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The rapid development of the internet as well as the emergence of new 
technologies such as smart devices leads to an exponential growth of data 
that hold useful information for companies. To face this trend new methods 
were developed, which allow to analyze large amounts of data in short time. 
This enables to investigate topics in a broader context, what again offers 
interesting new insights. Among the different data types that can be analyzed, 
especially patents represent an important information source for companies 
that hold unique technological information. Therefore, analyzing patents 
can reveal research, technology, and innovation activities in industries, 
which enhance a company’s decision making in relation to its R&D activities 
by better understanding its complex environment. This makes the patent 
analysis an indispensable task for companies. In this article, we aim to 
show case the ease and value of data-driven patent analysis. Already simple 
methods such as counting or connecting single patent information reveal 
through different visualization various insights in a business environment 
and improve its understanding. Towards this goal, we provide four case 
studies based on patents stemming from the fields of stem cells, lithium-
based batteries, antibiotics, and personalized medicine. Thereby, each case 
features different data mining techniques to present readers a broad range of 
application examples.
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1 Introduction

The rapid networking of the modern world caused a widely 
spread of knowledge and technologies, which consequently 
led to an increasing rate of change due to shorter product life 
cycles (Qualls et al., 1981), increasing technological changes 
(Sood and Tellis, 2005), increasing innovation speed (Parry 
et al., 2009) and an increasing speed of the diffusion of 
innovations (Lee et al., 2003). Due to these developments, 
the world is characterized by growing environmental 
changes and complexity, which must be considered in a 
company’s strategy. On the one hand, results a growing 
necessity to create innovations to survive in an environment 
that is characterized by pervasive, unpredictable, and 
continuous changes (Aydogan, 2009). On the other hand, the 
growing complexity hampers the innovation capabilities of 
companies because it requires the observation of the whole 
environment for changes to overcome the uncertainty of the 
company and be able to respond to changes in time (Day 
and Schoemaker, 2004). However, the understanding of the 
environment requires the gathering and analysis of external 
data sources. Through the rapid development of the internet 
in combination with the emergence of new devices, such 
as smart phones, the amount of data grows exponentially. 
Estimations in 2015 presented that roughly 90% of the data 
all over the world was created in the two preceding years due 
to the emergence of new devices, sensors, and technologies 
(Kroker, 2015). While the opportunities to analyze and 
use external data for the own strategic purpose grow, the 
investigation of the growing amount of information becomes 
an increasingly harder task that results in an enormous 
expenditure on desk research and exceeds the capacities of 
companies. Hence, to face the so called data explosion and 
fully exploit its potential new analysis methods were needed. 
For this purpose, the field of data science emerged that aims 
to extract knowledge from great amounts of data.

Data science is a field that developed due to advances 
in hardware and software technology over the years. It 
focuses on processing high quantities of data through 
the development of algorithms or respectively statistical 
methods to find hidden patterns in large datasets. Data 
science methods extends the manual analysis by enabling 
not only to analyze single parameters but to analyze 
combinations of parameters, whereby hidden connections 
with higher strategic significance, in comparison to isolated 
key figures, can be revealed (Ernst, 2003; Siwczyk, 2010). 
Therefore, data science methods changed the way we can 

analyze data, what enables companies to get a broader 
and deeper look on data. In return companies can exploit 
data sources to better understand their environment, 
which enhance their decision making. It results that these 
methods became indispensable for companies to gain 
unique knowledge from data that could lead to competitive 
advantages. Noteworthy is that the developments of the 
internet and new devices not only caused growing amounts 
of data but also promotes a greater variety. Depending on 
what type of data is analyzed different information about 
the environment can be investigated. For instance, scientific 
publications mostly hold information about basic and 
applied research while social networks may rather represent 
social opinions (Kayser, 2016). Among the variety of data 
types, especially patents represent a source with unique 
information, whose analysis with data science methods can 
create great benefits for companies.

Patents are a primary data source for technological 
information that are well suited to be analyzed by data 
science methods. What distinguishes patents from other 
information sources is that 80 per cent of their content is 
not available anywhere else (Dou, 2005). Furthermore, a 
higher level of detail and range of information results in a 
more comprehensive information source in comparison 
to other sources such as scientific publications (Bonino et 
al., 2010). Generally, patents are used for legal protection 
of innovations, which has especially in innovation-
driven industries great importance (Reitzig 2004; Smith 
and Hansen, 2002). They can strengthen a company’s 
competitive standing by systematically limiting the scope of 
action of competitors (Hentschel, 2007). Moreover, they can 
open up access to complementary patents of competitors 
through the usage of patents as a kind of currency in cross-
licensing agreements (Hentschel, 2007). It also play an 
important role in the case of decision making relating to 
cooperation partners as well as merger and acquisition, 
because a well-positioned and balanced patent portfolio 
represents an important strategic factor. Consequently, 
analyzing patent data enables to grasp research, technology, 
and innovation activities in industries, wherefore patents can 
be used as an indicator for the creation of knowledge as well 
as for empiric innovation research. Therefore, combining 
patents and data science methods can offer huge potential 
for understanding business environments and trends, which 
enhances decision making.
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With this paper we want to provide readers with an 
initial understanding of the application of data science 
methodologies on patents. Therefore, we present 4 case 
studies taken from highly relevant technological fields. 
These cases are only analyzed with simple data science 
methods that deal with counting certain information like 
application numbers or linking information like frequencies 
of patent applications with patent applicants. By considering 
different information in the patent data and using methods 
to visualize the results in different ways, the variety of 
insights in the industries that can be grasped by these 
methods will be presented. Concluding, the execution of 
these cases is also intended to give the readers insights how 
patent analysis through simple data science methods can 
be a contribution to understand business environments. The 
remainder is of this paper is organized as follows: Section 2 
briefly describes the theoretical background for the research 
setting. Section 3 presents the four case studies including 
the analyses steps and their results. At last, section 4 
summarizes the major findings followed by a conclusion 
and limitations in section 5.

