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Abstract
This paper introduces a novel semiparametric econometric framework for policy eval-
uation and estimates a green knowledge production function for a large, 30-year
panel dataset of high-income countries. Due to the substantial uncertainty in the
data-generating process and the potential presence of nonlinearities and latent com-
mon factors, the paper explores semiparametric panel specifications that go beyond
interactive fixed effects fully parametric models. The findings suggest that (i) the semi-
parametric additive specification with individual time trends is the preferred model,
(ii) threshold effects and nonlinearities are salient features of the data that parametric
specifications fail to capture, and (iii) the impact of environmental policy is noteworthy
and exhibits clear heterogeneity when modelled as a nonparametric function of spe-
cific knowledge inputs. The evidence reveals a significant nonlinear policy inducement
effect stemming from R&D investments.

Keywords Green knowledge generation · Environmental policy · Heterogeneous
policy effect · Large panels · Interactive Fixed effects · Spline functions · Model
selection

JEL Classification C14 · C23 · O3 · Q5

1 Introduction

A decarbonized, resource- and energy-efficient economy relies heavily on the global
dissemination of technological innovations (UNIDO 2018). Key technological drivers
over the past three decades include advancements in information and communications
technologies, the rise of the Internet of Things, and the development of automation
and robotics. The development of the green economy represents a significant shift,
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expanding the production possibilities frontier for human wants (Griliches 1990).
This development encompasses both gradual changes and marked discontinuities,
warranting explanations from market and policy perspectives.

Green technological development has also been affected by various environmental
policies over the last few decades. Landmark policies include theUSCleanAirAct, the
1987UNConvention on SustainableDevelopment, the 1992RioConvention, the 2015
COP21 in Paris, and the 2019 European Green Deal. Additionally, globalization and
global macroeconomic factors, such as economic crises, can significantly influence
technological development,with economic crises thatmaygeneratemarket destruction
and creation effects.

Figure 1 displays a bivariate plot of green patents and R&D stock, both presented
in logarithmic scale, for selected OECD countries over the period 1982–2012. The
bivariate plots, along with the corresponding locally estimated scatterplot smooth-
ing (LOESS), unveil intricate and heterogeneous correlation patterns. Most countries
showcase nonlinear patterns, with the U.S. exhibiting an exponential-type pattern.
Germany presents a concave shape, while Italy and Sweden display highly complex
nonlinearities.

Fig. 1 Bivariate plots. Legend Green Patents (y-axis) and R&D Stock (x-axis) for a selected set of OECD
countries (1982–2012). These countries comprise Germany, representing the EU technological leader;
Sweden and Italy, representing nations from the northern and southern regions of the EU; Japan and Korea
as Asian leaders, and the U.S. as the global leader. The relationship is estimated using locally estimated
scatterplot smoothing (LOESS)
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This paper aims to explain green technological development by capturing the com-
plexity of green knowledge generation, emphasizing nonlinear dynamics, global latent
factors, and environmental policies. Specifically, it bridges the knowledge production
function (KPF) framework (Griliches 1990) with the study of green inventions and
environmental policy. This integration seeks to enhance the analysis of green inven-
tions and policy assessments.

Since Griliches’ seminal contribution, the KPF concept has become central in inno-
vation analysis. Micro-level studies have explored firm-level innovation relationships
(Mairesse and Monhen, 2010), while regional studies have assessed the impact of
regional inputs on local knowledge creation, focusing on spillover effects (Charlot
et al. 2015). In the context of green innovations, research has evolved from identify-
ing drivers of eco-innovations to assessing their performance impacts (Kemp 1997;
Costantini and Mazzanti 2012). Notably, the literature on policy-induced innovation
effects (Popp 2002, 2019; Acemoglu et al. 2016; Aghion et al. 2016) explores the rela-
tionship between clean technologies and policies. Studies also examine firm behaviour
under policies like the EU emission trading system (Calel 2020).

However, existing research predominantly focuses on firm-level or sectoral data,
with notable exceptions like Porter and Stern (2000) adopting a macroeconomic per-
spective. Additionally, much of the literature relies on (log) linear specifications, with
some exceptions using nonparametric approaches (Charlot et al. 2015) to allow for a
flexible form and threshold regression models (Nesta et al., 2014) to capture discon-
tinuities in policy effectiveness.

This paper diverges from the existing literature by adopting a macroeconomic
and long-term perspective on green technological dynamics, potentially yielding new
insights into the historical role of policies in stimulating green technologies. Addition-
ally, it employs flexible semi-nonparametric estimators to model the green knowledge
production functions (GKPF), addressing functional form bias and correlated unob-
servable factors bias, which is associated with standard parametric fixed effects
approaches, through the approach proposed by Su and Jin (2012). This method allows
for a nonparametric relationship between dependent and explanatory variables while
considering latent common factors parametrically through interactive fixed effects.

A specific focus of this paper is to assess the effect of environmental policy on
green knowledge. To overcome the common practice to estimate a homogenous effect
across units we considered a binary-by-continuous interaction model with a spline
regression framework (Ruppert et al. 2003; Cardot and Musolesi 2020). With respect
to other approaches like matching estimators, control functions, and machine learning
methods, it is a simple and flexible way to account for heterogeneous policy effect,
which has been largely employed also within an instrumental variables framework
(Antonioli et al. 2020; Cerulli 2014; Das 2005; Wooldridge 2003, 2010).

This modelling choice is motivated by the presence of absorptive capacity and the
potential non-neutral impact of environmental policy, suggesting that the transmission
of policy to technological performance varies based on country-specific investments
in knowledge-driving factors.

