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Abstract

Technology transfer, particularly within the context of Industry 4.0, is a complicated
process full of challenges. Integrating and commercializing advanced technologies of Industry 4.0,
such as automation and robotics, into industry necessitates an in-depth understanding of the factors
influencing effective technology transfer. This dissertation addresses these challenges and has
three primary objectives. Firstly, it aims to identify and analyze existing gaps and challenges in
the technology transfer process within Industry 4.0, focusing on understanding the factors
contributing to effective technology transfer. Secondly, the dissertation investigates predictors to
enhance the effectiveness of Technology Transfer Offices in managing Industry 4.0 technologies,
particularly in automation and robotics. These predictors provide practical guidance and proven
methods for technology transfer offices to enhance patent licensing success. Lastly, the dissertation
intends to build a predictive model of patent licensing success specific to automation and robotics,
targeting improving university technology transfer's patent portfolio management capabilities.
This model aims to increase technology transfer office performance, increase technology
commercialization, and facilitate self-sustainability through revenue generation.

This dissertation employs a systematic literature review to incorporate existing knowledge,
statistical analysis to explore patent variables and their relation with patent licensing, and
supervised machine learning classification to develop a predictive model. These approaches enable
an extensive investigation of the technology transfer process, facilitating the development of
predictive models to promote innovation and enrich technology transfer effectiveness in the
automation and robotics sectors within Industry 4.0. In conclusion, an Industry 4.0 Technology

Transfer Model and Conceptual Framework are proposed, identifying novel predictors for



automation and robotics patents, including independent claims, success rate of technology transfer
office, and inventor experience. Additionally, a classification model is developed to predict patent
licensing success, further contributing to the advancement of technology transfer in the Industry

4.0 era.
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Chapter 1. General Introduction

1.1 Technology Transfer

1.1.1Definitions

The Association of University Technology Managers (AUTM), which is the leading association
in technology transfer, defines technology transfer as “the process of transferring scientific
findings (such as academic inventions) from one organization to another (i.e., industry) for further

development and commercialization” [1].

Successful collaboration between academia and industry can deliver several benefits [2].
Collaboration among organizations and universities can foster knowledge and technology transfer
by sharing their intellectual property rights (IPRs), which leads to innovation. “Intellectual
property (IP) refers to creations of the mind, such as inventions; literary and artistic works; designs;
and symbols, names and images used in commerce” [3]. These technological and knowledge
transfers assist firms in realizing their full potential, motivating them to develop new technology

and improve existing ones, resulting in a productive corporate environment [4].

The most common IP used to protect scientific inventions is patent. The World Intellectual
Property Organization (WIPO)[5] defines a patent as ““ an exclusive right granted for an invention,
which is a product or a process that provides, in general, a new way of doing something, or offers
a new technical solution to a problem. To get a patent, technical information about the invention

must be disclosed to the public in a patent application”.



Process, machine, article of manufacture, composition of matter, and improvement of any previous
can be patented. The invention should be novel, nonobvious, useful, and not offensive to public
morality. On the other hand, it can not be patented if the invention is laws of nature, physical

phenomena, abstract ideas, literary, dramatic, musical, and artistic works [6].

A license agreement is the most common method of technology transfer, granting the rights to use
technology through either an exclusive or non-exclusive licensing agreement. Another approach
is the acquisition of technology, involving transferring IP assets like scientific inventions from a

patent owner to another party, typically governed by a contractual or legal arrangement [7].

1.1.2Technology Transfer Process

The United Nations Industrial Development Organization (UNIDO) models technology transfer
as a vertical process where technology is transferred from research to production through
development stages and a horizontal process where technology is transferred from one operational

environment to another primarily for commercial application [8].

The typical technology transfer process at universities is illustrated in Figure 1.1 and is based on
[9, 10] [11]. The simple process of technology transfer is shown in Figure 1.1. represent the three
taps on the right [11]: Identifying new technologies, protecting technologies through patents and
copyrights, and forming development and commercialization strategies, such as marketing and
licensing to existing private sector companies or creating new start-up companies based on the

technology".

Figure 1.1 illustrates the main processes from invention disclosure to patent licensing. The process
starts with discovery, followed by disclosure by the inventor to the technology transfer office

(TTO). The next step is to evaluate and decide whether to file a patent. The TTO does this



evaluation covering two main aspects: patentability and marketability. Patentability is assessed
through a prior art search to identify existing technologies and determine if patent protection is
feasible. This search covers and analyzes issued patents, scientific journals, published patent
applications, and other available public documents. If not, alternative forms of intellectual property
protection are explored to support the invention's commercialization. Marketability is assessed by
analyzing the market need for the technology, including the impact and potential demand for

similar technologies [12].

If the TTO evaluation results show that the disclosure is patentable and there is a market for it, a
patent application is filed. The final phase of the process involves the commercialization of the
technology, either through licensing to established companies or by launching a new startup or

spinoff entity [10].

It's important to note that each step within this process requires human resources for execution. As
the complexity of the process increases, so does the corresponding demand for time and effort,

resulting in higher associated costs [10].
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Figure 1.1: Typical process of technology transfer in the university
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The timeline and milestones of the patent are presented in Figure 1.2 [13]. The process usually

starts with filing a provisional application. The provisional (or “informal”) patent application

allows the TTO to file without a formal patent claim, oath, declaration, or any information

disclosure (prior art) statement. The goal is to file at a lower initial investment, gain time (up to 12

months) before filing a nonprovisional application for a patent, and avoid initiating the 20-year

patent duration [14, 15]. This step is done before filing the nonprovisional or what is known as a

patent application. The provisional application provides TTO with the required time to decide

whether to file a nonprovisional application after finishing the evaluation without losing the

priority date and investing more than the application of the provisional fees. If TTO decides to file

4



a nonprovisional application, they should do it before the 12 months. Patents are territorial rights
[5]. Because of that, to have exclusive rights, the patent must be filed and granted in each country
or region where TTO seeks to protect its technology. Filing a patent has two main options: file it
only in the USA or several other countries. The decision depends on the technology and the

expected market.

Preparing a nonprovisional application can take weeks to months. TTO team or External patent
counsel works with inventors to gather information and scientific details for incorporation into the
application, which contains two main parts: the specification, providing a detailed description of
the invention, including drawings if required, and the claims, which define the scope of the patent
rights. Once all the related parties approve the draft application, the attorney files the application
with the United States Patent and Trademark Office (USPTO). In addition, submit the Assignment
and Declaration from the inventors and an Information Disclosure Statement containing prior art

information [16].

The application is published approximately 18 months (about one and a half years) after the
provisional filing. The examination process for a patent application can take between 2 and 5 years.
TTO can abandon the application even before the patent is granted. If the application patent is
granted, issue fees must be paid. The patents are protected for 20 years after filing the
nonprovisional patent application [6, 15]. Maintenance fees must be paid before the due date to
maintain the enforcement of a patent. The maintenance fees in the USA due date are 3.5, 7.5, and
11.5 years after the patent is issued. The patent will be abandoned if the maintenance fees are not

paid [17].



Filing a nonprovisional Patent Cooperation Treaty (PCT) application is preferable if the
technology can be licensed to other countries. A private International Search Report / written
opinion will be issued sixteen months after filing the provisional application. The next step is
application publication to the public approximately 18 months (about 1 and a half years) after the
provisional filing. TTO has up to 30 months after the provisional application date to enter the
National Stage and file the application. Country selection can be made by any PCT participating

state, including the USA, Europe, Japan, and China, among many others [17].
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Figure 1.2: Patent timeline and milestones
1.2 Industry 4.0

Currently, the industry is driven by global competition. Because of constantly changing market

demands, quick manufacturing adaption is necessary. The market has fewer delivery times, more



efficient and automated processes, better quality, and customized products. These drive companies
towards the so-called fourth industrial revolution, Industry 4.0 (14.0) [18, 19]. Radical
technological advances are needed for current manufacturing processes to meet these
requirements. 14.0, characterized by innovative technologies fused with information and human
ingenuity, can drive the next generation of intelligent production systems. The expected market

share of 14.0 is more than 71.7 billion USD and is forecasted to exceed 150 billion USD [20].

A flexible production system is required to customize products [21]. Thus, 14.0 is an

interdisciplinary concept with a challenging endeavor [22, 23].

Horizon integration is required at every stage of the manufacturing process, including machine
interaction [18, 24]. Several technological pillars have emerged as enablers of 14.0 technologies,
such as the Industrial Internet of Things, modeling and simulation, extended reality, big data and
analytics, artificial intelligence (Al), cloud computing, block-chain, cybersecurity, industrial

automation and robotics, and additive manufacturing [24-27].

1.3 Robotics and Automation

‘A robot is a reprogrammable, multifunctional manipulator designed to move material, parts,
tools, or specialized devices” [28]. Robotics technology is a crucial field of the Fourth Industrial
Revolution [29], which provides extensive capabilities in the field of manufacturing [30]. In the
era of 14.0, technologies contributing to improving and automating processes have changed.
Today, robots surpass their limits and become flexible, more sophisticated, faster, less costly,
mobile, and more intelligent. Robots have become the driving force of automation, where it has

never been before [30-32].



Ongoing technological advancements in robotics are increasing the accessibility and affordability
of robotic solutions [30]. With the development of Al, robots can intelligently complete
assignments without human feedback. Robots can master advanced skills by self-learning to
achieve success, like Machine Learning (ML) through various programmed motions to perform
multiple tasks [30, 32, 33]. In addition, progress in the field of robot sensors has made robots

compact and more susceptible to the environment, expanding the range of their tasks [30, 32]

Robots work with employees to do routine, single, or complicated work under the employees'
supervision and direction or autonomously. Robots can easily do all the hard jobs that humans
can't [31], and they will replace increasingly low-paying jobs that don't require as much skill [34].
Robots can perform product disassembly, including the separation of the reusable pieces. Also,
product assembly involves two or more parts, which are a subset of the assembly, and the purpose

is to bring individual components together to form a new product [35].

Robots are commonly used in a range of sectors, such as life science, manufacturing, automobile,
engineering, electronics, aerospace, packaging, chemicals, and healthcare, to name a few. Robots
excel in making real-time decisions and navigating complex environments. These new demands
robust computing power, reliable networks, and modern machine setups. Recent technological
progress, such as data connectivity, parallel processing, edge computing, and Al distribution,

empowers robots to make rapid decisions and ensure stability and efficiency [30].

1.4 Problem Statement

Technology transfer is pivotal for the commercialization of inventions, with billions of dollars in
licensing revenue generated annually [36]. Nevertheless, the process from disclosure to

commercialization is resource-intensive and faces substantial challenges. Startlingly, 90% of U.S.



patents remain unlicensed [37], including many high-quality patented inventions developed by
universities. Consequently, a substantial amount of the $5 trillion spent on research and

development in the U.S. in the past two decades has led to unlicensed patents [38].

Moreover, technology transfer programs face financial difficulties, with over half operating at a
loss and only 16% self-sustaining [39]. Given the complexity of technology transfer, addressing

this issue demands multidisciplinary research approaches [40].

Technology transfer is a unique multidisciplinary research approach that can be tackled effectively
from various scholarly and methodological viewpoints [40]. Consequently, technology transfer
complexity must be addressed in research and practice. By examining it from different points of

view, we might learn more about the problems we face.

One of the key challenges in technology transfer is the successful transfer of complex technology
[41], particularly within the domain of 14.0, encompassing automation, robotics, and additional
intricate technologies like Al and the Internet of Things (I0T). The complexity of this technology
necessitates extensive training, apprenticeship, and significant interpersonal interactions [41]. The

involvement and selection of skilled personnel are vital to successful technology transfer [42-44].

The global IT robotic automation market was valued at US$ 5.3 billion in 2022 and is expected to
expand at a compound annual growth rate of 15.7% by 2032, reaching US$ 22.8 billion [45]. Also,
the Interdisciplinary Center for Advanced Manufacturing Systems (ICAMS) Smart Manufacturing
Adoption Study found that automation is the most important technology in smart manufacturing

for dealing with business problems [46].

Furthermore, 14.0 is transforming from the single-provider model to a network of integrated

technology providers [47]. This shift underscores the evolving landscape of technology transfer



within the context of 14.0. Despite the undeniable importance of these technologies and the
changing dynamics of technology providers, limited studies have focused on studying technology

transfer within this domain or investigating the critical success factors affecting it.

1.5 Research Objectives

The aims of this research are:

1. Toidentify and analyze the existing gaps and challenges in the technology transfer process
within the context of 14.0. This objective aims to understand the factors that enhance
effective technology transfer comprehensively.

2. To create strategies and suggestions that improve the effectiveness of TTOs in handling
14.0 technologies, particularly in the field of automation and robotics. This objective aims
to offer practical guidance and proven methods for TTOs to facilitate the transfer of these
advanced technologies.

3. Build a predictive model of patent licensing success in automation and robotics,
specifically designed to enhance the patent portfolio management capabilities of University
TTOs. This model aims to optimize TTO performance, foster increased technology

commercialization, and facilitate self-sustainability through revenue generation.

10



Chapter 2. Background

The primary concern in predicting patent commercialization revolves around pinpointing the key
factors and variables that influence patent commercialization. To address this, | conducted a
comprehensive literature review to identify the significant factors associated with patent licensing

SUCCesS.

2.1 Institution Factors

The higher education landscape is highly heterogeneous. In other words, not all universities
address their objective function similarly. Differences in size, territorial scope, legal status,
academic level, subject mix, or entrepreneurial approach shape how universities define their

activity mix and determine their performance [48].

2.1.1 Applicant’s institution affiliation

This factor is related to the type of institutions. Choi et al. [49] used five categorical values (
0: National research institute, 1: Public University, 2: Private University, 3: Collaborative
research, 4. Country, 5: Community college). Their study concluded that each type of
institution has different significant variables for the predictive model that was built by Choi et
al. [49]. Only national research institutes and public universities have the same results. This
variable was also studied by Serrano [50] from another side: the type of patentees. The results
showed that small- and private inventors are the most active sellers of patents. Government

agencies and large innovators are the minor sellers of patents.

11



2.1.2 Assignee backward citations

The average number of backward citations for patents is owned by the assignee. Backward
citations are the total number of cited patents in a patent [51]. This variable will measure the
technology accumulation of an assignee [52]. This variable is important in Kim and Geum's [51]
model, which means knowledge accumulation of the assignee is essential in predicting technology

transfer.

2.1.3Assignee forward citations

The average number of forward citations for patents is owned by the assignee. This variable
represents the technological strength of the assignee. This variable was the most important in the
Kim and Geum [52] model. The technological power of a company significantly impacts patent
transfer. Lin et al. [53] predicts the success of licensing pharmaceutical patents registered by
universities or colleges. The variable is used as an indicator of the institution's ability to attract

potential licensees due to its well-established fame and reputation.

2.1.4Assignee family patent count

Another measure used as an indicator for predicting licensing success is the count of family patents
owned by the assignee. The variable is used as an indicator of the technological marketability of

the assignee [52].

2.1.5Assignee patent transfer

The count of transfer patent success related to the assignee. It explains the previous history of

patent transfers [52].
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2.1.6Assignee similar patent transfers

To present the previous history of patent transfers for a technology transfer, Kim and Geum [52]
use the count of success of patent transfers as a measure of the Technological Strength of the
Assignee. It explains the previous history of the success of patent transfer. This variable was

influential in the prediction of patent transfer.

2.2 Time Factors

2.2.1Expiration time

Expiration time is defined as the date of a patent expired. This variable affects Choi et al.[49]
predictive model for the country. Kim et al. [29] used the variable and called it the residual time

to measure the value of the patent.

2.2.2Prior filing

Present the use of the filed patent for priority [49]. This variable was insignificant in Choi et al.

[49] prediction models.

2.2.3Period

The period represents the time (number of days) between the patent issue date and the application
date [54]. This variable was used by Lee et al. [54], Kim et al. [55], and Lin et al. [53] to predict

if the patent was licensed/transferred or not.

2.2.4Patent age

The grant year of the patent to the year it is up for trade or renewal. According to Serrano[50], the
probability that an active patent will be traded decreases with age, except for the year immediately

after a renewal date.
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2.3 Collaboration Factors

Collaboration has many benefits, such as accessing strategic assets, pooling complementary
technology, learning from the partner, and sharing risks and costs [51]. The collaboration measures

are:

2.3.1 Assignee count

The number of original assignees owned the application in a patent [51]. This variable has a
positive influence on the predictive model presented by Huang et al. [51] . Kim et al. [55] also

used it in the prediction model to measure the utility value of a patent.

2.3.2Assignee country count

The number of countries of assignee presents a patent. International patent transactions have
been a global issue [51]. This measure is essential when the patent data is from several

countries, as in the model presented by Huang et al. [51].

2.3.3Current owner count

The current assignee holds the patent [55]. Kim et al. [55] use the variable to measure the

influence of the patent in the market.

2.3.4Inventor count

Inventor count is the number of inventors in a patent [51]. This variable has no impact on the
model presented by Choi et al. [49]. On the other hand, it positively impacts the model of

Huang et al. [51].[29, 55] employ this variable to measure the development's sustainability.
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2.3.5Inventor country count

The number of countries of inventors in a patent. [51]. According to Huang et al. [51], this

variable negatively affects the transaction likelihood.

