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Chapter 1 

Introduction: Innovation path of German biotechnology 

Mariia Shkolnykova 

Abstract 

This chapter provides the overview of the underlying dissertation. The subject of the 

dissertation are innovations that lead to industry transformation, based on the example of 

German biotechnology. First, the explanation for the choice of the field is provided along with 

the history of biotechnology in Germany and worldwide. Then, the comprehensive overview of 

the theoretical background as well as the conceptual framework of the dissertation is presented 

and the used methodology is described. Moreover, further chapters of the dissertation are 

presented, including research questions, hypotheses, used data and methods as well as the 

main results of each chapter. Then, the relation between the separate chapters is shown in 

order to present a holistic picture. Finally, general results as well as policy and managerial 

implications are presented.  

 

Keywords: innovation, biotechnology, development path, patents, evolutionary economics 

JEL classification: O31, O33, D85   
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1. Introduction 

When thinking about biotechnology, the connection to ‘technological revolution’ often is made 

(for example Bernauer and Meins 2003; Brooks 2005; Lokko et al. 2018). The term ‘green 

revolution’ is also affiliated with it, referring to the solutions and products biotechnology can 

provide to increase productivity and sustainability, especially in such fields as agriculture and 

medicine (Lokko et al. 2018). The results of biotechnology are thus expected to be of high 

significance for different sectors, from agriculture and agribusiness to manufacturing of fine 

chemicals (Lokko et al. 2018). 

Apart from that, the industry is well supported by policy-makers and the private sector (e.g. 

Parayil 2003). Many countries as well as international organizations have their own strategies 

for the development of biotechnology: For example, ‘Towards a Strategic Vision of Life 

Sciences and Biotechnology’ (2001) of the European Commission, ‘Canadian Biotechnology 

Strategy’ (1998), ‘National Industrial Biotechnology Strategy to 2030’ of the Industrial 

Biotechnology Leadership Forum (IBLF) in the United Kingdom or a number of funding 

initiatives of German officials (for example BioRegio competition). According to Web of 

Science, the number of papers with biotechnology as a topic increased continuously over the 

last decades (see figure 1). Especially since 2012/2013, the increase of articles on biotechnology 

is significant.  

 

 

Fig. 1 No. of papers on biotechnology topic*  

*source: Web of Science, retrieved on 12.01.2020 
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Biotechnology received its popularity in Germany not only due to various policy initiatives but 

also because of fulfilled prerequisites, like a strong pharmaceutical industry and research 

landscape. Therefore, the country became one of the world leaders in biotechnology. 

Irrespective of this, biotechnology, especially in Germany, also received criticism from 

different parties. The biggest problem is the neglect of environmental and societal aspects 

while prioritizing economic growth and focusing solely on the commercialization of products. 

(Bugge et al. 2016). Besides that, rates of drug creations with the help of biotechnological 

findings were less than expected, which shows a limited influence on drug development 

(Hopkins et al. 2007). Furthermore, restrictive legislation in some countries regarding 

genetically modified (GM) organisms led to constraints with respect to possible production 

and new product registrations (McCormick and Kautto 2013). As a result, the number of 

patents in German biotechnology, especially of small and medium enterprises (SMEs), 

dropped significantly. Many firms even exited the industry. 

Thus, the necessity to transform the industry by putting the emphasis on sustainability was 

recognized by different parties. Some of these changes were already reflected in the appearance 

of policy initiatives like “National Research Strategy BioEconomy” (2010) of the German 

Federal Ministry of Education and Research or “National Strategy Bioeconomy” of the Federal 

Government (2020). The cornerstones of both strategies are sustainability, meeting 

sustainable development goals (SDGs) and using ecological methods of production. According 

to “National Research Strategy BioEconomy 2030” (2010), especially plant biotechnology can 

serve as one of the pillars of this change towards sustainability. 

Therefore, I investigate whether the different stakeholders (corporations, SMEs, research 

institutions) already took up the challenges connected to these changes. Of special interest is 

the role of the SMEs in this transformation. 

This introductory chapter of the dissertation is organized as follows. Section 2 presents the 

history of biotechnology's emergence and development worldwide and for the special case of 

Germany. Also, the unique institutional framework, which was mainly responsible for the 

success of German biotechnology, is described. This sections ends with a discussion of current 

issues biotechnology is facing and a presentation of the research questions addressed in the 

remainder of this dissertation.  Section 3 describes the theoretical background of the 

dissertation which is based on evolutionary and neo-Schumpeterian economics. Furthermore, 

methods to analyze networks and processes of knowledge diffusion are introduced. This 

sections ends by putting the methodological concepts in relation with the research questions 

outlined in section 2. In section 4, an overview of the four remaining chapters of the 

dissertation is given. Their connection to each other is being explained. Section 5 shows 

limitations and policy implications of the dissertation and concludes. 
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2. The history of German biotechnology 

2.1 Definition and classification 

Although production of goods from renewable biological resources appears to be one of the 

oldest industries (McCormick and Kautto 2013), it is only recently that biotechnology received 

much attention as being strategically important for a green and sustainable development of the 

economy. Biological processes to produce goods, especially in the chemical industry, were 

widely applied already in the middle of the 19th century, when cotton was used in the 

production of plastic and later also for camera rolls (Richardson 2012). However, it was not 

until the second half of the 20th century that biotechnology became a global concern. As 

already stated, the number of papers, dealing with biotechnology, increased with time. Apart 

from that, as Hilgartner (2007) mentions, the term received 42 million hits in a Google search 

in 2007. 

There exist several ways of defining biotechnology across different international organizations 

and national committees. The common denominator of all definitions lies in the usage of living 

organisms in production processes. In this dissertation, the definition of the Organization for 

Economic Co-operation and Development (OECD) is used. According to OECD (2001) 

biotechnology is “the application of science and technology to living organisms, as well as parts, 

products and models thereof, to alter living or non-living materials for the production of 

knowledge, goods and services”.  

The field appeared with the necessity to replace fossil fuels with bio-based alternatives 

(Richardson 2012). Another important issue, which the field is dealing with, is global hunger 

and lack of resources in some regions. This is done with the help of increased supply through 

products that bring higher yields (Brooks 2005). Bio-based drug production and the creation 

of bio-pharmaceuticals are also connected to biotechnology (Hopkins et al. 2007). 

Biotechnology has a wide knowledge base, coming from fields like molecular biology, 

chemistry, biochemical engineering, microbiology, cell biology, computing and programming 

(UNIDO 1986). Thus, it can be said, that it is based on exploitation and recombination of 

already existing knowledge (Nesta and Dibiaggio 2003). However, the expected replacement 

of traditional industries did not occur. What happens is that biotech solutions are applied in 

industries, like biocatalysis or fermentation, by improving the processes therein (Nesta and 

Dibiaggio 2003). Moreover, advances in biotechnology can be used by other industries such as 

healthcare, where new organs can be rebuilt by using genetic material, or agriculture, where 
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genetically modified products can be grown. Biotechnology, therefore, possesses all properties 

of general purpose technology (GPT)1. 

As can be seen, biotechnology is a broad field, which cannot be described as one solution or 

process. Therefore, the classification of biotechnology was developed in the literature, which 

can be seen in Table 1 below. According to it, several sub-fields were included in biotechnology: 

white biotechnology (also known as industrial biotechnology) with enzymes and micro-

organisms used to produce bio-based products; grey biotechnology (initially part of white 

biotechnology) concentrates on environmental protection, e.g. from oil spills; green 

biotechnology relates to agriculture and usually is associated with genetically modified 

products; blue biotechnology connects to marine research; red biotechnology stands for 

medicine creation (McCormick and Kautto 2013).  

 

Tab. 1 Biotechnology classification 

Type Description Connections 

White Chemical processes replaced by biological ones with 

enzymes, ferments; 

Replacing fossil fuels with renewable resources 

Chemical engineering, computer 

science, food, pharma, 

bioengineering, paper 

Grey Focus on environmental protection; 

Biosewage, lowering CO2 emissions 

Environmental research 

Green Conquering global hunger; 

Increasing plant yield and productivity 

Agriculture, (cell) biology, 

bioengineering, farming 

Blue Marine; 

Aquatic applications 

Marine biology 

Red Bio-based drugs creation; 

Stem cells and nucleic acid-based therapeutics 

Health sector, pharmaceuticals 

Sources:  McCormick and Kautto (2013), Richardson (2012), Lokko et al. (2018), Hopkins et al. (2007), Brooks 

(2005) 

 

With time the parts of biotechnology become interconnected. It can especially be seen on the 

example of white, grey and green biotechnology, because of their concern with environmental 

issues as well as fossil fuels replacement (see Table 1). White and grey biotechnology, seen as 

a way to replace “dirty” chemical factories with more sustainable ways of production, works 

together with green biotechnology on creating a new generation of cellulosic biofuels 

(Richardson 2012). Apart from that, both white and green sub-fields are interconnected with 

red biotechnology, when health issues are concerned (Richardson 2012). 

                                                        

1 Bresnahan and Trajtenberg (1995) claim that GPT has three properties: pervasiveness (its usage in other sectors), 
potential for technical improvement (its advancement over time) and innovation complementarities (innovation of 
GPTs leads to the improvement of products and processes in connected sectors).  
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As can be seen, the long way of the field's development resulted in a wide structure. The initial 

steps of biotechnology are presented in the next subsection. 

2.2 Origins of the field 

The history of biotechnology as an industry goes back to the middle of the 20th century. Its 

dawn is strongly connected to the developments of genetic research. In 1953 the double helix 

structure of DNA molecules was revealed by Watson and Crick, followed by several protein-

related discoveries (Aguilar et al. 2013). In 1969 the molecular form of the gene was isolated 

from a bacterium by Shapiro et al. (Aguilar et al. 2013) and in 1973 the r-DNA technique was 

invented, followed by the first biotechnological patent application in 1974 by Cohen and Boyer. 

(Parayil 2003).  

The possibility of biotech patenting, however, was disputed because of their biological nature. 

Several court decisions brought the solution to this problem. The pioneering decision in 

Europe belongs to the German Federal Court with relation to cyclic decapeptide found in green 

amanita fungus. The reason why the invention appeared to be patentable according to the court 

lies in its technical applicability (Straus 2017). Other courts in different countries followed this 

decision. The guidelines of the European Patent Office, created in the 1980s, allowed gen-

related patenting (Straus 2017). 

This wave of biotechnological inventions was supported by different stakeholders from 

industry, policy and research side. The first biotechnology company Genentech was founded 

in 1976 in the USA by Boyer together with investor Swanson. It was followed by a number of 

other biotech corporations, for example Biogen (1978) or Amgen (1980), mostly in the USA. 

These firms, however, did not show profitability for the next thirty years (Birch 2017), taking 

the risks and costs of biotechnology production. 

 The interest in and concern about biotechnology was also seen in the research landscape. This 

was reflected by the conference of the British Society for Social Responsibility in Science in 

1970 and the Asilomar Conference in 1975, which dealt with the regulation of biotechnology, 

thus, talking not only about its opportunities, but also its risks (Aguilar et al. 2013). The time 

was marked by the establishment of several laboratories for biotechnology and biology in the 

USA as well as in Europe (CERN in Geneva or European Molecular Biology Laboratory in 

Heidelberg) (Aguilar et al. 2013). 

Apart from that, the further development of biotechnology was promoted by policy initiatives. 

The first funded program was created in Germany in 1972 but resulted unsuccessful 

(Adelberger 2000). The wave of the funding initiatives in Europe started in the 1980s. The 

“Biomolecular Engineering Programme (BEP)” was initialized by the European Commission 

in 1982 and focused on bioreactors and genetic engineering in agriculture. The “Biotechnology 
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Action Programme”, active from 1985 to 1989, boosted research in different biotech areas 

(Aguilar et al. 2013). In Germany, the biotechnology and molecular biology program was 

initiated in 1985 (Adelberger 2000). 

Figure 2 presents the number of research articles per country from 1980 to 1989, visualized on 

the world map. As can be seen, most of the research was done in the USA and Canada. In 

Europe the country with the highest research activity was the United Kingdom, which was also 

the origin of most of the scientific activities, described above. Germany and France show 

medium research activity in biotechnology in the 1980s. It is worth mentioning, that the 

Federal Republic of Germany appeared to be three times more productive with respect to 

research articles than the German Democratic Republic. Outside of Europe research activity in 

the field of biotechnology was especially high in the Republic of India, Japan and Australia. 

The reason for that may lie in their strong pharmaceutical industry. 

 

Fig. 2 Number of biotech research articles per country in 1980-1989* 

*source: Web of Science, retrieved on 30.03.2020; world map as in 1990 

 

Apart from mediocre research activities, in 1980s Germany was completely missing dedicated 

biotechnology firms, which perform preliminary activities in the field. Besides that, start-up 

activities in the field were held on a low level: even when having innovative ideas, 

entrepreneurs were hesitant to found a firm because of the lack of financial support 

(Adelberger 2000; Casper et al. 1999). This was also negatively underlined by the fact, that 

such big corporations as Hoechst or Bayer preferred to put their investments for biotechnology 

development rather outside of Germany (Adelberger 2000).  
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The legislation in Germany was also not supporting biotechnology-related activities. There 

existed no central regulation regarding genetic engineering – the responsibility was placed on 

regional authorities that did not have a unified strategy and were highly politically driven 

(Kaiser and Prange 2004).  

At the end of the 1980s, the biotech industry in Germany was in such an adverse situation that 

the government decided to take measures. The following subsection will explain this approach, 

which made German biotechnology world leading in just a few years.  

2.3 Institutional framework  

There are several factors, which influenced the rapid development of German biotechnology. 

These factors can be better understood, when discussed in the context of institutions. Broadly 

speaking, institutions can be defined as the “rules of the game”, which society follows (North 

1990). Furthermore, different views on this term came up, including a game theoretic approach 

(equilibrium-based) or philosophical conceptualization, that sees institutions as the set of 

constructive rules, that assign functions to things (for example with their help a piece of paper 

becomes valuable money) (Hindriks and Guala 2015). Scientists distinguish between formal 

(codified rules) and informal (shared values, culture, noncodified standards) institutions (for 

example Holmes et al. 2013). 

Thus, it can be seen that many facets can be hidden under the title ‘institutional framework’. 

Therefore, in this section the focus lies on three aspects, which, based on my literature review, 

I consider the most important for German biotechnology. These are: the legal framework, 

especially with regards to genetic engineering; the industry and research community, which 

existed in the time of biotechnology's initialization; and the funding system, presented by 

ministries that launched initiatives aimed at developing German biotechnology.  

Legislation 

The introduction of unified laws was an important step on the way to biotechnology's 

advancement. As already discussed, the biotechnology-related legislation in Germany was in 

the beginning mostly regional. The first version of genetic engineering law on federal level was 

created in 1989, being rather restrictive and badly accepted from different sides. After realizing 

the 'lagging-behind-situation' of German biotechnology, the legislation was modified and 

eased in 1993 (Adelberger 2000).  

Apart from this, several directives were created on European level. In the beginning of the 

1990s directives by the European Commission regarding genetically modified organisms 

appeared and were further amended twice during that decade. This was followed by legislation 

regarding authorization of medical products on the European Union (EU) level in 1995 (Kaiser 
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and Prange 2004). Furthermore, in 1998 the EU directive on the legal protection of 

biotechnological inventions appeared, which put an end to the discussion on the possibility to 

patent inventions of biotechnological origin (Straus 2017). 

Among other factors, relaxed legislation provided the initial boost to biotechnology, as it gave 

green light for experimental research. This caused discussion about the ethical sides of 

research on genetically modified organisms. As a result, new restrictions of the law followed. 

Already in 2001 regulations appeared on the EU level, which restricted the approval 

procedures for GM products (Bernauer and Meins 2003).  Generally, Germany complied with 

EU legislation, which became more and more limiting with regards to GM organisms: since 

2009 no GM plants were cultivated and since 2013 experimental planting stopped (Palmer 

2014). 

It is important to say that restrictions mostly concerned green biotechnology. With regards to 

the pharmaceutical, red biotechnology the EU regulations do not differ much from the US ones 

(Székács 2017). Thus, after the change of the legislation there was a need for some firms to 

either change their profile or move their production to a different region, if their size and 

financial background allowed to do so.  Whereas the first option could lead existing firms 

towards sustainability and innovative production, the second option could have negative 

impact on German biotechnology by shifting the investments outside the country, as it already 

happened in the 1980s.  

Existing industry and research framework 

Even before changes in legislation were made, Germany had had good preconditions to be 

among the world leaders in the field of biotechnology. There are strong adjacent industries 

(e.g. pharmaceutical or chemical industry) as well as numerous active research institutions 

available.  

In the 1990s large German pharmaceutical and chemical firms (e.g. Bayer, Hoechst) came back 

to investing in local start-ups as well as building alliances with German SMEs and financing 

new drug development (Casper et al. 1999). Probably, the most successful biotechnology firm 

in that time was Qiagen, which grew from just a few employees in the beginning of 1990s to 

more than 700 at the end of that decade (Casper et al. 1999). 

Furthermore, many emerging start-ups were financed with the help of venture capital 

investors, in particular private ones (Adelberger 2000). Müller (2002) outlined some of the 

biggest investments: Metagen, Berlin (€55 million, spin-out of Schering AG); Ingenium, 

Munich (€46 million); Morphochem, Munich (€40 million). These statistics date back to the 

year 2000. As Kahl (2015) reports, using the statistics from Ernst and Young (2011), in the 

same year the growth rate of investments in biotechnology in Europe was almost two times 
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higher than that in the USA. Furthermore, according to BIOCOM AG (2006), 44% of dedicated 

biotechnology firms in 2005 were financed with the help of venture capital. 

Besides that, research infrastructure, consisting of both universities and research institutions, 

also helped to establish German biotechnology. Research institutions are represented by the 

big network of Fraunhofer Society institutions, Max Planck Society institutions, Leibniz 

Association units and Helmholtz Association, as well as smaller institutes. Bio-related 

institutes as well as chairs and faculties are functioning at universities. According to BIOCOM 

AG, 701 research units were active in biotechnology in Germany2. This number remains 

relatively stable over time: in 2000 754 units were registered and in 2012 this number was 

equal to 742. 

Institutions play an important role not only by performing research themselves, but also by 

providing facilities for start-ups (e.g. laboratory space and consulting services). No wonder that 

technological parks and biotechnology centers are mostly located in geographical proximity to 

research institutions, especially to Max Planck institutes (Casper et al. 1999). 

Furthermore, universities are the source of future biotechnology leaders. Some PhD students 

and postdocs switch into the industry by either working for a large company3, entering in a 

small one or even founding their own firm. Furthermore, observing existing trends, some 

universities introduced bioinformatics chairs and bioinformatics major (Müller 2002). 

Funding opportunities 

Seeing the future in biotechnological development, the German government as well as the 

European Union have introduced several initiatives in order to support it. In the beginning till 

the middle of the 1990s – there existed a large number of initiatives on different levels: from 

BRIDGE4, Biotech, Biotech II5 by the European Commission and European Union to the 

initiatives of  authorities of the federal states, for example in North Rhine-Westphalia, 

Mecklenburg-Western Pomerania, Bavaria and Baden-Württemberg (Kaiser and Prange 

2004). The former type of programs was geographically too broad and the latter too narrow to 

conclude their direct influence on the emergence of German biotechnology. Therefore, the 

focus in this paper lies on the main6 funding initiatives, created and conducted on the level of 

the whole country.  

                                                        

2 On the level of the chair in the case of universities and institute in the case of research institutions. 
3 Which were downsized due to some mergers (Müller 2002). 
4 Overarching program, which included funding of research of different biotech-related research initiatives as well 
as structural bottleneck eliminations. 
5 Financing of projects of biotechnology laboratories, from both industry and research, in different biotechnology 
fields. 
6 Based on the frequency of their appearance in the literature. 
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The BioRegio competition received the most attention from stakeholders. The program was 

initialized by the Federal Ministry of Education and Research (BMBF) in 1995. It focused on 

creating innovative clusters, following the example of the USA. 17 regions were taking part in 

the competition and had to show, how their infrastructure is suitable for future biotechnology 

establishments (Kaiser and Prange 2004). The decision on whom to fund was based on 

complex factors, including presence of research infrastructure, existing companies as well as 

readiness of banks and private investors to provide financial support (Müller 2002). As a 

result, four regions were funded: BioRegio Munich, BioRegio Rhineland, also known as “Bio-

River”, with its center in Cologne, BioRegio Rhine-Neckar with center in Heidelberg, and 

BioRegio Jena, which was added through special vote. The funding of this initiative was 

provided during the period from 1997 to 2005. Other 13 regions continued to develop their 

strategies using different funding sources (Müller 2002). 

The BioRegio competition is seen by many researchers as the pivot in the history of German 

biotechnology. Through the motivation to participate in the competition, networks between 

different actors were created: big corporations, dedicated SMEs and research institutions 

cooperated between themselves as well as with local governments, which became more 

collaborative (Adelberger 2000; Kaiser and Prange 2004). The number of dedicated 

biotechnology firms also grew significantly: in the first year of funding 150 new firms appeared 

(Adelberger 2000). 

Several other initiatives were introduced by the federal government in order to boost 

biotechnology in Germany. Thus, BMBF initiated the BioFuture program as a platform to 

support young scientists (Müller 2002). In 1998 out of 1400 researchers, involved in 

investigating a broad range of biotechnology-related topics, only 51 were chosen for funding. 

This funding lasted until 2010, with the overall sum of 75 Million Euro invested. (Projektträger 

Jülich 2005). Another initiative was BioProfile. It was aimed at regions, specialized in specific 

fields inside biotechnology, for example bioinformatics (Müller 2002). Apart from that, the 

BioChance program (1999-2003) was created by BMBF in order to support biotechnology 

SMEs. The second round of the program, BioChance Plus, followed in the period from 2004 to 

2007. In the second period it supported not only to the field of biotechnology, but also  the 

more sustainability-oriented bioeconomy7 and was connected to the “National Research 

Strategy BioEconomy 2030” (BMBF).  

                                                        

7 There is still no unified definition for bioeconomy in the literature. Here the definition of the European 

Commission (2012) is used: “Bioeconomy is the production of renewable biological resources and the conversion of 

these resources and waste streams into value added products, such as food, feed, bio-based products and bioenergy. 

Its sectors and industries have strong innovation potential due to their use of a wide range of sciences, enabling and 

industrial technologies, along with local and tacit knowledge." 
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Fig. 3 Number of biotech research articles per country in 1997-2006* 

*source: Web of Science, retrieved on 30.03.2020; world map as in 2007 

 

Thus, it can be seen, that the development of biotechnology in Germany was pushed by policy 

initiatives. They brought not only rapid increase in the number of dedicated biotechnology 

firms, but also boosted research. Figure 3 shows the number of research articles per country 

for the period from 1997 to 2006, the time span when most projects were run.  As can be seen, 

although the USA still held the leading position in biotechnology research, Germany along with 

the UK became leader in Europe. 

However, it is important to mention that biotechnology initiatives ended mostly in the middle 

till the end of the 2000s. In the 2010s the funding programs became more sustainability and 

ecology oriented. After the appearance of “National Research Strategy BioEconomy 2030” by 

the BMBF, the term “bioeconomy” was slowly replacing “biotechnology” in program 

descriptions. This gave existing firms a new spin for development and motivated new ones to 

join. 

2.4 Main actors  

As mentioned above, biotechnology in Germany was initiated around the mid 90s. Because of 

the existing infrastructure and policy support, it is geographically concentrated. Fornahl et al. 

(2011) recognized seven regions in Germany that are especially active in biotechnology. Most 

of these regions are located in the west and south of the country (apart from Hamburg and 

Berlin).  

The data from BIOCOM AG also shows that the statistics of number of firms per federal state 

remains stable over time. Four federal states – Baden-Württemberg, Bavaria, Berlin and North 
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Rhine-Westphalia – had the largest number of biotechnology firms in 1996 as well as in 2016. 

The highest development rate can be seen in Bavaria: whereas in 1996 it was behind the other 

leading regions, in 2016 the region ranked first regarding the number of firms and had the 

most biotech employees together with North Rhine-Westphalia. The reason for the high 

number of employees in North Rhine-Westphalia can be explained by the presence of large 

corporations: Qiagen with around 1400 employees and Miltenyi Biotech with more than 1000 

employees (Mietzsch 2016). 

The structure of the field also remained relatively stable over time. In 2016 about half of the 

biotechnology firms were involved in medical (red) biotechnology, around 10% were working 

in the field of industrial (white) biotechnology, around 5% of the firms were engaged in 

bioinformatics and around 3% were identified as agrobiotech firms (Mietzsch 2016). Ten years 

before, in 2006, there were twice as many agrobiotech firms. Medical-related firms accounted 

for 43% of all actors in the industry. This trend can be seen as both, the answer to the 

restrictions with regard to GM crops as well as the reaction of the firms to the international 

challenge of finding a cure for cancer or different viral infections and immune diseases.  

With regard to the sphere of activities, most of the firms (more than 85%) are involved in 

research activities, around 63% are engaged in product and process development as well as 

services, whereas less than half (45%) are engaged in production8 (Mietzsch 2007). Service 

orientation is especially popular among SMEs acquired by larger firms (Kahl 2015). 

Pharmaceutical biotechnology is also service oriented (Mietzsch 2016).  

German biotechnology is dominated by SMEs. According to BIOCOM AG, only around 1-2% 

of the firms have more than 250 employees (Mietzsch 2007; Mietzsch 2016). Even when 

eliminating direct subsidiaries from these statistics, SMEs account for around 80% of all firms. 

The biggest biotech firms are the already mentioned Qiagen and Milentyi Biotech, as well as 

Rentschler Biopharma (700 employees in 2016 according to BIOCOM AG). Qiagen, which was 

the first German biotechnology company listed at the stock market, started by producing 

testing kits, which would help to ease the process of DNA filtration. At the end of the 1990s it 

was almost a monopolist in this field (Casper et al. 1999). Now the firm performs a wide 

spectrum of activities, including molecular diagnostics and bioinformatics. It is also involved 

in research, concerned especially with the areas of DNA, RNA, and proteins. Other big 

biotechnology firms in Germany are Evotec AG (431 employees9), R-Biopharm AG (400 

employees9), MorphoSys AG (360 employees9) and CureVac AG (295 employees9), which all 

                                                        

8 Multiple choice was possible here. 
9 According to BIOCOM AG Data, state: 2016. 
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work in red biotechnology. Eurofins Genomics (330 employees9) operates in the field of DNA 

sequencing and bioinformatics. 

Apart from big biotech corporations, pharma and chemistry firms impact the field, for example 

the already mentioned Bayer and Hoechst as well as the chemical corporation BASF. These 

firms not only produce biotech products and perform biotech-related research, but also 

participate in different types of alliances (Kaiser and Prange 2004). 

Nevertheless, SMEs still remain largest group within German biotechnology with respect to 

the number of the firms. Now that the industry is well on its way and the initial help with 

funding subsides, it becomes harder for new SMEs to enter the market and for existing SMEs 

to survive. High-tech industries in general, and biotechnology in particular, is connected to 

high risk and investment. For example, the development of medicine can take up to fifteen 

years and cost up to three billion Euros (Mietzsch 2016). Not all SMEs can take these costs. 

Stand-alone firms need to specialize and distinguish themselves from competitors. 

Therefore, mergers and acquisitions (M&A) happen often in biotechnology. SMEs can be 

acquired by firms both inside and outside of Germany. In the period from 2000 to 2001 already 

18 acquisitions were taking place (Kaiser and Prange 2004). After 10 years, in the period from 

2010 to 2011, this number was equal to 17 (Mietzsch 2012; Mietzsch 2013) showing, thus, a 

stable trend. Usually, an acquisition means success for a biotech SME. It also often makes 

SMEs change their business model from production to hybrid models, which includes not only 

own production, but also connection to other firms through offering services, or even to service 

ones. It also gives them the chance to develop their network (Kahl 2015).  

Besides that, both biotech and non-biotech corporations are important collaboration partners 

for SMEs. As of 2014/2015 more than 2000 cooperation contracts were signed, ¼ of which 

were performed with research institutions. Furthermore, almost every forth cooperation was 

performed between two dedicated biotechnology firms. Collaborations with firms from other 

industries, especially pharma, were also quite often seen: for example, MorphoSys with Merck 

or Curevac with Boehringer Ingelheim (Mietzsch 2016). 

2.5 Critique and unresolved issues 

As was shown above, much was done on various levels in order to create and develop German 

biotechnology. The data from the end of the 1990s through the beginning of the 2000s shows 

the initial success of the initiatives. However, the end of funding as well as changes in the 

legislation led to ambiguous results for the industry. On the one hand, number of research 

articles on biotech continued to grow and Germany became the leading European country in 

this respect (according to Web of Science, see figure 4), exceeding the number of papers 

assigned by the UK.  
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Fig. 4 Number of biotech research articles per country in 2007-2016* 

*source: Web of Science, retrieved on 30.03.2020; world map as in 2017 

 

On the other hand, the legal barriers and restrictions were too intense for the further 

development of technology and the commercialization of inventions. Thus, patent statistics for 

German biotechnology shows a decrease of patent applications.  

Figure 5 shows the statistics of biotechnology patent applications10, where at least one 

applicant or inventor is German, in national, European, and international patent offices. It 

depicts a constant downward trend, starting already in the beginning of the 2000s.  

 

                                                        

10 Identified as those, which have at least one technology class, which is considered as biotechnology one according 

to OECD (2009) or WIPO (2008), or Eurostat indicators on High-tech industry and Knowledge: A01 H1/00, A01 

H4/00, A61 K38 /00, A61 K39 /00, A61 K48 /00, C02 F3/34, C07 G, C07 K, C12 M, C12 N, C12 P, C12 Q, C12 R, 

C12 S, G01 N27 /327, G01 N33 / (53 *, 54 *, 55 *, 57 *, 68 ,74 ,76 ,78 ,88 ,92) as well as later added C40B 40/00 - 

50/18, C40B 70/00 - 80/00, C40B 10/00.  In order to eliminate double counts patents are count based on the 

family level (docdb_family_id). 
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Fig. 5 Number of German biotechnology patent application based on earliest filing year* 

*source: PATSTAT 2017 Autumn Edition, retrieved on 05.04.2020 

 

In addition, expected development rates of biodrugs were not reached, which discouraged 

some firms from further attempts and changed their activity from drug development to service 

orientation, e.g. support during testing or producing testing kits (Nightingale and Martin 

2004; Kahl 2015). Besides that, firms, with apt financial opportunities (mostly big 

corporations), tend to put operations and apply for patents in countries with less restrictive 

legislation. The ones, that stay (mostly SMEs) need to face the challenge of finding a position 

inside the developing and changing field.  

The figure 5 shows that this change was relatively successful, as in the end of the 2000s to the 

beginning of the 2010s the number of patents increased again. One reason for this could be the 

newly raised interest in biotechnology playing a role in the transition towards sustainability. 

Another reason could lie in advancements of medical biotechnology with clinical trials for new 

drugs. 

Figure 6 presents the most popular technological classes of German biotech patents over time. 

According to this statistics, German biotechnology is still dependent on GM products, both in 

the agricultural and pharmaceutical sector.  Most of the popular technological classes remain 

stable over time but some important changes can be observed. The classes that are present in 

figure 6a) but don't show up in 6b) anymore are: are C12N 9 - “Enzymes, e.g. ligases (6.); 

Proenzymes; Compositions thereof” and C12N 5 - “Undifferentiated human, animal or plant 

cells, e.g. cell lines; Tissues; Cultivation or maintenance thereof; Culture media therefor”. 

Especially the absence of class C12N 5 in the second period shows the impact of ethical issues 

on biotechnology. On the other hand, present in the 2nd period but not before are technology 

classes C12M 1 (“Apparatus for enzymology or microbiology”) and C07K 16 
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(“Immunoglobulins, e.g. monoclonal or polyclonal antibodies”).  The latter patent classes 

indicate a growing importance of research and laboratory experimentation for the field11. 

 

 

 

 

 

a Technological classes,  1997-2006 b  Technological classes, 2007-2016 

Fig. 6 Technological fields of German biotechnology* 

*source: PATSTAT 2017 Autumn Edition, retrieved on 05.04.2020 

 

Some authors claim that the reason for the downturn in number of patent applications in the 

mid 2000s, shown by the figure 5, lies in the German institutional framework, which is rather 

suited for incremental than for high-risk innovations: for example, workers in Germany tend 

to prefer long-term contracts. Also, banks in Germany are specialized in low-risk financing and 

often try to avoid risky financing (Casper et al. 1999). Especially when registration rates of new 

biodrugs were lower as expected and the impact of biotechnology on this process resulted far 

more limited than promised (Hopkins et al. 2007), banks turned away from investing in and 

providing credits to biotech firms, in particular SMEs.  

In general, SMEs are facing a difficult situation in modern biotechnology. As Graf and Broekel 

(2020) found out, funding (such as through the BioRegio Initiative) had an influence on the 

innovative performance of firms only during the funding period. As a result, many SMEs had 

to leave the market after the funding ended: from 2005 to 2010 58 firms claimed bankruptcy 

and 23 became inactive (Ernst and Young 2011). Some of the most successful and profitable 

SMEs were acquired by pharmaceutical or biotechnological corporations (Häussler 2007).  The 

ones who stayed and were not acquired, had to compete with large corporations (Zidorn and 

                                                        

11 Classes, important for both periods, are: C12N 15 - “Mutation or genetic engineering…”; C12Q 1 - “Measuring or 

testing processes involving enzymes, nucleic acids or microorganisms”; G01N 33 – “Investigating or analysing 

materials by specific methods”; C07K 14 - “Peptides having more than 20 amino acids; Gastrins; Somatostatins; 

Melanotropins; Derivatives thereof”; A61K 38 – “Medicinal preparations containing peptides”. 
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Wagner 2012). This was done by creating unique products or offering unique services. They 

also had to find new sources of investment: venture capital funds, private investors or 

governmental funding. Recent statistics show their possible success: during the period 

2015/2016 only 11 firms became insolvent, whereas a positive trend was observed with regards 

to the number of employees and revenues (Ernst and Young 2017). 

The issues discussed above outline some fundamental problems regarding the development of 

biotechnology, which are not yet answered neither in the literature nor in specialized 

biotechnology reports. Therefore, I came up with the following research questions which will 

be addressed in this dissertation. 

Are most of the biotech SMEs on the verge of disappearance? Does a transition of these firms 

towards sustainability enhance their success? Is there potential for radical innovation in their 

portfolio? What role do different characteristics, such as location and technological profile play 

in the success of the still existing SMEs?  

In regards to the transition to bioeconomy the following question seems interesting: Do biotech 

SMEs contribute knowledge to meet sustainable development goals? 

Finally, the importance of science and research institutions for biotech development calls for 

the following research question: what role do institutes and universities play in pushing both 

science and technology?  

 

3. Conceptual framework of biotechnology analysis  

3.1 Theoretical foundation of this dissertation 

Methodologically the base of this dissertation lies in the sphere of evolutionary and neo-

Schumpeterian economics. I chose this approach because the dissertation is investigating how 

the process of innovation takes place inside the firm's or industry's boundaries for the case of 

biotechnology. A new invention never comes “out of the blue”, but is based on the knowledge, 

that a firm accumulated over time. 

 Schumpeter (1939) defined entrepreneurial innovation as the main driver of economic 

transformation and development. By focusing on entrepreneurship as a necessary condition 

for innovation, Schumpeterian theory is not focusing directly on the process of knowledge and 

innovation creation itself (Witt 2008). This stream of economics also was inspired by a time-

relevant debate about the future of capitalism (Witt 2008).  

In evolutionary economics the emphasis is put on innovativeness as the main factor of 

economic and productivity growth. Here the processes that happen within the economy in 
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general and within the firm or industry in particular are put in the center of the discussion 

(Witt 2006). Evolutionary economics received its name from biological terms (especially 

evolutionary biology) used for describing economic processes, happening within (and 

between) firms (Witt 2008).  

Nelson and Winter (1982) have combined the Schumpeterian ideas with the Darwinian 

implications of evolutionary economics in so-called neo-Schumpeterian economics. This 

school of thought puts emphasis not on price constraint, but on the removing of these 

constraints with the help of economic development through innovation (Hanusch and Pyka 

2007). Darwinian theory of evolution is translated to the firm’s or institution’s development 

process. Firms’ routines are looked at as biological genotypes, whereas resulting decisions are 

seen as phenotypes (observable characteristics, influenced by both the intrinsic genotype and 

the environment). Over time firms learn, which decisions lead to success and therefore the 

number of such ‘genes’ in the industry increases, whereas ‘unsuccessful genes’ do not multiply 

(Witt 2008).  

 Although the usage of Darwinian terms and metaphors for economic analysis was criticized 

by some authors, all schools of economic thought, related to evolutionary economics, outline 

the importance of knowledge search and selection process as well as admit that selection 

process happens on different levels of analysis: micro (firms), meso (networks and 

collaborations) and macro (the whole economic system) (Malerba 2002; Witt 2008; Kudic et 

al. 2012). 

The outcome of learning processes cannot be known ex-ante and is prone to uncertainty at 

each stage: actors have to be open to future developments and to learning and communicating 

(Hanusch and Pyka 2007). Thus, an important feature of the evolutionary and neo-

Schumpeterian school of thought lies also in the characteristics of economic actors themselves. 

These actors differ substantially from what is usual for neoclassical economics: they are 

bounded-rational and are operating in uncertain and complex environments. (Hanusch and 

Pyka 2007). It means, that knowledge, being an “individual’s state of mind” cannot be 

transferred without modification (Ramlogan and Consoli 2008). Therefore, actors can only try 

to make the best decisions based on the available knowledge.  

Neo-Schumpeterian economics don't rely on a ‘representative agent’, which is typical for neo-

classical economics. Instead, the heterogeneity of actors is taken into account. Different 

competencies and capabilities of workers and companies, as well as varying maturity rates of 

industries are being considered (Hanusch and Pyka 2007). 

Knowledge, in this case, also has a particular character. It may vary regarding the level of 

complexity. This level of complexity depends on the number of disciplines, which serve as base 

of the analysis, as well as integrated R&D activities or manufacturing and engineering 
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equipment needed for production (Malerba and Orsenigo 1997). In the scope of neo-

Schumpeterian economics, complex knowledge builds a cornerstone, instead of simply being 

treated as a public good, which is normally assumed according to neo-classical view (Hanusch 

and Pyka 2007). 

 Apart from that, knowledge is cumulatively created over time by the collective effort of all 

interested actors, especially through network relationships. Thus, it cannot be said that 

inventions happen independently of each other. On the contrary, the present events or present 

innovations are dependent on the past developments. Therefore, innovation processes are 

considered to be path-dependent (Gluecker 2007, David 1985).  

When a particular technology develops in path-dependent manner over a chain of historical 

events, the situation of a “lock-in” may happen (Gluecker 2007). This means when one 

technology is established, it may be hard to switch to another one (David 1985; Arthur 1989). 

The caveat here is that, because of uncertainty, it is usually hard to measure ex ante, which 

technology is the winning one (Dosi and Nelson, 1994). As a result, the dominant arrangement 

may not be the most efficient one, as in the examples of petrol cars or QWERTY keyboards 

(Arthur 1989). 

Combining the cumulative and path-dependent character of knowledge with the uncertainty 

and complexity, research either focuses on the next steps along existing knowledge paths or on 

the processes of its potential destruction or de-locking (Glueckler 2007).  

Thus, a technological paradigm has been established that shows a collective way of innovation 

search and a pattern for technological change (Dosi 1982; Dosi et al. 1988). Technological 

trajectories then are ‘tracks’ within this paradigm, with different technologies running along 

different tracks of development (Dosi and Nelson 1994). Whenever the development happens 

along the trajectory it is called incremental development. Thus, with the help of technological 

trajectories one can follow developments over long periods of time (Nomaler and Verspagen 

2016).  However, sometimes an existing paradigm gets broken or disrupted through so-called 

radical innovation, which completely changes field routines. A sequence of interrelated radical 

innovations is a technological revolution (Perez 2010). 

