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ONLINE APPENDIX 

A.1. Citation versus patent class measures of technological exploration and exploitation  

Studies of exploration and exploitation in technology development normally rely on patent 
data and use one of two metrics to capture the extent to which a firm engages in one of these 
technology search strategies: backward citations or patent classes. Backward citation 
measures classify a patent as more or less exploitative, depending on the number of familiar 
(previously used) versus new citations it contains. Patent class measures instead classify a 
firm’s innovative effort as more exploratory if its patent applications encompass more 
unfamiliar patent classes. With this appendix, we explicitly compare these approaches and 
their ability to tap into the underlying constructs for our study. 

Both approaches have limitations, but our choice to rely on backward citations stems from 
our belief that, for our research purposes, using backward citations generates better proxies. 
To start with, backward citations refer to the knowledge used in a patent, while patent classes 
refer to the outcome of the innovation process. Theoretically, a firm might engage in 
exploration but end up with solutions that are qualitatively similar to the current ones. Thus, 
backward citations are closer to the search process, while patent classes are closer to the 
outcome of this process. In addition, we have two other, more practical, concerns about the 
use of patent classes, both of which depend on the observation that patent classification 
systems exhibit a high degree of overlap with the definition of firms’ operating product-
markets. In both the U.S. patent classification (USPC) and the International Patent 
Classification (IPC) in fact, technologies are to a large extent classified according to the 
product market of application, rather than based on any independent categorization of the 
knowledge contained in the patent. Consider a few examples from sectors with high patent 
intensity in our sample: 

- 67% of patents assigned to firms operating in SIC sector 3678 “Electronic 
Connectors” are in USPC class 439 “Electrical Connectors.” 

- 40% of patents in SIC 3533 “Oil & Gas Field Machinery & Equipment” are in USPC 
class 166 “Wells.” 

- 36% of patents assigned to pharmaceutical firms (SIC 2834 Pharmaceutical 
Preparations) are in USPC class 514 “Drug, Bio-Affecting and Body Treating 
Compositions.” 
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- 18% of patents assigned to semiconductor firms (SIC 3674 Semiconductors & Related 
Devices) are in USPC class 438 “Semiconductor Device Manufacturing: Process.” 

Based on this observation, our main concern is that patent class measures may lead to a 
high number of false positives (e.g., exploitative innovation classified as exploratory) and 
false negatives (e.g., exploratory innovations classified as exploitative). We offer some 
examples to clarify what we mean: 

- Suppose that Pfizer develops a new compound to treat cancer, radically different from 
anything else introduced, because it targets different receptors. It still will be classified 
in USPC class 514 "Drugs", together with all other drugs. Similarly, if Intel develops 
a radical innovation that improves the quality and transistor density of its chips, it will 
get assigned to USPC class 438, "Semiconductor device manufacturing: process," just 
as every other manufacturing process innovation is. Every time a firm develops an 
innovation targeted at its core product market, the patent class is unlikely to be new 
and the innovation gets classified as exploitation, independent of whether the 
knowledge contained in the patent is actually new or familiar. Accordingly, a measure 
built on patent classes is likely to produce substantial false negatives, classifying 
innovations that are exploratory in nature as exploitative. 

- On the flip side, the observation that an innovation falls in a different patent class 
might not be a sufficient condition to ensure exploration. With a slight modification, 
an antibiotic might become an effective herbicide for agriculture, for example, leading 
to a new patent in patent class 504 "Plant protecting and regulating compositions." 
During the advent of digital photography, Sony possessed much of the hardware and 
software knowledge base needed to enter the market, yet all of a sudden, many of its 
patents were being filed in USPC class 396, "Photography." 

In contrast, citations have legal value. They establish prior art and claims of novelty. Their 
use is thus (at least in theory) not discretional. Applicants have “Duty of Disclosure, Candor, 
and Good Faith” in dealing with the U.S. Patent and Trademark Office, such that they are 
expected to disclose all known information that is “material” to patentability. Then citations 
can be added by patent examiners. At the European Patent Office, applicants are not required 
to disclose relevant prior art; it is up to the examiner to add relevant citations and assess their 
impacts on the validity of the patent claims. Accordingly, when a patent cites another patent, 
it means the innovation is "incremental" and builds on the cited patent. Continuing to 
incrementally improve the same technological stream indicates, in our definition, 
exploitation. Thus, for example, if Sony photography patents use technology developed for 
the use in computers, they have to cite those patents. If Sony cited those patents before, it 
signals the exploitative character of the new patent filed, reducing the probability of false 
exploration. 

