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Abstract

%]

ABSTRACT

This thesis presents a commercial outcome prediction system (CPS) capable of
predicting the likely future monetary return that would be generated by an
invention. The CPS is designed to be used by university technology transfer
offices for invention assessment purposes, and is based on the data from their
historical invention cases. It is aimed at improving technology transfer offices’

invention assessment performance.

Using qualitative critical factors suggested by literature. a prototype CPS based
on decision tree induction was developed. The prediction performance achieved
by the prototype CPS was unreliable. Three surveys with various technology
transfer offices were then performed, and the findings were incorporated into a

final version of the CPS, which was based on neural networks.

Subject to information obtained in the surveys. a number of potentially predictive
attributes were proposed to form part of the predictor variables for the CPS. The
CPS starts with a number of data reduction operations (based on principal
component analysis and decision tree techniques), which identify the critical
predictor variables. The CPS then uses five neural-network training algorithms

to generate candidate classifiers, upon which the final classification is based.

The prediction results achieved by the CPS were good and reliable.
Additionally, the data reduction operations successtully captured the most
discriminative invention attributes. The research demonstrated the potential of
using the CPS for invention assessment. However, it requires sufficient
historical data from the technology transter office using it to provide accurate

assessments.
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Nomenclature

SYMBOLS

b

neuron
C

c

cc

CC

coy

NOMENCLATURE

bias value of a neuron

class vector

class label

correlation coefficient

correlation coefficient matrix
covariance

data set

original-attribute coefficient vector
original-attribute coefficients matrix
entropy value required to classify data set D
transfer function
gradient

gradient change
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Jacobian matrix
learning rate

attribute list

randomised matrix

the fraction of cases that belong to class ¢



Nomenclature

r network error vector

r_order random permutation vector

R squared error

\% a vector containing the variance represented by principle
components

w weight vector

Aw weight change

X value of an attribute

X attribute

X attribute matrix

X' transposed attribute matrix

X principal component matrix of X

y output vector

arithmetic mean

standard deviation
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CHAPTER ONE

INTRODUCTION

University Technology Transfer is the process of transferring university-
developed inventions to the private sector. The most common transfer
mechanisms are the licensing of inventions to companies. and the establishment
of spin-out companies based on inventions. Famous world-changing inventions
that brought to the market through licensing include the Seat Belt and the 1. CD
(Liquid Crystal Display). Successful university spin-outs include the internet
search engine Lycos and the biotechnology firm Genentech. Due to the
significant contributions brought by University Technology Transfer, large
amount of funding and resources have been committed to this area by both
universities and Governments. As more universities demonstrate how lucrative a
source of income can be from merely one successful invention
commercialisation, universities all over the world are increasingly focusing on
University Technology Transfer. However. only a small percentage of

universities manage to gain, and the majority are struggling to break even.

The process of University Technology Transfer is risky. Each invention usually
involves a significant upfront investment, and the return can only be realised in
the medium or long term. Generally speaking, the process of University
Technology Transfer can be interpreted as a series of three steps: 1) invention
disclosure, 2) invention assessment, and 3) invention commercialisation actions.
Invention disclosure is the proccess of disclosing both verbally. and in written
documents to a university the confidential technical details of an invention.

Invention assessment refers to the procedure of evaluating and grading an
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invention’s potential to succeed, prior to investment by a university technology
transfer office. Invention commercialisation actions encompass a range of
activities required to commercialise an invention, after a university technology
transfer office decides to invest in the invention. These actions can include the
marketing of the invention, negotiation with potential licensees and assisting the
formation of a spinout based on the invention. Among the great number of
empirical studies regarding University Technology Transfer. little has been done
on the second step of the process: invention assessment. This represents a
serious gap in the knowledge required for both effective invention disclosure and
invention commercialisation. ~ With insufficient knowledge of invention
assessment, critical invention information may be missed during the invention
disclosure step. Moreover, an inaccurate assessment can give rise to the wrong
invention commercialisation actions, including mistaken investment and the loss

of opportunities and resources.

Therefore, this research has endeavoured to investigate the area of invention
assessment for the purpose of University Technology Transfer. Several issues
require clarification before the aims and scope of this research can be stated.

These issues are discussed below.

The current research concentrates on patentable inventions, as they form the
majority of the projects handled by technology transfer offices in universities.
Additionally, it should be noted that the term invention assessment can be
interpreted as either the project selection process, or the performance evaluation
process. Though the two processes are closely related, they require different
approaches for research investigation. One of the obvious differences would be
the perspective emphasis of the former, and the retrospective emphasis of the
latter. Under the increasing demand for public accountability and performance
indicators, it is especially important to prevent the potential misunderstanding by
pointing out that the current research defines invention assessment as the project

selection process.
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Each country has its own unique development of University Technology
Transfer. For instance, the United States, being the world leader in University
Technology Transfer, has a relatively long history of practising University
Technology Transfer. In the United Kingdom, however, University Technology
Transfer has only been wide spread in the late 1990s. The University
Technology Transfer industry in the United Kingdom is therefore still catching
up in some areas. By limiting the scope of the current research to only
universities in the United Kingdom, the present research focuses on their

particular characteristics, and hence formulates a more suitable solution.

University Technology Transfer is a fairly controversial area. There is a school
of thought that objects to the concept of University Technology Transfer for
various reasons. For instance, some people are suspicious about the ability of
universities, as public institutions, to conduct commercial activities. In terms of
ethical issues, it is suggested that University Technology Transfer activities are
in effect limiting the societal benefits, by privatising the transfer of knowledge.
While acknowledging these opinions, this research takes the stance that research
regarding University Technology Transfer is worthwhile, since it can contribute
to over 80 percent of the universities in the United Kingdom, which have
established technology transfer offices, promoting University Technology

Transfer.

Depending on the chosen performance indicator, there are a variety of aspects on
which an invention can possibly be assessed. An invention can score high in
terms of its contribution to the society, but score low in regards of monetary
return generated for the university. This research focuses on the assessment of
an invention’s potential to generate monetary return. This is due to the fact that
monetary return is clearly one of the most widely used performance indicators, as
well as being one of the most dominant objectives for universities conducting
technology transfer. This is evidenced by the observation that almost all the
relevant University Technology Transfer literature or surveys report the level of
monetary return as an indicator of success. Wealth creation is also one of the

most frequently stated objectives by university technology transfer offices.



Chapter One: Introduction I8

While limiting the focus of the current research to monetary return. this is not

suggesting that monetary return is the only or most important consideration for

invention selection.

The size of a technology transfer office can vary from tens of employees down to
a one man unit. In larger technology transfer offices, assessment decisions may
be jointly considered by a number of managers, whereas the decisions made in
smaller offices are likely to involve fewer managers. In order to conduct a picce
of research that benefits technology transfer offices of all sizes. this research
endeavours to concentrate on methods that minimise the input of human
resources. In this regard, the research uses a quantitative approach. While it is
acknowledged that managers might stop short of relying on computer generated
solutions based on higher mathematics, this is not an issue when the solution
forms merely one of many screening methods used to better assess the decision.
This is supported by wide documentation on the contribution and application of

quantitative tools towards imperative investment decisions in the financial sector.

Finally, quantitative applications come in many different torms, such as
information visualisation. information organisation, prediction. and so on. The
current research attends to the implementation of prediction. This is because the
result of such an application could directly solve the problem of which invention
is more likely to give the better monetary return. Because of this. the

performance of such application is also measurable.

Subject to the issues discussed above, the precise aim of the present research 1s
as follows: to develop a commercial outcome prediction system. which can be
used by individual technology transfer offices in the United Kingdom for the
purpose of estimating an individual invention’s likely future monetary return for
invention assessment purposes. For convenience. such a system will from now

on be called the CPS (the Commercial Outcome Prediction Sy stem).

To achicve the above aim. the remainder of this thesis is organised as tollows.

Chapter Two reviewed relevant literature from the University Technology
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Transfer sector, as well as other sectors relevant to the development of the CPS.
Based on the findings from the literature review, Chapter Three developed a
prototype version of the CPS, and the results it generated demonstrated the need
for further investigation. Chapter Four conducted several surveys regarding the
invention assessment methods adopted by various university technology transter
offices. Combining the insights derived from Chapter Two, Three and Four,
Chapter Five developed the final version of the CPS. The results generated using
the CPS are then presented and evaluated in Chapter Six. Lastly. important
implications derived from the current research are discussed. and conclusions are

drawn in Chapter Seven.



Chapter Two: Literature Survey 20

CHAPTER TWO

LITERATURE SURVEY

2.1 INTRODUCTION

This chapter provides the necessary background materials and reviews the
relevant literature in order to achieve the research aim of developing the CPS
(Commercial Outcome Prediction System) for university technology transfer
offices in the United Kingdom. First of all in Section 2.2. a number of
background materials are presented to locate the task of invention assessment tor
University Technology Transfer sector in space, time and culture. It then moves
on to review literature from the University Technology Transfer domain in
relevance to the invention assessment process. Based on the findings generated
from Section 2.2, additional inputs of assessment methods from other relevant
sectors are found necessary. Section 2.3 therefore examines literature covering
evaluative bibliometrics from the domain of Science and Research Assessment.
which are also applicable to the invention assessment task to a certain cxtent.
Furthermore, Section 2.4 reviews literature regarding the use of quantitative
classification for option selection/outcome prediction for investment purposes in
the financial sector. Based on these discussions, Section 2.5 concludes this
chapter by pointing out the applicability of evaluative bibliometrics and
quantitative classification to the invention assessment problem of the University

Technology Transter domain as well as its relevance towards the development ot

the CPS.
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2.2 UNIVERSITY TECHNOLOGY TRANSFER

This section starts by clarifying necessary definitions of the terms and processes
involved in University Technology Transfer. followed by an account of the risc
of the sector with a particular focus on the situation in the United Kingdom. It
then reviews the difficulties involved in invention assessment as well as relevant
studies contributing to the development of assessment solutions. This section

ends with the establishment of three assumptions derived from these studies.

Definitions

An invention is defined in this research as a patentable novel entityv with
commercial potential. University Technology Transfer is defined in this thesis as
the process of transferring university-developed inventions to the private sector.
Despite the definition adopted by the current research, there are other variations
of definitions proposed. Gopalakrishnan and Santoro (2004) provide a thorough
review regarding these definitions. In particular. they attempted to clarify the
differences between knowledge-transfer and technology-transfer. Licensing and
spinout formations are the most common mechanisms to transfer university-
developed inventions to the private sectors. Licensing refers to the process of
letting the inventions to the private sectors, either exclusively or non-exclusively.
in return for royalty incomes. Spinout formation refers to the creation of a
spinout company selling products or services based on the inventions. A vceneral
model of University Technology Transfer retlecting the conventional wisdom of
the process among University Technology Transfer practitioners (AUTM 2000)

is presented in Figure 2-1.
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| Scientific Discovery]

mlvention Disclosuré]

|

Invention Assessment]

'

|Patent Applicationl

|

[Marketing of Invention to Firms (Established firms or Spinout Companies)]

|

[Negotiation of Lice@

'

ILicense Invention to Firms|

Figure 2-1: General Model of University Technology Transfer

The transfer process starts with a scientific discovery by an academic inventor.
The detail of the invention derived from the discovery is then reported to the
university, often in an invention disclosure form. The university then assesses
the invention and decide whether resources will be allocated to this invention. If
the invention assessment result is positive, a patent application is then filed for
the invention and marketing of the invention to potential licensees or preparation
for spinout formation starts. This is often followed by lengthy negotiation
process regarding details of contracts. Finally, contracts are signed and the
invention is licensed either to established firms or to a spinout. Though the
University Technology Transfer process in reality deviates to a certain extent
from this model, it captures the essence of the process. To assist the
management of these steps, universities nowadays are increasingly establishing
their own technology-transfer offices. In particular, during invention assessment

(the second step of the model), an invention’s potential to generate future income
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for the university will be evaluated, given the prerequisites that the invention is
beneficial to humankind and patentable. Hence, invention assessment is defined
in this thesis as the procedure to evaluate and grade an invention's potential to

generate monetary return for a university.

The rise of University Technology Transfer

University Technology Transfer is not merely a recent phenomenon. Its history
can be dated back to the history of modern universities since the early 19"
century, when universities emerged as a combination of teaching and research in
Germany. While it is still not clear, some believed that the Germans were the
pioneer in University Technology Transfer and the first documented spinout
company was from a German university (Gustin 1975). Nevertheless, University
Technology Transfer was not widely popularised until the passing of several
regulations including the 1980 Bayh-Dole Act, the 1980 Stevenson-Wydler Act,
and the 1985 Federal Technology Transfer Act in the United States (Markman et
al. 2005). Particularly, the Bayh-Dole Act simplified the University Technology
Transfer process by granting universities the ownership of the patents arising
from federal research grants. Since the passing of this law, the number of
university technology transfer offices and the number of patents granted to
universities in the United States have increased rapidly, so did the level of
licensing income and the number of spinout companies established (AUTM
1997). Similar story is happening increasingly across Europe and beyond

(Wright et al. 2004).

In the United Kingdom, University Technology Transfer became a wide spread
phenomenon in the late1990s when there was a sudden increase in the numbers
of university technology transfer office and spinout company established. This
trend is further accelerated by the introduction of the Third Stream Funding
introduced by the Government to support University Technology Transter
activities in England in 1999 (Crown 2003). The Third Stream Funding covers

initiatives including the Higher Education Innovation Fund, Science Enterprise
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Challenge and University Challenge Funds (DTI et al. 2002). Currently. over
80% of universities in the United Kingdom have established their own
technology transfer offices and staff numbers are still increasing by about 25%
per year, licensing rates and income has also increased (UNICO et al. 2003).
Nonetheless, many technology transfer offices and spinouts in the United
Kingdom were only recently established as a result of Government funding
(Crown 2003). The quality of university technology transfer offices in the
United Kingdom is highly skewed and most are in the red (UNICO et al. 2003).
Deficit university technology transfer offices are often inexperienced and are
believed to have filed for patents indiscriminately, depending on Government
funding to create spinouts while failing to attract any license deals or external
funding to support the spinouts. Experienced technology transfer offices, on the
other hand, focus on licensing rather than spinouts (Markman et al. 2005). In
2002, the United Kingdom created three times more spinouts than the United
States, its licence income, however, is merely a third of that of the United States
and is predominantly achieved by the top five universities (UNICO et al. 2003).
Very few spinouts in the United Kingdom have been sold or floated on a stock
market (Mike et al. 2004). The difficulties encountered by the University
Technology Transfer field do not merely exist in the United Kingdom but
throughout the world.

Invention Assessment for University Technology Transfer

Invention assessment is very difficult largely due to the complex nature of
University Technology Transfer, which involves early-stage inventions from a
wide range of disciplines, upfront investment, multiple stakeholders and long
developmental time. Unlike inventions developed in the private sectors,
university-developed inventions are often embryonic technologies with a high
level of technical and market uncertainty (Jensen and Thursby 2001; Owen-
Smith and Powell 2003). As illustrated by the comment from a senior
technology transfer officer (Owen-Smith and Powell 2003): “In most cases you

don’t even have a prototype, let alone an established market.” Furthermore.
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inventor cooperation is normally necessary, which leads to the issues of moral
hazard (Jensen and Thursby 2001) and contracting for tacit knowledge (Arora
1996). Being academic experts of particular fields, inventors tend to be
optimistic about the resources required to develop the invention and relatively
naf& about efforts required in marketing (McAdam et al. 2005). A study
investigating the cause of failure in University Technology Transfer projects
reported that half of the failure is due to a technical failure, while 18% are due to
inventors failing to cooperate or deliver know-how during further development
(Thursby and Thursby 2003). Prior to the location of licensees or establishment
of spinouts, upfront investment is required for the intellectual property protection
for these early-stage inventions. The application process for a patent is,
however, lengthy and expensive, especially when the number of designated
countries increases and/or infringement issues arise. In addition, the involvement
of multiple stakeholders, including inventors, technology transfer office
personnel, private partners and investors is problematic. A considerable amount
of evidence showed that these parties possess contrasting values, standards and
organisational cultures (Roberts 1988; Nelson 2001; Friedman and Silberman
2003; Crown 2003). Siegel et al. (2004) explained that their different cultures
may constitute distinct “thought worlds” with distinct languages and
organizational routines that impede technology transfer. For instance, Siegel et
al. (2004) asked inventors, technology transfer office personnel and companies
what the output of University Technology Transfer is. Companies largely
answered the number of licences (75%) and informal transfer of know-how
(70%); technology transfer office personnel mostly replied the number of
licences (86.7%) and licensing income (66.7%). Inventors, on the other hand,
considered a wide range of entities evenly, including product development
(35%), the number of licences (25%) and the number of patents (20%). Lastly,
university-developed invention projects often require five to ten years of further
development before any return can be realised (AURIL 2003b). During this long
period of lag time, multiple stakeholders come and go while each contributes to
the final outcome (success or failure) of the collaboration project. User values
and market properties are also likely to have changed after such a long period of

time. Not surprisingly, a significant number of studies continues to point out the
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large proportion of failure cases of University Technology Transfer (Carlsson
and Fridh 2002; Crown 2003; UNICO et al. 2003), and universities are
commonly urged by Governments and researchers to improve their assessment
methods before rushing to spend resources on patent protection and creating
spinouts (Bozeman 2000; Shane 2002: Crown 2003: Siegel et al. 2003c:
McAdam et al. 2005; Markman et al. 2005).

Despite the typical emphases on the importance of invention assessment, this
process is largely omitted or avoided both in practice and among the research
community. Evidence from interviews with practitioners and archival materials
from technology transfer offices often shows that where blockbusters have been
realised, few received appropriate assessment at their early stage (Owen-Smith
and Powell 2003). Evidence from case studies showed that spinouts were
formed with technology assessment decisions still outstanding (McAdam et al.
2005). Some researchers also avoided the topic of invention assessment by
concentrating on the university technology transfer office’s role as a facilitator
and neglecting the role of critical assessor (Colyvas et al. 2002: Friedman and
Silberman 2003; Thursby and Thursby 2003). Even research studies regarding
the definition of the whole University Technology Transfer process do not cover
this area. Based on the general model presented in Figure 2-1 several researchers
carried out surveys attempting to map the process in greater details, including the
works of Siegel et al. (2004) and McAdam et al. (2005). These studies added
considerable details to every step of the general model but except the step of
Invention Assessment. Such avoidance coexists with abundant complaints by
technology transfer practitioners regarding the difficulty in invention assessment
and the literature’s usual recommendation to practise robust invention
assessment (Bozeman 2000; Shane 2002; Crown 2003; Siegel et al. 2003c;
McAdam et al. 2005; Markman et al. 2005).

While the lack of invention assessment and its importance have been widely
recorded, its understanding remains highly unclear and studies regarding
invention assessment methods or processes are rarity. Invention assessment is

generally understood as the assessment of an invention’s technical and market
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potential (AURIL 2003a), which is presented as follows. Technical potential
basically refers to the novelty and advantage of the invention against patents or
products existing in the field. Assessment for technical potential is generally
done by conducting prior art searches (using internet search engines and/or
search facilities on national patent office websites) and looking at competitors’
activity. Market potential is generally assessed using a range of factors.
including market size, inventor experience and contribution, market impact, time
to market and technology transfer office experience in the field. The assessment
process for these factors is intuitive, where an assessor (a technology transfer
officer) would give a score (such as on a scale of 1 to 10) to each factor after
talking to inventors and/or looking at information contained in invention
disclosure forms. Such intuitive invention assessment process is reflected in the
sample invention evaluation form developed by AURIL (Association for
University Research and Industry Links), as shown in Appendix A1.1. Assessors
often possess basic understanding regarding intellectual property issues and a
doctorate degree in a scientific discipline. Depending on the resources of the
technology transfer office, there is often one assessor who is responsible for the

assessment for inventions coming from all disciplines with the university.

A study conducted by Meseri and Maital (2001) is one of the rare studies
regarding invention assessment. They compared the criteria used for invention
assessment by six Israeli universities against those employed by venture
capitalists and MIT (Massachusetts Institute of Technology') and found that they
are very similar. Their research methods included asking technology transter
offices personnel to score (on a scale of 1 to 5) a list of predetermined success
factors regarding their importance during invention assessment. The factors with
highest scores are then compared with the selection criteria derived from the
Israel Venture Association. The six factors scored highest were 1) Market need;
2) Market size; 3) Existence of patent; 4) Success chances for R&D stage; 5)
Level of innovativeness; 6) Degree of maturity of the idea™. The findings from

this study, however, are not compatible with those from other studies. According

' One of the most successful universities in terms of University Technology Transfer in the
United States.
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to Owen-Smith and Powell (2003), the market is rarely identified at the time of
invention assessment. Factors like *Market need” and *Market size™ are therefore
not applicable. Also, invention assessment is viewed by many as a step prior to
patent application (McAdam et al. 2005). Nonetheless. such disputes among the
studies do not present invalidity of their findings. Rather. they provide further
evidence that varying policies exist in different university technology transter
offices, as each study is based on different samples of university technology
transfer offices.  Furthermore, the use of the research method of asking
technology transfer personnel to score a list of factors showed that Meseri and
Maital (2001) agree with AURIL (2003a) that practitioners generally adopt an
intuitive approach. Due to the intuitive nature of assessment process. the focus
of Meseri and Maital (2001) is to find out which assessment criteria/factors are
relatively more commonly adopted. In addition, the fact that Meseri and Maital
(2001) compared criteria adopted by university technology transfer oftices and
those used by venture capitalists demonstrated the perceived similarity by the
researchers regarding the project assessment process between the two parties.
Literature regarding the project assessment process of venture capitalists
(Zacharakis and Meyer 2000; Zacharakis and Shepherd 2005) also reported that
venture capitalists’ assessment process are highly intuitive and the criteria found

are also similar to those located by Meseri and Maital (2001).

Informal venture capitalists, so-called business angels, represent another
important area related to University Technology Transfer. Business Angels are
largely researched among the Small Business and Entrepreneurial literature, due
to their key role in promoting emergent businesses (Mason and Harrison 1999).
In particular, their focus on early-stage ventures based on high technologies
(Freear et al. 2002) means that they are potentially an important source of finance
for commercialising university-developed inventions. This in turn makes the
invention assessment criteria adopted by the business angels relevant to the topic
of university invention asscssment.  An understanding rcearding the angels’

investment behaviour and criteria is therefore imperative.
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Though the topic of business angels has been well established in the United
States, it basically started in the United Kingdom in the early 1990s (Harrison
and Mason 1996). Since then, the supply of risk capital from business angels has
been increasing significantly (TSBS 2001). Being private investors, angels are
different from formal venture capitalists (VCs) in a number of ways. First of all.
VCs are more visible than angels, and VCs often invest bigger amount per
investment (Freear et al. 2002). While both VCs and angels aim for capital gain,
angels also emphasise on enjoyment and fun derived from the investment
process. Since VCs report to their shareholders, they regard involvement as a
cost to their investment (Southon and West 2006). Business angels, on the other
hand, report to themselves, and regard involvement as a way of increasing their
control over their investment (Van Osnabrugge and Robinson 2000; Mason and
Stark 2002). Business angels, hence, are more concern about agency risk (i.e.
risk caused by conflicts between investors and entrepreneurs), whilst VCs are
more concern about market risk (i.e. risk caused by unforeseen market condition
(Fiet 1995). Business angels invest both money and time to new ventures, and
add values in various dimensions including technical, managerial and networking
issues (Aernoudt 1999; Ehrlich et al. 1994). It is therefore suggested that strong
business angels also reduce the ‘liability of newness’ of start-ups (Serheim
2000). Not surprisingly, it is widely found that business angels concentrate on
early-stage ventures where past experience and business know-how from angels
are crucial, whilst VCs focus on later-stage ventures to avoid the cost of

involvement (Van Osnabrugge 1999; Freear et al. 2002; Aernoudt 2005).

The angels’ stress on business involvement probably explains the focus of their
investment criteria on the quality of the management team. While the findings
regarding angel investment criteria vary, it is unanimously agreed that the quality
of the entrepreneur or the management team is the angels’ primary criterion
(Mason and Harrison 1996; Van Osnabrugge 1999; Gracie 1999. TSBS 2001:
Mason and Stark 2002; Jungman et al. 2005; Southon and West 2006 Beer
2006). A management team’'s quality has been translated as the team's
understanding of the business and their potential ability to create profit. pitching

ability and rapport between the team and the angels, and track record of the team
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(Van Osnabrugge and Robinson 2000; Beer 2006). The findings regarding other
investment criteria adopted by business angels have been variable among the
relevant literature. They generally include the potential satisfaction and
enjoyment from involvement (Van Osnabrugge and Robinson 2000). possibility
of exit (Beer 2006), ‘investment ready’ business plan® (Beer 2006; Mason and
Stark 2002), industry and geographical proximity (Jungman et al. 2005). growth
potential and product readiness such as the status of the intellectual property
rights (Van Osnabrugge 1999). Nonetheless, the heterogeneity exhibited by the
findings is largely due to the personalised investment approach adopted by the

business angels (Mason and Stark 2002).

The emphasis on the choice of factors/criteria and the neglect of the methods or
processes involved in the invention assessment task are widely exhibited in other
University Technology Transfer literature. A large number of literature adopt the
notion that University Technology Transfer is generally a process that can only
be learned through experience and cannot be taught (Crown 2003). Owen-Smith
and Powell (2003) quoted a comment from a senior licensing associate: *There is
no curriculum for training someone. We try to send people to the AUTM
(Association of University Technology Managers) seminars but they are really
going to learn more by being here on the job....... This business is very much
learn as you go and the more deals you are involved with, the more quickly you
learn.” This notion of ‘University Technology Transfer cannot be learned’
together with the intuitive approach to invention assessment underlined the ad

hoc management style of university technology transfer offices.

A group of literature that can be utilised to develop invention assessment
methods is the so-called critical-factor literature. Critical-factor literature
proposed positive or negative factors influencing the success of University
Technology Transfer. Successful University Technology Transfer is largely

accepted by these studies as inventions leading to monetary return for the

* Investment ready business plans refer to business plans which cover adequate information on
market and financial issues, with limited technical jargon, and clear and probable assumptions.
* Industry and geographical proximity refer to business opportunities which are compatible with
the business angels’ expertises. and are close to where the angels are geographically based.
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university. The level of success is commonly quantified as the level of output of
a university technology transfer office, which is further quantified as the number
of signed licensing contracts with established companies and spinouts created.
Some added that non-sustainable spinouts should not be included (Crown 2003).
The common approach of these studies is to locate the critical factors affecting
the output of a University technology transfer office through empirical data
generated from interviews, questionnaires, case studies and patent records. either
at university-level or invention-level. ~Studies conducted at university-level
looked at factors affecting the aggregate output of individual technology transfer
offices, whereas invention-level studies examined factors influencing the
outcome of individual inventions. In light of the aim of the current research to
develop the Commercial Outcome Prediction System (as explained in Chapter
One), factors not applicable to discriminate among inventions within a
university, often suggested by certain university-level studies, would be outside
the scope of the current research. For instance, Gregorio and Shane (2003)
proposed that universities geographically locating near to venture capitalist are
more likely to attract funding for spinout establishments. Such a factor, if valid,
would be applicable to all inventions within these universities and therefore does

not serve to discriminate among inventions.

However, though university-level studies do not generate critical factors that
directly discriminate among inventions, important insights can be learned from
some of the university-level literature. The most frequently found critical factors
among the university-level literature include experienced university technology
transfer office (Rogers et al. 2000; Siegel et al. 2003b; Carlsson and Fridh 2002;
Mowery et al. 2002; Owen-Smith and Powell 2003; Friedman and Silberman
2003), active networking with the private sectors (Zucker et al. 1997 Shane and
Stuart 2002; Friedman and Silberman 2003; Owen-Smith and Powell 2003;
Lindelffl] and Lfiflkten 2004), and strong scientific base of the university (Foltz et
al. 2000: Thursby and Kemp 2002; Owen-Smith and Powell 2003: Gregorio and
Shane 2003; Siegel et al. 2004). Other less frequently stated critical factors from

the university-level studies include high university prestige (Sine et al. 2002:
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Gregorio and Shane 2003), university patent impact (Zacks 2000; Mowery et al.
2002) and great rewards for inventors (Friedman and Silberman 2003).

Among the invention-level studies, the most frequently found critical factors
include significant inventor’s scientific capacity and reputation (Foltz et al.
2000; Rogers et al. 2000; Owen-Smith and Powell 2003; Zucker et al. 1997:
Jensen and Thursby 2001), certain invention discipline (Shane 2002: Thursby
and Kemp 2002; Crown 2003; Owen-Smith and Powell 2003). personal
relationship with firms or investors (Hsu and Bernstein 1997: Shane and Stuart
2002; Thursby and Thursby 2003; Owen-Smith and Powell 2003, Siegel et al.
2004), developmental stage (Jensen and Thursby 2001; Mike et al. 2004;
Markman et al. 2005), and secured external funding (Hsu and Bernstein 1997;
Crown 2003; Mike et al. 2004). Other less frequently stated critical factors
located by invention-level studies include inventor’s business experience (Shane
and Khurana 2000), fypes of research: basic or applied (Bozeman 2000),
effective patents (Shane 2002), and lack of inventor’s input in supplying contacts

of potential licensees (Hsu and Bernstein 1997).

When examining the details of the critical-factor literature, it is noted that they
generally fall into one or both of the following two categories, namely qualitative
survey and latent variable model. A large proportion of the critical-factor studies
belong to the qualitative model category, such as the works of Hsu and Bernstein
(1997), Thursby and Thursby (2003), Owen-Smith and Powell (2003) and
McAdam et al. (2005). They are generally based on inductive methods like
interview survey, case studies, and content analysis. These studies contributed to
the sector by revealing the perceptions, inside stories and management strategies
adopted by the various technology transfer stakeholders. The contributions from
the literature are vital as they added new findings to the general understanding of
the sector, which may have assisted the research design of subsequent studies.
Moreover, the dominance of studies in this category is mainly because of the
embryonic nature of the University Technology Transfer sector as well as the
paucity of online databases. Owing to the newness of the field. researchers are

still developing conceptual frameworks in attempts to establish unifying theories.
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Also, University Technology Transfer is confidential in nature. since the
inventions represent potential commercial opportunities. Readily available data
for quantitative analysis is therefore limited. These studies generally involve
extensive painstaking collection of qualitative verbal or written field data which
the researchers have access to. However, qualitative data is highly vulnerable to
ambiguity. Factors are often concluded as critical factors because thev are
repeatedly quoted by interviewees during the survey, such as the works of Owen-
Smith and Powell (2003) and Thursby and Thursby (2003). However, the
interviewee’s interpretation of a factor may well be different from that of others’.
For example, Hsu and Bernstein (1997) concluded from their interview findings
that the value of an invention is one of the most important factors affecting the
success of University-Technology Transfer. The value of an invention, however,
has been interpreted or operationalised in terms of licensing income (UNICO et
al. 2003), contribution to humankind (Crown 2003), or even patent citation
(Shane 2001). Despite the wide variety of interpretations offered by previous
researchers to many generic terms, subsequent qualitative survey studies
continue to use the terms in the absence of any form of definitions. Such
ambiguity nature of qualitative data, when appropriately controlled with more
explicit definitions, serves to synthesize and summarise the properties of more
quantifiable variables. Without necessary definitions, it can lead to unnecessary
inconsistency and confusion as interviewees might have been attaching opposing

meanings to the same term.