2 Theoretical Background

2.1 Data Science

The growing amount of available data attract the attention 
of many industries, which realized great potential to achieve 
competitive advantages through its analysis. Although, 
companies possess teams of statisticians and modelers 
that can exploit datasets, the vast amount of data exceeds 
the possibility for manual analyses by far. Meanwhile, 
strong improvements in hardware lead to far more powerful 
computers, which allow to develop algorithms that analyze 
connections between multiple datasets to get a deeper 
and broader insight into data. The convergence of both 
developments resulted in the emergence of the data 
science field. Data science includes principles, processes, 
and techniques to (automatically) extract knowledge from 
data. Therefore, an understanding for new phenomena or 
respectively the company’s environment based on data can 
be built that enhances decision making. Here, the resulting 
data-driven-decision-making does not completely replace 
previous procedures for decision making but supports 
decisions that based purely on intuition before. The effect 
of this procedure on firm performance was measured by 
Brynjolfsson, Hitt & Kim (2011), who showed a positive 

correlation between the application of data based decision 
making and the profitability of a company. For this reason, 
more and more companies from different industries started 
to apply data science methods to improve their business. 
Depending on the industry, different techniques and types 
of data are needed. So, delivery services like UPS uses 
data science algorithms to analyze traffic data from their 
employees in combination with further data information 
such as weather or logistics data to optimize its package 
transport from drop-off to delivery (Samuels, 2017). The 
health care sector uses data science methods among 
other things in cancer care. To offer patients personalized 
chemotherapy and radiation regimens data of cancer 
patients from the past years in form of diagnoses, treatment 
plans, outcomes and side effects is analyzed to derive 
personalized recommendations for future cancer patients 
(Rice, 2019). Quite different, companies who focus on the 
online market such as Google or respectively E-Commerce 
like diverse retailers analyze the data profiles of the internet 
users (Rice, 2019). Therefore, behavioral patterns can be 
derived, which enable to create customized layouts and 
spotlighted products. Also, the price of products can be 
personalized depending on the users profile, from which his 
willingness to pay can be derived. In conclusion, depending 
on the industry different sorts of data and therefore 
different insights can be important for the business. When 
we take a look at innovation-driven industries, such as the 
pharmaceutical industry, especially patent data play an 
important role (Reitzig 2004; Smith and Hansen, 2002), 
because creating and patenting innovations involve high 
costs and efforts. While in many other industries data can be 
used to optimize the business, innovation-driven industries 
are strongly dependent on patents due to their strong 
influence on the performance of the business. Therefore, 
patents for such industries contain extensive and vital 
information about their environment. For this reason, patent 
data and its relevance are the focus of this paper.  

2.2 Patents and their relevance

Patent law is a worldwide accepted and established process 
to protect innovative products or processes, which has 
gained great importance especially in innovation-driven 
industries This is represented through the numbers of 
patent applications, which has been rising since 1990. In 
2018 already the German patent office Deutsches Patent- 
und Markenamt (DPMA) received over 67.000 patent 
applications (DPMA, 2018) and the worldwide patent 
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application grew by five per cent in the same year compared 
to the previous year (WIPO, 2019). Patents represent a 
unique form of publications because their acceptance 
depends on general legal conditions. These take into 
consideration that inventions to be patented have to fulfill 
the following requirements being a novel invention, inventive 
activity must be present and industrial applicability must be 
possible. Also, the invention with a detailed description must 
be made public, what does not guarantee that the invention 
will be patented and could be a risk for the inventor. Only 
when all these conditions are fulfilled, the patent with 
its legal protection can be granted. Therefore, patents 
differentiate themselves from other publications such as 
scientific journals or books, because the grant of a patent 
is associated with greater hurdles. For this reason, patents 
are a more reliable source in comparison to other sources. 

Patents represent further an information source with various 
advantageous properties for analyses, which Dreßler (2006) 
had summarized. Firstly, the patent applicant is obligated to 
reveal all technical details of the invention that is to protect. 
Therefore, patent information is freely available in the public 
database of the responsible patent office for every user 
group. Additionally, through the progress of the digitalization 
of information, a quick access and research via internet 
is favored. Moreover, the information is revealed before 
the market launch, which enables among other things an 
analysis of the technological state of the art. From this can 
be concluded that patents are suitable for representing the 
most recent trajectory of technologies to predict future 
trends, which makes them indicators for early trend detection 
due to its high actuality. The neutral audit process through 
public authorities leads further to an objective assessment 
and due to the implementation of a uniform classification 
system patents are standardized. Another requirement on 
patents is that they have to be understandable described 
to make the invention and its value comprehensible for 
everyone. The introduction of a patent classification system, 
such as the international patent classification called IPC, 

enables to precisely describe a technology and to classify 
patents into technology classes. This makes patents 
more comparable and enhances the search for certain 
technology fields. At last, with the application of a patent 
the commercial value must be given. This means, that 
accepted patents represent technologies with potential for 
commercial usage. Consequently, analyzing patent data 
with data science methods in terms of patent management 
can offer important technical, business, and legal insights 
(Park et al., 2013), which in sum supports companies to 
understand the big picture.

2.3 Patent structure and information

The structure of patents consists of bibliographic and 
technical data of an invention. The structure can also 
be divided into a structured and unstructured part. Data 
in general can possess a structured, semi-structured or 
unstructured form (Tanwar et al., 2015). This leads to a 
structural heterogeneity, while only a small part of all data 
is structured (Cukier, 2010). Structured data is represented 
through tabular data and is managed with relational data-
bases and spreadsheets. Each data point possesses a clear 
relation to the others, which enables to store them with 
traditional row-column databases such as SQL. Structured 
data is further characterized by being highly organized 
and easily machine-processable. The management of the 
data with relational databases enables a user to quickly 
input, search, and manipulate structured data (Din, 1994). 
The Table 1 shows an example for structured data, where 
each information of a customer can be easily stored in 
the relational database because of the relation of each 
information to a column. Moreover, the data can be directly 
analyzed, for example on which date the most customers 
were recorded, without the need for any further steps.

In contrast, data without format, schema, or structure is 
referred to as unstructured data. It can possess any form 
such as texts, videos, images, or PDFs. While structured data 

Table 1 Example for structured data based on customer data (own representation). 

ID User Address Phone Date

1 Karl 123 Apple St. 17 27812 24-03-2020

2 Janice 321 Melon Ave. 17 98832 24-03-2020

... ... ... ... ...
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can be easily processed by machines, the processing and 
analysis of unstructured data by machines is complicated 
(Allahyari et al. 2017). An example for unstructured data is 
the following sentence.

“The customer Carl has made a transaction on the 24th of 
March 2020.”

The form of this data type hinders the storage of the data 
into a relational database. As a result, the implementation 
of analysis steps requires preprocessing steps to enable 
the storage of information from the text into a relational 
database. In other words, the unstructured text has to be 
first converted into a structured format to obtain a machine-
readable form and be able to gain insights from the data. 