Some citations might be new (never used) and still form part of a familiar knowledge base. 
An electronics company could use its existing knowledge base, related to computer hardware 
and software, to develop something different. If it uses a different motherboard design, it 
probably will cite different patents, which does not mean that its prior knowledge, 
accumulated from working with previous motherboard designs, is not useful for its 



development. Unfortunately, there is no way for researchers to control for these 
misclassifications. Nevertheless, we argue that using a different motherboard design already 
is more exploratory than using the same design. In practice, our measures thus classify a 
broad spectrum of citations as exploratory, yet on average we still expect that if, say, a 
traditional computer manufacturer builds the first quantum computer, most of the citations 
in the patent will be new, while if it is building an improved version of a familiar product, 
many of the citations will be familiar. Thus, working with radically new technologies should 
be reflected into a higher percentage of new citations in the patent application, unlike 
developing an improved version of a familiar product.  

Our second concern with the use of patent class measures is that we might be actually 
confounding technological exploration and exploitation with product-market diversification. 
If technologies are classified according to the product market of application, and we measure 
exploration as new patent classes, innovations aimed at the core product market will almost 
always be classified as  exploitation, and those aimed at an alternative product market will 
be considered exploration. In extreme cases a patent class measure of exploration might thus 
fully capture product-market diversification. While technological exploration and product-
market diversification likely correlate, we still believe that at the theoretical level they 
represent different constructs. For the purpose of measurement, we thus argue that a good 
proxy for either factor should tap as much as possible into one but not the other. Otherwise, 
it becomes unclear what the analysis is really capturing and which conclusion can we draw.  

 Notwithstanding these concerns, we perform a test of the effect of competition on 
proxies built on patent classes using a variant of Jaffe’s (1989) measure, as well as a hybrid 
measure built on citations to patent classes. For each firm in our sample, we calculate 
Innovative Search (Manso et al., 2019) as 1 minus the cosine angle calculated between the 
vector of patent applications by the focal firm in the focal year, and the vector of patent 
applications by the focal firm in years t – 1 to t – 5. We use IPC four-character patent classes 
to calculate the measure, rather than USPC three-digit patent classes, because they allow for 
a higher level of within-industry variation.  

Table A-I reports the results obtained from the estimation of the effect of competition 
on both measures. In Model 1, we report an instrumented regression estimating the effect of 
import penetration on Innovative Search; Model 2 reports the results of a DiD estimation 
with a sample of treated and matched control firms on the same variable. Similar to the 
procedure in the main text, we match the treated and control firms in Model 2 according to 
their two-digit SIC, year, and the lag of innovative search, calculated as the average in the 
five years prior to the shock. Both regressions include year- and firm-fixed effects and 
standard errors clustered at the firm level. The negative sign of the coefficient of import 
penetration in Model 1 is consistent with our theory, but is far from being precisely estimated. 
The sign of the treated´post coefficient in Model 2 is negative (p = 0.059).  

Models 3 and 4 instead, report instrumental variable regressions on exploration and 
exploitation calculated using citations to patent classes. Considering the high overlap 
between economic sectors and patent classes, these measures essentially capture whether the 
firm is using knowledge from familiar or unfamiliar sectors of the economy. Consistent with 



our main procedure, we define a citation as exploratory if the firm never cited the patent class 
of the cited patent in its patent applications in the five years prior to the focal year, and 
exploitative otherwise. Again, we count repeated citations to patent classes across years to 
avoid overinflating the measure, so each exploitative citation can take a value between 1 and 
5, depending on the number of years in which it has been cited. The results remain consistent 
with our theory and the main analysis findings. In particular, the coefficient of import 
penetration on exploration in Model 3 is -1.567 (p = 0.067), whereas that for import 
penetration on exploitation in Model 4 is 1.388 (p = 0.169). 

