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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 O�ce 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	  



•  Climate	  policies	  such	  as	  carbon	  pricing	  induce	  a	  
switch	  of	  innova0on	  ac0vi0es	  away	  from	  dirty	  
technologies	  and	  towards	  clean	  technologies	  
Ø  Aghion,	  Dechezleprêtre,	  Hemous,	  Mar0n	  &	  van	  

Reenen	  (JPE	  forth.),	  Noailly	  &	  Smeets	  (2014),	  Popp	  &	  
Newell	  (2012),	  HoNenroN	  &	  Rexhaüser	  (2013)	  	  

•  What	  is	  the	  impact	  on	  innova0ng	  firms	  and	  on	  
the	  economy?	  



Marginal  Benefits  	
from  Clean  R&D	

Total  R&D  
spending	

Marginal  Benefits  from  	
Dirty  R&D	

Op0mal	  dirty	  
R&D	  Op0mal	  Clean	  R&D	  

Total	  R&D	  

Marginal	  private	  profit	  	  
of	  R&D	  investor	  from	  

dirty	  R&D	  

Marginal	  private	  
(discounted	  future)	  

profit	  of	  R&D	  investor	  
from	  clean	  R&D	   Lost	  profit	  when	  

being	  forced	  away	  
from	  op0mum	  

Gov’t	  pushing	  clean	  



In  addition  to  private  benefits…	

Sp
ill
ov
er
	  

Benefits	  to	  
Apple	  

Benefits	  to	  
Samsung	  



Marginal  Benefits  	
from  Clean  Technology	

Total  R&D  
spending	

Marginal  Benefits  from  	
Dirty  Technology	

Marginal	  profits	  of	  
R&D	  investor	  and	  
spillover	  recipients	  

Marginal	  profits	  of	  
R&D	  investor	  and	  
spillover	  recipients	  

Higher	  spending	  on	  clean	  can	  improve	  
social	  welfare	  if	  clean	  spillovers	  are	  

larger	  than	  dirty	  spillovers	  

Gov’t	  pushing	  clean	  



	 	 	 	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);	  Smulders	  &	  de	  Nooij	  (2003);	  Hart	  
(2004,	  2007);	  Ricci	  (2007)]	  

•  For	  this	  to	  happen	  requires	  that	  the	  knowledge	  
externality	  is	  not	  properly	  internalized	  



•  The	  first	  best	  solu0on	  is	  to	  subsidize	  clean	  and	  
dirty	  innova0on	  according	  to	  the	  value	  of	  
external	  benefits	  
Ø  Another	  reason	  to	  look	  at	  spillovers	  from	  

clean	  and	  dirty	  technologies	  
•  Is	  support	  to	  clean	  innova0on	  jus0fied?	  
•  Ex:	  in	  2011	  OECD	  countries	  spent	  over	  3	  bn	  euros	  on	  

R&D	  support	  to	  renewable	  energy	  technologies	  	  



•  Compare	  rela0ve	  degree	  of	  spillovers	  
between	  clean	  and	  dirty	  technologies	  
•  Measure	  knowledge	  spillovers	  using	  patent	  

cita0ons	  
•  2	  sectors:	  transporta0on	  and	  electricity	  

produc0on	  
•  Measure	  the	  economic	  value	  of	  these	  
spillovers	  (for	  poten0al	  growth	  impacts	  and	  
op0mal	  climate	  policy	  design)	  



•  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	  
– Mandatory	  for	  inventors	  to	  cite	  "prior	  art"	  	  
– Data	  availability	  
– Technological	  disaggrega0on	  	  
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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	  

Clean  patents  receive  50%  more  citations:	



Random  sample  of  1000  innovations….  	