Patents possess a semi-structured format. Table 2 shows 

that most of patent information is structured, such as 
the IPC codes, and can be directly used for analyses. The 
structured part of patents includes bibliographic data, 
which represents information about formalities such as 
the inventor, application date or technology classification 
through IPC. The unstructured part is represented through 
descriptive texts such as the abstract or claims. Although, 
the text data in patents can be assigned to title, abstract, 
claims and description, the information is unstructured in 
themselves. Therefore, specific data science methods must 
be applied first to analyze these parts of patents. 

The broad range of information allows to analyze many 
different aspects of an invention. For example, from 
the assignment of patents to its applicant, important 
strategic information about the competitive environment 
can be derived. This includes the identification of growing 

Table 2 Information of patent documents (source: Song, 2015). 

Data type Information Description

Structured data

Priority date Date of worldwide first 
application.

Application date Date of the application at the 
patent office.

Publication date Publication 18 months after 
application.

Grant date Date when the patent is 
granted.

Patent office Name of the patent office.

Inventor Inventor of the invention.

Applicant Owner of the right.

Patent classification code (IPC) Assignment of the invention to 
a technology class.

Forward citation Other patents which cited the 
considered patent.

Backward citation Other patents that are cited in 
the considered patent.

Unstructured data

Title Title of the patent.

Abstract Brief description of the patent.

Claims Definition of the extent of the 
protection.

Description Detailed description of the 
invention.
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danger potential from competitive companies but also the 
estimation of the freedom to operate in the own R&D efforts 
to act with foresight and prevent unnecessary spending of 
resources. Moreover, different aspects can put into context to 
find correlations or hidden patterns in the patent landscape. 
For instance, the analysis of the number of applications in 
a certain technology area over the years can reveal how 
the research effort in general has developed, which enable 
to draw conclusions about the future potential of this 
research field. However, when the number of application is 
analyzed in relation to the applicants it may reveal a ranking 
with the most active players in that field. Therefore, further 
implications can be drawn such as strongly represented 
countries or the most represented types of applicants. The 
text passages on the other hand hold potential for analyzing 
buzz words, to find for example new emerging topics in 
the targeted technology area. It results, that patents offer 
many aspects to analyze on its own, but also enable to 
consider multiple aspects in one context, which extends the 
possibilities to draw valuable insights into industries.
In each of the four following cases, different data science 
methods are applied. These are simple methods for counting 
individual pieces of information or for linking them. Following, 
various visualization techniques are used to present the 
results. This includes besides classic representations such 
as histograms or bar charts, network analysis that not only 
enable to show the frequency of individual elements, but also 
the link between elements in the form of nodes and edges. 
Therefore, the relationship between specific elements can 
be investigated. Through the usage of different methods 
and patent information in each case, various insights are 
generated that enable to understand a unique part of the 
business environment. Since the analysis of unstructured 
data requires a deeper insight into the subject area of data 
science, the following cases are mainly focused on the 
analysis of the structured parts of the patents.

3 Case studies

3.1 Tracing research efforts in the field of 
antibiotics

Alexander Fleming’s discovery of penicillin in 1928 is one of 
the most prestigious milestones in the history of medicine - 
or even modern science. Based on his initial discovery, the 
development and industrial production of penicillin-related 
antibiotics enabled the efficient treatment of bacterial 

infections, which, at that time, would often lead to death 
(e.g. through sepsis) (Mutschler et al., 2001). Even though 
Fleming conducted his experiments almost a century ago, 
the treatment of bacterial infections still remains a current 
challenge due to the rise of antibiotic resistance in certain 
bacteria. Solely in the European Union, infections caused 
by antibiotic resistant bacteria amount to approximately 
33,000 deaths per year. Nevertheless, the annual number 
of new broad-spectrum antibiotics has been continuously 
decreasing, and more and more pharmaceutical companies 
have announced that they are going to stop, or have already 
stopped, their research on antibiotics (NDR, 2019). The 
result is a market failure of serious consequence.

Against this background, we set our first case study and 
aim to trace the research efforts for β-lactam antibiotics - 
the biggest group of broad-spectrum antibiotics – in recent 
years. Thereby, we want to focus on two specific aspects: 

1. How has the research efforts for β-lactam antibiotics 
developed? 

2. Who are/were the active actors in this field?

To answer these questions, we used simple visualization 
techniques on a dataset of 872 patents, which were 
extracted from PatentsView, a platform that provides data 
from the US Patent and Trademark office. By plotting the 
number of submitted patent applications throughout the 
years, the severity of the research reduction becomes 
immediately evident (Figure 1). While the late 1980s and 
early 1990s are marked by constant patent applications in 
the field of antibiotics, the number of patent applications 
register a steep drop after 1993.   This development indicates 
that research for new β-lactam antibiotics have become 
unprofitable for major pharmaceutical companies in the 
mid to late 1990s (Katz et al., 2006). To further investigate 
this assumption, it is worth to differentiate between the 
most important subgroups of β-lactam antibiotics, namely: 
penicillins, cephalosporins and carbapenems. In our 
dataset, 74% of all granted patents were for cephalosporins. 
This circumstance is reasonable according to the structural 
flexibility of this chemical compound. Because of distinct 
development stages, the time-dependent distributions 
are very different (Figure 2). Whereas the decline in patent 
applications for penicillins commenced very steeply in the 
1980s, the decline for cephalosporins was more gradual. 
The application rate for patents concerning carbapenems-
based antibiotics, on the other hand, increased until the early 
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Figure 1 Number of patent applications from 1976 to 2020 (own representation). 

Figure 2 Normalized distribution of patents per year for each subgroup of β-lactam antibiotics: penicillins, cephalosporins and 
carbapenems (own representation). 
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1990s and only then decreased again. These courses can 
be understood by the different developmental stages of the 
antibiotic classes. The first carbapenem antibiotics were 
developed in the 1980s by researchers at Merck & Co, while 
penicillins and cephalosporins became widely researched 
antibiotics as early as the end of World War II (Birnbaum et 
al., 1985). Nonetheless, they all converge to very low rates at 
least since the 2000s.

