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Abstract: The objective of this paper is to analyze the effects of technology externalities stemming
from different technological sectors for international firms engaged both in water pollution abatement
and in dirty activities. We present a theoretical framework and an empirical analysis based upon
a dataset composed of worldwide R&D-intensive firms. In order to identify the technological
proximity between the firms, we construct an original Mahalanobis environmental industry weight
matrix, based on the construction of technological vectors for each firm, with European ecological
patents distributed across more technology classes. Opportune econometric techniques that deal
with the firms’ unobserved heterogeneity and the weak exogeneity of the explanatory variables are
implemented. The findings show significant spillover effects on the productivity and environmental
performance of the firms.
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1. Introduction

In advanced economies, successful modernization has brought forth new concerns about the
long-term ecological viability of an advanced industrial society and renewed questions about the
relation between material success and more fundamental human values, as discussed in Nelson and
Winter [1]. Indeed, the roles of information, the formation of expectations by economic actors, the
analysis of markets due to various imperfections, and issues relative to the efficiency of market systems
have been identified as key elements of theoretical economics [1]. Many countries devote their efforts
to foster economic growth, but this activity is often accompanied by the excessive use of natural
resources. Thus, the sustainability issue assumes a key role in firms’ economic achievement. In the
past, technological innovation in dirty production, characterized by continuous changes related
to progress along a trajectory defined by a paradigm [2], has guaranteed continuous economic
growth. The endogenous nature of market structures associated with the dynamics of innovation,
the asymmetries among firms in technological capabilities, and the nature of diffusion processes
have been deeply investigated [3], but now the attention paid to environmental issues requires a
stronger complementarity with more sustainable production, based on new, cleaner alternatives [4].
Environmental innovations represent a fundamental role in the process of integration between
competitiveness and sustainability [5–8].

Literature about innovation frameworks has paid attention to the complementarity between dirty
innovations and environmental ones [9–12]. Based on the background provided here, the overall aim
of this paper is to analyze the effects of technological externalities in a particular natural resource
sector: the environmental goal of water pollution abatement. The relevance and innovative nature of
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this study are based on the gap between empirical research and comparative studies investigating the
effects of external sustainable innovation on firms’ productivity and environmental performance.

Since the analysis of sectoral patterns of technical change leads to relevant taxonomy based on
firms, which has implications for the understanding of the sources and directions of technical change,
firms’ diversification behavior, and the dynamic relationship between technology and industrial
structure [13], in this paper we focus our attention on the analysis of integration processes between
ecological activities. To this end, we identify technological patent classes of water pollution abatement
for 240 large international firms located in the USA, Japan, and Europe, and we evaluate their
Mahalanobis proximities. Since Jaffe’s proximity assumes flows only occur within the same technology
class, Marshall-Arrow-Romer (MAR), intra-industry, or specialized externalities [14–17], but rule out
spillovers between different classes, Jacobian, inter-industry, or diversified externalities [18], we use
the Mahalanobis index [19,20] based on the frequency that patents are taken out in different classes by
the same firm, and the co-location [21]. On the basis of the environmental technology matrix based on
the Mahalanobis approach, we evaluate the effects of MAR and Jacobian environmental spillovers on
firms’ productivity and environmental performance.

The paper is structured as follows: Section 2 introduces a theoretical framework of firms’ activities;
Section 3 describes the data used in the empirical analysis; Section 4 presents the empirical analysis of
three environmental targets including water pollution abatement, waste management efficiency, and
energy production efficiency by economic area; and Section 5 concludes the paper.