2.4 Scope Factors

Technology with greater complexity or viscosity is more challenging to transfer and requires more

training or apprenticeship for successful absorption. [41]. Two patent scope measures were used:

2.4.11PC count

IPC count is the total number of international patent classifications present in a patent. WIPO
defined the IPC as a hierarchical system of language-independent symbols for classifying patents
and utility models according to their specific areas of technology [51, 56]. The technology field
represents the market that can use the technology. The more diverse the market is, the more chance

there is to commercialize the patent [57, 58].

Several researchers studied this, and Choi et al. [49] model results mentioned that it is crucial for
the model. Huang et al. [51] also support these results, and his model presented that it positively
impacts the likelihood of patent transactions. Kim et al. [55] employ the variable to represent the
technology scalability. Lin et al. [53] also used it as an indicator of the potential value of the patent;

the broader technological scope of a patent can have a higher potential value.

2.4.2Count of claims

Number of claims in a patent. Each claim constitutes a unique contribution of a particular patent

[59]. It indicates fundamental features of innovation [60].
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The variable has no significant impact on commercialized patents. This result was supported by
the predictive model by Choi et al. and Huang et al. [49, 51]. A patent with a severe legal claim

implies that a patent is an appropriate asset and should not be traded [51].

On the contrary, Lee et al. [54] and Kim et al.[29, 55], and Lin et al. [53] used the claim as one of
the variables to predict the patent transfer. It represents the intellectual property rights reserved by

a patent[53]. Claims indicate the scope of patent rights [29].

2.5 Knowledge Factors

knowledge accumulation is crucial in understanding technology transfer [49, 52]. Technologies
with high technological strength are more likely to be commercialized [52]. Patent knowledge type
impacts innovation: explicit knowledge speeds it up, while tacit knowledge enhances quality [51].
For university patents, success depends on their quality, making high-quality patents more

transferable in the technology market [61].

The knowledge factors are:

2.5.1Backward citations

Backward citations present the cumulative count of previously cited patents within the prior art
literature patent [51]. This variable is a critical criterion for patent quality [52]. The number of
backward citations can be a suitable proxy for knowledge accumulation since it has been used to
quantify how much a given technical knowledge builds on prior knowledge [62]. The number of

citations used to forecast emerging technology [57] and measure the influence of technology [29].
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Several studies found that this variable significantly influences the predictive mode. This result
was supported by Choi et al. [49] for the national research institute and public universities'
predictive model. Lee et al. [54] also used it to predict the patent transfer. Kim et al. [29, 55] used

it as a technology impact measure.

In contrast with the previous research, Huang et al. [51] and Kim and Geum [52] research stated

that it has no significant effect on patent commercialization.

2.5.2Forward citations

Forward citations are the total number of patents cited by other patents. Highly cited patents can
be considered technological leaders, more likely to be traded, and have a higher value [49, 50, 52,
63]. The total citation count is between 5 and 10 years [51]. Another way to deal with forward

citation is using the citation-lag distribution [52].

The importance of the forward citation stands behind multiple research results that mentioned that
it has a direct impact on technology transfer, as presented in the models of Choi et al. [49],
Serrano[50], Huang et al. [51], and Kim et al. [55] which is represented as a technology impact
measure. Lin et al. [53] use this variable to evaluate the impact or influence of a patent on other
patents. On Serrano [50], younger, frequently cited, more original, and recently traded patents were

more likely to be traded and renewed.

2.5.3Number of INPADOC family patents

The INPADOC patent family comprises all the documents shared directly or indirectly (e.g., via a
third document), at least one priority [64]. This variable impacts some models introduced by Choi
et al. [49] for national research institutes and public universities. However, in the same study, this

variable has no impact on the model for private university and county models.
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2.5.4INPADOC family countries

INPADOC family countries are the number of family countries of INPADOC Family patents [49].
This factor was presented by Choi et al. [49], and it has no significant effect on the predicted

model.

2.5.50riginality index

The strength of backward citation existing in a patent using four-level IPC as a technical field
identification, a multiple IPC patent is defined by its first and primary IPC codes [51, 57, 58]. This

variable decreases patent transaction likelihood in Huang et al. [51] model.

2.5.6Generality index

The generality index is the strength of forward citations present in a patent [51]. The index
measures the diversity of citing patents. The value is from zero to one; the numeric range is: 0-
0.44 low, 0.45-0.65 mid, 0.66-1 high [65]. The results of Huang et al. [51] showed that this index
increases a patent's transaction probability. Patents with a higher generality index represent the
patent influence of many technical fields, which are prone to conduct general impact and promote

its patent transfer.

2.5.7Non-patent reference count

The non-patent reference count is the references used on a patent document from resources other
than the patent document. This variable has a negative effect on the patent transaction probability,
according to Huang et al. [51]. This variable was used by Lee et al. [54] to predict the transfer of

a patent.
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2.5.8Foreign reference count

The foreign reference count is the number of foreign references used on the patent. This variable

has a negative effect on the patent transaction probability, according to Huang et al. [51].

2.5.9Technology topic

This Variable represents the technical description of a patent. This variable was used by Lee et al.
[54] and was identified by the Latent Dirichlet allocation method. Using this variable improves
the performance of the predicted model. Kim et al. [55] also used technology topics. The BERT
method on abstract was used to identify the elementary technology. On the other hand, Lin et al.
[53] used the same concept to clarify that more therapeutic indications are expected to have a
greater interest in licensees. The main difference is that the technology topic is done manually by

reading all the patents to identify the therapeutic indications.

2.5.10 Similar patents

This variable is used to measure the knowledge accumulation. The values were extracted from
patent Google. It was used by Kim and Geum [52] as one of their model variables.

2.6 Protection Factors
The protection boundaries are particularly essential in predicting patent transactions since patent

value is defined by how much technological knowledge may be covered by a patent.

2.6.1L.itigation

An infringement-based model that measures patent litigation properties to reveal the legal value
of a patent. According to Huang et al. [51], this variable does not influence the commercialization

of a patent. A litigation probability index can be a strategic factor for firms to utilize high-risk
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patents to acquire a competitive advantage. However, some risk-averse firms are prone to trade.
Thus, the decision to hold or sell depends on risk appetite. Kim et al. [55] used the litigation status

as an indicator of patent utility value

2.6.2Family patent count

Given the application, translation, and legal costs, the number of patent families is worth
considering as a proxy for technological power and protection boundaries [52, 66]. This variable
was mentioned to be a good estimator input for the model of Choi et al. [49] and Lee et al. [54]

model. Kim et al. [29, 55] used the variable to measure market impact.

2.6.3Family countries count

The number of countries where a patent is covered is another essential consideration for
determining protection boundaries. Because patents are only valid inside a single country, firms
who wish to use the invention must submit the patent in multiple countries. As a result, the greater
the number of countries in which a patent is filed, the greater the value of the patent. Given the
application, translation, and legal costs, the number of patent families is worth considering as a
proxy for technological power and protection boundaries [52, 66]. This result was supported by
Choi et al. [49] predictive model and had a significant effect on the private university model, Kim
etal. [55], and Lee et al. [54] model. In addition, Lin et al. [53] predicted the model used to measure

patent recognition. Kim et al. [29] used it to represent the marketability of a patent.
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2.7 Application Type Factors

2.7.1Sole application

Indicates whether a patent application is a sole application. A sole patent is less encumbered than
one in which a technology transfer and an overseas application are filed jointly, making it a

measure of the utility value used only by Kim et al.[55].

2.7.2Standard patent

A standard patent plays a vital role in the relevant technical field, so it is possible to measure the

technological influence—this variable is only used by Kim et al. [55].
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Chapter 3. Methodology

The methodology comprises three main components. It begins with a systematic literature review,
examining the predictors employed in the patent licensing prediction model and, ultimately,
developing a ML prediction model. 1 employed Python for data processing, visualization, data

analytics techniques, and ML.

1. A systematic literature review (SLR) involves a structured process. It aimed to
systematically identify the factors affecting the success of technology transfer within the
contextually.

Initially, I conducted research and identified the articles based on the search terms related
to the research questions. The search was conducted over 250 databases, including but not
limited to Web of Science, IEEE Xplore, ScienceDirect, SpringerLink, and EBSCO, with
refinements made to search strings to ensure comprehensive coverage.

| utilized a title review process to narrow the articles, then filtered the articles based on
abstract review. | categorized the related articles based on their alignment with the research
questions for my dissertation.

2. Identify the scope: I identified my scope by concentrating on one of the 14.0 technologies:
automation and robotics. | also selected the patent granted to US universities.

The selection of automation and robotic technology was driven by its substantial market
size, which stood at US$ 5.3 billion in 2022 and is projected to grow at a robust compound

annual growth rate of 15.7% [45].
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The emphasis on university technology transfer is universities' crucial role in driving the
transition towards 14.0. This transition is marked by a paradigm shift from a single-provider
model to a multi-provider model, further underscoring the significance of technology
transfer[47].

Background: A general background was done to explore the available predictor model for
patent license success. The predictor was distributed into seven pillars: institution, time,
collaboration, scope, knowledge, protection, and application type.

Data Collection: | begin by identifying the target group, followed by conducting my search.
Two primary databases that | used. The first is the Patsnap website, which collects patent
data. This website has an extensive database encompassing details from over 180 million
global patent applications [67].

The second one is the Statistics Access for Technology Transfer (STATT) database of
AUTM. The STATT database will be used to identify the universities' TTOs, collect the
data, and study the factors related to the TTOs. The database results from a voluntary yearly
survey of North American universities and research centers that comprises yearly surveys
[58]. The available data is for the years 1991- 2021.

Data cleaning: delete inaccurate data, correct the data format, eliminate duplicates, fill in
missing values if possible, or remove incomplete data. | used the Google Patents website,
Institution Websites, and the National Science Foundation website to fill in the missing
data.

Data processing: Data preprocessing is an essential step in ML. Having a well-prepared
dataset can improve the accuracy and efficiency of ML models. It includes transforming

and integrating the data to render it suitable for analysis. Include but are not limited to
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transferring the content from string to list and/or numeric. Change the data type from object
to numeric. Change data type from object to date. Transfer to uppercase. The next step is
to extract the predictor if further processing is required.

Feature selection: This involves selecting the most relevant features for the problem
statement. This step will analyze the predictors used in existing research and the suggested
new predictors. The selection will be using data analytics techniques.

ML model development: Develop a ML prediction model using logistic regression. The
goal is to predict if the patent will be transferred, which is a binary output. Logistic
Regression (LR) is a popular probabilistic nonlinear regression model with only two
outcomes: 0 or 1. This method characterizes the data and explains the connection between
one binary dependent variable and many ordinal, nominal, interval, and ratio-scale
independent variables [68].

Model evaluation: | will use precision, recall, and F1-score to evaluate the prediction

model's performance.
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Chapter 4. The Success of Technology Transfer in the Industry

4.0 Era: A Systematic Literature Review

Modern innovative models have the possibility of transferring research and development (R&D)
output through technology transfer from scientific and research institutions or other enterprises.
The complex process of technology transfer is significantly dependent on cooperation among
academia, industry, and governments in response to the technological developments driven
together through Industry 4.0. As a result, numerous technology transfer factors must be addressed
for 14.0 to become a reality. However, the abundance of literature on 14.0 and associated
technologies, the key ingredients, and insights for executing 14.0 technology transfer are limited.
This study focuses on the success factors of technology transfer for 14.0. The framework is based
on systematic literature to outline significant results and factors. Furthermore, this study
summarizes, analyzes, and criticizes the actual models and their influential variables for 14.0
technology transfer. One of the findings of this study is the significance of cooperation between
technology recipients, agents, and inventors for 14.0 technology transfer. Another impressive
finding is the significance of the ecosystem component in technology transfer. Combining 14.0
technologies and open innovation is a game-changer, enabling businesses to significantly save
time and cost. This article will assist decision-makers in developing policies and strategies to
improve the 14.0 technology transfer process. Furthermore, this involves identifying the kind of

government assistance that will help accelerate the transition to 14.0 via technology transfer.

Keywords: technology transfer; industry 4.0; systematic literature review; barriers; models.
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4.1 Introduction

Currently, the industry is driven by global competition. Because of constantly changing market
demands, this necessitates quick manufacturing adaption. The market has fewer delivery times,
more efficient and automated processes, better quality, and customized products. These drive
companies towards the so-called fourth industrial revolution, known as 14.0 [18, 19]. To meet these
requirements, radical technological advances are needed for current manufacturing processes. 14.0,
which is characterized by modern technologies fused with information and human ingenuity, can
drive the next generation of smart production systems. The expected market share of 14.0 is more

than 71.7 billion USD and is forecasted to exceed 150 billion USD [20].

14.0 works on transforming industrial manufacturing using by digitalizing and exploiting new
technologies. A flexible production system is required to enable the customization of products [21].
Thus, 14.0 is an interdisciplinary concept with a challenging endeavor [22, 23]. This requires
combining and integrating humans, technology, and organizations with established manufacturing
practices across the entire production value chain. 14.0 refers to the future state of the industry in
which economic and production flows have been digitized. This necessitates horizontal integration
at every stage of the manufacturing process, including machine interaction [18, 24]. Several
technological pillars have emerged as enablers of 14.0 technologies, such as the Industrial Internet
of Things, modeling and simulation, extended reality, big data and analytics, Al, cloud computing,
block-chain, cybersecurity, industrial automation and robotics, and additive manufacturing [24-

27].

For a successful transition toward 14.0, collaboration between industry and universities is vital.
Approximately 2.94 billion USD in licensing revenue was generated in 2018 directly from
technology transfer [36]. The Association of AUTM, which is the leading association in
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technology transfer, defines technology transfer as, “the process of transferring scientific findings
(such as academic inventions) from one organization to another (i.e., industry) for further

development and commercialization” [1].

In the context of 14.0 technologies and their execution and integration, open innovation appears to
be the most suitable system to promote a firm's activities for knowledge exploration and
exploitation [69]. Modern innovative models give the possibility of transferring ready R&D
solutions both from scientific and research institutions (vertical technology transfer) as well as
from other enterprises (horizontal technology transfer) [70]. Technology transfer is a unique
multidisciplinary research approach that can be tackled effectively from a variety of scholarly and
methodological viewpoints [40]. As an interdisciplinary approach, problems are not separated into
disciplinary silos [71]. Interdisciplinary research is becoming increasingly important. This is due
to a growing focus on research designed to handle major challenges and future trends across

disciplines, such as the 14.0.

Successful collaboration between academia and industry can deliver several benefits [2].
Collaboration among organizations and universities can foster knowledge and technology transfer
by sharing their IPRs, which leads to innovation. These technological and knowledge transfers
assist firms in realizing their full potential, motivating them to develop new technology and

improve existing ones, resulting in a productive corporate environment [4].

After surveying the published articles, few studies have focused on 14.0 technology transfer. This
study seeks to contribute to closing the gap in the existing literature regarding technology transfer
and 14.0 and provides useful information to both practitioners and scholars. First, it improves
academic and managerial understanding of how technology transfer occurs in 14.0. The second

contribution is identifying factors that can improve the effectiveness of technology transfer
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processes in 14.0. The remainder of the paper is organized as follows. Section 2 provides an SLR
of the current state of research regarding technology transfer in 14.0. Section 3 describes the factors
to success in implementing 14.0 technology transfer. Section 4 synthesizes the main findings of
existing models and frameworks related to 14.0 technology transfer. Finally, in Section 5, we

discuss our conclusions and future work.

4.2 Systematic Literature Review Method

The need for the SLR arises from the need to summarize all existing information about technology
transfer for 14.0 in a thorough and unbiased manner. This may draw more general conclusions
about some factors that are possible from individual studies or be undertaken as a prelude to further
research. Thus, in this study, we use SLR to answer two main research questions and systematically
identify, evaluate, and interpret all relevant research. Our two main research questions are (Q1)
“What are the most important factors affecting the success of technology transfer in 14.0?’; (Q2)
“Are there any existing models for technology transfer targeting 14.0?”. The overall objective of
this SLR is to respond to the aforementioned two research questions and clearly define a path for
the development of a conceptual framework comprising recommendations for effective technology

transfer in 14.0.

4.2.1Search Methodology

This section discusses the methodology and strategy used in this study. Figure 4.1 describes the
search methodology process we followed in this SLR. First, we used search terms based on our
research questions and identified an initial set of articles whose titles, abstracts, keywords, and
subjects matched our terms. Then, we screened the results for relevance by reviewing the contents
of the abstracts. If the results were deemed relevant, the full text was reviewed. Articles deemed

irrelevant were excluded from the analysis.
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Based on our two main research questions, we created search terms to form search strings. The
search was conducted at the Auburn University Library, which subscribes to over 250 databases.
The databases include but are not limited to: Web of Science, IEEE Xplore, ScienceDirect,
SpringerLink, and EBSCO databases, to name a few. First, we considered the results of the

following search strings: (1) “Technology transfer” AND (2) “Industry 4.0”

3 Keywords Search in Full review
2 & title Initial Filtration:

g 2 alternative '

U B

= g |»| Research abstract, | | research abstract

é GE questions keywords, or result screening

SIS Selected I
22 _ Not related
A subject

database

Figure 4.1: Systematic literature review method.

