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Introduction 

The stated objectives of the project were twofold. First, it proposed to rely on data science 
tools to build a database that tracks innovations into the marketplace. Specifically, it planned 
to develop software capable of harvesting data on products from the web, which can be 
directly traced to identifiable EPO patents. Second, it proposed to exploit the data to advance 
knowledge on two topics: patent valuation and the patent prosecution process.  

The EPO gave us the following feedback at the start of the project: 

“We would like to draw your attention on the high ambition of your project within the 
available timeframe. Against this background, the main expected contribution should 
be the demonstration of the feasibility of your novel methodology, and we therefore 
invite you to pay special attention on the fine tuning and calibration of the web search 
results.” 

Consequently, we have invested more energy into developing the software than initially 
planned. Nevertheless, we have managed to produce all the deliverables mentioned in the 
original submission (to various degrees of completion). 

The following lists the deliverables (as stated in the grant application) as well as the status at 
the time of the grant termination (indicated by ‘>>’). 

1. Raw database of product-patent correspondence for EP patents. We are committed to 
sharing the data to maximise dissemination. However, we also want to secure primacy. 
To balance these competing interests, we will release the data once we have been able 
to publish a first, citeable reference paper and have other papers at fairly advanced 
stage. We plan to release the data one year after the completion of the project. 

>> The data will be made available on the project website, available at 
www.iproduct.io. Interested parties can subscribe to the mailing list in order to be 
notified when the data will be released. 

2. Descriptive paper, released on SSRN 14 months after the start of the project. 

>> A descriptive paper is available at https://ssrn.com/abstract=3114637. This paper 
analyses the factors that push firms to adopt virtual patent marking. In brief, we find 
that firms are more likely to mark their products if they have a higher likelihood of 

http://www.iproduct.io/
https://ssrn.com/abstract=3114637
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being infringed, if they pursue an active branding strategy, and if they are in greater 
need of external financing.  

3. Infographics from task 2.1, released on various communication channels (LinkedIn, 
Twitter, mailing list, etc.) 15 months after the start of the project (target date). 

>> Infographics are provided in Appendix A.  

4. Empirical analysis of patent value from task 2.2, released on SSRN 19 months after the 
start of the project (target date). 

>> Our analysis on patent value has sought to associate to drop in product price 
around the time of patent expiry. Analysis suggests that patent expiry leads to an 
average drop in product price of about 2%. The drop in price is stronger in more 
competitive fields and for more important patents (as proxied with patent citations). 
We haven’t released the working paper yet because we want to test further the 
robustness of our results. A working paper will be released on SSRN during the first 
half of 2020.  

5. Empirical analysis of patent pendency from task 2.3, released on SSRN 24 months after 
the start of the project (target date). 

>> We have collected data on the market release date of about 500 products from the 
database. We have performed a preliminary econometric analysis of the extent to 
which patent pendency affects market release date. Tentative estimates suggest that a 
10-percent increase in office-induced patent pendency retards product market 
introduction by about 4 percent. The analysis is still in progress, and we expect to 
release a working paper in the second half of 2020. 

 

The remainder of the report explains the software that we have developed to build the 
database.  

Overview of software (data capture pipeline) 

The database is called IPRoduct, formed by the contraction of the terms “Intellectual Property 
Rights” and “product”. 

Virtual patent marking webpages 

We have explained at length at the intermediary progress meeting that our starting material 
consists of virtual patent marking (VPM) webpages, which are self-reported product-patent 
lists available on company websites. 

Figure 1 below provides an example of a VPM webpage. We have previously emphasized the 
variety of formats and supports that company rely on to deliver VPM information. This 
heterogeneity makes the data extraction task particularly challenging.  

We have produced a paper that studies factors that affect VPM adoption by firms 
(https://ssrn.com/abstract=3114637). This work is important to understand potential 
selection bias in the data. In short, the results are consistent with the following mechanisms: 

https://ssrn.com/abstract=3114637
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firms are more likely to use VPM if they have a higher likelihood of being infringed, if they 
pursue an active branding strategy, and if they are in greater need of external financing. 