In this respect, I want to mention the 'Schumpeter Mark I and Mark II', which are known as 

'widening' or 'creative destruction' and 'deepening' or 'creative accumulation' (Malerba and 

Orsenigo 1997; Breschi et al. 2000; Malerba 2002). Creative destruction is usually happening 

at the initial stages of industry development, when the entry barriers to the industry are rather 

low (Malerba and Orsenigo 1997). New entrepreneurs coming to an industry can disrupt the 

current technologies and challenge even big and established firms with new products (Breschi 

et al. 2000). These industries may either complement or substitute existing ones. 
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Creative accumulation, on the other hand, is typical in the situation of a mature industry, where 

entry barriers are higher and the industry development path is defined (Malerba and Orsenigo 

1997; Malerba 2002). In this case, knowledge has a cumulative character and the mutual 

learning of the firms is important (Breschi et al. 2000). In some cases of industry development, 

a deepening pattern can be replaced by a widening one, when new technology or new solutions 

replace existing ones (Malerba 2002). Thus, for an innovative environment the recombination 

as well as the local search of knowledge can be important (Fleming 2001). 

Hence, according to Hanusch and Pyka (2007), the main assumptions of evolutionary and 

Neo-Schumpeterian economics can be summarized in three points: 1) qualitative changes on 

all levels of the economy, which require removing status quo constraints and fostering 

development under new conditions; 2) non-stable character of changes –  steady development 

is followed by radical changes; 3) feedback effect as the result of these changes. 

3.2 Knowledge creation and diffusion process  

Knowledge is the central concept of the neo-Schumpeterian economics. The process of 

knowledge creation, development and diffusion depends on several characteristics, apart from 

the already discussed complexity. In this sub-chapter the characteristics of knowledge, its types 

as well as the factors influencing the speed and success of its transmission, are described in 

greater detail. 

As already mentioned, evolutionary economics doesn't look at the economy as a snapshot or 

collection of snapshots of reality, but rather as a dynamic process. Knowledge, as the set of 

organizational routines and teachings from decision-making processes, also develops with 

time. In this sense two forms of knowledge may be observed: 1) knowledge harnessed within 

the unit of analysis12 through the utilization of acquired information; 2) knowledge shared 

between units of analysis and thus extending the knowledge base of each of the units (Howells 

2002). In the latter case, however, the resulting knowledge stock cannot be seen as the sum of 

the units' knowledge: it depends on the possibility of the individual to learn (Howells 2002). 

Also, due to the bounded rationality and individuality (‘privacy’) of knowledge, units of analysis 

cannot completely absorb knowledge (Howells 2002; Ramlogan and Consoli 2008). 

Here it is important to distinguish between intended and unintended knowledge transmission. 

Intended knowledge transfer happens when a unit of analysis planned to share knowledge. 

This may happen through existing contractual or partner relations, in other words, through 

networks. Thus, this form of knowledge diffusion is happening mostly through formal ties.  

                                                        

12 Depending on a research goal it may be an individual or firm, region or even the whole country. 
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Unintended spillovers occur when firms cannot prevent sharing and do not deliberately 

transfer the knowledge: e.g. through the rotation of employees or through communication on 

workshops and conferences (Howells 2002; Döring and Schnellenbach 2006).  

Depending on the research focus, knowledge externalities can be investigated on different 

levels: 1) individual level (across employees of the firm, either members of one team who 

cooperate or members of competing teams or companies, who receive the knowledge 

unintentionally); 2) enterprise level (across companies, either through cooperation or 

unintentionally through a knowledge spillover process described above); 3) global level (across 

nations, for example through a process of reverse engineering) (Fallah and Ibrahim 2004). 

How the transfer occurs depends on the type of knowledge in question. Knowledge can be 

explicit or tacit. In the case of explicit knowledge, transfer can occur through formal language 

without specific experience required, for example through company reporting or an operating 

manual (Howells 2002). In some cases, organizations try to prevent their explicit knowledge 

from being copied, for example via patent protection. 

The term 'tacit knowledge' was first introduced by Polaniy (1966; 1967). Tacit knowledge 

cannot be easily formalized and transferred over verbal communication (Döring and 

Schnellenbach 2006). Rather, it is transmitted face-to-face through a learning process. 

Additionally, tacit knowledge often happens in the form of unconscious learning and requires 

some kind of “scientific intuition” regarding the field of knowledge (Howells 2002). 

Tacit knowledge is sometimes divided into several types. In case of “socio-cultural” tacit 

knowledge it can be accessed only by a particular cultural or social group. “Semantic” tacit 

knowledge is normally belonging to a specific professional group, whereas “sagacious” tacit 

knowledge can be seen as a form of “scientific discovery” (Castillo 2002, Fallah and Ibrahim 

2004). “Non-epistle” type of tacit knowledge in its turn reflects the situation, when it appears 

so to say “in the head” of the knowledge owner. It is therefore an individual type. It can be 

acquired or externalized by the process of learning (Fallah and Ibrahim 2004). 

In the literature it is often stated, that in the view of Polaniy explicit and tacit knowledge should 

not be opposed to each other. They should rather be seen as a “continuum”, ranging from 

completely explicit to completely tacit knowledge. In this sense, the fewer of the knowledge can 

be put in words, the more difficult it is for other individuals to acquire it (Howells 2002).  This 

continuity of knowledge types is visualized in figure 7. With time the type of knowledge can be 

changed. On the one hand, as soon as the knowledge gets ‘accessed’ by its recipients and is 

turned into words, it cannot be seen as tacit any longer. Here the intermediate stage may be 

seen, where knowledge still cannot be put in words, however, is expressed in emotions or tone 

of voice (Ibrahim et al. 2008). On the other hand, the opposite may also happen: already 
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accessed knowledge develops further and gets new features, which make it non-codified again. 

This process is also known as internalization (Ibrahim et al. 2008; Fallah and Ibrahim 2004). 

 

 

 

 

Fig. 7 Knowledge types and internalization process* 

*source: based on Fallah and Ibrahim (2004); Ibrahim (2008) 

 

Different factors can be identified, which influence the success of knowledge diffusion for both 

tacit and explicit types. They often reflect the characteristics, which ‘owner’ or ‘sender’ of 

knowledge as well as its ‘recipient’ possess. 

First of all, geographical closeness between actors is considered13. It is especially important for 

the case of tacit knowledge, especially “non-epistle”, where personal communication is 

important for the learning process. The reason for the importance of geographical proximity 

lies first of all, in the costs of sharing knowledge over greater distances, for example, travel and 

accommodation costs connected with meetings. Apart from that, social connection is more 

likely to occur when the actors are located in one region (Breschi et al. 2005). This is especially 

important for the case of “socio-cultural” tacit knowledge, as one needs to integrate into a 

community in order to obtain it.  

On the other hand, as soon as the knowledge is ‘unlocked’, geographical closeness does not 

play such an important role. In this case several meetings per year and frequent 

                                                        

13 This topic is especially often discussed in line of economic geography, especially evolutionary economic geography 

(for description see for example Boschma and Frenken 2006; Boschma and Martin 2010). 
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communication per e-mail, telephone or other communication tools help to keep in touch. 

Thus, kind of a 'global pipeline' is built, which works according to organized routines (Bathlet 

et al. 2004). 

Apart from geography, the technological 'closeness' of sender and recipient of knowledge 

serves as an important factor for its diffusion. This topic gets discussed already since the end 

of the 19th century. The long on-going discussion was evolving around the question, whether 

the knowledge diffuses better among technologically similar or technologically different firms. 

Marshall (1890), Arrow (1962), and Romer (1986) had the opinion that knowledge diffuses 

best inside the same sector or among related sectors. From the other perspective, according to 

Jacobs (1969) the diffusion of knowledge works better for technologically distant industries. 

In this case the exchange of ideas between sectors may create innovations based on new 

combinations of different knowledge bases – radical innovations in Schumpeterian sense 

(discussed by e.g. Autant-Bernard and LeSage 2011; Content et al. 2019). 

Following research took both ideas with great interest. Noteboom et al. (2007) have estimated 

the optimal amount of technological closeness for the innovative performance of alliance 

partners. They found out, that there exists an inversed U-shaped relationship between these 

two variables: collaborations of technologically too close as well as too distant firms will not 

work well. This can be explained by the fact that when the technological profiles of firms 

overlap too much, no potential for future development outside the firm’s profile can be seen. 

On the other hand, when no overlap exists, no starting point for learning can be found (Cantner 

et al. 2010; Broekel and Boschma 2012).  

Besides that, research showed that technologically close collaborations work well for the case 

of incremental innovations (move along technological trajectory), whereas technologically 

distant collaborations help to reach radical innovations (Noteboom et al. 2007).  

This result, although well-grounded in theory, could not be supported in some empirical 

studies (e.g. Cantner and Meder 2007; Broekel and Boschma 2012). Thus, moderate 

technological similarity works well for knowledge diffusion only in some particular cases and 

does not work in others. 

Further research outlined different other factors, which may push knowledge diffusion.  

Boschma (2005) included organizational, social and institutional closeness to the analysis. 

Furthermore, some authors analyze relational proximity as the reflection of learning from 

collaboration ties14 (Caragliu and Nijkamp 2016). Apart from that, depending on the research 

                                                        

14 Sometimes social and relational proximity dimensions are seen as synonyms (for example Marrocu et al. 2013) 
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focus, such types as genetic or somatic proximity can be taken into consideration (Caragliu and 

Nijkamp 2016). 

In summary, no closeness dimension by itself can determine the success of knowledge 

diffusion. It is rather the combination of different factors that matter. What is more, the 

importance of these factors depends on the type of knowledge and its complexity grade. Finally, 

the proximity dimensions work differently for incremental and radical innovations. 

3.3 Importance of networks 

No firm, no region and no country operates in vacuum. As already seen in the previous sub-

chapter, at some stage of its development a firm ‘outgrows’ its own borders and looks for ideas 

elsewhere. Quite often, especially in case of complex tacit knowledge, network connections are 

considered the main source of future innovations. Therefore, this sub-chapter focuses on 

techniques of social network analysis. 

Network here is defined through the set of actors (nodes, vertices) and their relations (edges, 

ties) (Wasserman and Faust 1994). In social network analysis, the ties are more important than 

the nodes themselves (Glueckler 2007). Depending on the research question, different levels 

of analysis can be implemented (e.g. individuals, firms, patents, regions or country-level 

networks).  

In the scope of the evolutionary school of thought, networks are also considered dynamical 

(Glueckler 2007; Kudic et al. 2012). It means that actors as well as their relations change over 

time: connections are built and become stronger or weaker over time. The focus here lies on 

the complexity of the underlying processes (Kudic et al. 2012).  

Network analysis also takes into account geography. This is done for two reasons: 1) geographic 

proximity influences frequency and speed of the formation and dissolution of ties; 2) the 

location of nodes influences the network structure and ways of interaction through available 

resources as well as institutional arrangements (Glueckler 2007). The geographic proximity is 

especially important for the case of complex and tacit knowledge – learning from successful 

peers is possible only in close location, so firms tend to agglomerate (Glueckler 2007; Kudic et 

al. 2012).  

Networks have a structure, which may alter with time. The way how nodes are connected as 

well as the number of ties a particular node has, generates a particular structure. Empirical 

literature in the field of network analysis deals with identifying and analyzing network 

structures (e.g. core-periphery structure or small world networks). Also of interest are the 

positions of particular nodes (different centrality measures) and their changes over time 

(Borgatti and Halgin 2011).  
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One conclusion is that more central nodes will easier and faster receive the flow of knowledge 

from the network and will sooner profit from innovations of their network partners (Borgatti 

and Halgin 2011). On the other hand, firms that have many connections are becoming less 

flexible and less likely to use the knowledge obtained through indirect ties (partners of 

partners) (Ahuja 2000). Furthermore, it may be interesting to learn, which part of knowledge 

do nodes on the periphery get (Borgatti and Halgin 2011). 

The whole process of network formation and dissolution is orchestrated by a selection 

mechanism. In the scope of network theory, selection usually relates to the process of tie 

formation (for example Ahuja 2000; Glueckler 2007). Key reason for a firm to create ties is to 

get access to the outside knowledge (Glueckler 2007). Kudic et al. (2012) determine three 

strategies, which a node may follow when creating or terminating ties: 1) progressive 

strategies, which relate to the willingness to access multiple sources of knowledge at the same 

time or to take controlling position by connecting groups of actors in the network; 2) moderate 

strategies, according to which a firm constrains its linkages to a number of partners or wants 

local control; 3) conservative strategies, where a firm holds back from making new contacts in 

order to protect existing knowledge from spreading. 

In the choice of the partner exogenous (market regulation; institutional arrangement) and 

endogenous (node’s characteristics) factors play a role (Glueckler 2007). Centrality is an 

important endogenous factor: nodes with a central position in the network have a wider range 

of possible future partners (Hagedoorn et al. 2006). 

 The same factors influence the process of tie dissolution: as soon as the collaboration does not 

enrich the knowledge base of one of the partners, the tie usually gets dissolved. However, when 

trust and some kind of emotional attachment was driving the tie's emergence, it is harder to 

break. In such cases it is important to observe the change of intensity of ties over a subsequent 

period of time. 

Network analysis is also used for the exploration of technological trajectories in order to follow 

path dependencies and possible paradigm breaks. Here, two opposite mechanisms come into 

play: 'retention' – sustaining existing network structures and preferences – and 'variation' – 

the creation of new trajectories and path-disruption (Glueckler 2007).  

Having big actors with many ties in a network leads to accumulation of knowledge and moving 

along the chosen path. A high number of “arrivals and departures”, meaning nodes' and ties' 

creation and dissolution, often leads to the disruption of an existing trajectory (Powell et al. 

2005). New actors don't find themselves within established structures and therefore also look 

for partners outside. They serve as a bridge, connecting existing structures with external 

partners. Such a situation, on the one hand, allows new knowledge to flow through the 

variation mechanism. On the other hand, retention mechanisms let the network accumulate 
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ties from both inside and outside the initial network structure. This can lead to a paradigm 

break with the subsequent movement along the new trajectory. 

The described situation is often the case in high-tech industries, like biotechnology (Powell 

2005). Here, new firms appear and disappear quickly, links to different industries (e.g. 

chemistry, pharma or informatics) are established. Selectivity is especially important in this 

case (Hagedoorn et al. 2006), as collaborations are costly and hard to maintain. Based on the 

analysis of 482 biotech firms, Powell et al. (2005) came to the conclusion, that no single rule 

applies for this industry: on the one hand, many new actors and ties influence the industry's 

development and push new activities, but on the other hand, several central actors also fuel its 

advancement. These diverse results make it especially interesting to learn what processes are 

at work in Germany. 

3.4 Connection of theoretical concepts and research questions 

 This sub-chapter explains how the theories of chapter 3 help to answer the research questions 

stated in section 2.5.   

 

 

Fig. 8 Relation between outlined dissertaton questions and theoretical concepts* 

*source: own elaboration 
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Figure 8 provides a visualization of the relation between the theoretical concepts and the 

questions this dissertation aims to answer. On the left side, the concepts are depicted and on 

the right side the questions to be answered are presented. The arrow displays the connection 

between both.  

The concepts outlined on the left hand side have common grounds and intersections. For 

example, formation of ties on the level of firms or individuals inside these firms (e.g. inventors) 

either supports inventions along an existing technological path or creates new technological 

paths when firms from different sectors or different knowledge bases connect. This process is 

supported by the diffusion and exchange of knowledge, which both firms15 possess. 

There exists also a direct relation between the process of knowledge creation and diffusion and 

the development of technological trajectories. New knowledge, which a firm obtains either 

through its own capabilities and learning processes or through network connections, often 

leads to the appearance of new innovations that can either support trends inside the field or 

open new horizons through recombination of knowledge.  

The questions on the right are also interconnected. The overall goal of the dissertation is to 

follow the development and transformation of German biotechnology. An important possible 

trend is the transition towards the sustainable field of bioeconomy (as shown in section 2). 

Bioeconomy uses a combination of knowledge from different fields: for example, from 

biotechnology, agriculture, forestry, fishery and biochemistry (Birch et al. 2010). The evolution 

of this field is impossible without the change of technological paradigm or radical innovations. 

As already discussed in section 3.3, new actors play a special role in bringing up such 

innovations. So, SMEs have high potential in this regard and their function in the advancement 

of this field needs to be investigated in greater detail. Furthermore, research institutions played 

an important role in the establishment of German biotechnology. Therefore, it can be expected 

that they will be of high significance in this new stage as well. 

The methodological concepts on the left of Figure 8 can be used in different combinations to 

answer the questions on the right. How these theoretical tools are used to answer the stated 

research questions, I will describe next. 

First, in order to get to know, whether transition towards sustainability occurs in German 

biotechnology, main paths of knowledge and technology inside the field need to be followed. It 

is especially important to see, when was the trajectory established and which direction does it 

take. This can be done through an analysis of networks of patent citations16. If a transition 

towards sustainability occurs it is expected, that with time the GM-related innovations become 

                                                        

15 In case of dyadic relation in question.  
16 Patents, although directly showing invention, are used throughout the dissertation as a proxy for innovation.  
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lesser, whereas sustainability patents and innovations, presenting a combination of 

biotechnology with agricultural research or forestry, will play a more central role. 

Second, when looking for radical innovations and their influence on the future of German 

biotechnology, the concept of trajectory breaks and knowledge diffusion applies. In order to 

identify radical innovation, the notion of knowledge recombination in Schumpeterian sense is 

used. 

 Radical innovation breaks routines of the field. Another characteristic of such innovation is its 

influence on the future of the industry or, in other words, the movement along the newly 

established trajectory. Therefore, it is interesting to see, who receives knowledge established 

by radical innovation and in which way, intentionally or unintentionally.  To follow this flow of 

knowledge, cooperation or citation networks are evaluated. 

Third, it is of interest, which characteristics of firms allow them to absorb new knowledge and, 

thus, establish themselves in the new transformed field. Here the factors described in section 

3.2 come into play. Geographical or technological closeness help to transmit knowledge faster. 

Also, radical innovations, especially in biotechnology, usually have a complex knowledge base. 

Therefore, direct connection to radical innovators often is important for its diffusion. 

Last, the role of research institutions in both science and technological landscape needs to be 

investigated. Hence, their involvement in different kinds of networks (e.g. co-inventors’ and 

co-authors’) as well as their contribution to the main technological paths will be examined.  

The next sub-chapter introduces the milestones of the dissertation in greater detail and shows, 

how these theoretical concepts are implemented to disclose the future of biotechnology. 

 

4. Dissertation milestones 

4.1 Overview of the papers and data sources 

The dissertation includes four research articles, connected by the overall topic of innovation 

and transformation in German biotechnology. Table 2 below presents an overview of all 

papers, including research questions, subject of analysis, data and methodology used.  The 

order of the papers in the table reflects the order of the dissertation. Chapter 1 is the present 

introduction. Chapter 2 unveils the main trajectories of biotechnology development, based on 

the analysis of the technology space. Chapter 3 adds science space to the analysis via 

examination of actor-inventors – persons, active both in patenting and publishing, and their 

role across both science and technology. Chapters 4 and 5 focus on a specific group of firms 

within biotechnology – small and medium enterprises (SMEs). Thus, chapter 4 deals with the 
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contractual partners of radical SMEs and looks, how these cooperations influence their 

innovative performance. Chapter 5 in its turn deals with the process of knowledge diffusion via 

patent citations and estimates, how different proximity measures (geographical, cognitive, 

organizational and social) influence the success of such diffusion.  

As can be seen, the first two papers put a filter on a sub-field inside biotechnology focusing on 

plant biotechnology, whereas the two latter papers deal with a specific group of firms – SMEs. 

The first limitation is explained by the disputable character of plant biotechnology, described 

in section 2.5 above. This fact makes it especially interesting to analyze. How does this field 

develop, taking into account the German legislative and funding situation? The second 

limitation is explained by the special role of SMEs inside German biotechnology. These firms 

possess high innovative potential and may break the routines in the field.  

 

Tab. 2 Overview of dissertation papers 

Chap
ter 

Title  Research 
question/ 
hypotheses 

Field Subject of 
analysis 

Data sources 
used for 
dataset 
creation 

Methodological 
approach 

2 From biotech to 
bioeconomy. 
New empirical 
evidence on the 
technological 
transition to plant-
based bioeconomy 
based on patent 
data 

Is there a transition 
from plant biotech 
to broader and 
sustainable 
bioeconomy? 

Only 
plant 
biotech 

Technology 
space 
(patents) 

PATSTAT 
2017b 

Main path 
analysis; 
Text mining 
analysis 

3 Who shapes plant 
biotechnology in 
Germany? Joint 
analysis of the 
evolution of co-
authors´ and co-
inventors´ 
networks 

How does the 
interaction of 
science and 
technology develop 
over time? What 
role do author-
inventors play? 

Only 
plant 
biotech 

Co-
inventors 
and co-
authors 

PATSTAT 
2017b; 
Web of Science 

Network analysis; 
Text mining 
analysis  

4 Who benefits from 
radical innovations 
of SMEs? – 
Empirical evidence 
from the German 
Biotechnology 

Do direct partners 
of radical 
innovators profit 
from partnership? 
Do  partners from 
different regions 
and technological 
fields profit more? 

Biotech Firms PATSTAT 
2017b/2016b; 
Förderkatalog; 
BIOCOM AG; 
Amadeus; 
WISO-Net  

Ego-networks 
creation; 
negative binomial 
regression 

5 Diffusion of radical 
innovation among 
biotechnology 
SMEs: 
Does proximity 
matter? 

How do different 
proximity measures 
influence the 
innovative 
performance of 
SMEs, citing 
radical innovators? 

Biotech Firms PATSTAT 
2017b; 
Förderkatalog; 
BIOCOM AG; 
Orbis 

Negative binomial 
regression 
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 The following main data sources were used in the dissertation. First, the main source of patent 

data is PATSTAT – the data set for worldwide patent statistics, presented by the European 

Patent Office (EPO). This data set provides a “snapshot” of patent statistics from different 

patent offices (EPO 2017). In this dissertation the PATSTAT 2017 – Autumn Edition 

(PATSTAT 2017b) and PATSTAT 2016 – Autumn Edition (PATSTAT 2016b) was used. These 

data were collected in July (EPO 2017). Here the lag between patent application and patent 

publication, which takes 18 months according to the Patent Cooperation Treaty's (PCT) 

application process of the World Intellectual Property Organization (WIPO), needs to be taken 

into account (Walter and Schnittker 2016). This means that not all patents from 2016 can be 

available in the PATSTAT 2017 and 2016 – Autumn Edition. Thus, additional checks for 2016 

patents with PATSTAT 2019 – Spring Edition were performed where necessary. 

Chapter 3 examines the data for research articles, which complete existing patent data. This 

information is taken from the 'Web of Science' database, which is commonly used for such kind 

of research (for example Dornbusch et al. 2013; Tan et al. 2014). 'Web of Science' allows 

identifying articles belonging to a specific field based on keywords, research area or 'Web of 

Science'-category. Apart from that, information on authors, including affiliations, and on 

articles’ citations is available. 

Apart from that, for Chapter 4 it was necessary to gather information about the funding SMEs 

received and about their project partners. This was done with the help of the 'Förderkatalog' – 

a database for more than 110000 on-going and finished federally-funded projects. The 

information available in this catalog, includes applicant name and contact data, as well as 

details of the project (e.g. funding start and end, funding sum, funding initiative).  

Chapters 4 and 5 rely on the identification of SMEs as a sub-sample of the overall population 

of biotechnology firms in Germany. Hence, as a first step, dedicated biotechnology firms need 

to be identified.  To do so, I decided to use an external source of data and not to rely entirely 

on patents. The reason for this is that not all firms, which patent in biotech-related technology 

classes, are dedicated biotechnology firms, as these classes can sometimes also be related to 

the chemical or pharmaceutical industry. Thus, I used firm lists from BIOCOM AG in order to 

create the data set. BIOCOM AG gathers and analyzes statistics in life science fields. 

Furthermore, BIOCOM AG distinguishes between different firm categories, which allows   to 

separate dedicated biotechnology firms from the others. 

The information, provided by BIOCOM AG, needed to be complemented with data on the 

firm’s corporate structure and different events, such as mergers and acquisitions. For that, 

several other sources were used to complete this firm-level information. Depending on 
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availability of data, Orbis and Amadeus databases from Bureau van Dijk were used. Both 

databases provide comprehensive information on private sector firms, including their 

ownership and financial reports, which is consolidated from different sources. Orbis provides 

data on firms worldwide whereas Amadeus focuses on European firms.  In order to complete 

missing entries of the data on events, the WISO-Net database was used, which provides access 

to several sources of firm-level information. Each of the next sub-sections introduces a 

particular dissertation paper in greater detail. 

4.2 Technological trajectories in German biotechnology 

The second chapter of the dissertation deals with the main trajectories of German plant-based 

biotechnology development. To begin with, the paper observes a shift of priorities within the 

field. The end of funding programs as well as changes in legislation, discussed before in section 

2, have led to the necessity for some firms and institutions to update their technological 

profiles. Several policy documents and scientific articles argue that modern bioeconomy could 

follow the path-breaking biotechnology developments (see e.g. ‘biotechnology view’ in Bugge 

et al. 2016). This is especially true for the case of the controversial plant biotechnology.  

One of the ways to observe the developments within the field is to follow technological 

trajectories. This method was initialized by Hummon and Doreian (1989) and received wide 

acceptance in the literature (for example Mina et al. 2006; Verspagen 2007; Fontana 2009). It 

is based on identifying focal population as well as citing patents17. In the next step, main paths 

of development are followed based on specific traversal counts. 

This section shows main paths of German plant biotechnology for 1995 till 2015. The initial 

amount of plant biotechnology patents was defined based on keyword search across 

biotechnology patents. Further, forward citations were identified for the focal patents and an 

overall network was created. Then, based on traversal counts, main paths were established 

across two main components of the network: the first one, related to GM organisms research 

and the second one, related to cell and tissue research and red biotechnology.  

The results are validated and extended with the help of text mining tools. The titles and 

abstracts of the chosen patents are analyzed in general in order to find the most often occurring 

terms.  

The results of this analysis were conclusive. Two main strands of development were identified 

inside the field of plant biotechnology: the first, created by large corporations, relates to 

improving plant tolerance and increasing yield, whereas the second, dominated by research 

                                                        

17 Based on research questions backward or forward citations can be used, with former reflecting the origins of the 

field and later the direction of its development. 
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institutions and SMEs, goes into the direction of medical biotechnology. Furthermore, the 

importance of different parties as well as the discrepancies between their specialization were 

determined.  

4.3 Interaction between science and technology 

Chapter 3 takes the findings of the previous chapter and adds a dimension: research articles. 

This paper is motivated by the idea of the importance of both science and technology for the 

innovative field of plant biotechnology, as chapter 2 outlined the special role of research 

institutions in the center of patent citation network. Thus, the interest in actors, who engage 

themselves in both science and technology is high, as they may serve as bridges between two 

‘spaces’. This interest is also shown by the amount of articles, dealing with the topic of science-

technology intersection (for example Coward and Franklin 1989; Boyack and Klavans 2008; 

Breschi and Catalini 2010). Apart from the identification of author-inventors, the definition of 

their positions in the network as well as the development of these positions is interesting. If 

author-inventors possess central positions, it would indicate not only their influence on the 

network, but also the higher probability of transfer of knowledge between the science and 

technology space. 

The analysis in this chapter is based on two separate data sets of co-authors and co-inventors, 

related to the field of plant biotechnology. The time span observed is from 1995 to 201518. 

Author-inventors were identified based on several matching criteria, including same names, 

affiliations and co-inventing or co-publishing partners. Further, network and nodes’ centrality 

measures were calculated for two separate networks over subsequent periods of time and the 

role of author-inventors was identified. Later, following the methodology introduced by 

Breschi and Catalini (2010), the representation of author-inventors in the top 25% of nodes 

was examined. Also, a statistical assessment with help of the Mann–Whitney–Wilcoxon test 

was performed in order to see, whether author-inventors possess different characteristics than 

authors or inventors separately. Apart from that, topics of the papers and patents of authors-

inventors are compared to the ones dominating science and technology spaces. 

Additionally, the results show differences between science and technology. First, different 

tendencies were identified: whereas co-inventors ‘space’ is getting divided into several middle-

sized components of connected actors, the main component across co-authors network is 

getting only bigger with time. Also, author-inventors take leading positions only across co-

authors’ but not co-inventors’ networks. With respect to the affiliations of author-inventors, 

this means that research institutions and university-based, use their technological know-how 

                                                        

18 For co-authors data set one-year lag was identified, in order to be the closest to the emergence of the idea of a 

research article. 
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also to perform basic research. However, across the ‘universe’ of co-inventors these authors 

play a rather supportive than central role.  

4.4 Radical innovation: impact of network effects  

Chapter 4 turns to the special role of SMEs in German biotechnology and assesses their 

potential for creating radical innovation and transmitting the knowledge via contractual 

relations. The initial motivation for this chapter comes from the finding of 4.2 that in the last 

few year two main technological paths developed inside German biotechnology, one of which 

was dominated by research institutions and SMEs. This juxtaposition of independent SMEs to 

large corporations and the necessity for SMEs to survive through innovation, lies in the core of 

the paper. 

The research design of the paper consists of several subsequent steps. First, the identification 

of SMEs’ radical patents needed to be performed. For this, several methods to define such 

patents were combined, using existing literature (e.g. Verhoeven et al. 2016; Dahlin and 

Behrens 2005). Thus, radical patents were identified as new combinations of technology 

classes (as in Fleming 2001; 2007) with a high number of forward citations (as in Dahlin and 

Behrens 2005). The data set was limited to the period from 1996 till 2016. 

Second, for the identified radical innovators, their funded project networks were observed and 

the data for the innovative performance of their project partners was examined, starting from 

the year of collaboration and ending with 2016, when no exit happened before. In the third 

step, a control sample of firms, having contractual relationships with non-radical twins of 

radical innovators, was added to the panel. These ‘twin firms’ have similar characteristics like 

radical firms. This step was necessary to answer the question stated in table 2: do partners of 

radical firms profit from such collaboration? Forth, the unbalanced panel included two 

independent variables, related to questions two and three (intra/interregional and 

inside/outside biotech partners) as well as a set of control variables. Lastly, the unbalanced 

panel was estimated with the help of negative binomial regression. 

This paper provides several important findings. Firstly, it shows that partners of radical 

innovators really show higher innovative performance than partners of their non-radical peers. 

It shows not only the success of the process of knowledge transfer between project partners 

but also the usage of this knowledge over a longer period of time. Secondly, this effect is 

stronger across regions and industries, which indicates the unwillingness to share knowledge 

intentionally among close competitors. Finally, this signals the specific character of project 

partners and successful team constellations, which radical innovators choose.  
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4.5 Radical innovation: impact of proximity measures  

Chapter 5 continues to explore the effect of SMEs’ radical innovation on the future of German 

biotechnology. Like in chapter 4, the influence of radical innovator’s knowledge on other actors 

is estimated. However, here no contractual relationships are assumed between sender and 

recipient of knowledge. The process of knowledge diffusion is tracked by looking at the forward 

citations of radical innovators’ patents. Thus, not only intended knowledge transfer, but also 

unintended knowledge spillovers can be identified (Jaffe et al. 1993), as some of patent 

citations are not even assigned by inventor, but by independent patent examiner (Walter and 

Schnittker 2016). 

The core of the chapter lies in estimating the effects of different proximity dimensions on the 

innovative performance of SMEs citing patents of radical innovators. The classification of 

proximity types was taken from Boschma (2005). Thus, I focused on four dimensions: 

geographical, cognitive (technological), organizational and social proximity. Measures, 

reflecting each of the dimensions were calculated for the citing SMEs and the unbalanced panel 

for all citing SMEs was created. Observations started one year before the first year of citation 

and ended in 2016 unless a firm exited the field earlier.  

The estimation of the unbalanced panel leads to several conclusions: the knowledge of radical 

innovators is restricted to a certain area. Apart from that, a negative effect of organizational 

proximity was identified, meaning that more horizontal communication of independent SMEs 

appears to be faster and more effective than communication over a corporate channel, which 

can suffer from bureaucracy. Contrary to existing literature (e.g. Sternberg 2007), no effect of 

either cognitive or social proximity was observed. This can be explained by limitations of the 

proximity measures chosen in the paper. And another explanation can be the peculiarities of 

radical innovation: its unique character inside the technological portfolio and its combinatory 

character.  

4.6 Logical flow and interdependence of the chapters  

All papers, presented in the previous subsections aim at unveiling the issues which 

biotechnology is facing in Germany (see section 2.4). Thus, as can be seen in figure 9, the four 

chapters cover two overarching topics: 1) the drift towards sustainability as a response to 

nowadays challenges; 2) the role of small and medium enterprises in embracing the changes 

and pushing the field forward. These two topics are interconnected. On the one hand, SMEs 

can influence the future of the field by looking for new solutions and introducing disruptive 

innovations by using their flat structures and networking opportunities. On the other hand, 

changes in the field's innovative environment as well as policy changes may provide SMEs with 

possible directions of development and funding opportunities.  
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As can be seen in the figure, the first two chapters differ in the level of analysis from the latter 

ones. For chapter 2 and 3 the starting point lies in the field itself. Its development and 

tendencies over time are identified and analyzed. Only then the individual characteristics of 

actors of interest are examined (these are patents on the main path for chapter 2 and author-

inventors for chapter 3). Thus, here the top-down approach is used. 

Chapter 4 and 5 in their turn apply a bottom-up approach: they start from a specific sample of 

radical innovators and their innovative performance estimation. From there, conclusions are 

drawn about the impact of SMEs’ decisions on the overall field. Thus, the innovation and 

transformation processes in German biotechnology are investigated in the dissertation from 

the macro- and the micro-level. Furthermore, the intermediary meso-level of analysis is 

presented by the interaction of individual actors in networks (chapters 2, 3 and 4) and cluster 

and regional dimensions (chapter 5). 

 

 

Fig. 9 Interactions between dissertation chapters 
*source: own elaboration 

  

Besides the interdependence of the applied data and levels of analysis, the conclusions and 

implications of the chapters also influence each other. Thus, the revelation of two main 

trajectories of biotechnology development, one of which is dominated by SMEs and research 

institutions, in chapter 2 serves as the motivation and starting point for the research in 
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following chapters. Apart from that, it defines radical innovations as those breaking existing 

paradigms in the field. This definition is further used when identifying radical patents in 

Chapter 4. Further, the understanding of author-inventors’ special role in co-authors networks 

(Chapter 3) allows using university connections as a variable in chapters 4 and 5. Moreover, 

the definition of radical patents and the initial study of knowledge diffusion on geographical 

and technological level provided by chapter 4, serve as an impulse for the analytical process in 

chapter 5.   

At the same time, the notion of presence of radical innovation among SME's population as well 

as its impact on connected actors in the field puts some light on the reasons behind the 

involvement of certain actors in particular technological trajectories. Besides that, the 

significance of a spin-off dimension on innovative performance reflects the importance of 

author-inventors in the research space.  

 

5. Conclusions, limitations and implications 

This dissertation explores different sides of the development of German biotechnology 

especially with regard to sustainability issues. As stated in section two of this chapter, the field 

has gone through different stages of industry life cycle during the past two decades. Policy 

initiatives, especially SME-oriented, as well as strong corporations and research institutions 

served as a good base for industry development. This also caused a large number of firms’ 

entries into biotechnology as well as an increasing number of patents. These numbers, 

however, decreased radically in the middle of the 2000s, because of the ending of funding 

programs as well as the general economic situation. But in the middle of the 2010s new 

innovations entered the market. This was caused by the necessity and willingness to find 

solutions to Sustainable Development Goals as well as to develop medicine-related inventions, 

especially in the fields of cancer research and wound healing. These directions of development 

appear to be the main paths of the industry nowadays (Chapter 2). Apart from corporations, 

universities and research institutions play an important role in the field. Especially institutions 

that are active in both research and technology. They influence the development of the research 

space through the combination of basic and applied research (Chapter 3). 

As another important actor, SMEs are pushing the field forward, especially with regard to 

advancements in red biotechnology (Chapter 2).  SMEs’ radical innovations not only help them 

to stand out among bigger actors, but also have a positive impact on the innovative 

performance of non-radical peers. This happens through contractual relationships (Chapter 4) 

and appropriation of radical innovator’s knowledge via patent citations (Chapter 5). In this, 

cooperation on the level of funded projects is not regionally or technologically bounded: 
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partner firms usually complement each other with regards to capabilities. In contrast to that, 

the impact over the citations' channel is still regionally bounded: firms, citing radical 

innovators, are profiting more from the knowledge of radical innovators when they are located 

closer.  

Nevertheless, there are some issues, which are still unresolved through this dissertation and 

which might be of interest for further research. First, although evaluating the innovative 

performance of biotech SMEs, this dissertation does not deal with their survival. This topic is 

important, as many SMEs exited the industry in the middle of the 2000s, either after being 

acquired or going through insolvency procedures. It would be interesting to know which 

characteristics surviving SMEs possess and whether they were among the first companies 

going towards sustainability. 

Further projects may concentrate more on the field of bioeconomy. There, the development of 

this industry within a particular country or international collaborations would be of interest. 

Using the findings of chapters 2 and 3, follow-up studies may elaborate technological 

trajectories of the specific sub-fields of bioeconomy as well as unveiling the specific actors as 

well as collaborations standing behind influential inventions. 

Furthermore, instead of focusing on patents as the main indicators of innovation, further 

research may add the dimension of products to the analysis by investigating websites of the 

firms, applying web-scrapping techniques or visiting specialized exhibitions. This would show 

the market dimension of innovation and would limit the analysis to successful inventions only. 

This dissertation provides important policy implications. First, it shows the importance of 

SMEs in the field's transformation process. Thus, funding of these actors should not stop. 

Moreover, programs, which opt at funding projects with the focus on sustainability, are 

especially important. Such programs make new SMEs enter the market as well as support the 

re-profiling of existing ones. 

Furthermore, the programs should support science-industry collaborations, as they promote 

the interaction between basic and applied research as well as help in creating a versatile picture 

of the field. As findings of different research papers show, funding should not be limited only 

to the traditionally developed biotechnology clusters. SMEs, which are willing to follow radical 

innovations paths, are located in all parts of Germany, thus, potential for innovative 

development can be found everywhere. For example, such federal states as Saxony-Anhalt or 

Mecklenburg- Western Pomerania may profit from institutes, located there, for example 

Leibniz Institutes in Halle (Saale) and Rostock, focusing respectively on plant biochemistry 

and catalysis. 
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Therefore, it can be said that biotechnology in Germany is on its way to transformation caused 

by societal challenges. Its success depends on the collaborative effort of all stakeholders: 

institutes and universities, providing scientific solutions and teaching future specialists; 

corporations, in their effort to, e.g., conquer global hunger and implement new drugs against 

cancer; SMEs, looking for inventions and supporting others with services; and policy-makers, 

developing funding programs and strategies. The success of these actions can hopefully soon 

be seen not only in Germany, but worldwide.   

Apart from providing implications to the policy-makers, dissertation also adds to the research 

landscape, both methodologically and with regards to the understanding of biotechnology 

transformation. Thus, chapter 2 from the one hand takes on the theoretical literature on 

biotechnology as the base for bioeconomy (for example McCormick and Kautto 2013, Bugge et 

al. 2016) and looks empirically, whether this transformation can be observed with the help of 

patent data. From the other hand, the chapter advances the literature on main path analysis 

(Mina et al. 2007, Verspagen 2007, Fontana et al. 2009) by taking into account not only the 

main strain of thoughts, but also periphery topics. Apart from that, paper connects main path 

analysis with contextual analysis of patent titles and abstracts.  

Chapter 3 builds on the literature on science-technology interaction (for example Coward and 

Franklin 1989, Klitkou et al. 2007, Breschi and Catalini 2010) and estimates the role of author-

inventors for the case of plant biotechnology. Although the focus on the biotechnology is not 

new (Breschi and Catalini 2010), paper complements this research by looking at the 

development of author-inventor role over time, which was not present in the previous 

literature.  

Chapter 4 completes existing literature on the methods of radical innovation definition (Dahlin 

and Behrens 2005, Verhoeven et al. 2016) by consolidating the necessity to account for 

recombination of knowledge as well as high impact, that innovation brings to the field. The 

novelty in this case is reflecting by applying different filtering procedures successively. 

Moreover, chapter shifts the accent from the radical innovator himself to its partners via 

applying ego-networks perspective, which could not be found in the literature before. 

