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Modeling Green Knowledge Production and Environmental Policies with
Semiparametric Panel Data Regression models

Abstract

Innovation is a primary engine of sustainable growth. This paper provides a new semiparametric econometric policy
evaluation framework and estimates a green knowledge production function for a large, 30-year panel dataset of high-
income countries. Because of the high degree of uncertainty surrounding the data-generating process and the likely
presence of nonlinearities and latent common factors, the paper considers semiparametric panel specifications that extend
interactive fixed effects fully parametric models such as the multifactor error model and the random trend model. It also
adopts a recently proposed information criterion for smooth model selection to compare these semiparametric models and
their parametric counterparts. The results indicate that (1) the semiparametric additive specification with individual time
trends is the preferred model, (2) threshold effects and nonlinearities are relevant features of the data that are obscured in
parametric specifications, and (3) the effect of environmental policy is significant and clearly heterogeneous when
modeled as a nonparametric function of certain knowledge inputs. The evidence shows a relevant nonlinear policy
inducement effect occurring through R&D investments.

Keywords: green knowledge generation, environmental policy, heterogeneous policy effect, large panels, interactive fixed
effects, spline functions, model selection.

JEL: C14, C23, C52, O3.



1. Introduction

Economic and environmental sustainability is largely driven by technological and policy patterns (EEA, 2020).
The achievement of a decarbonized, resource- and energy-efficient economy strictly depends on the generation
and global diffusion of technological innovations (UNIDO, 2016, 2018). While technological progress has
mostly been incremental over time, in some historical moments, technological improvements have been
revolutionary, transforming the technological and skill structure of economies (EEA, 2014). The major
technological drivers of this age and the past three decades are the intensification of information and
communications technologies, the rise of the Internet of Things, and the development of automation and
robotics. The techno-organizational development of the green economy can be seen as another innovative step
in ‘shifting outward the production possibilities frontier for some generalised aggregate of potential human
wants’ (Griliches, 1990, p.1669), where both smooth changes and discontinuities are present and where
market- and policy-oriented explanations of the innovative process are necessary. Indeed, the green economy
trajectory is characterized as a new sociotechnical paradigm with some incremental patterns and some strong
discontinuities that depend on policy developments since the 1970s-1990s, when milestone conventions were
inaugurated and the first policies were established (e.g., the US Clean Air Acts, the 1987 UN Convention on
Sustainable Development, the 1992 Rio Convention, etc.). Environmental policies, which have increased in
stringency over time (D’Albrizio et al. 2017), have evolved through a different series of steps depending on
the market and political cycle. Environmental policy-induced technological progress (Milliman and Prince,
1989) is referenced in the history of environmental policy and international agreements. Starting with the
Kyoto Protocol milestone, which refers only once to ‘research on, and promotion, development and increased
use of, new and renewable forms of energy, of carbon dioxide sequestration technologies and of advanced and
innovative environmentally sound technologies’, these agreements created expectations of more stringent
targets favoring invention and innovation and, through the Clean Development and Joint Implementation
Flexible Mechanisms, generated a market for international exchanges of technologies and related spillovers
(Johnstone et al. 2010; Dechelezpretre et al. 2011). Within this overall context, the role of green technologies
aimed at advancing the technology and sustainability transition needs to be investigated from a medium-long
run perspective in connection with the evolution of policy.

With the increasing process of globalization, global factors, in addition to country-specific policies, may
produce significant and possibly heterogeneous effects on countries’ green innovation activities. For instance,
crises of various kinds may greatly affect technological development, and economic crises, specifically, may
produce market destruction and creation effects. Within the specific realm of the green economy, a milestone
global event was COP21, held in Paris in 2015, which emphasized the role of innovation, with a focus on
radical technological solutions for clean energy and the expansion of R&D expenditures aimed at boosting
green innovations. In December 2019, the EU launched the European Green Deal, a set of ‘measures
accompanied with an initial roadmap of key policies [that] range from ambitiously cutting emissions, to
investing in cutting-edge research and innovation, to preserving Europe’s natural environment. Supported by
investments in green technologies, sustainable solutions and new businesses, the Green Deal can be a new EU
growth strategy’. These global events yield heterogeneous innovation responses across countries.

On the basis of the aforementioned general framework, econometric models should represent in a meaningful
and flexible way the complexity of green knowledge generation. Nonlinear dynamics, global factors, and
environmental policies, among other things, are all cornerstones for a full understanding of the process of green
knowledge generation. More specifically, it is worth studying whether and how innovation inputs produce
nonlinear effects on green inventions, whether and how unobserved factors additionally affect the way
knowledge is produced, and in this framework, whether and how environmental policy affects the creation of
new knowledge.

Within this framework, this paper examines a model of green knowledge production functions (GKPFs; see,
e.g., Charlot et al, 2015) to address the possible functional form bias and correlated unobservable factor bias
that may arise with the adoption of standard parametric fixed effects approaches. To do so, the paper considers
semiparametric panel specifications, which are rarely applied to address environmental and development
issues (Millimet et al. 2003; Mazzanti and Musolesi, 2014), with interactive fixed effects. In particular, it
extends the parametric random trend model (Heckman and Hotz, 1989) and the common correlated effects
approach (Pesaran, 2006), which have also been shown to be useful for policy evaluation (Fujiki and Hsiao,
2015; Wooldridge, 2005) and, more generally, to address endogeneity problems in a variety of empirical



frameworks such as the Knowledge Production Function (KPF) and the output production function at different
levels of aggregation (Charlot et al., 2015; Brown et al., 2006).

A specific focus of this paper is to assess the effect of environmental policy on green inventions. In so doing,
while a common practice in the policy evaluation literature consists of focusing attention on the mean effect
or imposing a homogeneous effect across units, as depicted by Cardot and Musolesi (2020), we also consider
a model in which the effect of the policy is expanded as a nonparametric function of some key covariates
(innovation inputs) to highlight possible heterogeneous policy effects, which are missed when focusing on
mean effects. In other words, we allow for a nonparametric interaction between the discrete policy and the
knowledge inputs. The rationale behind such a modelization lies in the presence of absorptive capacity and a
possible non neutral effect of environmental policy. Indeed, we could expect that environmental policy is
transmitted to technological performance with a significance and strength that depends on country-specific
investments in knowledge-driving factors.

The model also allows for spillover effects, consistent with the Griliches legacy (Griliches, 1992), which
emphasizes the role of the magnitude of R&D spillovers, and with a relevant corpus of literature on
international R&D spillovers (Ertur and Musolesi, 2017) and on the KPF, estimated at different levels of
aggregation (Charlot et al, 2015).

The model also allows for cross-sectional dependence, which is introduced as a result of a finite number of
unobservable common factors that may have different effects on knowledge creation across countries.

Finally, due to the high degree of uncertainty surrounding the true data-generating process (DGP) and the bias-
efficiency trade-off when comparing parsimonious to complex models (Almeida et al. 2018; Ma et al., 2015),
this paper adopts a recently proposed information criterion for smooth model selection (Wood et al, 2016) to
compare some alternative semiparametric models with more common parametric specifications.

In summary, the two main research investigations are:

e Assessing the functional form of green knowledge generation by focusing attention on model
uncertainty, nonlinearities and unobserved common factors.
¢ Analyzing heterogeneous policy effects behind the GKPF.

Regarding environmental policies, we exploit official OECD sources. The policy dataset, with indicators
constructed on the basis of raw OECD data, is longer in the time dimension than the OECD EPS policy
indicator (Albrizio et al. 2017), which does not cover the 1980s. Although energy prices might be a sound
proxy for environmental and energy policies (Sato et al. 2015, Popp, 2002), the use of environmental policy
categories that capture how policy intensity has evolved over time allows us to assess the threshold effects that
strongly characterize the dynamic efficiency effects of policies. Energy prices, as a measure of policy, also
capture market distortions related to the energy market and endowments of fossil fuels. It is often difficult to
find the desired policy indicator due to data availability. For example, Acemoglu et al. (2016) use fuel prices
(including energy taxes) to mimic and test the innovation inducement effect of a carbon tax.

