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Abstract

This study examines the link between firms’ ability to innovate and operating performance as well

as stock price returns. We propose a new innovation-related return predictor, Innovation Accumulation

(IA), that is distinct from existing return predictors, measuring firms’ pace of intellectual property

(IP) generation. Specifically, we investigate IA as an anomaly across publicly listed European firms

over the years 2010 to 2020. We argue that a firm’s ability to expand its IP portfolio is a close proxy

for its ability to innovate, and based on the idea that firms’ innovative activities should translate into

operating performance, we propose that the IA measure is positively associated with contemporaneous

and subsequent operating performance. Consistent with imperfect rationality theory, we propose that

investors are unable to process and price the information contained in IA effectively, owing to the

difficulty in evaluating the economic implications of the publication of patents and trademarks, which

results in underreaction and short-term mispricing. In addition, we test if the information contained in

IA is incremental to that of existing stock market factors. We show that there are large cross-industry

variations in IP activity, and we propose that the relation between IA and operating performance as

well as stock price returns is stronger in industries that are more focused on generating IP. Furthermore,

agreeing with limited attention theory, we believe that small-cap stocks receive less investor attention,

and we investigate if delayed stock price reactions to the information contained in IA amongst small-

cap stocks result in greater return predictability.

We do not find supporting evidence to reasonably establish a positive relation between our In-

novation Accumulation measure and operating performance as well as stock price returns, which we

attribute to be a consequence of the quality of the dataset. We contend that the lack of a reliable

point-in-time database on European firm’s intellectual property is a fundamental problem in the aca-

demic field of innovation studies. This considered, we show that financial markets are not efficient in

pricing in IP, and stocks issued by firms that are IP-focused, proxied by having a patent portfolio of

at least 100 patents and trademarks, are undervalued relative to existing factor model benchmarks.
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1 Introduction

It is a widely-held belief that the economic and stock market boom of the past decade has been

fueled by innovation. Emerging technologies, rapid digital transformation, and scientific developments

have generated a constant stream of innovation and productivity gains that have contributed to the

economy and driven up stock prices.

Most investors would agree that the ability to innovate represents shareholder value. Yet, R&D is

still considered the backbone of any research-driven company, and while investors devote considerable

attention to R&D expenditure and news flow, they seem less concerned about what comes out of

the R&D department: Intellectual property. We believe that a firm’s ability to innovate is closely

related to its ability to expand its portfolio of patents and trademarks, and thus highly relevant for

valuation purposes. Specifically, we argue that the pace of intellectual property generation is a key

value driver, and that companies that are good at expanding their IP portfolios will have a better

intellectual platform for creating shareholder value.

However, patents and trademarks are assets that do not fit into the standard toolbox used by

analysts and investors. Estimating the value of a patent or trademark requires going beyond con-

ventional valuation procedures and metrics, and is therefore easier said than done. In addition, the

prospects of new technologies and innovation are highly uncertain and the road from the publication

of a patent to a final product on the market is long. We therefore expect investors to have difficulty

processing information on the publication of patents and trademarks. This theory finds support in

academic literature. Extensive evidence show that investors pay less attention and assign less value to

information that is less tangible (Hirshleifer et al. 2013). We think information about the publication

of new patents and trademarks serves as a prime example of such hard-to-process information, as

its prospects are highly uncertain and it can take many years before it translates into measurable

profits. Accordingly, this suggests that investors should be unable to process and price IP publications

effectively.

We subscribe to the psychological asset-pricing paradigm and rely on theories of imperfect investor

rationality. Specifically, we take the perspective that stock prices inaccurately reflect all available

information, and that investors are unable to process all available information correctly owing to the
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cognitive limitations of the human mind.

We take a purely quantitative approach to a firm’s innovative activities, and examine the pace

at which firms expand their IP portfolios. Specifically, we look at how much intellectual property a

company has accumulated over a given year, from which we construct a relative measure of Innovation

Accumulation (IA), defined as the growth in the firm’s IP base over the year, i.e. the growth in its

absolute number of published patents and trademarks.

Consistent with imperfect rationality theory, we expect that investors will underreact to the infor-

mation content in a firm’s Innovation Accumulation because of the difficulty evaluating the economic

implications of the publication of patents and trademarks, resulting in short-term mispricing. If so,

then firms that are better at expanding their IP portfolios will be undervalued relative to firms that

accumulate less IP. We therefore expect to find a mispricing, or an anomaly, in which market prices

underreact to the information content in Innovation Accumulation.

1.1 Research Question

As outlined above, our study examines the link between Innovation Accumulation and operating

performance as well as stock returns. Specifically, we investigate Innovation Accumulation as an

anomaly across publicly-listed European firms from 2010 to 2020. Our guiding research question is:

To what extent can an investment strategy on Innovation Accumulation provide an abnormal return

to investors?

To fully explore this question, we investigate the following three hypotheses on the connections

between Innovation Accumulation, operating performance and stock returns:

H1. Innovation Accumulation is positively associated with contemporaneous and subsequent operat-

ing performance

H2. Financial markets are not efficient in pricing in Innovation Accumulation, resulting in short-term

mispricing, and as a result, a positive relation between Innovation Accumulation and stock price

returns

H3. Innovation Accumulation contains incremental information to existing stock market factors

6



Finding Winners based on Intellectual Property Accumulation May 2021

We are not the first to examine the link between innovation and economic performance. Recent

contributions to the field of literature were conducted by Hirshleifer et al. (2013, 2018), who found

that firms that are more efficient and original in innovating, on average have superior future operating

performance, market valuations, and stock price returns. Both studies have been a great source of

inspiration for our thesis. Other relevant studies include Griliches (1990), Gu (2005), Matolcsy and

Wyatt (2008), and Pandit et al. (2011), that all suggest a positive association between innovation-

related return predictors and economic performance.

We contribute to the field by introducing a return predictor that is distinct to the predictors in

existing studies, namely Innovation Accumulation (IA), reflecting a firm’s ability to expand its IP

portfolio. Intellectual property data on European firms is hard to come by and the academic field

is constrained by this limitation. We test our measure on a unique dataset provided by one of the

few databases that gathers aggregate data on patents and trademarks in Europe, namely OnScope.

Furthermore, we distinguish ourselves from previous papers by focusing on firms headquartered in

Europe, rather than the US, that has been the main focus in the field up until today.

1.2 Delimitations

This study relies on the the raw assumption that innovation can be proxied by intellectual property

rights, and is thereby delimited from other kinds of formal intellectual property rights, such as copyright

or industrial designs1, as well as informal ways of protecting innovation2. Furthermore, we set an IP

cutoff level of 100 patents and trademarks in total, and exclude all firms that hold an IP portfolio

smaller than this. This is done to create a more level playing field for comparing growth rates in IP,

and to adequately control for firms without patenting activity.

The dataset relies on the aggregate number of patents and trademarks published at firm level, and

does not provide insights into the nature of these or the jurisdictions in which they are valid. We are

thereby delimited from looking at geographical differences. Rather, we choose to focus on differences
1Copyrights are used to protect the expression of ideas, not the ideas themselves, and are usually applied to books,

films, music and such. Industrial design protection covers the visual appearance of a product, for instance packaging,
goods, and textiles (WIPO, 2020a).

2Alternative strategies to IP protection include trade secrecy and speed to market, both of which are outlined in
Chapter 2 (WIPO, 2020a).
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in the importance of IP across industries and implicitly assume that each industry has the same IP

characteristics in terms of expected IP activity and dependence on IP for creating value.

A further significant limitation of this research is that we are delimited to testing our strategy in

the years from 2010 to 2020 – a period that ranks among the greatest rallies in stock market history.

We meekly admit that in late 2009, when we would have initiated our strategy, was one of the best

times in our generation to buy equities, considering the subsequent performance (Phillips, 2019). As

our dataset does not include data from other economic cycles, we are unable to analyze how IP-focused

firms perform under other market conditions. In an effort to mitigate this, we form a long-short IA

portfolio, that is dollar-neutral in its construction. In addition, we take a long and short position

within each industry, to make sure the trading strategy does not become an industry bet but rather

a test of IA as a return predictor. We then regress the excess returns of this IA portfolio on excess

returns on the market as well as other known risk factors to adjust for any passive exposures. Still,

we do not know how the IA-return relation holds up under market downturns.

1.3 Thesis Structure

Figure 1 illustrates the structure of this thesis. In chapter two, we sketch the salient outlines of the

complex world of intellectual property, including the application process, criteria for grant and various

protection strategies across industries. Chapter three introduces the existing literature on the field of

innovation studies as well as the theoretical background for examining anomaly variables, namely the

existing spectrum of known anomalies and relevant theory on market frictions. In chapter four, we

introduce our dataset and formally construct the Innovation Accumulation measure. In chapter five,

we examine the association between Innovation Accumulation and operating performance, and address

the implications of our data analysis for Hypothesis 1. In chapter six, we outline the methodology

applied to investigate the relation between Innovation Accumulation and stock price returns. Building

on the described methodology, the seventh chapter presents the results, addressing Hypotheses 2 and

3. In chapter eight, we discuss IP as a proxy for innovation and the effects of deficiencies and biases

in our dataset. Lastly, chapter nine concludes our findings.
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Figure 1: Thesis structure
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2 Fundamentals of Intellectual Property

The World Intellectual Property Organization (WIPO) refers to intellectual property (IP) as

creations of the mind and covers a range of different concepts. In a legal context, IP is protected by a

set of laws, intellectual property rights. These rights are crucial for inventors, artists, scientists, and

businesses in their work to develop innovations and creations, as they allow inventors to benefit from

their work or investment by giving them control over how their invention is used. IP is often divided

into two main categories: Industrial property and copyrights (WIPO, 2020a). This thesis is delimited

to the first category covering: Patents, designs, and trademarks, from where designs are excluded. In

the remainder of this thesis, we therefore refer to patents and trademarks collectively as IP. In the

following section, we present the salient outlines of patent and trademarks, including their application

process and requirements for grant. While both are important, patents are of a more complex nature,

which is why we devote more space to them.

2.1 Trademarks

Trademarks can be traced back to ancient times, where artisans would sign or mark their work.

Over time, laws have evolved to protect these rights, and are today essential to businesses. Trademarks

are recognizable signs or expressions identifying brands, products, and services and are made up of

components such as letters, numbers, words, symbols, colors, or combinations thereof. An increasing

number of countries also allow for the registration of less traditional trademarks, including three-

dimensional, audible or olfactory signs. Trademark protection serves the key purpose of distinguishing

the products or services of one firm from another, helping consumers identify the brand and quality of

the product or service that they can expect. A registered trademark gives the owner an exclusive right

to use the mark and to prevent unauthorized third parties from using it. Trademarks may be licensed

to third parties, that are then obligated to fulfill the quality standards of the trademark owner.

Trademark rights are obtained by registration on a national, regional, or international level.

Within the EU, the European Union Intellectual Property Office (EUIPO) is responsible for examin-

ing and granting trademarks. The registration process includes an examination period, at which point

all legal requirements are evaluated, before the application is published. The three months following
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the publication date are an opposition period, during which third parties can object; if no objections

are raised, the trademark is registered as valid after this period (EUIPO, 2017). This process is illus-

trated in figure 2.

Figure 2: Trademark application process

The basic criterion in the evaluation process is distinctiveness, meaning that it cannot be identical

to a trademark already registered and it cannot be a generic description of the product or service. An

example could be the word ‘Apple’, which may be used as a trademark for computers, but not for

a type of apple. Trademarks are granted for a ten-year period but can be renewed continuously on

the payment of additional fees. This implies that a trademark can be protected indefinitely, a major

differentiator from patents, that have a fixed lifetime of 20 years (Gassmann et al. 2021). EUIPO

statistics for the period 2010 to 2019 show that the number of European Union trademark filings grew

at an annual average rate of 5.6%. The refusal rate of filings rose during this period, and reached 5.3%

in 2019 (EUIPO, 2020).

2.2 Patents

Patented inventions are the core of scientific and technological development as we know it. Patents

were one of the first types of intellectual property to be recognized in modern legal systems, and were

first granted in the fifteenth century. They have the important function of allowing inventors to benefit

from their work or investment by giving them control over how their invention is used.
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A patent is by definition an exclusive, limited, territorial right to an invention. The exclusivity

means that the patent on an invention belongs to the person who invented it, the patentee. However,

many inventors are contractually obligated to assign their rights to their employer so that the patent

will belong to the organization. The limited right refers to the duration of the patent’s validity,

which is 20 years from the filing date. Rare extensions are made for pharmaceuticals due to the

long registration process. After 20 years, the invention becomes publicly available, allowing anyone

to commercially exploit it. Territorial refers to the fact that the right is only applicable in countries

where an application has been filed. At present it is not possible to apply for a global patent; all

applications must be registered separately in each country to take effect (WIPO, 2020a). On a side

note, the supranational institution, the European Patent Office (EPO) is working on developing a

Unitary EU Patent that is set to cover the 26 EU member states (HØIBERG, 2018).

A patent is a prohibitive right, not a right to market an invention, meaning that it does not

automatically give the patentee the right to exercise the invention, only to exclude others from doing

so. A patent on a product prevents others from making, using, selling, or importing the product,

while a patent on a process prevents others from using both the process and any direct outcome of

the process. A patentee could be hindered in exploiting a right if it conflicts with another patent-

protected product or process. In these cases, it may be necessary to enter into a licensing agreement

with another patentee. An example could be, that A has a patent on a door, while B has a patent

on a doorhandle. Neither A nor B can sell their product without collaborating or cross-licensing their

invention with the other. It is important to note that the responsibility to enforce the right lies with

the patentee, not with the patent authorities. Typically, a patent owner will try to reach an agreement

with an infringing party before taking a case to court (HØIBERG, 2018).

The Application Process

Applying for a patent can be both timely and costly. An extensive explanation of the application

process is provided below and illustrated in figure 3.
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Figure 3: Patent application process

0-12 Months: The Priority Year

The first phase of the application process is called the priority year and starts with the priority date,

also called the date of filing, at which point the state of relevant prior art is determined. Prior art

refers to the existing body of knowledge in the relevant technological field. The priority year is helpful

as it gives the inventor the opportunity to update the content of the application but still claim priority

from the priority date (HØIBERG, 2018).

12-30 Months: The International Phase

After the priority year, most applicants decide to file an international application, also known as a

PCT application. A PCT application is favorable, as it provides the applicant with a report on the

chances of obtaining a patent, and the potential scope of protection, before filing numerous expensive

national applications. This phase is administrated by the WIPO, which performs the initial screening,

but is afterwards converted into national applications in countries of interest that ultimately grant the

patents (WIPO, 2020b). The date of the PCT filing marks a critical point, as this is when the patent’s

20-year lifetime starts. The patent application is first introduced to the public on the publication date,

which occurs no later than 18 months from the first date of filing. In cases where the applicant decides

to withdraw the application, this will typically be done before publication, so that the invention does

not become part of prior art, thereby removing the option to apply for a patent on the invention later.

30+ Months: The National Phase

Around 30 months after the priority date, the PCT application is converted into one or multiple
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national applications in the countries where the patentee seeks to obtain patent protection. This

phase can last several years, but the patent right is effective from the PCT-filing date. If successful,

the process ends with the grant of a patent that is afterwards preserved by paying an annual fee. Note

that neither the priority year nor the PCT phase are required – applicants may choose to go straight to

the national phase, in which case the national filing date coincides with the cutoff date for examining

prior art as well as the date at which the patent starts its lifetime (HØIBERG, 2018).

Criteria for Patentability

Patent applications are evaluated based on five basic criteria: Novelty, inventive step, industrial ap-

plicability, enablement, and clarity.

The first criterion is novelty, that is, the invention must have a new characteristic distinguishing

it from prior art. A product’s novelty lies in the combination of physical and functional features. The

novelty of a method is evaluated on the steps carried out to perform the process but also the starting

material and the result of the method. In general, a novel product will include a novel method for

producing that product, while a method for producing a product is novel when either the product or

the method steps are novel and, in some cases, when the technical result is novel.

