Chapter 7

Discussion

This chapter gives an integrated overview of this PhD research followed by
an interpretation of the findings and results. It is presented a general review of
our central research question, namely whether patent information provides, once
processed, knowledge for a better understanding of a given technology, and the
contributions of this thesis to answer it. More specifically, It will be disclosed the
contribution to solve the secondary research questions of :

— What are the technological components of a piece of technology?

— How the technological components of a piece of technology evolve in
time?

— How are the technological components of a piece of technology are
inter-related?, and

— What is the technological proximity of a given piece of technology
to other technologies.

The specific contributions of each paper forming this thesis by compendium is
also presented, as well as the consistency and inter-relation of said papers.

7.1 The role of Information within Patent Pub-
lications

I started this research after several decades of working in intellectual property,
in particular as patent examiner and documentation classifier in the technical fields
of computer graphics — G067 — and speech processing — G10L — at the European
Patent Office — FPO —. During my work as patent examiner and documentation
classifier I was in charge of searching for the prior art and the right place to classify
the patent applications and technical documentation. This experience led me to
observe and handle the huge and rich information contained in the bodies formed
by patent publications and their prior art, and patent classification.
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’ Non-Patent Literature \ Patent Literature ‘

References Selection
- Positive and negative citations | - Evaluating Novelty and
- Homage or criticism non-obviousness
- Substantiating claims
- Authenticating data
- Provide background reading
- Seminal papers/background | - Any documents is equally im-
papers portant
Documentation Sources

- Access to publishers DBs and | - Minimum PCT collection
- Access to given Libraries

Citation features

- Lack of unique identifier - Unique identifier: the PN
- Self-citation - No self-citations
- Multiple-authorship - Authorship is defined by law.

Table 7.1: NPL vs Patent Literature

Patent publications and its cited prior art have some very interesting features
that, make easier its collection and exploitation with the computer in comparison
to Non-Patent Literature — NPL — (papers, theses, books, conference proceedings,
...) and its bibliographic references.

The rationale for selecting bibliographic references in NPL is multiple and
heterogeneous whereas in patent literature, the single reason to select prior-art
is clearly defined by law as the evaluation of novelty and inventive step or non-
obviousness. This fact renders every patent document equally important as far as
it helps to this evaluation(see in table 7.1 the References selection).

The sources of documentation for NPL authors are heterogeneous in compari-
son with patent examiners (see in the table: 7.1 the Documentation sources). For
patents, in principle, every examiner of the mayor offices are looking in the same
collection to pick up the documents to cite as prior art references, the minimum
PCT collection [WIPO (2022b)]. Additionally, in papers usually seminal and back-
ground art papers are cited whereas in patents any document is equally important
as far as it helps to evaluate novelty and non-obviousness.

Furthermore, some features of the cited documents differ between NPL and

patent publications (see in the table: 7.1 the Citation features). In NPL there is
not a unique identifier. Publishers have created in the late 90s the digital object
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identifier — DOI — that is a potential solution but is still facing problems such as
the limited access to the DOI of individuals or nontraditional publishers due to
the fact that it was originally designed to facilitate electronic transactions. On the
contrary, every patent has a unique identifier, the patent number formed by some
characters to identify the patent office — the country code — and a serial number.

Self-citation is an important source of noise in the aggregation and analysis of
references in NPL whereas in patents, the author — the inventor — and the person
selecting the prior art references are different, so necessarily self-citation is absent.
Finally, authorship is regulated by law in patent publications, however, in NPL
there is not authorship regulation and the frequent presence of numerous authors
is an additional source of noise.

When a patent examiner selects prior art and produces the list of citations,
he is in fact linking the patent application and the list of prior art, but with the
sole aim of investigating novelty, and non-obviousness. Accordingly, he is linking
the technology disclosed in the patent application with the technology disclosed
in the prior art citations which, in the understanding of the examiner, are the
closest documents to the totality or to some fundamental aspect of the technology
disclosed in the application under study. No other elements, such as homage or
criticism of other author’s work, substantiating hypotheses, or giving grounds for
any data or choices are taking into account by the examiner to select the prior art
to cite.

In conclusion, patent literature is a body formed by highly structured, ho-
mogeneous and universal documents which facilitate their collection and analysis.
These features, together with the fact that every patent publication is classified
within the same scheme — the IPC —, provide a common framework for the aggre-
gation of patents and its prior art. This framework of classification gives a very
concise and clear meaning to the analysis of patents and its prior art citations,
namely proximity or relatedness between the technology disclosed in the patent
and the technology disclosed in its prior art citations list. Furthermore, using
this classification codes we can easily aggregate technical fields of patent publica-
tions from different geographic sources, languages and periods of time, rendering
possible the analysis of the technology related to a patent or a set of patents.
Additionally, the fact that the IPC scheme is hierarchical [WIPO (2022c)] makes
possible the straightforward aggregation of technical fields at different levels of
granularity [Leydesdorff (2008)].
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7.2 Technological Components as Character-
ising Factors

Let us now define a piece of technology as the set of patents belonging to a
technical field, owned by a tech company, or granted to a researcher or group
of researchers. Let us take advantage of the easiness of exploitation of prior art
citations to enrich our initial set forming a sort of super-set with both the set of
patents and its prior art citations. Then, by collecting their assigned classification
codes, and aggregating them according to the IPC-scheme, we are able to build
a new data structure, the technology footprint which will reveal the technologies
present within our selected piece of technology and their weights.

We have also defined a new graphical tool, the technology spectrum — TechSpec-
trum —, to visualise the new data structure. We have called this tool in this way
because the expression “spectrum” indicates a “complete and continuous sequence
or range of opinions, elements, physical features or items between two extreme
points” [Merriam-Webster (2022)]. Thus, our spectrum visualises the complete
and continuous sequence of technologies between the two extremes of the IPC
(See Figure 7.1).

TEXTILES FIXED CONSTRUGTION
AND PAPE
CHEMISTRY AND METALLURGY
MEGHANICAL ELECTRICIT
PERFORMING OPERATIONS
HUMAN ENB\NEER‘INE
NECESSITIES-A

AND TRANSPORTING-B PHYsics -H-

Technology-Spectrum (IPC-SubClass)

Figure 7.1: Example of TechSpectrum at IPC-SubClass level

Figure 7.1 shows a TechSpectrum for Koninklijke Philips b.v., the Dutch transna-
tional tech company, at SubClass level of the IPC' . This TechSpectrum is the result
of aggregating its patents from 1980 to 2015 and their corresponding prior art ci-
tations. This will be the time interval for all the cases in this thesis, in order to
cover a large span of time but, of course, this time interval can be changed.

Looking at the TechSpectrum we can observe that the main activities of this
firm are in section A — human necessities —, and sections G — physics — and H —
electricity — This first information is consistent with the idea of this trans-national
corporation. Looking more in detail into his TechSpectrum, we can see that the
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main technological components are in particular in the codes A61B — diagnosis and
surgery —, F21V — details in lighting devices —, GO6F — data processing —, GO1B —
measuring instruments —, H01J — electric discharge tubes —, H01L — semiconductor
devices — and HO4N — TV — 1.
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Figure 7.2: TechSpectrums at IPC-SubClass level for (from high to low)
Philips, Toyota, Ford Motors and IBM

Another example can be seen in Figure 7.2 which shows the TechSpectrum
of the following four tech companies at IPC-SubClass level, from top to down:
Koninkligke Philips, Toyota Motors, Ford Motors and IBM. Note the remarkable
similarities of the yellow? and the green areas® between the middle-top (7Toyota
motors) and middle-down (Ford Motors) TechSpectrums. This similarity indicates
that both companies have very similar research and development activities in these
areas of technology. This is indeed the case because both are motor companies. It
is also interesting to note that the top- and the bottom-graphs represents both tech
companies in the electricity-physics domain. However the top-graph (Koninklijke
Philips) presents a broad range of developments, and, the down-graph (IBM)
shows an extremely specialised TechSpectrum with virtually just two technological

1For the official titles of IPC codes see at https://www.wipo.int/classifications/ipc/en/

2Yellow components correspond to IPC Section B: Performing operations; Transporting

3Green components correspond to IPC Section F: Mechanical Engineering; Lighting;
Heating; Weapons; Blasting
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components at this level, namely computers — GO6F — and semiconductors — HO1L.

By analysing the technology footprint or observing his technology spectrum lot
of information about the piece of technology nature of the developed by a com-
pany can be grabbed. Just observing the technology spectrum of IBM in Figure
7.2 we understand that it is a computer company with lots of interest in semicon-
ductor developments. On the other hand, just observing the technology spectrum
of Koninklijke Philips we will figure out that it is a medical-electronics-electricity
company, very specialised in medical technology but “generalist” in electronics and
electricity. In order to refine our perception of all these tech companies, we need
to go deeper into the classification.

The hierarchical nature of the IPC scheme allows the straightforward gener-
ation of our new data structure, the technology footprint and the graphical tool,
the TechSpectrum, at several levels of resolution (See section 2.2). We have chosen
to use only the first four levels of the IPC, namely Section, Class, SubClass and
Group because it is difficult to maintain consistency in time, and between exam-
iners and offices for such a high level of detail as the IPC SubGroup. Notice that,
at that level of classification resolution, the IPC' has more than 70000 codes.

In Figure 7.3 the TechSpectrum of Toyota Motors is displayed at four levels of
classification resolution of the IPC (from high to low): IPC-Section, IPC-Class,
IPC-SubCLass and IPC-Group.

IPC-SECTION

IPC-CLASS

IPC-SUBCLASS

\H\‘ Ll u“ | \M\ "

IPC-GROUP

Figure 7.3: TechSpectrums of Toyota Motors at four IPC-levels, from high
to low: IPC-Section, IPC-Class, IPC-SubCLass and IPC-Group
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Note that in Figure 7.3, in order to facilitate the easiness of reading, the
actual proportions in (horizontal) size between the different TechSpectrum levels
have not been preserved. In fact, the first level, the IPC-Section has 8 codes
whereas the IPC-Class, IPC-SubCLass and IPC-Group have 131, 647 and 7545
codes respectively. So, it is impossible to display the TechSpectrums, at the four
levels, in the same figure maintaining the actual proportions because the first two
levels would collapse in just a vertical line.