Chapter 5 combines radical innovation perspective with the concept of different proximity 

measures (as of Boschma 2005). It builts on the literature on knowledge diffusion (Fallah and 

Ibrahim 2004; Döring and Schnellenbach 2006; Ibrahim 2008) and applies it to the case of 

radical innovation. The chapter contributes to this stream of literature by looking at how the 

knowledge is diffusing for the case of radical innovations. It also complements the literature of 

proximity dimensions (for example Broekel and Boschma 2012) by estimating, what 

dimensions play role for the case of radical knowledge diffusion. 
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By looking at the overall level, this dissertation contributes to the evolutionary economics 

literature manifold. First, following Dosi (1982), Dosi et al. (1988) it looks at how the 

technology develops, following a particular trajectory on the example of biotechnology. From 

the other hand, dissertation also looks at the situation, when the existing paradigm breaks 

through the radical innovation and new routines will be established in the industry (Glueckler 

2007). The novelty of this dissertation lies in following this transition for the case of highly 

complex field of biotechnology and its moving towards sustainability (towards bioeconomy).  

Second, the dissertation outlines the potential, that SMEs have. Probably, it cannot be fully 

used when looking at the firm ‘in a vacuum’, but through networks (Ahuja 2000), both intra- 

and interregional, within and between the industry, high impact on the biotechnology 

advancement could be reached.  

Lastly, building on the institutional framework (for example North 1990) this dissertation 

shows, that in order to push field towards great transformation the collective and collaborative 

effort of different actors (industry, research and policy) is necessary.  
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Chapter 2 

From biotech to bioeconomy 

New empirical evidence on the technological transition to 

plant-based bioeconomy based on patent data 

Muhamed Kudic, 

Mariia Shkolnykova 

Abstract 

Nowadays environmental and climate issues have brought the topic of bioeconomy to the 

political agenda around the world. Plant-based bioeconomy (pBE) has a key role in securing 

sustainable supplies of energy, food and raw materials for increasingly aging and growing 

societies. However, the technological roots and development path of pBE are far from being 

fully understood. Accordingly, we seek to contribute to an in-depth understanding of how 

biotechnology innovations affected the emergence of bioeconomy by exploring the 

technological field evolution of plant-based patent applications between 1995 and 2015 in 

Germany. We employ patent citation data and conduct forward citation analysis to trace 

technological trajectories within plant-based biotechnology. We extend previous work by 

combining patent-based citation analysis with text-mining approach. Main path analysis 

allows the identification of main players within plant-based biotechnology over time. Our 

explorations reveal dominant and also peripheral technologies within the sphere of plant-

based applications and provide us in this way with a more comprehensive understanding of 

the field´s technological evolution. Our findings suggest a transition from basic 

biotechnological research towards more sustainability- and medicine-related technological 

orientation in the field. 
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1. Introduction  

Today, the world is facing some fundamental societal challenges such as demographic change, 

food shortages and further environmental issues. These developments and the urgent search 

for potential solutions brought the topic of bioeconomy to the political agenda. For example, 

the National Research Strategy BioEconomy of the German Federal Ministry of Education and 

Research aims to achieve a more efficient use of biological resources by 2030. EU Research 

and Innovation Program Horizon 2020 considers bioeconomy to be the answer to various 

environmental challenges and points its aim as “production of renewable resources (...) and 

their conversion into (…) bio-based products and bio-energy”.  

The breadth of bioeconomy as a scientific field and societal concept is enormous. Bio-based 

developments enhance commercial applications in chemistry, engineering, pharmaceutical 

and food industry. When thinking about renewable resources, used in bioeconomy production, 

plant compounds are usually put forward as its most probable source. One highly influential 

technological root of this emerging field can be found in biotechnological innovation processes, 

particularly those dealing with plant usage and breeding. Accordingly, for the purpose of this 

paper we focus on the plant-based bioeconomy. Plant components here are considered in a 

broader sense, encompassing different sugars, oils, fats and pigments (Lewandowski 2017). As 

such, the case of plant-based bioeconomy provides a rich field to study the transition from 

biotechnology (especially “green biotechnology”) towards bioeconomy.  

The contemporary political and scientific discussion points to the fact that plant-based 

bioeconomy (pBE) becomes more and more important in securing sustainable supplies of 

energy, food and raw materials for increasingly aging and growing societies and changing 

climatic conditions. With the help of the renewable resources bioeconomy may decrease or 

even eliminate dependence on fossil fuels and thus release the burden on the environment 

(BMBF 2014). However, technological roots and the development path of pBE are far from 

being fully understood. National Research Strategy BioEconomy 2030 of German Federal 

Government outlines, that “…A combination of approaches in breeding, plant biotechnology, 

and other disciplines will be necessary to provide technical solutions for these requirements”, 

thus pointing out the role of biotechnology research in this transformation (BMBF 2011). To 

the best of our knowledge, no longitudinal empirical analysis on the transition from biotech to 

bioeconomy has been conducted so far. 

Apart from that, it is yet not clear, what technologies exactly can be seen as bioeconomy-

related. Although several policy documents clearly state the importance of biotechnology 

applications for this societal area, not all subfields of biotech seem to be welcome in this new 

field. According to some visions (e.g. bio-ecology vision, outlined in Bugge et al. 2016, which 

focuses on ethical issues and organic agriculture), such important biotechnology developments 
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as transgenic crops cannot be included in bioeconomy (Bugge et al. 2016). Therefore, 

understanding of the dominant technological paths within biotechnology helps to reveal, 

whether more weight is added to sustainability topics over time, which will signal the transition 

to bioeconomy. Taking into account issues stated above as well as the importance of 

bioeconomy for sustainability agenda, an in-depth understanding of the field is important for 

both managers and political decision makers alike. Hence, in this paper we seek to explore the 

technological field evolution of biotechnology from various angles in order to answer the 

following research question: do we observe a transition from biotechnology towards 

bioeconomy on the example of pBE19? 

To do so, we compile a unique data set for the German biotech industry, covering a period of 

21 years (beginning of 1995 – end of 2015), along the cycle of industry development, from the 

initiation in mid 90s to the last year, for which patent population could be constructed. The 

dataset covers the full set of all plant-based biotechnology (pBT) patents and all direct forward 

citations.  

There are several good reasons for focusing on the German case. First, the pharmaceutical and 

chemical industry, strongly involved in biotechnological research, have a longstanding 

tradition in Germany. Second, funding schemes – promoting the emergence of biotechnology 

as an entirely new technological field – were initiated and continuously supported by the 

Federal Ministry of Education and Science (BMBF) in the mid 90s. Third, the German 

scientific landscape is characterized by high density of universities, applied universities and 

research institutions covering the full spectrum from applied research (e.g. Fraunhofer 

Society) to basic research (e.g. Max Planck Society). This, in turn, provides a fertile ground for 

the emergence of bioeconomy.  

To gain an in-depth understanding of the technological transition from biotech to bioeconomy 

in Germany, we apply a three-stage research design. In line with Verspagen (2007), Nomaler, 

Verspagen (2016) and Fontana et al. (2009), we reconstruct the technological landscape of 

biotechnology based on patent application data by using a graph theoretical approach. In 

addition, we include direct patent citation data to account for a broader range of bio-related 

patents. This, in turn, allows us to gain a comprehensive picture of the technological field of 

biotech and beyond. We employ network analysis methods on direct graphs to measure and 

analyze the system’s topology from various angles and identify main paths and peripheral 

areas. Finally, we combine our empirical network approach with a content-related text mining 

                                                        

19 Although the definition of bioeconomy is rather broad and it stems not only from biotechnology, but also from 
other fields, including agriculture, waste disposal etc. In this paper, however, we are limiting ourselves to the part 
of bioeconomy, coming from plant biotechnology. 
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analysis. Latter allows looking deeper in context dimension of chosen patents and understand 

deeper where the field is going. 

The remainder of the paper is organized as follows: we start in section 2 with some theoretical 

considerations and an assessment of the literature on technological trajectories as well as the 

main path identification. Next, we introduce the German biotechnology and provides an 

overview of the data and methodology used for the purpose of this paper. Section 4 provides 

the results of our empirical analyses. The paper ends with a discussion of our key findings, 

limitations and concluding remarks. 

 

2.  Theoretical background and state of the art 

Within the scope of neoclassical economics firms are typically considered as a black box in 

which production processes takes place under fixed technology and against the backdrop of a 

highly idealized set of assumptions. It was Schumpeter (1912, 1939) who emphasized the role 

of innovation and technological advancements as the main driver of economic change and 

prosperity (Witt 2008). Schumpeter was convinced that economic change is generated within 

the economic system and that there must be some kind of inherent force – today typically 

referred to as innovations - that destroys every equilibrium state (Hanusch and Pyka 2007).  

This notion was embraced several years later and initiated the emergence of a new and 

influential strand of economics (Nelson and Winter 1974; 1982), known as evolutionary 

economics or neo-Schumpeterian school of thought. This approach differs in various aspects 

from mainstream economics. First, economic actors are considered to be heterogeneous, 

bounded rational agents following individual strategies, which are rather the result of trial-and 

error heuristics than fully rational and deterministic optimization procedures. Second, 

knowledge and learning become main cornerstones of the approach. It is the agents’ ability to 

generate novelty that allows them to cope with uncertainty and complexity in highly volatile 

and rapidly changing environments. Third, market equilibria are rather an exception than the 

rule. Hence, the status quo is typically highly fragile and endogenous drivers – e.g. 

entrepreneurs or established companies initiating radically new ideas – fuel the ongoing 

systemic change. Finally, technological developments at higher aggregation levels mirror the 

individual innovation efforts of actors at the micro level. Literature in this field shows that 

technological change processes are context-specific (Boschma 2005), path-dependent (Arthur 

1989; David 1985) and cumulative in nature (Dosi and Grazzi 2010), as they are building upon 

previous experience, successes and failures. As a consequence, the destruction or radical 

change of existing industries due to technological progress is considered from a neo-

Schumpeterian perspective to be a natural constituent of an economy.  
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For the purpose of this paper, we are particularly interested in the structural dimension of 

technological change. The literature on technological paradigms (Dosi 1982; Dosi et al. 1988) 

provides a fertile ground to analyze how path-dependent innovation processes at the micro-

level shape the emergence and structuration of technological landscapes. The technological 

paradigm here is seen as a “model” and a “pattern” of solution of selected technological 

principles (Dosi 1982). The selective and cumulative character of paradigm is reflected by 

technological trajectories as “the path of improvement taken by technology” within it. (Dosi 

and Nelson 1994).  

Besides these mostly conceptual contributions, a rich body of empirical and methodological 

literature emerged over the past years and enhanced our understanding of how and why 

technological change occurs. Patent data and publication data turned out to be highly valuable 

in this context. For instance, Verspagen (2007) and Fontana et al. (2009) used patent data for 

analyzing technological graphs, since patent documents contain a broad range of information 

about technological characteristics of an invention, thus providing knowledge embedded in it. 

At the same time, the studies of Hummon and Doreian (1989) and Liu and Lu (2012) 

demonstrate that bibliometric data has a high potential to gain comprehensive insights on 

technological change as well. 

Thus, several authors have applied the idea of technological trajectories in order to identify 

main paths of development within a specific industry with the help of patent data. Most 

notably, the seminal paper of Hummon and Doreian (1989) paved the way for a number of 

follow-up studies by exploring the developments in DNA research. This triggered series of 

empirical studies, which can be grouped into three overlapping streams.   

The first stream of literature uses main path analysis to describe the developments within 

important societal areas. To start with, Verspagen (2007) depicted technological trajectories 

in fuel cells research. He asks, whether there is a convergence within technological space. The 

results along the network of main paths confirm a selective character of technological 

trajectories within the field. The work of Fontana et al. (2009) extended previous research by 

providing a fine-grained exploration of technological paths using the example of Ethernet. The 

findings of the conducted main path analysis confirmed the initial predictions of experts from 

economics and engineering. One specific advancement contributed by Fontana et al. (2009) is 

the identification of several distinct subsequent stages along with main path development. 

Mina et al. (2006) enriched the literature by investigating co-evolutionary processes in medical 

research by exploring two complementary datasets, namely patent data and bibliometric data. 

The second stream of literature focuses on methodological and technical improvements of the 

main path analysis and contributes significantly to a critical assessment of previous research. 

Barbera-Tomas et al. (2011) checked the reliability of connectivity analysis by implementing 
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and conducting external and internal validation procedures based on artificial disc patents 

data. Connectivity analysis shows that the main path contains reliable knowledge of the field. 

Liu and Lu (2012) in turn, focused on citation graphs of scientific research papers, dealing with 

the Hirsch index. The authors distinguish between ‘local’ and ‘global’ main paths. They show 

empirically that the global main path, which has the overall largest traversal count, has to be 

calculated in order to identify the overall importance of the knowledge flow. One more 

alternative approach is proposed by Park and Magee (2017), who introduced genetic backward-

forward path analysis. This method is based on identifying high persistence patents, which 

preserve important knowledge of the field. As a result, network complexity may be decreased 

with dominant knowledge not being lost. 

Finally, within the third stream of literature previous technology-centered contributions are 

extended by applying the main path methodology to other related themes. Most notably 

Nomaler and Verspagen (2016) applied an evolutionary economic perspective and analyzed 

first and second-order citations across county boundaries within the US. The main research 

interest here lied in investigating under which conditions knowledge flows globally or locally. 

Results showed the co-existence of technological clustering in regions and turned attention to 

the necessity of connecting locally embedded knowledge via cross-spanning ties. 

In this paper, we contribute to the above-outlined literature in at least two ways. On the one 

hand, to the best of our knowledge, we are the first to go outside the borders of one field and 

look at the societally initialized normative paradigm change. In doing so, we extend our 

knowledge of the transition process in a highly topical and relevant technological field. Here 

transition towards sustainability plays a central role. On the other hand, we complement the 

methodological toolbox by combining well-established network analysis methods for main 

path analysis with content-based analysis via using text mining tools. Whereas network 

analysis in that sense helps us to identify the most influential patents, text-mining tools help 

to dive deeper in the context of given applications. 

 

3. Technology, data and methods  

3.1 Plant-based biotechnology in Germany 

The intensification of research and development as well as the beginning of commercial use of 

pBT dates back to the early 1970s. In 1973 the r-DNA technique was invented (Parayil 2003). 

In the following year, 1974, the first patent related to biotechnology was applied for. The patent 

dealt with the topic of genetic manipulations (Feldman 2000). The 1980s were characterized 

by increased interactions between scientific and commercial sides of the industries. Large 
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biotechnology corporations intensified their investments in research on transgenic organisms 

by using constantly advancing scientific and technological base (Parayil 2003).  

However, most of the initial developments in biotechnology in general – and in pBT in 

particular – took place in the US. The first noteworthy developments in the field of 

biotechnology in Europe date back to the early 1990s. Firstly, the period was distinguished by 

improvement of the legislation in the field of genetic research: regulatory regime for the work 

of genetic laboratories was introduced along with the legislation by European Union on 

authorization of medical products (Kaiser and Prange 2003; Häussler 2007). Apart from that, 

research and development activities were strongly supported by several federal programs. In 

Germany these programs included BioRegio Competition and BioProfile targeting particular 

regions and BioChance opting at the support of particular projects. These opportunities of 

financial support led to the founding of many SMEs, which – alongside with established 

biotech and pharmaceutical companies – constitute the core of German biotechnology.  

Nevertheless, not all operating fields of biotechnology have received equal support and 

development. Whereas red (medicine-related) and white (industry-related) biotechnology 

were not restricted in their development, green (agricultural) subfield was lagging behind. The 

reason for that is the extensive inventions, which relate to genetically modified plants, which 

the EU is negative about (Székács 2017). These open systems, according to Székács (2017), 

relate to openness to environment, e.g. to agriculture or fishery. Apart from that, the 

differences between four generations of GM crops are of high importance here. Whereas the 

first generation relates mostly to the use of pesticides, second deals with improvement or 

modification of plants qualities, third deals with industrial and pharmaceutical products and 

fourth produced with new methods in molecular biology (Székács 2017). Thus, newer 

generations of genetic crops may be looked at more favorably from the EU perspective. 

In this context, it is important to emphasize that green biotechnology, as well as the white one, 

are exactly the fields where most of the potential for sustainable development is hidden 

(McCormick and Kautto 2013). Many authors consider biotechnology to be an important 

predecessor and the source of bioeconomy (Bugge et al. 2016). This notion is also supported 

by several policy documents and initiatives initiated on different levels. According to the 

National Research Strategy BioEconomy 2030 of German Federal Government: “… A 

combination of approaches in breeding, plant biotechnology, and other disciplines will be 

necessary to provide technical solutions for these requirements. This includes not only 

methods such as genome analysis – including epigenetic studies, proteomic- and metabolomic 

research, bioinformatics, and the system-biological integration of these approaches – but also 

the responsible application of genetic engineering” (BMBF 2011). Apart from that, the 
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importance of biotechnology inventions for bioeconomy introduction was voiced by OECD 

(2009).  

Despite the role of biotechnology in bioeconomy establishment, the issue of GM crops usage is 

still far from being clear. Some more ethically-oriented (bio-ecology) visions of bioeconomy 

exclude GM plants from it (Bugge et al. 2016). Furthermore, the replacement of fossil fuels 

with biomass may lead to other environmental problems, such as land erosion or biodiversity 

loss, which is critically seen by some NGOs (McCormick and Kautto, 2013). All these things 

call for the necessity of the identification of how biotechnology is developing and 

distinguishing the ones, which can be related to bioeconomy.  

So where does the field of pBT go in Germany? How is the conflict between set goals towards 

necessity of providing nutrition and ethical concerns are resolved? Do other connected fields 

(medicine, chemical engineering etc.) influence this new field? These questions are going to be 

answered within the following subchapters of this article. 

3.2 Data  

Data used for further analysis comes from several sources. Patent data used in the paper was 

taken from PATSTAT Database, Version Autumn 2017. PATSTAT presents consolidated data 

on patents, registered in different patent offices around the world. Apart from that, 

applicant/inventor data along with information on technological spheres related to each 

particular patent is provided. PATSTAT also allows to track forward and backward citations of 

selected patents.  

The information on firm attributes, such as funding date, turnover, number of employees as 

well as the ownership data was taken from the ORBIS database, which provides a broad range 

of firm information. Data stem from various sources (e.g. from Creditreform, Handelsregister 

etc.). In the scope of this paper, such kind of data is used only when analyzing the attributes of 

the applicants/inventors, who contributed to the field. 

One relevant initial issue is the identification of patent classes related to pBT. The choice of the 

relevant patent classes, was performed as follows. Firstly, the IPC classes which were 

considered as biotechnology by either OECD (2009) or WIPO (2008) or both were taken20. 

Secondly, these classes were analyzed in order to isolate plant-related classes within the full 

set of biotechnology patents. As international patent classification has a rather detailed 

structure, this could be realized by looking at the title of relevant classes, subclasses, main 

                                                        

20 This means following IPC classes: A01 H1/00, A01 H4/00, A61 K38 /00, A61 K39 /00, A61 K48 /00, C02 F3/34, 
C07 G, C07 K, C12 M, C12 N, C12 P, C12 Q, C12 R, C12 S, G01 N27 /327, G01 N33 / (53 *, 54 *, 55 *, 57 *, 68 ,74 ,76 
,78 ,88 ,92) as well as later added C40B 40/00 - 50/18, C40B 70/00 - 80/00, C40B 10/00. Later classes can be 
found in Eurostat indicators on High-tech industry and Knowledge. 
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groups or subgroups and filtering out those where the term “plant” appears. Thus, following 

units of IPC could be identified as being pBT: A01H 1*, A01H 4*, A61K 38/56, C07K 4/10, 

C07K 14/415, C07K 16/16, C12M 3*, C12N 5/04, C12N 5/14, C12N 9/32, C12N 15/05, C12N 

15/29, C12N 15/82, C12Q 1/6895.  

Finally, we check this initial choice by analyzing titles and abstracts of biotechnology classes. 

To proof that this method gives reliable results, we have screened abstracts and titles of patents 

in order to count, in which biotechnology classes term “plant” appears at most. We are counting 

patent families, filed between 1995 and 2015 by German applicants or inventors. Here we 

follow the procedure offered by Parisi et al. (2012). However, as we are interested in the 

subfield in general and not in its specific technologies, no extra keywords were added. As a 

result of this keyword search, the initially identified classes could be supported. The 

unconditional leader of pBT patent classes is the main group C12N 15/82 - Mutation or genetic 

engineering; DNA or RNA concerning genetic engineering, vectors, e.g. plasmids, or their 

isolation, preparation or purification; Use of hosts therefor… Vectors or expression systems 

specially adapted for eukaryotic hosts … for plant cells. Apart from that, many plant-related 

patents are included in classes C12N 5/10, C12N 15/09, A01H 1/00, C12N 15/29, A01H 4/00, 

C12Q 1/68. Some of these classes however are rather broad and include many patents, only 

some of which by coincidence or for a reason include “plant” in them. Thus, for example, the 

class C12N 5/10 - Microorganisms or enzymes; Compositions thereof…  Undifferentiated 

human, animal or plant cells, e.g. cell lines; Tissues; Cultivation or maintenance thereof; 

Culture media therefor… Cells modified by introduction of foreign genetic material, e.g. 

virus-transformed cells have more than 10000 patents for the period, where the term “plant” 

appears in the abstract or in the title. However, in relative terms these patents constitute less 

than 10% of the overall number of patent applications in this class. Thus, it was not taken into 

consideration. After filtering out such classes, as well as the ones where less than 100 patents 

were applied for during the observation period21, the following classes were taken into 

consideration: A01H 1*, A01H 4*, A61K 38/56, C07K 4/10, C07K 14/415, C07K 16/16, C12M 

3*, C12N 5*, C12N 9/32, C12N 15/05, C12N 15/29,  C12N 15/82, C12Q 1/689522. 

3.3 Sample identification 

After sorting out pBT patent classes, a sample population, which was later used for analysis, 

was constructed. Accordingly, chosen patents should have their earliest filing date between 

1995 and 2015, with 1995 being taken as the approximate initiation of biotechnology in 

Germany, while 2015 is the latest year, for which the PATSTAT 2017 Autumn edition provides 

                                                        

21 As it is hard to drive conclusions about the relatedness of the class to pBT basing only on the small amount of 
patents. 
22 Titles of respective patent classes are provided in Appendix A.  
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whole patent coverage. Apart from that, as we are interested in the German pBT, at least one 

actor (applicant or inventor), who is related to the patent, should be based in Germany. Being 

genuinely interested in the flows of knowledge, we do not differentiate between applicants and 

inventors. Thus, we do not miss important patents from individuals, or patents, performed 

inside of German organizations by individuals, based elsewhere.  

As the focal aim of this paper lies in covering what is happening within pBT in Germany, an 

additional filter was put on place of patent registration. Thus, only German, European and 

International patents were taken into account. This helped us to get rid of the possible strategic 

patenting or corporations, creating something specifically for a particular market, which may 

not reflect real German pBT development. Apart from that, we have focused on the level of 

DOCDB simple patent family23. According to the European Patent Office, patents, belonging 

to one patent family, cover a single invention (EPO  2017). Good example for it is an invention, 

which is subsequently registered in different countries. These patents, however, have one 

priority filing date, which is the subject to our interest. After applying these filters, we have 

obtained sample of 2075 patent families. 

Next, citations to these patents were collected. As well as the focal patents, citations should 

have at least one inventor or applicant, who is based in Germany and be registered at the 

German, European or International patent office. As the result, 1682 patent families were 

identified. 

3.4 Main path analysis 

The analytical part of the paper is based on the ‘main path analysis’ method, originally 

proposed by Hummon and Doreian (1989). The method allows identification of dominant 

trends with the help of directed graphs. Mina et al. (2007) applied the main path analysis to 

show the existence of main paths in the case of Coronary artery disease. Verspargen (2007) 

analyzed technological evolution in the field of fuel cell technology. Fontana et. al (2009) 

complemented this strand of research by providing new evidence on technological change 

patterns in LAN technology. Liu and Lu (2012) extended the analysis by choosing Hirsch Index 

as a field of interest. This method was applied in more or less stylized way by Park and Magee 

(2017), No and Park (2010) and others. 

The key idea of Hummon and Doreian (1989) was to find a systematic way of tracing the main 

streams of field evolution in a graph. In the case of patent data, each vertex of the graph 

represents a single patent while the edges stand for citations. Thus, main path on patent data 

                                                        

23 We are using earliest filing date (the filing date of priority filing) for our analysis, as it is the year of knowledge 
generation. Apart from that, as we are interested in the process of knowledge diffusion, we are focusing on patent 
applications. 
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allows for the identification of the dominant trajectory/trajectories, representing the most 

distinct strand of innovations in a well-specified technological field. Graphs typically show a 

highly complex structure. Hence, the identification of several dominant paths is not 

uncommon (Verspagen 2007). To identify and isolate the main path, several measures were 

introduced and discussed in the pertinent literature, typically referred to as ‘traversal counts’. 

The idea behind these measures is straight forward. They are designed to measure the 

connectivity between vertices in a graph. Hummon and Doreian (1989) proposed three of these 

measures: 

 node pair projection count (NPPC), reflecting the number of times the link is 

connecting all possible node pairs. The drawback of this indicator is the overestimation 

of the points in the middle. Apart from that, here a specific subnetwork with start and 

end nodes is implied (Liu and Lu 2012). This algorithm is not applied when analyzing 

large graphs (Batagelj 2003). 

 search path link count (SPLC), defining the number of times the link appears on 

all possible search paths, from each node to each end node. The drawback of the 

indicator can be seen in assigning later links higher values because of them being 

counted several times (Triulzi 2011), thus it can be used only when the importance of 

initial nodes is low (De Nooy et al. 2005); 

 search path node pair (SPNP), counting all node pairs, connected by a link. The 

drawback here is the overestimation of the middle-located nodes (Triulzi 2011). 

These measures were further extended e.g. by forward citation node pair (FCNP), defined as 

product of forward citations of two connected nodes (Choi and Park 2009). The most used 

index, however, was introduced by Batagelj (2003). This measure is called search path count 

(SPC). It is calculated by counting the number of paths that a particular path connects, trying 

to eliminate thus disadvantages of SPNP and SPLC. The latter index along with SPNP and SPLC 

was implemented in main path identification technique of the Pajek software, which allows 

reducing large graphs. After considering all pros and cons with regards to the research 

question, we thus apply SPC for main path analysis. 

Apart from the difference between several measures, one should also differentiate between 

global and local main paths. By the local main path method, the highest traversal count is 

chosen on every step (with “step” meaning new starting point), which does not mean that the 

local main path receives the highest overall traversal count. The latter is exactly depicted by 

the global main path (Liu and Lu 2012). Two specifications may but should not lead to identical 

results. As Liu and Lu (2012) mention that global path can be used for the identification of the 

most important flow of thoughts overall, whereas local main path emphasizes the important 

technologies’ progress over separate periods. Apart from these well-established methods, key-
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route was proposed by Liu and Lu (2012) as an alternative. Its peculiarity is that a defined 

number of top links should be included in a corresponding path. As we are trying to follow a 

step-by-step transition of the one field into another, local main path is put forward. 

When it comes to local main path, forward and backward options can be distinguished. As Liu 

and Lu (2012) mention, forward main path can help to identify from where important patents 

from the past come, whereas backwards search provides origins of the currently important 

patents. Apart from that, Park and Magee (2017) combine both methods by introducing genetic 

backward-forward path analysis, which is based on identifying high persistence patents, which 

preserve important knowledge of the field. Basing on our research question, we are mostly 

focusing on the forward main path.  

3.5 Text mining applications 

As already stated, main path analysis focuses on the structural configuration of a technological 

field and is still the method of choice for identifying the main directions of the field 

advancements. However, additional information provided by patent documents are typically 

neglected. Patent classes and titles of the patents on the main path provides us with general 

information on the main trends, however, not showing in the detail the topics and keywords, 

which are included in these patents.  Text mining mitigates this limitation by providing a rich 

tool-box for analyzing patent abstracts and technical descriptions.  

As patent documents are well-structured and provide sufficient information about the 

invention along with their abstracts and titles, text mining techniques are of help here. This 

method allows identifying patterns in the large scope of data (Yoon and Park 2003). Text 

mining includes a large number of procedures and tasks and their implementation may vary 

from the type of data in use as well as aims of the analysis. As we are interested in the 

technological change of German pBT over time, analysis of frequencies of specific terms and 

topics over time is of high significance. In applying text mining we are following below-stated 

procedure (elaborated based on Yoon and Park 2003 and Liang and Tan 2007): 

1. Choice of the relevant sample of patent data. In performing this step, we are 

taking the same patent data, as was used for main path analysis. In this, only German 

and English titles and abstracts from both focal and citing patent population were 

filtered out, with abstracts and titles written in German language being translated 

with the help of Deepl and Google Translate. As some patents´ titles or abstracts are 

missing in PATSTAT and some patents were applied in languages, different from 

English or German. 
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2. Data preprocessing and transformation. This step included “tidying” and 

structuring data. Thus, stop words were removed from both titles and abstracts and 

stemming of the document was performed. Besides standard stop words, typical 

words of patent documents that are not describing the content of the invention, were 

deleted from text, so that they do not bias results of the analysis (such as “invention”, 

“current”, “present” etc.24) Apart from that, numbers, being irrelevant for our case, 

were excluded from texts. On the next step words within each title and abstract are 

separated to make count easier.  

 

3. Identification of relevant patterns and their analysis. At this stage, term 

frequencies are calculated for the whole dataset as well as over time. Apart from that, 

trends of occurrence for several keywords identified with the help of main path and 

bioeconomy-related literature to be relevant or crucial for the transformation, are 

observed. These terms for our case included: "plant", "nucleic", "fatti", "acid", 

"transgen", "gene", "yield", "resist", "environment", "agricultur", "econom", 

"bioreactor", "cell", "tissu", "wound" and "vitro". 

 

4. Visualization of the results. In order to make results illustrative, they are 

visualized with the help of R Studio. The relevant codes are elaborated based on the 

book of Silge and Robinson, 2017. 

 

4. Analysis 

4.1 Descriptive statistics 

To start with, we turn our attention to general characteristics of patent data used for the 

purpose of this analysis. First of all, we are interested in analyzing the overall trends of 

patenting over time. Figure 1 presents the distribution for focal and citing patents for the entire 

observation period. The peak of initial patents, related to pBT, lies between 1998 and 2001, 

which corresponds to peak in the whole industry. The peak in citations corresponds to 2008 

to 2012, with the most often citation lag of 5 to 8 years. This lag can explain the drop in the 

citation numbers in the last observation years. The citing peak occurs after decline in pBT 

patents. In the middle of 2000s the number of citing patents is starting to exceed pBT patent 

                                                        

24 Full list of the words: one", "also", "said", "say", "composition",  "process", "method", "invention", "current", 
"present", "relate", "summary", "use", "comprising", "sequence", "formula",  "allow", "allowing", "alter", "altering", 
"additionally", "agent", "agents", "activity", "activities", "usage", "well", "methods", "thereof", "encoding", "least", 
"absence", "comprises", "novel", "provided", "using", "including", "provide", "producing", "containing", 
"particularly", "preferably", "represent", "constructs", "useful", "optionally", "provided", "interest". 
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numbers. One possible explanation for that may be that citing patents spread in the fields other 

than pBT.  

 

Fig. 1 Focal and citing patents over years 

 

To gain in-depth insights into the composition and technological origin of citing patents, we 

checked, whether the citing patents originate from biotechnology. Thus IPC classes, assigned 

to citing patents, were checked for being biotechnology-related (list of biotechnology-related 

patent classes was presented in 3.2). Patents were classified as biotechnology patents whenever 

at least one biotech-related technology class appeared on the document. The results of the 

analysis are shown in figure 2. 

 

Fig. 2 Biotechnology vs. non-biotechnology patents in citing population over years 

 

At the onset of the observation period, the large majority of citing patents is related to 

biotechnology. However, after the middle of the 2000s the picture is starting to change. For 
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biotechnology-related patent citations, we observe a volatile trend line while non-biotech 

patent citations increase continuously. In 2008 the number of non-biotech patent citations 

exceeds the number of biotech patent citations for the first time. The reason for that may lie in 

expected increased competition, coming from regulation change in the field of pharmaceuticals 

(Vermeulen 2018). Thus, many pharma patents, which for sure can cite biotech ones, were 

applied at that time. The dominance of non-biotech patent citations in recent years implies 

that other technologies increasingly affected biotechnology in Germany. Figure 3 provides a 

fine-grained exploration of technological orientation for all non-biotechnology patent 

citations. 

 

 

Fig. 3 The most popular technological classes within non-biotechnology citing patents25 

 

Interestingly, many of these technological classes relate to biocides and plant growth 

regulators (A01N43, A01N25, A01N47), i.e. classes which are highly relevant for increasing 

plant production and increasing yield. In other words, we can observe already at this stage of 

our exploration patterns which mirror a transition of biotechnology towards bioeconomy.  

Furthermore, we looked at the applicants, that contribute to the largest number of patents 

within the population. These actors include: BASF Plant Science GmbH (about 22% of patents 

without accounting for subsidiaries). Apart from that, active was Bayer Cropscience AG (about 

4,5% of patents), Max Planck Society (3,5% of patents) and Fraunhofer Society (about 3,2% of 

patents). When it comes to different types of SMEs, the most active here appeared to be Icon 

Genetics AG, which is now part of the Denka Company (more than 1,5% of patents) and 

Greenovation Biotech GmbH, which is now part of KAWA Beteiligungen GmbH (around 1% of 

patents). In addition, several new actors appear within the citing sample. Thus, Sungene & 

Company KGaA, a subsidiary of BASF Plant Science, has applied for more than 1% of patents 

                                                        

25 Titles of respective patent classes are provided in Appendix A. 
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or large corporation Suedzucker (0,5% of patents) were put forward along with SMEs 

Greenovation Biotech, Nomad Bioscience GmbH or Zellwerk GmbH (both around 0,1-0,7% of 

patents). 

Summing up, although the majority of patents were applied by big corporations, giants in the 

field of life sciences, some SMEs also put forward a notable number of important patents. In 

the next session, the main path within technological field will be defined and analyzed. 

4.2 General characteristics of the patent citation graph 

Insight from our descriptive analysis indicates a shift in pBT towards more sustainability-

oriented topics. To substantiate this initial observation, we explore now the overall patent 

citation graph for the German pBT. 

Hence, we first construct a directed patent citation graph. Here, nodes are initial pBT patents 

identified, which are connected to citing patents´ nodes via citation tie. In general, the whole 

patent citation graph is constructed of 2138 nodes and 12198 ties. Not all initially identified 

patents were included in this graph. Only 854 patent families (41% of the overall population) 

received at least one citation, leaving others isolates. Figure 4 illustrates the general citation 

graph, which, however, does not provide fine-grained information on the field structure. 

Nonetheless, it reveals some insightful patterns. The exploration shows one big component 

(1204 nodes, 56,31% of the whole graph), followed by a second relatively big component (303 

nodes, 14,17% of the whole graph) and several smaller components (which in sum constitute 

29,52% of the whole graph). Thus, one can state, that there are at least two large completely 

disconnected technological sub-fields, which dominated plant biotechnology in Germany over 

the last 20 years. Therefore, further main path analysis would focus on these two big 

components.  

 

 

Fig. 4 Directed patent citation graph (German biotechnology citations) 
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Table 1 presents a selected number of key measures that allow us to draw conclusions about 

how the patents and their citations are concentrated and centralized.   

 

Tab. 1 General measures 

Measure Value 

DegRee Centralization      0.148 

Out-Central      0.148 

In-Central 0.034 

Average Degree 4.952 

Density 0.002 

Connectedness 0.003 

Breadth 0.997 

 

The overall patents citation graph is characterized by a rather low density which is typical for 

larger graphs. The average degree, defined as the average number of ties a node has, is almost 

five, meaning that outgoing ties are more frequent than incoming.  

The node level measure provides insights on the role of individual patents. In this, the looking 

at betweenness centrality is important. This measure reflects the number of times, when the 

node lies on the shortest path between two other nodes (Borgatti et al. 2018). Thus, we can 

identify patents, which are working as the connectors in the citation graph, by bringing 

together two other inventions. These are 26007459 - Monocotyledon plant cells and plants 

which synthesise modified starch; 38462357 - Process for the production of a fine chemical; 

7867091 - New enzyme with starch synthase activity, useful for producing starch for foods and 

packaging materials; 42111699 - Soybean event 127 and methods related thereto. Thus, topics 

of modified plants and fine chemicals appear to be important within the scope of 

biotechnology. 

Considering two largest components and frequencies of patenting within them over time 

(Figure 5), one can see that the first (largest) component gains importance at the end of 2000s 

– beginning of 2010s. On the contrary, the importance of the second component remains 

relatively stable over time with a slight increase at the end of the 2000s. By combining this 

data with patenting and citing statistics, one can state, that many of these patents are already 

the ones, coming outside of pBT. Thus, the investigation of main path may bring important 
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insights here regarding where the field goes and to which extent this direction corresponds to 

a sustainability shift. 

 

Fig. 5 Trend of number of patents across components over time 

 

Thus, we can generally see two main topics, that developed within the field. But what subjects 

exactly received the highest attention within the field and how did it develop over time? To 

answer this question main path analysis is applied in the next section. It allows us to zoom into 

the technological core development within one well-specified sub-graph. 

4.3 Main path specification 

Now, we are interested in identifying the most influential trajectories along this patent citation 

graph. As already stated in part 3.4, we are using the search path count measure in order to 

identify the main path. Along with the aim of this paper, we are focusing on forward local main 

path26. As two big components could be found, main trajectories have to be found for both of 

them. In that case, we are expecting to have two separate topics, representing each of the 

components. Grouping of the main path patents over time accompanied by an evaluation of 

patents´ contents, allows us to identify three sequential phases of development inherent in 

each of two components. Figure 6 contains a forward local main path whereas table 2 contains 

titles of these applications. 

 

                                                        

26 Backward main path as well as global main paths are also presented in the appendix B.  As can be seen there, in 
general global main path corresponds to the identified forward local main path, whereas backward local main path 
is different. However, the topic of the path, as well as stages of its development are always identical. 
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Fig. 6 Forward local main path 

 

Tab. 2 Titles of patents on forward local main path 

Patent Family year27 title 

26018733 1995 Process for the production of a modified starch 

7815459 1996 Neue Nucleinsäuremoleküle aus Mais und ihre Verwendung zur Herstellung einer 
modifizierten Stärke (English: Nucleic acid molecules from corn and their use in 
the preparation of a modified starch) 

22318973 1998 Nucleic acid molecules from rice encoding an r1 protein and their use for the 
production of modified starch 

7910992 1999 Nukleinsäuremoleküle aus Weizen, transgene Pflanzenzellen und Pflanzen und 
deren Verwendung für die Herstellung modifizierter Stärke (English: Nucleic acid 
molecules from wheat, transgenic plant cells and plants and their use in the 
production of modified starch) 

26007459 2000 Monocotyledon plant cells and plants which synthesise modified starch 

36607228 2004 Plants with increased activity of a starch phosphorylating enzyme 

37441320 2006 Genetically modified plants synthesizing starch with increased swelling power 

40352205 2009 Method for improved utilization of the production potential of transgenic plants 
introduction 

40380378 2009 Use of carboxamides on cultivated plants 

41319604 2009 Use of succinate dehydrogenase inhibitors for increasing the resistance of plants or 
parts of plants to abiotic stress 

43625381 2010 Use of fluopyram for controlling nematodes in nematode resistant crops 

43825341 2010 Active ingredient combinations comprising pyridylethylbenzamides and other 
active ingredients 

45509139 2010 Use of fluopyram for controlling nematodes in crops and for increasing yield 

45873472 2010 Use of active ingredients for controlling nematodes in nematode-resistant crops 

 

By looking at application titles and abstracts, one can distinguish several stages:  

 Stage one. End of 1990s-beginning of the 2000s. Researching on nucleic acid 

molecules and modified starch 

At the beginning of trajectory more general patents dealing with the description of nucleic acid 

molecules as well as methods of starch modification and production of transgenic plants. Thus, 

it can be stated that companies in Germany only started working on the topics of transgenic 

                                                        

27 Here earliest filing year is included.  
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plants. Patents relate to maize, rice and wheat proteins and can thus be mostly related to green 

and not to white or red biotechnology. 

 Stage two. Middle of the 2000s. Evoking extraordinary properties. 