A subset of the critical-factor literature belongs to the second category, latent
variable models, including the works of Thursby and Thursby (2002). Gregorio
and Shane (2003), Friedman and Silberman (2003), Siegel et al. (2004), and
Markman et al. (2005). The latent variable model refers to the construction of
latent/hypothetical variables to represent various concepts, and using observable
and measurable variables to represent the latent variables. Due to the
quantitative nature or more quantitative nature of the observable variables,
statistical data analysis methods are often applied to these models. A number of
potential factors were often treated as independent variables and the outcome of

technology transfer was treated as the dependent variables. The common goal of
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these studies was to identify the critical factors among the potential factors.
Since the choices of observed variables used to represent the latent variables are
up to the researchers, inconclusive findings were generated among the studies.
For example, it appears that both Shane and Stuart (2002) and Lindel6f and
Lofsten (2004) share the same conclusion in which they proposed that
connection with the private sectors is an important critical factor. Yet, Shane and
Stuart (2002) adopted counts of personal contacts with firms as the observed
variable as a measure of the level of connection whereas the observed variable
used by Lindelsf and Lofsten (2004) is the count of the number of firms located
within a university science park. Though one can argue that the ambiguous
nature of latent variable allows a wider margin for further investigations, it
became a problem when it spread to the common dependent variable, the
outcome of technology transfer. A closer look at these studies showed that a
variety of observed variables have been assigned to represent the level of
University-Technology Transfer success. They include the number of signed
license contract (Siegel et al. 2004), the number of spinouts formed (Gregorio
and Shane 2003), the number of invention disclosed (UNICO et al. 2003), the
amount of licensing income (Markman et al. 2005), and a combination of the
above (Friedman and Silberman 2003). The use of different observed variables
for the common dependent variable is dangerous. Researchers build upon each
other’s work based on the assumption that they are solving the same dependent
variable when they are not. Particularly, there is a lack of consensus regarding
the validity of using the status of ‘started a spinout’ to represent ‘successful
University-Technology Transfer’. Some argue that most of the university
spinouts in the United Kingdom created after the late 1990s are merely possible
because of the Government’s Third Stream Funding and they lack the ability to
attract any external capital (Crown 2003). These spinouts therefore do not
represent successful cases of University-Technology Transfer. Under such
argument, factors closely correlated with spinout formation thus are not
necessarily critical factors for successful University-Technology Transfer.
However, Shane (2001) argued that spinouts are often resulted from important
inventions and therefore regarded spinout formation as a valid measure of

University-Technology Transfer success. Besides, the number of signed licence
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contracts can also be a problematic representation for success. Some consider
signed licence contracts to cover licensing to established companies only
(Thursby and Thursby 2003). others consider it to include both licensing to
established companies and spinouts (Shane 2002). This ambiguity problem is
also an industry-wide problem where technology transfer personnel in practice as
well as other stakeholders involved, such as investors and companies. also hold
different opinions for the definition of a successful case of University-
Technology Transfer (Siegel et al. 2004). These problems are. nonetheless, due
to the embryonic nature of the field where there are insufficient standards and
established norms. In particular. patent data has been increasingly used to
represent latent variables. This is largely due to the fact that most inventions
involved in University-Technology Transfer activities are patented or patentable
entities. For instance, Shane (2001) used patent citation, the number of different
patent subclasses of the previous patents cited by a given patent, the number of
patent classes assigned to a given patent and the number of patents owned by the
invention in the past to represent the invention value. the invention’s radicalness,
the scope of protection for the invention and the inventor’s firm founding
experience respectively. Furthermore, the TR’s University Research Scorecard
used a patent related measure (including patent number and patent citation data)
to represent the technological strength of research universities (Zacks 2000). The
number of patents has also been widely used as a measure of a university's
productivity in technology transfer (Thursby and Thursby 2002). In fact. patent
data is one of the common bibliometric entities which have been heavily
investigated by the Science and Research Assessment literature.  Other
bibliometric entities such as faculty research grant have also been used to
represent critical factors (Friedman and Silberman 2003). Furthermore, the
analysis methods employed by those latent variable model studics include
descriptive statistics (Meseri and Maital 2001: Siegel et al. 2003), correlation and
rceression analyses (Friedman and Silberman 2003: Shane 2001b: Markman ct
al. 2005). These studies provide valuable evidence showing the close
relationship and co-occurrences of certain factors and the technology transfer
outcome. lowever. the old aphorism of “correlation does not imply causation’

scems to have been forgotten by some of these studies.
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Moreover, several drawbacks were applicable to both categories of studies.
While the studies concluded that the critical factors are likely to be predictive
factors for the final technology-transfer outcome, they fail to provide evidence as
they are retrospective in nature. In addition, due to the lack of publicly available
invention data, most of the studies depended on privileged access to a certain or a
small number of university technology transfer offices. Such privileced access
may have given rise to inappropriate generalisation and biased findings caused
by non-representative samples. Most studies, such as Shane (2001) and Shane
and Stuart (2002), are using the data from non-representative institutions such as
MIT (Massachusetts institute of Technology) where extremely favourable
conditions for University-Technology Transfer may be available. Inconclusive
and inconsistent findings are therefore generated from these studies, where
critical factors proposed by one study as success factors can be rejected by
another. For instance, evidence from Markman et al. (2005) disagreed with the
success factor great rewards for inventors proposed by Friedman and Silberman
(2003) by showing that the level of rewards for inventors is actually negatively
related to a technology transfer office’s performance. Another concern is that
most of the literature regarding University-Technology Transter is from the
United States. This is mainly due to their more developed state of the sector,
which provides more readily available data. Among these United States studies,
many obtained valuable data from AUTM (The Association of University
Technology Managers), which is a central body providing various resources to
the sector. While similar organisations, such as the AURIL (Association for
University Research and Industry Links). exists in the United Kingdom. the scale
and resources offered are relatively limited when compared with AUTM. While
the critical factor studies often refer to and build upon the findings from one
another, it is important to note that critical factors derived from the United States
may not be applicable to the United Kingdom. This is also supported by the
findings by Schmiemann and Durvy (2003), who concluded that there are
substantial cultural, legal and regulatory ditferences between the United States

and Europe. and especially within Europe.
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Despite the inconsistency resulting from the incomplete pictures presented by
individual critical-factor studies, their findings provoke healthy controversy and
together they have pushed the understanding of the field forward. Three

assumptions have been developed based on the findings from the literature as a

whole.

Firstly, while the studies typically use their own unique data source. some factors
are widely agreed whereas others have stirred disputes. It is therefore highly
probable that certain critical factors are transferable across universities
(transferable factors) and others are not (non-transferable factors). While
individual university technology transfer offices may be able to learn about the
transferable factors from the findings based on other universities, non-
transferable factors can only be learned from the office’s own data. Additionally,
it is previously stated that only invention-level critical factors apply to the
discrimination of inventions within a university. The transferable critical factors
important to invention assessment are therefore the most frequently found critical

factors among the invention-level literature.

Assumption one: There are two types of critical factors, one is transferable and
the other is not. The former can be learned from others whereas the latter can be

learned from a university technology transfer office’s own data.

Secondly, inter-relationships may exist among the critical factors. According to
the explanations suggested by the critical-factor studies, many of the factors are
interrelated. For instance, inventions from certain scientific disciplines, such as
biotechnology, are more likely to succeed in University Technology Transfer
than others (factor invention discipline). This is largely due to the industry’s
origin from universities. Most researchers from the industry therefore have close
relationship with academic researchers (factor networking between universities
and the private sectors). They understand the development of each other’s work.
Academics with strong scientific capacity (factor inventor's scientific capacity
and reputation) are well known to both the academic and industrial communities,

and often play a central role in commercialising the invention (Zucker et al.
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1997). Furthermore, technology transfer is affected by the nature of an industry
(factor invention discipline). Process based industries are more prone to moral
hazards. For instance, technology transfer is more difficult for inventions from
the manufacturing discipline, as they also require the transfer of tacit knowledge
(Bozeman 2000). Pharmaceutical and semiconductor sectors have strong links to
basic science (Mike et al. 2004), inventor’s scientific capacity (factor inventor's
scientific capacity) therefore often have a greater impact on these sectors. In
addition, inventions from certain industries (facfor invention discipline). such as
the biotechnology sector, tend to be more radical and embryonic than those from
other industries (factor invention discipline and developmental stage). Although
embryonic or ‘proof of concept’ inventions are found to be more difficult to
license than ‘prototype’ inventions (Jensen and Thursby 2001); early-stage or
‘proof of concept’ inventions tend to be more innovative and are more likely to
raise venture capital funding (factor secured external funding) to establish
spinouts (Mike et al. 2004). Having venture capital funding is found to be the
largest contributor to the likelihood that a spinout undergoes Initial Public
Offering (Shane and Stuart 2002). These inter-relationships also appear to be
mainly triggered by the factor invention discipline. In other words, the inter-
relationships are hierarchical in nature where the factor invention discipline may

be located close to the top of the pyramid.

Assumption Two: Inter-related hierarchical relationships exist among critical

factors.

Lastly, recursive learning is highly likely to be the major mechanism to enhance
the ability to identify the appropriate inventions. In other words, the assessment
accuracy is likely to be increased as a result of recursive learning. For instance,
the factor of university patent impact is generally measured as the number of
citation by subsequent patents received by the university's patents in a given year
(Mowery et al. 2002; Owen-Smith and Powell 2003). Mowery et al. (2002)
suggested that the effect of this factor is a result of universities learning over time

to identify more valuable patents. In addition, the most frequently supported
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critical factor is experienced technology transfer offices. and experiences are

accumulated by recursive learning.

Assumption Three: Invention assessment accuracy can be increased through

recursive learning.

This section has reviewed literature from the University Technology Transter
domain that is relevant for the process of invention assessment. While studies
investigating critical factors for intuitive invention assessment abound. very little
has been done regarding non-intuitive methods to make use of these factors. The
next two sections therefore review literature from other domains regarding non-
intuitive assessment methods that are potentially applicable for the University
Technology Transfer sector. namely evaluative bibliometrics applied in the
Science and Research Assessment domain and quantitative classification models
for the financial sector. Though the projects involved in these sectors do not
share exact features as university-developed inventions, they are analogous to
university-developed inventions in the respect that they all involve a high level of

uncertainty and compete against each other for limited resources.

2.3 EVALUATIVE BIBLIOMETRICS

This section examines evaluative bibliometrics literature from the domain of
Science and Research Assessment. Though peer review is the dominant
assessment methods used in this domain, it will not be covered in this section as
it is not a non-intuitive assessment method. The domain of Science and Research
Asscssment reters to the evaluation of scientific research projects funded by

public organisations. The relevant method located in this domain is evaluative

University-Technology Transter domain as cvaluative bibliometrics are often

proposed as valid measures regarding different aspects of rescarch projects.
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which in return are closely related to the critical factors proposed by the

University-Technology Transfer sector.

Evaluative bibliometrics include simple counts or more advanced anahvses of
various bibliometrics indicators. Entities widely perceived to be appropriate
bibliometrics indicators include refereed journal papers. patents. paper and‘or
patent citations, patent data (such as patent classes). peer reviewed books.
keynote addresses, conference proceedings. competitive grants and so on.
Among these entities, refereed journal papers are the most widelv agreed
bibliometrics indicator across different technical disciplines. Moreover. most
bibliometrics literature focuses on refereed journal paper. patents. their citation
and patent data (Pakes 1986: Lerner 1994; Podolny and Stuart 1993, 1996:
Agrawal and Henderson 2002). Most evaluative bibliometrics involve counts of
these entities, more advanced versions include simple arithmetic of these entities
such as weighted counts and normalised counts (Schubert and Braun 1996;
Kostoff 1997). These analyses are not trivial given the large and increasing
number of technical disciplines and the enormous volume of bibliometrics
entities produced. It is estimated that for every working dav worldwide. about
5000 new papers are published in refereed journals and about 1000 new patents
are issued (Narin et al. 1994). The literature found in this area generally
interprets evaluative bibliometrics as one or more of the following four types of
measurement. Firstly. counts of papers and patents are often suggested to be a
valid measurement of the level of research and development activity (Butler
2004). Secondly, the number of times those papers and patents are cited by
subsequent papers or patents (citations) are commonly proposed to be a valid
measurement of the level of impact or importance of the cited papers and patents.
Thirdly. the citations from papers to papers, from patents to patents and from
patents to papers are usually advocated as a linkage network/spillage
measurement of intellectual linkages between the authors/organisations and the
knowledge linkages between the subject areas (Jaffe and Trajtenberg 1996: Narin
ct al. 1997). Fourthly, a varicty of patent data. including patent citation. have
been considered to be measurements for various aspects of technical disciplines.

For instance. counts of patents in a patent class and counts of patent classes
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assigned to a patent by a patent office have been used to measure the

crowdedness of a technical area (Podolny and Stuart 1995) and the radicalness of

a technology respectively (Lerner 1994).

Among these four types of measurement, patent data received the most attention.
This is largely because patent citation, especially the citation of papers by
patents, has been widely seen as a potentially effective indictor for the
conversion of science to technology (Narin et al. 1984; Schmoch 1993; Narin et
al. 1997; Meyer 1999). Large scale analysis of a variety of patent data have also
been commercialised as electronic databases for various research purposes, such

as the TECH-LINE for financial application of technology indicators.

As reviewed in Section 2.2, patent data has also been increasingly researched by
the University-Technology Transfer literature. In light of this, various aspects
regarding patent data are reviewed in more details below. Their relevance to

University-Technology Transfer is also pointed out when necessary.

Patents provide a legal right to prevent others from imitating a particular
technological development in areas delineated by the patent claims. The scope
of the patent is important because “the broader the scope, the larger number of
competing products and processes that will infringe the patent” (Merges and
Nelson 1990). When a patent is narrow in scope, the holder of the patent wiil
have less incentive to develop the technology through the creation of a new firm
as it will have a smaller space of technology that is protected against imitation by
other firms (Merges and Nelson 1990). In University-Technology Transfer,
inventors revealed that they often ask patent attorneys for a judgement as to the
scope of patent protection before they decide to establish spinouts to exploit their
inventions (Shane 2001). Moreover, it is reported that investors are concerned
with the breadth of the patents and prefer broader patents in the decision of
whether or not to fund a new venture (Shane 2001; Lerner 1994). However, the
potential economic values created by patented technologies are highly varied
(Trajtenberg 1990). Empirical evidence has showed the skewness of the

distribution of patent value (Pakes 1986) and indicated that most patents have no
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commercial value and only a few have a large value (Trajtenbere 1990:
Trajtenberg et al. 1997; Scherer and Harhoff 2000). Besides. various mcasures
have been proposed for patent value, among which patent citation is the most
widely accepted measure.  Evidence confirmed that patent citations are
significantly correlated with the economic value of invention. Furthermore.
Harhoff et al. (2002) found that the higher the estimated private value of an
invention, the more the patent was cited by later patents. Hall and Ham Ziedonis
(2001) also found that companies with highly cited patents have higher stock
market values, all other things being equal. Citations influence the legal
boundaries of the property rights to an invention (Jaffe et al. 1993). According to
the United States Patent and Trademark Office (USPTO). patents are divided into
approximately 100,000 nine-digit patent classes, which aggregate to
approximately 600 three-digit classes, and which represent distinct technical
areas. The assignment of a patent to a particular patent class represents the
USPTO’s assessment that the patent belongs in a particular technical field.
Patent examiners also determine what previous inventions must be cited in a
patent by searching prior patents. Because patents belong to technical classes and
because they cite previous patents, citations to patents in particular technical
fields represent the USPTO’s assessment that a particular invention builds upon
(cites) knowledge in that technical field. When a patent cites previous patents in
classes other than the ones it is in. that pattern suggests that the invention builds
upon different technical paradigms from the one in which it is applied. While
citation inflation may exist in journal citation, this problem is less likely for
patent citation. Jaffe et al. (1993) explained that gratuitous citations in patent
applications are costly to inventors and yet may be common in journal
publications. Firstly. patent citations determine the scope of the inventor’s
monopoly and unnecessary citations limit what the inventor can claim as his or
her monopoly right. Secondly. it is the patent cxaminer’s job to correct citation
of previous patents and to remove gratuitous citations from the patent before it is
issued. Other measures related to patent value include the usc of patent lifetime.
patent breadth/scope and the number of claims. One of the earlicst attempts to
cstimate patent value by patent-lifetime was by Nordhaus (1967). who assumed

that the accumulated profit flows of the patent obeyed a function similar 1o that
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of discounted values. However, following findings from technology cycles.
Matutes et al. (1996) disagreed with the ‘constant return per period” assumption.
Moreover, patents breadth is the degree of protection granted upon the invention
realisation, where the patent owner may be granted to realise the invention in a
certain number of specific ways. It is assumed that the patent breadth correlates
positively with the innovator’s profit (Klemperer 1990; Gilbert and Shapiro
1990). Lerner (1994) operationalised patent breadth as the number of four-digit
classes assigned by the International Patent Classification system. Lastly. the
number of claims is also found to be a value determinant of a patent. The
number of claims is found to be correlated positively with national research

performance (Tong and Frame 1992).

In terms of research proposal selection, these evaluative bibliometrics, in theory,
can be used as valid measures for the past performance of the researchers or
similar previous research projects, and thus reflecting the potential of future
research proposals (Lanjouw 1998). In practice, peer review continues to remain
as the dominant project/program assessment method used by Government
agencies and private companies. However, evaluative bibliometrics often form a
part of or a minor part of national research assessment programs, such as the
RAE (Research Assessment Exercise) in the United Kingdom and the REPP
(Research Evaluation and Policy Project) in Australia (Butler 2004). The limited
use of evaluative bibliometrics in practice is largely due to the criticism that their
validities vary significantly across authors, technical disciplines and types of
organisations. Empirical studies showed that Nobel Prize winning papers were
often initially rejected by one or more journals (Campanario 1995). Very few of
the active researchers, such as Alfred Lotka, William Shockley, and Derek de
Solla Price, are found to be producing the heavily cited papers (Narin 1976).
Some claimed that publication and citation habits differ considerably across
fields and between the science and social science streams (Korevaar 1996). For
instance, paper citations are only informative about the value of pharmaceutical
and chemical patents but not in other technical fields (Harhoff 2002). The
impact factor, the bibliometrics indicators extensively used to assess scientific

production, is also found to be biased when different subfields are compared
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together (Schwartz and Lopez Hellin 1996). Other typical drawbacks include:
counts of papers may be biased towards prestige journals and English language
journals; counts of papers and patents merely measure quantity but not quality
(Chan 1976); a subset of technologies may be kept secret and not publicly
disclosed (Cordes et al. 1999); influences are under-cited (MacRoberts and
MacRoberts 1996); citation decisions are often arbitrary judgements by authors
(Liu 1993) and artificially inflated through self-citation (Weingart 2005) and
ethnic bias (Greenwald and Schuh 1994; Egghe et al. 1999).

2.4 QUANTITATIVE CLASSIFICATION IN FINANCE

This section starts by introducing the basic concepts of quantitative classification
and the rise of its applications in the financial sector. Relevant literature
regarding the use of classification systems for different financial applications is

then reviewed.

Basic Concepts

Quantitative classification is defined in this thesis as a mathematical procedure in
which individual cases are placed into classes based on quantitative information
on one or more attributes inherent in the cases, based on a training set of
previously classified cases. Quantitative classification is closely related to other
quantitative fields including statistics, knowledge discovery in databases or data
mining, pattern recognition or artificial intelligence. Classification algorithms
commonly used by these fields include Bayesian belief networks, maximum-
likelthood estimation, k-nearest neighbour, linear classifiers, neural networks,

decision tree induction, principal component analysis, and so on.

The basic components involved in a quantitative classification system are

presented in Figure 2-2.
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Figure 2-2: Basic components of a quantitative classification system

These steps differ according to the application domain. Generally speaking, data
collection refers to the collection and storage of raw input data from one or more
data sources, which can be achieved manually or through input devices such as a
camera or recorder. Input pre-processing covers operations applied to the raw
input data. This can include segmentation operations to group data into
individual cases, cleaning operations to alleviate the effect of missing data. and
normalisation operations to standardise data derived from different sources.
Attribute extraction is the process of identitying discriminative attributes that are
invariant to input pre-processing operations. Discriminative attributes refer to
measurements applicable to every case. whose values are very similar among
cases of the same class and very different for cases in different classes. The
conceptual difference between the attribute extraction step and classification step
is highly arbitrary. An effective attribute extractor can make the job of the
classifier trivial, whereas a powerful classifier may not need any attribute
extractor. Classification, the final step of the process, refers to the task of using
the information provided by the attribute extractor to assign cases into
appropriate classes. Since perfect classification for non-trivial problems are
often impossible. the common approach is to determine the probability for cach

of the possible classes for individual cases.
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The use of quantitative classification is widely researched and practised in the
financial sector (Zhang and Zhou 2004). This is largely driven by three factors.
substantial amount of financial data, availability of theoretical models, and the
non-linearity of financial data. As a result of increased economic globalisation
and improved information technology, the rate of data generation in the financial
sector has excluded the practicality of manual analysis. Moreover. there are
many well-developed finance and accounting models, such as the capital asset
pricing model and the Kareken-Wallance model, identifying important attributes
as well as their inter-relationship. In addition, a large proportion of financial data
are times series which are noisy, non-linear, non-stationary and deterministically
chaotic. A time series is a sequence of real numbers representing values of a real
variable, such as a stock price or an exchange rate, measured at equal time
intervals. Conventional statistical analysis and tests indicated that financial time
series has non-random behaviour (Taylor 1986). These factors have contributed
in the widespread use of classification algorithms for financial prediction
applications. To date, quantitative classification systems have been used in
various financial areas, including stock selection, loan risk assessment, fraud
detection, bankruptcy prediction, and so on. These classification systems have
supported proactive and knowledge-driven decisions, achieved increased

revenue, reduced cost, and improved market responsiveness and awareness.

Existing Classification Systems in Finance

Classification algorithms are widely used in the financial sectors for a variety of
problems. The five most popular application areas are stock selection, asset
selection for portfolio management, foreign exchange market prediction,
bankruptcy/business failure prediction and credit risk evaluation.  These
application areas all involve option selection decisions where classification
systems are employed to assist the decision making process by predicting future
outcomes for individual options. Literature regarding classification applications
in these five areas are grouped into two groups, namely option selection and

outcome prediction applications, and are reviewed below.
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Option Selection

This group of applications include the areas of stock selection. asset sclection for
portfolio management, and foreign exchange market prediction. Stock market
investors maximise their returns by choosing the appropriate stocks and
appropriate times to trade (to buy or sell stock). Portfolio management concerns
about the selection of various securities and assets to form a portfolio under an
acceptable level of risk, and the ongoing monitoring of these investments to meet
specific investment goals for the benefit of the investors. Foreign exchange is
the simultaneous act of buying one currency and selling another. The market for
foreign exchange is the largest financial market in the world, generating an
average daily turnover of over US$1 trillion. Investors therefore maximise return
by selecting the appropriate currencies to buy and sell. The common aim of

these three areas is to select the right options for investment optimisation.

Macro economic variables, factor models, technical indicators. and critical
factors based on economic fundamentals are widely used in real life financial
forecasting applications. Popular factor models include the Capital Asset Pricing
Model and Arbitrage Pricing Theory (Ross 1976). Examples of technical
indicators for stock market prediction are Exponential Moving Average. Relative
Strength Index and Bollinger Band (Ince and Trafalis 2004). For instance,
critical factors developed to assist the prediction of the future returns of
individual stocks include the growth rates of the followings: revenues. earnings
per share, capital investment, debt, and market share (Walczak 1999). Financial
database containing extensive financial data such as the Russell Indexes and
stock prices on NASDAQ are often used for research and benchmark purposes
(Sorensen et al. 2000). Traditionally, parametric pricing methods such as linear
regression models have been used to develop applications for these three
financial areas. However. due to those models’ inability to cope with the highly
non-linear and time-variant nature of financial data (Roman and Jamce! 1996).

classification algorithms especially neural nctworks are increasingly becoming
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the dominant techniques for financial prediction over the past decades larucly
due to its universal function approximating ability (Hutchinson et al. 1994: Wang

and Leu 1996; Walczak 1999: Leigh et al. 2002; Chen et al. 2003: Enke and
Thawornwong 2005).

Despite the wide spread support for neural networks (as explained in Chapter
Five), there is a lack of consensus on the superiority of neural networks oner
other techniques such as support vector regression. While some confirmed that
neural networks performed better (Refenes et al. 1994 Ince and Trafalis 2004).
others found otherwise (Tay and Cao 2002; Trafalis and Ince 2002).
Furthermore, a study demonstrated that the addition of relevant external market
indicators improved the neural networks™ prediction performance (Walczak
1999). For this, principal component analysis has often been used to pre-process
the input prior to the classification by neural networks (Walczak 1999: Ince and
Trafalis 2004). Additionally, decision tree induction, statistical analysis. genetic
algorithm have also been used in financial market prediction (John et al. 1996:
Saad et al. 1998; Sorensen et al. 2000). For instance, the Recon system. a stock
selection tool which induces classification rules to model the g¢iven data, is
reported to have achieved more than double of the total return generated by the
benchmark over four years (John et al. 1996). Neural networks are also often
used in conjunction with genetic algorithm for portfolio management, where
neural networks are used to predict the future returns of individual assets and
genetic algorithm is used to determine the optimal weights for each asset (Xu and
Cheung 1997; Lazo et al. 2000). For instance, LBS Capital Management Inc. is
one of the examples which use neural networks and genetic algorithm to manage
their portfolio worth US$600 million. Moreover. it is increasingly accepted that
the identification of relevant technical trading rules increases the returns
achieved from the foreign cxchange market. Genetic algorithm and neural
networks have also been uscd to identify these rules or simulate the volatility of
exchange rates (Neely et al. 1997; Walczak 2001). CART (classification and
regression tree) is another popular method widely adopted for assct sclection

(Sorcnsen ct al. 1994, 1996).
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QOutcome Prediction

This group of applications include the areas of corporate bankruptey prediction
and credit risk evaluation. Corporate bankruptcy is the legal process in which a
firm declares inability to pay debts. It is the final state of corporate failure. To
date, corporate bankruptcy has reached an unprecedented level. causing huge
economic losses to industrial units, financial institutions, government. and
considerable national social and economical damage. Corporate bankruptcy
prediction systems therefore act as early warnings to relevant stakeholders
regarding the firms’ potential industrial failure. Credit risk refers to the risk that
a borrower, a corporate or an individual, will not repay all or a portion of a loan
on time. Credit risk evaluation aims at identifying non-deserving clients through
evaluation of various factors that can lead to the non-payment of obligations.
Corporate bankruptcy prediction is therefore essentially a form of credit risk
evaluation, in which bankrupt firms represent non-deserving clients. While
financial credit is a lucrative global industry with annual credit card transactions,
consumer debt and high interest credit card loans amounting to trillions of
pounds, both personal and corporate bankruptcy are on the rise. In the United
States alone, over a million bankruptcies were filed between 2002 and 2003
(West et al. 2005). It is thus important to distinguish deserving clients from non-

deserving clients by careful credit risk evaluation.

Both corporate bankruptcy prediction and credit risk evaluation are often
implemented as binary classification applications aiming at distinguishing non-
bankrupt firms/deserving clients from bankrupt firms/non-deserving clients. The
breakthrough in bankruptcy prediction was the Z-score model. a highly accurate
diagnostic tool forecasting the probability of corporate bankruptcy within a 2
yvear period, developed by Edward 1. Altman in 1968 using multiple discriminant
analysis and five key financial ratios (Altman 1968). The five key financial
ratios are: working capital/total assets, retained earnings/total assets, earnings
before interest and taxes/total assets. market value of equity,book value of total

liability. and salestotal assets. s illustrated. a financial ratio is a quotient of
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two numbers, in which both number consist of financial statement items
computed from a company’s balance sheet. While these financial ratios are also
relevant for corporate credit risk evaluation, the traditional approach for
consumer credit risk evaluation is to decide intuitively through inspection of the
application form details of the applicant including the socio-demographic status.
economic conditions and intentions. Depending on the type of loan, whether it
involves corporate or whether it is a long term loan. other possibly relevant
information for evaluation includes the character of the borrower. collateral,
sources of repayment, interest rate and economic condition (Altman and
Haldeman 1995). As the advancement in information technology facilitated the
electronic storage of all information regarding the characteristics and repayment
behaviour of credit applicants, statistical and machine learning algorithms are
increasingly applied in the area of credit risk evaluation. Real life credit data,
such as the German credit data set’ and the Bene data sets’, is often publicly
available for research and benchmark purposes, further motivating the use of

automatic classification methods for credit risk evaluation.

Since the advent of the Z-score model (Altman 1968), discriminant analysis and
financial ratios have been widely adopted for bankruptcy prediction (Sung et al.
1999). More recent models adopted for bankruptcy prediction are genetic
algorithms (Sung et al. 2005), decision trees and CART (classification and
regression trees) (Foster and Stine 2004), and neural networks (Odom and Sharda
1990; Tam and Kiang 1992; Altman et al. 1994; Wilson and Sharda 1994; Alici
1995; Boritz and Kennedy 1995; Atiya 2001). While many corporate bankruptcy
prediction models choose financial ratios according to a choice based criteria,
principal component analysis has been used to allow any number of financial
ratios as input (Rekha Pai and Annapoorani 2002; Rekha Pai et al. 2004). In the
area of credit risk evaluation, neural networks also received a lot of attention
(Srivastava 1992; Jensen 1992; Davis et al. 1992; Salchenberger et al. 1992:
Altman et al. 1994; Lacher et al. 1995; Desai et al. 1996; West 2000; Baesens et

4 The German credit data set is publicly available at the UCI repository:
http://www.ics.uci.edu/~mlearn/mlirepository.html.
5 The Bene data sets can be obtained from major Benelux financial institutions.
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al. 2003). Other classification models adopted for credit risk evaluation include
k-nearest neighbour (Henley and Hand 1997), classification trees (Davis et al.
1992) and genetic algorithm (Desai et al. 1997). While many comparison studies
regarding the performance of neural networks and other methods have been
carried out, the results were contradictory and inconclusive (Altman et al. 1994:

Desai et al. 1996; Sung et al. 1999; Rekha Pai et al. 2004; Tang and Chi 2005).

2.5 CONCLUSION

Quantitative classification has been widely adopted in the financial sector for
option selection and outcome prediction applications. Both applications are
basically realised by applying classification algorithms to a combination of two
types of entities, namely financial indicators/financial ratios and economic
knowledge/critical factors. While the financial sector is making use of the two
types of entities, the current research proposed that University-Technology
Transfer can adopt a similar approach as these two types of entities also exist in
the University-Technology Transfer sector. Financial indicators/financial ratios
from the financial sector is analogous to evaluative bibliometrics from the
Science and Research Assessment domain, in which they are both quantitative
indices proposed to be predictive of investment outcomes to enhance project
selection. Furthermore, critical factors have been widely researched in the

University-Technology Transfer literature.

Technology transfer practitioners often complian about the difficulties involved
in invention assessment due to the complex nature of University-Technology
Transfer, long time lag of invention development and the uniqueness of
individual inventions. Such complexity, time lag and uniqueness, indeed, also
apply to the financial sector. Financial time series are well known to be
complex, non-stationary and deterministically chaotic. A large number of
stakeholders are also involved in financial decision making. Areas such as credit

risk evaluation involve long time lag while upfront investment decisions are
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required.  Stock and asset price behaviours also vary significantly across

industrial sectors. Financial indicators useful for one stock can be ineffective for

another stock.

Among the University-Technology Transfer literature. though quantitative
methods such as linear regression have been applied to data representing critical
factors and technology transfer outcome to demonstrate the impact of the factors.
only a few critical factors were investigated at a time. Studies covering a laroc
number of factors are rare. Moreover, these studies are retrospective and very
little has been done actually using or combining the findings o generate

predictive classification systems.

The University-Technology Transfer literature generally focus on the
identification of critical factors and adopt an intuitive approach to invention
assessment, with very little attention paid to developing quantitative methods for
invention assessment. As illustrated in Section 2.4. the financial sector indeed
went through a stage similar to the current situation of University-Technology
Transfer, where literature concentrated on investigating critical factors with
predictive power and practitioners adopted an intuitive approach to investment
assessment. The major difference between the financial sector and the
University-Technology Transfer sector is that project/option data is publicly
available for the former but not the latter. This is largely due to the confidential
nature of invention data as well as the embryonic nature of the University-
Technology Transfer sector. Nonetheless, though invention data from other
universities is unlikely to be obtainable. publicly assessable patent and
publication databases as well as the internal databases of individual technology
transfer offices represent useful sources of input to construct predictive
classification systems. The three hypotheses developed in Scction 2.2 are also
relcvant to the application of quantitative classification for invention asscssment.
Firstly, publicly available bibliometrics entitics may be representatives of
transferable critical factors and data contained in university internal databases
may be representatives of non-transterable critical factors.  Secondly. the

application of classification algorithms to invention data set may identity the
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hierarchies among critical factors. Lastly, the accuracy of invention assessment

may be increased through recursive learning of the classification algorithms.

Today, intuitive decision making continues to dominate the financial sector while
the sector simultaneously uses quantitative methods as some of the many tools to
conduct thorough assessments. The current review therefore argues that
quantitative classification is potentially a way forward as one of the tools

applicable for the invention assessment task in the University-Technology

Transfer sector.
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CHAPTER THREE

PROTOTYPE COMMERCIAL OUTCOME
PREDICTION SYSTEM

3.1 INTRODUCTION

This chapter presents the prototype Commercial Outcome Prediction Svstem
(prototype CPS). and the classification results achieved by the prototype CPS.
Because the prototype CPS is based on the decision tree method. this chapter
starts by describing the general classification mechanism of the decision tree
method in Section 3.2. The prototype CPS is then presented in Section 3.3. This
is followed by the presentation and discussion of the resultant classifier, and its
classification results achieved in Section 3.4. Lastly, this chapter ends with

Section 3.5. which presents the conclusions derived from the findings.

3.2 DECISION TREE CLASSIFICATION METHOD

Basic mechanism

Given the availability of a set ot input data. a tree classificr can be generated by

means of Decision Tree Induction. The basic mechanism ot gencrating and



Chapter Three: Prototype Commercial Qutcome Prediction System 33

testing a tree classifier can be explained using the following three sequential

steps:

I. Division of the input data set into the training data and testing data.
2. Generate a tree classifier from the training data.

3. Evaluate the tree classifier using the testing data.

Step One: Data Division

The input data set consists of data about a number of cases. where each case is
made up of its attribute data and class data. The first step is to divide the cases of
the input data set into the training data set and testing data set using a certain
ratio. For instance, if the ratio is 7:3, 70% of the cases will be used as the
training data set, and the remaining 30% will be used as the testing data set. The
ratio used depends on the size of the input data set. The generation of a tree
classifier requires a decent amount of training data. If the input data set consists

of a small number of cases, a higher ratio should be used.

Step Two: Classifier Generation using Training Data

The second step is to generate a tree classifier through the application of the
Decision Tree Induction algorithm to the training data set. The tree classifier
produced would have a flow-chart-like structure. like an inverted tree. The single
nodc at the top is called the root node, and the lines connecting difterent nodes
are called branches. Each node continues to split into two or more nodes until
they reach bottom nodes, where the splitting stops. These bottom nodes are
called the leaves. Each node denotes a test on an attribute, each branch
represents an outcome of the test. and each leaf displays the resultant class label.

IFigure 3-1 displays a typical tree classifier.
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Age > 50
Yes | No
1 1
Journal >10 Failure
Yes | No
1 1
Failure Success

Figure 3-1: A typical decision tree

In order to classify a case with an unknown class label, the attribute values of the
case are tested according to the tree classifier. A path is traced from the root to a
leaf which holds the class predicted by the tree classifier. Figure 3-1 shows an
example of a tree classifier, in which each left descending branch denotes a
positive answer to the test, and each right descending branch represents a
negative answer. According to this tree classifier, an invention would belong to
the class ‘success’ if the inventor is aged over 50 and had not published more
than ten journal papers. Nevertheless, though the tree classifier is generated from
the training data set with known class, misclassification can occur even when the
tree is used to classify the cases from the training data. This is due to the use of
decision tree parameters that determine the resultant appearance of a tree
classifier. One of the common parameters is pruning, which is a technique
commonly employed to avoid over-fitting. Depending on the level of pruning,
the resultant tree classifier can be a full tree or a pruned tree. Generally, a pruned
tree contains a smaller number of nodes than the full tree. The pruned tree
therefore depicts a more generic classification, where the full tree follows the
training data more closely. However, even a full tree may still misclassify the
training data, since the training data can contain cases with exactly the same
attribute data but different class labels. This often happens when the training

data consists of real life data, rather than computer generated data.
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Step Three: Classification Accuracy Evaluation Usine Testine Data

The misclassification rate of the tree classifier on the training data set. however.
does not reflect the true predictive power of the tree classifier. since the class
labels are known for the training data. In order to estimate the classification
accuracy of a tree classifier, classification on unseen data (testing data) is carried
out. It is the process of using a tree classifier generated from the training data
(cases with known class labels) to conduct classification on a set of testing data.
where the class labels of the testing data is not provided to the tree classitier.

The testing data set generated in Step One is used for this step.

