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Identifying the creation and impact of new technologies

• Creation and diffusion of new technologies key for 
productivity and growth

• Difficult to identify 
– Creation of new technologies

– Impact on subsequent invention

• Patent statistics (Griliches 1990, Hall et al. 2001)

• Heterogeneity in novelty and impact (Trajtenberg 1990, …)
– Majority cover small incremental advances to existing technologies, little 

impact on subsequent invention 

– Small minority cover fundamentally new technologies with a major impact
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Identifying the creation and impact of new technologies

• To measure novelty and impact
– Patent classification (USPC)
– Patent citations

• Limitations and bias
– Classification (Thompson & Fox-Kean 2005, Arts et al. 2018, Righi & Simcoe 

2019)

– Citations (Alcacer & Gittelman 2006, Lampe 2012, Kuhn et al. 2017)

• Do not capture detailed technical content of a patent

• Cannot accurately identify new technologies and their impact 
on subsequent inventions
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• Harness technical content of patent documents

• All U.S. patents granted between March 1969 and May 2018 
(n=6,252,916)

• Concatenate title, abstract, claims, lowercase, eliminate stop 
words, words<2 characters, numbers, words which appear only 
once, frequent non-technical terms, stemming

• 1,326,975 unique stemmed keywords, avg 61 per patent

• See Arts S, Cassiman B, Gomez JC. 2018. Text matching to 
measure patent similarity. Strategic Management Journal 39(1): 
62–84.
– https://dataverse.harvard.edu/dataverse/patenttext

– https://github.com/jcgcarranza/smj_code

Natural language processing

https://dataverse.harvard.edu/dataverse/patenttext
https://github.com/jcgcarranza/smj_code
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Identifying the creation and impact of new technologies

• New words (reuse)
– Stereolithographi (US4575330)

– 644 patents reuse

• New word combinations (reuse)
– “vascular stent” (US4580568)

– 2,063 patents reuse

• Backward and forward cosine similarity
– Patent is vector of 1,326,975 dimensions, each dimension one keyword from 

vocabulary, value is frequency in patent

– 1- avg backward= novelty

– Forward/backward cosine= impact-weighted novelty

 Novelty versus impact weighted novelty
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Validation text-based measures

• Patents linked to prestigious awards
– Fundamentally new technologies, major impact on subsequent inventions

• Case-control design
‒ Matched one-to-one to control patents

‒ Technical content and filing dates

‒ 259 award patents, 259 text-matched control patents 

‒ Likely cover small incremental advances little impact

• Ability to distinguish award and control patents
‒ t-test, Cohen's d

‒ Precision, recall, auc (area under ROC-curve)
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• John Goodenough 2018 Benjamin 
Franklin Medal

• Rechargeable lithium-ion battery

• US5910382
– “lifepo4” (lithium ion phosphate) reused 

by 260 patents

– “batteri lifepo4”, reused by 211 patents
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• Philippe Horvath received the 
2018 Bower Award and Prize for 
Achievement in Science

• Genome-editing tool CRISPR-Cas

• US9951341
– “crispr-ca”  reused by 19 patents

– “transcript crispr” reused by 28 patents
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Validation award patents

• Support the use of NLP

• Text-based novelty measures outperform traditional 
measures based on patent classification (USPC) and citations
– new_subclass_comb, new_cit_comb, and originality

• Text-based impact-weighted novelty measures also 
outperform
– new_subclass_comb_reuse, new_cit_comb_reuse

– forward citations, generality

• New word comb (reuse) performs best
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Validation rejected patents

• Patents issued by USPTO but rejected by EPO and JPO
– USPTO grants too many invalid patents (Jaffe & Lerner 2004)

– EPO/JPO  examiners spend 2* more time, reject much larger share

– Arguably lack novelty or cover incremental advances to existing technologies, 
little impact on subsequent inventions

• Case-control design
‒ Matched one-to-one to control patents

‒ Technical content and filing dates

‒ 651,478 granted patents, 651,478 text-matched rejected patents 

• Ability to distinguish granted and rejected patents
‒ t-test, Cohen's d

‒ Precision, recall, auc (area under ROC-curve)
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Validation rejected patents

• Same findings
– Support the use of NLP

– Illustrate improvement over traditional measures based on patent 
classification and citations

• Again, new word comb (reuse) outperforms

• Predictive power lower compared to award sample

• USPTO indeed seems to grant invalid patents
– Social costs might not outweigh social benefits related to disclosure and their 

effect on increasing subsequent invention (Lemley & Shapiro 2005) 
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Conclusion

• Identify creation and impact of new technologies

• Prior and current work mostly relies on patent classification 
and citations

• NLP to harness mostly unexplored technical content of patents

• Validated text-based measures and their improvement over 
traditional metrics

• We will provide open access to all code and cleaned data 
‒ Feel free to send me an email
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Thanks!

sam.arts@kuleuven.be