These patents start to work out how the developed genetically modified plants will be used in 

order to increase specific properties, e.g. “increasing swelling power” or “increase in the activity 

of a starch-phosphorylating OK1 protein”, being thus the middle ground between general 

initial research on nucleic acids and specific environment-related research. 

 Stage three. End of the 2000s-2010s. Increasing yield, tolerance and resistance 

These patents come from just investigating specific plant properties towards their usage in 

specific climatic conditions, e.g. “draught” or increasing plant tolerance towards “abiotic 

stress” and increasing the production potential of a plant. Thus, this stage can be seen as the 

answer to the calls for nutrition provision and to harder climatic conditions.  

As for actors of the field, it can be seen, that it is created by big corporations (BASF, Aventis) 

and their subsidiaries. No SMEs or research institutions can be found along the path. 

Therefore, at this stage big players can be seen as technological agenda setters within the 

biggest biotechnology patent citations´ component28.  

Thus, by just looking at the patents and actors staying behind these applications, several 

conclusions can be made. First of all, the main topic of the biggest component concerns the 

topic of genetic plants. This topic is rather controversial when talking about sustainability 

issues and cannot be included into bioeconomy according to some streams of the views, which 

point out ethical issues concerning the field. However, here the development of the path is of 

a high interest. Whereas initial patents reflect rather basic research on the topic, which is 

further enriched by the applications of created genetically modified plants, later patents 

directly address the creation of more climatically-prone plants, and this issue is without a 

doubt quite topical. Secondly, as the patents are created by big corporations, it can be 

suggested, that, although being registered also internationally/in Germany, these inventions 

are not directly oriented towards the German market. Despite this fact, the topic of genetically 

modified plants, set by big corporations, plays an important role for the German technology 

space. 

Thus, although giving the idea about the development of trajectory within the timeframe, at 

this point the question of transition towards bioeconomy based on the patent data cannot be 

                                                        

28 Apart from their power, these firms also possess financial resources, which make high amount of patents possible. 
They are also having higher number of large projects, which include several subsequent (therefore citing) patents. 
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answered univocally. Thus, we look at the second largest component within a patent citation 

graph to complement the picture gained so far. 

 

Fig. 7 Forward local main path, 2nd component 

 

Tab. 3 Titles of patents on forward local main path, 2nd component 

Patent 
Family 

year title 

7780015 1995 Cell cultivation process and assembly incorporates spirally-wound substrate belt 

7832571 1997 Cell culture apparatus for three=dimensional cell or tissue cultivation 

7903735 1999 Method for populating substrates with biological cells and populating devices that can 
be used therefor 

26055133 1999 System for the cultivation of cells or tissue has a culture container with capillary 
netting or matrix material around the cultivation zone to be fed with a consistent and 
gas-free culture medium 

7647965 2000 Bioreactor growing tissue or complete organ implants by assembly of differing cell 
types in specific forms and patterns, includes chambers with cavities of differing 
shape 

7689320 2001 Vorrichtung zur Druckperfusion für das Züchten und/oder für das Behandeln von 
Zellen (English: Device for pressure perfusion for culturing and/or treating cells) 

33495025 2003 Perfusionseinheit und Perfusionsstation zur Hautwundbehandlung sowie dessen 
Verwendung (English: Perfusion unit and perfusion station for treating skin 
wounds, and its use) 

34895251 2004 Inventive bioreactors and bioreactor systems 

41011042 2008 Perfusable bioreactor for the production and/or cultivation of a human or animal 
blood vessel and/or a human or animal tissue 

41060425 2008 Microbioreactor and microtiter plate comprising a plurality of microbioreactors 

41114371 2008 Perfusable bioreactor for the production of human or animal tissues 

41340603 2008 Bioreactor and method for cultivating cells and tissues 

42046448 2008 Device for physiological, dynamic in-vitro cell stretching 

42134087 2008 Method and device for the stimulation of cells 

44583592 2010 Microfluidic system and method for the operation thereof 

45090869 2010 Perfusion device 

54780052 2014 Device and method for identification of microorganisms 

53174852 2015 Wound care system 

53174853 2015 Wound dressing system 

54867177 2015 Modulares bioreaktorsystem (English: Modular bioreactor system) 
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Figure 7 displays the main path for the second largest component. The main path is divided 

into two streams. The first stream is purely related to medical research, in particular with 

wound systems and in-vitro devices. The patterns identified here point to the close relatedness 

between biotechnology and medical research.  

The second stream is particularly interesting with regards to the aim of this paper. Along the 

trajectory we can find patents related to the topic such as operations on cells and tissues as well 

as bioreactors, each of which closely linked to medicine research. In most of the patents it is 

stated, that provided inventions can be important for oncology, obesity and wound healing. 

Apart from that, tissue cultivation may be important for the production of plants with new 

properties. Thus, this path provides a good example of biological material usage for different 

industries, in this case medicine. This insight is in line with SDG3: Good health and well-being 

(Fraunhofer 2018). 

Most interestingly, the technological advancements constituting the technological path 

displayed in Figure 7 also follow the stages identified for the largest component. General 

investigations of cell structure apparatus and bioreactors at the end of the 1990s-beginning of 

the 2000s were further substituted by investigation of specific bioreactor systems and specific 

use of inventions identified before. At the end of the 2000s these inventions were used for 

specific purposes – tissue engineering, cells stimulation. Thus, the same aims of increased yield 

or plant resistance here can be achieved with the help of alternative to transgenic plants 

methods, which means higher relevance for bioeconomy. 

 Also important to mention is that main actors of the patents on this main path are not 

corporations, but universities, individuals and smaller firms. As consequence, here the topics 

of transgenic plants do not have such relevance as for the large corporations´ patents. What 

seems to be important for the German biotechnology space, is the development of medical 

research-related biotechnology into advanced usage of biomass for the purposes of healing of 

specific relevant illnesses. However, apart from that, tissue and cell engineering may be of high 

importance for the increased plant resistance. 

In summary, main path analysis allows us to detect and explore the technological core within 

pBT. The analysis can be applied to the largest components (but also other sub-graphs) of the 

patent citation graph. We found technological paths in the two largest components follow the 

same development stages, starting with the basic research, followed by application-based 

research, and finally sustainability-related inventions.  
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4.4 Exploration of patent space with text mining tools  

In order to detect topics, which occur in the patents at most, abstracts are analyzed using text 

mining tools implemented in R29. In the first place, we are interested in analyzing the whole 

patent space in order to find out particular terms that are of major importance for the industry 

and their trends over time. Thus, all identified patent families were analyzed (titles + 

abstracts). The most frequent terms (more than 1000 occurrences) are present in figure 830.  

The aim of this analytical exercise is to conduct a content-based exploitation using the entire 

patent population to identify the most relevant topics and their development over time. Focus 

on two biggest components allows us to separate most influential technological trends within 

the industry, based on the limited amount of patents. To be sure, that our claim regarding 

trends towards increased plant tolerance and resistance as well as tissue engineering 

techniques, are also relevant for the industry in general, we have to take periphery patents into 

account as well.  

 

 

Fig. 8 Most frequent terms, all patent families 

 

Figure 8 presents the most frequently appearing terms along with patent population. Our 

exploration indicates a high relevance of the topic ‘transgenic plants’. This is supported by the 

                                                        

29 https://www.rstudio.com/ 
30 Correspondent wordcloud can be found in appendix C. 
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appearance of such terms as “dna”, “transgen”, “express”. Apart from that, “yield”, 

“enhanc…”31, “increas…” also appear to be among the terms with high frequencies, which 

outlines the overall importance of the patents along the first component´s main path. No terms 

related to the topic of tissue engineering or cells cultivation are present. However, it is 

interesting to look at the appearance of these terms over time and to see, whether their relative 

importance has changed. 

To do so, we look at the terms, relevant for topics of our interest (two main paths topics) as 

well as sustainability-related terms. The latter would favor the development of the field 

towards bioeconomy. Thus, we choose the terms which appeared to be important after 

descriptive and main path analysis, and analyzed changes of their relevance over time. The 

term "plant" points to the relevance of selected patents for pBT. Such terms as "nucleic", "fatti", 

"acid", "transgen" and "gene" are relevant for the main path coming from the largest 

component. Terms "yield", "resist", "environment" and "agricultur", which play significant role 

along later stages of the path. The term "econom" may reflect importance of economic view on 

bioeconomy, which outlines the necessity of inventions to be economically relevant. Terms 

"bioreactor", "cell", "tissu", "wound" and "vitro" represent two branches of the second 

component´s main path.  

 

 

Fig. 9 Frequencies of specific terms over time 

                                                        

31 Terms obtained as the result of stemming.  



 

75 
 

 

Figure 9 presents frequencies of these terms over time. All frequencies presented are shown in 

relative values by dividing the number of patents, in which a specific term occurs in a specific 

year, through all patents, that were filed in that year. 

One important conclusion is the decrease of all terms, connected to the transgenic plants, thus, 

reflecting main path of the first (largest component). Terms “Nucleic","fatti", "acid", 

"transgen" and "gene" lose importance in the mid 2000s. Additionally, the topic of yield 

increase (terms "yield", "resist", "environment" and "agricultur"), gain in importance by the 

end of 2000s-beginning of 2010s. All terms, related to this group ("bioreactor", "cell", "tissu", 

"wound" and "vitro"), are the only ones that increased in relevant terms over last period.   

The patterns described above provide us with some interesting insights, which become not 

directly apparent when conducting a main path analysis. First, the main component related to 

the topic of transgenic plants, seems to lose its dominance over time. This happens, although 

the main component in general consists of more than half of the overall graph´s nodes. The 

only sub-topics, which are still developed within this path, relate to ‘increased yield’ and 

‘tolerance of the plants’. However, even these themes did not receive further attention in 

Germany during the last several years. Second, research institutes and small firms gained in 

importance, which is reflected in the relative increase of attention towards the topic of cell 

cultivation. Derivatives, produced along this path, may present real importance for the future 

of medicine and in its broad sense to bioeconomy.  

Thus, the overall analysis shows that pBT in Germany changed its research orientation. At the 

onset, we uncover a strong research focus in pBT on transgenic plants. The patent documents 

substantiating this finding are held by a small number of very large corporations. Now the field 

gains diversity by putting forward such topics as sustainability, resistance towards hard 

climatic conditions, healing with the help of biological material. Main path analysis revealed 

the existence of two dominant components within the field: the largest component related to 

transgenic research, and the smaller one, related to cell cultivation. These different paths, 

however, follow the same stages of development: from general investigations through first 

applications towards evoking of new extraordinary properties of research subjects. Both paths 

seem to develop in line with SDGs, which suggests their importance for the German 

bioeconomy. 
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5. Discussion and conclusion  

This paper provides new empirical evidence and insights on technological field evolution by 

exploring the transition from biotechnology innovations towards the emergence of 

bioeconomy over time. Main path analysis can bring important insights into the evolution of a 

particular field by pointing out main trajectories. The results of this paper may not only be used 

for the particular field of pBT but also enrich main path methodology by distinguishing the 

differences in the technological path that specific categories of firms (here SMEs) main take. 

Apart from that, the paper adds on the discussion on transgenic plants and inventions 

regarding them made by German firms.  

Main path analysis, extended by content analysis, has shown, that there exist two main 

components of patents, orchestrated by different kind of actors. The larger component, 

probably with orientation on international markets, has the main topic of transgenic plants 

research. It is created by a small number of large corporations. Smaller component is led by 

smaller firms and research institutions. It relates to the topic of cells cultivation and 

bioreactors and applies to the usage of biomaterials in medical research. Over time the second 

topic seems to gain more relative weight. All in all, it can be said, that the patents of the firms 

are moving towards answering the challenges, voiced by Sustainable Development Goals 

(SDGs), in particular goal two “Zero hunger” and goal 3 “Good health and well-being” as well 

as National Research Strategy BioEconomy 2030, which sees Securing global nutrition as one 

of the most important actions. The paper thus provides important implications to policy-

makers regarding the execution of strategies action plans. In addition to that, it also gives 

insights into the differences in patenting patterns of SMEs and purely German research 

institutions and big corporations. SMEs thus may profit from engaging in cooperation with 

research institution as well as from fining niche topics within biotechnology spectrum. The 

paper also provides insights to the discussion on technological trajectories. It shows the 

importance of going beyond main component, especially in the case of the presence of several 

big players in the field. Apart from that, it outlines value added from conducting content 

analysis on the whole patent population, which helps to identify relevant trends. 

Nevertheless, there still remains enough room for future research. First, several methods to 

define technological classes related to pBT can be used to prove the robustness of results. As 

noted in Shubbak (2018) apart from combined keywords and IPC analysis, firm population or 

expert advice can be used. Thus, a broader picture of a not yet officially defined subfield can be 

brought. Furthermore, although the research questions stated in the article, already limits 

itself to a specific subfield within biotechnology, pBT may still be too broad for the main path 

identification. Additional research may be performed, which limits itself to a specific 

technology within pBT, e.g. tissue culture. Therefore, more specific trajectories and important 
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patents may be observed. As this paper aims at providing the overall picture of the field, no 

deeper analysis of each patent class was provided, however, it may serve as an interesting 

implication for those, willing to go deeper in the subfield analysis. Besides, the paper is limited 

to the usage of patent data as the indicator of innovative activity of the field. It is also stated, 

that for the field of biotechnology in general patents can serve as such an indicator. However, 

the complementary usage of alternative indicators and data sources, e.g. citations of scientific 

literature, may enrich the picture of pBT. Apart from that, important limitation of the paper 

lies in the absence of commercial value of patents in the analysis. The presence of this data 

would enable realizing whether the patents belonging to second component (medical and more 

bio-related) bring the same end-value as DNA-related ones. Also worth mentioning are the 

possible extensions of text mining tools, including clustering of given abstracts into topics and 

their detailed analysis.  
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Appendix A. Chosen technology classes, IPC 
 

Plant biotechnology patent classes  

Patent class Title 
A01H 1* Processes for modifying genotypes (A01H 4/00 takes precedence) 
A01H 4* Plant reproduction by tissue culture techniques 
A61K 38/56 Medicinal preparations containing peptides (peptides containing beta-lactam rings A61K 

31/00; cyclic dipeptides not having in their molecule any other peptide link than those 
which form their ring, e.g. piperazine-2,5-diones, A61K 31/00; ergoline-based peptides 
A61K 31/48; containing macromolecular compounds having statistically distributed amino 
acid units A61K 31/74; medicinal preparations containing antigens or antibodies A61K 
39/00; medicinal preparations characterised by the non-active ingredients, e.g. peptides as 
drug carriers, A61K 47/00) … from plants 

C07K 4/10 Peptides having up to 20 amino acids in an undefined or only partially defined sequence; 
Derivatives thereof... from plants 

C07K 14/415 Peptides having more than 20 amino acids; Gastrins; Somatostatins; Melanotropins; 
Derivatives thereof… from plants 

C07K 16/16 Immunoglobulins, e.g. monoclonal or polyclonal antibodies… against material from plants 
C12M 3* Tissue, human, animal or plant cell, or virus culture apparatus 
C12N 5* Undifferentiated human, animal or plant cells, e.g. cell lines; Tissues; Cultivation or 

maintenance thereof; Culture media therefor (plant reproduction by tissue culture 
techniques A01H 4/00) 

C12N 9/32 Enzymes, e.g. ligases (6.); Proenzymes; Compositions thereof (preparations containing 
enzymes for cleaning teeth A61K 8/66, A61Q 11/00; medicinal preparations containing 
enzymes or proenzymes A61K 38/43; enzyme containing detergent compositions C11D); 
Processes for preparing, activating, inhibiting, separating, or purifying enzymes… Alpha-
amylase from plant source 

C12N 15/05 Mutation or genetic engineering; DNA or RNA concerning genetic engineering, vectors, e.g. 
plasmids, or their isolation, preparation or purification; Use of hosts therefor (mutants or 
genetically engineered microorganisms C12N 1/00, C12N 5/00, C12N 7/00; new plants 
A01H; plant reproduction by tissue culture techniques A01H 4/00; new animals A01K 
67/00; use of medicinal preparations containing genetic material which is inserted into 
cells of the living body to treat genetic diseases, gene therapy A61K 48/00; peptides in 
general C07K… Plant cells 

C12N 15/29 … genes encoding plant proteins, e.g. thaumatin 
C12N 15/82 … for plant cells 
C12Q 1/6895 Measuring or testing processes involving enzymes, nucleic acids or microorganisms 

(measuring or testing apparatus with condition measuring or sensing means, e.g. colony 
counters, C12M 1/34); Compositions therefor; Processes of preparing such compositions… 
for plants, fungi or algae 
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The most popular patent classes within non-biotechnology citing patents  

Patent class Title 
A01n 43 Biocides, pest repellants or attractants, or plant growth regulators containing heterocyclic 

compounds (containing cyclic anhydrides, cyclic imides A01N 37/00; containing 
compounds of the formula fig11, containing only one heterocyclic ring, wherein m≥1 and 
n≥0 and fig12 is unsubstituted or alkylsubstituted pyrrolidine, piperidine, morpholine, 
thiomorpholine, piperazine or a polymethyleneimine with four or more CH2 groups A01N 
33/00-A01N 41/12; containing cyclopropane carboxylic acids or derivatives thereof, e.g. 
esters having heterocyclic rings, A01N 53/00) 

A01P 3 Fungicides 
A01N 37 Biocides, pest repellants or attractants, or plant growth regulators containing organic 

compounds containing a carbon atom having three bonds to hetero atoms with at the most 
two bonds to halogen, e.g. carboxylic acids (containing cyclopropane carboxylic acids or 
derivatives thereof, e.g. cyclopropane carboxylic acid nitriles, A01N 53/00) 

A01P 7 Arthropodicides 
A01N 25 Biocides, pest repellants or attractants, or plant growth regulators, characterised by their 

forms, or by their non-active ingredients or by their methods of application (fungicidal, 
bactericidal, insecticidal, disinfecting or antiseptic paper D21H); Substances for reducing 
the noxious effect of the active ingredients to organisms other than pests 

C07D 401 Heterocyclic compounds containing two or more hetero rings, having nitrogen atoms as 
the only ring hetero atoms, at least one ring being a six-membered ring with only one 
nitrogen atom 

A01N 47 Biocides, pest repellants or attractants, or plant growth regulators containing organic 
compounds containing a carbon atom not being member of a ring and having no bond to a 
carbon or hydrogen atom, e.g. derivatives of carbonic acid (carbon tetrahalides A01N 
29/02) 
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Appendix B. Additional main path explorations 
 

Backward local main path, component 1  

  

 

Patent 
Family 

year title 

26006195 1999 Plants expressing delta 6-desaturase genes and oils from these plants containing 
pufas and method for producing unsaturated fatty acids 

27213647 2000 Novel elongase gene and method for producing multiple-unsaturated fatty acids 

29224898 2002 Verfahren zur Herstellung mehrfach ungesättigter Fettsäuren in Pflanzen (English: 
Process for the preparation of polyunsaturated fatty acids in plants) 

32920641 2003 Method for the production of polyunsaturated fatty acids 

33132668 2003 Novel plant acyltransferases specific for long-chained, multiply unsaturated fatty 
acids 

34120175 2003 Method for the production of multiply-unsaturated fatty acids in transgenic 
organisms 

34894872 2004 Method for producing unsaturated omega-3 fatty acids in transgenic organisms 

35911218 2004 Method for producing polyunsaturated fatty acids in transgenic organisms 

38857863 2006 Processes for producing polyunsaturated fatty acids in transgenic organisms 

43084431 2009 Regulatory nucleic acid molecules for enhancing seed-specific gene expression in 
plants promoting enhanced polyunsaturated fatty acid synthesis 

48745816 2013 Gene expression or activity enhancing elements 

 

 

 

  

 

 

 

 



 

86 
 

 

Global main path, component 1  

 

Patent 
Family 

year title 

26018733 1995 Process for the production of a modified starch 

7815459 1996 Neue Nucleinsäuremoleküle aus Mais und ihre Verwendung zur Herstellung einer 
modifizierten Stärke (English: Nucleic acid molecules from corn and their use in the 
preparation of a modified starch) 

22318973 1998 Nucleic acid molecules from rice encoding an r1 protein and their use for the 
production of modified starch 

7910992 1999 Nukleinsäuremoleküle aus Weizen, transgene Pflanzenzellen und Pflanzen und deren 
Verwendung für die Herstellung modifizierter Stärke (English: Nucleic acid molecules 
from wheat, transgenic plant cells and plants and their use in the production of 
modified starch) 

26007459 2000 Monocotyledon plant cells and plants which synthesise modified starch 

36607228 2004 Plants with increased activity of a starch phosphorylating enzyme 

37441320 2006 Genetically modified plants synthesizing starch with increased swelling power 

40380378 2008 Use of carboxamides on cultivated plants 

40352205 2009 Method for improved utilization of the production potential of transgenic plants 
introduction 

41319604 2009 Use of succinate dehydrogenase inhibitors for increasing the resistance of plants or 
parts of plants to abiotic stress 

43625381 2010 Use of fluopyram for controlling nematodes in nematode resistant crops 

43825341 2010 Active ingredient combinations comprising pyridylethylbenzamides and other active 
ingredients 

45509139 2010 Use of fluopyram for controlling nematodes in crops and for increasing yield 

45873472 2010 Use of active ingredients for controlling nematodes in nematode-resistant crops 
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Backward local main path, component 2  

 

Patent 
Family 

year title 

7666720 2000 Verfahren und Vorrichtung zur Herstellung von biologischem Gewebe in 
einer Wachstumskammer (English: Method and apparatus for producing 
biological tissue in a growth chamber) 

7712173 2002 Vorrichtung zum Züchten oder Kultivieren von Zellen in einem dosenartigen 
Behälter (English: Device for growing or cultivating cells in a can-like 
container) 

7751205 1995 Appts. for measuring contractile force of muscle tissue 

7802112 1996 New micro-gravitational cell culture assembly 

7823408 1997 Biotechnological reaction vessel for breeding microorganisms 

7858958 1998 Tissue engineering procedure extracting and culturing cells with mechanical 
stimulation to simulate in-vivo growth 

34484964 2003 Verfahren und Bioreaktor zum Kultivieren und Stimulieren von 
dreidimensionalen, vitalen und mechanisch widerstandsfähigen 
Zelltransplantaten (English: Method and bioreactor for culturing and 
stimulating three-dimensional, vital and mechanically resistant cell 
transplants) 

41011042 2008 Perfusable bioreactor for the production and/or cultivation of a human or 
animal blood vessel and/or a human or animal tissue 

54867177 2015 Modulares bioreaktorsystem (English: Modular bioreactor system) 
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Global main path, component 2 

 

 

Patent 
Family 

year title 

7780015 1995 Cell cultivation process and assembly incorporates spirally-wound substrate belt 

7832571 1997 Cell culture apparatus for three=dimensional cell or tissue cultivation 

7903735 1999 Method for populating substrates with biological cells and populating devices that can 
be used therefor 

7689320 2001 Vorrichtung zur Druckperfusion für das Züchten und/oder für das Behandeln von 
Zellen (Engish: Device for pressure perfusion for the cultivation and/or treatment 
of cells) 

41340603 2003 Bioreactor and method for cultivating cells and tissues 

34895251 2004 Inventive bioreactors and bioreactor systems 

45090869 2010 Perfusion device 

54780052 2014 Device and method for identification of microorganisms 
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Appendix C. Additional text mining result 
 

Word cloud, all patents 

 

Word cloud and frequency table (>200 occurrences), 1 st  component 
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Word cloud and frequency table (>100 occurrences), 2 nd component 
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Chapter 3 

Who shapes plant biotechnology in Germany?  

Joint analysis of the evolution of co-authors´ and  

co-inventors´ networks 

Mariia Shkolnykova 

 

Abstract 

The interdependence of science and technology has been of high interest for researchers from 

different fields for several decades now. As they represent different means of knowledge output 

protection, patents and research articles generally have differing aims of creation and differing 

audiences. However, some of the inventors may be interested in making an impact on the 

scientific community and vice versa. This interaction between technology space (patents) and 

science space (articles) is especially important for high-technology fields, where both research 

institutions and enterprises play important roles in an innovative environment. This paper 

investigates the interaction between science and technology for the case of German plant 

biotechnology. With the help of network analysis tools, the evolution and co-evolution of co-

inventors’ and co-authors’ networks for the period 1995-2015 is explored. As a result, big 

differences in nature and advancement are observed between the two network types. Although 

the overlap between the spheres of innovative activities increased over time, the role of author-

inventors in science and technology spaces varied. Lastly, the topics of the patents and papers 

from the overlap were analyzed with the help of text mining tools. 

 

 

Keywords:  technological space, science space, network analysis, biotechnology, patents, 

bibliometrics 

JEL classification: O31, O34, D85 
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1. Introduction 

Since its appearance in the 1990s, German biotechnology has received high attention from 

different parties: policymakers, university researchers, prominent corporations and SMEs. 

Funding initiatives (BioRegio, BioProfile, BioChance) have boosted the entries of firms in the 

industry as well as the patenting activity of existing and new actors. On the other hand, 

research institutions are among main actors of the field. Apart from that, many dedicated 

biotechnology firms in Germany have been founded as academic spin-offs. Therefore, apart 

from patents, publications are also an important form of protecting intellectual property rights 

within the biotechnology landscape. 

Although patents and publications both indicate the flow of innovations, they represent two 

different ‘worlds’, with patents reflecting the commercialization of inventions and publications 

reflecting the conceptual and intellectual side (Noyons 1998). Therefore, several papers have 

used the combination of both patents’ and research article data in order to analyze innovative 

activities in the field. Different fields appear to have varying degrees of science-technology 

overlap: ranging from rather high overlap for industries such as biotechnology and pharmacy 

to rather low overlap for industries such as tissue engineering (Murray 2002). Such 

conclusions, however, are often made after having only considered the non-patent references 

of patent literature (Meyer 2002; Guan and He 2007, Breschi and Catalani 2010) or after 

having performed a comparative analysis of publication and patent data pointing out most 

important keywords (De Looze 1994). Apart from this, previous papers have not looked at the 

evolution of both networks to see how interactions have developed over time and to identify 

pioneers in the field, as well as to determine whether science and technology tend to converge 

or diverge as the industry evolves. The advancements of the role of author-inventors across 

both science and technology spaces are far from being understood. Furthermore, the analysis 

of thematic fields, which happen to be important for both industry and academia, is also 

limited. 

This paper analyzes the case of plant biotechnology. The choice of this subfield can be 

explained by its controversial nature, caused by the debate on genetically modified organisms. 

This debate led to this type of biotechnology being underdeveloped in Germany (McCormick 

and Kautto 2013), despite its high potential in addressing sustainability issues. The time scope 

for the study is 1995 to 2015, which reflects the time from the initiation of biotechnology in 

Germany until the year when full patent population is identified.  

Thus, this exploratory paper deals with the following research questions. How did networks of 

co-authors and co-inventors develop over time? What is the overlap of science and technology 

for the case of German plant biotechnology? What role do the author-inventors play within 
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both networks and how did this role change over time? How do the topics of the author-

inventors differ from just-authors and just-inventors? 

To address these questions, the paper proceeds as follows. First, the data from two 

independent datasets on co-authors and co-inventors is separately analyzed over sequential 

periods of time and then merged in order to find the overlap, showing actors who are active in 

both scientific and technological landscapes, as well as ones who only engage in one type of 

activity. The centrality measures of actors on the overlap are calculated in order to identify 

what influence they have on the whole network. Furthermore, text mining tools allow for the 

identification of topics that were important for both fields independently, as well as 

simultaneously.  

This paper provides several important contributions. Firstly, it enriches methodologies for the 

identification of patents and articles belonging to a specific subfield. Furthermore, the paper 

supports the discussion on the interdependencies between science and technology, especially 

for the case of biotechnology, and gives insights into topics that are of high relevance for science 

and technology and how they developed over time. Apart from that, it contributes to the field 

itself by shaping the population of actors who play important roles in forming plant 

biotechnology research and who may become leading players in the future of the field. 

The paper is structured as follows: chapter 2 provides the theoretical background and an 

overview of existing literature on the topic of science-technology interaction, and additionally 

outlines the peculiarity of biotechnology in this regard. Chapter 3 includes the presentation of 

both technology and science datasets as well as the joint dataset, and provides descriptive 

statistics. Chapter 4 introduces research methodology, including network and text mining 

analysis techniques. Moreover, the procedure for identifying matches between co-inventors’ 

and co-authors’ networks is presented. Chapter 5 provides the results of network analysis over 

sequential time periods on the level of the entire network, on a node level, as well as an extra 

analysis of the author-inventors’ network, followed by the text analysis of the overlap. The 

paper concludes with the discussion of the existing limitations and implications for different 

parties. 

 

2. State of the art 

2.1 Theoretical Background 

Initially, science and technology were perceived as independent spaces or “universes” (Coward 

and Franklin 1989). Academia was seen as the provider of knowledge and ‘abstract’ research, 

whereas industry was responsible for commercialization and technical solutions. However, 
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over time, the interdependencies and overlaps between the two spaces were growing and the 

line between them became harder to draw (Murray 2002). This tendency was supported by the 

concept of triple helix: the relationship between university, industry and governance, which 

outlines the importance of academia for industry development and vice versa (e.g. Meyer et al. 

2003; Bhattacharya and Meyer 2003). Thus, the need to investigate how scientists contribute 

to patenting, which is normally perceived as industry prerogative, and how enterprise 

engineers and top managers contribute to paper publications in scientific journals was 

identified by several authors. 

Additionally, the legislation of many countries differs in its support of researchers’ patents. In 

the USA, for example, the change started with the Bayh–Dole Act, which removed restrictions 

for university patenting and thus resulted in the establishment of transfer offices in 

universities, allowing them to commercialize and license their intellectual property 

(Tahmooresnejad and Beaudry 2019). Similar legislation was applied in Canada at the end of 

the 1990s (Tahmooresnejad and Beaudry 2019). A number of studies show the positive impact 

of such institutional settings (e.g. Aldridge and Audretsch 2011), which is, however, only 

notably present in the US case (Tahmooresnejad and Beaudry 2019). In Europe the situation 

was slightly different. In many countries, the inventors of the patents (not the universities) 

were seen as their owners32. In Germany this legislation was in place until 2002 (Schoen et al. 

2014).  Apart from that, this legislation also led to many patents being filed by enterprises, 

especially start-ups (Schoen et al. 2014). These findings suggest that when analyzing science-

technology interactions, the inventor level has to be taken into account. 

The identification of author-inventors and their contribution to technology in the literature 

was predominantly made based on non-patent references of patents (e.g. Guan and He 2007; 

Breschi and Catalini 2010, Zhang et al. 2019). Other papers tried building two independent 

datasets for patent and academic publications and combining them with the help of different 

matching techniques (e.g. Klitkou et al. 2007; Boyack and Klavans 2008; Gautam et al. 2014). 

Both paths started with identifying relevant patent or patent & publication populations with 

the help of keyword search or the use of particular technological categories and research topics. 

The ways in which the obtained datasets were approached methodologically also differ. Many 

authors dealt with the explorative analysis of an interaction of science and technology within 

the particular field (e.g. Verbeek et al. 2002) with the application of social network analysis 

(e.g. Breschi and Catalini 2010; Zhang et al. 2019) and clustering techniques (e.g. Chang et al. 

2010; Zhu et al. 2019). In that respect, the calculation of centrality measures and outlining 

them for author-inventors was the primary interest (e.g. Balconi et al. 2004; Zhang et al. 2019). 

                                                        

32 This was also called ‘professor´s privilege’ 
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Additionally, some researchers used the networks in order to build maps of keywords (Madani 

and Weber 2016; Wang et al. 2018), or they used received-data as variables for regression 

analysis (e.g.  Beaudry and Kananian 2012), or they even applied the data to forecast emerging 

technologies (Daim et al. 2006). 

In this paper, the existed literature legacy is used and extended in order to get the bigger picture 

of science-technology interaction. First, the co-evolution of two networks (co-inventors and 

co-authors) over sequential time periods is investigated. Apart from that, the paper applies 

techniques, used in the literature, to follow the network positions of actors from the overlap 

(author-inventors) and how they developed over time. Furthermore, this paper expands the 

usage of text mining techniques for the analysis of science-technology interaction by 

identifying the main topics from the overlap of two networks, as well as the ones that are only 

relevant for science or technology. 

2.2 Special case of biotechnology 

Most papers that deal with the interplay between science and technology focus on a specific 

industry or research/technological field. Authors like Meyer (2006), Rueda et al. (2007), 

Tahmooresnejad and Beaudry (2019) focused on the field of nanotechnology, De Looze (1994), 

Dalpé (2002), Glänzel and Zhou (2011) turned their attention to biotechnology, Noyons et al. 

(1998) concentrated on the IT sector, Klitkou et al. (2007) on fuel cells, and Murray (2002) 

focused on tissue engineering research. Furthermore, Breschi and Catalini (2010) covered 

several sectors with their analysis: lasers, semiconductors and biotechnology. 

As can be seen, this research is usually concentrated on high-tech industries. The reason for 

this is that in such industries many university-industry collaborations can be expected, as well 

as many innovations in general. Outside the IT sector, patents can also be seen as the common 

way of protecting inventions for such industries and can thus serve as a measure for creating 

technology space. 

The above-stated papers show ambiguous results with respect to the grade of overlap between 

science and technology. Whereas for biotechnology (Breschi and Catalani 2010), fuel cells 

(Klitkou et al. 2007) and pharmacy (McMillan et al. 2000) the intersection is usually reported 

to be generally big, for other industries like tissue engineering (Murray 2002) it is relatively 

small. Breschi and Catalini (2010) also report that matched actors (inventors who are also 

authors) appear to have more central positions in the network than non-matched ones (just-

inventors or just-authors). Thus, additional explorations may help in further unveiling the 

nature of interactions between industry and academia. 
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This paper focuses on the case of German plant biotechnology33. The reasons for this are 

manifold. Firstly, plant biotechnology has the high potential of addressing sustainability issues 

such as global hunger or increasing plant yield (Brooks 2005). However, it is still 

underdeveloped in Germany due to legislation issues (McCormick and Kautto 2013). Secondly, 

the importance of scientists for the development of biotechnology has been explicitly stated by 

previous research (e.g. Zucker and Darby 1996). Therefore, it would be interesting to find out 

whether their impact will be strengthened or weakened over time. Thirdly, Kudic and 

Shkolnykova (2020) show, the technological trajectory of biotechnology goes in the direction 

of cell tissue research and wound care, which, as mentioned before, have rather low science-

technology overlap. Therefore, the grade as well as the dynamics of the number of author-

inventors and their network positions is far from being clear. 

The time scope of the paper is 1995-2015. Thus, all stages of biotechnology development in 

Germany are covered, starting with its origins in the mid 90s, when there were several 

government funding initiatives (e.g. BioRegio, BioFuture, BioProfile, BioChane). through to 

the end of this funding period and the relative downturn in mid 00s. At this point there was a 

transition in the field, both with respect to present business models and technological scope in 

the late-00s – early 2010s. Apart from that, 2015 is the year, for which complete patent 

population could be obtained34. 

 

3. Dataset creation and descriptive statistics 

3.1 Technological space 

The creation of technological space starts with identifying German plant biotechnology patents 

and creating networks of co-inventors for their population. The initial patent population 

needed to be created. In order to do it, among biotechnology technology classes35 according to 

International Patent Classification (IPC) plant-related classes were chosen based on initial 

screening and number of appearances of the word ‘plant’ within patent titles and abstracts36.  

After that the patents from identified technology classes with the priority filing year between 

1995 and 2015, which had at least one inventor or applicant from Germany, were identified. 

                                                        

33 According to National Institute of Food and Agriculture: “Plant biotechnology is a set of techniques used to adapt 
plants for specific needs or opportunities”. 
34 With the help of EPO Worldwide Patent Statistical Database (PATSTAT), Version 2017b. 
35 IPC Classes: A01 H1/00, A01 H4/00, A61 K38 /00, A61 K39 /00, A61 K48 /00, C02 F3/34, C07 G, C07 K, C12 
M, C12 N, C12 P, C12 Q, C12 R, C12 S, G01 N27 /327, G01 N33 / (53 *, 54 *, 55 *, 57 *, 68 ,74 ,76 ,78 ,88 ,92) as well 
as later added C40B 40/00 -50/18, C40B 70/00 -80/00, C40B 10/00. 
36 Resulting classes: A01H 1*, A01H 4*, A61K 38/56, C07K 4/10, C07K 14/415, C07K 16/16, C12M 3*, C12N 5*, 
C12N 9/32, C12N 15/05, C12N 15/29, C12N 15/82, C12Q 1/6895. 
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Further, in order to eliminate strategic patents, only those patent families, that have filings in 

German and European patent offices or Patent Cooperation Treaty (PCT) were included in 

sample. As the result, 2075 patent families were identified with the 10648 inventor entries37.  

Further, these entries were cleaned from duplicates: entries with same inventor names were 

deleted, if they had same address or/and same co-inventors. As the result, only 2437 entries 

were left. It shows, that plant biotechnology in Germany is created by a relatively small group 

of inventors. Resulted entries correspond to 8881 pairs of co-inventors, which were further 

used for technology space creation. 

3.2 Science space 

To obtain co-authors network, Web of Science database, which is the most common 

bibliometric source for such kind of research (Tan et al. 2014), has been used. As Web of 

Science normally presents papers from peer-reviewed journals, some time passes between first 

submission and publication. Thus, following Dornbusch et al. (2013), the population of 

publications was taken with one-year lag, i.e. 1996-201638. This helps in better identifying the 

time point, when the new scientific idea was created. 

In comparison to IPC, Web of Science categories are rather broad, therefore, deeper usage of 

keyword search methods was needed in order to identify relevant patents. The following 

procedure was used for it. On the first step, one of the prominent papers on plant biotechnology 

was taken as an initial starting point for the search of keywords, which are relevant for plant 

biotechnology.  This paper was chosen to be Gill. S. S. & Tuteja. N. (2010) ‘Reactive oxygen 

species and antioxidant machinery in abiotic stress tolerance in crop plants’.  This paper has 

5953 citations3940 and is one of the most impactful papers in the category ‘Plant Science’41 

according to Web of Science database as well as is located in 99th percentile according to 

citations on Scopus.  Then, citations of this paper are looked at and the list of keywords, stated 

in the focal paper (Gill S.S. & Tuteja N. 2010) as well as in the citing papers, is created. The 

most popular keywords (more than 70 occurrences with elimination of general keywords, e.g. 

‘article’, ‘stress’, ‘concentration’) were then chosen from this list. Resulting 129 words were 

further used to create the population of plant biotechnology articles42.  

Next, the query on Web of Science was created in order to create science space. Resulting 

papers should include identified keywords as well as match several additional filters: 

                                                        

37 Based on psn_id variable along tls209_appln_ipc table, which reflects PATSTAT standardized name.  
38 For simplicity 1995-2015 is stated overall in the analysis part 
39 According to Google Scholar, retrieval date 04.02.2020. 
40 Theoretically, every well-cited and plant biotechnology-relevant paper could be taken at this step. The focus here 
lies on most occurring keywords of the citing papers, which appeared to be similar for the case of several highly 
cited papers in the field. 
41 Combined with the area ‘Biotechnology & Applied Microbiology’. 
42 These words are presented in Appendix A. 
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1) publication year between 1996 and 2016; 2) subject areas include ‘Biotechnology & Applied 

Microbiology’ and 3) at least one author has German affiliation. As the result, 21781 papers 

with 102875 author entries were identified. These entries were further checked for duplicates 

based on the same full name and affiliation. Apart from that, as the scope of the paper is limited 

to German science and technology overlap, the authors without German affiliation were 

deleted from the population. As the result, 51034 authors were left in the network, which 

corresponded to 310484 pairs of co-authors over the whole period.  

3.3 Joint space 

As could already be seen above, science space of plant biotechnology appeared to be far more 

extensive than technology space. Figure 1 shows that the number of papers exceeds the number 

of patents at least four times each year. Furthermore, whereas within science space almost 

constant upward trend was observed, within technology space number of patents decreases 

over time. As a result, in 2015 the number of papers exceeds number of patents about 20 times. 

 

  
a Number of patents vs. number of patents  b Number of inventors vs. authors 

Fig. 1 Descriptive statistics, science and technology space 

 

With regards to the number of inventors and authors per year different tendencies can be seen. 

The number of authors exceeds the number of inventors substantially each year here as well. 