The testing data set consists of both the attribute data and class data of a number
of cases. In this step, the tree classifier generated from the last step is used to
compute the predicted class labels of the cases from the testing data set using
only their attribute data. The predicted class label for each case of the testing
data set is computed by tracing a path through the tree classifier. The
classification error of the tree classifier is then calculated by comparing the
predicted class labels and the class data of the testing data set. which contains the

actual class labels.

Information Gain Algorithm

Starting from the root node, a decision tree splits the whole data set into subsets
from the nodes, where each node in turn further splits its subset into more subsets
at lower nodes. This process goes on until a leaf is reached. Splitting only ends
at cach leaf node. because this is where every case of the current subset belongs
to the same class. The node can therefore be represented by one class label.
hence a leaf node. L.caf nodes are said to be “pure” since all the cascs within the
node share the same class label, whereas non-leaf nodes are ‘impure” as they
contain cases of a mixture of classes. In other words. a node is “purer’ when it
would lead to less splitting. The principle of tree creation is to reach leaf nodes

with the minimum of splitting. the attribute with the highest “purity ™ is thus
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chosen as the current node. Instead of formalising “purity. it is more convenient

to formalise "impurity”. Different trees can be generated using different impurity

measures.

The Information Gain algorithm, one of the most common impurity measures,
works by choosing the attribute with the greatest impurity reduction (or the
highest information gain) as the test attribute for the current node. The
calculations of the information gain of every attribute are accomplished by first
computing the information (also called the entropy value) required to classify the
data set, e(D), and then the entropy values of every attribute. Where ¢.Y)
denotes the entropy value of a particular attribute, X, the encoding information

gained using 4 is therefore ¢(D) — e(X). This algorithm is presented below.

Where D consists of d cases and the number of classes is »n. Let d,/ be the

number of cases of D in class ¢, . Hence e(D) = e(d,,d,,....d,). Based on the

definition of Information Gain, the entropy of the data set D, ¢(D). is defined in

Equation 3-1.

Equation 3-1: Entropy of the data set D

(D)= iIA’(Q,)log2 13(0.,.)

J=1

Where 13(cl) is the fraction of cases at node N that belong to class ¢, . It is

actually the expected error rate at node N if the class label is selected randomly
from the class distribution presented at N. n denotes the number of different

classes. A log function to the base 2 is used since the information is encoded in

bits.

Let .\" have m values as in{.\‘l..\'z,-'- X } where A" can partition D into m

*Tm

-m

subscts as in{Dy. Dy D } and 1), contains those cases in [) that have the
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value x, of X. Let d, be the number of cases of class ¢, in the subset D, . The

information required to partition the data set into subsets using .\. e/ Y). is defined

in Equation 3-2.

Equation 3-2: Entropy of the attribute X

e(X)= i dy ¥ d - d"he(D)
h=l1

dl/r+”'+dnh . . . .
Where 7 is the fraction of cases in the subset having value x, .

The encoding information gained or the impurity drop by using .\ is therefore

e(D) - e(X).

Though in principle the leaf nodes possess zero impurity, there is no assurance in
practice. As it is possible for real life data to contain two cases having the same

value for each attribute, but having different class labels.

3.3 PROTOTYPE INVENTION PREDICTION SYSTEM

This section presents the prototype Commercial Outcome Prediction System
(prototype CPS). The prototype CPS is designed to predict the likely class label
(measured in future monetary return) of an invention, and is designed to be used

by university technology transfer offices for invention assessment purposes.

Briefly speaking. the prototype CPS works by specifying the input data sct based
on the literature from the University Technology Transfer domain, and then
generating a tree classifier using several procedures based on the decision tree

method. The procedures involved in the prototype CPS are listed as tollows:
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1. Specification of the input data set

2. Division of the original input data set into smaller input data sets

3. Leave-one-out sampling for dividing data into the training and testing
data

4. Classifier generation based on a decision tree method with adaptive

boosting

Each of these procedures is explained sequentially below. followed by an
overview description of the prototype CPS, explaining how the 4 procedures are

used together to conduct classification.

3.3.1 Specification of the input data set

As previously explained in Section 3.2, an input data set is divided into the
training data and testing data, upon which a tree classifier is generated and

evaluated respectively.

The first procedure of the prototype CPS is thus to prepare the input data set.

which is comprised of an attribute matrix (X,) and a class vector (c,). as

illustrated in Equation 3-3. The attribute matrix contains the values of a number
of (n) invention attributes for a number of (k) historical invention cases, in which
the matrix consists of rows of cases and columns of attributes. The class vector

contains the class labels of these invention cases.

Equation 3-3: Definitions of the input data set for the prototype CPS

'\.lj o '\‘ln
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Where x, represents the value of the j-th attribute for the i-th case. n is the

number of attributes, and & is the number of cases.

The attributes to be recorded in the attribute matrix is comprised of the suggested
critical factors derived from relevant literature from the University Technology
Transfer domain, and other data available from the source. The reason for using
these critical factors as attributes is that these factors are suggested as predictive
factors based on the findings from relevant surveys, such as interviews with

technology transfer personnel and case studies of invention projects.

Critical factors suggested by the University Technology Transfer literature
together with their respective references are listed in Table 3-1. All factors listed
in Table 3-1 are suggested to be positive indicators for technology transfer

outcome, except for those denoted with ‘(N)’, which are negative indicators.

Table 3-1: List of Critical Factors

1. The discipline of the invention being either biotechnology, informatics

or engineering (Mowery et al. 2002; Shane 2001)

2. The experts of the invention’s discipline are mostly found in

universities (Zucker et al. 1997).

3. The customers of the market for the invention’s discipline are willing to

trade off cost for efficacy (Shane 2001)

4. Strong patent protection for the invention’s discipline (Hsu and

Bernstein 1997; Shane 2002)

5. Inventions not needing complementary technologies or assets to be

effective (Shane 2001)

6. Young age of the invention’s technical field (Shane 2001)

7. The market segments of the invention are not the attention of

established firms (Shane 2001)

8. Small average firm size for the industry where the invention belongs

(Shane 2001)
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9. The industry where the invention belongs does not involve tacit

knowledge (Shane 2001)

10. Universities hold more patents than the industry for the invention’s

disciplines (Hsu and Bernstein 1997; Shane 2001)

11. Historical research leading to the invention was funded by the private

sector (Gregorio and Shane 2003)°

12. Industrial partners involve in technology transfer activities for the

inventions (Owen-Smith and Powell 2003; Lindel6f and Léfsten 2004)

13. Non-embryonic inventions — late stage inventions with low level of
unknown regarding their technical feasibility and market applications

(Bond and Houston 2003)

14. Inventions derived from basic research, as opposed to applied research

(Bond and Houston 2003)

15. Radical inventions (Shane 2001)

16. Inventions with balanced objectives of various stakeholders (Siegel et

al. 2004)

17. Inventions accredited by technology assessors (McAdam et al. 2005)

18. Inventions with future funding secured (Gregorio and Shane 2003)

19. Personal relationship exists among the stakeholders (inventors,
technology-transfer office administrator, investor) of the invention

(Siegel et al. 2004; Shane and Stuart 2002; Hsu and Bernstein 1997)

20. The stakeholders (inventors, technology-transfer office administrator,
investor / market) are well connected (Siegel et al. 2004; Bond and

Houston 2003)

21. Inventors being the ‘entrepreneurial type’: people who have been

wanting to start their own businesses (Shane and Khurana 2003)

22. The team of inventors includes industrial inventors (Zucker et al. 1997)

23. Inventors with previous firm creation experience (Shane 2004)

24. Inventors with previous experiences in technology-transfer activities,
such as collaborative research projects or consultancy with industrial |

partners (Owcen-Smith and Powell 2003)

® This factor is only suggcested at the umiversity level.
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25. Inventions of high values (Hsu and Bernstein 1997)

26. Inventors not having an overly simplified view of business and

management issues (McAdam et al. 2005)

27. Inventors not underestimating the time and resources required to create

proof of concept (Hsu and Bernstein 1997. McAdam et al. 2003)

28. Inventors not underestimating marketing efforts (McAdam et al. 2005:

Shane and Stuart 2002)

29. Inventors of high status (Shane and Khurana 2003)

30. Inventors being star researchers who are experts in their field and have a
high volume of publication and some highly significant publications

(Zucker et al. 1997; Owen-Smith and Powell 2003)

31. Inventions with higher expenditures on external lawyers (Siegel et al.
2003)

32. Inventions having not too tight connections with firms (Owen-Smith, J..

and Powell, W.W., 2003)

33. (N) Inventions lacking inventor-supplied contacts for potential licensees

(Hsu, D.H.. and Bernstein, T., 1997)

34. (N) Radical inventions being underappreciated by investors (Hsu and

Bernstein 1997)

35.(N) Inventions with misunderstandings between inventors and
universities on intellectual property rights issues (Siegel et al. 2003.

2004)

Although these critical factors are abstract and subjective, they are used as the
guidelines for data collection regarding invention attributes. Lastly. the class
label is either ‘success’ or “failure’. which is measured in terms of the level of

monetary return generated by an invention.

Furthermore. the value of each attribute is to be collected at three points in time,
which are related to the patent application process, as illustrated in Figure 3-2.
Attribute data is to be collected at these three points and class data is to be

collected at the end of an invention's life. The three points in time are denoted
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with reference to the number of month from the first patent filing date. For

instance, ‘Month 0’ is equivalent to the first filing date. as it represents zero

month away from the filing date.

Start I-nd
Data
pTime
Month 3  Month 12 Month 60

Figure 3-2: Critical points in time for invention assessment

The value of an attribute data collected at “Month 0’ is the value accounting from
the start point of an invention to “Month 0°. The values of data collected at
*Month 12" and ‘Month 60’ are the marginal values accounting from the previous
critical points to the current critical points. For instance. given an attribute “The
amount of expenditure incurred’, the attribute value collected at “Month 0" for a
particular invention project would be the expenditure amount during the period
from the start of the project to ‘Month 0°. Similarly. the attribute value collected
at ‘Month 12’ is the marginal expenditure value during the period from *Month

0" to *“Month 12°.

Data is collected at the three points in time as they are the times when the
potential of an invention project is often assessed to decide whether or not to end
the project. The respective decisions are explained below. which are in relation

to the typical issues considered during the patent application process.




Chapter Three: Prototype Commercial Outcome Prediction System 63

Month 0

Data collected at ‘Month 0" is based on the period between the start of an
invention project till its first patent filing day. This is the period just before any
patent application has taken place. During this period. inventors normally
provide the details of the invention to the technology-transfer office. generally
through filling out an invention disclosure form. Necessary documents regarding
technical specification of the invention and due diligence are also submitted.
This is normally followed by an assessment based on the information provided to
see if it is worth filing a United Kingdom patent application for the invention.
This decision at ‘Month 0’ is crucial as it is the first gatekeeper that determines
whether or not the invention would enter the whole technology-transfer process

at all.

Month 12

‘Month 12’ is one year away from the first patent filing date. If an informal
patent application had been submitted at ‘Month 0°. *Month 127 is then the
deadline to submit a formalised United Kingdom patent application. The
difference between an informal and formal patent application is that the
specification of the latter is written according to the legal format required by the
patent offices. There is, however. no specific format for the specification for an
informal application, which can be merely a general description of the invention.
Thus, professional consultation is often sought for a formal patent application at
‘Month 12°. Moreover, ‘Month 12’ is also the deadline to submit the PCT
(Patent Cooperation Treaty) application, which is a preliminary international
oxamination for the convenience of qualifying an invention for up to 108
countries. PCT is usually as costly as three times or more of the expenses
required in a formal United Kingdom patent application. Yet. inventions secking
international patent protection often apply for PCT. for various reasons such as
delaying patent applications for individual countrics. Due to the high cost of

PCT. it is usually only adopted when foreign patent applications arc pursucd.
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Similarly, foreign patent applications are often expensive. especially when the
number of designated country increases. The decision at *Month 12" therefore

involves high costs as well as crucial international strategies for technology

transfer.

Month 60

There is no guarantee as to how long it may take to have a patent granted. It
could be five or more years for a foreign patent application, or less for a United
Kingdom patent application. For simplicity, the final data collection point is
allocated at ‘Month 60°, which is five years away from the first filing date. At
this point, usually at least one of the designated countries would have granted a
patent. After the grants, annual renewal fees would need to be paid to each
country in order to keep the patents alive. Fees will only be paid to maintain the
patents if there is commercial interests. Month 60" is therefore another

important point in time to decide whether or not to terminate the invention.

3.3.2 Partition of the original input data set into smaller input

data sets

This procedure divides the original input data set into three smaller input data
scts, based on attribute data collected at different points in time. This is

explained below.

While the attribute matrix (X,) contains attributes collected at three points in

time. attributes collected at a later point (such as at “Month 60°) are so-called
‘older attributes’, and attributes collected at an earlier point are so-called
‘younger attributes’.  For instance, given the attribute “the number of

publications created by the inventor® collected at the three points in time. three
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attributes are developed. The attribute collected at *Month 0" is so-called a

'zero-year old” attribute, and is ‘younger’ than the attributes collected at *Mlonth
12’ or *“Month 60°.

The decision tree method generates a tree classifier consisting of m attributes (m
nodes), from a training data with » attributes, where m is a subset of n. If the
attributes are all ‘one-year old’ attributes, the m attributes would also be “one-
year old’ attributes. The tree classifier generated from these » attributes can then
perform classification once the future cases are at least one-vear old. However.
if those n attributes are ‘two-year old" attributes, then the tree classifier can only
be used until the future cases are at least two years old. Since the training data is
a subset of cases of the input data, the training data and input data share the same
n attributes. In other words, an input data set consisting of vounger attributes
enables earlier classification which requires younger attributes. Since the
amount of resources consumed by inventions increases with time. it is better to
perform classification (predict the class labels of inventions) earlier. In short.

younger attributes are preferred.

Furthermore, when the number of attributes required by the input data set is
smaller. data collection is likely to be easier for each case. When data collection
is easier for each case, the data of a larger number of cases may be collected. An
input data set with a larger number of cases enables a training data set with a
larger number of cases, which in turn gives rise to a more accurate classifier.
Since a classifier generated from a larger training data set is ¢enerally more
robust. In short, it is important to minimise the number of attributes used for an

input data set.

In order to minimise the age and the number of the attributes used for the input
data set. this procedure divides the attribute matrix ot the original input data set
into various smaller attribute matrices according to data collcction points in time.
Each of the smaller matrices is then tcamed up with the class vector of the
original input data sct to form a smaller input data set. These smaller input data

sets would then be used to generate various classifiers. Howcever. it 1s possible
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that a classifier based on the original input data set (which contains the attribute
matrix covering attributes from all three data collection points) gives the highest
classification accuracy. Therefore, the original input data set and the three

reduced input data sets are all used to generate classifiers.

Let n be the number of attributes contained in the original attribute matrix, and p,
g, r be the numbers of attribute collected at the three data collection points
respectively. The three smaller attribute matrices therefore contain p, g, and r
attributes respectively, where they contain the same number of cases. This

division process of the original attribute matrix (X,) is illustrated in Equation 3-

4.

Equation 3-4: Partition of the input data set
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Where X, denotes the attribute matrix of the original input data set. X]

X] and X]

monthQ

momheo d€NOtE the reduced attribute matrices extracted from X .

month12 *

Whereb=p,c=p+1,d=q+p,e=q+],n=p+q+r.

Equation 3-4 illustrates the division of the attribute matrix X, into three smaller

matrices. The first p attributes of every case in X, form X; . The ¢-th to the

monthQ

d-th attributes of every case in X, form X] Lastly. the e-th to the »-th

month2 °

attributes of every case in X, form X] The four input data sets generated

month60 -~

in this procedure are therefore Xlandc],Xl andc,.xl

and X]

andc,.

monthQ month12

ande,.

maonth 60

3.3.3 Leave-one-out sampling

As previously described in Section 3.2, the cases of the input data sct have to be
divided into the training and testing data, upon which a classifier tree is
generated and evaluated respectively. Such division of cases is usually done
according to a certain ratio, such as 7:3. where 70% of the cases are used for
training and the remainder is used for testing. In this procedure. no fixed ratio is
adopted unless the input data set contains a very limited number of cases. with
less than 50 cases. When the input data set contains less than 50 cases, lcave-
one-out sampling technique is employed to divide the input data set into the
training and testing data. The reason for not using a fixed ratio is because the
ratio depends on the size (i.e. the number of cases) of the input data sct. .\ ratio
is valid as long as there are sufficient cases for training (classifier generation). A
large input data set (with thousands of cases) therefore can atford to adopt a more

cven ratio such as 3:3. A medium input data sct (with hundreds of cases)
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probably uses the prevalent ratios where a higher proportion is reserved for the

training data set, such as 8:2 or 7:3.

By leave-one-out sampling, one case from the input data set with » cases is used
as the testing data, while the remaining n-1 cases are used as the training data. A
tree classifier generated using this training data set is then used to conduct
classification on the testing data set. The classification accuracy is then
recorded. This process is iterated » times so that each case of the input data set
takes turn to be the testing data set. m tree classifiers and » records of
classification accuracy are therefore resulted. The average of the » classification
accuracies then represents an estimate of the classification accuracy of a tree
classifier generated using all » cases of the input data set. The derivation of the
classification accuracy using the leave-one-out sampling technique is therefore
different from the usual way. While the usual way is to derive the accuracy
using a subset of the input data as the testing data, the lcave-one-out method
generates n accuracies of #» tree classifiers, and uses their average to estimate the
accuracy of a tree classifier that was not generated. Nonetheless. this method
preserves maximum number of cases for the training data set., which is especially
important when the size (i.e. number of cases) of the input data set is very

l[imited.

3.3.4 Classifier generation using decision tree with adaptive

boosting

Duc to the qualitative nature of most of the critical factors, the resultant attributes
collected are likely to be comprised of categorical values. Most classification
algorithms, such as the nearest-neighbour classifier and regression analysis, are
based on measurements of distance between sample cases. These methods work
when variables are real-valued and can be defined by metric. Ilowever.
qualitative attributes such as “source of funding leading to the iny ention’, are

comprised of categorical values like “Government” or "Charity’.  Such
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categorical data is discrete, and lacks any natural notion of similarity or ordering.
lherefore, the decision tree method is adopted to generate classifiers. as it is

capable to analyse both numeric and categorical data.

Based on different settings of several parameters. different tree classifiers can
result from the same training data. Five decision tree parameters arc employed

for classifier generation, they are listed as follows:

1. The branch factor — two
The number of attributes represented by each node — monothetic trees
The impurity measure employed — Information Gain

Over-fitting measure: Minimum Case Threshold

Los e

The number of trial adopted for the adaptive boosting technique

The values for the first three parameters have been pre-determined. which are the
branching factor of 2, monothetic trees, and the Information Gain impurity
measure. For the remaining two parameters, guided ranges of values are used.

Each of the five parameters is presented below.

Branching Factor of Two

The number of branches descending from each node of a tree classifier is called
the node's hranching factor or branching ratio. In general, this can be specified
and can vary throughout the tree. though every node can always be represented
with a branching factor of 2 (binary tree). For instance, Figure 3-3 and 3-4 show
how the same information can be expressed in a non-binary and binary tree
respectively.  Due to the fact that binary trees are expressive, and are

comparatively simpler to train, binary trees are adopted.
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Figure 3-3: A decision tree with variable branch factor
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Figure 3-4: A decision tree with branch factor = 2

Number of attributes represented by each node — Monothetic Trees

While it seems a norm for each node to represent one attribute, it is possible to

involve more than one attribute at each node. By using logical combinations of
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attributes, more than one attribute can be presented at a single node. For
example, two attributes are involved in the following node: (inventor status =
student) AND (NOT (subject = engineering)). Trees involving only one attribute
at a node are monothetic trees, trees allowing more than one attribute at each

node are referred to as polythetic trees. For the reason of simplicity. monothetic

trees are adopted.

Impurity measure — Information Gain

Information Gain is one of the most widely accepted impurity measure. it is also
a natural default in most classification problems. It is therefore adopted here for

the impurity measure.

Over-fitting Measure: Minimum Case Threshold

Though the basic principal for tree generation is to split nodes until the minimum
impurity is met, the resultant tree is often over-fitting the training data when each
leaf node contains minimum impurity. In case of over-fitting, the tree
corresponds so closely to the training data that it cannot generalise new data well.
The extreme case of over-fitting would be when each leaf of the tree corresponds
to one single training case. Such a tree would merely be a convenient lookup

table for the training data.

To avoid over-fitting, nodes have to stop splitting before reaching the minimum
impurity. In other words, the splitting has to be stopped before the tree over-fits.
However, if the splitting is stopped too early, the tree may under-fit the training
data. This is when the classification error on the training data is not sufficiently

low, leading to poor generalisation performance.

A parameter used to identify levels of node splitting is called Minimum Case

Threshold (MCT). by means of which splitting stops when a node represents
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fewer than the threshold number of cases. This has a benefit analogous to that in
a k-nearest neighbour classifier, that the sizes of partitions are smaller in regions

where data is denser, but larger where the data is sparser.

If a tree splits until the minimum impurity is met, it is called a full tree. When
the splitting is stopped before the minimum impurity, the resultant tree is a sub-
tree of the full tree. A full tree will be generated when the MCT value is set to be
2. Changing the MCT may or may not lead to a different sub-tree. It is possible
that the tree generated by setting MCT to 4 is equivalent to that generated by
setting MCT to ten. Generally, there would be more sub-trees if the full tree
contains a larger number of nodes. When the MCT value is too high, the tree
does not split and hence only consists of one node (a leaf node), suggesting that
all cases should be classified to the same class. In such case, the one node tree is

definitely under-fitting the training data and offering no classification insights.

In order to prevent over-fitting, instead of generating only one tree classifier
from the training data set, this procedure requires a number of tree classifiers to
be generated using a range of MCT values, which starts from an MCT value of 2

(i.e. a full tree) until a single-node tree is resulted.

Adaptive boosting technique

Adaptive boosting is a technique adopted to minimise classification error, where
the final classification is based on generating several trees classifiers rather than
one tree classifier from the input data. The process of classification system

generation using the adaptive boosting technique is described below.

First of all, the number of trials of tree generation is pre-determined. A tree
classifier is then generated form the training data set, where each of the
subsequent tree classifiers is generated by focusing on the mistakes made by the
previous tree. Tree classifier creation goes on until the pre-determined number

of trials is completed. This process also stops when the current tree classitier
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V]

generated is either extremely accurate or inaccurate. For instance, when it is
specified to conduct 3 trials of tree generation, the procedure to produce a
classification system is as follows. A tree classifier is first generated from the
training data set. Next, a second tree classifier is constructed by paying more
attention to those cases misclassified by the first tree classifier. Again, the
misclassification error of the second decision tree will then become the focus
when generating the third decision tree. Lastly, a classification system is
resulted, whose computation of the predicted class of a case is determined by the

votes from the three tree classifiers.

It is found for many empirical problems that the classification error often
decreases when the number of boosting trial is increased up to the optimal level.
While each classification problem often has its unique optimal level, the level of
about ten trials is commonly found to be working reasonably well for many large

and small classification problems.

In order locate the optimal trial number for boosting; this procedure requires the
experimentation with a range of five trial numbers: 3, 6, 9, 12, and 15. These
numbers are evenly distributed around the number of ten. They are adopted
since the level of ten is empirically proven to be approximately the optimal trial
number. Though it is possible that the optimal level exist between 0 and n
(where n is the number of cases contained by the input data set), a huge number
of experimentation would be resulted if every number between 0 and 7 is to be
tested and when the value of # is large. Therefore, only five trial numbers are

experimented.

3.3.5 Overview description of the prototype CPS

This section presents an overview description to explain how the four procedures
presented above work together to form the prototype CPS to perform

classification. The prototype CPS is explained using the following six steps.
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1. The first step is to generate an input data set according to the

specifications presented in Section 3.3.1,

2. The second step is to generate four input data sets using the procedure
described in Section 3.3.2. The third and fourth steps are then applied to

each of the four input data sets.

3. The third step is to state the parameter values for m candidate classifiers.

The parameter variables are namely, the MCT number, and the number of

trials used for adaptive boosting.

4. The fourth step is to compute the estimated classification accuracy of
each of the m candidate classifiers, using the procedures described in

Section 3.3.3 and 3.3 .4.

5. The fifth step is to choose the best performing candidate classifier.
Among the candidate classifiers generated, the candidate classifier
achieving the highest estimated accuracy is regarded as the best
performing candidate classifier. However, it is possible to have candidate
classifiers generated based on different input data sets sharing the same
level of estimated accuracy. Under such a situation, the candidate
classifier generated using the input data set with the youngest attributes
are preferred. The best performing candidate classifier is therefore the
classifier with the highest estimated accuracy and generated using the
youngest attributes. Candidate classifier based on younger attributes is
preferred as it enables prediction based on merely attributes collected at
earlier points in time. For instance, if 2 candidate classifiers generated
using attributes collected at ‘Month 0’ and ‘Month 12" achieved the same
level of estimated accuracy, the candidate classifier based on ‘Month 0’ is
preferred. This is because the ‘Month 0’ candidate classifier can predict
the class label of an invention once the invention is one year old, while
the ‘Month 12' candidate classifier can only perform predictions until

inventions are two years old. Furthermore, when several candidate
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classifiers using the same input data set obtained the same highest
estimated accuracies, the best performing candidate classifier is therefore

the one generated using the smallest number of trials for boosting and/
MCT value.

6. The final step is to generate a classifier using the parameter values of the
best performing candidate classifier identified in the last step. using every
case of the input data set. This resultant classifier is then used to perform

classification.

3.4 RESULTS AND DISCUSSION

Data Collection

One source for data collection is secured, after sending data collection requests to
7 university technology transfer offices. The source provided limited access to
the information base for 23 of their invention cases, based on a specific

confidentiality agreement.

The information base provided consists of hard copies of patent related
documents of 23 invention projects during their life time. The record for each
project starts when it was considered to have potential, which usually began from
the preparation of the invention’s specification for the first patent application.
The record ends as soon as the invention was considered to have no potential,

which can be before or after the patent grant of the invention.

The data available from the information base is very different from the data
required by the prototype CPS. Based on the available data, only a subset of the
critical factors listed in Table 3-1 has found analogous invention attributes tor

data collection. These invention attributes are presented Table 3-2. where the
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second column shows the data type of the attribute. Categorical values for

nominal and ordinal data are also shown in the second column. and the v alues are

presented in descending order for ordinal data. Finally. the last column shows

the index number of the respective critical factors suggested by Table 3-1.

Table 3-2: Invention Attributes Collected

Invention Attributes extracted Coding categories Factors
1. The first source of funding Nominal: Firm (F). 11
leading to the current Government (G). Charity
development of the invention (C), Spinout (S), Other
university (O),
Department (D),
Technology-transfer office
(T), Not applicable (N)
2. The second source of funding Same as the first attribute I
leading to the current
development of the invention
3. The third source of funding Same as the first attribute 11
leading to the current
development of the invention
4. The forth source of funding Same as the first attribute 11
leading to the current
development of the invention
5. The area of discipline of the Nominal: Life science (L), I
invention Engineering (E),
Informatics (I)
6. The number of collaboration Scale - |
partner |
7. Whether any prior art searches Ordinal: Professional (P).

has been conducted

Non-professional (NP).
None (N)
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8. Whether funding for next stage | Ordinal: Yes (Y), Partial 18
has been secured (P), No (N)
9. The number of personal contacts | Scale 33.19
for potential source of
investment
10. The number of related Scale 29,30
publication published by the
inventors
11. The number of significant Scale 29, 30
publication published by the
inventors
12. The developmental stage of the | Ordinal: Proven design 13
invention made using manufacturing
tooling (A), Proven final
design (B), Optimisation
by prototype variation (C),
Prototype (D), Proof of
concept (E), Early stage
(F)
13. Previous business experiences of | Ordinal: Setting up own 23
the inventors business (B), Substantial
collaboration (SC), Little
collaboration (LC), None
(N)
14. Whether there are industrial Ordinal: Yes (Y), No (N) 12, 16
partners that were involved in
decision making processes
15. The level of communication Scale 20

between the technology transfer

office (TTO) and the inventors
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16. The level of communication Scale 20
between the TTO/inventors and
the market/potential investors

17. Whether an estimation for future | Ordinal: Thorough (T), 26
costing has been done Brief (B), None (N)

18. Whether a market research has | Ordinal: Professional (A), 28
been done Non-profession thorough

(B), Non-professional
brief (C), None (N)

19. The number of firms that have Scale -
shown a positive interest of the
invention

20. The chosen type of the first Nominal: Formal (F), -
patent application Informal (I)

21. The number of other patent Scale 24
applications owned by the
inventors

22. Whether there are industrial Ordinal: Yes (Y), No (N) 22
inventors

23. Whether an invention disclosure | Nominal: Yes (Y), No (N) -
form has been filled in

24. The amount of expenditure Scale 31
incurred

25. The number of agreements Scale -
signed

26. The number of licensing Scale -

contracts signed

27. Whether a spinout company has | Nominal: Yes (Y), No -
been formed (N)

28. The year of the first filing date | Scale -

29. The number of months took to Scale -

have the first patent granted
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30. The rate of patent grant Scale -
" Income Ordinal: T
Success (S), Failure (F) ‘ ]

As shown in Table 3-2, 30 invention attributes are extracted from the information
base, where the last column indicates that most of them are generated based on
18 out of the 35 critical factors listed in Table 3-1. The data required by the
remaining 17 critical factors cannot be collected as it is not available from the
information base provided. The attributes not representing any critical factors

are other attribute data available from the information base.

Whether an attribute is represented using ordinal or nominal data type depends
on the suggestion from the critical factor. For instance, the 8" attribute in Table
3-2 is based on the 18" critical factor in Table 3-1. Since the 18" critical factor
suggests that inventions with future funding secured are more likely to have
successful technology-transfer outcome, the 8" attribute is therefore coded using
ordinal data. Another example is the 5™ attribute that is based on the 1* critical
factor. This critical factor suggests that inventions from the three disciplines are
all likely to have more successful technology-transfer outcomes than inventions
from other disciplines. Yet the critical factor does not suggest what is the

t attribute is therefore coded

superiority order of the three disciplines. The 5
using nominal data. Lastly, attributes like the 23" attribute is not based on any
critical factors. Such attributes are therefore coded using nominal data as there is

no suggestion regarding the superiority order of the categorical values.

The last row of Table 3-2 contains the data ‘Income’, which is used to compute
the class labels. Due to the issue of confidentiality. the values of this data cannot
be disclosed. The values of this data are represented using two class labels,
namely ‘success” and ‘failure’. The range of income values for each class is

determined by a staft member from the data source.
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Data Collection at Critical Points

The attribute data is collected at the three points in time namely “Month 07,
‘Month 12°, and ‘Month 60°’. However, not every attribute has data collected at
all three data collection points. Attributes such as the 20™ and 23" attributes in
Table 3-2 only require data collection at ‘Month 0°. The attribute with data
collected in a particular point in time is marked ‘X, as displayed in Table 3-3.

where the first and the fifth columns denote the attribute number.

Table 3-3: Results of data collection at the three points in time

Attribute | Month | Month | Month | Attribute | Month | Month | Month
0 12 60 0 12 60
1 X X X 16 X X X
2 X X X 17 X X X
3 X X X 18 X X X
4 X X X 19 X X X
5 X - - 20 X - -
6 X X X 21 X X X
7 X - - 22 X X X
8 X X X 23 X - -
9 X X X 24 X X X
10 X X X 25 X X X
11 X X X 26 X X X
12 X X X 27 - X X
13 X - - 28 X - -
14 X X X 29 - - X
15 X X X 30 - - X

Moreover, Table 3-2 only denotes brief descriptions for each of the thirty

invention attributes. Further explanations are needed for some of the attributes,

which are presented successively below.
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First to fourth attributes: While explicit statements of funding sources are
usually missing, sources of funding are often traced from the receipts of paid
bills. The four attributes are defined in terms of nominal data rather than ordinal
data because the superiority of different funding source is not clear from the
relevant (13" critical factor. Also, the data is categorical rather than numeric

because the total amount of expenses consumed is not provided by the data

source.

For example using imaginary invention project A, the data collected for these
four attributes at the three critical time points is displayed in Table 3-4. As
shown, the sources of funding have evolved over the period from the start of the
project till ‘Month 60’. There are two sources of funding (Government and
Charity) at ‘Month 0, and there is one source of funding, Government and

technology-transfer office respectively, for ‘Month 12’ and ‘Month 60°.

Table 3-4 also serves as a good example showing how attribute data is collected

at the three data collection points.

Table 3-4: Data collection example for project A

Critical Month 0 Month 12 Month 60
Points
Attributes 1 2 3 4 1 2 3 4 ] 2 3 4

Data | G| C |  N|IN| G| N N|N|TJ|N{N|N
Value

Where ‘G’, ‘C’, ‘N” and ‘T’ represent ‘Government’, ‘Charity’, ‘Not applicable’

and ‘Technology-transfer office’ respectively.

Fifth attribute: There is no definition of disciplines from the data source.
Constant debates regarding disciplinary definitions go on even among the
literature of research communities. Due to the interdisciplinary nature of most
academic departments as well as their resultant invention projects, the same

invention project can often be addressed using different disciplinary titles.
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Furthermore, consultation with experts regarding the disciplinary issue is
restricted due to the confidentiality of the data. The disciplinary labels civen to

the invention projects are thus based on a subjective judgement of the author.

Sixth attribute: The number of collaboration partners refers to the number of
organisations where any relevant stakeholders belong to. The relevant
stakeholders have rights to be involved in the technology-transfer decision
making at varying degrees. They include inventors, material sponsors. investors.
licensors, and spinout company management personnel. For instance. when the
relevant stakeholders only involves one inventor and one investor who both

come from the same organisation, the data for this attribute is therefore one.

Seventh attribute: These prior art searches refer to those conducted before the
filing of patent application. The value of the attribute is ‘professional’ when
these searches are done by professional intellectual property related personnel
such as patent attorneys. The value is ‘non-professional” when the searches are
done by others such as administrators from technology-transfer offices or
mventors. When both types of searches have been conducted. the value of this

attribute is ‘professional’.

FEighth attribute: Information about the total funding required for the next stage.
so does other future planning information, is often missing from the data source.
Unless a complete future funding is explicitly stated, any evidence of securing
future funding sources merely represents the secure of partial future funding. In
addition, this attribute refers to the secure of funding source in advance ot the
next stage. Evidence from email correspondence showed that internal funds from
the university. such as from academic departments or the technology-transfer
office, sometimes act like urgent sources of funding to settle bills at the last

minute. Under such circumstances, the internal funding is not regarded as an

advance funding source.