The paper is organized as follows. Section 2 summarizes some related literature and discusses some stylized
facts on green inventions and policies. Section 3 presents the overall empirical setting of reference, with
emphasis on model selection and the features of semiparametric models. Section 4 comments on the main
results of the estimation. Section 5 extends the model by allowing for heterogeneous policy effects within a
nonparametric and flexible approach. Section 6 concludes and provides suggestions for further research.

2. Related literature

The paper aims at connecting two literatures: the literature on the KPF, which was inspired by Griliches (1990),
and the one studying green inventions and environmental policy, namely the policy induced innovation effect
(Popp, 2002, 2019). Through the integration, the works aims at enhancing the analysis of green inventions and
policy assessments.

As far as the KPF is concerned, most of the previous work focused on firm or on regional level of aggregation
using cross-sectional or short panel data while, to the best of our knowledge, very few studies adopted a
macroeconomic perspective over the long-run (see, e.g, Porter and Stern, 2000). On the side of environmental



economics and policy, it complements and extends the green patents and green policy literature and in
particular those papers that examine ‘directed technological change’ by studying clean technologies and
policies with a focus on micro- and sector-based evidence. Among other seminal papers, the study by
Acemoglu et al. (2016) analyzes the transition to a decarbonized economy through technology and estimates
the model by using firm-level US energy sector data; the focus of the authors is on the role of carbon taxes and
subsidies to stimulate a transition. Aghion et al. (2016) complement that analysis and provide evidence on the
automotive industry sector, finding signs of path dependence in clean technological innovations but also
significant effects of a fuel tax, introduced as a proxy for carbon taxes. Other works have investigated firm’s
innovative behavior, with special reference to the key specific EU emission trading policy setting, basically
exploiting very detailed EU country based micro-datasets (Martin et al., 2014a; Calel, 2020), as well as works
on the effects of a carbon tax on sector related innovations (Martin et al., 2014b). Specific environmental
realms have been studied with respect to inventions, such as renewable energy fields (Nesta et al. 2014, Noailly
and Smeets, 2015).

The paper thus takes a broader macroeconomic and longer-run perspective on the technological dynamics.
This may provide new interesting insights to assess the historical role of policies, in strict integration with
development drivers as R&D and human capital (spillovers) as a stimulus to green technologies for the
transition to a non-fossil fuel economy (Heal, 2020, Perrons et al. 2020).

It specifically takes inspiration by Griliches (1990) and by recent papers on the field (Charlot et al., 2015)
highlighting the complexity of knowledge generation and proposes the adoption of a new flexible modelling
framework to study the relation between knowledge, which is best proxied by patents according to the Griliches
framework, and its main drivers, namely R&D, human capital and also environmental policy. The modelling
framework attempts to provide a new econometric modelling setting for studying green knowledge generation
and assessing environmental policy effects, but its applicability goes well beyond energy and environmental
economics.

Finally note that the present work focuses on a relevant set of high-income countries, given the goal of
examining green knowledge generation and environmental policy dynamics over a 30-year period. Although
the role of emerging and developing countries in producing green knowledge has increased over the past
decades and technology transfers are crucial to achieving global sustainability, most innovation is still
concentrated in a few more advanced countries that currently present a consolidated history regarding the
evolution of environmental policy stringency.

3 Data and stylized facts
3.1 The Data

The dataset is a balanced panel dataset covering the period 1982-2012 for 19 OECD countries. As far as the
dependent variable is concerned, data on green patents (GK) are collected from the OECD Stat databases. We
consider patents that fall under the ‘selected environment-related technologies® category as defined by the
OECD (IPC: ENV_TECH) and that were granted by the USPTO (United States Patent & Trademark Office),
and we calculate the number of patents country-wise according to the inventor or inventors’ country or
countries of residence. Patents of an agent belonging to country i but submitted to country j are accounted for
as i-related patents. For each patent, we have information on the patent family, year of filing and the
geographical location of the inventors .

As far as explanatory variables are concerned, we use the knowledge input set following Charlot et al. (2015).
Research and development (RD) and human capital (HK) are both included as input factors. Specifically, we
use gross domestic expenditure on research and development (GERD) flow values, collected from the OECD-
Stats database, using total data as a source of funds. The data are in 2010 dollars — constant prices and PP.
Missing values are filled in using a similar method to that of Coe et al. (2009), and then we calculate GERD

! Fractional counts are used to avoid double counting of the same inventions across different geographical areas. This
means that if a patent family is developed by more than one inventor, we weight that patent family according to the
geographical areas of the inventors. The patent family also captures the ‘quality’ of patents at the macroeconomic level.



stock values using the perpetual inventory method as in Coe and Helpman (1995), assuming the depreciation
rate to be 0.05. The HK stock is collected from the Penn World Table version 9.0 (Feenstra et al., 2015).

To account for knowledge spillovers (see also Verdolini and Galeotti, 2011), we consider foreign RD and
foreign HK (WRD and WHK, respectively). We use geographic proximity as a channel of technology diffusion
because of its consistency with theory (Keller, 2002) and for exogeneity reasons, as it may be considered an
exogenous proxy for some endogenous measures of socioeconomic, institutional, cultural or linguistic
similarities that might enhance the diffusion of technology. Following Keller (2002) and Ertur and Musolesi
(2017), we use an exponential decay function.

Policy indexes are derived from OECD raw sources and used as key policy indicators (Nesta et al. 2014),
because as also stressed by Johnstone et al. (2010), “due to the heterogeneous nature of the data, it is not
possible to construct continuous variables in which the level of ‘stringency’ (or ‘support’) is commensurable
across policy types and countries. As such, for most of the policy types, dummy variables are introduced to
capture the effect of the implementation of different policies”.

Specifically, the base information refers to six policy categories over a broad spectrum that incorporates the
multidimensionality of policy efforts (OECD, 2016): deposit refund schemes, fees, tax rates of
environmentally related taxes, tradable permits, voluntary approaches, and environmentally motivated
subsidies (https://pinedatabase.oecd.org/). On the basis of these 6 categories, which are observed year by year
and assume values of 0 or 1, a policy indicator assumes a value of 1 in the year of the introduction of a policy
from one of the six categories. If several policies are introduced in a given year in the country, the indicator
increases by one for each additional policy up to 6. The EP treatment variable is derived from the
aforementioned indicator, potentially ranging from 0 to 6, and takes the value 1 if at least one policy is
introduced. Finally, we note that while information is available for three domains: air pollution, climate change,
and energy efficiency, we focus in this paper on the domain of air pollution regulations (Berman and Bui,
2001), given the relatively longer history of air pollution policies over the considered period.

To address heterogeneous effects within a similar framework to that of Cardot and Musolesi (2020) but with
the limitation in terms of sample size of using macroeconomic data, we decide to rely on a binary (0/1)
treatment variable rather than using a categorical variable with multiple categories.

3.2 Stylized facts about green inventions and environmental policies

As the previous paragraphs noted, nonlinear dynamics, cross-country heterogeneity and common latent factors
characterize real-world innovation phenomena. The section outlines some time patterns and heterogeneous
trends.

Figure 1 shows that the green patent pattern displays some nonlinear dynamics for all countries, which
experience a rather common nonlinear, exponential-type evolution of green patent creation, albeit with
different intensities. Indeed, while for most of the countries, green patents follow a smooth exponential pattern,
for others (Australia, Canada, Denmark, Finland and Germany, to show diversified examples among others),
they evolve on a rather linear trend, and finally, for a few other countries (South Korea, Portugal, Greece,
Ireland, and Sweden?), they show a very deep increase after a period of stagnation. The observed patterns are
coherent with a relatively earlier adoption of policies in more mature economies, which has produced a
smoother evolution than that of some other countries that had lower income at the beginning of the
environmental policy dynamics. The latter countries have substantially closed gaps in terms of both GDP and
policy commitments as well. This is noteworthy since it shows that environmental policies with an
international dimension in the realms of pollution and emissions can act as an additional lever of convergence
through innovations.

2 This example shows that country heterogeneity is relevant even within similar ‘clubs’ of countries (Scandinavia as well
as the EU economy or Anglo-Saxon countries). Sweden, one of the first countries to address climate change and
sustainability through policies, shows an increasing but highly nonlinear invention pattern. Fankhauser et al. (2013)
present sector-based evidence on green patenting intensity in manufacturing, showing the top-placed countries (Germany,
Japan) and significant heterogeneity among a set of high-income countries.