In summary, the primary research objectives of this paper are: (i) analysing the
functional form of green knowledge generation with a focus on model uncertainty,
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nonlinearities, and unobserved common factors; (ii) assessing the heterogeneous pol-
icy effects underpinning the GKPF.

Akey result is that environmental policies have significantly driven green inventions
since the early 1980s. Another important result is that the proposed semiparametric
framework offers evidence of relevant nonlinearities, threshold effects and comple-
mentarities. It indeed suggests the need for a critical mass of knowledge inputs to
sustain technological development through a direct effect of these inputs on knowl-
edge but also via an induced policy effect occurring through R&D activity.

The paper is organized as follows. Section2 presents the data. Section3 introduces
the econometric framework, focusing specifically on issues related to specification,
identification, and estimation. Sections 4, 5, and 6 discuss the main estimation results,
focusing on homogeneous policy effects, heterogeneous policy effects, and providing
robustness checks, respectively. Section 7 concludes and offers suggestions for further
research. Supplementary information is provided in the appendices.

2 Data

2.1 The data

We build a new dataset that is a balanced panel dataset covering the period 1982–2012
for 19 OECD countries. Notably, the discrete policy indicator derived from rawOECD
data has a longer time dimension than the OECD Environmental Policy Stringency
Index (EPSI; Albrizio et al. 2017), which excludes the 1980s. This motivated our
decision to construct a new indicator from OECD sources. Opting for a categori-
cal, specifically binary, variable is also grounded in econometric rationale within a
nonparametric framework. It facilitates easier interpretation and mitigates the curse
of dimensionality problem associated with using a continuous policy variable when
considering interactions, as in the present case.

2.1.1 Dependent variable

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 & Trade-
mark Office), and we calculate the number of country-wise patents according to the
inventor or inventors’ country or countries of residence. Patents of an agent belong-
ing 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 geographical
location of the inventors.1

1 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.
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2.1.2 Knowledge inputs

As far as the explanatory variables are concerned, we use the knowledge input set
following Charlot et al. (2015), among others. 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 stock values using the
perpetual inventory method as in Coe and Helpman (1995), assuming the depreciation
rate to be 0.05. The HK is also computed as a stock and is collected from the Penn
World Table version 9.0 (Feenstra et al., 2015).2

To account for knowledge spillovers, consistent with Griliches (1992) and with
a relevant corpus of literature on international R&D spillovers, we consider foreign
RD and foreign HK (WRD and WHK, respectively). We use geographic proximity
(between capitals) as a channel of technology diffusion because of its consistency with
theory (Keller 2002) and for exogeneity reasons, as it may be considered an exoge-
nous proxy for some endogenous measures of socioeconomic, institutional, cultural,
or linguistic similarities that might enhance the diffusion of technology. We use an
exponential decay function that is very common in the spatial econometric literature
concerning international technology diffusion and adopt the same expression as Ertur
and Musolesi (2017), where the foreign capital and human capital stocks, WRDit and
WHKit, are defined as the weighted arithmetic mean of RDit and HKit, respectively,
for j �� i , using an exponential distance decay function, wi j � exp

(−di j
)
such that:

WRDi t � ∑

j ��i
exp

(−di j
)
RD j t

WHKi t � ∑

j ��i
exp

(−di j
)
HK j t

where di j is the spherical distance between two capitals.

2.2 Binary policy variable

Abinary environmental policy variable, denoted asEPit , is considered. A binary index
is chosen for several reasons: (i) the difficulty, as underscored by Johnstone et al.
(2010), in establishing continuous variables across diverse policy types and countries;
(ii) it covers a longer time span compared to commonly adopted continuous measures
such as EPSI , which does not cover the eighties; (iii) it is less susceptible to the curse
of dimensionality problem when estimating a model with interactions, compared to
multiple-category or continuous variables.

Specifically, starting fromOECD raw data sources, policy indices are obtained (see
also Nesta et al. 2014). The information refers to three main domains: air pollution,

2 The stock measure of human capital is grounded on earlier works on the return to schooling and then it
is assumed a log-(piecewise) linear relationship between human capital stock and the average number of
years of schooling.
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climate change, and energy efficiency. We focus on the domain of air pollution reg-
ulations (Berman and Bui 2001) given the relatively longer history of air pollution
policies which also justify the rationale for opting for a more extensive time span. Air
pollution regulation strategy has always represented a pillar of environmental policy
since the US clean air act in the 70’s. It has represented a complement to climate policy
as well (Markandya et al. 2018).

Within the air pollution domain, we first consider a multiple-category policy indi-
cator. These categories are: (i) deposit refund schemes, (ii) fees, (iii) tax rates of
environmentally related taxes, (iv) tradable permits, (v) voluntary approaches, and (vi)
environmentally motivated subsidies. These categories cover a broad spectrum that
accommodate the multidimensionality of policy efforts over market and non-market
instruments (Baumol and Oates 1988; OECD 2016).

Based on the country implementation of regulations over those six categories, the
multiple-category policy indicator, which is labelled as EPbase, specifically assumes
a value ranging from 0, potentially up to six, E Pbase � j , with j � 0,1,..,6, where j
indicates that at least one policy in the air pollution domain is introduced in j categories
(further details in Appendix C).

From that indicator, we derive the binary environmental policy variable, EPit , that
takes the value 1 if one or more policies are introduced at least in two categories, and
0 otherwise,

E Pit �
{
1 if 2 ≤ E Pbase ≤ 6
0 otherwise

The adoption of the above presented binary policy variable is motivated from both
an economic and a statistical perspective (see also Lanoie et al. 2011, p. 824). From
an economic viewpoint, it can be argued that when two or more policy categories are
implemented, the intensity of the policy action increases, and the complementarity
of different actions is potentially introduced. The estimated coefficient may capture
the joint effect (Costantini et al. 2017; Braathen 2007), which may include trade-offs,
distortions, and complementarities (Requate and Unold 2003).