An invention fulfills the criteria for an inventive step, if it is not obvious to a skilled person from

the relevant technical field, based on what was known in prior art at the time of filing. In other words,

this means asking if a skilled person would have carried out the invention in expectation of some

improvement or advantage. Inventive steps cover everything from a surprising solution, a superior

effect or an advantageous method, all things that were not reasonably expected.

Inventions are also required to be industrially applicable, understood as any activity that can

achieve a technical result within a technical field. The broad understanding means that most inventions

fulfill this requirement, but they can always be excluded for moral reasons – human cloning is, for

instance, not considered applicable. A range of other subjects are also excluded from patentability in

many countries, including natural substances, plants and animal species, mathematical models, and

computer programs.

The last two criteria, enablement and clarity, are formality criteria. They refer to the fact that

the application must be completed in a clear and specific manner that enables a skilled person within
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the field to replicate the invention, based only on the description in the application (HØIBERG, 2018).

An application must fulfill all five criteria to receive grant.

Trends in Patenting

Europe is an attractive market to apply for patents, as numbers from the EPO show. In 2020, the

number of patent applications3 totaled 180,250, of which 133,715 patents were granted – 3.0% fewer

than in 2019. Around half of the applications came from the 38 member states of the EPO, and the

remaining half from international firms, primarily in the US and Japan. Comparing the number of

applications per million inhabitants for each country4 puts Denmark and Sweden in the top three

application countries, surpassed by Switzerland only. Trends in terms of size reveal that 74% of

total applications were filed by large companies, 21% by small and medium-sized enterprises (SMEs)

and 5% by universities and public research institutes. Trends across the top technical fields show

that applications within pharmaceuticals grew by 10.2% Y/Y, but also biotechnology and medical

technology grew modestly. The other end of the scale includes fields such as transportation, which

saw a 5.5% decline Y/Y. All of this indicates that Europe is a robust technology market with different

trends across sizes and industries (EPO and EUIPO, 2021).

2.3 IP Protection Strategies Across Industries

As a general principle, an IP strategy must aim to secure the firm’s ‘freedom to operate’, making

sure there is free market access and that no third-party intellectual property rights are infringed. As

mentioned, a patent is a prohibitive right, not a right to market an invention, and having a patent

does therefore not entail having freedom to operate. A firm has freedom to operate for a given method

or product if no third party has intellectual property rights covering the method or the product or

parts thereof (HØIBERG, 2018). This is illustrated in figure 4 below. The circles represent the space

of products and methods covered by firm X’s and Y’s patents, respectively. In scenario 1, there is no

overlap between the two firm’s patents; firm X has freedom to operate in areas A and C, and likewise

for firm Y in B and C. Scenario 2 illustrates the case where the two firms’ patents overlap for some

products or methods, but not for others, giving firm X the freedom to operate in area A and C but not
3Number of applications include both PCT applications and national applications.
4Country is defined by the residence country of the first applicant listed on the patent application form.
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in D, and correspondingly for firm Y in B and C, but not D. In scenario 3, firm Y’s patents capture

the space of firm X’s patents entirely. This leaves firm X with little freedom to operate, as it cannot

exercise any of its patents but must operate in the uncovered space in C, while firm Y maintains its

freedom to operate in B and C, but not in A. In scenarios where there is an overlap in patent rights,

such as scenarios 2 and 3, firms can enter into licensing agreements to expand their freedom to operate.

Figure 4: Freedom to operate

The following section aims to shed some light on the differences in IP strategies across selected

industries, starting with the industries where IP protection is of the highest importance. Note that we

focus solely on protection strategies of patents, given that trademarks can be protected indefinitely,

are subject to less evaluation criteria, and are in general of lower commercial value. This is due to

the fact, that a patent allows the patentee to prohibit others from making commercial use of her

invention for the entire patent lifetime, and can in some cases grant monopoly pricing power, while

trademarks are not concerned with how an invention is used. This is also supported by a recent study

by EPO and EUIPO (2021) who found that patents generate higher reward5 for firms, in comparison

to trademarks. We therefore expect patents to be of greater importance in strategic decision-making.

Pharma & Biotech

Patent protection plays a crucial role in the pharma & biotech industry and can effectively grant

companies monopoly pricing power over active ingredients or complete products. The ultimate goal

is to develop so-called blockbuster drugs, i.e. drugs that generate annual sales of more than USD

1bn and an average annual sales growth rate of more than 20%, enough to finance all unsuccessful
5Reward is measured as revenue per employee and wages paid (EPO and EUIPO, 2021).
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products. As only one out of 10,000 products tested preclinically becomes a marketed product, it is in

the firms’ interest to protect the sales of these drugs for as long as possible which can be done through

patent protection (Gassmann et al. 2021).

It takes many years to research and develop new pharmaceutical products, resulting in long inno-

vation cycles and, as a result, a shorter time for firms to exploit their intellectual property rights. This

creates a need for ’life cycle management’, a well-established tool within the pharma industry to max-

imize sales throughout the product life cycle and retain market share as the patent expiry approaches.

It is crucial, as pharma companies’ sales from blockbuster products are extremely vulnerable to drugs

coming off patents. In extreme cases, generic products can cause sales losses of more than 50% in the

first few months after a patent expires. Due to the long approval times, the industry can avail itself

of special extensions of patent rights, namely Supplementary Protection Certificates (SPC)6 for drugs

for a maximum of five years, or for so-called orphan drug provisions for niche drugs with an additional

protection of a maximum of 10 years in the EU. Firms can also secure sales by continuously adding

new active ingredients to existing products, and applying for new patents on these (Gassmann et al.

2021).

Medtech

Medical technology covers a broad range of technological devices used to diagnose, monitor, or treat

various diseases and conditions. Like the pharma & biotech industry, medtech is also highly regu-

lated, although it typically exhibits shorter innovation cycles, more intense competition, and is free

from controversies over pricing. On the one hand, medtech firms are not as dependent on blockbuster

products, but on the other hand, they do not enjoy the same monopoly pricing power awarded by

certain patents. Instead, the industry is more focused on launching new products, the perception

of their products amongst medical specialists (operators), and partnerships with integrated delivery

networks such as hospital chains or health clinics. The technical nature of the industry makes patent

protection highly important, as illustrated by EPO statistics showing that the number of patent ap-

plications grew 2.6% from 2019, making it the technical field with the most patent applications within

Europe in 2020 (EPO, 2021). It seems that this is something markets understand and reward, as there
6A Supplementary Protection Certificate (SPC) is another type of intellectual property right that serves as an extension

of a patent and can be applied to specific pharmaceutical products.
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appears to be a close link between how much intellectual property a company generates and its share

price performance. In the hearing aids industry, for example, GN Store Nord A/S (GN) has clearly

expanded its portfolio faster than competitors such as Demant A/S (Demant), Sonova International,

and Widex A/S7.

Figure 5: Growth in IP base: GN Store Nord A/S vs. Demant A/S

Benchmarking GN against its closest competitor Demant reveals a close link between the ability

to innovate and share price performance. From 2009 to 2020, GN consistently generated a higher IP

growth than Demant, with a compound annual growth rate of 15.99% compared to Demant’s 10.86%.

Over the same period8, investing in GN would have returned 1,751.70%, while Demant yielded only

206.50%. We recognize of course, that GN’s patent growth is not the sole driver of its outstanding

share price performance9, but we think the example illustrates a point, namely that a firm, that is

good at expanding its IP portfolio, has a better intellectual platform for creating shareholder value,

than a firm that is lagging on innovative activities.

7According to our dataset (Source: OnScope), which we introduce in Chapter 4.
8Total compound return from 1 January 2010 to 1 January 2021 with dividends reinvested.
9Note that GN Store Nord A/S and Demant A/S are only comparable on their hearing aids departments, and GN

Audio is also contributing to the share price performance of GN Store Nord A/S.
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Chemicals

Patent protection plays a key role in the chemicals industry but is exploited differently than in the

two aforementioned industries. Success in this industry can be summed up in the saying:

”Whoever has the formula, has the power” (Gassmann et al. 2021, p. 146)

The nature of the chemical industry has resulted in a landscape of ‘patent clusters’, also known as

‘patent thickets’, that cover entire fields of technology, leaving little freedom to operate. The common

understanding of a patent cluster is “a dense web of overlapping IP rights, that a company must hack

its way through in order to actually commercialize new technology” (Shapiro, 2001, p. 120)10. Patent

clusters result from many firms trying to build the largest patent portfolio, not necessarily to exploit

patents internally, but to prevent competitors from doing so. In other words, a patent cluster is not

something a firm can apply for, merely the nature of the industry. Patent clusters exist to a lesser

extent in industries like pharma & biotech because there is a close link between a single patent, or

a few patents, and the product, whereas in the chemical industry, it requires many patent-protected

technologies to manufacture a single chemical product. Patent clusters make companies dependent

on each other, as they are required to obtain licenses for patent-protected input to manufacture their

end-products (Wagner, 2015).

The need to negotiate with other companies, sometimes direct competitors, can be viewed as a

forced entry ticket to a real-life prisoners’ dilemma, in which chemical companies are incentivized to get

the biggest patent portfolio in order to gain superior negotiating power over competitors. Academics

even talk about a ‘patent explosion’ driven by the incentive within firms to outgrow competitors’ IP

portfolios, which is concerning from both an innovative and competitive perspective. Without a size-

able patent portfolio to bargain with, smaller firms will find it difficult to enter the market, and their

portfolio growth will be hampered due to the high costs arising from patent attorneys and on-going

fees to maintain licenses (Wagner, 2015).

10Note that there is no single definition of patent clusters; the most common understanding in academia comes from
Shapiro’s paper (2001).
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Telecom & Media

The telecom & media industry is interesting, as a large patent portfolio is crucial, functioning more

as an ‘entry ticket’ rather than a value driver. In addition, the industry is shaped by patent clusters

and high barriers to entry.

In a broader sense, telecom & media firms are rather technical and there are often broad areas of

technical overlap, as exemplified by the numerous technical solutions providing the same functionality.

The technical nature of the industry means that it is rapidly changing, and companies must be prepared

to sacrifice their patent portfolios in favor of a new common standard. As an example, the most hotly

contested topic today surrounds who gets to be part of the new standard for wireless technology to

digital cellular networks, also known as 5G (Gassmann et al. 2021). In practice, this creates patent

clusters and means that in order to develop and market new products, most companies depend on

licensing agreements with third parties. Accordingly, the industry has seen a rise of what are known

as ‘patent pools’, arrangements among firms allowing members to exploit each other’s patents in what

can also be considered legal cartels (WIPO, 2014). Newcomers are forced to contribute to the pool or

negotiate with competitors to successfully enter the industry. The costs arising from patent lawyers

in this process can be so high that it is simply cheaper to acquire a company that is already active in

the market, and take over their patent portfolio (Gassmann et al. 2021). An example of this is Google

acquiring Motorola Mobility in 2011 to get access to their portfolio of 20,000 mobile patents (Taylor

and Waters, 2011).

Aeros, Autos & Ships

Aeros, autos & ships include developers and manufacturers of vessels and vehicles as well as equipment

and systems for the aerospace, automotive, shipbuilding, naval, and defense industries. The industry

has historically been shaped by cost pressure and consolidation but the rise of electrical vehicles is

changing the scene, causing a fundamental shift in the industry. This shift makes IP increasingly

important, as motor vehicles turn into computers on wheels, and firms become more dependent on

intellectual property rights to protect these new technologies. The pace of technological innovation

comes at a cost for the traditional manufacturers, as new technology-based players are making their

way into the arena. High-tech firms, like IT providers and software developers, typically own the
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equipment embedded in new electrical or autonomous vehicles, increasingly pushing the traditional

manufactures onto the defensive, with few rights to the technology behind their vehicles (Gassmann

et al. 2021).

”All Our Patents Are [sic] Belong To You” (Tesla, 2014)

An example of a new player that has set the innovative pace in the industry, and marked itself as

the most valuable carmaker in the world, is Tesla. In 2014, CEO Elon Musk announced that Tesla

had decided to make the company’s patents available for anyone to use (Tesla, 2014) – a statement

which translates neatly into a ‘cooperate’ strategy seen through the lens of the prisoner (facing the

dilemma). As idealistic as Tesla’s change of strategy might seem, it is more likely the result of business

pragmatism rather than benevolence. First, Tesla’s strategy relies on electrical vehicle technology to

advance quickly, so allowing competitors to use Tesla’s technology helps the company gain traction,

and motivates the industry to develop better batteries and motors without it being at the expense of

Tesla. Secondly, the company stands to gain long term from a common electrical infrastructure built

on Tesla’s technology, as their supercharger then becomes the industry standard, thus securing Tesla’s

long-term competitive edge over the electrical vehicle market. Thirdly, the real irony lies in the fact that

Tesla has centralized their production facilities in four ‘gigafactories’, so that no supplier can replicate

the core technology that gives Tesla its real competitive edge (Tesla, 2021). The example of Tesla

points to the fact that IP does not capture all kind of innovation. Making intellectual property rights

available to the public, also known as ’open sourcing’, is another way of fostering innovation. This

indicates an obvious limitation in our dataset, as we assume that IP captures all innovative activity,

while the example of Tesla suggests that the opposite may in fact be the case in some industries.

Software & Services

Most electronic devices today function with software. This makes software & services particularly

interesting as it is one of the industries bridging multiple technical fields, and suggests that IP is

highly important. However, it is also one of the industries that are rather challenging in terms of

patentability.

The first challenge arises from the common misconception that software-related inventions cannot

be patented. This is primarily a result of the fact that ‘computer-implemented methods’ are patent
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eligible while ‘computer programs and such’ are not. In other words, any invention that makes an un-

obvious technological contribution, or solves a technical problem in an unobvious manner is patentable.

However, this is not the equivalent of saying that any software related invention can be patented. Con-

fused? Now imagine how a software developer must feel. Purely software-based inventions with no

physical components often have low chances of patentability due to the challenge of proving that they

add something beyond existing software.

The second challenge is that software-related inventions are examined differently across Europe

and the US. In Europe, patentability is dependent on whether the invention brings a new technical

effect, while in the US, it depends on whether the invention can provide a useful, concrete, and tangible

result. Despite the differences in approach, conclusions are often similar (HØIBERG, 2018). Across

regions, patent authorities are also challenged by the high pace of technological change driving the

industry, which constantly changes the relevant state of the art. This makes it hard to evaluate the

novelty criteria and may question the quality and legal validity of existing patents (Gassmann et al.

2021).

Lastly, there is a rising opposition towards patents in the software community as the distribution

of free software expands. The ongoing debate is built on a number of strong arguments. First, patents

on software may lead to patent clusters, which can hamper innovation. Secondly, some argue that

software is essentially mathematical abstractions that by definition cannot be patented. Thirdly,

software changes faster than any other technology and may simply outpace the patent system. The

counter argument is that IP is highly important in fast-developing industries, where new innovations

can be seen to create new markets and patents are required to protect firms’ freedom to operate

(HØIBERG, 2018).

Computers & Chips

Intellectual property is the lifeblood of what can be considered the brains of all electronics; Computers

& chips. The industry is fueled by rapid technological change that continues to make the impossible

possible. The rapid pace of change and rising demand for automation and connectivity requires

constant advancement in device capabilities (computers) and process technologies (chips), explaining

why the industry has the highest level of revenue invested in R&D, according to the Semiconductor
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Industry Association11. The exceptional level of research intensity suggests that the industry is highly

focused on generating IP. However, the use of patents and trademarks may be less salient as, to avoid

disclosing too much information and to mitigate the risk of patent infringement and litigation costs,

trade secrets are also crucial to computer and chip companies. Examples of trade secrets could be

manufacturing know-how, chip designs and other proprietary information. Despite the high importance

of trade secrets, they remain extremely vulnerable, as they rely on employees’ ability to keep them a

secret. A particular concern in the industry is the rise of Chinese companies that illegally target other

players in the industry as a shortcut to valuable knowledge (Semiconductor Industry Association,

2018).