Now that we have unraveled the strong decline in research 
efforts concerning β-lactam antibiotics, it is worth to 
investigate who the actors were that developed new 
β-lactam antibiotics. For this purpose, we shift our focus 
to the patent applicants. By simply counting the number 
of applied patents per applicant, we can gain a good 
overview on the actors in this field. An excerpt of the most 
active applicants is given in Table 3 – interestingly, these 
are almost entirely of Japanese or American origin. Apart 
from the strong geographical dominance, there is a clear 
lack of universities as all of the most important actors were 
firms. This emphasizes the strong market and application 
driven focus of the research efforts in the field of β-lactam 
antibiotics.

Strikingly, these ten companies alone are responsible for 
53% of all patents. Thereby, Fujisawa Pharmaceutical Co. 
and Merck & Co. have solely contributed a fifth of all β-lactam 
antibiotics patents. The strong decline in patent applications, 
however, cannot be explained by the discontinuation of 

research efforts of a singular firm but indicates rather a 
systemic development affecting most, if not all of these 
pharmaceutical companies. According to the analyzed 
patent data, β-lactam antibiotics seem to be obsolete. This 
finding may underline the opinion of experts who propagate 
new approaches beyond antibiotics (Hancock, 1997). 
Furthermore, so-called blockbuster drugs (e.g. anti-cancer 
drugs) hold the promise to generate much more revenue 
compared to medication for short-time therapy. 

Taken together, in this case, we were able to shed light onto 
past research efforts in the field of β-lactam antibiotics. Using 
simple visualization techniques, we could demonstrate that 
research efforts in this area been declining. Furthermore, 
we could easily identify the most important actors. By using 
these easy to use steps, we were able to quickly familiarize 
our self with the field of β-lactam antibiotics and find 
evidence for the decline in research activities. The brilliant 
thing about data science is that once we have programmed 
these steps, we can easily apply them to new data sets to 
explore new topics. To prove this point, we use the next case 
to explore the field of personalized medicine.

3.2 Learning about personalized medicine

To contrast the first case, in the second case we will use 
similar steps to familiarize ourselves with the field of 
personalized medicine, starting with a short explanation. 
Personalized medicine (PM) is an advancing technology 

Table 3 Top ten most important actors in the field of β-lactam antibiotics according to the number of granted patents (own 
representation). 

Patent applicant Corporate headquarters Granted patents Percentage share of 
granted patents [%]

Fujisawa Pharmaceutical Co., Ltd. Japan 99 12,1

Merck & Co., Inc. USA 77 9,4

Eli Lilly and Company USA 47 5,8

Bristol-Myers Company USA 43 5,3

Takeda Chemical Industries, Ltd. Japan 39 4,8

Pfizer Inc. USA 33 4,0

Shionogi & Co., Ltd. Japan 26 3,2

Meiji Seika Kaisha, Ltd. Japan 24 3,0

Glaxo Group Limited UK 22 2,7

Therevance, Inc. USA 21 2,6
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with major potential for multiple medical fields like 
oncology, auto-immunology and even psychiatry (Chan and 
Ginsburg, 2011; Davis et al., 2009). It is based on individuals’ 
genetic and genomic information, which allows patient 
stratification, resulting in tailored preventive and therapeutic 
measurements (Green and Guyer, 2011). Hence, PM 
offers various application opportunities – from preclinical 
diagnosis, over pharmacogenomics, to molecular-targeted 
therapies. To foster the advantages of PM for modern 
health care, findings from basic research about the human 
genome have to be utilized and innovative products have 
to be developed, like diagnosis devices for disease-related 
biomarkers or anti-body-directed therapeutics (Chan and 
Ginsburg, 2011). Consequentially, PM may revolutionize 
the field of medicine in a similar way to Fleming’s discovery 
of antibiotics. However, from this hypothesis interesting 
questions arise: 

1. At which maturity stage does the technology stand 
right now? 

2. Who is driving the research in the field of personalized 
medicine?

To receive a broad overview about the technology, patent titles 
and abstracts were searched with the general query terms 
“personalized medicine”, “patent stratification” and “targeted 
therapy”, rather than focusing on specialized technology 

within the field of PM, which may distort the results. Based 
on these search queries, we were able to download 589 PM 
patents from PatentsView. Using programmed scripts to 
extract specific patent indices from the data set, enables 
us to use quantitative approaches to trace the progression 
of the technology life cycle (TLC). As TLC assessment is 
especially important to guide strategic decision making 
and investments, data driven methods are useful tools 
to make technology’s progression observable (Lee et al., 
2016). There are further advantages in assessing the TLC 
by patent application data, because these information are 
accessible before product lifecycle data occur (Haupt et al., 
2007). Though a single patent indicator may not provide full 
information about the progression of a technology, only the 
patent application numbers over time is showcased in this 
case for exemplification.

The overall annual distribution of patent applications 
shows a continually rise of new patents after the turn of 
the millennial (Figure 3). Especially the decryption of the 
human genome in 2002 by the Human Genome Project was 
a major milestone for the development of PM, because it 
offered deep insights to understand and identify important 
endogen factors of human health and their diversity. Based 
on this knowledge, further inventions and applications are 
developed, which result in increasing numbers of patents 
in this field (Song et al. 2017; Chan and Ginsburg 2011). 

Figure 3 Distribution of patent applications in the field of personalized medicine (own representation). 
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Because the annual numbers of patent applications still 
increase, PM has not reached the maturity stage yet, as 
after that, patent applications start to decrease (Lee et al. 
2016). However, especially in 2006 and 2011 the trend caves 
in. Essential for this development are more restrictive patent 
regulations for genetic engineering, because genomic 
information is broadly classified as “natural phenomena”. 
Therefore, related inventions are more difficult to receive 
a granted patent status and even some already granted 
patents lost their protection status (Chan and Ginsburg 
2011; Holman 2015). This might lead to more reserved 
development of PM by the industry and might slow the 
overall progress and maturity, as it was observed that the 
strength of patent protection historically had an impact on 
the development of the pharmaceutical industry of different 
nationalities (Achilladelis und Antonakis 2001). 

To attain further insights of PM’s current TLC stage, the 
cumulated patent applications were plotted over time as 
well (Figure 4). Like the TLC, cumulated patent applications 
follow an S-shape curve as well, with slowly increasing patent 
application numbers of basic innovations at the introduction 
stage, followed by more rapidly increases when the growth 
stage is arrived, and later patent applications decline when 
reached maturity (Haupt et al. 2007). Comparably to the 
annual application numbers, the cumulated ones rise. At the 
beginning, the trend increases relatively slow which seem 
to turn around the year 2012, and a more rapid growth is 
observed. Therefore, PM seems to have reached the early 
growth stage. Consequentially, we can expect an increasing 
amount of innovations stemming from the area of PM to 
penetrate the market in near future.

