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i 

Executive summary 

 

The analysis of large data volumes for decision-making has evolved from a sideline to a 

key driver of economic success in the business world of today. As being particularly 

relevant for technology-oriented organization, patent intelligence – the retrieval, pre-

processing and analysis of patent information – has become a relevant means for 

organization-relevant decisions. This dissertation sheds light using techniques from 

machine learning for patent intelligence tasks. After summarizing the current literature 

streams of patent intelligence and machine learning, four publications outline 

opportunities and challenges that may arise from using supervised or unsupervised 

machine learning techniques for patent intelligence. For example, supervised machine 

learning may guide decision making by reducing noise in predictions, for example. 

Unsupervised machine learning may be useful to explore latent associations between 

patents when analyzing computationally challenging patent data sets. However, both 

techniques impose challenges regarding the complexity of the configuration space as well 

as the transparency and explainability of their underlying algorithms. Implications of this 

dissertation offer two trade-offs, i.e. in-house versus external procurement and high 

performance vs. low explanability, and relevant gaps need being addressed by this 

dissertation open up avenues of further research. 
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“As data piles up, we have ourselves a genuine gold rush.  

But data isn’t the gold. […] The gold is what’s discovered therein” 

Eric Siegel (2013, p. 4). 

 

“The value of a technology lies not merely in what can be done with it  

but also in what further possibilities it will lead to” 

William Brian Arthur (2009, p. 170). 

1 Introduction 

 

In today’s business world, the analysis of large data volumes for decision-making has 

evolved from a sideline to a key driver of economic success. Data-driven business models 

are no longer the preserve of major players like Alphabet or Meta (Agrawal et al. 2018). 

Although many techniques to analyze large data volumes are independently applicable to 

various domains (and most require only a fixed data structure, e.g. text or tabular data); 

ultimately the domain from which the data originates is paramount to understanding the 

value of the data and the findings (Mike et al. 2022). For example, data from natural 

sciences, market research, finance or law each have their own individual characteristics, 

which must be considered in order to conduct comprehensive analyses.  

Patent data plays an important role in innovation and technology management, as the 

data contain not only technological information but also information about competitors 

in a codified way (Adams et al. 2006; Ernst 2003). Accordingly, the aim to extract 

knowledge from large patent data volumes has been established itself as a dedicated field, 

the so-called patent intelligence. Specifically, patent intelligence refers to the retrieval, 

pre-processing and analysis of patent information and has evolved as a promising 

information resource for organizations (Ernst 2017; Moehrle et al. 2017).  

Patents are legal documents issued by a government that grants the right of exclusivity 

and protection to the owner of an invention for a certain territory and time period (Chitale 

et al. 2020; Alberts et al. 2011). This temporary monopoly provides the patentee with a 

competitive advantage, and thus companies have large incentives to patent their 

inventions (for this and the following, see EPO 2019; Holgersson and Granstrand 2017). 
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In addition, patents offer freedom-to-operate in the technological space and 

simultaneously block the freedom-to-operate of rivals. Furthermore, patenting enhances 

the corporate negotiation position, enables licensing, improves reputation and attracts 

investment capital. Therefore, patents are nowadays a common means of protecting and 

exploiting corporate inventions (Artz et al. 2010; Cohen et al. 2000; Teece 1986). 

In return for the invention’s exclusivity right, the inventor is required to publicly disclose 

the invention allowing others to build upon the knowledge contained in her or his 

invention (Furman et al. 2021; Hall 2007). For example, the United States Patent and 

Trademark Office (USPTO) has registered 621,453 utility patent applications in 2019.1 

The number of patents has increased the current stock of knowledge displayed by patents 

remarkably, and opened up new opportunities for exploitation in a business-oriented 

manner by means of patent intelligence tasks. Patent intelligence offers a methodological 

toolbox, for example, to evaluate technology portfolio of competitors (Frischkorn 2017), 

to monitor the dynamics of technological convergence or change (Eilers et al. 2019; 

Passing 2017), or to estimate the quality and value of patented inventions (Wittfoth 

2020). 

However, conventional patent intelligence methods have become insufficient to cope with 

the flood of patent information. Promising solutions are offered by the field of 

digitalization, which is defined by the Organisation for Economic Co-operation and 

Development (OECD) as  

“the use of digital technologies and data as well as interconnection that results in 

new or changes to existing activities” (OECD 2019, p. 18). 

Due to their pervasiveness, ability to undergo cumulative improvement and 

complementing character to other existing and new technologies, researchers argue that 

digital technologies can be considered general-purpose technologies (Ozcan and Unalan 

2020; Petralia 2020; Brynjolfsson and McAfee 2016). Moreover, Bodrožić and Adler 

(2021) specify that the usage of such digital technologies  

                                                        

1 Data derived from https://www.uspto.gov/web/offices/ac/ido/oeip/taf/us_stat.htm, checked on 
8/10/2022. 

https://www.uspto.gov/web/offices/ac/ido/oeip/taf/us_stat.htm
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“is not simply a basket of individual innovations: it is an interdependent cluster of 

revolutionary technologies, where developments in each technology affect many 

others” (Bodrožić and Adler 2021, p. 1).  

Consequently, the collectively usage of digital technologies may be suitable to fill the gap 

to respond to the needs that arise from the persistent growth of digitized patent 

information. However, digital technologies are no panacea per se. Replacing or 

complementing conventionally practiced tasks with digital technologies often poses a 

trade-off between value contribution and drawbacks that arise from digital technologies, 

and thus this cumulative dissertation aims to answer the fundamental research question: 

RQ: Which opportunities and challenges arise from using contemporary digital 

technologies for patent intelligence? 

This dissertation covers six sections. Following the introduction, the contextual 

background in section 2 offers an overview of literature about patent intelligence. The 

methodical background in section 3 sharpens the selection of relevant digital technologies 

towards machine learning (ML) techniques. Section 4 outlines two refined research 

questions as well as the research framework combining patent intelligence tasks and ML 

techniques to which each of the four publications considered are assigned to. Moreover, 

each of the four publications considered are summarized and their findings are aligned 

with the refined research questions. Section 5 discusses the publications’ findings and 

raises opportunities and challenges of supervised and unsupervised ML for patent 

intelligence in particular, and opportunities and challenges of digital technologies for 

patent intelligence in a broader sense. Section 6 concludes this dissertation by 

summarizing the responses to the research questions, highlighting contributions to 

scholarship and management, as well as identifying research limitations that suggest 

avenues of further research. 
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2 Patent intelligence: 
Harvesting knowledge from patents 

 

This section outlines the contextual background of this cumulative dissertation. The 

origins of patent intelligence are described, established definitions and perceptions of 

what patent intelligence must comprise are discussed, and finally a process model for 

patent intelligence is developed, which comprises three tasks, namely patent retrieval, 

pre-processing and analysis. 

Due to its high strategic relevance, patent management has developed from being a side-

line of R&D to an important business capability in order to create and maintain 

competitive advantage (Ernst 2017). The role of patent management has evolved to a 

corporate function with an increasingly strategic and managerial orientation (Conley et 

al. 2013; Bader et al. 2012) and is found to increase business performance, when 

performed appropriately (Ernst et al. 2016). Although the literature agrees to some 

extent, it also differs with regard to the necessary tasks for a holistic patent management. 

Early research focused on the core dimensions of patent management, i.e. to manage own 

patent portfolios (portfolio), generate (generation) and protect (enforcement) own 

patents, harvest commercial value from own patents (exploitation) and explore other 

patents (intelligence) (Bader et al. 2012; Gassmann and Bader 2011). More recent studies 

include more broad supporting dimensions that refer to the organizational arrangements 

devoted by firms in managing patents (organization) and the corporate philosophy 

concerning patents (culture) (Agostini et al. 2019; Moehrle et al. 2018, 2017). 

All these approaches share the opinion that the dimensions are interlinked. In this way, 

stakeholders of individual dimensions may benefit from other dimension’s information 

but as well may provide information for other dimensions (Denter et al. 2022b). In 

addition, patent management is embedded at the intersection of other corporate 

functions (Walter and Schnittker 2016). For instance, patent information analysts assess 

the value of patents (which may be directed from strategic management) within the 

patent intelligence dimension and their results may trigger stakeholders in the 

exploitation dimension to initiate in patent transactions but as well human resource 

management to identify key inventors. 
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Both the propensity to patent and the patent office’s duty to disclose patents cause the 

stock of patent data to grow year by year. For example, the USPTO recorded 295,926 

patent filings in 2000 and already 621,453 patent filings in 2019, resulting in an average 

annual increase of 3.78%. Worldwide patent data counts reveal an even higher expanding 

stock of knowledge (WIPO 2021). This makes patents a valuable public data source to 

analyze (Aristodemou and Tietze 2018). Transforming patent data into knowledge which 

subsequently leads to business decisions is the key task of patent intelligence. Specifically, 

this dissertation follows the definition of patent intelligence suggested by Wustmans 

(2019):  

“Patent intelligence refers to the retrieval, structuring, examination and evaluation 

of patent information for systematic knowledge development as well as using the 

knowledge for business-relevant decisions” (Wustmans 2019, p. 25, translated from 

German). 

The definition shows that patent intelligence comprises a sequence of purpose-driven 

tasks that are all aligned to the initial question. Studies published prior to Wustmans 

(2019) support this goal-oriented definition. For example, the unifying framework for 

‘Knowledge Discovery in Databases’ (which serves as a blue print for many analysis 

concepts) shows that knowledge discovery starts with data and ends with interpretation 

(Fayyad et al. 1996). Tseng et al. (2007) elaborate further on the process and highlights 

that all tasks serve a specific purpose and the analysis itself needs a purpose, as well. 

Moehrle et al. (2010) summarize prior literature in that patent intelligence comprises 

three main tasks: pre-processing to search and prepare patents, patent analysis to 

investigate the contents of or mutual relationships between patents, and discovered 

knowledge to visualize and interpret the results for non-technical stakeholders. Abbas et 

al. (2014) develop a generic patent intelligence process model which demonstrates the 

dependence of earlier process tasks on the overall purpose of the analysis. For example, 

novelty examination based on textual information requires a completely different search, 

preparation and analysis of patents than novelty examination based on bibliographic 

information. Walter and Schnittker (2016) confirm prior approaches and display patent 

intelligence as a three-fold triangulation between search, analysis and strategy. 

Accordingly, the generic process model used in this dissertation comprises three tasks 

starting with a purpose or question and resulting in interpretation for business decision. 
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Figure 1 shows this process with patent retrieval as task 1, patent pre-processing as task 

2, and patent analysis as task 3. 

 

Figure 1: Process model for patent intelligence. 
Source: Own graphical illustration in accordance with Wustmans (2019), Frischkorn (2017), Walter and 
Schnittker (2016), Abbas et al. (2014) and Moehrle et al. (2010). 

2.1 Patent retrieval 

The patent retrieval task involves the search for relevant patents. This is usually 

conducted by relying on patent databases using different search strategies. Researchers 

may combine keywords or use patent classifications to capture patents relevant for their 

purpose. Hybrid strategies, i.e. combining keywords with classifications have been proven 

to be quite successful in finding relevant patents (Walter and Schnittker 2016; Alberts et 

al. 2011). Researchers and practitioners may draw upon a multitude of different patent 

databases. There are databases that are directly hosted by the individual national or 

international patent offices. For example, the USPTO Patent Full-Text and Image Database 

(PatFT) offers full-texts of US-patent grants, and the Espacenet database of the European 

Patent Office (EPO) offers (partially) full-texts of worldwide patents. Furthermore, 

databases and data sets may be drawn from international research projects. For example, 

the National Bureau of Economic Research (NBER) patent citation database (Hall et al. 

2001) has been enabled a wide variety of innovation metrics that have been used in 

thousands of research articles across a wide variety of disciplines (Whalen et al. 2020). In 

more recent examples, researchers provide access to patent value indicators (Kogan et al. 

2017), patent-to-patent similarity data (Arts et al. 2018), or historical patent data 
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(Balland et al. 2020; Petralia et al. 2016)2, to name a few examples. Lastly, commercial 

providers have been tapped into the patent information market and offer various 

solutions for patent researchers and practitioners (for a comprehensive review of offered 

solutions, see Walter et al. 2022).  

Researchers and practitioners are usually interested in evaluating the searched results 

based on the proportion of which all patents that are relevant have been found (recall) 

and the proportion of which all patents that have been found are truly relevant (precision) 

(Frischkorn 2017; Passing 2017; Adams 2010). As calculating the exact recall is feasible 

impossible considering today’s large volumes of patent data available, therefore is has 

been proven to rather estimate the recall (Moehrle 2018). The search in patent databases 

and the evaluation of the search results are iterated in a loop until recall and precision are 

at a predefined level. Finally, when an appropriate level of both evaluation measures is 

reached, the patent data is collected and stored locally. 

2.2 Patent pre-processing 

The purpose of the patent pre-processing task is to transform patent data from 

unstructured to structured data and to increase the quality of the data (Hickman et al. 