A Size Perspective

Small and Medium-Sized Enterprises (SMEs) are often considered the backbone of Europe’s economy

and represented more than 98% of European enterprises in 2021 (Morningstar, 2021). Focusing on

SMEs as a group is interesting, as the fundamental motivation for applying for intellectual property

rights is different for SMEs, compared to large cap firms, in the sense that it provides a proof of

concept and helps protect their competitive advantage against larger players.

A key reason for SMEs to apply for intellectual property rights at an early stage is to prove their

concept to investors. This comes through transparency of the technological capabilities of the invention

which indicates what growth and profitability potential investors can expect. In addition, investors

will typically consider intellectual property rights economic resources, that can also be sold off in case

of financial distress. Intellectual property rights also serve as a protection mechanism for SMEs, as

they typically engage in the business-to-business (B2B) space serving larger companies (OECD, 2015).

Obtaining intellectual property rights is their best card in negotiations with competitors and ensures

that a bigger player will not adapt their invention. This is particularly important as SMEs typically

are more hesitant to enforce their rights due to the high costs of patent litigations (Gassmann et al.

2021).

A recent study by the EPO and EUIPO (2019) investigated how much value intellectual property

rights create for SMEs. They found SMEs with intellectual property rights are 21% more likely to
11Chips fall within the spectrum of semiconductors, which are classified into: Memory chips, microprocessors, and

integrated chips (Semiconductor Industry Association, 2018).
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experience growth in the following three-year period. This suggests that their success relies heavily on

investments in IP, which is particularly interesting to our investment strategy, as it suggests that size

might be associated with a greater ability of Innovation Accumulation to predict sales growth, and

potentially also other measures of operating performance, which should translate into a better share

price performance. The study also found that SMEs that use both trademarks and patents instead of

only one, are even more likely to experience high growth. This confirms our inclusion of trademarks

in the innovation accumulation measure.

Industries not Focused on IP

IP is not equally important in all industries, and this must be accounted for in our expectations on

IP activity. Examples of such industries include financials, transportation, and hospitality & services,

all of which are shaped by fundamentals that make the protection of IP less relevant or alternative

strategies more useful.

For firms in the broader financial industry, such as banks, insurance companies, and real es-

tate, patents are not an area of attention. Strong operating performance is primarily driven by cost

discipline, balance sheet strength, lending growth, and a supportive yield environment, rather than in-

novation. However, the firms in our sample belonging to this industry are those that do have a certain

level of IP, and are thus considered a slightly more IP-focused subsection of the overall industry.

Innovation is neither a competitive moat in the transportation industry, where firms compete on

IT and logistic systems, customer base, and cost structure. The CFO of DSV, Jens Lund, wrapped it

up elegantly in a recent article: “We pick up things in one place and drop it in another place. Our key

value proposition is really just to transport goods from A to B” (Vestergaard, 2020). However, it should

also be noted that demand for IP is rising alongside demand for sensor, connectivity, and autonomous

systems and that transportation firms, that are included in our dataset, reflect an innovative corner

of the industry and are more IP-focused than the average shipper or freight forwarder.

Hospitality & services provides the final example of an industry where the scope of inventions is

rather limited, and the focus on protecting IP therefore is low. Key factors for businesses like hotels,

restaurants, and traveling agencies, are a strong brand identity, a loyal customer base, and attractive

facilities, all of which have little to do with innovation.
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Summary of IP Protection Strategies Across Industries

The protection strategies that we have presented for the different industries highlight that the impor-

tance of IP differs across industries. First, in industries with long innovation cycles, such as pharma &

biotech, life cycle management of intellectual property is important. Pharmaceutical firms are entirely

dependent on single blockbuster drugs, as these patents translate into monopoly pricing power, serv-

ing as a revenue stream to finance R&D projects. Secondly, in industries shaped by patent clusters,

the size of the patent portfolio determines firms’ power in negotiations with competitors. Thirdly,

in fast-developing industries, such as telecom & media, it is not the size of the patent portfolio but

merely the fact that you have one that provides an ‘entry ticket’ into the industry. Lastly, within

industries undergoing fundamental shifts or rapid change, the demand for new IP is rising alongside

the demand for new technologies. At the other end of the spectrum, IP is far less important, and

success is more reliant on factors such as balance sheet strength, cost discipline, and customer base,

to name only a few. While we argue that there are cross-industry variations in the importance of IP,

we also emphasize that similarities can be found across these.

2.4 Alternative Strategies

Even though this thesis centers around Innovation Accumulation, it must be highlighted that

obtaining intellectual property rights is not always the best protection strategy. This can include

cases where; the invention is not new to the market; the costs of applying for intellectual property

rights are too high; a patent would disclose too much information; patent infringement cannot be

detected; or intellectual property rights are difficult to enforce. The following section presents four

alternative ways of protecting innovation.

A defensive publication refers to a situation in which a firm publishes information about its

invention, deliberately making the invention part of prior art, thus eliminating the option to apply for

a patent. This strategy is beneficial for SMEs with limited resources, that wish to avoid the time lag or

the high costs associated with the patent application, but at the same time need to protect their access

to their innovation. The downside of the strategy is the loss of novelty, meaning that the invention

will lose the possibility of patentability in the future. Examples of firms using this strategy include

Roche Diagnostics, that publishes a special publication sheet every two weeks. Also, Swiss pharma
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companies are known to publish facts about inventions in regional papers, lowering the chances of

competitors seeing it. Both examples indicate that across industries, defensive publications are used

as cheap insurance against unwanted patents by competitors (Gassmann et al. 2021).

Another alternative strategy to obtain intellectual property rights is to keep the invention a

trade secret, commonly used to protect inventions that are difficult to prove or are based on internal

knowledge. Especially manufacturing companies are known to keep their core production processes

as trade secrets. The best example is Coca-Cola, which keeps the recipe of its soda a trade secret.

This has been beneficial as a patent on the production process would have expired long ago, allowing

competitors to imitate it. Also, the elevator manufacturer Schindler keeps the control algorithms of

its elevator systems a trade secret, as it would be difficult to enforce the intellectual property rights of

an algorithm code. The downside of a secrecy strategy is that guidelines must be established to keep

the innovation a secret, so that it is not revealed when critical employees move between companies.

(Gassmann et al. 2021).

In industries with fast innovation cycles, a first-mover strategy, also known as a speed-to-market

strategy, will sometimes be applied as an alternative to protect innovation. The strategy is essentially

focused on how long it takes to get a product on the market, with the pace from development to

launch as the determining factor of success. It is often used for innovations where economies of scale

and network effects can create their own monopolistic rent, and makes good sense for trendy products

with a short life cycle, or in highly dynamic technical fields, where the application process is simply

too long to secure a competitive advantage. The format war between JVC’s VHS and Sony’s Betamax

provides an example of a situation where market control was more important than quality. VHS

essentially triumphed over Betamax because they made the right partnerships within the industry,

taking advantage of the bandwagon effects of new innovation being released to mass market.

The last alternative strategy is to add an artificially designed complexity to a product or process

that is difficult to protect with patent rights, or in countries where it is difficult to enforce intellectual

property rights. In these situations, it is often more effective for companies to keep complex technology

in a black box within one critical module, in order to prevent competitors from easily imitating the

invention. Often the black box module is designed and manufactured in the central R&D lab close to
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the headquarter. The strategy of adding an artificially designed complexity is therefore also dubbed

the ‘national treasure strategy’ within innovation literature (von Zedtwitz and Gassmann, 2002).
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3 Literature Review

The rapid development in science and technology of the past decade has created a constant stream

of innovation and productivity gains, which has boosted the global economy and company performance,

and driven up stock prices. This has also attracted interest in academia, where several studies have

examined the role of innovation in explaining operating performance and subsequent stock returns.

The following section serves to map out academic literature in the field. The review consists of three

parts: First, recent studies examining innovation-related return predictors will be introduced; and

secondly, the spectrum of known anomaly factors, that will serve as a benchmark to the IA factor, is

outlined, alongside theories on market efficiency and imperfect rationality. Lastly, the topic of market

frictions and its relevance in detecting an anomaly is discussed.

3.1 Innovation as a Return Predictor

Academia offers no universal definition of innovation, and existing studies distinguish between

innovative input and output indicators in the examination of the effect on operating performance and

stock returns. Input measures are indicators of the resource input needed to generate innovation,

typically proxied by R&D expenditure, as this is the only innovation-related item in financial reports

(Deng et al. 1999). Output measures typically include the number of patents published and patent

citations12 as this is how innovations are officially introduced to the public (Hirshleifer et al. 2013) and

considered to be the most important measures of contemporary firms’ innovative output (Griliches,

1990). Recent studies construct more complex indicators like ‘Innovative Efficiency’ or ‘Innovative

Originality’, scaling output with input, measuring a firm’s ability to attain this output at a reasonable

cost. This thesis is based on an output measure, namely growth in a firm’s IP portfolio.

On the innovative input side, R&D expenditure has proven to be a useful predictor of future stock

returns. Eberhart et al. (2004, 2008) show that a substantial increase in R&D investments result in

positive abnormal operating performance and abnormal stock returns. Based on their findings, they

conclude that an increase in R&D is a beneficial investment and that the market is slow to recognize

this benefit. This is supported by Lev et al. (2005) and Penman and Zhang (2002), who prove that
12Patent citation is the number of previous patents listed in the patent document that are of relevance to the actual

patent application.
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recent changes in R&D lead to abnormal returns. Several studies go even further and try to explain

the positive association between R&D level and abnormal returns as either a missing risk factor or a

mispricing. An example is Chambers et al. (2002), who suggest that the relation comes from missing

risk factors. However, they still consider mispricing as an alternative explanation, especially when

using R&D growth as a predictor.

Innovative output measures, such as patents and patent citations, are also found to be useful

predictors. In 1990, Griliches found that number of patents was positively associated with market

capitalization. A more recent study by Gu (2005) found a positive relation between changes in adjusted

patent citations scaled by total assets, and future earnings and stock returns. This was supported by

Matolcsy and Wyatt (2008) who found that the number of patents or journal citations can predict

market valuations and future earnings. Lastly, Pandit et al. (2011) concluded that a firm’s number of

patents positively correlates with its future operating performance.

These findings naturally raise the question of whether input or output measures are better predic-

tors. Deng et al. (1999) addressed this question in a study from 1999, in which they tested the different

measures’ ability to predict stock returns. Their results indicated that output measures, such as the

number of patents or patent citations, are better predictors as they reflect more qualitative aspects of

the firm’s innovative activities compared to input variables, such as R&D expenditure. This is based

on the argument that a patent document reveals the scope of protection and identifies relevant earlier

inventions, providing a proxy for the firm’s ability to innovate. Their supporting argument is that

input measures do not consider the nature of the company’s innovative activities. This is problematic

as the type of research differs, and not all research has long-term growth potential.

Most of the studies outlined above focus on the isolated effects of either innovative input or output,

but the academic field also contains more complex measures of innovation, for example, Innovative

Efficiency (Hirshleifer et al. 2013) and Innovative Originality (Hirshleifer et al. 2018), on which we

will elaborate in the following sections.

Innovative Efficiency

A significant contribution to the academic field, and a source of inspiration for this thesis, was a

study completed by Hirshleifer et al. (2013). Their contribution to the research field is the indicator

29



Finding Winners based on Intellectual Property Accumulation May 2021

Innovative Efficiency (IE), defined as patents or patent citations scaled by R&D expenditures. Their

thesis is that investors underreact to the information content in IE due to the difficulty of evaluating

the economic implications of patents and patent citations. Firms that are more efficient in innovating

should therefore be undervalued compared to those that are less efficient in innovating. Based on this,

they expect a positive relation between IE and future operating performance, market valuation, and

stock returns.

Their thesis about underreaction comes from previous psychological studies and is based on two

core arguments: (i) Investors pay less attention and assign less value to information that is less tangible

such as information about new innovations. This information is hard to process as its prospects are

highly uncertain and requires an in-depth knowledge of a firm’s economic fundamentals and how its

industry is changing, as well as the stages from patent to product on the market. (ii) Owing to limited

investor attention, prices do not immediately reflect new relevant public information, especially when

such information is hard to process or arrives during periods of low investor attention. To test if

there is greater return predictability among stocks with low investor attention and among hard-to-

value stocks, size and analyst coverage are used as proxies for attention to a stock, and a firm’s age,

turnover, and idiosyncratic volatility as proxies for valuation uncertainty.

The main findings of Hirshleifer et al. (2013) are that firms that are more efficient in innovating

on average have better future operating performance and higher market valuations. Furthermore, they

find a positive relation between IE and subsequent stock returns that is incremental to existing return

predictors, and robust to controlling for innovation-related variables, such as R&D-to-market equity,

significant R&D growth, and patents-to-market equity. Lastly, they also find that the proxies for

investor attention and valuation uncertainty are associated with a stronger ability of the IE measure

to predict returns, providing further support for limited attention theory (Hirshleifer et al. 2013).

Innovative Originality

In a later study, Hirshleifer et al. (2018) introduce another indicator, Innovative Originality (IO), that

measures the average range of knowledge drawn on by a firm’s patents. The idea behind IO is that

a patent that draws on knowledge from a wide range of technology is more original, as it will tend

to deviate from current technology to a greater extent. IO can therefore be seen as the firm’s ability
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to combine different technologies in an original way. Based on this, they propose two key hypotheses:

(i) more original innovations allow the firm to charge a price premium and can provide them with a

sustainable competitive advantage, and (ii) the effect of IO is greater among firms with high valuation

uncertainty and low investor attention, consistent with limited attention theory.

They find that firms with higher IO have more persistent and less volatile future profitability,

supporting the first hypothesis. They also find that firms with high IO on average experience higher

subsequent abnormal returns, and that this relation is especially strong for firms with higher valuation

uncertainty and lower investor attention, consistent with previous findings. They also compare IO to

IE and find that there is an incremental return predictive power in IO. This intuitively makes sense as

there is a tradeoff between being innovatively efficient and original. To rephrase, high efficiency may

require a firm to cancel projects that are not producing output quickly, while being original requires

a higher tolerance for more speculative projects (Hirshleifer et al. 2018).

Favoring Simplicity Over Complexity

The complex innovation measures introduced by Hirshleifer et al. (2013, 2018) have been subject to

criticism. In a study from last year, Bedford et al. (2020) question the predictability of IO documented

by Hirshleifer et al. (2018) based on the argument that if investors are not sophisticated enough to

value simple indicators of innovation activity, they should be far from able to price in a firm’s IO.

They re-examine the return predictability of IO proven by Hirshleifer et al. (2018) and test it against

two simple measures of patenting activity: (i) Patent existence, proxied by an indicator variable set

to equal one if the firm owns patents, zero otherwise, and (ii) patent count. They conclude that the

positive relation between IO and stock returns, found by Hirshleifer et al. (2018), does not hold when

controlling for patenting activity, and that simple patenting measures capture a significant portion of

IO. They contribute to the academic field by suggesting that future innovation-related studies should

only include firms with patenting activities and adequately control for the degree of this (Bedford et

al. 2020).

Reaping Benefits Takes Time

Another relevant contribution to the academic literature was conducted by Ernst (2001), who goes

beyond proving a positive relation between innovation and operating performance, and suggests a
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potential time lag from the grant of a patent to its effect on operating performance. Previous studies

either entirely neglect the possibility of a lagged effect or assume an average time lag across all

industries. As an example, Hirshleifer et al. (2013) assumes a two-year time lag between innovative

input (R&D) and output (patent grant) and a one-year time lag from when the patent is granted to

economic exploitation. Ernst (2001) examines the relation between patent applications and subsequent

changes in performance among firms in the German machinery industry from 1984 to 1992. He uses

sales growth as a proxy for operating performance justified by the fact that it reflects direct market

feedback. He highlights that studies using stock market value as a performance indicator overcome the

issue with time lag, as they assume stock prices to simultaneously change in accordance with patent

activity, reflecting expectations that have not yet been converted into economic profit.