To gain a deeper understanding of active actors in PM 
research, we analyzed the individual patent assignees and 
their number of patent applications. A more detailed look 
at the assignee organizations revealed that six applicants 
from the top ten are from academia (Figure 5). Particularly 
in the US, universities increasingly rely on financing from 
non-governmental sources to fund their research, like 
contracts with companies from the industry or spin-offs 
(Mohrman et al. 2008). Especially new and promising 
findings from basic research result in rising investments 
from the pharmaceutical industry into external knowledge 
(Toole, 2007). So, patents offer opportunities for universities 
to acquire funding. After a period of waiting and observation 
of developments from academical research, pharmaceutical 
companies invest again – this time into internal R&D (Toole 

2007). The combination of organizations from academia and 
industry represented in holding most of the patents leads 
to the interpretation that the field of PM shifts from basic 
to more advanced technologies and gains momentum on 
the market, which supports the previous findings regarding 
patent activities (Chan and Ginsburg 2011; Haupt et al. 
2007). 

In conclusion, the technology of PM seems to be evolved 
from the first stage of introduction to early levels of 
growth. This might support managerial decisions to start 
scoping specialized fields of PM for early adoption and 
differentiation. However, since the technology yet seems 
to be transitioning between the stages, more patent indices 
for TLC assessment should be explored for a more detailed 
observation, so e.g. investment decisions like make- or buy-
strategies are able to be made more solidly.

Similar to the first case, this case showed that we were 
able to gain insights into the current state of the technology 
life cycle within the field of personalized medicine using 
relatively simple data analysis measures. While these 
insights can already provide valuable information about 
specific technology fields or research topics, more advanced 
visualization and data science techniques enable us to gain 
much more detailed and decision-supporting insights – 
which we will explore a bit more in our next application case.

3.3 Dissecting innovations in the field of 
lithium-based batteries

For our third case, we leave the realm of medicine and focus 
on another transforming technology field: energy storage. 
The path towards a renewable and electric future is marked 
with many technological barriers. Developing modern 
battery-technologies plays a key role for future energy 
infrastructure. Batteries are used in stationary applications 
like the storage of solar or wind power, as well as in mobile 
applications, like portable electronics or electric cars. 
Especially the electrification of mobility is a strong driver for 
the development of new and powerful battery technologies 
and will lead to a sharp increase of their demand (Thielemann 
et al., 2018). Therefore, batteries represent a lucrative future 
market, however, it is a market with a lot of competition. 
Moreover, the battery market is very complex, because 
of the various applications and types of batteries. As a 
result, various globally distributed companies stemming 
from different branches are part of the market. Especially 
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Figure 4 Accumulated patent applications in the field of personalized medicine (own representation). 
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in complex technology markets, like the battery-market, a 
comprehensive patent-analysis can provide important and 
beneficial knowledge, for example about the competitive 
landscape. Implemented as a powerful addition to other 
market analysis techniques it can portray technology 
trends, reveal market niches, and give insights about the 
technological strength of competitors. Here we focus on the 
questions:

1. How is the battery market divided and which 
applicants hold the most patents in the areas? 

2. What elements gained importance over time?

We focused our search on lithium-based batteries, because 
they are currently and in prospects the most promising 
battery-technologies (Scrosati and Garche, 2010). In 
the following two analyses are presented exemplary, to 
demonstrate the utility of patent data for a competitive 
market and technology analysis. In one analysis, using a 
title-word-search, we investigated the distribution of patent 
applicants on the battery main components (Figure 6).

Generally, it can be observed, that the electrolyte is with 
over 1300 patents the most examined battery component, 
followed by the cathode (approx. 500 patents) and the 
anode (approx. 300 patents). With not even 200 patents the 

separator is investigated the least, indicating that it is the 
component with the lowest optimizing potential. Despite 
being a central element of the battery, the electrolyte-
research has been neglected for a long time (Placke et al., 
2017). Now with rising importance of high-performance 
batteries the electrolyte is analysed more extensively and 
market oriented, which is visible in the high patent numbers. 
An important research area is for example the development 
of solid electrolytes for solid-state batteries (Xiao et al., 
2020). The big majority of patent holders are companies, 
which indicates highly market-oriented research. Especially 
the Lithium-ion battery (LIB) is on the market for several 
decades and exceeded the point of basic research. Big 
companies like Samsung possess over more financial 
assets than for example universities, which eases the 
patent application. Furthermore, patent applications are not 
common at many universities and are often not profitable 
(Geuna and Nesta, 2006).

To further specify the technology analysis, we did a 
keyword-search in the patent abstracts for typical elements 
(despite lithium) and substances in lithium-based batteries, 
to observe the significance of specific substances in current 
research and development efforts (Figure 7). The extracted 
elements were assigned to the corresponding applicant and 
the visualisation of these connections enables to create a 

Figure 6 Number of patents concerning the main battery components, differentiated by patent applicants (own representation). 
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network that represents the relations between applicant and 
element. In it the nodes represent an applicant or an element 
and the connections or respectively edges represent the 
relation between them. The size of the nodes and edges 
is proportional to its occurrence. Besides the occurrence, 
network specific grid centrality values are used to investigate 
how dominant certain nodes are in the network. These values 
consider the amount and intensity of connections from a 
node to all other nodes in the network. To recognize changes 
and illustrate trends, we divided the patent landscape into 
the three time-periods 1976-2008 (Figure 7a), 2009-2014 
(Figure 7b) and 2015-2020 (Figure 7c).