The different levels of conceptual resolution help us to form, a more refined
and complete characterisation of the piece of technology under study. Observing
the top graph in Figure 7.3 (IPC-Section level), two technological components, B
and F, appear as the most and equally important components, they correspond
to “Performing operations, transporting” and “Mechanical Engineering; Lighting
; Heating ; Weapons ; Blasting” respectively. At the same time, two other tech-
nological components stand out, although secondary: H and, to a lesser extent G,
corresponding to “Electricity” and “Physics” respectively.

These components are too generic to give us a proper perception of a tech
company as Toyota motors although, obviously we get that it is not a chemistry
company, a medical technology company or a pure electronics company. Going
into the following level of classification, the IPC-Class level, we will have a more
refined picture of the company (See the second graph from the top in Figure 7.3).
The main component, the yellow component, is the B60 code, corresponding to
“yehicles in general”, this major component clearly characterise Toyota motors
as a vehicle technology company. Furthermore, at this level we observe another
interesting fact, the secondary components at this level are the codes: F02, HO1
and to a lesser extent but nevertheless strong, F'16, corresponding to combustion
engines, basic electric elements and engineering elements respectively. With all
this information in hand, Toyota motors is clearly characterised as what it is, a
vehicle, mechanics and electric technology company. This characterisation as an
electric company attract our attention because, at first look, we would expect from
Toyota motors to be a pure mechanics company. To investigate this electricity
component we go again into a deeper level of classification resolution, namely
the IPC-SubClass level visualised in the third from-the-top graph in Figure 7.3.
At this level, the red component is so strong as the yellow (vehicle) and green
(mechanics) components. The red one is HOIM, the yellow is B60W and the
green one is F16H, which correspond to battery technology, control systems for
hybrid vehicles and gearing. Now we have a clear picture of Toyota motors as a
company developing technology in batteries, hybrid control and gearing. To finish
off the company characterisation on battery technology, just going to our last level
of resolution, the IPC-Group level, visualised in the bottom graph in Figure 7.3,
reveals that Toyota motors is developing in particular the manufacture of battery
electrodes and the manufacture of fuel and secondary cells, these are the codes
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HOIMY4, HOIMS and HOIM10 respectively.

7.3 Evolutionary Dynamics of Technological
Components

As mentioned in the introduction, section 1.1.1, we have called our new tool
technology spectrum to symbolise that each of these graphs shows at its classifica-
tion level the complete and continuous sequence of existing technologies between
the two formal extremes of the IPC. We went further in mimicking the spectral
representation of sound waves by defining a new data structure Dynamic Technol-
ogy Footprint and its graphical representation, the Technology Spectrogram — or
TechSpectrogram —.

In the same way that sound spectrograms are a sequence of spectrums along
a time interval, our new data structure and graphical tool are built as a sequence
of technology footprints and technology spectrums along a time interval, which we
have defined in this thesis for practical purposes from 1980 to 2015. The time base
for the individual technology spectrums is one year time, in the same way that
time interval, this time base could be changed but we think that one year time is
a good balance between aggregation and technology change.
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Figure 7.4: Diagram of TechSpectrogram formation at level IPC-Section from
several consecutive yearly TechSpectrums
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'echnology Spectrogram
e

Figure 7.5: Diagram of TechSpectrogram formation at level IPC-SubClass
Showing two yearly TechSpectrums

In conclusion, our technology spectrogram plots the time in the X-axis, on a
year-by-year basis, and the aggregated value for each IPC-code, the technological
components, in the Y-axis. The different colours represent the aggregated value
of each IPC code or the strength of each technological component. We have rep-
resented in red the maximum strength and in blue the minimum, so zero or no
existence of this component (See Figure 7.4 and Figure 7.5).

The path diagram for the formation of the first years of a dynamic technology
footprint and its corresponding technology spectrogram from the first six annual
technology spectrums is visualised in Figure 7.4. As it is shown in this figure,
each yearly technology footprint is placed in the column corresponding to its year.
The elements of each column correspond to the classification codes ordered (from
high to low) according to the IPC, in other words, the first codes will be placed
in the high positions of the columns whereas the last codes will be placed in the
lower positions of the columns. Note in Figure 7.4 how, for the first yearly data,
corresponding to the year 1980, the value of the first IPC-Section, section A, that
is a value of 67, is placed in the first position of the first column, the value of the
second IPC-Section, section B, that is a value of 0, is placed in the second position
of the first column , and so on until the last IPC-Section, section H, which is
placed in the lowest position of the column. Then, for the second yearly data,
corresponding to the year 1981, the value of the first IPC-Section, section A, that
is a value of 0, is placed in the first position of the second column, and so forth
until the last year of our time interval, 2015, and the last IPC-Section, section H.

Furthermore, Figure 7.5 shows another diagram of a technology spectrogram
formation, this figure shows how two TechSpectrums, in this figure from the years
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1980 and 1988, are related to the formed TechSpectrogram. As can be seen in
this figure, each TechSpectrums is located in the X-coordinate corresponding to
the year of generation of the spectrum, the first at the X value corresponding to
1988, and the second at the X-value corresponding to 1988. The Y-coordinates are
assigned from high to low corresponding to A-section codes to H-section codes.

Figure 7.6: TechSpectrograms of Computer Tomography technical field at
the first three IPC' levels (from right to left): IPC-Section, IPC-Class, IPC-
SubCLass

In a similar way that it is done for Technology Spectrums we have used the
different levels of classification resolution of the IPC' to generate the corresponding
Dynamic Technology Footprints and technology spectrograms. The different levels
of resolution will provide information, in this case, on the dynamics at each level of
detail. Figure 7.6 shows the technology spectrogram of the Computer Tomography
technical field — C.T. — at three IPC levels (IPC-Section, IPC-Class and IPC-
SubCLass). As with the Technology spectrums, this figure does not show the three
TechSpectrograms in its actual proportions to facilitate the interpretation.

Note how the different resolutions provide interesting information to under-
stand the dynamic of the visualised technology. Looking at the first TechSpectro-
gram, corresponding to the IPC-Section, the first thing to note is that, although
C.T. is mainly a medical device and technique, the main Technological component
is in the IPC-Section G — Physics — This is due to the fact that, as a technical
field, it is a combination of X-ray generation and computing, and in consequence
these two major techniques are reflected in its TechSpectrogram. Analysing the
second TechSpectrogram (middle-graph), corresponding to the IPC-Class, it seems
clear that for C.T. technology, the second main technology component, located at
the lower part of the TechSpectrogram, was very active until 2000 and then the ac-
tivity declined. That is noted by the red colour of the spectrogram until 1995, and
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the light blueish and yellowish colour afterwards. This component corresponds to
measuring and testing techniques — G0 —. On the other hand, another main tech-
nology component, GO6 corresponding to computation, is located below G01, and
is very active all around the interval of observation. Looking now a step further
in the IPC hierarchy, the TechSpectrogram at level IPC-SubClass, indicates that
the GO1 activity is created specifically for measurement of nuclear or X-radiation
— GO1T —. Whereas, the G06 activity is related to computer graphics — GO6T —
and pattern recognition — GO6K —.
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Figure 7.7: TechSpectrograms of three tech companies at IPC-Class level
(from right to left): Medtronic, Olympus, Philips

The TechSpectrogram provides a rich and easy-to-grasp information about the
real research and development activities of tech companies along the time inter-
val of observation, this will improve our understanding of the piece of technol-
ogy represented, and therefore to characterise it, to observe how the technological
components evolve. For example, looking at Figure 7.7 it is clear that the three
companies have activities in the medical field because the three of them have a
tech component at the upper part of the spectrogram corresponding to medical or
veterinary science — A61 — IPC-Class. However, their profiles are very different.
Medtronic appears as a firm specialised in medical technology because its tech-
nology components are concentrated in the A61 component, and this is always
in red, whereas Olympus appears very active in medical technology but with an
important activity in measuring — G01 —, optics — G02 — and photography — G03 —.
Meanwhile, Philips presents a TechSpectrogram with broader research and devel-
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opment activities in Physics and FElectricity fields. Note, and on the other hand,
the notable increase in medical technologies from the 2000’s.

7.4 Means for Exploring the Technological Com-
ponents

The formal similarity of our tool with the frequency spectrogram analysis of
acoustic waves 4 has deep implications because it brings the potentiality of straight-
forward use of the whole range of processing available for frequency spectrograms
to our tool, and in consequence to the analysis of patent information.

Just as an indication of the potential of the direct use (or translation) of pro-
cessing from frequency spectrograms we can see, for example, the characterisation
of sound recordings by frequency spectrogram analysis applying landscape ecology
techniques disclosed by Villanueva et al. [2011]. They characterise a sound record-
ing by computing in time three parameters of the spectrogram, namely Band Di-
versity, Band Fvenness and Band Dominance. This characterisation can straight-
forwardly be translated to our tool in order to characterise technology generating
the three equivalent parameters, namely Classification Diversity, Classification
Evenness and Classification Dominance. Of course, these three parameters can
always be applied to the classification data for statistical analysis such as it was
partially done by Leydesdorff [2018] but our tool facilitates this characterisation
because once the frequency spectrogram is available, it requires a mere translation
to be used by our tool.

We would also like to highlight the versatility of our TechSpectrogram at graph-
ical level. In order to improve their interpretation we have applied some image
processing directly to the technology spectrogram pictures, such as image enhance-
ment (B&W conversion followed by blurring effect, and dark-blue Cutoff effect) to
highlight the areas of activity — technical developments — of the spectrogram (See
Figures 7.8 and 7.9).