Ernst (2001) finds that there is a significant time lag between the grant of a patent and the

effect on corporate performance. More specifically, he shows that the grant of a European patent has

an impact on sales approximately three years after the filing date. He acknowledges that his study

is subject to constraints, as it only examines the machinery industry, and notes that the time lag

potentially rises with the level of technical complexity. In his concluding remarks, he proposes that

future studies should account for the lagged effects when examining patents as predictors of operating

performance (Ernst, 2001).

The findings of the abovementioned studies all have implications for studies examining the asso-

ciation between innovation and future stock price returns, including also this thesis. We find great

inspiration in the studies of Hirshleifer et al. (2013, 2018), and take into account the findings of

Bedford et al. (2020), by only focusing on firms with patenting activities, as well as Ernst (2001), by

allowing for a time lag between the publication date and the effect on corporate performance. In the

following section we introduce more commonly known stock market factors, or anomalies, that will

serve as a benchmark to the IA factor.

3.2 The Spectrum of Anomaly Variables

Predictable patterns in average stock returns that are inconsistent with well-established risk-

based asset pricing models, such as the Capital Asset Pricing Model (CAPM), are commonly referred
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to as anomalies (Fama and French, 2008). Over the last four decades, a large empirical literature

has documented several anomalies, or return predictors, the most famous being the Fama-French

three-factor model developed by Fama and French (1992), and later extended by Carhart (1997). The

following section sketches the salient outlines of the existing anomaly literature, providing a foundation

for this thesis, that investigates Innovation Accumulation as an anomaly variable.

An early contribution to the anomaly literature was conducted by Banz (1981), who found that

stocks with small market capitalizations have abnormally high average returns, suggesting size as

a return predictor, later formalized as the small-minus-big (SMB) factor. That is, stocks in small

companies tend to provide higher returns than stocks in large companies. Later, Fama and French

(1992) provided evidence that stocks with high book-to-market equity (B/M) have unusually high

average returns – a pattern that became known as the high-minus-low (HML) factor. Stocks in

companies with high B/M ratios are known within financial literature as value stocks, while stocks in

companies with low B/M ratios are referred to as growth stocks, which is why the HML factor also

goes by the name of the value factor. The denotation of ’growth’ stocks derives from the idea, that if

the market value of equity is low relative to the book value, it is possibly because the company has

substantial and valuable options to grow over time and boost future earnings and dividends. Growth

stocks are therefore typically younger firms within fast growing industries such as technology, including

biotech and medtech, gaming, and e-commerce. Likewise does ’value’ refer to stocks that appear to be

trading at a lower market value than the company’s performance may otherwise indicate, most likely

because investors see it as unfavorable in the market place. Value stocks are therefore generally more

mature businesses with steady earnings and growth rates, i.e. more tangible capital. During economic

downturns, they deteriorate more from costly excess capacity, whereas growth firms rely more on new

investments and innovations that can easily be postponed until the economy recovers. Value stocks

are thus more ‘pro-cyclical’ and associated with sectors such as industrials, financials, utilities, and

construction (Munk, 2019).

These two anomaly factors, size and value, in conjunction with the market factor (MKT), make

up the well-recognized Fama-French three-factor model. This model is illustrated below, where Re
t is

the return on the stock in the excess of the risk-free rate, RMKT,e
t is the return on the market in the
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excess of the risk free rate, and RSMB,e
t and RHML,e

t are excess returns on factor-mimicking portfolios

of size and value, respectively.

Re
t = α+ βMKTRMKT,e

t + βSMBRSMB,e
t + βHMLRHML,e

t (1)

A few years later, Carhart (1997) suggested an extension to the Fama-French three-factor model by

adding a fourth factor: Momentum (MOM). In short, a momentum strategy goes long stocks that have

had the highest return during the past year (leaving out the two most recent months), winners, and

short-sells those that have had the lowest return, losers (Pedersen, 2015), which is why momentum

is often dubbed winners-minus-losers. In essence, the momentum factor challenges the Random Walk

Hypothesis, which in its most basic form implies that knowing whether a price went up or down in

the past should not be informative as to whether it will go up or down in the future (Moskowitz et al.

2012), and is therefore also in direct conflict with the Efficient Market Hypothesis (Fama, 1970). Fama

and French (2008) have since then labelled momentum to be the premier anomaly. In conjunction,

these four factors form the Carhart (1997) model, where RMOM,e
t is the excess return of a momentum

strategy:

Re
t = α+ βMKTRMKT,e

t + βSMBRSMB,e
t + βHMLRHML,e

t + βMOMRMOM,e
t (2)

Patterns in average returns have also been found to be associated with profitability (Haugen and

Baker, 1996; Cohen et al. 2002), investments (asset growth) (Fairfield et al. 2003; Titman et al.

2004), accruals (Sloan, 1996), and stock repurchases (Ikenberry et al. 1995; Loughran and Ritter,

1995; Daniel and Titman, 2006; and Pontiff and Woodgate 2008). In an article from 2008, Fama and

French examined the pervasiveness of some of the anomalies mentioned above, to detect to what extent

each of them can provide incremental information on average returns, not fully captured by the others.

They found that anomalous returns associated with net stock issuances, accruals and momentum are

more pervasive, while the asset growth and profitability anomalies are less robust. Their findings

indicate that the asset growth anomaly is more present in average returns on microcaps and small

stocks, but not on big stocks, and that stocks issued by more profitable firms tend to be associated

with higher abnormal returns (Fama and French, 2008).
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As can be seen, the field of anomaly literature is broad and consists of a vast pool of factors.

While anomalies are exciting, it is beyond the scope of this thesis to provide a full overview. The

convention of the anomaly literature is to evaluate anomalous returns against the Carhart model, why

we consider this the best benchmark for investigating if our Innovation Accumulation measure contains

incremental return predictive power to the four return predictors; MKT, SMB, HML, MOM.

Anomalies as Evidence of Inefficiency

The above-mentioned literature on anomalous returns challenges the assumption of perfect rationality

and efficient markets. Neo-classical economic theory and asset pricing models build on a purely

rational paradigm, best expressed in the Efficient Market Hypothesis by Fama (1970), that assumes

investors are completely rational and seek to maximize risk-adjusted returns on their investments.

In an efficient market, the market prices of securities always equal their fundamental value, and will

immediately impound new information so that all security prices reflect all relevant information at all

times. Expected returns rise proportionally with market risk, defined as beta in the CAPM. Accepting

above-average risk is therefore the only way investors can earn above-average returns. Financial asset-

pricing models, assuming full rationality, are elegant on paper, but empirically challenged by a growing

literature of anomalies, criticizing the underlying assumptions. Is the discovery of new anomalies then

evidence of market inefficiency? According to rationalists, the answer is no. This paradigm claims that

any predictable pattern in average stock returns, that is inconsistent with relevant risk-based asset

pricing models, is due to market frictions. These make it difficult or costly to implement the strategy

in real-life markets, asserting that markets are informationally efficient (Munk, 2019). Examples of

such frictions are implementation costs and liquidity risk, which we will revert to in section 3.3.

The topic of market efficiency has been an ongoing debate in finance, spanning for decades (Hir-

shleifer, 2001), and culminated in 2013 when the Nobel Prize in economics was jointly awarded to

Eugene Fama, the father of the efficient market hypothesis, and Robert Shiller, who gave rise to the

field of behavioral economics (Pedersen, 2015).
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”The best plan is to profit by the folly of others”

(Pliny the Elder, 1901, as cited in Hirshleifer, 2001, p. 1533)

As such, a more dynamic psychological paradigm, initiated by Shiller (1999), has seen the light and

introduced the thought that market prices deviate from fundamentals because people suffer from com-

mon behavioral biases (Pedersen, 2015). The psychological paradigm assumes imperfect rationality,

meaning that prices inaccurately reflect all available information. This implies that expected returns

are driven by both rational compensation for risk and investor mispricing. Accordingly, this school of

thought takes the perspective that the existence of anomalies is evidence of market inefficiency, based

on the idea that investors are unable to process all available information correctly, and systematically

make decisions that are inconsistent with rational behavior (Munk, 2019).

Hirshleifer (2001) shares that perspective and examined the dynamic approach in a study from

2001, in which he argues that the purely rational approach is being subsumed by a broader approach

based on the psychology of investors. To explain why investors misvalue assets and securities, Hir-

shleifer (2001) portrays arbitrage as a double-edged blade. He argues that equilibrium prices are a

weighted average of the beliefs of rational and irrational traders, so called noise traders, and as long

as each group has significant risk-bearing capacity, both beliefs are significantly reflected in prices.

Just as rational investors arbitrage away inefficient pricing, foolish traders ”arbitrage away” efficient

pricing. Additionally, his findings suggests that, in some respect, all investors may be imperfectly

rational, considering the cognitive limitations of humans to process all available information. His

findings also highlight that the prevalence of misperceptions is most severe when evaluating securities

for which information is sparce and arrives slowly, a logic that prevails in his later innovation-related

studies rooted in limited attention theory.

An even more refined contribution to the discussion of market efficiency is provided by Pedersen

(2015), who states that the most accurate approach lies somewhere in between the fully rational and

psychological paradigm, but not in an arbitrary middle ground. According to Pedersen (2015), the

truth is well defined: Markets are efficiently inefficient. This essentially means that prices deviate from

fundamental values because of a variety of demand pressures and institutional frictions, but intense

competition among money managers keeps prices in check. Returns net of all relevant market frictions;
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implementation costs and liquidity risk, are very close to their fully efficient levels, and it is extremely

difficult to consistently beat the market. In other words, markets are inefficient to an efficient extent:

Inefficient enough to compensate money managers for their costs and risk, and efficient enough not to

encourage an overflow of new managers or additional capital (Pedersen, 2015).

3.3 Market Frictions

The discovery of an anomaly is less striking if it cannot be adequately implemented by investors.

While the fundamental debate continues as to whether markets are efficient, inefficient, or efficiently

inefficient, (or perhaps inefficiently efficient? We dare not ask), there is one thing that all paradigms

agree on, and that is the existence and relevance of market frictions primarily; implementation costs

and liquidity risk. In the following section, we discuss market frictions and how they are treated in

academia. We devote more space to implementation costs, as these are more directly quantifiable,

and a large body of research exists on this. However, as implementation costs and liquidity risk are

tightly related, we think the latter is also important to take into consideration, why we also devote

some space to discussing liquidity risk in connection with market impact costs. We have chosen not

to model implementation costs because our trading strategy is not a high turnover13 strategy, and not

particularly sensitive to rebalancing frequency, which we show in Chapter 7. However, we stress that

these are not without relevance and will have an impact on performance.

Implementation costs eat into the profits of any trading strategy and can serve as guidance for

which trading rule and rebalancing frequency to choose, which securities to trade, and how large to

scale the trades. From the perspective of detecting an anomaly, any abnormal return should be con-

sidered net of implementation costs and liquidity risk. Starting with the former, implementation costs

arise from (i) execution costs incurred when the securities are traded, and (ii) funding costs if the

strategy is leveraged (Pedersen, 2015).

13Or as high a turnover as, for example, a statistical arbitrage strategy (pairs trading or index arbitrage), or a forthright
high frequency trading strategy, for which the modelling of implementation costs would be more critical to assess any
achievable abnormal returns (Pedersen, 2015).
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Execution Costs

Execution costs are the sum of order processing costs (explicit costs) and market impact costs (implicit

costs). Order processing costs are normally straightforward to measure, as they cover brokerage fees

and other direct costs on each trade, that are typically known to the investor in advance. Market

impact is more problematic to quantify and arises from the pressure that a given trade has on the

market price. The impact of a trade is particularly important when executing a large transaction or

trading illiquid stocks (Teall, 2013). In general, order processing costs and market impact costs are

negatively related and dependent on trading frequency, trade size, and liquidity. A strategy that is

rebalanced frequently will incur higher order processing costs, but insignificant market impact costs, as

it trades in smaller sizes, thus not affecting market prices. In comparison, a less frequent rebalancing

strategy will incur higher market impact costs, as it trades in larger sizes, whereas the order processing

costs become proportionately smaller relative to the total execution costs. As is evident, execution

costs, market impact costs, and funding costs for that matter, center around liquidity – a term which,

despite its importance, lacks a universal definition.

”...liquidity, like pornography, is easily recognized but not so easily defined”

(O’Hara, 1995, p. 215)

As O’Hara so neatly describes, while seemingly a simple concept, the exact meaning of liquidity is

far from apparent. Black (1971) offers a more politically correct definition, describing liquidity as

follows: (i) there are always bid and ask prices for the investor who wants to buy or sell small amounts

of stock immediately; and (ii) the difference between the bid and ask prices (the spread) is always

small. In general, the spread, also known as market width or tightness, is considered a good indicator

of liquidity (Teall, 2013). In addition to the spread, Kyle (1985) also highlights market depth and

slippage as important dimensions to consider when assessing the liquidity of a market. Specifically,

market depth refers to a market’s ability to absorb and execute a larger order without substantially

affecting its price. Closely related does slippage, or market resilience, indicate the speed at which the

price pressure, resulting from a trade that does not contain new information, is dissipated (the price

returns to normal).

For a large universe of stocks, order processing costs and market impact costs are sometimes
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treated in the aggregate as simply execution costs, and quantified by assuming an average cost for all

stocks in the universe (Teall, 2013). However, many studies concerned with execution costs use the bid

ask spread or the half spread (bid ask spread / 2), to take into account the liquidity of each security

(Macey and O’Hara, 1997), while more meticulous research treats execution costs as a function of

security characteristics, such as volatility, daily trading volume, shares outstanding, and public float

(Pedersen, 2015).

”They’ll let you in, but they won’t let you out” - Wall Street conventional wisdom

(Pedersen, 2015, p. 42)

The liquidity of a stock is not constant over time and can, in the event of (bad) news, evaporate or

dry up completely, thus imposing large transaction costs on investors who want to sell. The risk of

rising transaction costs is referred to as market liquidity risk, which is not only relevant from a cost

perspective, but also materializes directly in prices.

Illiquid securities are typically cheaper and earn higher gross returns, offering investors a premium

to compensate them for taking liquidity risk – referred to as the liquidity risk premium. Thus, from

the perspective of detecting an anomaly, it is important to consider if an abnormal return is due

to mispricing, or merely a compensation for liquidity risk. To accommodate for liquidity risk, the

convention of the literature is to value-weight returns (Pedersen, 2015). In addition to market liquidity

risk, investors applying leverage are also concerned with funding liquidity risk, namely the risk of

running out of cash. This can arise if the investor hits a margin constraint and has to pose additional

equity for margin requirements, which can sometimes force the investor to sell shares in order to finance

the additional margin. However, the dynamics of buying and selling on margin are not within the

scope of this thesis, and the main takeaway should be that investors will also want to be compensated

for funding liquidity risk, which is why stocks that have high margin requirements typically earn higher

gross returns. Funding liquidity risk should therefore also be taken into consideration when assessing

abnormal returns in a backtest.

Funding Costs

A strategy needs not only to be executed but also funded, an aspect that is sometimes neglected in

academic literature but highly relevant for strategies that rely on leverage. Factor-mimicking portfolios
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are long-short in construction and thus premised on the act of short-selling. To fund a short position

in real life, an investor must borrow shares from a securities lender (through her prime broker), in

order to sell them short in the market. This gives short-selling a naturally embedded leverage. In

practice, the cash proceeds from the short sale are held by the securities lender, who will typically

also require supplementary cash as an additional margin requirement. This cash collateral earns an

interest rate, referred to as the rebate rate. As the securities lender will want to be compensated for

the loan, she will require a spread between the rebate rate and the money market rate, translating

into an implicit cost for the investor, referred to as the loan fee. Empirical evidence suggests that for

the majority of US-listed stocks, the loan fee is small and typically around 0.1-0.2% on an annualized

basis (D’Avolio, 2002; Geczy et al. 2002). However, the loan fee is also dependent on liquidity as well

as the availability of the stock, and can for difficult-to-short stocks be of several percent – sometimes

up to 50% or more14 and can even be accompanied by an additional loan fee (Pedersen, 2015). The

availability of the stock ultimately depends on the owners of the stock, and which custodian (prime

broker) they keep their stocks with, as some owners, such as pension funds, have a policy of not lending

their shares to short-sellers15, and some custodians will lend shares out without asking.