•  Recent	  increase	  in	  cita0ons	  (web	  searches)	  
•  Clean	  patents	  younger	  
•  Differences	  across	  patent	  offices	  
•  Cita0on	  pool	  larger	  for	  dirty	  



 Citesi = exp βCleani + γ Xi + εi( )
	  

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  citations  vary  greatly	

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) =
↵

N

+ (1� ↵)
X

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

↵, 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 ↵ or will jump to other webpages with probability 1 � ↵. 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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Results	  



Table 3: Basic results

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

Dep. var. Citations received PatentRank

Clean invention 0.398*** 0.392*** 0.430*** 0.267*** 0.264*** 0.292***
(0.015) (0.015) (0.014) (0.013) (0.014) (0.014)

Number of patents -0.092*** -0.057*** -0.052*** -0.031***
(0.008) (0.007) (0.006) (0.005)

Family size 0.073*** 0.067***
(0.004) (0.003)

Triadic 0.456*** 0.241***
(0.036) (0.025)

Granted 0.947*** 0.491***
(0.031) (0.021)

Patent office-by-year-by-sector yes yes yes yes yes yes
Month fixed effect yes yes yes yes yes yes

Obs. 1,149,988 1,149,988 1,149,988 1,149,988 1,149,988 1,149,988

Notes: Robust standard errors 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 (columns 1 to 3) and the PatentRank after 20 iterations (columns 4 to
6). All columns are estimated by fixed-effects Poisson pseudo-maximum likelihood.

In order to investigate the evolution of the relative intensity of spillovers across time, we run

our estimation for each five years period between 1950 and 2005 and plot the coefficients

obtained for clean invention along with their 95% confidence intervals in Figures 2 and 3.

We find that there has been a clear increase in the clean premium over time.

In Table 4 we present the regressions results for each technology separately. The results are

robust across both sectors, but we find some heterogeneity in the clean coefficient. Clean

inventions in the transportation sector receive 35% more citations than dirty inventions,

while the clean premium in the electricity is larger (49%).

Our strategy is to estimate a simple count data model of the type

C

i

= exp(�Clean

i

+ �X

i

+ ✏

i

) (1)
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Bigger	  cita0on	  pool	  =	  
lower	  cita0ons	  

Value	  controls	  have	  
expected	  posi0ve	  signs	  

New technology 

+43%	  spillovers	  	   +29%	  spillovers	  	  



Table 4: Results by sector

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

Sector Transport Electricity Transport Electricity

Dep. var. Citation count PatentRank

Clean invention 0.347*** 0.488*** 0.219*** 0.333***
(0.018) (0.023) (0.014) (0.023)

Number of patents -0.068*** -0.047*** -0.048*** -0.019**
(0.008) (0.009) (0.006) (0.007)

Family size 0.070*** 0.067*** 0.062*** 0.060***
(0.008) (0.004) (0.007) (0.004)

Triadic 0.512*** 0.432*** 0.279*** 0.252***
(0.056) (0.050) (0.045) (0.041)

Granted 1.134*** 0.725*** 0.620*** 0.381***
(0.034) (0.024) (0.027) (0.017)

Observations 419,959 748,918 419,959 748,918

Notes: Robust standard errors in parentheses (* p<0.05, ** p<0.01, *** p<0.001). The
dependent variables are the total number of citations received excluding self-citations by
inventors in columns 1 and 2 and the PatentRank index in columns 3 and 4. The regres-
sions are all estimated by Poisson pseudo-maximum likelihood. The sample includes in-
ventions from the transport (columns 1 and 3) and electricity (columns 2 and 4) sectors.
All columns include a patent office-by-year and month fixed effects.
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Stronger	  effects	  in	  electricity	  



Table 5: Clean, Grey and True Dirty

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

Sample Clean vs. Clean vs. Grey vs. Clean vs.
Grey and true Dirty Grey True Dirty True Dirty

Dep. var. Citations received

Clean/Grey invention 0.430*** 0.191*** 0.307*** 0.502***
(0.014) (0.016) (0.016) (0.015)

Number of patents -0.057*** -0.051*** -0.114*** -0.060***
(0.007) (0.009) (0.005) (0.007)

Family size 0.073*** 0.069*** 0.072*** 0.071***
(0.004) (0.007) (0.004) (0.004)