Other keywords and combinations arose from the first group of publications and were used to
improve the literature search. For instance, some scholars from various geographical regions use
the term “smart manufacturing” interchangeably with “industry 4.0.” Thus, we refined the search
to ensure we did not miss any relevant articles to identify as many primary papers as possible.
Table 4.1 summarizes all the possible combinations of search strings that we used. Finally, all

references found in articles relevant to the review’s focus were included.

Table 4.1: Keywords and alternatives.

KEYWORDS Alternative KEYWORDS
Industry 4.0 Fourth industrial revolution, advanced manufacturing, smart manufacturing
Technology Transfer Innovation commercialization

The strategy we followed for this systematic literature review is illustrated in Figure 4. 2. Our goal

was to split and categorize the content of the articles based on our two main research questions.

The first research question includes the factors affecting the success of the 14.0 technology transfer.
The second research question includes existing works related to models or frameworks of

technology transfer for 14.0.
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In the first search, we used two keywords, “Technology Transfer” and “Industry 4.0”. Table 4.2

lists the search results of 903 peer-reviewed published articles. We then reviewed the field of the

Systematic literature review Strategy
|

Factors affect the success of the Existing modelsfframeworks for
technology fransfer for Industry 4.0 technology transfer targeting Industry 4.0

fl b
Relationships Maodel/Framework
focus area
Factors Target group
Earriers
[
¥
Synthesize main findings
|dentify research gap(s)
Future work

Figure 4.2: Literature review summary.

title, abstract, keywords, and subject and removed any irrelevant papers. To improve the precision
of our results, we conducted an additional search using the following format (“Technology
Transfer” OR “Innovation Commercialization”) AND (“Industry 4.0” OR “Fourth industrial
revolution” OR “Advanced manufacturing” OR “Smart Manufacturing”). The search returned 381

articles.

Table 4.2: Article search results.

Article using precise Articles post abstract Article post full text

Identified articles . ;
search review review

Total 903 381 72 40

For each article, we reviewed the abstract to identify whether it was relevant to the topic to be fully
reviewed. Initially, we identified seventy-two relevant articles. However, only forty out of the

seventy-two articles were relevant to our research questions and topic and fully reviewed. Figure
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4.3 illustrates the article distribution based on the year of publication from 1985 to 2021. The
articles were also categorized as unrelated/related articles. The number of articles thoroughly
reviewed in a sequence relevant to the first research question alone, the second research question

solely, and both research questions is 23, 12, and 5 articles, respectively.

It is worth noting that the number of articles related to this topic has been significantly increasing
since 2016. Several initiatives have been launched worldwide to accelerate the transition to 14.0.
The European Union published the "Industry 4.0 - European Parliament” report in 2016. According
to the report, many small and medium-sized businesses (SMEs) are unprepared for the structural
changes that 14.0 will entail. One way to deal with this problem is to connect these SMEs to global
value networks through a comprehensive program for transferring knowledge and technology [72].
Furthermore, the World Economic Forum's 2016 Annual Meeting, which was conducted under the
theme "Mastering the Fourth Industrial Revolution,” mentioned that technology's role went from

supporting to being the main focus [73].
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Figure 4.3 Summary of article reviewed.
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Figure 4.4 illustrates a word cloud produced by the abstracts of the 40 selected manuscripts. Word
clouds are graphical representations of word frequency that emphasize words that occur frequently
in a source text. The bigger the term in the figure, the more frequently it appeared in the abstracts.
The most commonly used terms are innovation, technology, development, manufacturing,
industrial, industry 4, technology transfer, knowledge, new, and technological. This indicates that
all the articles fell within our scope, which is the technology transfer of 14.0. This involves

technological development and knowledge transfer to the industrial sector.
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Figure 4.4:Word cloud produced by the selected abstracts.
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4.3 Factors Affect the Success of the Technology Transfer for 14.0

Section 3 discusses in depth the essential aspects influencing the effectiveness of 14.0 technology

transfer. These factors were classified into five categories: the 14.0 technology transfer relation,
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the excellence and innovation center, the manufacturing culture, human capital technical

experience, and legal protection. Each factor is described in depth below.

4.3.1Industry 4.0 Technology Transfer Relation

The focused path of technology transfer has changed over time, according to Bozeman [74]. Before
1980, most technology transfer research concentrated on cross-national technology transfer. At the
beginning of the 1980s, research shifted to domestic technology transfer. In the US,
interdisciplinary research holds great promise for creativity and innovation, which has become the

new focus of technology transfer.

The goal of technology transfer is to bring university outcomes into the market. Relationships
among universities, industries, and the government are essential. These three partners must work
effectively to establish a successful process. This relationship must be contextualized because of
the significant changes in productive and organizational systems in 14.0. The technology transfer
process in 14.0 will mobilize the entire country based on Silva et al. [75] research. Beharry and Fai
Pun [76] focus on technology-enhancing innovation in 14.0. Firms should be more adaptable and
flexible in responding to client demand and market needs changes. The flexible and adaptable
process is aided by new technologies of 14.0 such as 3D printing. In this vein, technology transfer

is seen as a way to give small businesses and countries with less advanced industries a fair chance.

Several countries have determined the importance of technology transfer in the transition to 14.0.
The UK government invested in Advanced Manufacturing (AM) research and technology transfer
£95.6 million. A total of £20.5 million was invested in industry-academia collaboration projects.
From 2007 to 2016, the UK government thought that technology transfer would help close the gap
between what people knew about AM technology in theory and what they actually knew about it
in practice [77].
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According to Tan [78], the Taiwanese government plays a significant role in shaping the
automation industry. The Taiwanese government established technology transfer infrastructure as
part of a strategy for promoting automation, industry, infrastructure, and innovation growth. The
government worked through tax incentives, favourable financing, technology development,
education and training, product and equipment development, and technical assistance. The
government mechanism began by transferring the core product/process technology. The transfer
is from universities through licensing to automation engineering and service industries to build up
supporting industries. The second is to support R&D organizations. These organizations worked
as technology providers, initiating technology transfer to receivers. The main factor that affects

achieving the technology transfer strategy is government and industry commitment.

Switzerland also has a government effort to support the transition to 14.0 using technology transfer.
According to Ferrario [79], Switzerland is well-known for creating and applying innovative and
high-value-added products. The federal government established a program targeted at technology
transfer in the digitalization field. The production infrastructure must be modernized using the
most advanced and efficient available technologies, focused on the 14.0 paradigm. In addition, for
amore efficient approach, new and optimized manufacturing strategies were developed. As a result,

Switzerland continues to rank among the top countries in this regard.

The Indonesian government realized the importance of 14.0 in agriculture (Agriculture 4.0 or Smart
Agriculture). According to Suwanan et al. [19], they developed several applications to support the
transition toward agriculture 4.0. The applications used 14.0 technologies. The application's
targeted to monitor the cows' health, planting calendars, and plant cultivation. In addition,

millennial farmers can access several sources of innovation through social media.
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Another example of government involvement in 14.0 is the biotechnology sector in Ireland and
Turkey. According to Simachev et al. [80], market growth models use a variety of approaches. The
governments of both countries contributed the most to enhancing the biotech sector’s
competitiveness. In Ireland, this was accomplished through a favorable tax regime. The profit tax
is among the lowest in Europe. High-tech companies can take advantage of IP tax depreciation,

reimbursable R&D tax credits (25%), and patent box deductions (6.25%).

On the other hand, Turkey focuses more on the strategic level. Turkey's biotechnology strategy
and action plan (2015-2018) have significantly promoted R&D. Turkey focuses on supporting
innovative companies for 14.0. The R&D expenditures of commercial enterprises increased
significantly between 2016 and 2019. Almost three-quarters of all spending in 2019 came from

SMEs [80].

According to Kushnirenko et al. [81], technology transfer plays a pivotal role in the
commercialization of new technology and skill development for students and university staff.
Technology transfer creates a collaborative environment for university-industry relations. A
proactive approach is required for technology transfer to involve researchers, promote technology,
and encourage industrial companies to use 14.0 technologies. Technology transfer can occur
through a license agreement. The license agreement lets the university keep the IP while giving

the industrial party the right to develop and use the 14.0 technology under certain conditions.

On the contrary, commercialization opportunities increased if collaboration started between
universities and industry as early as filing a patent application for technology development.
Collaborative applications have a higher chance of success in marketing and selling technologies
than technology transfer without collaboration with industry (after university technology

development). The main reason is that technology development and patent applications raise
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various market values in several aspects of the patent, resulting in a greater possibility of

commercializing the technology [82].

South Africa implemented a technology transfer road map. Alabi et al. [77] mentioned that
universities must cooperate more in research with AM industries. According to the results of his
survey, technology transfer creates an enabling environment to incorporate students, academics,
and industry partners into AM. The road map for technology transfer will improve and accelerate
industry-university collaborative research. As a result, product quality and performance will
improve. Collaboration between universities and industries can also lead to new business
opportunities, such as the mass customization of AM products. South Africa has a lot of titanium
(Ti), and technology transfer makes it possible to make medical implants and prosthetics made of
Ti.

Kushnirenko et al. [81] stated that technology transfer also includes disseminating theoretical
knowledge and hands-on experience of AM processes and technologies to broader users (students,
academics, and industry professionals). When it comes to AM, more collaboration between

universities and the business world can improve the quality and performance of AM products.

According to Yildirnm and Tungalp [83], the collaboration between universities and Turkey’s
industrial sector may produce new knowledge to solve performance problems. This research
focused on how universities may help implement 14.0 technologies by developing various research
and administrative policies. Digital transformations have gained momentum owing to increased
digital innovations. New knowledge creation and technology transfer approaches have become

critical components of innovation ecosystems.

Universities establish different units and organizations to facilitate technology transfer, such as

TTOs, science parks, business incubators, and venture funds. These facilities aim to commercialize
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research output while dealing with challenges. Universities have the choice to commercialize
technology through start-ups. Another way to do this is by developing and commercializing digital
infrastructures, which are part of 14.0 technologies. Innovators need to establish multistakeholder
partnerships across industries [83]. The role of universities in economic growth has altered
dramatically under the 14.0 settings. Universities are considered the main engine of economic
development and the critical actor in the knowledge economy. Universities have become centers

for developing new high-tech enterprises [84].

India works on the collaboration between industry and higher education institutes (HEISs). Kashyap
and Agrawal [85] mentioned that there is evidence to advocate how the role of HEIs has changed.
In addition, HEIs participation in commercial activities has grown through technology transfer and
start-ups. The focus of technology transfer is the commercialization of academic research results
through the licensing and leasing of technology. There are several types of relationships between

HEIs and industries for knowledge supply:
(1) Industry may look for universities as problem-solution providers.

(2) Start collaborating with the industry by submitting a research proposal from the

HElIs to the industry.

(3) Industry can outsource a third party to search for the best research centers in HEISs;

and

(4) The industry can receive proposals by working with a third party. The third party

is the link between local R&D institutes.

Society 5.0 is a technology-driven, human-centered society that integrates cyber-physical systems

and employs modern technologies to improve daily life [26]. Past and contemporary queuing
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systems, such as those found in supermarkets, are being replaced by Society 5.0. The private sector

also significantly accelerates technology transfer in Society 5.0 based on Suwanan et al. [19].

4.3.2 Excellence and Innovation Centers

Technology transfer is vital to implementing 14.0, especially for developing countries. According
to Silva et al. [86], developing countries are not established with the characteristics of 14.0. An
ongoing and evolutionary process for technology transfer is needed to adopt new technologies.
The resource of technology can be from specialized suppliers or their main offices. Developed
countries produce knowledge and technology through contracting research centers, internal

improvements, and R&D investments.

On the other hand, innovation has also played a key role in technology transfer in the new era of
14.0. Yun et al. [82] talk about how closed innovation strategies differ from the global open
innovation trend, which is getting even stronger with 14.0. On the contrary, patent
commercialization empowered by open innovation increases the chance of commercialization
through technology transfer. Empowerment comes from the technical and economic values of the

patents.

The role of the excellence centers in 14.0 discussed by Sastoque Pinilla et al. [87] shows that most
SMEs do not have R&D units to support their research activities. Significant efforts are being
made to upgrade students' qualifications through specialization and enhancement of local
universities and excellence centers. They also work with local businesses to determine the grads'
most significant problems. Two critical factors considered are: (a) The level of excellence of
technology centers and universities to have a solid foundation of both primary and applied research,

and (b) an appropriate level of transfer between research outcomes and industry to eliminate the
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interference between the production activity at the companies’ and to decrease transfer cost and

time.

This concept, supported by Beharry and Fai Pun [76], focused on small firms and less industrially
advanced countries. The upgraded innovation model focuses on technology with an emphasis on
technology transfer. Technology acquisition allows these organizations to enter the technological
frontier and operate in 14.0. 14.0 technologies, on the other hand, broaden the search space,

formalizing the distributed network concept and expanding on a previous open Innovation model.

Based on Kruger and Steyn [88], entrepreneurial technology in the field of 14.0 can be delivered
and supported by technology transfer. Technology transfer has a significant role in the emerging
technological paradigm, where strategies to address disruptions of 14.0 require coordinated
activities. It should be supported by innovative spaces that offer an early access point to
technological innovation. It can come from academic research and help start-up businesses grow

faster by providing various resources and services.

Another example of success for better technology transfer achievements is the virtual reality
laboratory “Astana Innovations” [89]. The objective is to achieve a broad and more effective use
of virtual reality technologies following the latest trends. It is crucial to create appropriate
conditions and promote cross-sectoral innovation culture in the private and public sectors. Based
on Simachev et al. [80], Ireland established a R&D support program with a budget of 2 million
euros. The Medical and Engineering Technologies Centre was set up to encourage technology
transfer and the growth of new businesses. The growth is supported by simplified drug certification
procedures, a high-quality business environment, a favorable tax regime, the absence of a language

barrier, and the ease of access to the European market.
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Innovation centers played a key role in transferring technology to farmers in the era of Agriculture
4.0; according to Suwanan et al. [19], Innovation centers aim to accelerate technology transfers to
farmers. The main pillars are technology, studies to develop site-specific technology, and
counselling to apply technology in the field. The location of laboratories is also essential in terms
of accelerating technology transfer. Having several locations of innovation centers near farmers

could help them understand, adapt, and integrate 14.0 technology.

4.3.3Technology Transfer in the 4.0 Industrial Revolution, and Open Innovation

One of the primary drivers of open innovation and subsequent technology transfer is an innovation
environment that focuses on dynamics and co-evolution [90]. Open innovation allows businesses
to establish a structured innovation ecosystem that leverages external partner networks while
focusing on developing core internal competencies [69]. Although the phrase "open innovation™
was coined in the previous decade, the concept is not new. Open innovation is partly reflected in
terms such as open source, user co-creation, user-centered innovation, and distributed innovation
[69]. Dynamic open innovation is based on interactions that traverse company boundaries. Some
ideas and knowledge originate from outside the company, while others are licensed to outsiders

for commercialization [91].

Firms can capitalize on opportunities beyond their boundaries and limited internal resources to
enhance the innovation rate in high-velocity marketplaces. Firms must have access to the resources
of other organizations in addition to their own. Firms seek new ideas outside of their organizations

and develop relationships with other enterprises that depend on each other [76, 92-94].

14.0 stimulates open connections between technology and the market through open innovation [95].
14.0 emphasized the significance for government agencies, research institutions, consultancy
businesses, non-profit organizations, and entrepreneurs to form collaborative networks [96]. The
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most effective methods for 14.0 are dynamic open innovation business models and an open
innovation culture. It is extremely beneficial to businesses in this technological era. Consequently,
company collaboration may spur creativity and innovation, as well as develop novel ideas and

concepts [97].

Combining 14.0 technology with open innovation is a game changer, allowing firms to drastically
reduce costs and time [98]. Companies often adopt an open-source approach to building the
networks associated with their products rather than a closed-source strategy [99]. The strength of
local and regional research and innovation (R&I) processes regularly influences the innovative
capability of SMEs. Cooperation and networking at the business and organizational levels are
crucial for the growth and knowledge transfer at the core of R&I for SMEs [100]. Companies with
a high level of open innovation, such as in the robotics sector, have a better chance of

commercializing their patents via technology transfer [82].

Technology transfer has been a foundation of open innovation as the economic and digital
industrial eras have accelerated. Open innovation improves the innovative performance of digital
innovation [101-103]. By transferring knowledge, skills, technologies, and technological transfers,
this type of innovation can significantly improve foreign-domestic connections and contribute to
development [104]. This will boost the firm's ability to innovate and adopt new technologies [100]
Open innovation also makes it simpler and less expensive for SMEs to use resources from outside
their organization. This decreases risk and increases the use of external knowledge sources [104]

[76].