Looking at our home market, Denmark, the annualized loan fee is typically around 1-3% for large-

cap stocks in the absence of news, but can climb to double-digit numbers if there is a special situation

in the stock. To get a better sense of the size of this fee, we looked up the loan fees for FLSmidth,

Vestas, and Orphazyme on Bloomberg on 29 March 2021. Note that these are loan fees quoted in

the market, and that the investor-specific loan fee can be lower according to the agreements that she

has with her prime broker. For FLSmidth and Vestas, this was a day without any particular news

which would influence market movement, and the loan fee was 0.86% and 1.08% for the two stocks,

respectively. Orphazyme, however, announced that its lead investigational treatment, arimoclomol,

had not met its primary or secondary end points in a pivotal trial (bad news). The share plummeted

30.22% over the course of the day and there were no stocks available to borrow. In comparison, seven

days prior to that, the loan fee was 27.17% (Bloomberg).
14As an extreme example, the cost to borrow GameStop shares climbed as high as 200% in January 2021, with the

high lending fee being most likely the result of a high demand from short-sellers and a relatively small float of just 69.7m
shares outstanding of which more than 100% was already lent to short-sellers (Greifeld, 2021).

15Examples from our home market include ATP, Industries Pension, PFA, AP Pension, and Danica, all of which have
policies against lending securities (Top, 2018).

40



Finding Winners based on Intellectual Property Accumulation May 2021

The overall dynamics of funding a portfolio are quite general, but the specific institutional ar-

rangements between investor and broker can vary significantly, and are dependent on the type of

security to be shorted, as well as the size of the fund in terms of assets under management, as well as

frequency and volume traded. As can be seen, the costs of shorting are both highly security-specific

and dependent on what agreements the investor has with her prime broker. Constructing a long-short

portfolio can therefore be both difficult and costly in real-life markets, why abnormal returns should

be considered net of all market frictions. In addition, our thesis relies on the assumption that all

stocks in our universe are available for short-selling at all times, which, as we have described above,

may not necessarily be true in practice.
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4 The Data, the Innovation Accumulation Measure, and Summary

Statistics

4.1 Data Input and Preliminaries

Our data sample consists of firms in the intersection of the intellectual property database OnScope

and FactSet, that contains financial and accounting data. More specifically, we delimit our universe

to European firms16 that are, or have become, publicly listed over the course of the period 1 January

2010 to 31 December 2020, and have a portfolio of at least 100 patents and trademarks. We obtain

intellectual property data from the intellectual property database OnScope and accounting data along

with stock price data and SIC codes from FactSet. We introduce the data input and sources in the

following section and discuss related biases and shortcomings in section 4.2. We then construct our

Innovation Accumulation measure in section 4.3 and discuss how it relates to previous studies on

innovation and stock price returns. Summary statistics of the data sample are presented in section

4.4.

4.1.1 Intellectual Property Data

The intellectual property database OnScope contains detailed information on active patents and

trademarks registered in Europe, the US and Canada, with data gathered from the Canadian Intellec-

tual Property Office (CIPO), the United States Patent and Trademark Office (USPTO), the EUIPO,

and the WIPO. In order to connect patent publications to the relevant IP owners, OnScope applies

an algorithm to first normalize the name of the registered owner, then connect the patent to the rele-

vant entity. Ownership status and entity relations between parents and subsidiaries are continuously

updated and maintained on a best effort basis17, so that all IP held by subsidiaries is included under

the relevant parent entity.

Patents and trademarks are included in the database in the month of their publication date, which

is the earliest date at which the patent or trademark application becomes part of public information.
16Firms with a European headquarter.
17According to correspondence with OnScope, the database is still inchoate, which is why ownership status and entity

relations can contain deficiencies and errors. Numerous cross-examinations should mitigate the risk of errors, however
we cannot reject the existence of such errors, nor claim that the sample is exhaustive.
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There is a maximum delay of one week between the time of new publications and when they are

included in the database, which we mitigated by not retrieving the dataset until 1 February 2021. For

each firm in our data sample, we collect the monthly number of patents and trademarks published

during the period 1 January 2010 to 31 December 2020 as well as each firm’s IP base, i.e. its aggregate

number of patents and trademarks, on 31 December 2020, which allows us to calculate each firm’s

monthly IP base back in time. Monthly data is the highest frequency available, and the 11-year period

is chosen in consideration of the potential biases that arise from working with an active database.

We discuss the properties of an active database in section 4.2, where we also elaborate on deficiencies

and errors. Note that we include firms in our investable universe (in the portfolio analysis) as they

accumulate 100 patents and trademarks in their IP portfolio and become publicly listed. In order to

allow firms to grow from a base of less than 100 patents and trademarks, and reach 100 within the

sample period, our complete dataset includes firms with more than five patents and trademarks, just

as we include firms that are not publicly listed as of 1 January 2010, but allow for them to become

publicly listed over the period. We elaborate on the dynamics of the investable universe in Chapter

6, where we introduce the methodology. Note that the summary statistics and analysis in the next

chapter are based on firms with at least 100 patents and trademarks.

4.1.2 Stock Price Data

We collect monthly compound stock price returns along with end of month market capitalizations

(denoted in Euro) from FactSet. All returns are calculated on closing prices on the first trading

date of the month to ensure that the strategy is implementable18. We use compound returns as this

measure assumes that dividends19 are reinvested on the ex-dividend date. We believe this is the

most appropriate way to treat dividends, as this treatment is robust towards the time when dividends

are received. As a general principle in finance, payments at different points in time are not directly

comparable and should therefore be discounted back or forward to the same date with appropriate

discount rates. Discounting dividends between the dates for when returns are calculated introduces

the challenge of choosing the appropriate discount rate. This is however an arbitrary exercise, as the
18For example, the return over January 2020 is computed on closing prices on the first trading date of January 2020

and February 2020, respectively.
19Dividends describes all distributions of profits to shareholders, including share buybacks, bonus shares, etc.
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discount rates should reflect the risk of the payment. By assuming that dividends are reinvested, we

are still taking into account the time value of money between the ex-dividend date and the dates

for when returns are calculated, while avoiding the exercise of choosing an appropriate discount rate

(Munk, 2019). We note that this procedure assumes that dividends are paid out on the ex-dividend

date, and that dividends can be reinvested by purchasing fractions of shares, neither of which hold in

practice. The effect of the first assumption is however incredibly small and has no material impact

on returns, so it can be ignored. The second assumption will not prove material in practice either, as

many institutional investors trade thousands of shares of the same stock, in which case rounding errors

become negligible. Furthermore, compound returns are also adjusted for stock splits and spin-offs.

4.1.3 Accounting Data

Annual accounting data is obtained from FactSet. This includes each firm’s total assets, return

on equity, return on assets, operating margin, sales growth Y/Y and free cash flow yield. We use

normalized earnings in the calculation of ROA and ROE when available, excluding extraordinary items

that are non-recurring in their nature for better comparability and a more accurate representation of

the underlying performance. We briefly introduce how each ratio is calculated below, according to

FactSet’s definitions20.

ROA is operating profit (EBIT) before extraordinary items plus interest expenses divided by

average total assets. ROE is operating profit (EBIT) before extraordinary items plus interest expenses

divided by average total equity. Both measure a firm’s performance taking into account leverage.

Operating margin (EBIT margin) is operating profit (EBIT) before extraordinary items divided by

total sales, and measures the profitability of the operations. Sales growth Y/Y is the percentage

growth year over year in total sales. Free cash flow yield is free cash flow divided by market value

of equity, where free cash flow is defined as the difference between operating cash flow21 and capital

expenditures net of fixed asset disposals. The free cash flow yield can both be viewed as a profitability

measure and a solvency measure, as the ratio covers the firm’s ability to generate cash flows from

operations and investment activities (scaled by its market value of equity).
20As we obtain data from FactSet, we rely on the database’s definitions for financial ratios, and are thus restrained

from making any adjustments to these.
21Based on historical consensus broker ‘estimates’ (post results, thereby reflecting ‘actuals’).
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4.1.4 Industry Classification

We obtain four-digit Standard Industrial Classification (SIC) codes for all firms in the sample from

FactSet, along with the Fama and French (1997) 48 industry classifications, obtained from Kenneth

French’s website22, which form the basis for our IP-based industry classification. We pool industries

that have the same IP characteristics in terms of expected IP activity into 19 sur-industries. Figure 6

presents the complete industry classifications.

Figure 6: Industry classification

22We obtain the 48 industry classification from Kenneth French’s website:
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
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Note that the new industry classification is presented in bold, and the Fama and French’s (1997)

original 48 industry classification in italic.

Examples of industries that we have pooled together include; food, beer, candy, and tobacco, as

well as computers and chips, and banks and insurance into the three sur-industries; food & beverages,

computers & chips, and financials, respectively. In addition, we investigate the companies belonging

to each new sur-industry thoroughly and reclassify firms that we believe have been wrongly classified.

Examples of firms that we have reclassified are FLSmidth and Metso Outotec, Vestas and Siemens

Gamesa, and Chr. Hansen and Givaudan – pairs that we believe should belong to the same industries.

We also include a new industry category, which we believe is distinct from the remaining in its use of

IP, namely software & services23.

4.1.5 Benchmark

We evaluate the returns of our strategies relative to the market excess return (MKT) and a series

of factor-mimicking portfolio returns, namely the Carhart (1997) four-factor model: market (MKT);

size (SMB); value (HML); and momentum (MOM). Monthly compound factor-mimicking portfolio

returns are obtained from Kenneth French’s website24 along with the one-month Treasury bill rate.

The MKT factor is the return on the European region’s25 value-weight market portfolio minus its one-

month T-bill rate. The factor-mimicking portfolios are constructed very similarly to how we construct

the IA factor-mimicking portfolio, and we briefly recapitulate Kenneth French’s methodology below.

To construct the SMB and HML factors, stocks are sorted into two market cap and three book-

to-market equity (B/M) groups at the end of each June. Big stocks are those in the top 90% of June

market cap for the region, and Small stocks are those in the bottom 10%. The B/M breakpoints for a

region are the 30th and 70th percentiles of B/M for the region’s Big stocks. The independent double

sorts on size and B/M produce six value-weight portfolios: S/G, S/N, S/V, B/G, B/N, and B/V,

where ’S’ and ’B’ indicate Small or Big and ’G’, ’N’, and ’V’ indicate Growth (low B/M), Neutral,
23Most of the firms in this industry were reclassified from ‘business services’, and the remainder were mostly facility

services businesses. Software & services is marked with a star (*) in figure 6.
24We obtain returns on the factor-mimicking portfolios from Kenneth French’s website: http://mba.

Tuck.dartmouth.edu/pages/faculty/ken.french/.
25The European region, according to Kenneth French includes: Austria, Belgium, Switzerland, Germany, Denmark,

Spain, Finland, France, GB, Greece, Ireland, Italy, Netherlands, Norway, Portugal and Sweden.
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and Value (high B/M).

SMB is the equal-weighted average of the returns on the three Small-stock portfolios for the region

minus the average of the returns on the three Big-stock portfolios:

SMB = (Small Value + Small Neutral + Small Growth)/3 – (Big Value + Big Neutral + Big

Growth)/3

HML is the equal-weighted average of the returns for the two high B/M portfolios for a region

minus the average of the returns for the two low B/M portfolios:

HML = (Small Value + Big Value)/2 – (Small Growth + Big Growth)/2

French uses six value-weight portfolios formed on size and prior returns (2-12 months) to construct

the MOM factor. The portfolios, which are formed monthly, are the intersections of two portfolios

formed on size and three portfolios formed on prior returns (2-12 months). The monthly size breakpoint

is the median market equity of the European region. The monthly prior return breakpoints are the

30thand 70th percentiles.

MOM is then constructed as the average return on the two high prior-return portfolios minus the

average return on the two low prior-return portfolios:

MOM = (Small High + Big High)/2 – (Small Low + Big Low)/2

The momentum portfolios are reconstituted monthly and the factor-mimicking portfolios, SMB

and HML, are reconstituted annually. All returns include dividends and capital gains, and are dis-

cretely compounded (French, 2021).

4.2 Biases

The dataset is prone to various biases, deficiencies and errors, which we believe is important to

take into consideration when analyzing the data. First, it is an ‘active’ dataset as opposed to a ‘point-

in-time’ dataset, which means that it contains data on patents and trademarks that were published in

the past 11 years, and are still active today. Inactive patents are thus excluded from the dataset from

the moment they become inactive. This effectively means that patents that were active on 1 January

2010, but have become inactive before 1 February 2021 when we retrieved the data, are not included
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in the dataset. As stated in Chapter 2, all patents have a lifetime of 20 years, which means that those

that were published before 1 February 2001 will not appear in the sample. The inevitable outcome

of this is that we can only observe positive or stagnant growth, thus blind to the effect of firms that

are not succeeding in maintaining their IP portfolio by replacing expiring patents with new ones, i.e.

firms with negative IP growth. To some extent we have, admittedly, a blinkered approach.

Secondly, the properties of an ‘active’ IP dataset create a bias towards older firms in our portfolio

analysis, best described through an example. Consider two companies: Firm A is young with a

corporate history short of 20 years, so none of its patents have reached their expiration date, and

therefore are all reflected in the dataset. Firm B is older and has been accumulating patents for

over 20 years, which is why these are continuously expiring and therefore excluded from the dataset.

They both accumulate the same number of patents each year. Obviously, the dataset will accurately

reflect IP growth for firm A, while firm B will benefit from an artificially depressed base of IP, thereby

inflating B’s IP accumulation rate26. The longer we go back, the more of B’s patents will have expired,

and the more inflated its accumulation rate will be, all else being equal. Effectively, this gives rise to a

bias towards older firms, as these will appear as better IP accumulators and are therefore more likely

to be included in the long portfolio.

The third pitfall of working with an active database is that changes in entity relations as the

result of, for example mergers, acquisitions or divestments, introduce errors to the dataset. According

to OnScope, the database is continuously updated to reflect changes in entity relations so that all IP

held by subsidiaries is included under the relevant parent entity. The continuous updating of entity

relations implies that in the case of, for instance acquisitions, patents that were published before

the acquisition date appear under the new owner – also historically, i.e. before the acquisition date.

Consider for example the merger between Mesto Minerals and Outotec. The two companies were

merged on 1 July 2020 and took over Outotec’s listing, while the remainder of Metso Minerals was

renamed Neles Corporation and stayed under Metso’s listing. Patents belonging to Metso Minerals

were then historically included under Outotec’s listing and removed from the (now) Neles listing. When

we perform the portfolio analysis, we are effectively expecting patents that did not belong to Outotec
26The accurate number of new patents at t scaled by an artificially lower number of patents at t-1.
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prior to 1 July 2020 to explain its stock price performance during this period, while simultaneously

asking Neles’ subdued patent portfolio to explain the stock price performance of Metso Minerals prior

to the merger.