As far as the R&D stock is concerned, nonlinear increasing trends are also a feature of the data (Figure 2). It
is worth mentioning that the achievement of an R&D/GDP ratio of 3% is one of the five headline targets of
the Europe 2020 strategy for smart, sustainable, inclusive growth®. The EEA (2020) notes, “In 2017, [the]
gross domestic expenditure on R&D ... of all sectors in EU-28 countries has been EUR 317 billion,
corresponding to 2.06 % of GDP, a figure higher than the 1.77 % of 2000 but well below the 3 % target of
Europe 2020”. However, within the EU and worldwide, as a consequence of extremely high cross-country
heterogeneity in terms of R&D investments, the increase in the R&D stock from the beginning to the end of
the period varies greatly across countries. While in Italy, it has grown by approximately 20%, in South Korea,
it has increased by more than 200%.

Finally, when we look at the EP (air pollution policies) variable, overall, 45% of the observations are treated
units. While the ex-ante logic of building this kind of policy variable is explained in the previous section, ex
post, having two homogeneous groups in terms of size can be useful for estimating the model. Moreover, EP
shows relevant variations in both the time and the cross-sectional dimensions (Figures 3 and 4). Indeed, while
very few observations were treated at the beginning of the period (0% in 1982, 5% in 1983), almost 80% had
implemented environmental policies by 2012. The OECD (2016) observes that ‘environmental policy
stringency has been increasing in all OECD countries and BRIICS over the past two decades’ and ‘policies, as
measured by the EPS indicator, are most stringent in Nordic countries, the Netherlands, Finland and Germany.
Among OECD countries, they are least stringent in Greece, Portugal, Ireland and Hungary. Most of the other
countries are close to the OECD average’ (p.6). We further note, following Botta and Kozluk (2014), that the
1995-2012 increase is larger for the higher-income OECD counties (Finland, the Netherlands, Denmark) than
for the lower-income OECD countries (Greece, Portugal, Ireland). Analogies with the aforementioned
invention patterns are highlighted. The heterogeneity goes further anyway: due to diversified starting points
and the 1995-2014 increases, some more mature countries in the EU and the Anglo-Saxon world, such as
France, Italy, Australia, the UK, and the USA, are below the OECD average, while some initial laggards, such
as Spain, Slovakia, Poland, and Korea, have moved up higher than the average (Botta and Kozluk, 2014).

Moreover, in view of estimating the model, we globally do not observe serious problems in terms of a lack of
overlap. Observations that are out of support may affect the performance of regression approaches, mainly by
affecting their precision (Lechner and Strittmatter, 2019). However, using flexible regression models, which
are able to fit the data locally, is an effective way to address such a potential issue. Nonlinearities, latent
common factors and possibly heterogeneous policy effects are all handled in the econometric framework
presented in the next section.

FIG. 1-4 ABOUT HERE

3. Semiparametric modeling of green knowledge production and environmental policies

3.1 The modeling framework

The modeling framework is aimed at enhancing the understanding of long-run knowledge generation and
setting new policy evaluation tools. As mentioned in the introduction, modeling the complexity of the
knowledge generation is an important challenge of econometric analyses, given the likely presence of complex
nonlinear relations, latent common factors and heterogeneous relations (Charlot et al, 2015). Relaxing
simplistic assumptions regarding how innovation is generated and analyzing the link between policies and
green innovations may produce additional insights for research in this field. To model the GKPF, we propose
the following rather general semiparametric panel data model:

3 Education and (clean) R&D investments are among the five policy items that can support the achievement of economic
and climate goals, according to Hepburn et al. (2020), who also stress that green public infrastructure investments can
drive down the cost of clean energy and start the ‘green innovation machine’.
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where GK;, measures green patenting activities, g(.) is a real unknown function, and RD;, and HK, refer to

the two main factors behind inventions, namely, R&D and human capital stocks*. WRD,, and WHK, are

introduced to take into account spillover effects that may arise from both R&D and human capital from foreign
countries. Finally, EP, is the binary indicator of policy intensity described in the previous section.

Note that the errors v;, have a multifactor structure (Pesaran, 2006 and Su and Jin, 2012), with f, being a
vector of unobservable common factors with heterogeneous factor loadings 7/, and &, is the idiosyncratic

error term. It is relevant to observe that f, is modeled to be correlated with the explanatory variables (Pesaran,
2006; Ertur and Musolesi, 2017, Su and Jin, 2012).

Model (1) extends Charlot et al. (2015) since as also stressed by Heckman and Hotz (1989), the random trend
specification that Charlot et al. (2015) adopt can be viewed as a special case of the multifactor error model (1).
Obviously, by imposing homogeneous loading parameters, a common two-way fixed effect model is also
obtained.

3.2 Econometric issues

The adopted econometric model specifically addresses the following issues: Functional form and
nonlinearities, Latent common factors and cross-sectional dependence, Endogeneity of the environmental
policy variable and of the knowledge inputs, Model uncertainty.

Functional form and nonlinearities. Although a log-log specification is customary in the literature on the KPF,
the precise functional form cannot be straightforwardly defined on a theoretical basis, and alternative
functional forms could better approximate the unknown functional relation. This relevant issue was
recognized, even at the firm level, in an early work by Griliches (1990, p. 303): "Given the nonlinearity and
the noisiness in this relation, the finding of ‘diminishing returns’is quite sensitive to functional form, weighting
schemes, and the particular point at which the elasticity is evaluated”. As highlighted by Varga (2000), it can
be expected, for instance, that a critical mass of R&D or human capital is necessary to make such inputs truly
effective. These considerations suggest that estimating a nonparametric relation between knowledge and its
main inputs could be important to avoid a functional form bias (e.g. Charlot et al., 2015).

Latent common factors and cross-sectional dependence. The existing literature on the KPF has addressed the
issues described above by exploiting the panel structure of the data. Generally, a two-way (individual and
common time) fixed effects approach has been adopted, while Charlot et al. (2015) use a random trend
specification that introduces an interaction between individual fixed effects and a linear time trend. Both
approaches are special cases of the factor model considered by Pesaran (2006). The motivation behind the use
of the factor model lies in its ability to allow for cross-sectional dependence. Cross-sectional dependence is
indeed introduced as a result of a finite number of unobservable common factors that may have different effects
on knowledge creation across countries. Such factors might include, for instance, aggregate technological
shocks, global crises, and global policies intended to raise the level of technology. The CCE approach by
Pesaran (2006) explicitly allows for such cross-sectional dependence, which may pose inconsistency problems
for standard estimation methods, and remains valid in a variety of situations that are likely to appear, such as
the simultaneous presence of multifactor and spatial error structures and the existence of non-stationarity
(Pesaran and Tosetti, 2011; Kapetanios et al., 2011). Note as well that also the two-way and the random trend

*1t is here worth citing Griliches (1990, p.1674), who stresses that ‘patents tend to be taken out relatively early in the life
of a research project’. The empirical literature has noted that in the green realm, patenting activities arose quite early in
the first environmental policy phases of the 1980s and 1990s (Jaffe et al. 1995; Jaffe and Palmer, 1997).



model allow for cross-sectional dependence arising from latent common factors, but with a lower degree of
flexibility with respect to the multifactor error model.

Endogeneity of the environmental policy variable and of the knowledge inputs. A relevant issue to handle is
the endogeneity of both the knowledge inputs and the policy variable. As far as the endogeneity of inputs is
concerned, the existing literature motivated the issue due to the existence of omitted variables, which are likely
to be correlated with R&D and/or human capital On the other hand the existence of reverse causality was
discarded, as implied by the knowledge production function framework proposed by Griliches (1990, p. 1671)
and suggesting a unidirectional link between patents and R&D. Another related issue is the possible existence
of a link between current patents and past R&D spending. Employing an R&D variable that is built as a stock
allows for such a link, while drastically reduces the curse of dimensionality problem; this is a common practice
within the KPF literature. Similarly, as far as the policy dummy is concerned, it can be expected the existence
of selection on both observable and unobservable (Heckman and Hotz, 1989), that is free correlation exists
between the probability to be ‘treated’, and both observable and unobservable country-specific variables, such
as institutional quality, cultural characteristics, etc. In order to implement the policy, countries may react to
common agreements in a specific way, which could be related to country-specific and eventually unobservable
characteristics.

