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Abstract

This paper examines the impact of green-oriented university education on environmental
quality, by developing a conceptual framework in which firm emissions depend on the joint
use of green technologies and green-skilled labor. In complementarity between these inputs,
an increase in the local supply of green-skilled labor induces firms to adopt more green tech-
nologies, thereby improving environmental quality. In addition, we show that this effect is
stronger in more labor-intensive sectors. Guided by these theoretical insights, we perform
an empirical analysis based on a novel measure of green higher education, constructed using
administrative data on more than 90,000 university course descriptions in Italy. We build an
indicator of the green content of academic programs using natural language processing tech-
niques and aggregate it at the provincial level to proxy the supply of green-skilled workers.
Combining this measure with detailed data on environmental quality, proxied by different
types of air emissions, including carbon dioxide (CO2), carbon monoxide (CO), and par-
ticulate matter (PM10 and PM2.5). We find that a higher supply of graduates with more
intensive green skills is associated with significantly lower emissions of key pollutants, in-
cluding CO2, CO, PM10, and PM2.5. This relationship is robust to a wide set of controls and
fixed effects. In line with our model, the association is stronger for service-related emissions
than for industrial sources. In general, these findings highlight the role of higher education
as a key driver of improved environmental quality through the provision of green skills.
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1 Introduction

Climate change poses a major global challenge, with significant consequences for economic

growth, human well-being, and long-term sustainability (Carleton & Hsiang 2016, Kotz et al.

2024). As scientific consensus on the magnitude and urgency of these effects has strengthened,

research has increasingly focused on pathways toward a climate-neutral economy and society

(Gillingham & Stock 2018, Drews et al. 2024). At the same time, there is growing recognition

that progress towards an ecologically sustainable society is based on the active participation

of higher education institutions (Wang et al. 2013). In fact, universities can contribute to the

green transition in different and complementary ways by: (i) providing graduates with relevant

skills to green production and services (Cattani et al. 2025); (ii) making graduates - and thus

consumers - aware of environmental and climate changes (Sassen & Azizi 2018, Franzen & Vogl

2013, Smith & Mayer 2018), and, more generally, (iii) acting as “shapers of the values of soci-

ety” (Godemann et al. 2014, p. 218), i.e., sharing scientific evidence on climate change with the

broader audience through both academic and non-academic channels.

Despite the potential relevance of these distinct channels, the literature so far has largely

confined the role of universities to the internal implementation of specific sustainability practices.

Leal Filho et al. (2018), for example, analyze how universities can reduce the negative impacts of

their activities on the economy, society, and the environment through the adoption of novel or-

ganizational practices. Similarly, Fissi et al. (2021) analyze how a “green university” implements

sustainability in all its activities, from institutional framework, campus operations and teaching

activities to research, community participation, accountability and reporting. Although these

studies provide valuable information, they largely abstract from the broader economic effects of

higher education on the complex set of initiatives that firms and individuals must take on to

foster the green transition.

This paper contributes to filling this gap by investigating the effect of green higher education

on environmental quality in Italian provinces (NUTS-3 regions). Specifically, we develop a simple

conceptual framework in which environmental quality arises from firm decisions along two key

margins: the adoption of green production technologies and the employment of green skilled

labour. Under the plausible assumption that some degree of complementarity exists between
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these two inputs, the model predicts the existence of an equilibrium in which an increase in

the local supply of green-skilled labor induces firms to use more green process technologies,

thus reducing their polluting emissions. Moreover, the model shows that the magnitude of this

reduction is heterogeneous across sectors and is larger in industries that rely on labor-intensive

production technologies, compared to more capital-intensive ones. This heterogeneity provides a

natural link between the supply of green-skilled labour and environmental quality at the sectoral

and local level, which guide the empirical analysis that follows.

To test the model predictions, we rely on data from two main sources. First, to map the

supply of green-skilled workers, we use a novel measure of higher education focused on envi-

ronmental sustainability, capturing the local availability of graduates trained in programs with

substantial green-related content (see Barbieri et al. 2026). The indicator builds on the analysis

of more than 90,000 course descriptions from the Scheda Unica Annuale (SUA), an administra-

tive document submitted annually by all academic programs to the Italian Ministry of University

and Research. For this study, we consider all SUA documents produced between 2001 and 2022.

The indicator measures the green content of each program based on similarity scores between

SUA texts and the set of green skills defined in the European Skills, Competences, Qualifica-

tions and Occupations (ESCO) classification. We then construct a course-level index of green

content, which is aggregated at the provincial level and weighted by the number of graduates.

The resulting measure captures the average stock of green skills embodied in graduates at the

provincial level on an annual basis.

Second, environmental quality is proxied by means of different types of air emissions, includ-

ing carbon dioxide (CO2), carbon monoxide (CO), and particulate matter (PM10, and PM2.5).

These data are retrieved from the Italian Institute for Environmental Protection and Research

(ISPRA), which provides detailed provincial-level information on various types of air emissions in

the time period 1990-2019, collected every five years. A key feature of the ISPRA data is the clas-

sification of emissions by source, distinguishing between industrial activities and service-related

productions, such as non-industrial combustion plants, road transports, and waste management.

This distinction allows us to assess how the supply of green-skilled workers is associated with air

emissions across sectors that differ in their reliance on labor input, thus enabling a test of our
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main theoretical channel. Finally, to account for potential confounders, we complement this data

with standard province-level information about socio-demographics and economic fundamentals.

We obtain the following results. When considering the combined air emissions of all sources,

we find a negative and statistically significant correlation between the local supply of green-

educated graduates and the levels of key air pollutants, including CO, PM10 and PM2.5. This

relationship remains robust after controlling for a range of time-varying provincial character-

istics, such as GDP per capita (and its square), population density, and labour productivity,

as well as when accounting for unobserved heterogeneity through region-by-year fixed effects.

When we disaggregate emissions by source, notable heterogeneity emerges. Specifically, the

negative association between green higher education and air emissions is comparatively stronger

for pollutants linked to service-related activities than to those associated with industrial pro-

ductions. This result is consistent with the contribution of the local availability of green skilled

being stronger in those segments of the economy that make more intensive use of labour as

production input. We further assess the robustness of our findings through a range of sensitiv-

ity checks, including the use of alternative weights (e.g., gross value added vs. population) to

construct the environmental quality indicator.