4.3 The Innovation Accumulation Measure

We proxy a firm’s ability to innovate by constructing a measure of Innovation Accumulation

(IA), specifically, the percentage growth in its IP base, IPt, quantified by the firm’s absolute number

of patents and trademarks. Note that throughout the thesis, we use the terms IP growth and IA

interchangeably to denote growth in a firm’s IP portfolio. Unless otherwise specified, IA is measured

over a 12-month look-back horizon, k:

IAt = IPt

IPt−k
− 1 (3)

Our IA measure is related to academic literature on innovation output measures (Griliches, 1990;

Gu, 2005; Matolcsy and Wyatt, 2008; Pandit et al. 2011; Hirshleifer et al. 2018) and output-to-input

measures (Hirshleifer et al. 2013). We complement this literature by introducing a relative measure

of innovative output, Innovation Accumulation. Although this patent-based IA measure shares the

numerator with the Innovative Efficiency measure, i.e. the patents-to-R&D ratio used in Hirshleifer et

al. (2013), these two measures differ conceptually. The patents-to-R&D ratio is an efficiency measure,

reflecting the efficiency of R&D in the form of patents granted per unit of R&D investment, while our

IA measure is a growth measure, reflecting a firm’s ability to expand its IP portfolio. We believe the

pace of innovation is more relevant for valuation purposes than efficiency for several reasons. First, we

argue that across several industries, it remains critical for firms to continuously grow their IP portfolios

to secure their competitive edge and bargaining power in licensing negotiations. IP growth is especially

key in fast-developing industries, such as software & services where new innovations can be seen to

create new markets and patents are required to protect firms’ freedom to operate. Parallels can be

drawn between IP-intensive industries such as the chemicals industry, shaped by patent clusters, and a

prisoner’s dilemma game, in which firms race to outgrow competitors’ IP portfolios in order to obtain

superior negotiating power. In industries with long innovation cycles and high dependence on single
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blockbuster products, pharma & biotech in particular, firms are competing in a series of games where

the winner often takes it all, as patent grants translate into monopoly pricing power. Growth in IP is

therefore essential to secure the revenue streams needed to fund new R&D projects that, following the

analogy, will act as admission tickets to future patent races. We recognize the importance of taking

into consideration the input side, that is, whether a firm is able to attain its innovation output at a

reasonable cost, proxied by R&D expenditure. However, we argue that being an efficient innovation

machine is of little use if your competitors are outgrowing you at double-digit rates and capturing

all available market. Without any freedom to operate, where are you going to plug in your efficiency

machine?

In addition, our IA measure differentiates from the aforementioned innovation measures in its

feature of simplicity. This is in line with the findings of Bedford et al. (2020), who criticize the

complex measure of Innovative Originality, arguing that investors are not sophisticated enough to

price simple indicators of patenting activity, let alone the information in IO, showing that the use of

a simple measure of innovation, such as patent count, captures a significant portion of IO. Consistent

with limited attention theory, we argue that investors are unable to immediately process and price

IP publications, resulting in short-term mispricing. Bedford et al. (2020) also find that the positive

association between IO and stock returns disappears when controlling for the firm’s patenting activity,

proxied by an indicator variable set to equal one if a firm is granted patents, zero otherwise. They

suggest that future studies examining innovation measures should focus only on firms with patenting

activities and adequately control for the degree of patenting activity. We do this by only including

what we consider IP-heavy companies, i.e. firms with at least 100 patents and trademarks, in our data

sample.

The use of IP growth over t-k is premised on IP publications over the preceding k months all

contributing to a firm’s operating performance and stock price returns equally. Obviously, the reality

is more complex than this, and we recognize that treating all IP on an equal footing does not reflect

that the degree of innovation and economic significance varies substantially among inventions. The

degree of innovation, or what Hirshleifer et al. (2018) refer to as Innovative Originality, varies between

IP, especially as some patents protect add-on improvements or new uses for already existing inven-
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tions, while others are blockbuster patents and allow inventors to gain exclusivity over an entirely

new product or process. Likewise, not all patents will be equally commercial, some not unlocking

business potential for many years. In broad terms, this is also a factor that differentiates patents from

trademarks, as the time between filing a trademark and selling under it is much shorter. There may

also be differences in risk, with some IP generating less profitable end-products. All this considered,

we favor simplicity over complexity, as we argue that estimating the true value of a single patent is

a complex exercise, not easily proxied by a quantitative measure such as Innovative Originality, and

better fit for discretionary analysis.

Furthermore, we complement the existing field of literature by looking at publication date as

opposed to grant date, as this is the earliest time at which the IP application becomes part of public

information. We also consider trademarks in conjunction with patents, agreeing with recent empirical

evidence from the EPO and EUIPO (2019) showing that trademarks contain distinct information

about future growth prospects that is incremental to that of patents alone.

4.4 Summary Statistics

Figure 7 shows the pooled summary statistics, including number of firms, aggregate market cap-

italization, and weight in universe for each of the 19 industries, along with median market cap and

median annualized average returns from January 2010 to December 2020. The complete summary

statistics are reported in table A in the appendix. In the aggregate, our sample consists of 614 pub-

licly listed27 European firms with a median market cap of EUR5.28bn. The sample is positively skewed

with a mean market cap of EUR21.09bn and the majority (60%) of firms valued below EUR10bn. This

is overall representative of the European equity market (EPO EUIPO, 2021). Across industries, we

observe a large variation in market cap and returns. The median market cap ranges from EUR1.07bn

to EUR20.25bn, with few industries having firms with valuations above EUR200bn. The biggest in-

dustries in our sample in terms of the percent of aggregate market cap are consumer discs & staples

(13.10%), computers & chips (11.31%), pharma & biotech (13.93%), medtech (9.13%), and aeros,

autos & ships (9.21%). The pooled median of average annualized returns also vary between industries,

with the best performing industries being software & services, medtech, and packaging, pulp & paper,
27Publicly listed at some point during the sample period and included when stock price data is available.
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all of which have delivered double-digit annualized returns throughout the period.

Figure 7: Summary statistics of data (EURbn)

We calculate each firm’s compound annual IP growth rate over the period 1 January 2010 to

31 December 2020. Figure 8 shows the pooled distribution of this IP growth rate for each of the

19 industries. Specifically, it plots the minimum, 1st quartile, median, 3rd quartile, and maximum

compound annual IP growth rate of firms belonging to that industry.

Overall, there is a large cross-industry variation in IP growth, the median IP growth rate ranging

between 7.57% and 14.61%. Software & services and computers & chips stand out with high me-

dian growth rates of 14.61% and 12.56%, respectively. Both these industries, along with electrical

equipment, have very wide distributions of IP growth, with the 3rd quartile outpacing the 1st quartile

by 16.29%-points, 8.92%-points, and 9.64%-points for software & services, computers & chips, and

electrical equipment respectively. Industries we expect to be less focused on IP such as financials and

hospitality & services exhibit the lowest median growth rates of 7.97% and 7.57%, respectively.
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Figure 8: Cross-industry distribution of compound annual IP growth rate 2010-2020

To get a sense of which industries are more focused on innovation, we proxy a firm’s ‘level of IP’

as its average IP base from 1 January 2010 to 31 December 2020. That is, the average of the total

number of patents and trademarks in a firm’s IP portfolio over the 11-year period. Analogous to above,

we show the pooled distribution of IP level across the 19 industries in figure 9. Specifically, it plots

the minimum, 1st quartile, median, 3rd quartile, and maximum level of IP for firms belonging to that

industry. Note that the upper whisker (maximum) is not shown for all industries to ease readability

of the figure, as some industries contain firms with extremely high levels of IP. We refer to table B in

the appendix for the complete statistics.

We note that chemicals, electrical equipment, and aeros, autos & ships are industries with overall

high IP levels. Specifically, the median IP level for these industries are 796 patents and trademarks for

chemicals, 585 for electrical equipment, and 570 for aeros, autos & ships. In addition, the distribution

of firms’ IP level differs greatly within industries. Especially in the computers & chips as well as the

aeros, autos & ships industries, where the interquartile range (3rd quartile - 1st quartile) is as high

as 2,947 and 3,329 patents and trademarks, respectively. At the other end of the spectrum, firms in
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industries that are less focused on IP have low and very similar levels of IP.

Figure 9: Cross-industry distribution of average IP level 2010-2020

The ‘IP level’ measure does not take into account the size of firms, which is why we introduce a

measure of ‘IP intensity’ to accommodate for this, scaling the number of patents and trademarks in

a firm’s IP portfolio by its total assets (EURbn). Thus, IP intensity measures a firm’s IP relative to

its total assets (EURbn). We calculate the average IP intensity from 1 January 2010 to 31 December

2020 for each firm, and show the pooled distribution of IP intensity across the 19 industries in figure

10. Note that the upper whisker (maximum) is again not shown for all industries, as some contain

firms with a high ratio of patents-to-assets (EURbn). We observe significant variation in IP intensity,

and in particular pharma & biotech, medtech, computers & chips, and software & services stand out

as IP-intensive industries, with the median of firms having 358, 322, 415, and 267 patents per EUR

1bn assets, respectively. We observe a wide distribution within the computers & chips, software &

services, and pharma & biotech industries, which suggests that firms within these industries are not

very uniform in terms of their dependence on IP. On the contrary, Telecom & media appears very

uniform, given that firms in the 3rd quartile within this industry have as few as 48 patents per EUR
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1bn assets. Once again, we observe that construction, financials, and hospitality & services are less

IP-intensive, confirming that these are less focused on generating IP.

Figure 10: Cross-industry distribution of average IP intensity 2010-2020

Bringing it all together, we observe the highest IP growth in software & services and computers &

chips. These are also largely the industries with the highest IP intensity, along with pharma & biotech

and medtech, while the industries with the highest IP level are chemicals, electrical equipment, and

aeros, autos & ships.

These observations are interesting for two reasons. First, being that the top IP-growth industries

do not intersect with the top IP-level industries suggests that firms with lower IP levels might be ben-

efitting from a lower IP base, thereby producing inflated IP growth rates, as compared to firms that

belong to higher IP-level industries. The question that arises is then, if we construct a portfolio by

taking a long position in high-IA firms and short low-IA firms, do we essentially risk going long high-IA

industries and short low-IA industries? And could this in fact be the equivalent of going long low-IP

level industries (where initial high levels produce depressed IP growth rates), in which innovation
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might not be that critical, and short high-IP level industries (that benefit from low initial levels) that

largely depend on new innovation? Plotting the median IP growth rate against the median IP level

across industries suggests that at least the latter is not the case. We do not see a direct inverse relation-

ship between average IP growth and average IP level, in fact it appears that no such relationship exists.

Figure 11: Industry median of IP CAGR, IP level and IP intensity, sorted on IP CAGR

The second interesting observation relates to our proposition that the use and importance of IP

differs considerably across industries, in some of which firms are heavily dependent on generating IP,

whereas in others, innovation is close to irrelevant. Examples include industries such as financials,

transportation, construction, and hospitality & services, which all share common traits of overall low

IP levels and low IP intensity, as confirmed by the data. We expect that a higher IP intensity translates

into a relatively higher focus on innovation. If an industry has a high IP-to-assets ratio, it must mean

that IP is important for creating value within that industry. We therefore expect a more significant

outperformance between high and low IA firms in high IP-intensity industries, and little or no relation
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between IP growth and operating performance in low IP-intensity industries. This being due to the

fact that for banks and insurance companies, freight forwarders and global shippers, construction

firms, and restaurant chains, IP simply does not create any measurable value. These statistics suggest

that it is important to control for industry effects when examining the relation between IP growth

and firms’ operating performance and stock returns.
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5 Innovation Accumulation and Operating Performance

To test Hypothesis 1 of this thesis, namely that Innovation Accumulation is positively associated

with contemporaneous and subsequent operating performance, we first examine the relation between

contemporaneous operating performance and Innovation Accumulation in a cross-sectional analysis in

section 5.1, followed by a time-series analysis in section 5.2, where we investigate if IP growth predicts

a subsequent improvement in operating performance. Figure 12 illustrates the two approaches below.

Figure 12: Cross-sectional (‘Study 1’) vs. time-series (‘Study 2’) analysis

5.1 Study 1: Cross-Sectional Analysis

We sort each industry into three IA groups (Low, Middle, and High), based on the 1st and 2nd

terciles of the compound annual IP growth rate over the period28 from 1 January 2010 to 31 December

2020 and examine the relative performance of the Low, Middle, and High IA firms within each industry

over the same period. We expect an 11-year period to be sufficient in capturing a complete business

cycle of each firm, although we recognize that the length of a business cycle can vary considerably

across industries. Specifically, we look at the return on assets, return on equity, EBIT margin, sales

growth Y/Y, and free cash flow yield for each firm, as defined in section 4.1.3, averaged over the 11-

year period. We then calculate the pooled average of financial ratios for each IA group, Low, Middle,
28Note that ’1 January 2010’ is denoted 2009 in figure 12.
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and High, within each industry.

We present the aggregate results below and report the complete results in table C in the appendix.

Specifically, figure 13 reports the difference in performance between the High and Low IA group within

each industry. For example, the reported ROE for food & beverages of 10.00% is the average return

on equity over the 11-year period for firms in the High IA group in the food & beverages industry

(Avg. ROE = 15.86%) less the average return on equity for the Low IA group in the same industry

(Avg. ROE = 5.86%). A star (*) next to the number indicates if the Middle group outperforms the

High group, and thus distorts a potentially positive relation.

Figure 13: Difference in performance between High and Low IA groups 2010-2020

Overall, we do not see a consistent positive relation between Innovation Accumulation and op-

erating performance although the data appears supportive for a few industries. Namely, in food &

beverages, consumer discs & staples, telecom & media, medtech, and financials, the High IA groups

outperform the Low IA groups on most performance measures. In the previous section, we mentioned

that we expect to see a stronger relation between Innovation Accumulation and operating performance

in high IP-intensity industries, compared to low IP-intensity industries. Medtech is a prime example,

confirming this expectation, with the High IA group showing consistently higher ROE, ROA, EBIT
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margin, sales growth and FCF yield, than the Low IA group. However, the Middle group appears

to generate results in line with or above the High IA group, which makes the pattern a bit blurry.

Next in line is telecom & media, which shows a consistent performance decay across the High, Middle,

and Low IA groups, without any distortions from the Middle group. Although this industry is not

characterized as being particularly IP-intensive, it is still very much focused on growth in IP, primarily

because the size of a firm’s patent portfolio translates into better bargaining power in negotiations

with competitors. The low IP-to-assets ratio can therefore be partly explained by the denominator

in the IP-to-assets ratio, as a large share of firms belonging to this industry are telecom operators

with data centers, satellite stations, and wireless towers on their balance sheets. We therefore argue

that telecom & media is a highly IP-focused industry, and that the data confirms our proposition of

a strong and positive relation between Innovation Accumulation and operating performance within

that industry. The pooled average performance measures for the High, Middle, and Low IA groups

are presented in figure 14 for medtech and telecom & media, respectively.

Figure 14: Average performance measures for High, Middle and Low IA groups 2010-2020

Surprisingly, the data suggests an inverse or inexistent relationship between IA and operating per-

formance for the remaining IP-intensive industries; computers & chips, software & services, pharma

& biotech, chemicals, and aeros, autos & ships. In fact, the pattern appears entirely random with

the Middle group more often than not outperforming High and Low. We believe a lack of compati-

bility is likely culprit, which we will elaborate on in the following section. As expected, the relation
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appears weak in industries exhibiting a lower IP intensity, namely transportation, energy & utilities,

construction, financials, and hospitality & services, in which the High IA groups are consistently un-

derperforming Low IA groups, confirming that innovation is simply not a competitive moat in these

industries.

Looking across the performance measures, we observe a stronger and more positive relationship

between Innovation Accumulation and sales growth than for the remaining ratios. This is consistent

with an empirical study by EPO and EUIPO (2021), that found that SMEs with intellectual property

rights are more likely to experience subsequent sales growth, as well as findings of Ernst (2001),

Scherer (1965), and Comanor and Scherer (1969), who also proved a positive relationship between

patents granted and sales growth. Ernst (2001) explains this relation based on the rationale that

sales reflect direct market feedback. We therefore think that sales growth represents a more adequate

indicator of the effect of patents on operating performance, which confirms our proposition that IA

has a positive effect on firm performance.