Figure 1. VPM webpage of Tecan Trading AG 

 

We estimate that there must be between 10k and 50k VPM webpages. Finding these pages is 
a challenge, because there is no repository available and no unique keywords to identify them. 
We spend a great amount of energy trying to find the best ways of identifying VPM webpages. 
The common denominator between these pages is that they should all contain the triplet 
(patent(s) keyword, patent number(s), product names or code). However, many non-VPM 
pages also contain this triplet—such a naïve filter therefore produces a large amount of false 
positives.  

First, we co-developed a large-scale web crawler in collaboration with SCITAS, the high-
performance cluster at EPFL, and we carefully selected a list of seeds (i.e., entry points into 
the web for the crawler). The seeds speed up crawling time and allow us to avoid collecting 
too many false positive. We crawled about 250m webpages, and about 2.5m of them contain 
the triplet. 

Second, we trained a supervised VPM classifier, that is an algorithm that identifies VPM pages 
among our set of 2.5m candidates pages. We suspect that about 1% of candidates web pages 
are VPM webpage so we would need an extremely precise classifier. However, we did not 
push the development further as we had identified with certainty more than 1000 VPM 
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webpages thanks to a fairly simple classifier. This number was large enough to proceed to the 
next stage of the development. 

Data platform 

A substantial amount of energy went into the development of a web platform for storing, 
structuring and managing the data.  

We started with a simple PHP-based web interface that we used to manually extract data on 
product-patent correspondence. These manually curated data represent our ‘gold standard 
dataset’; they are crucial for the development and training of automatic extraction algorithms. 

However, we quickly realized that manually cleaning the data was a daunting task and we 
developed a plugin for the Chrome web browser to assist in data annotation. The plugin 
turned out to be really useful and allowed to speed up manual data annotation and minimize 
encoding errors. 

Next, we used the manually labelled data to identify to broad typologies of pages, with the 
aim of developing a family of fully automatic extraction algorithms. We came up with 
extraction algorithms but these algorithms often needed some manual input to function 
properly. In light of this, we have decided to integrate the extraction algorithms directly into 
the plugin. In other words, we have developed a tool that dramatically facilitates human 
labeling. We plan to continue in this direction in the future, by further refining the extraction 
algorithms and the automatic recognition of patent numbers. A video showing how the plugin 
works is available on YouTube at https://youtu.be/bxiRyaMRFhc. 

Finally, we have decided to refactor the platform totally. We are now developing a Scala-based 
platform that directly embeds the plugin. The new platform will be more stable than the 
previous version and it will be also easier to open it to external users. Ideally, we would like 
to allow external users (either paid RAs or volunteering enthusiasts) to contribute to labeling, 
with specific access rights. Figures 2 and 3 provide a preview of the new version of the 
platform. The platform contains structured marking information as well as metadata about 
the company (e.g., LinkedIn URL). It will also be possible to observe different snapshot of the 
webpages and the marking information, allowing us to build a panel dataset of patent 
coverage in the near future. (At the moment, we are only able to store cross-sectional data). 

  

 

 

 

 

 

 

https://youtu.be/bxiRyaMRFhc


The present report is an abridged, public version of the full report submitted to the EPO (95 pages) 

 

Figure 2. Print screen of platform (under development) – directory listing 

 

Figure 3. Print screen of platform (under development) – annotated webpage 
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Jupyter notebook for data enrichment 

The final step in the data processing pipeline relates to data enrichment. In particular, we have 
linked the patent numbers available on the website to the following databases: PatentsView, 
PATSTAT and lens.org. Data enrichment takes place in a Jupyter notebook using Python. Figure 
4 provides an overview of the notebook. We are only processing U.S. and EP patent so far, 
although we plan to extend the labeling to other jurisdictions. 

One issue we need to deal with concerns the variety of format in which patents are reported. 
Table 1 illustrates four cases related to the EPO. Firms use a variety of markers to identify 
European patent documents, such as ‘Europe’, ‘EP’, ‘EPO’, ‘EP0’, etc. These labels are 
sometimes ambiguous, such as ‘Europe’ indicating both the EPO and the EUIPO, or used 
wrongly (such as EP to designate EUIPO). Firms also use different patent numbers, such as 
application numbers (with or without the final digit) or publication numbers.  

