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Recent efforts to endogenize technological change in climate policy models demonstrate the importance of
accounting for the opportunity cost of climate R&D investments. Because the social returns to R&D
investments are typically higher than the social returns to other types of investment, any new climate
mitigation R&D that comes at the expense of other R&D investment may dampen the overall gains from
induced technological change. Unfortunately, there has been little empirical work to guide modelers as to the
potential magnitude of such crowding out effects. This paper considers both the private and social
opportunity costs of climate R&D. Addressing private costs, we ask whether an increase in climate R&D
represents new R&D spending, or whether some (or all) of the additional climate R&D comes at the expense of
other R&D. Addressing social costs, we use patent citations to compare the social value of alternative energy
research to other types of R&D that may be crowded out. Beginning at the industry level, we find no evidence
of crowding out across sectors—that is, increases in energy R&D do not draw R&D resources away from sectors
that do not perform R&D. Given this, we proceed with a detailed look at alternative energy R&D. Linking
patent data and financial data by firm, we ask whether an increase in alternative energy patents leads to a
decrease in other types of patenting activity. While we find that increases in alternative energy patents do
result in fewer patents of other types, the evidence suggests that this is due to profit-maximizing changes in
research effort, rather than financial constraints that limit the total amount of R&D possible. Finally, we use
patent citation data to compare the social value of alternative energy patents to other patents by these firms.
Alternative energy patents are cited more frequently, and by a wider range of other technologies, than other
patents by these firms, suggesting that their social value is higher.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Throughout the world, proposals to reduce carbon emissions include
increased research and development (R&D) funding (de Coninck et al.,
2008; Newell, 2007). Both a 1997 report from the President's Committee
of Advisors on Science and Technology (PCAST) and a 2004 report from
the bipartisan National Commission on Energy Policy recommended
doubling U.S. government energy R&D spending. Others advocate

increases by a factor of five or ten, likening the need for new energy
technologies to theManhattan Project's efforts to create a nuclearweapon
(Kammen and Nemet, 2005). Such proposals raise two concerns. First,
R&D subsidies will likely have little effect unless accompanied by policies
requiring significant emissions reductions. Second, dramatic increases in
energy R&Dmay come at a high cost, as these research efforts may draw
away research fundingand scientists fromotherproductive sectors (Popp,
2006a; Schneider andGoulder, 1997; Yang andOppenheimer, 2007). This
paper focuses on the second of these concerns, by asking whether new
energy R&D efforts replace other types of R&D spending.

Recent efforts to endogenize technological change in Integrated
Assessment (IA) models of climate policy highlight the need to
properly account for the opportunity cost of environmental R&D
investments. Because the social returns to R&D investments are
typically higher than the social returns to other types of investment,
any new environmental R&D that comes at the expense of other R&D
investment will dampen the cost-savings potential of induced
technological change. Popp (2004) shows that assumptions about
the magnitude of such crowding out explain much of the variation in
results across IA models with induced technological change. For
example, among models that use R&D expenditures as the means by

Energy Economics 34 (2012) 980–991

☆ We thank Neelakshi Medhi for excellent research assistance, Rebecca Henderson,
Iain Cockburn, Nat Keohane, seminar participants at the 2008 AEA Winter Meetings,
2008 Spring NBER Productivity Meeting, 2010 World Congress of Environmental
Economics, Colorado College Department of Economics, Binghamton University, and
the U.S. Environmental Protection Agency's National Center for Environmental
Economics, and two anonymous referees for helpful comments on earlier drafts. This
research was supported by the Office of Science (BER), U.S. Department of Energy, Grant
No. DE-FG02-04ER63927.
⁎ Corresponding author at: Department of Public Administration, Center for Policy

Research, The Maxwell School, Syracuse University, 426 Eggers Hall, Syracuse, NY
13244-1020, United States. Tel.: +1 315 443 2482; fax: +1 315 443 1075.

E-mail addresses: dcpopp@maxwell.syr.edu (D. Popp), richard.newell@duke.edu
(R. Newell).

URL: http://faculty.maxwell.syr.edu/dcpopp/index.html (D. Popp).

0140-9883/$ – see front matter © 2011 Elsevier B.V. All rights reserved.
doi:10.1016/j.eneco.2011.07.001

Contents lists available at ScienceDirect

Energy Economics

j ourna l homepage: www.e lsev ie r.com/ locate /eneco



Author's personal copy

which technology improves, Nordhaus (2002) assumes a fixed supply
of R&D labor, so that new energy R&D completely crowds out other
R&D. As a result, he finds induced technological change has little effect
onwelfare or climate policy. In contrast, Buonanno et al. (2003)model
energy R&D and other R&D as complements, so that crowding out
does not occur. Their model finds a stronger effect for policy-induced
R&D than other models.

Note that the question of crowding out is even more important for
IA models than it is for energy R&D policy. In many IA models, such as
those cited above, overall technological change is treated as
exogenous. While we may observe that other R&D falls when energy
R&D increases, crowding out due to supply-side constraints need not
be the only cause. Rather, such a relationshipmay simply be a result of
rational, profit maximizing firms switching R&D resources from
opportunities that become less profitable as energy prices increase
(e.g. designing larger, gas-guzzling vehicles) to opportunities that are
more profitable (e.g. designing hybrid vehicles). In such a case, one
might not be concerned about crowding out from the perspective of a
policy maker increasing spending on energy R&D—in fact, such
changes in the composition of R&D may be a desired policy effect.
However, in terms of these models, whether or not it is profitable to
reduce R&D on other projects is irrelevant. Since energy R&D is
endogenous in these models, but other R&D is not, R&D resources
switched from non-energy to energy projects will be double-counted
unless the reduction in non-energy R&D is accounted for by reducing
the level of autonomous technological changewhenmore energy R&D
is induced. That is, exogenous levels of autonomous technological
change in these models should only include the effects of non-energy
R&D. If energy R&D replaces other forms of R&D, the effects of
autonomous technological change must fall. Thus, for IA models, the
relationship between energy and non-energy R&D is important
whether or not supply-side constraints exist.1

Unfortunately, there has been little empirical work addressing the
magnitude of potential crowding out effects. Related work includes Link
(1982), who finds evidence that part of the measured decline in
productivity R&D in the 1970s occurred because more R&D was directed
toward environmental research, whose benefits (e.g. a cleaner environ-
ment) were not measured in traditional market outcomes. Using
macroeconomic data, Nemet and Kammen (2007) find little evidence of
crowding out from federal energy R&D spending. However, in a survey of
Austrian firms, Roediger-Schluga (2003) finds most firms canceled or
postponed other R&D projects in order to increase environmental R&D
after passage of new volatile organic compound standards.2 This paper
looks at the tradeoffs resulting from increased energy R&D spending
directly, focusing on both the private and social opportunity costs of
energy R&D. Here, the key question is whether increases in energy R&D
are likely to represent newR&D spending, orwhether some (or all) of the
additional climateR&Dcomes at the expenseof, or crowdsout, other R&D.
To address the social opportunity costs of climate R&D, we ask whether
the social value of energy R&D differs from other types of innovation. The
paper also contributes to the literature on energy R&D by providing a
detailed description of who performs this R&D.