These results are most closely related to two main streams of literature. First, they provide

new evidence about the role of human capital, and more specifically university education, in

fostering economic and social progress. An extended literature has investigated the relationship

between human capital and different measures of economic performance, focusing in particular

on skill formation and economic growth (Moretti 2004a, Gennaioli et al. 2013, 2014, Moretti

2004b, Faggian et al. 2019, Fuster et al. 2019). Within this broad set of contributions, previous

work has explicitly investigated the role of universities, focusing on their effect on urban growth

and trade expansion (Cantoni & Yuchtman 2014), regional long-term employment and wage

levels (Hausman 2022), patenting activity (Aghion et al. 2009, Valero & Van Reenen 2019) and

knowledge spillovers (Kantor & Whalley 2014). More directly related to our work, a variety

of contributions have also documented the existence of a direct link between university-level

scientific education and technological progress (Toivanen & Väänänen 2016, Bianchi & Giorcelli

2020, Akcigit et al. 2025). None of these contributions, however, has investigated the contribu-
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tion of higher education to economic progress explicitly linked to the preservation of the natural

environment. We address this gap by using detailed data that allow us to assess not only the

impact of university education in general, but also the specific contribution of green-related skills

and competencies acquired by graduates.

Second, the paper is broadly related to the literature investigating the social and economic

drivers of the green transition at the regional level. In this literature, a variety of contribu-

tions account for factors related to green innovations and directed technical change (Popp 2012,

Acemoglu et al. 2012, 2014). Using comprehensive patent data, for example, Du et al. (2019)

document that green innovations contribute to reducing greenhouse emissions, especially for

countries with relatively high income. Similar results are obtained by Xu et al. (2021) taking a

local perspective focused on cities at the prefecture-level in China. Costantini et al. (2013) and

Weina et al. (2016), based on province-level Italian data, report a positive association between

green technological change and environmental quality. Our work complements and extends this

body of research by introducing a novel driver of decarbonization that has received limited atten-

tion in the literature, namely green higher education and its role in shaping the supply of green

skills and competencies. Although previous studies have emphasized technological innovation

as a key mechanism for reducing emissions, we argue that the human capital that underpins the

development and diffusion of such technologies is equally important.

The remaining parts of the paper are organized as follows. Section 2 presents the theoretical

framework. Section 3 describes the data and some stylized facts. Section 4 presents the empirical

methodology and discusses the empirical results. Section 5 concludes.

2 Theoretical Framework

2.1 Model Setup

To guide our empirical analysis, we develop a simple model of market production and emission

generation in an economy populated with a representative firm that produces output Y . The

green content of this output depends on the features of the process technology, which we define

as A. The Variable A measures the environmental quality of the technology used in production.
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In particular, we assume that there exist two different process technologies A0 and A1, where

A0 is a dirty/brown technology and A1 is a clean/green technology. According to the definition

of A we have A1 > A0.

We assume that the firm produces a fraction p of output using the technology A1 and a

fraction 1− p using the technology A0. p and 1− p can also be interpreted as the probabilities

of adopting process technologies A1 and A0 respectively. Such fractions/probabilities are not

given, but depend on the skill profile of the firm. In particular, under the assumption that

complementarity exists between worker skills and process technology (e.g., see Rosenberg 1972,

Goldin & Katz 1998, Brynjolfsson & Milgrom 2013)1 we assume that the probability of adopting

a green technology is a function of the amount of green skilled labour hired by the firm. We

characterize this labor as supplied by workers having received a formal higher education on

green-related topics, for instance, through a university degree. More specifically, we assume

that green skilled labour depends on the number of green skilled workers hired (G) and on the

average intensity of green skills of each of these workers (s).

In this context, the idea that p depends on green skilled labour can thus be formalized by

assuming p = p(s,G) with ∂p
∂G = pG(G, s) > 0 and ∂p

∂s = ps(G, s) > 0. We also assume that

marginal effects ofG and s on p are decreasing (i.e. ∂2p
∂G2 = pGG(G, s) < 0and ∂2p

∂s2
= pss(G, s) < 0)

and that ∂2p
∂G∂s = pGs(G, s) > 0. This last assumption formalizes the idea that a new green skilled

worker hired generates an effect on the probability of adopting the green technology which is

higher if the worker has more green skills. We lastly assume that admissible values for G and s

ensures that p ∈ [0, 1].

Given these assumptions, the process technology A can be specified as follows

A = p(G, s)A1 + [1− p(G, s)]A0 (2.1)

1The fact that worker skills and process technology can be complementary is a long-standing argument in the
economics of innovation literature. For instance, Rosenberg (1972) in his seminal contribution highlights that
human skills are a necessary condition to master the use of novel technologies, shaping their diffusion process.
More recently, the extensive literature on skill-biased technological change (for a survey, see Acemoglu 2002,
Aghion 2002, Hornstein et al. 2005) is grounded on the existence of technology-skill complementarity (Violante
2018). Vona et al. (2015) suggests that similar complementarity can characterize also skills and technologies used
in the green transition.
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To simplify notation, hereafter we refer to the right-hand side of (2.1) as the function A(G, s).

Clearly, the adoption of the process technology does not affect only the content of the firm

output but also the level of emission E. In particular, we assume that E is a decreasing function

of green technology adoption, which implies

E = E(A) (2.2)

with dE
dA = E′(A) < 0.

Finally, as usual, we consider that the firm earns a revenue by selling its output. Such

revenue is obtained by multiplying the quantity of output sold in the market, Y , with its price,

P . The price depends on demand. In particular, we assume that consumers are sensitive to

climate change and environmental issues and that this influences their preferences and purchasing

decisions (Kotchen 2006, Bezin 2019, Minardi et al. 2025). This is formalized by assuming

that consumers are willing to pay an extra-price for production made using green technologies,

meaning that the price P is equal to

P = P0 + cA (2.3)

where P0 is constant basic price, c is a constant and A is the level of green technologies adopted

in production. Without loss of generality, we normalize P0 to 0.

