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•  To	
  address	
  climate	
  change	
  we	
  need	
  innova0on	
  
•  Investments	
  in	
  clean	
  R&D	
  hampered	
  by	
  two	
  

market	
  failures	
  (Jaffe,	
  Newell	
  &	
  Stavins	
  2005)	
  
•  Pollu0on	
  externality	
  
•  Knowledge	
  externality	
  

•  2	
  policy	
  instruments	
  needed	
  to	
  address	
  this:	
  
•  Carbon	
  tax	
  /	
  ETS	
  
•  Public	
  R&D	
  support	
  /	
  R&D	
  subsidies	
  



•  A	
  general	
  problem	
  of	
  all	
  technologies	
  
•  Some	
  policies	
  exist:	
  IP,	
  R&D	
  tax	
  credits	
  

•  Do	
  we	
  need	
  specific	
  policies	
  for	
  clean?	
  
•  Ex:	
  in	
  2011	
  OECD	
  countries	
  spent	
  over	
  3	
  bn	
  euros	
  on	
  

R&D	
  support	
  to	
  renewable	
  energy	
  technologies	
  	
  

•  Necessary	
  condi0on:	
  	
  
Knowledge	
  spillovers	
  larger	
  for	
  clean	
  

[Goulder	
  and	
  Schneider	
  (1999)]	
  	
  



•  Climate  policy  as  growth  and  employment  policy?	

Diverging views on carbon trading (1)

“The Administration is
developing a comprehensive
energy and climate change
plan to (. . . ) address the
global climate crisis, and
create new American jobs
that cannot be outsourced.
(. . . ) This program will be
implemented through a
cap-and-trade system
(. . . ).”

Executive Budget Office of the
President, 2009.

Climate	
  change	
  policies	
  are	
  not	
  
an	
  “unbearable	
  burden”	
  on	
  the	
  
economy	
  but	
  unashamedly	
  good	
  
for	
  growth	
  
Ed	
  Davey,	
  UK	
  Energy	
  Secretary	
  



	
 	
 	
 	
If	
  Clean	
  >	
  Dirty	
  Spillovers	
  
•  A	
  policy-­‐induced	
  redirec0on	
  of	
  innova0on	
  from	
  

dirty	
  to	
  clean	
  technologies	
  will	
  reduce	
  the	
  net	
  
cost	
  of	
  environmental	
  policies...	
  	
  

•  ...	
  and	
  can	
  even	
  lead	
  to	
  higher	
  economic	
  growth	
  	
  
•  One	
  of	
  the	
  theore0cal	
  mo0va0ons	
  for	
  the	
  Porter	
  

hypothesis	
  [Mohr	
  2002;	
  Hart	
  2004	
  and	
  2007;	
  Ricci	
  2007]	
  	
  



•  Compare	
  rela0ve	
  degree	
  of	
  spillovers	
  between	
  
clean	
  and	
  dirty	
  technologies	
  in	
  transporta0on	
  
and	
  electricity	
  produc0on	
  

•  Measure	
  knowledge	
  spillovers	
  using	
  patent	
  
cita0ons	
  
•  Rely	
  on	
  extensive	
  literature	
  on	
  spillovers	
  	
  

•  Improve	
  methods	
  



1.  Measurement	
  and	
  drivers	
  of	
  knowledge	
  spillovers	
  using	
  
patent	
  cita0ons	
  [Griliches	
  (1992);	
  Trajtenberg	
  (1990);	
  Jaffe	
  
et	
  al	
  (1993);	
  Henderson,	
  Jaffe	
  and	
  Trajtenberg	
  (1996);	
  Hall	
  
et	
  al.	
  (1991);	
  Thompson	
  and	
  Fox-­‐Kean,	
  (2005)]	
  	
  

2.  A	
  few	
  papers	
  on	
  energy	
  technologies	
  [Popp	
  and	
  Newell	
  
(2012);	
  Nemet	
  (2012);	
  Bjorner	
  and	
  Mackenhauser	
  (2013);	
  
Verdolini	
  and	
  Galeof	
  (2011)]	
  