We explore the question of private R&D opportunity costs at
several levels. First, we examine the effect of economy-wide increases
in energy R&D on total R&D spending at the industry level in order to
investigate whether investment dollars flowing to energy-related
research are coming at the expense of overall R&D in specific sectors.
While this first question addresses flows across sectors, it does not tell

us whether and how research activity changes within individual firms
as energy R&D activities increase. To address this second question, we
use patent data to examine changes in the research portfolios of
companies actively performing energy R&D. New energy R&D
undertaken by firms will crowd out other R&D if firms are financially
constrained. Several papers have examined factors determining firm-
level R&D financing and conclude that financial constraints are often
present. These results vary by country (e.g., financial constraints
appear more binding in the U.S. and U.K. than in France and Germany)
and by firm size (financial constraints are more binding for smaller
firms).3 Moreover, Lach and Schankerman (1988) show that firms
tend to smooth R&D investment over time, suggesting that there are
large adjustment costs to changing the level of R&D within a firm.
However, such studies have typically used aggregate industry or firm-
level R&D data. Thus, they are unable to distinguish between types of
R&D performed. In this paper, we combine firm-level financial data
taken from the Compustat database of publicly traded firms, with
patent records for the same firms. We use patent classifications to
separately identify the results of energy research projects from other
research. Using these data, we can investigate whether increases in
energy patents replace other patenting activity at the firm level.

As we find some evidence of crowding out within sectors, we
conclude by considering the social value of research by energy firms.
Usingpatent citationdata as ameasureof the social value of innovations,
we ask whether energy patents are more valuable than other in-
novations.Whilewe do find evidence that energy R&Dpatents aremore
valuable, they do not appear to bemore valuable than the patents most
likely to be crowded out by an increase in energy R&D.

2. Crowding out across sectors

We begin by looking at the effect of energy R&D spending on overall
R&D activity at the sectoral level. Here, we are interested inwhether R&D
flows across sectorswhen energy R&D levels change, so that there is a net
draw on R&D away from specific sectors. For this, we use R&D data from
the National Science Foundation Survey of Industrial Research and
Development. One limitation to these data is that industry-level energy

Fig. 1. Energy R&D spending. The figure shows company-financed and federal-
government financed energy R&D performed by industry from 1973 to 1997. All values
are in 2000 dollars.

1 Throughout the paper, the term “crowding out” is not meant to have normative
implications, but simply to refer to a case where energy R&D replaces other types of
energy R&D. While we explore whether this occurs due to financial constraints or
changes in research composition due to profit-maximizing behavior, for expositional
purposes we refer to both types of changes as crowding out.

2 In a related vein, several authors have asked whether increases in defense R&D
spending crowds out other R&D. Examples include Morales-Ramos (2002), Buck et al.
(1993), and Mueller and Atesoglu (1993).

3 Recent papers on R&D financing constraints include Brown et al. (2009), who find
financial constraints for young, but not mature, firms, Hall et al. (1999), who find
stronger financial constraints in the U.S. than in Japan and France; Harhoff (1998),
who finds weaker constraints in Germany, with smaller firms most affected; Bloch
(2005), who finds financial constraints for smaller firms in Denmark, and Bougheas,
Görg, & Strobl (2003), who find evidence of financial constraints in Irish firms. Hall
(2002) provides a review of this literature on firm-level financing of R&D.
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R&D data are not available for all industries. Although published energy
R&D data include industry-level breakdowns, there are many missing
observations in thesedata. This is particularly true in industries thatdonot
perform much energy R&D. Thus, we are only able to include economy-
wide energy R&D financed and performed by industry.

This allows us to focus on crowding out across sectors. That is, as the
total level of energy R&D spending goes up, do R&D resources flow from
non-energy sectors to those doing more energy R&D? Fig. 1 shows the
trends in this variable, for both company-financed and federal-govern-
ment financed energy R&D performed by industry. Defining IRDi,t as
company-financed R&Dperformed in industry i at time t, ERDt as the level
of total company-financed energy R&D spending in year t, FEDRDt as
federally-funded R&D performed by industry,4 and Yi,t as value added in
industry i at time t, we propose the following relationship:

IRDi;t = f IRDi;t−1;Yi;t ; FEDRDt ; ERDt

� �
: ð1Þ

All variables are in levels, rather than logs, to test whether a dollar
of energy R&D crowds out a dollar of overall R&D.5 We include the
lagged dependent variable to allow for gradual adjustment of R&D in
response to changing conditions. Allowing further for gradual
adjustment, we estimate an alternative model using lagged values
of value added and federal R&D.6 Standard errors are corrected for
heteroskedasticity using robust standard errors.

Becausewe are using panel data, lagged industry-performedR&Dmay
beendogenous. In short timeseriespanels, laggedvaluesof thedependent
variable are likely correlated with the fixed effect. Thus, we use an
instrumental variables approach, using one- and two-year lagged values
of the other independent variables as instruments. Dynamic panel bias
becomes insignificant as the number of timeperiods increases (Roodman,
2009). As such, we estimate alternative models treating lagged industry-
performed R&D as either endogenous or exogenous.

Our strategy for identifying crowding out across industries is to see
how changes in the overall level of energy R&D spending affect company

R&D performance at the industry-level. However, because we have total
industry-level R&D on the left-hand side, but economy-wide energy R&D
on the right-hand side, our dependent variable includes energy R&D
financed by that industry. This limits the industries towhichwe can apply
the model, since in some industries the dependent variable will include
energy R&D for that industry. For an industry that does not perform
energy R&D, such as the food industry, this is not a problem. A coefficient
of 0 on the energy R&D variable in these industries suggests that R&D in
that industry is not affected by increases in overall energy R&D, so that
crowding out is not a problem. For these industries, we would be
concerned about crowding out only if the coefficient on energy R&D was
negative—implying that an economy-wide increase in energy R&D took
R&D resources away from this industry.

However, it is unclearhowto interpret the energyR&Dcoefficient for
industries that perform a significant amount of energy R&D. In these
industries, as energy R&D increases, their overall R&D spending should
increase, as some of the economy-wide energy R&D occurs within the
industry. However, without knowing how much of the economy-wide
energyR&Doccurswithin each industry,wedonot knowthemagnitude
by which overall R&D should increase. As a result, in this section we
focus only on industries performing little energy R&D. We begin by
looking at the percentage of R&D devoted to energy R&D in years for
which data are available, and include only industries which spent, on
average, less than 5% of overall R&D on energy R&D.7

Because of data availability, we look at two samples. From 1983 to
1997, we have data for 16 industries, of which 11 spend less than 5% of
their R&D budget on energy. However, this does not allow us to look at
crowding out during the energy crisis of the 1970s, when energy R&D
levels were highest. Thus, we also look at a subsample of 7 industries that
have data available from1973 to 1997. Of these, only 3 spend less than 5%
of their R&D budget on energy. Tables 1 and 2 list the industries in the
larger and smaller samples, respectively, along with descriptive data on
the key industry variables. The tables also show the average percentage of
R&Ddevoted toenergywithineachsector, for theyears inwhich industry-
level detail is available. In each table, the industries are sorted by this
percentage. Finally, note that the last two lines of each table present
summary statistics for all industries with more than or less than five
percent of R&D devoted to energy. In both samples, energy intensive
industries are larger. These include industries such as petroleum refining

4 Unfortunately, there are several missing observations in the industry-level data for
federally-funded R&D performed by industry, so that we can only include aggregate
levels of government-funded R&D.

5 At the request of one reviewer, we have also run the model in log–log form. The
main results do not change and are available from the authors by request.

6 In both cases, we use current energy R&D to test for crowding out, as this allows us
to test for potential supply-side constraints. Such constraints suggest that the total
supply of R&D is inelastic, so that contemporaneous increases in one type of R&D result
in a loss of other types of R&D.

7 For sensitivity analysis, we also obtained results using cutoffs of 1% and 10% for
energy-R&D intensive industries. These are available from the authors upon request.

Table 1
Descriptive statistics by industry, 1983–1997.