2.2 Market Equilibrium

Given this model setup, the firm hires the optimal level of green skilled workers by solving the

following problem:

max
G

Π(G) = cA(G, s)Y − wGG (2.4)

where wG is wage paid to green skilled labour. In a partial equilibrium framework, we consider

the choice of Y as given and determined by the firm’s production capacity and examine the

optimal choice of G. The average green skill intensity s is given too since it depends on the

intensity of green-related topics in workers higher education. We still compare different cases

where s is higher o lower.
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The first-order condition for problem (2.4) requires:

cAG(G
∗, s)Y = wG (2.5)

where AG(G, s) = dA
dG = pG(G)[A1 − A0] and where G∗ is firm’s optimal choice. Condition

(2.5) simply requires that the marginal revenues obtained from the employment of green skilled

workers is equal to their wage. Since d2Π
dG2 = cpGG(G)[A1−A0]Y < 0, the second-order condition

for maximization is satisfied for every G.

We now characterized the market equilibrium. Equation (2.5) describes the demand function

of green skilled workers for different possible wages wG, labeled as GD in Figure 1. Given (2.5), it

can be shown that this demand is decreasing in wG. With respect to the supply curve, we assume

that it depends on the willingness of green skilled workers to work at a given wage. Assuming

standard preferences over work and leisure and different reservation wages for different workers,

the supply of green skilled workers is increasing in the level of wage wG. In particular, given

the availability of green skilled workers trained by the education system, this supply function

can be represented by the curve GS in Figure 1. All this implies that equilibrium in the market

of green skilled work is represented by point E0. In this equilibrium the level of green skilled

workers employed is G0.

Given this framework we can now study the effects of different levels of average green skills

intensity of green skilled workers. Starting from the equilibrium represented by point E0, let’s

assume that the average green skill intensity s increases. By applying Implicit Function Theorem

to (2.5) we obtain that
dG∗

ds
= − pGs(G

∗, s)[A1 −A0]

pGG(G∗, s)[A1 −A0]
> 0 (2.6)

Thus the increase in s generates an increase in firm’s demand of green skilled workers.

Graphically, this implies that the demand curve of green skilled workers shifts to the right as

shown by curve G′D in Figure 1. This implies that the market equilibrium moves to point

E1, which is characterized by the higher number G1 of green skilled workers employed. The

economic reason for this conclusion is intuitive: a higher green skill intensity increases firm’s

revenues obtained from a new green skilled worker hired, thus fostering their employment.
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Notice that equilibria E0 and E1 are different with respect to different dimensions. On one

hand, in equilibrium E1, each worker has, on average, more green skills than in equilibrium E0.

On the other hand, in equilibrium E1, the number of green skills workers hired is higher than

in equilibrium E0. These two effects reinforce each others, generating a strong boost in the

environmental quality of firm’s process technology. This means, in particular, that, since in the

equilibrium E1 both s and G are higher than in the the equilibrium E0, (2.1) implies that A is

significantly higher in the equilibrium E1 than in the equilibrium E0. Given, this conclusion,

(2.2) implies in turn that emission are lower in the equilibrium E1 than in the equilibrium E0.

This is formally stated in the following proposition:

Proposition 1. A higher average green skills intensity reduces emissions from firm production.

Lastly, the analysis above does not explicitly describe the mechanism by which the green

skilled labour influences the probability that goods are produced by means of a green technol-

ogy. However, a plausible assumption on this mechanism could be that the effect of green skilled

workers acts interacting with the whole stock of workers employed in production. Previous em-

pirical work has indeed documented the importance of knowledge spillovers occurring among

co-workers in fostering firm performance and technology adoption (e.g., Stoyanov & Zubanov

2012). This mechanism would imply that the overall effect of green skill intensity on green tech-

nology adoption and ultimately environmental quality should be higher when labour intensity

is higher, i.e., when green skilled workers have higher chances to transfer their competences to

other employees who are not formally trained on green-related topics.

Assuming that good Y is produced by means of a Cobb-Douglas production function (Y =

LβK1−β), labour intensity is simply measured by parameter β. The assumption that the proba-

bility of adopting a green technology depends on this labour intensity can thus be formalized by

simply replacing p(G, s) with βp(G, s) keeping invariant all the assumptions introduced before

Equation (2.1).

It is easy to see that, under this assumption

dA

dsdβ
= [ps(G

∗, s) + pG(G
∗, s)

dG∗

ds
][A1 −A0] > 0 (2.7)

9



which, given (2.2), implies in turn the following further conclusion:

Proposition 2. The effect on emissions of an increment in average green skills intensity is

increasing in labour intensity, i.e., it is higher in more labour-intensive sectors.

3 Data and Descriptives

3.1 Air Emissions

To test the predictions of the model, we rely on distinct administrative sources. Environmen-

tal quality is proxied using information about different types of air emissions, including carbon

dioxide (CO2), a global pollutant responsible for climate change, and three local air pollutants:

carbon monoxide (CO) and particulate matter (PM10, and PM2.5). PM10, and PM2.5 corre-

spond to airborne particles with aerodynamic diameters of 10 and 2.5 micrometers, respectively,

which are associated with potentially severe adverse health effects when inhaled. These data are

retrieved from the National Emission Inventory provided by the Italian Institute for Environmen-

tal Protection and Research (ISPRA) and cover 107 Italian provinces for the years 1990, 1995,

2000, 2005, 2010, 2015 and 2019.2 Most importantly for our purposes, air emissions are reported

using the Selected Nomenclature for Air Pollution (SNAP) classification system, which groups

emission sources according to the main anthropogenic and natural activities that contribute to

climate change and air pollution. In particular, ISPRA reports air emission based on eleven

potential sources: combustion in industry and energy plants (01), non-industrial combustion

plants (02); production processes (combustion in the manufacturing industry and contactless

combustion, 03 and 04); extraction and distribution of fossil fuels and geothermal energy (05);

use of solvents and other products (06); road transports (07); other mobile sources and mobile

machinery (e.g., off-road transport, 08); waste treatment and landfills (09); farming and live-

stock activities (10); other emissions and absorption (11). This feature of the data enables us

to differentiate environmental quality based on characteristics of the production process that

2ISPRA computes these environmental data using ’top-down approach’, which consists of the spatial dis-
aggregation of national-level emission inventories (calculated using internationally agreed methodologies) to
provincial-level data (see, ISPRA 2009, 2022). Original data can be downloaded at: https://emissioni.sina.

isprambiente.it/inventari-locali/.
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originated the emission.