As discussed by Wooldridge (2005), among others, the fixed effect approach is a powerful means of addressing
such a kind of endogeneity problems; it has been largely employed in previous empirical studies on the
determinants of patents. These studies generally employ the one-way or the two-ways model, allowing for
individual and eventually time effects. However, the main limitation of the two-way model is that it imposes
common time components that homogeneously affect all the countries, while most of unobserved factors are
likely to heterogeneously affect different countries. With a specific focus on policy evaluation, the two-way
model imposes that treated and non-treated statistical units would have followed a common trend in the
absence of the policy, which is generally a too much restrictive assumption (Abadie 2005; Cardot and
Musolesi, 2020).

For these reasons, adopting interactive fixed effect models, such as the random trend model or the factor model
is a sound and robust framework for policy evaluation (Fujiki and Hsiao, 2015; Wooldridge, 2005; Heckman
and Hotz, 1989) and, more generally, it is a relevant way to address endogeneity problems in the KPF and in
a variety of other empirical frameworks, such as production, cost and wage function specifications (e.g.,
Wooldridge (2005), Bai (2009) and Saradis and Wansbeek (2012), who provide many examples that show
how interactive fixed effects may be effective to address endogeneity problems). More specifically, the random
trend model has been previously employed, among others, by Charlot et al. (2015) when modeling a regional
KPF and by Brown et al. (2006) when assessing the effect of privatization policies on productivity within a
neoclassical production function. Eberhardt et al. (2012) and Calderon et al. (2015) adopt a multifactor error
model to estimate a production function, at a sectoral and at a country level, respectively.

It is worth noting in addition that the concept of causality used in macroeconometrics differs from that used in
microeconometrics, as stressed by Lechner (2010); the endogeneity of input factors is generally handled in a
different way when adopting firm level data. Indeed, while the typical way of modelling a KPF at firm level is
considering the classical CDM framework (Crépon et al. 1998), the identification of a production function,
which is a closely related framework, remains an intricate empirical matter when a researcher deals with firm’s
data.®

Model uncertainty. We recognize the existence of high uncertainty surrounding the true DGP. In general, there
is a bias-efficiency trade-off when comparing parsimonious to complex models (Ma et al., 2015). Considering
flexible models is appealing but may come at the price of unfeasible or extremely inefficient estimates (Baltagi
et al., 2002, 2003). For these reasons, we perform model selection by comparing some alternative models.

5 In principle, the potential endogeneity of the input set (the so-called ‘transmission bias") can be handled through, for
instance, the adoption of structural identification approaches, that account for the fact that investment decisions may be
affected by past productivity shocks (Olley and Pakes, 1996). At the same time, however, some recent and relevant works
(Ackerberg et al., 2015; Gandhi et al., 2019) suggest that structural estimation methods may face identification problems,
while, at the same time, transmission bias may not be so empirically important when estimating value added production
functions: the OLS estimator itself can be performing pretty well (Ackerberg et al., 2007; Antonioli et al., 2020).



3.3 Estimation approach

To estimate model (1), we adopt the approach proposed by Su and Jin (2012) and use spline functions to model
the nonparametric part of the model, g(.). In particular, we adopt penalized regression splines within the
(generalized) additive model’s framework (Wood, 2020). Penalized regression splines combine the features of
both regression splines, which use less knots than data points but do not penalize roughness, and smoothing
splines, which control the smoothness of the fit through a penalty term but use all data points as knots.
Moreover, while asymptotic results have recently been provided, they have been also proven to perform well
empirically (see, e.g. Gioldasis et al. 2020).

We specifically employ thin plate regression splines, which are introduced by Wood (2003) and are optimal
low rank eigen-approximation to thin plate splines. Thin plate splines are somehow ideal smoothers but are
not computationally attractive because their computation require the estimation of as many parameters as the
number of data points. Thin plate regression splines avoid the problem of knot placement that usually
complicates modeling with splines and more generally have some optimality properties, while they also are
computationally efficient. Finally, the smoothing parameter is selected by the restricted maximum likelihood
(REML) estimation, which, relative to other approaches, is less likely to develop multiple minima or to
undersmooth at finite sample sizes.®

4. Main results
4.1 Model selection: parametric and semiparametric specifications

Model selection is performed by applying recent advances in the field. It is well known that smooth model
selection via marginal likelihood comparison is not valid and that a viable alternative is adopting an
information criterion, such as the AIC (Akaike Information Criterion), based on the conditional likelihood of
the model coefficients. Within the exponential family frameworks, Hastie and Tibshirani (1990) proposed a
largely used conditional AIC in which the effective degrees of freedom of the model are used rather than the
number of parameters. Subsequent studies (see, e.g. Reven and Kneib (2010)) showed that this approach tends
to select too much complex models. Recently, Wood et al. (2016) proposed an AIC that overcomes such a
problem and, more generally, that avoids to neglect the smoothing parameter uncertainty in the conditional
AIC and that it is easy to compute. Wood (2020) provided further details and in particular, it gives useful
insights to obtain a BIC (Bayesian Information Criterion) type, which is often preferred over AIC (Claeskens
and Hjort, 2008).

Specifically, we consider the BIC (Wood et al., 2016; Wood, 2020) to compare alternative specifications for
g(.) and for the unobserved time effects. For the latter, we consider three alternative specifications: common
factors with heterogeneous loadings (the CCE approach by Pesaran, as extended by Su and Jin, 2012),
v, =7 T, +¢&,, the random trend model including individual time trends (Wooldridge, 2005), v;, = y;t + & ;

and time dummies (two-way fixed effects), v, = 4, + &,.

For the function g(.), we consider both parametric linear models and semiparametric additive models that avoid
the curse-of-dimensionality problem of a fully nonparametric model, which was computationally unfeasible
in our framework. In total, we consider six alternative models.

The results in Table 1 indicate that the preferred model presents additive smooth terms for g(.) and individual
time trends (random trend) to represent the latent common factors. In the following, the econometric model
that we adopt can be written as:

GK; =¢; + BER, + gl(RDit)+ 9, (HKit)+ 03 (WRDit)+ g, (WHKit)+7it + & 2

& Computations are performed within the R environment, and in particular, the semiparametric specifications are estimated
by exploiting the mgcv package.
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Overall, the results provide interesting insights into model selection. It is indeed found that the random trend
specification always performs better than the two-way fixed effects model and the multifactor error model
(CCE). This is an extremely interesting result suggesting the use of an intermediate level of heterogeneity for
the modeling of unobserved common factors; the random trend model is more efficient but less flexible than
the CCE specification. Note indeed that the nuisance parameters to be estimated in the CCE are N*(K+1), with
K being the number of explanatory variables, while the random trend requires the estimation of N nuisance
parameters, one for each individual trend. Another relevant result is that the two-way fixed effects model is
always dominated by the other two and performs the worst: imposing homogeneous effects of the time
components appears to be, ex post, an excessively restrictive assumption. Finally, note that in two cases out of
the three (the random trend and the two-way model), the specification with additive smooth terms outperforms
the parametric linear model.

Three main remarks are in order. First, note that the preferred model allows for an intermediate-high level of
flexibility since it allows for smooth additive effects of the regressors along with individual trends. Both
excessively simple models, such as the parametric or the two-way fixed effects models, and excessively
complex specifications, such as the multifactor error, are thus rejected (see also Baltagi et al., 2002, 2003).

Second, it is worth noting that allowing for smooth additive terms and individual trends provides a more
credible identification of the policy effect than that provided by parametric models and/or a standard two-way
model (for a more detailed discussion, see, e.g., Cardot and Musolesi, 2020; Wooldridge, 2005; Lechner, 2010,
2015)

Third, as far as endogeneity is concerned, it is important to note that the random trend model identifies the
parameters and functions of interest under a conditional strict exogeneity assumption (Wooldridge, 2005), such
that

E(GKit | Xigseens XiT,Ci,}/i): E(GKit | Xit,ci,yi),

for ¢=1,...T and where X

X, =(EP,,RD;, HK; ,WRD, ,WHK,, ) . Clearly such a conditional strict exogeneity assumption provides a
more credible identification than the one arising from the individual fixed effects model (i.e.
E(GK, | X1 X7, ¢ ) = E(GK; | X, €; )) and this because of two main reasons. First, it does not restrict

. Is the line wvector of the explanatory variables,

it?

the correlation between (c;,7;)and (Xi,..., X;; ), thus taking into account the endogenous nature of the

explanatory variables with respect to both time-invariant and time-varying correlated unobservable factors,
where y;t is broadly proxying this latter kind of unobservables (see also Heckman and Hotz, 1989). Second,

it is quite natural to expect that the determinants of green patents, RD,, and HK. , have the same deterministic

it !
component as for GK,, so that they depend on both ¢, and y,. Consequently, it is likely that shocks to green

patents today may affect some innovation determinants in the future if individual trends are not controlled for,
making the standard fixed effect estimator biased and inconsistent as the underlying strict exogeneity
assumption will be violated.