From a statistical perspective, such a choice avoids the estimation problems (the
curse of dimensionality) arising when categories have few observations, as the binary
EP variable presents two homogeneous categories in terms of size, while the basis
six-category variable has categories with a very small number of observations (sup-
plementary information supporting the choice of the binary indicator are available
upon request). Moreover, the estimation problems arising with cells having few obser-
vations are, à priori, particularly severe when allowing heterogeneous effects within
a similar framework to that of Cardot and Musolesi (2020).

We now turn our attention to providing some descriptive statistics for the EP vari-
able. In total, 45% of the observations are treated units. Importantly, the prevalence of
treated units has changed over time. Initially, very few observations were treated (0%
in 1982, 5% in 1983, etc.), but this proportion increased significantly, reaching almost
80% by 2012. In the analysis of cross-country variation, Nordic nations consistently
emerge as proponents of the most stringent environmental policies (Botta and Kozluk
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2014). However, heterogeneity prevails. Notably, Germany exhibits a lagged trajec-
tory, instituting policies from the mid-2000s. In contrast, the United States, an early
adopter since the early 1980s, consistently surpasses the average. Meanwhile, Italy,
Korea, and Sweden demonstrate similar patterns since the early 1990s. Among the
selected countries, Japan is the only nation that did not introduce policies in alternative
categories during the considered period, remaining the only untreated statistical unit.
Detailed results can be found in Appendix C.

3 Semiparametric modelling of green knowledge production
and environmental policies

3.1 Econometric modelling

Tomodel theGKPF,we exploit recent advances in nonparametric panel data regression
with interactive fixed effects (Su and Jin 2012; Gioldasis et al. 2023) and consider the
following model:

G K it � βE Pit + g(RDi t ,HKi t ,WRDi t ,WHKi t ) + νi t

νi t � γ ′
i f ∗

t + εi t (1)

where G Kit measures green patents, g(.) is a real unknown function, and RDit and
H Kit refer to the twomain factors behind inventions, namely, R&D and human capital
stocks.3 W RDit and W H Kit are introduced to consider spillover effects that may
arise from foreign countries. Finally, E Pit is the binary indicator of policy intensity
described in the previous section.

The response and the continuous explanatory variables are expressed in logarith-
mic values. This facilitates the economic interpretation in terms of elasticity. This
also makes the Gaussian assumption more plausible and allows for a straightforward
comparison with parametric models, which are often expressed in log–log form.

The errors νi t in (1) have a multifactor structure, where f ∗′
t � [1, ft ′] with ft

being a vector of unobservable common factors with heterogeneous factor loadings
γ ′

i , and εi t is the idiosyncratic error term. Interestingly, in such an interactive fixed
effects framework, the explanatory variables are allowed to be correlated with both
the individual component and the common factors (Su and Jin 2012; Gioldasis et al.
2023). This dependence allows addressing endogeneity problems due to endogenous
selection and, under fairly weak assumptions, β identifies the average treatment effect.
Moreover, the idiosyncratic error terms are allowed to be serially correlated as well as
weakly cross-sectionally dependent (see Gioldasis et al. 2023 for additional details).

Model (1) contains many others as special cases and allows for a direct comparison
with standard parametric models. With the aim of exploring in more detail the effect

3 It is worth citing Griliches (1990, p.1674) here, 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).

123



A. Musolesi et al.

of E Pit , we also consider in this paper a variant of Model (1) that allows for a
heterogeneous treatment effect via a possible interaction between the policy and the
knowledge inputs, that is:

G K it � βEPi t + gE Pit (RDit , H K it , W RDit ,WHKi t ) + νi t

νi t � γ ′
i f ∗

t + εi t
(2)

where there are two distinct nonparametric functions (one for each level of E Pit ).

3.2 Identification issues

For identification purposes, the following condition is considered:

E
(
g
(
X∗

i t

)) � 0,

where X∗
i t � [RDi t ,HKi t ,WRDi t ,WHKi t ]′. Such a constraint is deemed necessary

in this framework due to the inclusion of the intercept term in the model (refer to Su
and Jin 2012, for detailed explanations). Moreover, when contemplating an additive
structure for g(.), as further explored in this paper, it becomes imperative to impose
an identifiability constraint to the smooth terms even in standard cross-sectional spec-
ifications, as outlined byWood (2017). Specifically, a centering constraint, akin to the
one described above, is deemed optimal for Gaussian responses (Stringer 2023).

To identify β in model (1), let first define X∗
i � [

X∗
i1, ..., X∗

iT

]
and note that:

E
(
G K it |E Pit � 1, X∗

i � x
) � β + g(x) + E

(
vi t |E Pit � 1, X∗

i � x
)
,

E
(
G K it |E Pit � 0, X∗

i � x
) � g(x) + E

(
vi t |E Pit � 0, X∗

i � x
)

Taking the difference between the two conditional expectations yields

E
(
G Kit |E Pit � 1, X∗

i � x
) − E

(
G Kit |E Pit � 0, X∗

i � x
)

� β + E
(
vi t |EPi t � 1, X∗

i � x
) − E

(
vi t |E Pit � 0, X∗

i � x
)

Hence, we obtain that

β � E
(
G Kit |E Pit � 1, X∗

i � x
) − E

(
G Kit |E Pit � 0, X∗

i � x
)

− E
(
vi t |E Pit � 1, X∗

i � x
)
+ E

(
vi t |E Pit � 0, X∗

i � x
)

This implies that a condition for identification of β in model (1) is that:

E
(
vi t |E Pit , X∗

i � x
) � E

(
vi t |X∗

i � x
)

The same condition applies to model (2).
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3.3 Estimationmethod and splinemodelling

3.3.1 Estimation procedure

Econometric theory underlying the estimation has been developed by Su and Jin
(2012). The estimation procedure consists of the following steps.