Industry Mean R&D Std dev R&D Mean VA Std dev VA Mean R&D/VA Mean% energy R&D

Petroleum refining and extraction 2429.25 376.04 135,536.20 33,348.48 1.9% 51.4%
Electrical equipment 13,196.52 4150.16 125,681.77 26,125.15 10.4% 8.7%
Nonmanufacturing 15,788.65 11,779.22 487,836.17 84,824.31 2.9% 8.4%
Primary metals 817.09 128.02 49,976.08 6619.26 1.7% 7.1%
Transportation equipment 16,727.32 3301.58 132,206.80 21,309.51 12.6% 5.9%

Fabricated metal products 974.87 246.80 80,014.54 11,812.58 1.2% 3.5%
Chemicals and allied products 13,944.62 4127.69 117,557.85 30,869.13 11.8% 3.2%
Lumber, wood products, and furniture 250.10 113.62 53,943.03 9914.92 0.5% 2.4%
Rubber products 1077.57 260.80 39,516.49 8706.95 2.7% 2.1%
Machinery 12,970.96 3099.84 128,507.71 15,149.11 10.1% 2.0%
Stone, clay, and glass products 734.05 253.28 30,349.00 4903.97 2.5% 1.9%
Other manufacturing industries 855.52 684.55 103,745.37 18,819.92 0.8% 0.7%
Professional and scientific instruments 6974.03 1639.46 44,042.07 11,333.53 16.1% 0.6%
Paper and allied products 1082.87 329.40 48,453.50 8702.04 2.2% 0.4%
Food, kindred, and tobacco products 1460.15 239.14 118,867.46 17,700.17 1.2% 0.3%
Textiles and apparel 300.20 86.53 53,845.03 4486.15 0.6% 0.2%

All industries w/ energy R&DN5% of R&D 9791.77 8856.97 186,247.41 160,707.60 5.9%
All industries w/ energy R&Db5% of R&D 3693.18 5206.13 74,440.19 37,667.08 4.5%

NOTE: all dollar values are in millions of 2000 dollars. Industries sorted by% of R&D devoted to energy R&D.
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and transportation equipment. In the following section, we use firm level
data to focus on activity within one energy intensive sectors.

Table 3 presents our results. The top section shows results for the
longer sample, which begins in 1974 but only includes three industries.
Thefirst two columns treat lagged industry R&Das endogenous,while the
second twodonot. Note that the results are generally similarwhether the
lagged value is endogenous or exogenous. When endogenous, the fit of
thefirst stage is somewhat poor,with an F-stat slightly less than the “rule

of thumb” of 10, suggestingweak instruments (Baumet al., 2007; Staiger
and Stock, 1997). Moreover, the p-value for Hansen's J-statistic suggests
the instruments are endogenous when using lagged values of all control
variables. Given this,we get a slightly betterfit of themodelwhen lagged
R&D is exogenous. Moreover, the key results don't change, so we
consider this to be our preferred specification. In all specifications, the
insignificant coefficient on economy-wide private energy R&D spending
suggests that increases in energyR&Delsewhere in the economyhaveno

Table 3
Industry-level crowding out results.

3 Industries: 1974–1998

Industry R&D endogenous Industry R&D exogenous

Industry R&D (i,t-1) 0.849⁎⁎⁎ 0.809⁎⁎⁎ 0.768⁎⁎⁎ 0.813⁎⁎⁎

(0.065) (0.160) (0.137) (0.140)
Economy-wide energy R&D (t) 0.244 0.220 0.174 0.105

(0.258) (0.290) (0.320) (0.333)
Value added (i,t) 0.027⁎⁎⁎ 0.041⁎

(0.009) (0.022)
Value added (i,t-1) 0.030 0.034

(0.023) (0.024)
Federal R&D (t) 0.031⁎⁎ 0.037⁎

(0.014) (0.020)
Federal R&D (t-1) 0.045⁎ 0.024

(0.026) (0.020)

Number of obs. 72 72 72 72
R-squared 0.908 0.901 0.911 0.904
p-value for Hansen's J 0.174 0.005
Kleibergen-Paap rk Wald F stat 6.563 4.604
Underidentification test p-value 0.021 0.025

11 Industries: 1984–1998

Industry R&D endogenous Industry R&D exogenous

Industry R&D (i,t-1) 0.790⁎⁎⁎ 1.321⁎⁎⁎ 0.717⁎⁎⁎ 0.740⁎⁎⁎

(0.136) (0.472) (0.127) (0.120)
Economy-wide energy R&D (t) 0.098 −0149 0.152 0.113

(0.067) (0.194) (0.120) (0.128)
Value added (i,t) 0.016 0.032⁎⁎

(0.012) (0.016)
Value added (i,t-1) −0.031 0.025⁎

(0.040) (0.013)
Federal R&D (t) −0.005 −0.001

(0.007) (0.008)
Federal R&D (t-1) −0.003 −0.010

(0.009) (0.006)

Number of obs. 165 165 165 165
R-squared 0.745 0.552 0.753 0.744
p-value for Hansen's J 0.070 0.136
Kleibergen-Paap rk Wald F stat 2.012 2.317
Underidentification test p-value 0.168 0.116

Dependent variable is all company-financed R&D performed in industry i at time t. When used, instruments are Value Added(i,t-2) & Federal R&D(t-2). Standard errors in
parentheses.

⁎ pb0.1.
⁎⁎ pb0.05.
⁎⁎⁎ pb0.01.

Table 2
Descriptive statistics by industry, 1973–1997.

Industry Mean R&D Std dev R&D Mean VA Std dev VA Mean R&D/VA Mean% energy R&D

Petroleum refining and extraction 2163.25 494.11 121,537.37 37,845.35 1.9% 56.3%
Nonmanufacturing 10,706.81 11,813.35 443,782.35 92,503.91 2.0% 16.1%
Electrical equipment 11,096.76 4448.64 108,781.24 31,859.27 10.0% 12.5%
Primary metals 856.10 121.64 57,170.03 11,784.00 1.5% 7.7%

Chemicals and allied products 11,166.28 5108.05 102,408.95 32,669.41 10.5% 3.8%
Fabricated metal products 889.23 233.30 76,250.66 11,096.48 1.2% 3.5%
Machinery 10,806.75 3938.94 121,354.62 16,594.16 8.8% 1.7%

All industries w/ energy R&DN5% of R&D 6205.73 7825.66 182,817.75 161,902.20 3.9%
All industries w/ energy R&Db5% of R&D 7620.75 6041.47 100,004.74 28,675.73 6.8%

NOTE: all dollar values are in millions of 2000 dollars. Industries sorted by% of R&D devoted to energy R&D.
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effect on overall R&D spending in these specific industries. Thus, we find
that increases in energy R&D spending do not appear to crowd out R&D
in unrelated sectors.

Results for other variables are generally as expected. The model
suggests that R&D adjusts gradually, with the coefficient on lagged
industry R&D between 0.75 and 0.85. Industry value added has a small
impact on overall R&D, and is significant only when using current value
added as the control.When significant, the coefficient on value added of
about 0.03, which seems reasonable given that just over two percent of
GDP is devoted to R&D. Finally, the coefficient on federal R&D is near
0 for all cases, suggesting little crowding out of overall private R&D
spending from overall levels of government R&D.

The bottom panel of Table 3 presents results for the shorter time
series butwith11 industries. The results are similar here, but thefit of the
model is poorer. Onceagain, the instruments performpoorly, sowe focus
on the results with the lagged dependent variable exogenous. We again
see evidence of gradual adjustment, and a positive coefficient on value
added. More importantly, there is once again no evidence of crowding
out. The results of these regressions suggest that, during past spikes in
energy research activity, research funding did not flow fromnon-energy
R&D sectors to sectors performing R&D. We thus turn our attention to
within sector R&D activity, to ascertainwhether increases in energy R&D
lead to reductions in other types of R&D within the same industry.