–  No	
  paper	
  on	
  clean	
  vs	
  dirty	
  technologies	
  	
  

3.  Impact	
  of	
  knowledge	
  spillovers	
  on	
  firms’	
  produc0vity	
  and	
  
long	
  run	
  growth	
  [Romer	
  (1990);	
  Aghion	
  and	
  Howii	
  (1996)]	
  	
  
–  Endogenous	
  growth	
  models	
  with	
  clean	
  technologies	
  and	
  
environmental	
  policies	
  [Smulders	
  &	
  de	
  Nooij	
  (2003);	
  Hart	
  
(2004,	
  2007),	
  Ricci	
  (2007)]	
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•  World	
  Patent	
  Sta0s0cal	
  Database	
  
(PATSTAT)	
  @	
  EU	
  Patent	
  Office	
  

•  1.2	
  million	
  inven0ons	
  filed	
  in	
  107	
  patent	
  
offices	
  from	
  1950	
  to	
  2005,	
  3	
  million	
  
cita0ons	
  made	
  to	
  these	
  inven0ons	
  	
  



Dirty	
   Group	
   Clean	
  

Fossil  fuel  based  
(coal  &  gas)	


Electricity  
generation	
 Renewables	


Internal  
combustion  
vehicles	


Automotive	
 Electric,  Hybrid,  
Hydrogen	




Grey	
  (less	
  dirty)	
  innova0ons:	
  Making	
  fossil	
  fuels	
  
more	
  efficient	
  
	
  
➞	
  Cars:	
  fuel	
  injec0on	
  technologies	
  
	
  
➞	
  Energy	
  genera0on:	
  “cleaner”	
  coal	
  (CHP,	
  IGCC…)	
  
	
  



Ø Use	
  cita0ons	
  made	
  to	
  previous	
  patents	
  
–  Trajtenberg	
  (1990),	
  Cabellero	
  and	
  Jaffe	
  (1993),	
  Jaffe	
  and	
  
Trajtenberg	
  (1996,	
  1998),	
  Jaffe	
  et	
  al.	
  (1998),	
  Jaffe	
  et	
  al.	
  
(2000)	
  

•  Advantages	
  
–  Patents	
  leave	
  a	
  "trail":	
  mandatory	
  for	
  inventors	
  to	
  cite	
  
"prior	
  art"	
  	
  

–  Data	
  availability	
  
–  Technological	
  disaggrega0on	
  	
  

•  Disadvantages	
  
–  Patent	
  cita0ons	
  do	
  not	
  capture	
  all	
  knowledge	
  spillovers	
  	
  
–  Not	
  all	
  patent	
  cita0ons	
  represent	
  knowledge	
  spillovers	
  

Ø Exclude	
  self-­‐cita0ons	
  and	
  cita0ons	
  added	
  by	
  examiners	
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75%	
  higher	
  

Table 2: Mean number of citations

Clean Dirty Diff.

Citations received 3.358 2.278 1.080***
(9.186) (5.904) [0.015]

Citations received within 5-years 1.863 1.064 0.793***
(5.257) (3.111) [0.003]

Notes: The first two columns report the mean values and standard deviation in
parentheses. The last column is reports a t-test for the difference in means with
the standard error in parentheses. *** indicates significance at 0.1% level.

Table 3: Mean number of citations by sectors

Clean Dirty Diff.

Car

Citations received 4.229 3.197 1.032***
(9.607) (7.173) [0.031]

Citations received within 5-years 2.572 1.651 0.921***
(5.901) (4.174) [0.018]

Fuel

Citations received 2.518 4.050 -1.537***
(5.976) (9.405) [0.093]

Citations received within 5-years 1.216 1.584 -0.368***
(2.955) (3.320) [0.035]

Electricity production

Citations received 2.781 1.814 0.967***
(7.089) (5.072) [0.018]

Citations received within 5-years 1.286 0.759 0.527***
(3.678) (2.298) [0.008]

Light

Citations received 3.512 0.955 2.557**
(11.905) (2.705) [0.844]