The increasing significance of batteries and the rising 
size of the patent-landscape can be abstracted from the 
development of the network size. With 341 knots (10 
substances + 331 patent applicants) the current six-year 
period (2015-2020) more than doubles the size of the 
previous periods, despite the first periods longer time scale 
and the fact that 2020 is not finished yet. We investigated 
ten substances on their significance in terms of patent 
numbers. Conspicuous is, that for all three periods nickel is 
the substance with the highest number of patent issuances. 
An explanation is, that nickel-rich, high-energy cathodes 
are promising materials to develop LIBs with a high energy 
density (Xu et al., 2017), which are especially needed for 
electric cars. An interesting development can be observed 
for the anode-materials graphite and silicon. While in the 
first period graphite is ranked second after nickel, in the two 
following periods it is dropping to place eight and seven 
of the ranking. Graphite anodes are cheap, technologically 
mature and show a high cycling stability (Wagner et al., 2013), 
therefore they are currently implemented in nearly every LIB. 
The fact that their development is already very advanced 
can explain the declining significance as a research object 
and be an indicator for companies to avoid new investments 
in graphite-anode-research. The contrary development is 
visible for silicon. In the first period it is only positioned on 
the 8th place of the ranking. In the following two periods the 
number of patents is doubling respectively, and silicon ranks 
on the places three and four. Silicon is viewed as a promising 
future anode-material, for example the development of 
silicon-graphite-composite electrodes can lead to higher 
specific capacities compared to conventional graphite-
anodes (Zuo et al., 2017). By examining the networks, the 
high patent numbers and the rise of silicon-research can 
mostly be allocated to increasing research activities of only 
a few companies, in particular Samsung, Panasonic, Sanyo 

and Sony. Generally, the networks vividly illustrate, on which 
substances specific companies are focussing their research, 
which eases an overview on this complex market. Thereby 
specialists, who focus strongly on one substance, like 
Toshiba on titanium can be distinguished from companies 
with a broader and more diversified research portfolio, like 
Samsung or Sony. Moreover, it is conspicuous that iron, 
for example part of the cathode in lithium iron phosphate 
batteries, has the highest grid centrality of all substances in 
the second and third period, but only an average number of 
patents. So, iron has the highest number of connections to 
different companies, but most companies only hold a small 
number of patents. A possible explanation could be that 
the research of the low-cost and abundant element is very 
diverse and leads to several different applications (Wang et 
al., 2012; Yabuuchi and Komaba, 2014). Since there is no big 
player, who is dominating the research yet, this could be an 
opportunity for companies to take advantage of this gap and 
invest in iron-based battery research.

The two analyses showed possibilities to structure, 
categorize, and quantify complex technology markets. Next 
to showing technology and research trends, especially the 
product and research portfolio of companies and competitors 
can be thoroughly analysed, deriving recommendations for 
specific actions and investments. As a result, insecurities 
about the technological strength of competitors and of own 
research-investments can be minimized.

3.4 Patent analysis of stem cells

In our last case study, we focus on interactions in a legally 
controversial area that is stem cell research. Stem cells are 
body cells that can develop into different cell types and have 
regenerative properties (Shen et al., 2004). The application 
of stem cells in human medicine promises the treatment 
of diseases like cancer, diabetes, or neurological diseases 
(Kim and De Vellis, 2009; Volarevic et al., 2011). Despite 
their broad applications and promising treatment options, 
stem cells are a much debated topic to their production. The 
most interesting stem cells for research are embryonic stem 
cells, because they are pluripotent and thus can develop 
into all cell types (Fernandes et al., 2009). However, these 
must be taken from embryos and then propagated in cell 
cultures (Richards et al., 2004). This led to ethical debates, 
which finally resulted in laws on the handling of stem cells 
in Germany, the USA and other countries. Based on these 
developments, the following two questions arise:
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Figure 7 Correlation of substances and patent applicants, illustrated in networks and tables of network-metrics for the time periods a) 
1976-2008, b) 2009-2014, c) 2015-2020. Only patent holders with at least 30 patents are shown (own representation).

Substance Patent issuances Grid centrality

Nickel 172 0.381

Graphite 127 0.321

Sulfur 126 0.315

Cobalt 122 0.250

Titanium 119 0.292

Iron 94 0.262

Aluminium 83 0.226

Silicon 73 0.185

Phosphate 37 0.107

Tin 34 0.113

Knot count (total network): 168

Substance Patent issuances Grid centrality

Nickel 203 0.359

Cobalt 166 0.333

Silicon 148 0.314

Sulfur 130 0.269

Iron 128 0.378

Titanium 119 0.275

Aluminium 94 0.25

Graphite 87 0.224

Phosphate 78 0.237

Tin 65 0.192

Knot count (total network): 156

Substance Patent issuances Grid centrality

Nickel 370 0.302

Cobalt 338 0.273

Sulfur 305 0.287

Silicon 288 0.229

Titanium 288 0.267

Iron 281 0.311

Graphite 249 0.249

Aluminium 209 0.223

Phosphate 155 0.176

Tin 122 0.147

Knot count (total network): 156

a)

c)

b)
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1. Which actors have the greatest influence in the stem 
cell research?

2. What are the most prominent technology classes?

For the investigation of the influence of organizations in 
the stem cell research, we applied the network analysis 
similar to the battery case study, but this time connections 
between citing and cited patents were visualized. Therefore, 
the influence of an organization can be measured by 
investigating the extent of how often it was cited by others. 
Figure 8 shows an overview of the interaction of different 
applicants in the stem cell research field.

The size of the nodes is proportional to its citation frequency 
and the direction of the arrows on the edges show which 
organization have cited a patent from another applicant. 
Regarding the centrality measures, the most influential 
organizations of the network, which means the most cited 
patents, can be revealed (Table 4). From this it follows that 
universities such as the general hospital corporation, the 
university of California and the university of Illinois represent 
the holder of patents with the highest impact in the 
network. This is remarkable especially because the share 
of university institutions in the regarded data set is 24.44%. 
Therefore, this could be an indicator that universities play 
a central role in stem cell research. The reason for this 

Figure 8 Representation of citing and cited patents as a network. Arrows point to the patents which were cited (own representation). 

Table 4 Most cited organizations in stem cell research (own representation).

Organization Citation frequency

children‘s medical center corporation 4

the general hospital corporation 3

university of california 3

university of illinois 3

stanford university 3
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could be the high quality of research or a specialization of 
universities in basic research. The focus on basic research 
can be further the reason for the high number of citations, 
as these patents could form the basis for other research 
projects. The situation that universities play the dominant 
role in the stem cell research may also result from the fact 
that the research field is at an early stage, which is why 
no or only few lucrative applications for the industry were 
developed yet. A Re: Journal of Business Chemistry neue 
Ausgabe Nummerierungen nother option could be that the 
government is imposing stronger regulations on research in 
companies and research at university institutions is partially 
exempt.

After finding out on which sources most patents are built, 
we took a look in which technology areas the most research 
is being done and how they are interconnected. For this 
purpose, the Cooperative Patent Classification (CPC) codes 
are investigated, which represent an extension of the IPC 
codes and enable insights in the most prominent technology 
areas in the stem cell research. Figure 9 shows a network 
with the most frequent CPC categories as nodes and its 
relations to each other as edges.