Ninth atrribute: A contact for potential source of investment 1s accounted as a

personal contact when it did not previously exist in the intormation base and is
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introduced by inventors or administrators from the technology-transfer oftice.
This assumption has been made as there is no record regarding whether contacts

are derived from personal sources or not.

Tenth attribute: A publication’s relation to a specific invention is obvious to the
inventors but not to others. Also, the author would need to familiarise with the
technologies involved in the invention in order to judge each publication's
relation to the invention, which is a very time-consuming process. Based on these
considerations, only publications submitted by the inventors as relevant to the

inventions are accounted as related publications.

Eleventh attribute: The significance of a publication is a subjective judgement
since one definition may be accepted by one but not the others. For instance.
publication citation is commonly viewed as a significance measure among the
academics. This is however not agreed by the private sectors. Under the
circumstance of lacking a commonly agreed measure, only publications receiving
a third party approval are accounted as significant publications, such as awarded

publications and granted patent.

Twelfth attribute: The definition for the developmental stages of an invention
depends on its industry standard. The definition adopted for this attribute, as
reflected in the ordinal data definition, is based on the industry standard from the
engineering industry. This is due to the fact that most invention projects from the

data source are engineering based.

Thirteenth attribute: *Substantial collaboration’ and ‘little collaboration’ refer to
the situations when the numbers of past collaboration projects are three or more.

and below three, respectively.

Fificenth and sixteenth attributes: The level of communication is measured in

terms of the number of pages of written correspondence such as emails and

[etters.
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Seventeenth attribute: Estimation for future costing can be written in various
degrees of details. For example, it can be represented in one numeric amount or
through sections of pricing for individual items. The attribute value is based on

the subjective judgement by the author.

Eighteenth attribute: Whether a research report is thorough or brief is determined
by the author’s judgement, based on the same argument stated for the 7"
attribute. Moreover, a professional market research refers to that completed by
professional external organisations such as a marketing consultancy. whereas a
non-professional one is that completed by inventors or technology-transter

administrators.

Twentieth attribute: this attribute refers to the priority patent application. The
difference between a formal and an informal patent application is that the
specification of a formal application is written in the format required by the UK

patent office for examination purpose.

Thirticth attribute: this rate is calculated by the number of patents granted
divided by the number of years between the filing date of the first patent

application and the grant date of the last application.

Resultant Input Data set

By collecting attribute data at the three data collection points. and the class data
at the end of each case, an input data set is generated. This input data set
contains the data for 23 cases. in which 7 and 16 cases are labelled as Success’
and “Failure’ respectively. In addition. each "X’ in Table 3-3 denotes one
attribute. the total number of attribute contained in the attribute  matrix is

therefore 73. The attributc data is stored in matrix X, and the class data is stored

in vectore,, as illustrated in Equation 3-5.
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Equation 3-5: The resultant input data set stored in matrix X and vector ¢,

X _ xl‘ I n
1 C]:[Cl C, Ck]
xkl xlq xkn

Where x, represents the value of the j-th attribute for the i-th case. 1 is the

number of attributes, and £ is the number of cases. For this input data set. n2 is 73

and k is 23.

Generation of four input data sets

Four input data sets are then generated from the original input data set according
to the procedure described in Section 3.3.2. Out of the 73 attributes in matrix

X,, the first 27 attributes were collected at ‘Month 0, the following 22 attributes

were collected at “Month 12°. and the last 24 attributes were collected at *“Month

60". The three resultant smaller attributes matrices are denoted as

X| and

monthi2 * lnlonlh 60 °

1umnlhO ’

which they consist of 27. 22, and 24 attributes

respectively for 23 cases. The four attribute matrices are therefore X, . X;

month0 °

X] and X1

monh 12 monthot

By combining each attribute matrix with the class vector (¢,), four input data sets

are generated, as shown in Table 3-5.



Chapter Three: Prototype Commercial Outcome Prediction System

bt

Table 3-5: Four input data sets generated using the original input data set

Input Data set

Attribute matrix

Class vector

| X, c,

D, c,
lmnnlhO

D, ¢
]mnnlh 12

D, c,
1 month60

The first column of Table 3-5 showed the notations for each input data set. where

the second and third columns showed their respective attribute matriccs and class

vectors.

Classification accuracies of the resultant candidate classifiers

The third step of the prototype CPS is to define each candidate classifier in terms

of the two parameters: MCT (minimum case threshold) and number of trials for

adaptive boosting. The fourth step of the prototype CPS is to calculate the

estimated classification accuracy of each candidate classifier. Due to the limited

number of cases contained by the input data set (23 cases), leave-one-out

sampling technique is employed. The results generated from step three and four,

which are the definitions of each candidate classifier as well as their estimated

classification accuracy (in terms of the percentage of cases correctly classified).

arc displayed in the following four tables. Each table shows the results for a

particular input data set.
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Table 3-6: Results generated from the first input data set D,
Classifier | Boost | MCT | Accuracy | Classifier | Boost | MCT | Accu racy
trial trial
1 3 2 65.2 9 12 3 60.9
2 6 2 47.8 10 15 3 56.5
3 9 2 60.9 11 3 4 73.9
4 12 2 52.2 12 6 4 69.6
5 15 2 52.2 13 9 4 73.9
6 3 3 60.9 14 12 4 73.9
7 6 3 60.9 15 15 4 73.9
8 9 3 60.9 16 3 5 -
Table 3-7: Results generated from the second input data set D,
Classifier | Boost | MCT | Accuracy | Classifier | Boost | MCT | Accuracy
trial trial
] 3 2 60.9 9 12 3 73.9
2 6 2 60.9 10 15 3 78.3
3 9 2 60.9 11 3 4 60.9
4 12 2 65.2 12 6 4 60.9
5 15 2 65.2 13 9 4 60.9
6 3 3 73.9 14 12 4 60.9
7 6 3 73.9 15 15 4 60.9
8 9 3 73.9 16 3 5 -
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Table 3-8: Results generated from the third input data set D,
Classifier | Boost | MCT | Accuracy | Classifier | Boost | MCT | Accu racy
trial trial
1 3 2 78.3 9 12 3 69.6
2 6 2 78.3 10 15 3 69.6
3 9 2 73.9 11 3 4 69.6
4 12 2 73.9 12 6 4 73.9
5 15 2 73.9 13 9 4 69.6
6 3 3 73.9 14 12 4 73.9
7 6 3 73.9 15 15 4 69.6
8 9 3 69.6 16 3 5 -
Table 3-9: The results generated from the fourth input data set D,
Classifier | Boost | MCT | Accuracy | Classifier | Boost | MCT | Accuracy
trial trial
1 3 2 65.2 9 12 3 56.5
2 6 2 65.2 10 15 3 56.5
3 9 2 65.2 11 3 4 65.2
4 12 2 65.2 12 6 4 60.9
5 15 2 60.9 13 9 4 60.9
6 3 3 69.6 14 12 4 60.9
7 6 3 60.9 15 15 4 60.9
8 9 3 60.9 16 3 5 -

According to the prototype CPS, a range of five trial numbers (3, 6, 9, 12, and

15) for adaptive boosting have to be conducted with each MCT value, where the

experimentation with the MCT value have to start from an MCT value of 2 (i.e. a

full tree) until a single-node tree results. Following these instructions, 15

candidate classifiers are generated from each input data set. A total of 60

candidate classifiers are developed from the four input data sets.
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The fourth and eighth columns of each table showed the estimated accuracies for
the candidate classifiers. It is found that the 16™ candidate classifier for e\ ery

input data set is not valid, since the candidate classifier generated is a single-node

tree.

The fifth step of the prototype CPS is to choose the best performing candidate
classifier. Among the 60 candidate classifiers. 3 candidate classifiers hasve
achieved the highest level of estimated accuracy of 78.3%. Among these 3
candidate classifiers, the one generated using the second input data set is the best
performing candidate classifier, according to the definition described in the
prototype CPS. In short, the best performing candidate classifier is therefore the

10" candidate classifier generated using the second input data set. as shown in

Table 3-7.

The final step of the prototype CPS is to generate the final classifier according to
the definition of the best performing candidate classifier. using every case of the
respective input data set as the training data. Consequently, the final classifier is
generated using every case of the second input data set as training data, 15 trials
for adaptive boosting, and an MCT value of 3.

Consequently, the final classifier generated consists of 13 trees (micro-
classifiers), where this classifier determines the class labels of invention cases by
counting the votes from these 13 micro-classifiers. These micro-classifiers are
displayed in Figure 3-5. Though the number of trials is predefined to be 15. only
13 trials are conducted, as the 14™ trial is stopped due to an extreme inaccuracy

of the 14" tree.
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Figure 3-5: The micro-classifiers of the resultant classifier
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Trial Eleven Trial Tunelve

| Other Patent | [ Other Patent |

Trial Thirteen ‘ _

I Other Patent |

| Industrial inventor ] |SUCCCSS|0%

Yes,

24%

Figure 3-5 showed 13 micro-classifiers resulted from 13 trials of tree
construction for adaptive boosting. Each micro-classifier is constructed using all
23 cases of the second input data set as training data set. Due to confidentiality
issue. the actual values for node splitting have been replaced with labels “a™. *b".
‘c’, *d", ‘e’, and ‘f". The percentage values next to the leaf nodes represent the
percentage of misclassified cases. The estimated classification accuracy of this

final classifier is 78.3%.

Discussions

The first step of the prototype CPS is the generation of an input data set
according to the specification that comprised of a list of literature suggested
critical factors. During data collection, it was found that only a small subset of
the data required by the list of critical factors is available from the source. 1he
list of critical factors therefore represents an ideal rather than realistic list of
invention attributes for data collection from technology transfer offices.

However. extending the data source to other information bases may alleviate the

problem of unavailable data.

Furthermore. due to the ambiguous nature of the suguested critical factors.

further cffort was required to develop coding systems for data collection. For
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instance, the coding system for the critical factor “historical research leading to
the invention was funded by the private sector” was comprised of the following
four invention attributes, namely the first, second, third, and fourth ‘source of
funding leading to the current development of the invention’. The value for each
of these four attributes for a particular case was coded as one of the followings:
‘I'irm’, ‘Government’, ‘Charity’, *Spinout’, ‘Other university'. *Department .

‘Technology-transfer office’. or “Not applicable’.

In addition, a large amount of subjective judgement was required to determine
the categorical value for a number of attributes because of the ambiguous nature
of the critical factors. The data collected therefore may not be reproducible.
since subjective judgements vary from person to person. This represents a

drawback of using qualitative and ambiguous invention attributes.

In addition, because no electronic database was used at the data source. the data
collection process was a time-consuming and labour intensive task. The manual
codification of information from hard copies of documents into electronic data
might also have given rise to an input data set more prone to errors. Moreover,
the absence of electronic database also means the absence of predefined data
fields. Thus, when certain data needed by the prototype CPS was missing from
the hard copies, it was not clear whether the information was indeed missing or
merely did not exist. This problem caused the discarding of a subset of
potentially important invention attributes, and may also have had an impact on

the classification accuracies of the resultant classifiers.

Due to the small size (with only 23 cases) of input data set derived from the data
source, leave-one-out sampling method was used to compute a candidate

classifier's classification accuracy. As a result. 23 trees were generated for cach

the number of trees generated in order to arrive at a candidate classifier. For
instancc. the use of adaptive boosting with 3 trials would result in the generation

of 69 (3 x 23) trecs in order to compute the accuracy of the candidate classitier.
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Moreover., the experimentation with MCT values was time-consuming. and

therefore would not be feasible for large input data sets consisting of many cases.

Consequently, 60 candidate classifiers were generated prior to the generation of
the final classifier. Most of the candidate classifiers achieved satisfactory
classification accuracy, and the average accuracy was 66%. However. the
individual classification accuracies ranged from 48% to 78%. The low end of the
range showed that the prediction accuracies of certain candidate classifiers were
unacceptably low. Nonetheless, this supports the design of the prototyvpe CPS. in
which it generates more than one candidate classifier in order to determine the

appropriate parameter values for the final classifier.

Among the 60 candidate classifiers, the best candidate classifier accurately
predicted the class labels for 18 out of the 23 cases, which is equivalent to an
accuracy rate of 78%. This classifier used only 5 attributes in “Month 12" to
compute the class labels. This resultant classifier is therefore suggested to be
capable of giving reasonably accurate prediction based on only 3 attributes
obtained in the first year. 4 of the 5 attributes were similar to the transferable
critical factors identified in the literature review. which shows that the
transferable critical factors are potentially important attributes for invention

assessment.

However. the final classifier generated was comprised of 13 micro-classifiers,
where each of those generally consisted of 2 invention attributes. Meaning that
only two attributes were used at a time to arrive at investment decisions, which is

unlikely to be correct.

In view of the achievements and limitations of the prototype CPS. it is concluded
that although the prototype CPS seemed to be capable of providing rcasonably

accurate predictions. it requires significant improvements.
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3.5 CONCLUSIONS

This chapter presented the prototype CPS and the results generated. The limited
data collected from the technology transfer office implied that extending the data
source to other information bases may be beneficial. Due to the ambigcuous
nature of literature-suggested critical factors, the development of coding systems
and the use of subjective judgement were needed. which have prolonged the data
collection process and given rise to non-reproducible data. Also. the absence of
electronic database at the source has resulted in slow data collection. and
potentially unreliable input data set. In addition, the use of leave-one-out
sampling method, adaptive boosting, and the need to experiment with MCT
values have resulted in the generation of a large number of trees in order to arrive
at one candidate classifier. Such classifier generation mechanism is therefore not

feasible for input data sets consisting of a large number of cases.

Nonetheless, the variable classification accuracies of the candidate classifiers
supported the use of candidate classifiers to determine appropriate parameter
values for the final classifier. The final classifier was estimated to be capable of
providing reasonably accurate classification based on only five attributes
obtainable in the first year. The similarity between these five attributes and the
transferable critical factors also demonstrated that the transferable critical factors
can be used for the final classifier. Lastly. the limited attribute nodes contained
in the micro-classifiers suggests that the classification logic employed by the
final classifier was not likely to be correct. It is concluded that although the
prototype CPS seemed to be capable of providing reasonably accurate

predictions, the prototype CPS requires significant improvements.
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CHAPTER FOUR

BACKGROUND SURVEYS

4.1 INTRODUCTION

Findings from the literature review and prototype CPS showed the need to
further investigate the invention assessment practices in order to improve the
design for the final CPS. Three surveys with university technology transfer
offices are therefore conducted in this chapter. To start with, an invention
disclosure form study involving various technology transfer offices is conducted
(Section 4.2). A questionnaire survey is then carried out to several other
technology transfer offices that were not covered by the previous study (Section
4.3).  Finally, interviews with technology transfer managers from different
universities are carried out (Section 4.4). While the first two surveys
concentrated on what invention attributes are required during assessment. the
third survey investigated how these attributes are used during the assessment
process. In Section 4.5, conclusions from these surveys are presented. in which

relevant findings are incorporated into the final CPS.

4.2 INVENTION DISCLOSURE FORM STUDY

Invention disclosure form is a common tool employed by university technology

transfer offices to collect necessary invention information. upon which intuitive
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invention assessments are conducted. During the several invention assessments
conducted over the course of the technology transter process for an invention.
invention disclosure forms are often used repeatedly for the first as well as later
rounds of assessment. Since the assessment decisions are based on the
information recorded on these forms, the information requested by the forms
therefore represents important invention attributes used for invention assessment

considerations.

Despite the importance of invention disclosure forms, very little research has
been done on this topic. In order to identify important invention attributes used
for invention assessment, this study endeavoured to examine the invention
disclosure forms used by different universities in the United Kingdom. The
methodology adopted for this study. and the resultant findings are presented

below.

Data Source

Initially, invention disclosure form requests were sent to several universities.
Consequently, only one university provided a sample of their invention
disclosure form (ID form). Other universities denied the requests. and replied
that their 1D forms are either available from the university websites, or that such
information is confidential and can not be provided. An extensive search is
therefore carried out on university websites in the United Kingdom. In this
study, an 1D form is defined as a form or a set of forms where a university directs
their inventors to complete for invention disclosure purpose, before the
application of any intellectual property rights protection. Eventually. 16 sets of

forms arc located and downloaded from various university websites.
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Measurement

In order to investigate the choice of invention attributes by these universities in
relation to their technology transfer performance, two measures are adopted.
They are the latest Intellectual Property Scoreboard (IP-Scoreboard), and the
2005 Times Good University Guide (TGU). IP-Scoreboard is a league table of
organisations ranked by their number of intellectual property registration within
the UK jurisdiction. Universities listed on the IP-Scoreboard are thus considered
to have higher commercialisation performance. TGU is a well-known league
table ranking 100 universities in terms of a series of factors, such as research
assessment and graduate prospects. Although these are indirect measures for the
technology transfer performances of universities, they are adopted because the

direct technology transfer outcome data are confidential and unavailable.

Among the 16 universities, 5 universities are listed on both the [P-Scoreboard
and the TGU; 10 are listed on the TGU only; and 2 are listed on neither the 1P-
Scoreboard nor the TGU. The 5 universities listed on the IP-Scoreboard are
within the top 10, and are also ranked in the top 30 of the TGU. Among the 10
universities listed only on the TGU, 5 are ranked within the 11" to the 30"; 3 are
ranked within the 31 to the 60"™; and 3 are ranked within the 61* to the 100™.
Based on the rankings on the two measures, the 16 universities are divided
evenly into three classes representing varying levels of technology transfer

capability, as shown in Table 4-1.

Table 4-1: Classification of sample universities

Sample 1 2 3 4 5 6 7 8
University

IP- 5 10 10 - - 10 5 -
Scoreboard

TGU 5 5 10 20 20 25 30 30
Not listed - - - - - - - -
Class U U U M M U U M
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Continuation of Table 4-1:

Sample 9 10 11 12 13 4 1

University

N
N

IP- - - ) - ;

Scoreboard

TGU 35 35 55

wn
wh
~J
wn
o0
o

|

1

Not listed - - - - - X

Class M M L L L L N

Where ‘U’ denotes universities with upper-class technology transfer
performance, ‘M’ denotes the middle-class, "L" denotes the lower-class. and "N’

denotes the class of unclassified.

As shown in Table 4-1, the sample universities are sorted by the TGU rankings.
In particular, the first row shows the reference number for each sample
university. The second and the third rows show their rankings on the 1P-
Scoreboard and TGU respectively. Due to the confidentiality issue, only the
upper limit of the range of every five rankings is shown. as opposed to the actual
ranking. For instance, ‘5" denotes a ranking position located between the [** and
the 5™ and “10° denotes a ranking between the 6" and 10". Moreover. the two
sample universities not listed on neither IP-Scoreboard nor TGU are marked with
*X" in the forth row. The class label for each sample university is showed on the
fifth row. This sample therefore consists of 5 upper-class, 5 middle-class. 4

lower-class, and 2 unclassified universities.

Potential attributes for the invention assessment

The lengths of the 16 ID forms collected ranged from 1 to 0 pages. and cach
form covers a varying number of invention attributes. After removing repeating
attributes. 127 invention attributes are identified from the 16 ID forms. .\ list

containing the 127 attributes is provided in Appendix A1
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This list is then shortened by the removal of redundant and irrelevant attributes.
Examples of irrelevant attributes include ‘the ethical consents of using biological
material from humans’, and ‘previous invention disclosure record”. These
attributes refers to the basic legal requirements for patent application. They are
irrelevant to this study, since this thesis concerns the assessment of patentable
inventions. Consequently, the shortened list contains 29 attributes, as presented
in Table 4-2.

The first column of Table 4-2 shows the 29 attributes derived from the 16 sample
ID forms. The second column shows the number of sample ID forms that have
included the attribute. The third to sixth columns show the inclusion of the
attribute by different classes of university. The last column shows the similar
attributes adopted by the prototype CPS (denoted as Prototype). In addition,
these 29 attributes are sorted in descending order by the second column. For
instance, the first attribute is included in all the 16 sample ID forms, which
consist of ID forms from four ‘upper class’ universities, 6 ‘middle class’
universities, four ‘lower class’ universities, and two ‘unclassified’ universities.
Moreover, the last column shows that no attributes used for the prototype CPS

resemble the first attribute in Table 4-2.

Table 4-2: Attributes derived from the sample Invention Disclosure forms

Invention attributes derived from the 16 sample ID| ID |[UML|N|Proto

forms forms -type

1. Contributors/Inventors — the number and| 16 [4|6]4(2| -

employment status of contributors and inventors

2. Technical description 15 |4|6(3]2] -

3. Advantages - the advantages of the invention 14 (3{6(3]|2| -

over the existing solution

4. Support source — source of funding and in-kind| 13 [3[5[3|2] I"-

. . h
support lead to the invention 4!

t
wh
w
to
2

5. Company list — a list of potentially interested| 12(5)

firms (contacted).
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6. Uses — commercial uses and application of the] 11 [2[5]3]1] -

invention.

7. Drawing attachment — drawings and sketches| 10 [1[4]4]1] -
relating to the explanation of the invention are

to be attached

8. Contractual agreements — the number of| 10 [3[3[2]2] 25"

(3]

contractual agreements linked with the

invention, including MTA’

9. Competitor list — the list of potentially| 8 [2[1]3|2] 18"

competing existing products.

10. Existing solution - publicly acknowledged| 8 [1|3|3|1] -

existing solution

11. Records — record details of the prior arts suchas| 8 |3{3|1|1| -

patent number and verbal records

12. Novel feature — novelty of the invention 8 21312 -

13. Developmental stage — whether the invention is| 6 [2{1[2]1] 12"

an early stage invention, a proven concept, or a

prototype

14. Disadvantages — disadvantages of the existing| 6 1|3 |I|]| -

solution

15. Background intellectual properties (IP) —the list|, 5 |1|2|2]|0| -
of pre-existing IP used as a basis for the

invention

16. Search — whether a prior art search has been| 4 [2[1[1]0| 7"

conducted (the date of such a search)

17. Current activity — activities regarding invention| 4 1}1{2(0 19"
exploitation, such as current commercial

interest and marketing activity.

7 MTA (Material Transfer Agreements) are the basis for university-industry collaborations
involving transactions of 1) proprietary material and or information: 2) information that cannot be
obtained without a secrecy agreement; 3) a substance that embodies a trade secret: 4) no true
collaboration anticipated; data only may be provided.

http://www.fda.gov/oc/othcs/partnershig/techtran/criteria.htm 17/11/05
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18. Self evaluation — the invention’s commercial] 4 [1]0]1]2] -
value rated by the inventors themselves

19. Invention testing — whether the invention has| 4 ) -
been tested in any ways and the results of the
testing

20. Other application — whether the invention can| 3 [o[1[1]1] -
be applied in other areas outside the inventor’s
special interests.

21. Market size — target market size. 2 (t{ofo}1] 18™

22. Type of invention — whether it is a device, a| 2 [0[o]1]1] 5™
process, a drug or software, and so on.

23. Further development -~ whether further| 2 [1{0]1{0[ 8",
development is needed and the funding 17

requirement for that, and whether such funding

has been secured.

24. Research period — period of research relevantto| 2 |1|1|0]|0]| -

the creation of invention

25. Field — the field or area in which the invention 3 0[2(0]1

has application.

26. Country list — the list of countries where the] 1 [0]1]0[0]| 18"

invention is likely to be used

27. Compatibility — the invention’s compatibility| 1 o(1{0{0f -

with existing products.

28. Non-confidential summary 1 {0|0f1|0| -

29. Replace possibility — whether the invention will| 1 |0/ 100} -
replace certain existing applications and
whether existing applications can be improved

to compete with the invention.

With a total of 16 sample ID forms, attributes included by 8 or more sample ID
forms are thus considered as frequently used attributes. As indicated by column

two of Table 4-2, the first 12 attributes are frequently used attributes. These
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attributes represent popular attributes commonly adopted by universities of
different classes. These 12 attributes therefore are potential attributes for

invention assessment, and they are added to a list so-called “potential attributes

for invention assessment’.

Among the 16 universities, 4 universities were identified as "upper class’. based
on the technology transfer performance. Attributes included by 2 or more ID
forms from these ‘upper class’ universities are therefore attributes frequently
used by the ‘upper class™ universities. By sorting the 29 attributes in Table 4-2 in
descending order by the third column, it is found that 12 of the 29 attributes are
attributes frequently used by the ‘upper class™ universities. These 12 attributes
are reproduced from the first and third columns of Table 4-2. which is shown in
Table 4-3. Among the 12 attributes in Table 4-3. only the last 2 attributes are not
covered by the frequently used attributes (the first 12 attributes in Table 4-2).
These 2 attributes are therefore added to the list of ‘potential attributes for
invention assessment’. As a result, the list of *potential attributes for invention
assessment’ currently contains 14 attributes, where these potential attributes
consists of attributes frequently used by all sample universities. as well as

attributes frequently used by the ‘upper class™ universities.

Lastly, out of the 29 attributes, 11 of them are similar to the attributes used by the
prototype CPS, as indicated by the last column in Table 4-2. These eleven
attributes are therefore similar to the critical factors suggested by the University
Technology Transfer literature. The 11 attributes resembling attributes used by
the prototype CPS are reproduced from the first and last columns in Table 4-2, as
shown in Table 4-4. Among these 11 attributes, the last 5 attributes are covered
by neither the frequently used attributes (the first 12 attributes in Table 4-2) nor
the attributes frequently used by the “upper class’ universities (the attributes
shown in Table 4-3). These five attributes are therefore added to the list of
‘potential attributes for invention assessment’. As a result. this list of potential

attributes now contains 19 attributes.
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Table 4-3: Attributes frequently used by ‘upper class’ universities
Invention attributes derived from the 16 sample ID forms U
1. Contributors/Inventors — the number and employment status of | 4
contributors and inventors
2. Technical description 4
3. Advantages - the advantages of the invention over the existing solution | 3
4. Support source — source of funding and in-kind support lead to the | 3
invention
5. Company list — a list of potentially interested firms (contacted). 2
6. Uses — commercial uses and application of the invention. 2
8. Contractual agreements — the number of contractual agreements linked | 3
with the invention, including MTA
9. Competitor list — the list of potentially competing existing products. 2
11. Records — record details of the prior arts such as patent number and | 3
verbal records
12. Novel feature — novelty of the invention 2
13. Developmental stage — whether the invention is an early stage | 2
invention, a proven concept, or a prototype
16. Search — whether a prior art search has been conducted (the date of | 2

such a search)
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Table 4-4: Attributes resemble attributes used for prototype CPS

Invention attributes derived from the 16 sample ID forms Prototype

4. Support source — source of funding and in-kind support lead to [stogh

the invention

5. Company list — a list of potentially interested firms (contacted). o

8. Contractual agreements — the number of contractual agreements AR

linked with the invention, including MTA

9. Competitor list — the list of potentially competing existing 18"
products.
13. Developmental stage — whether the invention is an early stage 12"

invention, a proven concept, or a prototype

16. Search — whether a prior art search has been conducted (the 7"

date of such a search)

17. Current activity — activities regarding invention exploitation, 19"

such as current commercial interest and marketing activity.

21. Market size — target market size. 18"

; : T . )
22. Type of invention — whether it is a device, a process, a drug or 5t

software. and so on.

23. Further development — whether further development is needed g™ 17"
and the funding requirement for that, and whether such funding

has been secured.

26. Country list — the list of countries where the invention is likely 18"

to be used
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4.3 QUESTIONNAIRE SURVEY

As encountered in the invention disclosure form study. the requests of in\ention
disclosure form (ID form) are often denied by universities due to the issue of
confidentiality. In order to further investigate invention attributes used for
invention assessment, a questionnaire survey with technology transfer offices has
been conducted. In addition to the investigation of invention attribute. the
questionnaire also investigates the technology transfer offices’ usage of anyv
invention assessment tools other than the ID form. and their assessment context.
The invention attributes queried in the questionnaire consist of both the attributes
from the list of ‘potential attributes for invention assessment” (identified earlier
by the invention disclosure form study), and other attributes revealed in the
invention disclosure form study. A copy of the questionnaire is shown in
Appendix A4.2. To make sure that the most critical questions are covered while
maintaining the questionnaire to be reasonably short, all questions queried in the
questionnaire have been consulted with an experienced university technology
transfer office director. In order to target universities that operate technology
transfer activities, questionnaires have been sent to the member universities of
AURIL (The Association for University Research and Industry Links) - a central
association for the University Technology Transfer industry in the United

Kingdom. Consequently, 15 questionnaires were completed and returned.

The questions of the questionnaires can be divided into two categories. The first
category concerns the invention attributes included by the technology transfer
office’s 1D form. The second category is about the office’s use of invention

assessment tools and the assessment context.

Measurement

Similar to the invention disclosure form study. the responded universitics are

divided into classes of technology transfer performance using the two indirect
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measures for technology transfer performance: Intellectual Property Scoreboards
(IP-Scoreboard) and the Times Good University Guide (TGU). Upon which the

frequently-used attributes by universities of different classes are then identified.

Among the 15 responded universities, 3 are listed on both the IP-Scoreboard and
the TGU; 9 are listed on the TGU only; and 3 are listed on neither the IP-
Scoreboard nor the TGU. The 3 universities ranked on the IP-Scoreboard are
within the top 15, whereas those ranked on the TGU are quite evenly distributed

over different range of ranks.

The class labels of the 15 responded universities are shown in the fourth row in
Table 4-5, where ‘U’, ‘M’, ‘L’ and ‘N’ denote upper-class, middle-class, lower-
class, and unclassified level of technology transfer performances respectively.
The first three rows show the reference number, and ranking positions for the
two measures respectively. Again, only the upper limit of the range of every five
positions of ranking is shown, due to the confidentiality issue. Lastly, the

universities in this table are sorted by the third row.

Table 4-5: Class labels for the 15 responded universities of the questionnaire survey

University |1 |2 (3 (4 |5 |6 |7 [8 [9 |10{11|12|13]|14]15

IP- =155 - Jwol- |- |- [- |- - [- [- |-

Scoreboard
TGU S110]110(10[15(25140(40([45|50(55{60|- |- |-
Class uMuj/u Mu M{M|L |L {L |L |[N|{N]|N

The 15 sample universities therefore consist of 4 upper-class, 4 middle-class, 4

lower-class, and 3 unclassified universities.
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Potential attributes for the invention assessment

Table 4-6: Attributes included in the questionnaire

Invention attributes included in the

questionnaire

Frequency

U

M

Potential

Attribute

1.

Invention description in terms of]

functions

13

X

Research funding source leading to

the invention

11

Invention description in terms of the

developmental stage

10

Interested third parties who have

contacted the inventors

10

End product envisaged

Potentially competing products

Involvement of other parties during

invention development

Plan for future development of the

invention

Contacts for potential third parties

provided by inventors

10.

Patent search

—

11.

Non-confidential summary

N

12.

Market research conducted

——

S| NN

13.

Inventor’s agreed share of income

14.

Inventor’s publication record

15.

Whether future funding is secured

16.

Plan for Licensing

17.

Plan for setting up a spinout company

N N N W W W Q] 3

Ol O] O ©

18.

Future development timetable

.

19.

Development funding source

—

)

20. The estimated future cost

—

Ol O O O O O N O
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A number of invention attributes are listed in the questionnaire. and the
respondents are asked whether those attributes are included in their ID forms.
These attributes are shown in the first column in Table 4-6. and the table is sorted

using the second column.

The second column of Table 4-6 shows the number of respondent technology
transfer offices which have included the attribute in their ID forms. Column three
to six show the numbers of such inclusion by universities of different classes. In
the seventh column, the attribute is marked with an "X if it is one of the
attributes from the list of ‘potential attributes for invention assessment’ identitied
earlier in the invention disclosure form study. For instance, the first attribute is
used by 13 universities, and is one of the attributes from the list of "potential

attributes for invention assessment’.

Since there are 15 respondents, attributes used by 8 or more respondents are
identified as the frequently used attributes, based on these 15 sample universities.
Column two shows that the first 9 attributes in Table 4-6 are the frequently used
attributes. As indicated by column seven. the 7" and the 9" attributes are not
included in the list of ‘potential attributes for invention assessment™. These two
attributes are therefore added to the list, so that the list currently contains 21

attributes.

Similarly. 4 of the sample universities are classified as having “upper class’
technology transfer performance. Attributes included by 2 or more of these
‘upper class’ universities are therefore attributes frequently used by the “upper
class’ universities. By sorting the 20 attributes in Table 4-6 in descending order
by the third column, it is found that 9 of the 20 attributes are attributes frequently
used by the ‘upper class’ universities. These 9 attributes are reproduced from the

first and third columns of Table 4-6, which is shown in Table 4-7.

The last attribute shown in Table 4-7 is not covered by the frequently used
attributes (the first 9 attributes in Table 4-6). This attribute is therctore added to

the list of “potential attributes for invention assessment’. In ettect. this list is
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extended to contain 22 attributes, as showed in Table 4-8, where column one
displays the potential attributes and column two shows the origins of the
attribute.  For instance, ‘ID-1° denotes the first attribute derived from the
invention disclosure form study shown in Table 4-2, and "Q-7" represents the

seventh attribute derived from the questionnaire survey shown in Table 4-6.

Table 4-7: Attributes frequently used by the upper class universities

Invention attributes included in the questionnaire U

M

. Invention description in terms of functions

(W8]

. Research funding source leading to the invention

. Invention description in terms of the developmental stage

. Interested third parties who have contacted the inventors

. Potentially competing products

. Involvement of other parties during invention development

2
3
4
5. End product envisaged
6
7
9

. Contacts for potential third parties provided by inventors

N N W N N N N W

13. Inventor’s agreed share of income

Table 4-8: Potential attributes for invention assessment

Potential attributes for invention assessment Origins

1. Contributors/Inventors — the number and employment status ID-1

of contributors and inventors

2. Technical description ID-2

3. Advantages - the advantages of the invention over the ID-3

existing solution

4. -Support source — source of funding and in-kind support lead ID-4

to the invention

5. Company list — a list of potentially interested firms ID-5

(contacted).

