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Abstract

By estimating a simultanesipanel data model @nvironmental innovatioand policy,

this paper identifies kdirectional causal links between the twé/e studya panel of 127

manufacturing indusies over the period 1980 2002. Pollutant emissionsre usedo

measure policy stngencyand environmental patent counts t@asure environmental

innovation. After accouning for the joint endogeneity we find that environmental

innovation is an important driver of U.S. environmental policy and attendant reductions

in toxic emissions aar time. Conversely,we find that environmental policy induces

i nnovation. However, our estimates iindicat e
the proportionate contribution of induced innovation to tamg emission reduction is

small.
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1. Introduction

Does environmental policy spur innovation in environmental technology?
Alternately, does environmental invation lead to a tightening of environmental
standards, reflecting the lower pollution abatement costs associated with better
technologies? Recent empirical work focuses on the first question, finding evidence of
induced innovation. In particular, higheollution abatement expenditures (PAE)
attributable to tighter environmental policy are estimated to increase rates of
environmental patenting (Jaffe and Palmer, 19Biynnermeierand Cohen, 2003).
However, in principle, causal effects may go inhbdirections environmental policy
may spur innovation, and innovation may spur tightening of environmental policy

This observation is iportant for at least threeasons. First, not only does one
want to understand whether and how environmental ypobm yield derivative benefits
in environmental innovation, but it is also of interest to understand whether regulators
tighten environmental standards in response to innovation, as would be an efficient
response to lowered costs of environmental compdiaamd would imply some sharing of
the benefits of innovation with the general public. Second, even if one is only interested
i n Ai nduc e dhow policy affacts iresearoh outconiesne needs to account
for the other direddn of causal effect. That is, innovation and policy are, at least in

principle, jointly determined. Hence, estimates of induced innovation effects that fail to

%1n a growing literature, economisttudy the links between different environmental policy instruments

and innovation incentives on a theoretical level, comparing emission taxes, marketable permits, technology

mandates and performance standards, with and without technology spilloversearigppatections (see

Requate, 2005a; Montero, 2002; Biglaiser and Horowitz, 1995). In this literature, the government typically

commits to a given setting of a given regulatory instrument and allows innovation to respond accordingly.

However, there isansiderable anecdotal evidence that government environmental policegtemdso
environment al i nnovation, often with requirements for
(Jaffe, et al., 2002). Such responsive policies also providegincentives for environmental innovation,



account for the joint endogeneity of innovation and policy are likely to be bidged,
ultimately one would ke to understand whether, and to what extent, tightened
environmental policy can stimulate innovation and thereby yield additionalriong
environmental dividend$ long-run pollution reductiondeyond those required by the
initial tightening of standardsBecause these additional pollution reduction effects
multiply the initial pollution reduction, they represent what we call an environmental
policy multiplier. To identify such benefitsequires studying both directions of causal
effect between policy alresearch outcomes

The purpose of this paper is to studysthei-directionaleffects Specifically, we
examine 127 manufacturing industries over the fourtesam period 1989 2002.
Changes in environmental technologies, as measured by the numbesirohreental
patents, can lead to changes in effective environmental standards, which in turn drive
observed emissions. Emissions in turn proxy for the changes in standards that drive
environmental R&D and, hence, resulting patents. In view of the joietrdetation of
research and pollution outcomes, we estimate two simultaneous equations, using
appropriate instruments to identify each endogenous variable.

This paper contributes to a surprisingly small empirical literature on
environmental innovatioh. This literature focuses on the effects of pollution abatement

expenditures (PAE) on innovative activity. Jaffe and Palmer (1997) find evidence for the

as they offer successful i nnovators a fiready mar ket o
(2002) study such responsive policies in an imperfectly competitive market setting, showing litdes flex

emission taxes and standards can be combined to elicit both optimal pollution levels and optimal

environmental R&D (see also Requate, 2008¥%i}h responsive policies, pollutant emissions and

environmental R&D are jointly determined as successful Rg@mpts policy change and attendant

pollution reductions, and as anticipated policy change (and attendant tightepoitutén standards)

spurs nevR&D.

® There is of course an extensive empirical literature on generic R&D and R&D spillovers (eRpksse

and Grilliches, 1984, Jaffe, et al., 1993; Adams and Jaffe, ¥d6t@ie, 1996; Lerner, 1997; Orlando,

2004).



induced innovation hypothesis in U.S. indudeyel panel data on total (environmental

and norenvironmatal) R&D expenditures and patent counts. Lanjouw and Mody
(1993) also find informal evidence that environmental innovation is induced by higher
PAE, presenting tabular data on environmental patents and control costs from the U.S.,
Germany and JaparBrunnermeierand Cohen (2003) are the first to estimate a model
that links PAE to U.Senvironmentapatent counts, again finding evidence in support of
the induced innovation hypothesis.

Our work differs from previous studies primarily because we studgael ofbi-
directional links that explicitly accounts for the joint determination esfvironmental
policy and environmental R&D In doing so, we use a more direct measure of policy
stringency, emissions as opposed to PABAE costs are problematic wheme is
interested in bidirectional effects. The reason is that innovation can be expected to lower
PAE costs directly, but indirectly raise them due to a stimulated tightening in emission
standards. Our more direct measure of regulatory stringencyesnablto identify the
latter link between innovation and policy.

Because the two directions of causal effect are expected to be reinfoiootl
negative, with higher emissions lowering research incentives, and greater research output
lowering environmetal standard$ one expects that our accounting for joint endogeneity
will dampen estimated impacts in both directions. We nevertheless find-palieged

innovation and innovatiemduced policy effects that have the predicted negative sign,

* See also related work by Popp (2002), who studies induced innovation in energy production. In addition,
Newell, Jaffe and Stavins (19983sess the effects of energy prices and energy efficiency standards on
innovation. Finally, like usManagiet al., (2005) are interested indirectional links between technology
change and environmental policy stringency, in their case in the coftbet affshore oil and gas

industry. However, their approach is quite different than ours, examining distributed lag models of the
effect of policy stringency on technology and factor productivity. We instead focus on a model of joint
endogeneity in a peel of industries, building more closely upon earlier work on the induced innovation
hypothesis.



and arestdistically significant.