However, the number of inventors appears to be relatively stable over time, whereas the 

number of authors generally has an upwards trend with considerate decrease in 2008-2009, 

followed by increase in the number of authors again, with the decrease again in 2016. The 

possible explanation for downturns could be general radical shift in the field, also observed for 

patent data (Kudic and Shkolnykova 2020), as well as the end period of many funding 

initiatives, or even the World economic crisis, which could have had influence on research 

financing. Apart from that, in that time many smaller actors experienced changes in the 

business model towards service-orientation (Kahl 2015). 
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As the aim of the paper is to identify, how the interaction between science and technology 

developed over time, the matched author-inventors had to be identified along subsequent 

periods of time. In this paper five-year-periods with one six-year-period were chosen for that 

aim: 1995-1999; 2000-2004; 2005-2009; 2010-201543. These periods correspond 

approximately to the stages of the industry development: whereas 1st period relates to the 

emergence of biotechnology in Germany, 2nd corresponds to its growth, 3rd – to decline in the 

number of patent applications and end of the funding period for most of the governmental 

programs, 4th period can be related to as re-profiling of the industry (Kudic and Shkolnykova 

2020). 

After both datasets were created, matching procedure was started in order to identify the 

overlap between science and technology space. It is based on existing literature (Coward and 

Franklin 1989; Boyack and Klavans 2008; Schoen et al. 2014; Dornbusch and Neuhäusler 

2015, Dornbusch et al. 2013) and means application of the following procedure:  

 1st step – Matching was performed on the basis of identical name and surname. 

Standard typos and errors, occurring in PATSTAT (e.g. writing of German Umlauts 

with Unicode characters) could be automatically solved, however, there were also some 

typing errors along inventor names, that needed to be manually checked and corrected.  

 2nd step – Using the dataset, resulting from the 1st step, additional check was 

performed based on the same affiliation of authors and inventors. Thus, possible false 

positive matches could be identified. Whereas in the case of research articles affiliation 

is usually explicitly stated, for the case of technology space the applicant of 

corresponding patent needs to be taken. It means, however, that not for every inventor 

the affiliation could be identified, especially for the case of European inventors in 90s, 

because of professor´s privilege. Therefore, additional filtering step was needed.  

 3rd step – Co-authors and co-inventors of the matched candidates from the 1st 

and 2nd steps were checked. In case the same co-authors and co-inventors could be 

identified, match was perceived to be correct. Following the Boyak and Klavans (2008) 

definition of rare names44, such check was done only for the names, common in sample 

(e.g. Schwarz, Müller).  

Contrary to the method of Dornbusch et al. (2013), the locations of authors and inventors were 

not checked based on the address stated in papers and patent document, as in this paper not 

only academic inventions and research articles are analyzed. Therefore, it cannot be expected 

that all inventors live in the same region with the enterprises or institutions, stated in the 

                                                        

43 For science space one-year lags were taken into account. 
44 In this case name is identified only with one institution is associated with author/inventor, or only a few 
organizations are associated with one inventor with high strong dominance of one organization across cases. 
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patent documents as applicants, especially for the case of MNEs’ patents. Apart from that, the 

data on inventors’ addresses appeared to be incomplete. 

As the result of the procedure, 652 matches could be identified for the period 1995-2015: 116 

for the period 1995-1999, 156 matches for 2000-2004, 191 for the period 2005-2009 and 228 

for 2010-2015, with several matches identical for several periods. This number corresponds to 

around 1% of total number of authors and 17-18 to 27-29% of inventors (see figure 2 left). 

Whereas the number of matched author-inventors remains relatively stable over time, the 

number of inventor-authors experienced rapid increase during the third observation period. 

As this period was also marked by the declining number of inventors in general, first conclusion 

may be that many of these inventor-authors, who stayed in the sample, whereas just-inventors 

dropped.  

As can be seen from the affiliation diagram of matched nodes (see figure 2 right), no clear 

dominant institution can be seen across author-inventors. Predictably, most of them come 

from universities and research institutions.  BASF AG is the most popular organization among 

author-inventors, being the affiliation for only ten nodes.  

 

 

  

  a Share of matched nodes    b Affiliation of matched nodes 

Fig. 2 Descriptive statistics, matched nodes 

 

4. Methodology 

4.1 Social network analysis procedure 

Methodologically the paper is based on the social network analysis techniques (e.g. 

Wassermann and Faust 1994; Borgatti et al. 2018), which have origins in graph theory. 

According to this methodology, each of the three datasets (co-authors, co-inventors and 
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matched dataset) were organized in the network form with nodes45 being individual actors (co-

authors or co-inventors) and  edges46 being present whenever nodes share same patent (for co-

inventors’ network) or same paper (for co-authors’ network). Following Borgatti et al (2018), 

this paper includes several level of analysis: on network level, on node level as well as on the 

level of matched network.  

Analysis on network level 

In order to get the impression of the overall network, several standard measures, well accepted 

in literature (e.g. Fritsch and Kudic 2019, Borgatti et al. 2018), were applied. All of the 

measures were calculated separately for the subsequent periods: 1995-1999; 2000-2004, 

2005-2009 and 2010-2015.  

Several standard indicators for networks were identified. First, the total number of nodes and 

edges, engaged in network in each period, is calculated. Further, the share of isolates (nodes, 

which do not have any edges) was calculated. Next, average number of edges (average degree) 

among all nodes in a particular period was calculated. Thus, the first impression of network 

size and structure could be obtained. 

Apart from that, several measures were identified, which can describe network connectivity. 

For it, the notion of (weak) component as the subgraph, where each node can reach every other 

node (Borgatti et al. 2018). Thus, in this paper component ratio is identified, which is 

calculated as follows (Perry et al. 2018):  

CR =
K−1

N−1
        (1) 

With K – number of components and N – number of nodes in the network. 

Apart from that, the size of three biggest components is presented for each observation period. 

This helps to have a feeling of the number of closely connected actors in the network and how 

these connections change over time. 

Furthermore, the dynamics of actors within network is identified by share of the new and 

remaining nodes, starting from the second measurement period. New nodes were defined as 

ones not present in network one period before and remaining nodes as the ones, which could 

also be found in the network one period before. Apart from that, the share of reoccurring nodes 

was calculated for periods three and four. These are the nodes, which, although not present in 

period t-1, were in the network in period t-2 or t-3. The same measures were identified on the 

edge level (following e.g. Broekel and Bednarz 2019). 

                                                        

45 also known as vertices. 
46 also known as link, dyads or ties 
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Analysis on node level 

Then, the analysis of the properties of individual nodes was performed with the set of standard 

centrality measures (e.g. Borgatti et al. 2018; Zhang et al. 2019; Breschi and Catalini 2010; 

Wanzenböck et al. 2013). These measures allow defining the most ‘central’ and ‘influential’ 

actors in the network. 

First, degree centrality was identified as the simple number of edges, that a node has. As all 

networks of these paper are undirected – the direction of edges is not of an interest – no 

distinction between in-degree and out-degree measures was made.  

 Second, betweenness centrality was calculated as the number of shortest paths that go through 

the node, or mathematically: 

CB(i) = ∑
gjk(i)

gjk
j≠i≠k∈n      (2) 

Where gjk – number of shortest paths between j and k and gjk(i) – number of the shortest paths 

between j and k, which go through i47. 

Another important measure is eigenvector centrality, which reflects the importance of a 

particular node within the network and mathematically uses the adjacency matrix with cell 

ai,j = 1 if there is a connection between i and j and 0, if there is no connection between these 

nodes: 

  Ce(i) = λ ∑ 𝐚ijxj
n
j=1      (4) 

With a – eigenvector of adjacency matrix A with the eigenvalue λ. 

Apart from that, specific roles of nodes and edges can be identified, e.g. cutting point (Luke 

2015) – node that lies between two otherwise not connected nodes or bridges – edges, which 

if deleted, would divide network into components. 

Analysis on the matched network level 

For the case of the matched network, all general network measures are calculated. Apart from 

that, it is estimated, which centrality characteristics do the nodes, that were matched, have 

along co-inventors’ and co-authors’ networks. It includes estimation of their share among top 

inventors and top authors. Thus, it can be identified which properties do the actors on the 

overlap have – are they normally well-connected and central authors or do author-inventors 

usually find themselves on the network periphery.  

                                                        

47 Other important measure, closeness centrality, was not calculated in this paper, as there can occur problems 
when interpreting such measure for disconnected networks.  
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The analysis is supported by the estimating, whether there exist differences between matched 

and non-matched samples. This is done by looking at the representation of matched nodes 

across the nodes with highest centrality indicators. Such method may show, whether matched 

actors are overrepresented among the most influential nodes. Furthermore, statistical test was 

performed in order to see, whether there are overall differences of centrality measures before 

the groups of matched and non-matched nodes in order to follow, whether matched author-

inventors stand out from just-authors or just-inventors. 

4.2 Text mining applications 

After performing network analysis, text mining techniques are used in order to identify the 

main topics along the matched network as well as for co-authors’ and co-inventors’ networks 

separately. This allows showing the topics, which have importance only for science or only for 

technology as well as the ones, which are relevant for both fields. Apart from that, as the 

keywords for subsequent periods may differ, the analysis may also help to show, how the topics 

have developed over time. 

As the input for the analysis patent and paper titles were taken. They provide the key idea of 

the scientific or technological output. Only English papers and patents are taken into account 

in order to avoid inaccurate translation. As the result of language filter, 1664 patent families 

(more than 80% of all identified families) and all papers were left. Apart from that, stemming 

of the dataset was performed in order to delete stop words, plurals and numbers.  

On the last step, according to Silge and Robinson (2017) codes for RStudio48, the most co-

occurring keywords were created both for non-matched and matched actors, and visualized 

based on frequencies of the co-occurrences. Thus, the picture of the field could be generated as 

well as separate clusters of connected keywords could be identified. By comparing the most 

occurring keywords along matched and non-matched nodes’ networks it could be seen, how 

authors, inventors and author-inventors differ regarding their research fields.  

 

5. Results 

5.1 Science and technology space analysis on the network level 

Thus, the overall network measures were calculated for both co-inventors’ and co-authors’ 

networks over all periods. First, the results for co-inventors’ network are presented.  

                                                        

48 Can be accessed via https://www.rstudio.com/ 



 

105 
 

 

 
 

a Co-inventors’ network, 1995-1999 b Co-inventors’ network, 2000-2004 

 
 

c Co-inventors’ network, 2005-2009 d Co-inventors’ network, 2010-2015 
 

Fig. 3 Co-inventors’ networks over time 

 

Figure 3 shows co-inventors’ networks for four sequential periods. As can be seen, in the end 

of 90s one big cluster existed along the network, followed by many smaller cliques of inventors. 

Not unusual was also the situation of just two inventors working and patenting together. In the 

second and third period several other clusters of inventors appeared, which grew with the time, 

whereas the first component diminished in size. In the last period, starting from 2010, several 

clusters of co-inventors can be seen, without any of them strongly dominating in size. Thus, it 

can be seen that the general trend goes away from big teams towards smaller ones, which can 

also probably be translated into the trend from big towards smaller firms in plant 

biotechnology. Following analysis of network measures will show more insights from these 

networks. 

Table 1 shows measures, obtained on the overall network level for the co-inventors’ network. 

As could already be seen from the figure 1, the network first tends toward consolidation, with 

number of components getting smaller and their size getting bigger, and then towards 

separation with many small components appearing. This is also reflected in the diminishing 

average length of the path and decreased network diameter, shown in the table. In general, it 
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can be said that with regards to inventions, the industry experienced structural changes in the 

mid 2000s, which were followed by re-orientation and new wave of inventors coming to field 

in 2010s.  

This statement can also be supported by the number of the nodes, remaining in the network. 

It can be seen, that the proportion of nodes, remaining or reoccurring in the network, changes 

over time. Whereas in the second and third observation periods this number is growing, and 

between 2005-2009 each 4th node has been seen in the network before, in the fourth period 

this number falls to less than 20%. It shows, that 2010s were marked by new inventors, who 

either followed the changing technological trend within biotechnology and changed the field 

of patenting or just created the first patent.  

 

Tab. 1 Co-inventors’ overall network measures 

 1995-1999 2000-2004 2005-2009 2010-2015 

Number of nodes 653 833 656 872 

Number of edges 1498 2100 1435 1677 

Share of isolates 0.081 0.102 0.216 0.157 

Degree centralization 0.068 0.062 0.053 0.043 

Average length of the 
path 

3.911 3.843 2.874 2.268 

Network diameter 10 10 9 8 

Number of components 105 124 100 151 

Component ratio 0.172 0.148 0.151 0.172 

Size of the biggest 
component 

155 179 75 48 

Size of the 2nd biggest 
component 

19 38 25 38 

Size of the 3rd biggest 
component 

14 37 23 29 

New nodes - 0.813 0.780 0.859 

Remaining nodes - 0.187 0.220 0.141 

Reoccurring nodes - 0.187 0.252 0.197 

New edges - 0.937 0.916 0.939 

Remaining edges - 0.063 0.084 0.061 

Reoccurring edges - 0.063 0.085 0.081 

 

Interestingly, the number of remaining or reoccurring edges is approximately 2.5-3 times less 

than that of the nodes. It means, that even the nodes, remaining in the network, mostly have 

changed their co-inventors. This situation may especially often occur within corporations with 

large development teams or along big institutions, which mostly work on the projects. Notably, 

in the last period the number of reoccurring edges is 2% higher than the number of remaining 

edges. It means, that some nodes revived their co-inventorship from the beginning of 2000s. 
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a Co-authors’ network, 1995-1999 b Co-authors’ network, 2000-2004 

 
 

c Co-authors’ network, 2005-2009 d Co-authors’ network, 2010-2015 
 

Fig. 4 Co-authors’ networks over time 

 

Next, the development of co-authors network is visualized and presented on figure 4. 

Comparing to co-inventors’ network dynamics, for the case of co-authors’ increase of the size 

of the main component along with the general increase in number of nodes can be observed. 

No other large components, comparable to the first one, appear along the network.  

Thus, additional exploration is important here, which can be provided by introducing the 

overall network measures (table 2). Here the tendencies are different from those of the co-

inventors’ networks. Namely, the main component, which composes about 2/3 of the overall 

number of nodes, grows over time, with number of components and isolates increasing only 

slightly, thus, network rather converges. It means, that large proportion of nodes, coming to 

the network with time, is being added to the main component, or the existing nodes are starting 

to collaborate with main components’ participants.  

Apart from that, the share of isolates is growing, although only slightly, which means that the 

number of single-authored entries is increasing with time. The lower diameter and average 

path length as well as significantly increased number of edges show, that new ties are appearing 

between previously unconnected actors, which is mostly probable for the main path. 

Additionally, this tendency can be seen in the large number of new edges, at least 94,4% of the 



 

108 
 

network edges have not occurred in network before. It means, that only small number of 

authors maintain their co-authorship ties. It especially contrasts with the number of nodes, 

remaining or reoccurring in the network, which is growing over time and is reaching in 2010-

2015 more than 38%.  

 

Tab. 2 Co-authors’ overall network measures 

 1995-1999 2000-2004 2005-2009 2010-2015 

Number of nodes 10838 15183 16457 18777 

Number of edges 53351 65578 68769 73959 

Share of isolates 0.006 0.004 0.023 0.039 

Degree centralization 0.017 0.012 0.011 0.009 

Average length of the 
path 

8.187 7.920 7.666 6.952 

Network diameter 24 21 21 20 

Number of components 613 797 964 1044 

Component ratio 0.057 0.050 0.059 0.056 

Size of the biggest 
component 

7028 10208 10328 12862 

Size of the 2nd biggest 
component 

76 98 68 69 

Size of the 3rd biggest 
component 

55 47 67 51 

New nodes - 0.823 0835 0.783 

Remaining nodes - 0.177 0.165 0.217 

Reoccurring nodes - 0.177 0.181 0.383 

New edges - 0.985 0.999 0.946 

Remaining edges - 0.015 0.001 0.054 

Reoccurring edges - 0.015 0.006 0.056 

 

Thus, the first conclusion which can be made here is that co-authors’ and co-inventors’ network 

have different development paths. Whereas the co-inventors’ network has a trend towards 

divergence and dissimilation of the main component, the network of co-authors’ experience 

constant growth of the main component, which takes bigger part of the network, whereas even 

the 2nd largest component is more than 100 times smaller. It means, that co-authors’ network 

is more connected with one main topic (with probably many subtopics) developing over time, 

whereas in co-authors’ network several almost equally important components are developing. 

5.2 Science and technology space analysis on the node level 

Following analysis on the level of the entire network, individual characteristics of the nodes 

are analyzed. Summary of node centrality measures, for the case of co-inventors’ networks 

case, is presented in table 349. For that case isolates were not included in the analysis. 

                                                        

49 For the case of betweenness centrality absolute measure is presented. Its size depends significantly on the network 
size. Alternatively, standardized measure of betweenness could be calculated (see for example Breschi and 
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It can be seen, that, corresponding to the results of the overall network analysis, the average 

number of ties, which a node possesses, first increases over time and then decreases, which 

relates mostly to the diminishing size of the main component. The same may be said about 

other centrality measures -  the network is becoming more even over time, with less nodes 

being crucially different from the others. 

 

Tab. 3 Co-inventors’ summary of centrality measures 

1995-1999     

 Min. Median Mean Max. 

Degree centrality 1.000 3.000 4.960 46.000 

Betweenness centrality 0.000 0.000 63.620 4506.08 

Eigenvector centrality 0.000 0.000 0.025 1.000 

2000-2004     

 Min. Median Mean Max. 

Degree centrality 1.000 4.000 5.395 52.000 

Betweenness centrality 0.000 0.000 71.050 3458.290 

Eigenvector centrality 0.00 0.000 0.024 1.000 

2005-2009     

 Min. Median Mean Max. 

Degree centrality 1.000 4.000 5.591 33.000 

Betweenness centrality 0.000 0.000 15.690 896.270 

Eigenvector centrality 0.000 0.000 0.037 1.000 

2010-2015     

 Min. Median Mean Max. 

Degree centrality 1.000 3.000 4.454 37.000 

Betweenness centrality 0.000 0.000 7.198 462.000 

Eigenvector centrality 0.000 0.000 0.016 1.000 

 

Latter statement can additionally be seen when calculating the cutpoints of the network. In 

1995-1999 47 such points were identified, with 54 points in 2000-2004, 27 cutpoints in 2005-

2009 and 48 in 2010-2015. This number relates directly to the number of components across 

networks.  

The same measures were estimated for the case of co-authors’ network. Results of this analysis 

are presented in the table 4. As can be seen from the table, here again the trend goes in the 

opposite direction from that of co-inventors’. The average betweenness centrality increases 

over time, however, this happens mostly because of several outliers and different number of 

nodes. Apart from that, average degree centrality falls, showing that even central nodes have 

less direct connections over time. 

                                                        

Catalini 2010). As further (section 5.3) interest lies in the rank of betweenness and not in comparing values across 
networks, and in this table distribution is taken into account, absolute value is taken in this paper.  
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 The number of cutpoints along with general number of components, increases steadily over 

time. Whereas in 1995-1999 680 cutting points were found, 877 in 2000-2004, 959 in 2005-

2009 and 1088 in 2010-2015 were found. 

 

Tab. 4 Co-authors’ summary of centrality measures 

1995-1999     

 Min. Median Mean Max. 

Degree centrality 1.000 6.000 9.908 194.000 

Betweenness centrality 0.000 0.000 16494 3813498 

Eigenvector centrality 0.000 0.000 0.014 1.000 

2000-2004     

Degree centrality 1.000 6.000 8.677 193.000 

Betweenness centrality 0.000 0.000 23860 5370201 

Eigenvector centrality 0.00 0.000 0.0038 1.000 

2005-2009     

Degree centrality 1.000 6.000 8.559 190.000 

Betweenness centrality 0.000 0.000 22134 5011370 

Eigenvector centrality 0.000 0.000 0.004 1.000 

2010-2015     

Degree centrality 1.000 6.000 8.194 176.000 

Betweenness centrality 0.000 0.000 27275 10523253 

Eigenvector centrality 0.000 0.000 0.004 1.000 

 

Thus, the analysis on the node level additionally supports differences, existing between co-

inventors’ and co-authors’ networks. Whereas the co-inventors’ network is becoming more 

even, in the network of co-authors’ central authors are getting more significant with time. 

5.3 Matched network analysis 

On the next step, the author-inventors network was analyzed in the sense of presence of the 

matched nodes in the main component as well as in the top actors according to different 

centrality measures. Following Breschi and Catalini (2010), the proportion of share of author-

inventors in the top 25% of nodes according to different centrality characteristics to the share 

of all author-inventors’ nodes in general population is calculated. Thus, for example, in 1995-

1999 116 out of 653 matched nodes were found50, which corresponds to the share 0.178. Out of 

them 30 are in the 163 top 25% nodes, which corresponds to the share of 0.184. The 

representation of author-inventors for that case is 1.034, which means that they are slightly 

overrepresented in the top nodes. Appendix B presents results of the same analysis for top 10% 

and top 5% of nodes. 

 

                                                        

50 Here isolates were also taken into account, as they can be matched as well. 



 

111 
 

Tab. 5 Representation of author-inventors, top 25% of nodes 

 1995-1999 2000-2004 2005-2009 2010-2015 

matched nodes, top degree 
centrality, co-inventors 

1.034 1.003 0.984 0.773 

matched nodes, top degree 
centrality, co-authors 

1.107 1.238 1.600 1.829 

matched nodes, top 
betweenness centrality, co-

inventors 

1.206 1.080 0.984 0.949 

matched nodes, top 
betweenness centrality, co-

authors 

1.711 1.554 1.843 2.255 

matched nodes, top 
eigenvector centrality, co-

inventors 

0.896 1.028 0.754 1.142 

matched nodes, top 
eigenvector centrality, co-

authors 

0.671 0.869 1.539 1.314 

 

Table 5, contradictory to Breschi and Catalini (2010), does not show univocal results with 

regards to the representation of matched nodes under top 25% of central authors and 

inventors. Matched nodes are overrepresented in almost all centrality categories only for co-

authors’ network. Furthermore, the representation of the matched nodes across top-central 

actors is getting bigger over time. Only for the case of eigenvector centrality in the first two 

periods no overrepresentation can be stated. It shows, that author-inventors, starting on 

average on almost similar positions with only authors, are getting more and more influence 

over network over time. 

The situation along co-inventors’ network is different. Here no specific overrepresentation of 

the nodes can be seen across almost all periods and measures, with the only exception of the 

betweenness centrality in 1995-1999. Apart from that, it can be seen that the representation of 

inventor-authors across all top categories diminishes over time.  Thus, conclusion here may be 

that majority of matched inventors could not keep their central positions and could not adapt 

well to the transformation of technology space. Another possible reason for 

underrepresentation of inventor-authors may be that after the field transformation started 

many researches decided to focus on scientific outputs. 

Because of these vague results, the question arises, whether the centrality measures of the 

matched actors differ significantly from those of non-matched. Table 6 provides the results of 

Mann–Whitney–Wilcoxon test, that was performed in order to see, whether there are 

differences between in distributions of both matched and non-matched groups. The test was 

performed following Breschi and Catalini (2010) and chosen because of the high skewness of 

distribution. 
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Tab. 6 Results of Mann–Whitney–Wilcoxon test 

1995-1999     

 Mean, 
matched 

Mean,  
inventors 

Mean,  
authors 

p-value 

Degree centrality 5.441 
9.250 

4.863  
9.915 

0.954 
0.9962 

Betweenness centrality 64.578 
47619.300 

63.426 
 

 
16166.730 

0.294 
0.000*** 

Eigenvector centrality 0.007 
0.009 

0.029  
0.014 

0.498 
0.009*** 

2000-2004     

Degree centrality 5.503 
8.299 

5.368  
8.681 

0.987 
0.333 

Betweenness centrality 61.240 
47122.97 

73.455  
23620.64 

0.497 
0.000*** 

Eigenvector centrality 0.007 
0.000 

0.027  
0.004 

0.236 
0.023** 

2005-2009     

Degree centrality 5.626 
11.769 

5.578  
8.525 

0.324 
0.001*** 

Betweenness centrality 13.645 
77373.57 

16.456  
21550.71 

0.743 
0.000*** 

Eigenvector centrality 0.036 
0.000 

0.038  
0.005 

0.078* 
0.005*** 

2010-2015     

Degree centrality 4.288 
13.106 

4.508  
8.136 

0.763 
0.000*** 

Betweenness centrality 11.712 
107953.63 

5.738  
26334.67 

0.447 
0.000*** 

Eigenvector centrality 0.007 
0.009 

0.019 0.004 
0.004 

0.049** 
0.000*** 

a P-value column: first value – only inventors, second value – only authors 

b *** - rejection of the null hypothesis on 0.01 significance level, ** - rejection of null hypothesis at 0.05 significance level, * - 

rejection of the null hypothesis on the 0.1 significance level 

 

Results show, that there are almost no differences between matched and unmatched samples 

for co-inventors. Thus, it cannot be said, that inventor-authors possess more central positions 

in the network than their counterparts. However, the opposite cannot also be stated. Thus, 

inventor-authors are rather evenly distributed across the network.  

Different result is find for matched author-inventors. Apart from the first two periods, matched 

nodes possess significantly higher centrality. This result additionally shows differences in the 

development path of science and technology space: whereas within science authors, who have 

technical know-how usually occupy influential positions in the network, inventors, active in 

publications, are spread evenly across network. 

Appendix C shows the location of matched nodes across co-inventors’ and co-authors’ 

networks over time. For the first three periods of co-inventors’ networks, not many matched 

nodes found themselves on the main component. These are rather small cliques of three or 

four inventors, that could be also found as authors. However, as around 1/5-1/3 of the nodes 
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can be found among the top actors according to centrality characteristics, it can be stated, that 

the ones, that find themselves along main component play important role. The situation in the 

fourth period, however, is different. Although author-inventors there do not dominate over the 

shrinking main component (taking 1/3 of its nodes), they are well represented in the one of the 

other big components in the network (fourth biggest component with 27 nodes in total, from 

which 16 are inventor-authors). It means, that the same project team, which files a patent can 

be found on the authors’ list. In co-authors’ network the situation is relatively stable. The share 

of nodes in main component is getting higher along with component itself. 

Finally, the stability of the nodes of the overlap is checked. For that, it is specifically looked at, 

which fraction remains or reoccurs in both co-authors’ and co-inventors’ networks (table 7). 

Generally, remaining matched nodes are overrepresented across networks51. This number, 

however, is unstable and different for actors’ and inventors’ networks. Whereas the percentage 

of new matched nodes for the last period co-inventors’ network corresponds approximately to 

the overall network indicator, for the case of co-authors the number of remaining and 

reoccurring matched nodes is highly overrepresented. 

 

Tab. 7 Stability across matched nodes 

 1995-1999 2000-2004 2005-2009 2010-2015 

New nodes,  
co-inventors 

- 0.571 0749 0.794 

Remaining nodes, 
co-inventors 

- 0.429 0.251 0.206 

Reoccurring nodes, 
co-inventors 

- 0.429 0.288 0.293 

New edges, 
co-authors 

- 0.500 0.686 0.520 

Remaining edges, 
co-authors 

- 0.500 0.314 0.480 

Reoccurring edges, 
co-authors 

- 0.500 0.325 0.511 

 

5.4 Text mining tools’ application 

In order to dig deeper in the nature of differences, existing between two types of networks, the 

content of patents and articles was analyzed. It could show, whether the main ideas, which are 

inherent to the matched author-inventors correspond to the ones, dominant for the field in 

general or are completely different. To do that, titles, presenting the main idea of the invention 

or scientific product, were collected and meticulously looked at.  For that the most co-occurring 

bigrams were visualized in networks with nodes presenting individual words, with width of the 

edge reflecting the frequency of co-occurrences of specific word pair. Figure 5 presents results 

                                                        

51 Comparing to the overall remaining or reoccurring nodes and ages. 
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of keyword analysis for co-inventors’ network for the overall period of 1995 to 2015. The results 

for sequential periods are presented in Appendix D. 

  

a Complete network b Main component, non-matched 

  
c Non-main component, non-matched d All matched 

 

Fig. 5 Keyword network, co-inventors 

 

From the first look on main and non-main component keyword networks they may seem 

similar as both have the topic of transgenic plants in the core. However, other subtopics are 

different along main and non-main component. Whereas along main component the topic of 

increased yield as well as plant tolerance and resistance is dominant, non-main component 

deals with topics of cell and tissue research. When looking at matched sample it seems that 

they are thematically more connected to the topics of main component. Thus, these are mostly 

the actors who try to follow the dominant stream of thoughts across the field, even though not 

always being connected to the nodes of main component or not having central positions in it. 

The topics of the non-main component are also present, however, not being dealt with as 

actively as transgenic plants’ research. 

Figure 6 presents the same exercise, done for the network of co-authors’ over the period 1995-

2015, whereas the Appendix E presents the changes in keyword networks occurring over time. 

Here along first three network the focus lies on the medical biotechnology as well as on the 

applications of specific bacteria to plant modification and DNA/RNA recombination (topic, 
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which is also outlined by industry). Particularly, whereas along main components the topics 

have mostly general nature and concern some bacteria, commonly used in biotechnology 

research, non-main components focus on dealing with specific terms. 

 With regards to matched component, two streams can be identified: 1) nodes, that are 

publishing in the same fields in which they are patenting, e.g. in the topic of transgenic plants, 

dealing thus with the same practical issue of increased yield and resistance, which does not 

have popularity across either main or non-main components; 2) nodes, dealing with these 

topics indirectly through the terms like ‘Escherichia coli’, or ‘Corynebacterium glutamicum’, 

that have usage across many other fields, including different medical implications.  These 

nodes, thus, perform more classic university research.  

Additional explorations show that second stream’s topics come also from the nodes, situated 

in main component. The ones, dealing with transgenic plants directly, are located mostly on 

the network’s periphery, in small components, thus, dispatched from the core of science space.  

 

  

a Complete network b Main component, non-matched 

  

c Non-main component, non-matched d All matched 
 

Fig. 6 Keyword network, co-inventors 
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6 Discussion and conclusion 

This paper provides insights into the structure and development trends along science and 

technology spaces of German biotechnology. Apart from that, the role of actors, found in both 

samples, was analyzed along. The results of the paper put light not only on the field structural 

arrangement, but also on the topics, which put German plant biotechnology forward. 

Results of exploratory analysis show disparities existing between development paths of science 

and technology. Whereas technological field of plant biotechnology is diverging towards 

existing of almost equally weighted components, dealing with different topics (main 

component still concentrating on creating highly resistant plants and others focusing on cell 

culture and tissue research), within the science space the main component is getting bigger 

over time.  

For the case of author-inventors, their overrepresentation in the most central nodes, shown by 

previous research (Breschi and Catalini 2010), could be supported only for the case of co-

authors’ network. Furthermore, the centrality of author-inventors over co-authors’ network 

only increases over time. For the network of co-inventors’ almost no differences were identified 

between matched and non-matched actors. It means, that the authors-inventors could find 

central place in research landscape but not in inventive one. 

Moreover, the disparities were also identified when looking at the topics, which the author-

inventors are dealing with. Two streams of actors could be identified.  The ones, dealing with 

the topics of transgenic plants are active in the co-inventors’ network and evenly spread among 

components there. However, they are not highly represented across top central nodes. Along 

science space these actors also do not have the most central positions. Other nodes, -which 

deal with more general topics, which could be also applied in medicine, are not located in the 

main component of co-inventors.  

Nevertheless, it is important to mention the transformation occurring within plant 

biotechnology field. The nodes outside the main component getting more and more connected. 

The continuation of this study with actualized data (e.g. for 1995-2020) will help to unveil 

whether the shift towards blending of plant and medicine-related biotechnology goes further. 

The paper has therefore several important implications. First, for policy makers it outlines the 

importance of funding for research institutions, which may create high impact for the research 

and academic field. Second, for actors themselves is shows the importance of collaboration and 

diversification, as those, performing research and applying for patents in different subfields of 

plant biotechnology appear to be located more central among authors without being neglected 

in inventors’ networks. Third, it presents the transformation patterns occurring in the field 

itself, which is of a high importance for all stakeholders. 
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Nevertheless, paper still has some limitations and avenues for further research. First, although 

trying to account for the case of ‘professor´s privilege’, in some cases the shift of the rights on 

the patent from university professor to the university may diminish the individual motivation 

to patent. Apart from that, further insights of importance of specific topics and their 

development over time could be tracked via following the changes in ownership of particular 

patents.  

Apart from that, several limitations and further research possibilities could be identified 

regarding used data. First, there could have been several false negative entries, as some 

inventors or authors could change their surname for some reasons and therefore not stated as 

author-inventors. It could especially influence the number of nodes, which remain in matched 

network over time. However, it is supposed, that these situations do not happen often enough 

to change the results dramatically. 

Another important point, which can extend existing research, may lie in creating two-layer 

networks (following e.g. Lucena-Piquero and Vicente 2019), thus separating between 

connections, occurring within institution and the ones, occurring between institutions. This 

may help correcting several network measures for the possible biases for the case of authors or 

inventors, belonging to the well-connected project teams. For this study such a network could 

not be created, because of the difficulties of attaching inventors to a particular organization. 

However, further research and development of matching algorithms may help to overcome this 

limitation. 
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Appendix A. Science space keywords 

Metabolism, Oxidative Stress, Antioxidant, Antioxidants, Reactive Oxygen Species, Enzyme 

Activity, Genetics, Reactive Oxygen Metabolite, Hydrogen Peroxide, Superoxide Dismutase, 

Catalase, Photosynthesis, Drug Effect, Toxicity, Malonaldehyde, Absorbic Acid, Peroxidase, 

Drought Stress, Enzymology, Salt Stress, Plant Protein, Cadmium, Bioaccumulation, 

Antioxidant Activity, Physiological Response, Arabidopsis, Plant Stress, Soil Pollutants, Salt 

Tolerance, Antioxidant Enzyme, Oxidation Reduction Reacxtion, Oxidation-Reduction, 

Upregulation, Biosynthesis, Oxidation, Soil Pollutant, Genotype, Phytohormone, Genes Plant, 

Water Fruit, Gene Expression Profiling, Salicylic Acid, Tobacco, Transcriptome, Gluathione 

Peroxidase, Animals, Chlorophyll Content, Bioremediation, Homeostasis, Lipid Peroxidation, 

Plant Leaf, Gene Expression, Gene Expression Regulation, Plant Proteins, Gene Expression 

Regulation Plant, Seedling, Chlorophyll, Antioxidant Enzymes, Plant Root, Abiotic Stress, 

Transgenic Plant, Enzymes, Sodium Chloride, Malondiahdehyde, Oxygen, Plant Gene, 

Gluathione Reductase, Plants, Genetically Modified, Germination, Plant, Rice, Seedlings, 

Environmental Stress, Triticum Aestivum, Plants, Protein, Maizee, Abscisic Acid, Carotenoid, 

Superoxide, Ascorbate Peroxidases, Chloroplast, Phytoremediation, Proteomics, Plant Seed, 

Oryza Sativa, Zinc, Nitric Oxide, Real Time Polymerase Chain Reaction, Protein Expression, 

Antioxidant System, Herb, Lycopersicon Esculentum, Tomato, Phenol Derivative, Lipid, 

Seeds, Soil Pollution, Oryza, Plant Defence, Plant Leaves, Drought, Salinity, Ascorbate 

Peroxidase, Clutathione, Plant Growth, Plant Roots, Proline, Wheat, Drought, Biomass, 

Enzyme, Vegetable Protein, Phytotoxicity, Cultivar, Detoxification, Glutathione Transferase, 

Pigment, Zea Mays, Arabidopsis Thaliana, Salt-Tolerance, Biochemical Composition, Phenols, 

Triticum, Water Stress, Guaiacol Peroxidase, Radiation Response 
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Appendix B. Representation of authors-inventors: top 10% and 
top 5% nodes 

Representation of authors-inventors, top 10% of nodes 

 1995-1999 2000-2004 2005-2009 2010-2015 

matched nodes, top 
degree centrality, co-

inventors 

1.729 1.289 0.833 0.969 

matched nodes, top 
degree centrality, co-

authors 

1.006 1.318 2.278 2.574 

matched nodes, top 
betweenness centrality, 

co-inventors 

1.124 1.353 0.885 1.277 

matched nodes, top 
betweenness centrality, 

co-authors 

2.516 2.437 3.190 3.372 

matched nodes, top 
eigenvector centrality, 

co-inventors 

0.605 0.580 0.833 0.837 

matched nodes, top 
eigenvector centrality, 

co-authors 

0.503 0.659 1.316 1.686 

 

Representation of authors-inventors, top 5% of nodes 

 1995-1999 2000-2004 2005-2009 2010-2015 

matched nodes, top 
degree centrality, co-

inventors 

2.213 1.019 1.145 1.045 

matched nodes, top 
degree centrality, co-

authors 

1.006 0.659 2.228 2.929 

matched nodes, top 
betweenness centrality, 

co-inventors 

1.021 1.655 0.833 1.480 

matched nodes, top 
betweenness centrality, 

co-authors 

2.684 2.635 3.949 4.082 

matched nodes, top 
eigenvector centrality, 

co-inventors 

0.340 0.255 1.041 0.958 

matched nodes, top 
eigenvector centrality, 

co-authors 

0.671 0.527 0.284 
 

1.775 
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Appendix C. Matched nodes along co-inventors’ and co-authors’ 
networks 

 
 

a Co-inventors’ network, 1995-1999 b Co-inventors’ network, 2000-2004 

 
 

c Co-inventors’ network, 2005-2009 d Co-inventors’ network, 2010-2015 
 

Matched nodes of co-inventors’ networks over time 
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a Co-authors’ network, 1995-1999 b Co-authors’ network, 2000-2004 

  
c Co-authors’ network, 2005-2009 d Co-authors’ network, 2010-2015 

  
Matched nodes of co-authors’ networks over time 
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Appendix D. Networks of keywords, co-inventors 

  

a Complete network b Main component, non-matched 

  
c Non-main component, non-matched d All matched 

  
Keyword network 1995-1999, co-inventors 

 

  
a Complete network b Main component, non-matched 

 
 

c Non-main component, non-matched d All matched 
  
Keyword network 2000-2004, co-inventors 
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a Complete network b Main component, non-matched 

  
c Non-main component, non-matched d All matched 

  
Keyword network 2005-2009, co-inventors 

  

a Complete network b Main component, non-matched 

  
c Non-main component, non-matched d All matched 

  
Keyword network 2010-2015, co-inventors 
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Appendix E. Networks of keywords, co-authors  

  
a Complete network b Main component, non-matched 

  
c Non-main component, non-matched d All matched 

  
Keyword network 1995-1999, co-authors 

  

a Complete network b Main component, non-matched 

  

c Non-main component, non-matched d All matched 
  

Keyword network 2000-2004, co-authors 
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a Complete network b Main component, non-matched 

 
 

c Non-main component, non-matched d All matched 
  
Keyword network 2005-2009, co-authors 

  
a Complete network b Main component, non-matched 

  

c Non-main component, non-matched 
 

d All matched 

  
Keyword network 2010-2015, co-authors 
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Chapter 4 

Who benefits from radical innovations of SMEs? – 

Empirical evidence from the German Biotechnology 

Mariia Shkolnykova 

Muhamed Kudic 

 

Abstract 

Radical innovations are of key importance from an economic point of view since they bear the 

potential to trigger the emergence of new technological trends and fuel economic prosperity 

while simultaneously causing far-reaching structural change processes. In this paper we focus 

on the transfer channels of radical innovations launched by small and medium-sized firms 

(SMEs). Based on a unique longitudinal dataset covering the observation period 1996 - 2016, 

we identify and trace back radical innovations of SMEs in the German Biotech in order to 

analyze the extent to which SMEs themselves or eventually also other organizations in their 

direct cooperation surrounding benefit from radical innovations in terms of subsequent 

innovation performance. Results from panel data count models indicate that direct 

cooperation partners of ‘radical innovators’ generally seem to show higher innovative 

performance than partners of the control group, i.e. not radical innovating ‘statistical twin’ 

firms. A more differentiated picture emerges if one considers the geographical and 

technological proximity of the cooperation partners. 
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1. Introduction  

The ability of firms to create novelty in terms of innovation is considered to be a necessary 

prerequisite for gaining a sustainable competitive advantage and keeping pace with 

competitors. Firms typically follow unique innovation strategies to cope with high levels of 

ambiguity and complexity, particularly prevalent in knowledge intensive technological fields 

such as biotechnology.  