For example, Figure 7.8 shows the technology spectrogram of the Japanese
tech company Omron Corp. As can be seen in its technology spectrogram, this
company is active in numerous technical fields. We have applied first a black-and-
white conversion to the original spectrogram picture, and then we have applied a
blurring filter to the image. The resulting image (see right-hand spectrogram in

40ur tool orders the complete range of classification codes sequentially in time in
a similar way that the frequency spectrogram order the complete range of frequencies
sequentially in time, and the classification bins play the role of the frequency bins in the
acoustic frequency spectrograms
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Figure 7.8) provides much more clear information about the technical areas and
time intervals of activity, the interpretation of this technology spectrogram has been
greatly simplified. At the same time, the spectrogram has been enhanced in a way
that low intensity activities, pixel areas in not so dark blue in the spectrogram, are
clearer. If we compare the bluish central area of the spectrogram with the same
area in the filtered picture, in Figure 7.8 the right-hand graph and the left-hand
side graph respectively, it is clear that in the filtered version these activities are
much easier to be perceived.

BLACK AND WHITE
CONVERSION
+
BLURRING EFFECT

Figure 7.8: TechSpectrogram of Omron corp. at IPC-SubClass, and its B&W
blurred version (right-hand graph)

Another example of image processing applied to the technology spectrogram can
be seen in Figure 7.9. In this case, the spectrogram picture corresponds to IBM at
IPC-SubClass classification level. The generated spectrogram has been filtered by
cutting the dark bleu of the original picture . The original and the filtered pictures
are shown in Figure 7.9, in the right- and left-hand side graphs respectively. The
filtered spectrogram enhanced the picture by removing all information except the
areas above a 25% of activity. The filtered picture, it is easier to read if we are
focusing our interest in the areas above a certain activity, in this example 25%,

5The Cutoff threshold is set at 25% of activity
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and therefore areas with pixels from light-blue to red colours. As in the previous
example, the filtered pictures are easier to segment and automatically identify the
areas of interest. The straightforward use of image processing packages on our
graphical tool represents a great potential. This is not the case, to the best of
our knowledge, for much more complex visualisations based on patent information
such as patent landscapes.

= | CUT OFF EFFECT
(DARK BLUE)

Figure 7.9: TechSpectrogram of IBM corp. at IPC-SubClass, and its dark-
blue Cutoff version (right-hand graph)

Figure 7.10: TechSpectrum of Apple minus the TechSpectrum of Microsoft
both at IPC-Class level.

At the level of technology spectrum, its potential for providing information, easy
to understand, about a technical field or a tech company in relation to another field
or company seems promising. Let’s see some cases of elementary processing of two
spectrums to perceive this potential for providing additional information. The idea
of these cases is to highlight the differences between the development activities of
two companies of the same sector. The first case is using the spectrum of Apple
and Microsoft, and the second case is the spectrum of Toyota and Ford Motors,
two reference companies in computing and vehicle technology respectively.
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In the first case, the technology spectrums of Apple and Microsoft will be
compared at IPC Class level. In fact, we are just going to subtract bin-by-bin the
spectrum of Microsoft from the spectrum of Apple to highlight their differences.
We note by doing so that some bins can result in a positive or a negative value
depending on whether Apple has more development activities than Microsoft or the
other way round. Observing the result of this bin-by-bin subtraction of spectrums
(See Figure 7.10), it seems clear at first look that the main difference between
both companies is in the red area 5, in particular in H04 and H01, corresponding
to electric communication techniques and basic electric elements respectively. If
now, to reveal in detail which techniques are behind these generic classes, we do
the same exercise at a more refined level of resolution, the IPC-SubClass level,
the result is that the major differences between both companies appear in HO4W
and HO1L, corresponding to wireless communication networks and semiconductor

devices respectively.

Figure 7.11: TechSpectrum of Toyota Motors minus the TechSpectrum of
Ford Motors both at IPC-Class level.

In the second case, the technology spectrums of Toyota Motors and Ford Motors
will also be compared at IPC Class level. As in the previous case, the spectrum
of Ford Motors will be just subtracted from the spectrum of Toyota Motors. In
Figure 7.11 We show a graph with the result of this subtraction of spectrums per
bin. As in the previous example, the subtraction can result in bins with positive
values, indicating more development activities of Toyota than Ford Motors, or
it can result in bins with negative values, indicating more development activities
of Ford Motors than Toyota. This graph shows significant differences between
Toyota and Ford in two components, H0OI, with positive value and F02, with
negative value. These bins correspond to electric elements and combustion engines
respectively. Going deeper into the classification hierarchy to have more detail
information, we can see that the HO1 difference is due to a significant larger number
of developments of Toyota in HO1M — battery technology — and in a lesser extend
HO1L — semiconductors —. On the other hand, Ford Motors has a significant larger
number of developments in FO2M and F02B, corresponding to carburettors and
combustion engines respectively.

6The red area of the spectrum is the “H” IPC-Section corresponding to electricity
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The previous processing examples of technology spectrums and spectrograms
only outline their potential for characterising the piece of technology represented
by our two new tools. Additionally, in this PhD Research, we have developed two
original applications using our new data structures and graphical tools.

The first application discloses a new method to assess the integration level of a
technical field (See published paper P3 or chapter 6 of this thesis). This method
uses the technology footprint and the technology spectrum in combination with ci-
tation networks analysis, in particular CitNets. Three case studies are disclosed,
namely computer generated animation, regenerative medicine and computer to-
mography. In our procedure, the most dominant technological components of the
technical field are identified using its technology spectrum. Then CitNets analysis is
used to identify groups of patents that are related within the technical fields based
on citation relationships. In CitNets groups of patents that reference the same
prior art tend to be clustered together, such clusters represent subtopics within
the technical fields. The basic idea behind our method is to evaluate the existence
of non-connected subtopics in different components. Our procedure combines both
tools, the spectrum and CitNets, in a series of back and forth steps between them.
In each loop, the level of intertwining of the main technological components is
evaluated and an indication of mono—, multi— or inter—disciplinarity nature of the
technology is obtained at the end of the procedure.

In the field of the history of technology, our procedure can facilitate the study
of the evolution of a specific technology. The monitoring of the changes in the
technological components inter-correlations can be a helpful tool to analyse the
dynamics of the maturing of a technology. Our procedure in the hands of technol-
ogy managers could accelerate the understanding of a technology under study by
providing an assessment of its mono—, multi— or inter—disciplinarity nature, and
therefore a tool providing such information could be beneficial to identify the skills
required in a research teams. Such a tool could also help to perceive the kind of
knowledge that a specific technology gathers within a company or research center
under analysis, for instance, in the case of the analysis of the technologies owned
by a company in view of merge and acquisition actions.

The second application generates technology maps based on technology prox-
imity computed by processing our new data structures (See under submission paper
in Appendix A - P4 of this thesis). Two new graphs are disclosed, the technology
maps and the focused technology maps. We have illustrated our new maps with to
technical fields, namely Medical and automotive technology.

The first graph, the technology map — TechMap —, visualises a set of given

technologies, technical fields and tech companies positioning them in relation to
each other. The distance between items to visualise, in our case these are pieces
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of technology, is computed with the soft cosine algorithm, wherein the features
are the IPC codes. In consequence, each piece of technology to be visualised is
represented by a vector where the coordinate values correspond to each IPC-code’s
amounts of its technology spectrum. An algorithm of Multi-Dimensional Scaling —
MDS — is employed to generate the coordinates of each item according, as much as
possible, to the distance matrix. MDS visualises the items in a 2D plane based on
the distance information using a nonlinear dimensionality reduction, the distances
between the elements are the key information to gather.

Our second graph, the Focused Technology Map generates a visualisation of
the given technologies in relation to a selected one, the focus, which is located at
the centre of a circle with drawn radii corresponding to every IPC code. In this
graph, the items are positioned at the computed distances from the focus, and on
the radius representing its IPC code with the highest figures.

7.5 Relationships and Findings of the Com-
pendium Papers

The present PhD research started by identifying and analysing the special role
played by two bodies of patent literature, namely the prior art patent citations
and the classification codes assigned to patent publications. The identification of
this role is at the origins of this PhD thesis research, and led to the definition and
developments of new tools for exploiting this role to characterise technology (see
Introduction chapter).

Figure 7.12 is a scheme of the relation between the four papers forming this
PhD thesis by compendium, the three published papers (P1, P2 and P3) and
the fourth paper under submission (See Appendix A - P4). As can be seen, the
research and the corresponding paper follow a certain sequential order.

The first published paper, P1, studied how a particular set of patent publica-
tions which represents for a given period of time a piece of technology, namely a
technical field, a tech company or a researcher (or group of researchers), can be
characterised or described by the classification assigned to the particular set of
patents and its prior art patent citations. As a consequence of this analysis, the
role as a footprint of technology of prior art patent citations in combination with
patent classification was identified, and a new data structure — the technology foot-
print — and its correspondent graphical tool — technology spectrum — were defined.
Two case studies are developed in this paper, the first case discloses the inventor
of the computer “mouse”, Mr. Douglas Engelbart. The second case focuses in the
early year of computerised tomography.
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Figure 7.12: Overview of the interrelation between the papers forming this
PhD thesis by compendium

In order to complement the analysis made in P1 that covers a complete period
of time, we have explore the evolution in time. So, the second published paper, P2,
departing from the analysis made in P1, and highlighting the structural similarity
to spectral representation of sound waves, explores the potential to analyse and
visualise the evolution in time of a particular piece of technology. As a consequence
of this analysis, another new data structure — the Dynamic Technology Footprint
— and its correspondent graphical tool — the technology spectrogram — are defined.
Both, the data structure and the graphical tool, are focusing on the evolution of
the technology under study. In this paper some case studies are also explored. The
evolution of a medical technical field, in our case computerised tomography — C.T.
—, and three companies also related to the medical field, Koninklijke Philips N.V.,
Medtronic corporation and Olympus corporation. The time interval of observation
is in all our cases goes from the years 1980 to 2015 (both included).

