher product sophistication corresponds to lower CO; indirectly imported

from high EPI countries, but higher CO; indirectly imported from low-EPI countries.
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Table 2. Assessing the relationship between ECI and Scope 1 total CO; emissions

(1) (2) 3) 4 ©) (6)
Dep. Var. In(CO,/GDP) OLS OLS OLS OLS OLS IV GMM
ECI -0.281%%*  .(0.283%**  _0.213%¥* (0. 225%**  (.225%*%*  _(.3]7F**
(0.060) (0.057) (0.071) (0.071) (0.084) (0.121)
ECI? -0.004 -0.006 0.016 0.018
(0.023) (0.023) (0.023) (0.031)
InGDPPC -0.468 0.269
(0.416) (0.709)
Manufacturing 0.008 -0.105
(0.230) (0.261)
Pop density -0.318%*** -0.294*
(0.093) (0.148)
Active firms -0.115 -0.260
(0.105) (0.170)
Urban -0.145 -0.196
(0.141) (0.164)
HK -0.044 -0.058
(0.056) (0.075)
PAT 0.043 0.061
(0.050) (0.050)
Green SPEC -0.021 0.047
(0.109) (0.134)
Constant 5.363***  5367F** 5 573k** 11.28%* 4.937 5.363%**
(0.061) (0.067) (0.104) (4.655) (6.747) (0.060)
Observations 103 103 103 103 103 103
R? 0.174 0.174 0.214 0.444 0.535 0.171
NUTS-1 FE No No Yes Yes No No
NUTS-2 FE No No No No Yes No
BIC 200.2 204.9 213.6 215.1 266.3 200.6
VIF (mean) 1.00 1.04 1.46 2.36 2.83 1.00
First stage
China exposurezoos 0.005%**
(0.001)
Cragg-Donald F 20.28
Endogeneity test 0.092
(0.762)

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Table 3. Economic complexity and Scope 1 CO; emissions in manufacturing

(D (2 3) (4)
Dep. Var. In(CO-MAN/GDP) OLS OLS OLS OLS
ECI -0.45]1*** -0.448%** -0.425%** -0.520%**
(0.119) (0.116) (0.134) (0.159)
ECI? 0.008 0.016 0.032
(0.048) (0.045) (0.046)
InGDPPC 0.003
(1.167)
Manufacturing 0.165
(0.606)
Pop density -0.097
(0.205)
Active firms -0.076
(0.260)
Urban -0.294
(0.328)
HK -0.231*
(0.134)
PAT 0.199
(0.127)
Green SPEC 0.116
(0.277)
Constant 3.933%** 3.925%** 4.011%** 4438
(0.132) (0.149) (0.247) (12.50)
Observations 103 103 103 103
R? 0.105 0.15 0.135 0.191
NUTS-1 FE No No Yes Yes
AIC 353.2 355.1 357.6 366.8
BIC 3584 363.5 3734 403.6
VIF (mean) 1.00 1.04 1.46 2.36

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Table 4. Economic complexity and Scope 2 emissions via energy use

ey (2)
Dep. Var. In(ENERGYmnp/GDP) In(ENERGY/GDP)
ECI -0.283*** -0.139%**
(0.075) (0.036)
ECI? 0.092%** 0.039%**
(0.023) (0.012)
InGDPPC 0.443 -0.178
(0.493) (0.207)
Manufacturing 0.792%** 0.221%*
(0.253) (0.105)
Pop density -0.013 -0.023
(0.108) (0.043)
Active firms -0.199 -0.074
(0.130) (0.048)
Urban -0.398** -0.150%**
(0.156) (0.068)
HK -0.181*** -0.084**
(0.058) (0.031)
PAT 0.027 0.008
(0.061) (0.024)
Green SPEC 0.009 -0.016
(0.126) (0.054)
Constant 2.310 7.726%**
(5.591) (2.317)
Observations 103 103
R? 0.422 0.408
NUTS-1 FE Yes Yes
AIC 186.1 15.48
BIC 219.5 48.69
VIF (mean) 1.85 1.85
Minimum 1.5(3) 1.8(2)

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Table 5. Economic complexity and Scope 3 emissions

©) (2) 3) “4)
Dep. Var. In(e-imp/GDP) OLS OLS OLS OLS
ECI 0.183%* 0.223%* -0.110 -0.336%**
(0.106) (0.098) (0.089) (0.081)
ECI? 0.097** 0.115%** 0.084%***
(0.049) (0.036) (0.027)
InGDPPC 0.659
(0.667)
Manufacturing 0.708**
(0.353)
Pop density 0.455%**
(0.131)
Active firms -0.241
(0.140)
Urban -0.373%*
(0.192)
HK -0.203***
(0.075)
PAT 0.126
(0.085)
Green SPEC 0.046
(0.157)
Constant 3.895%** 3.798%*** 4.443%** 0.548
(0.104) (0.119) (0.173) (7.204)
Observations 103 103 103 103
R? 0.030 0.066 0.429 0.598
NUTS-1 FE No No Yes Yes
AIC 305.0 303.1 258.3 238.4
BIC 310.3 311.0 274.2 275.2
VIF (mean) 1.00 1.04 1.46 2.36
Minimum (nr. regions above) 0.48(35) 1.9(2)