2. Theoretical Framework

In the hope of deepening our empirical analysis, this section will provide a basic theoretical
economic framework, with different sectors whose production will follow suitable abatement
technologies for aquifer pollution, and be the result of the combination of a variety of technology
classes, with physical, human, and knowledge capital. Inspired by Bretschger et al. [22], the final
output of a sector, Y, may be taken as the arrangement of two different output techniques: the water
pollution target (YW) and the market target (YN), written as:

Y = αYN + (1 − α)YW (1)

with: 0 < α < 1,
YN = YN(CN , KN , HN) (2)

YW = YW(CW , KW , HW) (3)

KN = KN(KW) (4)

KW = KW

(
BW ; BR

W

)
(5)

BW = BW(χ) (6)

BR
W = BR

W

(
χR
)

(7)

χ =
n

∑
i=1

aixi (8)

with: 0 < αi < 1, and

χR =
n

∑
j=1

ajxR
j (9)

with: 0 < αj < 1.
CW and CN , HW and HN stand, respectively, for physical and human capital according the two

different techniques; the innovation technology effects are captured by the knowledge capital levels
denoted by KW and KN , and patents denoted by BW , depending on χ, a variable which measures the
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effects of a variety of technological fields xi. Finally, BR
W , χR stand, respectively, for patents, and the

variable xR
j catching the special effects of the three different technological fields from abroad. We may

easily derive that:

Y = αYN

{
CN , HN , KN

[
KW

(
BW

(
n
∑

i=1
aixi

)
, BR

W(
n
∑

j=1
ajxR

j )

)]}
+ (1 − α)YW

{
CW , HW , KW

(
BW

(
n
∑

i=1
aixi

)
, BR

g (
n
∑

j=1
ajxR

j )

)}
(10)

The short-run impacts of innovation on YW and Y may be written, respectively, as:

dYW =
∂YW
∂CW

dCW +
∂YW
∂HW

dHW +
∂YW
∂KW

{
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∂BW
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[
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]
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(11)

dY = (1 − α)

{
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+ α

{
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From the inspection of Equations (11) and (12), we can test the two following research hypotheses:
H1: The integration process between environmental technology fields (water pollution abatement)

is relevant in the computation of spillover components of firms; and
H2: The effect of spillovers due to specialized water pollution abatement technology fields (MAR

externalities) on firms’ productivity is positive.

3. Data

As in Aldieri et al. [23], we use information from the OECD REGPAT database, February
2016 [24] (See Maraut et al. [25] for the methodology used for the construction of REGPAT. Please
contact Helene.DERNIS@oecd.org to download REGPAT database). This dataset covers firms’ patent
applications to the European Patent Office (EPO), including patents published up to December
2015. The dataset covers regional information for most OECD and EU27 countries, plus BRICS
countries. In particular, we match the name of the same 240 firms to the applicant’s name from the
2013 EU Industrial R&D Investment Scoreboard and the JRC Scientific and Technical Research series
(http://iri.jrc.ec.europa.eu/scoreboard.html [26]), as in Aldieri [20].

The matching between the firms and their counterparts in the OECD REGPAT database, February
2016 [24], is not easy and leads to one difficulty: many large firms have several R&D-performing
subsidiaries in several countries and, thus, it is hard to link the patents applied by these subsidiaries
to the parent company. Unfortunately, we cannot prepare an accurate mapping because of changes
through mergers and acquisitions processes. We follow two steps: patents are assigned to firms on the
basis of their generic name, and this procedure is repeated for each firm of our sample [20]. The third
source of data is the World Input Output Database (WIOD), which is made up of four different accounts
(world tables, national tables, socioeconomic accounts and environmental accounts). For the purposes
of this paper, we use the environmental accounts providing CO2 emission variables by country and
by year.

As in Marin and Lotti [27], environmental innovations are identified through appropriate
indicators on patent data, according to their technological class [28]. In Table 1, we report those
patents with IPC codes belonging to the groups selected by the OECD or the World Intellectual
Property Organization (WIPO).

Table 1. Environmental patent classes.

Macro
Category Sub-Category IPC

Water Water pollution abatement C02F E03F E02B C09K C05F B63J E03C E03B

http://iri.jrc.ec.europa.eu/scoreboard.html
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As we can see from Table 1, we focus our attention on the water pollution abatement
environmental goals of firms. In particular, we analyze the integration process degree between
environmental technology classes, as discussed in the previous sections.