2020; Kobayashi et al. 2018b; Manning et al. 2008). The methods for pre-processing 

largely differ among data types, whether they are (i) textual or (ii) bibliographic. 

(i) Information encoded in text is a rich complement to the more structured kinds of 

bibliographic data in patents, and recent years have seen an explosion of empirical studies 

using patent text as data (Antons et al. 2020). Furthermore, the text in patents contains 

the most information with regard to the patent’s technical scope. However, text data is 

inherently unstructured, noisy and high-dimensional which creates challenges for its 

processing (Hickman et al. 2020). The issue of high-dimensionality is well described by 

Gentzkow et al. (2019), as follows:  

“Suppose that we have a sample of documents, each of which is 𝑤 words long, and 

suppose that each word is drawn from a vocabulary of 𝑝 possible words. Then the unique 

representation of these documents has dimension 𝑝𝑤 . A sample of thirty-word Twitter 

messages that use only the one thousand most common words in the English language, 

                                                        

2 For example, the USPTO offers patent grants in computer processable format only from 1974. Before 1974, 
the data is only provided in image format (e.g. https://patft.uspto.gov/netacgi/nph-Parser?patentnumber 
=3780000). 

https://patft.uspto.gov/netacgi/nph-Parser?patentnumber=3780000
https://patft.uspto.gov/netacgi/nph-Parser?patentnumber=3780000
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for example, has roughly as many dimensions as there are atoms in the universe” 

(Gentzkow et al. 2019, p. 535). 

As a consequence, it is largely accepted and empirically validated to reduce text 

dimension before analyzing patent texts and text data in general (Uysal and Gunal 2014). 

Dimension reduction can provide strong computational benefit, and is often key to 

producing more interpretable results. It can be achieved by features selection, i.e. 

selecting or standardizing the wording of text, or by transforming the text by means of 

vector space models: 

• Common feature selection include the filtering of words that occur less or quite 

frequent, for example by means of counting term frequencies or using the 

compound measure tf-idf, the so-called ‘term frequency inverse document 

frequency’ (Hickman et al. 2020). Since words may appear in several inflected 

forms – e.g. the verb ‘to compute’ may appear as ‘compute’, ‘computes’, ‘computer’, 

‘computers’, ‘computing’, or ‘computerization’ – another established practice 

covers the standardization of words by means of reducing each word to its lemma 

(lemmatization) or its stem (stemming) (Kobayashi et al. 2018a; Manning et al. 

2008). 

• To be processed by computer programs, text must be converted into a suitable 

format (usually numeric). The most common way to transform text into numeric 

form is to use vector space models where documents are represented as elements 

in a space of vectors (Salton et al. 1975). By representing patents as 𝑝-dimensional 

vectors, with 𝑝 ∈ ℕ, vector and matrix analysis can be used to gain insight into 

relationships of the data. The bag-of-words model is the most basic representation 

for a document (Turney and Pantel 2010). Referring back to the abovementioned 

example, suppose that there is a sample of documents 𝑛, with 𝑛 ∈ ℕ, which contain 

words that are drawn from a vocabulary 𝑝. Then, according to the bag-of-words 

model, each document is transformed into a vector of 𝑝 dimensions and the vector 

space of the document sample comprises 𝑝 × 𝑛 elements (Manning et al. 2008). 

Scientific studies show a wide range of possibilities how the vocabulary can be 

created and which values can be found in the dimensions. On the one hand, 

vocabulary may represent individual words (uni-grams) or combinations of more 

than one word (𝑛-grams with 𝑛 referring to the word number, e.g. bi-grams or tri-

grams) (Moehrle and Gerken 2012). Furthermore, by exploiting the sentence 
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structure, so-called ‘subject-action-object’ structures can be used as vocabulary to 

represent documents in a more meaningful way (Moehrle et al. 2005). On the other 

hand, the dimensions may be represented by binary count, i.e. whether or not a 

vocabulary item is mentioned in a document (Arts et al. 2018), by frequency count, 

i.e. how many times a vocabulary item is mentioned in a document (Walter and 

Schnittker 2016), or even by the document-specific tf-idf value of each vocabulary 

item (Kuhn et al. 2020).  

(ii) In contrast to text, bibliographic data in patents is already in a structured format. 

Therefore, bibliographic data pre-processing largely deals with missing and incorrect or 

ambiguous data entries (Peng et al. 2022; García et al. 2015).  

• Missing data entries in patents may result from data retrieval issues or when the 

assignee of a patent left some entries blank. The most straightforward method and 

still common practice to fill missing data is to acquire the data from other data 

sources (Morrison et al. 2017), to use the mean of the feature as imputation value 

(Kleinberg et al. 2018) or eventually to discard the patents with missing values 

(Balsmeier et al. 2018).  

• Incorrect entries may be caused by spelling errors made by the assignee or 

transfer errors from one format to another or from one database to another, and 

ambiguous data entries may result from inconsistent patterns of organizations or 

individuals in particular in disclosing assignee or inventor names. For example, the 

assignee listed on the US-patent 7,752,621 B2 is ‘International Business Machines 

Corporation’, while clearly the same company lists the assignee on the US-patent 

10,070,328 B2 as ‘International Business Mahcines Corporation’ with a spelling 

error.3 In another example, the inventor and scientist Lee Fleming is listed in the 

inventor section of the US-patent 5,029,133 A as ‘Lee Fleming’ and on the US-

patent 5,136,185 A as ‘Lee O. Fleming’.4 This ‘names game’ – as coined by 

Trajtenberg et al.   – becomes even more difficult when analyzing large volumes of 

data where the exact same name may correspond to different inventors (i.e. ‘John 

                                                        

3 https://patentimages.storage.googleapis.com/da/5b/3b/7f2c0da2cd1561/US7752621.pdf, checked on 
8/10/2022; https://patentimages.storage.googleapis.com/59/20/b4/3ef8a095426f56/US10070328.pdf, 
checked on 8/10/2022. 
4 https://patentimages.storage.googleapis.com/7b/5b/68/83f2e13dd270a7/US5029133.pdf, checked on 
8/10/2022; https://patentimages.storage.googleapis.com/28/ae/dd/f933a084e2b6df/US5136185.pdf, 
checked on 8/10/2022. 

 

https://patentimages.storage.googleapis.com/da/5b/3b/7f2c0da2cd1561/US7752621.pdf
https://patentimages.storage.googleapis.com/59/20/b4/3ef8a095426f56/US10070328.pdf
https://patentimages.storage.googleapis.com/7b/5b/68/83f2e13dd270a7/US5029133.pdf
https://patentimages.storage.googleapis.com/28/ae/dd/f933a084e2b6df/US5136185.pdf
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Smith’, ‘Michael Müller’, or ‘Kim Lee’). For example, searching the USPTO PatFT for 

the inventor name ‘John Smith’ yields 1,050 patent grants and 83 different 

spellings of the name ‘John Smith’. Furthermore, the exact name ‘John W. Smith’ 

appears in 177 patents that are filed between 1978 and 2015 and involved 39 

different spelling of assignees and at least 25 real different assignees.5 Discarding 

the data or using exact string matching are common approaches to mitigate the 

effect of such errors. 

2.3 Patent analysis 

The patent analysis task is strongly fitted to the initial purpose and offers an ever-

increasing toolbox of techniques. In general, analyzing patents can be performed on three 

hierarchical levels, as can be seen in Figure 2:  

• On the bottom level, researchers and practitioners may find textual concepts or 

bibliographic elements extracted from patent data. For example, these may involve 

uni-grams, bi-grams, disambiguated inventor or assignee names. Analyzing these 

data elements without any context (i.e. to which patents them belong or to which 

technology fields) is not quite insightful, and therefore, there are no analysis 

purposes to be found in this level. 

• On the mid level, researchers and practitioners may find the patents themselves. 

On this level, patent microanalyses may be conducted for various purposes. For 

example, the textual as well as bibliographic elements contained in patents may be 

used to estimate the technological uniqueness (Walter et al. 2017), novelty (Arts 

et al. 2021), or impact of patents (Kelly et al. 2021). Moreover, these elements may 

be used to calculate pairwise similarities between patents in order to assess 

potential infringing patents (Bergmann et al. 2008), patent thickets (Gątkowski et 

al. 2020), or the sources and sinks of knowledge flows (Denter and Lai 2022). 

• And on the top level, data from the bottom and the middle level are merged and 

used to analyze trends in technology or applications fields, or similarities or 

differences among individual inventors or organizations. For example, stimuli for 

human resource management may arise from comparing patent knowledge 

                                                        

5 The search was conducted in Query4Files v.1.3.4.2, a software developed by the Institute of Project 
Management and Innovation, University Bremen, on 25 January 2022 using the search query IN/"Smith 
John" AND ISD/19000101->20211231 in ‘Lucene: Patents’. The analysis was performed with Python. Data, 
code and results are available upon request. 
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profiles between different inventors (Karwehl et al. 2022) and identify fit to the 

own organizational knowledge profile (Moehrle et al. 2005). Likewise, researchers 

and practitioners may compare corporate knowledge profiles to reveal knowledge 

foci and gaps between the own and competitors’ patent portfolio (Kronemeyer et 

al. 2020; Suominen et al. 2017). Furthermore, ‘breeding grounds’ of inventive 

activity in advanced technology fields may be revealed from patent analysis 

(Denter 2021), potential application fields may be explored and stimulate the sales 

department (Walter et al. 2019), and stimuli for R&D department may arise from 

revealing hitherto untested combinations of technological components in patent 

data (Lee et al. 2020).  

 

Figure 2: Nested hierarchy of patent analysis in three levels. 
Source: Own graphical illustration inspired by Saiki (2015) and Geels (2002, Figure 3 on p. 1261). 

In summary, the tasks of patent analysis are many and varied and it would be beyond the 

scope of this dissertation to explain all the techniques used in the scientific literature. 

Further examples may be obtained from relevant literature, e.g., Aristodemou and Tietze 

(2018), Walter and Schnittker (2016), Abbas et al. (2014) or Bonino et al. (2010). 
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3 Machine learning: 
Discovering patterns in large data sets 

 

This section outlines the methodical background of this cumulative dissertation. Current 

foci of digital technologies are presented and ML is organized into a framework of digital 

technologies. Moreover, the two (to-date) most important techniques of ML, namely 

supervised and unsupervised ML, are focused on and elaborated with regards to their 

economic significance as well as example applications in patent intelligence. 

Digital technologies are on everyone’s lips – in science, industry and politics alike. 

Thereby, researchers and practitioners constantly change which technologies they focus 

on. In the early 2000s, digitization has received large interest and is perceived as the 

foundation of all digital technologies. Digitization refers to the transformation of analog 

data into digital format. Digital data offer organizations large economic advantages in 

comparison to their analog equivalents. For example, Carl Shapiro and Hal Varian state in 

their seminal book ‘Information Rules’ that the creation of digitized data is costly, yet 

replicating digitized data is less expensive than in analog format, thus opening the debate 

on digital data economic benefits (Shapiro and Varian 2008). Moreover, digital data 

stored in databases reduce the time and effort spent to gather information. For example, 

it is shown that China’s blockage of the search engine ‘Google.com’ in 2014 has led to an 

increase in search costs for inventors, leading to less creative inventions (Zheng and Wang 

2020). In a nutshell, using digitized data reduces search, replication, transportation, 

tracking and verification costs in comparison to analog data (Goldfarb and Tucker 2019).6 

With digital data as a starting point, various digital technologies may be applied according 

to specific purposes. Figure 3 illustrates a selection thereof and shows four domains of 

digital technologies. In data management, Blockchain technology, i.e. a tamper-resistant, 

distributed ledger in which users perform transaction, allows to verify transaction 

attributes without relying on intermediary services (Denter 2021; Catalini and Gans 

2020). In this way, the technology can enhance trust, for example, in the idea generation 

process of R&D management (Denter et al. 2022b). In computing techniques, quantum 

                                                        

6 Digital data does not reduce these outlined costs per se. Rather, it offers the opportunity for lowering costs, 
provided that skilled employees accompany the process.  
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computing technology, once economically viable for commercial scale, will allow to 

perform certain computational tasks exponentially faster than classical computer (Bova 

et al. 2022; Arute et al. 2019). Moreover, cloud computing may shift the locus of 

computation from the user to third-party vendors, and thus reduces in-house 

management of hardware or software and enables organizations to access computing 

capacities in a flexible way (Hayes 2008). And in data analytics, techniques allow to cope 

with enormous volumes of data, which are often represented by unstructured text (Kinra 

et al. 2020). 

 

Figure 3: Four domains of digital technologies. 
Source: Own graphical illustration in accordance with Cho et al. (2022), Walter et al. (2022), Russell and 
Norvig (2021), OECD (2019), WIPO (2019), and Chollet (2018). 

Without a doubt, each digital technology may bring opportunities and challenges on its 

own, yet the largest offer lies in combining various digital technologies (Bodrožić and 

Adler 2021). For example, cloud computing requires an always-on high-speed Internet 

connection and is imperative to analytic computing tasks involving large data volumes 

(OECD 2019). Furthermore, improvements of computing power and the rise of access to 

tremendous amount of data paved the way for artificial intelligence (AI) being a 

substantive component in today’s life (Athey 2017). 