Citations received within 5-years 2.162 0.447 1.715**
(6.777) (1.572) [0.480]

Notes: The first two columns report the mean values and standard deviation in
parentheses. The last column is reports a t-test for the difference in means with
the standard error in parentheses. ** and *** indicate significance at 1% and
0.1% level respectively.
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50%	
  higher	
  

Dirty	
  are	
  typically	
  older	
  so	
  had	
  
more	
  chances	
  to	
  be	
  cited	
  



•  Drama0c	
  increase	
  in	
  patent	
  applica0on	
  &	
  
cita0ons	
  
Ø  Legal	
  reasons,	
  search	
  technology…	
  

•  A	
  larger	
  share	
  of	
  clean	
  patents	
  emerged	
  in	
  later	
  
years	
  	
  

•  Clean	
  and	
  dirty	
  patents	
  distributed	
  differently	
  
across	
  patent	
  offices	
  

•  Patents	
  are	
  always	
  more	
  likely	
  to	
  be	
  cited	
  within	
  
their	
  class/category	
  
•  Within	
  class	
  cita0on	
  pool	
  larger	
  for	
  dirty	
  
•  If	
  ci0ng	
  is	
  costly	
  (e.g.	
  search	
  costs)	
  then	
  dirty	
  would	
  

have	
  immediately	
  lower	
  cita0on	
  probability	
  



 Citesi = exp !Cleani + " Xi + !i( )
	
  

Controls	
  
	
  	
  

Number	
  of	
  
cita0ons	
  received	
  
by	
  innova0on	
  i	
   	
  

Clean	
  Dummy	
  
	
  	
  

Poisson	
  model	
  
because	
  of	
  les	
  

censoring	
  

Can	
  interpret	
  as	
  
percentage	
  difference	
  



•  Patent  office  x  year  x  technology  fixed  effects	


•  Past  patent  stock  in  the  same  technological  
class  (4  digit  IPC)	


•  Family  size	

•  Triadic	

•  Granted	


Accoun0ng	
  for	
  
size	
  of	
  “cita0on	
  

pool”	
  

Controls	
  for	
  
private	
  value	
  of	
  
innova0on	
  



•  Economic  value  of  different  cites  might  vary  
greatly	

Ø  Big  drawback  of  citation  approach	


	

Our  solution:	

Ø Weight  citing  patents  on  the  basis  of  how  

many  times  they  are  themselves  cited	




Set	
  of	
  patents	
  ci0ng	
  I	
  
(Forward	
  cites)	
  

Number	
  of	
  patents	
  j	
  
cites	
  (Backward	
  cites)	
  

Defines	
  a	
  system	
  of	
  linear	
  
equa0ons.	
  	
  
Solve	
  recursively	
  

r(i) =
α

N
+ (1− α)

�

j�F (i)

r(j)

B(j)

where N is the total number of patents, F (i) is the set of patents that cite patent i (i.e.

the number of forward citations to patent i), and B(j) is the number of backward citations

(i.e. number of citations made by patent j). Dividing citing patent ranks by the number

of citations made has two effects. First, it distributes the rank to all citations fairly, and

secondly, it normalizes the sum of each patent effects and ranks vector to one. The parameter

α, the damping factor, is used to avoid sink patents (i.e. patents that are never cited) because

sink patents will lead to an endless loop.5

3 Data and descriptive statistics

3.1 The patent database

In order to analyze knowledge spillovers we use data from the World Patent Statistical

Database (PATSTAT), maintained by the European Patent Office (EPO). PATSTAT in-

cludes close to 70 million patent documents from 107 patent offices filed as far back as 1844.