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Table 6. Economic complexity and Scope 3 emissions from high EPI countries

(D (2 3) (4)
Dep. Var. In(e-imp""="/GDP) OLS OLS OLS OLS
ECI -0.096%*** -0.096%*** -0.102%** -0.110%**
(0.016) (0.017) (0.016) (0.031)
ECI? -0.001 -0.001 0.002
(0.005) (0.006) (0.008)
InGDPPC 0.234
(0.136)
Manufacturing -0.008
(0.136)
Pop density -0.052
(0.137)
Active firms -0.016
(0.039)
Urban -0.036
(0.054)
HK -0.007
(0.022)
PAT -0.001
(0.019)
Green SPEC -0.025
(0047)
Constant -0.406*** -0.405%** -0.404*** -2.7703%**
(0.020) (0.023) (0.042) (1.318)
Observations 103 103 103 103
R? 0.170 0.170 0.173 0.239
NUTS-1 FE No No Yes Yes
AIC -24.31 -22.32 -16.66 -9.239
BIC -19.04 -14.41 -0.851 27.65
VIF (mean) 1.00 1.04 1.46 2.36

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Table 7. Economic complexity and Scope 3 emissions from low EPI countries

(D (2 3) (4)
Dep. Var. In(e-imp"t"/GDP) OLS OLS OLS OLS
ECI 0.259%** 0.242%** 0.262%** 0.267%**
(0.059) (0.048) (0.051) (0.068)
ECI? -0.042* -0.040* -0.058***
(0.022) (0.023) (0.022)
InGDPPC -0.444
(0.367)
Manufacturing 0.137
(0.248)
Pop density 0.144*
(0.076)
Active firms 0.090
(0.088)
Urban 0.178
(0.139)
HK 0.026
(0.059)
PAT -0.020
(0.046)
Green SPEC -0.006
(0.116)
Constant -1.286%*** -1.245%** -1.122%** 2915
(0.051) (0.055) (0.093) (3.863)
Observations 103 103 103 103
R? 0.202 0.225 0.233 0.327
NUTS-1 FE No No Yes Yes
AIC 159.2 158.3 163.2 165.7
BIC 164.5 166.2 179.0 202.6
VIF (mean) 1.00 1.04 1.46 2.36

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Table 8. Economic complexity and Scope 3 emissions, ratio low to high EPI countries

(1 (2) (3) 4) (5)
Dep. Var. In(e-imp"™"/e-imp™"") OLS OLS OLS OLS OLS
ECI 0.355%** 0.338*** 0.364%**  (0.376***  (0.400%***
(0.071) (0.061) (0.064) (0.093) (0.098)
ECI? -0.040 -0.039 -0.060** -0.046
(0.026) (0.027) (0.027) (0.028)
Controls No No No Yes Yes
Constant -0.881***  _0.840***  _0.810%** 5.618 -0.88 1 ***
(0.070) (0.076) (0.132) (5.067) (0.070)
Observations 103 103 103 103 103
R? 0.202 0.213 0.220 0.307 0.443
NUTS-1 FE No No Yes Yes No
NUTS-2 FE No No No No Yes
AIC 224.1 224.6 229.8 233.6 241.1
BIC 229.3 232.5 245.6 270.5 317.5
VIF (mean) 1.00 1.04 1.46 2.36 2.83

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

5. Conclusions

In this paper, we compare the ECI proposed by Hausmann and Hidalgo (2009) with a region's environmental
performance, given by its energy consumption intensity and CO, emission intensity. Linking export data with
information on CO; emissions, energy use, and imports, we assess if, and to what extent, product sophistication
and CO;, emissions, either produced domestically or imported from foreign countries, are linked by a
significant relationship. This relationship is not obvious since more sophisticated production processes can
improve energy efficiency with a positive return on the environment but can also stimulate a higher economic
activity that can also be more energy intensive, or increase the demand for foreign inputs, with higher indirect

environmental costs.

We find that the production of total and manufacturing CO, emissions (Scope 1) decreases when the average
level of product sophistication in the same region increases, probably thanks to the higher efficiency of the
production processes. Instead, we find a U-shaped relationship between complexity and energy intensity (our
proxy for Scope 2 emissions), where the few most complex regions tend to use more energy per unit of GDP.
When we turn to the import of CO, emissions, the relationship turns positive, meaning that higher product

sophistication corresponds to higher CO, embodied in imported goods.

When we distinguish the imported CO; emissions from high and low-environmental-performing countries, we
find an intriguing result. As economic complexity increases the share of CO, imported from high-

environmental performing countries decreases while the share of CO, imported from low-environmental
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performing countries increases. This is particularly interesting because the environmental performance index
correlates well with the GDP per capita, meaning that our findings can be seen as a tendency, for higher levels

of economic complexity, to increase the burden on developing economies.

Our analysis stresses some possible dark (green) sides of economic complexity. First, we have found a possible
trade-induced pollution caused by a higher level of imports from high-complexity regions. Then a possible
indirect social cost from developing countries that may have to deal with an increase in pollution caused by a

higher level of exports demanded by complex regions.