AI is probably the most captivating digital technology dominating recent publications in 

scientific journals and media, and discussions in industry. According to the ‘AI Index 2021 

Annual Report’, almost every 25th publication published in 2019 involves AI (Zhang et al. 

2021). Moreover, estimates from the USPTO show that more than 40% of all Cooperative 

Patent Classification (CPC) subclasses comprise at least one AI patent grant in 2020, 

indicating the broad diffusion of AI into all kinds of application domains (USPTO 2020).  
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Many refer to the famous ‘Dartmouth summer workshop’ in 1956 as the origin of AI, in 

which the quest of creating AI has been defined as making  

“machines use language, form abstractions and concepts, solve kinds of problems 

now reserved for humans, and improve themselves” (McCarthy et al. 2006, p. 12). 

In the ensuing decades, researchers developed diverse definitions of AI, which may be 

summarized as the attempt to intelligent, rational agents that receive observations from 

the environment and then execute actions (Berente et al. 2021; Russell and Norvig 2021). 

In particular, the ubiquitous use potential of AI has led renowned computer science 

researchers to rank AI on the same level of pervasiveness as electricity, as they can hardly 

imagine an industry that will not be transformed by AI (WIPO 2019). 

To stick with the analogy of electricity, there is also not just one technique of AI, but 

various different sub-branches. In this vein, ML is perceived the most dominant AI 

technique in industry and academia (WIPO 2019, p. 42). ML has already been developed 

and tested for several industries and fields. For instance, techniques from ML are 

anticipated to support drug discovery and repurposing in health care (Yu et al. 2018). 

Further potentials are estimated in materials science to predict properties of atomistic 

configurations or classify electron microscopy images of different material systems 

(Choudhary et al. 2022). Practically, ML can be defined as  

“a field that develops algorithms designed to be applied to datasets, with the main 

areas of focus being prediction (regression), classification, and clustering or 

grouping tasks” (Athey 2019, p. 509). 

Thus, ML techniques aim to identify distinct patterns in a given data set and transform 

these patterns into mathematical functions between input and output variables. ML can 

be subdivided into supervised, unsupervised and reinforcement ML (Russell and Norvig 

2021). Supervised ML techniques try to predict an outcome variable based on a number 

of input variables. Unsupervised ML techniques attempt to describe associations and 

patterns among a set of input variables without labels. And reinforcement ML techniques 

involve  

“learning what to do – how to map situations to actions – so as to maximize a 

numerical reward signal” (Sutton and Barto 2018, pp. 1–2). 
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However, reinforcement ML techniques have (yet) received the lowest attention in 

general (Kühl et al. 2021). There may be different reasons for this. For example, 

reinforcement ML is based on simulating decisions in a virtual environment, which must 

initially be defined, delimited and programmed. These preliminary tasks may seem quite 

cumbersome and may already represent a barrier to the use of reinforcement ML 

techniques (Sutton and Barto 2018). In general, this or other barriers also appear to 

prevail in the patent intelligence field. Reinforcement ML techniques has (so far) only 

been used in a few individual patent intelligence studies (Aristodemou and Tietze 2018). 

Consequently, this dissertation focuses on supervised and unsupervised ML and does not 

reflect on reinforcement ML.  

In the following, supervised and unsupervised ML are outlined in terms of their 

definitions, their economic relevance, and examples. 

3.1 Supervised machine learning 

Most AI systems today are powered by ML, where predictive models are trained on 

historical data and used to make future predictions. These prediction problems are 

commonly solved by supervised ML techniques (Jordan and Mitchell 2015). Table 2 

provides a summary of relevant supervised ML characteristics.  

Table 2: Summary of characteristics of supervised machine learning. 

Supervised 
machine learning 

  

 … tries to find general patterns in the input data which are 
predictive for the outcome variable. Technically, the 
algorithms minimize the error difference between predicted 
and true value. 

Definition 

 … requires large data volumes comprising input variables  
and at least one outcome variable. 

Data 
requirements 

 … reduces current inefficiencies of predictions. Economic 
incentive 

 … has already been conducted for searching patents that 
cover interdisciplinary technologies, e.g. FinTech or AI;  

and for analyzing patents with regard to predicting patent 
citations, count or clarity. 

Examples in 
patent 
intelligence 

Source: Author and references listed in the text. 

Supervised ML algorithms try to detect general patterns in the input data in order to 

approximate an outcome variable. The outcome variable may refer to a nominal (binary 
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or multiclass classification) or metric variable (regression) (Russell and Norvig 2021; 

Hastie et al. 2009). For example, a binary classification task may refer to predict whether 

or not a patent may be relevant for a technical standard according to the patent’s scope. 

Multiclass classification may relate to the task of predicting which patent classification 

section is most likely appropriate for a patent. Lastly, a regression task in patent research 

may refer to predict how many times a patent will be cited in the future. 

Supervised ML and traditional econometrics tools for causal inference fundamentally 

differ in their approaching of data (for this and the following, see Athey 2019). Traditional 

econometrics tools try to estimate the effect of input variables on the outcome variable 

with pre-defined functions between input and outcome. Therefore, researchers using 

these models are interested in estimating the causal effect of one to another variable. 

However, supervised ML models do not intend to explain whether two variable are 

mutually related and to which shape, but rather intend to optimize the function between 

the input and outcome to maximize the model’s predictive power or usually minimize the 

error difference between predicted and true value (Athey and Imbens 2019; Mullainathan 

and Spiess 2017).  

Clearly, the strength of one approach is the weakness of the other. Traditional 

econometrics tools may lack external validity, i.e. the relationships estimated are only 

valid for the examined data sample and are not generalizable, and supervised ML models 

may lack explainability, i.e. they offer little explanations how the input variables interact 

with each other (Shmueli and Koppius 2011). In the field of supervised ML, there seems 

to be a trade-off between predictive performance and explainability of a model. The best 

performing algorithms, for example neural networks or even deep neural networks (more 

than one hidden layer), often offer the least explanations, and the algorithms with most 

explanatory power (e.g. decision trees) are the least accurate (Du et al. 2019; Gunning et 

al. 2019). Thus, more complex models are referred to as black-box models (Zhao and 

Hastie 2019), and techniques that allow for model interpretations have recently become 

the focus of academia and industry alike (Guidotti et al. 2019).  

Research informs us that human made decisions are prone to cognitive bias and noise. 

Supervised ML algorithms bear the promise to automate or complement decision-making 

problems (Kahneman et al. 2021; Kleinberg et al. 2018). Therefore, from an economic 

point of view, supervised ML reduces the inefficiencies of decision-making, which, from a 

demand and supply perspective, may increase the amount of decision-making augmented 
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by supervised ML (Agrawal et al. 2019, 2018). Based on a large survey study covering 

more than 50 percent of the U.S. manufacturing economy, Eric Brynjolfsson and his team 

observed that using predictive analytics7 increases business performance by one to three 

percent on average, which corresponds to a maximum of US$ 918,000 higher sales 

compared to similar competitors (Brynjolfsson et al. 2021). 

Supervised ML has been applied in many studies, particularly focusing on patent retrieval 

and analysis tasks.  

• For example, for the purpose of patent retrieval, Chen et al. (2019) and later on 

Lerner et al. (2021) perform supervised ML to identify the extent to which a patent 

may be related to a financial technology (FinTech). Other researchers utilized 

supervised ML algorithms to identify AI patents (Miric et al. 2022; Giczy et al. 

2021), and Setchi et al. (2021) find supervised ML techniques to be useful in 

supporting patent assignees and examiners in their endeavor to identify relevant 

prior art in the patent landscape thicket. 

• For the purpose of patent analysis, Kwon and Geum (2020) train different 

classification algorithms to predict promising patents, measured by received 

patent citations. Lerner and Seru (2021) confirm the feasibility of predicting 

patent citations with supervised ML and furthermore predict the annual patent 

count per organization based on the individual organization’s characteristics. 

Finally, in a more recent work, Ashtor (2022) proposes a novel approach to model 

a latent variable from supervised ML. By using different relevant input variables 

and the target variable whether or not a patent application was rejected due to 

‘indefiniteness’ under 35 U.S.C. § 112(b), the author trains a supervised ML model 

and uses the outcome probability as patent clarity variable. 

3.2 Unsupervised machine learning 

When researchers or practitioners face problems of large data volumes without having 

labels or classes in the data specified, unsupervised ML techniques are an appropriate 

choice to consider. Table 3 provides a summary of relevant unsupervised ML 

characteristics.  

                                                        

7 Brynjolfsson et al. (2021) refer to predictive analytics as not only the use of ML techniques, but other 
upstream techniques, for example data mining. 
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These techniques do not require labelled data and aim to find commonalities in the data 

(Russell and Norvig 2021; Hastie et al. 2009). Often, unsupervised ML methods capture 

these patterns by estimating probability density functions. Unsupervised ML techniques 

are often understood as part of an exploratory data analysis. In the process of learning, 

the algorithms commonly transform 𝑝0-dimensional input data to a 𝑝1-dimensional 

vector space, for which 𝑝1 must be specified by the user. Afterwards, the vectors allow to 

be explored qualitatively (e.g. by analyzing topics) or quantitatively (e.g. by clustering the 

data elements or performing mathematical operations). Since these techniques usually 

transform one vector space to another vector space, they are referred to as vector space 

models. 

Table 3: Summary of characteristics of unsupervised machine learning. 

Unsupervised 
machine learning 

  

 … tries to find commonalities in the data elements and 
transforms 𝑝0-dimensional input data to a 𝑝1-dimensional 
vector space, which may be used for qualitative or 
quantitative exploratory data analysis. 

Definition 

 … requires large data volumes comprising input variables 
without an outcome variable. 

Data 
requirements 

 … reduces current inefficiencies of human and computing 
processing. 

Economic 
incentive 

 … has already been conducted for searching thematic 
similar patents or patents that are related to frugal inventive 
principles;  

and for pre-processing in order to impute missing, 
ambiguous or wrong data entries; 

and for analyzing technology field evolutions, knowledge 
profiles of organizations, as well as patent novelty and 
impact. 

Examples in 
patent 
intelligence 

Source: Author and references listed in the text. 

Latent semantic analysis (LSA), introduced by Deerwester et al. (1990), is one of the first 

vector space models that takes “advantage of implicit higher-order structure in the 

association of terms with documents” (Deerwester et al. 1990, p. 391). LSA is an 

unsupervised mathematical and statistical technique for extracting and inferring 

relations of words used in their context and comparable to statistical factor analysis 

(Landauer et al. 1998). Some years later, Latent Dirichlet Allocation (LDA), developed by 

David M. Blei and his team, opened up the research frontiers of probabilistic topic 



3. Machine learning: Discovering patterns in large data sets 

 

19 

modeling and Bayesian ML (Blei et al. 2003). LDA, usually and henceforth referred to as 

topic modeling, is one of the most prominent models to transform document texts into a 

vector space.8 

Recent developments in richer text representations include deep learning approaches. 

Among many others, the word to vector (Word2Vec) and document to vector (Doc2Vec) 

models by Tomas Mikolov stand out. Word2Vec uses deep neural networks to map words 

based on their position in text into vector space (Mikolov et al. 2013a), while the Doc2Vec 

algorithms expands the approach and maps words as well as documents into the vector 

space (Mikolov et al. 2013b). 

With focus on the economic incentives, unsupervised ML techniques remarkably lower 

the inefficiencies of processing, which a human or computer would normally need to 

invest for conventionally coping with large data volume issues. These inefficiencies are 

lowered for both, text and bibliographic studies. Textual data is quite computationally 

costly to represent as conventional bag-of-words models: 

• Bag-of-words models neglect the sequence of words in sentences and thus fail to 

identify synonyms, i.e. different words of same meaning, and homonyms, i.e. same 

words of different meaning (Hain et al. 2022; Helmers et al. 2019). 

• Bag-of-words models are computationally expensive because calculations within 

the vector space depend on the vocabulary size, which exceeds one million in 

recent studies (e.g. Arts et al. 2021).9 

With regard to bibliographic data, issues of missing, incorrect or ambiguous data 

elements are daily business. Conventional practices are quite expensive as they largely 

rely on discarding, manually correcting or applying simple exact matching algorithms to 

these entries (Rassenfosse et al. 2019). As productivity is defined as output per unit input, 

unsupervised ML techniques may reduce the input and therefore may boost corporate 

productivity (Bommasani et al. 2021).  