2. Empirical Model

We envision an underlying structural model that determines datcomes, our
two observable variablegemissions ath patents) and two unobservable variables
(effective environmental standards and environmen&DR Let us suppose that this

model takes the following simple form:

(1) Pit = agit + bp RDi-1 + Cp Xpit + Qe

(2) Qi =agi+ by St + Gt

3) ¢ = gt + bs Py + CoXsit + ds Sta + Wi

(4) RDy = &yt + by B¢ (Stea) + ¢ Xt + dr St + G,

whereP;; is time t environmental patents in industryRDy.; is lagged environmental

R&D, Qy is thevolume of emissionsS; is theemissionstandardthevectors X;; represent

exogenous observable variablest we describe in Section 3 belothe(Jd6 s r epr esen't
randomdisturbance, andE is an expectation operatoEquation(1) indicates that patent
numbers(P;;) are determined by lagged industry R&BDy.1), among other variables

Equation(2) indicates that emissioli®;) respond taharges in environmental standards

(St). Because they are costly to firms, emission reductions beyond those required by
government regul ations are I|likely to be |
requirements; emissions are thus driven by governmentdatds as described by

equation (2. Equation(3) indicates that environmental standa(®3 are determined (in

part) by improvements in environmental technology as measured by the number of

5 For simplicity, other exogenous (observable) determinants of emissions are assumed to operate through standards
(and the associatedvariables) At the ast of expositional simplicity, all that follows extends to the presence of
other exogenous emission regressogg, X



environmental patentd;;). Finally, Equation(4) indicatesthat R&D expenditures are
determined (in part) by anticipated environmental stand@déS;.1)). The impact of
standards on R&D can be decomposed into two relevant effects that will be important in
what follows: the impact of the anticipatetlangein environmental standards,) and

the impact of the initialevel of standardsd+b,;). We expect the first effect to be
negative and the second effect to be-positive, as tightened (lower) emission standards
promote R&D investment.

We do not have goodmeasures of either environmental standards or
environmental R&D expenditures. However, we can use relationshi§d)(ig derive
equations that indicate the relationship between environmental patents and pollutants,
which we do measure. Specificallyy lagging (2) solving for Si.; and substituting into

(3), then substituting (3) into (2)ve obtainthe following structural form for emissions:

(5) Qi =ag, +b, Qui+c, Pi+d, Xae+ U,
Intuitively, the change in environmental technology, as measured by the number of
patents, drives changes in effective environmental standards, which in turn drive
observed emissions. The key parameteintgrest in the resultingquation(5) is ¢ ,
which incorporates the effects of patents on standaglisc{ = bs by, whereby>0 from
equation (2).

Similarly, lagging (4) to substitute fdRDy.1 in (1), and using (2) to substitute for

Ei1(St) andS;.1, gives the structural form for the determination of patents:
(6) Pit = a*pit + b*p E1(Qi) + C*p Qit-1 + d*p Xiit1 + f*p X pit + Lojpit
Intuitively, emissions proxy for the changes in standards that drive environmental R&D

and, hence, resulting patents. The key paramei€rinterest in equation (6) atB*p,



which incorporates the effects afticipatedpolicy changes(S:-St-1) on environmental

R&D (b)), andc*p , Which incorporates the effect of the initlal’el of standards:.1) on
R&D (d;): b, = biby/bg, andc = diby/by, whereb,>0 from equation (1) ant;>0 from

equation (2). From our above discussion of equation (4), note thalewe effect of

standards on R&D isdf+b;), and isproportional tothe sum of the two equation (6)

coefficients,b*p + c*p .

In sum, estimatingquation(5) tests for effects of R&D on environmental policy,
and estimatingequation (6) tests for effects of environmental policy on environmental
R&D. Note thatemissions (from guation(5)) areidentified byelements ofXg; that are
not contained in the equation (6) set of regress¥ss &nd Xi1)). Xsit incorporates
determinants of c h a n g sAs distusseckebelbwe kety amoeg st and
such determinants are government enforcement fcthvat increases the stringency of
environmental regulations. Likewise, patents (from quiation (6)) are identified by
elements o, and X;i.1) that are not contained Xsii. Xpit and X 1) containvariables
that drive research and patent outegnincluding general trends in n@mvironmental
research that are not relevant per se in the determination of environmental standards
Before turning to the econometric issues relevant to the estimation of equations
(5) and (6), note that equation (6)ntains an expectation on the right hand side. The
simplest (but perhaps unpalatable) way to treat this expectation is to assume that agents
have perfect foresighto thatwe can simply substitute the realized vade Then(5)-
(6) give us a standardnsultaneous equation framework (albeit with some complicating
econometric issues that we turn to momentarily).

Now let us suppose instead that agents do not have perfect foresightfrorhen



(5)-(6), we have the following relationship between observablei s si ons and
regr eB.0Q0r , 0
(7) Qit = Eca(Qi) + Uit
wheré
(8) ur=cy f (Xpit T Eea(Xpi)) + dy ( Xsit T Eex (X)) + G, Wie = ¢ Uy + U

For our observable regress@, equations (#[8) imply two econometric
probl ems: (1) our Atrueo regressor ([
regressor is jointly endogenous in the sahagit is correlated with the equation (6) error
g

L~ 10 obtain consistent equation (6) parameter estimateidressing both of these

problems i requires instruments that are uncorrelated with both the equation (7)

A meas ur emaa;marnd the equation (Ec)isturbancel‘.’fpit as well. Our exogenous
data, { Xoit , Xii-1), Xsit }, Satisfies the second criterion, but unless it is all lagged, not
necessarily the first. However, under the following innocuous adsumgagged
counterparts tour exogenous data satisfy both criteria:

Assumption 1 The prediction errorsXpic I Ew1(Xpi) and Xgt T Er1(Xsit), are

uncorrelated with information available at timeljt

In what follows, we estimate equation (6) unbeth the perfect foresight premise

(using contemporaneowexogenous variables and laggedtruments) and the rational

expectations premise (Assumption 1sing lagged exogenous variables and

® Equation (8) follows from equation (5),
Qi -Ea(Q) = ¢ (PiT Eea(Pi) +d g (X T Eva (X)) + O;it

and substitution from equation (6),
Pit - Eca(Pi)= f*p ( Xoie T Eea(Xoi) + LOJ*pi[

he



instruments).