Based on these data, we compute two main types of environmental quality metrics at the

province-year level. In our baseline analysis, we consider a broad measure based on total CO,

CO2, PM10, and PM2.5 emissions originated from any potential sources. This metric captures

the overall pollution within the province and is used to test Proposition 1. Second, in the hetero-

geneity analysis, we distinguish emissions by source, considering four macro-sectors: industry,

services, agriculture, and other sources.3 This disaggregation allows us to proxy pollution emis-

sions linked to economic activities characterized by different intensities in the use of labour

inputs, for instance, with higher in services than in industry, thus allowing a test of Proposition

2. To account for differences in the scale of local economies, all emission metrics are normalized

by the province-level gross value added (GVA; data source: Eurostat), so that they can be inter-

preted as emission intensities. In a robustness check, we also consider province-level population

as normalizing factor.

3.2 Green Skills

To measure the supply of green-skilled labour, we rely on the indicator of green skill supply

developed by Barbieri et al. (2026). The indicator builds on information from the Scheda Unica

Annuale (SUA), a compulsory document that all Italian universities must submit annually

to the Ministry of Universities and Research for each degree programme. The SUA provides

a harmonised overview of learning objectives, curricular structures, available resources, and

student services, and is used for both accreditation and quality assurance, as well as a public

information source. For this study, we use all SUA files produced between 2001 and 2022,

covering more than 90,000 documents, and merge them with official administrative records on

first-year enrolments, ensuring very high coverage of accredited programmes in Italy.

To capture the skill dimension, the indicator draws on the ESCO (European Skills, Compe-

tences and Occupations) dictionary, which contains nearly 14,000 Italian-language skill entries,

3More precisely, following Germani et al. (2014), we consider industrial-related emissions as those associated
with SNAP 01, 03, and 04. Service-related emissions include SNAP 02, 07 and 09. Agricultural emissions are
those classified under SNAP 10, while other emissions include SNAP 05, 06, and 08. Emissions from SNAP 11 are
excluded, as they originate from natural processes (e.g. volcanic activity or natural gas seepage) and are therefore
not related to education or labor market dynamics.
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each accompanied by a structured textual description. Within ESCO, a subset of skills is explic-

itly classified as “green”, based on a multi-step operationalisation of the definition proposed by

Cedefop (2012), which describes green skills as “the knowledge, abilities, values and attitudes

needed to live in, develop and support a society which reduces the impact of human activity on

the environment”. This feature of the ESCO taxonomy enables the mapping of green skills into

university teaching programmes.

Following Barbieri et al. (2026), SUA texts are segmented into short, overlapping windows

and their semantic proximity to ESCO skill descriptions is computed using advanced natural

language processing techniques. This approach yields a high-dimensional representation of each

programme’s skill portfolio, enabling systematic comparisons across universities and over time.

The resulting matrix of skill provision is then used to assign a green score to each programme-

year, defined as the average similarity to the ESCO-defined set of green skills. We aggregate

these programme-level scores at the provincial level over five-year windows—the temporal units

of analysis in this study—and weight them by the number of graduating students in each pro-

gramme. The resulting measure captures the average green skill intensity of the representative

graduate in each province and period, providing a proxy for parameter s in our model.

3.3 Additional Variables

To account for potential time-varying confounders that correlate with both air emissions and the

supply of green skill labour, we include in our analysis a rich set of control variables. In particular,

we consider: gross domestic product (GDP) at current market prices (e per inhabitant) and its

squared, unemployment rate, population density, social capital and labor productivity. These

variables, measured at the NUTS-3 region-level, capture the main socio-economic fundamentals

of the local economy.

Specifically, GDP and the unemployment rate capture the level of economic development

of each province. This level varies substantially across the twenty Italian provinces, as a result

of the well-known and persistent regional divides that characterize the Italian economy. These

data are retrieved from Sisreg, Eurostat and ISTAT, respectively. With regard to GDP, the

empirical literature shows that in the early stages of development, environmental quality de-
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teriorates rapidly. This occurs when per capita income is low and the economy is undergoing

industrialization. In higher stages of development, this trend reverses and more efforts are made

to improve environmental quality (Dinda 2004). To captures these non-nonlinearities, we in-

clude both GDP and its squared term as regressors. For what concerns unemployment, more

developed areas are also characterized by lower unemployment rates as a result of higher labour

demand. These areas tend to show a stronger propensity to engage in environmentally friendly

behaviors (Lo & Chow 2015), which may include investments in the diffusion of green skills,

through either public education (e.g., via the opening of ad-hoc university programs) or private

training. Consistent with this reasoning, the relationship between the unemployment rate and

emissions is complex. Lower emissions are associated with higher unemployment only when the

diffusion of green skills is accompanied by an overall improvement in employment.

Population density is provided by the Eurostat database and is measured as the midyear pop-

ulation divided by land area in square kilometers. The relationship between population density

and emissions is ambiguous. Higher density can be associated with lower per capita emissions

if more efficient infrastructures help contain environmental negative externalities. However,

densely populated areas may also experience higher overall emissions (or higher transport-related

emissions), especially if urban development is poorly planned (Liu et al. 2017). In all cases, pop-

ulation density can also be correlated with decisions related to the design of university education

programmes, including the provision of green skills. These aspects motivate the inclusion of this

variable among the controls.

Finally, we include among the set of control variables measures of social capital and labour

productivity. The former is proxied by means of the number of employees in cooperative enter-

prises as a percentage of total employment at the provincial level, and it sourced from Istat’s

Database of Territorial Indicators for Development Policy4. The rationale behind the inclusion

of such variable is that air emissions are also the result of individual behaviours that go beyod

standard production activities, such as hoursehold decisions related to the use of energy sources

and transport systems. Previous studies show that prosocial individuals, such as those who

exhibit altruistic and trust-based preferences, are more likely to engage in pro-environmental

4See, Banca dati territoriale per le politiche di sviluppo - Istat. [last time accessed 24 April 2026]
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behaviors, thus contributing to improve environmental quality (Agneman et al. 2024, Andre

et al. 2024, Shabani & Tsvetkov 2025). At the same time, prosocial attitudes can also be corre-

lated with education and training activities (Falk et al. 2018), thus potentially biasing the effect

of green education occurring through firm production decisions. By including a proxy of social

capital among the regressors we can partially control for these confounding effects. For what

concerns labor productivity, we include a measure based on the ratio between real GDP and the

number of hours worked at the province level, sourced from ARDECO Eurostat. This variable

is a proxy of production efficiency, which can be correlated with both environmental quality and

green technology adoption.