In this paper we turn our attention to innovation activities of small and medium-sized 

enterprises (SME52) in the field of biotechnology, mostly occupied with application of 

biotechnology techniques for the production of goods or services and actively involved in 

research and development (R&D). These firms are frequently referred to as dedicated biotech 

firms (DBFs) (OECD 2005). DBFs have highly specialized business models, which is typically 

reflected in a very unique resource and knowledge endowment and their R&D activities are not 

seldom subjected to high risks. Accordingly, entry and exit dynamics as well as the chance of 

discovering entirely new methods and applications in terms of products and services is 

certainly overrepresented among DBFs. Radical innovations are typically discussed only under 

the light of radical inventor’s performance (e.g. Katila 2000). However, they bear also the 

potential to affect other actors and even change the technological fields in a fundamental way 

(Dahlin and Behrens 2005). It is, however, anything but clear to what extent radical innovation 

remains limited to the radical innovator itself or influences its closer surrounding by triggering 

follow-up innovations. Accordingly, we are curious to understand who benefits from radical 

innovations of dedicated biotech firms. More precisely, we apply a network perspective and 

analyze the extent to which firm-specific network structures of small and medium-sized 

dedicated biotech firms – based on formal, publicly-funded R&D partnerships – foster the 

transfer of radically new ideas in a knowledge intensive technological field such as 

biotechnology.  

We compile and employ a longitudinal unbalanced panel dataset encompassing the full set of 

DBFs in Germany between 1996 and 2016. At the very heart of our analytical approach we 

specify firm-specific ego-network53 for each radical innovator and check if (and to what extent) 

spillovers moves through it by testing if ego-network partners show significantly higher 

patenting activities (in terms of patenting counts) compared to partners of statistically 

equivalent benchmarks of radical innovators (‘statistical twins’) by using a negative binomial 

regression model. We employ a propensity score matching procedure two identify a set of 

                                                        

52 Here we use the definition of SME, proposed by European Commission: the enterprise is considered an SME, if 
it has less than 250 employees and “annual turnover not exceeding EUR 50 million, and/or an annual balance sheet 
total not exceeding EUR 43 million” (Recommendation 2003/361/EC) 
53 Ego networks encompass the ego itself and all its directly linked partners. Indirect connections between the alters 
are included while second tire ties are not included (Hite and Hesterly 2001). 
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‘statistical twins’ for each radical innovator and set up two benchmark datasets in order to 

evaluate the patenting performance of the firms in our sample. The combination of these 

analytical approaches allows us to gain a much deeper understanding of how radical 

innovations may spill over in knowledge intensive technological fields.  

The paper is structured as follows: in Section 2 we first summarize the main contributions of 

previous SMEs research in general and describe existing literature on radical innovation and 

knowledge spillovers. In the end of the chapter hypotheses are outlined. Section 3 includes 

overview of data sources used. Next, we provide an overview of the development of the 

biotechnology industry in Germany. In Section 4 we outline our research methodology. In 

Section 5, we provide basic descriptive statistics and results from our statistical analyses. 

Finally, in Section 6 we provide a brief discussion of main findings and outline of some fruitful 

avenues for further research. 

 

2. Theory background – externalities, networks and innovations  

Economists usually draw upon the concept of ‘externalities’ to approach a question like the one 

we raise above. The externality concept goes back the late 19th century (Marshall 1890) and is 

still one of the fundamental concepts in welfare economics and dominates the debate in 

economic policy on market failures and interventions. The basic idea behind the concept is 

straightforward. In its most basic sense, an externality exists (i.) in consumption, when the 

shape and position of an individual’s indifference curve is affected by the consumption of 

another individual, (ii.) in production, when the production function of one firm depends on 

use of inputs and outputs of another firm (Graaf 1957; Buchanan and Stubblebine 1962). Over 

the years two rather contradictory concepts emerged. On the one hand, so-called Marshall-

Arrow-Romer (MAR) externalities – originally developed by Marshall (1890), Arrow (1962), 

and Romer (1986) and later formalized and tested by Glaeser et al. (1992) – are based on the 

notion that knowledge is industry-specific and spillovers appear mainly among similar and 

closely co-located firm in the same industry. On the other hand, so-called ‘Jacobs externalities’ 

go back to the idea that spillovers take place between complementary rather than similar 

industries (Jacobs 1969). Common to both approaches, however, is that the transfer channels 

and mechanisms often remain unspecified.  

Scholars from evolutionary economics contributed to this debate by introducing the systemic 

innovation perspective (Lundvall 1992) and emphasizing the role of formal and informal 

networks (Freeman 1991) for intra-industry and inter-industry knowledge transfer processes. 

In general, networks consist of a well-defined set actors and direct or indirect connections 
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among them (Wassermann and Faust 1994). The specification of actors and ties determines 

the type of network we look at. Innovation networks are embedded in a broader socio-

economic environment and considered to be an integral part of an industry’s innovation 

system54 (Kudic 2015). Inter-organizational innovation networks incorporate all type of actors 

actively involved in R&D processes. Formal as well as informal connections among them allow 

for unilateral, bilateral, or multilateral exchange of ideas, information knowledge, and 

expertise. This, in turn, enables the actors involved to recombine and generate new knowledge 

enclosed in novel goods or services to meet market demands and customer needs (cf. Kudic 

2015, p. 47). 

To analyze whether the radical innovations of SME’s spill over to its direct partners, we focus 

on egocentric, inter-firm innovation networks composed of formal links within the 

technological field of biotechnology. Ego-networks are composed of one focal actor (ego), his 

direct connected partners (alters) connections among the alters (Ahuja 2000; Hite and 

Hesterly 2001). In other fields, ‘ego networks’ are also referred to as ‘alliance network 

compositions’ (Baum et al. 2000), ‘alliance constellations’ (Das and Teng 2002; Gomes-

Casseres 2003), ‘alliance portfolios’ (George et al. 2001; Hoffmann 2005; Hoffmann 2007; 

Lavie and Miller 2008), or ‘portfolios of interfirm agreements’ (Wuyts et al. 2004).  

However, it is important to note that the existence of direct and indirect ties among network 

actors does not necessarily mean that knowledge identification, transfer and learning across 

firm boundaries takes place without any obstacles or frictions. Cohen and Levinthal (1990) 

were among the first to acknowledged this issue by introducing the ‘absorptive capacity’ 

concept which draws attention to an actor’s ability to identify, assimilate and use externally 

available knowledge to commercial ends.55 In a similar vein, Simonin (1999) provided us with 

deep insights on the simultaneous effects of knowledge ambiguity and its antecedents – i.e. 

tacitness, asset specificity, prior experience, complexity, partner protectiveness, cultural 

distance, and organizational distance – for the success of technological knowledge transfer 

through inter-firm alliances.  

The preceding considerations clearly indicate that the ‘network approach’ bear the potential to 

complement and specify the wide-spread but rather abstract notion of ‘knowledge externality’ 

since it explicitly acknowledges the often ambiguous nature knowledge transfer and learning 

processes through the channels and conduits of complex adaptive systems. A closer look at the 

empirical literature indicates that we are certainly not the first to focus on the relatedness 

                                                        

54 Based on the initial ‘national innovation system’ approaches (Lundvall 1992, Nelson 1992, Freeman 1992), various 
specifications were developed, including ‘regional innovation systems’ (Braczyk et al. 1998), ‘sectoral innovation 
system’ (Malerba 2002), ‘technological innovation systems’ (Carlsson et al., 2002).  
55 This important insight has been adapted and extended in several ways. For conceptual extensions, see for 
example: Van Den Bosch et al. (1999); Zahra and George (2002); Lane et al. (2001). 
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between knowledge exchange, ego-networks and innovation performance. Previous research 

mainly focused on the extent to which ego-network affect the innovative performance of the 

focal actor itself. For instance, Ahuja (2000) focus on the relatedness between three aspects of 

firm’s ego-network characteristics – direct ties, indirect ties as well as structural holes – and 

subsequent firm level innovation outcomes and raises awareness for the negative innovation 

effects of structural holes at the network level. Baum et al. (2000) demonstrates that the early 

innovative performance of Canadian biotech startups’ – measured by patent grant counts and 

R&D spending growth – is strongly affected by the alliance network composition of these firms 

at founding. Wuyts et al. (2004) explore the impact of different types of alliance portfolio 

characteristics on firms’ incremental and radical innovations as well as on firm profitability. 

To the best of our knowledge, there is no prior research on the extent to which radical 

innovations of a focal actor affect (or ‘spill-over’) to its directly – and eventually indirectly – 

connected alters. 

However, which effect does this special type of innovation bring to companies, cooperating 

close with radical innovators, is still unknown. The research of radical innovations in this sense 

is still limited to focal firms, performing it: investigation of the effects, that radical innovation 

may have on firm´s creation (Shane 2001) or cooperation patterns that help firms to reach 

radical innovation (Tether 2002). Thus, it is plausible to assume that in case of radical 

innovations, which present exclusive and unique knowledge of one particular actor, spillovers 

may exist. As direct cooperation partners of radical innovators do not bear the risks, connected 

to its development and introduction, we expect positive influence on such activity on partners. 

Thus, our first hypothesis can be stated as follows: 

H1: Radical innovation has a positive impact on 

innovative performance of direct project partners of 

radical innovators. 

However, there are several factors affecting this relationship. One of them is the geographical 

distance. Closely related firms can better observe development trajectories of their neighbors 

(Hohberger 2014), which is especially important for the case of tacit knowledge transmission. 

This can explain the success facilitation of innovation performance, provided by technological 

parks (Díez-Vial and Fernández-Olmos 2015) and geographic clusters (Gilbert et al. 2008). On 

the other hand, it can be stated that several meetings pro year along with the usage of modern 

technologies may make distance between partners unimportant for transmitting even tacit 

knowledge (Breschi and Lissoni 2003). However, we argue that the effect of local 

(intraregional) knowledge spillover may be higher for the case of SMEs, who mostly rely on the 

local contacts (Beugelsdijk 2009), especially on the connections with universities and 
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successful peers. Apart from that, some non-local firms may just do not possess necessary 

capabilities in order to understand local knowledge (Boschma 2005). Thus, we can state that: 

H2: Partners, located in the same region with radical 

innovator, experience a higher influence of radical 

innovation on their innovative performance. 

Another strand of literature shows, that not only geography matters.  In order to learn, the 

cognitive abilities of firms should be close enough, but not identical (Boschma 2005). 

Biotechnology firms are often reported to engage in collaborations in order to develop new 

products and services (Hohberger 2014). However, according to the literature, they rather 

prefer looking for collaboration that complements their capabilities (e.g. clinical testing, 

marketing, management, distribution) (Hohberger 2014). This can also be seen in practice: 

among the subsidized projects biotechnology firms often have soft- and hardware developers 

or service providers as partners. Apart from that, it is often reported that biotechnology SMEs 

rather communicate with pharmaceutical corporations than peers (Kahl 2015). Thus, we can 

suppose that: 

H3: Non-biotechnology partners of radical innovation 

experience a higher influence of a radical innovation on 

their innovative performance. 

 

3. Technological field and data consolidation 

3.1 Technological field and research focus  

In our paper we are dealing with the case of German biotechnology. The industry presents a 

case of high-tech sector with the high spatial concentration of the firms. Apart from that, 

inventive outcomes in biotechnology are normally documented in form of patents (e.g. 

Aggarwal and Hsu 2014), which enables calculation of innovative performance indicators. 

As already stated in chapter two, the concept of radical innovation and its spillovers is 

especially important for the case of SMEs. Due to a lack of abundant resources small 

entrepreneurial firm typically fail more often than their larger competitors which is referred to 

in the literature as liability of smallness (Aldrich and Auster 1986). 

German biotechnology was from its origin driven by several policy initiatives (e.g. BioRegio 

Competition or BioProfile), which explicitly promoted emergence of start-ups. This numerous 

firms, however, appeared to be in the hard financial position after the drop of funding in the 
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middle 2000s (Häussler 2007). On the other hand, independent start-ups have to bear with all 

the costs and risks of failure at any stage of product development, production and sales alone. 

It is especially complicated by the long time period between development and sales of specific 

biotechnology products (Zidorn and Wagner 2012). Thus, in order to mitigate lack of 

capabilities, these firms need access to external knowledge of other firms, research institutions 

and universities. Therefore, different forms of alliances are extremely popular in 

biotechnology. They are analyzed by a number of studies (e.g. Gay and Dousset 2005; Zidorn 

and Wagner 2012; Shin et al. 2016), mostly reporting positive influence of being in alliance on 

different dimensions of firm’s performance. 

In addition, described SMEs have to find niche to operate and specify their activities towards 

special solutions (Zidorn and Wagner 2012). This may bring new products and processes, not 

known to the field in this combination before. The latter, according to Schumpeterian notion, 

can be related to as radical innovation. Thus, we can expect that radical innovations will be the 

driving power of SMEs activities in biotechnology and will be seen relatively often. 

3.2 Data sources 

To construct panel dataset several data sources were used complementary, as neither of them 

could provide full data regarding firm characteristics as well as patenting and funding data. 

The use of raw data sources is outlined below.  

To start with, the population of dedicated biotechnology firms needed to be generated for the 

purpose of radical patents´ identification as well as definition of firm characteristics, such as 

size or age. For that purpose, the dataset provided by BIOCOM AG, which is a firm, 

consolidating statistics on life sciences, was used. Datasets for the years 1996-2016 were 

available for our usage. 

Apart from providing industry books, which consist of the general statistical indicators of the 

field, BIOCOM AG also structures overall firms’ population into different categories (e.g. 

research, pharma, IND1, IND2). IND1 category corresponds to dedicated biotechnology firms, 

which have biotechnology as main field of activity. Exactly these firms have served as an initial 

sample to reach our research goals, by constituting narrow dataset, used for radical patents 

identification. Broader dataset, including other firm categories, was used for control purposes. 

However, as we are interested in following radical innovations coming from SMEs, the 

information about firm status and ownership structure was an important component needed 

for the dataset. Thus, in order to follow the firm history chronologically, including such events 

as possible mergers, acquisitions or insolvency procedures, other data sources are needed. 

Apart from that, several entries regarding the size of particular firms were not available in 
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BIOCOM AG data. Therefore, several additional sources were used complementary to fill this 

gaps. 

First, Amadeus database from Bureau van Dijk56 was used to additionally checked whether 

firm can be considered SME in particular year with the help of ownership structure of a firm. 

This information was additionally checked in Wiso-Net database57, including firm data from 

register portal. Amadeus database also includes data on employees´ number for each firm over 

the last ten years, which helped to close some white spaces.  

To get more information about the history of each firm as well as to learn, which of them were 

founded as university spin-offs, we have additionally manually screened firm websites. This 

information was further used as a control variable and acted as one of the predictors of 

innovative activity. 

As the dependent variable presents the number of patent applications, a decent measure 

reflecting this innovative output had to be chosen. We have used PATSTAT Database (Autumn 

edition 2016) in order to filter patents coming from dedicated biotechnology SMEs, which were 

applied for between 1996 and 2016 for the first time58. PATSTAT Database, created by 

European Patent Office (EPO), includes patents applied by firms worldwide. Apart from being 

reliable source of patent data, PATSTAT combines data on application itself with data on 

applicants and inventors, related to patent, as well as technological classes (IPC and CPC) 

assigned to it and number of citations that patent received, in a convenient way.  

In order to construct cooperation networks of radical partners, Funding database 

(Förderkatalog) of Federal Ministry of Education and Research was used. Alternative way of 

cooperation measurement, number of co-applied or co-invented patents, was additionally 

checked. However, common subsidized projects have appeared to be a better measure of 

cooperative activity for several reasons:  1) Because of historical circumstances, underlined in 

2, funding projects were among the driving forces of biotechnology, being thus a common 

practice in the field; 2) Projects include date of cooperation begin, which is for the case of 

patent application not so clear, as cooperative patents may appear several years or several 

months after start of the cooperation; 3) Funding projects present external source of data, 

whereas patents were included in model as a dependent variable. Thus, we exclude selectivity 

in this case by including in the model only those firms, which have patents; 4) Cooperation 

may not always be expressed in terms of patent, especially when it comes to project partners, 

working in different sectors of biotechnology. Overarching projects may be better source of 

                                                        

56 Accessed in January 2019. 
57 Accessed in December 2018. 
58 Here no complete population for 2016 could be obtained, because of the lag between patent application and 
publication.  
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knowledge for that case. Funding database could also be used in order to identify whether 

cooperation with universities have taken place for a particular firm. 

3.3 Sample specification  

We first identify all actively operating small and medium sized dedicated biotech firms (DBFs) 

in Germany between 1996 and 2016. This time period of 20 years involves all stages of industry 

cycle: emergence of the field, founding of many entrepreneurial ventures and industry rapid 

development in the end of 90s and beginning of 2000s, followed by falling of patent activities 

and numerous exits, starting in the middle of 2000s, as well as appearance of new fields, 

originating from biotechnology, and technological change in the end of 2000s and beginning 

of 2010s. After combining yearly firm datasets and identifying firms, that appear in the dataset 

several times under different names, 1583 dedicated biotechnology firms, that were actively 

operating in this time period, were left59. 

Majority of identified firms can be related to as SMEs. BIOCOM AG reports, that around 85-

90% of all dedicated biotechnology enterprises are small (e.g. Mietzsch 2006; Mietzsch 2016). 

After filtering out those firms, that were already founded as subsidiaries, about 1200 of firms 

were left (see figure 1)60.  

 

Fig. 1 Structure of biotechnology field in Germany61 

 

                                                        

59 Help in creation of firm dataset for project purposes was provided by Leonard Prochaska, University of 
Greifswald. 
60 These firms were independent at founding, which does not mean that they were not acquired at some point of 
time. This factor was then taken into account after patent identification. 
61 Here the direct subsidiaries are excluded from SMEs statistics. 
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Out of these firms around a half could be found in PATSTAT, which meant that they were seen 

as an applicant or inventor on at least one patent during the period.  Patents for sample were 

filtered basing on the level of patent families in order to ensure that no double count is present. 

Thus, patents included should have their earliest filing year between 1996 and 2016. As the 

result, 4521 family ids or 4937 unique applications were defined. These patents further served 

for the radical entities´ identification. 

However, in order to perform this issue, control (baseline) group of patents need to be created. 

For it, the sample of 2200 dedicated biotechnology firms (both SMEs and large ones), 

pharmaceutical firms and research institutions62 was combined from BIOCOM AG data. After 

checking for patents, 17280 unique applications, where at least one technology class belongs 

to biotechnology, could be identified63.  

 

Fig. 2 Patents from SME vs. baseline sample 

 

Figure 2 shows that trend of SMEs patents corresponds to general patent statistics in the field. 

Most of the patents for both samples are related to the period 2000-2003, which is a couple of 

years after most of the firms were founded. The rapid decline in patents can be explained by 

tendencies in the field, stated above (e.g. according to Kahl 2015 re-profiling of many of SMEs) 

and also negative attention, which genetic research has received. 

                                                        

62 For Research institutions years 2005-2006; 2009; 2011; 2013-2016 are missing, however, the population appears 
to be stable. 
63 Here no filter on earliest application year was needed.  
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4. Methodology 

4.1 Research design  

In order to test hypotheses, we combine four analytical approaches (cf. figure 3). The first step 

is to identify radical patents based on technology class information. As can be seen, steps two 

and three can be implemented in any order. Finally, the outcomes of the initial analytical steps 

are included in our estimation model which allows us to distinguish between radical innovators 

and non-radical ‘twins’ and elaborate on innovation outcomes of their direct partners 

measured by patent counts.  

 

 

 

 

 

 

 

 

Fig. 3 Research design 

 

1. Identification of patents, presenting radical innovation as well as SMEs, that applied 

for these patents. At this step the definition of radical patent was elaborated, based on existing 

literature. Besides, several filters were applied, in order to ensure that only SMEs are included 

in the radical innovators´ sample. 

2. Creation of ego-networks of radical innovators. Here only those radical innovators, 

having funded projects, were taken into account. Their ego-networks, including all project 

partners, were constructed. 

3. Identification of ‘statistical twins’ of radical innovators and their ego-networks. 

Partners of these firms served as the control group for further econometric analysis. 

4. Econometric estimation approach. At the final step hypotheses were tested with the 

help of different specifications of negative binomial regression model. Apart from that several 

robustness checks including the usage of the lagged patent variable, were introduced. 

 

 

Econometric estimation 

Identification of 

‘statistical twins’ 

Identification of radical patents 

Creation of ego-

networks 
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4.2 Identification of radical patents and radical innovators  

As indicated in above, our analysis starts from the identification of radical innovations. There 

exists strand of literature, dealing with identification of such kind of innovations. However, 

there still exists no unified definition of what characteristics should a patent possess in order 

to be considered radical. Thus, we apply procedure, composed and refined, based on the 

literature. Firstly, we take method, originally applied by Fleming (2001; 2007) in the studies 

about collaborative creativity and further replicated by several other studies for patent data 

(e.g. Verhoeven et al. 2016; Dahlin and Behrens 2005; Arts et al. 2012, Grashof et al. 2019; 

Arant et al. 2019). It is based on Schumpeterian definition of innovation as a recombinatorial 

process of existing knowledge (Weitzmann 1998) and is characterized as the novel dyad of IPC 

classes, which did not appear in industry before. Verhoeven et al. (2016) relate to this term as 

“Novelty in Recombination”.  

However important the recombination of classes may be for a patent to be radical, the usage 

of composite indicators is empirically proven to be more reliable in this case. Thus, we also 

relate to the other important characteristic of radical innovation – impact that it has on the 

future of the field. This can be measured using forward citations indicator (e.g. Dahlin and 

Behrens 2005). Going further, we suggested, that in some cases application of important 

knowledge, created by a radical patent, may take some time, therefore, second-order forward 

citations should also be looked at. 

Apart from that, backward citations can be looked at in order to identify the novelty of the 

patent. Verhoeven et al. (2016) relate to these patent characteristics as to “Novelty in 

Technological Origins” and “Novelty in Scientific Origins”. Analogously to “Novelty in 

Recombination”, this indicator is based on the new dyad of IPC classes, however, focal patents´ 

technology classes here are connected to classes of their backward citations. Latter indicator is 

computed as connection between IPC-code and Non-Patent Reference (scientific field) that has 

not occurred before.  

The difference between first and third indicator lies in the different understanding of ‘new 

combination’: whereas in the first case patent itself presents a new combination of previously 

unrelated technological categories, in the second case patent uses existing knowledge in a novel 

way. We mostly refer to the first case, therefore, last indicator is not investigated thoroughly. 

Applying methodology described above, we needed to identify all possible dyads of IPC 

subclasses64, belonging to the patents of both SMEs´ and baseline sample. Thus, in total there 

occurred to be 31727 of such combinations for SMEs and 111272 for baseline sample65. Next, 

                                                        

64 We are performing comparison on the level of four digits, e.g. A01H.  
65 Number of patents x number of IPC codes combinations. 
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SMEs dyads were juxtaposed to baseline dyads. The patent was suspected to be radical if it: 1) 

was not found within control sample OR 2) appeared in control sample later than or in the 

same year as in SME sample OR 3) appeared in control sample 1 year earlier than in SME 

sample. The latter condition was introduced because of 18 months between patent application 

and publication as well as because we are not genuinely interested in radical patents 

themselves, but rather in firms, that possess disruptive potential.   

As the result of this comparison, 396 of potentially radical dyads could be identified, belonging 

to 286 patents. Looking at the timeline of these innovations one can see, that most of them 

relate to 1998 or 1999, which is in line with general peak in biotechnology patents. Most 

favorite patent classes were related to red biotechnology (Preparation ... for medical purposes; 

…therapeutic activity of chemical compounds/medical preparations) or generally to enzymes 

and peptides research66. 

 

 

 
a Number of potentially radical patents per 

year 
b Technological classes of potentially  

radical patents 

Fig. 4 Radical combinations per year and their IPC classes 

 

Then, we checked forward citations of patents, identified before. In order to guarantee, that 

patent received citations (at least initial ones), we only included patents, first applied before or 

in 2012). All 286 patent applications satisfied this condition, however, only 108 of them appear 

to have forward citations. Cutting value here was set at 3 citations, which corresponds to about 

upper 30%. Number of citations of forward citations mostly corresponds to forward citations 

statistics. Here two cases can be especially noted: „Kopplung von Proteinen an ein 

modifiziertes Polysaccharid” (English: "Coupling proteins to a modified polysaccharide") – 

four 1st order citations and 83 2nd order citations; „Verfahren zur Gewinnung von Proteinen 

                                                        

66 IPC codes of radical candidates and names of specific subclasses from figure 4 can be found in Appendix A. 
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aus Pflanzen in reiner Form” (English: "Process for extracting proteins from plants in their 

pure form") – eight 1st order citations, 153 2nd order citations.  

As the result, 77 patents were left, which belong to 43 firms. These firms were additionally 

checked in order to secure that only SMEs are left in the sample. The reason for it are often 

acquisitions in area of biotechnology: thus, even if the firm was initially founded as an 

entrepreneurial SME, one has to check whether it still had this characteristic at the time, when 

patent was applied for. As the result, 29 firms were left67, which constituted our end sample. 

4.3 Creation of ego-networks of radical innovators  

On the first step we could identify radical innovators. However, we are not interested in the 

radical performance of these authors, but rather in that of their project partners. Thus, the best 

methodological way to visualize these partners is via building ego-networks around radical 

firms. As we are not interested in the innovative performance of exactly these actors, but their 

project partners, ego-networks of radical innovators needed to be constructed Here focal actor, 

in our case radical innovator, is seen as ‘ego’. Ego is connected to its alters, in our case project 

partners of radical innovators, via ties. Network also includes ties between partners, but does 

not look at their ties beyond that (e.g. Borgatti et al. 2018).  

Thus, at the next step we screened funding database of German Federal Ministry of Education 

and Research (Förderkatalog) in search of project partners. It appeared that only 13 firms had 

projects, involving more than one actor. By connecting obtained firms, ego-networks were built 

(see figure 568). As can be seen, the network shows two big components of relatively big project 

networks. Connectivity there is mostly granted through universities or big corporations. Both 

of these categories, however, are not of our primary interest, as it is hard to disentangle 

influence of radical innovation from other factors influencing their innovative performance. 

For other small firms in biotechnology, however, knowledge, created by radical innovation, 

may be crucial.  

Thus, from the scope of project partners, only small, medium and large firms, being however 

single location, were taken into account. After filtering other actors out, 35 actors were left. 

Starting from the year of collaboration, number of applied patent families pro firm was checked 

for each firm, using PATSTAT (Autumn 2016 edition)69. Number of patents is further used as 

the dependent variable for count model. 

                                                        

67 One firm appears in the sample twice with different name. 
68 List of the nodes can be found in Appendix B. Universities are presented at the level of working groups. If network 
is built on the level of university, much higher connectivity is seen. Universities thus are serving as bridges between 
SMEs. However, in the scope of this paper we are not primarily interested in university-SME cooperation, therefore 
no detailed analysis of this issue is provided. 
69 With adding PATSTAT 2019 Spring edition for 2016 patents in order to get the complete population for that year. 
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Fig. 5 Ego-networks of radical SMEs 
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4.4 Identification of ‘twin’ firms 

Thus, we already identified radical innovators, as well as their partners, which are further used 

for econometric estimation. However, to calculate the effect of radical innovation, control 

sample of firms, who are partners of non-radical dedicated biotechnology SMEs, needs to be 

established. This is done with the help of propensity score matching – technique that matches 

each individual from the sample of radical innovators to one or more statistical twins, based 

on particular characteristics, which both firms possess. In the case of these characteristics, also 

known as baseline covariates, they must have two following properties: 1) be independent from 

each other; 2) have an influence on outcome and differ between conditions at baseline (Tanner-

Smith and Lipsey 2014).   

It is important to note, that this method is usually used for sociology studies or to test the effect 

of a particular treatment. In these cases, baseline covariates reflect the state of subjects to be 

divided into the groups before the treatment. For the case of statistical twins of radical 

innovators´ it may become complicated for two reasons. First, different firms applied for 

radical innovations in different time periods and its preparation could have taken a firm several 

years. Second the knowledge, which was produced by radical innovation most probably 

appears before the patent is applied for and stays with the firm over time, thus, firm stays 

‘radical’ by its nature even after that, so, it is hard for these case to take before/after snapshot. 

Therefore, we identify the firms, which, having the same characteristics, appear to be not 

radical. Thus, we tried to stick to characteristics which are relatively stable over time or applied 

characteristics at current period of time, which are: 

 Number of employees that firm has; 

 Size of the network, measured by the number of unique project partners; 

 Whether the firm was founded as spin-off (1) or not (0); 

 Whether the firm has universities in the network (1) or not (0); 

 Whether firm is situated in technology center (1) or not (0) 

Latter variable can be explained by the fact, that technological centers can promote 

communication among firms, create creative performance and propose technical equipment, 

which are all necessary factors for radical innovation creation.  

For each of the radical firms five ‘twins’ were identified from SME sample (excluding radical 

firms and their partners), from which the most suitable one was manually chosen, basing on 

characteristics provided above. Apart from that, to ensure that the result, obtained using 

radical and selected sample, has not occurred by chance, one more ‘twin’ is chosen manually 
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as the second best candidate and one ‘twin’ is chosen using random numbers generator. Two 

additional samples are used to perform robustness checks.70 

4.5 Econometric approach  

Our hypotheses target innovative performance of the partners of both radical innovators as 

well as partners of their statistical ‘twin’ firms. In that case patents serve as a well-accepted 

proxy for measuring innovative performance, especially for such industries as biotechnology 

or pharmaceuticals, where patent applications are important and wide-spread form of 

invention protection and appropriation (e.g. Aggarwal and Hsu 2014, Hohberger 2014). Thus, 

dependent variable, further used in the model, is the number of patents, applied by a firm each 

year after cooperation with radical innovator started. As radical patents, according to our data, 

usually come close after the founding of the firm and it is usually the result of long invention 

process, no projects had to be excluded from the sample. 

When using patent counts as dependent variable, one has to think whether lags are reasonable 

to take into account. It can be explained that patent preparation length is from one individual 

case to another may be different. On the other hand, taking into account the field dynamics 

and the fact, that cooperation could have started earlier than a funded project, therefore the 

patents starting from t year of cooperation are the correct measure. Patent lags of one and two 

years are presented within paper as robustness checks. 

In order to account for hypotheses, three independent variables, related to each of them, were 

built. Thus, to check whether the partnership with radical innovators is beneficial, we 

introduce variable RADICAL, which takes value one whenever the firm was the partner of 

radical innovator and zero if the firm is the partner of its twin. The variable is constant for a 

particular firm across years. If same firm appears in both radical and non-radical ego-

networks, it was deleted from the panel.  

In order to test second hypothesis, the variable REGION was included. It was equal to one for 

interregional and zero for intraregional partners on the NUTS2 level71. For the third hypothesis 

testing another binary variable BIOTECH was introduced, taking the value of one for dedicated 

biotechnology firms and zero otherwise. This variable was based on the presence of the firm in 

BIOCOM yearbooks. Both variables according to stated hypotheses relate only to the partners 

of radical innovators. 

Apart from these independent variables several controls were introduced in the model. First, 

variables of age (AGE) and size (EMPL) of the firm were presented. Variable AGE presents 

                                                        

70 List of twins and all matches can be found in Apendix C.  
71 The introduction of the variable on NUTS3 level was checked and did not significantly changed results. 
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number of years between firm´s founding and year of observation, whereas EMPL corresponds 

to the number of employees, reported by the firm in the observation year. Both variables vary 

for a firm across panel. Variable SUBS estimates whether the firm was a subsidiary or an 

independent entity in a year of observation, whereas SPINOFF reflects whether the firm was 

founded as a university or industry spin-off. Variable UNI identifies whereas a firm had a 

cooperation with the university in form of joint project. This variable takes value of 1 since the 

start of the cooperation with the university and zero if no cooperation tool place.  

 

Tab. 1 Control variables 

Variable Description Data source 
PATENT Number of patent applications of a firm per year PATSTAT 2017b 

RADICAL Firm being partner of radical innovator (1) or 
non-radical twin 

Identification procedure, explained 
in 4.2, Förderkatalog 

REGION Partner located in the same NUTS2 region with 
focal firm (1) or in different region (0) 

BICOM AG, Amadeus, WISO-Net 

BIOTECH Dedicated biotechnology firm (1) or not (0) BICOM AG, Amadeus 
AGE Years between founding of the firm and year of 

observation 
BIOCOM AG, Amadeus 

EMPL Number of employees in a particular year BICOM AG, Amadeus, WISO-Net 
UNI Firm having university as a partner in funded 

project in the year of observation or before (1) 
or not (0) 

Förderkatalog 

SUBS Firm being subsidiary in the observation year 
(1) or not (0) 

Amadeus 

SPINOFF Firm being spin-off at founding (1) or not (0). 
Variable is constant for one firm across all 

observation periods 

Amadeus, Firms´ websites 

 

Table 1 presents short description of all variables with sources of data, used for their collection. 

Dependent variable (number of patents per year) has a count character and is represented by 

the equation below. Patents per firm do not normally have a normal distribution, being right 

skewed. Therefore, count model for this case should be preferred to linear model specification 

(e.g. Cincera 1997). Thus, we limit ourselves to this list of models. Furthermore, our data shows 

overdispersion, confirmed by likelihood-ratio test of alpha. In this case negative binomial 

regression is usually used instead of the Poisson specification (e.g. Petruzzelli et al. 2015), and 

was also applied in this paper. Thus, our model generally takes following form (Petruzzelli et 

al. 2015; Beaujean and Morgan 2016; Cincera 1997): 

𝜆𝑖�̂� = exp(∑ 𝛽𝑘𝑋𝑖𝑡 + 𝜀𝑖𝑘 )     (1) 

where X refers to independent and control variables. 

Our data shows panel structure, as we are dealing with patent applications per firm per year. 

This allows accounting for different firm-specific characteristics, firm heterogeneity as well as 

helps to avoid the problem of multicollinearity (Kennedy 2003). Additionally, likelihood-ratio 
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test vs. pooled model favors the usage of panel structure. Thus, it will be used in the paper 

predominantly72. 

 

5. Results 

5.1 Basic descriptive statistics  

On the next step, having the research question in mind, we construct an unbalanced panel 

dataset, including partners of radical innovators and partners of its radical ‘twins’73. For each 

firm observations start with the year of the cooperative project start and finish 2016 or the year 

when the firm was dissolved, the latter was taken from Amadeus or Handelsregister entries, 

accessed via WISO-net database. In total, 532 entries from 56 (35 partners of radical firm and 

21 partners of non-radical ones) firms were included. When talking about REGION and 

BIOTECH variables, out of 35 firms 21 can be related to as dedicated biotech ones and 20 

appear to share the region with their radical firms)74.  

Patenting activities of partners of both radical and non-radical firms are presented in table 2. 

As can be seen, many of the firms, especially those of non-radical ‘twins’ do not possess any 

patent. Apart from that, half of the patenting firms more than half have 1-10 patents. 

Additionally, from firms having applications, radical partners show much higher diversity of 

patenting. The most patents (107) are applied for by Vectura GmbH, small firm, which is 

however a subsidiary of international corporation Vectura Group.  

 

Tab. 2 Patenting activities, partners of radical and non-radical firms 

Variable Obs Mean Std. 
Dev. 

Min Mdn Max 

Patents, non-radical 
partners 

21 1.90 2.93 0 0 10 

Patents, radical 
partners 

35 8.57 22.48 0 3 107 

 

                                                        

72 However, by looking at patent data from the firms, several cases are possible here. First, there may be firms, who 
are constantly (or periodically) apply for patents. For such firms count is positive. Second, there may be firms, that 
are not engaged in patenting at all. The reason for that may lie in different operations scope or different way of 
property rights protection. For these firms count is equal to zero. Third, there may exist firms in the sample, that 
are generally involved in patenting activities, however, during the observation period no patent application was 
filed. In that case, although despite being positive over the total period of firm´s functioning, count for the period 
of interest is equal to zero. As presented situation may favor usage of zero-inflated models, such specification is 
presented for all panel samples in Appendix D.  
73 Here the results of analysis with the first manually chosen ‘twins’sample are presented.   
74 Additionally, two of the firms have moved in different region, which changed the value of REGION variable for 
corresponding year. 
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In the case of control variables, the entries were taken for according years for the case of 

negative binomial regression for panel data and were taken as averages for the case of zero-

inflated negative binomial regression. Main descriptive statistics for these variables across 

both radical and non-radical firms’ partners are provided in the table below. 

 

Tab. 3 Descriptive statistics  

Non-radical partner       

Variable Obs Mean Std. Dev. Min Mdn Max 

AGE 244 13.93 7.98 0 11 166 

EMPL 244 13.06 11.37 1 9 55 

UNI 244 0.96 0.20 0 1 1 

SUBS 244 0.18 0.39 0 0 1 

SPINOFF 244 0.30 0.46 0 0 1 

Radical partner       

Variable Obs Mean Std. Dev. Min Mdn Max 

AGE 288 10.56 8.23 0 8 39 

EMPL 288 38.51 60.12 2 20 329 

UNI 288 0.90 0.31 0 1 1 

SUBS 288 0.34 0.48 0 0 1 

SPINOFF 288 0.27 0.44 0 0 1 

 

By looking at these measures, several conclusions can be made. First, partners of radical 

innovators are on average much younger than that of non-radical ones. Even not accounting 

for outliers, one can state 3-year difference based on the median value. It points at radical 

innovators’ seeking partnership with younger and probably more ambitious firms. Apart from 

that, partners of radical innovators are generally bigger and more independent (not 

subsidiaries) than that of non-radical partners. However, non-radical partners are more often 

founded as spin-offs and have joint projects with universities and research institutions. 

Variables show low to medium level of pairwise correlations, therefore no variable should be 

excluded from the estimation (see table 4). 

 

Tab. 4 Correlation coefficients 

  RADICAL AGE EMPL UNI SUBS SPINOFF 

RADICAL 1.000      

AGE -0.203 1.000     

EMPL 0.272 0.387 1.000    

UNI -0.119 0.125 -0.182 1.000   

SUBS 0.184 -0.107 0.245 0.012 1.000  

SPINOFF -0.035 -0.176 -0.067 -0.217 -0.078 1.000 
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5.2 Results of panel regression analysis  

Results of analysis75 are provided in table 5. First, results of the baseline negative binomial 

regression for an unbalanced panel are analyzed. As can be seen, the coefficients remain stable 

for almost all variables, however, the significance of coefficients generally decreases when lags 

are used. The main variable of interest, RADICAL, shows positive significant coefficient, 

meaning that for our sample partners of radical innovators show higher innovative 

performance than that of partners of their twins. This result goes in line with our hypothesis, 

showing presence of positive externalities. Apart from that, across all models variables AGE 

and EMPL show significant negative and positive results correspondingly. Therefore, younger 

and bigger partners have higher innovative performance. This may show the presence of 

certain inertia, which does not allow firm continue patenting. Apart from that, constant 

patenting requires substantial financial resources, which micro firms may not possess. In this 

respect, however, it is important to mention that the variable SUBS shows slightly significant 

negative coefficient, meaning that stand-alone SMEs generally tend to patent more than 

subsidiaries. This may be in line with the idea of Kahl (2015), that SMEs in biotechnology often 

preform services for big corporations (in this case - parent companies), which does not call for 

own patenting. 

Next, we move to testing hypotheses two and three. For that only partners of radical innovators 

were taken into account, composing 288 observations. As the result of negative binomial 

regression, including only NUTS2 regional coincidence variable, one can see negative 

significant coefficient of REGION variable. This means, that interregional partners profit from 

cooperation with radical partner more, than intraregional ones. This contradicts our 

hypothesis, however, goes in line with some literature, in particular note of Breschi and Lissoni 

(2003), that nowadays even tacit knowledge can be translated over distance. Apart from that, 

competition with other SMEs from the region may be tough enough.  

Latter may also serve as an explanation of the result of the model, dealing with cognitive 

similarity between radical innovator and its partner. The variable BIOTECH has a negative 

significant, showing that biotech firms experience lower influence of cooperation with radical 

innovator on their innovative performance. This result goes in line with our hypothesis. Thus, 

radical innovators rather prefer sharing their experience with firms, which complement their 

capabilities rather than with ones, which may substitute them.  