In summary, the random trend model gives the best performances within the logic of an information criterion
but also provides a much more credible identification than standard fixed effects models.

TABLE 1 ABOUT HERE
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4.2 Estimation results
4.2.1 Semiparametric estimation of the GKPF: nonlinearities, threshold effects and average policy effect

In this section, we focus attention on the results of estimating model (1). We mainly focus our attention on the
functional relation between green patents and their main inputs, eventually highlighting possible nonlinearities
and threshold effects.

The results concerning the additive nonparametric components of model (1) are presented in Figure 5. The
three graphs depict the estimated univariate smooth functions for the inputs that are found to be statistically
significant. We also computed the p-values for the smooth terms using Wald test statistics as suggested by
Wood (2012). These are p-values associated with the Wald test of the hypothesis that the whole function equals
zero. Low p-values indicate a low likelihood that the splines of the function are jointly zero. Additionally, note
that smooths are subject to sum-to-zero identifiability constraints as detailed in Cardot and Musolesi (2020).

The estimated smooths (except WHK) appear to be highly significant, showing extremely low p-values on the
Wald tests. Moreover, using an approximate ANOVA test procedure (Wood, 2017), linearity is always rejected
for all explanatory variables except WHK. WHK instead presents a positive linear effect, which is not
statistically significant (p-value=0.27). The non-significance of WHK is consistent with the literature focusing
on international technology diffusion, which stresses the role of R&D spillovers (Ertur and Musolesi, 2017).

Additionally, note that the response and the explanatory variables are in logarithmic values: this facilitates the
economic interpretation, as the slope of the estimated smooth functions represents an estimated elasticity. This
also makes the Gaussian assumption more plausible and allows for a straightforward comparison with
parametric models, expressed in log-log form.

Figure 5 shows that as expected, the estimated smooth functions are highly nonlinear, with relevant threshold
effects. Indeed, for all three significant variables (RD, HK, and WRD), a critical mass is necessary to ensure
an effective impact on green patenting. This result is consistent with some related literature focusing on
nongreen knowledge creation and/or different levels of aggregation (Varga, 2000, Charlot, 2015).” Evidence
for RD and HK attests that policy targets on these inputs are justified to support innovation and growth, as the
number of countries making substantial knowledge investments (e.g., 3% of GDP or higher) enhances the
spillover effect. Countries that have structurally invested in R&D over the last decades, such as Japan, the
USA, Germany, South Korea, and China, as well as Denmark and Sweden on a relatively smaller scale, present
large shares of top inventions in climate-related technologies. The ascending phase of the climate change patent
trend was around the mid-1990s, influenced by new policy expectations (Dechelezpretre et al. 2009).
Nevertheless, investing in R&D matters if substantial thresholds are structurally surpassed. It is worth noting
that the R&D/human capital and policy factors could be entangled. The fact that the mid-1990s witnessed a
turning point in R&D-intense countries that proactively responded to new policies is a signal of an
interconnection: to induce inventions, policies need a preexistent, dense R&D environment. Section 4.3 below
focuses on the analysis of interactive policy effects to shed further light. Spillovers are the other key component
of technological inducement. In the specific framework of green energy knowledge development, Verdolini
and Galeotti’s (2011) panel data analysis demonstrates that ‘higher geographical and technological distances
are associated with lower probabilities of knowledge flow” and ‘spillovers between countries have a significant
positive impact on further innovation in energy-efficient and environmentally friendly technologies’.

As for the effect of the policy, which is assumed here to be constant both across countries and over time, the
parameter £, which also identifies the average treatment effect, is estimated to be 0.01 and is almost

significant at the 5% level (p-value=0.055). This result thus indicates a positive effect, albeit small in
magnitude®. Provided that the dependent variable is logarithmic, the estimated policy effect - which is a

7 It is worth noting that the domain of the variables has been appropriately reduced to the regions where the effects are
significant. Indeed, in the regions of the domain of the variables where data are sparse, large confidence interval bands
are present, since it is not possible to precisely estimate the functions of interest. These regions in which the plots cannot
be easily interpreted correspond to low levels of HK and to very low levels of RD and WRD.

8 Jaffe and Palmer (2001) find little evidence of effects on innovative outputs using regulation compliance costs as a proxy
for policies in a panel of US manufacturing industries. Brunnermier and Cohen (2003) find mixed evidence on the effects
of environmental regulations on environmental innovations proxied by patents for a panel of US industries.
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homogeneous shift in the regression function - represents the percentage change in the predicted GK when
EP=1 versus when EP=0, holding the other factors constant.®

What we do substantially find through this analysis is that over the time span that embraces the second US
Clean Air Act, the Rio Convention, the Kyoto Protocol and the EU 2020 climate and energy package, all key
examples of policy steps of international relevance, a high level of policy intensity brought about specific
effects on green inventions. This outcome enriches the macroeconomic evidence on policy effectiveness that,
among others, Johnstone et al. (2010, 2012) provide, first over a similarly long time span (1978-2003), but
focusing on renewable energy policies, and then over a more restricted time span and using opinion survey-
based policy indicators. McKitrick (2007), who takes a long-run perspective and specifically focuses on air
pollution trends, finds that more than oil price effects, the 1970 Clean Air Act, a milestone policy to abate air
pollution, was a relevant structural factor that induced accelerated abatement technologies.

In summary, the estimation of a semiparametric random trend model indicates that the long-run evolution of
green inventions was indeed affected by environmental policy and mostly by the continuous variables R&D,
human capital and foreign R&D, which show significant nonlinear monotonic patterns and relevant threshold
effects. Only foreign human capital has, at least in the present time span, no influence on green inventions.

4.2.2 A comparison with a misspecified parametric model

It is interesting to compare these results with those that we would have obtained by erroneously imposing a
parametric specification. This may provide relevant insights because, as stressed, for instance, by Lechner
(2011), the size of the bias of misspecified parametric models can be assessed only through comparison.

Specifically, when we estimate a traditional parametric random trend model, i) the policy effect decreases
substantially and becomes negative, with ﬁ’z—0.00lS, and is no longer statistically significant (p-

value=0.97); ii) among the domestic knowledge inputs, only RD is significant at standard levels, with an
estimated elasticity of 0.47 (p-value=1.62e-05), while the human capital stock has a positive effect (0.057) but
is not significant (p-value=0.98); and iii) the estimated coefficients associated with WRD and WHK both have
the wrong (negative) sign (-0.10 and -9.02, respectively), with WHK also being highly significant.

The above results thus indicate the importance of adopting a flexible specification to highlight significant
policy effects. The same result is found, for instance, in Cardot and Musolesi (2020). These estimates also
suggest that adopting a flexible specification permits more credible and refined results with respect to the effect
of continuous knowledge inputs, since nonlinearities and thresholds are important features of knowledge
generation. Estimating a traditional parametric model would have produced a substantial functional form bias.

FIG.5 ABOUT HERE

4.3 Extending the model: interactive policy effects
4.3.1. Econometric modeling

Common practices in policy evaluation consist of focusing attention on the mean effect of a policy or imposing
a homogeneous effect across units and overtime, as we did in the previous section. Adopting model (2) was
extremely useful because it allowed us to i) conduct a direct comparison with parametric models (see
subsection 4.2.2) and ii) focus attention on the functional relation between patents and knowledge inputs.