3. Data
Our sample is a balanceddustrylevel panel of127 manufacturing industries
(SIC codes 20399) over the period 19892002. Because we focus on toxic emissions,
we restrict attention to manufacturing industries that are the principle sources of such
pollutants.Table 1 and 2 present vala definitions and descriptive statistics for our
sample.
[TABLE 1 HERE]
[TABLE 2 HERE]
UsingtheE PAGs Toxi ¢ Rel ewescenstiuatimdestry level ptal( T R )
toxic releasesEmissiong by aggregated weight by year. Facility releases repantéuki
TRI are assigned to the primanydustry of the parent companifollowing previous
studied(c.f., Jaffe and Palmer, 199Brunnermeieand Cohen, 2003 and Popp, 2Q02¢
use successful environmental patent applicationsaaproxy for evironmental
innovation. Using datdrom the U.S. Patent and Trademark Office, we construct
successful patent application counts by year, by industry, enwnoiainand non
environmental, obtained by.S. companie& Environmental patents are determined by
patent clas$ications that relate to air or water pollution, hazardous waste prevention,

disposal and control, rgcling and alternative enerdfnvPatentg. Asin prior research

"Our lags here need not be one year. In this model, units of time reflect lags between R&D and patent
outcomes. In the empirical analysis of the rational expectations model, for example, we posit that this lag
length is two years.

8The literature suggests that it is preferable to count patents by date of application rather than by date of grant, because
application dates better reflect the timing of discovery (uncontaminated by variability in regulatory delays). The

average lag between patent applications and grants is approximately two years. All of our patent measures are for U.S.
companies. U.S. compies are likely to be the most sensitive to U.S. environmental policy. Moreover, U.S. (vs.

foreign) environmental innovation is more likely to be associated with an improved ability of U.S. firms to comply (at
lower cost) with tightened U.S. environmergtdndard, and hence, to spur revisions in U.S. regulation.



(c.f., Jaffeand Palmer, 1997Brunnermeierand Cohen, 2003), avdeterminethe SIC
industy to which ech of these patents belongsing the primary line of business of the
organization that is named first on the patent applicafl@aple Alin the Appendix
indicates the patent utility class that we designate as environmeimabur analysis
Non-environmental ptents arghose inall other patent utility classgdonEnvPatents.
In an endeavor to include all environmeealated patents in olEnvPatentsneasure, we
use a broad definition of utility classes that may contain envirorretatt innovations.
From Table 2, we note that our broad definition of environmental patents gives us a mean
count that is almost as large as that for-eamironmental patents. For robustness
purposes, we also construct a narrower measure of environmeeta aunts based on
the categorization ofBrunnermeierand Cohen (2003); we denote this measure
EnvPatentsBC and note that its sample mean is much smaller as a proportion of total
patent counts (Table 2).

In our patent equation, we measureovative outomes (our dependevariable)
using annual patent counts, reflecting the latest innovative responses to environmental
policy. In our emission equatiorhowever,we expect environmental standards to be
revised in response to the recent history of enviemal patents, not solely the last
yearo6s set of patent applications. Hence,
counts over the preceding five years as our jointly endogenous innovation regasssor
robustness check, we consider two altevestas well: one and two year lagged patent

counts’

° The moving average is calculated to weight more recent counts more heavily. Specifically, we use a
declining balance fivgear average, calculated as follows:

1C



Our exogenous data can be broken into three categ@tie¥ariables that we
believe may drive both emissions and patéritgt is, variables common to botkipand
Xpitl Xit-1; (2) instruments thiadentify emissions in the patent equation, namely, variables
that are only elements ofsKand not %i/X;i.1; and (3) instruments that identify patents
in our emission equation because they are only containeg:iX%; and not X;. Table
2 gives summary statistics for the variables that we use in our analysis. We now describe
the sources and logic for our three categories of exogenous data.

Beginning with the first category (of common variables), we use a number of
relevant financial indicatorthat we obtaif r om St andard & Poor 0s
and the U.S. Department of Commerce. Deflators are obtained using producer price
indexes reported in the Economic Report of the President (2004).

First, we includg(deflated)industrysales volumd&Saleg in orderto account for
potential effects of industry size on emissions and patéatger industries (ceteris
paribus) are expected to produce more emissi@gected effects on patent outcomes
are less clear, as larger industries may or maly be more innovative in their
environmental technologies.

Second, bcause markestructureis a potentidy importantdeterminant oboth
innovative activityand environmental performance (Jafféewell, and Stavins, 2002,
2003 Innes and Bial, 2002), wiaclude thefour-firm Herfindahl index Concentratior)
as an indicator of industroncentration Expected effects of concentration on

innovative activity are unclear. On one hand, more concentrated industries are more

5
ENVPATENTSMA g  [(6-2)/15] Py,
z=1
whereP,., is environmental patent application counts z years prior to year t.
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l'i kely to be guhlpecst s @ mhtei iesaifsom i nnovati

Bial, 2002) with imperfectly competitive firms investing in environmental R&D in order

to gain a profitenhancing cost advantage over rival firnf@n the other hand, however,

firms in more concenated industries are more likely to recognize the cost of their
innovative success in prompting regulators to tighten environmental standards, thus
raising their costs of environmental compliance. For example, a monopoly may avoid
innovation in order to\aid higher costs of regulation. Theory also offers no ciear

priori prediction of how concentration affects emissions. The government might regulate
more concentrated industries more heavily because they are perceived to be more facile
in adapting to evised standards; on the other hand, concentrated industries may be more
effective at lobbying for more lax regulation.

Third, more capital intensive industries may be more polluting and have more
scope for costeducing environmental innovation. We thre include a measure of
capital ntensity Capital Intensity), namely, the level of new capital and equipment
expenditureslivided by sales volume

Fourth, we include ac h i ndust rleyeddf redeardh and devetognemst d
expenditureperunit-sales(R&D Intensity) in order to capture effects of overall industry
research activity on both environmental innovation and tightening of emission standards.
Regulators may be more prone to tighten standards for more rega@rcsive industries
that ae better able to adapt (at lower cost) to regulatory chamgetherefore expeda
negative coefficient orR&D Intensity in the emissions equationConversely, more
research intensive industries are likely to produce environmental innovations as research

byproducts (as opposed to research outcomes targeted to environmental objectives);

12



hence, we expect a positive coefficient®&D Intensityin the patent equatiot.