By looking at the model with both geographical and cognitive dimension, one can see stability 

of the direction of coefficients, however, distance dimension loses its significance. Apart from 

that, significant results for AGE and EMPL variables are confirmed across all models. For the 

                                                        

75 With first self-matched sample. Other samples as well as different model specifications are presented in Appendix 
D as robustness checks. 
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last model UNI variable also shows slightly positive coefficient, meaning that firms, 

cooperating with universities, have higher number of patent applications than non-

cooperating ones. 

In sum, we find support for hypotheses one and three and could not confirm hypothesis two. 

Generally, partners of radical innovators are more innovative than partners of their non-

radical twins. Radical innovators tend to exchange knowledge with partners across regions and 

industries.
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Tab. 5 Results of regression analysis76 

  Baseline model Intra vs. interregional partners Biotech vs. non-biotech partners Intra vs. interregional and biotech vs. 
non-biotech partners 

0 year patent 
lag 

1 year 
patent lag 

2 years 
patent lag 

0 year 
patent lag 

1 year 
patent lag 

2 years 
patent lag 

0 year 
patent lag 

1 year patent 
lag 

2 years patent 
lag 

0 year patent 
lag 

1 year patent 
lag 

2 years 
patent lag 

RADICAL 1.045** 
 (0.430) 

0.855** 
(0.395) 

0.593 
(0.384) 

- - - - - - - - - 

AGE -0.089*** 
(0.024) 

-0.068*** 
(0.021) 

-0.049** 
(0.020) 

-0.129*** 
(0.034) 

-0.097*** 
(0.030) 

-0.079*** 
(0.282) 

-0.162*** 
(0.0364) 

-0.098*** 
(0.033) 

-0.075** 
(0.030) 

-0.164*** 
(0.036) 

-0.107*** 
(0.032) 

-0.085*** 
(0.029) 

EMPL 0.012** 
(0.005) 

0.016*** 
(0.005) 

0.018*** 
(0.005) 

0.010** 
(0.005) 

0.139*** 
(0.005) 

0.014*** 
(0.005) 

0.010* 
(0.005) 

0.012** 
 (0.006) 

0.013** 
(0.005) 

0.009* 
(0.005) 

0.013** 
 (0.006) 

0.014*** 
(0.005) 

UNI 0.651 
(0.571) 

0.860 
(0.548) 

1.610** 
(0.683) 

0.806 
(0.571) 

0.962* 
(0.556) 

1.800** 
(0.712) 

0.994* 
(0.553) 

0.916 
(0.560) 

1.729** 
(0.705) 

1.015* 
 (0.550) 

1.002* 
(0.557) 

1.816** 
(0.711) 

SUBS -0.703* 
(0.362) 

-0.401 
(0.325) 

-0.174 
(0.315) 

-0.399 
(0.394) 

-0.106 
(0.350) 

0.172 
(0.340) 

-0.273 
(0.361) 

-0.017 
(0.344) 

0.264 
(0.343) 

-0.215 
(0.364) 

-0.010 
(0.352) 

0.232 
(0.349) 

SPINOFF -0.305 
 (0.429) 

-0.222 
(0.405) 

0.173 
(0.391) 

0.336 
(0.631) 

0.294 
(0.557) 

0.349 
(0.514) 

0.437 
(0.710) 

0.239 
(0.596) 

0.175 
(0.514) 

0.662 
(0.722) 

0.387 
(0.604) 

0.350 
(0.530) 

REGION -  - - -1.680** 
(0.672) 

-1.247** 
(0.577) 

-1.045** 
(0.515) 

- - - -0.924 
(0.665) 

-0.888 
(0.635) 

-0.855 
(0.577) 

BIOTECH -  - - - - - -2.519*** 
(0.901) 

-1.389* 
(0.755) 

-0.941 
(0.618) 

-1.975** 
(0.997) 

-0.814 
(0.833) 

-0.430 
(0.684) 

CONSTANT -0.672 
 (0.760) 

-1.272* 
(0.691) 

-2.228*** 
(0.792) 

1.544* 
(0.891) 

0.407 
(0.790) 

-1.086 
(0.882) 

2.410** 
(1.012) 

0.731 
(0.948) 

-0.984 
(0.977) 

2.610** 
(1.016) 

0.826 
(0.911) 

-0.854 
(0.953) 

Log likelihood -394.931 -422.021 -436.373 -294.085 -312.022 -319.750 -296.483 -313.579 -320.882 -291.991 -311.496 -319.545 

Observations 532 532 532 288 288 288 288 288 288 288 288 288 

Standard errors in parentheses,  

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level

                                                        

76 Year effect are absent in all of present specifications, because of their insignificance. 
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6. Discussion and conclusion 

This paper has an aim to show whether the unique knowledge, created by radical innovations 

spreads out across firm boundaries and may influences cooperation partners of radically 

innovating SMEs in biotech. We have obtained highly robust result over all model 

specification, which shows that SMEs profit from being involved in cooperation with a radical 

innovator. As already stated, there may be several reasons for it. Firstly, communication 

existing between firms, engaged in scientific cooperation, is usually more intense than between 

firms, that do not cooperate. For sure, in case of joint work, knowledge and experience is 

shared, cooperation partners are not seen as competitors. Apart from that, a partner SME has 

a better possibility to observe routines of radical innovators and learn, how innovations are 

done there. Besides, our results show that for non-biotech firms as well as for firms across 

regions positive influence of partnership with radical innovator is higher than for the 

counterparts. It shows, that because of the high overlap of the capabilities, which exists among 

firms from the same industry and same region, less opportunities for learning can be found.  

From the other hand, firms from different regions and complementary industries can profit 

from engaging in the cooperation via extending their knowledge space.  

Our study complements the existing body of literature in several ways. Based on a unique 

longitudinal dataset and a conceived research design we combine different analytical 

instruments to answer a still unexplored research question, i.e. the extent to which partners of 

radical innovations may benefit for their radical innovation activities. Our findings have far-

reaching implications for policy makers. The promotion of young and highly innovative 

companies can have positive consequences for other firms and organizations within an 

economy. More precisely, regional funding programs designed to stimulate and support radical 

innovation within SMEs may have a positive effect on economic actors in other regions. Often 

neglected network between radically innovating SMEs and their direct partners allow for 

bridging long geographical distances and thus serve as important transmission channels for 

knowledge spillovers. Even more important, radical innovations also spill over to companies 

from other fields of technology. Hence, our findings suggest that technology-centered funding 

programs may exert a much broader impact than previously assumed. At the same time, our 

study allows for deriving some interesting recommendations for managers and decision-

makers in companies. The establishment and maintenance of partnerships to companies with 

radically new ideas can pay off in terms of innovation outcomes. When choosing a partner, 

geographical closeness is often overestimated, especially in the age of digital technologies, 

making it easier than ever to bridge the even far distances. 
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However, there may be some limitations of our study. First, we have focused on ego-networks 

of the radical innovators, not taking into account second and third tier partners of their 

partners. Extending the research to full networks may complement our understanding of 

knowledge spillovers via much more complex overall industry or technology network. Apart 

from that, the propensity score matching technique used is a very sensitive instrument. Usage 

of one or two different parameters could have brought somehow different results for the twins. 

Whenever more data is available, the procedure can be run one more time and more robustness 

checks, using different samples of twins, may be performed. One dimension that needs to be 

examined more thoroughly is geographic distance between radical innovators and its partners. 

For the purpose of this study we used a very simplistic and coarse geographical measure. Here 

we see great opportunities for future research contributions. 

The successful entrepreneurs of tomorrow are often those who think out of the box and deviate 

from established paths. Our study highlights the outstanding importance of ingenious, 

creative, risk affine individuals and their radically innovative companies for the technological 

prosperity of an economy, an aspect that Joseph Alois Schumpeter emphasized over 100 years 

ago. Cooperation with these players provides an important vehicle for other technologically 

and geographically distant economic actors participating in their success. 
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Appendix A. IPC codes of candidates for radical patents 
 

IPC code Name of the subclass 

C12Q Measuring or testing processes involving enzymes, nucleic 
acids or microorganisms (immunoassay G01N 33/53); 

compositions or test papers therefor; processes of preparing 
such compositions; condition-responsive control in 

microbiological or enzymological processes 
C12N Microorganisms or enzymes; compositions thereof (biocides, 

pest repellants or attractants, or plant growth regulators 
containing microorganisms, viruses, microbial fungi, enzymes, 

fermentates, or substances produced by, or extracted from, 
microorganisms or animal material A01N 63/00; medicinal 

preparations A61K; fertilisers C05F); propagating, preserving, 
or maintaining microorganisms; mutation or genetic 

engineering; culture media (microbiological testing media 
C12Q 1/00) 

C12M Apparatus for enzymology or microbiology (installations for 
fermenting manure A01C 3/02; preservation of living parts of 

humans or animals A01N 1/02; brewing apparatus C12C; 
fermentation apparatus for wine C12G; apparatus for preparing 

vinegar C12J 1/10) 
G01N  Investigating or analysing materials by determining 

their chemical or physical properties (measuring or testing 
processes other than immunoassay, involving enzymes or 

microorganisms C12M, C12Q) 
C40B Combinatorial chemistry; libraries, e.g. chemical libraries, in 

silico libraries 
C12P  Fermentation or enzyme-using processes to synthesise 

a desired chemical compound or composition or to separate 
optical isomers from a racemic mixture 

C07K peptides (peptides containing β-lactam rings C07D; cyclic 
dipeptides not having in their molecule any other peptide link 
than those which form their ring, e.g. piperazine-2,5-diones, 

C07D; ergot alkaloids of the cyclic peptide type C07D 519/02; 
single cell proteins, enzymes C12N; genetic engineering 

processes for obtaining peptides C12N 15/00) 
A61K Preparations for medical, dental, or toilet purposes (devices or 

methods specially adapted for bringing pharmaceutical 
products into particular physical or administering forms A61J 

3/00; chemical aspects of, or use of materials for deodorisation 
of air, for disinfection or sterilisation, or for bandages, 

dressings, absorbent pads or surgical articles A61L; soap 
compositions C11D) 

B01J Chemical or physical processes, e.g. catalysis or colloid 
chemistry; their relevant apparatus 

C07H Sugars; derivatives thereof; nucleosides; nucleotides; nucleic 
acids (derivatives of aldonic or saccharic acids C07C, C07D; 
aldonic acids, saccharic acids C07C 59/105, C07C 59/285; 
cyanohydrins C07C 255/16; glycals C07D; compounds of 
unknown constitution C07G; polysaccharides, derivatives 

thereof C08B; DNA or RNA concerning genetic engineering, 
vectors, e.g. plasmids, or their isolation, preparation or 

purification C12N 15/00; sugar industry C13) 
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Appendix B. List of nodes of ego-networks, radical firms 
 

Node Node 
number 

Ego? 

3T TextilTechnologieTransfer GmbH 1  

4SC Discovery GmbH - F&E Abt. 2  

ACGT ProGenomics AG - Geschäftsbereich 3 - Therapeutika 3  

Amedrix GmbH 4  

AMSilk GmbH 5 yes 

AptaIT GmbH 6  

Aventis Research & Technologies GmbH & Co. KG - Operative Forschung 7  

Axiogenesis AG 8 yes 

Bayer Technology Services GmbH - BTS-PT-Process Design- Process Analysis 9  

BIOPHARM Gesellschaft zur biotechnologischen Entwicklung von Pharmaka 
mbH 

10 yes 

Biotechnologie-Gesellschaft Mittelhessen mbH 11 yes 

Braunform GmbH 12  

Cellzome AG 13  

Charité - Universitätsmedizin Berlin - Campus Virchow-Klinikum - Institut 
für Medizinische Genetik 

14  

Charité - Universitätsmedizin Berlin - Labor für Tissue Engineering 15  

Charité - Universitätsmedizin Berlin - Medizinische Klinik mit Schwerpunkt 
Rheumatologie und Klinische Immunologie 

16  

chimera biotec GmbH 17 yes 

chimera biotec GmbH - Biomedizinzentrum Dortmund 18 yes 

Christian-Albrechts-Universität zu Kiel - Agrar- und 
Ernährungswissenschaftliche Fakultät - Institut für Phytopathologie 

19  

Christian-Albrechts-Universität zu Kiel - Agrar- und 
Ernährungswissenschaftliche Fakultät - Institut für Phytopathologie - Abt. 

Molekulare Phytopathologie 

20  

Christian-Albrechts-Universität zu Kiel - Universitätsklinikum Schleswig-
Holstein - Campus Kiel - Hautklinik 

21  

co.don Aktiengesellschaft 22  

Coley Pharmaceutical GmbH 23  

conoGenetix biosciences GmbH 24  

Corimmun GmbH 25  

Crelux GmbH - F&E Abteilung 26  

Deutsches Krebsforschungszentrum (DKFZ) - Abt. Translationale 
Immunologie (D015) 

27  

DOT GmbH - Bereich Forschung und Entwicklung 28  

Dr. Lerche KG 29  

Endolab Mechanical Engineering GmbH 30  

Eppendorf Instrumente GmbH 31  

FEG Textiltechnik Forschungs- und Entwicklungsgesellschaft m.b.H. 32  

FEG Textiltechnik Forschungs- und Entwicklungsgesellschaft m.b.H. - Abt. 
Entwicklung 

33  

Fraunhofer-Institut für Angewandte Informationstechnik (FIT) 34  

Fraunhofer-Institut für Siliziumtechnologie (ISIT) 35  

Freie Universität Berlin - Fachbereich Biologie, Chemie, Pharmazie - Institut 
für Biologie - Angewandte Genetik 

36  
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Freie Universität Berlin - Fachbereich Biologie, Chemie, Pharmazie - Institut 
für Chemie und Biochemie 

37  

Friedrich-Schiller-Universität Jena - Physikalisch-Astronomische Fakultät - 
Institut für Materialwissenschaft und Werkstofftechnologie 

38  

GeSIM Gesellschaft für Silizium-Mikrosysteme mbH 39  

Graffinity Pharmaceuticals GmbH 40 yes 

GS Gebhardt & Schäfer Industrie-Elektronik GmbH 41  

Hahn-Schickard-Gesellschaft für angewandte Forschung e.V. - Institut für 
Mikro- und Informationstechnik (IMIT) 

42  

Helmholtz Zentrum München Deutsches Forschungszentrum für Gesundheit 
und Umwelt (GmbH) - Institut für Lungenbiologie 

43  

Helmholtz-Zentrum für Infektionsforschung GmbH - Abt. Molekulare 
Biotechnologie 

44  

humediQ GmbH 45  

ibidi GmbH 46  

In Vitro Biotec GmbH 47  

Infineon Technologies AG 48  

Inosim GmbH 49  

Intana Bioscience GmbH 50  

Jenpolymer Materials LTD & Co. KG 51  

Julius-Maximilians-Universität Würzburg - Physiologisch-Chemisches 
Institut 

52  

Kliniken der Stadt Köln gGmbH - Klinik für Anästhesiologie und operative 
Intensivmedizin 

53  

Klinikum der Universität München - Campus Großhadern - Medizinische 
Klinik und Poliklinik I 

54  

Klinikum rechts der Isar der Technischen Universität München - Klinik für 
Orthopädie und Unfallchirurgie 

55  

KTB Tumorforschungsgesellschaft mbH 56  

Lindauer DORNIER Gesellschaft mit beschränkter Haftung - Abt. GS 57  

Ludwig-Maximilians-Universität München - Fakultät für Chemie und 
Pharmazie - Department Pharmazie - Pharmazeutische Technologie und 

Biopharmazie 

58  

Ludwig-Maximilians-Universität München - Fakultät für Physik 59  

Martin-Luther-Universität Halle-Wittenberg - Fachbereich 
Ingenieurwissenschaften - Institut für Biogineering 

60  

Martin-Luther-Universität Halle-Wittenberg - Naturwissenschaftliche 
Fakultät I - Institut für Biochemie und Biotechnologie 

61  

Martin-Luther-Universität Halle-Wittenberg - Naturwissenschaftliche 
Fakultät I - Institutes für Biologie - Genetik 

62  

Mathys Orthopädie GmbH 63  

Medizinische Hochschule Hannover - Klinik und Poliklinik für Dermatologie 
und Venerologie 

64  

Medizinische Hochschule Hannover - Orthopädische Klinik (im Annastift) 65  

Medizinische Hochschule Hannover - Zentrum Innere Medizin - Klinik für 
Nieren- und Hochdruckerkrankungen 

66  

Milupa GmbH - Numico Research - Group Germany 67  

Molzym GmbH & Co. KG 68  

MorphoSys AG 69  

MPB Cologne GmbH 70 yes 

NanoTemper Technologies GmbH 71  

nanotype GmbH 72 yes 

NMI Naturwissenschaftliches und Medizinisches Institut an der Universität 
Tübingen 

73  
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november Aktiengesellschaft Gesellschaft für Molekulare Medizin - 
MD1/Medizinische Diagnostik 

74 yes 

ONCOLEAD GmbH & Co. KG 75  

Orthopädische Universitätsklinik Heidelberg 76  

Planton GmbH 77 yes 

Priaxon AG 78  

Proteome Sciences R&D GmbH & Co. KG 79  

Proteros Biostructures GmbH 80  

QUALIMED Innovative Medizinprodukte Gesellschaft mit beschränkter 
Haftung 

81  

Rheinisch-Westfälische Technische Hochschule Aachen - Fakultät 4 - 
Maschinenwesen - Lehrstuhl und Institut für Allgemeine Mechanik 

82  

Robert Bosch GmbH - Zentralbereich Forschung und Vorausentwicklung - 
Mikrosystemtechnik 

83  

Ruprecht-Karls-Universität Heidelberg - Medizinische Fakultät und 
Universitätsklinikum Mannheim - Neurochirurgische Klinik 

84  

Ruprecht-Karls-Universität Heidelberg - Medizinische Fakultät und 
Universitätsklinikum Mannheim - Orthopädisch-Unfallchirurgisches 

Zentrum 

85  

Scil Proteins GmbH 86 yes 

Siemens Aktiengesellschaft - Zentralabt. Technik (ZT EN 1) 87  

SIRION BIOTECH GmbH 88  

Südzucker Aktiengesellschaft Mannheim/Ochsenfurt - Zentralabt. Forschung, 
Entwicklung und Services (ZAFES) 

89  

SuppreMol GmbH 90  

SWITCH Biotech AG 91 yes 

Technische Universität Dortmund - Fakultät Chemie - Lehrstuhl für 
Biologisch-Chemische Mikrostrukturtechnik 

92  

Technische Universität München - Fakultät für Medizin - Institut für 
Medizinische Mikrobiologie, Immunologie und Hygiene 

93  

Technische Universität München - Fakultät für Medizin - Institut für 
Pharmakologie und Toxikologie 

94  

Technische Universität München - Wissenschaftszentrum Weihenstephan - 
Forschungsdepartment Biowissenschaftliche Grundlagen - Lehrstuhl für 

Biologische Chemie 

95  

TransTissue Technologies GmbH 96 yes 

Trianta Immunotherapies GmbH 97  

Universität Bayreuth - Fakultät für Angewandte Naturwissenschaften - 
Lehrstuhl Bioprozesstechnik 

98  

Universität Bayreuth - Fakultät für Angewandte Naturwissenschaften - 
Lehrstuhl für Biomaterialien 

99  

Universität Bremen - Fachbereich 02 Biologie/Chemie - Institut für 
Biochemie - Centrum für Biomolekulare Interaktionen in Bremen (CBIB) 

100  

Universität Regensburg - Universitätsklinikum - Klinik und Poliklinik für 
Innere Medizin I 

101  

Universitätsklinikum Jena - AG Experimentelle Rheumatologie 102  

Universitätsklinikum Jena - Medizinische Fakultät - AG Experimentelle 
Rheumatologie - Lehrstuhl für Orthopädie 

103  

Universitätsklinikum Würzburg - Neurologische Klinik und Poliklinik 104  

Vectura GmbH 105  

Wilex AG 106  

Xerion Pharmaceuticals AG 107  

XL-protein GmbH 108  
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Appendix C. Radical firms and non-radical matched “twins”77 

 

Radical firm Manual match 
1 

Manual match 
2 

Random 
match 1 

Random 
match 2 

MPB Cologne 
GmbH 

Kelman 
Gesellschaft für 
Geninformation 
mbH 

LipoNova AG Kelman 
Gesellschaft für 
Geninformation 
mbH 
 

Otogene AG 

Switch Biotech AG Xenomed GmbH 
 

TherapySelect 
GmbH & Co. KG 
 

TherapySelect 
GmbH & Co. KG 
 

Xenomed GmbH 
 

Biotechnologie-
Gesellschaft 
Mittelhessen mbH 

GAMU - 
Gesellschaft für 
angewandte 
Mykologie und 
Umweltstudien 
mbH 
 

m-phasys GmbH  
 

GAMU - 
Gesellschaft für 
angewandte 
Mykologie und 
Umweltstudien 
mbH 
 

EnerGene 
 

Scil Proteins GmbH DECODON 
GmbH 
 

Cevec 
Pharmaceuticals 
GmbH 

Exosome 
Diagnostics 
GmbH 
 

Ganomycin 
GmbH 
 

AMSilk GmbH Across Barriers 
GmbH 

Exosome 
Diagnostics 
GmbH 

XanTec 
bioanalytics 
GmbH 

DECODON 
GmbH 
 

nanotype GmbH Lionex GmbH 
 

Arthro kinetics 
AG 

BCP AG 
evolutionary 
concepts 

Cavis GmbH 

Chimera Biotec 
GmbH 

ProteoSys AG NascaCell 
Technologies AG 

N-Zyme BioTec 
GmbH 

NascaCell 
Technologies AG 

november AG BIOSERV AG 
 

Institut für 
Pflanzenkultur 

Biotype 
Diagnostic 
GmbH 

BIOSERV AG 
 

metanomics GmbH Tinplant TraitGenetics 
GmbH 

Genotype GmbH Biognosis GmbH 

BIOPHARM GmbH Autoimmun 
Diagnostika 
GmbH 

Mediagnost 
GmbH 

Senova 
 

Lophius 
Biosciences 
GmbH 

Axiogenesis AG GENterprise 
GmbH 

Bioglobe GmbH JPT Peptide 
Technologies 
GmbH 

GENterprise 
GmbH 

Planton GmbH Bioglobe GmbH GENterprise 
GmbH 

GENterprise 
GmbH 

PSF biotech AG 

TransTissue 
Technologies 
GmbH 

SILANTES 
GmbH 

Capsulution 
Pharma AG 

SILANTES 
GmbH 

Protagen AG 

 

 

                                                        

77 Random matches were identified with Random Number Service random.org. For that reason, some randomly 
chosen ‘twin’ firms coincide with manually chosen ones.  
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Appendix D. Robustness checks 
 

Manual match 2 

 Negative binomial regression Zero-inflated negative binomial model 

 0 year patent lag 1 year patent lag 2 years patent lag 0 year patent lag 1 year patent lag 2 years patent lag 

RADICAL 0.364 
 (0.359) 

0.180  
(0.346) 

0.094  
(0.342) 

0.897** 
(0.352) 

0.911*** 
(0.341) 

1.036*** 
(0.347) 

AGE -0.074*** 
(0.023) 

-0.050*** 
(0.018) 

-0.041*** 
(0.015) 

0.179 
(0.032) 

0.014 
(0.032) 

0.008 
(0.030) 

EMPL 0.008** 
(0.004) 

0.010** 
(0.004) 

0.008**  
(0.004) 

-0.001 
(0.005) 

-0.001 
(0.004) 

0.001 
(0.004) 

UNI 0.793 
(0.489) 

0.775* 
(0.447) 

1.120** 
(0.448) 

-0.533 
(0.922) 

-0.656 
(0.886) 

-0.814 
(0.880) 

SUBS -0.403 
 (0.293) 

-0.152 
(0.269) 

0.077  
(0.262) 

0.942*** 
(0.355) 

0.949*** 
(0.343) 

0.845** 
(0.351) 

SPINOFF 0.128 
 (0.365) 

0.138 
(0.355) 

0.256  
(0.351) 

0.318 
(0.377) 

0.292 
(0.366) 

0.283 
(0.370) 

CONSTANT -0.399 
 (0.622) 

-0.599 
(0.554) 

-1.138**  
(0.540) 

1.192  
(0.923) 

1.460*  
(0.882) 

1.687*  
(0.876) 

Log likelihood -488.553 -519.235 -532.756 -147.093 -152.140 -154.232 

Observations 628 628 628 74 74 74 

Standard errors in parentheses,  

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level 

Zero-inflated negative binomial model was evaluated  only with the variable of prior interest because of convergence issues
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Random match 1 

 Negative binomial regression Zero-inflated negative binomial model 

 0 year patent lag 1 year patent lag 2 years patent lag 0 year patent lag 1 year patent lag 2 years patent lag 

RADICAL 0.229 
 (0.349) 

0.133  
(0.351) 

0.304 
(0.325) 

1.402*** 
(0.350) 

1.350*** 
(0.351) 

-0.077 
(0.531) 

AGE -0.051*** 
(0.019) 

-0.025** 
(0.017) 

-0.030* 
(0.017) 

- - - 

EMPL 0.006 
(0.004) 

0.008* 
(0.004) 

0.008*  
(0.004) 

- - - 

UNI 0.342 
(0.524) 

0.497 
(0.502) 

1.436** 
(0.663) 

- - - 

SUBS -0.300 
 (0.283) 

-0.089 
(0.264) 

0.095  
(0.258) 

- - - 

SPINOFF 0.201 
 (0.401) 

-0.246 
(0.406) 

0.409  
(0.386) 

- - - 

CONSTANT -0.154 
 (0.638) 

-0.467 
(0.608) 

-1.892**  
(0.753) 

1.079  
(0.238) 

1.224  
(0.237) 

0.316  
(0.345) 

Log likelihood -508.986 -538.593 -542.819 -166.623 -172.891 -88.631 

Observations 649 649 649 53 53 53 

Standard errors in parentheses,  

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level 

Zero-inflated negative binomial model was evaluated  only with the variable of prior interest because of convergence issues
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Random match 2 

 Negative binomial regression Zero-inflated negative binomial model 

 0 year patent lag 0 year patent lag 0 year patent lag 0 year patent lag 1 year patent lag 2 years patent lag 

RADICAL 0.303 
 (0.376) 

0.178 
(0.356) 

0.134 
(0.335) 

0.050 
(0.414) 

0.136 
(0.402) 

0.192 
(0.403) 

AGE -0.089*** 
(0.022) 

-0.052***  
(0.020) 

-0.038*  
(0.020) 

0.070* 
(0.039) 

0.073* 
(0.038) 

0.068* 
(0.037) 

EMPL 0.011*** 
(0.004) 

0.011**  
(0.005) 

0.010**  
(0.005) 

-0.003 
(0.005) 

-0.003 
(0.005) 

-0.002 
(0.004) 

UNI 0.646 
(0.484) 

0.537  
(0.454) 

0.832*  
(0.473) 

-0.641 
(1.331) 

-0.892 
(1.289) 

-1.088 
(1.252) 

SUBS -0.316 
 (0.309) 

0.012  
(0.279) 

0.238  
(0.274) 

0.809* 
(0.418) 

0.854** 
(0.406) 

0.853** 
(0.411) 

SPINOFF -0.191 
 (0.398) 

-0.136  
(0.383) 

-0.007 
 (0.364) 

0.542 
(0.443) 

0.437 
(0.433) 

0.388 
(0.421) 

CONSTANT -0.113 
 (0.602) 

-0.441  
(0.545) 

-1.136**  
(0.543) 

1.357 
 (1.322) 

1.584  
(1.282) 

1.791  
(1.252) 

Log likelihood -505.249 -530.046 -542.310 -141.796 -141.816 
 

-145.921 

Observations 563 563 563 64 64 64 

Standard errors in parentheses,  

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level 

Zero-inflated negative binomial model was evaluated  only with the variable of prior interest because of convergence issues
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Manual match 1. Zero-inflated negative binomial model 

  Baseline model 

0 year patent lag 1 year patent lag 2 years patent lag 

RADICAL 0.954* 
(0.498) 

0.826* 
(0.479) 

0.811* 
(0.490) 

AGE - - - 

EMPL - - - 

UNI - - - 

SUBS - - - 

SPINOFF - - - 

CONSTANT 1.492***  
(0.434) 

1.715***  
(0.416) 

1.791  
(0.425) 

Log likelihood -112.662 -117.259 
 

-118.997 

Observations 56 56 56 

Standard errors in parentheses,  

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level 

 Zero-inflated negative binomial model was evaluated only with the variable of prior interest because of convergence 

issues 
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Chapter 5 

Diffusion of radical innovation among biotechnology 

SMEs: 

Does proximity matter? 

Mariia Shkolnykova 

Abstract 

By definition, radical innovations profoundly influence the future of existing economic 

systems. Although radical innovators and other stakeholders prompt the development of 

radical innovations, the factors influencing the direction and strength of their diffusion are far 

from being understood. Early appropriation of a radical innovator’s knowledge may be 

especially important for small and medium-sized firms (SMEs), serving as the source of 

competitive advantage. In this case, different proximity dimensions (geographical, cognitive, 

institutional, organizational and social) measuring respective distances to a radical innovator 

may play a crucial role. Thus, this paper explores the importance of proximity measures 

focusing on biotechnology SMEs in Germany. The analysis is based on a longitudinal dataset 

covering the period from 1996 to 2016. The self-created dataset reveals the relationship 

between radical innovators and the innovative performance of SMEs. Results only partially 

confirm the findings of previous research by indicating the negative effect of greater distance 

and organizational proximity. However, the effect of both the cognitive and social dimension 

could not be confirmed. Reasons for that potentially lie both in the unique character of radical 

innovation and peculiarities of the biotechnology field in Germany.  
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1 Introduction 

Biotechnology in Germany is characterized as being a highly innovative field. It is a field that 

provides a niche for many small and medium enterprises (SMEs) to compete with biotech and 

pharma “giants” (Hannan and Freeman 1977; Feldman and Francis 2003). The innovations of 

SMEs may diverge from traditional biotech routines (Dahlin and Behrens 2005), thus opening 

new trajectories, influencing future inventions, and allowing SMEs to become the radical 

changers.  

There is a body of research literature that investigates the sources, measurement and effects of 

radical innovation (Dahlin and Behrens 2005; Verhoeven, et al. 2016), as well as how radical 

innovation influences the creation of new firms (Shane 2001). Some literature focuses on the 

specific factors that impact the emergence and diffusion of radical innovation (e.g. clusters in 

Grashof et al. 2019; cognitive proximity to regional knowledge in Hesse 2020). However, 

radical innovation’s influence on other actors within and across various industries is far from 

being understood. Previous research (Shkolnykova and Kudic 2020) shows a positive effect of 

cooperation with radical innovators. Nevertheless, knowledge exchange does not always 

happen within the context of contractual relations. Informal communication or even just 

observing successful innovators might lead to the unintentional transference of knowledge, 

and lead to improved innovative performance. The factors influencing innovative success 

based on these externalities still remain a ‘black box’. 

Possible explanations may lie in different proximity measures, i.e., closeness to radical 

innovators according to specific criteria. Previous research has identified a large number of 

possible measures. Boschma’s (2005) classification of five proximity dimensions: 

geographical, cognitive, institutional, organizational and social, has received acceptance in 

evolutionary economics and economic geography.  

In this paper, we follow the influence of these proximity dimensions on the innovative 

performance of inventors, focusing on radical innovators. Citations here are used as a well-

accepted measure this knowledge exchange (Jaffe et al. 1993; also used for example in 

Maurseth and Verspagen 2002; Breschi et al. 2005).  SMEs’ innovations in the field of 

biotechnology are the focus of the paper for several reasons. First, because the field is highly 

concentrated, firms can benefit from being located in traditional biotechnology clusters, 

drawing on the so-called “local buzz”.  Second, the complexity of biotechnical knowledge may 

restrain some actors from fully utilizing the know-how of other acotrs, especially if the actors 

are cognitively distant from each other (Boschma and Martin 2010). However, radical 

innovation often involves combining the know-how of previously unconnected fields. As such, 

the technological profile of the radical innovator may not be confined to a single specialty. 

Thus, firms that are technologically distant from a specific innovation may profit from it as 
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well. Lastly, although SMEs are well represented across German biotechnology, big 

corporations play an important role both as well, in both financial and innovative performance. 

Thus, biotech SMEs may communicate more with international pharmaceutical corporations 

than with biotechnological peers (Kahl 2015). This implies that the influence of organizational 

and social proximity is also unpredictable. 

In order to identify the direction and strength of these effects, a longitudinal unbalanced panel 

dataset for the period from 1996 to 2016 is created by author. The dataset reveals the 

innovative performance of the SMEs included in the analysis, and includes a variety of 

proximity measures, as well as firm and regional characteristics. A negative binomial 

regression analysis is performed to determine the importance of specific proximity 

dimensions. In order to show that the results are not random, the same analysis is also 

performed for a control sample of firms with similar characteristics as the biotech SMEs that 

cite patents of radical innovators. 

The findings in this paper contribute to the contemporary discussion of radical innovation’s 

influence on other firms within and across regions and fields. First, the dependence of 

innovative performance on different proximity measures provides policymakers with a sense 

of the potential of SMEs conducting business in specific regions and fields. Second, it provides 

entrepreneurs with suggestions about how they can profit from accessing outside knowledge. 

Finally, it develops the extant empirical literature on the radical innovations of SMEs by 

examining the diffusion of such innovations. 

The following section presents the existing state of the art research hypotheses on the topics of 

knowledge externalities and proximity. Section 2 also discusses the importance of radical 

innovation. Section 3 provides an overview of the biotechnology field in Germany with a 

particular focus on SMEs, and presents a description of the dataset. The fourth section 

discusses the econometric approach, research design and methodology, with a description of 

how the applied variables were created. Results of the analysis are presented and discussed in 

the fifth section, and Section 6 deals with limitations and possible avenues for further research.  

 

2 State of the art 

2.1 Knowledge generation and diffusion  

The question of knowledge emergence, diffusion and appropriation is at the core of many 

economic disciplines, including: growth theory, neo-Schumpeterian and evolutionary 

economics. Growth theory views knowledge stock as the only source of possible growth. More 

recent proponents of growth theory extend this perspective to the include the notion of 

knowledge spillovers across time and space (Döring and Schnellenbach 2006). Proponents of 
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a resource-based perspective consider the extension of knowledge as one of the main motives 

for a firm to engage in cooperative activities (Cantner and Meder 2007). Given these 

considerations, knowledge stock is anything but stable. According to Neo-Schumpeterian 

theory, knowledge has a cumulative and complex character (Hanusch and Pyka 2006). 

This implies that the stock of knowledge changes over time, both within and across the 

boundaries of a firm, thus, knowledge diffusion is highly relevant. However, the character and 

speed of this process depends on the type of knowledge, normally categorized as either explicit 

or tacit knowledge (Polaniy 1966). Explicit knowledge can be transmitted through “formal 

language”. Patents are often used to secure the integrity of explicit knowledge making it more 

difficult for others to profit from it (Döring and Schnellenbach 2006). The transmission of tacit 

knowledge, on the other hand, is more difficult and requires a more intimate form of 

communication and/or collaboration than simple formal language (Fallah and Ibrahim 2004). 

Both face-to-face communication in the case of tacit knowledge and the use of formal language 

sources in the case of explicit knowledge allows knowledge to be transmitted to other actors. 

This transmission may be intentional or unintentional. Cooperative projects, where knowledge 

is willingly and intentionally exchanged, is the most frequent type of knowledge transfer 

(Fallah and Ibrahim 2004). Sometimes, however, knowledge spillovers occur and there is an 

unintended transfer of knowledge. This may happen if an employee moves to a new working 

place, through the informal communications between firms, or knowledge exchange during 

conferences and workshops (Howells 2002).  In order for spillovers to occur, the value of the 

knowledge must be recognized by the other firm (Ibrahim et al. 2008). 

The potency of intentional or unintentional knowledge diffusion, however, is not the same for 

all firms. A significant body of literature has tried to identify the factors that may influence the 

scale and direction of this diffusion. Some of the factors used in our analysis are outlined in the 

next section 

2.2 Importance of different proximity measures 

As previously mentioned, knowledge may spread across time and space. Thus, researchers are 

interested in the factors that influence the successful diffusion of knowledge over time. One of 

the important factors introduced by Cohen and Levinthal (1990), is the notion of ‘absorptive 

capacity’. Absorptive capacity relates to the capability of a firm to identify, implement and gain 

a competitive advantage from new knowledge. Most of the other factors that may positively or 

negatively influence the success diffusion of knowledge (Broekel and Boschma 2012) are based 

on different dimensions of proximity between the actor from whom the diffusion stems and 



 

175 
 

the recipient.78 One of the most comprehensive, well accepted and widely used set of 

dimensions was introduced and developed by Boschma (2005), who distinguished between 

geographical, cognitive, institutional, organizational and social proximity. We rely on these 

classifications for the analysis in this paper. 

Geographical proximity suggests that knowledge is more likely to spillover across small 

distances, and is probably the most well researched proximity dimension, especially in the case 

of economic geography (Polaniy 1966; Polaniy 1967; Kesidou 2004). This is especially true for 

tacit knowledge, because it includes a “learning by doing” component. Although some scholars 

argue that scientific conferences and technological innovations in communications counteract 

the disadvantages created by a lack of proximity (Breschi et al. 2005), innovation’s composite 

and complex nature arising out of organizational structures still suggests that firms may reap 

benefits from being located close to innovative actors. It seems self-evident that firms located 

in close proximity to innovative actors can better track the trajectories of those innovations 

(Hohberger 2014). 

 Although many research papers have shown the negative effect of increasing distance on 

knowledge diffusion (e.g. Broekel and Boschma 2012; Bednarz and Broekel 2019), it is also 

acknowledged that geographical proximity is not the only factor influencing the success and/or 

intensity of knowledge diffusion. In fact, Boschma (2005) argues that geographical proximity 

is neither a sufficient nor necessary condition for successful diffusion.  

Cognitive or technological proximity has been established as another important factor 

influencing successful knowledge diffusion. The basic idea is that the recipient of new 

knowledge can better understand it when it is related to the recipient’s existing knowledge base 

(Boschma 2005; Cantner et al. 2010). This notion reflects the cumulative character of 

knowledge (Boschma 2005). However, Nooteboom et al. (2007) claim that the optimal 

cognitive proximity function has an inverted U-shaped form. This implies that when 

knowledge diffusion occurs in a too cognitively proximity environment, the probability of new 

knowledge creation will be lower (Broekel and Boschma 2012). 

Another important proximity measure that is relevant for biotechnology SMEs is 

organizational proximity. It can be broadly defined as the level of interdependencies between 

organizations (Boschma 2005). Balland (2012) identified two perspectives related to this 

proximity measure. The first perspective is based on the interactions between two firms 

operating in different economic sectors. The second perspective sees organizational proximity 

as interactions between firms from the same corporate group. Broekel and Boschma (2012) 

extend organizational proximity to include interactions between different types of firms and 

                                                        

78 Which could be not only a person or a firm, but also a region or a country. 
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organizations, both in the public and private arena. This paper focuses on Balland’s (2012) 

second perspective of organizational proximity, this allows us to distinguish it from social 

proximity, which is closely related. 

Social proximity is seen as the one of the most important factors influencing knowledge 

diffusion, especially for innovative SMEs (Sternberg 2007). Often, innovative SMEs cannot 

rely on formal relationships or capital investments. Because social proximity depends on the 

presence and strength of social ties between actors, SMEs may be able to use these ties to their 

advantage. As the establishment of social ties may be a lengthy process (Balland et al. 2015), 

the strength of social proximity may vary over time.  

Finally, institutional proximity is another factor that influences knowledge diffusion. This 

proximity dimension reflects situations and regimes that appear on the macro-level (Boschma 

2005). Sternberg (2007) suggests that this factor may be more important for old and well-

established firms, rather than knowledge-based entrepreneurial ventures with higher 

flexibility that are less dependent on institutional closeness. Because this paper focuses on only 

biotechnology SMEs that experience similar institutional influences, this factor is not taken 

into account in our analysis.  