We identify clean and dirty patents using the International Patent Classification (IPC) and

the European Patent Classification (ECLA). For this purpose we rely heavily on work carried

out at the OECD and the EPO, which has recently developed a patent classification scheme

for "Technologies related to climate change mitigation and adaptation" (see Veefkind et al.,
5The mechanism behind the ranking is equivalent to the random-surfer behavior, a person who surfs the

web by randomly clicking links on the visited pages but periodically gets bored and jumps to a random
page altogether. Therefore, when a user is on a web page, she will select one output link randomly with
probability α or will jump to other webpages with probability 1 − α. It can be understood as a Markov
process in which the states are web pages, and the transitions are all equally probable and are the links
between webpages.
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Ci = exp(βCleani + γXi + �i)

Bigger	
  cita0on	
  pool	
  =	
  
lower	
  cita0ons	
  

Value	
  controls	
  have	
  
expected	
  posi0ve	
  signs	
  



Stronger	
  effects	
  in	
  electricity	
  



Clean	
  >	
  Grey	
  >	
  Dirty	
  



Table 8: Within vs. across-country spillovers

(1) (2) (3)

Dep. var. Citations received Citations received Citations received
within country across country

Clean invention 0.427*** 0.419*** 0.245***
(0.000) (0.000) (0.000)

Number of patents -0.057*** -0.058*** -0.082***
(0.000) (0.000) (0.000)

Family size 0.071*** 0.062*** 0.064***
(0.000) (0.000) (0.000)

Triadic 0.457*** 0.363*** 0.213***
(0.000) (0.000) (0.000)

Granted 0.952*** 0.763*** 0.833***
(0.000) (0.000) (0.000)

Obs. 1,162,220 1,162,220 1,162,220

Notes: Robust standard errors, p-values in parentheses (* p<0.05, ** p<0.01, *** p<0.001). The de-
pendent variables are the total number of citations received (column 1), the total number of citations
received from the inventor’s country (column 2), the total number of citations received from the in-
ventions across country (column 3) corrected for self-citations by inventors. All columns are estimated
by Poisson pseudo-maximum likelihood and include patent office-by-year and month fixed effects.

5.2 Firm

The issue of why one inventor cites another has been widely discussed among sociologists

of science. Do they express simply a relationship between ideas? Or might authors have

other, perhaps more personal, motivations for citing the work of another author? Stuart

and Podolny (1996) for instance argue that there is also a strong social component to a

citation. They find that a patent is more likely to be cited if the patent owner holds many

prior patents; they also claim that citations are not strict measures of technological content

or impact, but also of the patentee’s status.

Whether guided by “norms of science” (Merton, 1957; Small and Griffith, 1974) or self-

interest including personal connections (Leopold, 1973; Case and Higgins, 2000), one might

be concerned that inventors working on clean innovation behave systematically differently

from inventors working on dirty innovations. The community of researchers working on clean

25

Good	
  news	
  from	
  unilateral	
  &	
  mul0lateral	
  policy	
  perspec0ve	
  



Table 16: Intra vs. inter-sectoral spillovers

(1) (2) (3)

Dep. var. Citations received Intra-sectoral Inter-sectoral
citations citations

Clean invention 0.427*** 0.454*** 0.246***
(0.000) (0.000) (0.000)

Number of patents -0.059*** -0.053*** -0.082***
(0.000) (0.000) (0.000)

Family size 0.072*** 0.073*** 0.065***
(0.000) (0.000) (0.000)

Triadic 0.458*** 0.485*** 0.211***
(0.000) (0.000) (0.000)

Granted 0.945*** 0.964*** 0.830***
(0.000) (0.000) (0.000)

Obs. 1,155,650 1,155,279 1,145,984

Notes: Robust standard errors, p-values in parentheses (* p<0.05, ** p<0.01, ***
p<0.001). s. The dependent variables are the total number of citations (column 1), within
a technological field (based on IPC 3 digit code) (column 2), across technological field
(column 3) corrected for self-citations by inventors. All columns are estimated by Poisson
pseudo-maximum likelihood and include patent office-by-year and month fixed effects.

digital data processing” (G06F) in computer science. Another example is the one of clean

energy technologies in the “combustion apparatus using fluent fuel” (F23C) having spillovers

in “diagnosis; surgery; identification” (A61B) technologies in medical or veterinary science.