Triadic 0.456*** 0.481*** 0.454*** 0.441***
(0.036) (0.055) (0.037) (0.035)

Granted 0.947*** 0.997*** 0.977*** 0.868***
(0.031) (0.035) (0.033) (0.027)

Observations 1,149,988 326,942 978,179 1,006,996

Notes: Robust standard errors in parentheses (* p<0.05, ** p<0.01, *** p<0.001). The dependent vari-
able is the total number of citations received, corrected for self-citations by inventors. The sample in-
cludes clean, grey and truly dirty (column 1), clean and grey (column 2), grey and truly dirty (column 3),
and clean and truly dirty (column 4) inventions. All columns are estimated by Poisson pseudo-maximum
likelihood and include patent office-by-year and month fixed effects.
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Clean	  >	  Grey	  >	  Dirty	  



•  Compare	  clean	  &	  dirty	  patents	  developed	  by	  
same	  inventor	  /	  company	  

•  Look	  at	  university/company/individuals	  patents	  
•  Control	  for	  R&D	  subsidies	  
•  Cita0ons	  made	  by	  applicants	  only	  (not	  by	  
examiners)	  	  

•  Different	  subsamples	  (triadic	  patents,	  US,	  EPO)	  	  
•  Correct	  for	  self-‐cita0ons	  within	  applicant	  	  
•  Adding	  controls	  (#	  IPC	  codes,	  #	  inventors,	  #	  
claims,	  #	  cita0ons	  made,	  etc)	  



Who	  benefits?	  



Table 15: Intra vs. inter-sectoral spillovers

(1) (2) (3)

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

Clean invention 0.430*** 0.457*** 0.247***
(0.014) (0.015) (0.019)

Number of patents -0.057*** -0.053*** -0.081***
(0.007) (0.007) (0.006)

Family size 0.073*** 0.074*** 0.066***
(0.004) (0.004) (0.003)

Triadic 0.456*** 0.487*** 0.212***
(0.036) (0.036) (0.040)

Granted 0.947*** 0.963*** 0.829***
(0.031) (0.032) (0.030)

Obs. 1,149,988 1,149,988 1,149,988

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.

We then run our baseline regression separately on these two types of citations. Table 15 shows

that clean inventions receive more citations both within and across technological fields, sug-

gesting they do generate larger knowledge spillovers in the economy. The PatentRank index

is computed on the pool of intrasectoral and intersectoral citations separately.

6.5 Generality and Originality

Clean technologies, being relatively newer, might have more opportunities for “fundamental”

research while older dirty technologies might instead be focused on the development of new

applications. If clean technologies have more general applications, this might explain why

they receive more citations and appear to induce larger knowledge spillovers.

In the previous section, clean inventions were found to be more likely to be cited both within

or across their originating technological field. To further investigate the generality of clean
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Good	  news	  from	  growth	  perspec0ve	  



Table 8: Within vs. across-country spillovers

(1) (2) (3)

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

Clean invention 0.430*** 0.423*** 0.247***
(0.014) (0.017) (0.019)

Number of patents -0.057*** -0.057*** -0.081***
(0.007) (0.008) (0.006)

Family size 0.073*** 0.062*** 0.066***
(0.004) (0.003) (0.004)

Triadic 0.456*** 0.363*** 0.212***
(0.036) (0.028) (0.040)

Granted 0.947*** 0.757*** 0.829***
(0.031) (0.029) (0.030)

Obs. 1,149,988 1,149,988 1,149,988

Notes: Robust standard errors in parentheses (* p<0.05, ** p<0.01, *** p<0.001). The dependent
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 all countries ex-
cept the invention’s (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.

the PatentRank, we compute a new PatentRank on the pool of national citations and in-

ternational separately. We find that clean inventions exhibit larger national (column 2) and

international (column 3) spillovers. This suggests that clean inventor community transcend

country borders. The clean advantage is larger in terms of domestic spillovers are larger

than international ones.