                                                        

8 As of January 2022, Google Scholar reports roughly 41,000 citations to the original LDA article increasing 
by 4,000 per years (annual average of the last five years). In addition, searching for the query (“topic 
modeling” OR “topic modelling”) leads to 17,100 hits and including patents offers more than 5,300 hits 
((“topic modeling” OR “topic modelling”) (“patent” OR “patents”)). 
9 For instance, Younge and Kuhn (2015) applied the bag-of-words approach to roughly 5.3 million US-
patents and calculated all pairwise patent similarities (~14 trillion similarity values (14 × 1012)). According 
to the authors, the calculations occupied 296.3 terabyte data storage and run for many weeks over 
thousands of computers in the Google Cloud. 
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In recent years, the patent intelligence literature has witnessed a large amount of studies 

that employ unsupervised ML techniques: 

• For patent retrieval, Ruckman and McCarthy (2017) apply transform patents into 

the vector space by means of topic modeling in order to find thematic twins of 

patents based on pairwise similarity scores. Using a similar approach, Kronemeyer 

et al. (2021) employ topic modeling to identify frugal patents.  

• For patent pre-processing purposes, Balsmeier et al. (2018) perform k-means 

clustering in order to disambiguate inventor names, and two years later, Yin et al. 

(2020) experiment with various unsupervised ML techniques for disambiguating 

the names of Chinese inventors, which remains a particularly difficult task.  

• For patent analysis purposes, Suominen et al. (2017) used topic modeling to 

explore differences in knowledge profiles among telecommunication 

organizations, and Caferoglu and Moehrle (2018) examined topics that are 

relevant to the radio-frequency identification (RFID) technology field and how 

these topics have been evolved over time. Moreover, researchers used 

unsupervised ML techniques to identify patent novelty (Jeon et al. 2022; Kaplan 

and Vakili 2015), as well as the impact of a patent to subsequent patents (Hain et 

al. 2022). 
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4 Research framework and 
presentation of publications 

 

After having introduced the conceptual and methodical background relevant for this 

dissertation, this section outlines the research framework as well as the content of the 

four publications. 

The previous sections outlined that there are many different domains of digital 

technologies and that ML appears to be a quite promising one. In particular, supervised 

and unsupervised ML offer fruitful opportunities for patent intelligence. Consequently, 

the fundamental research question RQ is refined into two further research questions:  

RQ-1: Which opportunities and challenges arise from using supervised machine 

learning for patent intelligence? 

RQ-2: Which opportunities and challenges arise from using unsupervised machine 

learning for patent intelligence? 

Using these two ML techniques, and three well-established process tasks in patent 

intelligence, i.e. patent retrieval, pre-processing, and analysis, a two-by-three matrix is 

created in Figure 4, which serves as a contextual framework for the publications 

underlying the dissertation: 

• Publication P1 offers a holistic overview on the potentials and current use of both 

ML techniques for all three process tasks of patent intelligence.  

• In publication P2, unsupervised ML is used to pre-process patent data and 

supervised ML is used to analyze patents with regard to predicting to which extent 

a patent offers promising contributions.  

• Publication P3 entirely focuses on the combination of supervised ML and patent 

analysis and shows the prediction of patent value as well as techniques to reveal 

non-linear relationships between input and outcome variables. 

• Finally, in publication P4, unsupervised ML is used to explore a technology in the 

course of time with regard to shifts in its application fields. 
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Figure 4: Contextual framework for the dissertation with publications P1-P4. 
Source: Author. 

The subsequent subsections outline the content of each publication and its relevance with 

regard to supervised ML and unsupervised ML are outlined. Each publication’s content is 

summarized, i.e. its background and motivation, data and methodological approach, as 

well as findings are outlined, and finally, implications for this dissertation are described 

by aligning the findings with the refined RQ-1 and RQ-2. 

4.1 P1: “A review on digitalization trends in patent information 

databases and interrogation tools” 

Publication P1 provides a holistic overview of the current landscape of providers for 

patent search and analysis services and databases. It is focused on what techniques the 

players on the service market has been adopted and provide in their software solution. 

The publication elaborates on the opportunities and challenges of patent information 

digitization. The publication has been developed in co-authorship with Dr. Lothar Walter 

and Jan Kebel, and published in the ‘World Patent Information’ journal. 
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4.1.1 Background and motivation 

For many years, digital technologies have been influencing how patents can be searched 

and analyzed. Consequently, providers of patent information databases and interrogation 

tools have also responded to these trends and implemented selected ones. Prior studies 

have already shed light on fundamental techniques, how they are used in research, and 

which techniques serve which purpose; however, these studies have not been particularly 

focused on the digitalization trends that are the backbone of sophisticated patent search 

and analysis tasks. 

Thus, publication P1 aims to answer the three questions: (i) who offers databases and 

tools for patent searches and analyses, (ii) which digitalization trends have become 

mainstream in the provider’s databases and tools, and (iii) what domains are currently 

emerging from these digitalization trends. On the one hand, the questions focus on 

identifying digitalization trends in patent search and analysis tasks, and on the other hand 

on the market-based view according to which the providers compete on the market for 

patent information databases and interrogation tools. The aim of publication P1 is 

therefore to identify promising digitalization trends that have been adopted by the 

market. 

4.1.2 Data and methodological approach 

This publication P1 relies qualitative data, i.e. websites, catalogues and brochures of 

providers that offer patent information databases and tools for patent search and 

analysis. On the one hand the authors select patent offices (e.g. CNIPA or USPTO) and the 

WIPO – as being an important institution for patent information – referred to as public 

providers, and on the other hand commercial providers that demand fees for their 

services (e.g. Clarivate Derwent or IPlytics). In total, seven public and 20 commercial 

providers are selected for further screening and summarizing of each provider’s products. 

The provider descriptions are then compiled in a synopsis, and relevant keywords in 

terms of digitalization are highlighted and jointly discussed with regard to the 

identification of digitalization trends. Finally, these emerging digitalization trends are 

clustered via a deductive-inductive coding scheme comparable to the hybrid coding 

approach from qualitative content analysis. 
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4.1.3 Findings 

Answers to the first question (i) – who offers databases and tools for patent searches and 

analyses – can be directly drawn from the publication: 

“In total, we manage to identify seven public and 20 commercial providers who offer 

between one and three databases or tools for patent search and analysis. […] There 

are 15 different digitalization trends – ranging from Blockchain technology via 

computing power and text mining to web application. […] On average, commercial 

providers’ databases and tools are slightly more extensive than those offered by 

public provides, but the foci and combinations of trends differ noticeably: While 

public providers mostly focus on patent search tasks and thus use corresponding 

trends, such as machine translation or computing power, commercial providers 

specialize in patent analysis tasks, involving trends such as natural language 

processing or data mining” (Walter et al. 2022, p. 2). 

With regard to the second question (ii) – which digitalization trends have become 

mainstream in the provider’s databases and tools – the publication identifies 15 different 

trends which strongly contribute to the services offered by the providers. For instance, 

many providers rely on machine translation to offer their customers insights into non-

English patent information. Furthermore, user experience receives a lot of attention, with 

almost every provider offering the customer a web application interface and thus 

reducing the need for big software installations. 

With regard to the third question (iii) – what domains are currently emerging from these 

digitalization trends – the publication groups the 15 trends in four domains based on the 

deductive-inductive coding scheme. The publication concludes on this third question: 

“Using this coding approach, we identified the computer technology domain – that 

primarily constitutes the backbone of patent search and analysis advances –, the data 

management domain – that revolves around the pre-processing, presentation, and 

sharing of patent information –, the data analytics domain – that concerns the 

analysis of pre-processed patent data for the purpose of creating value –, and lastly 

the artificial intelligence domain – that continues this idea, but leverages the 

potential of more sophisticated digitalization trends for analyzing large and 

unstructured datasets, such as text or images” (Walter et al. 2022, p. 9). 
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4.1.4 Implications for this dissertation 

Publication P1 offers a broad overview of digital technologies already employed in patent 

information databases and interrogation tools. Apart from data management or 

computing power technologies, supervised and unsupervised ML are also identified to 

provide fruitful opportunities for all three patent intelligence tasks, i.e. patent retrieval, 

pre-processing and analysis.  

The publication highlights application examples of ML that focus in particular on guiding 

decision making. Often, these examples involve large data volumes for which ML 

techniques are profoundly beneficial. For instance, estimating the value of a patent may 

be guided by supervised ML techniques or deciding whether or not a patent matches pre-

defined search criteria may be supported by similarity analyses based on vectors derived 

from unsupervised ML techniques.  

However, the publication also raises concern with regard to the performance-

explainability tension that may rise from using ML techniques. Researchers, practitioners 

and database providers face the challenge of preserving ML transparency and 

explainability when using and offering more sophisticated techniques. Increasing both 

aspects becomes particularly relevant for database providers in order to increase trust in 

their employed algorithms. Furthermore, the contemporary dissemination of search and 

analysis tools based on ML may encourage patent offices to expand their so-called ‘duty 

of candor’10 from only disclosing of all prior art pertinent to the invention to disclosing 

the prior art with the techniques used to find the patents. In this case, low explainability 

of ML techniques may lead to patent revocation.  

4.2 P2: “Forecasting future bigrams and promising patents: Introducing 

text-based link prediction” 

Publication P2 is an empirical assessment of supervised ML methods for predicting 

promising, valuable patents. P2 combines unsupervised ML algorithms, e.g. Word2Vec, 

with supervised ML algorithms, e.g. decision trees, and has been developed in co-

                                                        

10 For example, under 37 CFR § 1.56, the USPTO may sanction failure to disclose relevant prior art by 
revoking the patent (https://www.uspto.gov/web/offices/pac/mpep/s2001.html, checked on 
8/10/2022). 

https://www.uspto.gov/web/offices/pac/mpep/s2001.html
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authorship with Dr. Lukas Jan Aaldering and Dr. Huseyin Caferoglu, and published in the 

‘Foresight’ journal. 

4.2.1 Background and motivation 

Knowledge about technological changes is crucial for corporate strategy as it gives the 

organization lead-time for adapting to the changes, for example to tap into emerging 

markets or exit saturated markets. Prominent examples for failing to adapt can be found 

at Eastman Kodak and Nokia, who both lost their leading market position in the camera 

and respective smartphone industry to competitors such as Canon or Apple. Measuring, 

describing, and anticipating these future technological changes is a crucial task in 

technological forecasting for which patents have become a popular data source in recent 

years. Yet due to the flood of patent applications year-by-year, a significant proportion of 

patents is considered ‘worthless’. Thus, deciding whether a patent is indeed promising or 

rather worthless is a challenging task. 

While there are already many studies on forecasting promising patents, they largely 

utilize bibliographic patent data, such as technology classes or citations. However, these 

data are accessible with time delay, do not reflect every aspect of an invention, and may 

be biased due to strategic decisions or human errors. In response, the publication P2 

identifies textual data as better means and poses the question whether and how it is 

possible to make use of patent texts to predict promising patents. 

4.2.2 Data and methodological approach 

The camera technology is selected as case example. The technology looks back at a long 

tradition and has been utilized in diverse applications, e.g. capsule camera in medicine or 

dashboard cameras in vehicles. Furthermore, the technology field appears to be 

promising, due to contemporary developments in autonomous cars, robotics, drones or 

3D imaging.  

To identify promising patents, the publication P2 develops a method comprising four 

steps, namely, data collection, network construction, link prediction, and future bigrams 

and promising patents identification. 

In the first step, by using a keyword-based search query, 10,990 camera-related US-patent 

grants that have been filed between 2005 and 2016 and granted until 2019 at the USPTO 
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are identified.11 The title, abstract and claim section texts are retrieved and common pre-

processing steps to increase the signal-to-noise ratio are applied. 

In the second step, the data set is divided into three time periods. Then, the uni-gram 

selection is refined to those that are mentioned in all three time periods and to the 1,000 

most relevant uni-grams of camera technology by means of tf-idf value. The resulting uni-

grams are used as nodes in all three time period networks. Whether or not two uni-grams 

are linked with each other is decided by their relatedness. For this purpose, bi-grams in a 

window of four are constructed and a link between two uni-grams is established when 

they co-occur in a bi-gram in the corresponding time period. 

In the third step, predictors are calculated based on the network structures and the pre-

processed patent texts. For each uni-gram combination and time period, in total almost 

1.5 million cases,12 five predictors from the pre-processed texts and eight predictors from 

the network structure are computed. Common ML pre-processing tasks are conducted 

and seven different ML algorithms are trained for the objective to predict whether or not 

two uni-grams are found in a bi-gram in the next time period. The ‘receiver operating 

characteristic area under the curve’ (ROC AUC) score is selected to be maximized, which 

is appropriate for the present class imbalance.13 The best performing algorithm and 

parameter setting is selected by means of grid search with 10-fold stratified cross 

validation.  

In the fourth step, the best performing algorithm and parameter setting are used to infer 

the probability of uni-gram co-occurrence in the future time period. Future bi-grams are 

identified as being hitherto uncombined but estimated to be combined in the future. 

Consequently, the extent to which a patent of the last time period is promising is 

computed by the number of different future bi-grams contained in the patent, expressed 

by a non-negative integer value. 

 

                                                        

11 Search query: TTL/camera AND APD/01/01/2005->12/31/2016 AND ISD/01/01/2005->12/31/2019; 
patent database: USPTO PatFT. 
12 

1000∗999

2
 possible combinations per time period × 3 time periods = 1,498,500 total combinations. 