6. Uses — commercial uses and application of the invention. ID-6
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Drawing attachment — drawings and sketches relating to the ID-7
explanation of the invention are to be attached

8. Contractual agreements — the number of contractual ID-8
agreements linked with the invention, including MTA

9. Competitor list — the list of potentially competing existing [D-9
products.

10. Existing solution - publicly acknowledged existing solution ID-10

11. Records — record details of the prior arts such as patent ID-11
number and verbal records

12. Novel feature — novelty of the invention ID-12

13. Developmental stage — whether the invention is an early stage | [D-13
invention, a proven concept, or a prototype

14. Search — whether a prior art search has been conducted (the ID-16
date of such a search)

15. Current activity — activities regarding invention exploitation, ID-17
such as current commercial interest and marketing activity.

16. Market size — target market size. ID-21

17. Type of invention — whether it is a device, a process, a drug ID-22
or software, and so on.

18. Further development — whether further development is ID-23
needed and the funding requirement for that, and whether
such funding has been secured.

19. Country list — the list of countries where the invention is ID-26
likely to be used

20. Involvement of other parties during invention development Q-7

21. Contacts for potential third parties provided by inventors Q-9

22. Inventor’s agreed share of income Q-13
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Invention assessment tools and assessment context

A subset of the questionnaire queries concern the use of invention assessment

methods other than invention disclosure forms, and some assessment contextual

aspects, their findings are presented below.

The queries in this subset are shown in the first column of Table 4-9. The second
column shows the total frequency of all sample universities, where the third to

sixth columns show the frequencies with respect to universities of different

classes.
Table 4-9: Other questions included in the questionnaire

Questions Frequency | U L

1. Whether Invention Disclosure forms (ID 13 3 4
forms) or similar forms are used

2. Invention assessment method: Face-to- 15 4 4
face meetings

3. Invention assessment method: 7 0 3
Presentations

4. ID forms must be completed before 6 2 |
patent applications

5. Invention database created using 2 0 0
Microsoft Access

6. Invention database created using 2 0 1
Microsoft Excel

7. Invention database created using other 7 1 2
software

8. Filing the hard copies of invention 10 3 2
information

9. The use of analytical software for 0 0 0

invention assessment
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The findings presented in Table 4-9 shows that the use of ID form is very
common but is not generally a strict requirement for patent applications. Face-
to-face assessment is more important than ID form as an invention assessment
method. Lastly, it is found that all sample offices store the invention information
either in electronic databases or in the form of hard copies, and no offices
employ analytical software for invention assessment. These findings together

showed that the invention assessment practices are highly intuitive.

Furthermore, the questionnaire also asked the year when the use of ID form was
started. Among the 13 offices that use ID form, 12 provided the year

information, which is displayed in Table 4-10.

Table 4-10: The year when the offices started using ID form

Year 1996 1998 2001 | 2002 2003 2004 2005

Class M U M UMN (UM N L,L.L

As shown, there is a mixture of offices with class labels ‘U’, ‘M’, and ‘N started
using ID forms in different years, while the latest year only consists of lower-

class offices.

4.4 INTERVIEW SURVEY

The literature review in Chapter Two revealed a rather strange side of the
University Technology Transfer sector. While both practitioners and researchers
upheld the importance of the invention assessment, the details of invention
assessment practices in real life is typically avoided and rarely researched.
Despite the great number of critical-factor studies, hardly ever do these studies
discuss the finding’s application, and the conclusions often stopped abruptly at
the correlation between critical factors. Literature interviewing practitioners
often found that the practitioners usually depend on the business partners to make

the invention selection decisions. It is therefore suspected that the invention
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assessment process does not exist in some or even most university technology
transfer offices, where the role of these offices is to assist rather than to
judge/assess. Besides, according to the limited literature provided information
about the invention assessment process, the process is mainly described as
intuitive and the general practice is to subjectively give scores (such as on a scale
of 1 to 10) to the technical and market aspects of an invention. In order to
investigate the intuitive assessment process as well as the context for invention
assessment, for the purpose of improving the design of the CPS, an interview

survey is performed with technology transfer managers.

Sample

The previous two studies revealed the frequently used invention attributes, and
several aspects of the assessment contexts in practice. These findings established
a good foundation to conduct structured interviews with technology transfer
managers. Interview requests were sent to the 15 universities responded to the
questionnaire survey, 7 of these universities agreed to be interviewed. The class
labels of these universities (based on the definitions adopted by the questionnaire

survey) are shown in Table 4-11.

Table 4-11: Class label for offices of the interview survey

University | | 2 3 4 5 6 7

Class U U M L L N N

Queries asked during interviews

When considering the invention assessment process, it is necessary to understand
the background setup for the process as well as the aftermath actions carried out
caused by the assessment outcome. The queries asked during the interview
survey are hence based on these three aspects: 1) the background setup. 2) the

invention assessment process, and 3) actions. Under the first and the third
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aspects, questions regarding several dimensions were asked. The dimensions are
listed in Table 4-12.

Table 4-12: Dimensions of two of the three aspects queried during the interviews

Background Setup Actions

e Source of invention projects e Actions regarding chosen and
not-chosen invention projects

e Funding
e Information  storage  and

e Assessment circumstances maintenance

e Division of assessment staff

e Perceptions

Findings

The questions asked during each interview therefore include the query of the
invention assessment process adopted as well as the queries presented in Table 4-
12. The findings generated show that the queries can be divided into two types,
namely discriminative queries and non-discriminative queries. Findings from the
discriminative queries showed the division of the seven offices into two groups,
namely Group I and Group II. Offices within the same group are very similar in
terms of issues covered by the discriminative queries. The first row of Table 4-
13 displays the group labels for each office. The second and the third rows
respectively present the offices’ background information including their class
labels and the years when the offices first started to use invention disclosure form
(such information is derived from the questionnaire study). Group I consists of
four offices, and Group 1 comprises of the other three offices. As shown in the
third row of Table 4-13, Group 1 offices generally started using invention

disclosure forms earlier than Group II offices.
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Table 4-13: Group labels for offices of the interview survey

Group

]

1 1 1 2 2 2
Class U U N N M L L
ID year 2002 2003 2002 2004 2005 2005 2005

However, findings generated by the non-discriminative queries do not assist the

differentiation of offices into groups. The seven offices either generally agree

upon the issues or each office adopts different approach for the issues.

The distribution of the discriminative (marked ‘X’ under ‘D’) and non-

discriminative (marked ‘X’ under ‘ND’) queries is displayed in Table 4-14.

Table 4-14: Distribution of discriminative and non-discriminative queries
Aspects Queries D |[ND
Background Source of invention projects X |-
Setup Funding X |-

Assessment circumstances - X

Division of assessment staff - X

Perception - X
Invention Assessment Process X |-
Actions Actions regarding chosen and not-chosen X |-

invention projects

Information storage and maintenance - X

The findings regarding discriminative and non-discriminative queries are

presented sequentially next.
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Findings from discriminative queries

Source of Invention Projects

The invention source refers to the mechanisms transferring inventions from
academic departments to the technology transfer office. For Group 1 offices. a
reactive approach is adopted, where invention projects are generally initiated by
inventors contacting the offices. Whilst for Group Il offices. a proactive
approach is adopted, where events are conducted to increase the awareness
among the academics regarding various technology transfer issues. and
technology transfer managers often take the initiative to visit almost every
academic staff to identify potential invention projects. For one of the Group Il
offices, representative personnel are available in every academic department for

academic staff to report their inventions.

Funding

Regarding funding issue, only Group Il offices have been recently g¢ranted
various Government technology transfer funding for office expansion. One
Group | offices, however, are often self-funded (i.e. based on the procceds
oenerated from technology-transfer), or internally funded (i.e. funded by the

university).

Invention Assessment Process

The invention assessment processes adopted by the scven offices can be
summarised as the exccution of a three-step loop. which is cxccuted under
certain backeround sctups and produces certain actions. as illustrated in Figure 4-

1. The loop starts with the distribution and completion of Invention Disclosure
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forms through a channel. followed by holding meetings between the inventors
and assessment panel, and ends with information evaluation and asscssment
decisions. While Group | offices commonly execute the three-step loop once.

Group II offices generally execute the three-step loop two to three times.

For Group II offices, each of the three-step loop acts like a gate which filter out a
subset of inventions considered to be of relatively low potential. The number of
remaining inventions decreases as the process is moving towards the final cate.
inventions reaching the final gate are considered to have the highest potential.
The assessment panel involved in the meeting at the final gate normally consists
of a variety of personnel, including technology transfer office staff, technology
transfer experts, business advisors, and external technology transfer agents. At
every gate, invention evaluations are mainly based on information provided by
the inventors. For two of the three Group 11 offices, inventions at every gate are
generally graded using scoring systems developed by professional technology-

assessment related agencies.

Background Setup

v

Invention Assessment

Invention Disclosure form
distribution and completion

NE

Meetings
NE

Invention tvaluations

v

Actions

I'igure 4-1: The three-step loop of invention assessment
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These two Group II offices also supplied their scoring systems to assist the
current interview survey. Due to confidential issue. certain details such as
individual invention attributes covered by the scoring systems will not be
discussed here. By studying the scoring systems. it is found that both scoring
systems are a list of qualitative invention attributes organised into categorics.
where a qualitative score (such as ‘good’ or *bad’) is allocated to each attribute
by the assessor. After giving scores to all attributes of a particular category. the
user then allocates a score (such as on a scale of 1 to 10) to the category.
Assessors determine the category score based on a subjective summation of all
the attribute scores. All category scores are then summed up to form the final

score. This final score denotes the potential of the invention project.

For Group | offices, though the three-step loop is only executed once, the
requirements are often more rigorous. During the meeting (the second step of the
loop), inventors are usually required to demonstrate the inventions or display the
invention prototypes. Instead of having a variety of personnel as the assessment
panel, the panel only consists of about 1 or 2 technology transfer statf. In
addition to the invention information provided by the inventors, technology
transfer personnel generally conduct prior art search using public intellectual
property search engines as well as general internet search engines. Finally,
Group | offices evaluate inventions using general methods such as the SWOT

analysis, or based on personal judgement of the assessors.

Actions regarding Chosen and Not-chosen inventions

For Group I offices. the actions taken after invention assessment include filing
patent applications. conducting market research, and funding applications. Three
of the four Group I offices emphasised that while actions will be taken for
inventions considered to be of high potentials, lower potential inventions are
usually revisited after a period of time such as 6 to 12 months. In addition.
Group | offices often seek funding from eeneral sources such as Rescarch

Councils and Charities to accomplish the actions. They emphasised that it is
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important to minimise the resources spent on individual invention projects. Most
actions, such as filing patent applications and conducting market research. are

thus done by internal technology transfer office staff in order to avoid expenses.

For Group II offices, actions taken include filing patent applications and
conducting market research. These actions are generally taken merely for
inventions considered to be of high potentials. Moreover, internal funding is
normally provided to accomplish the actions. Lastly, for two of the three Group
IT offices, the actions are generally done by employing external professional

agents such as patent attorneys and marketing consultants.

Findings from non-discriminative queries

Assessment circumstances

Assessment circumstances refer to the conditions when invention assessments
are performed. Five of the offices expressed that not every invention project are
assessed. Most managers surveyed admitted that the perceived status and/or the
perceived scientific capability of the inventor affect the rigor of the invention
assessment process. Also, inventions are not necessarily assessed before patent
application, although this is normally the case. The five offices stated that
informal patent applications or formal patent applications prepared internally are
often adopted without assessment in times of emergency. such as when the
inventors are due to disclose the invention in public or due to meet potential
licensees. Invention assessments are often performed for occasions when
inventors require resources from the technology transfer office. The occasions
are structured around the patent expenses schedule, including times prior to
critical points in time like the first patent filing date ("Month 0°), 12 months
away from ‘Month 0°, and 30 months from ‘Month 07, and so on. These

occasions are when inventors are looking for internal funding from the
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universities or seeking help from the technology transfer office to locate external
funding.

Division of assessment staff

Division of assessment staff refers to whether technology transfer office staff
responsible for invention assessment is divided into teams of scientific
disciplines, such as dividing into the bioscience and engineering teams. The
findings from the interviews show that except one Group I office that only target
bioscience inventions, other 6 offices deal with inventions from different
disciplines. The numbers of divisions for these offices and their group labels are
shown in Table 4-15. It indicates that half of these offices do not adopt division

of assessment staff.

Table 4-15: Division of assessment-staff

Group 1 1 1 2 2 2
Number |8 3 1 3 1 I
of

divisions

Perceptions

Several perception-related questions are asked during the interviews. The

questions are regarding the manager’s perception towards the followings:

- The managers’ own expertises and responsibilities during
invention assessment
- The inventors’ expertise

- The role of invention disclosure form
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The managers are often the sole assessor or one of the assessment panel
members, and invention assessment is largely based on the assessors’ subjective
judgement. The aim of these perception-related queries is to find out how they

perceive various issues related to invention assessment. The findings are

presented below.

The seven managers generally perceive themselves as experts in judging an
invention’s potential in terms of two dimensions, namely the invention's

technical novelty, and marketability.

They expressed that they rely on the inventors to provide the relevant technical
and market information for the inventions. During invention assessment, they
perceive their responsibilities to be collecting the maximum relevant information
from the inventors, and conducting comparisons among invention projects to
choose the higher potential inventions. They expressed that they are not
necessarily familiar with the invention’s field, the comparisons among inventions
are therefore often based on non-technical aspects (aspects that do not involve
specialised scientific knowledge), such as the number of existing prior arts,
rather than the differences in technical specifications between the prior arts and
the invention. A Group I office manager commented that it was impossible to
choose a good invention as every invention often appeared good in the first
place. He suggested that the strategy is to pick the relatively weak inventions,

such as those with small market sizes.

The managers perceive the inventors as experts in the invention fields, but not
necessarily familiar with intellectual property issues. Generally, the managers
perceive themselves to be more knowledgeable than inventors in terms of
intellectual property issues, yet they perceive inventors to be more

knowledgeable in terms of the invention-specific technical and market issues.

The managers generally perceive invention disclosure form as a standard tool to
collect from the inventors, technical invention information and signed documents

for legal purposes. The managers expressed that the invention attributes
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contained in the invention disclosure form cover almost all the information they
use during invention assessment. However, the interviewees often do not request
inventors to spend time to provide many details on the invention disclosure
forms. Some managers consider the form to be a tool Just to better prepare the
manager to extract information during later face-to-face meeting with the

inventors.

Information storage and maintenance

The seven offices commonly store all the invention attribute information for all
the invention projects. Two of them (one Group | and one Group 1 offices) use
specialised database software for University Technology Transfer, another Group
I office use general-purpose database software, the remaining offices do not use

any software and only store the hard copies of the information.

Discussion

Discriminative Queries

The findings generated from the discriminative queries are summarised in Table
4-16, which shows that Group | offices are possibly more experienced and more
confident with invention assessment. This is reflected in their class labels under
Table 4-13 as well as their usage of simple assessment process based on personal
judgement and the utilisation of internal staff. They also seem more scli-
contained and the inventions they dealt with are possibly of higher quality. These
can be traced from the facts that the oftices are able to self-fund. and the

inventions often come with future funding secured and arc subjected to more

rigorous requirement.
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Table 4-16 also shows that Group II offices are possibly more inexperienced and

cautious with invention assessment. This is revealed by their class labels in

Table 4-13, and the fact that they often draw on external resources. They are

also less self-contained, since the offices generally rely on the government'’s third

stream funding. The inventions they dealt with may be of lower quality. and

their inventions rarely have secured external funding and often depend on

internal funding.

Table 4-16: Summary of the findings from discriminative queries

Findings Group One Group Two

Table 4-13 Classes of Technology | Classes of Technology
transfer performance: | transfer performance:
upper-class and | middle-class and lower-
unclassified class
More experience regarding | New to the use of
the use of Invention | Invention Disclosure
Disclosure form form

Background Less initiative More initiative

Self-funding through the
proceeds earned from
technology transfer

activities

University-funded  and
secured government
funding for office

expansion funded

Invention Assessment

Simpler process with more

rigorous requirement

More complicated
process without specific

requirement

| or 2 assessors who are

all office staff

Larger number of
assessors consists of a

variety of background
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Invention information | Invention information

derived from inventors and | solely  derived  from

public search engines inventors
Assessment using SWOT | Assessment using
analysis or  personal | scoring systems
judgement developed by external
agents
Actions Seek external funding Use internal funding

Utilise internal staff to | Employ external agents

minimise expenses

Nonetheless, given the unavailability of performance data, the findings generated
from Table 4-16 do not qualify as definitive evidences to prove that Group I
offices are more experienced nor the inventions they dealt with are of higher
quality. The most important conclusion derived from these findings, however, is
the typology of technology transfer offices (Group I and Group II), which
showed that members of different groups behave very differently. This
difference further supports the assumption from the literature review that certain
critical factors are non-transferable among universities, which therefore can only

be learned from an office’s own experience.

Invention Assessment Process

The two scoring systems employed by the two Group Il offices can be viewed as
a list of attributes organised into categories, where each category score is a

summation of its attribute scores and the final score is a summation of all
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category scores. This is a subjective and abstract scoring process. where the

accuracy and consistency both depend on the user.

Besides, Group | offices use general analysis methods such as SWOT analysis
(Strength-Weakness-Opportunity-Threat analysis). Such analvsis methods are
indeed analogous to the scoring systems used by Group I offices. where the final
decision is derived from a number of categories/groups of categories.
Furthermore, the number of attributes for each category and the scores given are
defined by the analyst. In other words, both the scoring systems used by Group
[ offices and the SWOT analysis used by Group I offices are based on a
summation of attribute scores. They differ in terms of the attributes included. the
organisation of attributes into categories, and the scores allocated to each
attributes. Thus, the analysis method used by both groups of offices can be

described as a formula of the final score. final score, as shown in Equation 4-1.

Equation 4-1: Formula of the final score

n
final _score = Z Spaeae; oS,
1

Where final_score denotes the value of the final score, s, represents the value of

the score for the i-th category, and n represents the number of categories.

Since each category score is a summation of its attribute scores, s, is therefore:

Equation 4-2: Category score

Where x, represents the value of the score for the j-th attribute. and & represents

the number of attributes. The formula for the final score is therefore a function of

X.
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Furthermore, each attribute score is proportional to the value of the attribute. For
instance, let one of the attribute be ‘the number of publication by the inventor
and that it is a positive attribute. If the values of this attribute for invention A and
invention B are ‘5’ and ‘10’ respectively. This attribute score for invention A is
therefore lower than that for invention B, such as having attribute score for
invention A being ‘medium’ and that for invention B being ‘good’. Thus,

attribute score can be view as a factor of the attribute value.

Moreover, since there are more than one attribute, it is therefore not likely that
the user considers every attribute to be equally important. More emphasis is thus
given to the attribute scores of important attributes. This concept of favouring
over certain attributes is reflected in the final score computation of the scoring
system used by the two Group Il offices, where the weights attached to certain

category scores are higher than others.

Hence, the attribute score can be defined as:

Equation 4-3: Attribute score

X, =W,D,

Where x W, and p ; denote the score value, weight value and attribute value

for the j-th attribute respectively. The formula for the final score is therefore a

function of w and p.

While the analysis methods of both Group I and Group II offices can be
described using Equation 4-3, the difference between their methods lies in the

two ingredients of Equation 4-3: the weight values attached to the attributes, and

the list of attributes used.

The determination of the weight values is highly likely to be related to the
learning process through trial and error, as explained below. Group I offices use

methods like SWOT analysis, which is based on personal judgements rather than
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explicit weight values. The personal judgements are highly likely to be derived
from the experience of the assessor, which is developed through learning by trial
and error. Furthermore, Table 4-16 showed that Group Il offices may be less
experienced than Group I offices, which could be why Group II offices need to
depend on scoring systems developed by external professional agents, who also
probably developed the methods based on their knowledge gained from

experience through years of trial and error.

Non-discriminative Queries

Based on the query ‘Assessment Circumstances’, it is found that the rigor of
invention assessment is not evenly applicable to every invention project, and is
dependent on the perceived status and/or the perceived scientific capability of the
inventors. Therefore, evaluative bibliometric indicators reflecting researchers’
scientific capability (such as publication counts and patent citations) may serve
as good candidates for invention attributes used for invention assessment.
Moreover, the interviewees explained that rounds of assessment are often
structured around the patent expenses schedule. Those critical points in time for
patent expenses, such as ‘Month 0’ and ‘Month 12°, therefore serve as

appropriate data collection points for the input data for the CPS.

According to the findings from the query ‘Division of assessment staff’, half of
the offices have only one assessor (manager), and most offices with divisions of
staff have 3 divisions (previously shown in Table 4-15). Each manager therefore
generally carries out invention assessment for all or one-third of the numerous
disciplines within a university. However, it is highly unlikely that the manager is

familiar with the knowledge involved such a large number of disciplines.

Furthermore, according to the findings from the query *Perceptions’. managers
expressed that they rely on inventors to provide technical and market information
of the inventions and they perceive the inventors to be more knowledgeable than

them in terms of the invention-specific technical and market issues. They also
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described that the comparisons of inventions are based on non-technical aspects.

such as the market size and the number of prior arts.

Based on the findings from the queries "Division of assessment staft” and
‘Perceptions’, it is suggested that the invention attributes used for assessment
purposes are often quantitative or categorically measurable. and non-technical
(non-technical attributes refers to attributes that do not involve specialised

scientific knowledge.).

According to the finding from ‘Perceptions’, the managers agreed that the
information required by the invention disclosure form (ID form) covers almost
all the information they use during invention assessment, though they often do
not request inventors to spend time to provide much details on the ID form. This
further supports the effort of the Invention Disclosure form survey and the
questionnaire survey in identifying important invention attributes used by the 1D

form.

Lastly, a finding shared by the questionnaire survey and the interview survey
showed that although less than half of the surveyed technology transfer offices
use database software currently. the usage has been increasing with time. This
trend increases the applicability of the CPS to the sector. since the data contained

in the database can efficiently be used as the input data for the CPS.

4.5 CONCLUSIONS

The first two surveys identified the important invention attributes requested in
the invention disclosure forms (ID forms) of about 30 universitics. which arc
then combined to form a list of “potential attributes for invention assessment'.
Findings from the interview survey also confirmed that 1D forms cover most of
the information used for invention assessment purposes.  Additionally. findings

from the interview survey also suggest that cvaluative bibliometric indicators

(e
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reflecting inventors’ scientific capability may serve as important invention
attributes for invention assessment. Interview findings also suggest that the

patent expenses schedule should be used for data collection for the final CPS.

Moreover, the interview findings showed that the assessment methods adopted
by the interviewees to compute an invention’s potential could be understood as
formulas of weighted attributes. It is also showed that non-technical attributes
that are quantitatively or categorically measurable could be used for the final
CPS. Lastly, it is suggested that technology transfer offices are increasingly
using database software to store invention information, which enhances the

applicability of the CPS to the sector.
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CHAPTER FIVE

COMMERCIAL OUTCOME PREDICTION

SYSTEM

3.1 INTRODUCTION

This chapter presents the Commercial Outcome Prediction System (CPS), which
is based on the findings derived from a number of background research,
including literature review, prototype CPS. and three survevs with various
technology transfer offices. The CPS is based on three well known classification
related methods, namely decision tree induction, principal component analysis,
and neural network analysis. This chapter starts with a description ot the last two
methods in Section 5.2 (the decision tree method has already been described in
Chapter Three and therefore is not covered here). The chapter then presents the
steps involved in the CPS in Section 3.3, and ends with a summary of the CPS in

Section 5.4
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5.2 PCA, AND NEURAL NETWORKS

5.2.1 Principal Component Analysis

Principal Component Analysis (PCA), also called the Karhunen-Loeve method.
is among the oldest and the most widely used multivariate analysis techniques. It
was originally introduced by Pearson (1901) and separately by Hotelling (1933).
The main idea of PCA is to represent the variation of a data matrix with »
original-attributes in terms of a set of » uncorrelated alternative-attributes, the so-
called principal components. Each of the principal components is a particular
linear combination of a proportion of each of the original-attributes. These
principal components are derived in descending order of “significance” - their
account for the proportion of variation in the original data. For example. the first
principal component (PC1) accounts for most of the variation in the original data.
and the second principal component (PC2) accounts for more variation in the
original data than every other principal component except PC1. This method is

illustrated below.

By applying the PCA algorithm to a data matrix (X). three outputs are generated.

as illustrated in Equation 5-1:

I. A matrix containing the principal components of X. denoted as X

19

A matrix containing the original-attribute coefficients for X . denoted as

E.

3. A vector containing the variance of X represented by each principle

components, denoted as v.
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Equation 5-1: Definitions of matrices X and X

. A ey
(xll xlj x]n xpwll x/’“’u ’\l’“ﬁ "
X — i x” x’n X — xpcull xpcul[ '\ ped,,
: : pea . .
X X X - .

\ "kl kj kn X peag X pedy, xpcu‘,7

(e” €y €in
g=|1 G 7 G

v=[v,...vj...vn]
\enl em’ T enn

Where both X andX  are of dimension k by n, x,is the value of the j-th

pea
original-attribute for the i-th case, X pea, 18 the value of the j-th principal
component for the i-th case. Furthermore, E are of dimension n by n, e, is the
value of the i-th coefficient for the j-th principal component, v, denotes the

portion of variance of X represented by the j-th principal component.

For example, if n =5, andv=[0.6 0.3 0.05 0.03 0.02], it means the first

and second principal components have covered 60% and 30% of the original
variation respectively. In other words, only two principal components already

represent most (90%) of the variation accounted by X.

The computation of X, which requires E, is explained as follows:

pea’

Equation 5-2: Definition of X ;g

Xpea, = Xn€j1 + Xig€yp T Xy o0t Xy,

Where e ,to e, denote the coefficients of the n original-attributes needed for the

computation of X, .
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When ej a l:ejl ot 'eji ° 'ejnjl and xpcu, = l:xpcau v xpca,, tet xpcuk, :l . then:

Equation 5-3: Definition of cha]

T _ 1
X pea, = Xe',

WhereX ., is a vector denoting the values of the j-th principal component.

Therefore, the values of each principal component can be computed if the

respective € is known.

Since the variance ofxl,wj could be increased without limit simply by increasing

the elements of €, a restriction is placed on € that its sum-of-square (¢' e)
has to be set at a value of unity. Also, in order to create uncorrelated principal

components, the sum-of-square of € and € _; must be zero.

As a result, the first principal component, X ., is:

Equation 5-4: Definition of the first principal component

x' . =Xe'

ped,

Subject to the constraint: ee’; =1
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The j-th principal component, chaj is defined as:

Equation 5-5: Definition of the j-th principal component

T ol
X ped, - Xe J

Subject to the constraints: e e’ =1,and e _e' =0

By using the standard procedure for maximising a function of several variables

subject to one or more constraints — Lagrange Multiplier, the variance of

X ey, €N be maximised, subject to the constraints(s) stated in the above

definitions. This gives the result that ¢ is the eigenvector of CC corresponding

to the j-th largest eigenvalues, where CC is the correlation coefficient matrix of

X The definition of the correlation coefficient matrix is explained below.

The correlation coefficient matrix consists of the correlation coefficients of
individual pairs of attributes. Where the mean of one attribute (\\) is denoted as

4, . the covariance, cov,, of a pair of attributes (X,and X)) st pry v = My by, -
To avoid the problem of X ,and X, being measured in different units, cov, is

then standardised to become the correlation coefficient. The correlation

coefficient, denoted as cc,, of this pair of attributes is:

Equation 5-6: Definition of correlation coefficient

B CON '{,

cC, ===
\ /('()\'”('()\'_II.

& \{ore details can be referred to Chatfield. C .. and Collins. A.J.. (1980).
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5.2.2 Neural Networks

Similar to decision tree induction, neural networks are a classification method
based on supervised learning. It is based on the assumption that there is an
underlying unknown function governing the relationship between the attribute
values and the class labels. A classifier is an approximation of such a function.
with which the class labels of future inventions can then be predicted. By
supplying an attribute matrix (which contains a number of attribute values for a
number of cases) and a class vector (which contain the actual class label of a
number of cases) to a neural network training algorithm, the relationship between
the two can be learned during training. and a neural network classifier is
produced. Given sufficient training, the resultant classifier will be able to predict
the class labels of new cases given the availability of the respective attribute

matrix.

In order to generate a classifier, a neural network has to be trained. During
training, attributes of cases are supplied to the neural network and it predicts the
class labels of these cases based on an initial classifier. The difference between
the predicted and actual class labels suggests adjustment to the initial classifier.
[terative adjustment goes on until the initial classifier has been properly
transformed. This training process is based on iterative operations of feed-
forwarding and weight update to a network of neurons (processing units), which

is presented below.

Network architecture

Network architecture is defined by the number of Aidden layers. and the number
of neurons in each layer. By having different network architectures, classitiers of
varying performances (as measured in terms of classification accuracy and

speed) can be generated. A typical tw o-laver network is shown in Figure 3-1:
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Hidden Layer Output Layer
N D

X" —lo

@ ¢ predicted

@ = Ncuron

Figure S-1: A neural network of 2-1 network architecture

As shown, this is a network connecting an attribute matrix (X), a hidden laycr,

and an output layer which computes the predicted class vectors (¢, .., )- While

network definition varies, some may address this network as a three-laver
network consisting of an input layer, a hidden layer. and an output layer. This
research adopted the definition that a layer is defined by the existence of neurons.
Without any neurons. the input (X) is therefore not regarded as a laver. and the
network displayed is hence a two-layer network. This architecture of this
network is denoted as 2-1. as in two neurons in the first laver and one neuron in

the second layer.

Hidden layers are defined as the layers locating between the input and the output
layer. While there is only one hidden layer in this example, there is no upper
limit on the number of hidden lavers. However. a network must contain at least
one hidden laver. Lastly. there is always only one output layer with at least one

output neuron. Again, there is no upper limit on the number of output neurons.

Figure 5-2 shows a standard neuron connected with an input and output. A\
neuron is defined by the following three elements: 1) weight vector, 2) bias

value. 3) and transter function.
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Neuron Computation

// nenron

Input —b’ /ij —» output

\
b
N nenron
\
.
N

~
~.

Figure 5-2: Neuron definition

Where w,, . denotes the weight vector containing a weight for each attribute —
neuron - ‘:Wncumn, T 'Wneur(m, . ’Wncumn,, ] "bm'urnn represents the bias value. and t

denotes the transfer function employed by the neuron.

These three elements jointly compute the neuron’s output for a given input. as

shown below:

Equation 5-7: Definitions of X .c.r0n A1 Y yesron

~ R x

neuron; xneuron, , neuron,,
/" P x
X neuron;, xneuron, neuron,,

]

neuron

- Y .o Y

X neuron;, " neurony, “* neurony,,

y =]y LY LU
heuron - hneurony neuron, - heurony

Equation 5-8: Formula to compute the output of a neuron

i - v T
-‘ newron t (‘\ncrln:n“ nenron + bncumn)
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Here matrix X,,,,,, denotes the input matrix to the neuron. neuron, represents

the input value of the j-th attribute for the i-th case. vector ¥,,,,., is the output

.

computed by the neuron, and Y neuron, 18 the output value for the i-th case. As

shown in Equation 5-8, the neuron output (Y ,.,,,, ) can be computed by passing

the summation of a linear combination of weighted inputs (X = w' ) and

neuron neuron

the bias (8,,,,, ) through a transfer function f ().

curon

Network Computation — Feed-forward

While a neuron’s output can be computed by Equation 5-8. a network’s output is
the joint effort of layers of neurons. For multiple-layer networks, the input to the
current layer is the neuron output from the previous layer. Each neuron of the
current layer then computes an output using Equation 5-8, which the neuron

outputs in the form of an input for the next layer. This process goes on until the

output layer computes the final output vector (¢ This network

predicied ) :

computation is presented below with respect to a 2-1 network.

Equation 5-9: Definitions of X ,, W, andy,

YH, Vw2
My Ny
Wo= :“'(), ”'uz]

y() = l:\'()' .. ..1'(), - ._\'()‘ :I

Equation 5-10: Formula to compute the output of an output-neuron

Y=t (X,)\\' ot b())
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Where X, and Xy, are the values of the first and second hidden neuron output

for the i-th case respectively. They then form matrix X,, - the input for the

output layer, where there is only one output neuron in the case of the CPS.
Vectorw,,, b,, and fo represent the weight vector, bias value, and transfer

function of the output neuron, y, is the output vector computed by the 2-1
network using Equation 5-10, which is equivalent to €, iciea » S1VEN the network

input matrix X.

In the above illustration, the network input (X) is fed through the hidden layer

and the output layer, where the network output (¢ rediciea ) 1S computed. Such an

output computation is called feed-forwarding, given a 1-1 network architecture,

€ acea 1S cOmputed through Equation 5-11:

Equation 5-11: Formula to compute ¢ predicted

€ prticed = f0 (fH (XWTH +b, ) w, +bo)

Where f,; and f,,denote the transfer functions for the hidden layer and the output
layer respectively, vectors w, and w,denote the weights for the hidden layer
and the output layer respectively, b, and b,represent the bias values for the

hidden layer and output layer respectively.

In order to simplify the notation for each neuron, the bias value has been inserted
into the weight vector as the last element, and a unity vector has been inserted

into the input matrix as the last column. These new definitions for weight vector

(W pwron ) @nd neuron input (X,,....) are represented below.
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Equation 5-12: Definitions of W, and X

Neuron

w =W W 11%
Neuron l: neuron, neuron; * """ neuron, neuron

i x LREERY
neuron, | neuron; xneuronl . 1
x LY
_ neuron; neuron,; xneuron,,, ]
neuron 1
X o x 1
neurony, neurony, neurony,

When the definitions of w,,,..and X, applies to neurons in both the hidden

layer and output layer, Equation 5-11 hence becomes:

Equation 5-13: The shortened formula to compute ¢

_ T oo T
€ preaticrea = 0 (fH ( Xw', )w ())

predicted

Training

After one operation of feed-forwarding. if the predicted class labels (¢, .., ) are

it means the network has

actual ) °

very similar to the actual class labels (¢

approximated the underlying function governing X _, ,, and ¢, successfully.

The particular specification of network architecture, transfer functions and
weight vectors are therefore correct. This, however, is often impossible. as the
weight vectors are merely random values. Training. using a process of iterative

weight update, is therefore needed.
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Weight Update by Gradient Descent

During training, ¢ .., is first computed by feed-forwarding. ¢ , 1s then

/7!'4.'1/“ 1

compared with ¢ and any difference between them represents a

actual
classification error. In order to concentrate on the magnitude of the error instead
of the sign of the error, the error function widely adopted is the average of the

error squared.