The third published paper, P3 and the paper under submission, in Appendix A
- P4, disclose two different applications of the results from the first two published
papers, their two new data structures and the correspondent graphical tools.

P3 outlines a new method to assess whether a technology defined by a set of
patents fits into one of the three integrative concepts, analogous to those applied
to academic research, namely mono-, multi- or inter-disciplinarity. This method
uses the technology spectrum in combination with citation network analysis, in
particular the CitNets tool. The outlined method is illustrated with three tech-
nical fields, computer tomography, regenerative medicine and computer-generated
animation.

Furthermore, Appendix A - P4 presents the use of our two new data structures
for exploring technology proximity. Two new graphical tools using our new data
structures are defined, the Technology Map and the Focused Technology Map. Two
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case studies are developed, medical technologies and automotive technologies.

7.6 Papers’ Specificities, Contributions and
Results

7.6.1 Published paper P1

The first published paper, P1, develope two case studies to illustrate the char-
acterisation of a technology based on patent information. The first, the technology
developed by the inventor of the mouse, Mr. Douglas C. Engelbart, and the sec-
ond, the three-dimensional reconstruction from X-ray projections, a technology
known as computer tomography. In the first case, the technology is represented by
the set of patents in which Mr. Engelbart appears as the inventor or one of the
inventors. In the second study case, the technology is represented by the set of
patents assigned to the IPC code A61B6/03.

In the two cases presented in this publication, the data gathering follows the
data collection path (see section “Data collection” in chapter 3 - Methodology).
The database used to collect the patents is ESPACENET. In the first case, there
is not a time limit imposed to the patents to be collected because the constraint is
the existence of patents with Mr. Engelbart in the inventor’s field. On the contrary,
the second case, the computerised tomography has a time limit constraint to the
first collection of having a priority date field from 1970 to 1979 (both included)
in a series of two years’ time. For example, the first set of patents is constrained
to have its priority date in 1970 or 1971, the second set is constrained to have
its priority date in 1972 or 1973, and so on. This time constraint is implemented
because the aim of this case is to study changes in the early years of the computer
tomography technology. On top of this time limitation, we select only patents
classified in the IPC code A61B6/03 to gather only patents pertaining to the
computer tomography field.

The contributions of P1 are the identification and analysis of the role of patent
citations and classification as a footprint of technology, and the definition of a new
data structure, the technology footprint, and its corresponding graphical tool the
technology spectrum. Additionally, it is identified the role played by the different
values of the technology spectrum as technological components of the technology
under study. The first case, Mr Engelbart’s case, has illustrated the usefulness of
our new tools to characterise the technology developed by an inventor by revealing
the range of his developments beyond the invention for what he is universally
known, the computer mouse. The second case, the C'T' case, has shown how our

93



new tools can be used to characterise the origins of a given technology. Both cases
have revealed the interest of its use in fields such as the history of technology and
technology management.

7.6.2 Published paper P2

The second published paper, P2, departing from the new data structure defined
in P1, underline the formal similarities of our tool with the frequency spectral
representation of sound waves replacing the frequency components of the sound
wave by the technological components of the technology under study. Consequently,
a second data structure, the DTFootprint, and the corresponding graphical tool,
the technology spectrogram are defined for analysing and visualising the evolution
in time of the technological components of a specific technology. The time basis
for this spectrogram is defined to 1 year.

At an experimental level we have analysed the same medical technology that
in P1, computerised tomography. We have also analysed three companies with
important development activities in the medical field, namely Koninklijke Philips
N.V., Medtronic corporation and Olympus corporation, as examples to explore the
new data structure and graphical tool. These experimental cases are studied along
the time interval from 1980 to 2015.

In all the case studies presented in P2 the data gathering follows the common
data collection path (see section “Data collection” in chapter 3 - Methodology).
The database used for the collection of patents is in these cases PATSTAT. The
first collection of patents is constrained to have the priority date field from 1980
to 2015 (both included), and they are gathered on an annual basis. In other
words, the DTFootprint (or the graphical tool, the technology spectrum) is formed
by gathering annual technology footprints corresponding to the technology under
study and sequencing them from 1980 to 2015. The generation of the Technology
spectrogram graphs are implemented in python using the library Matplotlib.

The contribution of P2 is the definition of a new data structure, the Dy-
namic Technology Footprint, and its correspondent graphical tool, the technology
spectrogram. These two entities are the dynamic version of the ones defined in
P1, the technology footprint and the technology spectrum. The application of our
new data structure and graphical tool to the history of technology and technology
management has been explored throughout our practical cases of study.
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7.6.3 Published paper P3

The third published paper illustrates the role and use of the new graphical
tool, the technology spectrum in assessing technology integration. This publication
outlines a new method to evaluate whether a technology fits into one of the three
integrative concepts, analogous to those applied to academic research, namely
mono—, multi— or inter—disciplinary. The method introduced in this publication
uses our new technology spectrum in combination with citation network analysis.

The publication developed three archetypical case studies: computer-generated
animation, regenerative medicine and computer tomography.

The data gathering for building the technology spectrum follows the common
data collection path (see section “Data collection” in chapter 3 - Methodology).
The database used for collection the patents in these cases is Derwent WPI” , and
the citation network analysis is done through CitNets.

This third publication contributes by illustrating the use of our new tools but
mainly outlining a new method for technology integration for assessing the mono-,
multi- or inter-disciplinarity nature of a given technology. This method can help
to evaluate the maturity of a technology.

7.6.4 Under Submition paper P4

This thesis also comprises a paper “under submission”. The text, hereby in-
corporated in the Appendix A - P4, illustrates the role and use of our new data
structures and tools for computing technology proximity between given technolo-
gies.

At experimental level, some tech companies are studied in P4. A first group
of medical tech companies formed by Boston Scientific, GE-medical, Medtronic,
Nihon Kohden, Olympus medical, Omrom medical and Siemens HealthCare. A
second group with companies from computer science and telecom composed by
Apple, Cisco, Ericsson, IBM and Microsoft. A final group with companies from
vehicle technology constituted by Ford motors, General Motors, Hyundai, Nissan,
Toyota motors and Volkswagen.

In all the experimental cases presented the data gathering follows the common
above-mentioned data collection path (see section “Data collection” in chapter 3
- Methodology). The database used to collect the patents is in these cases PAT-
STAT. The first collection of patents are constrained to have the priority date field
from 1980 to 2015 (both included). A matrix of distances between every and each

"DWPI as Derwent World Patent Information
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item to be visualised in the TechMap is computed using the cosine distances of
the respective technology footprints. The dimensionality reduction is implemented
using MultiDimensional Scaling — MDS —, and a 2D graph is generated visualis-
ing the items as much as possible at its respective relative distances. The MDS
function is implemented using the python library SKlearn.

The fourth paper, P4 contributes by defining a technology proximity com-
putation based on our two new data structures. This paper also contributes by
defining two new graphical tools, the Technology Map and the Focussed Technol-
ogy Map for visualising technology relationships. The Technology Map visualises
technology items (technical fields, tech companies or groups of researchers) in a
2D plot in which the items appear positioned relative to each other. The Focussed
Technology Map is a radial graph which visualises technology items with reference
to a selected one, called the focus, which is located at the centre of a circle whose
radii correspond to the complete set of IPC codes. In this way, the items provide
information by its angular and radial location.

7.7 Summary

Overall, the research questions and objectives of this Thesis (See chapter 1 - In-
troduction, section 1.3 Research questions and objectives) were fulfilled. Through-
out the papers (P1 to P4) and its discussion presented in this Thesis by com-
pendium , we have outlined the characterisation of a piece of technology, namely
by finding its technological foundations, its evolution, and evaluating the inter-
relations of these technologies with any other existing technology. This piece of
technology was defined as the set of patents assigned to a particular technical field,
owned by a tech company, or invented by a group of researchers. The identifica-
tion of the technological components of a piece of technology was disclosed and
some case of study were presented, as well as the disclosure of its evolution and
inter-relation.
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Chapter 8

Conclusions and future works

8.1 Conclusions

In this thesis, we set out to understand whether the processing of information
from a set of patents defining a piece of technology can characterise it. We wanted
to discover (1) what were the technological components of a piece of technology?
(2) how the technological components of a technology evolve in time. (3) How are
the technological components inter-related?, and (4) What is the technological
proximity of a given piece of technology to other technologies.

We first identified three features of prior art patent citations that are unique
within the body of bibliographic references in science and technology publications:

- first, who is the responsible for the list of prior art references , namely
the patent examiner in place of the author,

- second, why they are selected to be cited, that is the evaluation of
novelty and non-obviousness, and

- third, where they are classified within an universal classification
scheme, the IPC| containing the whole spectrum of existing technolo-
gies.

The differences between prior art patent citations and bibliographic references
in NPL have been analysed from a plurality of angles, such as the basis of the
citations, the homogeneity of the browsed collection of documents, the citation
features, and the structure of the cited documents. From this we found that a first
set of differences, namely the patent unique identifier, a patent universal format
for information fields, and the existence of a legal definition of patent authorship
, facilitates the retrieval and processing of citations. A second set of identified
differences , such as the specific reason to cite patent prior art, and the existence
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of a universal classification scheme, allows us to identify the role of prior art patent
citations as a footprint of technology.

Furthermore, We have defined a piece of technology as the set of patents classi-
fied in a technical field, the patents owned by a tech company, the patents granted
to an inventor, or any combination of the three previous possibilities. From our
analysis of differences and and singularities of patents and prior art citations we
have identified the special role that patent information, contained in that set of
patents and its corresponding prior art citations, can play for characterizing that
piece of technology

We subsequently have defined two new data structures and its corresponding
graphical tools that exploit the role of these bodies as footprint of technology, and
we use them to characterise, to describe, to better understand and to compare
particular technical fields, tech companies or researchers. These new data struc-
tures and tools are inspired in the spectral characterization of sound waves, using
classification codes in place of frequency functions. Therefore, we have named the
data structures Technology Footprint and Dynamic Technology Footprint, and the
corresponding graphical tools Technology Spectrum and Technology Spectrogram
respectively.