Fifth, industries with older assets (ceteris paribus) may heore scope to reduce
emissons and improve their environmental technology with innovation; to control for
these effects, we include a measure of asset{Ag®, obtained by dividing total assets
of an industry by its gross asséts in Khanna and Damon, 1999)otal assets are

defined as currenassetsplus net property, plant and equipmemd other nosturrent

assets. Gross assets are defined as total assets plus accumulated depreciation on property,

plant and equipmenAgeis between zero and one; ratios clogeone indicatenewer
plant and equipment with more current assetdesstiepreciation.

Sixth and last, both innovation and environmental policy may be affected by the
rates of growth, and hence the modernity, of the different industries. We therefore
include a salegrowth measureSalesgrovh).

Turning next to instruments that identify emissions (in the patent equatven
note that environmental enforcement activity is widely cited as a stimulus to pollution
abatement (e.gseeMagat and Viscusi (1990), Gray abeily (1996),Deily and Gray
(2007), Decker and Pope (20D6)owever, there is no evidence, in theory or empirical
work, that enforcement actty affects innovative activity other than due to its effects on

feffectived environmental standards and, henemjssions® We therefore use various

91n principle, environmental R&D may be a component of the research intensity measure, raising the
potential prospect of joint endogeneity. Howegtargeted environmental R&D is a very small component

of overall R&D. For example, in our sample, the average annual indas#lyenvironmental patent count
calculated using the more focused mea&imePatentsBOs 7.5, compared to over 40 for ovénztent

counts. Hence, if there is any bias, we expect it to be small and to bias against our hypothesized negative
effect of environmental patents on emissions. Nevertheless, in view of this issue, we have estimated our
models both with and witholR&D Intensity finding that our central qualitative results are robust.

1 Brunnermeieand Cohen (2003) include a measure of government environmental inspections as an
explanatory variable in their patent equation. In doing so, they rightfully argue (. 2889t fit o t he
that stricter government monitoring or enforcement induces firms to comply, they might now seek less
costly methods of complying. o I n our model, i n

13
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thricelaggedmeasures of U.S. environmental enforcement activity to identify emissions.
Specifically, @vironmental compliance and enforcemardtories are obtainefdom the
EPAG IDEA database IDEA contains facility level data from the Aerometric
Information Retrieval System (AIRS) and the Air Facility Subsystem (AFS). AFS
contains compliance and enforcement data on stationary sources of air pollution.
Regulated sources range from large industrial facilitieglagivdy small operations. We
use counts of enforcement actioAstjons), numbers of facilities out of compliance with
clean air laws Qutcomp, andthe numberof reported seHinspections $elfinspect as
indicators of environmental enforcement stringenBecause enforcement effects on
emission performance occur with a substantial delsy lagall of our instruments by
three year$? For robustness purposes, we considerariety ofdifferent instrument
combinationswe report results using twepmbindions but have obtained similar results
using other instrument menus

To identify environmental patent counis our emission equatipnwe use
correspondingrfoving average or lagggdonenvironmental patent counts. Intuitively,
trends in overall innaative output are reflected in a high correlation between these two
patent measures; for example, environmental andeneimonmental patents by U.S.

companies have a correlation coefficient equal to .75 in our sar@ple¢he other side of

captured by our emissiomseasure; that is, compliance efforts will reduce emissions, which in turn will
potentially fuel environmental R&D incentives. In sum, in our paper, enforcement effects operate via
emissions, even though they need not operate via PAE, the policy pBBryrinermeiea nd Cohends
(2003) analysis.

12 A potential worry about our enforcement instruments is that government enforcement policy may be
jointly determined with technological change and emission performance. To avoid the potential for
endogeneity;- and because enforcement is expected to affect emissions with a substaiitiaklage
threeyearlagged enforcement instruments. Even with the lags, serial correlation could conceivably cause
endogeneity. However, in all of our models, we test for AR() AR(2) serial correlation and find no
evidence of either. We also perform (and pass) standard tests of thdemtdying restrictions. In all

cases, our statistical evidence thus validates our maintained premise of instrument exogeneity.

14



the coin, is thee any reason to expect nrenvironmental patents to be relevant to the
determination of emissions (other than via effects on environmental patenting)? In
principle, there may be two reasons (that we can thinkaaf) we control for bothFirst,
perhapshere areeffects of overall research proficiency on the economic adaptability of
different industries to regulatory changeghich in turn influence regulatory standard
setting we control for such effects by including laggeé&D Intensityas a regressor
Second, perhaps namvironmental innovation increases overall industry productivity,
and hence output, thus raising emissions; we control for such effects by including an
industry output measur&éle3 as a regressor.

As always, two key criteria uedpin our instrument choices. First, the
instruments should be highly correlated with the jointly endogenous variable that they
identify. In linear simultaneous systems, a common statistical test for this property is
obtained from first stage regressiarfsthe endogenous variables on all exogenous data
(Bound, et al., 1995)n our emissions equation, wever, we have a lagged depenide
variable (and evidence of serial correlation when treating the lag as exogdrencs,
we perform both a standard $irstage regressiofon purely exogenous data) and a
dynamic panel asntad gpeg0d troe gtrhees sfifoinr s(tf ol | owi ng
1995, and Blundell and Bond, 1998, as discussed in detail in the next seCdbie).3
reports estimates for the purad pseudgdynamic)first stage model$or our emission
equation In all cases, note that our identifying instrume@slfinspegtOutcompand

Actions are jointly significant. We expect (from prior work and intuitive logic) that

BA potential concern with use of neenvironmental patents as an identifying instrument is that we may improperly
classified some fAenvemwinmemmeantoalp.ad enEar atshiisnomeason, we me
fenvironment al 0 udrporatingtaly classesahsthave potentiab endronmentalaelevance (see

Appendix). As a result, ouEnvPatentyariable has a mean almost three times that of the more narrow measure of

Brunnermeier and Cohen (2003) (see Table 2).
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lagged enforcement sdiny, as measured by enforcement actions and compliance status,
will spur reductions in emissions. In contrast, we expect thatirsgléctions may
substitute for government scrutiny and, hence, favor laxity in emissions performance.
The Af i rstimatiors indaple 8 areeconsistent with these expectations.

[TABLE 3 HERE]

Similarly, Table 4 provides statistical evidence of tliief i r s trelaohshiy e 0
between environmental patent counts and-eawvironmental patent countsdere, we
presentbdt | i near and Poisson fixed effects esti
Again, we find that our identifying instrument (renvironmental patents) is a
significant predictor of environmental patent measures, with the predicted positive sign.