6.2 Public support for R&D

With many clean technologies dependent on policy support of one form or another, the ex-

pansion of clean technologies and its spillovers could be due in part to public investment. For

instance, in 2011 OECD countries spent over 3 billion euros on R&D support to renewable

energy technologies. To control for the government spending level, we include in table 10

the government spending in clean and dirty technologies within the transport and electricity
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Good	  news	  from	  unilateral	  &	  mul0lateral	  policy	  perspec0ve	  



The	  (unsurprising)	  deep	  
reasons	  



-‐20%	  

Table 19: Controlling for age of technological field

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

Dep. var. Citations received

Clean invention 0.410*** 0.381*** 0.363*** 0.354***
(0.013) (0.013) (0.013) (0.013)

Number of patents -0.094*** -0.052*** -0.043*** -0.046***
(0.004) (0.005) (0.005) (0.005)

Family size 0.070*** 0.067*** 0.068*** 0.068***
(0.004) (0.003) (0.003) (0.003)

Triadic 0.448*** 0.431*** 0.406*** 0.397***
(0.035) (0.035) (0.034) (0.034)

Granted 0.939*** 0.929*** 0.917*** 0.912***
(0.031) (0.030) (0.030) (0.030)

Age of tech field -0.177*** 0.194***
(0.009) (0.034)

Age of tech field^2 -0.023***
(0.002)

Age of tech dummies no no no yes

Observations 1,149,237 1,149,237 1,149,237 1,149,237

Notes: Robust standard errors in parentheses (* p<0.05, ** p<0.01, *** p<0.001). The
dependent variable is the total number of citations received, corrected for self-citations
by inventors. All columns are estimated by Poisson pseudo-maximum likelihood and in-
clude patent office-by-year and month fixed effects.
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The	  value	  of	  clean	  
spillovers	  



	  
Accumulated	  

R&D	  
spendings	  

	  	  

Firm	  i’s	  stock	  market	  
value	  in	  year	  t	   Physical	  assets	  

Griliches’	  (1981)	  market	  valua0on	  equa0on:	  

Knowledge	  
inflows	  

(spillovers)	  

Cumulated	  idiosyncra0c	  
produc0vity	  shocks	  (Hall	  

et	  al.	  2005)	  

Knowledge	  assets:	  

5 Monetary value of knowledge spillovers

In order to quantify the economic value of knowledge spillovers, in particular clean knowledge

spillovers, we estimate a market valuation equation using firm-level data. Following Hall et al.

(2005), a firm’s knowledge assets are modeled as being accumulated in a continuously ongoing

innovative process in which R&D expenditures reflect innovative input, patents record the

successful innovations that can be appropriated by the firm, and citations received by the

firm’s patents (forward citations) measure the relative importance of the patents. We also

include citations made (backward citations) as in Deng (2008) as a proxy of the knowledge

flows the firm has received, which are considered an additional kind of innovative input to

direct R&D spendings on the belief that more knowledge inflows increase the firm’s knowledge

stock and may boost the firm’s R&D productivity. We extend Deng (2008)’s analysis by

further distinguishing between clean and dirty backward citations to capture knowledge

spillovers from clean and dirty technologies.

Consider Griliches (1981)’s market valuation equation

V

it

= q

t

(A

it

+ �K

it

)

� (3)

where V

it
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the coefficient b measures the shadow value of knowledge assets relative to physical assets.

� measures the scale effects in the value function and is assumed to be one.
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where Q
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represents Tobin’s q and "

it

are the prediction errors.
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As Deng (2008), we use the following value function to evaluate the firm’s knowledge assets
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where R&D
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the accumulated backward

citations the firm has made as a proxy of the knowledge inflows received by the firm, and
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the accumulated idiosyncratic productivity shocks in the firm’s inventive activities. !
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is proxied by the patent / R&D ratio, weighted by the average number of forward citations

the firm’s patents receive over their entire lives (Hall et al. (2005)). This can be viewed as

the knowledge outflow made by the firm.