 

A2. Association between search strategies and time to fruition 

We perform a series of tests to support the association between technological exploration, 
exploitation and time to fruition. In table A-II we test the linkage between the percentage of 
new citations in a patent application and the logarithm of the mean (median) number of days 
between the granting date and the dates in which the patent is cited by other patents. We 
control for the number of forward citations, and we include fixed effects controlling for US 
patent class, firm, and year of application. We use the percentage of exploratory citations 
(i.e. new citations over total citations) because we run this analysis at the patent level. At the 
patent level, it becomes more difficult to conceptualize two separate measures for exploration 
and exploitation. As it is possible to see, the percentage of new citations is positively related 
to the mean (median) number of days between the granting date and the dates in which the 
patent is cited by other patents (coeff. = 0.023, p. = 0.00 for the mean; coeff. = 0.006, p. = 
0.10 for the median).    

One limitation of this analysis is that the time that it takes for a patent to be cited is 
more of a proxy for the speed of innovation diffusion rather than a proxy for the speed with 
which idiosyncratic benefits accrue to the firm, even though the two are most likely positively 
correlated. Aside from our analysis of delisting contained in Table VII of the paper, we 
believe that the strongest evidence of the linkage between citations measures and time to 
fruition can be found in Fitzgerald et al. (2020). These authors find that having an exploitation 
focus has a positive effect on the 1 year ahead ROA and cash flow. Their citations measure 
is similar to ours even though we do not classify individual patents as either explorative or 
exploitative using a threshold of new citations. In Table A-III we perform a simple replication 
of their analysis using our measures and obtain essentially the same result. In particular, we 
can see that Technological Exploitation has a positive effect on both ROA and cash flow, 
while the opposite is true for Technological Exploration. 

Furthermore, in columns 5 and 6 of Table A-III we evaluate the effect of the 
explorative and exploitative content of patents of a given firm on the stock market reaction 
when patents are granted. We use the data provided by Kogan et al. (2017) for the purpose. 
These authors estimate the value of each patent granted to a firm by assessing the effect of 
its granting announcement on the total market capitalization of the firm (they estimate value 
using firms’ abnormal returns in the three days window that starts from the day of granting). 
We believe that there is hardly a stricter definition of short-term performance than the 
immediate stock market reactions following a patent announcement. 



Just by looking at the patent level descriptive statistics we can see that there is a strong 
relationship between the percentage of familiar citations and the short-term stock market 
valuation of a patent. In particular, the valuation of a patent increases steadily with the 
percentage of familiar citations included in it: patents with no familiar citations are valued 
on average $23.7 million; patents with some familiar citations are valued on average $26.8 
million; patents with more than 50% of familiar citations are valued on average $29.5 
million; and patents with more than 75% of familiar citations are valued on average $31.4 
million. We sum the valuation of all patents filed in a year by a given firm and we take the 
logarithm of this value to use it as the dependent variable in a firm level regression with fixed 
effects, year controls, and clustered standard errors. As it is possible to see our measure of 
exploitation has a positive effect on total short-term stock market valuation, while we find 
no effect for our measure of exploration.  



 
Table A-I: Analyses of patent class measures.  
Notes: Models 1 and 2 report the results from an instrumental variable regression and a 
DiD regression on Innovative Search (Manso et al., 2019) calculated according to the IPC 
main four-character classification. Models 3 and 4 report the results from instrumental 
variable regressions on exploration and exploitation calculated using citations to patent 
classes (IPC main four-character classification).  
 (1)  (2)  (3)  (4) 