In this section, we focus on the effect of the policy and specifically search for possible heterogeneous policy
effects by exploiting the modularity and flexibility of spline modeling. Following Cardot and Musolesi (2020),

9 More formally, this percentage difference is given by 100*[exp(,3) —1} .
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we consider a model in which the effect of the policy is expanded as a nonparametric function of some
variables, which are selected among the knowledge inputs. Put differently, environmental policy
nonparametrically interacts with some continuous covariates: in doing so, the discrete policy produces not only
a neutral shift but also a more general change in the estimated nonparametric functions. In this framework,
there is a binary-by-continuous interaction (Ruppert et al., 2003) allowing us to obtain two distinct

nonparametric functions (one for each level of EP,) for each explanatory variable and the (heterogeneous)
policy effect, which is defined as:

ﬂit = E[GKit | Xit’EPit :1]_E[GKit | X EPit :0]1

it?

is consequently a nonparametric function of the continuous knowledge inputs X, and, more specifically, can
be expressed, given the vector of covariates X, , with the following specification:

:Bit:ﬂ"‘zp:mj(xitj) 3)

where  m; (Xm)= 9;( Xy, ER, =1 —9,;(X;;,ER, =0), j=1,..,p are unknown smooth functions
satisfying the identifiability constraints

E[m(X,)]=0.j=1...p.

As a consequence, S represents the average effect over the whole population, and the functions m, ()
indicate how the mean effect of the policy varies with the knowledge inputs.

In principle, equation (3) can be generalized by considering a nonadditive specification by replacing
(3) with a more general multivariate function

:Bit ::B+m(xit1""vxitd) 4

for 2<d < p . Estimating equation (4) will allow for greater flexibility at the price, because of the curse of
dimensionality, of less precise estimates.

The rationale behind such a modelization lies in the presence of absorptive capacity and non-neutral or even
localized (to some specific input domain) inducement effects of environmental policy. Indeed, we can expect
that environmental policy is transmitted to technological performance (green inventions, in this case) with a
significance and strength that depend on the country-specific investments in knowledge-driving factors, which
become types of ‘innovation endowments’ (see also Jaffe et al. 1995; Jaffe et al. 2002).

Ex ante, it can be expected that the larger knowledge investments are, the stronger the possible role of policy
in inducing new inventions. The higher the combination of any R&D/human capital sources, the stronger is
the sociotechnical system capacity to absorb the effect of the policy, translating this into inventions. Moreover,
this may happen with possibly complex nonlinear shapes.

The economic system’s absorptive capacity is the ability to recognize the value of new external ‘information’,
a policy in this case, assimilate it, and apply it to the ends of invention. Absorptive capacity can be regarded
as an important factor for general competitive advantages, as in Dosi (1982), who stresses that “one-directional
explanations of the innovative process, and in particular those assuming ‘the market’ as the prime mover, are
inadequate to explain the emergence of new technological paradigms”. Policies are relevant, as many works
have shown. This paper tries to scrutinize the extent to which the amount of public and private investments
such as R&D, human capital and positive externalities such as foreign R&D play a role in determining the
magnitude of the policy effect.
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4.3.2. Estimation results

As far as the results are concerned, we adopt a backward selection procedure (Cardot and Musolesi, 2020) to
select the variables to be considered to fit model (3). This procedure leads us to retain only two significant
variables in model (3): domestic and foreign R&D (RD and WRD). Using an approximate ANOVA test
procedure (see Wood, 2017), an additive structure is strongly rejected in favor of a more general model based
on bivariate regression functions:

. = +m(RD,,WRD, ).

The results indicate that the estimated average effect of the policy is positive and sizeable, with ﬁ’ =0.15, and

significant in statistical terms (p-value=0.011). Thus, compared to the results in the previous section, allowing
for a heterogeneous policy effect produces a higher estimated average effect and higher significance level.

As for the estimated function rﬁ(RD
function M(RD

.+WRD, ), Figure 6 draws the contour plot of the estimated bivariate

WRDit) . It is worth recalling that the contours indicate the varying component of the policy
WRD,, ), while

it?

it?

effect, i.e., the effect of the policy that varies nonparametrically with RD and WRD, rﬁ(RD
the total estimated effect of the policy is given by

S, =0.15+m(RD,,WRD,).

Overall, over the whole domain of RD and WRD (Figure 6), there is evidence that the effect of the policy
nonlinearly and monotonically increases with both domestic and foreign R&D, pointing again to the joint
relevance of internal and external knowledge for the support of technological development through their joint
effect with the policy. We can identify two macro regions, which are described below.

The first macro region corresponds to very low levels of internal/foreign R&D (Figure 7), where
rﬁ(RDit,WRDit)<0, and at the very extreme (RD,,WRD,, ) J —0.5, so that the total effect ﬁit is negative

over part of the analyzed green knowledge generation domain. From an economic viewpoint, this points to a
kind of coordination failure or insufficient investment in the innovation drivers. At very low levels of these
knowledge inputs, the costs outweigh the benefits. The absorptive capacity of the system, represented by the
investments in knowledge, is insufficient to provide an effective framework where invention can arise through
the inducement effect of the policy. From a statistical point of view, it can also be observed that for low levels
of internal/foreign R&D, the data are sparse, and the estimates lack precision.

it?

In the second, and most relevant, macro region, we observe fi(RD,,WRD,, ) > 0. This region corresponds to

it?
most of the domain of RD and WRD. Specifically, it can be expected that environmental policies’ effects on
innovation require a critical amount of core investments in knowledge to exert the dynamic efficiency effects

that theory predicts (Porter and Esty, 1994; Milliman and Prince, 1989; Requate and Unhold, 2003), and
indeed, for average levels of internal/foreign R&D, we find thatrﬁ(RD WRDit)D 0 so that Ait 10.15

(Figure 8).

it?

Then, by increasing the level of RD/WRD, we find that threshold effects again matter and are likely connected
to some complementarity with the underlying innovation function (Charlot et al, 2015). In fact, for high levels

of internal/foreign R&D, the estimated function rﬁ(RDn ,WRD, ) turns positive and monotonically increases
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with both variables, up to a maximum at which (RD,,

WRD, ) 0 1.5, so that in that region of the domain,

A

0.15< B, <£1.65 (Figure 9).

Two main highlights of econometric and economic relevance arise. First, the results are clear-cut in showing
how the effect of the policy nonlinearly and monotonically increases with both domestic and foreign R&D,
suggesting, more specifically, that a critical mass of these inputs is necessary to make the policy effective. The
proposed semiparametric model reveals heterogeneous policy effects, which operate through R&D layers,
signaling that the effects of environmental policy on knowledge are significantly mediated by country
investments in R&D. Domestic and foreign R&D act as knowledge absorptive capacity factors and enhance
the effectiveness of environmental policy effectiveness: the denser the market and institutional environment is
in R&D, the more effective the air pollution policy is in driving green patents. Second, this evidence suggests
that green patenting dynamics conceptually connect to two main relevant dimensions of a GKPF: (i) the
complementarity of various invention drivers, here domestic and foreign R&D, and (ii) the crucial role of R&D
spillovers, mediated by geographic distance, in directly contributing to green knowledge generation and
allowing the policy to become effective. Further studies may consider alternative transmission channels such
as trade, technological proximity, language or genetic distance.

FIG. 6-9 ABOUT HERE

4., Conclusion

The paper takes a macroeconometric long-run perspective to examine green knowledge production functions.
The main methodological issues the investigation addresses are the possible functional form bias and
correlated unobservable factor bias that may arise when adopting standard parametric fixed effects
approaches. As a consequence, the work has considered semiparametric panel data specifications with
interactive fixed effects. The modeling framework that the paper developed also aims at enhancing the
understanding of long-run innovation phenomena and the setting of flexible and sound policy assessment tools.
In this regard, we consider a flexible specification that allows us to relax the hypothesis of homogeneous policy
effects, considering effects that non-parametrically interact with some knowledge inputs, such as research
activity.

A first relevant result is that the effects of R&D, human capital and foreign R&D are characterized by relevant
nonlinearities and thresholds. The specifications that emerge from the model selection reinforce the idea that
nonlinearities and thresholds are relevant components of knowledge creation in the specific case of green
innovation activities.