2.3 Research hypotheses for the case of radical innovation  

Radical innovation opens new technological trajectories that impact the future of specific 

economic sectors (Dahlin and Behrens 2005; Verhoeven, et al. 2016). As such, it may disrupt 

existing knowledge and influence both the radical innovator and industry in general. In this 

section, we will present a set of hypotheses to direct our examination of how the factors 

discussed above may influence the diffusion of radical innovators’ knowledge.  

Clusters appear to be one of the factors that influence the emergence of radical innovation 

(Grashof et al. 2019). Firms in close proximity to radical innovation may profit from it first, 

especially in the case of tacit knowledge diffusion, which raises the question of the importance 

of geographical proximity. Although this effect may be diminished by the active interaction of 

SMEs with international corporations, and the fact that repeated communication with the 

same regional actors may hamper the opportunity to acquire and create new knowledge 

(Zuluaga 2013), tacit knowledge generated by radical innovation, especially in the case of 

knowledge intensive industries, indicates that proximity may have an important influence on 

knowledge diffusion. Hence, our first hypothesis speaks to this notion: 

H1: Greater geographical distance from a radical 

innovator has a negative influence on the diffusion of the 

radical innovator’s knowledge  
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Radical innovation can also be the combination of existing knowledge in an unusual way 

(Fleming 2001; Fleming 2007). The knowledge base generated by this type of innovation is 

different from new knowledge created by a radical innovator (Verhoeven et al. 2016). If the 

knowledge created by a radical innovator is overly complementary with a firm’s existing 

knowledge base, it may negatively influence that firm’s innovative performance. Based on the 

number of citations of radical patents that emerge in a specific region, Hesse (2020) 

investigated the influence of cognitive proximity between a radical innovator and the existing 

regional knowledge base. In general, Hesse found support for an inverted U-shaped effect of 

cognitive proximity in the most of the cases. The presence of a certain “saturation point” in the 

case of forward citation measurements was, however, observed (Hesse 2020). It can also be 

assumed that firms at an extreme cognitive distant may not be able to understand the 

information obtained from radical innovator. Thus, it can be stated that: 

H2: Cognitive proximity has an inverted U-shaped 

influence on the diffusion a radical innovator’s knowledge  

Depending on the existing hierarchical or bureaucratic systems, organizational proximity may 

have either a negative or positive effect on the speed of knowledge diffusion. However, because 

knowledge-based SMEs have similar and rather flat hierarchical systems, this issue should not 

be of much concern for our analysis, whenever the firm is functioning independently 

(Sternberg 2007). Sternberg (2007) also suggests that knowledge flows in SMEs are relatively 

fast because of the firm size. Thus, it can be expected that: 

H3: Organizational proximity has a negative influence on 

the diffusion of a radical innovator’s knowledge  

The dimension of social proximity presents a different picture. Because of the relative size of 

SMEs and possible lack of resources, they may be motivated to (informally) contact peers 

(Sternberg 2007). These connections may be long-lasting and continue even if one of the firms 

liquidates (Broekel and Boschma 2012). This may lead to sharing tacit, or even secret 

knowledge (Balland 2012), which is especially pertinent in the case of radical innovation. 

Because of its complexity, radical innovation may not be quickly accepted by other firms in the 

field. Thus, it can be supposed that: 

H4: Social proximity has a positive influence on the 

diffusion of a radical innovator’s knowledge  
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3 Data and research field 

3.1 Spatial and organizational peculiarities of biotechnology in 

Germany 

Biotechnology in Germany has an extensive history. Beginning in the 1990s several incentives 

offered by policymakers promoted the development of the industry around the country in 

general, as well as in particular regions. The BioRegio competition led to four regions receiving 

financial support that extended through the period from 1997-2005. Other initiatives, 

BioChance (1999-2003) and BioChancePlus (2004-2007) were exclusively focused on funding 

start-ups. 

As a result, the number of SMEs in Germany that focus on biotechnology is relatively high. The 

data from BIOCOM AG79 indicates that in 2005, 88% of dedicated biotechnology firms (DBFs) 

had less than 50 employees. In 2015 this number fell only to about 85%.80 Thus, SMEs play an 

important role in the innovative landscape of German biotechnology. This notwithstanding, 

these SMEs must compete with a number of large corporations from the biotechnology, 

chemical or pharmaceutical industry. Beginning in the mid 2000s, many SMEs entered and 

exited the market. Some SMEs encountered financial difficulties, while others were acquired 

by larger corporations. This situation, caused by competitive pressure, motivated biotech 

SMEs to innovate radically in order to stand out and remain in the market. Another possible 

consequence was the fostering of communication between the most innovative SMEs and 

SMEs still trying to find their market niche. As not every contact, however important, may lead 

to successfully funded projects, spillovers influenced by social proximity may be important. 

The BioRegio competition and frequent industry/university cooperation (Zucker 1998), has 

tended to concentrate the biotechnology industry (Belenzon and Schankerman 2013). Fornahl 

et al. (2011) have identified seven clusters with the highest biotechnology patent activity: 

Berlin, Göttingen, Hamburg, Munich, Rhine-Main, the Rhineland and Rhine-Neckar. Most of 

these regional clusters correspond to the areas with highest number of dedicated biotechnology 

firms. Because of biotech SMEs activities there, the Jena region, also funded by the BioRegio 

competition,81 can also be included  in this list.  

  

                                                        

79 A firm, that specializes in gathering statistics on enterprises working in the field of life sciences, particularly 
biotechnology. 
80 This number includes both independent SMEs and subsidiaries. 
81 BioRegio Initiative winning regions: Rheinland (“BioRiver”), Heidelberg (Rhein-Neckar-Dreieck), Munich and 
Jena 
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DBFs location, 1996 DBFs location, 2016 

 

Fig. 1 Location of dedicated biotechnology firms in Germany 

 

Figure 1 shows the locations of DBFs in Germany in 1996, and the most recent year with 

available data, 2016. As can be seen, the main centers of excellence in western and southern 

Germany, as well as in Hamburg and Berlin, remained stable over time. An increase in 

biotechnology firms can be observed in eastern Germany, Saxony-Anhalt, Brandenburg and 

Mecklenburg-Western Pomerania, as well as a small firm cluster in Jena. In Mecklenburg-

Western Pomerania a small cluster of firms appears around Rostock, probably due to the 

presence of a university and Leibniz Society institutions. 

Spin-offs are quite common in the industry. Scientists who develop a commercial idea may 

work with a firm operating on the university campus or close by. Such constellations are 

especially favorable for SMEs, who profit from the synergetic effects of external knowledge 

(Simmie 2002). 

The biotechnology field in Germany is rather complex, with a wide classification of subfields 

(e.g., McCormick and Kautto 2013; Richardson 2012) and high interdependencies with 

pharmaceutical and chemical industries. In addition, biotechnology innovation in Germany 

tends to be based on the recombination of already existing knowledge bases (Nesta and 

Dibiaggio 2003). Thus, the level of cognitive proximity among biotechnology SMEs may vary 

greatly and influence their innovative performance.  



 

180 
 

3.2 Data  

In order to assess the effect of different proximity measures on the knowledge diffusion of 

radical innovation, we must identify the number of firms involved in this process. Because 

patent citations are a good indicator of knowledge diffusion (Jaffe et al., 1993) and can be used 

to track diffusion trajectories (e.g. Bednarz and Broekel 2019; Breschi and Lissoni 2003), the 

focal sample of radical innovators is compiled from data used in a previous research article 

(Shkolnykova and Kudic 2020). In that article, radical patents were identified based on new 

combinations of technology classes, new to the field and associated with a high number of 

forward citations. Relying on patent data does have certain limitations as not everything can 

be patentable. However, in the case of biotechnology patents can serve as a good proxy for 

innovation (e.g. Pajunen and Järvinen 2018). We then identify the SMEs that have patented 

radical innovations, and differentiate these SMEs based on the number of employees and 

turnover.82 

A sample of radical innovators (29 firm83) and their patents was identified. A total of 9082 

patents from 3470 patent families were identified.84 A second sample of citing firms and any 

patents held by these firms was also identified. To ensure that firms citing patents of radical 

innovators were actually using the knowledge and subsequent inventions that stem from the 

patents, a time limit was set, starting with one year from the application of the original patent.85 

The average time between the focal patent application and a citation is approximately 5.6 years. 

We identified 399 firms that cited patents and also held patents of their own.86 Out of this 

group of firms, SMEs were distinguished by checking the number of employees and revenue of 

each firm using data from BIOCOM AG and Orbis. After filtering, only 78 firms were left, 

including spin-offs and subsidiaries. This sample of 78 firms is hereafter referred to as ‘citing 

firms. The list of the firms is presented in Appendix A.   

 

4 Methodology 

4.1 Research design 

In order to check the stated hypotheses, the following steps need to be conducted on the sample 

of 78 SMEs (citing firms) in our sample: 

                                                        

82 According to EU recommendation 2003/361 less than 250 employees and 50 m Euro turnover. 
83 One of the firms appears in dataset under two different names 
84 With the help of PATSTAT 2017b Autumn edition. 
85 This stems from the idea that radical innovations change the future of the field, as well as the innovative 
portfolio of radical innovators. 
86 Private applications were excluded. 
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Innovative performance of the firm is the dependent variable, and must be identified. We 

measure innovative performance by compiling the number of patents a firm applies for each 

year, starting from the year of the radical innovator’s patent citation and ending in 2016.  

Each of the four proximity dimensions discussed in the paper must be presented as a variable. 

Relying on existing literature, the values of each variable are calculated per firm per year, and 

used to support or reject our hypotheses. 

Control variables, reflecting firm and regional dimensions were calculated for each firm for 

each year. An unbalanced panel was created and the estimation of the negative binomial 

regression was performed. 

In order to prove that the proximity measures actually reflect the diffusion of radical 

innovators’ knowledge, we evaluated the innovative performance of a control group of firms 

that haven’t cited radical innovators’ patents. Thus, for every firm in the citing sample a non-

citing match was created using propensity score matching. Table 1 presents the criteria used to 

determine the match. The criteria used are expected to influence the innovative performance 

of each firm (e.g. Acs et al. 2002; Beugelsdijk 2009): 

 

Tab. 1 Criteria for matching firms 

Level Description Data source 
Firm level Whether the firm is stock-exchange quoted 

 
Orbis 

Number of employees in the firm (last available 
year) 

Orbis 

Number of firms in corporate group Orbis 
Regional 

level 
R&D expenditure by NUTS 2 region, 

Euro/inhabitant 
Eurostat 

Persons with tertiary education (ISCED) and / or 
with a scientific and technical career by NUTS2 

region, thd 

Eurostat 

Whether the region, where the firm is located, was 
a BioRegio winner 

BMBF, Orbis 

 

 

In our matching sample, we only included non-citing firms that were assigned to the same 

NACE categories as the sample of citing firms. We also identified citing firms that belong to 

the same corporate group as the radical innovator, and which matching non-citing firms 

belong to the same corporate group. After identifying the non-citing matches, we calculated 

the values of our proximity dimensions, and the model was evaluated with respect to our 

hypotheses. We expect that firms that do not cite radical innovations (our matching sample of 

non-citing firms) will not be involved in knowledge diffusion. Thus, we anticipate that none of 

the coefficients for our proximity variables will be significant for our non-citing firms, and 
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proximity to a radical innovator will not impact innovative performance.87 The list of the 

matching firms is presented in Appendix A, and the results of the analysis are presented in 

Appendix B. 

4.2 Variables of interest 

After identifying the sample of citing SMEs and calculating the number of patents applied for 

each year, we examined the variables pertinent to each of the hypotheses.  

First, geographical proximity was measured as the distance in km between the radical 

innovator and citing firm (based on e.g., Maurseth and Verspagen 2002; Broekel and Boschma 

2o12).  The logarithm of distance was used in the estimations in order to account for possible 

outliers (Broekel and Boschma 2012). If one of the citing firms moved, the distance measure 

was recalculated to take this into account.88   

Second, cognitive proximity was identified by determining the technological class of the radical 

innovator’s patent and the citing firm based on International Patent Classification (IPC).89 

These classes determine the firm’s technological fields (Jaffe et al. 1993). Following the 

approach of Broekel and Boschma (2012) for NACE classifications, cognitive proximity was 

calculated with the help of following formula: 

𝐶𝑂𝐺 =
∑ 𝑙𝑖𝑚𝑖

𝑛
𝑖=1

√𝑙𝑖
2√𝑚𝑖

2 

      (1) 

Where i is the index for technology class, and l and m indicate the number of patents of a radical 

innovator and the citing firm respectively in class i. The indicator is calculated for each firm 

and for each year. The theory of evolutionary economics considers knowledge to have a 

cumulative character (e.g., Hanusch and Pyka 2006). We take this theory into account by 

measuring the number of patents in a particular class over time. As a result, the cognitive 

proximity of two firms could increase or decrease over time. This variable might vary between 

0 and 1,90 with 0 denoting that the radical innovator and the citing firm are completely 

technologically dissimilar, and 1 denoting complete technological similarity. A squared term 

was calculated for this indicator to determine whether the hypothesized inverted U-shaped 

relationship exists between cognitive proximity and innovative performance. 

Third, organizational proximity is estimated following the definition suggested by Balland 

(2012). Namely, firms are seen as organizationally proximate if they belong to the same 

                                                        

87 The only hypothesis that could not be tested for matching firms is H4, because it is impossibe to calculate the 
respective indicator for the matching firms. 
88 The situation where a firm moved to another region was extremely rare across both the radical innovators’ and 
citing actors’ sample. Most of the moves involved moving to a city within the same region, or a change of address in 
the same city. 
89 Accessed via https://www.wipo.int/classifications/ipc/en/, last retrieved in January 2020. 
90 There can be no negative number of patents in a specific class. 

https://www.wipo.int/classifications/ipc/en/
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corporate group and organizationally distant if they do not. Thus, the variable can take the 

value of either 0 or 1, and change if a firm joins or leaves the corporate group. 

Fourth, social proximity is measured using the definition of Marrocu et al. (2013), who defines 

this measure based on patent co-inventorship between citing firms and radical innovators. The 

idea behind this definition stems from the emergence of network links following the exchange 

of tacit or explicit knowledge. Because employees may simply change working places, or 

collaborate on a specific project with another firm, and to strengthen and contextualize this 

indicator, we take into account those patents applications made by individuals rather than 

firms. Thus, the measure for each firm in each year is equal to the share of the common patents 

between a radical innovator and the citing firm. The cumulative number of patents was also 

taken in to account in our measurement of social proximity. Thus, social proximity ranges from 

0 to 1, with 0 denoting that the firms are completely socially distant, and 1 denoting that firms 

are completely socially proximate. Since the trust needed to develop a common patent takes 

time, we checked our measurements using lags of zero, one, and two years.91 Our baseline 

model presents the results without lags, lagged model specifications are presented in Appendix 

C. 

Table 2 presents an overview and possible values of our proximity variables and the data 

sources used for their extraction. 

 

Tab. 2 Proximity measures 

Variable Description Data source Values 
GEO Logarithm of distance in km Orbis, BIOCOM AG Real numbers 
COG Similarity of knowledge based, based on 

patent technology classes 
PATSTAT 0 to 1 

ORG Firms belonging to the same corporate 
group 

Orbis 0 or 1 

SOC Share of co-invented/co-applied patents PATSTAT 0 to 1 

 

A special case might arise where one firm cites two or more radical innovators. If this situation 

occurs, we take the minimum value for distance, and the maximum value for technological, 

social and organizational proximity. In our present dataset, there are four instances where a 

firm cites two radical innovators, and zero instances citing more than two radical innovators.   

 

 

 

                                                        

91 The limitation of our time lags is due to data availability (the latest available PATSTAT version – PATSTAT 2019a 
Spring edition) 
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4.3 Control variables 

Several control variables that could influence innovative performance are introduced into our 

models. These variables can be divided into firm-level and regional-level categories.  Specific 

characteristics of either category may lead to and increase or decrease in the number of patents.   

Standard measures established by previous research for firm-level variables are implemented 

(e.g., Acs et al. 2002; Díez-Vial and Ferández-Olmos 2014). These include: 

 Number of employees that a firm has per year. 

 Age of the firm, in years from founding. 

 Existence of common patents with universities or research institutions. 

 Location in technological park in a particular year. 

 Whether a firm was a subsidiary in a particular year. 

Location in a technological park is included because Díez-Vial and Ferández-Olmos (2014) 

discovered that firms located in such parks may profit from a broader knowledge base and 

close proximity to peers. This may be especially the case if there are cooperative agreements 

with universities and research centers.  

Regional variables are also important, as the environment may play an important role in 

fostering performance. To take this into account, the following regional variables are included 

in our model (taken e.g., from Beugelsdijk 2009): 

 R&D expenditure of a NUTS region where the firm is located. 

 Persons with tertiary education in the region where the firm is located. 

 Region being the winner of BioRegio competition. 

Presence of at least one of 100 biggest pharmaceutical or biotechnological firms in the region 

where the firm is located. These firms were identified according to revenue and number of 

employees taken from the Orbis firm database. 

The overview of the variables is presented in table 3. 

 

 

 

 

 

 

 

 



 

185 
 

Tab. 3 Control variables 

Level Variable Description Data Source Value 

Firm-level 
variables 

EMPL Logarithm of the no. of 
employees per firm 
per year 

BIOCOM AG, Orbis Real numbers 

AGE Logarithm of the age 
of the firm, years92 

BIOCOM AG, Orbis Real numbers 

TECHPARK Logarithm of distance 
from technology park 
in km 

 Germany Trade and 

Invest (GTAI) 
0 or 1 

UNI Common patent with 
university/ research 
institution 

PATSTAT 0 or 1 

SUBS Firm being a 
subsidiary in a 
particular year 

Orbis 0 or 1 

Regional level 
variables 

BIGCOMP Presence of 100 
biggest biotech/ 
pharma company in 
the NUTS2 region 

Orbis 0 or 1 

FEREG Logarithm of R&D 
expenditure by NUTS 
2 region, 
Euro/inhabitant 

Eurostat Real numbers 

HUMRES Logarithm of persons 
with tertiary education 
(ISCED) and / or with 
a scientific and 
technical career by 
NUTS2  region, thd. 

Eurostat Real numbers 

BIOREGIO Funded region 
according to BioRegio 
or BioProfile 

BMBF 0 or 1 

 

4.4 Econometric specification 

As the hypotheses developed for this paper relate to the innovative performance of a firm, and 

innovative performance is estimated by calculating the number of patents per year, a count 

model appeared to be the most suitable way to test our hypotheses.  Based on previous analyses 

found in the existing literature on knowledge diffusion, a negative binomial regression model 

was chosen (e.g. Bednarz and Broekel 2019; Gilbert et al. 2008; Hesse 2020).   

Apart from being appropriate for the analysis of spatial data, negative binomial regressions 

also reflect the unbalanced panel structure of the dataset. Moreover, negative binomial 

regressions allows to account for overdispersion in the data (Petruzzelli et al. 2015), supported 

by conducted likelihood-ratio test of alpha. Based on the results of a Hausman test and a 

likelihood ratio, we decided to use a fixed-effects rather than a random-effects model. 

 

                                                        

92 Because Ln0 cannot be calculated, 0.1 was added to a firm’s age in order to eliminate this possible problem. 
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5 Results 

5.1 Descriptive statistics 

In order to perform the analysis, an unbalanced panel reflecting the dependent and 

independent variables for each citing SME was created. For each firm, the observation period 

begins in the year of a citation and ends in 2016, except in the case of a citing firm or radical 

innovator dissolving before 2016.93 The year of dissolution was identified using the Orbis 

database.94 Our panel includes 678 observations drawn from our sample of 78 citing firms. 

Table 4 presents descriptive statistics for the patent variable, and the proximity dimensions. 

 

Tab. 4 Descriptive statistics, dependent variable and proximity measures 

Variable Obs Mean Std. Dev. Min Mdn Max 

PAT 678 1.73 3.57 0 0 39 

GEO 678 5.03 1.47 -2.73 5.53 6.37 

COG 678 0.45 0.22 0.00 0.46 0.90 

ORG 678 0.07 0.26 0.00 0.00 1.00 

SOC 678 0.12 0.30 0.00 0.00 1.00 

 

It can be seen that the number of patents filed by a firm each year varies greatly. Most of the 

firms have zero to one application each year, however, there are several firms in the sample 

that have a relatively high number of patents applications. Additional checks of these firms did 

not show any peculiarity of their characteristics that would suggest deleting these firms from 

the sample.  

The measurement of our proximity dimensions also show different tendencies. Whereas the 

mean values of social and organizational proximity are on rather low, cognitive proximity 

shows a generally high to medium level. A significant degree of variation can also be seen in 

the measurement of geographical proximity. We will explore these variables in more detail 

later in the paper. 

 

                                                        

93 If after a successful exit (e.g., through acquisition) a firm stays in the market, the end observation year was not 
affected. However, the value of subsidiary variable for that firm might change (e.g., in the case of acquisition). 
94 Last retrieved in January 2020. 
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Fig. 2 Location of citing and radical firms 

 

As can be seen in Figure 2,95 not all firms apply for patents in their respective regions. There 

are some small citation distances in western (North Rhine-Westphalia, Hessen) and southern 

Germany (Bavaria – Munich, Nuremberg; Heidelberg region). It can also be seen that while 

radical innovators are mostly located close to traditional biotechnology clusters (especially the 

regions, funded by BioRegio), citing firms are spread across Germany.   

It can also be seen that, on average, there is medium cognitive proximity between cited and 

citing firms. Moreover, the most popular classes along citing and cited patents do not differ 

much. The most popular technological class of citing papers is C07K 14 (“Peptides having more 

than 20 amino acids; Gastrins; Somatostatins; Melanotropins; Derivatives thereof”), and is 

also common in radical patents. The same can be said about the most popular classes across 

radical innovators: C12N 15 (“Mutation or genetic engineering…”) and C12Q 1 (“Measuring or 

testing processes involving enzymes, nucleic acids or microorganisms”). The only class that is 

present in citing sample but not in the radical sample is C12N 9 (“Enzymes, e.g. ligases (6.); 

Proenzymes; Compositions thereof”).  The only class that is present in the radical and not in 

the citing sample is A61K 31 (“Medicinal preparations containing organic active ingredients”). 

It should be noted that these two classes share certain common characteristics. This might 

                                                        

95 Here, only those radical innovators that are cited by SMEs are presented. 
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indicate that either the least popular classes among radical and non-radical innovators are 

different, or that of the cited and citing firms have different areas of specialization. 

 

 

 

 

Technological classes, radical firms Technological classes, citing firms 
 

Fig. 3 Location of citing and radical firms 

 

On another note, only six firms appear to be in the same corporate group with a cited radical 

innovator, and 15 firms exhibit positive social proximity, based on having a common patent 

with the radical innovator. Being connected to a radical innovator on the corporative level, 

however, does not necessarily indicate social proximity. Only three out of six firms from the 

same corporate group show positive social proximity.   

 

Tab. 5 Descriptive statistics for control variables* 

Variable Obs Mean Std. Dev. Min Mdn Max 

EMPL 678 2.81 1.33 0.00 3.26 5.26 

AGE 678 2.17 1.25 -2.30 2.31 5.38 

TECHPARK 678 
 

1.77 2.10 -3.17 2.57 4.84 

UNI 678 0.30 0.46 0.00 0.00 1.00 

SUBS 678 0.16 0.37 0.00 0.00 1.00 

BIGCOMP 678 0.82 0.38 0.00 1.00 1.00 

FEREG 678 6.90 0.66 5.19 7.01 8.35 

HUMRES 678 6.66 0.51 5.37 6.89 7.37 

BIOREGIO 678 0.38 0.49 0.00 0.00 1.00 

*EMPL, AGE, TECHPARK FEREG and HUMREG present logarithm variables 
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Table 5 shows the descriptive statistics for our control variables. As can be seen, the number of 

employees and firm age vary greatly. The largest firm in the sample has 192 employees, 

whereas the smallest has only one employee. Firm age also differs between being founded in 

the year of citation, and a family firm that was found in the 19th century. The distance to a 

technology park also has a high variation, from firms being less than one kilometer from a 

technology park to being more than 500 km away from a technology park.  

More than 80% of the firms are located in the same regions as the biggest pharma and biotech 

corporations. There may be several reasons for this. First, large pharma and biotech 

corporations are spread across most of the regions in Germany. Second, it is possible that citing 

firms want to be close to these large corporations, either hoping to acquire knowledge, or to 

provide services (e.g. Kahl 2015).  

About one third of the citing firms have connections to universities and are located in BioRegio 

funded regions. This indicates that citing firms stick less to the standard biotechnology clusters 

than do radical firms. The fact that there is a relatively low number of patents resulting from 

university collaboration may show the higher industrial orientation of citing firms. The fact 

that only one sixth of the firms in our sample are subsidiaries, a common characteristic of firm 

structures in the biotech field, may indicate that the SMEs in our sample are quite independent 

and rely on the knowledge of their peers.  SMEs in our sample that are subsidiaries might be 

more inclined to engage in corporate relations and communicate with parent companies. 

We next calculate the correlations between our variables to determine if any of the variables in 

the model might cause multicollinearity problems. Results of our correlation analysis are 

presented in the Table 6.96 As can be seen from the table, the coefficients vary from low to 

moderate, implying that no variable needs to be excluded from the model. 

 

                                                        

96 Polychoric correlations were alternatively calculated for binary variables, however, they do not differ significantly 
from Pearson correlations. In addition, variance VIFs were calculated and did not show the multicollinearity 
potential for any of the variables. 
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Tab. 6 Correlation coefficients 

  GEO COG ORG SOC EMPL AGE TECHPARK UNI SUBS BIGCOMP FEREG HUMRES BIOREGIO 

GEO 1.000             

COG 0.027 1.000            

ORG -0.392 
*** 

-0.007 1.000           

SOC -0.262 
*** 

-0.032 -0.246 
*** 

1.000          

EMPL 0.090 
** 

0.015 -0.171 
*** 

-0.031 1.000         

AGE 0.133 
*** 

-0.100 
** 

-0.161 
*** 

-0.121 
*** 

0.212 
*** 

1.000        

TECHPARK 0.148 
*** 

-0.090 
** 

-0.204 
*** 

0.187 
*** 

-0.090 
** 

0.112 
*** 

1.000       

UNI 0.167 
*** 

-0.009 -0.185 
*** 

-0.195 
*** 

0.213 
*** 

0.080 
** 

-0.052 
* 

1.000      

SUBS -0.045 -0.185 
*** 

0.195 
*** 

0.052 0.174 
*** 

0.035 -0.052 0.075 
* 

1.000     

BIGCOMP -0.052 -0.150 
*** 

0.103 
*** 

0.160 
*** 

0.007 0.004 -0.022 -0.287 
*** 

0.062 1.000    

FEREG -0.096 
** 

0.219 
*** 

-0.113 
*** 

-0.221 
*** 

-0.002 0.269 
*** 

0.097 
** 

0.055 0.026 -0.017 1.000   

HUMRES 0.003 0.053 -0.019 -0.078 
** 

-0.267 
*** 

0.153 
*** 

-0.115 
*** 

0.097 
** 

-0.040 0.055 0.511 
*** 

1.000  

BIOREGIO 0.076 -0.138 
*** 

-0.091 
** 

0.027 -0.019 0.022 0.008 0.135 
*** 

-0.014 0.039 0.070 
* 

0.163 
*** 

1.000 

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level
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5.2 Results of model estimation 

Table 7 presents the results of a negative binomial regression analysis across six model 

specifications.  Specifications 1-5 relate to testing hypotheses and present the estimation of the 

influence of different proximity dimensions on the innovative performance of the citing firms. 

Model 6 includes control variables, and Model 7 reveals the results for both proximity 

dimensions and control variables.   

Model 1 shows the slightly significant negative effect of geographical distance (GEO) on the 

innovative performance of citing firms. Generally, this implies that firms closer to innovative 

peers are highly innovative themselves, which supports Hypothesis 1.   Interestingly, Models 6 

and 7 reveal that being proximate to a technological park (TECHPARK) does not necessarily 

have an impact on a firm’s innovative performance.  The reason for that may lie in sectoral 

differences between citing firms.  

The models also reveal that cognitive proximity (COG) has no impact on innovative 

performance: neither positive, negative nor an inverted U-shaped. In other words, both 

cognitively proximate and cognitively distant SMEs can profit from citing radical innovators. 

This contradicts Hypothesis 2. Reasons for this result may lie in the nature of radical 

innovation. As already mentioned, radical innovation often differs significantly from the 

technological portfolio of radical innovators (Verhoeven et al. 2016). This implies that firms 

can profit from the new knowledge generated by radical innovations irrespective of 

technological closeness to radical innovator. The same may be true when later patents of a 

radical innovator are cited.  Peculiarities and complexities of the biotechnology field may only 

strengthen this effect. 

Model 4 supports Hypothesis 3 regarding the negative influence of being organizationally 

(ORG) related to a radical innovator. This is further supported by the generally lower 

innovative performance of subsidiaries (SUBS), shown in the Models 6 and 7. An explanation 

for this strong negative effect may lie not only in a firm’s bureaucracy, but also in the task 

division within a corporation.  Over time, subsidiaries may adapt their activities to performing 

supportive tasks for the parent firm, which may limit the potential of filing new patents. Even 

if it is not the case, independent SMEs may often obtain information directly and more quickly 

from their radical peers than along corporate communication channels. Apart from that, the 

presence of corporate ties may restrict the trajectories in which the innovative activities of a 

firm might take. However, the small proportion of firms with positive organizational proximity 

to a radical innovator may limit this result. In any case, some caution is called for in 

interpreting this result. 

Contrary to expectations, no effect of social proximity (SOC) on SMEs’ innovative performance 

was seen, thus, Hypothesis 4 is not supported.  Adding lags (see Appendix C) did not change 
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the results. One reason for this result may be the measure of social proximity itself.  Not all 

relationships between SMEs that are built on trust end in a common patent or project, and this 

reality is even less frequent in the case of unintended knowledge transfer.  Further refinements 

and specifications of this measure may help in reaching more reliable results. 

Appendix B shows the results of our negative binomial regression for our control sample. As 

expected, no significant coefficients could be seen there, apart from slightly significant negative 

coefficient for organizational proximity.97  This indicates that the results for the citing firms did 

not occur by accident. 

 

                                                        

97 This coefficient was, apart from that, achieved with the help of a zero-inflated negative binomial model, as many 
firms had zero patent applications and no proper coefficient with a negative binomial regression model could be 
achieved for this case. 



 

193 
 

Tab. 7 Results of regression analysis 

 (1) (2) (3) (4) (5) (6) (7) 

GEO -0.197* 
(0.110) 

-  -  - - - -0.240** 
(0.119) 

COG -  -0.019 
(0.507) 

-0.784 
(1.811) 

-  -  - -0.544 
(0.540)  

COG2 -  -  0.892 
(2.026) 

- -  -  - 

ORG -  -  - -2.007*** 
(0.512) 

-  - -2.396*** 
(0.677) 

SOC -  -  -  -  -0.828 
(0.959) 

- 0.744 
(1.109) 

EMPL -  -  -  -  -  0.171 
(0.127) 

0.413*** 
(0.157) 

AGE -  -  -  -  -  0.028 
(0.073) 

0.012 
(0.738) 

TECHPARK -  - - -  -  -0.162* 
(0.083) 

-0.200** 
(0.086) 

UNI -  - - - - 0.149 
(0.322) 

0.044 
(0.328) 

SUBS -  -  -  -  -  -0.604** 
(0.274) 

-0.629** 
(0.285) 

BIGCOMP -  -  -  -  -  0.172 
(0.222) 

0.198 
(0.230) 

FEREG -  -  -  -  -  0.418 
(0.318) 

0.465 
(0.318) 

HUMRES -  -  -  -  -  0.109 
(0.389) 

-0.114 
(0.401) 

BIOREGIO -  -  -  -  -  -0.264 
(0.283) 

-0.179 
(0.301) 

CONSTANT 4.101*** 
 (0.806) 

-3.106* 
(0.691) 

3.151***  
(0.582) 

3.075***  
(0.564) 

3.109*** 
 (0.568) 

-0.139 
(2.660) 

2.168 
(2.907) 

Year efects Yes Yes Yes Yes Yes Yes Yes 

Log likelihood -676.700 -699.553 -699.456 -692.694 -699.550 -691.348 -682.398 

Observations 676 676 676 676 676 676 676 

Standard errors in parentheses, 

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level
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6 Discussion and conclusion 

This paper provides new insights about the importance of different proximity dimensions for 

knowledge diffusion focusing on a special kind of innovation, radical innovation. The results, 

obtained across negative binomial regression model specifications, show the positive influence 

of geographical closeness to a radical innovator, and the negative influence of organizational 

closeness on the innovative performance of citing SMEs. Our analysis additionally indicates 

that neither cognitive nor social proximity to a radical innovator have a positive influence on a 

citing firm’s innovative performance. 

The study has several important implications. First, it complements the literature by showing 

the influences radical innovation has on the knowledge flow within and across biotechnology. 

It also reveals those firms that may profit the most from this knowledge. The paper also 

generates implications for policy makers by showing the importance of promoting independent 

SMEs, both radical innovators, as well as SMEs that benefit from collaborative knowledge 

exchange. Furthermore, this promotion should not be limited to a specific field, as radical 

innovation seems to have an impact on the innovative performance of firms regardless of 

whether they are operating in the field of biotechnology. This study also shows that knowledge 

diffusion is regionally bound, emphasizing the importance of regional funding programs. 

These programs, however, should not be limited to creation of technology parks, but should 

also create other opportunities for knowledge exchange, such as workshops or conferences. 

Our analysis has several limitations. First, the sample of independent dedicated biotechnology 

firms was not restrictively filtered. An analysis with a limited sample of firms citing only radical 

innovations could be performed. This may, however, significantly reduce the sample size, 

making it difficult to generalize the results. Another possible solution is to broaden the 

definition of ‘radical innovation’. One might also choose to include firms of any size (not only 

SMEs) and individual patent applicants in an effort to enlarge the sample size.  

Another limitation revealed by our study is that the social proximity variable needs to be 

refined. Social proximity speaks to the development of trust relationships between firms. The 

development of trust requires time and patience, and the value of developing a trusting 

relationship may not appear for quite some time. An analysis that extends lags between trust 

building and the development of a common patent might impact the results. Because of the 

limitations of the PATSTAT dataset used in our analysis, lag extensions were not possible. On 

another note, relying on co-patenting activities as a measure ignores other benefits of social 

proximity, this is especially true in the case of tacit knowledge transfer.  
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The datasets used in our study also have limitations. Because of gaps in Orbis and PATSTAT, 

the data could include false positive and false negative entries. The Orbis dataset did not 

provide up-to-date employee numbers or turnover. Also, all of the addresses of the firms could 

not be identified, making a regional analysis more difficult. This could also bias the recognition 

of SMEs. The PATSTAT dataset had a number of typos and translation ambiguities, which 

could lead to the situation where not all of the patents belonging to a specific firm could be 

determined. 

Our analysis also provides several avenues for further research. First, by identifying the 

importance of geographical proximity, we demonstrate that for the special case of radical 

innovation it cannot be replaced by other proximity types, as suggested by Boschma (2005). 

The reason for the prominence of geographical proximity may lie in the chosen proxy (patent 

citations) or chosen units of analysis (SMEs). Therefore, future analysis might include larger 

firms, in order to estimate the influence of radical innovation of big corporations.  Another way 

of measuring whether spillover occurs, such as questionnaires directed at potential knowledge 

recipients, could be used in the future research. 

Moreover, the analysis could be extended to different proximity dimensions’ specifications, as 

well as for different industries. Even more challenging may be the analysis of radical innovation 

diffusion in pharmaceutical or chemical industries. Furthermore, different sources of 

innovation measurement, other than the use of patent data, could be used in further research. 

These innovation measures may include the Community Innovation Survey (CIS), as well as 

the direct usage of products and trademarks. 
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Appendix A. Control sample 
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PHARMA TEST 
APPARATEBAU AG 
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Appendix B.  Control sample check98 

 

 (1) (2) (3) (4) (5) 

GEO 0.0125 
(0.110) 

-  -  - - 

COG -  5.893 
(2.435) 

22.190 
(31.732) 

-  -  

COG2 -  -  -14.151 
(27.366) 

- -  

ORG -  -  - -1.631* 
(0.827) 

-  

SOC -  -  -  -   - 

CONSTANT 2.443 
 (4.962) 

-2.434 
(1.775) 

2.416  
(1.764) 

0.827***  
(0.238) 

-  

Year effects No No No No -  

Log likelihood -171.819 -170.946 -170.816 -122.914 -  

Observations 330 330 330 72 -  

Standard errors in parentheses, calculation of model 5 not possible, because of all social proximities equal to zero, 31 firms deleted from analysis because of all zero outcomes, 

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level

                                                        

98 The values of model 4 relate to the results of zero-inflated negative binomial (zinb) regression model because of the structure of the data. For other variables the usage of zinb did 
not change the significance and the direction of the coefficient. 
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Appendix C. Social proximity lags 

 

 1-year lag 2-years lag 

SOC -0.490 
(0.825) 

-0.810 
(0.857)  

CONSTANT 3.117*** 
 (0.568) 

-3.133* 
(0.568) 

Year efects Yes Yes 

Log likelihood -699.397 -699.207 

Observations 676 676 

Standard errors in parentheses, 

***- significance at 0.01 level, ** - significance at 0.05 level, * - significance at 0.1 level 
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APPENDIX A: PERSONAL CONTRIBUTIONS TO THE PAPERS OF THE 

CUMULATIVE THESIS  

 

INTRODUCTION: INNOVATION PATH OF GERMAN BIOTECHNOLOGY 

(CHAPTER 1) 

 

This chapter is an introductory part of the dissertation. It was written by me as a sole author. 

 

FROM BIOTECH TO BIOECONOMY. NEW EMPIRICAL EVIDENCE ON THE 

TECHNOLOGICAL TRANSITION TO PLANT-BASED BIOECONOMY BASED ON 

PATENT DATA (CHAPTER 2) 

 

This paper is a joint work with Dr. Muhamed Kudic. The initial idea as well as state of the art 

description was mostly provided by Dr. Kudic. Data collection and descriptive statistics as well 

as performing of text mining analysis were mostly conducted by me. Main path analysis, 

introduction and conclusion was carried out by both of us together. The paper benefited from 

advice and comments from colleagues as well as participants of the conferences and workshops, 

where it had been presented.  

 

WHO SHAPES PLANT BIOTECHNOLOGY IN GERMANY? JOINT ANALYSIS OF THE 

EVOLUTION OF CO-AUTHORS´ AND CO-INVENTORS´ NETWORKS (CHAPTER 3) 

 

This paper was written by me as a sole author. The paper benefited from advice and comments 

from colleagues as well as participants of the conferences and workshops, where it had been 

presented. 

 

WHO BENEFITS FROM RADICAL INNOVATIONS OF SMES? – EMPIRICAL 

EVIDENCE FROM THE GERMAN BIOTECHNOLOGY (CHAPTER 4) 

 

This paper is a joint work with Dr. Muhamed Kudic. The idea was developed together. Dr. 

Kudic performed most of the section of theoretical framework. I was performing the data 

collection, radical patents identification as well as econometric analysis (with valuable 

comments of Dr. Kudic throughout the process). The idea and creation of ego-networks as well 

as introduction and conclusion were developed by both of us together. The paper benefited from 
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advice and comments from colleagues as well as participants of the conferences and workshops, 

where it had been presented.  

 

DIFFUSION OF RADICAL INNOVATION FOR THE CASE OF BIOTECHNOLOGY 

SMES: DOES PROXIMITY MATTER? (CHAPTER 5) 

 

This paper was written by me as a sole author. The paper benefited from advice and comments 

from colleagues as well as participants of the conferences and workshops, where it had been 

presented.  
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APPENDIX B: ERKLÄRUNG 
 

ERKLÄRUNG ÜBER DIE ANFERTIGUNG DER DISSERTATION OHNE UNERLAUBTE HILFSMITTEL 

 

Ich erkläre hiermit, dass diese Arbeit ohne unerlaubte Hilfe angefertigt worden ist und keine 

anderen als die angegebenen Quellen und Hilfsmittel benutzt wurden. 

Ich erkläre ferner, dass die den benutzten Werken wörtlich und inhaltlich entnommenen 

Stellen als solche kenntlich gemacht wurden. 

Eine Überprüfung der Dissertation mit qualifizierter Software im Rahmen der Untersuchung 

von Plagiatsvorwürfen ist gestattet. 
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