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My own experience

* Arts, S., Cassiman, B., & Gomegz, J. C. (2018). Text matching to
measure patent similarity. Strategic Management Journal,
39(1), 62-84.

_ Data: https://dataverse.harvard.edu/dataverse/patenttext

_  Code: https://github.com/sam-arts/smj code

- Objectives:
1. Develop and validate text-based metric to measure similarity between patents
2. Validate if text is better than patent classification to measure similarity


https://dataverse.harvard.edu/dataverse/patenttext
https://github.com/sam-arts/smj_code

Validate use of text to measure similarity between patents

* Internal validity: expert ratings

Recruit 13 paid experts from 5 fields

For each field, randomly select baseline patents and 5 patents with varying
degrees of similarity to baseline patent

Ask experts to rate similarity of patent pairs (Likert scale 1 to 7), 850 ratings
Consistency between ratings: inter-item correlation, Cronbach’s alpha

~ 003— 027 — 051
© - 0.02 0.21 0.38 0.29
> © 0.09 026 016 0.1
c
[E
e YA 0.13 0:19 0.13 0.06
:
S o 0.36 0.22 0.07 0.03
o~ - 0.05 0.28 0.07
- - 0.95 0.12 0.02

1 1 1 I
0 0.05-0.25 0.25-0.50 0.50-0.75 >0.75
Jaccard



Validate use of text to measure similarity between patents

e External validity

TABLE 3 Summary statistics for subsamples of text-matched patent pairs with varying degrees of Jaccard similanty

2) (3) (4
1) Jaccard = 005 Jaccard = 0.25 Jaccard = 0.50 (5)
Jaccard =0 and < (.25 and <0.50 and <0.75 Jaccard = 0.75
Mean Mean Mean Mean Mean
Jaccard 0.000 0.164 0.322 0.609 0925
Binary: Same patent family 0.000 0.002 0.024 0.086 0.407
Binary: Same inventors) L0000 0.083 0.496 0.867 0.927
Binary: Same assignee(s) 0.001 0.148 0651 0.866 0.865
Binary: Citation link 0.000 0.008 0.044 0.085 0.085
N 4,386,405 3.426,228 601,947 137,551 220,679

Note. 4,386 405 text-maiched patent pairs for patents granted between 1976 and 2013. Each baseline patent is matched to the patent
with the highest Jaccard index based on keywords and filed in the same year. In cases where there are multiple maiches, patents are
matched on approximate filing date. Patents with less than 10 keywords are excluded and a minimum Jaccard of 0.05 is imposed.
Column 1 includes an additional set of 4,386,405 patent pairs with no overlap in keywonrds, i.e., Jaccard index of zero, filed in the
same year, and matched on approximate filing date. Unreported ¢ tests indicate significant differences in same patent family, same
inventor(s), same assignee(s), and citation link across the five different subsamples (columns 1-5). All differences are significant at
the 1% level. The only nonsignificant difference is in same assignee(s) and citation link for pairs with Jaccard > 0.50 and <0.75 (col-
umn 4) versus pairs with Jaccard > 0.75 (column 5).

Patents with higher text similarity more like to belong to same patent family (docdb), inventor(s),
assignee(s), and are more likely to cite each other




My own experience

* Arts, S., Hou, J., & Gomegz, J. C. (2021). Natural language
processing to identify the creation and impact of new
technologies in patent text: Code, data, and new measures.
Research Policy, 50(2), 104144.

_  Data: https://zenodo.org/record/3515985#.Y20W{f3bMIuUn

_  Code: https://github.com/sam-arts/respol patents code

- Objectives:
1. NLP to develop new measures for novelty and impact based on patent text

2. Validate metrics and improvement over measures based on patent classification
and citations

3. Provide open access to code and data


https://zenodo.org/record/3515985#.Y2oWf3bMIuUn
https://github.com/sam-arts/respol_patents_code

Validation

* Patents that cover new technologies with major impact on
technological progress

Patents linked to prizes (Nobel prize, ...)