Another important result is that environmental policies have significantly driven green inventions since the
early 1980s. The effect is significant from both an economic and a statistical point of view. It is specifically
found that to fully unveil the significance and strength of environmental policy, allowing for
heterogeneous/interactive policy effects is necessary. In fact, the consideration of a model in which the effect
of policy is expanded as a nonparametric function of some knowledge inputs indicates that the estimated
induced policy effect, which is mediated by domestic and foreign R&D, is on average positive and highly
significant. It is also found that such an effect nonlinearly increases with both domestic and foreign R&D and
that a critical mass of both variables is necessary to make the policy effective. Threshold effects are again
relevant, as at extremely low levels of R&D activity, environmental policy may even produce a negative effect
on green patenting. The emergence of a substantial complementarity between innovation policies and R&D
activity connects a methodological issue (the heterogeneous policy effect) with a real-world policy issue (the
necessary R&D investments for green technological development). The economic meaning is that those
countries with excessively low levels of domestic and foreign R&D are not providing a favorable setting for
substantial policy inducement effects to appear.
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In summary, the proposed semiparametric framework offers evidence on the existence of relevant
nonlinearities, threshold effects and complementarities. It points out the need for a critical mass of knowledge
inputs to sustain technological development through a direct effect of these inputs on knowledge creation but
also via an induced policy effect occurring through R&D activity.

Further analyses could consider extending the coverage to other policy domains, introducing non-binary policy
index structures, comparing the KPF for green and non-green inventions, and considering other spillover

transmission channels.



17

References

Abadie, A. (2005). Semiparametric difference-in-differences estimators, The Review of Economic Studies,
72(1), 1-19.

Acemoglu D. Ufuk Akcigit, Douglas Hanley, William Kerr, (2016), Transition to Clean Technology, Journal
of Political Economy, 124(1), pp. 52-10.

Ackerberg, D., Benkard, C. L., Berry, S., & Pakes, A. (2007). Econometric tools for analyzing market
outcomes, Handbook of econometrics, 6, 4171-4276.

Ackerberg, D. A., Caves, K., & Frazer, G. (2015). Identification properties of recent production function
estimators, Econometrica, 83(6), 2411-2451.

Aghion P., Dechezleprtre A., David Hemous, Ralf Martin & John Van Reenen, (2016). Carbon Taxes, Path
Dependency, and Directed Technical Change: Evidence from the Auto Industry, Journal of Political
Economy, University of Chicago Press, vol. 124,

Albrizio, S., Kozluk, T. Zipperer, V., (2017), Environmental policies and productivity growth: Evidence across
industries and firms, Journal of Environmental Economics and Management, 81, 209-226.

Antonioli, D., Gioldasis, G., & Musolesi, A. (2020). Estimating a non-neutral production function, Oxford
Economic Papers.

Bai, J. (2009). Panel data models with interactive fixed effects, Econometrica, 77(4), 1229-1279.

Baltagi, B. H., Bresson, G., & Pirotte, A. (2002). Comparison of forecast performance for homogeneous,
heterogeneous and shrinkage estimators: Some empirical evidence from US electricity and natural-gas
consumption, Economics Letters, 76(3), 375-382.

Baltagi, B. H., Bresson, G., Griffin, J. M., & Pirotte, A. (2003). Homogeneous, heterogeneous or shrinkage
estimators? Some empirical evidence from French regional gasoline consumption, Empirical
Economics, 28(4), 795-811.

Berman, Eli and Bui, Linda, (2001), Environmental Regulation And Productivity: Evidence From Oil
Refineries, The Review of Economics and Statistics, 83, issue 3, p. 498-510.

Botta, E. Kozluk, T., (2014), Measuring Environmental Policy Stringency in OECD Countries: A Composite
Index Approach, No 1177, OECD Economics Department Working Papers, OECD Publishing.

Brown, J. D., Earle, J. S., & Telegdy, A. (2006). The productivity effects of privatization: Longitudinal
estimates from Hungary, Romania, Russia, and Ukraine, Journal of political economy, 114(1), 61-99.

Brunnermeier S.B. Cohen M., (2003), Determinants of environmental innovation in US manufacturing
industries, Journal of Environmental Economics and Management, 45, Issue 2.

Calderon, C., Moral-Benito, E., & Servén, L. (2015). Is infrastructure capital productive? A dynamic
heterogeneous approach, Journal of Applied Econometrics, 30(2), 177-198.

Calel R. Dechezleprétre A., (2017), Environmental Policy and Directed Technological Change: Evidence from
the European Carbon Market, The Review of Economics and Statistics 2016 98:1, 173-191

Calel R. (2020), Adopt or Innovate: Understanding Technological Responses to Cap-and-Trade, American
Economic Journal: economic policy, 12, 3.

Cardot, H., & Musolesi, A. (2020). Modeling temporal treatment effects with zero inflated semi-parametric
regression models: the case of local development policies in France, Econometric Reviews, 39(2), 135-
157.


https://econpapers.repec.org/RePEc:eee:jeeman:v:81:y:2017:i:c:p:209-226
https://econpapers.repec.org/RePEc:eee:jeeman:v:81:y:2017:i:c:p:209-226
https://econpapers.repec.org/RePEc:tpr:restat:v:83:y:2001:i:3:p:498-510
https://econpapers.repec.org/RePEc:tpr:restat:v:83:y:2001:i:3:p:498-510

18

Charlot S. Crescenzi R. Musolesi A., (2015). Econometric modelling of the regional knowledge production
function in Europe, Journal of Economic Geography, Volume 15, Issue 6, 1 November 2015, 1227—
1259.

Claeskens, G., & Hjort, N. L. (2008). Model selection and model averaging. Cambridge Books.

Coe, D. H., & Helpman, E. (1995). International R&D spillovers, European Economic Review, 39(5), 859-
887.

Coe, D. T., Helpman, E., & Hoffmaister, A. W. (2009). International R&D spillovers and institutions,
European Economic Review, 53(7), 723-741.

Cole, M.A.,, Elliott, R.J.R. and Zhang, L. (2017), Foreign Direct Investment and the Environment, Annual
Review of Environment and Resources, 42.

Crépon, B., Duguet, E., & Mairessec, J. (1998). Research, Innovation And Productivity: An Econometric
Analysis At The Firm Level, Economics of Innovation and new Technology, 7(2), 115-158.

Dechezleprétre A. Matthieu Glachant, Ivan Hascic, Nick Johnstone & Yann Méniére, (2011). Invention and
Transfer of Climate Change--Mitigation Technologies: A Global Analysis, Review of Environmental
Economics and Policy, vol. 5(1), 109-130

Dechezleprétre A. Matthieu Glachant, Ivan Hascic, Nick Johnstone & Yann Méniere, (2009), Invention and
Transfer of Climate Change--Mitigation Technologies on a global scale: a study drawing on patent
data, FEEM working paper 82, FEEM, Milan.

Dosi G. (1982), Technological paradigms and technological trajectories: A suggested interpretation of the
determinants and directions of technical change, Research Policy, Volume 11, Issue 3.

Eberhardt, M., Helmers, C., & Strauss, H. (2013). Do spillovers matter when estimating private returns to
R&D?, Review of Economics and Statistics, 95(2), 436-448.

EEA (2020), Sustainability transition in Europe in the age of demographic and technological change.
Implications for fiscal revenues and financial investments, EEA, Copenhagen.

EEA (2014), Resource efficient green economy and EU policies, EEA, Copenhagen.

Ertur, C., & Musolesi, A. (2017). Weak and Strong Cross-Sectional Dependence: A Panel Data Analysis of
International Technology Diffusion, Journal of Applied Econometrics, 32(3), 477-503.

Fankhauser S., Alex Bowen, Raphael Calel, Antoine Dechezleprétre, David Grover, James Rydge, Misato
Sato, (2013),Who will win the green race? In search of environmental competitiveness and innovation, Global
Environmental Change, Volume 23, Issue 5.

Fujiki, H., & Hsiao, C. (2015), Disentangling the effects of multiple treatments—Measuring the net economic
impact of the 1995 great Hanshin-Awaji earthquake. Journal of econometrics, 186(1), 66-73.

Gandhi A., Navarro S. , Rivers D. (2019). On the identification of production functions: how heterogeneous
is productivity?, Journal of Political Economy.

Greven, S., and Kneib, T. (2010). On the Behaviour of Marginal and Conditional AIC in Linear Mixed Models,
Biometrika, 97, 773-789.

Gioldasis, G., Musolesi, A., & Simioni, M. (2020). Model uncertainty, nonlinearities and out-of-sample
comparison: evidence from international technology diffusion (No. 0120). SEEDS, Sustainability
Environmental Economics and Dynamics Studies.