3. Crowding out within sectors

To address the question of crowding out within sectors, we look at
the research decisions made by individual firms. In principle, we would
like to know if increases in energy R&D at the firm level crowd out other
types of R&D. Unfortunately, R&D data are not available at the firm level
with this level of detail. Instead,weuse patents as a proxy for energy and
other R&D.8 Using patent data, we classify firm research outcomes as
energy-related or not.We then askwhether increases in energy-related
research lead to decreases in other research.

Our model specification is purposely sparse. Define OPATi,t as non-
energy patents assigned to firm i, with an application year of t. Similarly,
EPATi,t represents energypatents fromthese samefirms.Xi,t represents a
vector of firm-specific control variables, such as capital, sales, or debt, to
control for firm size. To testwhether firms face financial constraints,Xi,t

also includes profits. Crowding out is most likely to occur when firms
facefinancial constraints, so that they are unable to take advantage of all
profitable research opportunities. In the existing literature on R&D
financing, tests of financial constraints are indirect (see, for example,
Hall, 2002). Intuition about these tests can be gained by considering
what firms choose to do with new cash flow. If firms choose to invest
new cash flow in additional R&D, this suggests that the firm faced
research opportunities that it had not taken advantage of due to
financial constraints. We estimate an equation of the form:

OPATi;t = f OPATi;t−1; EPATi;t ;Xi;t; ai; bt
� �

; ð2Þ

where ai and bt representfirmand yearfixed-effects. Note that because
we are using patents as a proxy for R&D spending, we do not include
R&D spending as a control variable. While one would expect increases
in R&D to increase patenting activity, it does not allow us to determine
whether one type of R&D has replaced the other. We include year
effects to allow for changes in patent policy that change the propensity
to patent among all inventors, and to control for truncation problems
in the last years of our data. Because not all patent applications are
made public, we obtain the application years of our patents from the
final granted patent publication. We have data on patents granted
through 2002. Since some patent applications filed in the late 1990s

and early 2000s would still have been pending in 2002, counts of
patent applications in these years will be too low. As such, we restrict
our analysis to patent applications filed between 1970 and 1999. Year
dummies correct for any remaining truncation problem.

3.1. Data

Our focus is on patents for new energy technologies. These include
renewable technologies such as wind and solar power, as well as new
sources thatmayuse fossil fuels, such as fuel cells and coal liquefaction.
This sample includes firms from a broad cross-section of industries,
including refineries, chemicals, and automobile manufacturers.

Our patent data comes from two sources. First, we identify relevant
energy patents using the Delphion patent database, using a combination
of patent classification codes and, in the case of energy efficiency patents,
appropriate keywords.9 Appendix A shows the technologies included in
ourpaper, alongwith the relevant search strategies for each. To identify all
patents granted to firms working in these fields, we use the NBER patent
database (Hall et al., 2001). Based on the firm information available in the
NBER database, this leaves uswith a sample of patents granted from1971
to 2002.10

From this, we calculated the total number of patents granted to each
firm in our sample, along with the number of energy patents. We
eliminated firms where nearly all patents are energy patents, such as
International Fuel Cells or Ballard Power Systems (a fuel cell manufactur-
er).11We also eliminated firmswith less than 1.5% of their patents in one
of our energy categories. This eliminates large, diversified firms such as
General Electric and somechemical companies. In both cases, thepercent-
age of energy patents is so small that onewould not expect to identify any
reasonable relationship between energy and other patents. For the
remaining firms, we searched Compustat to identify firm-specific
variables. Our firm-specific variables, all measured in billions of 2000
dollars, are capital (Compustat item#8: Property, Plant, and Equipment—
Total (Net)), net sales (Compustat item #12), profits (Compustat item
#18), and debt (Compustat item #9). Using only firms with greater than
1.5%of their patents in either technology area, this leaves uswith a sample
of 13firms for automotive technology and 31firms for alternative energy.
Table 4 displays, by firm, average values for each of the variables in our
dataset.

To get a sense ofwho patents in these technology areas, Tables 5 and 6
present the top patent assignees byfield. Table 5 lists the top 20 assignees
for each field. This list is dominated by large firmswith just a few percent
of their total patents falling in these categories. Only a few predominately
energy companies, such as International Fuel Cells Corporation, appear in
the top 20. Table 6 lists the top 20 firms having the greatest percentage of
their patents falling in one of these categories. Here,we only includefirms
with 10 ormore patents in these areas, as there are hundreds offirms that
have only one relevant energy patent and no other patents. There are
many companies specializing in the alternative energy field, as relevant
energy patents comprise 70% ormore of the total patent portfolio for each
of the firms in the top 20. Overall, the distribution of assignees is highly
skewed. Not counting patents assigned to individuals, there are 3059
unique patent assignees in the alternative energy field. Of these, 1935
have just one alternative energy patent. Only 17% of alternative energy
patents are assigned to the top 20 assignees (not counting individually
assigned patents). There are 18,107 total patents in this field. The
companies included inour regressionhave2011of these, or11%. For these
31 firms, energy patents represent 3.6% of their total patenting activity.

8 Griliches (1990) shows that patents, sorted by their year of application, are strongly
correlated with R&D expenditures, and thus make a good proxy for R&D spending. For a
discussion of other applications of patent data in environmental economics, see Popp (2005).

9 Available at www.delphion.com.
10 The NBER database limits us to patents granted from 1968, as firm identifiers are
not available before that date. Similarly, the NBER data currently ends in 2002.
However, we only use patents granted from 1971 because the Delphion database only
includes abstracts for keyword searching on patents beginning in 1971.
11 Our initial cutoff for this was firms with more than 2/3 of their patents pertaining
to energy. However, once we search for financial data on the remaining firms, no firm
with more than 29% of their patents pertaining to energy remain in the dataset.
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Finally, Fig. 2 shows energy and non-energy patents for the firms in
our regression. In the figure, patents are sorted by the year of application.
Thenumberof energypatent applicationsperyear is on the lefty-axis, and
the number of non-energy patent applications per year is on the right y-
axis.Note that alternativeenergypatents increaseduring theenergycrises
of the 1970s. Afterwards, energy patents decline, and non-energy patents
increase, suggesting possible crowding out.

3.2. Results

Table 7 presents our results. Thenull hypothesis is that energypatents
do not crowd out other patents, which we fail to reject unless the
coefficient on energy patents is significantly different from zero. The table
includes four specifications: two treating the laggeddependent variable as
endogenous, and two treating it as exogenous. In all cases, energy patents
are treated as endogenous. We use lagged values from t-1 to t-3 of the
exogenous dependent variables (profits, sales, debt, and capital) as
instruments, along with second- and third-year lagged values of energy
patents. All regressions use GMM estimation with firm and year fixed
effects. Robust standard errors are presented. The first two columns of
Table 7 present results using current values of the control variables, while
the second two columns present results using lagged values of the
controls.12

Thefit of themodel is generally good,with R2 statistics near 0.6. This is
slightly lower than is typically found in thefinancial constraints literature,
where R2 statistics typically approach 0.8 (see, for example, Bloch, 2005
and Bougheas et al., 2003). The slightly worse performance of our
regressions likely comes fromtheadditional noise addedbyusingpatents,
rather than having direct measures of R&D available to us. In both cases,
regression diagnostics suggest that the instrumental variables for the
lagged dependent variable are not sufficient. As shown by the p-value
from Hansen's J statistic presented below the estimates, we cannot reject
the null hypothesis that the instruments are valid. However, in columns 1
and 3, theWald F statistic based on the Kleibergen-Paap rk statistic is less
than the “rule of thumb” of 10, suggestingweak instruments (Baumet al.,
2007; Staiger and Stock, 1997). This is not a problem when only
instrumenting for energy patents (columns 2 and 4). Fortunately, there is

12 In both cases we use current values of energy patents, as we are asking whether a
contemporaneous increase in energy patents comes at the expense of other research.