Following Pesaran (2006), the unobservable common factors ft in (1), are proxied

by the cross-sectional averages Zt � N−1 ∑N
i�1 Zit , where Zit �

[
G K it , X∗′

i t

]′
.

The nonparametric component of the model, g(.), is approximated using sieves and
specifically splines, as they typically provide better approximations (see, for example,
Hansen, 2014). Sieve approximation proceeds as follows. First, an infinite sequence
of known basis functions that can approximate any square-integrable function of x
very well should be chosen. Let K denote the order of approximation (Refer to Su
and Jin 2012 and Gioldasis et al. 2023 for details), under fairly weak conditions,
the unknown function g(.) in (1) can be approximated very well by a linear com-
bination of the first K elements of the chosen basis, i.e., g

(
X∗

i t

) ≈ θ
′
π K

(
X∗

i t

)
, with

π K
(
X∗

i t

) � [
π1

(
X∗

i t

)
, π2

(
X∗

i t

)
, ..., πK

(
X∗

i t

)
,
]′. With the above approximations for ft

and g(.), to estimate (1), the following auxiliary regression equation is considered,

G K it � βE Pit + θ
′
π K (RDi t ,HKi t ,WRDi t ,WHKi t ) + γ ′

i Z
∗
t + uit ,

where Z
∗′
t �

[
1, Z

′
t

]
, the term uit includes εi t and two approximation errors, one

for the unobservable factors ft and the other for the unknown function g(.). The
former approximation error is given by ft − Zt while the latter is the difference

between the unknown function and the sieve approximation, i.e. g
(
X∗

i t

) − θ
′
π K

(
X∗

i t

)
.

In that auxiliary regression framework, the unknown smooth function is estimated as
ĝ
(
X∗

i t

) � θ̂ ′ pK
(
X∗

i t

)
.

3.3.2 Computation

We follow Gioldasis et al. (2023) and employ penalized regression splines (PRS),
as they combine the features of both regression splines, which use fewer 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. PRS
have proven to be useful empirically in many respects (see, for example, Ruppert
et al. 2003), and Gioldasis et al. (2023) who showed that they perform better than
regression (unpenalized) splines. We specifically employ thin plate regression splines
(TPRS), which were 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 requires the estimation
of as many parameters as the number of data points. TPRS avoids the problem of
knot placement that usually complicates modelling with splines and more generally
has some optimality properties, while it is also computationally efficient. TPRS can
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be used for both univariate and multivariate functions. In the latter case, however,
one main feature of TPRS is the isotropy of the wiggliness penalty, i.e., wiggliness in
all directions is treated equally, with the fitted spline entirely invariant to rotation of
the coordinate system. Isotropy is considered desirable when the explanatory variables
have the same units.When this is not the case, isotropy can be avoided by considering a
tensor product basis (Wood 2006), which is constructed by assigning TPRS as the basis
for the marginal smooth function of each covariate and then creating their Kronecker
product. The tensor product smooths are invariant to the linear rescaling of covariates,
and for this reason, they are appropriate when the arguments of a smooth function
have different units. Finally, the smoothing parameter is selected by the restricted
maximum likelihood (REML) estimation, which, relative to other approaches, is less
likely to developmultiple minima or to undersmooth at finite sample sizes.4 A detailed
technical discussion can be found in Gioldasis et al. (2023).

3.4 Methodological contribution

The adopted econometric model specifically addresses five main issues: (i) functional
form and nonlinearities; (ii) latent common factors and cross-sectional dependence;
(iii) model uncertainty; (iv) endogeneity; and (v) heterogeneous treatment effects. We
briefly discuss below why these issues are relevant.

Functional form and nonlinearities: Although a parametric log–log specification is
customary in the literature on the KPF, the precise functional form cannot be straight-
forwardly defined on a theoretical basis, and alternative functional forms could better
approximate the unknown DGP. This relevant issue was recognized, even at the firm
level, in an early work by Griliches (1990, p. 303), who pointed out the "noisiness
in this relation". Moreover, it can be expected 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.

Latent common factors and cross-sectional dependence: The literature on the KPF
has generally adopted a two-way (individual and common time) fixed effects approach
to handle unobserved heterogeneity. Charlot et al. (2015) use a random trend specifi-
cation (see Wooldridge 2005). Both approaches are special cases of the factor model
considered in (1), which introduces cross-sectional dependence as a result of a finite
number of unobservable common factors that may have different effects on knowledge
creation across countries.

Model uncertainty: We recognize the existence of high uncertainty surrounding the
trueDGP. In general, there is a bias-efficiency trade-off when comparing parsimonious
to complexmodels. Considering flexiblemodels is appealing butmay come at the price
of unfeasible or extremely inefficient estimates. For these reasons, we perform model
selection by comparing some alternative models. This is done by exploiting recent
smooth model selection (Wood et al. 2016; Wood 2020) and placebo tests (Heckman

4 Computations are performed within the R environment, and in particular, the semiparametric specifica-
tions are estimated by exploiting the mgcv package.
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and Hotz 1989; Cardot andMusolesi 2020) to assess whether selection bias is properly
accounted for.