13 Class imbalance refers to a disproportionate ratio of cases in each class (Japkowicz and Stephen 2002), 
and using accuracy may often favor the overrepresented class (Powers 2011). Consequently, the ROC AUC 
score is a suitable choice. It compares the model’s true positive rate against model’s the false positive rate. 
The ROC AUC score may be interpreted as the “probability that the trained model will rank a randomly chosen 
positive observation higher than a randomly chosen negative observation” (Choudhury et al. 2020a, p. 19). 
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4.2.3 Findings 

With regard to the question proposed by this publication P2 – whether and how it is 

possible to make use of patent texts to forecast promising patents – three findings can be 

highlighted. First, the best performing algorithm achieves a ROC AUC score of 78% on test 

and training data, and moreover predicts the appearance of bi-grams (positive predictive 

value) with a 78% ratio and the disappearance of bi-grams (negative predictive value) with 

an 83% ratio, thus outperforming chance in all metrics, and particularly in the positive 

predictive value metric by more than a factor of two.  

Second, the identified promising patents reflect contemporary technological trends that 

are discussed in science, industry, and politics alike. For instance, the identified promising 

patents covers video-based computer surgery systems, ‘light amplification by stimulated 

emission of radiation detection and ranging’ (Ladar) cameras to create three-dimensional 

environment models, or cameras for unmanned autonomous agriculture vehicles.  

Third, a validation task is carried out in which different thresholds of promising extent is 

regressed against forward citations, i.e. the number of times a patent grant is cited by 

subsequent patent grants in a specific time frame, which is a widely-used indicator for 

technological impact. Besides achieving results that are statistically significant and 

relevant in effect sizes across all regression models, the most evident test of our method 

proposed is represented by comparing the patents with the upper 10% extent of 

promisingness with the lower 10%:  

“A patent that belongs to the top 10% in promisingness receives 230% (𝑒1.193 − 1) 

more citations on average within the first four years after its application than a 

patent from the bottom 10%. These results confirm construct validity in terms of our 

method’s ability to identify promising patents that receive more recognition by 

subsequent patents in comparison to patents that are identified as non-promising” 

(Denter et al. 2022a, p. 15). 

4.2.4 Implications for this dissertation 

The publication P2 employs supervised ML for patent analysis and unsupervised ML for 

patent-pre-processing. Three opportunities and two challenges arise. With focus on the 

opportunities, supervised ML techniques may be used as a complementary or integrative 

option to conventional forecasting techniques, e.g. scenario planning, and support 
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experts in their decision making. For example, offering experts the identified promising 

patents in this publication P2 may provide valuable insights and stimulate group 

discussions. Moreover, the magnitude of promisingness may offer guidance for 

investment decisions and patent portfolio evaluations.  

Second, using supervised ML techniques as complementary decision support to 

qualitative techniques may reduce noise in predictions. Solely relying on expert 

knowledge may result in strong variations among the expert’s decision as well as among 

one expert’s decision after some time has passed. Supervised ML techniques consistently 

reproduce the same results from the same input data, when the training is finished. 

Accordingly, the information generated by supervised ML techniques serve as consistent 

data source for expert discussion and reduce noise among their decisions. 

Third, the publication P2 shows that unsupervised ML techniques enable to explore 

latent associations between textual concepts. In particular, the method proposed 

includes the similarity calculation of uni-grams by means of cosine similarity of uni-gram 

vectors. These vectors are constructed by employing the Word2Vec algorithm. Apart from 

being used as input data for predicting whether or not two uni-grams may co-occur in a 

patent document in the future, the exploration of the uni-grams latent associations 

provides insights for many more purposes, e.g. inspiration for new-product development. 

Regarding the challenges of ML for patent intelligence raised by the publication P2, the 

performance of ML algorithms is highly sensitive to their hyperparameter configuration, 

which often makes the difference between mediocre and state-of-the-art performance. 

This complexity of the configuration space may hardly by addressed by technical 

solutions. Although prioritizing specific hyperparameters or employing random instead 

of grid search may reduce processing inefficiencies to some extent, supervised ML 

techniques generally require large processing power to test the performance of many 

hyperparameter combinations. 

Moreover, mistrust in ML techniques may be raised due to missing ML transparency and 

explainability. In particular, suspicious performance premiums may raise the attention 

of researchers and practitioners to challenge the overall methodology used. Furthermore, 

the publication P2 offers insights for handling classification problems with imbalanced 

data, i.e. selecting the appropriate evaluation metric that presents an unbiased 

perspective on the performance of the models. In addition, this publication contributes to 
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the ongoing movement of rigorous disclosing information of the ML model initiation, 

performance estimation, training, testing and deployment; and applies a recently 

proposed framework (the so-called ‘Supervised Machine Learning Report Card’, see Kühl 

et al. (2021)). 

4.3 P3: “On the relationship of novelty and value in digitalization 

patents: A machine learning approach” 

The publication P3 empirically assesses the relationship between different measures of 

patent novelty and value. Supervised ML, in particular how to interpret non-linear 

relationships by means of post-hoc analysis techniques, is focused by the publication P3, 

which has been developed under sole authorship and is currently under review in the 

second round at the ‘Scientometrics’ journal. 

4.3.1 Background and motivation 

A patent’s extent to which it is novel is a widely discussed topic in economic literature. 

Several studies revealed positive, yet imperfect, relationships between a patent’s novelty 

and value.  

“Whereas consent is reached on patent value approaches that allow to evaluate 

patents in the long run, the research on ex ante patent evaluation approaches, in 

particular patent novelty, that allow to evaluate patents immediately after disclosure 

remains far from being saturated” (Denter 2022, p. 2). 

Furthermore, the knowledge about the approximate relationship function between patent 

novelty and value may allow the value of a patent to be estimated in advance of its filing, 

thus enabling organizations to file strategically patents with high-value estimations. Thus, 

publication P3 aims to answer the two questions: (i) which novelty measures are best for 

predicting patent value, and (ii) how does patent novelty affect patent value. 

4.3.2 Data and methodological approach 

For the empirical assessment of the questions, the publication P3 utilizes US-patents 

covering digital technologies, i.e. all US-patents that have been granted between 1976 and 

2009 and been classified into the CPC ‘G06: Computing, Calculating, Counting’.14 In total, 

                                                        

14 Search query: CPC/G06$ AND ISD/01/01/1976->12/31/2009; patent database: USPTO PatFT. 
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264,958 US-patents are retrieved of which patents that have been filed before 1975 are 

used as a baseline dictionary (998 US-patents) and the remaining 263,960 US-patents are 

used for subsequent examination.15 Two patent value measures are used: forward 

citations and stock market predictions, i.e. patent value estimations based on the change 

of the corporate stock price within three days after the patent has been granted. As stock 

market reactions are retrieved from another study and only available for organizations 

listed in the Standard & Poor’s 500 stock index (S&P 500), the patent data set is divided 

into two. The first data set contains all 263,960 US-patents and is used to predict forward 

citations. The second data set contains 157,523 US-patents for which stock market 

reactions had been estimated. 

The research methodology follows three steps. In the first step, two value variables, 

twelve novelty variables and fifteen control variables are computed. For the technological 

value of a patent, the publication P3 collects the forward citations of all patents within a 

fixed seven-year window. Patents are referred to as technological valuable if they belong 

to the top 10% of cited patents. For the economic value of a patent, the publication P3 

collects the stock market reactions of the patents from the second data set. Patents are 

referred to as economic valuable if they belong to the top 10% of stock market reactions. 

Twelve different variables to measure novelty are computed. These variables are 

constructed by means of the references a patent cites (backward citations), the 

technology classes a patent is classified into (patent classifications), a combination of 

backward citations and patent classifications, or the text particularly the title, abstract 

and claims of a patent. In addition, the publication P3 includes fifteen control variables, as 

the relationship between patent novelty and value is affected by several confounding 

factors, e.g. the number of backward citations or assignee type. 

In the second step, supervised ML algorithms are used to predict the value variables by 

means of the novelty and control variables. Three popular binary classification algorithms 

are selected: decision trees, ensembles of decision trees (i.e. random forests) and multi-

layer perceptron neural networks. Common pre-processing steps are applied to the data 

set, i.e. stratified random sampling into 80%/20% training/test data and standardization 

                                                        

15 Novelty is a measure that compares the current patent’s technical scope to the prior stock of knowledge. 
Consequently, early patents need to excluded from the examination data set to represent the baseline 
dictionary. Otherwise, these patents would be overrepresented in the highest novelty scores across all 
measures used. 
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of the input variables. Furthermore, each algorithm is trained via 5-fold stratified cross-

validation and evaluated by means of ROC AUC score to obtain the best performing 

combination of algorithm and its parameter settings.  

In the third step, two ML interpretation techniques are computed for the best performing 

ML algorithm and parameter setting. In particular, the permutation importance is used to 

answer the first question of publication P3. This technique reveals each variable’s 

relevance for the model, i.e. the extent to which each variable affects the model’s outcome. 

Partial dependence plots are used to answer the second question. These plots show the 

relationship between the most relevant variables and the outcome variable. 

4.3.3 Findings 

For both prediction tasks, the multi-layer perceptron outperforms the random forests and 

decision trees and is therefore used for interpretation purposes. With regard to the first 

question (i) of P3 – which novelty measures are best for predicting patent value – results 

from permutation importance show that text-based novelty measures contribute the 

most to the predictive power of the multi-layer perceptron model. This is followed by 

variables that combine backward citations and patent classifications. Relying solely on 

patent classifications or backward citations appears to be weak with regard to predictive 

power. Therefore, it is suggestive to prefer the text of patents for measuring patent 

novelty. 

With regard to the second question (ii) of P3 – how does patent novelty affect patent 

value – results from partial dependence plots of the top three most predictive novelty 

variables for each value variable show an inverted U-shaped relationship between patent 

novelty and value. In particular, the highest probability of belonging to the top 10% most 

valuable patents is achieved with a novelty of its mean plus one standard deviation. 

4.3.4 Implications for this dissertation 

Publication P3 focuses on supervised ML for patent analysis. Three opportunities and two 

challenges are derived from this.  

The findings reveal performance differences between the individual novelty measures as 

well as their inverted U-relationship to patent value. These insights may guide decision 

makers towards which novelty measures they should prefer to evaluate patents 

immediately after publication and how to assess the value depending on these measures’ 
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magnitudes. Moreover, these insights may reduce noise in predictions among 

practitioners as well as occasional changes. Furthermore, supervised ML techniques may 

detect non-linear relationships between input and output data without specifying the 

general function as is in econometric models. 

However, the publication P3 also shows challenges of ML and faces the challenge of 

complexity of the configuration space. This is a particularly strong challenge when 

training more sophisticated techniques, as done in this publication P3 in forma of multi-

layer perceptron neural networks. Apart from common hyperparameters (e.g. learning or 

regularization rate), neural networks add further hyperparameters to the configuration 

space (for this and the following, see LeCun et al. 2015; Srivastava et al. 2014). For 

example, it is unclear how many layers as well as of how many units are appropriate 

numbers for the use case. These considerations are important, since large neural 

networks tend to overfitting, i.e. the model begins to ‘memorize’ the training data rather 

than ‘learning’ to generalize from the data patterns. 

Lastly, the challenge of dealing with ML transparency and explainability is addressed in 

this publication P3. The proposed three-step methodology uses current scientific 

advances to make ML techniques transparent and explainable. With regard to 

transparency, the Supervised Machine Learning Report Cards mentioned above are used 

and thus the entire process from model initiation to deployment is disclosed. In addition, 

code and data have been made publicly available on GitHub.16 In terms of explainability, 

the permutation importance was used to show the relevance of the input variables for the 

model. Based on this, partial dependence plots were used to show relationships between 

the individual patent novelty measures and value measures. In particular, these steps not 

only increase the explanatory power of the models but also offer new insights and 

opportunities for data-driven theory development (Berente et al. 2019; Krogh 2018). 

However, challenges remain with regard to multidimensional explainability. For example, 

the aforementioned methods cannot show interaction effects between individual 

variables or the confounding effects on the relationship between one input and the target 

variable. 

                                                        

16 https://github.com/nilsdenter/novelty_value_ml, checked on 8/10/2022. 

https://github.com/nilsdenter/novelty_value_ml
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4.4 P4: “Applying dynamic topic modeling for understanding the 

evolution of the RFID technology” 

Publication P4 elaborates on dynamic topic modeling for exploring application fields of a 

technology. Due to the method used, this publication P4 focuses on unsupervised ML and 

has been developed in co-authorship with Dr. Huseyin Caferoglu and Prof. Dr. Martin G. 

Moehrle, presented at the ‘Portland International Conference on Management of 

Engineering and Technology’, August 26, 2019, and published in the 2019 conference 

proceedings. 

4.4.1 Background and motivation 

In publication P2, it has already been outlined that knowledge about technological 

changes is inevitable for incumbent organizations to sustain in competitive environments 

and start-ups to tap into markets with high competition. However, it is not only the 

technology components that change, but also the technology’s fields of application. 