 DV: Innovative Search  DV: Cit. to Patent Classes 

 IV Reg.  Diff-in-Diff  Exploration  Exploitation 

Import Penetration -0.142    -1.567  1.388 
 (0.633)    (0.067)  (0.169) 
Treated ´ Post   -0.080     
   (0.059)     
Post   -0.028     
   (0.602)     
 Controls        
Sales 0.038  -0.021  0.020  -0.018 
 (0.004)  (0.515)  (0.543)  (0.632) 
Return on Assets -0.104  -0.019  0.082  -0.212 
 (0.015)  (0.858)  (0.469)  (0.110) 
R&D Expenses  -0.006  0.005  -0.043  0.001 
 (0.614)  (0.621)  (0.146)  (0.985) 
Firm Age -0.017  -0.011  1.073  -0.433 
 (0.693)  (0.170)  (0.000)  (0.000) 
Patent Applications -0.122  -0.113  0.431  -0.196 
 (0.000)  (0.000)  (0.000)  (0.000) 
Citations Made     -0.765  0.983 
     (0.000)  (0.000) 
Patent Stock -0.074  0.006  0.516  1.020 
 (0.000)  (0.883)  (0.000)  (0.000) 
Market for 
Technology 0.020  -0.001  -0.023  -0.034 
 (0.005)  (0.965)  (0.229)  (0.136) 
        
Year fixed effects Yes  Yes  Yes  Yes 
Firm fixed effects Yes  Yes  Yes  Yes 
Observations 8,127  956  8,480  8,480 
Kleibergen-Paap LM 136.177    145.842  145.842 
Kleibergen-Paap F 47.691    50.620  50.620 
Hansen J 0.242    0.652  0.766 
Adj. R-squared   0.093     

Note: The p-values are in parentheses, reflecting the two-tailed tests for all the variables. 
 
  



Table A-II: Effect of the percentage of new citations on the mean 
(median) number of days between the granting date and the dates 
in which the patent is cited by other patents (ln). 
DV: Mean citation 

(1) 
Median citation 

(2) 
Percentage new citations 0.023 0.006 
 (0.000) (0.102) 
Citations received 0.037 0.014 
 (0.000) (0.000) 
   
Patent Class FE Yes Yes 
Year FE Yes Yes 
Firm FE Yes Yes 
Observation 667,588 667,588 
Adj. R-sq 0.326 0.239 

Note: The p-values are in parentheses, reflecting the two-tailed tests 
for all the variables.



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note: The p-values are in parentheses, reflecting the two-tailed tests for all the variables. 
 

Table A-III: Effect of Technological Exploration and Exploitation on the one year ahead ROA and Cash Flow (divided by current 
assets), and on the short-term stock market valuation of patents value (window between t and t+2 days from the patent granting). 

 (1) (2)  (3) (4)  (5) (6) 
 ROA t+1  Cash Flow t+1  Short-Term MKT Reaction 

         
Tech Exploration -0.005   -0.005   0.016  
 (0.075)   (0.091)   (0.380)  
Tech Exploitation  0.002   0.002   0.024 
  (0.079)   (0.154)   (0.019) 
         
Sales 0.064 0.064  0.070 0.070  0.152 0.150 
 (0.000) (0.000)  (0.000) (0.000)  (0.001) (0.001) 
R&D Expenses  -0.055 -0.055  -0.059 -0.059  -0.004 -0.002 
 (0.000) (0.000)  (0.000) (0.000)  (0.938) (0.967) 
Firm Age -0.001 -0.001  -0.001 -0.001  0.060 0.062 
 (0.379) (0.470)  (0.253) (0.318)  (0.000) (0.000) 
Citations Made -0.004 -0.005  -0.003 -0.004  0.973 0.986 
 (0.220) (0.105)  (0.500) (0.302)  (0.000) (0.000) 
Patent Applications 0.008 0.003  0.005 -0.000  0.093 0.083 
 (0.008) (0.167)  (0.156) (0.926)  (0.000) (0.000) 
Patent Stock -0.022 -0.022  -0.011 -0.012  -0.185 -0.216 
 (0.000) (0.000)  (0.013) (0.009)  (0.000) (0.000) 
MFT -0.005 -0.005  -0.001 -0.001  -0.087 -0.086 
 (0.059) (0.062)  (0.824) (0.838)  (0.003) (0.003) 
         
Year Fixed Effects Yes Yes  Yes Yes  Yes Yes 
Firm Fixed Effects Yes Yes  Yes Yes  Yes Yes 
Observations 12,056 12,056  12,056 12,056  11,965 11,965 
Adj. R-sq  0.113 0.113  0.043 0.043  0.507 0.507 