Since emission data are collected at five-year intervals, for each province, we compute the

average of the co-variates by considering the following time spans: 1991–1995, 1996–2000,

2001–2005, 2006–2010, 2011–2015, and 2016–2019.

3.4 Stylized facts

Table 1 presents summary statistics for the main variables used in the analysis. Figures 2–6

report the spatial distribution of air emissions and the green-skill intensity of graduates across

Italian provinces in 2005 and 2019. Overall, we notice substantial spatial heterogeneity across all

the dimensions considered. In dynamic terms, all provinces register a reduction of air pollutants,

irrespective of the typical North–South divide that usually characterizes Italian socio-economic

outcomes. At the same time, the intensity of green skills among graduates increases nearly

everywhere, suggesting a growing commitment of the Italian university system toward the in-

troduction of degree courses fostering green competences. Taken together, these maps suggest a

negative association between the local supply of green skills and air emissions. This pattern is

consistent with the linear fits reported in Figure 7, where the relationship is shown separately

by the different types of emissions considered (CO2, CO, PM10 and PM2.5) as well as their

emission source (total, industrial, services, agricultural, and other sources). In most cases, the

correlation between our focus variables tends to be negative. Although purely descriptive, these

results provide some preliminary evidence in support of the model predictions. Their rigorous

assessment, however, requires a multivariate analysis, to which we now turn.
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4 Empirical framework

4.1 Baseline estimates

We estimate the following baseline empirical specification:

Yit = β1si,t−1 + β2X
′
i,t + δr,t + uit (4.1)

where Yit denotes the (standardized by gross value added) level of air emissions in province i and

year t, si,t−1 is the mean green-skill intensity of graduates in province i the previous year, Xi,t is

a vector of province-level time-varying control variables (see above), δr,t is a set of region-by-year

fixed effects, and ui,t is an error term. Importantly, the inclusion of δr,t absorbs all time-varying

unobserved factors common to provinces within the same region in a given year, which may

include regional business-cycle conditions, policy changes, and other region-specific shocks. All

the variables are standardized, so that estimated coefficients can be interpreted as the effect of

one standard deviation increase in the regressor on the standardized outcome.

Table 2 presents the results of estimating equation (4.1) through a set of linear regression

models. Each pair of columns refers to a specific type of air emissions, with the first column

controlling only for region-by-year fixed effects and the second column adding the full set of time-

varying controls. Across most specifications, the green-skill intensity of graduates s is negatively

correlated with emissions. In particular, one standard deviation increase in s is associated with a

reduction of 0.02 standard deviation in PM10 (columns 5–6) and PM2.5 (columns 7–8) emissions.

For CO and CO2 emissions, the evidence is comparatively weaker: although the estimated

coefficients remain negative, they are small in magnitude and not statistically significant, except

for CO, but only when a relatively parsimonious specification of the model is considered (see,

column 3).

Overall, these results are broadly consistent with the descriptive evidence discussed above,

pointing to a negative association between the intensity of green skills among graduates at the

provincial level and air emissions. While this relationship does not emerge uniformly across all

pollutants, it aligns with the predictions of Proposition 1 in our theoretical framework. Ob-

viously, multiple mechanisms may underlie this association, and our empirical analysis does
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not directly disentangle them. Our theoretical model suggests that a key channel operates

through complementarities between the green skills of workers and the adoption of environ-

mentally friendly technologies at the firm level. In particular, one prediction of our model is

that this mechanism should to be stronger in sectors characterized by higher labor intensity,

where knowledge spillovers among co-workers are more likely to arise. In the next section, we

investigate this mechanism more directly by conducting a heterogeneity analysis that examines

how the relationship between green skill provision and air emissions varies across sectors with

different intensities in the use of labour input.

4.2 Heterogeneity Analysis

Tables 3 to 6 report the results of linear regression models that replicate the baseline spec-

ification while distinguishing emissions by macro-sector of origin. Our guiding hypothesis is

that, among the four sectors considered, services are characterized by the highest labor inten-

sity, particularly relative to industry and agriculture, which rely more heavily on mechanized

production processes. The results are broadly consistent with our theoretical predictions. For

industry (Table 3) and agriculture (Table 5), the estimated coefficients on green-skill intensity

are generally negative, but small in magnitude and not statistically significant. In contrast, for

services (Table 4), the coefficients are negative and statistically significant across specifications.

Quantitatively, a one standard deviation increase in green-skill intensity is associated with a

reduction in service-related emissions ranging from 0.01 to 0.03, depending on the pollutant

considered. For emissions originating from other sources, the evidence is more mixed: green-

skill intensity is negatively associated with PM10 and PM2.5 emissions, but shows no significant

relationship with CO and CO2.

4.3 Robustness checks

In our baseline estimates, we normalize air pollutant emissions by province-level gross value

added (GVA). While this choice allows for an interpretation in terms of pollution intensity, it also

presents some limitations. First, emissions per unit of GVA capture the environmental efficiency

of production, but may reflect differences in the scale and structure of local economic activity.
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In particular, provinces with higher GVA, especially those characterized by more productive or

capital-intensive sectors, may display lower emission intensities even when total emissions remain

high. Second, although GVA is correlated with population size, emissions normalized by GVA

provide only an indirect proxy for human exposure to pollution and associated environmental

externalities, thereby limiting the interpretation of results in terms of social and health impacts.

Finally, GVA may itself be influenced by factors correlated with the supply of green skills,

such as innovation, productivity, or structural transformation. This raises the concern that

the dependent variable may be mechanically linked to economic outcomes that are themselves

affected by our main explanatory variable.

To address these limitations, we perform a set of robustness checks in which we replicate the

baseline analysis using an alternative normalization of emissions by province-level population

rather than GVA. The results for total emissions are reported in Table A1 in the Appendix.

Consistent with the baseline findings, we observe a negative association between the green-

skill intensity of graduates and air emissions for most pollutants (with the exception of CO2).