The Technology Footprint is formed by selecting a set of patents (assigned to
a technical field, owned by a tech company, or invented by an inventor or group
of inventor) along a time interval, collecting its prior art, and forming a final
collection with both sets, the selected set of patents and its prior art citations.
Then, the classification codes allocated to this final collection are grouped and
ordered according to the IPC. The second data structure, the Dynamic Technology
Footprint, results from the sequencing of yearly Technology Footprints along a
number of years. These data structures and graphical tools provide us information
about the technology components of the piece of technology under study, and allows
to analyse its evolution.

In order to solidify our constructs and tools, we undertook two case studies
to illustrate the Technology Footprint and the Technology Spectrum: The inventor
of the computer mouse, Mr. Douglas C. Engelbart and the first years of Com-
puter Tomography technology. In turn, the following case studies were presented
to show the formation of the Dynamic Technology Footprint and the Technology
Spectrogram: Three tech companies, Philips, Olympus and Medtronic and again
C.T. technology.

Finally, two application of our new data structures and tools were developed to
explore their use and potential. The first application is a new method for assessing
technology integration that uses our new Technology footprint together with cita-
tion networks analysis — CitNets —. We have introduced a new algorithm to asses
whether a given technology fits into one of the integrative concepts, analogous to
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those applied in academic research, namely mono-, multi- and inter-disciplinarity.
We have tested the potential applicability of our procedure with three case stud-
ies. The scientific contribution of our procedure is to provide a methodological
framework and the corresponding indicators to decision-makers and historian of
technology to asses how interdisciplinary a technology is at a certain interval of
time. The second application is the generation of technology maps — TechMaps —
that applies our new Technology footprint and Dynamic Technology footprint to
explore technology proximity. Our new application defines two new complemen-
tary maps. We have shown in several case studies how our tools facilitate the
study of the evolution of specific technical fields, and the tracing of the divergence
or convergence of tech companies. The relative positioning of technical fields and
tech companies helps to better identify those that have some techniques in com-
mon, as well as to improve the understanding of the technical developments and
trends in firms, as we have illustrated for motor car companies moving from pure
mechanics to electrical technologies.

Both the presented case studies and the developed applications disclose the
procedure to generate the new data structures and tools from the database query-
ing, as well as the usefulness of our new tools in history of technology research,
and technology management. We would like to note that this PhD research is
constrained to applied technology originated mainly by industry due to the fact
that the source of information are patent publications. On the other hand, it
is important to highlight that the present research does not cover the chemical
technology fields. The extension to these fields is foreseen for future works.

As a result of this PhD research, the new data structures, its corresponding
graphical tools and the disclosed cases of study and applications a step towards
characterising technology using patent information, our main goal, is made. The
definition of our new data structures and its corresponding graphical tools will help
historian and managers of technology to better and easily understand technical
fields and tech companies.

8.2 Future Works

At present we are trying to model the dynamics of the technology components
in order to study the emergence of new technologies or technological events. We
are looking to model the “forces” behind the temporary changes.

With respect to the DTFootprint and the corresponding technology spectro-
grams we are trying to identify patterns such as, among others, increasing and
decreasing ramps, peaks, bell shapes, plateau or step - up and - down shapes. The
identification of these patterns could highlight some specific situations, such as
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a fronts of development or a loss of interest for a technical area in a particular
moment or the appropriation through some acquisition of a specific know-how.
Our idea is to identify all these shapes , catalogue them , and look for potential
correlations between the patterns and technological and business events.

We are also studying image processing developed for frequency spectrograms
analysis and its translation to our technology spectrograms in order to identify
common patterns and to analyse their meaning.

The method for assessing technology integration outlined in P3 (and the cor-
responding chapter 6) will be validated with an extended set of technologies to
evaluate the span of technical fields of our indicator and to fine tune the two used
thresholds. We are also testing our procedure with a shorter time interval to study
how and when two different disciplines fuse to improve the understanding of the
evolution and dynamics of the maturity process of a technology.

Finally, we are testing alternative distance computation, and the improvement
of the similarity matrix by using text based similarities and citation network analy-
sis. We will experiment with some algorithms for the automatic clustering of items
within Technology Maps. Moreover, we foresee the use of predictive modelling of
the technology maps dynamics to anticipate the evolution of the relative position
of tech companies and technical fields.

Further research will be oriented to compute technology maps with smaller

time intervals to improve the perception of the maps evolution and to investigate
the modelling of trends in technology fields and tech companies.
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TECHMAPS: EXPLORING TECHNOLOGY RELATIONSHIPS
THROUGH PATENT INFORMATION BASED PROXIMITY

EDUARDO PEREZ MOLINAT AND FERNANDO LOIZIDES*

May 30, 2022

ABSTRACT. Our work provides a novel method for rich information discovery about the
evolution of technical fields and company developments through patent relationships. A
new exploratory method and graphical tool to discover technology proximity based on
patent classification information are introduced. By technology we mean a technical field
(defined by an International Patent Classification — IPC — code or a combination of them)
or an organization (such as a tech company, research centre or institution). A single data
structure is used for characterizing both technical fields and organizations, to visualize
them as items of the very same body. This new method generates two graphs, a first
graph, the TechnologyMap visualizes technology items in a 2D plot wherein technical
fields and companies will appear positioned relative to each other. A second graph, the
Focused TechnologyMap visualizes technology items with respect to a selected one, the
focus, which is located in the centre of a circle whose radii correspond to the complete
set of IPC codes. This article represents the process and algorithms used for production
of the graphs, and solidifies the assumptions of validity by presenting two of the many
successful test cases to which it was applied.

1. INTRODUCTION

Discovering the proximity between technical fields have been proved to be important
for the global understanding of science and technology, facilitating for example knowledge
technology transfer, research collaboration between institutions (Woerter, 2012) or the
identification of technology opportunities(Jaffe, 1986). By discovering technology prox-
imity we mean to assess the similarity of technologies, namely the share knowledge and
techniques. In case of characterizing technology using patent information, proximity could
be evaluated identifying the commonalities at classification level(Alstott et al., 2017;Jaffe,
1986; Simon and Sick, 2016). In other words, two technologies are closer to each other
than a third one when the two first have more classification information in common in any
way that the third one(Boyack, Wylie, Davidson, and Johnson, 2000; Okubo, 2017; Schoen
et al., 2012; Woerter, 2012).

Revealing the technical fields where companies have industrial or research developments
could play a key role in the decision making of technology players in areas such as analysis

* Universidad Politécnica de Madrid (UPM).
* Cardiff University.
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of competition(Schoen et al., 2012), firm collaboration(Simon and Sick, 2016) or mergers
and acquisitions(Simon and Sick, 2016).

Our objective with the present work is the visualization of the relative position of tech-
nology, that is placing in a graph technical fields and tech companies with respect to each
other. The idea is to use a single data structure based on patent classification information
for characterizing both, technical fields and organizations (company, research institution
or university lab), in order to visualize them as items of the very same body, namely tech-
nology. In this way, observations such as proximity or dynamics could be extended from
technical fields and tech companies to each other.

We have characterized a technical field or an organization (company, research institution
or university group) by a single data structure, the TechSpectrum, formed by the aggrega-
tion into bins' of the IPC codes assigned to a set of patents and its prior art mixed in a
specific proportion, and ordered according to the IPC(Perez-Molina, 2018).

This binning and ordering is done at different IPC granularities generating a particular
TechSpectrum for each TPC level® (see for example in Figure: 1 the TechSpectrum graph
at IPC-SubClass level for propulsion of electric vehicles — IPC code B60L — and Toyota
Motors).

. ‘ i B e fis o
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Section Section Section Sect Sect Section Section Section
A B (o} D E F G H

FIGURE 1. TechSpectrum for the IPC code B60L (top) and Toyota Motors
(bottom) at IPC-subClass level

A TechSpectrum is a histogram, each bin of which corresponds to an specific IPC code,
and it could be considered as an axe of a multidimensional space, namely the IPC space.
The bin values would be in consequence coordinate values. Under this perspective, the
visualization of technology, that is technical fields or tech companies represented by selected

'Bins are also known in other disciplines as intervals, classes or buckets

2Although the IPC has five levels — Section, Class, SubClass, Group and SubGroup — in the present work
we have limited the analysis to the first four levels because the granularity at SubGroup level is too high
and sensitive to the interpretation of the code definition.
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sets of patents and its prior art citations, would be merely the representation of dots in the
positions corresponding to the respective set of coordinates values, namely the bin values.

We have developed an analysis tool which generates two graphs, the Technology Map —
TechMap — and the Focused Technology Map — F-TechMap — .

The first graph, the TechMap visualizes a given set of items, thus technical fields and
tech companies, in a 2D plot in such a way that those related items they will appear closer
between them that the unrelated ones.

The fact that our system has a high dimensionality, the dimension is 8, 131, 647 and 7545
at IPC—Section, Class, subClass and Group respectively®, makes difficult a straightforward
representation. An approach to visualize such high dimensional spaces is, first to reduce
the dimensionality to two dimensions, and then generating a visualization in a 2D plane.
For this task we have used MultiDimensional Scaling — MDS —, the downside of such
an appreciable reduction of dimensionality is the introduction of a geometric distortion
(Colange et al., 2019).

Note that for our aim of exploring proximity between technologies, MDS has the in-
teresting feature of reducing the dimensionality to two dimensions preserving as much as
possible the relative distances between the items to be visualized. In other words, items
that are close in the IPC space stay close to each other, and those far stay far. On the
other hand, the absolute positioning of the items within this visualization is meaningless,
namely the fact that a given item is located in a particular position in the 2D plane pro-
vides no information, only the closeness or farness to any other item is meaningful (Borg
and Groenen, 2005).

MDS visualizes the items in a 2D plane based on the distance information using a
nonlinear dimensionality reduction, so the distances between the elements are the key
information to gather. This information is technically provided as a distance o dissimilarity
matrix.