Table 4
Descriptive statistics by firm.

Company Freq. Alt. energy
patents

All
patents

Pct alt. energy
(ave.)

Pct alt. energy
(pct of total)

Capital
(billion 2000 $)

Sales
(billion 2000 $)

Debt
(billion 2000 $)

Profits
(billion 2000 $)

Ametek, Inc. 30 0.53 6.27 9.39% 8.51% 0.15 0.70 0.10 0.03
Amoco Corporation 28 2.21 90.36 2.47% 2.45% 20.67 27.98 3.27 1.44
Atlantic Richfield 30 4.20 72.00 5.23% 5.83% 16.71 20.77 4.43 0.96
Babcock & Wilcox 7 0.57 32.29 1.44% 1.77% 0.76 3.29 0.11 0.03
Chevron 30 3.60 102.00 2.77% 3.53% 20.48 37.47 3.96 1.41
Cities Service Company 17 1.06 21.12 10.65% 5.01% 5.02 6.99 0.98 0.26
Combustion Engineering 19 3.05 54.63 5.26% 5.59% 0.79 4.04 0.13 0.05
Conoco 30 1.47 47.93 2.15% 3.06% 9.23 14.45 2.67 0.50
Dorr-Oliver 9 0.89 8.33 10.34% 10.67% 0.02 0.30 0.002 0.005
Energy Conversion Devices 30 3.07 13.10 14.33% 23.41% 0.01 0.02 0.003 −0.01
Engelhard Corporation 19 1.32 24.16 5.89% 5.45% 0.60 3.13 0.19 0.08
Exxon 30 11.07 240.70 4.38% 4.60% 57.55 110.49 5.40 4.55
Foster Wheeler 30 3.43 17.57 19.69% 19.54% 0.38 2.41 0.25 0.02
Grumman Aerospace Corp 24 0.83 29.25 4.77% 2.85% 0.40 3.39 0.32 0.05
Gulf 12 5.08 79.50 6.13% 6.39% 0.05 0.04 0.02 0.003
Kerr-McGee 30 0.97 3.30 26.24% 29.29% 2.59 3.50 0.63 0.09
Mobil 29 4.59 224.86 1.89% 2.04% 24.40 60.91 4.37 1.57
Molten Metal Technology 5 1.60 6.60 22.67% 24.24% 0.04 0.03 0.04 −0.02
Occidental 30 2.67 29.73 6.94% 8.97% 10.20 14.74 3.78 0.23
Optical Coating Laboratory 30 0.37 4.50 9.13% 8.15% 0.05 0.11 0.02 0.003
Owens-Illinois 30 1.23 65.53 1.34% 1.88% 2.29 4.89 1.84 0.09
Praxair Technology 9 1.33 55.56 2.53% 2.40% 3.64 3.83 1.47 0.26
Sanyo Electric 10 6.50 188.40 4.14% 3.45% 5.19 16.12 3.31 0.07
Spire Corp. 18 0.44 2.72 13.97% 16.33% 0.01 0.02 0.001 0.0002
Standard Oil 17 2.12 77.53 2.75% 2.73% 10.45 10.46 2.75 0.65
Texaco 30 3.57 140.97 2.76% 2.53% 20.09 47.28 4.29 1.09
Tosco Corporation 30 0.30 1.03 25.97% 29.03% 0.86 3.87 0.49 0.04
United Technologies 30 6.13 178.30 3.58% 3.44% 3.31 18.20 1.27 0.40
UOP 8 5.38 181.88 2.99% 2.96% 0.33 1.67 0.07 0.01
Varian Associates 28 0.79 35.36 2.28% 2.22% 0.21 1.12 0.05 0.03
Westinghouse Electric 22 6.82 423.96 1.70% 1.61% 3.28 13.83 0.63 0.33
All refineries 326 3.46 93.41 6.41% 8.76% 17.16 31.61 3.17 1.11
All other firms 375 2.36 68.41 7.63% 8.03% 1.28 4.52 0.53 0.10

Refinery firms included in section IIC highlighted in bold.

Table 5
Top energy patent assignees by field, 1971–2002.

Assignee Energy patents All patents % energy

Individually owned patents 4457 521,560 0.85%
Exxon 340 7839 4.34%
Canon 318 24,454 1.30%
US Department of Energy 303 6028 5.03%
Siemens Aktiengesellschaft 216 16,024 1.35%
United Technologies 201 5655 3.55%
Westinghouse Electric 180 10,891 1.65%
International Fuel Cells Corporation 179 244 73.36%
General Electric 147 27,557 0.53%
Mobil 137 6798 2.02%
Atlantic Richfield Company 131 2323 5.64%
Sanyo Electric 122 3047 4.00%
Hitachi 116 24,920 0.47%
Texaco 115 4523 2.54%
Chevron 111 3332 3.33%
Foster Wheeler 106 565 18.76%
NASA 106 4177 2.54%
Mitsubishi 101 20,951 0.48%
Energy Conversion Devices, Inc. 94 429 21.91%
Fuji Electric 91 1478 6.16%
Total (top 20 except individuals) 3114
All assignees 18,107 2,933,721 0.62%
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little change in the resultswhen treating the laggeddependent variable as
exogenous, suggesting that dynamic panel bias is small given the large
number of time series observations available to us (Roodman, 2009).

The results show that other patenting activity at these firms does
decrease when energy patenting increases, as the coefficient is negative
and significant in all four regressions. In each case, the coefficient is less
than negative 1, suggesting that a new energy patent fully crowds out a
non-energy patent.13 As expected, the coefficient on sales is significant,
suggesting that larger firms patent more. The coefficient on debt is
negative, as is typical, but is insignificant inall cases. The laggeddependent
variable suggests gradual adjustment, with coefficients generally near
0.75.

The coefficient on profits is of particular interest, as it is insignificant
each regression. That firms do not spend additional income on new
research opportunities suggests that these firms are not financially cons-
trained—they have already taken advantage of all profitable research
opportunities. Thus, we have found that, after controlling forfirm size and
profits, other patenting activity does decrease when energy patents
increase, but thatfirms do not otherwise appearfinancially constrained.14

In combination, this suggests that decreases in other patenting activity are
a result of changing opportunities, rather than crowding out. That is, the
samemarket forces thatmakealternative energy researchmoreprofitable
alsomake other types of research less profitable.We explore this possibi-
lity further below.

3.3. What is crowded out?

Given the evidence that alternative energy replaces other types of
R&D, we take a closer look at innovations in a subset of our sample to see
what might be lost when alternative energy innovation increases. To be
able to categorize these other patents in greater detail, we limit our focus
to the 12 firms from our alternative energy sample that are energy
refinery companies.15 To begin, Table 8 verifies that the results of the
previous section hold for these 12 firms. We see that the signs and

magnitudes generally remain similar. Because of the smaller sample size,
the negative effect of energy patents is only significant at the 10% level,
and only in three of the four regressions. In the unlagged model, weak
instruments are a problem, resulting in higher standard errors on the
energy patent coefficient. Profits remain insignificant, suggesting that any

Table 6
Top patent assignees, by% of patents pertaining to energy, by field, 1971–2002.