Taking first-order Taylor expansion of equation 6 yields
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where PAT
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and FCIT
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are firm i’s patent stock and forward citations stock in year t

respectively. Combining equations 5 and 7 leads to
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The coefficient �2 represents the value of knowledge flows brought by an additional backward

citation, and �2

�1
is a direct measure of the monetary value of knowledge spillovers in terms

of R&D equivalent dollar.

We further decompose BCIT

it

into clean, dirty and other citations.
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Decomposing	  knowledge	  spillovers	  
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For this purpose, we combine the PATSTAT database with the ORBIS database which con-

tains firm-level information such as R&D expenses, number of employees, and total number

of assets. The analysis focuses on 10,299 firms from 2001 to 2011 for which we can match

both datasets and identify each firm’s patents along with the citations (both backward and

forward) associated to them.

We calculate the stock of R&D (patents) as the accumulated past R&D expenditures (the

number of patents) subject to an annual deprecitation rate assumed to be a constant 10%.

The stock of backward citations is measured taking into account the age of the patent and

then aggregate them over the firm’s patent portfolio each year subject to annual depreciation.

The stock of forward citations measures the relative importance of a firm’s portfolio. Given

the truncation issues associated to the tine lag in observing forward citations, we stop our

sample in 2011 and scale citations taking into account the average citations across publication

years, patent offices, sector and citation year. We finally aggregate these scaled forward

citations subject to annual depreciation. A table of descriptive statistics can be found in the

appendix.

Table 7 shows a significant positive monetary value for knowledge spillovers in column 3.

Column 4 distinguishes between clean, dirty and all other types of spillovers. We see that

knowledge spillovers from clean and other technologies are positive although less significant.
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Data	  

•  Firm-‐level	  patent	  data	  +	  financial	  data	  
•  8735	  firms,	  2000-‐2011	  
– Market	  value,	  assets,	  R&D,	  patents	  

•  Cita0ons	  between	  firms	  to	  capture	  knowledge	  
spillovers	  



Results	  Table 7: Estimation of Tobin’s Q equation

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

Dep. var. Tobin’s Q

R&D / assets 0.062*** 0.063*** 0.063*** 0.063***
(0.003) (0.003) (0.003) (0.003)

Patent / R&D -0.003 -0.003 -0.003
(0.016) (0.016) (0.016)

Fwd citations / patent 0.020*** 0.016*** 0.017***
(0.003) (0.003) (0.003)

Bwd citations / patent 0.007**
(0.002)

Bwd clean citations / patent 0.085*
(0.033)

Bwd dirty citations / patent 0.011
(0.033)

Bwd other citations / patent 0.006**
(0.002)

Observations 37,346 37,346 37,346 37,346

Notes: Robust standard errors in parentheses (* p<0.05, ** p<0.01, *** p<0.001). The
dependent variable is the Tobin’s Q defined as the stock market value over the book value
of physical assets. The sample all firms All columns are estimated by OLS and include year
dummies and firm fixed effects.

31



•  Clean  innovations  generate  significantly  more  spillovers  
than  (older)  dirty  technologies;  the  marginal  value  of  clean  
spillovers  is  also  greater	
Ø  Climate  policies  that  induce  a  switch  away  from  dirty  and  towards  

clean  innovation  can  have  economic  co-‐‑benefits	

•  Spillovers  are  localized  	
Ø  This  might  lower  concerns  that  unilateral  climate  policies  lead  to  

negative  competitiveness  effects	

•  Clean  techs  have  an  advantage  even  over  grey  techs	
Ø  Focus  R&D  support  on  radically  clean  techs  rather  than  on  

improvements  of  dirty  techs	

Ø  If  knowledge  externality  cannot  be  addressed  properly  this  justifies  
higher  carbon  tax	



•  Monetize  value  of  spillovers	
Ø Quantify  and  simulate  the  effect  of  clean  

policies  on  economic  growth	

Ø Determine  optimal  amount  of  public  
R&D  support  to  clean  techs	



Back-‐up	  



•  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	  



1.  Measurement	  and	  drivers	  of	  knowledge	  spillovers	  
using	  patent	  cita0ons	  	  
•  [Griliches	  (1992);	  Trajtenberg	  (1990);	  Jaffe	  et	  al	  (1993);	  Henderson,	  