Endogeneity of the environmental policy variable and of the knowledge inputs: A
relevant issue to address is the endogeneity of both the knowledge inputs and the policy
variable. As far as the endogeneity of the knowledge inputs is concerned, the literature
motivated such a problem due to the existence of omitted variables, which are likely to
be correlated with R&D and/or human capital, while 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.5

Similarly, as far as the EP dummy variable is concerned, the existence of selec-
tion on both observables and unobservable (Heckman and Hotz 1989), suggests that
correlation between the probability to be ‘treated’, and that both observable and unob-
servable variables is likely to be present. Since we perform model selection, we more
formally discuss this issue in the next section for the selected specification.

Heterogeneous treatment effects: As far as specification (2) is concerned, we relax
the possibly too restrictive assumption of homogeneous treatment effects.

In summary, from a methodological perspective, this paper aims to provide an
incremental contribution with respect to previous works and in particular to the work
by Charlot et al. (2015), as (i) we here consider a model with a multifactor error
structure, which is more general than the random trend specification, by exploiting
more recent works on nonparametric panel data models with multifactor error (Su
and Jin 2012; Gioldasis et al. 2023); (ii) we perform a sound model selection by
exploiting both recent advances on smooth model selection (Wood et al. 2016; Wood
2020) and placebo tests (Heckman and Hotz 1989; Cardot and Musolesi 2020) to
assess whether selection bias is properly accounted for; and (iii) we focus here on the
effect of a binary policy, and in particular, we allow for heterogeneous effects, via
a nonparametric interaction between the discrete policy variable and the knowledge
inputs, which appears, to the best of our knowledge, as totally new in the literature.

4 Homogeneous policy effect

4.1 Model selection

As far as Model (1) is concerned, we perform model selection. When performing
model selection, it is typically assumed that there exists a finite-dimensional “true
model”. Within this view, many model selection methods are defined in terms of an
appropriate information criterion that aims to find the best model for the unknown
true DGP among the set of models under consideration. Information criteria are based
on the idea of balancing fit with complexity in a logic of bias-variance trade-off (see
Claeskens and Hjort, 2008; Konishi and Kitagawa, 2008).

5 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 reducing the
curse of the dimensionality problem; this is a common practice within the KPF literature.
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While both AIC (Akaike Information Criterion) and BIC (Bayesian Information
Criterion) can be used interchangeably for selecting among nested or non-nested mod-
els (Claeskens and Hjort, 2008; Konishi and Kitagawa, 2008), they exhibit different
properties. The AIC, derived as an asymptotic approximate estimate of the Kullback–
Leibler information discrepancy, is not strongly consistent, although it is efficient. In
contrast, the BIC is strongly consistent, making it a preferred choice. Studies (e.g.,
Koheler and Murphee, 1988; Granger and Jeon, 2004) have suggested the superiority
of BIC over AIC in handling macroeconomic data and applications. For these reasons,
we adopt the BIC, as recently proposed byWood et al. (2016) andWood (2020), which
overcomes some limitations of previously proposed smooth model selection criteria.
Specifically, we compare models that incorporate alternative specifications for g(.)
and for the unobserved time effects.

Moreover, to detect misspecifiedmodels, we also consider ‘preprogram’ tests along
the lines depicted by Heckman and Hotz (1989) within a program evaluation frame-
work. As underlined by Heckman et al. (1999), the fact that various methods produce
different inferences would suggest that selection bias is important and that some of
the adopted estimators are likely to be misspecified. Preprogram tests are based on
the idea that a valid estimator would correctly adjust for differences in pre-program
outcomes between future participants and nonparticipants; otherwise, the estimator is
rejected.

The results, which are detailed in Appendix A, indicate that the preferred model
presents additive smooth terms for g(.) and individual time trends (random trend) to
represent the latent common factors. We thus adopt the following semiparametric
random trend model:

G K it � ci + βE Pit + g1(RDi t ) + g2(HKi t ) + g3(WRDi t ) + g4(WHKi t ) + γi t + εi t

(3)

Three main remarks are in order. Firstly, it is essential to note that the preferred
model permits an intermediate-high level of flexibility. This is achieved by allowing
for smooth additive effects of the regressors along with individual linear trends. The
excessively simple models, such as parametric or two-way fixed effects models, are
likely to suffer from severe estimation bias and are rejected. On the other hand, overly
complex specifications like multifactor error models are the most inefficient and are
also rejected (see also Baltagi et al. 2002, 2003).

Second, it is worth noting that allowing for smooth additive terms provides a more
credible identification of the policy effect than that provided by parametric models.
This is because the underlying identification condition (see, for a detailed and more
formal discussion, and Lechner, 2010a, 2015) is a nonparametric one and imposing
linearity or a specific, possibly wrong, functional form may invalidate the estimate.

4.2 Endogeneity issues

The random trend model identifies the parameters and functions of interest under
a conditional strict exogeneity assumption. Indeed, given (3) the strict exogeneity
assumption conditional to the unobserved effects ci and γi can be formulated as
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E
(
εi t |E Pit , X∗

i1, ..., X∗
iT , ci , γi

) � 0, (4)

for t � 1,…,T. Clearly, such a conditional strict exogeneity assumption provides a
more credible identification than the one arising from the individual (one-way) fixed
effects specification, i.e.,

E
(
εi t |E Pit , X∗

i1, ..., X∗
iT , ci

) � 0, (5)

and this is because while condition (5) does not restrict the correlation between ci and[
EPi t , X∗

i1, ..., X∗
iT

]
, condition (4) does not restrict the correlation between

[
ci , γi

]

and
[
E Pit , X∗

i1, ..., X∗
iT

]
, thus providing a more credible identification. Allowing

such an arbitrary correlation handles selection on unobservables (see Heckman and
Hotz 1989; Wooldridge 2005; and Charlot et al. 2015, for detailed discussions). With
a specific focus on treatment effects, it is important to note that the random trend
model, unlike the two-way model (which is equivalent to the difference-in-differences
estimator), does not assume that treated and untreated units would have followed a
common trend in the absence of the policy. This assumption, even when conditioned
on some explanatory variables, is often too restrictive (Abadie 2005).