393 patents

Control patents (matched on technical content and year)

Can metrics predict award patents: precision, recall, area under curve

* Patents lack novelty and little impact on technical progress

USPTO is perhaps granting too many weak or invalid patents that fail to meet
the novelty requirement (Jaffe and Lerner, 2004; Lemley and Shapiro, 2005)

Granted by all
Control patents (granted by USPTO but rejected by EPO and JPO)
Can metrics predict grant: precision, recall, area under curve
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[57] ABSTRACT

The invention relates to materials for use as electrodes in an
alkali-ion secondary (rechargeable) battery, particularly a
lithium-ion battery. The invention provides transition-metal
compounds having the ordered-olivine or the rhombohedral
NASICON structure and the polyanion (PO,)* as at least
one constituent for use as clectrode material for alkali-ion
rechargeable batleries.

9 Claims, 10 Drawing Sheets

John Goodenough 2018 Benjamin
Franklin Medal

Rechargeable battery

US5910382

“lifepo4” (lithium iron phosphate)

* reused by 260 patents
“batteri lifepo4”
* reused by 211 patents




Some general remarks

Preprocessing of text seems to make a big difference

- Which parts to include (title, abstract, claims, description), stemming,
lemmatization, stop words, ...

- Provide open access to raw data and all code so everything can be replicated

Trade off between simple and more advanced approaches

_ Advanced approaches not necessarily better for every application (different NLP
tasks).

- Simple approaches often work well and are easy to understand and explain to non
computer scientists

_ Advanced approaches are often black boxes (what do they measure?)

Explain why and show that text works better than traditional
metrics

What do you want to measure?

- Novelty, disruptiveness, originality, private value, social value, impact, importance,
diffusion, ...

Little validation, no standardized way to validate the metrics
8



Thank youl!

sam.arts@kuleuven.be



2"d objective: validate if text is better than patent

classification to measure similarity

* Internal validity: expert ratings

Recruit 13 paid experts from 5 fields

For each field, randomly select baseline patents and, for each baseline patent,
the corresponding closest text-matched, primary-class matched, and
subclasses-matched patent.

Ask experts to rate similarity of patent pairs (Likert scale 1 to 7), 300 ratings
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2"d objective: validate if text is better than patent
classification to measure similarity

e External validity

TABLE 6 Summary statistics for text-matched, primary-class-matched, primary-subclass-matched, and subclasses-matched patent pairs

1) (2 3 )

Text-matched patent pairs Primary-class-matched patent pairs Primary-subclass-matched patent pairs Subclasses-matched patent pairs

(n = 4,386,405) (n = 4,279,839) (n = 3,492,480) (n = 4,229,647)

Mean Mean It Pr(ITI > Itl) Mean Itl Pr(ITI > Itl) Mean Itl Pr(ITI > Itl)
Jaccard 0.238 0.054 2200.000 0.000 0.092 1800.000 0.000 0.097 1900.000 0.000
Binary: Jaccard = 0 0.000 0.120 —760.000 0.000 0.043 —390.000 0.000 0.040 —420.000 0.000
Binary: Same patent family 0.028 0.005 308.439 0.000 0.012 255.467 0.000 0.013 239.195 0.000
Binary: Same inventor(s) 0.207 0.037 889.674 0.000 0.079 690.830 0.000 0.085 677.012 0.000
Binary: Same assignee(s) 0.276 0.059 992.268 0.000 0.114 752.643 0.000 0.118 743.565 0.000
Binary: Citation link 0.019 0.002 267.639 0.000 0.008 165.982 0.000 0.013 92.972 0.000

Note. 1t tests assess the mean difference between the text-matched pairs and the primary-class-matched. primary-subclass-matched, and subclasses-matched pairs in columns 2. 3, and 4. respectively.

Only the subset of baseline patents for which both a text-matched and a primary-class-matched patent are found are used in the paired 7 test in column 2. Only the subset of baseline patents for which
both a text-matched and a primary-subclass matched patent are found are used in the paired 7 test in column 3. Only the subset of baseline patents for which both a text-matched and a subclasses-
matched patent are found are used in the paired 7 test in column 4.

Patents matched on text more like to belong to same patent family (docdb), inventor(s), assignee(s), and
are more likely to cite each other