Figure 1 presents the distribution of water pollution abatement patents by economic area. As we
can observe from the figure, European firms tend to specialize in the water environmental target.
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The aim of this paper is to investigate the integration degree between technology classes of
environmental patents. Since Jaffe’s proximity assumes flows only occur within the same technology
class, (MARS externalities), intra-industry, or specialized externalities, but rules out spillovers between
different classes, Jacobian, inter-industry, or diversified externalities, we use the Mahalanobis index
based on the frequency that patents are taken out in different classes by the same firm and the same
co-location. Thus, we compute an Environmental Technology Matrix based on the Mahalanobis
approach [23].

4. Empirical Framework

4.1. Model Specification

To identify the impact of environmental spillovers on firms’ productivity, we consider the
following specification model:

ln Yit = αi + λt + β1 ln Lit + β2 ln Cit + β3 ln Kit + γ1 ln MARSit + γ2 ln JSit + εit (13)

where:

ln = natural logarithm;
Yit = productivity measured by net sales for firm i and year t;
Cit = physical capital stock for firm i and year t;
Lit = number of employees for firm i and year t;
Kit = R&D capital stock of firm i and year t;
αi = firm’s fixed effects;
λt = set of time dummies;
MARSit = vector of Marshall-Arrow-Romer spillovers for firm i and year t;
JSit = vector of Jacobian spillovers for firm i and year t;
β, γ = vectors of parameters; and
εit = disturbance term.

Moreover, in order to evaluate the environmental performance of knowledge spillovers, we
also estimate another model with the ratio between productivity and CO2 (SCO2) as the dependent
variable [29] and regressors such as those in Equation (13). In Table 2, we show the summary statistics
of our sample. In particular, we consider both the environmental spillovers based on the Mahalanobis
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procedure [23] and the R&D capital stock based on the perpetual inventory method [30] with a 5%
initial growth rate and a 15% depreciation rate.

Table 2. Summary statistics.

Variable Mean a Std. Dev.

lnY 8.50 1.450
lnSCO2 21.68 4.021

lnC 7.49 1.584
lnL 9.97 1.360
LnK 7.15 1.426

lnMARS 0.09 0.328
lnJS 0.10 0.383

a: 1837 observations.

4.2. GMM Estimation Procedure

To address both firms’ unobserved heterogeneity and the weak exogeneity of the explanatory
variables, we estimate Equation (13) using a one-stage generalized method of moments (GMM)
estimator (see Arellano and Bover [31] and Blundell and Bond [32]), which combines the standard set
of equations in the first difference with suitably lagged levels as instruments (GMM in first differences),
with an additional set of equations in levels with suitably-lagged first differences as instruments,
as in Aldieri and Cincera [33]. The validity of these additional instruments, which consist of first
difference-lagged values of the regressors, can be tested through over-identification tests. The one-stage
GMM (GMM SYS) estimator can lead to considerable improvements in terms of efficiency compared
to the GMM in the first differences (GMM FD).

In Tables 3 and 4, we present the empirical estimates for the GMM SYS estimator. In particular,
we show the effects of specialized activities’ spillovers (MARS) and diversified technology fields’
spillovers (JS) on firms’ productivity in Table 3, and we show the environmental performance effects
of spillovers in Table 4. We lag the environmental spillover components by a year in order to reflect
the delayed response and also to mitigate contemporaneous feedback effects.

Table 3. Productivity of environmental spillover effects: GMM estimates.

Dependent Variable: ∆ lnYt

Estimate S.E. a

∆lnY(t – 1) 0.77 *** (0.059)
∆lnL 0.19 *** (0.048)
∆lnC −0.01 (0.032)
∆lnK 0.09 *** (0.028)

∆lnMARS(t – 1) 1.03 ** (0.525)
∆lnJS(t – 1) −0.85 ** (0.448)
AR (1) c test z = −5.21 p > z = 0.000
AR (2) test z = 0.33 p > z = 0.742

Hansen b: χ2 (129) = 141.71 [0.210]

Notes: a: heteroskedastic-consistent standard errors; b: Hansen test of over-identifying restrictions, p-value in
square brackets; c: AR(1) and AR(2) are tests for first- and second-order serial correlation; ***, **, coefficient
significance at the 1% and 5% levels, respectively. Country, time, and industry dummies included. Endogenous
variables are physical capital, labor, R&D capital stock, and spillovers. Instruments are lagged values (2–9) of all
explanatory variables.
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Table 4. Environmental performance of spillover effects: GMM estimates.