Moreover, as far as endogenous selection is concerned, EP implementation can
also be related to some observable variables that are also related to GK generation,
such as RD and HK, whose inclusion in the model solves the selection on observables
problem (see Cardot and Musolesi 2020, among many others, for a formal discussion
within the potential outcome framework).

For all these reasons, interactive fixed effect models, such as the random trend
model or the factor model, are typically considered a sound and robust framework
for treatment effect estimation under selection on both observables and unobservables
and have been employed for program evaluation in many empirical frameworks that
are typically characterized by a severe endogenous selection process (Fujiki and Hsiao
2015; Heckman and Hotz 1989; Papke 1994; Gobillon andMagnac 2016; Brown et al.
2006).

Interestingly, placebo tests (Appendix A.2) indicate that the selected specification
provides a good alignment, suggesting that the inclusion of country-specific trends and
allowing for additive smooth effects of the knowledge inputs is crucial for properly
addressing the problem of selection bias.

4.3 Semiparametric estimation of the GKPF: nonlinearities, threshold effects
and average policy effect

The results concerning the additive nonparametric components of Model (3) are pre-
sented in Fig. 2. Here, wemainly focus our attention on the functional relation between
green patents and theirmain inputs, eventually highlighting possible nonlinearities and
threshold effects. The three plots depict the estimated univariate smooth functions for
the inputs that are found to be statistically significant. Note that the smooths are subject
to a sum-to-zero identifiability constraint, implying that the estimated smooths must
be constrained to have a zero mean; confidence intervals are obtained followingWood
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Fig. 2 R&D, human capital, and RD spillover effects on green inventions: estimated univariate smooth
functions. Legend The continuous line shows the estimate of the smooth; the blue area represents 95%
confidence bands, which are obtained followingWood (2006). The black vertical line at bottom of the plots
represents the frequency of the observations over the range of the explanatory variable. The smooths are
subject to sum-to-zero identifiability constraint implying that the estimated smooths must be constrained
to have zero mean

(2006). Moreover, statistical significance is assessed by computing the p-values for
the smooth terms using Wald test statistics as suggested by Wood (2012).6

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 nonsignificance of the WHK is consistent with the
literature focusing on international technology diffusion, which stresses the role of
spillovers arising from R&D (Ertur and Musolesi 2017).

Figure 2 shows that as expected, the estimated smooth functions are highly nonlin-
ear, with relevant threshold effects. Indeed, for all three significant variables (RD, HK,
andWRD), a criticalmass is necessary to ensure an effective impact on green patenting.
This result is consistent with some related literature focusing on nongreen knowledge

6 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.
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creation and/or different levels of aggregation (Charlot et al. 2015).7 Evidence for RD
andHK 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&Dover the last decades, such as Japan, theUSA,Germany, SouthKorea,
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 (Dechezleprêtre et al. 2009). Nevertheless, investing in R&D matters if
substantial thresholds are structurally surpassed. It is worth noting that 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 pre-existent, dense
R&D environment. Section5.1 below focuses on the analysis of interactive policy
effects to shed further light. Spillovers are the other key component of technological
inducement (Verdolini and Galeotti, 2011).

As for the effect of the policy, which is assumed here to be constant both across
countries and over time, the parameter β, which also identifies the average treatment
effect, is estimated to be 0.09 and is almost significant at the 5% level (p value� 0.055).
This result thus indicates a positive effect, albeit rather small in magnitude.8 Provided
that the dependent variable is logarithmic, the estimated policy effect represents the
percentage change in the predicted GK when EP � 1 versus when EP � 0, holding
the other factors constant.9

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 amore 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.

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 (1997) 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.
9 More formally, this percentage difference is given by 100

[
exp

(
β̂
)

− 1
]

123



A. Musolesi et al.

In summary, the estimation of a semiparametric random trend model indicates that
the long-run evolution of green inventions was 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.

5 Heterogeneous policy effect

5.1 A binary-by-continuous interaction framework

Common practices in program 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 (3) was extremely useful because it
allowed us to (i) conduct a direct comparison with parametric models (see Appendix
B) and (ii) focus attention on the functional relation between patents and knowledge
inputs, which is one of the goals of this paper.

In this section, we extend the previous analysis by searching for possible hetero-
geneous policy effects. Specifically, we consider a binary-by-continuous interaction
model within a spline regression framework (Ruppert et al. 2003; Cardot andMusolesi
2020), as in Eq. (2). This allows us to obtain two distinct nonparametric functions (one
for each level of the policy) for each continuous explanatory variable, representing a
simple and flexible way to account for heterogeneous policy effects.

Given the identification condition that was previously discussed in Sect. 3.2, i.e.