The distance between items to visualize is computed with the soft cosine(Sidorov et
al., 2014) algorithm, wherein the features are the IPC codes, and the similarity measure
between features is computed applying a hierarchical similarity measure for hierarchical
classification schemes(Caspersen et al., 2017).

Our second graph, the Focused TechMap — F-TechMap — is inspired on the work of Urpa
and Anders (2019), and takes the shape of a circular-radial graph with the focus at the
center of the circle and a set of radii, each corresponding to a single IPC code at a certain

level of resolution. Once an item between the technical fields or companies present in the

3These are the number of IPC codes at each level on April 2022.
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TechMayp is chosen as to be the focus then every other item to be visualized is located at
the computed distance on a radius corresponding to a given IPC-code.

The F-TechMap also uses the distances computed with the soft cosine algorithm, and
it is a complementary graph to the TechMaps because it straight away uses computed
distances avoiding the distance distortions produced by MDS in its projection on the 2D
plane. The dynamic version of these two graphs will provide rich information about the
evolution of companies technical developments and evolution of technical fields.

Two study cases are presented with some technical fields and tech companies. The data
collection of the study cases is done using PatStat—-online * an EPO’s database in the field
of patent intelligence and statistics °>. A set of queries is executed in Patstat to collect
the patents and citations of the technological fields or companies under study. In all our
study cases patents are limited to the 1980-2015 range of years in order to have a large
interval of time °. The patent documents collected are also constrained to be published by
the USPTO" in order to avoid duplication.

The research question of the present work is what can we learn about tech companies
development activities, and about technical fields evolution by visualizing patent classifi-
cation information based maps.

The potential contribution of our work in the field of innovation management lies in the
creation of a new graphical tool for the relative positioning of technologies (technical fields
or tech companies) based on patent classification information, improving the perception
and analysis of research and industrial activities of technology players. In the field of
history of technology, our procedure contributes by facilitating the study of the evolution
of specific technical fields and tech companies.

The rest of the paper is organized as follows: Section 2 discloses related works. Section
3 discloses the procedure to generate our graphical tool. Section 4 presents some study
cases. Section 5 presents a discussion and the applications of our tool. Section 6 outlines
future research and conclusions.

2. RELATED WORKS

The visualization of technology has been used for long as a tool for analyzing technology
and innovation (Geisler, 1962). The range of visualizations goes from relatively simple

‘at https://www.epo.org/searching-for-patents/business/patstat.html

SPatStat contains bibliographical data relating to more than 100 million patent documents from leading
industrialised and developing countries. It also includes the legal event data from more than 40 patent
authorities contained in the EPO worldwide legal event data.

50ur procedure and PatStat allows different time intervals

"United States Patent and Trademark Office
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graphs to visually rich and complex rendering such as Yoon and Magee for exploring
technology opportunities (2018) and of Boyack et al. (2002) to visualize landscapes.

Patents are a fundamental component of the technology ecosystem, and patent in-
formation is employed extensively for technology visualization. For example, Yoon and
Park(2004) have disclosed an analytical tool for high-technology trends which visualize
patent networks based on text mining, or Liu and Zhu(2009) presented a system to visual-
ize patent citations using web mining. Von Wartburg et al.(2005) have studied multistage
patent citations to assess inventive progress. Moreover, maps of science or technology have
been also produced by some authors such as Yan and Luo(2017) for measuring patent
distances, Leydesdorff and Rafols(2013) using Web-of-Science categories, or Boyack et
al.(2000) using patent citation networks for positioning specific patents on the landscapes.

Evaluating technological proximity based on patent information has been investigated
by numerous authors. Bowen and Luo (2016) presented an overview of distance measure-
ment for patent mapping. Simon and Sick (2016) disclosed the computation of technology
distance is based on patent classification codes. And, Schoen et al. (2012) studied the
evaluation of technological proximity based on patent information, specifically using co-
classification.

Considering the above-mentioned TechSpectrum merely as a histogram makes possible
to compute technological distances by computing histogram distances. Such methods are
disclosed between other by Ma et al. (2010), Serratosa (2006), Strelkov (2008) or Werman
(1985). However, in our case the histograms are very heterogeneous, especially some IPC
classes have unimodal histograms in comparison with big tech corporations which have
highly multimodal distributions, additionally the absolute figures of each frequency bin
are also extremely different for some technologies represented by specific IPC codes and
tech companies. These disparities in the histograms present problems resulting from the
histogram normalization necessary for computing the distance based on histogram shape.

Considering the T'Spectrum as a vector of the IPC space, the first solution is to use the
Fuclidean distance of the two vectors, that is the two TSpectrums. However Fuclidean
distance is not scale-invariant and seems unsuitable for high-dimensional vectors(Simon

and Sick, 2016).

An alternative is to compute the Cosine distance(Sidorov et al., 2014) because the result
does not depend on the magnitudes of the vectors, but only on their angle. It remains the
problem that not every IPC code is equidistant — orthogonal — because a given bin (an
IPC code at a certain level) is usually much closer to other codes that belong to the same
IPC section, class or sub-class than to those that belong to another®. An improvement to

8For example A61C is closer to A61B, A61D or A61L that to B61B, or A61B3 is closer to A61B5 that
to A61C5.
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that is the Soft cosine distance(Sidorov et al., 2014), which includes a factor among the
different coordinates to take into account a certain prozimity or similarity among them,
meaning in our case a similarity factor between IPC codes.

Similarity in hierarchical structures such as a classification tree, conceptual taxonomy
or ontology can be computed by using only the structural information of the tree, such
as the concept similarity computation presented by Wu and Palmer (1994), which uses
the number of nodes related to the concerned concepts. Li et al. (2003) discloses the
computation of semantic similarity based on structural semantic information from a lexical
taxonomy as a function of path length and depth between words. Caspersen et al. (2017)
have disclosed a measure of similarity between labels in a hierarchical classification scheme
for automatic classification.

The visualization of multidimensional data in a 2D plane was studied by numerous
authors (Torgerson, 1952; Young, 1987; Borg and Groenen, 2005; Tenenbaum, Silva, and
Langford, 2000; Lespinats et al., 2007). The basis of MultiDimensional Scaling — MDS
— were disclosed by Torgerson in his seminal work(1952). Young(1987), and Borg and
Groenen (2005) exposed some applications. An interesting use of MDS for exploring high-
dimensional data is presented by Urpa and Anders(2019).

3. TECHNOLOGY MAPS GENERATION PROCEDURE

In our work a technology is defined as a set of patent documents assigned to a technical
field or belonging to a tech company. The set of patents owned to an inventor, or a group
of inventors could also be considered but this work is limited to tech fields and companies.

The patents are collected from PatStat, an EPO’s database in the field of patent intel-
ligence and statistics. A set of SQL—queries is executed in Patstat to collect the selected
patents — and its prior art citations — of the technological fields or companies under study.
The patent documents collected are constrained to first, the range of years from 1980 to
2015 in order to have a large interval of time, and second, to be published by the USPTO
to avoid duplication®.

The TechMap generation procedure is outlined in the following five steps:

Step 1: Data gathering.— First, we collect the set of patents published for the specific
technical fields or tech companies to be visualized, then its cited prior art is also collected
and mixed forming a final collection. In this final collection, the prior art is weighted to a
certain percentage which experimentally we have set to 10%, the idea of this reduction is
to keep the basic composition of the initial set of patents but enriching it with the prior
art citations.

“PatStat allows bigger time intervals that 1985-2015 and virtually any patent office.
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Step 2: TechSpectrum generation.— For each final collection the classification IPC codes
are identified, and ordered in bins according to the IPC at the first four levels of classifi-
cation resolution '°.

Step 3: Distance computation.— A matrix of distances between every and each item
(technical fields or tech companies) to be visualized in the Tech Maps is computed using
the soft cosine distance(Sidorov et al., 2014), which is the following formula:

SN N (Si; Av x By)

1 SoftCosDist =
= d VO SN Si; (A x A+ (VXY X Si; (Bi * By))

A and B represents vectors formed by bins of the final collections of two specific technolo-
gies (tech fields or companies). A; and B; — are the bin i and j of each vector, namely the
IPC codes ordered according to the IPC at position 4, and j of the two specific technologies.

For computing the similarity factor among each possible couple of IPC codes — S;; — we
have adapted the method proposed by Wu and Palmer(1994) to structural information of
the hierarchical IPC scheme, namely the number of IPC levels between the path of each
couple of IPC-codes C; and (' resulting the following formula:

Ni+Nj—|—(2*N]J)

(2) Similarity(C;, Cj)

N;, Nj and Nj; are the number of nodes on the path from C; to Cpy, from Cj to Cy, and
from Cj; to the Root node, where Cp; is the least common IPC code of C; and Cj.

In this manner, four distance matrices are formed with the soft cosine distances between
every possible couple of items in the first four IPC levels. Then, we mix these matrices to
form a global matrix '

(3) Global Distance;; = Kg* dgs,; + Ko * dc,; + Ksc* dsc,; + Kag * dg,,

Kg, K¢, Kgo and K¢, and d¢, dg, dse and dg are the mix factors and the soft cosine
distances at IPC Section, Class, SubClass and Group respectively. We have experimentally
set the parameters to Kg=1 , Kg=2, Kgo=3, and K5=5.

8ection, Class, SubClass and Group.

UThe rationale behind this operation is to catch the importance of a group of IPC codes at a level
when at a sub-level the group of codes is populated but very distributed — flattened —. If we only compute
and display at a specific IPC level the importance of the group of IPC codes could be minimized by this
flattened effect
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Step 4: MDS computation.— The dimensionality reduction is made at the global level
by MDS using the SKlearn python library'?2. The MDS results in a collection of 2D
coordinates corresponding to each item to be visualized.