The data are harmonized in three stages. First, we have developed a fairly sophisticated 
pattern recognition algorithm that accepts a variety of formats under which patent numbers 
can be reported. Second, a human supervisor corrects potential labeling mistakes from the 
previous step. The objective is to encode patent numbers into a standardized format, as 
shown in Table 2. Third, the matching of the encoded string to external patent databases 
allows us to verify that the patent document actually exists. If we cannot find a match, we 
perform a manual search to correct the encoding. Typical errors at this stage are rare and 
include wrongly reported jurisdictions or patent numbers on the company webpage. We 
manually correct such cases when we identify them. 

Table 1. Illustrations of some cases encountered for European patent documents 

Webpage Encoded 
Europe 03756746.8 A----|EP|03756746.8| 

EP0 2768613A1 A----|EP|2768613|A1 

EP506870 P----|EP|0506870| 

Europe 000116215-0001 P--D-|EU|000116215-0001| 

 

The bottom line of the project is this: 

1. We are confident that there are enough VPM webpages to build a database that would 
be useful to the scientific community; 

2. We have prototyped the whole data collection and extraction pipeline; 
3. We have a sound understanding of the computational and algorithmic needs to scale 

up the project; and  
4. We have assembled a manually curated database that can be used to train ML 

algorithms to refine data collection and extraction.  
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Figure 4. Data enrichment notebook 
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APPENDIX A 

This appendix provides a series of illustrations of the IPRoduct data 

 



IP
Ro
du
ct
:	I
nf
og
ra
ph
ic
s

Ga
ét
an
	d
e	
Ra
ss
en
fo
ss
e

Ec
ol
e	
po
ly
te
ch
ni
qu
e
fé
dé
ra
le
de
	L
au
sa
nn
e

@
gd
er
as
se



Co
m

pa
rin

g 
w

ith
 p

op
ul

at
io

n 
of

 U
SP

TO
 p

at
en

ts

§
Pa

te
nt

s i
n 

IP
Ro

du
ct

 a
re

sp
re

ad
ac

ro
ss

te
ch

no
lo

gi
es

, i
n 

a 
m

an
ne

r
sim

ila
rt

o
th

e
po

pu
la

tio
n

of
pa

te
nt

s

0.1.2.3.4
Percentage of patents

A
B

C
D

E
F

G
H

D
is

tri
bu

tio
n 

of
 IP

C
 c

od
es

IP
R

od
uc

t
Po

pu
la

tio
n



Co
m

pa
rin

g 
w

ith
 p

op
ul

at
io

n 
of

 U
SP

TO
 p

at
en

ts

§
Pa

te
nt

s i
n 

IP
Ro

du
ct

 a
re

m
or

e
lik

el
y

to
be

sin
gl

et
on

 fa
m

ili
es

.
§

Co
nd

iti
on

al
of

no
t b

ei
ng

a 
sin

gl
et

on
, h

ow
ev

er
, I

PR
od

uc
t 

pa
te

nt
sb

el
on

g
to

la
rg

er
 p

at
en

t 
fa

m
ili

es
.