Regarding the network, five CPC classifications were 
highlighted through their size, which represent their 
frequency of occurrence in patents. Among these, the 
classifications a61k, a61p and c12n possess especially 
strong connections to each other (Table 5). This could 

Figure 9 Co-occurrence of CPC classes in patents plotted as a networknetwork (own representation). 

CPC classification Grid centrality CPC combination Count

a61k 0,758 a61k and c12n 1827

a61p 0,684 a61k and a61p 1802

c12n 0,642 a61p and c12n 1492

a61l 0,526 a61k and c07k 701

g01n 0,495 a61p and c07k 504

c07k 0,368 c07k and c12n 413

Table 5 Top grid centralities and co-occurrences of CPC codes (own representation).
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indicate that these codes commonly occur together and 
most of the patents base on them. Therefore, it seems 
that the usage of microorganisms or respectively enzymes 
for medical purposes in form of therapies is the dominant 
application in the stem cell research (Table 6). Moreover, 
while the CPC code c07k, which stands for peptides, 
represent a less prominent classification in the patent data 
set due to its size, it possesses strong connections to the 
most frequent CPC codes a61k and a61p. It follows that the 
usage of peptides for medical purposes could be a smaller 
field in the stem cell area. However, this could be a hint for 
a growing application field in the stem cell research that will 
gain great importance in the future. 

Through the visualization of different aspects of patent data 
with the network analysis the key player and key technology 
areas with their relationship with each other in the stem cell 
research could be identified. Therefore, the development 
stage of the research field can be estimated. This could 
support investment decisions due to a better understanding 
in how far the transition from basic research to applied 
research has already been proceeded. The visualization 
of the influence of organizations is further useful to find 
valuable cooperation partners or respectively acquisition 
targets. Moreover, by visualizing technology areas focus 
and emerging topics of the research field can be grasped, 
whereby decision makers may decide if the research field is 
lucrative or if there are research gaps that could be exploited. 
 

4 Discussion

The application of data science methods on patent data 
from different industries showed that patent data holds 
a great variety of information, which allow to analyze 
the business environment from different perspectives. 
This can quickly build a data-based understanding of the 
environment but also allows to monitor developments in 
industries even with simple data science methods that can 
support decision making. Moreover, this article showed 
that patent data represent a valuable information source 
for companies. Analyzing information sources such as 
scientific publications or social media can also contribute 
to the understanding of the business environment. On the 
one hand, scientific publications hold information about the 
most recent research in an industry. Therefore, research 
trends can be grasped in an early stage, which could build 
the foundation for innovations and patents. Scientific 
publications are also similar to patents in that they must 
go through a review process and thus the information is 
thoroughly checked before publication. Thereof it results 
that they also represent a high-quality source of information. 
On the other hand, social media data could represent the 
social opinion on specific topics and may deliver information 
about trends in that area. The opinion of the society can also 
play an important role in many industries. Ethical concerns 
like in the stem cell research can hamper a field of research, 
although it is a promising field. This leads to consequences 
for future research and products. The advantage but also 
disadvantage of social media is that nowadays everyone is 

Table 6 Most frequent CPC classifications (own representation).

CPC classification Description

a61k Preparations for medical, dental, or toilet purposes

a61l Methods or apparatus for sterilizing materials or objects in general; disinfection, 
sterilization, or deodorization of air; chemical aspects of bandages, dressings, 
absorbent pads, or surgical articles; materials for bandages, dressings, absorbent 
pads, or surgical articles

a61p Specific therapeutic activity of chemical compounds or medicinal preparations

c07k Peptides

c12n Microorganisms or enzymes; compositions thereof; propagating, preserving, or 
maintaining microorganisms; mutation or genetic engineering; culture media

g01n Investigating or analyzing materials by determining their chemical or physical properties
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able due to smart devices to produce content in the internet. 
Therefore, a great amount of information is produced 
every day, but this information is not validated by anyone, 
whereby the quality of the content can vary. Nevertheless, 
it follows that multiple source should be considered to 
grasp different aspects of the business environment and 
be able to understand the big picture. However, we decided 
to use patent data because, apart from their information 
content, they offer a particular advantage to the user. 
The structure of patents, which consists of unstructured 
as well as structured parts, simplifies the analysis of 
this information source. Scientific publications or social 
media data such as tweets mainly consists of text, which 
represents unstructured data. The analysis of this data 
type is usually more complex, because texts generally have 
a high proportion of unimportant content. As a result, the 
analysis requires a lot of effort to clean the data in order to 
obtain high quality results. This, in turn, requires the user 
to engage more intensively with the field of data science. 
Furthermore, the interpretation of textual analyses is not 
always intuitive. For instance, while a word count allows 
easily identifying strongly represented topics as keywords 
in a dataset, performing and evaluating a network analysis 
on a text involves more difficulties. Patents, however, 
possess structured information that can be easily modified 
and interpreted without much prior knowledge, which was 
shown in the case studies. In addition, the wide range of 
information types, such as application date, applicant, CPC 
codes, offers the possibilities to analyze many different 
aspects, whereby the consideration of multiple information 
types in one context greatly expands the possibilities for 
analyses with data science methods.

For instance, the analysis of the development of patent 
applications over the years allowed us to get a first 
overview of an industry. Therefore, its maturity stage can 
be derived by investigating if the number of applications 
is still rising, stagnating, or falling. This development is a 
picture of the s-curve, which represents a typical course 
of technologies and could give evidence about how much 
potential a technology has left or respectively how satisfied 
a market is. The development can also be divided between 
different technologies of a market to get information about 
the potential of specific technologies, which was shown 
in the antibiotics market. This close look at a market by 
differentiating its technologies is particularly important 
to find out whether the market is generally developing 
positively but also whether, despite a negative development, 

technologies with high potential can be found in which it 
would be worthwhile to invest.