Dependent Variable: ∆ lnSCO2t

Estimate S.E. a

∆lnSCO2t (t – 1) 0.82 *** (0.045)
∆lnL 0.44 *** (0.107)
∆lnC −0.08 (0.076)
∆lnK 0.22 *** (0.068)

∆lnMARS(t – 1) 2.46 ** (1.230)
∆lnJS(t – 1) −2.04 ** (1.052)
AR (1) c test z = −5.82 p > z = 0.000
AR (2) test z = 0.15 p > z = 0.884

Hansen b:χ2 (129) = 146.93 [0.134]

Notes are the same as those in the previous table.

As the model is over-identified in the sense that there are more instruments than parameters
to be estimated, the validity of the instruments can be tested by means of the Hansen test for
over-identified restrictions. Considering the set of instruments used and the need to satisfy the
orthogonality conditions, it helps to verify the null hypothesis of the joint validity of the instruments.
The Hansen test statistic is X2 distributed under the null with (p–k) degrees of freedom (where p is the
number of instruments and k is the number of variables in the regression).

The model specification includes country, time, and industry dummies, which capture the
impact of factors that change over time, but not over the cross-sectional dimension of the sample.
Table 3 presents the Hansen test of over-identifying restrictions and tests for first-order (AR (1)) and
second-order (AR (2)) serial correlation tests of first-differenced residuals. The result of the AR (2) tests
is consistent with the assumption of no serial correlation in the residuals in levels and the Hansen
tests do not reject the null hypothesis of valid instruments, indicating that the instruments are not
correlated with the error term.

The interesting results are relative to causal effects of environmental spillovers on productivity
and environmental performance. In particular, specialized environmental technology fields’ spillovers
(MARS) have a positive impact, while the diversified activities portfolio (Jacobian spillovers) has a
negative impact, thus confirming the theoretical predictions. This finding is extremely important for
policy implications. In addition to European incentives to favor the complementarity between dirty
and environmental activities to balance competitiveness and sustainability, the integration between the
water pollution abatement technology fields is also crucial for a fully-sustainable achievement of firms.

5. Conclusions

The motivation for developing this investigation stems from questions about outcomes of
economic areas that excel in the global economic scene. According to Paredis [34], all countries
have responsibilities for achieving sustainable growth, but the industrialized countries should take
the lead.

Related to the importance of technological innovation for the economic growth of countries, the
paper explores the integration process between dirty activities and environmental ones, such as water
pollution abatement.

The relevance and the innovative nature of this study are based on the gap between empirical
research and comparative studies investigating the effects of external sustainable innovation on firms’
productivity and environmental performance.

In particular, the aim of this paper is to investigate the role of externalities stemming from different
technological sectors in the water pollution abatement field for international firms engaged in both
environmental and in dirty activities. Indeed, the importance of analyzing the sectoral patterns of
technical change is well documented [13]. Literature about innovation frameworks has paid attention
to the complementarity between dirty and environmental innovations. The results of these studies
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lead to the lack of integrated innovation adoption behind environmental productivity performance.
We present a theoretical framework and an empirical analysis of the United States, Japan, and Europe
based on a dataset composed of worldwide R&D-intensive firms. In order to identify the technological
proximity between the firms, we construct an original Mahalanobis environmental industry weight
matrix, based on the construction of technological vectors for each firm, with European ecological
patents distributed across more technology classes. The final results evidence a significant impact of
environmental spillovers on firms’ productivity.

The analysis presented here is not intended to exhaust the discussion. Indeed, more empirical
investigations of other environmental goals should be performed to generalize our results.
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