[TABLE 4 HERE]

Second, the instruments for emissions (patents) should be uncorrelated with the
errors in tke patent (emission) equation. Beyond our intuitive arguments that there is no
correlation, he best we can do to test for this property iexaminethe validity of our
overidentifying restrictions Corresponding (Hansen / Sargan) test statistics are
constructed for each estimateduation and reported in the tdhuresults of Section 5
below. Note that, in all cases, wle not rejectour maintaied full) hypothesis of no

correlation (with pvalues abovéwentypercenin almost all casgs

4. Econometric Methods
We have two simultaneous equations which we estimate eqimtiequation-’

A numberof econometric issues arise. First, we have a piateal structure and, hence,

1n principle, one cagain some efficiency if the two equations are estimated as a system. However, we
prefer to estimate equation by equation for simplicity (given that we have a distinct set of estimation issues
for each equation) and in order to avoid any potential biasadary crossquation misspecification.

16



need to account for individual effects. Second, we have endogenous regressors. Third,
our emission equation has a dynamic structure. And fourth, our observed patent measure
takes a count form for which we must account in estimation strategy. In what
follows, we describe how we address these issues in each of the two equations.

4.1 Emission Equation

Our econometric analysisf the emission equatios based on equation (5), with

industry fixed effects® The disturbance arm e; is assumed to bendependently

it
distributed across industries with zeronditionalmean However,no restrictionsare
placedon heteroskeasticity across industries and tirffe.

Because we have a dynamic linear panel matahdard estimatsrthat ignore
the lagged dependevariable, or fail to account for its potential endogeneity, are biased
and inconsistent (Baltagi, 1995). Arellano and Bond (1991) are the first (to our
knowledge) to propose a Generalized Method of MusmgGMM) estimator for a
dynamic panel data model with endogenous regressors that is consistent (in the number
of crosssection units) for a fixed time horizon. Arellano and Bover (1995) and Blundell
and Bond (1998) subsequently recommend more effiastimators. In particular,
Blundell and Bond (1998) develop a system GMM estimator with asteo finite

sample correction (see also Windmeijer, 2000). We use the system GMM variant mainly

because the twstep estimator uses a weighting matrix which (asymptotically)

*Formally, we assume tha1;it = 4&my;. Because the time dummies are found to be jointly insignificant,

they are dropped from the estimation for the sake of efficiency.

¥n estimating (5), weonsidered a variety of alternative lag structures for both Q and the exogenous data.
In all cases, we could not reject the null hypothesis that additional lags of Q and X are equal to zero; p
values for these hypotheses range from 0.2384 to 0.6145.
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efficient and heteroskedasticity consistént.

Because most estimates of emission equations in the literature are based on static
models, we also want to compare our estimates to those obtained with traditional static
methods (i.e., a madl without lagged emissions on the right hand side). Therefore, we
also present a neslynamic (fixed effects) IV estimation.

4.2 Patent Equation

So far, in deriving our patent equation (6), we have implicitly assumed a linear
process that generates a tonous variable. However, measured patent outcomes take a
count form, with no negative values, a substantial number of zeroes (roughly one third in
our sample), and integer positivalyes that range from one to 153 (with half of the
positive values lesshan 40) Conceptually, we interpret patent outcomes as the

observable consequence of our continuous (and unobservable) index of technology
changeP; (of equation (6)). Specifically, let us suppose that patent coudis are
distributed Poisson with

E(P, %U,,) = expPu),
whereP; is determined by equation (6) with industry fixed efféétShis gives us the
multiplicative error Poissorpanel model, with endogenous regressors, Bitindell,

Griffith and Windmeijer (2002fsee also Windmeijer (2002nd Windmeijer and Santos

Silva (1997)). This is the model we useestimate our patent equatith

" This matrix is calculated using the estimated residuals from thetepeestimation; see Arellano and

Bond (1991).

18 As in the emission equation, we allow for both time and industry fixed effects. However, the time
dummies are again jointly insignificant; hence, for efficiency, we estimate with industry fixed effects only.
9 Because we have a mixture Poisson with rplittative error, our estimation allows for ovelispersion

(see Cameron and Trivedi, 1998, p. 98) and thus avoids the main criticism of a standard fixed effects
Poisson. To our knowledge, there is no known Negative Binomial counterpart to the Pdigsatoesf
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5. Empirical Findings

Before turning to our two equations, we note that a key issueatiaty our work
is the prospective joint endogeneity of emissions and patent outcomes. Given
endogeneity tests available to us, we are able to provide some preliminary evidence that
we indeed have simultaneity in our sample. In particular, for our IVdfigHects
emissions equation, we can test for the endogeneity of paEMV®ATENTMA) with a
standard Hausman statistic; the resulting {&hiare (1)) statistic is 15.91 with avalue
of 0.0002, clearly rejecting the null of exogenditythe patent vdable In the patent
eguation, we can also construct a Hausman statistic provided we restrict the model to
have only contemporaneous emission effects (see Grogger, 1990; and Windmeijer and
Santos Silva, 1997); doing so for one of our main patent models Rational
Expectations Model 2 of Table 6B below) yields a test statistic equal to 5.49 with a p
value of 0.00F° Again, we clearly reject the null of exogeneity in the emission
variable?! Both statisticsindicatea need to account for endogeneifyemissions and
patents in both equations.
5.1Emission Equation

Table 5 presents estimation results for the dynamic panel model of the emission
equation (5).Four dynamic panel estimations are presented, with two alternate sets of
enforcement measures, atittee alternative measures of lagged environmental patent

counts: Lagged five year moving average of environmental patents (which we view as

Blundell, et al. (2002) and Windmeijer and SarBilva (1997) that accounts for our case of an
endogenous regressor with a nonlinear (dynamic) generating process.

% Corresponding Hausman statisticsvglues for our other models are 5.23 /L@Model 1, Table 6A),
4.92/.002 (Model 2, Table 6A), and 5.71 /.001 (Model 1, Table 6B).