Consequently, the core components of a technology may remain untouched, but its 

functionalities may be adapted for difference purposes. Enabling technologies, i.e. 

technologies that may cause large synergy effects with complementary technologies, have 

a particularly high dissemination potential in many different application fields.  

This publication P4 focuses on RFID technology, which has been adopted in several 

application fields, is undergoing continuous technical improvement and is estimated to 

reach a global market potential of US$ 41.3 billion in 2025.17 In many industries, the RFID 

technology enables wireless communication between a physical product or component 

and its virtual twin modeled in an inventory management system, and thus constitutes an 

important element in the digitization progress of supply chains. As one of many examples 

for enabling technologies,  

“the field-wise diffusion of the RFID technology makes it difficult for scholars to 

understand and replicate the evolution dynamics as well as it hampers managers’ 

efforts to establish the direction of the diffusion. The latter aspect is crucial for 

managers, as this kind of knowledge can help identify new business opportunities or 

                                                        

17 Originally, the publication motivates with a global market size estimation for the year 2020. Market size 
estimates for 2025 are retrieved from Statista, https://www.statista.com/statistics/781314/global-rfid-
technology-market-revenue-by-application/, checked on 8/10/2022. 

https://www.statista.com/statistics/781314/global-rfid-technology-market-revenue-by-application/
https://www.statista.com/statistics/781314/global-rfid-technology-market-revenue-by-application/
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shape time to market strategies and may thus create a competitive advantage. 

Consequently, the question that arises is, how an insight into the diffusion of RFID 

regarding its direction and strength can be gained” (Denter et al. 2019, p. 1). 

4.4.2 Data and methodological approach 

Publication P4 relies on 3,699 US-patents that have been filed at the USPTO between 2000 

and 2013, granted until 2014, and utilize the RFID technology in the context of business 

methods, which has been identified by the United States Patent Classification (USPC) 705: 

‘Data processing: financial, business practice, management, or cost/price 

determination’.18  

The research methodology follows three steps. In the first step, the titles, abstracts and 

claims of the 3,699 US-patents are retrieved. The three different patent parts are 

concatenated for each patent and uni-grams are created by means of tokenization. Then 

various pre-processing tasks to reduce the patent texts’ dimension as well as increase 

their signal to noise ratio are conducted, i.e. lemmatization, stop word removal, special 

character removal, synonym filtering, and restriction to the top 10,000 tf-idf uni-grams. 

The publication P4 uses dynamic topic modeling (DTM) as core technique to analyze the 

evolution dynamics of the applications fields within the RFID technology is used. DTM has 

been developed to extend the conventional, static topic modeling by a time variable:  

“By static topic modeling, the words of each document are assumed to be 

independently drawn from a mixture of multinominals. However, themes in a 

document collection evolve over time, and it is of interest to explicitly model the 

dynamics of the underlying topics. Thus, contrary to topic modeling, the 

chronological order of the patents plays a fundamental role. […] As a result, the 

algorithm produces a topic to term probability matrix and a document to topic 

probability matrix, whereby the former matrix can be considered as a function of 

time” (Denter et al. 2019, p. 3). 

Thus, in the second step, the DTM is trained. Alike all unsupervised ML methods, DTM is 

subject to different design decision by means of hyperparameters:  

                                                        

18 Search query: (RFID OR "radio-frequency identification" OR "radio frequency identification") AND  
ISD/01/01/1990->31/12/2014 AND APD/01/01/2000->31/12/2013 AND CCL/705$; patent database: 
USPTO PatFT. 
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“In addition to the specific number of topics, the hyperparameter 𝜂 and the size of a 

time window have to be defined before applying the DTM algorithm” (Denter et al. 

2019, p. 3). 

Hundred topics are identified as appropriate topic number by means quantitatively 

evaluating models ranging from ten to one hundred topics , the hyperparameter 𝜂 is set 

to the default value of 0.005 as recommended by the original paper by Blei and Lafferty 

(2006), and the time window is set to an annual level, leading to fourteen different time 

slices.19 

In the final step, the retrieved topics are analyzed with regard to potential application 

fields. First, a deductive-inductive coding scheme is carried out in which each topic is 

manually examined and labeled with an application field. For this purpose, relevant 

patents, which are selected by means of their topic affiliation, are examined (inductive 

approach) and relevant, scientific literature are scanned through for the specific 

application field example (deductive approach). Eventually, different levels of application 

field topics are identified. For example, the RFID technology is often utilized in the 

healthcare sectors (level: application field). The application field, however, can be further 

subdivided into healthcare monitoring, patient identification or medication tracking 

(level: subordinate application field). 

4.4.3 Findings 

The P4 publication’s findings are threefold. First, it identifies 45 out of 100 topics that are 

relevant for the proposed question. These topics can be assigned to one of nine clusters 

of RFID application fields, namely, air traffic, gaming, healthcare, logistics, payment and 

finance, security and authentication, technological infrastructure, trade and vehicle 

traffic.  

Second, the publication P4 outlines several application field evolutions and presents three 

topics (namely healthcare, logistics and vehicle traffic) in a more detailed way. As an 

example, the results of the vehicle traffic application field are presented here. The vehicle 

traffic application field is particularly interesting, because three strong shifts are evident 

                                                        

19 The hyperparameter 𝜂 is a smoothing parameter that determines the extent to which the distributions 
from the previous time period are taken into account for generating the distributions of the current time 
period (Blei and Lafferty 2006). 
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in the subordinate application fields, i.e. from vehicle fleet management to traffic control 

to toll management to geofencing:  

“In 2001 the topic is dominated by the term ‘fleet’. This indicates a specification of the 

application fields towards vehicle fleet management (driven by patent no. 7,085,775). 

In 2004 the application field evolves further. The terms ‘traffic’ and ‘control’ gain in 

influence, so that the scope of vehicle traffic evolves in the direction of traffic control. 

Furthermore, the term ‘toll’ appears to become more important, which leads to a 

significant impact on the application field in the years from 2005 to 2010. During this 

period, toll management (driven by patent no. 7,407,097 and 7,532,976) 

characterizes the application field. In recent years, the selected terms have had little 

to no influence. However, a rising trend can be discerned regarding the term 

‘geofence’. Hence, the evolution of vehicle traffic can be concluded with the trend of 

geofencing (driven by patent no. 8,719,183 and 8,880,239)” (Denter et al. 2019, 

pp. 6–7). 

Third, the publication P4 compares the DTM to the conventional topic modeling with 

concern to three input factors, i.e. human intervention, degree of automation and 

processing time, and three output factors, i.e. advantages and disadvantages. Although the 

DTM requires a significantly higher human intervention and processing time than 

conventional topic modeling, it enables the evolution of application fields or, in a larger 

sense, topics to be mapped. This feature is missing in conventional topic modeling. 

However, DTM and conventional topic modeling should not be regarded as substitutes 

but rather as complements according to their individual advantages:  

“While topic modeling is particularly suitable for gaining an overview of a technology’s 

application spectrum at an early stage of analysis, DTM provides a deeper insight into 

application fields, taking account precise timing information, and should therefore be 

applied when a more profound analysis of a technology field is desired” (Denter et al. 

2019, p. 8). 

4.4.4 Implications for this dissertation 

The publication P4 employs a derivate of the well-known topic modeling developed by 

Blei and Lafferty (2006) to uncover both mainstream and niche application fields of the 

RFID technology. Consequently, the publication P4 focuses on the use of unsupervised ML 



4. Research framework and presentation of publications 

 

38 

for patent analysis and outlines two opportunities but as well two challenges that need to 

be discussed. 

The methodology allows to explore latent associations between words. Accordingly, 

shifts in vocabulary can be identified to infer niche applications as shown in the paper or 

to reveal vocabulary shifts in different scientific fields as outlined in the original Blei and 

Lafferty (2006). By leveraging the time dimension of the DTM, it also enables to show the 

evolution from one application to the next. Moreover, the document to topic probability 

matrix allows to explore latent associations between patents. Researchers or 

practitioners may identify the documents that are responsible for the vocabulary shifts, 

which consequently may comprise previously unmentioned and promising ideas. 

Furthermore, by prioritizing specific topics from the estimated probability distributions 

of the DTM, practitioners and researchers are able to explore and browse large collections 

of patent literature in a more focused way than using keywords. 

However, defining the hyperparameters of unsupervised ML techniques is a quite 

challenging endeavor, since there is (still) no quantitative evaluation metric that capture 

the ‘interpretability’ of the topics. Consequently, defining the appropriate complexity of 

the configuration space for training and prioritizing specific topic ranges remains an 

open challenge. Lastly, unsupervised ML techniques suffer from a lack of transparency 

and explainability just like supervised ML techniques. While the Supervised Machine 

Learning Report Card may be applicable to unsupervised ML techniques as well, there 

currently appears to be no appropriate and established solution to improve explainability 

(Chatzimparmpas et al. 2020). 
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5 Discussion  
 

This section presents answers for the both refined research questions RQ-1: Which 

opportunities and challenges arise from using supervised machine learning for patent 

intelligence and RQ-2: Which opportunities and challenges arise from using unsupervised 

machine learning for patent intelligence that are addressed in the four publications as well 

as for the fundamental research question RQ: Which opportunities and challenges arise 

from using contemporary digital technologies for patent intelligence that emerge from the 

discussions in the recent literature. 

The research questions are addressed through a collection of opportunities and 

challenges, presented in the tables 4-8. The tables include a brief description and further 

literature recommendations for each opportunity or challenge. In addition, the tables 4-6 

addressing RQ-1 and RQ-2 include a column indicating which publication addresses each 

opportunity or challenge.  

The answers to the two refined research questions RQ-1 and RQ-2 are divided into the 

three tables 4-6. The answers are derived directly from the publications and based on the 

bold italic terms in each respective implication for this dissertation section. Table 4 shows 

opportunities of using supervised ML for patent intelligence and Table 5 shows 

opportunities from the perspective of using unsupervised ML for patent intelligence. 

Table 6 shows challenges of using both ML techniques for patent intelligence as the 

challenges of both largely overlap. 

The answers to the fundamental research question RQ are shown in Table 7 with focus on 

the opportunities and Table 8 with focus on the challenges. These answers are derived 

from discussions in recent articles published in renowned journals from business and 

economic studies (e.g. ‘Academy of Management Review’, ‘Strategic Management Journal’ 

or ‘The Quarterly Journal of Economics’), information science (e.g. ‘Communications of 

the ACM’, ‘Information Systems Research’ or ‘MIS Quarterly’) or multidisciplinary fields 

(e.g. ‘Nature’ or ‘Science’) covering the topics of digital technologies, AI or ML. The 

synthesis does not claim to be exhaustive; but rather to provide a more abstract 

perspective on opportunities and challenges of contemporary digital technologies for 

patent intelligence according to the research question RQ.
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Table 4: Opportunities of using supervised ML for patent intelligence offering answers to RQ-1. 

 Brief description 
Relevant 
publications 

Relevant literature 
(selection) 

Detect non-linear 
relationships 

Generating well-fitted traditional econometrics models for causal inference is quite 
challenging in the absence of a priori data knowledge. ML algorithms reach better fits 
and advances in interpretation techniques allow to detect relationships between 
variables that are non-linear. 

P3 
Athey (2019),  
Zhao and Hastie (2019),  
Choudhury et al. (2020a) 

Guide decision making 

Human judgement may be strongly influenced by irrelevant factors or insensitive to 
relevant ones which leads to social or cognitive biases. Using statistical algorithms 
may increase the accuracy of decisions and foster discussions on debiasing business 
tasks. 

P1, P2, P3 
and P4 

Tversky and Kahneman (1974),  
Schirrmeister et al. (2020) 

Reduce noise  
in predictions 

Human judgement may strongly vary across occasions or individually which leads to 
noise. Statistical algorithms, when properly implemented, can be considered noise-
free, and must be paid attention to, especially in decision making tasks that are subject 
to far more factors than the human mind can process. 

P2 and P3 
Kleinberg et al. (2018),  
Kahneman et al. (2021) 

Source: Author and references shown in the table. 
Note: The opportunities are sorted in alphabetical order. 
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Table 5: Opportunities of using unsupervised ML for patent intelligence offering answers to RQ-2. 

 Brief description 
Relevant 
publications 

Relevant literature 
(selection) 

Explore latent 
associations between 
patents 

Conventional bag-of-words models are reaching their limits in terms of required 
computing and storage power with the contemporary stock of patents. Unsupervised 
ML algorithms can map latent associations between patents in a patent vector space 
and quantify these relationships. 

P4 
Helmers et al. (2019),  
Whalen et al. (2020),  
Hain et al. (2022) 

Explore latent 
associations between 
textual concepts 

By drawing on Kuhn’s (1962) argument that shifts in scientific and technological ideas 
are manifested by changes in vocabulary, analyzing the associations between words 
or concepts is inevitable to anticipate and adapt to these changes. Advances in 
unsupervised ML algorithms provide a means to map and quantify vocabulary shifts. 