While studying this nexus our aim was to understand it from a regional perspective since, to the best of our
knowledge, there was no literature on the topic. The main limitation of this study was data availability since
there are few data on small units of observation such as NUTS-3 regions. Further research could explore the
effect of economic complexity at the regional level using more comprehensive indicators such as the ecological
footprint and the environmental performance index instead of focusing only on CO; emissions. Another
interesting possibility would be considering other countries’ regions to see if there is a similar behaviour to

that of Italian NUTS-3 regions.
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Appendix
Table Al. Countries exporting CO: emissions to Italy
Argentina Lithuania
Australia Luxembourg
Austria Malaysia
Belgium Malta
Brazil Mexico
Brunei Morocco
Bulgaria Myanmar
Cambodia Netherlands
Canada New Zealand
Chile Norway
China Peru
Colombia Philippines
Costa Rica Poland
Croatia Portugal
Cyprus Romania
Czech Republic Russia
Denmark Saudi Arabia
Estonia Singapore
Finland Slovakia
France Slovenia
Germany South Africa
Greece South Korea
Hong Kong Spain
Hungary Sweden
Iceland Switzerland
India Taiwan
Indonesia Thailand
Ireland Tunisia
Israel Turkey
Japan United Kingdom
Kazakhstan United States of America
Laos Vietnam
Latvia

Source: OECD, Trade in Embodied CO, Database
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2. CO; emissions by sector

The original emission data are classified using the ISIC Rev.4, but we cross walked the data to the ATECO

classification to link them to the ISTAT data on trade at the NUTS-3 level.

Table A2. Sectors aggregation in the Trade in Embodied CO2 Database from OECD.

ATECO07 | Description
01-02 Agriculture, hunting, forestry
03 Fishing and aquaculture
05-06 Mining and quarrying, energy producing products
07-08 Mining and quarrying, non-energy producing products
09 Mining support service activities
10-12 Food products, beverages and tobacco
13-15 Textiles, textile products, leather and footwear
16 Wood and products of wood and cork
17-18 Paper products and printing
19 Coke and refined petroleum products
20 Chemical and chemical products
21 Pharmaceuticals, medicinal chemical and botanical products
22 Rubber and plastics products
23 Other non-metallic mineral products
24 Basic metals
25 Fabricated metal products
26 Computer, electronic and optical equipment
27 Electrical equipment
28 Machinery and equipment, nec
29 Motor vehicles, trailers and semi-trailers
30 Other transport equipment
31-33 Manufacturing nec; repair and installation of machinery and equipment
35 Electricity, gas, steam and air conditioning supply
36-39 Water supply; sewerage, waste management and remediation activities
41-43 Construction
45-47 Wholesale and retail trade; repair of motor vehicles
49 Land transport and transport via pipelines
50 Water transport
51 Air transport
52 Warehousing and support activities for transportation
53 Postal and courier activities
55-56 Accommodation and food service activities
58-60 Publishing, audiovisual and broadcasting activities
61 Telecommunications
62-63 IT and other information services
64-66 Financial and insurance activities
68 Real estate activities
69-75 Professional, scientific and technical activities
77-82 Administrative and support services
84 Public administration and defence; compulsory social security
85 Education
86-88 Human health and social work activities
90-93 Arts, entertainment and recreation
94-96 Other service activities
97-98 Activities of households as employers; undifferentiated goods- and services-producing activities of
households for own use
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Table A3. Countries clustered based on their EPI and Carbon Footprint score

High environmental

Low environmental

performance index performance index Reserve Deficit
Argentina Cambodia Argentina Austria
Australia China Australia Belgium
Austria India Brazil Brunei
Belgium Indonesia Canada Bulgaria
Brazil Laos Colombia Cambodia
Brunei Myanmar Estonia Chile
Bulgaria South Africa Finland China
Canada Thailand Latvia Costa Rica
Chile Turkey Myanmar Croatia
Colombia Vietnam New Zealand Cyprus
Costa Rica Norway Czech Republic
Croatia Peru' Denmark
Cyprus Russia France
Czech Republic Sweden Germany
Denmark Greece
Estonia Hungary
Finland Iceland
France India
Germany Indonesia
Greece Ireland
Hungary Israel
Iceland Japan
Ireland Kazakhstan
Israel Laos
Japan Lithuania
Kazakhstan Luxembourg
Latvia Malaysia
Lithuania Malta
Luxembourg Mexico
Malaysia Morocco
Malta Netherlands
Mexico Philippines
Morocco Poland
Netherlands Portugal
New Zealand Romania
Norway Saudi Arabia
Peru Singapore
Philippines Slovakia
Poland Slovenia
Portugal South Africa

28



MISSIONE 4

ISTRUZIONE
RICERCA
Romania South Korea
Russia Spain
Saudi Arabia Switzerland
Singapore Thailand
Slovakia Tunisia
Slovenia Turkey
South Korea United Kingdom
Spain United States of America
Sweden Vietnam
Switzerland
Taiwan
Tunisia
United Kingdom

United States of America
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