Z These tests are clearly only illustrative as they fail to account for the dynamic (lagged) effects of
emissions in either equation.
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our best measure), oiyear lagged counts, and twear lagged countdNote that test

statistics for serial corrdian (M andny) andoveridentifying restrictions (Hansgdo

not indicate misspecificatiom any of the model¥ The coefficient for the lagged

dependent variable is 0.7174 usigdel 3 and is statistically significait.Performing

the unit root test evebped by Levin, et al. (2002), weject the null hypothesis that the

emissions series contains a unit root, thus indicating that the series is stafionary.
[TABLE 5 HERE]

Quialitative implications of Table 5 can be summarized as follows.

1) Technologtal innovation spurs a tightening of emission standards all
specifications and with all three alternative measures of technological progpegent
countsi we find negative and significant effects of envimental innovation on
emissions.We intagpret such costly intrindustry emission reductions to imply a
corresponding tightening of toxic emission standards, as firms will surely not engage in
costly emission abatement that is not otherwise reqéirégsessing the quantitative
importance of thee effects is ngbarticularlyeasy. For example, Model 3 implies that

the estimated longun effect ofone patent (approximately 5.4 percent of the sample

22 The test statistics mrandm, test forthe presence of serial correlation in the first differenced residuals ofaficst
second order, respectivelgsymptotically distributed as a N(0,1) under the null hiypsis of no serial correlation (see
Arellano and Bond1991). As expectedhere is significant negative first order autocorrelation, but no signtfica
second order autocorrelatioa,crucial propertjor the validity of our instruments. Moreovehe Hansen (1982) test
statistic foroveridentifying restrictions is2 i distributed with degrees of freedoagual to the number of instruments
minus the number of estimated parameters. This midgitin test does not indicateorrelation between the
instruments and the error term. We report the Hansen test statibic tharthe Sargan (1958) test statistic because it

is robust to heteroskedasticity aadtocorrelation. For a more detailed discussion, see Hansen (1982), Hansen and
Singleton (1982), and Newey and West (1987).

% This estimated coefficient lies in the interval beem the within group and OLS estimates (of 0.5665 and 0.893,
respectively), as expected.

24 TheLevin statistic for Model 3 i0.5452 with a-valueof -33.17.

% n principle, if crossplant emissions trading were possible, there could be an alteriméiyeretation of

our results: Improved industigvel environmental technology (as measured by a higher patent count) may
spur emission permit sales from the innovating industry to other industries. However, for the hazardous
pollutants that are reportéathe TRI, U.S. regulation does not allow crqdant trading of emission rights

(see, for example, U.S. Code, Title 42, Section 7412). Hence, emission reductions are net (i.e., not offset in
other industries) and thus represent tightening of inddistrgl emission standards.
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mean) is to reduce associated industry emissions2 lyercent (of sample meaf?).
Although the mgeginal effecs of patents on emissions amall, the total effects of
patents, when taken cumulatively, amdeed significant.Our Model 3 estimates imply

for instance, that one year of innovative success (evaluated at the sample mean of the
moving aveage of environmental patentspursa 3.8 percent lorgun reduction in
emissions.

2) Emission standards tend to be tighter for industries that are more
concentrated, have newer assets, and are growing more rapittysignificant negative
coefficiens on our measures of concentration, asset age, and sales growth. All of these
effects are consistent with the hypothesis that regulators impose tighter standards in
industries that are deemed to be more facile (i.e., better able at lower cost) to adapt to
stronger regulation.

5.2 Patent Equation

Tables 6A and 6B present estimation results for our patent equation. Table 6A
presents results under a perfect foresight premise that next period emission standards are
foreseen by industry participants; hen@gressors can be contemporaneous (see Section
2 above). Table 6B presents results under the alternative rational expectations
(Assumption 1) premise, requiring that exogenous variables gedagWe use a two
year lag, assuming that R&D investments (quation (4)) are driven by a twgear
ahead policy forecast-rom both Tables, note that test statistics for serial correlatipn (
andmy) and ovetidentifying restrictions (Sargan) do not indicate misspecification.

In each Table, we presefdur models two each using our broad environmental

% This percentage is obtained by converting Model 3 into difference form (subtracting lagged emissions
from both sides) and solving for the loengn marginal effect of a patent on the change in emissions.
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patent measur&nvPatentsand our more focused measiErvPatentsBCrespectively.
In each case, we report modelgh two alternative instrument sets to identify emissions.
Moreover, note that in both cases weaswe norenvironmental patent counts using our
broad measure of environmamiated patents; we do this to ensure that the- non
environmental patent regressor is uncontaminated by any potential enviraetagd
research outcomes.

[TABLE 6A HERE]

[TABLE 6B HERE]

Key qualitative implications of our results can be summarized as follows.

1) Environmental innovation is spurred by the anticipated tightening of emission
standards As notedin Section 2we are interested itwo effects of emissions standards
on R&D. The first is thempactof the anticipatedthangein standards and is measured
by the coefficient on contemporaneous emissions. The second is the effect of the initial
level of standards and is meastirey the sum of the coefficients on contenmgeous
and lagged emissions.

Turning to the first effect, we see that,all models, the estimated coefficient on
emissions is negative and significant; henasgticipatedreductions inindustrylevel
emissionsstandards lead tmcreass in successfupatent applications. In quantitative
terms, these estimated effe@se of roughly similar magnitudes across the different
models and differéanenvironmental patent measuresSimilar estimated coefficients
across the two environmental patent measurebyithpt proportional impacts of changes
in environmental standards are similar for the two measures. Hence, environmental

patents included EnvPatenpr, fbburto andoot menacsluuwrdee d( i n
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(Brunnermeierand Cohen, 2003) measurenfPaentsBJ, have similar sensitivity to

environment al policy as dmwasdedsthemagnitude(ande fdAnar

economic importance) of these effects, considerRational Expectations (Table 6B)
Model 2; in this Model a one percent (of sgie mean) reduction in anticipated
emissions is estimated to increase successful environmental patent applications by
roughly onehalf of onepercent(.49).

With regard to the second (level) effects of standardsageen seeestimated
effects of roughlysimilar magnitudes across the different modatgin implying similar
proportional impacts for our two environmental patent measurks all cases, as
expected,nitial emission standardsave significant negative effects on R&D / patent
outcomes, implyg that tighter initial standards spur environmental R&I» assess the
magnitude of the estimategffects, let usagainuse our Rational Expectations Model 2

(of Table 6B) to illustratein this Mode) a one percent reduction in the initial level of

emissions (based on the sample mean of emissions) is estimated to increase subsequent

environmental patenting biypughly onethird of onepercent (32, based on the sum of
the two emissions coefficients).