Indeed, the era of 14.0 technologies prioritizes open innovation since incorporating external
knowledge is more vital than ever in driving organizational innovation [105]. Ninety-four percent

of the world's major innovators perform part of their R&D efforts abroad [106]. This indicates that
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companies should not depend entirely on their own ideas and in-house research but should also
invite other sources to contribute. This is the outside-in branch of open innovation, sometimes

called inbound open innovation [107].

4.3.4 Manufacturing Culture

The industry represents the transfer recipient in the technology transfer process. Manufacturing
culture is one factor that affects the success of technology transfer. According to Gertler [108],
manufacturing culture consists of firm behavior, routines, norms, and attitudes that shape it.
Culture works as the link bundled with norms, traditions, and social conventions as part of informal
or ‘soft’ institutions [109]. Manufacturing culture has a significant impact when we focus on
technological changes, such as the transmission toward 14.0 [108]. This required an alignment

between several business entities, industries, and technology strategies [110].

Manufacturing culture must be considered a key factor for a successful technology shift [108].
Based on research done by Bole [109], culture and formal institutions (rules, laws, and regulations)
produced specific institutional settings. Culture is highlighted as the key element that leads to

spatial variations in economic activities and performance.

Company-wide acceptability can be obtained only if senior management is explicitly committed
to implementing 14.0. It is required to make faster and more effective decisions. Collaboration
between departments and groups, even beyond business borders, is essential for a successful 14.0.
A clear strategy and suitably trained employees can increase employee acceptance and decrease

employee uncertainty about the unknown as well as the unfamiliar use of new media [111].
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4.3.5Human Capital Technical Experience

14.0 technology transfer is a complex, interdisciplinary environment. The staff must have the
knowledge and skills to deal with its complexity. The experience of the TTO staff is essential.
According to Gunawardana and Jungthirapanich [42], these technologies can be 1) highly implicit
or 2) the commercial application is difficult and complex, or both. This concept was supported by
Bhatt [43]. She stated that special emphasis should be placed on people's involvement in
technology transfer and selection. The staff includes people working on the TTO and the

technology recipient (industry).

The lack of skilled staff and the necessary know-how to implement 14.0 was a crucial success
factor; it was a vital barrier [44] [111]. The workforce was cited as a barrier to adopting nearly all
smart manufacturing [46], which arises with the change in the manufacturing scenario and the new

technologies [112].

4.3.6 Legal Protection

However, with the deployment of 14.0, the focus was on IP protection for intangibles. Some
protection methods include virtual system setup, data ownership, management, storage, processing
algorithms, and brand recognition. Therefore, this protection must be broadened. The deployment
of 14.0 puts the existing knowledge and application of IP protection and commercialization

methods to the test [113].

The creation of new techniques requires a better suited to fast-changing, highly linked corporate
networks. Businesses must carefully consider ways to protect their IP. The consequences of
installing interconnected communications and using application programming interfaces are more

collaborative inter-company models. 14.0 outcome is a novel environment that is highly
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collaborative and interoperable. China recognizes that with the 14.0 technologies, countries that do
not care about protecting these technologies will be less competitive and place themselves out of

the world’s stage for exporting end products [113].

Chandra and Liagat [4] emphasized the need to protect 14.0 products and techniques. The
protection comprises a pressing need to preserve innovative products and procedures from being
easily imitated. It also erodes an organization's competitive advantage. As a result, IPRs may
preserve an invention's originality, which can subsequently be marketed to promote knowledge
and technology transfer for public purposes. However, a national technology transfer framework
has not yet been developed. Universities and public research organizations have been recognized
as having significantly contributed to technology transfer policies in numerous nations. They are

both actively engaging in capacity-building and allowing the commercial application of IPs.
4.4 Industry 4.0 Technology Transfer Models and Conceptual
Framework

4.4.1Industry 4.0 Technology Transfer Models

Several institutions have successfully used a technology transfer approach for commercial profits.
One of the goals of practical research on new technology innovation is to commercialize inventions.
Universities have witnessed an increase in the identification of possibilities and their capacity to

take inventions by boosting TTOs and innovation spaces [88].

Chih-Yi and Bou-Wen [114] examined the role of open innovation, technological crowding, and
technological diversity in the relationship between competitive behaviors and firm performance.
The model used in the panel set evaluates the independent, moderating, and control variables' role

in firm performance. The results showed that the inbound open innovation mitigates the negative
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effects of vulnerability on firm performance and that external innovation through technology
transfer the positive effects of competitive initiatives on firm performance. External outsourcing
of technology is better suited for commercializing a company-owned technology or incorporating

it into in-house applications [114].

On the other hand, Huang et al. [115] presented a conceptual model of the technology delivery
system (TDS). TDS offers an essential framework for collecting information, organizing it, and
concluding results regarding the implications that can be used for decisions regarding emerging
technology supply chains. The TDS is a core part of the “Forecasting Innovation Pathways” (FIP)
approach. FIP combines a range of future-oriented technology analysis tools to assist decision-
makers in discovering opportunities (and threats) to achieve successful innovation while

recognizing the inherent uncertainties of innovation pathways.

In this research, Huang et al. [115] built a TDS model for big data and analytics to emphasize
technology mining as an approach to provide insights into TDSs. The model focuses on the actors
and activities of institutions involved in producing and pushing to develop a new technology to
emerge as a potential option for markets and society. It involved efforts to collect data, construct
theories, and develop new methods to analyze technological development. A common need within
these approaches is to identify the key actors and stakeholders and recognize how these elements
fit together and operate as a system. The TDS model is useful in its own right. It is also connected
with other frameworks to comprehensively analyze the broader socio-technical system

contributing to socio-economic impacts.

Lee et al. [116] conducted an analytic hierarchy approach and correlation analysis. This approach
highlights the most crucial factors in technology transfer adoption (TTA). The factors studied were

TTO capabilities, technological validity, and business feasibility. The most important factors
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related to business feasibility are 1) commercialization, related to the profitability of the

technology, and 2) marketability, including the market environment and market competitiveness.

Technical characteristics are also crucial from the technological application perspective. Their
conclusion led to increased profitability through technology purchases, which is the worst criterion
for a company's CEO to adopt the technology. The intangible TTA factors and dimension
measurements must be used to enhance the full potential to commercialize exceptional technology

with low cost and high efficiency [116].

Bliznets et al. [7] emphasized technology transmission during the current digital revolution. His
research reveals that technology transfer provides new characteristics and methods for
disseminating technical innovation, posing new legal theory and practice issues. Legal instruments
must be adapted to address these challenges. Modern technology transfer methods include the
purchase of technology, license agreement, patent pool, right to integrated technology in the legal
system, direct investments, establishment of a joint venture, know-how transfer, commercial
activity, and R&D agreements. Furthermore, the study showed that developing, distributing, and
applying sophisticated technologies is challenging without legal IP transfer mechanisms. A vital
aspect of sustainable development during the digital technology revolution is the incentive to

produce and transmit new technologies.

According to Soares and Kauffman [113], new technologies establish a new ecosystem with new
practices and tactics to secure and commercialize IP. Interdisciplinary collaboration is accessible
through modern technologies. These collaborations could occur across the entire supply chain.
Devices collaborating with various businesses will provide additional functionality, data analytics,

or both to companies and customers.
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This concept involves a multi-faceted and versatile IP strategy. The authors Soares and Kauffman
[113] developed an IP strategy based on the company strategy and business model. Multiple
businesses are involved within the 14.0 value chain. It is necessary to maintain control over the
business value offers. It also maintains technological ownership, reputation, brand, and joint
technological innovation. Meanwhile, preserve options for a fast route to customization,

configuration, and the market.

Suwanan et al. [19] discussed a technology transfer methodology that was employed for
agriculture 4.0. 14.0 may be used in a variety of industries, not just those associated with
manufacturing. Where the change to agricultural digitization is concerned, agriculture may be part
of it. They define agricultural digitization as developing, adopting, and enhancing digital
technology in the agricultural industry. Knowledge-transfer technology has advanced significantly
in recent years. Applications range from autonomous supply chain management to data and
information processing as a foundation for agricultural management decision-making. The
paradigm offered a partnership between the government, technology transfer (both public and

commercial), and farmers, who represent technology recipients.

4.4.2The conceptual framework for Industry 4.0 technology transfer

After finishing the 14.0 for technology transfer review. The main factors identified in this review

are listed in Table 4.3. This table presents the factors, main remarks, and references.

Based on our review, the conceptual framework was developed. The framework is based on the
available contingent effectiveness model by Bozeman [74] to match our finding for the 14.0
technology transfer. The framework summarized the literature on what work was done related to
factors that enhance the success of the technology transfer process, elaborated in Figure 5. The
contingent effectiveness model was created by Bozeman [74] and revised by Bozeman et al. [117].
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The model is wide enough to cover the technology transfer process. There are two main parts of

this model; 1) our major concern is the factors that influence the success of technology transfer,

and 2) the measure

of success (effectiveness) of technology transfer.

Table 4.3: Technology transfer for 14.0 models key factors.

Preserve options for a fast route to market, configuration, and
customization given the involvement of multiple businesses
within the 14.0 value chain.

Key factors Remarks Reference
Governmgnt _ National research funding. [77, 79, 115]
support (financial)
Government National promotion policies. [19, 78, 80,
support (strategic) 115]
Government
support Tax incentives [80, 115]
(Incentives)
Type of Level of collaboration. [19, 26, 77,
collaboration 81-83, 85]
Private or public.
Source of Internal or external. . _ _ [76, 80, 82-
Type of technology source: Excellence innovation center,
technology L 84, 86-89]
research center, or university.
Connection with other frameworks.
Manufacturing Manufacturing culture includes: Firm behaviour, routines,
4 [108, 109]
culture norms, and attitudes
Human capital The staff's experience and knowledge related to technology in
technical - [42-44, 116]
. the technology agent and recipient.
experience
Market factors Produ_ct|V|ty, profitability, marketing (this related to the [116]
effectiveness measure)
\]f::?]ggng capital Fund to support the transition for the technology recipient. [116]
Incentive The incentive mechanism is essential for creating and transfer 7]
mechanism of new technology.
Modern legal tools support the technology transfer process to
Modern legal tools match the new technology related to the 14.0. [4,7, 113]
Implement a multi-faceted and adaptable IP strategy. The goal
is to ensure they have control over the business value offer, the
brand, the ownership of the technology, their reputation, and
Flexible IP strategyfthe joint development of new technologies. [113]
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Six dimensions are used to categorize factors: technology agent, technology media, technology
object, technology recipient, demand environment, and ecosystem. The arrows in the model

indicate relations among the dimensions (dash lines indicate weaker links). These dimensions are:

The transfer agent is an entity capable of generating and transferring technology. It functioned as
a transmitter. The agent can be the TTO, an institution, or an organization working on transferring
technology to another entity. It includes technological niche, mission, resources, graphic location,
scientific & technical human capital, organizational design, management style, political

constraints, and sector [74, 117, 118].

The key elements of 14.0 technology transfer are: 1) source of technology and 2) rewards and
incentives. Incentives are one of the most essential aspects that encourage people to work harder
[119, 120]. According to this review, the type of organization that produces the technology can
affect the success of the transition for 14.0 technologies and can increase the potential of marketing
the technology object, especially for SMEs (transfer recipients). Another critical factor is the
incentive mechanisms. These incentives will encourage researchers to commercialize their
innovations. The remaining factors are covered by scientific and technical human capital, which

is the technical experience of the TTO staff.

1. The transfer agent interacts with the rest of the five dimensions. The interaction between
the transfer agent and recipient is through collaboration. The earlier the collaboration starts,
the better the chance of commercialization. In addition, the recipient and inventor's

participation level in technology development can enhance success.

2. Transfer recipient: To whom technology is transferred. It is represented by the organization
or institution that receives the transfer object. An industrial company or spinoff can be the

recipient. The factors are related to scientific & technical human capital, resources,
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manufacturing experience, marketing capabilities, graphic location, diversity, and business

strategies.

This review concludes that a key factor in a successful 14.0 technology transfer is industrial
culture. Another aspect is the flexible IP strategy; it is necessary to implement a flexible
and multi-faceted IP strategy to ensure control over the business value offer and other
aspects. This factor can be covered by the business strategy. The transfer recipient reacts

with the all dimensions.

. Transfer medium defines the method to transfer technology. For example, a medium could
be a license agreement. It can also be formal or informal. The main points cover open
literature, patents, copyrights, license, absorption, informal, and personal exchange [74,

117, 118].
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Figure 5. A conceptual framework of technology transfer for 14.0.

4. Atransfer object is the content and format of what is transferred from one entity to another.
It can be scientific knowledge, physical technology, technological design, process, know-

how, and craft [74, 117, 118].

5. Demand environment refers to the factors that influence transfer, for example, factors of
nonmarket and market about the need for the transferred object. The main is existing
demand for the transfer object, the potential for induced demand, and the economic

character of the transfer object [74, 117, 118].
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6. Ecosystem: This is an additional dimension that coveres elements of the ecosystem for 14.0
technology transfer. The primary factors that influence and improve technology transfer

performance for 14.0 are:

e Government support: This support might be in the form of financial, strategic, incentive,
or a combination of these. According to Peters et al. [46], government programs and
funding can play a significant role in lowering organizational adoption barriers, and
one of the recommendations is that the .S. government should develop a smart

manufacturing adoption plan.

e Modern legal tools: The legal tools need to match the new technologies related to 14.0

and support the technology transfer process.

e Connection with the innovation framework: this will facilitate the adoption of 14.0
technology. Lack of awareness was one of the barriers to the adaptation of big data and
Al [46]. To overcome adoption challenges, innovation will assist in raising awareness

of 14.0 technologies.

e This dimension interacts with the transfer agent, recipient, and media.

4.5 Summary

The technology transfer for 14.0 is reviewed in depth in this manuscript. The purpose of this article
is to assist in the identification of success elements in 14.0 technology transfer, which will aid in
industry, infrastructure, and innovation growth. The SLR approach was applied in this study. A
conceptual framework for the 14.0 technology transfer, including the ecosystem factors, was

established. The primary findings for these factors are as follows:
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The government plays a significant role in encouraging industry to strive towards 14.0
through technology transfer. The government can facilitate the transition toward 14.0 via
technology transfer by enacting legislation, financing support, and offering incentives for

this transition.

A more collaborative environment must be established to enhance the effectiveness of the
technology transfer process. The type and level of collaboration between technology
recipients, technology agents, and inventors are required for 14.0 technology transfer.
Collaborations that begin before submitting a patent application are more likely to succeed

in marketing and selling inventions.

Under 14.0, the role of universities in economic growth has shifted dramatically.
Universities' duties extend beyond the commercialization of inventions to include the
transfer of knowledge and skills. Universities are considered the main engine of economic

development.

The source of this technology is critical. Excellence innovation centers and laboratories

support the industry (especially SMES) in transitioning to 14.0.

Dynamic open innovation and open innovation culture are the most effective ways to
address 14.0. Technology commercialization, aided by open innovation, enhances the

likelihood of commercialization via technology transfer.

The 14.0 technology transfer environment is complex and multidisciplinary. The skills and
expertise of related employees in TTO directly impact the technology transfer process of
14.0 technologies. The more availability of the skills and knowledge, the better the

performance. Furthermore, the TTO requires a financial incentive structure to motivate
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inventors to participate and follow up on innovation commercialization. Incentives are one

of the essential aspects in motivating individuals to perform harder.

e Manufacturing culture influences the success of 14.0 technology transfer when we focus
on technological advancements such as the transition to 14.0. It is vital to make quicker and
more effective choices, to collaborate between departments and groups, to have a clear
strategy, and to have appropriately trained staff. Consequently, employee adoption of the

technology will increase, as will employee uncertainty.

e The legal tools available to protect the 14.0 technologies are inadequate. A modern legal
tool is required to cover the intangibles technology with IP. These tools should be better

suited for rapidly evolving technologies.

e New technologies establish a new ecosystem with new practices and tactics for securing

and commercializing IP. This will facilitate the adoption of 14.0 technology.

These findings provide a roadmap for decision-makers in governments, industries, and universities,
including TTOs, to establish policies and programs that will promote technology transfer for 14.0
across the board. Technology transfer is critical for assisting in the transition toward 14.0. This
conclusion is supported by references from numerous nations and may be applied to various
industries, including agriculture. The critical flaw is that no model focuses on predicting the
success of the 14.0 technology transfer. More research is required in the future, particularly to

determine how each component influences technology transfer success and how they all interact.
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Chapter 5. Unveiling Predictors Influencing Patent Licensing:

Analyzing Patent Scope in Robotics & Automation

Ensuring the sustainability of technology transfer offices depends on effective patent licensing
strategies. This study investigates novel predictors for patent licensing prediction. It emphasizes
the importance of judiciously selecting suitable patent-scope metrics to enhance the likelihood of
successful patent licensing agreements. This work focuses on a critical aspect of patent scope,
specifically examining the number of independent claims, the length of the first claim, the depth
of the claim, the Cooperative Patent classification count, the non-US family count, and the family
independent count. Additionally, we consider conventional metrics previously investigated in prior
research, such as claim count, the count within the International Patent Classification, and Simple
Family Application. Our empirical analysis harnesses a dataset comprising patents from university
technology transfers within the robotics and automation domain. We analyze the relationship
between patent scope measures and licensing outcomes using data visualization and statistical
techniques, including the point-biserial correlation coefficient and the t-test. Comparative analysis
of the statistical results is performed to identify the most impactful predictor. Our study reveals a
correlation between the number of independent claims and the success of patent licensing. In
contrast, the rest of the investigated measures do not impact the success of patent licensing.