When disaggregating the analysis by macro-sector (see Tables A2 to A5 in the Appendix),

the results largely confirm the previous evidence. In particular, the estimated coefficients for

emissions originating from industrial and agricultural activities remain small and statistically

insignificant, whereas for service-related emissions they are negative and statistically significant

for at least some pollutants. Overall, these findings suggest that our main results are robust to

alternative normalization strategies and are not driven by the specific choice of scaling emissions

by economic activity rather than population.

5 Conclusions

This paper investigates the relationship between green higher education and environmental qual-

ity. We argue that, in the presence of complementarities between worker skills and technology

adoption, a greater supply of green-skilled labour may induce firms to adopt cleaner technologies,

thereby improving environmental quality. We test this mechanism using provincial-level data

for Italy over the period 2005–2019. To measure the supply of green-skilled labour, we adopt a

novel indicator based on the semantic similarity between university degree program descriptions
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and a dictionary of green competences derived from ESCO. Environmental quality is proxied by

means of various types of air emissions (CO2, CO, PM10, and PM2.5).

Our results show that provinces with a higher supply of green-educated graduates tend to

exhibit lower levels of air emissions, especially for particulate matter (PM10 and PM2.5) and

carbon monoxide (CO). This negative association is robust to the inclusion of a rich set of time-

varying provincial controls, as well as to the introduction of region-by-year fixed effects. When

we distinguish emissions by source, we find that the negative relationship between green higher

education and pollution is stronger for emissions generated by service-related activities than

for those originating from industrial and agricultural sectors. This pattern is consistent with

our theoretical framework, which predicts that the impact of green skills is amplified in more

labor-intensive sectors, where complementarities between worker competences and production

processes, and the resulting knowledge spillovers, are more likely to arise.

Taken together, these findings highlight the role of higher education as a key driver of the

green transition, not only through technological innovation but also through the provision of

skills that facilitate the adoption and diffusion of environmentally friendly practices. From a pol-

icy perspective, our results suggest that expanding and strengthening green-oriented curricula

in higher education can yield environmental benefits that extend beyond the education sector.

In particular, policies aimed at fostering the diffusion of green competences through curriculum

design, targeted funding, or incentives for interdisciplinary programmes may contribute to im-

proving environmental quality, especially in sectors where human capital plays a central role in

production processes.

This work is not free of limitations, which point to promising avenues for future research.

First, while our empirical strategy documents robust correlations, establishing a causal rela-

tionship between green higher education and environmental outcomes remains an important

challenge. Future work could exploit exogenous variation in the supply of green education to

identify causal effects more precisely. Second, our measure of green skills captures the intensity

of green content in educational programs, but does not directly observe how these skills are ap-

plied within firms. Linking education data with firm-level information on technology adoption

and organizational practices would provide a deeper understanding of the underlying mecha-
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nisms. Finally, extending the analysis to other countries and institutional settings would help

assess the external validity of our findings and shed light on the role of higher education systems

in shaping the green transition more broadly.
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Agneman, G., Henriks, S., Bäck, H. & Renström, E. (2024), ‘Intergenerational altruism and

climate policy preferences’, PNAS nexus 3(4), pgae105.

Akcigit, U., Pearce, J. & Prato, M. (2025), ‘Tapping into talent: Coupling education and inno-

vation policies for economic growth’, Review of Economic Studies 92(2), 696–736.

Andre, P., Boneva, T., Chopra, F. & Falk, A. (2024), ‘Misperceived social norms and willingness

to act against climate change’, Review of Economics and Statistics pp. 1–46.

Barbieri, N., Casavecchia, P., Landini, F., Lupi, G. R., Marzucchi, A., Pagliarini, G., Rizzo,

U., Rotolo, D. & Sciavicco, G. (2026), Course descriptions and skill supply: An exploration

of green content and uniqueness, Technical report, SEEDS, Sustainability Environmental

Economics and Dynamics Studies.

Bezin, E. (2019), ‘The economics of green consumption, cultural transmission and sustainable

technological change’, Journal of Economic Theory 181, 497–546.

Bianchi, N. & Giorcelli, M. (2020), ‘Scientific education and innovation: from technical diplomas

to university stem degrees’, Journal of the European Economic Association 18(5), 2608–2646.

20



Brynjolfsson, E. & Milgrom, P. (2013), ‘Complementarity in organizations’, The handbook of

organizational economics pp. 11–55.

Cantoni, D. & Yuchtman, N. (2014), ‘Medieval universities, legal institutions, and the commer-

cial revolution’, The Quarterly Journal of Economics 129(2), 823–887.

Carleton, T. A. & Hsiang, S. M. (2016), ‘Social and economic impacts of climate’, Science

353(6304), aad9837.

Cattani, L., Manitiu, D. N. & Pedrini, G. (2025), ‘Green degrees, unequal futures? how sustain-

ability in higher education curricula impacts graduate outcomes in italian regions’, Studies in

Higher Education 50(5), 1005–1037.

Cedefop (2012), ‘Green skills and environmental awareness in vocational education and training:

Synthesis report’.

Costantini, V., Mazzanti, M. & Montini, A. (2013), ‘Environmental performance, innovation

and spillovers. evidence from a regional namea’, Ecological Economics 89, 101–114.

Dinda, S. (2004), ‘Environmental kuznets curve hypothesis: a survey’, Ecological economics

49(4), 431–455.

Drews, S., Savin, I. & van den Bergh, J. (2024), ‘A global survey of scientific consensus and

controversy on instruments of climate policy’, Ecological Economics 218, 108098.

Du, K., Li, P. & Yan, Z. (2019), ‘Do green technology innovations contribute to carbon dioxide

emission reduction? empirical evidence from patent data’, Technological Forecasting and Social

Change 146, 297–303.

Faggian, A., Modrego, F. & McCann, P. (2019), Human capital and regional development, in

R. Capello & P. Nijkamp, eds, ‘Handbook of Regional Growth and Development Theories’,

Cheltenham: Edward Elgar, pp. 149–171.

Falk, A., Becker, A., Dohmen, T., Enke, B., Huffman, D. & Sunde, U. (2018), ‘Global evidence

on economic preferences’, The quarterly journal of economics 133(4), 1645–1692.

21



Fissi, S., Romolini, A., Gori, E. & Contri, M. (2021), ‘The path toward a sustainable green

university: The case of the university of florence’, Journal of Cleaner Production 279, 123655.

Franzen, A. & Vogl, D. (2013), ‘Two decades of measuring environmental attitudes: A compar-

ative analysis of 33 countries’, Global Environmental Change 23(5), 1001–1008.