E
(
vi t |E Pit , X∗

i � x
) � E

(
vi t |X∗

i � x
)
,

the policy effect can be defined as follows:

βi t � E
[
G K it |X∗

i t , E Pit � 1
] − E

[
G K it |X∗

i t ,EPi t � 0
]

In the binary-by-continuous interaction framework of Eq. (2), the policy effect
βi t is a function of the continuous explanatory variables. If additivity is imposed, it
can be expressed, given the vector of continuous covariates X∗

i t , with the following
specification:

βi t � β +
4∑

j�1

m j

(
X∗

j i t

)
(6)

where m j

(
X∗

j i t

)
� g j,E Pit �1

(
X∗

j i t

)
− g j,E Pit �0

(
X∗

j i t

)
are unknown smooth func-

tions satisfying the centering identifiability constraint that was previously discussed,

i.e., E
[
m j

(
X∗

j i t

)]
� 0, j � 1, ..., 4.
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Notably, in such a framework, the policy effect βi t is decomposed as the sum of a
constant β plus a nonparametric function of the explanatory variables. This nonpara-
metric function is represented by the difference between two smooth functions, each
one corresponding to a different level of the binary policy variable.

As noted in Ruppert et al. (2003, see p. 225 for a thorough discussion),
the fitted curves do not depend on which constraint is adopted, but the inter-
pretation of the parameters does. Importantly, under the centering constraint

E
[
m j

(
X∗

j i t

)]
� 0, j � 1, ..., 4, β represents the average treatment effect, and the

function m j (.) indicates how the mean effect of the policy varies with the knowledge
input j.

The rationale behind such a modelization lies in the presence of absorptive capacity
and nonneutral 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, 2002).

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 stressed in Dosi (1982).

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’s capacity
to absorb the effect of the policy, translating this into inventions. Moreover, this may
happen with possibly complex nonlinear shapes. To the best of our knowledge, the
possible existence of (possibly complex) nonlinear induced effects has never been
addressed in previous studies.

5.2 Selecting nonparametric interaction terms

To precisely define the model to be estimated, we adopted the following procedure:
i) We first adopt a backward selection procedure to select the variables to be con-

sidered to estimate the model. The initial model contained all four knowledge inputs
interacted with the binary policy variable, i.e.

G K it � ci + βE Pit + g1E Pit (RDit ) + g2E Pit (HKi t ) + g3E Pit (W RDit ) +
g4E Pit (W H K it ) + γi t + εi t .

The nonsignificant binary-by-continuous smooth terms g j E Pit (.) were replaced
with univariate terms, g j (.), and then they were finally removed if still nonsignificant.
This procedure led us to retain only two significant binary-by-continuous smooth
terms, i.e., domestic and foreign R&D, while domestic and foreign human capital
entered the model without interacting with the binary policy:
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G K it � ci + βE Pit + g1E Pit (RDit ) + g2(H K it ) + g3E Pit (W RDit )

+ g4(W H K it ) + γi t + εi t
,

so that

βi t � β + m1(RDi t ) + m2(WRDi t ).

ii) The model above presents only two binary-by-continuous interaction terms,
g1E Pit (RDi t ) and g3E Pit (WRDi t ), and such a small dimension allows considering a
bivariate smooth function instead of additive functions. For this reason, we employed
an approximate ANOVA test procedure (see Wood 2017) to compare the additive
specification

G K it � ci + βE Pit + g1E Pit (RDit ) + g2 (H K it )

+ g3E Pit (W RDit ) + g4 (W H K it ) + γi t + εi t

with the following one, which introduces a bivariate smooth function
G K it � ci +βE Pit +g1E Pit (RDit , W RDit )+g2(H K it )+g4(W H K it )+γi t +εi t .
The ANOVA test indicates that the additive structure is strongly rejected in favour

of the model above that exploits a bivariate regression function for RD and WRD, so
that the policy effect can be expressed as

βi t � β + m(RDit , W RDit ).

5.3 Estimation: unveiling nonlinear policy inducement effects

According to the model selection procedure discussed above, we adopt the following
specification:

G K it � ci + βE Pit + g1E Pit (RDit , W RDit ) + g2(H K it ) + g4(W H K it ) + γi t + εi t

(7)

The results indicate that the estimated average effect of the policy is positive and
sizeable, with β̂ � 0.15, and is 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.

For the estimated function m̂(RDi t ,WRDi t ), Fig. 3 draws the contour plot of the
estimated bivariate function m̂(RDi t ,WRDi t ). Note that the contours indicate the
varying component of the policy effect, i.e., the effect of the policy that varies non-
parametrically with RD and WRD, while the total estimated effect of the policy is
given by:

β̂i t � 0.15 + m̂(RDi t ,WRDi t ).

Overall, over the whole domain of RD andWRD (Fig. 3, top), there is evidence that
the effect of the policy nonlinearly andmonotonically increaseswith both domestic and
foreign R&D, pointing again to the joint relevance of internal and external knowledge
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Fig. 3 Heterogeneous policy effect: contour plot of m̂(RDit , W RDit ).Legend. HeterogeneousPolicyEffect
(Interactive Policy Effect). Contour plot for the entire domain (on the top), specific domain’s ranges (bottom
panels)

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, where m̂(RDi t ,WRDi t ) < 0 (Fig. 3, middle), and at the very extreme
m̂(RDi t ,WRDi t ) � −0.5, so that the total effect β̂i t is negative over part of the anal-
ysed 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.

In the second, and most relevant, macro region, we observe m̂(RDi t ,WRDi t ) ≥ 0
(Fig. 3, bottom right). This region corresponds to most of the domain of RD and
WRD. Specifically, it can be expected that environmental policies’ effects on inno-
vation require a critical amount of core investments in knowledge to exert the
dynamic efficiency effects that theory predicts (Milliman and Prince 1989; Requate
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and Unhold, 2003), and indeed, for average levels of internal/foreign R&D, we find
that m̂(RDi t ,WRDi t ) � 0 so that β̂i t � 0.15 (Fig. 3, bottom left).