The negative relationship we observed in most of the industries can be viewed as a critique of

our proposition of a contemporaneous effect, with IP growth immediately translating into operating

performance, and the effect lasting over the 11-year measuring period. Recall that we count patents

and trademarks as of their publication date, the earliest date at which the patent or trademark

application becomes part of public information. However, this does not necessarily, if at all, coincide

with the time at which firms can start to generate profits on said IP. It may take time before some

patents unlock business potential, with sometimes several years between publication and grant, and,

according to the findings of Ernst (2001), a significant time lag between the grant of a patent and its

effect on corporate performance29. Expecting high IP growth to coincide with above-industry average

profitability and cash generation is therefore not reasonable, and while we argue that innovative

activities should translate into improvement in accruals over an 11-year period, we emphasize that

investing in innovation is also cash consuming. It is evident, that innovation comes at a cost, this

being an aspect where our Innovation Accumulation measure admittedly fall short, and where the

Innovative Efficiency measure of Hirshleifer et al. (2013) is superior.
29His findings are limited to the manufacturing industry, but illustrates that the relation is not contemporaneous.
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We recognize the importance of considering whether a firm is able to attain its innovation output at

a reasonable cost, but we also think firm life cycle is distorting results. For example, it is unreasonable

to expect all firms belonging to the pharma & biotech industry to be comparable on for example

profitability, as early-stage biotech companies are typically not breakeven, while big pharmaceutical

companies are more profitable than most S&P 500 companies (Health Europe, 2020). In addition,

firms in different life cycle stages will also have vastly different growth and risk profiles. Sorting

pharma & biotech on IA will presumably divide the space into young biotech, mature pharma, and a

middle category in between, entirely incomparable to each other on profitability, growth, and risk30.

We discuss comparability in more depth below.

The cross-sectional analysis is premised on the assumption that firms that are compared are

truly comparable, i.e. share the same economic characteristics and are based on the same accounting

policies. Starting with the latter, today, IFRS has been widely adopted across Europe and is mandatory

for EU-listed firms, making accounting principles more harmonized across firms in different countries.

However, even if firms use IFRS, there is still some degree of flexibility in accounting numbers, as IFRS

relies on accounting standards that involve management’s judgement. Examples include the timing

of recognition of revenue, expensing versus capitalizing development costs, inventory accounting, and

the treatment of costs as one-offs (Petersen et al. 2017). The issue of expensing versus capitalizing

development costs is especially relevant for IP-heavy firms, as they will typically have high R&D

expenditures, and depending on how these are accounted for, the effects on financial ratios may

be quite large. Firms that are growing their IP portfolios quickly are, presumably, highly research

intensive, and therefore have to expense most of their investments in R&D. Accounting conservatism

may therefore explain some of the patterns in the data, as High IA groups may have more conservatively

measured balance sheets, inflating financial ratios with equity or assets in the denominator, namely

ROE and ROA. Thus; definitions, recognition, measurement, and classification of accounting items

will differ across firms, why noise in the financial data is inevitable, even when using normalized items.

In addition, assuming firms across our sample share the same economic characteristics is naive at

best. First of all, there are huge differences in systematic risk, with banks, utilities, and transportation
30As a side note, we also expect the influence of early stage biotech firms with smaller IP portfolios to be responsible

for the overall low IP level in the industry.
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typically exhibiting the lowest unlevered betas, while chemicals, semiconductor equipment (what we

refer to as computers & chips), and autos, have much higher systemic risk (obtained from Aswath

Damodaran’s website31). Some of the variation in market risk is captured by our industry classification,

however, we emphasize that the unlevered beta still varies within industries, in addition to firm-specific

risk factors. Differences in risk profiles are important to consider, as this is not reflected in the applied

performance measures, thereby making it hard to compare the true performance of firms. Ideally,

profitability measures should be compared to an appropriate cost of capital, e.g. ROIC in the excess

of WACC or ROE in the excess of required return on equity, reflecting the risk adjusted return – what

McKinsey & Company and the Boston Consulting Group refer to as Economic Profit (Koller et al.

2005). Lastly, the cross-sectional analysis compares only the level of performance ratios across the 11-

year period, and thereby does not capture a potential positive trend or shift in operating performance

as a consequence of innovation activity.

5.2 Study 2: Time-Series Analysis

To take into consideration the time lag from publication to commercialization as proposed by

Ernst (2001), we examine if our IA measure is positively associated with improvement in operating

performance in a two-period time-series analysis. We use each firm as its own control group, which

we argue is the purest basis for comparison, as it mitigates the problems arising from differences in

accounting practices and economic characteristics including size, life cycle, and industry effects. We

split the sample period into two time periods; 2009-2014 (period 1) and 2015-2020 (period 2), and

evaluate the change in profitability, growth and cash generation, namely ROA, ROE, EBIT margin,

sales growth Y/Y and FCF yield, over period 1 to period 2. Specifically, we calculate the change as

the average of the performance measure over period 2 less the average over period 1, illustrated below

with delta ROE as an example:

∆ROE = 1
6

2020∑
t=2015

ROEt − 1
6

2014∑
t=2009

ROEt (4)

31We obtain the beta estimates by sectors from Aswath Damodaran‘s website:
http://pages.stern.nyu.edu/ adamodar/NewHomeP age/datafile/Betas.html.
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Once again, we sort all firms into IA groups (Low, Middle, and High), based on the 1st and

2nd terciles of the compound annual IP growth rate, this time over the period from 2009-201532, and

investigate if firms in the High group see a stronger improvement in operating performance than firms

in the Middle and Low groups. We believe that comparing each firm to its own historical performance

is the purest basis for comparison, as it relies only on the assumption that accounting policies and

estimates are the same over time, and that the risk profile remains largely unchanged, i.e. that firms

have not engaged in acquisitions or disposed of lines of business, entered new markets or launched

new product lines, that substantially change their risk profile. We report the results in figure 15 below.

Figure 15: Change in performance from ’Period 1’ to ’Period 2’

The results are supportive, although not unambiguous. We find that High IA firms on average

experience an improvement in operating performance, in most cases exceeding the delta for the Middle

and Low groups. We observe the strongest relationships between IA and change in ROA as well as IA

and change in free cash flow yield. In general, the top innovation accumulators improved their ROA

by 1.88%-points on average, while the Middle and Low IA firms saw declines of -0.79% and -0.57%,

respectively. Focusing only on firms that managed to improve their ROA over the period, i.e. firms

with a positive delta, we see that the top accumulators saw the strongest improvement on average,

5.07%-points up from period 1 to period 2, while the Middle and Low groups increased their ROA by
32Thus also capturing each firm’s IP accumulation in 2015, i.e. until the beginning of period 2.
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1.68%-points and 1.58%-points respectively. Across all performance measures, the pattern is stronger

when examining only firms that improved their financial ratios. Among only ‘delta positive’ firms, the

High group shows significant outperformance over the Middle and Low groups.

Figure 16: Change in ROA and FCF yield from ’Period 1’ to ’Period 2’

We also find a positive relation between IA and free cash flow yield. The High IA groups boosted

their FCF yield by 0.20%-points, while the Low IA group’s FCF yield deteriorated by -0.48%-points.

We find mixed results for the remaining performance indicators, although the relationship is not as

consistent, as can be seen in figure 16. For example, firms in the High IA group exhibited a large

decline in sales growth of -8.56%, while the Middle and Low groups deteriorated by only -0.96% and

-0.75%, respectively.

Summary of Findings

Study 1 showed little evidence of a positive relation between IA and contemporaneous operating

performance. Although the data is supportive for a few industries, it does not confirm our proposition

of a stronger positive association between IA and operating performance in IP-focused industries. We

think two effects are at fault, the first being a lack of comparability between firms in the same industry.

The cross-sectional analysis is premised on the assumption that firms that are compared share the

same economic characteristics, which is far from guaranteed just because firms belong to the same
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industry. Variations in risk profiles are especially important, as these are not reflected in the applied

performance measures. We also think differences in accounting practices are distorting results. With

that in mind, we still argue that sales growth is the most adequate indicator of the effect of patents

on operating performance, drawing on the findings of EPO and EUIPO (2021), Ernst (2001), Scherer

(1965), and Comanor and Scherer (1969). We find a stronger and more positive relationship between

IA and sales growth than the rest of the performance measures. However, we also argue that it is

unreasonable to expect high IP growth to coincide with superior operating performance, and while

we expect that innovative activity should translate into higher growth and margins over an 11-year

period, we think improvement in operating performance is a better basis for measuring the effect of

IA.

Using firms as their own control group and allowing for a lagged effect should provide a better

foundation for assessing the association between Innovation Accumulation and operating performance.

In study 2 we show that High IA firms, in most cases, experience a subsequent improvement in op-

erating performance, however, the results are ambiguous. The relation appears strongest when only

looking at firms that improved their financial ratios. Overall, we believe these findings provide little

support for Hypothesis 1, why we cannot conclude that Innovation Accumulation is positively associ-

ated with either contemporaneous or subsequent operating performance.
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6 Methodology

In this Chapter, we outline the methodology applied to investigate Hypothesis 2, namely that

a positive relation exists between Innovation Accumulation and stock price returns, and Hypothesis

3, that Innovation Accumulation contains incremental information to existing stock market factors.

We briefly present the methodological framework to dissect anomaly variables that constitutes the

convention of the anomaly literature, and then describe in detail how we implement the approach and

construct a backtest of the IA-return relation.

6.1 Dissecting Anomalies

Two approaches are commonly used to identify anomaly variables (Fama and French, 2008): (i)

cross-sectional regressions in the spirit of Fama and Macbeth (FM) (1973); and (ii) portfolio sorts of

returns on anomaly factors. In the following section, we sketch the salient outlines of both methods,

before presenting reasons for why we prefer sorts over FM regressions.

The three-step cross-sectional regression devised by Fama and MacBeth (1973) constitutes a well-

established and acclaimed methodology in the financial literature due to its undeniable merits of

simplicity and clarity, and is most commonly used to estimate parameters for asset pricing models

such as the CAPM. FM regressions are especially effective for multi-factor models, with the purpose

of examining which factors are distinct and contain incremental information to predict future stock

price performance. The method differs from sorts in the way that it imposes a functional form

on the relationship between anomaly factors and returns. The output of FM regressions, multiple

regression slopes, provide direct estimates of incremental effects of the factor(s) of interest, and the

approach is therefore more elegant for drawing inferences on which anomaly factors contain unique

and incremental information about returns. While this structure is what gives FM regressions their

strength, to disentangle the return effect of multiple factors, the functional form imposed by the

regression might not be correct – a drawback that is directly tied to the method’s sensitivity towards

observation errors. Returns on individual stocks can be extreme, which may lead to distortions in

the functional form, creating a risk of drawing false inferences of the factor-return relation. These

observation errors are not easily identified, and difficult to adjust for - a pitfall that is the root of most
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critique on the method. This drawback does not inflict sorts.

The method of sorts is also widely used in financial literature, and most popular due to its

simplicity and robustness towards assumptions otherwise relied upon by FM regressions. One example

is that it does not assume a linear relationship between expected returns and the factor. The traditional

approach of sorts is to form equal-weight decile portfolios by sorting stocks on the factor of interest,

single sorts, or by a combination of the factor and another variable of interest, typically size, double

sorts (Fama and French, 2008). A hedge portfolio is then constructed from long-short positions in

the extreme deciles. The main advantage of this method is a simple picture of how average returns

vary across the spectrum of an anomaly factor. There are, however, also pitfalls tied to this method,

although primarily relating to the equal weighting of returns.

Specifically, the returns of equal-weight hedge portfolios can be dominated by stocks that are tiny

and presumably illiquid. These micro-cap stocks can be influential in equal weight portfolios for two

reasons. One, they make up less than 1% of the European stock market by market cap, but represent

92.97% of European companies (Morningstar, 2021). Two, they tend to have more extreme values

of the explanatory variables and more extreme returns, the latter which can partly be explained by

the liquidity risk premium - a compensation to investors for taking on liquidity risk. Recall that we

include firms in our investable universe as they accumulate 100 patents and trademarks in their IP

portfolio and become publicly listed. This we do to (i) adequately control for the degree of patenting

activity, including only IP-heavy companies, and (ii) establish a more comparable base for growth.

It is obviously easier to grow your patent portfolio from one to two, than from 100 to 200, and we

think cutting out the smallest patent portfolios will create a more level playing field, excluding non-IP

focused firms, but we also acknowledge that not all firms with more than 100 patents and trademarks

have the same ease of growing their IP portfolio, being that the step from 10,000 to 20,000 patents

is far steeper than growing your portfolio 100% from a base of 100. While in the summary statistics

it does not seem as if there is a direct inverse relationship between the industry-pooled average IP

growth and industry-pooled average IP level, we cannot be sure that firms with a lower IP base, will

not have a disproportionately higher IP growth rate. Micro-cap stocks will presumably have a smaller

IP portfolio, and could potentially benefit from this lower base, producing a higher IP growth rate,
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and thus account for a disproportional share in the extreme decile. To circumvent the first problem

of more extreme returns, value-weight hedge portfolios are computed along with their equal-weight

counterparts33. Examining the difference in performance between value and equal-weight portfolios

will also indicate if the return is primarily driven by micro or small-cap stocks as opposed to large-cap

stocks and will therefore provide important information for further testing. However, value-weighting

has its own shortcomings, namely that returns can be dominated by a few large-cap stocks, resulting

again in an undue influence on returns. A double-sorts procedure, with size as the second variable, will

circumvent this problem, ensuring that each anomaly decile is composed of an equal weight in Small

and Big firms, so that neither size group is disproportionately represented. The sorting procedures

are illustrated below in figure 17.

Figure 17: Portfolio sorts

In addition, double sorts will provide insights into the pervasiveness of the factor returns across

size groups, allowing us to decompose the hedge portfolio into Small and Big firms, and investigate the

difference in performance. It should be noted that FM regressions also suffer from the pitfalls of size

effects, as regressions estimated on all stocks can be dominated by micro-caps for the same reasons

as sorts, which can similarly be avoided by estimating separate regressions for different size groups of

stocks.

33This is also the approach of Hirshleifer et al. (2013, 2018).
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As both methods have their strengths and pitfalls, a combination of the two are sometimes used to

identify and test the robustness of an anomaly. However, if the two suggest contradictory inferences,

influential observation errors in the FM regressions are likely culprit, which is why the sorts method

is generally perceived as more stable (Fama and French, 2008). We proceed with sorts for this and

three other reasons. First, we do not know the functional form of the relationship between Innovation

Accumulation and returns, and assuming a linear relationship would be speculative at best. Secondly,

we exclusively focus on Innovation Accumulation as an anomaly factor, which is why FM regressions’

primary strength of disentangling the return effect of multiple factors is of no use to our analysis.

Regressing our long-short hedge portfolio returns on factor-mimicking portfolios, specifically MKT,

SMB, HML, and MOM, will reveal any passive exposures to existing stock market factors, and any

abnormal return of IA not fully captured by these. Thirdly, sorts is directly tied to the practical

implementation of a trading strategy on said anomaly factor and will give a better insight into the

pervasiveness of the IA factor across subsets of the test universe. In addition to these arguments,

Pedersen (2015, p. 51) asserts that sorting securities into portfolios and comparing the portfolios’

relative performance is almost equivalent to looking at regression coefficients, presenting the following

meta-theorem:

”Any predictive regression can be expressed as a portfolio sort, and any portfolio sort

can be expressed as a predictive regression”

While the methods are not guaranteed to produce identical results, which we underline is not how

the theorem should be interpreted, they are expected to reach similar conclusions. This supports our

choice of the sorts method, as an FM regression would at best not provide any incremental information

to our analysis, and at worst yield a contradictory result, most likely biased by observation errors (Fama

and French, 2008).

In the following section, we explain in detail how we implement the portfolio sorts methodology,

construct the IA factor portfolio, and run a backtest of the IA-return relation.
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6.2 Backtest

Following the procedure of Pedersen (2015), we first define the universe of securities to be traded,

explain how we construct the trading signal, and how we trade on that signal (trading rule). To test

the pervasiveness of the IA-return relation, and to capture and examine any size or industry effects, we

form three IA hedge portfolios: non-adjusted, size-adjusted, and industry-adjusted. We explain how

the portfolios are constructed in detail below. We then compute value-weighted and equal-weighted

monthly returns on each of the three portfolios. The result is six portfolios, or six return series, illus-

trated in figure 18.