Keywords: Patent licensing, Technology transfer, Patent scope, Predictors, Claims, Patent Metrics
5.1 Introduction

The commercialization of new technology heavily relies on technology transfer, which can be

facilitated through a license agreement. This agreement allows the technology transfer office (the
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assignee) to retain intellectual property ownership while granting the licensee permission to utilize
and develop the technology under specific conditions [121]. Many patents are abandoned before
the end of their 20-year lifetime due to high maintenance fees, low demand for licensing, limited
market adaptability, or the emergence of more affordable alternatives [122].

The value of patents lies in their protective capabilities. Patents that can effectively exclude
competitors from valuable markets or essential technologies can lead to higher profit margins and
rapid growth for the patent holder, making them highly valuable. On the other hand, patents that
fail to restrict competitors may have limited value [123]. Nevertheless, the patent holder also
retains the choice to grant permission to another party to exercise some or all of these exclusive
rights. This action of authorizing permission is referred to as patent licensing. Through licensing,
the party holding the patent rights permits another entity to engage in activities that would
otherwise be restricted by the patent [124]. Recognizing patents as essential tools to distinguish
technological advancements in countries, they play a crucial role in securing financial benefits
through technology sales or licensing [125].

Numerous studies have explored predictors of patent licensing; one of the fields is patent scope,
with indicators related to International Patent Classification (IPC) and patent claims. These
predictors are commonly used to assess a patent's value for commercialization purposes. Broader
patents present more opportunities to prevent competitors from introducing similar products. The
technological scope of a patent is predominantly defined by its claims, underscoring the vital role
of patent claims in determining patent valuation [126].

14.0 starts with the German roadmap to include information technology in the industrial sector. It
has now grown to include all major manufacturing economies globally[127]. 14.0 is characterized

by hyper-connectivity, Al, software, and distributed intelligence, and it automates physical
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manufacturing processes and intellectual business practices [128, 129]. The digitalization of
manufacturing through advanced computer integration of 14.0 revolutionary changes production
processes [127]. It is expected that there will be considerable changes in the speed of development

of technological innovation, as well as in the economy and social system [129].

14.0, with its association with smart factories, has reshaped the organization of value chains
through the integration of new and diverse technologies. Notably, the growth of patents related to
14.0 technologies, particularly in areas such as robotics and cloud computing, has been significant

at the United States Patent and Trademark Office [125].

The Robot Institute of America defines “an industrial robot is a reprogrammable multifunctional
manipulator designed to move material, parts, tools or specialized devices through variable
programmed motions for the performance of a variety of tasks”. The cost-effectiveness of robotics
has reached a point where it is commercially viable for a broad range of applications. The dynamic
changes and potential products in this field can be effectively tracked through the analysis of
numerous related patent specifications. The abundance of granted patents holds interesting
implications for Intellectual Property professionals, searchers, and attorneys, considering the
financial opportunities associated with some of these patents [130]. The interplay of patents within
the landscape of robotics and automation underscores their significance in driving innovation and
commercial viability. This research aims to uncover predictive factors influencing patent licensing

by analyzing the patent scope within the field of robotics and automation.

The global IT robotic automation market was valued at US$5.3 billion in 2022 and is expected to
expand at a compound annual growth rate of 15.7% by 2032, reaching US$22.8 billion [45].

Additionally, The Interdisciplinary Center for ICAMS Smart Manufacturing Adoption Study
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found that automation is the most important technology in smart manufacturing for dealing with
business problems [46]. Furthermore, past research highlights variations in industry and
universities' technology transfer prediction models. In this study, our primary focus is on patents
registered by the assignees affiliated with the AUTM, the leading association in technology
transfer. Universities are essential in a country's technological development [131]. Specifically,
we aim to answer two main research questions:

RQ1: Can an alternative patent scope measure be identified as a potential predictor for patent
licensing?

RQ2: Among the investigated patent scope measures, which ones exhibit the most robust potential
as predictors for a patent licensing model?

Multiple articles have studied predictors related to patent scope when predicting licensing
opportunities. The level of protection granted to a patent significantly impacts its overall value.
Broad patents are particularly valuable when numerous alternative options exist within the same
product category [126].

Prior studies have employed diverse empirical approaches to examine patent scope measures and
their association with licensing. However, none of these studies specifically concentrated on
utilizing measures of patent scope rather than count of claims and IPC subclass count or focused
on patent licensing in the domains of robotics and automation, owned by AUTM assignee.

Our study addresses this gap by examining the relationship between patent scope measures and
the success of patent licensing. Our methodology aims to identify the most effective scope
measures for predicting patent licensing in robotics and automation, specifically among patents

owned by AUTM assignees.
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The remainder of this paper is organized as follows: In Section 2, we offer an overview of various
methods used to measure the patent scope, including international patent classification,
cooperative patent classification, claim count, independent claims count, claim depth, first claim
length, simple family application count, family count, and US family independent claims count.
Section 3 outlines our methodology encompassing data collection, processing, and analysis
procedures, which we employed to assess various patent scope indicators using statistical and data
visualization methods. In section 4, we present our experimental results and discuss our key
findings and their implications. Finally, Section 5 encapsulates the conclusions of this research,
where we summarize the study's contributions, highlight the identified predictor in patent

licensing, address limitations, and suggest potential areas for future research and next steps.
5.2 Overview

This literature covered various methods and approaches used to measure patent scope in the

context of IPC classification and patent claims.
5.2.1International Patent Classification

The World Intellectual Property Organization created the IPC as a hierarchical system of language-
independent symbols for classifying patents and utility models according to the many
technological fields they apply [51, 56]. The IPC aims to identify relevant features related to a
claimed invention's technical subject or multiple claimed inventions if applicable [132].

The rationale for employing this measure rests on the idea that patents encompassing a diverse
range of technologies are regarded as broader, while those concentrating on a narrower scope of
technology tend to be more specific. Nonetheless, a patent might be classified under multiple IPCs
if it spans different technologies, even when introducing only a minor improvement over existing

methods, thereby granting a limited legal right to exclude [123].
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The technology field represents the technology market. The greater the chance of commercializing
a patent, the more diverse the market is [57, 58]. The count of IPC has often been indicated as
measuring the scope of a patent [133, 134]. According to Noh and Lee [135], technologies with
more IPCs are more likely to be converging technologies. The subclass marks in the IPC reflect
what the invention does rather than where it is applied in the business landscape [136]. Several
scholars who have investigated this topic have noted that the IPC subclass count plays a crucial
role in the technology transfer predictor model, as demonstrated by Choi et al. [49].

Furthermore, Huang et al. [51] research concludes a significant influence on the probability of
patent transactions. A distinct and well-defined IPC classification offers a streamlined process
when focusing on technology-oriented searches for patents with immediate solutions. However,
when dealing with patents encompassing multiple IPCs, the time required to find suitable buyers
significantly increases.

The Kim et al. [55] model uses the IPC count to indicate the scalability of the technology. A higher
count signifies the patent's potential applicability across diverse technologies. In addition, Lin et
al. [53] also utilized it as an indicator of the potential value of the patent; the broader the
technological scope of a patent, the greater its potential value. In contrast, studies [51, 57, 58] have
used the first and primary four digits of IPC codes for the scope, and the results from the Huang et
al. [51] model results showed that having more IPCs reduced the likelihood of a patent transaction.
IPC classifications play a pivotal role in measuring market diversity, assessing patent scope, and
reflecting the invention's nature. They impact predicting patent success and transactions, as well
as evaluating scalability and value. Their versatile use in scope measurement underlines their

intricate role.
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5.2.2Cooperative Patent Classification

The Cooperative Patent Classification (CPC) is a classification system developed by the European
Patent Office and the US Patent and Trademark Office. The CPC system incorporates the best
classification practices of the two offices. The CPC system serves as an extension of the IPC and

offers more detail than the IPC [137, 138].

The CPC is more suitable for classifying patent applications as it allows for more details[139]. The
system consists of the Scheme complemented by the Definitions, which further define the subject

matter and related references of the classification place under consideration [140].

5.2.3Count of Claims

The patent claims represent the fundamental component of every patent document [126]. Each
claim uniquely contributes to a particular invention [59] and describes the innovation's
fundamental characteristics [60]. The claim or claims in a patent application must clearly and
concisely define the subject matter for which protection is sought. These claims should be fully
supported by the description provided in the application claims [141, 142]. Particularly, in a patent
application, the filing fee allows for up to three independent claims and a maximum of twenty
claims in total. Any additional claims incur extra fees.

Moreover, the number of claims included in a patent can also be influenced by the associated
attorney fees, which often depend on the total count of claims. This fee structure incentivizes patent
applicants to include fewer claims [141, 142]. In addition, a patent possessing a strong legal claim
signifies its status as an owned asset and should not be subject to trade [51].

In several studies, the count of claims does not affect a patent's commercialization. This result was
supported by a predictive model constructed by Huang et al. and Choi et al. [49, 51]. Since a

patent's value depends on how much technological knowledge it may cover, the protection
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boundaries are particularly crucial in predicting patent transactions, and the protection scope is
measured based on the number of claims [135].

In contrast, previous studies [29, 53-55] have employed the count of claims as an indicator for
predicting patent transfer. In their research, the number of claims serves as an indicator of the
intellectual property rights secured by a patent. Furthermore, the count of claims defines the scope
of patent protection. Narrowing the scope of a patent significantly reduces the probability of
successful licensing [143]. Finally, it is worth mentioning that while claim count indicates the
scope of patent protection, it may not reliably predict patent transactions and may not be the most

effective measure for a patent licensing prediction model.

5.2.4Independent Claims Count

In the realm of patents, claims fall into two distinct categories: independent and dependent.
Independent claims can stand alone and do not require reference to other claims for their
interpretation. Independent claims' purpose is to outline the general technical context of the
invention. It can be interpreted individually as they are considered to broaden a patent's scope
based on claim construction principles. Although independent claims within a patent may overlap,
they are generally not considered identical [141]. On the other hand, dependent claims must be
read in conjunction with the claim they depend on [144].

According to Miyazawa and Osada, in the early stages of introducing a new product, the market
leader focuses on having multiple broad and independent patent claims to capture a wide audience
of innovative early adopters [145]. This strategy can secure a strong market share. On the other
hand, during the later stages, the market leader emphasizes a mix of total claims, including specific
dependent ones, to safeguard against competition and maintain dominance in a more mature

market. This patent claim strategy directly influences licensing by initially enabling targeted
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licensing of groundbreaking features and transitioning to comprehensive licensing as the market

evolves.

5.2.5Claim Depth

Claim depth is a method for measuring patent scope using semantic patent claim analysis
developed by Wittfoth [126]. This approach proposes a method for analyzing the interrelationships
between independent and dependent claims using semantic dependency analysis to establish a
patent scope indicator. The process involves several steps, including patent and claim
preprocessing, identification of independent and dependent claims, creation of a dependency list
for each claim, claim counting per dependency level, calculation of dependency depth, and its
subsequent normalization. Finally, the patent scope is computed, as illustrated in Figure 5.1. The
resulting normalized scope value falls within the range of 0 (narrow scope) to 1 (broad scope),

allowing for meaningful comparisons among different patents.

Identifying Creating a . .
independent and dependency list for Cgémélnr:j%ﬁ::alrlr;svgler
dependent claims each claim P y
Calculating the Normalizing the Calculating the
patent scope dependency depth dependency depth

Figure 5.1:Claim depth pipeline
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5.2.6First Claim Length

In a US patent application, it is essential to incorporate at least a single independent claim, as this
claim outlines the precise range of coverage being sought for the entire patent, particularly when
no subsequent independent claims are present [146].

The length of the first claim serves as another valid measure of patent scope. This claim
encapsulates the core of the invention and outlines its potential applications. The length of the first
claim can reflect the patented invention's simplicity and the patent claim's writing style [147].
Research by Kuhn and Thompson [123] indicates that, on average, longer claims tend to be
narrower than shorter ones. Longer claims often contain more specific details, which would
increase the risk of infringement if they were broader. Additionally, Okada et al. [148] found that
an increase in the number of elements limiting the scope of the patent right correlates with a
corresponding growth in the length of the claim. This correlation highlights the substantial
predictive capacity of claim breadth in assessing patent value, quantified by the reciprocal of claim

length.
5.2.7Simple Family Application Count

Patent families are a group of patents that are related to each other, stemming from a single original
patent application. These related patents can include both granted patents and pending patent
applications[149, 150]. Given the application, translation, and legal costs, the number of patent
families is worth considering as a proxy for technological power and, hence, protection boundaries
[52, 66]. This variable was mentioned to be a good estimator input for the model of Choi et al. [49]

and for Lee et al. [54] model. Kim et al. [29, 55] used the variable as a measure of market impact.
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Non-US Family Application Count

Non-US family patents are part of patent families that include multiple related filings in different
jurisdictions. The number of countries in which a given invention is protected is often used as a
measure of patent value[149]. The structure of international patent families reflects the patenting
strategies of innovators and the characteristics of different patent systems [151]. The count of

family outside the United States serves as an indicator of expanded market opportunities.

5.2.8US Family Independent Claims Count

Continuation and divisional filings allow patent applicants to file new patent applications related
to earlier filed applications, providing the benefit of the earlier filing dates. The written description
requirement is crucial in determining the patentability of these continuing applications [152]. The
proposed indicator, Family Independent Claims, is determined by the sum of independent claims

granted to US family members. The indicator can serve as a robust indicator of the patent breadth.

5.3 Methodology

The methodology section outlines a comprehensive approach, encompassing data collection,
processing, and analysis of diverse patent scope indicators through different statistical and data
visualization methods.
5.3.1Data Collection

Effective data collection is essential for informed decision-making and empirical analysis,
enabling the construction of meaningful insights and conclusions. We begin by identifying the
target group, followed by conducting our search.

The methodology starts with identifying the target group. The target group centered on robotics

and automation, specifically selecting manipulators and chambers equipped with manipulation
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devices falling within the B25J category in IPC or CPC subclasses. Furthermore, to cover the
digital data processing of the advanced robotics capabilities, we searched using the term "Robot*"
to explore patent document titles, abstracts, or claims and GO6F (electric digital data processing)
within IPC or CPC subclasses. Next, we identified the jurisdiction as the US patent office where
the sought-after patents have been granted. This choice narrows the focus to distinct regions.
Additionally, we designated the original assignee to be AUTM University Assignees. Lastly, we
restricted our scope to include only granted patents issued from 2001 to 2021. The data selected in
The AUTM University assignees are based on the database called STATT [153]. This database
contains historical data for 30 years for AUTM Assignees, including the assignee's name and
information about the technology transfer office of the assignees. The original Assignee is the
owner of the patent as written on the patent document [67].
The search terms.

((CPC_SUB_CLASS: B25J OR IPC_SUB CLASS: B25J OR ((CPC_SUB_CLASS:

GO6F OR IPC_SUB_CLASS: GO6F) AND TAC:(robot*))

AND AUTHORITY:(US)

AND PATENT _TYPE:(B)

AND AN:(AUTM). AUTM represents the list of the AUTM University Assignees

AND ISD:[20010101 TO 20211231]
We searched and retrieved data from the Patsnap website [67]. PatSnap Analytics is proficient in
conducting precise worldwide patent searches and analyzing patents. PatSnap delivers a
comprehensive IP analytics platform to aid businesses, researchers, and intellectual property
professionals in making well-informed decisions related to patents and innovation. Their extensive

database encompasses details from over 180 million global patent applications and 2.66 billion
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legal data sources [154]. Patsnap offers the capability to choose specific data for download, such

as publication numbers, claims, CPC, IPC, and simple family.

5.3.2Data Processing

Data processing and data cleaning are essential steps in analyzing data and making informed
decisions, especially within domains such as data science, ML, and other relevant fields. We
started with data cleaning by checking if there was a missing value. Google's patent website was
also used to check the values and copy the claims. Followed by removing the outliers.

The transformation and integration process involves data preprocessing to render it suitable for
analysis. The data information format is based on the content of the columns. Text data contains
strings as "str" or lists. We employed Python for data processing, visualization, and statistical
analysis.

For Text processing, first, we converted the text to a list. Each item represents a claim, and IPC
and CPC represent the classification. This initial stage assists in extracting information
individually, which will be subjected to subsequent processing.

Next, we identified which patents have licenses by looking for "License" in the "Legal Status &
Events” column. The resulting "licensed” column will assume a true value if the corresponding
entry in the "Legal Status & Events” column contains the term "License™ and is false otherwise.
Following this identification, the Boolean representation is transformed into numerical values,
where 1 signifies licensed, and 0 signifies unlicensed.