We therefore explore whether clean inventions are more likely to be cited within or across

their originating technological field. A technological field is defined using the 3-digit IPC

code. Packalen and Bhattacharya (2012) distinguish between citations that reflect the cu-

mulative nature of invention and citations that may reflect similarity using . We find that

clean inventions are more cited within their own field than dirty inventions are. However,

clean inventions are also significantly more cited across their field (see Table 16).

To further investigate the generality of clean and dirty inventions, we use a measure of

generality based on the Herfindahl index of concentration introduced by Trajtenberg, Jaffe

and Henderson (1997). It measures the extent to which the follow-up technical advances (i.e.

33

Good	
  news	
  from	
  growth	
  perspec0ve	
  





	
  Sample	
  of	
  
innova0ons	
  by	
  

inventors	
  
doing	
  both	
  
dirty	
  &	
  clean	
  	
  



	
  Sample	
  of	
  
innova0ons	
  by	
  
companies	
  doing	
  
both	
  dirty	
  &	
  clean	
  	
  

Table 10: Applicant fixed effect

(1) (2) (3) (4)

Dep. var. Citations received PatentRank

Clean invention 0.400*** 0.380*** 0.275*** 0.272***
(0.000) (0.000) (0.000) (0.000)

Number of patents -0.038*** -0.067*** -0.002 -0.024***
(0.000) (0.000) (0.792) (0.000)

Family size 0.091*** 0.102*** 0.082*** 0.085***
(0.000) (0.000) (0.000) (0.000)

Triadic 0.462*** 0.446*** 0.250*** 0.254***
(0.000) (0.000) (0.000) (0.000)

Granted 1.023*** 1.000*** 0.562*** 0.574***
(0.000) (0.000) (0.000) (0.000)

Fixed effect no yes no yes

Observations 435,584 435,584 435,584 435,584

Notes: Robust standard errors, p-values in parentheses (* p<0.05, ** p<0.01, ***
p<0.001). All columns are estimated by Poisson pseudo-maximum likelihood and in-
clude year, month, and category fixed effects.

Table 11: Adding inventor fixed effect

(1) (2) (3) (4)

Dep. var. Citations received PatentRank

Clean invention 0.287*** 0.336*** 0.219*** 0.259***
(0.000) (0.000) (0.000) (0.000)

Number of patents -0.073*** -0.081*** -0.016 -0.023***
(0.000) (0.000) (0.126) (0.000)

Family size 0.060*** 0.094*** 0.050*** 0.077***
(0.000) (0.000) (0.000) (0.000)

Triadic 0.748*** 0.644*** 0.493*** 0.405***
(0.000) (0.000) (0.000) (0.000)

Granted 1.196*** 1.008*** 0.682*** 0.572***
(0.000) (0.000) (0.000) (0.000)

Fixed effect no yes no yes

Obs. 697,192 697,192 697,192 697,192

Notes: Robust standard errors, p-values in parentheses (* p<0.05, ** p<0.01, ***
p<0.001). The dependent variable is the total number of citations received excluding
self-citations by inventors. All columns are estimated by Poisson pseudo-maximum
likelihood and include patent office, sector, year and month fixed effects.
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Table 15: Government spending

(1) (2) (3) (4) (5) (6)

Sample All Car Electricity

Dep. var. PatentRank

Clean invention 0.345*** 0.353*** 0.153** 0.149** 0.339** 0.347**
(0.000) (0.000) (0.000) (0.004) (0.000) (0.000)

Government spending 0.022*** -0.020 0.021**
(0.001) (0.187) (0.001)

Number of patents 0.012 0.013 -0.040** -0.040** 0.013 0.014
(0.139) (0.116) (0.005) (0.006) (0.106) (0.087)

Family size 0.060*** 0.060*** 0.057*** 0.057*** 0.059*** 0.059***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Triadic 0.285*** 0.284*** 0.391*** 0.394*** 0.274*** 0.273***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Granted 0.360*** 0.360*** 0.534*** 0.534*** 0.359*** 0.358***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Obs. 497,439 497,439 16,719 16,719 489,531 489,531