In order to minimise the error, the network adjusts each weight vector in the
direction that the error function is decreasing most rapidly, which is where the
gradient of the error function is negative. This weight update process is therefore

called gradient descent.

At the next iteration (also called epoch), feed-forwarding is performed and

c , is computed with the adjusted weight, the error is then computed and the

predictec

weight update is performed again.

Convergence and Learning Rate

While weight update is accomplished by adjusting the weight vector based on the
gradient descent, the amount of adjustment is the learning rate. This reflects the
magnitude of each weight update. With the learning rate, /, the weight change is

therefore defined as:

Equation 5-14: Formula to compute new weights

w., =w —lg

Where w. and w, denote the weight vectors for the ¢-th epoch and the ¢ +1
epoch respectively, / denotes the learning rate. and g. represents the gradient of

the error function at the ¢-th epoch.
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With a proper learning rate, the error function will eventually converge to a

minimum (reaching the error goal), given a sufficient number of epochs.

Weight update algorithms (also called training algorithms) are therefore adopted
to speed up the convergence of basic backpropagation. The basic
backpropagation algorithm is a fundamental training algorithm from other

training algorithms were developed upon.

Backpropagation rule

The weight update for the output layer involves comparing ¢, .., (the layer

output) with ¢, (i.e. the proper output). In other words, by knowing the

proper output of the layer. the layer weights can be updated accordingly.

The same principle applies to the hidden layers. Hidden layer weights can be
updated if the proper layer output of the hidden layer is known. By means of the
backpropagation algorithm, the proper output of the hidden layer can be
calculated. The term ‘backpropagation’ is based on the process that during
training, an error must be propagated from the output layer back to the hidden

layer in order to perform update of the hidden layer weights.

Backpropagation is a natural extension of the Least Mean Squared (LMS)
algorithm (also called the Widrow Hoff learning rule). The LMS rule is used tor
the single-layer networks to evaluate the error for each output neuron, where the
error is proportional to the square of the difference between the predicted output
and the actual output. Backpropagation works by generalising the LMS rule to
multiple-laycr networks. It is based on the application of the calculus chain rule
for continuous functions. which allows the computation of derivatives of the
error function with respect to all neuron weights.  The first part of the

backpropagation rule (Equation 3-15) is the computation of the output layer
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weight update, and the second part (Equation 5-16) is the hidden laycer weight
update. The thorough derivation of the rules can be found in Simon (1999). the

final algorithms are given below.

Equation 5-15: The first part of backpropagation rule

W,

c+]

_ ' T
- w()L, +1 (cucluu[ - cprcdwredl, )yHl, f() (yHew 0, )

Equation 5-16: The second part of backpropagation rule

OR,

— [& ! T
Wy, =Wy +1 Wo.l ~ " £, (Xw H
a(YHew ()L,)

)X

¢

Where W, and W . Wo, and W, ., denote the hidden layer weight vectors for

the current epoch and the next epoch. and the output layer weight vector for the
current epoch and the next epoch respectively. / denotes the learning rate.

y,, denotes the neuron outputs from the hidden layer. f, and f,, denote the

transfer functions for the output neurons and the hidden neurons respectively. R

denotes the squared error of the current epoch.

Gradient Descent implementation

Training Mode

Gradient descent can be implemented in two different ways: incremental mode
and batch mode. The incremental mode updates weights after the feeding of
each case of the training data. while the batch mode performs weight updates
only after all the training data cases are fed to the network in the training data. In
the case of batch modc. the weight update is based on the summation of the

oradients calculated at every training case.
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Momentum

Momentum is a technique used to speed up batch training convergence. The
concept is loosely based on the notion in physics that objects move slower when
acted upon by outside forces. It is analogous to a low-pass filter in digital signal
processing, in a way that momentum smoothens the error function by causing the
networks to respond to the local gradient while ignoring small features in the

error surface.

The formalisation of momentum is to include a momentum fraction, mf. to the
weight update function, where mf represents a fraction of the last weight change.

The weight change with momentum is therefore:

Equation 5-17: Weight change defined by momentum
Aw,. =mfAw,_ +Ag,

Subject to the constraint of 1>= mf>=0 .

Where Aw, ., Aw__,and Ag, denote the weight change for the next epoch. the

e+1?
weight change for the last epoch, and the gradient change suggested by the

backpropagation rule respectively.

The impact of the last weight change is hence mediated by mif. In extreme cases,
the new weight change completely depends on the last weight change if mf = 1.

and solely based on the gradient computed by backpropagation if mf = 0.
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Advanced Training Algorithms

The following four training algorithms are proven to be ten to a hundred times

faster than the basic backpropagation with momentum. They are:

1. Adaptive learning rate backpropagation
Resilient backpropagation

Conjugate gradient

el A

Levenberg-Marquardt

Among these, the first two algorithms are heuristic techniques that still depend
on the gradient of the error function to determine weight update. whereas the
third and fourth algorithms are mainly based on standard optimisation

techniques. Each of them is presented briefly below.

Adaptive learning rate backpropagation

The basic gradient descent function works with a constant learning rate.
However, as discussed earlier. too high a learning rate may give rise to an
unstable performance, whereas too low a learning rate can lead to slow
convergence. Yet. keeping the learning optimal but constant is in practice

infeasible because the learning rate changes during training.

Adaptive learning rate backpropagation overcomes this problem by producing a
learning rate that reacts to the local error surface. Rather than using a constant
learning rate, it updates the learning rate at each epoch. The learning ratce is

increased whenever the error of the current epoch is less than the error of the last

previous crror. The learning rate is therefore constantly getting larger under

stable performance. but is decreased whenever the error increasces.
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Resilient backpropagation

As shown in Figure 5-3, the gradient of a sigmoid transfer function approaches

zero when the input approaches extreme values.

Figure 5-3: The graph of a sigmoid transfer function

Where y = f(x), x denotes the input to the f(-)sigmoid transfer function, and y

denotes the output of the transfer function.

After scaling using the sigmoid function, the differences among extreme-valued
inputs become very small, the gradient descent would in turn produce weight
updates of very small magnitude while the weight vectors can be far from

optimal. The convergence is thus slowed down.

Resilient backpropagation fixes this problem by ignoring the gradient magnitude
of the error function completely. with the weight update value only depending
upon the sign of the error function's derivative. The weight update value is
increased every time the sign of the error function remains the same for two
epochs, and is decreased if the sign of the error function is different from that of
the previous epoch. Finally the weight update is discarded if the crror gradient is

zero. The weight update hence only gets larger during stable performance.

Instead of repeatedly relying on the error function’s gradient to compute weight

update, the following two algorithms, conjugatc gradient and Levenberg-
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Marquardt algorithms, employ numerical optimisation techniques to speed up

convergence.

Conjugate gradient

Conjugate gradient training methods start the first weight update by following
the negative gradient of the error function. subsequent weight updates are then
determined by searching along the conjugate gradient directions by means of

optimisation methods. The first weight change is hence:

Equation 5-18: The first weight change for conjugate gradient training

Aw, =—g,

The weight update of each subsequent iteration is computed by adding a value

that is determined by a line search («,) along the current direction (7, ):

Equation 5-19: The formula of subsequent weight change

ch'+l = a(‘}/c'

Where 7 is computed by the summation of the new steepest descent direction (-

g) and the previous direction (7, ):

Equation 5-20: The definition of ¥

Y.=—8+ Y.

Where [ is a constant that can be determined through various algorithms, two ot

which are adopted in the CPS and are shown below:
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1. Fletcher-Reeves update algorithm (Hagan et al. 1996) — £ is the ratio of

the norm squared of the current gradient, to the norm squared of the

previous gradient.
2. Polak-Ribife update algorithm (Hagan et al. 1996) — 3 is the inner

product of the previous change in the gradient, with the current gradient

divided by the norm squared of the previous gradient.

Levenberg-Marquardt Algorithm

The Levenberg-Marquardt algorithm (Hagan et al. 1996) shares the characteristic
of high speed convergence with Newton’s method, without the expensive
computation of the Hessian matrix (the second-order derivatives matrix
summation of the squared error function). Newton’s method provides fast
convergence by means of the Hessian matrix. The method is. however.
computationally very complex and expensive for backpropagation neural
networks as it requires computing, storing and inverting the »n by n Hessian

matrix (given a network with n weights).

The Levenberg-Marquardt training algorithm overcomes the drawback of
Newton’s method by approximating the Hessian matrix using the Jacobian

matrix. The approximated Hessian matrix (H) is simply:

Equation 5-21: Definition of the approximated Hessian matrix

H=J"J

Where the gradient g is:

Equation 5-22: Definition of the error-gradient in Levenberg-Marquardt algorithm

g=J'r
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The J is the Jacobian matrix that contains first derivatives of the classification

errors, and r is a vector of network errors.

According to the Levenberg-Marquardt algorithm, the new weight is defined as:

Equation 5-23: Formula to compute new weight using Levenberg-Marquardt algorithm

W, =W, —(JTJ +gI)JTr

Where I is an identity matrix.

If the approximate Hessian matrix is replaced with the actual Hessian matrix and
that scalar ¢ is zero, this definition is actually equivalent to the Newton's
method. When ¢ is large, the definition becomes gradient descent with a small
size of weight change. In order to achieve fast convergence, £ is decreased
whenever the error function decreases and is increased if the error function
increases. Hence, the error function will always be reduced at each iteration of

the algorithm.

5.3 COMMERCIAL OUTCOME PREDICTION SYSTEM

This section presents the Commercial Outcome Prediction System (CPS). The
CPS is designed to predict the likely future monetary return of an invention. It is

also designed to be used by university technology transfer offices for invention

assessment purposes.

Bricfly speaking. the CPS works by identifying and learning discriminative
invention attributes from historical invention cases, from which it produces a
classifier which is capable of commercial outcome prediction. The CPS consists
of three steps. namely input data sct specification. data reduction. and classifier

generation. These steps are explained sequentially in the following sections.
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5.3.1 Input Data Set Specification

The first step of the CPS is to prepare the input data set, which is comprised of an
attribute matrix (X,) and a class vector (¢,), as illustrated in Equation 3-24.
The attribute matrix contains the values of a number of (n) invention attributes
for a number of (k) historical invention cases, in which the matrix consists of

rows of cases and columns of attributes. The class vector contains the class

labels of these invention cases.

Equation 5-24: Definitions of the input data set for the CPS

X Xy Xip

X _ xll x(‘/‘ xin
2_' : : : CZ_[CI..-CI».--CI‘]

X Xy o X

Where x, represents the value of the j-th attribute for the i-th case, n is the

number of attributes, and & is the number of cases.

The attributes to be recorded in the attribute matrix will from now on be called
the CPS attributes. The CPS attributes are based on the data available, which can
be sought from sources such as public databases, and the database of the user
technology transfer office (TTO database). Since the data stored or retained in
the TTO database varies from office to office, the CPS attributes also vary from

office to office.

A number of invention attributes potentially important for invention assessment
have been identified in Chapter Two, Three and Four, which covers attributes
widely used by various technology transfer offices, and attributes available from
public databases. These attributes (will from now on be called ‘potentially
predictive attributes’) represent important attributes for invention assessment
purposes, and will be presented below with Box 5-1 and Table 5-1. The list of

potentially predictive attributes, however, does not represent an exhaustive list of
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CPS attributes, but represents a number of attributes which are proposed to be
potentially critical for invention assessment based on the findings generated in
Chapter Two, Three and Four. While the data for some of the potentially
predictive attributes are available from public databases on the Internet. some are
based on confidential invention information which would only be available from
a university’s database. Additionally, the TTO database may contain useful
invention attributes which are not covered in Table 5-1. In order to obtain
maximum number of attributes for data mining purpose. the CPS attributes
therefore include as many invention attributes as possible, based on the
potentially predictive attributes listed in Table 5-1 that are available, and any
other additional invention attributes available from the TTO database as well as

attributes considered as appropriate by the user technology transfer office.

The potentially predictive attributes are based on the findings derived from the
surveys / studies detailed in Chapter Two, Three, and Four. These findings are

briefly restated below in Box 5-1.

Box 5-1: Findings leading to the potentially predictive attributes

The literature survey in Chapter Two identified five transferable critical factors
as important basis to develop invention attributes for invention prediction. These

five transferable critical factors are:

1. Significant inventor’s scientific capacity and reputation
2. Invention discipline

3. The inventor’s / university’s personal relationship with firms or investors
4. Developmental stage of the invention

5. Secured external funding

The prototype CPS (as presented in Chapter Three) identified five invention
attributes to perform classification, and four out of which are attributes based on

the five transferable critical factors. These five attributes are:
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1. The level of expense consumed by the invention

2. Whether there are industrial inventors

3. The number of personal contacts for potential source of investment
4. Whether funding for the next stage has been secured

5. The number of other patent applications owned by the inventors.

Furthermore, the first two background surveys presented in Chapter Four
identified the potential attributes for invention assessment, and they were listed
in Table 4-8. In addition, the third background survey in Chapter Four found that
only quantitative / categorically measurable, and non-technical variables were
used by technology transfer managers for invention assessment. Thus, only |
quantifiable and non-technical variables from Table 4-8 are adopted here. These

variables are reproduced from Table 4-8 and are listed below:

1. The number and employment status of contributors and inventors

2. Support source — source of funding and in-kind support lead to the invention

3. Company list —a list of potentially interested firms (contacted)

4. Uses — commercial uses and application of the inventions

5. Drawing attachment — drawings and sketches relating to the explanation of the
invention are to be attached

6. Contractual agreements — the number of contractual agreements linked with
the invention. such as MTA

7. Competitor list — the list of potentially competing existing products

8. Existing solution — publicly acknowledged existing solution

9 Records — record details of the prior arts such as patent number and verbal

records

10. Developmental stage — whether the invention is an early-stage invention, a
proven concept, or a prototype

[ 1. Search — whether a prior art search has been conducted ‘
[2. Current activity — activities regarding invention exploitation. such as current |
commercial interest and marketing activity.

13. Markct size — target market size
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14. Further development — whether further development is needed and the
funding requirement for that, and whether such funding has been secured

15. Country list — the list of countries where the invention is likely to be used

16. Involvement of other parties during invention development

17. Contacts for potential third parties provided by inventors

The findings from the third survey in Chapter Four also showed that bibliometric
indicators reflecting an inventor’s status and scientific capability are potentially

useful for invention assessment.

Moreover, the data collection experience of the prototype CPS showed that the
use of ambiguous critical factors had resulted in the needs to develop coding
system and to use subjective judgement, giving rise to non-reproducible data.
Thus, it is important to specify explicit coding definition for each attribute. By
developing explicit coding definitions for the findings in Box S5-1, a list of
potentially predictive attributes is developed and showed in Table 5-1, and they

are organised into seven categories.

Table 5-1: Seven categories of potentially predictive attributes

Category I: Inventor (Bibliometric indicators estimating the inventor’s

capability)

The number of publications (journal/conference) authored by inventor A’

The number of journal papers published by inventor A

The number of journals where inventor A had published

° The number of inventors involved in each invention is different. In order to collect data for
all/some of the inventors, each attribute denoted with ‘inventor A’ will be collected n times.
resulting in n attributes, the value of n is dependent on the user preference. For instance, if the
invention, among other inventions in the university’s portfolio. having the maximum number of
inventors has 7 inventors, then the value of n can be any integer in the range of | to 7. The user
may collect the attribute 7 times for the 7 inventors for each invention in the porttolio. .This
however, generates 6 empty attributes for each invention that has only I inventor. Alternatively.
the user can collect the data once for the chief inventor.
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The number of countries where inventor A had published

The total number of co-authors associated with inventor A's publications

The total number of class/subject codes covered by inventor A's publications

The total number of control vocabularies used by inventor A’s publications

The year when inventor A first published

The year of the latest publication authored by inventor A

The sum of the normalised citation values'® received by inventor A's

publications

The sum of the normalised impact factors'' of the journals where inventor A had
published

The total amount of research grants (from private / public sources) awarded to

inventor A

The number of research grants awarded to the inventor per year

The number of research grants awarded to inventor A

The number of year when inventor A’s research was funded by research grants

Inventor A’s rank position, among other academics of the university, in terms of

the total amount of research grants awarded

The number of patent applications (invented) by inventor A

The number of US patent applications (invented) by inventor A

The number of granted patent (invented) by inventor A

The number of granted US patent (invented) by inventor A

The total number of normalised patent citations - received by inventor A’s

patents

The total number of international patent classes (based on the first 3 digits)

where inventor A’s patents belong

The total number of international patent classes (based on the first 5 digits)

where inventor A’s patents belong

The total number of patents existed in the international patent classes where

19 Normalised citation value refers to the citation received by a publication divided by the average
citation received by other publications of the same journal.

"' Normalised impact factor refers to the impact factor achieved by a journal divided by the
average impact factor achieved by other journals of the same subject/sub-field.

12 Normalised patent citation refers to the citation received by a granted patent divided by the
average citation received by other patents of the same international patent class.
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inventor A’s patents belong

The total number of external collaborating organisations of inventor A's

patented/patent-filed inventions

The status of inventor A (student, internal academic staff, external academic

staff, industrial personnel'*)

The annual income of inventor A

The age of inventor A at ‘Month 0’

The number of years that inventor A had worked in the private sector at *Month
O’

The number of industrial collaborative projects that inventor A had been

involved in previously at ‘Month 0’

Whether inventor A had previous experiences of setting up own business at
‘Month 0’

Category II: Basic Information (Information relating to the invention)

The year when the invention project ended

The year of ‘Month 0’

Life of the invention project (in years), which is the difference between the

previous two attributes

Whether the invention project is active or not

Whether the first / primary source of funding leading to the current development

of the invention is from the private sector

Whether the second / secondary source of funding leading to the current

development of the invention is from the private sector

The first (the major) academic department where the invention belongs'*

The number of academic departments which had collaborated to generate the

invention

13 A number of dummy variables are generated for this attribute. For instance if the status value
for all the invention cases is either *internal academic staff” or *industrial personnel’. then 2
dummy variables will be generated. The value for the dummy variables is either *17 or *0".

14 A number of dummy variables can be created for this attribute. This is analogous to the

arrangement detailed in footnote 11.
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The number of external organisations which had collaborated to generate the

invention

The number of personal contacts provided by the inventor as potential licensees

or investors

Whether the developmental stage of the invention is proven design made using

manufacturing tooling

Whether the developmental stage of the invention is proven final design

Whether the developmental stage of the invention is optimisation by prototype

variation

Whether the developmental stage of the invention is prototype

Whether the developmental stage of the invention is proof of concept

Whether the developmental stage of the invention is early stage

Whether an invention disclosure form has been completed

The number of pages of the completed invention disclosure form

Whether a market research has been conducted

The number of pages of the market research report

Whether the market research was produced by external organisation

Whether the market research was produced by internal staff

Whether a prior art search has been conducted prior to patent appiication

Whether the prior art search was produced by external organisation

Whether the prior art search was produced by internal staff

Whether an estimation for future costing has been done

The amount of funding required by the next point in time for data collection

The number of pages of the future costing estimation report

The number of external inventors

The number of inventors who are staff of external companies

The number of firms that have contacted the technology transfer office/inventor

and have shown a positive interest on the invention

The number of licensing deals in the process of negotiation

The number of spin-out companies planned
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Category III: Communication

The number of pages of communication (such as email, letter. phone message,

and so on) from the inventors to the technology transfer office (TTO)

The number of pages of communication from the TTO to the inventors

The number of pages of communication to the TTO/inventors from external

organisations which are potential customers or investors

The number of external organisations involved in the communication to the

TTO/inventors

Category IV: Expenses

Patent/patent related service expenses consumed by the invention project

Total expenses consumed by the invention project

Category V: Agreements

The number of internal agreements (draft)

The number of internal agreements (signed)

The number of pages of internal agreements (draft)

The number of pages of internal agreements (signed)

The number of external agreements (draft)

The number of external agreements (signed)

The number of pages of external agreements (draft)

The number of pages of external agreements (signed)

The number of external collaborating organisations involved in the signed

agreements

The number of external investor organisations involved in the signed agreements
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Category VI: Technical documents

The number of internal technical documents (such as “technical summary of the

invention’)

The number of authors involved in the internal technical documents

The total number of pages of the internal technical documents

The total number of figures of the internal technical documents

The total number of references of the internal technical documents

The number of patent specification drafts

The total number of pages of the patent specification drafts

The total number of figures of the patent specification drafts

The total number of references of the patent specification drafts

The total number of invention-relevant> external publications authored by the

inventor

The total number of authors involved in such external publications

The total number of pages of such external publications

The total number of figures of such external publications

The total number of references of such external publications

The number of invention-relevant granted-patents (invented) by the inventors

before ‘Month 0’

Category VII: Patent documents (patent documents for the invention)

The number of patent applications filed

The number of ex-PCT patent applications filed

Whether an ex-PCT patent application is filed in country A"

15 Since the relevancy of a publication to the invention requires expert knowledge of the
invention field, a publication is only considered relevant when it is provided / supported by the

inventor.

' (This is analogous to the arrangement for *inventor A* which was explained earlier in footnote
7.) The number of ex-PCT patent applications of each invention is different. In order to collect
data for all/some of the ex-PCT patent applications, each attribute denoted with “country A™ will
be collected n times, resulting in n attributes, the value of 7 is dependent on the user preterence.
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The number of international patent classes (based on the first 3 digits) where the

patent application filed in country A belongs

The number of international patent classes (based on the first 5 digits) where the

patent application filed in country A belongs

The number of international patent classes (based on all digits) where the patent

application filed in country A belongs

The total number of patents existed in the international patent classes (based on

all digits) where the patent application filed in country A belongs

The number of times the patent application filed in country A is cited

The number of references cited by the patent application filed in country A

The average distance (in year) between the references cited by the patent

application filed in country A

The number of foreign references cited by the patent application filed in country
A

The number of patents granted

The year when the priority patent application was granted

The number of claims contained in the priority patent application

The average number of claims contained in other patent applications (patent

applications other than the priority patent application)

The number of figures contained in the patent applications

The number of prior arts stated in patent office’s search reports of the patent

applications

For the convenience of the acquisition of the potentially predictive attributes, an
‘Innovation Evaluation Form’ has been formulated. Such form, as displayed in
Appendix A5.1, could be used as an efficient information gathering tool by the
CPS user for the purpose of building an input data set for the CPS. Since the
current practices of invention assessment are largely intuitive, the Innovation
Evaluation Form also acts as a bridge linking the qualitative norms of technology

transfer offices and the quantitative requirements of the CPS. Effectively, the

For instance, if the invention having the maximum number of ex-PCT applications has 10 ex-
PCT patent applications. then the value of n can be any integer in the range of | to 10.
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content requested by the form should contain both qualitative and quantitative
information, where the content should be comprised of a sufficient level of
details where the data for the potentially predictive attributes can be sought.
However, it should be noted that this form is not equivalent to a conventional
invention disclosure form where issues regarding due diligence and patentability
may be included. Designed within the scope of the CPS, the Innovation
Evaluation Form is therefore only applicable to patentable inventions developed

by inventors from the user university.

Data Collection Points in time

According to the findings from the third survey in Chapter Four, invention
assessments are generally carried out in accordance with the patent expense
schedule. The value of each of the CPS attributes is therefore to be recorded at a
number of points in time, namely ‘Month 0°, ‘Month 12°, ‘Month 30", "Month
36°, ‘Month 48’, and so on until the end of an invention case’s life. ‘Month 0" is
defined as the first patent filing date of an invention case. Other points in times
are titled according to the number of months away from ‘Month 0. For instance,
‘Month 12’ refers to 12 months from ‘Month 0°. After ‘Month 30°. attribute data
is to be recorded at the end of each year. These points in time are structured
according to the patent expense schedule. Briefly speaking, ‘Month 0" requires
patent filing related expense in the United Kingdom, *Month 12" requires PCT
(patent cooperation treaty) related expense, ‘Month 30’ requires patent filing
related expense in other countries, ‘Month 36’ onward require other expenses
including examination fees and renewal fees. The recording of attribute values at

these points in time is based on the rationale that invention assessment is often

performed when expenses are required.

The attribute value recorded at ‘Month 0 is the start value of an attribute.
Attribute values recorded at the remaining points in time are the marginal values

accounting from the previous points to the current points. For example. the value
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of attribute ‘Expense consumed by the invention project’ recorded at *\fonth 30"

is the value of the increase in expense from between *Month 12" and *Month 30°.

The class label refers to the final technology transfer outcome of an invention.
which is represented as either “success™ or “failure’. The outcome is measured in
terms of the monetary return generated by the invention. The range of monetary

return represented by each class label is determined by the user of the CPS.

5.3.2 Data Reduction

This step generates a reduced attribute matrix by applyving data reduction

operations to the original attribute matrix (X, ). The goal is to reduce the volume

of attribute data to be processed in the last step of the CPS (classifier generation).
in a way that the resultant distribution of the reduced matrix remains almost
unchanged, or very close to the original matrix. Instead of developing a reduced
matrix using alternative attributes, the methods used in this step gcnerate a
reduced matrix using the original attributes. The benefits of using a reduced

attribute matrix for classifier generation are:

e l-aster algorithm calculations.

e An improvement in the classification accuracy by the removal of
irrelevant attributes (noise).

e The production of a more understandable/presentable result. since there
are fewer attributes involved.

e Fewer future attributes would need to be collected for classification.

Nonetheless, the necessity of data reduction depends on the size of the attributc
matrix. Data reduction is more important for a larger attribute matrix. yct may
do more harm than good for a small attribute matrix. As the number of class

increascs. more attributes would be needed to discriminate the finer ditferences.
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Thus data reduction is more applicable to input data set consisting ot large
attribute matrix and small number of class. As a rule of thumb. the data
reduction step of the CPS is performed when the attribute-class ratio is larger
than 10. Since 2 classes are adopted here. the data reduction step is pertormed

when the attribute matrix contains more than 20 (i.e. 20/2 = 10) attributes.

Two methods are employed to generate a reduced attribute matrix. namely
decision tree induction, and principal component analysis. Subsets of original
attributes are identified by each method, which are then combined to produce a
reduced attribute matrix. The decision tree method is chosen due to its non-
metric nature, as well as its capability of identifying critical attributes. Principal
component analysis is employed because of its widely proven capability of
projecting high-dimensionality data onto a much lower dimensional space.

These methods are explained below.

Decision Tree

A decision tree is generated from the input data set using the impurity measure
Gini Index, and the following parameters: monothetic decision tree. a branch

factor of two. and a Minimum Case Threshold of two. The attributes appear on

the nodes of the resultant tree then form an attribute list, denoted as L,..

Information regarding the details of the decision tree classitication method can
be referred to Chapter Three. Since the impurity measure Gini Index was not

explained in Chapter Three, it is presented below.

Gini Index is one of the most popular impurity mcasure adopted for
classification. it is therefore used to generate a decision tree from the input data

set. Let it.V) denote the impurity of node N, i(.\) cquals 0 it all the cases that
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reach the node bear the same class label, and i) will be maximum if the both

classes are equally represented. The Gini Index is defined in Equation 3-23:

Equation 5-25: Gini Index

iN)=-Y P(c,)P(c,)=1-Y. P’(c))

i#J j

Where ﬁ(c,)and 13(01) are the fractions of cases at node .\ that belong to
classc,and ¢, respectively. Since only two classes are used in the CPS. the Gini

Index used would be in its simplest polynomial form. as shown in Equation 3-206:

Equation 5-26: Gini Index in its simplest polynomial form

i(N) = P(c,)P(c,)

Whereﬁ(c,)andﬁ’(cz)are the fractions of cases at node N that belong to

class ¢, and c, respectively.

Principal Component Analysis

Data Normalisation

Due to the use of attributes measured in different units, the first step is to
standardise each column of the attribute matrix so that each have unit variance.

This is done by computing the standardised Z scores for each column of the

attribute matrix (X, ). This process is illustrated below.

Equation 5-27: Definition of the standardised attribute matrix

xi\. :(XZ _Iu.\' ]
Oy
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Where X is the standardised version of matrix X, . 1,1is the arithmetic mean

ofX,, and o, is the standard deviation of X,.

Computation of Principal Components

Next, the principal component analysis algorithms (presented in Section 5.2) are

applied to the standardised matrix (X ), which produces three outputs as listed

below:

1. A matrix containing the principal components of X . denoted as X pea

2. A matrix containing the original-attribute coefficients for X denoted

_pea?

as E

3. A vector containing the variance of X represented by each principle

components, denoted as v.

PCA-Based Data Reduction Operations

Principal component analysis is generally used to reduce data size by first
computing the principal components, and then using a subset of which to
represent the original data. However, since each principal component is a linear
combination of different proportion of each of the original-attributes, the reduced
data thus comprises of attributes that are not immediately recognisable. The
interpretation of the effect of individual invention attribute is therefore less
straight forward. Hence, two methods have been developed to reduce data size
by choosing a subset of original attributes, rather than gcnerating alternatinve

attributes. Namely, Surrogate PCA Limit, and Single PC:A\ Attributes.
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Surrogate PCA Limit

Since each principal component is a linear combination of different proportion of
each of the original-attributes, higher proportions are needed from certain

attributes than others. For instance, as shown on Equation 5-28. let the number

of original attributes be 5, and vector e, be the original-attribute coefficient

vector needed to compute the first principal components. Vector €, shows that

the first principal components require the highest proportion from the tifth
original attribute, as the fifth coefficient is the highest. In other words. the fifth
original attribute is the best representation (surrogate attribute) of the first

principal components, as compared to all other original attributes.

Equation 5-28: Definitions of C, and xs peay,

e, =[04 05 03 02 0.6]

X =0.4x,, +0.5x,, +0.3x,, +0.2x , + 0.6x .

§_peay

Where e,is the original-attribute coefficient vector for the first principal

components, and X, .., is the first principal component for the first case.

Furthermore, since the same attribute can be the surrogate attribute for more than
one principal components, only an attribute that has nor been chosen betfore
would be selected for subsequent components. Also, because coefticient values
can be either positive or negative, the sign of the coefficient value thus is not
taken into account. In this way, only one attribute will be associated with each
principal component. In other words, a surrogate attribute is the attribute that has
not already been chosen and has the highest coefficient in absolute value of a

particular principal component, as illustrated using Table 5-2 as an cxample.
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Table 5-2: Coefficients for the first three principal components

PCl1 PC2 PC3
Al 0.4 0.2 0.15
A2 0.5 0.4 0.25
A3 0.3 -0.1 -0.2
A4 0.2 0.3 -0.4
AS 0.1 0.09 0.1

Where Al to A5 refers to the five original attributes, PC1 to PC3 denotes the first

three principal components.

Table 5-2 shows the coefficients defining PC1 to PC3 based on the linear
combinations of the original-variables (A1 to A5). As shown, A2 is the most
representative original attribute for both PC1 and PC2. Nonetheless. according
to the definition of surrogate attribute stated above. the surrogate attribute tor
PC2 should be A4, as it is the attribute with highest coefficient and has not

already been chosen as surrogate attribute before.

By using the surrogate attributes of m principal components, a subset of m
attributes is then selected. The number of surrogate attributes resulted depends
on the number of principal components considered, which in turn depends on the
portions of variance of the original attribute matrix represented by the principal

components.

Since the principal components are sorted in decreasing order of “significance’.
the number of principal components used to represent a certain variance of the
attribute matrix can be controlled by eliminating principal components

representing less than a certain variance portion.

FFor instance, by selecting only principal components individually representing
more than 1% of variance of the attribute matrix. the sclected principal
components together will represent about 990 of the attribute matrix. However,

if every principal component represents a variance portion exceeding 1%. then
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every attribute would eventually be selected as surrogate attributes. and no data

reduction is resulted.

In order to discard at least half of the attributes, the following measure is
adopted. If first half principal components all individually represents a variance
portion of more than 1%, then the surrogate attributes of them would be selected.
Otherwise, only the surrogate attributes of principal components individually
representing a variance portion of more than 1% would be selected. The
surrogate attributes selected are therefore based on less than or half of the top

principal components. These attributes then form a list of discriminative

attributes, denoted as L

Surro *

Single PCA attributes

In extreme, only one attribute would be selected by using the Surrogate PCA
Limit method. This method therefore chooses a number of surrogate attributes

on a ratio basis.

Since each principal component is a particular combination of every original
attribute, any one of the principal components is therefore a certain
representation of the original data. Typically, when principal component
analysis is used to choose only one alternative-attribute. the first principal
component would naturally be chosen as it offers the maximum discrimination
between the cases. However, the first principal component may not be the most
appropriate index for every discrimination task. For instance. the first principal
component may be a good indicator for the expenses incurred in an invention
case when the expense attribute involve the highest level of variation. This.
however, does not necessarily mean the first principal component/the expense

attribute is also the most predictive for an invention’s class label.



Chapter Five: Commercial Outcome Prediction System 170

Since there is no guarantee that the first principal component will be the best
index, this method considers the following measures. Only the top 1% (round up
to the nearest integer) principal components are considered, and the 10 most
representative attributes (the 10 attributes with the highest coefficient in absolute
value) for each of these principal components will be selected. Similar to the
concept of surrogate attribute, any of the 10 attributes has to be an attribute that

has not already been chosen. The attributes selected using this method then form

an attribute list, denoted as Ly, .

Reduced Attribute Matrix

Three lists of attributes (L,.,, Ly, ,» and L, ) would be generated using the

decision tree method and the two PCA-based methods. By combining the
attributes from these lists and removing the redundant attributes, a final list of
attributes is generated. By extracting these attributes of every case from the

attribute matrix, a reduced attribute matrix is then generated (denoted asX,),

which would be used in the next step to generate a classifier.

5.3.3 Classifier Generation

This part of the CPS generates a classifier based on the input data set, which

consists of the reduced attribute matrix (X, ) and the class vector (¢, ). Multi-

layer backpropagation neural network is chosen as the method for classifier

generation on the basis of the following reasons.