To extract the for IPC and CPCsubclass, we specifically focused on the first four digits. These
digits encompass the first character denoting the section, the second and third digits indicating the
class, and the fourth character representing the subclass. Subsequently, we eliminated any

duplicates from the extracted subclasses.
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For claim identification, we utilized text processing methods to split the claims into independent
and dependent claims. The pattern includes:

e Dependent claims contain one of the following words: "of claim”, "to claim”, "claims,” or

"claim".
e Independent claims do not contain the words: "of claim”, "to claim”, "claim”, "claim", or
"claims”.

Identifying the independent and dependent claims is required to perform the claim dependency
analysis and count the number of independent claims.
We used the len() function to return the number of items in the list to compute the Count Number
of Independent Claims represented as '‘Independent Claims_Count”, and the IPC and CPC
subclass as "IPC_4_Count™ , “CPC 4 Count” respectively for each patent.
For counting the Length of the First Independent Claim represented as *‘ind_word_count”. We
extracted the first independent claim from the independent claim list for each patent and used the
len() function to return the number of words.
The last measure we need to calculate is Claim Depth, represented as "*scope”. In this stage, we
performed three key steps: dependency analysis, calculating claim depth, and calculating the patent
scope. The dependency analysis method developed by Wittfoth [126] employs semantic analysis
to perform dependency analysis on patent claims. Dependency analysis includes examining the
relationships between different claims to understand how they depend on each other. In addition,
the claim depth is determined by assessing the hierarchical level of each claim in the entire patent
document. This step also involves evaluating the interdependencies among various clauses present
in the claims. By analyzing these dependencies, the claim depth provides insights into the layered

structure of claims. Therefore, this approach combines semantic analysis with dependency
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evaluation to calculate claim depth, revealing the claims' hierarchical arrangement and the
interplay between their components.

As an example, dependency analysis calculation is shown in Table 5.1. The table shows the matrix
dependency level for the claims and the total count for each level. Followed by the equation to

calculate the depth as presented in eq. 1 [126] and sample of calculation.

Table 5.1: Matrix for the sum calculation per dependency level for US7400108B2

Independent Claim | Subclaim Level 1 Subclaim Level 2

1

10

11

12

13

14

Total Count 2 11 1

(nIndependent + nMultiple) * 0 + nSubL1 * 1+..+nSubLn xn (1)

depth =
ep nClaims
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(240)*0+11*1+1%2

depth(US7400108B2) = —

=0.928571

The next step is to normalize the claim depth. This process involves standardizing claim depth
values, enabling seamless comparisons across different patent documents with varying numbers
of claims. By normalizing claim depths, we bring all the claims to a standard scale, making it easier
to compare and assess the relative depth of claims across different patents. The normalization helps
reduce noise caused by the varying number of claims and enhances the accuracy, fairness, and
meaningfulness of comparisons and analyses involving patent documents. It provides a
standardized metric that facilitates better understanding and evaluation of the complexity and
significance inherent in patent claims across various documents. Finally, calculate the patent
scope.

The patent scope we calculated based on adep and a max. adep as shown in Eq. (2) [126]
calculated based on the arctan of the depth from eq (1) over the total number of claims minus 1.
aMax presented in eq (3) [126] is the theoretical maximal depth patent. The calculation is based
on the arctan of the subclaim level multiplied by one over the (max subclaim levels) over the (max
subclaim level — 1). Finally, the patent scope

presented in eq (4) [126] is equal to 1 minus the divided adep over aMax.

depth (2)
adep = arctan (nclaims — 1)
YXilxa 3)
aMax = arctan a
a—1
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adep 4)
aMax

Patent Scope =1 —

a: subclaim level

depth: value calculated from Eq. (1)

nclaims: the total number of claims
The results for the given example patent, US7400108B2, were adep = 0.071307465, aMax =
0.982793723, and a Patent Scope of 0.927444119.
To establish family indicators, we initiated the process by converting the "simple family"” column
into a list and retaining only unique values. Subsequently, we acquired the unique family patent
application numbers, along with patent type, claims, and claim counts, from Patsnap [67]. For the
“family count”, we excluded data pertaining to U.S. applications and patents. We then calculated
the count of rows in the family data where the 'Publication Number' matches any value in the
family list.
Regarding the US Family Independent Claims Count, which is presented as “Family Ind Count,”
our approach involved first eliminating the application numbers from the simple family column if
included. From the family data, we removed non-U.S. data, retaining only granted U.S. patents.
Subsequently, we calculated the independent count of claims as previously done. Finally, we
computed the sum of the independent count of claims where the 'Publication Number' matches any

value in the family list, then added it to "Independent Claims_Count".
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5.3.3Statistical Tests

The characteristics of the data at hand determine the choice of the statistical method. This article's
dataset comprises binary outcome, while the suggested predictors are numerical—two statistical
tests employed to investigate the distinctions between the licensed and unlicensed groups.
The first selected statistical measure is the Point-biserial correlation coefficient (rp,). This metric
is akin to Pearson's product-moment correlation coefficient but is specifically suited for assessing
the correlation between a continuous variable and a naturally occurring dichotomous variable
[155]. This choice aligns with the inherent characteristics of our data, facilitating a meaningful
analysis of the relationship between these variables. The decision will be based on the rpp value:
there is no association (rpp < 0.1), poor (rpp = 0.1 to 0.14), acceptable (rpp = 0.15 to 0.19), good (rpn
= 0.2 10 0.29), and excellent (rpp > 0.30) [156-158].
The second statistical method commonly used to assess differences between the means of two
groups is the t-test. The hypotheses are:
e Null Hypothesis (HO): The two groups (e.g., licensed and unlicensed) have the same mean.
e Alternative Hypothesis (H1): The two groups do not have the same mean.
The tests assume the null hypothesis is true. If the resulting p-value is below a predetermined
significance level (often 0.05), the null hypothesis is rejected, indicating evidence the licensed and
unlicensed groups do not have the same mean. Conversely, if the p-value is above the significance
level, there is insufficient evidence to reject the null hypothesis, suggesting both groups have the

same meaning.
5.4 Results and Discussions

After loading and cleaning the data, 289 patents were found within the robotics and automation

field granted to the AUTM assignees. Licensed patents represent 26.3% of these and unlicensed
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73.3%. Figure 5.2 illustrates a bar chart of the number of licensed and unlicensed patents and a pie

chart with the proportion of licensed and unlicensed patents.
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Figure 5.2: License and unlicensed patent proportion

To have a quick insight into measures correlation and patterns. Scatter plots and histograms
illustrated relationships and distributions among the measures, as shown in Figure 5.3. Points on
scatter plots show measurement connections, while histograms reveal individual measure
distributions. Colors distinguish data points by their 'licensed status.

A positive relationship was indicated between the count of claims and the number of independent
claims. The correlation implies that as the count of independent claims increases, the overall count
of claims also tends to rise. This correlation is based on the fact that the count of claims includes

both dependent and independent claims, with each independent claim potentially having multiple
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dependent claims. In addition, a positive relation is also presented between the number of
independent claims and Family Ind Count. On the other hand, there is no correlation between the
other scope measures. As can be observed in Figure 5.3, we notice that the distribution for both
groups, licensed and licensed, looks the same except for the independent claim count Figure 5.3
(c-3). In section 4.2, we tested if there was a significant difference in the distribution using the T-

test.
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Figure 5.3: Correlations between measures (Blue: unlicensed, Orange: licensed)
5.4.1Descriptive Statistics Results

Basic Statistics for licensed and unlicensed patent groups are presented in Table 5.2: Descriptive
statistics for licensed and unlicensed patents. The "Licensed" group has a higher mean number of

independent claims (2.91) compared to the "Unlicensed" group (2.53). Additionally, the standard
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deviation for "Licensed" (1.65) is greater than that of "Unlicensed" (1.29), suggesting greater
variability in the former. The maximum value in "Licensed" (10) is significantly higher than
"Unlicensed" (7). These measures indicate distinct characteristics in the mean of independent
claims between the two groups, providing valuable insights and matching what was mentioned
previously by Miyazawa and Osada [145] that the early adopter stage has more independent claims

in the category of a product for sale.

Table 5.2: Descriptive statistics for licensed and unlicensed patents
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25% 0 0
50% 1 0
75% 3 1
max 32 21

The Count of Claims has a slightly higher mean (20.91) for the "licensed" group compared to the

"unlicensed” group (19.62), indicating that, on average, patents in the licensed group tend to have

more total claims. “licensed” group have a slightly higher (50th percentile) median values (20)

“unlicensed” group median is (19).

The presented results align well with the requirement that no additional fees are needed for patents

with total claims less than or equal to 20 and independent claims less than or equal to 3. Most

patents in the "Unlicensed” and "Licensed™ groups fall below these claim limits, indicating that

most cases would not incur extra fees. However, some "Licensed” patents have higher claim
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counts, potentially suggesting that additional claims might enhance their licensing potential,
warranting extra fees in such cases. The statistics support that most patents adhere to the claim
limits, but certain patents may benefit from additional claims to improve their licensing prospects.
This finding is also supported in the studies conducted by Huang et al. and Choi et al. [49, 51],
which demonstrate that the count of claims is not a pivotal predictor for patent licensing prediction.
IPC_4 Count mean values for both groups exhibit close proximity, standing at 2.58 for the
"licensed"” group and 2.72 for the "unlicensed" group. This proximity suggests a similarity in the
average number of patents encompassing the same IPC_4 subclass count across both groups. With
a relatively low standard deviation for each group, the distribution of patents across the IPC_4
subclass displays a moderate degree of consistency for both groups aligned at 2 (same median
values), indicating a consistent central value for patents covering IPC_4 subclass across the two
categories. These outcomes deviate from prior research findings [49, 51, 53, 55, 57, 58], which
emphasized the significance of this metric in predicting licensing potential.

Count of IPC mean values for "licensed" (4.99) for the " unlicensed " (5.41). Both groups have
relatively moderate standard deviation for "licensed” (3.57) and (3.10) for " unlicensed " group.
The distribution of patents across the Count of IPC displays a moderate degree of consistency for
both groups aligned at 3 (same median values), indicating a consistent central value for patents
covering Count of IPC subclass across the two categories.

On the contrasting side, the mean “Count of CPC” is notably higher for the “unlicensed” group
(11.62) in comparison to the licensed group, with a mean of 9.7. This discrepancy surpasses that
observed in the “Count of IPC”. The results exhibit substantial variability, as evidenced by the

standard deviations of 9.18 and 6.85 for the “unlicensed” and “licensed” groups, respectively.
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The 50% value for the “unlicensed” group (9) is marginally higher than that for the “/icensed”
group (8.5), suggesting a prevailing higher “Count of CPC” in general.

Furthermore, it is worth noting that a higher “Count of CPC” appears to be negatively correlated
with the likelihood of being licensed. This is discerned by the expectation that a greater “Count of
CPC” is associated with a lower likelihood of being licensed. This observation is supported by the
75th percentile values, where the “unlicensed” group exhibits a higher value of 17, while the
“licensed” group has a lower value of 13. The Count of CPC may serve as a more effective
indicator when compared to the Count of IPC.

The "CPC_4 Count" shows that the mean is higher for the "Unlicensed" group (3.31) compared
to the "Licensed" group (2.96). The standard deviation is wider for "Unlicensed” (1.7) than for
"Licensed" (1.35). The maximum is 12 for "Unlicensed" and 7 for "Licensed.” In summary, the
"CPC_4_Count" tends to be higher and more variable in the "Unlicensed"” group.

The outcomes of the scope analysis reveal elevated values for both groups, with the same mean
values hovering at approximately 0.91. These results underscore that most patents within both
groups exhibit profound dependencies, nearly approaching the maximal achievable value of 1,
meaning that the patents have a broad scope—relatively low variability. The standard deviation
for the “licensed” group is (0.06), whereas the unlicensed group has a higher standard deviation
(0.2); this indicates a tight clustering of scope around their respective means. Interestingly, the
minimum and 25th percentile (0.89), median, and 75" (0.95) percentile values also closely
approach the maximum value of 1. The max value (1) means that there are no dependent claims.
The statistical summary of the initial independent claim length presents the following insights. The
"Unlicensed™ group exhibits a slightly lower mean length at 176.87 words than the "Licensed"

group's mean length of 181.84 words. Both groups show certain variability, as indicated by their
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standard deviations of 92.68 and 79.55, respectively. Looking at the lower range, the minimum,
and 25th percentile lengths suggest that both groups encompass patents featuring relatively concise
first independent claims, with the "Licensed” group demonstrating a slightly smaller minimum
length of 46 words in contrast to the “Unlicensed” group’s 52 words. On the other hand, the median
and 75" percentile values shed light on a prevailing trend: most patents across both groups
showcase moderately extensive to substantial lengths for their first independent claims.

In terms of “Family Ind Count,” unlicensed cases exhibit an average of 4.31 family individuals,
with a broader distribution indicated by a standard deviation of 4.71. In contrast, licensed cases
have a slightly higher average of 4.62 family individuals and a lower standard deviation of 3.37,
suggesting less variability. The range of family sizes spans from a minimum of 1 to a maximum
of 45 for unlicensed cases and 18 for licensed cases. The median values, representing the central
tendencies, are 3 for both unlicensed and licensed cases, underscoring the prevalence of cases with

this family size.

The “Simple Family Application Count” statistics reveal differences between “unlicensed” and
‘licensed’ groups. On average, ‘unlicensed’ has a higher mean (4.84) compared to ‘licensed’
(4.21). Both groups have high variability, with higher variability for the “unlicensed” group (5.82
vs. 5.55). Both groups share a minimum count of 1, which is mean that there is no other application
or patent related to this patent, and the median is 3 for “unlicensed” and 2 for “licensed”. The 75th
percentile shows that 75% of “unlicensed” have a count of 5 or below, while for “licensed”, it's 4

or below.

The 'Family Count’ shows that the mean for the “unlicensed” group is slightly higher (2.59) than
the “licensed” group (2.14). Both groups display considerable variability, indicated by high

standard deviations (4.75 and 4.64, respectively). The minimum “family count” is 0 in both
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groups, suggesting instances with no patent application outside the US. The median is 1 for
“unlicensed” and 0 for “licensed”, and the 75th percentile is 3 for “unlicensed” and 1 for
‘licensed.” The observed outcome may stem from difficulties in the international
commercialization of patents, which may arise from challenges in aligning policies between
international investment agreements and the policy choices of involved parties concerning the
management of technology transfer obligations [159]. Furthermore, the complexity lies in
universities' challenges in pinpointing suitable companies for particular technologies and

scientists' difficulties in identifying and locating technologies of interest [160].

5.4.2 Statistic Tests Results

The point-biserial correlation coefficient was employed to assess the relationship between
predictors and patent licensing outcomes. The results, detailed in Table 5.3: Statistical test results,
“Independent Claims Count,” appear to have the most notable associations with licensing status,
with values of 0.12. This rpp value represents that there is a correlation, and needs more
investigation. The t-test results with a p-value of 0.041 show that the independent claim counts
mean of "licensed"” and "unlicensed" groups are significantly different.

In contrast, the variable " Count of CPC" has a rpp value that falls in the poor range and needs more
investigation. The results of the t-test (0.097) indicate that there is no statistically significant
difference in the mean values between the "licensed” and "unlicensed” groups concerning the
"Count of CPC" and patent licensing. It is noteworthy that, at 0.05 level of significance, we fail to
reject the null hypothesis. However, it's crucial to mention that, under a more lenient significance
level of 0.1 (using 90% confidence interval), the observed non-significance may be deemed

acceptable.
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For the “scope,” “ind word count,” “Count of Claims,”““Family Ind Count,” “IPC 4 Count,”
“Count of IPC,” “CPC 4 Count, ” “Simple Family Application Count,” and “Family Count”
the rpp values are all below 0.1, indicating no significant correlation. Specifically, the rp, values
are 0.02, 0.02, 0.06, 0.03, -0.04, -0.05, -0.09, -0.05, and -0.03, respectively. These relatively low
rpb Values imply that these indicators do not substantially influence the licensing status of patents
within the provided dataset. Furthermore, the t-test outcomes show a lack of substantial mean
difference. They all yield p-values exceeding 0.05, signifying that the mean does not exhibit
significant differences between the "licensed™” and "unlicensed" groups.

Table 5.3: Statistical test results

Predictor Point-biserial correlation | t-test p-value
coefficient
scope 0.02 0.785
ind_word_count 0.02 0.678
Independent Claims_Count 0.12 0.041
Count of Claims 0.06 0.334
Family Ind Count 0.03 0.594
IPC_4_Count -0.04 0.467
Count of IPC -0.05 0.362
CPC_4 Count -0.09 0.112
Count of CPC -0.1 0.097
Simple Family Application Count | -0.05 0.417
Family Count -0.04 0.479

Both tests consistently affirm "Independent Claims_Count™ as the good predictor for the licensing

prediction model.
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5.5 Summary

The findings of this study hold promising implications for the realms of robotics and automation
patents granted to AUTM University assignees. Notably, the proportion of patents issued for
licensing is 26.1% of the overall patents granted. This study focused on technology transfers within
these domains, demonstrating that independent claims counts are a good predictive factor within
the patent licensing prediction model. Notably, the methodology adaptability extends to evaluating
diverse patent metrics and assignee factors.