0.2.4.6.81
Proportion

0
5

10
15

20
Fa

m
ily

 s
iz

e

IP
R

od
uc

t
Po

pu
la

tio
n

D
is

tri
bu

tio
n 

of
 fa

m
ily

 s
iz

e



Ab
ou

t2
5%

 o
f U

SP
TO

 a
ss

ig
ne

es
 w

ith
 co

m
m

er
ci

al
 p

ro
du

ct
s 

ha
ve

 a
 v

irt
ua

l p
at

en
t m

ar
ki

ng
 w

eb
pa

ge



‘C
on

su
m

er
 g

oo
ds

’ b
ro

ad
ly

 d
ef

in
ed

 fo
rm

 th
e 

la
rg

es
t g

ro
up

 o
f m

ar
ke

d 
ite

m
s M
ed
ic
al
	d
ev
ic
es

Co
ns
um

er
	g
oo
ds

El
ec
tr
ic
al
/e
le
ct
ro
ni
c

m
an
uf
ac
tu
ri
ng

Co
ns
um

er
	e
le
ct
ro
ni
cs

Sp
or
tin
g	
go
od
s

Bi
ot
ec
hn
ol
og
y

Co
m
pu
te
r	s
of
tw
ar
e

Ot
he
r



Th
e 

m
yt

h 
of

 s
in

gl
e-

pa
te

nt
 p

ro
du

ct
s

0
10

20
30

Nu
mb

er 
of 

pa
ten

ts 
pe

r p
rod

uc
t

W
eb

 &
 S

oft
wa

re

Me
dic

al 
De

vic
es

Co
ns

um
er 

Go
od

s

Bio
tec

hn
olo

gy

La
rge

Sm
all

La
rge

Sm
all

La
rge

Sm
all

La
rge

Sm
all

§
Th
e	
m
ed
ia
n	
nu
m
be
r	o
f	p
at
en
ts
	p
er
	p
ro
du
ct
	

is
	th
re
e,
	a
nd
	th
e	
va
ri
ab
le
	is
	h
ig
hl
y	

sk
ew
ed
—
10
	p
er
ce
nt
	o
f	p
ro
du
ct
s	a
re
	

pr
ot
ec
te
d	
by
	1
0	
pa
te
nt
s	o
f	m

or
e.
	

§
In
	a
	ty
pi
ca
lly
	d
is
cr
et
e	
in
du
st
ry
	su
ch
	a
s	

M
ed
ic
al
	D
ev
ic
es
,	a
bo
ut
	7
	p
er
ce
nt
	o
f	

pr
od
uc
ts
	a
re
	p
ro
te
ct
ed
	b
y	
10
	p
at
en
ts
	o
r	

m
or
e.
	

§
Th
is
	fi
gu
re
	re
ac
he
s	2
1	
pe
rc
en
t	f
or
	

co
ns
um

er
	e
le
ct
ro
ni
cs
	(w

hi
ch
	fo
rm
s	a
	

su
bs
et
	o
f	C
on
su
m
er
	G
oo
ds
).	



Fi
lin

g 
/ p

ub
lic

at
io

n 
ye

ar

Percentage of total
PR

OD
UC

T
PA
TE
NT

PA
PE
R

PA
TE
NT

Te
ch

no
lo

gi
es

 in
 to

da
y’

s p
ro

du
ct

s
w

as
 fi

le
d 

ab
ou

t 7
–8

 y
ea

rs
 a

go



To
da

y’
s p

ro
du

ct
s e

m
be

d 
sc

ie
nc

e 
th

at
 w

as
 p

ub
lis

he
d 

20
 y

ea
rs

 a
go

.

Fi
lin

g 
/ p

ub
lic

at
io

n 
ye

ar

Percentage of total
PR

OD
UC

T
PA
TE
NT

PA
PE
R

PA
TE
NT



Pa
te

nt
 fi

lin
g 

ye
ar

Percentage of total

PR
OD

UC
T

PA
TE
NT

PA
PE
R

PA
TE
NT



Percentage of total

Pa
te

nt
 fi

lin
g 

ye
ar

PR
OD

UC
T

PA
TE
NT

PA
PE
R

PA
TE
NT

Th
e 

pa
ce

 o
f (

pa
te

nt
ed

) i
nn

ov
at

io
n 

is 
no

t (
m

uc
h)

 fa
st

er
 in

 w
eb

/s
of

tw
ar

e 



Pa
te

nt
 Te

ch
no

lo
gi

ca
l F

ie
ld

Pr
od

uc
t T

yp
e



Pa
te

nt
 Te

ch
no

lo
gi

ca
l F

ie
ld

Pr
od

uc
t T

yp
e



On
	a
ve
ra
ge
,	p
at
en
ts
	a
re
	fi
le
d	

m
or
e	
th
an
	7
	y
ea
rs
	b
ef
or
e	

pr
od
uc
t	i
nt
ro
du
ct
io
n

On
	a
ve
ra
ge
,	p
ro
du
ct
s	w

ill
	b
e

pr
ot
ec
te
d	
by
	a
t	l
ea
st
	o
ne

pa
te
nt
	fo
r	1
5	
ye
ar
s