Based on the discussion regarding the findings on invention assessment methods
in Chapter Four, it was concluded that the scoring mechanism (i.e. the method
used to compute a score, the perceived potential to succeed, for each invention)

employed by the interviewed technology transfer offices can be expressed 1n
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terms of weights and attributes, where the weights and attributes are derived
based on learning through trial and error from experience with historical
invention projects, as explained using equations 4-1, 4-2, 4-3. Effectively. the
score given to each invention by the managers equates to a function of wei ghted
attributes (Equation 4-3). This scoring mechanism is very similar to the
classification / prediction mechanism of neural networks, which is also a function
of weighted attributes through learning. Neural networks compute the final class
label of a case based on weight updates (learning through trial and error based on
historical cases) to generate the optimal weights vector for the attributes (a
function of weighted attributes). In addition, it has been widely proven
(Cybenko 1989; Hornik et al. 1989; Jones 1990; Kurkov? 1991, 1992) that a
multi-layer backpropagation neural network can approximate any continuous
function from input to output, given sufficient number of hidden neurons, proper
non-linear transfer functions, and sufficient network training. Consequently, the
multi-layer backpropagation neural networks method is chosen to generate the
classifier, mainly due to its universal function approximation ability as well as its

similarity with the scoring systems employed by technology transfer offices.

Moreover, backpropagation is one of the simplest and most general training
methods for neural networks. Backpropagation is also the most popular network
training method, and many other training methods are essentially modifications
of it. Backpropagation neural network has also been proven by numerous
empirical studies that it out-performs other classification methods in many real-
world problems. Last but not least, most classification methods require a large
quantity of training data in order to achieve accurate classification.
Backpropagation neural network, however, is found frequently producing high

performances even when the amount of training data is limited.

Neural network is a classification method based on supervised learning. The
basic approach is to generate a classifier (the trained network) based on iterative
training using a set of training data. Instead of merely producing the final

classifier (the CPS classifier) using the input data set ( X, and ¢, ) as training data,
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this part of the CPS adopts a number of steps to generate the classifier. Briefly
speaking, the input data set is divided into training, validation. and testing data.
upon which a number of candidate classifiers will be generated and evaluated.
The training algorithm producing the best performing candidate classifiers will
then be selected, and applied to the original input data set to produce the CPS
classifier. The adoption of these steps is based on a number of considerations,

which will be explained with the presentation of each step.
The steps involved in this part are listed below:

1. Data normalisation and randomisation
Data division
Generation of initial weights

Candidate classifier generation

hoR W

Network training to generate the CPS classifier

The resultant classifier generated from a given training data varies depending on
the choice of network architecture (such as the number of hidden layer), and a
number of training specification (such as the use of transfer function). Therefore,
prior to the detail explanations for the five steps listed above, the network
architecture and training specifications adopted are presented first. Due to the
close relation between transfer function and the computation of network output,
the method for class computation is also presented in the section explaining

transfer function.

Network Architecture

The number of output neurons is governed by the output representation. Since
the classification task is to predict whether an invention will be a ‘success’ or a
‘failure’. these class labels can be represented as ‘1" and ‘0" Thus, one variable

is sufficient for such representation. As a result, one output neuron is adopted.




Chapter Five: Commercial Outcome Prediction System 173

The number of hidden neurons, however, is not governed by such obvious rules.
The output of each hidden neuron is governed by its respective transfer tunction
(i.. the respective decision boundary), which are then combined to form the final
network output (i.e. the final decision boundary of the network). The number of
hidden neurons therefore determines the complexity of the network's decision
boundary. In other words, more hidden neurons are needed for more
complicated underlying-functions (i.e. the underlying function relating the
attribute matrix and class vector that the network is approximating). and the
‘function approximating power’ of a network is sensitive to the number of hidden
neurons. However, since the complexity of the underlying function is likely to
vary among university technology transfer offices, a fixed number of neurons
may be sufficient for one technology transfer office but not another. Too foew
neurons can lead to under-fitting (i.e. insufficient learning. hence high

classification error), whereas too many neurons can contribute to over-fitting.

Although there is no universal method to determine the complexity of the
underlying function for a particular technology transfer office. over-fitting is
very unlikely, if the number of data points (i.e. the number of attributes n
multiplying the number of cases k) is a lot larger than the number of hidden
neurons. Therefore, a ratio measure (based on the number of attributes and
cases) is adopted to determine the number of neurons to be used. Given an input

data set with » attributes and k cases, (n+k)/10 neurons will be used.

Finally, only one hidden layer will be adopted in a network. This is because it
has been widely accepted that backpropagation consisting of one hidden layer
with non-linear transfer functions should be sufficient to approximate any
function (given enough hidden neurons). Empirical studies also found that
networks with multiple hidden layers are more prone to getting caught in
undesirable local minima. The network architecture adopted therefore compriscd

of'one hidden layer.

In summary, the network architecture adopted here is comprised of one hidden

lay er with (n+k)/10 neurons, and one output layer with one neuron.



Chapter Five: Commercial Outcome Prediction S stem 174

Training Specifications

General specifications

The error function adopted here is the average of the error squared. which
is also the most widely used error function for neural networks. due to the
function’s concentration on the magnitude of the error instead of the sign

of the error.

To avoid infinitive training, network training will be stopped when any of
the following criteria are met: 1) training time exceeds 60 seconds, 2) the

number of epoch exceeds 100, and 3) the error falls below the error goal

of 0.01.

Between the two training modes, namely incremental mode and batch
mode, batch mode is adopted here. This is related to the adoption of the
five training algorithms for candidate classifier generation (Adaptive
Learning Rate backpropagation. Resilient backpropagation, Conjugate
Gradient (Fletcher-Reeves), Conjugate Gradient (Polak-Ribif#k), and the
Levenberg-Marquardt algorithm). These algorithms have been proven to
be capable of significantly improving classification accuracy and
speeding up network training, and they cannot be easily incorporated in

incremental training.
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Transfer Function

Since a neuron computes its output by passing the input through a transter
function, whether the input is being mapped linearly or nonlinearly therefore

depends on the linearity of the transfer function. This is illustrated in Figure 5-4.

A 'ﬂs
_______________ I 4 Y A !
0 —_ X 0 » \
-1 -1
Non-linear Transfer IFunction Linecar Transter Function

Figure 5-4: Non-linear and linear transfer functions

In other words, the transfer function at a neuron defines the decision surface that
separates inputs into different regions of output. While the decision surface of a
linear transfer function is a hyperplane (as shown in Figure 5-5). the decision
surface for a non-linear transfer function will be a curved surface (as shown in

Figure 5-6).
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Figure 5-5: The hyperplane decision surface caused by a linear transfer function

Where x1, x2, and x3 denote three attributes of the input, Region A and Region B

denote regions of the output separated by the transfer function.
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Figure 5-6: The curved plane decision surface caused by a non-linear transfer function
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Since the outputs from hidden neurons are inputs for the output neurons, the
decision surface of an output neuron is therefore an arbitrary surface. as

illustrated in Figure 5-7.

Figure 5-7: The decision surfaces caused by various non-linear transfer functions

One important point is that the transfer function must be differentiable, as the
derivation of the backpropagation algorithm requires the derivative of any
transfer function used. Moreover, since neurons may use any differentiable
transfer function, and the final network output is dependent on the hidden
neurons’ output, the choice of transfer function for hidden neurons becomes

crucial.

In the CPS, the transfer function adopted for hidden neurons is the hyperbolic
tangent sigmoid (Equation 5-29), and the log-sigmoid (Equation 5-30) transfer

function is employed for the output neuron.

Equation 5-29: Definition of the hyperbolic tangent sigmoid transfer function

Yorron . =2/ (1 +e ) -1

tan sig
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Equation 5-30: Definition of the log-sigmoid transfer function

:1/(1+e"‘)

ymzumn,og.‘.,2

Where neurony, ,, and Y neurony,, ., denote the outputs from the input. x, using the

hyperbolic tangent sigmoid and log-sigmoid transfer functions respectively.

By using multiple hidden neurons with the hyperbolic tangent sigmoid function.
and an output neuron using log-sigmoid, the resultant network would be capable
of approximating any function with a finite number of discontinuities arbitrarily
well, given sufficient hidden neurons. There are many reasons for this

implementation, as explained below.

Being a generic method, the CPS needs to be able to cope with unknown data
distributions. The hyperbolic tangent sigmoid for hidden neurons is therefore
adopted since it possesses a number of desirable properties (differentiable.
saturating, monotonic, centred at zero and antisymmetric), which makes the
resultant classifier a good general approximator. These properties are described

below.

First of all. it is a continuous function that is differentiable. Second. it saturates,
in the sense that it restricts the output’s maximum and minimum. According to
the adopted definition (Equation 5-29), the output must range between -1 and [.
By keeping the neuron outputs bounded, the network training time can be kept
limited. Third, it is monotonic. in the sense that the derivative does not change
sign throughout the function. This property helps avoiding the introduction of
additional local extrema in the error surface. Lastly, it is centred on zcro. and is
antisymmetric. With this property accompanying a normalised input data sct.

faster learning can therefore be achieved.

[.og-siemoid has been adopted for the output neuron. due to the fact that it shares

most (except that it is not antisymmetric) of the desirable properties ol the
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hyperbolic tangent, and that it is more suited for binary classification task since it

saturates at the output values of 0 and 1.

Computation of the class label

Since the transfer function adopted for the output neuron is a continuous
function, the output generated would also be a continuous value, within the range
from 0 to 1. While the class label adopted by the CPS is either ‘success’ or
‘failure’, it can also be represented as a categorical value of either *1* or *0". In
order to convert the continuous values into the two categorical values, the

following rules are adopted:

If 0< y <0.5 then the class label is set to 0.
Else if 0.5 < y <1 then the class label is set to 1.

Where y represents the output value generated by the output neuron.

Validation (Measure to avoid Over-fitting)

Over-fitting is one of the major problems that hinder a network’s generalisation.
It happens when the network has over-learned so much during the training phase,
that the network has only ‘memorised’ the training data, failing to learn the
underlying function that governs the relationship between the attribute and the
class data. An over-fitted classifier is analogous to a look-up table of the training
data. Thus an over-fitted network has a limited ability to classify unseen cases,
unless they are almost identical to the training cases. In other words, an over-

fitted network has low generalisation ability.

Over-fitting is evident when there is a decreasing and very small training error.
combined with an increasing and large test error. In order to improve network

generalisation, and reduce the possibility of over-fitting, validation is carried out
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to detect the optimal time to stop the network training before over-fitting occurs.

The use of validation is explained below, and is illustrated in Figure 3-§.

[-rror

A

Validation error

Training error
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Figure 5-8: The use of validation data to detect over-fitting

During training, instead of merely using training data, both training data and
validation data are used. Training data is used for the gradient computation of
the training error function. Validation data is used as “pretend testing data’ in
order to monitor the validation error (the pretend test error). Initially. the
validation error typically falls together with the training error. When oy cr-fitting
occurs, the validation error begins to rise. Training is therefore stopped at the
point where the validation error is at minimum (the optimum point). The
network derived at the optimum point is used to classify data unseen during

training (testing data).
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Data Normalisation and Randomisation

The first step is to normalise the attribute matrix since each attribute is measured
in different units. The convergence of the error will be much quicker with

standardised data. To perform normalisation, the attribute matrix (X, ) is first

transposed. Each row of the matrix (X",) is then normalised so that the
minimum value is -1 and the maximum is 1, using the algorithm shown in

Equation 5-31. The normalised matrix is denoted as ( X" ).

Equation 5-31: Normalisation algorithm for classifier generation

XTRN =2 (XTR =X, ) / (X’”"-‘ =Xy ) -

Where X is a matrix consists of identical columns, in which each column

nmin

contains the minimum values of each row of X",. Similarly. X is a matrix
consists of identical columns, in which each column contains the maximum

values of each row of X',.

Next. randomisation of cases is carried out for both the normalised matrix (X';)
and the class vector (c,). This is due to the fact that cases in the input data set

may have been organised in a certain unknown sequence during data collection,
such as the order of time. While the cases will be divided into subsets later. it is
important that all the subsets, be it the training data, or the testing data, are
representative of the unknown distribution of the input data. All cascs therefore
have to be randomised. in which the cases will be sorted according to a computer
generated random order. However. it is possible that the random order produccs
an uneven distribution which hinders classification, such as a distribution w ith a

certain class dominating the training data.

To lower the possibility of such uneven distribution. 10 randomised version of

the input data sct are generated. Given an input data sct containing k cases. 10
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vectors of random permutation (r_order,) of the integers from 1 to k are

generated. The input data set (X" andc,) is then randomised as shown in

Equation 5-32.

Equation 5-32: The vector of random permutation

r _order, =[rj, .. ...rjk]

(plrjl P,
P = pir], pirj,. c _
/ : _ random j = | € -+ € o,
\pnrjk e p”rjk

Where r_order; is the j-th vector of random permutation, P is the randomised
version of X', using r_order,, andc,,, ,is the randomised version of

¢, usingr _order, .

For instance, let the number of cases of the input data set be 5, and r _order, be
[2 1 45 3]. The first case in matrix P is therefore equivalent to the

second case in X",, and the first class label in ¢ is equivalent to the

random _|

second class label in ¢, .

Data Set Partition

As previously stated, the technique of validation will be used to improve network
generalisation by avoiding the problem of over-fitting. Also. the CPS classifier
will be generated based on the evaluation of a number of candidate classifiers,
which is based on their classification results on unseen data. The input data set is
therefore partitioned into training data, validation data, and testing data. The
training data will be used to generate candidate classifiers using several network

training algorithms. The validation data will be used to improve the network
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generalisation of these candidate classifiers. The testing data will be used to
evaluate the classification accuracy of the candidate classifiers. This partition of

input data set into is explained below.

After case randomisation, 10 randomised versions of the input data set are
generated. Each randomised data set is here partitioned using the ratio of 8:1:1
into the training data, validation data, and testing data. In other words. the first
80% of the cases in each randomised data set will be used as training data, the
next 10% will be used as validation data, and the remaining 10% will be used as

testing data. The training data set, validation data set, and testing data set derived

from the j-th randomised input data set are denoted as P, amande, ..
P, ande,,. ., and P, .andc,, . .. respectively. For instance, the

training data set, validation data set, and testing data set derived from the first

randomised input data set (P andc,,,, ,) are denoted as P and

| tramn

and P

1_test

c P ,,andc andec,,,, | . respectively. Given

random _1_train ® random _\ _val *
n attributes and k cases in a randomised input data set, the dimensions of these
matrices and vectors are shown in Table 5-3. These dimensions apply to every

randomised input data set.

Table 5-3: The dimensions of the training data, validation data, and testing data

Attribute Dimension Class Vector | Dimension
matrix
Training P .. nby 0.8k Cramdom_1_iraim 1 by 0.8k
Data Set _
Validation P nby 0.1k Cramdom 1 val 1 by 0.1«

|_val

Data Set

Testing Data | P nby 0.1k c 1 by 0.1k

1_test
Set

random _1_fest
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Generation of Initial Weights

In the same way as other gradient-descent algorithms, the behaviour of
backpropagation training depends on the starting point — the initial values of
weight vectors. If they are set to zero at the start, the outputs of the layer (which
is the weighted sum) will be zero, the backpropagated error will also be zero. and
the input-to-hidden weights will therefore never change. To avoid this. random

values are used for the initial weights.

However, because of the shape of the hyperbolic tangent sigmoid. the output of
neurons will saturate if the random weights are very large. Yet it the random
weights are very small, the neurons” output will be close to zero since the
antisymmetric transfer functions pass through the origin. In order to avoid
random weights of extreme values, the Nguyen-Widrow initialisation algorithm
(Nguyen and Widrow 1990) is adopted. It has been demonstrated that initial
weights generated using this method result in an initial network leading to better

function approximation result.

However, the problem with random weight generation is that it is different every
time. Initialising with random weights each time means that even the same
algorithm will perform differently each time. Since comparisons of candidate
classifiers based on different training algorithms are to be performed in the CPS,
each training algorithm generating the candidate classifiers will be initiated with

the same set of random weights.

Nevertheless, comparing models based on one set of initial random weights may
produce prejudiced results, as this particular set of random weights may be by
chance favouring certain training algorithms. The error surface of a non-linear
network is very complex. as it contains many local minima introduced by non-
linear transfer functions. Depending on the weight initialisation. training
algorithms may become trapped in a local minimum. This can be harmtul it the
local minimum is far away from the global minimum. Therefore. 100 scts of

difterent initial random weights are generated. so that each training algorithm
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will run 100 times using these initialisations. in order to achieve robust and

averaged network results for each model.

Each set of initial random weights consists of one weight matrix each for the
hidden layer and output layer respectively. The dimensions of the two weight
matrices depend on the number of neurons employed for the network. and the
number of attributes contained by the attribute matrix of the training data. Given
the use of g neurons for the hidden layer. and a training data consisting of «
attributes, the dimensions of the weight matrices for the hidden layer and output

layer are therefore g by a, and 1 by g respectively.

Candidate Classifier Generation

As demonstrated by the findings from the prototype CPS, the use of candidate
classifiers has helped identifying the desirable parameters for classifier
generation. Candidate classifiers will therefore be generated by applving
different training algorithms to the same training data. The candidate classitiers
will then be tested using unseen testing data. Based on the classification
accuracies achieved by these candidate classifiers on the testing data, the
desirable training algorithm can then be identified for the generation of the CPS

classifier.

The choice of training algorithms is related to the learning rate used for network
training. As illustrated in Figure 5-9, too small a learning rate takes the
algorithm a long time to converge, whereas too large a learning rate may causc

the algorithm to oscillate, giving an unstable error function.
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Figure 5-9: Four different learning rates

Where / denotes a learning rate, and /, denotes the optimal learning rate.

In order to speed up network convergence, different training algorithms based on

various implementations of learning rate have been proposed. However, it is

very difficult to know before hand which training algorithm will be the most

accurate and the fastest for a given data set. The choice of training algorithm

generally depends on many factors, including the complexity of the underlying

function, the size of the attribute matrix, and the network architecture adopted.

Each training algorithms suits certain situations better than others. In order to

identify the best training algorithms for the CPS classifier, five training

algorithms are used to generate candidate classifiers using the same training data.

The algorithms adopted are listed as follows:
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1. Adaptive Learning Rate backpropagation
Resilient backpropagation
Conjugate Gradient using the Fletcher-Reeves update algorithm

Conjugate Gradient using the Polak-Ribifk update algorithm

Levenberg-Marquardt algorithm.

With 100 sets of random weights generated, 100 candidate classifiers are
generated from each randomised input data set, which gives a total of 1000
candidate classifiers since there are 10 randomised input data sets. By means of
the five training algorithms, 5000 candidate classifiers are therefore resulted.
The classification accuracies of the 5000 classifiers are then computed using the
testing data. The average of the 1000 classification accuracies for each training
algorithm is then recorded. The training algorithm with the highest average

classification accuracy will be chosen.

Network Training to Generate the CPS Classifier

Finally, the chosen training algorithm is applied to the original input data
(normalised) of the CPS (X", and¢, ), in which the whole input data set is used
as the training data in order to generate the CPS classifier. The average
classification accuracy (computed based on its 1000 candidate classifiers) of the
chosen training algorithm therefore represents the estimated classification

accuracy of the CPS classifier.

5.4 Summary

This scction presents a summary of the CPS.  The CPS stands for the
Commercial Outcome Prediction System. This system predicts the likely future

monetary return of an invention. The CPS consists of three steps. namely input
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data set specification, data reduction. and classifier generation. The first step is
to generate an input data set according to the specification. The input data sct
would consist of an attribute matrix and a class vector. The second step is to
perform data reduction, for the purpose of generating a reduced attribute matrix
for the third step. The decision tree method and two methods based on principal
component analysis are employed to arrive at the reduced attribute matrix. The
last step is to generate a classifier using an input data set comprised of the
reduced attribute matrix and the class vector. This input data set is first
partitioned into training and testing data. Five neural network training
algorithms are then employed to generate a large number of candidate classifiers
using the training data, and their classification accuracies are computed using the
testing data. The training algorithm generated the best performing candidate
classifiers would then be chosen to generate the final classifier using every case

of the input data set for network training.



Chapter Six: Results 189

CHAPTER SIX

RESULTS

6.1 INTRODUCTION

This chapter presents the results generated from using the CPS. and evaluates the
classification capability of the CPS. First of all. the data collection results, and
the data set partition arrangement are presented in Section 6.2. The results
generated by the data reduction step of the CPS are presented in Section 6.3,
followed by the results of the classifier generation step in Section 6.4. The

classification capability of the CPS is then evaluated in Section 6.5.

6.2 DATA COLLECTION RESULTS

Data for the 7 categories of potentially predictive attributes were collected from
the same source as the input data set for the prototype CPS. Consequently. the
data for 55 invention cases was collected, and the total number of invention
attributes resulted is 294. While the data of certain attributes at certain points in
time were not available, the information of which attribute data was unavailable

is not disclosed here, due to the issue of confidentiality.

The distributions of thesc 294 attributes among the 7 categories of potentially

predictive attributes are shown in Table 6-1. As shown. most attributes belong to
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the Inventor category. as it covered 110 of the 294 attributes. The category

covering the least attributes is the Basic category.

Table 6-1: Distribution of the 294 attributes among the 7 categories of potentially predictive

attributes
Attribute Category Number of Attributes Collected
Inventor 110
Basic 5
Communication 25
Expense 20
Agreement 16 N o
Technical Document 57
Patent 35

The 294 invention attributes for the 55 invention cases is stored in matrix \, .
and the outcome class data is stored in vectorc,. The definitions for matrix

X, and vectorc, are illustrated in Equation 6-1.

Equation 6-1: Definitions of matrix X, and vector ¢,

Where x, represents the value of the j-th attribute for the i-th case. n is the

number of attributes, and & is the number of cases. For this data sct. ;7 is 294 and

k is 55. The value ofc, is either “success’ or “failure’, which refers to the class

label for the i-th case.

During data collection, the cases of this data set (X.andc,) are sorted in

descending order of their age. In order to evaluate the classification capability ot
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the CPS later in Section 6.5 using younger cases, the last 8 cases of this data set
are reserved as the evaluation data set. The attribute data and class data of these

8 cases are stored in matrix X, and vector c,,  respectively. Removing the

last 8 cases, the remaining 47 cases are used as the input data set for the CPS.

The attribute data and class data of these 47 cases are stored in matrix X, and

vector ¢, respectively.

The dimensional information for the three data sets is presented in Table 6-2.

Table 6-2: Dimensional information for the three data sets

Attribute Dimension Class Vector | Dimension
matrix
Original X, 55 by 294 c, 1 by 55
Data Set
CPS Input X, s 47 by 294 Cy s 1 by 47
Data Set
CPS X, ot 8 by 294 ol 1by8
Evaluation
Data Set

6.3 DATA REDUCTION

With 294 attributes and 2 classes, the attribute-class ratio is larger than 10, the
data reduction step is therefore performed. The results generated from the data

reduction step using the CPS input data set are presented in this section.

Two data reduction methods, decision tree induction and principal component
analysis, are applied to the CPS input data set in order to generate a reduced list

of invention attribute. The attribute list resulted from each method are reported
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in Section 6.3.1 and Section 6.3.2 respectively. The two attribute lists are then

combined to form the reduced attribute list, as presented in Section 6.3.3.

6.3.1 Decision Tree Induction

The first step of data reduction by decision tree induction is the normalisation of

each column of the attribute matrix (X, ), so that the minimum value is -1 and

the maximum is 1.

Next, a decision tree is generated using the adopted impurity measure. Gini
Index, with the parameter values namely monothetic decision trees. a branch
factor of two, and a Minimum Case Threshold of two. Base on these

specifications, a decision tree is generated, as shown in Figure 6-1.

The tree is comprised of 4 nodes, where the description next to each node
denotes its respective attribute test. For instance, the attribute test at the root
node is whether the 4th attribute is smaller than the value of -0.997395. This
value is within the boundary of 1 and -1 because the attribute matrix (X, ;) was
normalised. However, the values at the attributes tests are not important, since
the data reduction step only concerns the selection of attributes from the 294

attributes.

The attributes selected using this tree are therefore the 4", 20", 260™, and the 31"

attributes. These four attributes are stored in a list denoted as L, .
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x4 <-0.997395

¥260 < -0.999998

x20 < -0.82334

x31 < -0.999995

w '/

Figure 6-1: A full tree generated using Gini Index

6.3.2 Principal Component Analysis

The first step of data reduction by principal component analysis is to standardise

the attribute matrix ( X, ) by computing the standardised Z scores for each row.
The standardised version of the attribute matrix is denoted as the X matrix.
Equation 5-4 and 5-5 are then applied to the X_ matrix to produce the matrix of
principal components (denoted asX, ,,). In addition. a vector containing the
portions of variance of X matrix represented by each of the 294 principal
components in X, ., matrix is also computed. This vector is denoted as v and

the values of its elements are shown in Equation 6-2.
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Equation 6-2: Vector v

v= (0.14543 0.13078 0.064812 0.058825 0.053986
0.049408 0.045393 0.038692 0.033298 0.030601
0.029869 0.028994 0.028018 0.025804 0.023716
0.019543 0.018009 0.017505 0.015624 0.014231
0.014018 0.013532 0.011097 0.010063 0.0090873
0.0086846  0.0078159  0.0072899  0.006654 0.0064984
0.0050388  0.0047012  0.0041461 0.003739 0.0033852
0.0033054  0.002295 0.0020102  0.0013965 0.0013523
0.00074316  0.00045142  8.5704e-005 1.3187e-005 3.6121e-007

1.3905¢-032)

The value of the i-th element of v represents the portion of the variance of X

represented by the i-th principal component. Since principal components are
sorted in descending order of their representations of the variance of the original
data, the value of the i-th element of v therefore decreases as the value of i
increases. While there are 294 principal components, v should contain 294
elements. Nevertheless, only the first 41 elements in v are displayed in Equation
6-2 since only these elements are non-zero. Other elements are zero becausc v is

calculated to within a machine precision of 40 decimal places.
The attribute list resulted from the two principal component analysis based

techniques, namely Surrogate PCA Limit and Single PCA Attributes. are

presented below.

Surrogate PCA Limit

Based on the Surrogate PCA Limit method, only the first 24 principal

components are selected. This is due to the fact that only the first 24 principal
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components individually represent more than the portion of 0.01 of the variance

of the original data (X ), as shown in v.

To find out the 24 surrogate attributes, the original-attribute coefficients of the
first 24 principal components are needed. The first 24 columns of the original-
attribute coefficient matrix shows the original-attribute coefficients for the first
24 principal components respectively. Based on the definition of surrogate
attributes defined in the CPS, the surrogate attributes for the first 24 principal
components are respectively the 215", 22™, 254™ 195" 114%™ 279" |64 39
286", 2817, 289", 37", 47", 61%, 284™, 189 23 90 258" 27" 288" 206"
31%, 32" attributes. The attribute list generated using Surrogate PCA Limit is

therefore comprised of these 24 attributes. This list is denoted as L

surro *

Single PCA Attributes

Since there are 294 attributes, 30 (10% of 294) attributes will therefore be
selected based on the Single PCA Attributes method. These 30 attributes consist
of the 10 most representative attributes for each of the first three principal
components. With reference to the original-attribute coefficients of the first three
principal components, the attributes selected are displayed in Table 6-3. The

attribute list produced by Single PCA Attributes is thus comprised of these 30

attributes, and the list is denoted as L

'single *

Table 6-3: The attributes selected using Single PCA Attributes

The first principal component The 99™, 207", 211" 212", 213", 214",
215™, 216", 217", 218" attributes

The second principal component | The 13", 14", 22™, 51, 53%, 71, 72",
73", 74", 75" attributes

The third principal component The 2™, 35, 55", 87", 146™. 156™. 160",
161, 162™, 163" attributes
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6.3.3 Reduced Attribute matrix

Three lists of attributes are generated using the two data reduction method.

namelyL,.,.,L,,,.andL, . By combining the attributes from the three lists and

removing the redundant attributes, the final list consists of 35 attributes. They are
the 2™, 4%, 13", 14 20™ 227 23 27t 3% 30 35 370 3gh gt g
53", 55", 61%, 71, 72", 73 74 75% g7 90t 99t [14™ 146" |56™ 160"
161, 162", 163", 164", 189", 195" 206", 207™, 211® 212" 213 214t 23t
216", 217" 218", 254" 258" 260" 279™ 281%, 284" 286" 288" 2goh
attributes. By extracting these 55 attributes of every case from the attribute

matrix of the CPS input data set (X, ), the reduced attribute matrix is resulted.

[ts dimension is 47 by 55, and this matrix is denoted as Xoips, -

The distribution of these 55 attributes among the 7 categories of invention
attributes is shown in Table 6-4. The original number of attributes in each

category is also displayed in column three.

Table 6-4: Distribution of attributes of the reduced set among the 7 categories

Attribute Category Attributes from the | Attributes from the
reduced matrix original matrix

Inventor 19 110

Basic 2 3

Communication 5 3 - -

Expense 5 20

Agreement 16 10

Technical Document 4 37

Patent 1 33 -
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6.4 CLASSIFIER GENERATION

This section presents the results generated from the third part of the CPS. where
the CPS classifier is generated using neural networks. The input data set used in

this part of the CPS is comprised of the reduced attribute matrix (X, ., ). and the

class vector (¢, ;.. ).

The steps involved in this part of the CPS are listed below:
1. Data normalisation and randomisation
2. Data set partition
3. Generation of initial weights
4

Network training and classification simulation

The results generated from each step are presented below.

6.4.1 Data Normalisation and Randomisation

First of all, the attribute matrix is transposed. Each row of the attribute matrix is

then normalised, so that the minimum value is -1 and the maximum is 1. The

. . P T
normalised attribute matrix is denoted as X", g, . -

Next. 10 vectors of random permutation of the integers from 1 to 47 are

generated. Each of these 10 vectors is denoted as r _order,. where 7 represents
the index of the vector. The first vector (r_order,) is shown in Equation 6-3 as

an example.
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Equation 6-3: The first vector of random permutation

r _order,=(24 31 8 42

n

21 2 I3 27 30
39 26 2 29 22 44 16 19 56 10
33 7 35 4 46 38 28 3 11 40
43 47 14 32 6 12
37 5 20 18 13 34

1o
[O%)
O
SN
ton

41

~l

1

The attribute matrix (X', ) and class vector (¢, ) are then randomised using
the 10 vectors of r order,. Each randomised input data set is denoted as

P andc As an example, the randomised input data set generated using

random _i

r—order, is presented as follows. P andc,,,,, , denote the randomised version
of Xszs-,“ and c,,, generated using r—order,, where Pjandc ,,,, , storc the
cases of XTZI,,SM and ¢, in the order of r—order,. InP,. the first and second
columns of the matrix are equivalent to the 24™ and 31™ columns of the X', ..
matrix respectively. Similarly. the first element of the ¢, , vector is the

same as the 24" element of the ¢, ,,,; vector. By means of 10 vectors of r-order.

10 randomised input data sets are resulted.

6.4.2 Data Set Partition

Each of the 10 randomised input data sets generated in the previous section is
here partitioned using the ratio of 8:1:1 into the training data set. validation data
set. and testing data set. The training data set. validation data set. and testing
data set derived from the i-th randomised input data set are denoted as

P andc¢ P: val and cram.lom_l_\'ul : and P: st and C:-mulum 1 _lest

{ _tramn d random 1 _train ®

respectively. For instance. the training data set, validation data set, and testing

data sct derived from the first randomised input data sct (P andc,, o, () Are

denOted as p and crmulum_ 1_train* PI _val and cr-um/um _val? 'dnd

L _tram



Chapter Six: Results 199

Pl_,m andc, dom 1 TESPECtively. The resultant dimensions of these matrices and

vectors are shown in Table 6-5. These dimensions apply to every randomised

input data set.

Table 6-5: The dimensions of the training data, validation data, and testing data

Attribute Dimension Class Vector Dimension 1
matrix ‘

Training P iin 55 by 37 C,ondom | iraim I by 37

Data Set

Validation P 55by5 Cooom 1 vl I by 3

Data Set _

Testing Data | P 55by5 Coordom 1 test [ byS

Set -

6.4.3 Generation of Initial Weights

100 sets of random weights are then generated using the Nguyen-Widrow
method for initialisation purposes. Based on the specification in CPS, 9 neurons

are used for this input data set since (37+55)/10 equals to 9.

Since each neural network is based on 9 neurons. and the attribute matrix of the
training data set contains 35 attributes, the dimensions of the resultant weight
matrices for the hidden layer and output layer are therefore "9 by 55 and *1 by 9’
respectively. These dimensions of weight matrices apply to all the 100 sets of

random weights.
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6.4.4 Network Training and Classification Simulation

Table 6-6 and Figure 6-2 display the distribution of the 5000 accuracics achic: ed
by the candidate classifiers generated using the 5 training algorithms. The
second column of Table 6-6 displays the average of the 1000 accuracies for each
algorithm. The third column of Table 6-6 displays the distribution of the
accuracies, where ‘40-50 (1), for instance, is a notation showing that there is |
classifier whose classification accuracy is larger than or equal to 40% and

smaller than 50%.

Table 6-6: Accuracy scores of the five training algorithms

Training algorithm Average Distribution of the 1000

classification | classification accuracies

accuracy
(o)
Adaptive Learning Rate 71.54 40-50 (1); 50-60 (1): 60-70 (22):
backpropagation 70-80 (976)
Resilient 76.04 70-80 (968): 80-90 (32)
backpropagation
Conjugate Gradient 73 .46 60-70 (1); 70-80 (997): 80-90 (2)

based on the Fletcher-

Reeves update algorithm

Conjugate Gradient 72.26 60-70 (1): 70-80 (979): 80-90 (20)
based on the Polak-
Ribil}#k update algorithm

Levenberg-Marquardt 67.16 60-70 (683); 70-80 (315): 80-90 (2)

algorithm
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Figure 6-2: Distribution of the accuracies of the 5000 candidate classifiers
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As shown in Table 6-6, the resilient backpropagation training algorithm achieved
the highest average classification accuracy. In addition, it is noted that resilient
backpropagation also gave the most consistent performance, since its 1000
accuracies ranged from 70% to 90%. The Adaptive Learning Rate
backpropagation algorithm, however, gave the most inconsistent performance, as
its 1000 accuracies ranged from 40% to 80%. Resilient backpropagation
therefore is used to generate the CPS classifier using all 47 cases of the input

data, and the classification accuracy of the CPS classifier is estimated to be 76%.