This study emphasizes the critical role of selecting suitable predictors from patent data and
enhancing decision-making in intellectual property management and licensing strategies.
Particularly noteworthy is the essential role played by the number of independent claims.
Nevertheless, future endeavors should extend this analysis to encompass various technological
fields and assignee groups, exploring new predictors. A more expansive investigation is poised to
provide a comprehensive understanding of patent licensing outcomes across different domains,
ultimately enhancing strategic decision-making and augmenting the worth of intellectual property
assets.

The data analysis indicates the potency of the independent claims counts as a good predictor within
the patent licensing model. This association is supported by both the point-biserial correlation
coefficient and the t-tests. In contrast, variables such as Count of Claims, IPC and CPC count and
subclass count, scope, first claim length, Simple Family Application, non US family count, and
the family independent count exhibit no significant linkage with licensing status.

This article highlights the variability of patent licensing predictors contingent on the technological

landscape and the assignee group involved. The significance of this research lies in identifying
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effective predictors for patent scope in a specific technological field, along with the versatile
application of the same methodology for evaluating diverse predictors across different contexts.
Finally, it is essential to acknowledge a limitation in our study's scope, which centers exclusively
on technology transfers in robotics and automation within AUTM university assignees. While
these insights offer value within this context, generalizing the findings to other technological fields
or assignee groups should be done cautiously.

In conclusion, our research results highlight the significance of independent claim counts as a
pivotal predictor in patent licensing, particularly within the robotics and automation field. The
main contributions lie in its potential to inform intellectual property management strategies and
highlight the role of specific predictors in different technological contexts. As research progresses,
a more comprehensive understanding of patent licensing dynamics across diverse fields will

undoubtedly enhance decision-making and maximize the value of intellectual property.
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Chapter 6. University Technology Transfer Predictive Modeling

Efficient technology transfer is crucial for successfully commercializing inventions, generating
billions of dollars in licensing revenue annually. This research addresses the need for improved
efficiency within technology transfer offices by developing a supervised machine learning
classification model to predict patent licensing success. The feature selection was based on data
on robotics and automation technology, and we used logistic regression. The predictor variables
are forward citations, independent claims count, similar patents, backward citation, technology
transfer success rate, and inventor experience. The selected technologies to test the model's validity
were robotics and automation, image processing, and additive manufacturing. The model achieved
consistent performance metrics across all three datasets, particularly in predicting success within
robotics and automation, which aligned with the dataset used for exploratory data analysis and
variable selection. Key variables that significantly influence the model are the forward citations
representing the external recognition in licensing success and the technology transfer office's
success rate emphasizing the role of technology transfer offices over the three technologies. The
inventor's experience is also a critical factor in licensing success and the backward citation for
image processing and robotics technologies. The results also show that even though we used the
same predictor variables to build the models for all the technologies. These variables influence
each model differently, meaning each technology has its characteristics that need to be investigated

and considered.
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6.1 Introduction

The university technology transfer process includes identifying, protecting, and marketing the
university research output to transfer these into business opportunities and generate money [161].
The TTO is a unit established by universities and organizations to facilitate ideas and investment

flow, including patent licensing [121, 161].

Technology transfer is critical for the commercialization of inventions, with billions of dollars in
licensing revenue generated annually [36]. Nevertheless, the process from disclosure to
commercialization is resource-intensive and faces substantial challenges. Some of these challenges
relate to technology, which is complex and embedded in knowledge, compositions, and complex
operations. In addition, challenges include the interactive context of the process, such as inefficient

cooperation and communication between TTO and technology recipients [162].

On average, the time allocated to a successful invention within a TTO is evenly divided, with
approximately half of the efforts dedicated to post-patent activities. The post-patent activities
focused on commercialization take priority, encompassing negotiations and drafting licenses,

alongside subsequent responsibilities such as monitoring and enforcing license contracts [163].

Surprisingly, 90% of United States patents remain unlicensed [37], including many high-quality
patented inventions developed by universities. Consequently, approximately $5 trillion spent on
research and development in the US in the past two decades has led to unlicensed patents [38].
Because of all the previous reasons, TTOs have financial difficulties, with over half operating at a
loss and only 16% self-sustaining [39]. Universities' TTO is no exception, as most universities fail

to secure a positive net income from their intellectual property [164].
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Previous studies have limited consideration of the role of TTOs in predictor models. Additionally,
to the best of my knowledge, none of the existing studies have considered any predictors related
to the inventor's experience. Thus, this study introduces a model with novel predictors to classify

licensing outcomes specifically within the Automation and Robotics sector for University TTOs.

The rest of this chapter is organized into four sections. Section 6.2 presents the literature review.
Section 6.3 outlines the methodology, including the predictor definitions, data collection and
analysis, and the development and validation of the prediction model. Section 6.4 shows the results

and discussions. The last section 6.5, presents the summary.

6.2 Literature Review

To investigate the relationships between different variables and their impact on patent licensing.
Choi et al. [49] conducted a patent analysis using 21 variables: applicant affiliation, time,
Backward citations, Forward citations, Number of claims, number of inventors, and more. They
employed Social Network Analysis (SNA), regression analysis, and decision tree modeling to
analyze the data. Their research creates a general model that includes all types of institutions
(nation research institute, public university, private university, collaborative research, country). In
addition, Choi et al. [49] have a model for each type. The patent's novelty was the most significant
influence on the public university model. For the private university model, the results showed that
the most critical transfer nodes are the number of family countries, followed by the degree of the
rights or the number of inventors, and then the time between the expiry date and the registered date

or number of backward citations within domestic patents.

In the patent-based analysis of Huang et al. [51], their research focused on the data for the TFT-

LCD technology. The methodology they used was the Multivariate probit model. The input
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variables considered various aspects of collaboration, knowledge, and legal protection in the
context of patents. Their results show that assignee count, inventor counts, assignee country,

backward citation, foreword citation, IPC count, and generality index influence the model.

In the study by Lee et al. [54], an ensemble modeling approach was employed to predict technology
transfer using patent data for ML from the World Intellectual Property Services. The input
variables included backward citations, period, claims count, family patent count, family country
count, patent references, non-patent references, ownership transfer, and technology topic. Their
study used Latent Dirichlet Allocation (LDA) to extract the technology topics, which were then
integrated into different modeling ML algorithms, such as AdaBoost (AB), were used. Their
findings revealed that incorporating technology topics extracted by LDA improved the predictive
model's performance. Specifically, the AB Algorithm outperformed K-nearest neighbors (KNN),
Support Vector Machine (SVM), and Neural Networks (NN) in accuracy, sensitivity, and

specificity, indicating its efficacy in predicting patent-related outcomes.

In their work, Lin et al. [53] developed an intelligent classifier to analyze US pharmaceutical
patents sourced from universities and colleges. The model focused on effectively identifying
unlicensed patents within the pharmaceutical domain. The study used SVM as the classification
methodology for the input variables such as assignee forward citations, IPC count, period, family
countries count, forward citations, number of claims, and therapeutic indications. Results indicated
that the classifier exhibited notable efficacy, particularly in its ability to discern unlicensed patents.
Their model showcased satisfactory accuracy, signifying its capability to classify patents

accurately, thus holding promise for enhancing patent analysis within the pharmaceutical sector.

In a study by Kim & Geum [52], they investigated the efficacy of various ML classifiers in

predicting outcomes within the patents granted by the United States Patent and Trademark Office
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(USPTO) and classification under G06Q (Information and Communication Technology [ICT]
adapted for promoting, managing, practicing commercial, or financial activities [165]). Their
model has ten variables, including patent-related variables such as forward citations, backward
citations, similar patents, claims count, family patent count, and various assignee-related metrics,
including backward citations, forward citations, family patent count, patent transfers, and similar
patent transfers. The authors employed several ML techniques. Their findings revealed that
Random Forest (RF) yielded the highest predictive performance, contrasting with Naive Bayes
(NB), which exhibited the least effectiveness. Assignee-forward citations emerged as the most
influential predictor. In contrast, other variables such as assignee similar patent transfers, assignee
backward citations, assignee family patent count, and forward citations were identified as

significant contributors to prediction accuracy.

The research of Kim et al. [29] examined the dynamics of technology commercialization patents
of vascular surgery robots registered in the USPTO. The research focused on predicting technology
commercialization outcomes. The study incorporated input variables such as expiration time,
backward citations, forward citations, number of claims, number of inventors, family count, and
family country count. Employing the Decision Tree (DT) Methodology, the findings underscored
the significance of applicant rank (number of patents) in influencing technology commercialization

within the domain.

In their recent study of Kim et al. [55], the authors explore the application of Al techniques within
the domain of US patents, focusing on Al. Utilizing data sourced from the USPTO, the study
incorporates an extensive array of input variables ranging from period, claim count, assignees
count, and inventors count to various patent-related metrics such as backward citation, forward

citation, family country count, family patent count, solo patent, standard patent, and litigation.
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Employing advanced methodologies including but not limited to BERT, Deeplnsight,
Convolutional Neural Networks (CNN), RF, and AB, their study investigates the effectiveness of
models trained with and without image data. Their findings reveal that models trained solely with
non-image data outperform those incorporating image data, with RF exhibiting higher accuracy,
AB showing the best precision, and CNN achieving the best recall and F1 score. Moreover, the
study highlights the efficacy of Random Oversampling (RS) techniques compared to Synthetic
Minority Oversampling (SMOTE). It underscores the advantage of employing

ImageDataGenerator to train CNN models, which outperforms the accuracy of the original model.

6.3 Methodology

Chapter 6. methodology is structured around several critical subsections to facilitate a thorough
examination of my research objectives. Firstly, the predictor definitions section serves as a
foundational component, encompassing a comprehensive exploration of key predictors such
as Forward Citations, Similar Patents, Independent Claims, Backward Citations, Technology
Transfer Office Effectiveness, and Inventor Experience. This segment establishes the
framework for subsequent analyses, clarifying the variables under scrutiny. Following this, the
Data Collection phase outlines a systematic approach | employed to gather pertinent
information, ensuring the inclusion of diverse and representative datasets. Subsequently, the
Data Processing stage elucidates the methods | utilized to organize, clean, and prepare the
collected data for analysis, ensuring accuracy and reliability. The Prediction Model and
Validation section then details the development and assessment of predictive models,

employing rigorous methodologies to evaluate model performance and validate results.
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Together, these subsections form a framework that guides the research process, enabling a

comprehensive exploration of my research questions and providing insightful conclusions.

6.3.1Predictors Definitions

The model has six predictors: forward citations, similar patents, independent claims count,

backward citations, TTO success rate, and inventor experience.

As mentioned in section 2.5.2, highly cited patents can be considered technological leaders, are
more likely to be traded, and have a higher value [49, 50, 52, 63]. The count of forward citations
increases over time. However, since the period between patent publication and issue date varies,
preprocessing is required before it can be effectively used. The target is to count the forward
citations before the patent issue year. The forward citation variable “FW_C” equals the count of
forward citations calculated each year and normalized by the total forward citations in the field.

The maximum value across these years represents the highest impact, as shown in equation 6.1.

FW_C = max FW_ij/TFW_j 6.1)

FW_C: Forward citation variable
FWi: The count of forward citation for patent i in year j
TFW;: The count of forward citations for patents in this field in year j

TTO will patent an invention for several reasons. One reason is that the technology has favorable
market prospects [163]. Patents serve diverse purposes, covering various applications. The number
of similar patents in the field helps to understand and indicate the market's size. For example, TTO
may choose to patent an invention not only to secure investment for further development but also

to establish themselves as industry pioneers, deter potential infringers, and facilitate technology
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transfer through licensing agreements. Thus, the number of similar patents in the field helps to
understand and indicate the market's size. In addition, it can be used to measure the knowledge
accumulation [52]. In this research, | use the number of patents issued and active five years prior
to the issue date and share at least 50% of the similar technical characteristics to measure the
market size. The CPC subclass will identify the technical characteristics. These similar patents
provide an overview of the markets with comparable technological features. In my study, |

represent this variable using the acronym “Act Sim”.

The patent claims represent the fundamental component of every patent document [126]. There
are two claims categories: independent and dependent. Independent Claims Count was clarified in
section 5.2.4. The number of independent claims will be presented as “Ind_Claims” and used to
demonstrate the patent's scope.

Backward citations are defined in section 2.5.1, which contains the total number of cited patents
in the prior art in a patent [51]. For example, a higher number of backward citations generally
indicates that the patented invention is more innovative and influential within its field,
demonstrating its significance and potential for future development or commercialization. The

backward citations variable in my research is represented as “BW.”

The primary mission of the university TTO is to protect inventions and license technologies [166].
The skills and expertise of TTO staff directly impact the technology transfer process of 14.0
technologies [121]. The number of license and option agreements counted as one of the basic
measures of the performance of TTO [167]. The measures related to licensing provide information
about how many patents were licensed by the TTO [168]. In my study, TTO will be evaluated
through the ratio of licensed patents to the total number of patents granted in the respective field.

| present this variable as "Assignee_Rate."
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Universities' technological inventors are primarily engaged in scientific research. These inventors
often do not have experience steering the technology market, making it challenging to rapidly
reach agreements on transactional specifics [169]. Collaboration and cooperation between
inventors and TTOs are essential for successful commercialization, as a substantial percentage of
licensed inventions require inventor involvement [170, 171]. TTO understands the inventors'
important role in the commercialization process, where one of the reasons that TTO will patent an
invention is the faculty inventor's experience in invention commercialization, especially the
inventors' good track record of previously marketed inventions [163]. In my research, | utilize a
binary metric to describe the presence or absence of prior experience among inventors in licensing

patents. This variable is presented as "Inv_exp".

6.3.2Data Collection

Efficient data collection is a cornerstone for making well-informed decisions and conducting
empirical analyses, facilitating the development of valuable insights and conclusions. The process

commences with determining the target group, after which I execute the search.

In addition to the data set I have in Chapter 5 for robotics and automation, two more datasets were
collected: GO6T: Image Processing and B33Y: Additive Manufacturing. | will use the same
methodology for data collection. The only difference in selecting is identifying the CPC and IPC

subclass terms.
Image Processing Dataset: CPC_SUB_CLASS: GO6T OR IPC_SUB_CLASS: GO6T

Additive Manufacturing Dataset: CPC_SUB_CLASS: B33Y OR IPC_SUB_CLASS:

B33Y
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6.3.3Data Processing

Data processing and cleaning are essential in analyzing data and making informed decisions,
especially within data science and ML domains. | started with data cleaning by checking if there
were any missing values.

The first step is to identify the licensed patents by looking for "License"” in the "Legal Status &
Events"” column. The resulting "licensed"” column will return a true value if the corresponding entry
in the "Legal Status & Events"” column contains the term "License™ and false otherwise. Following
this identification, the Boolean representation is transformed into numerical values, where 1
signifies licensed, and 0 indicates unlicensed.

The transformation and integration process involves data preprocessing to render it suitable for
analysis. The data information format is based on the content of the columns. I used Python version
(3.9.7) for data processing, visualization, and statistical analysis. | used several Python packages,
including Pandas, NumPy, Matplotlib, and Seaborn.

The first step is to convert the "str" to list for Cited by Patents, CPC, Claims, Standardized
Original Assignee(Applicant), and Inventor name. In addition, the issue, application, publication,
and expiry date transformed from the "str" to DateTime format. Patnap provides all these columns.
In addition, the "BW" Count is also provided by Patsnap as "Count of Cites Patents." Data binning
is used to solve the issue of data fluctuations for "BW",

To calculate the "FW_C," convert the items in Cited by Patents citation entries into individual
elements by exploding the data frame. Subsequently, each cited patent's application date is
identified, representing the citation date. Following this, I only select citations before the patent's
issue date. Next, | calculate the count of citations for each year preceding the issue date by

grouping citations based on their application dates and tallying the number of citations for each
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year. The citation counts obtained for each year are normalized by dividing them by the total
number of forward citations in the respective field. Finally, 1 select the maximum normalized

citation.

To calculate "Act_Sim," | used CPC. My main focus is to extract the CPC subclass, represented in
the first four digits, and eliminate any duplicates from the extracted subclasses. Then, I used the
Jaccard similarity score for patents based on their CPC subclass codes. | search for similar patents
issued and active within a five-year window in the US before the given issue year is selected. Then,
| calculate the similarity scores between the CPC subclass codes of the target patent and those of
the patents in the filtered five-year window. Finally, my code counts the similarity scores
exceeding a threshold (0.5).
For "Ind_Claims", a text processing method is used to identify the independent claims :

e Independent claims do not contain words: "of claim™, "to claim", "claim”, "claim", or

"claims".

To calculate the "Assignee Rate,” the first step is to match the Standardized Original
Assignee(Applicant) with the institution in the STATT database and return the institution ID. |
used the process from the rapidfuzz package to do the match and manually checked to validate the
result. 1 used the five-year window for the number of patents issued and licensed for each 1D

calculation. Then, the "Assignee_Rate" is calculated from the number of patents licensed over the

total number of patent issues.