Assignee Energy patents All patents % Energy

JX Crystals, Inc. 23 23 100.00%
Solarco Corporation 12 12 100.00%
Sunworks, Inc. 12 12 100.00%
Magma Power Company 10 10 100.00%
H-Power Corp. 15 16 93.75%
Electrochemische Energieconversie 12 13 92.31%
Solarex Corporation 55 60 91.67%
M-C Power Corporation 11 12 91.67%
Chronar Corporation 24 27 88.89%
Plug Power L.L.C. 53 60 88.33%
Sovoncis Solar Systems 19 23 82.61%
Spectrolab, Inc. 13 16 81.25%
ZTek Corporation 13 16 81.25%
Ballard Power Sytems, Inc. 73 90 81.11%
Astropower, Inc. 12 15 80.00%
AER Energy Resources, Inc. 38 49 77.55%
United Solar Systems Corporation 33 44 75.00%
International Fuel Cells Corp. 179 244 73.36%
Evergreen Solar, Inc. 11 15 73.33%
Photon Power, Inc. 16 23 69.57%
Total (top 20) 634
All assignees 18,107 2,933,721 0.62%

Table 7
Crowding out from alternative energy patents.

Lagged patents
endogenous

Lagged patents
exogenous

Lagged patents
endogenous

Lagged patents
exogenous

Other patents
(t-1)

0.856⁎⁎⁎ 0.761⁎⁎⁎ 0.730⁎⁎⁎ 0.749⁎⁎⁎

(0.112) (0.046) (0.123) (0.046)
Energy patents −1.794⁎⁎ −1.762⁎⁎ −1.621⁎⁎ −1.582⁎⁎

(0.783) (0.804) (0.771) (0.768)
Profit −1.280 −2.023

(3.602) (3.513)
Profit (t-1) −3.258 −3.037

(3.319) (3.298)
Sales 0.608⁎ 0.763⁎⁎

(0.346) (0.311)
Sales (t-1) 0.815⁎⁎ 0.768⁎⁎⁎

(0.351) (0.278)
Capital −0.970 −0.779

(0.611) (0.565)
Capital (t-1) −0.279 −0.314

(0.666) (0.559)
Debt 0.147 −0.046

(1.211) (1.208)
Debt (t-1) −1.315 −1.243

(1.150) (1.098)
Number of obs. 608 608 608 608
R-squared 0.608 0.616 0.620 0.622
P-value for
Hansen's J

0.601 0.273 0.356 0.619

Kleibergen-Paap
rk Wald F stat

3.644 11.961 1.954 12.083

Underidentification
test p-value

0.000 0.000 0.000 0.000

Dependent variable is Other patents(t). 1–3 year lagged independent variables and 2–
3 year lagged energy patents used as instruments for Other patents(t-1) and Energy
patents. Regressions run from 1973 to 1999, with lagged data back to 1970 used for
instruments. Standard errors in parentheses.

⁎ pb0.1.
⁎⁎ pb0.05.
⁎⁎⁎ pb0.01.

Fig. 2. Total alternative energy patents from all energy firms, by application year. The
figure shows the total number of alternative energy patents and non-energy patents
assigned to firms in our regression analysis. The number of energy patents is on the left
axis, and number of other and related patents is on the right axis. Patents are sorted by
the year of application.

13 Moreover, dividing the coefficient by oneminus the coefficient on the lagged dependent
variable suggests a long run decrease between 6 and 12 patents.
14 Indeed, profits remain insignificant in a regressionof total patents on sales, profits, capital
and debt.
15 These firms are Amoco, Atlantic Richfield, Chevron, Conoco, ExxonMobil, Gulf, Kerr-
McGee, Mobil, Occidental, Standard Oil, Texaco, and Tosco. Table 4 includes a breakdown of
descriptive statistics for thesefirmsand theothers inoursample.Onaverage, thesefirmshave
much larger capital and sales but only slightlymore patenting activity than otherfirms in the
sample.
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Fig. 3. Trends in refinery patent types. Figure includes refinery patents with application years between 1970 and 1999. The number of Chemistry and Other patents is divided by 10
for ease of presentation.

Table 8
Crowding out from alternative energy patents (refineries only).

Lagged patents endogenous Lagged patents exogenous Lagged patents endogenous Lagged patents exogenous

Other patents (t-1) 0.852⁎⁎⁎ 0.782⁎⁎⁎ 0.662⁎⁎⁎ 0.778⁎⁎⁎

(0.155) (0.058) (0.161) (0.060)
Energy patents −2.381⁎ −2.241 −2.508⁎ −3.255⁎

(1.333) (1.453) (1.387) (1.846)
Profit −0.293 −0.489

(3.411) (3.338)
Profit (t-1) −3.194 −3.309

(3.452) (3.499)
Sales 0.640 0.686

(0.421) (0.455)
Sales (t-1) 1.105⁎⁎ 1.127⁎⁎

(0.448) (0.522)
Capital −1.207 −1.027

(0.845) (0.790)
Capital (t-1) −0.435 −1.020

(0.886) (0.998)
Debt 0.641 0.524

(1.350) (1.338)
Debt (t-1) −1.155 −0.971

(1.284) (1.325)
Number of obs. 290 290 290 290
R-squared 0.641 0.648 0.636 0.614
p-value for Hansen's J 0.538 0.170 0.703 0.107
Kleibergen-Paap rk Wald F stat 2.196 5.373 1.577 9.578
Underidentification test p-value 0.004 0.001 0.008 0.000

Dependent variable is Other patents(t). 1–3 year lagged independent variables and 2–3 year lagged energy patents used as instruments for Other patents(t-1) and Energy patents.
Regressions run from 1973 to 1999, with lagged data back to 1970 used for instruments. Standard errors in parentheses.

⁎ pb0.1.
⁎⁎ pb0.05.
⁎⁎⁎ pb0.01.
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tradeoffs between energy and non-energy patents are not a result of
financial constraints.16

Using patent classifications,we categorize all of the patents from these
12 firms into one of 7 technology groups: alternative energy, coal-based
fuels, environmental, refining, chemistry, drilling wells, and other
technologies. Alternative energy patents include traditional renewable
sources such aswind, solar, and geothermal. Coal-based fuels include coal
gasification and coal liquefaction patents. In the regression analysis of the
previous section, both of these are categorized as alternative energy
patents. Among the refineries, these coal-based fuels are an important
component of alternative energy innovation, comprising two-third of the
alternative energy patents for these firms. Thus, we consider these
separately from other alternative energy patents. Environmental patents
pertain to pollution control, and include techniques for cleaning up oil
spills, aswell as isomerization refining techniquesdevelopedaspart of the
phase-out of lead from gasoline and reformulated fuels. Appendix B
presents a complete list of the patent classifications in each technology
group. Fig. 3 shows trends in these seven groups over time.

Table 9 shows the correlation between patent applications per
year in each category.17 Because overall patent counts move together
over time (for instance, as a result of changing firm revenues), we look
at both correlations between counts of patents in each group, as well
as correlations between the percentage of each year's patents
belonging to each group. Using raw patent counts, all correlations
are positive. However, the two smallest correlations are between
alternative energy and refining, and coal-based fuels and refining. The
correlations between either alternative fuels or coal-based fuels and
environmental patents are also small. Using correlations between the
percentage of patents in each category per year, we now see several
negative correlations. This is expected, since the sum of percentages in
each year must sum to 100. Here, the correlation between alternative
energy patents and refining patents is strongly negative, at −0.70.
The same holds true for the correlation between coal-based fuels and
refining. The correlation between alternative energy and pollution
control innovations is also negative, but its magnitude is much
smaller, at −0.39. Finally, to focus on the period when alternative
energy research is most active, panels C and D of Table 9 repeat the
analysis for only those patents from 1973 to 1987. As shown in Fig. 3,
this covers the period in which alternative energy innovation
increased and then returned to pre-energy crisis levels. While refinery

16 Similarly, we ran regressions using only the non-refinery firms. Here, the
coefficient on energy patents is negative, but slightly smaller (−0.69 to −1.04) and
insignificant. Profits remain insignificant, suggesting once again that firms are not
financially constrained. Capital, rather than sales, is the statistically significant
indicator of firm size. Unlike the overall model, debt is significantly negative. Results
are available from the authors by request.