6.5 EVALUATION OF THE COMMERCIAL OUTCOME
PREDICTION SYSTEM

As stated in Section 6.2, the data for 55 cases was collected. The first 47 cases
(older cases) of the 55 cases were then used as training data to generate the CPS
classifier, and the remaining 8 cases (younger cases) were reserved to be used as
testing data for evaluation purpose in this section. Although the CPS is estimated
to have a classification accuracy of 76%, this accuracy is based on the candidate
classifier’s classification performance and the classification performance of the
CPS has not been tested. Moreover, though the candidate classifiers’
classification accuracies were based on unseen testing data, the testing data was
not necessarily comprised of younger cases than the training data, due to the

randomisation operation. Therefore, the actual classification capability of the

CPS is tested here, using the evaluation data set (X,,,, and¢,,, )-

Since the CPS reduced the number of attributes from 294 to 55 in the data

reduction step, the attribute matrix (X,,,,) of the evaluation data set also has to
be reduced to contain only the 55 selected attributes. This reduced attribute

matrix for the evaluation data set is denoted asX,, ., -
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Since the initial weights generated for network training are different each time,
the classification accuracy resulted will also be different each time. Thus. 100

CPS classifiers are generated using the input data set (X,,,. andc,,. ) as training

data. Each of these 100 CPS classifiers is then tested using the evaluation data

set (X,,,,, andc,, ) as testing data. Consequently, the actual classification

accuracies of the 100 CPS classifiers are: 39 classifiers achieved 75% accuracy
(2 misclassifications), 52 classifiers achieved 87.5% accuracy (1l
misclassification), and 9 classifiers achieved 100% accuracy (no
misclassification). The average of these 1000 accuracies is 83.75%. The

distribution of these accuracies is illustrated in Figure 6-3.

60

40 —

30

Classifier

20

10 |_|

0 12.5 25 1D 50 62.5 75 87.5 100

Classification Accuracy (%)

Figure 6-3: Classification accuracies of the 100 CPS classifiers

In order to evaluate the impact of the data reduction step on classification
performance, CPS classifiers are generated using the original attribute matrix

(X,,s) that contains 294 instead of 55 attributes. Due to the random initial

weight effect, 10 CPS classifiers are generated, and each tested using the

evaluation data set (X, andc,,, ) as testing data. The 10 classification

accuracies resulted are: 4 classifiers achieved 75% accuracy (2

misclassifications), 4 classifiers achieved 87.5% accuracy (| misclassification),

and 2 classifiers achieved 100% accuracy (no misclassification). The average of
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these 10 accuracies is therefore 85%. The distribution of these 10 accuracies is
illustrated in Figure 6-4. These 10 classification accuracies are similar to those

resulted using the reduced attribute matrix (X, ). in which the accuracies

ranged from 75% to 100%, with a majority achieving 75% or 87.5%.

Classifier

0 12.5 25 37.5 50 62.5 75 87.5 100

Classification Accuracy (%)

Figure 6-4: Classification accuracy of the 10 CPS classifiers
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CHAPTER SEVEN

DISCUSSION & CONCLUSIONS

7.1 DISCUSSION

University Technology Transfer contributes significantly to various parties
including academics, private companies, consumers and the economy. Despite a
long history dating back to the beginning of modern universities, it has only been
heavily promoted by Governments since the 1980s. Led by the United States,
universities all over the world are increasingly establishing university technology
transfer offices to maximise the return generated from University Technology
Transfer activities. Simultaneously. research literature dedicated to improving
the understanding and productivity of university technology transfer offices has
burgeoned. Nonetheless, while University Technology Transfer has proven to be
a source of lucrative income for a minority of universities, most of their
counterparts are still struggling to break even as theyv fail to locate winning
inventions from their portfolios. Despite the widely acknowledged importance
of invention assessment for project selection, very little research has focused on

its current practices or formal invention assessment methods.

The literature review performed here found that little has been done recarding
formal invention assessment methods. The usual approach was to identify the
critical factors affecting the final technology transfer outcome through qualitative
methods. such as interviews, and/or apply latent variable models to analyse the

correlation and the potential predictive power of these critical factors. Duc to the
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lack of non-intuitive invention assessment methods in the University Technology
Transfer domain, studies from two other domains have been reviewed. Namely.
studies regarding the use of evaluative bibliometric indicators for the research
proposal selection process from the Science and Research Assessment domain,
and quantitative financial classification applications for investment option
selection or outcome prediction purposes. Analogous to the invention selection
task in University Technology Transfer, research proposal selection and
investment option selection/outcome prediction also involve a high degree of
uncertainty. While intuitive assessment remains as the chief method. quantitative
methods like evaluative bibliometric indicators and financial classification
applications have been used to achieve better performance and more informed
assessments in the Science and Research Assessment and financial sectors. [In
particular, it was found that the financial sector went through a stage which was
similar to the current situation in University Technology Transfer, where risky
investment decisions were based solely on intuitive assessment using critical
factors. Nowadays, classification applications making use of quantitative
financial indicators, and the knowledge from qualitative critical factors have
been widely adopted in the financial sector. and are producing promising results.
This research therefore assumes that predictive classification applications,
making use of evaluative bibliometric indicators and critical factors, can lead to

fruitful results when used for invention assessment.

During the review of critical-factor studies for invention assessment, inconsistent
findings regarding a subset of critical factors were frequently located. The
inconsistency was caused by various studies using data provided by different
technology transfer offices. This research therefore assumes that a subset of
critical factors are non-transferable among universities, and can only be
identified based on a university’s own invention data. The notion of non-
transferable critical factors is also compatible with the general understanding of
invention assessment as a process which can only be learned through
accumulative experience, and can not be taught. This compatibility turther
supports the assumption that classification applications may be fruitful for

invention assessment, as supervised classification algorithms. such as decision



Chapter Seven: Discussion & Conclusions 207

tree induction or neural networks, also share this self-learning proposition, in that

these algorithms develop classification rules through learning from past cases.

Simultaneously, a subset of critical factors was consistently supported by studies
using different office data. This implied that in addition to the subset of non-
transferable critical factors, there exists another subset of critical factors that is
transferable among universities despite the use of different data. These
transferable critical factors therefore represent potentially important predictor
variables that can be used commonly by different universities for invention
outcome prediction purposes. This research therefore assumes that the predictor
variables used for invention outcome prediction can be derived from both
transferable and non-transferable critical factors. Particularly, transferable
critical factors can be learned from others, such as through research literature or
experts, non-transferable critical factors can be learned from an office’s own

historical data.

Based on the above assumption, a prototype CPS based on decision tree
induction was developed in Chapter Three. The predictor variables specified by
the prototype CPS consisted of: 1) invention attributes based on critical factors
suggested in University Technology Transfer literature, and 2) existing invention
attributes available from an office’s database. The dependent variable was the
final outcome class of an invention. The prototype CPS comprised of six steps.
They start from input data set specification, candidate classifier generation, to the

generation of the prototype CPS classifier.

Based on a data source, an input data set containing 23 invention cases is
obtained. Following the steps of the prototype CPS, 60 candidate classifiers
were generated. Most of the candidate classifiers achieved satisfactory
classification accuracy, at an average of 66%. However. the individual
classification accuracies of the candidate classifiers ranged from 48% to 78%.
The low end of the range showed that the prediction accuracies of certain
classifiers were unacceptably low. Nonetheless, this supports the design of the

prototype CPS, in which it generated a number of candidate classitiers in order to
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arrive at the optimum parameter values to be used for the generation of the
prototype CPS classifier. Among the 60 candidate classifiers, the best one
accurately predicted the class labels in 18 out of 23 cases, which is equivalent to
an accuracy rate of 78%. This candidate classifier used only 5 predictor
variables to compute the class labels. These 5 variables all belonged to *Month
12’ and 4 of them were similar to the transferable critical factors identified in the
literature review. The prototype CPS classifier was therefore generated based on
the definitions of the best candidate classifier, and is estimated to have an

accuracy of 78%.

However, due to the use of the adaptive boosting technique, each tree classifier
resulted would be comprised of several micro-classifiers. Consequently, the
prototype CPS classifier comprised of 13 micro-classifiers, with each generally
consisting of merely two nodes. Meaning that only two attributes were used at a
time to arrive at decisions, such classification logic is unlikely to be correct. In
view of the achievements and limitations of the prototype CPS, it is believed that
although the prototype CPS classifier seemed to be capable of providing

reasonably accurate predictions, it requires significant improvements.

In order to improve the design of the final CPS, three surveys were carried out in
Chapter Four. Namely, the invention disclosure form survey, the questionnaire
survey, and the interview survey. The first two surveys identified a list of
potential attributes for invention assessment purposes, based on the important
invention attributes requested in the invention disclosure forms of about 30
universities. These attributes were then added to the list of potentially predictive
attributes proposed by the final CPS as potential predictor variables. The
interview survey investigated the intuitive invention assessment process. in doing

so it captured several insightful findings, which were then incorporated into the

design of the final CPS.

Based on the findings derived from the interview survey, it was found that the
process of invention assessment was not evenly applicable to different invention

projects, and was largely dependent on the stage of commercialisation
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development. Most practitioners surveyed also admitted that the perceived status
and/or the perceived scientific capability of the inventor. affected the rigor ot the
invention assessment process. This research therefore proposed that evaluative
bibliometric indicators reflecting a researchers’ scientific capability (such as
publication counts and patent citations) may serve as good candidates of
predictor variables for invention assessment purposes.  Moreover, the
interviewees explained that multiple rounds of assessment were often conducted
at critical points in time structured around the patent expenses schedule.
including points in time like ‘Month 0°, ‘Month 12", ‘Month 30°. In light of the
reliance on perceived status/scientific capability of inventors, and the use of the
patent expenses schedule to structure assessment rounds, relevant bibliometric
indicators were added to the list of potentially predictive attributes proposed by
the CPS as potential predictive variables, and those critical points in time were

set to be the data collection points for the CPS.

Furthermore, it is found that the invention attributes used by the intervicwees tor
invention assessment were often quantitatively or categorically measurable and
non-technical. Examples of these attributes are ‘number of years of research
experience’, ‘the number of patents owned by the inventor’, and “the number of
prior arts identified’. The interviewees also expressed that they often do not/are
not able to judge qualitative and technical attributes such as “what the invention
is’ and “the advantage of the invention over the current method’, as they do not
possess more expertise than the inventors regarding the invention field. Because
of this, only quantifiable and non-technical invention attributes were retained
from the list of attributes proposed by the CPS. Moreover. based on the
interview survey, it is found that the scoring system used by the managers for
invention assessment can be expressed as a function of weighted attributes.
Consequently, the multi-layer backpropagation neural networks method was
chosen for the CPS. due to its classification mechanism of weighted attributes. is
universal function approximation ability. and its proven classification

performance against other methods in many real-world problems.
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Based on a data source, 294 invention attributes for 55 cases were collected.
From which 47 out of the 55 cases were used as the input data set for the CPS.
and the remaining 8 cases were reserved as evaluation data set. Following other
steps of the CPS, 5000 candidate classifiers were generated using 5 training
algorithms. These candidate classifiers were generated and tested using the input
data set for the CPS. The average classification accuracy (which is an average of
the classification accuracies of 1000 candidate classifiers, each based on unseen
cases) achieved by each of the 5 training algorithms was satisfactory. ranging
from 67% to 76%. Removing the Levenberg-Marquardt algorithm (whose
average classification accuracy was 67%), the remaining 4 training algorithms
achieved similar average classification accuracies ranging from 72% to 76%.
This demonstrated that the CPS is capable of producing candidate classifiers that

give stable and reasonably accurate classification performances.

Among the remaining 4 training algorithms, resilient backpropagation achieved
the highest average classification accuracy, at 76%. Adaptive learning rate
backpropagation, conjugate gradient (Fletcher-Reeves), and conjugate gradient
(Polak-Ribif#E) produced average classification accuracies of 72%, 73% and
72% respectively. Additionally, resilient backpropagation also produced the
most consistent performance. Among the 1000 candidate classifiers generated
using resilient backpropagation, 968 of them achieved classification accuracies
within the range of 70% to 80%, and the accuracies of the remaining 32
classifiers ranged from 80% to 90%. The 4000 (4 x 1000) candidate classifiers
produced using the 4 other training algorithms achieved classification accuracies
falling within the range of 40% to 90%. This showed that the candidate classifier
generated using the resilient backpropagation training algorithm achieves the
maximum prediction accuracy. The CPS classifier was therefore generated using
resilient backpropagation, utilising the whole input data set (47 cases) as training

data, its classification accuracy was estimated as 76%.

Although the CPS is estimated to have a classification accuracy of 76%. this
accuracy is based on the candidate classifier’s classification performance. The

actual classification performance of the CPS had not yet been tested. Moreover.
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though the candidate classifiers’ classification accuracies were based on unseen
testing data, the testing data was not necessarily comprised of younger cases than
the training data, due to the randomisation operation of the CPS. In order to test
the actual classification accuracy of the CPS using new invention cases. the
evaluation data set (the 8 of the 55 cases) would now be used as the testing data.

in order to derive the actual classification accuracy of the CPS classifier.

Due to the use of random initial weights by neural networks. 100 CPS classifiers
were generated using the input data set (47 cases) as training data. Each of these
100 CPS classifiers is tested using the evaluation data set (8 cases) as the testing
data. Consequently, the actual classification accuracy achieved by each of these
100 classifiers ranged from 75% to 100%, with an average of 83.75%. Bascd on
the actual classification accuracy. and the fact that the class data is measured by
the monetary return generated, it was demonstrated that the CPS is capable of

predicting an invention’s likely future monetary return.

In addition. the number of predictor variables was reduced from 29+ to 35 by the
data reduction step of the CPS. In order to evaluate the effect of the data
reduction step on the CPS’s classification accuracy, 10 CPS classifiers were
generated using the same settings, except that they used the original input data
(with 294 variables), rather than the reduced input data set (with 33 variables) as
training data. The actual classification accuracies of these 10 classifiers ranged
from 75% to 100%, with an average of 85%. As shown. the accuracies achieved
by the classifiers based on the original and reduced input data set are very
similar. Therefore it can be said that the data reduction step has successtully
captured the most discriminative predictor variables, without sacrificing the

prediction accuracy of the resultant classifier.

The input data set collected consisted of 294 invention attributes stemming trom
the 7 categories. Although the data reduction step of the CPS reduccd the full sct
(294 attributes) to a reduced set of 53 attributes. the relative importance of cach

category is not clear. For example, although it appears that the number of

Iinventor attributes (19 out of 33) is larger than that of Expense attributes (> out
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of 55) in the reduced set, this does not necessarily mean that Inventor attributes
are more important than the Expense attributes. There were many more /nventor
attributes to choose from in the original input data set (110 Inventor attributes
and 20 Expense attributes), so it was likely that the neural network would find a
greater number of important Inventor attributes. In fact, as a percentage of the
original number of attributes in a category, the network only found 17 % of
Inventor attributes (19 out of 110) to be of importance, whilst it considered 25 %
of the Expense attributes (5 out of 20) to be important. Therefore the proportion
of attributes from each category within the reduced set should not be considered
to represent the importance of the category. It should also be noted that the
weight values assigned by the neural network will bias the importance of each
attribute. Therefore, the relative importance of attributes or attribute categories

has not been resolved due to the black box mechanism of neural networks.

The research design adopted in this thesis is iterative with respect to achieving
the research aim. It is based on a cyclic process of prototyping, testing,
analysing, and refining a system in progress. Through this iterative approach,
surveys with practising technology transfer offices were conducted for the
purpose of informing and improving the design of the CPS, as iterations of
system design were implemented. By means of the iterative design process, new
and unexpected findings emerged directly from both system implementation and
evaluation. As the design of the CPS evolved, it defined and redefined the
assumptions about the invention assessment process and the underlying
distribution model where the system is based upon. This iterative research
approach is radically different from the hypothesis testing/developing approach
adopted by the majority of the domain literature. While the former generates and
capitalises on intermediate findings, the latter stops at the generation of
immediate findings. Due to the high level of uncertainty and unknown involved
in the domain of university technology transfer, and the fact that actual system
performance cannot be completely predicted in advance. iterative research
process is therefore imperative for guiding modelling decisions and system
optimisation. Consequently, the CPS was developed through an ongoing

dialogue between the researcher, the problem domain. and the invention cases.
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Nevertheless, no observational study regarding human-machine interaction was
conducted in the current research, due to the limited availability of invention
assessment practitioners. Such study could be useful as it might reveal important

conflict issues which were not possible to be addressed, given the constraints

faced by this research.

Finally, several limitations have been found with this research. The interview
survey in Chapter Four generated valuable findings, but also highlighted some of
the limitations inherent in qualitative methods, including interviewer bias, and

small sample size (only 7 technology transfer offices agreed to be interviewed).

Furthermore, the task given to the classifiers in this research is a binary
classification task, in which classifier predicts invention cases to be either a
‘success’ or ‘failure’. While the classifiers achieved high levels of accuracy for
the binary classification task, it was not clear if the accuracy level could be
maintained when more than two classes were used. Nonetheless, binary
classification is one of the most important classification arrangements, as it is
commonly adopted in many imperative investment systems in the financial
sector. Typical applications include corporate bankruptcy prediction and credit

risk evaluation.

In addition, the input data sets for both the prototype CPS and the final CPS were
largely generated by manual codification of hard copies of documents into
numeric data, due to the lack of electronic data from the data source. When
certain data needed by the CPS was missing from the hard copies, it was not
clear whether the information was really missing or merely did not exist. This
problem caused the discarding of a subset of potentially important invention

attributes, and may also have had an impact on the classification accuracies of

the resultant classifiers.

Finally, a major barrier to this research has been the shortage of data sources.
When locating sources for data collection, it was found that universities were

extremely reluctant in sharing their information due to the issue of
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confidentiality. Consequently. only one university agreed to provide invention
information. This constituted a major limitation to the research, as all the input
data sets were based on the information from one university. Nonetheless. while
multiple data sources would be ideal, it is good that this research obtaincd
genuine invention data rather than using computer generated data like much

other research.

This research has contributed to the existing knowledge in the University
Technology Transfer domain, filling some of the gaps. First of all. this research
investigated the invention assessment process, which was one of the least
researched areas in the University Technology Transfer domain. In addition,
while literature investigating critical factors or indicators for University
Technology Transfer purposes abound, very little has been done to test their
predictive power or develop formal systems to capitalise on the findings. This
research empirically tested the proposed factors, and established the CPS to make
use of these factors. These contributions stem from the inter-disciplinary nature
of the research. The research demonstrated that standard practices within the
quantitative classification discipline. can be joined together. and be fruitfully
applied to the University Technology Transfer domain. As such, the often
intuitively handled invention assessment task is tackled quantitatively by means

of the CPS.

7.2 CONCLUSIONS

The aim of this research was to develop a Commercial Outcome Prediction
System (CPS) that can be used by individual technology-transfer offices. The
method was based on the utilisation of data from past invention cases.  The

conclusions ot the research can be summarised as follows:

e The CPS is a system which predicts the likely monetary return (success or

failure) that would be generated by an invention.
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* A list of potentially predictive attributes has been developed based on the
background surveys conducted in this research. This list. although not
exhaustive, is suggested to have covered important invention attributes

for invention assessment purposes.

e Attributes to be recorded in the attribute matrix should include as much
case data as possible, based on the list of potentially predictive attributes.
and any other data available. An excess of data is not a problem. as the
data reduction step of the CPS reduces the number of attributes by

identifying the discriminative attributes.

e The classification accuracies remained almost unchanged after the data
reduction step of the CPS, showing that the data reduction step
successfully captured the most discriminative predictor variables, without

sacrificing the prediction accuracy of the resultant classitier.

e Based on the available data, the 5 training algorithms emploved by the
CPS achieved stable and accurate classification performances. with

prediction accuracies ranging from 67% to 76%.

e Among the 5 training algorithms, candidate classifiers based on the
resilient backpropagation method, gave the highest classification

accuracies and the most consistent performance.

e The actual classification accuracy of the CPS ranged from 75% to 100%.
with an average of 83.75%. This demonstrated the potential of the C'PS

to predict an invention’s likely future monetary return.

e Due to the black box mechanism of neural networks. the relative

importance of various attributes has not been fully resolved.
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* A limitation of this research was the small size of the input data set.
However, this problem would be alleviated as the user technology
transfer office adds more data over time. A larger input data set is also

likely to result in a more accurate prediction system.

7.3 FURTHER WORK

The primary aim of developing the Commercial Outcome Prediction System (the
CPS) has been realised. However. there are further refinements that could be

achieved in various areas, which are presented below.

First of all, the classification results achieved by the CPS are based on one data
source.  Applying the CPS to other data sources would demonstrate any

limitations that have not been found, due to this limited data source.

Although various surveys were performed to extract the knowledge of the
technology-transfer experts, applying similar studies to a wider sample of
universities may generate new insights. In addition. particular attention should
be paid to investigating how invention attributes adopted by the experts are

measured during the intuitive invention assessment process.

While this research has covered an enormous number of invention attributes.
there are two more sources of attributes that might be worth examining. The first
one is the UKSIC system (UK Standard Industrial Classification of I:conomic
Activities), which could be studied with regard to the patent classification
systems used by patent offices. The second source could be the generation of
invention attributes by applying text mining technologies to patent documents
and published papers. This may capture some of critical qualitative factors for

invention assessment.
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Data collection in the current research was done manually. Further work could
be done on developing efficient data acquisition tools to generate attribute
matrices from technology transfer offices’ existing databases. -An automatic case
update function that regularly updates the existing attribute matrices with new

invention cases would be a useful feature in such software.

Despite the good prediction performance of neural networks, the fundamental
‘black box’ problem still applies. This hinders the use/development of systems
involving neural networks. Possible areas to further the research in this area
include: the evaluation of derivatives between the input and output: the
development of simplified network to ease interpretation: and the development of

rule discovery during each learning cycle.

Finally, post-assessment functions would be useful to enhance the understanding
of the causes of the invention outcomes. For instance. attribute-category
insertion or extraction functions could be developed, to estimate the impact of
attribute-categories on the predicted result. Or a particular category of attributes
could be isolated in order to analyse its effect. The addition of knowledge-
management functions would also be desirable. Possible knowledge derived
from invention prediction systems includes the change of critical-invention-
attributes/prediction rules, invention case properties. and prediction performance
over time. Knowledge-management functions could include the capture,

recording, analysis, and visualisation of this knowledge over time.
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APPENDIX
Al.1: A Sample Invention Evaluation Form Developed by AURIL
Note: This form is extracted from AURIL (2003a).
DISCLOSURE EVALUATION FORM
ProOJECt NAIME . ....evniiii it ettt
SCORE WEIGHTING  TOTAL
IP PROTECTION
IPR. Novelty. Inventive Step,
Claims 30
MARKET SIZE
Customers withmoney e 3500
INVENTOR SUPPORT
Experience, contribution,
Enthusiasm e 0
MARKET IMPACT e R
URGENCY
Imminent disclosure
| U

(es=lino=10)

TIMESCALE e
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TLO EXPERIENCE IN FIELD
Agency support,
deputise inventor,

precedents 1

TOTAL (70) (200)
High = Good

Additional Information;

.....................................................................................................................

.....................................................................................................................

.....................................................................................................................

.....................................................................................................................

.................................................................................................................

....................................................................................................
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A4.1: The 127 Attributes Located from 16 Invention Disclosure Forms

Due diligence

1.

2
3.
4
5

10.

11

13.
14
15.

16.
17.

Working title of the invention

Inventor’s name

Whether the invention is related to the university’s work

The period of research relevant to the creation of the invention
During the period, whether the inventor was a salaried employee of
the university (if so, which department), was employed by others (if
so, what is the employer's name and contact). or was a student (if so.
which university and what is the supervisor's name)

Source of funding lead to the invention: source, period, reference
number (such as grant number), name of the principal investigator
If there was no contract or grant, was there a significant use of
university funds or facilities

Whether any background (pre-existing) information was used as a
basis for the invention, if yes, who owns and who funded the research
led to the background information

Relevant documents regarding the background information

Whether the details of such research had been publicised. in oral or
written forms (if so, what are the details)

Source of in-kind support led to the invention during the period

“Whether the invention was linked with any contracts or agreement

not cited above, including past, present or agreements undergoing
negotiation

Whether there any material used is subject to MTA (material transter
agreements), if so, attach the MTA

Whether any novel materials with other organisations havc becn
shared

Whether any new material has been made

Whether the Cre-lox technology was used

Whether any bio material from human has been used (it so whether
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ethical consents have been obtained, and must provide document
proof)

18. Individuals who made identifiable active contribution: name and
contact

19. Signature and date

Income distribution

20. Patent application number, patent title (if known)

21. Each contributor's name, share percentage. as an inventor or
contributor (contributors refer to those who are not. under the patent
law, formally recognised as inventors but had significant and
identifiable contribution), signature, date

22. Details of each contributors: name, title. national insurance number,
email, address, nationality. whether the person is a university
employee, date of birth, signature, date

Invention record

23. Any relevant documents for the invention

24. Contact person

25. Research and development staff

26. Date / date received by the technology transfer office

27. Descriptive title

28. Forms of intellectual property (such as patents, trade marks, and so
on)

29. Name. address/email of contributors

30. Name, address/email of inventors

31. Name of non-university staff inventors

32. The first recorded date of invention

33. Date of the employment commencement with the university

34. Types of invention: a process, a composite of matter. a device

35. Whether the invention is a new use or an improvement to an existing
product/process

36. Type of research: basic. applied, product development

37. Stace of rescarch: idea. proof of concept. prototype
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38. Whether there is a prototype. or whether the invention is available for

39.

40.

41.
42.
43.
44.

45.

46.
47.
48.
49.
50.
51.
52.

53.
54.

55.

56.

57.
58.

59.

demonstration

Whether further development is needed for the invention (if so. what

is the funding requirement and what is the funding secured so far)

Field of invention (i.e. area/field in which the invention has
application)

Reason and objective for undertaking the research

Invention description

Non-confidential version of invention description

Relevant documents for detailed invention description (such as
drawing, papers)

Whether the inventor/contact person had been in touch with a
member of the technology transfer office (if so, who and when)
Description of the disclosure information

Who, and how many people will disclose the information

How and why the invention works

What is new about it

What is the publicly known current solution to the problem

Disadvantage of current solution

How does it improve the present situation/ advantage of the invention

over the existing solution to the problem

What is the added value of the invention

What is the disadvantage of the invention, and can they be and how to

overcome them

Whether the invention is compatible with existing products (such as

Window), if yes state how and which existing product

Whether there exists any standardisation for this typc of product, if

yes how this invention meets the standards

Uses/application of the invention

Other applications outside the inventor/contact person’s own special

interests

W hether the inventor/contact person had read the instruction about
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60.
61.
62.
63.

64.
65.
66.

67.
68.

69.
70.
71.
72.

73.

74.
75.

prior art

Whether a prior art search had been done

When was the prior art search done

Details of the prior arts

Whether the invention has been tested in laboratory or has been used
(if so, give details)

When and where the invention was first conceived

Sites where research was conducted led to the invention

Any signed and dated laboratory records about the date and origin of
the invention

Who the inventor/contact person first told about the invention
Details of different types of disclosure (such as journal, thesis.
internet): date, planned date, any written disclosure

Planned date of future disclosure

The first disclosure date

When did you first describe the invention in writing

Has anything relevant to the invention been published, verbally or in
writing (if so when and what)

Has anything been disclosed, fully/partially. verbally in writing/by
demo, to any other parties

The employer of each inventor

Was any part of the invention made under a contract, or under

support by third parties - if yes, attach a copy of the agreement

76. Head of department comments — signed and dated
77. Form is signed and dated by every inventor
Spinout

78. Company / project name

79.
80.
81.
82.
83.

Names of the researchers and department involved
Document date

Target investment date

Product or service type

Product / service: short, medium or long term
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84. Location of product development / manufacture

85. Market

86. Any current commercial interest?

87. List of potentially interested firms: company name. contact. address
and telephone number

88. Any potential commercial opportunities

89. List the potentially interested industries

90. If have already contacted them, provide contact information

91. Target market size

92. Is the market growing, static or declining?

93. How commercially valuable do you rate your own invention

94. Existing commercial applications (i.e. uses/application,
manufacturers, license agreements)

95. Will the invention replace current marketed product or be entirely
new

96. Could existing technology be improved to compete with the invention

97. How does the market cope without your invention - what technology
is used instead?

98. List the potential competitors' products or inventions

99. |s statutory approval required before product sale?

100. Route to market (i.e. how will it be sold)

101. Which countries is the product likely to be used in?

102. Any current activity regarding this invention? (R&D activity /

exploitation activity)

103. s the invention relevant to the market place

104. Business projection

105. Expected sales, margin, overheads. cash requirement for first few

years

106. Employees required? (give details)

107. Name of expected employecs. full time or part time

108. Who is performing the R & D

109. Sales and marketing plans
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110. Finance plan

111. Management plan

112. Names of the directors and company secretary

113. Names of lawyers, accountants and bankers

Intellectual Property

114. What existing university intellectual property will be needed

115. What is the cash evaluation of the intellectual property

116. Total cash investment by third parties

117. What equity is offered to the university and the investors

Risk

118. What are the major sources of risk and uncertainty? (e.g. technical
risk, academic competition, commercial competition, management
risk)

Expertise

119. Describe the basis of the science

120. Describe the experience of the scientists involved

121. Describe the likely developments in the field

122. Describe the intellectual property and how it will be used by the

spinout company

Contract with University

123.

124.
125.
126.
127.

Will the spinout replace the contract with the university, if yes give
details

Is this agreed

Will royalty payments be involved

Name, date of the author

Any other information that is relevant
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A4.2: A Copy of the Questionnaire Used in the Questionnaire Survey
Survey questionnaire regarding the Invention Disclosure forms

1. Does your organisation have an Invention Disclosure form or a similar

form for inventors to disclose the details of their inventions?

[]Yes [ JNo

2. In which year was the Invention Disclosure form introduced in yvour

organisation?

3. Apart from the use of the Invention Disclosure form, are any ot the
following used as inputs for initial invention assessment?

[ ] Face-to-face meetings ] Presentations [] Other. please
specify:

4. s it a strict requirement to have the Invention Disclosure form completed
before a patent application can be filed by an employee of your

organisation?

[ ]Yes [ INo

5. Is it a strict requirement to have the ownership of the invention assigned

to the university before a patent application can be filed”

[]Yes []1No

6. s the Invention Disclosure form available for download from the

university website?

[]Yes [ INo
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7. Does your organisation have an Online Invention Disclosure system that

allows inventors to submit the Invention Disclosure form online?

[ ] VYes []No

8. Is the following information required in the Invention Disclosure form?
[_] Inventor’s publication record [_] Inventor's agreed share of

income

9. Please tick if the following issues are addressed in the Invention
Disclosure form.
[] The sources of funding/in-kind support for the research that led to this
invention
[ ] Whether a patent search has been conducted
[_] Whether future funding is secured for the forthcoming patent
expenses
[_] Invention description (Please tick if this includes [ ] function of the
invention, [_] stage of invention, [_] involvement of any other parties
during the invention development process)
[ ] The list of any interested third parties that have contacted the
inventors
[_] The list of the potentially interested third parties that the inventors
intend to contact
[ ] Plan for Licensing
[ ] Plan for setting up a spinout company
[ ] The estimated future cost (Please tick if this includes [] patent
expenses, [_] prototype development cost)
[ ] Whether market research has been conducted

[ ] The envisaged end products

[ ] The list of potentially competing products currently in the market

[ ] Non-confidential summary of the invention

10. Please tick if any of the following instructional documents are available

to assist filling out the Invention Disclosure form.
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1.

12.

13.

[ ] Overview of the University s Patent Protection and Licensing
Processes

l:| Guidelines for information to be included in different sections of the
Invention Disclosure form

] Determining inventorship

Please tick if any of the following is/are used to archive the Invention
Disclosure forms.

[ ] Database created using Microsoft Access

[ ] Database created using Microsoft Excel

[ ] Database created by other software, please name:

[_] Other information system, please name:
[ 1 Filing the hard copies of Invention Disclosure forms
How many employees are there in your technology transfer office?

Please tick if any of the following is/are applicable to your organisation.
[ ] The university always pays for informal British patent applications
from a central patent fund*.

[ ] The university always pays for formal British patent applications from
a central patent fund.

[ ] The university assesses on a case-by-case basis to consider paying for
any patent applications from a central patent fund

[ ] The university does not pay for any patent applications from a central
patent fund.

[] The university pays for patent applications through channels other

than a central patent fund, please specify

[ ] The university shares the patent costs with academic

schools/departments on a / (c.g. 50 °30) basis.

* The central patent fund refers to the budget allocated to patent expenses

and is managed by a central body such as the technology transfer oftice.
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AS.1: Innovation Evaluation Form

Disclaimer: It should be noted that this form does not represent an exhaustive list of information

dimensions, but a suggested list based of the findings of the current research.

Innovation Evaluation Form

Major area of discipling: ................ooo i
Name and contact details of the lead inventor: ..........................
Non-confidential summary of the invention: .....................oooviviviiiii i,
Inventor information
Details of each inventor, in terms of the following dimensions:
e Name and contact details
e The level of contribution towards the invention
e Historical employment details. including period and employer
e Historical technical experience. including funding source, outcome,
period, and reference
e Historical business experience, including funding source, outcome,
period, and reference
e Historical achievements, including publications, awards, and grants

Details of cach contributor in terms of the first two dimensions listed above.

Market information
e Contact details of potentially interested firms

e Details of current commercial activities. such as licence negotiation

o Target market sizc
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Whether the market is growing, static, or declining

Details of any market research conducted

The commercial value of the invention rated by external bodies
The commercial value of the invention rated by each inventor

Details of potential competitor’s, including the products and their market

shares
The countries where the invention is likely to be used in
Plans regarding the route to market

Names, contacts, and employment status of any marketing personnel

Technical information

Types of invention, such as: a process, a software, a device, etc
Developmental stage: proven design made using manufacturing tooling,
proven final design, optimisation by prototype variation, prototype. proof
of concept, early stage

The publicly known current solution to the problem

Whether the invention is a new use or an improvement to an existing
product/process

Type of research leading to the invention: basic. applied, product
development

Details of current developmental activities

Whether there exists any standardisation for this type of product, if yes
how this invention meets the standards

References of relevant technical publications

Requirements of further development

Details of prior art

Details of prior art searches. including the dates and the search personnel
Names of the academic departments involved

Names. contacts. and employment status of any research personncl

Financial information

Details of future funding plan
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e Funding secured
e The level of expenses incurred so far
e Contact details of potential investors

e Names, contacts, and employment status of any financial personnel

Support information
e Source of funding leading to the invention: source, period. referencc
e Names, contacts, and employment status of any management personnel
e Source of risk regarding the change of any personnel relevant to the

invention
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