Fuster, E., Padilla-Meléndez, A., Lockett, N. & del Águila-Obra, A. R. (2019), ‘The emerging
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Figures and Tables

Figure 1: The effect of an increase in the supply of green skilled labour.

26



Figure 2: CO2 total emissions in 2005 and 2019

Notes: Provincial-level emissions are weighted by GVA. Legend breakpoints are the 20th, 40th, 60th, and 80th percentiles
of the pooled 2005–2019 distribution.

Figure 3: CO total emissions in 2005 and 2019

Notes: Provincial-level emissions are weighted by GVA. Legend breakpoints are the 20th, 40th, 60th, and 80th percentiles
of the pooled 2005–2019 distribution.
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Figure 4: PM10 total emissions in 2005 and 2019

Notes: Provincial-level emissions are weighted by GVA. Legend breakpoints are the 20th, 40th, 60th, and 80th percentiles
of the pooled 2005–2019 distribution.

Figure 5: PM2.5 total emissions in 2005 and 2019

Notes: Provincial-level emissions are weighted by GVA. Legend breakpoints are the 20th, 40th, 60th, and 80th percentiles
of the pooled 2005–2019 distribution.

28



Figure 6: Green skills in 2005 and 2019.

Notes: Legend breakpoints are the 20th, 40th, 60th, and 80th percentiles of the pooled 2005–2019 distribution.
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Figure 7: Linear fit of emissions on green skills by broad categories: aggregated, industrial-related,
service-related emissions

Notes: Emissions are weighted by GVA.
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Table 1: Variables description and summary statistics

Mean SD Min Max N

Green skills 0.36 0.90 0.00 15.46 428
Per capita GDP 23757.72 7087.02 2780.00 54575.00 535
Gross value added (million) 14255.28 20581.72 1512.55 155763.45 428
Population density 254.00 348.25 0.00 2635.72 428
Population (thousand) 553.24 586.38 84.78 4255.48 428
Labour productivity per hour worked 36.57 4.91 26.49 52.29 428
Unemployment rate 8.39 5.85 0.00 32.40 428
Social capital 4.27 1.76 0.00 12.68 428
CO2/GVA (total activities) 349.43 379.39 0.00 3379.12 428
CO/GVA (total activities) 2.49 2.27 0.00 32.43 428
PM10/GVA (total activities) 0.19 0.10 0.00 0.67 428
PM2.5/GVA (total activities) 0.15 0.09 0.00 0.49 428
CO2/GVA (industrial activities) 202.64 371.70 0.00 3192.29 428
CO/GVA (industrial activities) 0.31 1.97 0.00 30.15 428
PM10/GVA (industrial activities) 0.03 0.04 0.00 0.53 428
PM2.5/GVA (industrial activities) 0.02 0.03 0.00 0.38 428
CO2/GVA (service activities) 129.63 32.69 0.00 269.97 428
CO/GVA (service activities) 1.98 1.06 0.00 6.25 428
PM10/GVA (service activities) 0.12 0.08 0.00 0.43 428
PM2.5/GVA (service activities) 0.12 0.08 0.00 0.42 428
CO2/GVA (other activities) 16.79 14.38 0.00 162.81 428
CO/GVA (other activities) 0.18 0.23 0.00 1.71 428
PM10/GVA (other activities) 0.01 0.01 0.00 0.07 428
PM2.5/GVA (other activities) 0.01 0.01 0.00 0.06 428
CO2/GVA (agricultural activities) 0.37 0.51 0.00 2.67 428
CO/GVA (agricultural activities) 0.02 0.04 0.00 0.41 428
PM10/GVA (agricultural activities) 0.02 0.02 0.00 0.17 428
PM2.5/GVA (agricultural activities) 0.01 0.01 0.00 0.08 428

31



Table 2: Effect of green skills on air pollutant emissions from aggregated activities

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) -0.0089 -0.0140 -0.0125** -0.0059 -0.0205*** -0.0269** -0.0225*** -0.0274**
(0.0074) (0.0122) (0.0055) (0.0086) (0.0075) (0.0118) (0.0076) (0.0115)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.9464 0.9496 0.9393 0.9406 0.9750 0.9781 0.9799 0.9822
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and its square;
’Population-related’ controls include population density; ’Labor market’ controls include productivity per hour worked
and the unemployment rate; and ’Social capital’ controls include a proxy for regional social capital. Robust standard
errors, clustered at the province level, are reported in parentheses. Dependent variables are normalized by gross value
added. Both the dependent and explanatory variables are standardized. The explanatory variable is lagged by one
period. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table 3: Effect of green skills on air pollutant emissions from industrial activities

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) -0.0094 -0.0116 -0.0031 0.0112 -0.0189* -0.0075 -0.0181* -0.0047
(0.0072) (0.0127) (0.0040) (0.0135) (0.0101) (0.0215) (0.0101) (0.0224)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.9445 0.9477 0.9079 0.9090 0.8868 0.8936 0.8786 0.8850
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and
its square; ’Population-related’ controls include population density; ’Labor market’ controls include productivity
per hour worked and the unemployment rate; and ’Social capital’ controls include a proxy for regional social
capital. Robust standard errors, clustered at the provicial level, are reported in parentheses. Dependent variables
are normalized by gross value added. Both the dependent and explanatory variables are standardized. The
explanatory variable is lagged by one period. *, **, and *** indicate statistical significance at the 10%, 5%, and
1% levels, respectively.
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Table 4: Effect of green skills on air pollutant emissions from service activities

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) -0.0070 -0.0348** -0.0186*** -0.0292** -0.0146*** -0.0244* -0.0150*** -0.0245*
(0.0116) (0.0164) (0.0049) (0.0138) (0.0045) (0.0137) (0.0046) (0.0137)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.9477 0.9531 0.9870 0.9882 0.9869 0.9880 0.9868 0.9880
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and its square;
’Population-related’ controls include population density; ’Labor market’ controls include productivity per hour worked and
the unemployment rate; and ’Social capital’ controls include a proxy for regional social capital. Robust standard errors,
clustered at the provincial level, are reported in parentheses. Dependent variables are normalized by gross value added.
Both the dependent and explanatory variables are standardized. The explanatory variable is lagged by one period. *, **,
and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table 5: Effect of green skills on air pollutant emissions from agricultural activities

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) 0.0262* -0.0008 -0.0007 0.0004 0.0057 -0.0078 0.0031 0.0003
(0.0150) (0.0218) (0.0021) (0.0037) (0.0044) (0.0124) (0.0035) (0.0063)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.8861 0.8889 0.9980 0.9980 0.9808 0.9824 0.9939 0.9941
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and
its square; ’Population-related’ controls include population density; ’Labor market’ controls include productivity
per hour worked and the unemployment rate; and ’Social capital’ controls include a proxy for regional social
capital. Robust standard errors, clustered at the regional level, are reported in parentheses. Dependent variables
are normalized by gross value added. Both the dependent and explanatory variables are standardized. The
explanatory variable is lagged by one period. *, **, and *** indicate statistical significance at the 10%, 5%, and
1% levels, respectively.