Table 9
Correlations among refinery patent types.

A. Correlations with annual number of patents in each type, 1973–1999

Refining Chemistry Wells Other Environment Coal fuels Alt energy

Refining 1
Chemistry 0.635 1
Wells 0.676 0.831 1
Other 0.574 0.813 0.894 1
Environment 0.746 0.781 0.689 0.640 1
Coal fuels 0.182 0.496 0.582 0.772 0.301 1
Alt energy 0.243 0.662 0.583 0.744 0.376 0.850 1

B. Correlations with annual percentage of patents in each type, 1973–1999

% Refining % Chemistry % Wells % Other % Environment % Coal fuels % Alt energy

% Refining 1
% Chemistry 0.154 1
% Wells −0.198 −0.355 1
% Other −0.513 −0.805 0.128 1
% Environment 0.312 0.423 −0.069 −0.615 1
% Coal fuels −0.703 −0.543 0.046 0.595 −0.451 1
% Alt energy −0.704 −0.222 −0.036 0.342 −0.391 0.776 1

C. Correlations with annual number of patents in each type, 1973–1987

Refining Chemistry Wells Other Environment Coal fuels Alt energy

Refining 1
Chemistry 0.368 1
Wells 0.388 0.583 1
Other 0.488 0.516 0.315 1
Environment 0.161 0.603 0.301 0.350 1
Coal Fuels 0.334 0.255 0.193 0.819 0.211 1
Alt Energy 0.380 0.646 0.296 0.757 0.418 0.747 1

D. Correlations with annual percentage of patents in each type, 1973–1987

% Refining % Chemistry % Wells % Other % Environment % Coal fuels % Alt energy

% Refining 1
% Chemistry −0.465 1
% Wells 0.337 0.033 1
% Other 0.329 −0.878 −0.148 1
% Environment −0.142 0.285 0.071 −0.324 1
% Coal fuels −0.391 −0.420 −0.562 0.257 −0.302 1
% Alt energy −0.601 0.197 −0.648 −0.296 −0.136 0.634 1

Tables show the correlation between patents in each technology group. The top two panels include all refinery patents with application years between 1973 and 1999. The bottom
two panels include all refinery patents with application years between 1973 and 1987. This covers the period of growth and reduction for alternative energy patents.

17 We use patents from 1973 to 1999, as these are the years appearing in the
regression analysis.
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patents still are most likely to fall as alternative energy research
increases, we also see a decrease in patents pertaining to drilling
wells. The correlation between the number of alternative energy
patents and wells patents is 0.30, and the correlation between the
percentages of these patents is −0.65. While only suggestive, these
correlations provide evidence that much of what is replaced by
increased alternative energy research are innovations on refining and
drilling wells, both of which would increase production of fossil fuels.
Thus, while it is important for such crowding out to be accounted for
in integrated assessment models, these results also suggest that one
effect of policies designed to increase alternative energy R&D is to
lower incentives for R&D on traditional fossil fuel energy sources.

4. The social value of energy innovations

While the analysis of the preceding section provides some
evidence as to how the composition of research portfolios change as
energy research increases, it does not tell us anything about the social
value of this research. Economists consistently find that the social
returns to research are higher than a firm's private returns.18 This
deviation results from knowledge spillovers due to the public-good
nature of new knowledge. A successful innovator will capture some
rewards, but those rewards will always be only a fraction – and
sometimes a very small fraction – of the overall benefits to society of
the innovation. Hence innovation creates positive externalities in the
form of knowledge spillovers for other firms and consumers.

If the social returns to new alternative energy R&D are no different
from the social returns to the R&D that is crowded out, then simply
measuring the magnitude of crowding out is sufficient. However, if these
social returns differ, the ultimate economic effect of crowding out will be
miscalculated unless these differences are accounted for. A priori, there
are two reasons to expect that alternative energy research may have a
greater social value than other research. First, comparatively less research
has been done on alternative energy than other fields, particularly at the
beginningof our sample. As a result, alternative energy starts froma lower
knowledge base, leading to greater opportunities for big breakthroughs
and positive spillovers than more mature technologies. Second, energy
technologies may have influence in many sectors, raising the possibility
that innovations will have the characteristics of General Purpose
Technologies (GPT) (see, for example, Helpman, 1998).19

We use two measures of social value. Both make use of patent
citation data. Many researchers have used patent citations as an
indicator of the value of a patent.20 First, we consider the number of
patent citations receivedbyeachpatent in our sample.Weassumemore
frequently cited patents havemore value to society, as they provide the
building blocks to a larger number of future innovations. Second,we use
ameasure of patent generality described inHall et al. (2001). Generality
asks whether a patent is cited by other patents from many different
technological fields, or just by other similar patents. The index ranges
from0 to 1,withhigher values representingmore general patents.More
formally, generality is a Herfindahl index defined as

Generalityi = 1−∑
ni

j
s2ij ð3Þ

where sij denotes the percentage of citations received by patent i from
patents in patent class j, out of a total of ni patent classes. Our
assumption is that more general patents provide more social value, as
they provide building blocks to innovations in more sectors of the
economy.

Our analysis makes use of the patents from the previous section.
Citation data come from the NBER patent database, which includes
all citations made by patents granted between 1975 and 2002. Based
on this, we restrict our analysis to patents with application years
between 1975 and 1999. Table 10 provides descriptive data on
generality and citations received by both energy and non-energy
patents in our database. In addition, a more detailed breakdown is
provided for the seven technology groups introduced for refineries
in the previous section. The descriptive data suggests that alternative
energy patents are cited more frequently, and are more general, than
other patents.

However, simply looking at descriptive data does not tell thewhole
story, as citation patterns vary over time, as well as across
technologies. For example, the number of opportunities to be cited is
important. Patents are likely to receivemore citations if there aremore
patents in the years immediately following publication. Moreover,
older patents, such as the bulk of alternative energy patents, have had
more chances to be cited than more recent patents. In addition, more
recently granted patents are more likely to cite previous patents, as a
result of both computerized data bases making searching for relevant
patents easier, as well as increasing legal pressure to include all
relevant citations in the final patent. Regression analysis allows us to
control for such features, using fixed effects for patent application year
to control for the number of citing opportunities that follow.

For both citations and generality, our regression takes the following
form. Define yi as the variable of interest—either the subsequent
citations receivedbypatent i, or the generality index of patent i. Dummy
variables indicate whether or not a patent is an alternative energy
patent. For non-energy patents, we also include a dummy variable for
the general technology type, based on the classification system used in
the NBER patent database. Each patent is categorized as a chemistry,
computer,medical, electronic,mechanical, ormiscellaneouspatent. This
accounts for the finding that some fields are more active than others,
and thus more likely to receive citations. Miscellaneous patents are the
excluded category. Our regression becomes:

yi = f Alternative Energy Dummy; Technology Dummy; year fixed effectsð Þ:
ð4Þ

As many patents are never cited, we use a negative binomial
regression for the citation analysis. Results are reported as eβ, so that
they can be interpreted as the likelihood of citation relative to a base
case patent, a non-energy patent belonging to an automotive firm.
Because generality is bounded by 0 and 1, we use a Tobit regression to

18 See, for example, Mansfield (1977, 1996), Pakes (1985), Jaffe (1986), Hall (1996),
and Jones and Williams (1998).
19 In a related vein, both Hart (2008) and Gerlagh et al. (2009) raise the possibility
that optimal carbon tax rates would be higher than the Pigouvian rate if spillovers
from emissions-reducing technology were greater than for other technologies. For
instance, in such a case, policies to address the general problem of knowledge
spillovers in the economy would be insufficient for a technology with greater than
average spillovers.
20 See, for example, Lanjouw and Schankerman (2004) Popp (2006b), and the papers
cited in Jaffe and Trajtenberg (2002).