Source: International Energy Agency (2013): Energy Technology Research and Development Database (Edition:
2013). Mimas, University of Manchester
Notes: Robust standard errors, p-values in parentheses (* p<0.05, ** p<0.01, *** p<0.001). The dependent vari-
able is the total number of citations received excluding self-citations by inventors. The sample includes clean and
dirty inventions from the car sector (columns 3 and 4), electricity sector (columns 5 and 6) and both car and elec-
tricity sectors (columns 1 and 2) . All columns are estimated by Poisson pseudo-maximum likelihood and include
patent office-by-year and month fixed effects.
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Reference	
  
category:	
  

Innova0ons	
  filed	
  
by	
  individuals	
  



Clean	
  advantage	
  
slightly	
  smaller	
  for	
  
university	
  patents	
  



•  Five-­‐year	
  window	
  	
  
•  Cita0ons	
  made	
  by	
  applicants	
  only	
  (not	
  by	
  
examiners)	
  	
  

•  Extreme	
  outcomes	
  	
  
•  Different	
  samples:	
  inven0ons	
  receiving	
  at	
  least	
  
one	
  cita0on,	
  Triadic	
  patents,	
  US	
  or	
  EPO	
  patent	
  
office	
  	
  

•  Correct	
  for	
  self-­‐cita0ons	
  within	
  same	
  applicant	
  	
  
•  Adding	
  controls	
  (#	
  IPC	
  codes,	
  #	
  inventors,	
  #	
  
claims,	
  #	
  cita0ons	
  made,	
  etc)	
  



We	
  look	
  at	
  2	
  possibili0es:	
  
	
  
1. Generality	
  and	
  Originality	
  
	
  
2. Novelty	
  



Inverse	
  
concentra0on	
  index	
  

Share	
  of	
  cita0ons	
  
OF	
  innova0on	
  i	
  in	
  
patent	
  class	
  j	
  	
  

Generalityi = 1! sGij
2

j"Classes
#

Originalityi = 1! sOij
2

j"Classes
#

Share	
  of	
  cita0ons	
  
BY	
  innova0on	
  i	
  in	
  
patent	
  class	
  j	
  	
  



Table 18: Generality

(1) (2) (3) (4) (5) (6)

Sector All Car Electricity All Car Electricity

Dep. var. Generality measure Originality measure

Clean invention 0.008* 0.047*** -0.033*** -0.004 0.049*** -0.054***
(0.011) (0.000) (0.000) (0.347) (0.000) (0.000)

Number of patents -0.047*** -0.081*** -0.024*** -0.051*** -0.086*** -0.027***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Family size 0.012*** 0.011*** 0.012*** 0.008*** 0.007*** 0.007***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Triadic 0.035*** 0.028*** 0.046*** 0.026*** 0.017*** 0.037***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Granted 0.047*** 0.053*** 0.039*** 0.024*** 0.024*** 0.022***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Observations 515,217 227,678 291,989 382,236 162,919 222,538

Notes: Robust standard errors, p-values in parentheses (* p<0.05, ** p<0.01, *** p<0.001). The dependent variable
is a generality measure based on Herfindahl index of concentration. The sample includes patents which have cited
clean or dirty technologies in the car, electricity, fuel and light sectors (column 1), in the car sectors only (colunn 2),
in the electricity sector only (column 3), in the fuel sector only (column 4) and in the light sector only (column 5). All
columns are estimated by OLS and include patent office-by-year-by-sector fixed effects, and month fixed effects.

patent with generality approaching one receives citations that are very widely dispersed

across patent classes; a generality equal to zero corresponds to the case where all citations

fall into a single class. The generality measure depends on the patent classification system:

a finer classification would render higher measures.

We carry out regressions using this generality measure as a new outcome variable and find

that clean patents are slightly more general on average than dirty patents, as shown in Table

18. This result is consistent for the car, fuel and light sectors. For the electricity production

sector, clean inventions are less general. 16

One might suspect that clean technologies are more original than their dirty counterparts

because they are relatively new. We construct an originality measure using the equation 2

we are only capturing citations directly made to an invention as oppose to citations made from one patent
family to another.