P2 and P4 

Kozlowski et al. (2019),  
Hofstra et al. (2020),  
Lee et al. (2020),  
Li et al. (2021) 

Source: Author and references shown in the table. 
Note: The opportunities are sorted in alphabetical order. 
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Table 6: Challenges of using both ML techniques for patent intelligence offering answers to RQ-1 and RQ-2. 

 Brief description 
Relevant 
publications 

Relevant literature 
(selection) 

Complexity of the 
configuration space 

The performance of ML algorithms is highly sensitive to their hyperparameter 
configuration, which often makes the difference between mediocre and state-of-the-
art performance. It is particularly difficult to find a balance between overfitting and 
underfitting when using deep neural networks. Although research proposes 
incremental improvements, this challenge remains and may deter researchers and 
practitioners previously unfamiliar with ML algorithms from considering them for 
their task. 

P2, P3 and P4  
Bergstra and Bengio (2012),  
Feurer and Hutter (2019), 
Russell and Norvig (2021) 

ML transparency and 
explainability 

ML algorithms are mistrusted, and in current practice humans are often preferred to 
algorithms, even when the algorithms perform evidently better (i.e. algorithm 
aversion). In particular, people lose trust in the performance of algorithms more 
quickly than in that of humans when they see them making the same mistake. This 
effect is strongly driven by the opaque mechanisms how and why sophisticated 
algorithms decide. ML transparency through exhaustive documentation from 
initiation to deployment of ML algorithms as well as explainability through advanced 
techniques may overcome algorithm aversion. However, both are still in the nascent 
stages and must become an indispensable part of ML development. 

P1, P2, P3 
and P4 

Dietvorst et al. (2018),  
Gunning et al. (2019),  
Molnar (2019),  
Kühl et al. (2021), 
Lobschat et al. (2021) 

Source: Author and references shown in the table. 
Note: The challenges are sorted in alphabetical order. 
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Table 7: Opportunities of using digital technologies for patent intelligence offering answers to RQ. 

 Brief description 
Relevant literature 
(selection) 

Data-driven theory 
development 

Many relevant variables are only available for a limited set of patents or are more often concealed in 
the patents’ textual or bibliographic data. By training a supervised or unsupervised ML on available 
data, defining the target variable and inferring the target variable through the generalized patterns 
identified by the trained model, latent variables may be computed for unseen patents. In this vein, 
hitherto unseen phenomena may be revealed and open up new opportunities for theory advancement 
or development. 

Krogh (2018), 
Berente et al. (2019), 
Gentzkow et al. (2019),  
Bellstam et al. (2020),  
Ashtor (2022), 
Miranda et al. (2022), 
Miric et al. (2022) 

Integrate multiple  
data sources 

Advances in digitization have spawned various data sources, besides patents, which are indicative for 
inventive and/or innovative activities and offer insights from other perspectives as well as in 
organizations with weak patenting propensity. Popular examples in current literature are GitHub 
projects, crowdsourcing information, scientific publications, trend data, or web data. 

Albert et al. (2015), 
Wu et al. (2019),  
Kaminski and Hopp (2020), 
Marx and Fuegi (2020),  
Aaldering and Song (2021),  
Hippel and Kaulartz (2021),  
Wustmans et al. (2021), 
Haim Faridian (2022) 

Work-from-anywhere 

With regard to a more macro-economic perspective, digital technologies in general allow to offer full 
or hybrid work-from-anywhere jobs. The geographic and temporal flexibility offered by work-from-
anywhere programs are found to increase task productivity, job satisfaction as well as corporate 
resilience to environmental uncertainties, such as the ongoing Covid-19 pandemic.  

Bloom et al. (2015),  
Bai et al. (2021),  
Choudhury (2021),  
Choudhury et al. (2021) 

Source: Author and references shown in the table. 
Note: The opportunities are sorted in alphabetical order. 
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Table 8: Challenges of using digital technologies for patent intelligence offering answers to RQ. 

 Brief description 
Relevant literature 
(selection) 

Augmentation-
automation  
paradoxon 

A major barrier preventing a wider dissemination of digital technologies can be attributed to the fear 
of unemployment due to task automation. However, recent theoretical models and empirical findings 
related to ML have stressed this substitution effect of technologies on human capital. These models 
suggest that ML may substitute individual tasks rather than entire jobs and therefore shifts the focus 
of one job to tasks that are less automatable. In the vein of sociomateriality – “the inherent inseparability 
between the technical and the social” (Orlikowski and Scott 2008, p. 454) – digital technologies and 
humans should be considered as complements. To disseminate this view, however, remains 
challenging. 

Davenport and Kirby (2015), 
Brynjolfsson and Mitchell (2017),  
Choudhury et al. (2020b), 
Glikson and Woolley (2020),  
Raisch and Krakowski (2021),  
Johnson et al. (2022),  
Park and Kim (2022), 
Feuerriegel et al. (2022) 

Patent data quality  
and quantity 

In the contemporary information age, it is widely proclaimed that ‘data is the new oil’ or has become 
an important resource of competitive advantage. In particular, quality and quantity of data are decisive 
factors in whether ML algorithms perform well or not. Although digitization advances in the patent 
community increase the overall quality and quantity of publicly available patent data, there are still 
many challenges remaining, e.g. lack of standardized intersections, reproducibility and reuse of study 
findings.  

Pasquier et al. (2017),  
Hartmann and Henkel (2020), 
Stieglitz et al. (2020),  
Bessen et al. (2022),  
Temiz et al. (2022),  
Trisovic et al. (2022) 

Source: Author and references shown in the table. 
Note: The challenges are sorted in alphabetical order. 
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6 Conclusion 

 

This final section concludes the cumulative dissertation in three ways. First, key insights 

are summarized along the research questions. Second, implications for scholarship and 

management are discussed on basis of the opportunities and challenges identified. Lastly, 

limitations and further research derived from this dissertation are outlined. 

6.1 Answers to the research questions 

Despite its practical and commercial successes, ML remains a young field with many 

unexplored research opportunities. This dissertation shed light on these opportunities 

but as well challenges that arise from ML for patent intelligence tasks. The increasing 

propensity to patent has led to an ever-growing stock of technical knowledge publicly 

offered by the patent offices, and thus patent intelligence has gained importance for 

corporate decision making. However, the growth in patent information has also 

extrapolated previously smaller and unsolved challenges, such as the harmonization of 

inventor names or the computational processing of large data volumes. Moreover, 

human-based decision tasks in patent intelligence are subject to large bias and noise.  

Digital technologies appear to be promising to address these challenges, and in addition 

offer opportunities for hitherto infeasible tasks. Consequently, this dissertation identifies 

answers to the fundamental research question RQ: Which opportunities and challenges 

arise from using contemporary digital technologies for patent intelligence:  

• Digital technologies offer the opportunity for data-driven theory development, 

to integrate multiple data sources besides patents, or to offer researchers and 

practitioners the ability to work from anywhere. 

• However, there are also challenges raised by digital technologies. In particular, 

researchers and practitioners need to disseminate the strength of digital 

technologies, which clearly lie in augmenting current tasks rather than 

automating these tasks. Moreover, the quality and quantity of patent data is a 

decisive factor for the quality and impact of digital technologies. 

The focus of the dissertation is refined to two popular ML techniques. Supervised ML 

techniques try to map an input to an output using labeled training data. In contrast, 
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unsupervised ML techniques use unlabeled data to discover patterns. As both techniques 

have already been adopted in broad fields in business and academia, this dissertation 

focuses on the specific opportunities and challenges of both ML techniques for patent 

intelligence. Answers to both refined research questions are derived from four 

publications and outlined in the Discussion section.  

With regard to RQ-1: Which opportunities and challenges arise from supervised machine 

learning for patent intelligence: 

• Supervised ML techniques may help researchers or practitioners in making less 

biased decisions and further offer the opportunity to reduce noise in the 

decision-making process as these algorithms produce consistent outputs when 

shown the same input data (as opposite to sole human decision making). Lastly, 

these techniques allow to capture non-linear relationships between input and 

output data without pre-specification of the data distribution (as is the case in 

conventional econometric models). 

With regard to RQ-2: Which opportunities and challenges arise from unsupervised machine 

learning for patent intelligence: 

• Unsupervised ML techniques do not require labeled data and therefore allow 

for exploration analyses. In the context of patent intelligence, this dissertation 

identifies that these techniques are capable to uncover latent associations 

between textual concepts and patents. The former may be useful for exploring 

changes in vocabulary of specific technology, application or scientific fields. 

Uncovering latent relationships between patents may be useful to detect 

thematic similarity, novelty or uniqueness of patents. 

As both techniques share the same weaknesses, the challenges are addressed jointly: 

• Supervised and unsupervised ML techniques require intensive computational 

resources in determining the appropriate hyperparameter values to achieve 

high model performance. This complexity of the configuration space remains a 

large challenge for ML techniques. Other challenges to the adoption and use of 

ML techniques include ensuring ML transparency of the process from model 

initiation to deployment, as well as explainability of the decisions made by the 

models. 
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6.2 Contributions to scholarship and management 

Besides the different stimuli for scholarship and management that arise from each 

individual publication, additional contribution can be derived from this cumulative 

dissertation. Both scholarship and management peers may benefit from exploiting the 

outlined opportunities and from addressing the emerging challenges for patent 

intelligence tasks. In general, ML may allow patent researchers, practitioners and 

managers to augment conventional decision processes and may provide an additional 

data-driven perspective on business-oriented questions. For example, publications P2 

and P3 show generic process models of how ML can provide guidance for assessing the 

value of patents. The evaluation results can help experts to prioritize particularly valuable 

patents for a qualitative analysis. Such information may be considered, for example, as a 

basis for investment decisions in companies or start-ups, or as a basis for licensing 

transactions. In addition, publication P1 helps managers and researchers to select patent 

search and analysis databases and interrogation tools for their specific purpose based on 

the individual digitalization trend profiles. And lastly, publication P4 outlines valuable 

insights of using unsupervised ML techniques to explore patent data and thus stimulate 

R&D and strategic management. In particular, these insights may support investment 

decisions in specific technologies or the acquisition of knowledge. 

Moreover, when considering these opportunities and challenges, two significant trade-

offs are observable. First, data-driven analyses may offer valuable complementary 

insights for, e.g., for patent intelligence staff proficient in qualitative techniques. The 

advantages over conventional purely qualitative techniques are widely outlined in this 

cumulative dissertation and the four publications P1-P4. However, the techniques 

proposed are afflicted with an economic challenge. ML algorithms require the 

procurement of large volume data, computing and trained staff resources (Mike et al. 

2022; LeCun et al. 2015). Consequently, executives need to decide whether ML-based 

tasks are performed via in-house production or external procurement, i.e. a ‘make-or-buy’ 

decision arises (Willcocks et al. 1995; Walker and Weber 1984). 

When opting for in-house production, scholars and managers are required to acquire 

powerful hardware or rely on on-demand cloud computing resources (Shrestha et al. 

2021). In addition, managers need to invest into building the capability to collect and 

process large amounts of patent data while taking steps to ensure data quality (Bessen et 
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al. 2022; Gregory et al. 2021), as well as employees proficient in math, statistics and 

computing to develop and apply ML algorithms (Mike et al. 2022). In particular, the 

ongoing shortage of data scientists in the labor market is becoming a serious issues for 

this hiring process (Davenport and Patil 2012).  

When opting for external sourcing, there are at least two possible ways. On the one hand, 

freelancers or organizations may be consulted that conduct individual tasks. However, 

this may lead to lock-in effects and potential data quality and security issues. On the other 

hand, patent intelligence researchers and managers may use so-called ‘foundation 

models’ (Bommasani et al. 2021), such as ‘Generative Pre-trained Transformers 3’ (GPT3) 

(Brown et al. 2020), ‘Bidirectional Encoder Representations from Transformers’ (BERT) 

(Devlin et al. 2018) or ‘Global Vectors for Word Representation’ (GloVe) (Pennington et 

al. 2014). These models have already been trained on large data volumes and made 

publicly available. By showing the models the text of a patent, a vector for each patent is 

constructed with allows mathematical operations and may replace the cumbersome 

training of own vector space models in the pre-processing task. In a broader sense, 

foundation models may be seen as ‘democratizing’ ML in analogy to Eric von Hippel’s 

research on democratizing innovation (Hippel 2005). Nevertheless, foundation models 

represent an interesting trade-off. They require less knowledge about data science as well 

as less computational resources compared to conventional vector space models that have 

to be trained themselves. However, it remains unclear whether foundation models are 

capable of mapping patents, as these models are mostly trained on other literature. 

Although it may seem tempting to select external sourcing of ML-based tasks based on a 

consideration of current benefits and costs, employee experience with data-driven 

analytics can improve organizational performance in general in the long run 

(Brynjolfsson et al. 2021). 