Section

F

._ HO4M1 SecEtion \ £ Section
® G

APL Y

MSFT

APL © s
®I1BM ection
H

Section (]
IBM ERC i C HOAM! 0@ CscC
P e MsFT ERC

Section

A

e CSC

Section B

FIGURE 2. Global TechMap (left graph) with a technical field: telephone
set — HO/M1 — and some computer and telecom companies: Apple, Cisco,
Ericsson, IBM and Microsoft, and the corresponding F-TechMap (right
graph) with focus at HO4M1

Step 5: TechMap visualization.— The MDS results are visualized using the MatPlotLib
python library(Devert, 2014). In the graphs, the tech companies are visualized as blue dots
and the technical fields as red dots. An example of a TechMap with an IPC code'® and
some tech companies is shown in Figure: 2, left graph.

The Focused TechMap generation procedure is outlined in the following three steps:

Step 1: TechMap generation.— The global TechMap is generated and visualized for a
given set of items (technical fields or tech companies) executing the TechMap generation
procedure explained above.

Step 2: Focus selection.— Once the TechMap is generated, we select one of the visualized
items to be the focus of the graph.

Step 3: Focused TechMap visualization.— The focus is drawn at the center of a circle
wherein a set of radii is in turn plotted, this set contains a radius corresponding to each
IPC code . Then, each item is drawn at its real computed distance to the focused item, on
the radius corresponding to its main IPC code. The main IPC code for technical fields and

12 At https://scikit-learn.org/stable/
13Appendix A contains the titles of all the IPC codes referenced in this paper
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tech companies is the IPC code with the highest figures. An example of a focused TechMap
with an IPC code and some tech companies is shown in Figure: 2, right graph.

4. STUDY CASES

As above-mentioned, the data collection of the study cases is done using SQL queries in
PatStat to gather the selected patents and its prior art citations, and the corresponding
assigned IPC codes. The dimensionality reduction, and visualization is implemented with
MDS, and the distance or dissimilarity matrix in all the study cases is computed using the
SoftCosine distance.

For the study cases we have selected two technical fields, medical science — A61 — and
vehicle technology — B60 —, and the following companies'*: Apple (APL), Boston Scientific
(BSc), Cisco (CSC), Ericsson (ERS), Ford Motor(FRD), G.E.-medical (GEm), General
Motors (GMt), Hyundai Motors (Hyu), IBM (IBM), Medtronic (MDT), Nissan (Nss),
Microsoft (MSFT), Nihon Kohden (NKH), Olympus-medical (OLYM), Omron-medical
(OMR), Philips (PHLP), Shimadzu (SHI), Siemens HealthCare (SIEM), Toyota motors
(TYT), Volkswagen (VW).

We have chosen the medical field for personal and academic interest since the origin of
this work is in a research project in the biomedical engineering field. The second study
case, vehicle technology was chosen for its general interest as a technology in important
transformation at present and because it encompasses multidisciplinary properties. On the
other hand, the set of tech firms was selected to have a heterogeneous group with big and
mid-size corporations from different sectors and geographic origins.

4.1. Medical Technologies. In this study case we will use our tool to study some tech
companies related with medical technologies.

Let’s start exploring the location of our complete set of tech companies and the mayor
technical fields where they are supposed to develop its activities. For that we will generate
a TechMap with all the companies and medical science — A61 —, vehicle technology — B60
—, computation — G06 — and telecommunications — H0O/ — Figure 3 shows this Global
TechMap, wherein the red dots represent the IPC code and blue dots represent the tech
companies.

Loking at Figure 3 appears three groups of companies: A first group around medi-
cal science, IPC code A61 and formed by the companies Boston Scientific, GE —medical-,

Medtronic, Nihon Kohden, Olympus —medical-, Omron —medical- and Siemens HealthCare

'“In brackets are the shorhands used in the graphs for each company.
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FicUure 3. Global TechMap for some technical fields corresponding to IPC
classes (red dots), and some tech companies (blue dots)

(see mid-left area in Figure 3). A second group close to computer science and telecom-
munication, IPC codes G06 and H04, and formed by Apple, Cisco, Ericsson, IBM and
Microsoft (see top-right area in Figure 3). A third group close to vehicle technologies,
IPC code B60 formed by the automotive companies Ford Motors, GM, Hyundai, Nissan,
Toyota and Volkswagen (see bottom-right area in Figure 3). Finally, Philips and Shimadzu
are located somewhere in between the “medical” and the “computer-telecom” groups.

Now, we will have a deeper look into the medical area going down a level from A61 by
generating a TechMap containing all the A61 IPC subclasses and the companies around
the medical area, Boston Scientific, GE —medical-, Medtronic, Nihon Kohden, Olympus
—-medical-, Omron —medical- and Siemens HealthCare(See Figure 4).

' A61P
A61K
® A61Q
# A61J
# A61L
# A61C
# A61G
A61M A61D
# A61IN
ASTE®  mag1H
MDT
Bsce °

°
#A61B% ym

NKH

°
°
OMR

SIEM ®

FI1GURE 4. Global TechMap for medical companies and — A61 — IPC subclasses.
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It is interesting to highlight that by going deeper in the IPC, replacing a IPC class by
its subclasses, or in a more general way replacing an IPC code at a level by its set of
IPC sublevels, we are doing a sort of conceptual zoom rather than a zoom-in graphical
operation, so that each item in the map is recomputed and located accordingly.

The new generated TechMap shows that the companies are grouped in a first set with
Boston Scientific and Medtronic, Olympus medical, and Nihon Kohden and Omron medical,
and a second set with Siemens Healthcare and GE medical (See Figure 4 at the bottom and
the top-right respectively). The first group is located around diagnosis techniques — A61B
—. It appears from Figure 4 that Nihon Kohden, Omron and Olympus are particularly
close to this technique, whereas Boston Scientific and Medtronic are also located close to
A6IN, A61H and A61F.

Let’s zoom-in around Nihon Kohden, Omron and Olympus and A61B. This is done going
one IPC level down from A61B, so generating a new TechMap with the IPC A61B groups®™
and the three tech companies (See Figure 5).

#-A61B3

OLYM
°

A61 842‘
s M’ A61B16
A61B17ﬁ #A61B18

A61B42 g  ®A61B34 46188
A61B46 NKh

A61B10# A61B5 OMR o
AG61B9 @ *

A61B13% # AG1B6

A61B7 g

FIGURE 5. Global TechMap with all A61B groups and Nihon Kohden, Om-
ron medical and Olympus medical

Two observations can be made from this TechMap: firstly, Nihon Kohden and Omron
are grouped and close to A61B5 and A61B7, whereas Olympus is close to a group of
IPC groups formed by A61B1, A61B16 and A61B18. Secondly, some IPC groups appear
in clusters, one with A61B5 and A61B7, and another cluster with A61B1, A61B18 and
A61B16.

15 461B has the following IPC goups: A61B1, A61B3, A61B3, A61B6, A61B7, A61BS8, A61B9, A61B10,
A61B13, A61B16, A61B17, A61B18, A61B18, A61B3j, A61B42, A61BJ6, A61B50, A61B90
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Olympus medical appears in Figure 5 close to a certain number of technical fields, so
we will now use the focused TechMap tool to perceive without any distance distortion the
closest and therefore the most important technical fields for that company. The focused
TechMaps with focus on Olympus medical shows that endoscopes — A61B1 — are by far the
main technical field of its developments followed by computer-aided surgery — A61B34—
(see in Figure 6).

F
E /
G
H
c
OLYMme”
LA61B34
\‘
.
% OMR, A
x ®

FIGURE 6. Focused TechMaps with focus on Olympus medical

4.2. Automotive Technologies: Electric vehicles. In this study case, we will study
the evolution of the companies which are located in the TechMap of Figure 3 close to
vehicle technology, namely Ford, General Motors, Hyundai Motors, Nissan, Toyota Motors
and Volkswagen (see at the bottom right of Figure 3). We will study these companies in
relation to electric vehicles. Moreover, in this case the data will be visualized in time-lapses
of 5 years (from 1985 to 2015) to have a dynamic perception.

Electric vehicle technology is covered by the IPC subclass B60L. So, we will generate
a first TechMap containing this subclass and our set of motor companies for the whole
time interval (from 1985 to 2015) to have an overview of the relative positioning of the
companies to the Electric vehicles technology.

The TechMap shows Volkswagen out of the group formed by the rest of the companies,
and additionally it seems that the more active companies are Hyundai, Toyota and Nissan
(see Figure 7).

Now, we will visualize its evolution by computing a series of TechMaps for five years time

interval. Figure 8 shows (from right to left, and from top to bottom) the six TechMaps for
1985 to 1989, 1990 to 1994, 1995 to 1999, 2000 to 2004, 2005 to 2009, and 2010 to 2015.
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F1GURE 7. TechMaps from 1985 to 2015 for B60L IPC sub-class and the
motor companies: Ford, General Motors, Hyundai Motors, Nissan, Toyota
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F1GURE 8. TechMaps evolution for 5-year intervals from 1985 to 2015 con-

taining the B60L IPC sub-class and the motor companies: Ford, General

Motors, Hyundai Motors, Nissan, Toyota Motors and Volkswagen .

13

It can be observed that, it is in the late 90s when some car companies started to ap-
proximate the B60L subclass. It appears that Hyundai: Motors is far from this field until
the beginning of 2000 when it joined the group of companies more active in electric vehicle
technology. It also seems clear that Nissan stays from the late 90s as one of the companies
more active in the field. It is also interesting to note how Volkswagen remains as one of
the companies less active in this field until the 2010s.
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FIGURE 9. Focused TechMaps with focus in B60L. Evolution from 1985 to
2015 at 5-years intervals

We will now use the F-TechMap to focus on B60L for improving our perception of tech
companies around electric vehicle technologies. As above-mentioned '° the visualized items,
in this case the motor car companies, will be located at actual distances from the focus, the
electric vehicle technology B60L, and each item will be placed on the radius corresponding
to most assigned IPC codes to it.