Then, by increasing the level of RD/WRD, we find that threshold effects again mat-
ter 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 m̂(RDi t ,WRDi t ) turns positive and monotonically increases with
both variables, up to a maximum at which m̂(RDi t ,WRDi t ) � 1.5, so that in that
region of the domain, 0.15 ≤ β̂i t ≤ 1.65.

Twomain 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, signalling 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 the
environmental policy: 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.

The significance of R&D spillovers compared to HK effects is possibly due to the
greater historical emphasis of technological innovation flows in the international set-
ting (e.g., environmental international agreements), especially after theKyoto Protocol
on climate change was signed in 1998, a key milestone, and its ratification across most
countries in the years that followed. It is also worth noting that over the 1998–2012
Kyoto protocol period (with 2008–2012 as the first commitment period), schemes
such as the Clean Development Mechanisms and Joint implementation boosted vari-
ous project-based technological exchanges aimed at abating emissions (Costantini and
Sforna 2014). The focus of the international community was on the (more mobile)
role of technologies to mitigate emissions along the development convergence path.
Although it is true that technological flows can also incorporate human capital as
‘embodied’ in the exchanges of technologies (Marin and Mazzanti 2021), one could
argue that overall, human capital investments are generally more localized in geo-
graphical terms with respect to both the governance level of education and training
expenses, partially more specific (training is general and specific in kind) and their
effects largely on state/national labour markets (Popp et al. 2020). On the ‘features’
of R&D and training as knowledge-based capital, the OECD (2013) highlights that
‘While R&D exhibits properties of partial excludability and nonrivalry, other forms
of KBC may have a smaller impact on growth (and have also been less studied). For
instance, firm-specific human capital, and much of brand equity, are highly excludable
and rivalrous” (p.22).
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6 Sensitivity analysis: assessing the effect of OECD EPS Index

In this section, we check the sensitivity of our results with respect to the consideration
of a continuous environmental policy measure, i.e. the EPSI , which has been often
employed in the literature. In doing so, the sample must be restricted to the period
1990–2012.

Such variable is obtained from the OECD database; it spans from 0, indicating
the least stringent, to 6, representing the highest degree of stringency, and displays
a bimodal distribution, with most observations concentrated between the two peaks
around 1 and 3. This phenomenon likely mirrors the temporal progression of envi-
ronmental policies, with one mode indicative of early adopters and the other mode
representing countries that embraced such policies at a subsequent stage in the time-
line.

Our attention in the estimation is directed towards the preferred semiparametric
random trend model. Given the continuous nature of EPSI, all explanatory variables
(all in logs) are incorporated into themodel through a nonparametric univariate smooth
term, i.e.:

G K it � ci + g1 (E P SI it ) + g2 (RDit ) + g3 (HKi t )

+ g4 (W RDit ) + g5 (W H K it ) + γi t + εi t

The results suggest that EPSI is statistically significant at a 10% level (p value
� 0.08). The estimated smooth function for the policy variable EPSI (depicted in
Fig. 4a) exhibits amoderately non-linear pattern. Specifically, up to a certain threshold,
corresponding approximately to the fourth quantile of EPSI, the estimated smooth is
relatively flat, and afterward, it shows a slight positive pattern. This finding aligns with
the results obtained when considering a binary policy variable, where a small positive
and marginally significant effect was observed (p value � 0.055).

Moreover, the first derivative of the estimated smooth function (Fig. 4b) gives infor-
mation about the elasticity that may be directly compared to the estimated parameter
of EP in (3), i.e. β̂. It is worth noting that the estimated mean elasticity of EPSI is 0.1
(Fig. 4c). Notably, this value is very close to the estimated effect that was obtained
when employing the binary policy variable EP (β̂ � 0.09; see Sect. 4.3).

Finally, akin to the approach in Sect. 5.3, we endeavored to estimate models involv-
ing the interaction of the continuous policy variable EPSI with knowledge inputs.
Regrettably, the results were notably influenced by sparse data. The estimated smooth
function exhibits substantial gaps, encompassing at least one-third of the domain (addi-
tional details available upon request), without yielding any supplementary insights
compared to what we gleaned from the binary variable.

In summary, using the binary policy variable EP not only enables consideration
of a larger time span but also facilitates easier interpretation and mitigates the curse
of dimensionality problem associated with using a continuous policy variable when
considering interactions, which is one of the main focuses of the paper.
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Fig. 4 Estimated smooth function of EPSI (a); Estimated first derivative (b) and density plot (c). Legend
(a) The continuous line shows the estimate of the smooth; the blue area represent 95% confidence bands.
The black vertical lines at bottom of the upper plot represents the frequency of the observations over the
range of the explanatory variable. The smooth is subject to sum-to-zero identifiability constraint implying
that the estimated smooths must be constrained to have zero mean. (b) The estimated first derivative of the
estimated smooth function of EPSI via finite differences and 95% confidence bands. (c) The kernel density
plot of the estimated first derivative, with bandwidth selected using biased cross-validation

123



Modelling green knowledge production and environmental policies…

7 Conclusion

Thepaper takes amacroeconometric long-runperspective to examine greenknowledge
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. Consequently, the
work has considered semiparametric panel data specifications with interactive fixed
effects. The modelling 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 nonparametrically 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 economic
and statistical points of view. It is specifically found that to fully unveil the signif-
icance 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 indi-
cates 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 comple-
mentarity 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 favourable setting for substantial policy inducement effects to appear.

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