The "Inv_exp" predictor is derived from the 'Inventor Name' column. Initially, | generate binary
indicators for each unique inventor's name to signify the presence or absence of patent licensing.
These binary indicators are then summed across rows, considering any specified success

indicators. If the cumulative sum for an inventor is equal to or greater than one, it indicates
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previous experience in patent licensing, and the "Inv_exp™ value for that inventor is set to one;
otherwise, it is set to zero. This binary outcome indicates an inventor's prior experience in patent

licensing within the dataset.

6.3.4Prediction Model and Validation

In this study | use a supervised ML classification algorithm, the Logistic Regression (LR). LR
aims to predict class (categorical) labels, such as licensed or not licensed for a patent. Binary values
represent these categories numerically [172, 173] (1: licensed, 0: not licensed). My model seeks to
understand the relationship between the variables and the outcomes and the ability to interpret the
data [173].

Data classification is a two-step process consisting of a learning step (where a classification model
is constructed) and a classification step (where the model is used to predict class labels for given
data) [172].

The first step is to prepare the dataset for modeling by separating the features from the target
variable, where "licensed"” denotes the target variable. Next, | split the dataset into training and test
sets. Random Oversampling will be used to solve the class imbalance issue. This technique

involved oversampling the minority class instances randomly to balance the class distribution.

Next, the logistic regression pipeline consists of two main steps: data scaling and LR classification.
This pipeline served as the classification model. Following the pipeline setup, | specified a
Stratified K-Fold Cross-Validation strategy with five splits. This approach ensured thorough

shuffling for robustness during model evaluation.

To evaluate the performance of the classification model, | defined scoring metrics, including
precision, recall, F1 score, specificity, and accuracy. These metrics provided comprehensive
insights into the model's performance across various aspects of classification accuracy. The

model's performance under different conditions ensures strength and generalizability.
Precision measures the model's performance to correctly classify the positive samples within all
of them classified as positive. Recall is defined by the ratio of the true positive over the true

positive and false negative. F1 measures the harmonic average of precision and recall. Specificity
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indicates the ratio of the correctly identified negative samples over the samples classified as
negative by the model [53]. In addition to the previous measures, | use accuracy to assess the
overall performance; this measure is considered true positive and true negative over all instances

[54]. All the performance measures are presented in Table 6.1.

Table 6.1: Model performance measures equations

Measure Equation
.. TP
Precision m
TP
Recall S —
TP+ FN
F1 2 * Recall * Precision
Recall + Precision
e TN
Specificity FPETN
TP+ TN
Accuracy

TP+ FP+TN+FN

TP: True Positive, FP: False Positive, TN: True Negative, FN: False Negative

6.4 Results and Discussions

To highlight the LR predictors and examine how these variables may influence licensing status, |
need to explore their underlying structure and identify the predictors for LR. The first step is to
investigate the correlation between the variables. All of my analysis is based on the Robotics and
Automation dataset benchmark. The reason is having a high correlation between predictor
variables can pose challenges for LR. Moreover, by focusing on a single benchmark dataset, | can
control for variations in data quality, measurement techniques, and subject matter expertise, thus

enhancing the reliability and validity of my analysis. The pairplot visualization presented in Figure
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6.1 offers an overview examination of the relationships between variables in the dataset. | plotted

graphs for each of the variable correlations against every other variable.

Upon thorough inspection of the pair plot, there is a lack of correlation between the variables. The
scatter plots exhibit randomness or lack a discernible trend, indicating no linear relationships

between the factors.

Upon thorough inspection of the pair plot, there is a lack of correlation between the variables. The
scatter plots exhibit randomness or lack a discernible trend, indicating no linear relationships
between the factors. With orange | illustrate the licensed groups, and with blue the unlicensed
groups. The pair plot indicates a comparative analysis of the distributions and relationships
between variables within the output for each group. This functionality enables us to evaluate
whether there are any noticeable differences in patterns or distributions based on licensing status,

which is crucial for understanding the impact of this variable on the output “licensed”.

98



(a-1) (a-2) (a-3) (a-4) (a-5) (a-6)
1500

. . . 0
. . . . .
. . . . .
@ S o o e *o 8 . &
1000 s *s s ige .
£ 3 fo 0% .t :i:i. . i H H TR
2 . HE §58cace H é IR
2 s00 ;l‘ *. = b : H i.
A g0 o, figes § ; i HI
¥ 1o 2 1HIR g THITOR
e e 0 H H H ]
0 wEh, R ST : g HE TR
(b-1) (b-2) (b-3) (b-4) (b-5) (b-6)
06 . . L .y . " ki Te
. . . . .
® . . s . . . .
%) 04
[ e e . . . . .o
£ ‘. ) o ] .
02 ® e e . . . .
. g e,54, Y . o H ] it .
B, T TP THHI P THMW
. . & - . .
o0 | Gnnteihis % iE5sads § R EEERE ! i HEHHE
(c-1) (c-2) (c-3) (c-4) (c-5) (c-6)
10 aniee oo e L s L ] . . L] sesse o
o 08 -‘3-. * l;" .o !. * i H .:n .
] &% . Cw o LR RIS H N 25 |
o b:) g $ . H :
o 08 A ;.' [ ooz . H ] 828
2 @ ove Fwo ae . r H H H L .
504 %0 8, . s § §%e
3 3.: s e os [ . H -;-
o . P ] . . a8
02 (N . S . : " H e
sl e Seefasd : . gfgel
00 OeNEs S)sre o -onen s L * e 00000 L] . sscesne o
licensed
(d-1) (d-2) (d-3) (d-4) (d-5) (d-6) e 0
e @ o8 o @neres . swresscss s o . ) ssss e 1
6 - . . oo oe . . LR
o 000 o0 L) (T oo . . esesee o
24 @ses sane - e . sssen s o o . . sssss o
oneae  ein oo wew o . comennie o . . sscssse
2 enieer eene oe emer o0 e e ese o . . (RN ]
samam ewse o wmere swme were o . ) XXX K] (X
(e-1) (e-2) (e-3) (e-4) (e-5) (e-6)
1.0 @ @ons ene oo @ o e o cscmessr ¢ 0000 cesee . sses o
08
206
i
E 04
02
0.0 @A) GNP 8S osese s o & S U@N®) s0e88 & R R B B B ] sesssse oo
(1) (-2) (f-3) (-4) (f-5) (-6)
10 . . L . L]
. . . .
8
E o o e o o . eeo e .
T 6 o . @ o . . e es e . .
S s s o0 o sss . sss e .
24 w aier ® te e se v o o se e o . .
- oo s e wmn ee .. scsman s o IR . .
2 onese e * e wmeer o o oo sueee emenr @ [N RN N] L} .
onme) ssen oserer e comwenm o CRICR N . .
-500 0 500 1000 1500 000 025 050 075 05 00 05 1.0 1.5 00 25 50 75 05 00 05 10 15 0 5 10
Act_Sim FW_C Assignee_Rate BW Inv_exp Ind_Claims

Figure 6.1: Variables pair plot

To validate and evaluate the performance of the classification model. The models will be trained
and tested for three distinct datasets—Robotics and Automation, Image Processing, and Additive
Manufacturing.

A general overview of datasets and patent-licensed percentages for Image Processing and Additive

Manufacturing is illustrated in Figure 6.2 and Figure 6.3, respectively. There are differences in
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the presence of licensed patents. In the image processing dataset of 1541 patents, 406 were licensed
(26.3%), while in the additive manufacturing dataset of 305 patents, 113 were licensed (37.0%).
However, for the Robotics and Automation dataset, the licensed patents represent 26.3%, the same
percentage as the Image processing. Nevertheless, the dataset for Image processing is much bigger.
These findings highlight variations in licensing between the different technologies, suggesting

potential differences in regulatory requirements or intellectual property practices.
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Figure 6.2: Image processing dataset and licensing percentage.
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Figure 6.3: Additive manufacturing dataset and licensing percentage.

To validate and evaluate the performance of the classification model, | developed a model for each
technology using the selected predictors. The model performance results are shown in Table 6.2.
The precision scores for the Robotics and Automation Robotics dataset, Image Processing Model,
and Additive Manufacturing dataset were 0.77, 0.67, and 0.71, respectively, indicating sufficient
accuracy in correctly identifying positive instances within the Robotics and Automation Robotics
dataset. However, precision scores for the Image Processing and Additive Manufacturing datasets
were slightly lower, indicating a slightly lower accuracy in these domains.

Furthermore, the recall scores across the three datasets varied, with values of 0.66, 0.62, and 0.67
for the Robotics and Automation Robotics, Image Processing, and Additive Manufacturing
datasets. The Additive Manufacturing dataset exhibited the highest recall score, indicating the
model's effectiveness in capturing true positive instances within this domain. Similarly, the F1

scores, which combine precision and recall, reflected the model's overall performance, with values
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of 0.71, 0.64, and 0.68 for the Robotics and Automation, Image Processing, and Additive
Manufacturing datasets.

Moreover, specificity scores were relatively higher, with values of 0.8 for the Robotics and
Automation dataset. For Image Processing and Additive Manufacturing, datasets are 0.69 and 0.72,
respectively, indicating the model's performance in identifying negative instances within each
domain. Overall, the model's performance indicate a satisfactory level across all three datasets,
with the Additive Manufacturing dataset showcasing better variations in precision, recall, and F1
scores, emphasizing the importance of tailored model adaptation for optimal results in each
domain.

Table 6.2: Model performance measures

Measure Robotics & Image Processing Additive
Automation Manufacturing

Precision 0.77 0.67 0.71

Recall 0.66 0.62 0.67

F1 0.71 0.64 0.68

Specificity 0.8 0.69 0.72

Accuracy 0.73 0.65 0.69

The coefficients in LR are calculated after the model-fitting process to estimate the effect of each
predictor variable (independent variable) on the licensing success (dependent variable). The results
of the coefficients across the three datasets are presented in Table 6.3. Certain variables are the
most significant and influential in predicting patent licensing success, while others are less

important.
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More specifically, among the most significant variables across all datasets are: the
"Assignee_Rate", which consistently emerges as a key predictor, with positive coefficients
indicating its strong positive association with the outcome in all three datasets; "FW_C" which
demonstrates considerable importance, especially in the Robotics & Automation and Image
Processing datasets, exhibiting the highest positive coefficients among all variables; and "Inv_exp”
appears notably influential in Robotics & Automation and Image processing, with positive
coefficients indicating its positive impact on the patent licensing success. "Inv_exp™ also has a
positive coefficient (0.0246) with the Additive Manufacturing model but with a less significant

effect.

The "BW" results present the varying effects on the likelihood of patent licensing success. There
is a negative effect given by the negative coefficients in the Robotics & Automation and Image
Processing datasets (-0.3526 and -0.2219, respectively), suggesting that patents with fewer
backward citations are more likely to show the patent licensing success, implying a potential

preference for novelty and independence within these domains.

On the other hand, in the Additive Manufacturing dataset, the positive coefficient (0.0413)
indicates that patents with more backward citations are likelier to show licensing success,
suggesting a reliance on existing knowledge and innovations within this field. However, the effect
is smaller than that for the other datasets. These perceptions emphasize the importance of
considering domain-specific dynamics when interpreting the influence of backward citations on

patent licensing success.

On the other hand, the variables with comparatively lesser significance include "Ind_Claims" and
"Act_Sim." While still contributing to the predictability of the models, these variables exhibit

smaller coefficients and less consistency in their effects across the different datasets.
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Table 6.3: Variable coeficient using LR

Variable Robotics & Automation | |mage Processing | Additive Manufacturing

Act_Sim 0.0002 -8.717 e-06 -0.0041
FW_C 4.1490 3.5640 -1.3513
Assignee_Rate 1.5193 2.1600 1.3550
BW -0.3526 -0.2219 0.0413
Inv_exp 1.5313 0.3446 0.0246
Ind_Claims 0.0131 -0.0505 -0.0098
6.5 Summary

In conclusion, my classification model has demonstrated its capability to predict patent licensing
success, validated by the performance measures presented. The model shows relatively consistent
performance across all three datasets, as indicated by precision, recall, F1 score, specificity, and
accuracy values. The proposed model is adaptable and can handle different technologies. The
model revealed the highest performance in predicting success within the Robotics and Automation
field, which matches the fact that the exploratory data analysis and the variable selection are based
on this dataset. The model successfully classified the licensed and unlicensed patents with a

precision of 0.77 and a specificity of 0.8.

Crucial variables appeared as significant influencers in the model. Firstly, the success rate of the
TTO was raised as a pivotal factor, emphasizing the essential role played by TTOs in the licensing
process. Additionally, the influence of forward citations highlights the importance of external

recognition and validation of patent innovations.

Moreover, my findings reveal the crucial role of inventors in the licensing process. Their active

participation and understanding of the commercialization process significantly contribute to the
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success of patent licensing success. Furthermore, while backward citations demonstrated some
influence on the model, their effect was comparatively lesser, indicating the impact of cumulative
knowledge and progressive perspectives. On the other hand, The Independent Claims count and

Similarity appeared less influential in the model.

My research lays a solid foundation for future research. While the current performance measures
suggest the model's applicability across different technologies, further investigation into additional
variables could enhance its predictive capabilities. By expanding the scope and refining the
variables, I can continue to advance the understanding of patent licensing and contribute to more

effective decision-making processes in technology commercialization.
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Chapter 7. Conclusion

This dissertation aims to fill the gap related to the technology transfer process within the
framework of 14.0, characterized by complex dynamics and challenges. Furthermore, it
investigated the robotics and automation factors associated with licensing success, including the
technology, TTO, and inventors factors, and predicted patent licensing. The main aim is to help

TTOs enhance their performance and become self-sustainable.

Several methodologies were deployed, including a systematic literature review to synthesize the
previous work-related 14.0 technology transfer and the available conceptual framework. For
robotics and automation, statistical tools and analysis were used to find the factors associated with
patent licensing success and feature selection. Models were developed using supervised ML to
predict the patent licensing success for robotics and automation, image processing, and additive

manufacturing.

My main contributions are presented by enhancing and expanding the available conceptual
framework to match my findings and include the ecosystem factor to facilitate the adoption of 14.0
technologies, including clarifying the role played by the government, industry, and universities. In
addition to the collaborative environment, the type and level of collaboration between technology

recipients, agents, and inventors are required to succeed in the 14.0 technology transfer.

The government's role includes encouraging the industry to strive towards 14.0 through technology
transfer. The government can facilitate the transition toward 14.0 via technology transfer by

enacting legislation, financing support, and offering incentives for this transition. Besides that, it
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points out the need for modern legal tools to cover intangible technology with IP. The available

legal tools are inadequate. These tools should be better suited for rapidly evolving technologies.

It is also worth mentioning that the technology recipient also needs to be considered where the
manufacturing culture influences the success of 14.0 technology transfer when | focus on
technological advancements such as the transition to 14.0. The skills and expertise of related

employees in TTO directly impact the technology transfer process of 14.0 technologies.

Another contribution is the development of robotics and automation classification models. The
model has shown its competency in predicting patent licensing success, and it has been validated
and evaluated by the performance measures for three different technologies: robotics and
automation, image processing, and additive manufacturing. The model shows relatively consistent
performance across all three technologies, as indicated by precision, recall, F1 score, specificity,

and accuracy values. The proposed model is adaptable and can handle different technologies.

In addition, the contribution presented critical factors influencing the models, which included the
TTO's performance. Performance is achieved by the capabilities and skills of the TTO team to
manage IP and commercialization activities. For universities looking to enhance their performance
in licensing, more investment and focus should be considered TTO to improve staff experience in

commercialization and enhance their networking and marketing channels.

In addition, for the model, the technology itself is also important, where external recognition and
validation of patent innovations presented as forward citations are essential factors influencing the

model to predict success in licensing.
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The inventors have a role in most of the technology transfer process. Their role is not limited to
the research part and creation of the invention; it extends to collaboration in the patent application
process, TTO commercialization steps, and cooperation with industry. The model results
emphasize the role of the inventor in patent licensing success. Inventor with expertise in the
commercialization process has a better chance of success in patent licensing and need to be

considered when managing the technology transfer process.

This dissertation also elaborates on the crucial role of selecting suitable predictors from patent data
and enhancing decision-making in intellectual property management and patent licensing. The
accumulation of knowledge also affects the success of patent licensing by using backward

citations. Finally, the count of independent claims is considered when presenting the patent scope.

The limitation of this study is related to the boundaries of the technology transfer where national
technology transfer is considered based on patents registered in the US. Feature selection was done
based only on robotics and automation technology. In addition, three 14.0 technologies were tested:

robotics and automation, image processing, and additive manufacturing.

By tackling these constraints, forthcoming research endeavors can improve the relevance and
efficacy of predictive models by exploring more technologies from 14.0. Further development of
this model can include trying other machine learning algorithms, such as deep learning algorithms,
to improve the model's performance. Each technology possesses unique features, necessitating
tailored feature selection approaches to effectively address specific requirements and objectives.
In addition, international technology transfer can be investigated to accommodate different

regulatory landscapes and cross-border transactions.
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