The Focused TechMaps confirm that from the interval 1995-1999, the car companies
started to be more and more active in the field, pointing out Toyota and Nissan, and from
the interval 2000-2005, also Hyundai (see in Figure 9 top right and bottom left graphs).

An interesting fact shown in these graphs is the change of the most important IPC section
for some companies. In Figure 9 the three top graphs (1985 to 1999) place the companies on
radii corresponding to sections B and F, which correspond to transporting and mechanical
engineering technologies respectively. These technical fields are traditionally considered as
car technologies, whereas from 2000 (see in Figure 9 the three bottom graphs), some of
these companies started to be located on electricity-physics technologies.

16See step 3 of Focused TechMap methodology on page 8
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Note that by the interval 2010-2015 three companies are located in sections H or section
G. In fact, Nissan and Toyota are both located in section H (electricity), specifically in
the subclass assigned to battery technology — HO1M —. On the other hand, Volkswagen is
located in section G (physics), specifically in the subclass assigned to digital data processing
— GO6F —. Somehow these car companies are emerging as electrical technology developers
in addition to, or above mechanical technology.

5. DISCUSSION

The visualization of proximity between technical fields and tech companies with respect
to each other furnishes an insight in industrial and research developments. Such visualiza-
tion provides information about firms know-how, which facilitates potential collaborations
and, technology opportunities and weakness. From this perspective our work presents two
complementary graphical tools for studying the relationship of technical fields and tech
companies, and its evolution.

The information provided by our tool can help technology decision makers to under-
stand competitors. For example, the evolution of motor car companies towards electricity
technology can be explored and better understood by generating the TechMaps and then
focusing on specific IPC codes or companies. Such graphs could also help to perceive the
kind of knowledge that a specific technology gathers at a certain moment. Furthermore,
the identification of these trends can be of great interest to researchers in the area of the
history of technology.

The relative positioning of tech companies can be used to discover know-how or to
explore complementarities between companies for potential merge and acquisition, or re-
search collaborations. See for example the position of Apple in the TechMap and the focused
TechMap of Figure 2 as a telephone set developer together with Ericsson in relation to
IBM and Microsoft, two computing companies in principle similar to Apple.

It is important to highlight that our approach is to consider technical fields and compa-
nies (both defined by sets of IPC codes) as similar bodies, and they are represented by the
same data structure, the TechSpectrum, namely the histogram of the IPC codes assigned
to a set of patents and its citations mixed in a specific proportion, and ordered according
to the IPC. This is a major difference with respect to the previous studies on visualization
of technical fields and companies.

This conception of technical fields and tech companies as similar bodies of technology
bring important implications in the processing and visualization of technology. First, the
processing is the same for technical fields and companies, so changes in time in both are
tacking equally into account providing an overview on technical change as a whole. Second,
observations for technical fields can be extend to companies.
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Our TechMap has some distinctive features from traditional technology maps or land-
scapes. In TechMap the items, technical fields or companies, are located relative to each
other, there is not absolute positioning. In previous maps or landscapes, the location of
technology items is computed and coordinate data are assigned to it, so that if you add or
remove an item, it is added or removed to the map but the rest of it remains unchanged,
whereas in TechMaps removing or adding a technology item results in a computation of
the new position of each item. Another distinctive feature is the capability to visualize
tech companies in relation to technical fields at different levels of conceptual resolution by
going deeper in the IPC classification levels. This operation is a sort of conceptual zoom
rather than a zoom-in graphical operation as is usually the case in-known technology maps
or landscapes such us the multiresolution zooming of Boyack et al (2000).

The presence of clusters of technical fields within our TechMaps can show up the exis-
tence of some commonalities which can be useful for researchers and innovation managers
to better understand these technical fields. See for example in Figure 4 how the IPC
subclass A61P, A61k and A61(Q) appear grouped. Or the, not obvious proximity between
measuring systems for diagnosis — A61B5 — and instruments for auscultation — A61B7 —
shown in Figure 5. It is interesting to highlight the exploration possibilities open by visu-
alizing with our two graphical tools tech companies in relation to technical fields, such as
in Figure 2 where IBM and Microsoft appear grouped when they are positioned within a
set of companies and the technical field of telephone sets — HO4M1 —.

6. SUMMARY AND FUTURE WORK

In this work we introduced a new graphical tool based on patent classification information
to study technical fields represented by an IPC code ( or a combination of codes) and tech
companies. Each item, technical field or company is characterized by a weighted mix of
the classified (or assigned) patents and its cited prior art.

The first graph, the technology map — TechMap —, visualizes a set of given technologies,
technical fields and tech companies positioning them in relation to each other. Our second
graph, the focused TechMap generates a visualization of the given technologies in relation
to a selected one, the focus, which is located at the centre of a circle with drawn radii
corresponding to every IPC code. In this graph, the items are positioned at the computed
distances from the focus, and on the radius representing its IPC code with the highest
figures.

Although we have illustrated our tool with two study cases, namely medical and auto-
motive technology, our tool has also been tested in a variety of fields such as heartbeat
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monitoring, 3D printing, hybrid vehicles, electronic devices, computer graphics or telecom-
munications to test for the ecological validity of our tool. So far, the authors found that
this is a representative view in terms of ecological validity except for the chemistry field
which needs further dedicated testing due to its construct nature of how patents are triaged
and presented. Concerning tech companies, we have tested the tool with numerous firms
and we have found that their use in our tool is constrained to firms active in patenting.

In the field of history of technology, our graphical tool contributes by facilitating the
study of the evolution of specific technical fields, and to trace the divergence or convergence
of tech companies. The contribution of the present paper lies in the creation of two new and
complementary graphs based on patent classification information. The relative positioning
of technologies (technical fields or tech companies) helps to better identify those that have
some techniques in common because they appear close in the graphs, as well as to improve
the understanding of the technical developments or trends in firms as was illustrated for
motor car companies moving from pure mechanics to electrical technologies.

At present we are developing some algorithms for automatic clustering of items within
TechMaps. Moreover, we foresee doing predictive modelling of the dynamics of the tech-
nologies to anticipate its evolution, especially for tech companies.

Further research will be oriented to compute TechMaps with smaller time intervals in
order to have more time resolution in the evolution perception to present animated versions
of the visualizations and to investigate the modelling of trends.

We will explore the improvement of the similarity matrix using text similarity and cita-
tion network analysis of the patents classified in the respective IPC codes.
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Appendix A: Exact titles of cited IPC classification codes

A61 : MEDICAL OR VETERINARY SCIENCE; HYGIENE

A61B : DIAGNOSIS; SURGERY; IDENTIFICATION

A61C : DENTISTRY; APPARATUS OR METHODS FOR ORAL OR DENTAL HYGIENE

A61D : VETERINARY INSTRUMENTS, IMPLEMENTS, TOOLS, OR METHODS

AG61F : FILTERS IMPLANTABLE INTO BLOOD VESSELS; PROSTHESES; DEVICES PROVIDING PATENCY TO,
OR PREVENTING COLLAPSING OF, TUBULAR STRUCTURES OF THE BODY

A61G : TRANSPORT, PERSONAL CONVEYANCES, OR ACCOMMODATION SPECIALLY ADAPTED FOR PA-
TIENTS OR DISABLED PERSONS

AG1H : PHYSICAL THERAPY APPARATUS

A61J : CONTAINERS SPECIALLY ADAPTED FOR MEDICAL OR PHARMACEUTICAL PURPOSES; DEVICES OR
METHODS SPECIALLY ADAPTED FOR BRINGING PHARMACEUTICAL PRODUCTS INTO PARTICULAR PHYS-
ICAL OR ADMINISTERING FORMS; DEVICES FOR ADMINISTERING FOOD OR MEDICINES ORALLY; BABY
COMFORTERS; DEVICES FOR RECEIVING SPITTLE

A61K : PREPARATIONS FOR MEDICAL, DENTAL, OR TOILET PURPOSES

AG61L : METHODS OR APPARATUS FOR STERILISING MATERIALS OR OBJECTS IN GENERAL; DISINFEC-
TION, STERILISATION, OR DEODORISATION OF AIR; CHEMICAL ASPECTS OF BANDAGES, DRESSINGS, AB-
SORBENT PADS, OR SURGICAL ARTICLES; MATERIALS FOR BANDAGES, DRESSINGS, ABSORBENT PADS, OR
SURGICAL ARTICLES

A61M : DEVICES FOR INTRODUCING MEDIA INTO, OR ONTO, THE BODY

A61IN : ELECTROTHERAPY; MAGNETOTHERAPY; RADIATION THERAPY; ULTRASOUND THERAPY
AG61P : SPECIFIC THERAPEUTIC ACTIVITY OF CHEMICAL COMPOUNDS OR MEDICINAL PREPARATIONS
A61Q : SPECIFIC USE OF COSMETICS OR SIMILAR TOILET PREPARATIONS

B60: VEHICLES IN GENERAL

B60L: PROPULSION OF ELECTRICALLY-PROPELLED VEHICLES; SUPPLYING ELECTRIC POWER FOR AUX-
ILIARY EQUIPMENT OF ELECTRICALLY-PROPELLED VEHICLES ; ELECTRODYNAMIC BRAKE SYSTEMS FOR
VEHICLES IN GENERAL; MAGNETIC SUSPENSION OR LEVITATION FOR VEHICLES; MONITORING OPERATING
VARIABLES OF ELECTRICALLY-PROPELLED VEHICLES; ELECTRIC SAFETY DEVICES FOR ELECTRICALLY-
PROPELLED VEHICLES

GO06: COMPUTING; CALCULATING OR COUNTING

HO1: BASIC ELECTRIC ELEMENTS

HO1M: PROCESSES OR MEANS, e.g. BATTERIES, FOR THE DIRECT CONVERSION OF CHEMICAL ENERGY
INTO ELECTRICAL ENERGY

HO04: ELECTRIC COMMUNICATION TECHNIQUE

HO04M: TELEPHONIC COMMUNICATION

HO4M1: substation equipment, e.g. for use by subscribers
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