Combining the information of the number of patent 
application with names of the applicants offered us 
a new perspective on the patent landscape. While we 
figured out before how the whole industries developed, we 
could now find out who the key players are by analyzing 
which organizations hold the most patents. The type of 
organizations can thereby also give hints at which maturity 
stage a market stands. On the one hand, a strong presence 
of university institutions may rather represent an early stage, 
where the market is more focused on basic research and 
has no or few lucrative applications for companies. On the 
other hand, a strong presence of companies could lead to 
the recognition that the field is already well understood in the 
industry, which is why it has distanced itself from the basic 
research in universities and instead research is applied in the 
companies itself. Knowing who the key players are is further 
a necessary information to understand the competitive 
environment and therefore to localize valuable cooperation 
partners or respectively in some cases acquisition targets. 
Another perspective on the players in an industry can be 
taken by analyzing citation information from patent data. 
Whereas in the analyses before the strongest companies 
were determined according to the number of patent 
applications, their influence could be grasped by combining 
the information of citing and cited patents as well as the 
names of the patent holders. From this, frequently cited 
patents could represent patents with a high impact, which 
build the bases for further technologies. This impact is 
afterwards attributed to the patent applicant and could also 
give evidence about the maturity stage of the technology. As 
we have seen it in the stem cell research case, a high influence 
of university institutions could point to a strong presence of 
basic research. Furthermore, frequently cited patents reveal 
where most high quality and trend-setting knowledge in 
this area is available or respectively is generated, which are 
important strategic information for companies.

However, the patent analysis not only enable to reveal the 
key players in a whole industry, but also to break down 
complex industry environments, whereby organizations 
can be allocated to specific segments. This was shown in 
case 3, where the battery market was analyzed. We had the 
opportunity to analyze, which organizations dominate the 
whole battery market, but we divided the market by the battery 
components. Therefore, on the one hand the distribution of 
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the companies in the industry could be visualized, whereby 
electrolytes were revealed as the most prominent segment. 
On the other hand, for each part of the industry the specific 
competitive environment could be investigated. Depending 
on which segment a company is targeting, direct competitors 
and cross-segment cooperation can be localized. Following, 
analyzing patents with data science methods enable to 
reduce complex industry structures, what makes it possible 
to get a better understanding of the environment through a 
more detailed overview.

Here, data science enables to combine different information, 
whereby various contexts can be investigated. Aside from 
the ability to view different pieces of information together in 
a new context, data science also offers the ability to present 
these analyses differently. Therefore, this also allows 
results to be viewed from different angles, expanding the 
possibilities for evaluation. Visualizing the organizations with 
the most cited patents as a ranking has the advantage that 
quickly the most influent ones can be highlighted. However, 
by plotting the results as a network, such as in the stem cell 
research case, the way we look at it changed. It enabled to 
see besides the most cited patent holder, the interactions 
and therefore the relations among them. This results in an 
ecosystem, which present the environment of companies. 
The monitoring of this ecosystem over time can represent 
changes in the environment of a company and therefore give 
an overview how relations among organizations emerge, 
change, or disappear. This procedure can also be applied to 
other cases in order to investigate other types of relations, 
such as the relationships between technology areas in 
form of CPC codes to investigate how they are related to 
each other. Here, data science again shows its advantages 
by making it possible to analyze multiple attributes in one 
context. This allows to investigate connections of varying 
complexity. Analyzing single attributes such as citations 
showed us which organization influenced another one. The 
analysis of linkages between two different attributes like 
chemical elements and organizations like in the third case 
offered new insights. In that analysis the usage of prominent 
chemical elements in the battery industry was the focus. On 
that basis, companies can be compared to each other, which 
sheds new light on the competitive environment. Depending 
on the focus of the company, various types of interactions in 
the environment can be investigated.

The high information content and analysis potential of 
patents are the reason why many different advanced 

analysis approaches have been developed over time to gain 
more and better insights into the business environment. 
Aaldering et al. (2019) developed a patent-based approach, 
which aims to assist R&D efforts by predicting technological 
knowledge interaction trajectory. This approach uses the 
network analysis to identify and quantify links between 
interacting technological knowledge areas in form of IPC 
codes. Based on that analysis link prediction technique is 
used to predict emerging, decaying and changing relation 
between knowledge areas in the future. Aaldering and 
Song (2019) extended this approach by also analyzing the 
descriptive text passages of the patents. Descriptive parts 
of patents can define knowledge areas more precisely than 
IPC codes by using technical terms. Therefore, they could 
extract the exact application fields of different battery 
technologies such as vehicles, devices, energy storage and 
computers, whereby new findings about the trajectory of 
application-oriented research could be gained. While most 
of the technological information of patents is found in 
the texts, their analysis offers many new possibilities. For 
instance, Wang et al. 2010 applied text analysis methods 
to derive information about future trends from descriptive 
text. In contrast, Yoon et al. (2013) created a text analysis 
approach to build dynamic patent maps, which reveal 
information about competition trends and technological 
developments. Finally, patent analysis represents a highly 
researched field, since its diverse information content allows 
the application of many different methods. The popularity of 
this analysis also stems from the fact that the complexity 
is variable. As this article showed, patent analysis can be 
performed quite simply to obtain strategic information. 
However, by combining different complementary methods, 
the analysis can be made arbitrarily complex to obtain even 
deeper insights into the corporate environment.

5 Conclusion and limitations

Although we only scratched the surface of data science 
methods here, we were able to gain deep insights into 
various industries. These simple methods enabled us to 
quickly build up an understanding of developments in 
the industries. Thus, we were able to analyze the markets 
from different perspectives without much prior knowledge. 
One of the biggest advantages of data science is that 
once the methods were developed, they can be applied on 
every data set without much effort. This makes it easier to 
monitor developments in the patent landscape so that an 
understanding of the environment and potential changes 
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or respectively trends can be built. Also, companies can 
increase the quality of their decisions by leveraging data, 
as well as make strategic decisions with some foresight. 
Remarkable is that these knowledge could be derived by only 
analyzing patent data as information source. This means 
that important strategic information, which could grant 
competitive advantages is freely available for anyone. In 
addition, the simplicity and efficiency of patent analysis was 
made clear in this article. For these reasons, an awareness 
for the possibilities that arise from data science methods 
and the growing amount of free available data must be 
created in companies in order to understand the increasingly 
complex environment and to survive in the future.

Even though patents have been presented here as a 
valuable source of information, this type of data has certain 
limitations. It must be considered that not all inventions 
were applied as patents. Some are kept as company secrets 
because the inventors do not want to reveal their invention. 
Also, international differences in patent law hardens the 
comparison of patents from different places. This is also 
leading to a different acceptance of patent applications. 
At last, it must be considered that there is a delay in time 
between the application and the acceptance, which results in 
a distortion of the actuality. Despite these limitations patent 
analysis plays nowadays an important role for decision-
making in many companies, which will probably gain greater 
importance in the future. 
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