16Note that there is a potential selection bias here, as patents that have never been cited have no generality
measure and are therefore left out of the sample.
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•  Clean  innovations  generate  significantly  more  spillovers  as  
measured  by  patent  citations	


•  Result  extremely  robust  to  a  wide  range  of  controls  and  
variations  in  citations  indices	


•  Key  driver:  novelty  of  clean  –  clean  similar  to  IT  sector	


•  Implications:  	

•  Justify  specific  support  for  clean  R&D  beyond  carbon  

prices	


•  Necessary  condition  for  short  term  growth  effects  from  
clean  policy	

•  Make  sure  increased  support  for  clean  is  at  the  

expense  of  dirty  and  not  other  emerging  fields	




•  Drawback  of  citations:  cannot  determine  
economic  value  of  spillovers	

•  What  is  the  optimal  amount  of  subsidies  to  clean  

R&D?	

•  Can  we  quantify  the  effect  of  clean  policies  on  

economic  growth?	


Ø Clean  vs  Dirty  Spillover  study  with  firm  level  
productivity/value  data	
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•  Usage	
  of	
  patent	
  classifica0on	
  system	
  (IPC	
  &	
  
ECLA)	
  

•  OECD	
  &	
  EPO	
  have	
  been	
  working	
  on	
  iden0fying	
  
clean	
  patents	
  	
  

•  Most	
  recently	
  Y02:	
  A	
  new	
  classifica0on	
  system	
  
for	
  climate	
  change	
  related	
  technologies	
  
•  Input	
  from	
  examiners	
  and	
  experts	
  
•  Backward	
  re-­‐classifica0on	
  of	
  patents	
  



Table 1: Number of clean and dirty inventions by sector

Sector Clean Grey "Truly" Dirty Total

Car 74,877 133,083 212,193 420,153
Electricity 103,659 19,827 627,590 751,076

Total 178,536 152,910 839,783 1,171,229

can thus check the robustness of our results to excluding citations added by patent examiners.

3.2 Exploratory data analysis

The objective of this paper is to compare the extent of knowledge spillovers that arise from

clean and dirty innovations. Following a long tradition in the literature, we measure knowl-

edge spillovers by the number of forward citations received by clean and dirty patents. As

shown in table 2, aggregating all technologies together, clean inventions receive on average

3.40 citations throughout their life time while dirty inventions receive on average 2.30 cita-

tions. This difference is highly statistically significant (see column 3). An obvious problem

with this simple comparison is that clean patents are relatively newer, and hence have had

less time to be cited. The average age of clean patents (the time between the publication year

and today) is 15 years as opposed to 28 years for dirty patents. In order to partly deal with

this truncation issue, we look at the number of citations received within the first five years of

the patents’ publication (Hall et al., 1993). We find that the difference between the number

of citations received by clean and dirty inventions is still significant: clean patents receive

74% more citations than dirty patents. Finally, the PatentRank index Looking separately

at the four technological fields in table 3, we find that the mean number of citations and the

differences between clean and dirty patents vary across sectors. For all sectors apart from

fuel, clean inventions are more cited than dirty ones and this difference is always significant.

15

Electricity	
  dominates	
  the	
  sample	
  



Clean	
   Grey	
   Dirty	
  



Clean	
   Grey	
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•  For  a  given  innovation  there  are  many  
patents  filed  in  different  patent  offices	


•  Patent  family:  all  patents  related  to  the  same  
innovation/invention	


•  Throughout  we  aggregate  at  the  innovation  
level	
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•  Climate  change  has  been  a  priority  for  
governments  for  a  while	


•  Energy  efficiency  and  security  has  been  an  
issue  for  even  longer	


•  Clean  innovations  might  already  have  been  
driven  by  subsidies?	




GovernmentSpendingi = GovernmentSpendingc( j )
j!Inventors(i )
"

•  IEA  collects  data  on  clean  R&D  subsidies  by  
governments  for  28  countries	


•  Allocate  spending  to  innovations  on  the  basis  
of  location  of  inventors	