35



Table 6: Effect of green skills on air pollutant emissions from other activities

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) 0.0215 0.0093 -0.0110 -0.0192 -0.0273* -0.0342** -0.0296* -0.0378**
(0.0186) (0.0108) (0.0092) (0.0122) (0.0145) (0.0145) (0.0158) (0.0162)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.9426 0.9442 0.9347 0.9391 0.9510 0.9537 0.9527 0.9553
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and its
square; ’Population-related’ controls include population density; ’Labor market’ controls include productivity per
hour worked and the unemployment rate; and ’Social capital’ controls include a proxy for regional social capital.
Robust standard errors, clustered at the regional level, are reported in parentheses. Dependent variables are
normalized by gross value added. Both the dependent and explanatory variables are standardized. The explanatory
variable is lagged by one period. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.
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Appendix A

Table A1: Effect of green skills on air pollutant emissions from aggregated activities (weighted by pop-
ulation)

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) -0.0041 -0.0132 -0.0119** -0.0093 -0.0199** -0.0285** -0.0227*** -0.0297**
(0.0087) (0.0111) (0.0059) (0.0092) (0.0079) (0.0140) (0.0080) (0.0141)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.9368 0.9396 0.9268 0.9291 0.9703 0.9738 0.9750 0.9779
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and its square;
’Population-related’ controls include population density; ’Labor market’ controls include productivity per hour worked
and the unemployment rate; and ’Social capital’ controls include a proxy for regional social capital. Robust standard
errors, clustered at the regional level, are reported in parentheses. Dependent variables are normalized by population.
Both the dependent and explanatory variables are standardized. The explanatory variable is lagged by one period. *,
**, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table A2: Effect of green skills on air pollutant emissions from industrial activities (weighted by popu-
lation)

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) -0.0083 -0.0125 -0.0039 0.0072 -0.0213* -0.0145 -0.0206* -0.0130
(0.0080) (0.0117) (0.0047) (0.0124) (0.0116) (0.0195) (0.0121) (0.0200)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.9346 0.9375 0.8962 0.8976 0.8817 0.8907 0.8756 0.8843
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and
its square; ’Population-related’ controls include population density; ’Labor market’ controls include productivity
per hour worked and the unemployment rate; and ’Social capital’ controls include a proxy for regional social
capital. Robust standard errors, clustered at the regional level, are reported in parentheses. Dependent variables
are normalized by population. Both the dependent and explanatory variables are standardized. The explanatory
variable is lagged by one period. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.
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Table A3: Effect of green skills on air pollutant emissions from service activities (weighted by population)

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) 0.0143 -0.0121 -0.0143*** -0.0262* -0.0136*** -0.0235 -0.0144*** -0.0238
(0.0094) (0.0100) (0.0047) (0.0150) (0.0048) (0.0152) (0.0049) (0.0152)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.9805 0.9822 0.9835 0.9851 0.9833 0.9848 0.9833 0.9847
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and its square;
’Population-related’ controls include population density; ’Labor market’ controls include productivity per hour worked
and the unemployment rate; and ’Social capital’ controls include a proxy for regional social capital. Robust standard
errors, clustered at the regional level, are reported in parentheses. Dependent variables are normalized by population.
Both the dependent and explanatory variables are standardized. The explanatory variable is lagged by one period. *,
**, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table A4: Effect of green skills on air pollutant emissions from agricultural activities (weighted by pop-
ulation)

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) 0.0270* 0.0002 -0.0010 -0.0011 0.0068 -0.0041 0.0040 0.0012
(0.0147) (0.0215) (0.0015) (0.0027) (0.0041) (0.0091) (0.0033) (0.0056)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.8915 0.8936 0.9988 0.9988 0.9837 0.9846 0.9944 0.9946
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and
its square; ’Population-related’ controls include population density; ’Labor market’ controls include productivity
per hour worked and the unemployment rate; and ’Social capital’ controls include a proxy for regional social
capital. Robust standard errors, clustered at the regional level, are reported in parentheses. Dependent variables
are normalized by population. Both the dependent and explanatory variables are standardized. The explanatory
variable is lagged by one period. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.
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Table A5: Effect of green skills on air pollutant emissions from other activities (weighted by population)

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

CO2 CO2 CO CO PM10 PM10 PM2.5 PM2.5

Green-skill intensity (s) 0.0290 0.0174 -0.0110 -0.0196* -0.0233* -0.0316** -0.0251* -0.0339**
(0.0185) (0.0117) (0.0095) (0.0115) (0.0135) (0.0132) (0.0144) (0.0143)

Controls
Economy-wide No Yes No Yes No Yes No Yes
Population-related No Yes No Yes No Yes No Yes
Labor market No Yes No Yes No Yes No Yes
Social capital No Yes No Yes No Yes No Yes
Region × year FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 318 318 318 318 318 318 318 318
R-squared 0.9435 0.9448 0.9369 0.9419 0.9537 0.9566 0.9546 0.9576
N. of clust 106 106 106 106 106 106 106 106

Notes: Control variables included across specifications: ’Economy-wide’ controls include per capita GDP and
its square; ’Population-related’ controls include population density; ’Labor market’ controls include productivity
per hour worked and the unemployment rate; and ’Social capital’ controls include a proxy for regional social
capital. Robust standard errors, clustered at the regional level, are reported in parentheses. Dependent variables
are normalized by population. Both the dependent and explanatory variables are standardized. The explanatory
variable is lagged by one period. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.
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