Second, increasing ML model complexity may significantly increase the model’s 

performance, i.e. its ability to identify hidden patterns and generalize upon them. For 

example, deep neural networks often appear to outperform conventional statistical 

models as well as basic ML models (Lerner and Seru 2021). However, model complexity 

and performance gains come with the cost of less explainability and transparency of how 

and why a computer-based algorithm predicts an outcome based on shown input 

variables (Gunning et al. 2019).  
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For both scholars and managers, it becomes inevitable important to increase 

transparency and explainability of ML models. Both groups may face the challenge of 

having to justify the way a trained ML algorithm finds decisions. For example, research 

results based on ML algorithms can be challenged any time during the peer review, but 

also years later. In addition, executives from patent management must be prepared for 

the fact that in the course of filing a patent, in addition to the disclosure of prior art found, 

the methods that led to the results must also be disclosed (Walter et al. 2022).20 The bare 

use of ML algorithms for decision making without applying known interpretation 

techniques appears inappropriate in this context. And lastly, several biases may occur 

from applying ML algorithms, e.g. discrimination against race, religion, sex or gender (for 

a comprehensive review on bias and fairness in ML, see Mehrabi et al. 2021). To increase 

explainability and transparency of ML algorithms, the techniques applied in publication 

P2 and P3 may represent valuable starting points for scholarship and management peers. 

6.3 Limitations suggesting avenues of further research 

Besides each publication P1-P4 offering its individual limitations and outlooks on fruitful 

research opportunities, this cumulative dissertation also omitted at least four aspects, 

that may represent compelling avenues of further research. First, to further elaborate on 

the first implication, researchers and managers may not only face the decision to in- or 

out-source ML-based patent intelligence tasks, but also to which extent such tasks may be 

performed. For example, type, industry, and size of an organization may dictate the 

appropriate level of supervised and unsupervised ML techniques. By no means does the 

highest level have to be necessary for a small and medium-sized organization, and the 

potential benefits must always be weighed against the costs described above. In addition, 

the level of competencies must be adjusted according to dynamic environmental changes 

(Teece et al. 1997). Future research may accordingly benefit from embedding and 

outlining the individual methods according to their maturity level into a maturity model, 

for example expanding the patent intelligence dimension of the 7D patent management 

maturity model (Moehrle et al. 2017).  

                                                        

20 The European Commission has also proposed a regulatory framework on AI that addresses the general 
risks and mandatory requirements of ML-based commercial products. These requirements include, among 
others, a certain level of transparency and explainability (https://digital-strategy.ec.europa.eu/en/policies 
/regulatory-framework-ai, checked on 8/10/2022). 

https://digital-strategy.ec.europa.eu/en/policies/regulatory-framework-ai
https://digital-strategy.ec.europa.eu/en/policies/regulatory-framework-ai
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Second, this dissertation focuses on ML and has not considered synergy effects with other 

digital technologies for patent intelligence, albeit showing synergy effects between 

supervised and unsupervised ML. As Bodrožić and Adler (2021) note, digital technologies 

should not be considered one by one, but rather always as an  

“interdependent cluster […], where developments in each technology affect many 

others” (Bodrožić and Adler 2021, p. 1). 

Consequently, industry and academia may benefit from approaches combining ML with 

other digital technologies. For example, Blockchain technology may support patent 

intelligence by creating a tamper-resistant history of all ML-based patent analyses that 

have been already conducted (Denter et al. 2022b). Moreover, cloud computing platforms 

that remarkable boost computing power, e.g. ‘Google Colab’, may increase the perceived 

value of ML techniques to users and thus ML adoption (Miric et al. 2022; Gregory et al. 

2021). 

Third, the majority of methods outlined and thematic foci of the publications P1-P4 aim 

at patent pre-processing and analysis. Thereby, the patent search has received less 

attention. Further research may explore the opportunities and challenges of supervised 

and unsupervised ML for patent search and may rely on already published literature (e.g. 

Giczy et al. 2021; Lerner et al. 2021; Chen et al. 2019). 

And lastly, downstream tasks after patent analysis have not been addressed in this 

cumulative dissertation. These may include to concisely and effectively explain the 

underlying ML algorithms, communicate the derived insights, and integrate relevant 

stakeholders from problem formulation over model selection to interpretation of the 

results. Furthermore, research shows that the mode of delivery, orally or by electronic 

screen, is decisive for whether or not a computed decision finds support. Among others, 

these are necessary tasks to increase algorithmic trust in order to implement 

recommendations thereof (Mahmud et al. 2022), which becomes particularly important 

for opaque black-box models (Thiebes et al. 2021). Because after all, to end by quoting 

Pericles (ca. 450 BC),  

“Having knowledge but lacking the power to express it clearly is no better than never 

having any ideas at all” (found as initial quote in Ashtor 2022, p. 1).
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Conceptualization, Investigation, Data curation, 
Methodology, Visualization, Interpretation,  

Writing – original draft,  
Writing – review & editing 
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Denter  
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In the following, the bibliographic information of the publications  

• P1: “A review on digitalization trends in patent information databases and 

interrogation tools”,  

• P2: “Forecasting future bigrams and promising patents: Introducing text-based 

link prediction”,  

• P3: “On the relationship of novelty and value in digitalization patents: A machine 

learning approach”, and  

• P4: “Applying dynamic topic modeling for understanding the evolution of the 

RFID technology”  

are shown. 
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P1: A review on digitalization trends in  

patent information databases and interrogation tools 

Lothar Walter1, Nils M. Denter1,*, Jan Kebel1 

1Faculty of Business Studies and Economics, Institute of Project Management and 

Innovation, University of Bremen, Bremen, Germany  

*Corresponding author  

Published in the World Patent Information journal:  

Walter, Lothar; Denter, Nils M.; Kebel, Jan (2022): A review on digitalization trends in 

patent information databases and interrogation tools. In World Patent Information 69. 

DOI: 10.1016/j.wpi.2022.102107. 

Abstract: 

Digitalization is a strong driver in society, business, and science. Patent management, 

especially the search for and analysis of patents, is also being shaped by digitalization 

advances. Unlike prior studies – which mainly focus on the purposes and methods used 

for patent search and analysis –, this review focuses on the underlying digitalization 

trends that have become mainstream in the landscape of providers’ patent information 

databases and interrogation tools. By analyzing seven public and 20 commercial 

providers, a total of 15 different digitalization trends are outlined. Public providers 

specifically focus on trends for patent search, e.g. machine translation, while commercial 

providers rather focus on more sophisticated trends for patent analysis, e.g. predictive 

analytics. All of the 15 identified trends point toward four digitalization domains that 

were discerned by means of a hybrid coding approach, namely cloud computer 

technology, data management, data analytics, and artificial intelligence. Conclusively, 

tensions that are caused by the progress of these trends are discussed, e.g. the seamless 

transition from search to analysis versus less explainability. 
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P2: Forecasting future bigrams and promising patents: 

Introducing text-based link prediction 

Nils M. Denter1, Lukas Jan Aaldering2, Huseyin Caferoglu3,* 

1Faculty of Business Studies and Economics, Institute of Project Management and 

Innovation, University of Bremen, Bremen, Germany 

2Department of Chemistry and Pharmacy, Institute of Business Administration, 

University of Münster, Münster, Germany 

3Institute for Technology and Innovation Management, RWTH Aachen University, 

Aachen, Germany 

*Corresponding author 

Published in the Foresight journal:  

Denter, Nils M.; Aaldering, Lukas Jan; Caferoglu, Huseyin (2022): Forecasting future 

bigrams and promising patents: Introducing text-based link prediction. In Foresight. DOI: 

10.1108/FS-03-2021-0078. 

Abstract: 

Purpose – In recent years patents have become a very popular data source for forecasting 

technological changes. However, since a vast number of patents are ‘worthless’ (Moore, 

2005), there is a need to identify the promising ones. For this purpose, previous 

approaches have mainly utilized bibliographic data, thus neglecting the benefits of textual 

data, such as instant accessibility at patent disclosure. In order to leverage these benefits, 

our approach utilizes textual patent data for predicting promising patents. 

Methodology – For the identification of promising patents, we propose a novel approach 

which combines link prediction with textual patent data. Thereby we are able to predict 

the emergence of hitherto unmentioned bigrams. By mapping these future bigrams to 

recent patents, we are able to distinguish between promising and non-promising patents. 

To validate this approach, we apply our methodology to the case example of camera 

technology. 

Findings – We identify Stochastic Gradient Descent as a suitable algorithm with both a 

ROC AUC score and a positive predictive value of 78%, which outperforms chance by a 

factor of two. In addition, we present promising camera patents for diverse application 
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fields, such as cameras for surgical systems, cameras for rearview vision systems in 

vehicles, or ladar cameras for 3D imaging. 

Theoretical implications – This study contributes in at least three directions to 

scholarship. First, we introduce a novel approach by combining link prediction with 

textual patent analysis and in this way leverage the benefits of both worlds. Second, we 

add to all theories that regard novel technologies as a recombination of existing 

technologies in presenting word combinations from textual data as a suitable instrument 

for revealing recombination in patents. And third, our approach can be used by scholars 

as a complementary or even integrative tool with conventional forecasting methods like 

the Delphi technique or Scenario planning. 

Practical implications – At least three practical implications arise from our study. First, 

incumbent firms of a technology branch can use this approach as an early-warning system 

to identify technological change and to identify opportunities related to their company’s 

technological competence and provides inspiration for new ideas. Second, companies 

seeking to tap into new markets may also be interested in our approach as managers 

could anticipate whether their company’s technological competences are in line with 

upcoming trends. Third, our approach may be used as a supportive tool for various 

purposes, such as investment decisions or technology life cycle analysis. 

Originality – Our approach introduces textual patent data as suitable means for 

forecasting activities. As the statistical validation reveals, the promising patents identified 

by our approach are cited significantly more often than patents with less promising 

prospects. 
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P3: On the relationship of novelty and value in digitalization patents:  

A machine learning approach 

Nils M. Denter1,* 

1Faculty of Business Studies and Economics, Institute of Project Management and 

Innovation, University of Bremen, Bremen, Germany 

*Corresponding author 

Submitted to the Scientometrics journal:  

Denter, Nils M. (tbd): On the relationship of novelty and value in digitalization patents: A 

machine learning approach. In Scientometrics (submitted). 

Abstract: 

Patents constitute valuable resources for firms to gain and sustain competitive advantage 

over rivals. As a consequence, the evaluation and value anticipation of recent patents 

becomes a crucial task for technology and innovation management. In literature, ex post 

(e.g. forward citations) and ex ante variables (e.g. novelty) have been established to 

anticipate patent value. By using 263,960 US patent grants from digitalization 

technologies between 1976 and 2009, we construct 12 novelty variables, based on 

backward citations and/or classifications or text, to predict the technological and 

economic value of patents. To inductively identify non-linear relationships, we apply 

supervised machine learning modeling and subsequently model interpretation to 

evaluate the predictive power of each novelty variable and to assess the relationship 

between the most predictive variables and patent value. Results show a distinct ranking 

with text-based variables as the most predictive and backward citation-based variables 

as the least predictive. All novelty variables follow a curvilinear (inverted U-shaped) 

relationship to patent value and imply a high patent value when the novelty is slightly the 

average (plus one SD in the most predictive novelty variable). The results expand recent 

literature in showing that text-based novelty variables are superior to novelty variables 

based on bibliographics. In addition, this study provides a more nuanced perspective on 

the relationship between patent novelty and value. 
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P4: Applying dynamic topic modeling for understanding  

the evolution of the RFID technology 

Nils M. Denter1,*, Huseyin Caferoglu1, Martin G. Moehrle1 

1Faculty of Business Studies and Economics, Institute of Project Management and 

Innovation, University of Bremen, Bremen, Germany 

*Corresponding author 

Published in the PICMET Proceedings:  

Denter, Nils M.; Caferoglu, Huseyin; Moehrle, Martin G. (2019): Applying Dynamic Topic 

Modeling for Understanding the Evolution of the RFID technology. In 2019 Portland 

International Conference on Management of Engineering and Technology. DOI: 

10.23919/PICMET.2019.8893914. 

Abstract: 

Radio-frequency identification (RFID) is an enabling technology that diffuses into several 

application fields, such as logistics, finance and medicine. Knowledge about the diffusion’s 

direction into application fields, which have not yet completely been exploited, may help 

technology managers and scholars to better understand the evolution of the RFID 

technology. Recent methods are either characterized by high manual efforts or miss the 

opportunity to directly identify emerging application fields. This leads to the question, 

which method is suitable for examining a technology’s diffusion in a time-oriented and 

highly automated manner. In this paper, dynamic topic modeling (DTM) is applied for this 

purpose. Using the same RFID patent data set as in earlier publications, we create a term-

document matrix. Subsequent to this, we carry out DTM and thus retrieve relevant topics 

which represent application fields. Additionally, we identify dynamic shifts in the 

application fields. Finally, we make a comparison between DTM and topic modeling in 

particular. We conclude that DTM is more appropriate for measuring the diffusion of a 

technology into an application field than earlier methods. Apart from generating an 

overview of application fields, DTM enables the observation of term dynamics in the 

application fields, and is therefore suitable for managers and scholars interested in 

technology diffusion. 
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