Jaffe	  and	  Trajtenberg	  (1996);	  Thompson	  and	  Fox-‐Kean,	  (2005)]	  	  
Ø  A	  few	  papers	  on	  energy	  technologies	  [Popp	  and	  Newell	  

(2012);	  Nemet	  (2012);	  Bjorner	  and	  Mackenhauser	  (2013);	  Verdolini	  and	  
Galeo~	  (2011),	  Noailly	  &	  Shestalova	  (2013)]	  but	  no	  paper	  on	  clean	  
vs	  dirty	  technologies	  	  

2.  Impact	  of	  knowledge	  spillovers	  on	  firms’	  
produc0vity	  and	  long	  run	  growth	  [Romer	  (1990);	  
Aghion	  and	  HowiN	  (1996)]	  	  
–  Endogenous	  growth	  models	  with	  clean	  technologies	  and	  
environmental	  policies	  [Smulders	  &	  de	  Nooij	  (2003);	  Hart	  
(2004,	  2007),	  Ricci	  (2007)]	  	  
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Robustness	  



	  Sample	  of	  
innova0ons	  by	  

inventors	  
doing	  both	  
dirty	  &	  clean	  	  

Table 14: Adding inventor fixed effect

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

Dep. var. Citations received PatentRank

Clean invention 0.274*** 0.336*** 0.216*** 0.259***
(0.007) (0.011) (0.004) (0.006)

Number of patents -0.096*** -0.081*** -0.028*** -0.023***
(0.004) (0.006) (0.002) (0.003)

Family size 0.038*** 0.094*** 0.027*** 0.077***
(0.002) (0.006) (0.002) (0.004)

Triadic 0.866*** 0.644*** 0.598*** 0.405***
(0.012) (0.026) (0.009) (0.015)

Granted 1.234*** 1.008*** 0.721*** 0.572***
(0.007) (0.011) (0.005) (0.007)

Inventor fixed effect no yes no yes

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

Notes: Robust standard errors 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.

6.4 Nature of the citations

There are two important types of citations: references to patent documents that are partic-

ularly close to the new invention, which restrict the claims of the inventor, and references

related to the technological background of the new invention. Therefore citations may reflect

the similarity of inventions rather than the cumulative nature of innovation (Packalen and

Bhattacharya (2012)). To account for the heterogeneous nature of citations, we distinguish

between citations received from inventions in the same technological sector (defined using the

3-digit IPC code as assigned by the patent examiner) and citations received from inventions

in a different technological sector. 21While the former include citations which might merely

reflect similarities between patents, the latter should be closer to true knowledge spillovers.
21An important difference between the EPO and the USPTO systems is that in European search reports,

cited documents are classified by the patent examiner within a particular citation category according to their
relevance. When assessing the novelty of patent applications the examiner searches for earlier documents
which have the same or almost the same features as the patent concerned [Schmoch (1993)].
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	  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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•  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	



Table 10: Government spending

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

Sample All Transport Electricity

Dep. var. Citations received

Clean invention 0.493*** 0.507*** 0.253** 0.253*** 0.483*** 0.497***
(0.026) (0.026) (0.077) (0.079) (0.026) (0.026)

Government spending 0.034*** -0.001 0.032***
(0.007) (0.033) (0.007)

Number of patents -0.007 -0.006 -0.070*** -0.070*** -0.006 -0.005
(0.009) (0.009) (0.020) (0.020) (0.009) (0.009)

Family size 0.067*** 0.067*** 0.054*** 0.054*** 0.066*** 0.066***
(0.004) (0.004) (0.012) (0.012) (0.004) (0.004)

Triadic 0.452*** 0.450*** 0.474*** 0.474*** 0.447*** 0.445***
(0.046) (0.046) (0.093) (0.094) (0.046) (0.047)

Granted 0.689*** 0.688*** 0.776*** 0.776*** 0.696*** 0.695***
(0.025) (0.025) (0.055) (0.055) (0.026) (0.026)

Obs. 496,788 496,788 16,703 16,703 488,896 488,896

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

more citations than their dirty counterpart. Finally we run our baseline regression on the

sub-samples of university applicants, firms and individuals. Results are shown in columns 1,

2, and 3 respectively in table 13. In all three cases, clean inventions generate more spillovers

than their dirty counterparts.