The magnitudes of our ieiamgehycengarisomta ov a
earlier work. Brunnermeierand Cohen (2003), for example, find that a one percent
increase in pollution abatement costs spurs an increase in successful environmental patent
applications of approximately foumehundredths of ongercent. The larger impacts
that we find are likely due to our different (emissimesed) measure of policy stringency.
However, our estimated effects are nonetheless rather small in the following sense.

2)The fAmul tiplier ef foabrnganemnfssion$nwdhat wee d |
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have termed the denvi Tie propertonately smpllCconsidery mu l
the impact of an exogenous one perc@ft sample meanpermanent tightening in
emission standards. Simulating resulting changes insems and patents over time
using Model 3 of Table 5 and Model 2 of Table 6B, we estimate an additionatuong
emission reduction of 2.74 percent and a lomg increase in annual environmental
patenting of 1.2 percent (as shares of sample average @missind patents
respectively. A key question here is: How much of the additional emission reduction is
attributable to the additional patenting? The angwfetained by comparing to simulated
outcomes with no induced innovatiois).08182, which is 7% percent of the additional
(2.74 percent) emission reduction and 20.7 percent of the initial (one percent) emission
reduction?” While this impact is not inconsequential, it is also not particularly large.

This observation, however, should be qualifi€lr analysis relates to emissions,
and not pollution abatement costs. Cost savings from induced innovation (e.g., from a
1.2 percent rise in annual patenting, due to a-pmweent shock to environmental
standards and a corresponding 2.74 percentiongmission reduction) may potentially
be economically important in the sense that they offset a large share of cost increases that
otherwise result from the emission reduction.

In sum, we find that tightened emission standards spur environmental innovations
that in turn fuel greater emission reductions. Howetrex proportionate contribution of
inducedinnovation to longrun emission reduction appears to be modest. On the other
hand, the contribution adverall innovation to longrun emission reductions estimated
to be substantial (Table 5). It would thus appear that environmental innovation,

stimulatedin part by environmental policy but predominantly by overall technological

%" The remainder is attriliable to the dynamic multiplier.
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advancement, is a very important driver of progress in ultimate pollutioctred.

3) Environmental innovation tends to be greater in more research intensive, more
capital intensive, more rapidly growing, smaller, and less concentrated industries
Intuitively, more capital intensive industries with older assets may have nuape et
incentivefor emissionreducing innovationnotably, this results consistent with prior
work that finds innovation incentives to rise wittapital intensity andpollution
abatement expenditurethat are higher when assets are oldetarger and mre
concentrated industries may better internalize prospective costs of innovaléalimg
regulators to tightenervironmental standards, costs that can det@movation.
Potentially, smaller and less concentrated industries may also be more inndyative
natur e, and be able to distinguish themsel\
proactive corporate citizer(&rora and Cason, 1996 More rapidly growing and more
research intensive industries, as expected, are more active in envirorpagsriidg.

6. Conclusion

In this paper, we present empirical evidence edlil@ctional linkagedetween
environmental standards and environmental performance, on the one hand, and
environmental innovation, on the other. Pollutant emissions and environmeridahiR&
jointly determined as successful R&D prompts policy change and attendant pollution
reductions, and as anticipated policy change (and attendant tightening lutiopol
standards) spurs new R&D. Specifically, we examine 127 manufacturing industnies ove
the fourteeryear period 1989 2002, accounting for the joint determination of research
and pollution outcomes.

Our empirical results reveal a negative and significant relationship between
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emissions and environmental patents, in both directions. Ehugpnmental R&D both

spurs the tightening of government environmental standards and is spurred by the
anticipation of such tightening Empirical results also suggest that a linear feedback
model is appropriate in order to capture the dynamic natureheoflibks between
environmental policy and environmental innovation.

These results suggest that there is a salutary process by which the promise of
tightened standards stimulates environmental research, and environmental research, by
lowering costs of abateent, stimulates tighter standards. Howetee, ultimate benefits
of tightened pollution standards, due to the resulting stimulus to environmental
innovation, appear to be modest. While environmental innovation is found to be a very
important driver of éngrun pollution reductiongnvironmental policy plays a role in
stimulating environmental research that is statistically significant and not
inconsequential, but proportionately nary large. This stimulus may nonetheless be
important in offsetting csts (to firms) of meeting new emission reduction targets, a
subject that we do not address in this paper.

Our results also say nothing about the efficiency @nvironmental policy in
stimulating research Indeed, these results are consistent with (bubhaoimply) a
regulator who chooses standards that arpaest efficienti that is, efficient for any given
state of technology but not chosen with eante commitments that account for impacts
on research incentives (see Requate, 2008tes and Bial, 202). Hence, there is no
evidence per se that regulators set tighter standands-avis those that are exost
efficient 7 in order to spur more innovation, as one mighht er pr et Mi chael

(1990 famous conjecture to imply.
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This observation, awell as the aggregations we make in this study, suggest
natural avenues for further inquiry. For example, how do different forms of regulation
tighter standards vs. voluntary pollution reduction programsupdated technological
regulationsi affectinnovative effort? And how do different types of innovative effort
(more exploratory vs. more derivative) influence and get influenced by environmental
standards and regulation? Finally, is there any sense in which regulatory strategy is
optimal in indueng and responding to environmental innovation? All of these issues, we

believe, merit further study.

27



References

Adams, J.D. and Jaffe, A.B. ABounding the ef
matched establishmefiti r m RAND dourdal of Econons@7 (1996): 706721.

Arellano M., and Bond, S. "Some tests of specification for panel data: Monte Carlo
evidence and an appl i c aReview of E¢comomie Styrlieso y me n t
58 (1991): 277297.

Arellano M. andBover, O. ffAnotherlook at theinstrumental variablestimationof
error-components modeftsJournal of Econometric$68(1995) 29-51.

Arora, S. and Cason, T. dWhy dloegulaionsths vol unt
Understandinggr t i ci pati on i n |EBMAC®MIGIZ(B): pr ogr am.
41332.

Baltagi, B. H.Econometric analysis of panel datibohn Wiley and Sons, Chichester,
1995.

Biglaiser, G. and J. Horowitz. A-@amttol ut i on F
R e s e a Joarimal obEconomics and Managem&itategy3 (1995): 66334.