Table 10
Descriptive data on citations and generality.

N Citations Generality

Mean Std dev Mean Std dev

All alternative energy
Energy 2012 8.727 10.697 0.509 0.342
Non-energy 48,816 6.673 8.863 0.470 0.364

Refineries
Alternative energy 302 7.805 6.662 0.631 0.298
Coal-based fuels 627 6.260 6.306 0.424 0.353
Refining 3152 7.076 8.733 0.422 0.343
Environmental 995 7.513 9.023 0.483 0.354
Chemistry 7442 7.606 12.303 0.529 0.357
Wells 2362 6.738 7.132 0.410 0.352
Other technologies 9778 5.741 7.408 0.437 0.370

Descriptive data on patents from 1975 to 1999.
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examine whether energy patents are more general than other patents
assigned to the firms in our sample. We do a similar analysis of
refinery patents, using only dummies for the seven technology groups
and year fixed effects. Because refinery patents are most likely to be
crowded out, they are the excluded category.

Table 11 presents our results. Panel A confirms that alternative
energy patents are 6.5% more likely to be cited than other patents
from these firms. Among various technology types, alternative energy
patents are secondmost likely to be cited, with only computer patents
cited more frequently. Similarly, as shown in the last column,
alternative energy patents are more general than other patents from
these firms, with computer patents again being the only category
more general. Panel B shows the results using only patents from the
12 energy refineries, allowing us to compare the value of alternative
energy patents to those most likely to be crowded out. Our excluded
category is refining patents. While alternative energy patents are
more general than refining patents, suggesting that they do impact
more areas of the economy than the innovations they replace, their
social value is not much higher. These patents are 8%more likely to be
cited, but the result is not statistically significant. Thus, while the
crowding out effect within the refining sector appears to have a
positive environmental effect, by replacing research designed to
enhance the production of fossil fuels, the value of these innovations
to future researchers is no different than the value of the research that
is replaced.

5. Discussion

As calls for increased energy R&D strengthen, it is important to know
where funding for these effortswill come from. In particular, to the extent
that new energy R&D funding crowds out other R&D efforts, the social
benefits to new energy R&D will be dampened. Using both industry and
firm-level data from the United States, this paper takes a first look at the
source of energy R&D. Using industry data, we find no evidence of
crowding out across sectors. Economy wide increases in energy R&D do
not appear to drawR&Dresources away from those industries that are not
actively involved in energy research, mitigating the concern that new
energy R&D programs will draw resources away from other innovative
sectors of the economy.

Looking within sectors, we use firm-level patent data to take a
closer look at alternative energy research. Since we combine these
patent data with financial data from Compustat, our sample is
restricted to large, publicly traded firms. We find that increases in
the number of alternative energy patents assigned to these firms do
lead to decreases in other types of patents by these firms. However,
we do not find evidence that these firms face financial constraints,
suggesting that the reduction in other research is simply a response to
changing market opportunities. Using more detailed patent data on
refinery companies, we find that alternative energy research most
likely crowded out innovations on refining and wells. This is
consistent with the notion that any apparent crowding out reacts to
market incentives—as opportunities for alternative energy research
become more profitable, we would expect research opportunities for
traditional fossil fuels to appear less appealing to firms. This suggests
that any crowding out which has occurred in this industry had a
positive environmental effect, by enhancing greener technologies at
the expense of dirtier ones.

Finally, we use patent citation data to compare the social value of
energy research to other research by these firms. We find that
alternative energy patents are cited more frequently, suggesting that
they provide greater value to future inventors. They are also more
general as they are cited by a larger range of other patents than non-
energy innovations. This is consistent with the notion that energy
innovations can have a broad impact on the economy, because of the
importance of energy use throughout the economy. This supports the
notion of both Hart (2008) and Gerlagh et al. (2009) that optimal
carbon tax rates could be higher than the Pigouvian rate because of
higher than average spillovers, suggesting that simply “getting the
prices right” is not enough to fully encourage alternative energy R&D.
However, confining our analysis to refineries, we find no difference in
the social value of alternative energy patents compared to the refining
and wells patents most likely to be crowded out by alternative energy
research, suggesting that once crowding out is properly modeled in
integrated assessment models, additional adjustments for variations
in the social value of energy research and the research that it replaces
are not necessary.

Our results have implications both for policy and for integrated
assessment modelers. For policy, a key result is that any crowding out
that may occur appears to affect dirty technologies. Thus, policies
enhancing research incentives for green technologies have the
additional desired effect of reducing incentives for research on dirty
technologies such as fossil fuels. To illustrate the importance of this,
consider the results of Gerlagh (2008), who presents a climate model
allowing for a choice of carbon-energy producing R&D, carbon-energy
saving R&D, and neutral R&D. Gerlagh simulates the effect of a carbon
tax on his model, and finds that carbon-producing R&D, rather than
neutral R&D, is crowded out by induced carbon-energy saving R&D. As
a result, the impact of induced technological change is larger than in
other models with crowding out, with optimal carbon taxes falling by
a factor of 2.

For integrated assessment modelers, the results highlight the
importance of incorporating the costs of R&D in the model. Many

Table 11
Are Alternative energy patents more valuable?

Variable Citations Generality

A. All patents
Alternative energy patent 1.065⁎⁎ 0.055⁎⁎⁎

(0.028) (0.016)
Chemistry patent 0.894⁎⁎⁎ 0.040⁎⁎⁎

(0.013) (0.009)
Computer patent 1.176⁎⁎⁎ 0.113⁎⁎⁎

(0.026) (0.014)
Medical patent 0.730⁎⁎⁎ −0.110⁎⁎⁎

(0.037) (0.032)
Electronics patent 0.909⁎⁎⁎ −0.049⁎⁎⁎

(0.016) (0.011)
Mechanical patent 0.823⁎⁎⁎ −0.015

(0.015) (0.011)
Σ 0.601⁎⁎⁎

(0.003)
Number of obs. 50,828 50,828
Log-likelihood −146,684.77 −44,997.07

B. Refinery patents only
Alternative energy patent 1.084 0.260⁎⁎⁎

(0.070) (0.039)
Coal-based fuel patent 0.832⁎⁎⁎ −0.033

(0.040) (0.029)
Chemistry patent 1.121⁎⁎⁎ 0.130⁎⁎⁎

(0.026) (0.014)
Wells patent 1.042 −0.025

(0.031) (0.018)
Environment patent 1.107⁎⁎⁎ 0.073⁎⁎⁎

(0.043) (0.024)
Other patent 0.857⁎⁎⁎ −0.016

(0.020) (0.014)
Σ 0.614⁎⁎⁎

(0.004)
Number of obs. 24,658 24,658
Log-likelihood −71,288.01 −22,146.14

Generality results from a Tobit regression, and citation results from a general negative
binomial regression. Citation results presented as eβ, and are interpreted as the
likelihood of receiving a citation, compared to the base case of a non-energy automotive
patent in panel A, or a refining patent in panel B. Standard errors in parentheses.
⁎⁎ pb0.05.
⁎⁎⁎ pb0.01.
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integrated assessment models include detailed descriptions of
alternative energy research, but treat other forms of technological
change as exogenous. As this exogenous technological change includes
research that may decline when alternative energy research increases,
not adjusting this exogenous rate will double-count gains from
induced technological change, even if the decrease in research results
from profit-maximizing decisions of how to allocate research inputs,
rather than crowding out from financial constraints.

Appendix A. Supplementary data

Supplementary data to this article can be found online at doi:10.
1016/j.eneco.2011.07.001.
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