Taken together, these results suggest that public support for R&D is not the driving force

behind the clean premium.

6.3 Network effects

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
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Reference	  
category:	  

Innova0ons	  filed	  
by	  individuals	  

Table 12: University and Firms

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

Dep. var. Citations received PatentRank index

Clean invention 0.421*** 0.423*** 0.293*** 0.298***
(0.014) (0.015) (0.013) (0.013)

Number of patents -0.047*** -0.050*** -0.019*** -0.022***
(0.006) (0.006) (0.004) (0.004)

Family size 0.070*** 0.067*** 0.063*** 0.060***
(0.003) (0.003) (0.003) (0.003)

Triadic 0.450*** 0.432*** 0.237*** 0.229***
(0.034) (0.034) (0.024) (0.024)

Granted 1.005*** 0.992*** 0.561*** 0.552***
(0.031) (0.032) (0.021) (0.021)

University 0.429*** 0.276***
(0.022) (0.014)

Firms 0.271*** 0.206***
(0.018) (0.011)

Obs. 826,078 826,078 826,078 826,078

Notes: Robust standard errors 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 (columns 1 and 2) and the PatentRank index (columns 3 and 4). All
columns are estimated by Poisson pseudo-maximum likelihood and include patent
office-by-year and month fixed effects.
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Clean	  advantage	  
slightly	  smaller	  
for	  university	  

patents	  

Table 13: University, firms, and private individuals

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

Applicant University Firm Individual University Firm Individual

Dep. var. Citations received PatentRank index

Clean invention 0.396*** 0.418*** 0.459*** 0.311*** 0.290*** 0.331***
(0.003) (0.016) (0.030) (0.016) (0.014) (0.019)

Number of patents -0.100*** -0.041*** -0.068*** -0.040*** -0.015*** -0.049***
(0.014) (0.007) (0.011) (0.006) (0.005) (0.007)

Family size 0.072*** 0.067*** 0.377*** 0.056*** 0.060*** 0.289***
(0.005) (0.003) (0.042) (0.005) (0.003) (0.036)

Triadic 0.152*** 0.454*** -0.870 0.096** 0.239*** -0.614
(0.043) (0.035) (0.613) (0.030) (0.025) (0.340)

Granted 0.775*** 1.022*** 0.131*** 0.411*** 0.571*** 0.088***
(0.047) (0.032) (0.036) (0.030) (0.022) (0.025)

Obs. 36,186 706,517 75,487 36,186 706,517 75,487

Notes: Robust standard errors 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 (columns 1 to 3) and the PatentRank index
(columns 4 to 6). The sample includes inventions which have universities (column 1 and 4), firms (column 2 and 5),
or individuals (column 3 and 6) as applicants. All columns are estimated by Poisson pseudo-maximum likelihood and
include patent office-by-year and month fixed effects.

be concerned that inventors working on clean innovation behave systematically differently

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

technologies could perhaps be smaller and more close-knit. Stuart and Podolny (1996) for

instance argue that there is also a strong social component to a citation. The clean premium

would then represent inventors’ networks rather than true knowledge spillovers. To address

this issue we restrict our sample to inventors who have been working both on clean and dirty

technologies and include inventor fixed effects in our baseline estimations. Our data includes

41,713 such inventors (representing 2.92% of total inventors). Results are presented in table

14. The clean premium remains significant albeit of slightly smaller magnitude. However,

this is due to the different sample as can be seen by comparing columns 1 and 2 and columns

3 and 4 respectively. We similarly introduce applicant fixed effects and the results do not

change either (see table 33 in the robustness checks section).
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-‐5%	  



•  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)	  