Blundell, R. andBond S. filnitial conditions and moment restrictions in dynamic panel
datamodelso Journal of Econometric87(1998) 115143

Brunnemeier, S. and Cohen, MiDeterminants of environmental innovation in US
manufacturingndustrieso Journal of Environmental Economics and Management
45(2003) 27893

Cameon, C, Trivedi, P., Milne, F., and Piggott, @A microeconometric model of the
demand for health care and health insurance in Ausé&eview of Ecommic
Studies55(1988) 85-106.

Cameron, C. and Trivedi, FRRegression analysis of count dat@ambridge University
Press, Cambridge, 1998.

Decker, C. and Pope, C. AAdherence to envir
complementarities of compliance decisonQ@uarterly Review of Economics and
Finance45 (2006): 64161.

Deily, M. and Gray, WiiAgency structure and firm culture: OSHA, EPA, and the steel
in d u s tJaumal af Law, Economics, & Organizati¢2007), in press.

Gourieroux, C., MonfortA., andTrognon, A. i Ps e ud o maikobdmetirodd: i k e |
Applications to Bissonmo d e Enometriceb2 (1984):701-720.

Gray, W. and Deily, MfiCompliance and enforcement: Air pollution regjion in the

28



US steel industrg.Journal of Environmental Economiasad Managemerg1 (1996)
96-111

Grogger, J. AA simple test for exogeneity i
mo d e Ecenomics Letter83 (1990): 328B32.

Hansen, L.filLargesample popaties of generalized method of momengsiraatorso
Econonetrica50 (1982):10291054.

Hansen, L.and SingletonK. fiGeneralized instrumental variables estimation of
nonlinear rational expectationsontelsp Econometricéb0(1982):12631286.

Innes R., and Bial J. filnducing innovation in the environmentathnology of
oligopolistic firmso Journal of Industrial Economics0(2002) 265-287.

Jaffe A., and Palmer, KiEnvironmental regulation and innovation: A panel daidy 0
The Review of Economics and Statis#bgl997) 610-619.

Jaffe A., Newell, R,and StavinsR. i Envi r onment al policg and t ec
Environmental and Resource Econonai2.(2003: 41-69.

Jaffe, A, Newell, R.,and Stavins, Ri Technol ogi cal change and t he
Handbook of Environmental Economis®l. 1, pp. 21723, ed.s: K.G. Maler and
J.R. Vincent, Elsevier Science: Amsterdam, 2003.

Jaffe, A., Trajtenberg, M., and Hendersonfi@eographic localization of knowledge
spill overs as evi d@uartedydoulnalof fcanoreidd8 ci t at i on
(1993) 577-98.

Khanna, MandDamon, LAEPA6s vol untary 33/50 progr am: I
and conomicperformanceof fi r m»urnal of Environmental Economics and
Managemen87 (1999) 1-25.

Kl ette, T.J. AR&D, scope BANDdIJoumahdofes, and pl a
Economic227 (1996): 5022.

Lanjouw, J.andMody, A. filnnovation and the internationdiffusion of environmentally
responsive technologyResearch Policy25(1996) 549571

Lerner, J. AANn empiri ca.lRAMDJpurnalofat i on of a t
Economic228 (1997): 22&47.

Levin, A.,Lin, C., and Chu, CAi Un i t ests io madél data: Asymptotic and finite
sample popertiesd Journal of Econometric$08 (2002:1-24.

Magat W., and ViscusiW. fiEffectiveness othe EPAsegulatory enforcementhe case

29



of industrial effluent andard< Journal of Law and Economi&3 (1990} 331-360.

Managi, S, Opaluch, J.Jin, D, and Grigalunas, TA Envi r onment al regul ati
technologicachange in the offshore @hd gas indusy.0 Land Economics81
(2005) 303319,

Montero, J.P.. APermits, Stlamalafr ds and Techn
Environmental Economics and Managem&hi(2002): 2344.

Mullahy, J. i | n s t r-vamableestanhtion of count data models: Appliaagito
models ofcigarettesmoking kehavioro Review of Economic and Statistit®$(1997):
586-593.

Orl ando, M. AMeasuring spillovers from indu
geographic and t e ®RANDaduma of Ecalomi@s (2084): mi t y . O
777-86.

Newey, W, and WestK. fiHypothesis testing with efficient method of moments
estimationo International Economic Revie#8 (19987)777-787.

Pakes, A., and Griliches, Z. APatents and F
Griliches, ed.R&D, Patents and ProductivityChicago: Chicago University Press,
1984.

PoppD. i | n d uwroeation and energy pricéAmerican Economic Revie92
(2002) 160-180.

Porter, M.The competitive advantage of natioridacMillan, London, 1990.

Requate, T iDynami ¢ i ncentives byiAnsurveyeat al |
Ecological Economic54 (2005a): 17895.

Requate, T. ATi ming and commitment of envir
technol ogy, and r Enpwiemmenasand ResosréezonomidB& D. 0
(2005b): 17599.

Windmeijer, F., and Santos Silva, 8Endogeneity in count datmodels: An application
to demand for health cagelournal of Applied Econometrid® (1997) 281-294.

Windmeijer, F. EXpEnd, A Gauss Programme for Nbimea GMM Estimation of
Exponential Models with Endogenous Regressors for Cross Section and Panel Data.
Institute for Figal Studieg(2002)

Windmeijer. F "A finite sample correction for the variance of line&ao-step GMM
estimators' IFS working papeW00/19, Institute for Fiscabtudies (2000)

30



Tablel. Variable Definitions

SALES Real industry sale millions)
SALES GROWTH Real industry sales growthte
CONCENTRATION Herfindahl index for each industry

CAPITAL INTENSITY

New capital and equipmenkpenditureperunit-sales

R&D INTENSITY

Researcland development expenditures peit-sales

AGE OF CAPITAL

Netindustryassets divided by gross assets

ENVPATENTS Number of environment al pat ern

ENVPATENTSBC Number ofenvio n me nt al patents, Anar

NONENVPATENTS Number of norenvironmental patents

ENVPATENTSMA Moving average of environmental patents over the last five years

NONENVPATENTSMA Moving average of neenvironmental patents over the last fjgars

SELFINSPECT Number of omsite tests conducted by firms

ACTIONS Number of enforcement actions against firms

OUTCOMP Number of firmsdé citations f ¢
Total air emissions for each industry (TRI Releaffasusands of

EMISSIONS pound$
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