Griliches, Z. (1990), Patent Statistics as Economic Indicators: A Survey, Journal of Economic Literature,
American Economic Association, vol. 28(4), pages 1661-1707.

Griliches, Z. (1992), The search for R&D spillovers, Scandinavian journal of economics, 94(0), 29-47.
Hastie T, Tibshirani R (1990) Generalized additive models. Chapman & Hall, Boca Raton.



19

Heal G. (2020), Economic aspects of the energy transition, NBER working paper 27766, NBER.

Hepburn, C. O’Callaghan, B. Stern, N. Stiglitz, J. Zenghelis, D. (2020), Will COVID-19 fiscal recovery
packages accelerate or retard progress on climate change? Oxford Review of Economic Policy

Jaffe A.B. Palmer K. (1997), Environmental Regulation and Innovation: A Panel Data Study, The Review of
Economics and Statistics, 79:4, 610-619

Johnstone, N., Has¢i¢, 1. & Popp, D. (2010), Renewable Energy Policies and Technological Innovation:
Evidence Based on Patent Counts, Environmental & Resource Economics, 45: 133.

Kapetanios, G., Pesaran, M. H., & Yamagata, T. (2011). Panels with non-stationary multifactor error
structures, Journal of Econometrics, 160(2), 326-348.

Keller, W. (2002). Geographic localization of international technology diffusion, American Economic Review,
92(1), 120-142.

Lechner, M. (2010). The relation of different concepts of causality used in time series and microeconometrics,
Econometric Reviews, 30(1), 109-127.

Lechner, M. (2011). The estimation of causal effects by difference-in-difference methods. Foundations and
Trends® in Econometrics, 4(3), 165-224.

Lechner, M. (2015). Treatment effects and panel data (pp. 257-284). Oxford University Press.

Lechner, M., & Strittmatter, A. (2019). Practical procedures to deal with common support problems in
matching estimation, Econometric Reviews, 38(2), 193-207.

Ma, S., Racine, J. S., & Yang, L. (2015). Spline regression in the presence of categorical predictors, Journal
of Applied Econometrics, 30(5), 705-717.

Martin R, de Preux LB, Wagner UJ, (2014), The impact of a carbon tax on manufacturing: Evidence from
microdata, Journal of Public Economics, Vol:117, ISSN:0047-2727, Pages:1-14

Martin R, Mudls M, de Preux LB, Wagner U. (2014), Industry Compensation under Relocation Risk: A Firm-
Level Analysis of the EU Emissions Trading Scheme, American Economic Review, VVol:104

Mazzanti M. Musolesi A., (2014), Nonlinearity, heterogeneity and unobserved effects in the CO, economic
development relation for advanced countries, Studies in nonlinear Dynamics and Econometrics, 18, 5.

McKitrick R. (2007), Why did US air pollution decline after 1970?, Empirical Economics, vol. 33(3), 491-513

Millimet D.L. List J. Stengos T., (2003), The Environmental Kuznets Curve: Real Progress or Misspecified
Models?, The Review of Economics and Statistics, MIT Press, vol. 85(4), pages 1038-1047

Nesta, F Vona, F Nicolli, (2014), Environmental policies, competition and innovation in renewable energy,
Journal of Environmental Economics and Management, 2014

Noailly J. Smeets R, (2015), Directing technical change from fossil-fuel to renewable energy innovation: An
application using firm-level patent data, Journal of Environmental Economics and Management, 72,
15-37

OECD, (2016), How Stringent are environmental Policies?, OECD Report.

Olley, S., & Pakes, A. (1996). The dynamics of productivity in the Telecommunications Equipment Industry,
Econometrica, vol. 64, 1263-1297.

Perrons R.K. Jaffe A.B. Le T. (2020), Tracing the linkages between scientific research and energy innovations:
a comparison of clean and dirty technologies, NBER working paper 27777, NBER.

Pesaran, M. H. (2006). Estimation and inference in large heterogeneous panels with a multifactor error
structure, Econometrica, 74(4), 967-1012.


https://www.mitpressjournals.org/doi/abs/10.1162/003465397557196
https://econpapers.repec.org/RePEc:eee:jeeman:v:72:y:2015:i:c:p:15-37
https://econpapers.repec.org/RePEc:eee:jeeman:v:72:y:2015:i:c:p:15-37

20

Pesaran, M. H., Tosetti, E. (2011). Large panels with common factors and spatial correlation, Journal of
Econometrics, 161(2), 182-202.

Popp D. (2019), Environmental Policy and Innovation. A decade of research, NBER working paper 25631.
Popp D. (2002), Induced Innovation and Energy Prices, American Economic Review, vol. 92, no. 1

Requate, T. Unold, W. (2003), Environmental policy incentives to adopt advanced abatement technology::
Will the true ranking please stand up?, European Economic Review, 47 1, p. 125-146.

Ruppert, D., Wand, M. P., & Carroll, R. J. (2003). Semiparametric regression (No. 12). Cambridge university
press.

Sarafidis, V., Wansbeek, T. (2012). Cross-sectional dependence in panel data analysis, Econometric Reviews,
31(5), 483-531.

Sato, M. Singer G., Dussaux D., Lovo S. (2015), International and sectoral variation in energy prices 1996-
2011: how does it relate to emissions policy stringency? GRI Working Paper Series. No. 187, LSE,
London.

Su, L., Jin, S. (2012). Sieve estimation of panel data models with cross section dependence, Journal of
Econometrics, 169(1), 34-47.

UNIDO (2016), Industrial Development Report. The Role of Technology and Innovation in Inclusive and
Sustainable Industrial Development, UNIDO, Wien.

UNIDO (2018), Industrial Development Report. Demand for Manufacturing: Driving Inclusive and
Sustainable Industrial Development, UNIDO, Wien

Varga, A. (2000). Local academic knowledge transfers and the concentration of economic activity. Journal of
Regional Science, 40(2), 289-3009.

Wood, S. N. (2003). Thin plate regression splines. Journal of the Royal Statistical Society: Series B (Statistical
Methodology), 65(1), 95-114.

Wood, S. N. (2017). Generalized additive models: an introduction with R. CRC press.

Wood, S. N. (2020). Inference and computation with generalized additive models and their extensions. TEST,
1-33.

Wood, S. N., Pya, N., & Safken, B. (2016). Smoothing parameter and model selection for general smooth
models, Journal of the American Statistical Association, 111(516), 1548-1563.

Wooldridge, J. M. (2005). Fixed-effects and related estimators for correlated random-coefficient and
treatment-effect panel data models, Review of Economics and Statistics, 87(2), 385-390.


https://econpapers.repec.org/RePEc:eee:eecrev:v:47:y:2003:i:1:p:125-146
https://econpapers.repec.org/RePEc:eee:eecrev:v:47:y:2003:i:1:p:125-146
https://www.unido.org/sites/default/files/2015-12/EBOOK_IDR2016_FULLREPORT_0.pdf
https://www.unido.org/sites/default/files/2015-12/EBOOK_IDR2016_FULLREPORT_0.pdf

21

FIGURES AND TABLES

Figure 1 — Trends in green patenting per million inhabitants over time (for countries in the top quintile)
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Figure 2 — Trends in R&D stocks (public and private R&D)
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Figures 3-4 — Trends in air pollution policy indicator (binary, constructed from OECD raw data)
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Figure 5 — R&D (a), human capital (b) and RD spillover (c) effects on green inventions: estimated univariate
smooth functions
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Figure 6 — Heterogeneous policy effect: contour plot of m(RD;;,WRD;;)
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Figure 9 — Heterogeneous policy effect: contour plot of m(rD;,WRD;,) for high levels of internal/foreign
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Table 1 — Model selection

Specifications BIC
1. Semiparametric additive smooth functions, individual time effects (semiparametric random | 218.1777
trend)
2. Parametric, individual time effects (parametric random trend) 235.3614
3. Parametric, multifactor error structure (parametric CCE) 246.0169
4. Semiparametric additive smooth function, multifactor error structure (semiparametric CCE) | 282.6753
5. Semiparametric additive smooth function, two-way fixed effects (semiparametric two-way) | 476.0993
6. Parametric, two-way fixed effects (parametric two-way) 604.5955