Figure 18: IA Hedge portfolio construction

6.2.1 Universe

At the end of each month, t, we define our investable universe as firms that are publicly listed at

time t, and has an IP base of at least 100 patents and trademarks. As discussed, we do this to exclude

non-IP focused firms, agreeing with the arguments of Bedford et al. (2020). Note that we are working

with a dynamic universe, where firms are included as they are listed (and likewise excluded when they

are delisted) and accumulates 100 patents and trademarks. The number of stocks in our universe

is therefore not fixed, and neither are the breakpoints of sorts. We further divide our universe into

sub-categories based on (i) size (small ‘S’ or big ‘B’), split on the median market-cap breakpoint of

all firms in the investable universe at time t, and (ii) industry according to our industry classification,

presented in section 4.1.4.

6.2.2 Signal

We construct our trading signal for each security, i, based on the Innovation Accumulation measure

(IA). Recall that this is defined as the percentage growth in a firm’s IP base over a specified lookback
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horizon, k, specifically, the absolute number of patents and trademarks published to the firm over time

t-k to t, scaled by its IP base at time t-k, i.e. its accumulated unexpired34 patents and trademarks

at time t-k. We initially set the default lookback horizon, k, to 12 months, but consider 6-month,

12-month and 18-month lookback horizons in a partial analysis. We denote each firm’s IP base at

time t as IPi,t and construct the IA signal as:

IAi,t = IPi,t

IPi,t−k
− 1 (5)

6.2.3 Trading Rule

Non-adjusted

Following Hirshleifer et al. (2013), we sort the investable universe at time t into three IA groups (Low

‘L’, Middle ‘M’, or High ‘H’) based on the (1st and (2nd terciles of IAi,t. Value-weighted and equal-

weighted monthly returns on the three Low, Middle, and High non-adjusted portfolios are computed

from January 201135 to December 2020, and a long-short portfolio of the non-adjusted High and Low

portfolios is then constructed on both a value- and equal-weighted basis, illustrated below. Recall that

the IA signal is backward-looking, thereby ensuring that the portfolio formations are not subject to

any forward-looking bias.

Figure 19: Single sorts

34Due to the properties of the active dataset.
35The earliest time for a lookback horizon of k=12
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As mentioned, the traditional approach according to Fama and French (2008) is to sort the

universe into decile portfolios. However, we find terciles more appropriate, especially when testing the

strategy in subsets of the universe, where decile sorts would result in very few stocks in each portfolio,

thereby making it difficult to assess if any abnormal returns are due to an IA-return relation, or merely

the result of idiosyncratic behavior. We consider decile sorts in a partial analysis in section 7.3, where

we assess potential effects of a more concentrated IA portfolio.

Following the convention used in the anomaly literature, the portfolios are rebalanced at the

end of every month according to the single sorts at time t, thus assuming a holding period h of

one month36. Our trading rule can therefore be classified as a ‘portfolio rebalance rule’ (Pedersen,

2015) with a fixed rebalancing frequency, ensuring that the hedge portfolio is always 100% invested

and equally long and short at each rebalancing date. Note that this hedge portfolio is dollar-neutral,

meaning that the dollar exposure on the long position equals the dollar exposure on the short position.

Figure 20: Portfolio rebalance rule

Adjusting for Size

To mitigate any undue influence from either small or large-cap stocks, and to examine if the IA-return

relation is driven by size effects, we construct double-sort groups based on the intersection of the IA

groups (’L’, ’M’, and ’H’) and size groups (’S’ and ’B’) at time t, which forms six size-IA groups (S/L,

S/M, S/H, B/L, B/M, and B/H). Three size-adjusted IA portfolios are then formed as (S/L + B/L)/2,

(S/M + B/M)/2, and (S/H + B/H)/2, as illustrated below.
36Hirshleifer et al. (2013, 2018) also uses h=1.
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Figure 21: Double sorts

This implies that each anomaly tercile is composed of an equal weight in Small and Big firms,

e.g., the size-adjusted High IA portfolio is the average of returns on the two High IA portfolios (S/H

and B/H). We emphasize that this approach to size-adjusting is in line with the convention of the

anomaly literature, and very similar to how Kenneth French forms his factor-mimicking portfolios, as

described in Chapter 4. A long-short portfolio of the size-adjusted High and Low portfolios is then

formed synonymously with the procedure for the non-adjusted hedge portfolio, and returns are likewise

computed on both a value and equal-weighted basis.

Adjusting for Industry

The summary statistics revealed significant differences with regards to IP strategies across industries,

anchored in the industry fundamentals we outlined in Chapter 2. These differences are important to

adjust for when backtesting the IA-return relation. Without adjusting for industry effects, we risk

going long high-IA industries and short low-IA industries, the trading strategy becoming an industry

bet rather than a test of Innovation Accumulation as a return predictor. We emphasize that caution

should be exercised when drawing inferences about the performance of the non-adjusted and size-

adjusted hedge portfolios, i.e. the portfolios that are not adjusted for industry, as their performance

cannot necessarily be explained by an IA mispricing as much as an industry effect.

To ensure that we compare like with like and capture the most innovative firms within their

respective industry, we test the strategy on an intra-industry basis, before forming an industry-adjusted
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hedge portfolio. We refer to figure 6 for the complete industry classification, presented in section 4.1.4.

Synonymous with the procedure for the size-adjusted portfolios, at each time t we sort each industry

subset into two size groups (’S’ and ’B’) based on the industry median market-cap breakpoint at

time t, and three IA groups (’L’, ’M’ and ’H’) based on the 1st and 2nd terciles of IA in year t. The

intersection of these portfolios forms six intra-industry portfolios, (S/L, S/M, S/H, B/L, B/M, and B/H

respectively), from which we formulate three size-adjusted intra-industry portfolios as (S/L + B/L)/2,

(S/M + B/M)/2, and (S/H + B/H)/2. We then form size-adjusted intra-industry hedge portfolios for

each of the 19 industries. Analogously to the non-adjusted and size-adjusted hedge portfolios, monthly

returns are computed for these 19 intra-industry portfolios on a value and equal-weighted basis. To

examine the pervasiveness of the IA measure, we start by inspecting the performance of each industry

hedge portfolio separately, and finally, we construct a diversified industry-adjusted hedge portfolio by

taking an equal position in each of the size-adjusted intra-industry hedge portfolios.

6.3 Limited Attention to Small Firms

Drawing on findings by Hirshleifer et al. (2013, 2018), we test the pervasiveness of the IA-return

relation across size groups. In both studies, they find a greater return predictability37 among stocks

with limited investor attention, proxied by size and analyst coverage. We agree with Hirshleifer et.

al. (2013, 2018) that small firms receive less investor attention, and we expect a delayed stock-price

reaction to the information contained in IA, and as a result, a greater return predictability. To examine

the pervasiveness of IA as a return predictor, we apply the double-sort groups from the size-adjusted

portfolios and calculate value-weighted monthly returns on the six IA groups (S/L, S/M, S/H, B/L,

B/M, and B/H) from January 2011 to December 2020, analogous to the methodology above. We then

construct a Small and Big hedge portfolio respectively, as:

Small hedge portfolio = (S/H - S/L)

Big hedge portfolio = (B/H - B/L)

While focusing primarily on the Small hedge portfolio, we also compare the difference in perfor-

mance between the two.
37For Innovative Efficiency and Innovative Originality, respectively.
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6.4 Sensitivity Analysis

To test the sensitivity of the IA-return relation towards holding period, h, and lookback horizon,

k, we perform a partial analysis of the default (tercile sorts) value-weight size-adjusted hedge portfolio,

varying h and k respectively. Specifically, we test k=6, k=18, and k=24 as well as h=3, h=6, h=12.

In general, we do not see any reason to test with a lookback horizon shorter than holding period, as

this would mean a loss of information contained in IP accumulated over time t to t+h-k. In addition,

we also test the default size-adjusted hedge portfolio with decile sorts, taking a long position in the

90th IA percentile and a short position in the 10th IA percentile. The argument for testing decile sorts

is to examine any effects of a more concentrated IA portfolio, and can be viewed as an alternative to

scaling positions based on the strength of the signal, i.e., the magnitude of the accumulation rate.

6.5 Performance Evaluation

We use a variety of performance measures to evaluate the returns of the hedge portfolios, including

average (arithmetic) excess return, risk-adjusted excess return (ex-post Sharpe ratio), exposure to

existing stock market factors including market risk (βMKT , βSMB, βHML, βMOM ), excess return

adjusted for market risk and other stock market factors (α), as well as months of outperformance (%).

We briefly discuss these below.

To evaluate returns on a standalone basis, we calculate the annualized (arithmetic) average excess

return and annualized standard deviation of excess returns (volatility). Note that we use arithmetic

average, as opposed to geometric average, as this is more accurate from a statistical point of view

and corresponds to a dollar-neutral strategy, where capital is added and redeemed in order to keep a

constant dollar exposure (Pedersen, 2015). We also compute the risk-adjusted excess return, i.e. the

ex-post Sharpe ratio, measuring the ‘investment reward’ per unit of risk.

Arithmetic average return

R = 1
(T − t)

T∑
t=1

Rt (6)
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Volatility of excess returns, where Re = R−Rf

σ(R−Rf ) =

√√√√ 1
T − 1

T∑
t=1

(Re
t −Re)2 (7)

Sharpe ratio

SR = R−Rf

σ(R−Rf ) (8)

To examine if the IA-return relation is driven by risk or mispricing (or both) and whether IA

contains incremental information not fully captured by existing stock market factors, we run two

regressions: (i) a univariate regression with our excess returns on the market (MKT) excess returns,

and (ii) a multivariate regression, regressing our excess returns on the MKT excess returns and a series

of factor-mimicking portfolio returns; SMB, HML, and MOM. Specifically, we compute the strategies’

alpha and beta estimates from the following regressions, where RIA(k,h),e
t is the hedge portfolio returns

in excess of the risk-free rate:

R
IA(k,h),e
t = α+ βMKT + εt (9)

R
IA(k,h),e
t = α+ βMKTRMKT,e

t + βSMBRSMB,e
t + βHMLRHML,e

t + εt (10)

Re
t = α+ βMKTRMKT,e

t + βSMBRSMB,e
t + βHMLRHML,e

t (11)

The output of the univariate and multivariate regressions will reveal any passive exposures to

existing stock market factors (βMKT , βSMB, βHML, βMOM ), i.e. to what extent the returns of our IA

portfolios are driven by a factor risk premium, as well as any excess return (α) adjusted for market,

size, value, and momentum risk. In a practical context, alpha is the sexiest term in the regression

and the Holy Grail that all active managers seek, thus reflecting the trading skills of said manager

and the quality of her strategy (Pedersen, 2015). Academically, alpha reflects the significance of the

mispricing, and is therefore also an indicator of the strength of the anomaly.
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Along with the alpha and beta estimates from the two regressions, we also report the t-statistics to

indicate at which level of confidence the parameters are reliably estimated, i.e. statistically significantly

different from zero. We evaluate the parameters on a 95% confidence level, for which the critical value

is 1.960. Said differently, a t-statistic above 1.960 indicates that the, for example, intercept is large

and reliably estimated. Likewise does a t-static below 1.960 suggest that the alpha estimate is so

noisy, that it might have been achieved through luck (Newbold et al. 2013).
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7 Empirical Results

The following section presents the absolute and risk-adjusted performance of the IA portfolios.

We begin by examining the results of the non-adjusted Low, Middle, and High IA portfolios from

the single sorts, before looking at the performance of the non-adjusted, size-adjusted and industry-

adjusted hedge portfolios. We also decompose the hedge portfolios into size groups to examine the

pervasiveness of the factor returns across these, and briefly examine any sensitivities to the elements of

the trading rule that the IA signal is based on. We then form the IA factor and proceed to investigate

the IA-return relation and the strength of its return predictability.

7.1 Results on the IA Portfolios

Figure 22 reports the annualized average excess returns of the non-adjusted High, Middle, and

Low IA portfolios, and the intercept (alpha) and risk factor loadings from regressing portfolio excess

returns on factor excess returns. T-statistics are reported below their respective intercept and factor

loadings. Excess return is the difference between portfolio returns and the one-month Treasury bill

rate. MKT, SMB, and HML are the market, size and value factors of Fama and French (1993). MOM

is the momentum factor of Carhart (1997).

Figure 22: Innovation Accumulation (IA) portfolio returns and risk factor models

Figure 22 shows that annualized average portfolio returns net of the one-month Treasury bill rate

(Ann. Mean) decreases monotonically with IA for both equal and value-weight portfolios. Specifically,
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for the equal-weight Low portfolio, the excess return is 12.46%, while the equivalent High portfolio

reports a 10.85%, the return spread being 1.62%. We observe a similar pattern for the value-weight

portfolios, where the Low and High report 10.00% and 8.68% respectively, equaling a return spread of

1.32%, indicating that High IP Accumulators are underperforming Low IP Accumulators. These results

are in conflict with Hypothesis 2 of a positive relation between IA and stock price returns. However,

we observe that all IA portfolios are producing relatively high excess returns and high ex-post Sharpe

ratios. Specifically, the Sharpe ratios for the Low, Middle, and High value-weight IA portfolios are

0.67, 0.78, and 0.61, respectively. In comparison, over the same period the MKT portfolio delivered

an average return net of the one-month Treasury bill rate of 7.19% and a Sharpe ratio of 0.43. All our

IA portfolios, are therefore producing above market returns at a lower risk (Ann. Vol.)

The univariate regressions confirm the observation of a somewhat similar performance from Low

to High IA. Overall, we find large and significant intercepts. However, contrary to our expectations,

the regression output shows an alpha decay across IA portfolios from Low to High. The value-weight

Low and Middle portfolios deliver large and significant alphas with respect to the market factor of

4.43% and 5.72%, respectively, while the High portfolio generates a slightly lower and insignificant

alpha estimate of 3.34%. Looking at the multivariate regression output, the alpha adjusted for market,

size, value, and momentum risk, i.e. the Carhart alpha, is larger than the univariate alpha, although

still decaying from Low to High IA, and insignificant for the High portfolios. Specifically, the monthly

value-weight alphas estimated from the Carhart model for the Low, Middle, and High portfolios are

5.37%, 6.00% and 3.62%, respectively. It appears that including the SMB, HML and MOM factors in

the model increases the alpha.

Estimated betas from the univariate and multivariate regressions can be interpreted as passive

exposures to these stock market factors. Overall, the regression output shows that the High and Low

IA portfolios have largely similar loadings on the four risk factors, suggesting that the returns provided

by High IA firms cannot simply be attributed to systematic risk. In addition, all risk factor exposures

are less than (absolute) 1, and the portfolios can therefore be considered low factor-risk portfolios.

The slopes on the market factor are positive and statistically significant, which naturally arises

from the fact that these portfolios are long-only. We do not observe any patterns across the High and
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Low portfolios indicating any differences in market risk. The Low IA portfolio has a market beta of

0.78 and the High IA portfolio has a beta of 0.74, suggesting that they are equally risky with regards

to the market.

On the size factor, equal-weight portfolios show positive and significant loadings, while value-

weight portfolios load negatively (and close to zero), although only significantly for the Middle port-

folio. This intuitively makes sense, as value-weight portfolios are by their very nature tilted towards

big firms. We do not observe any patterns across the equal-weight Low and High IA portfolios that

would suggest an overweight of small or big firms relative to the others; in fact, they appear to have

similar loadings on the size factor. In other words, it does not appear as if small firms account for a

disproportionate share in the High IA groups. This contradicts our previous suggestion that size and

IA go hand in hand.

All IA portfolios load negatively on the value factor, albeit mostly insignificantly. This suggests

that all IA portfolios are tilted towards growth stocks. It would intuitively make sense for the Low

portfolio to be overweight value stocks, and the High portfolio to be overweight growth stocks. Growth

stocks are typically young and more IP-heavy firms in industries such as technology, including biotech

and medtech, gaming, and e-commerce, while value stocks are generally more mature businesses with

steady earnings and growth rates, and include more cyclical sectors such as industrials, financials,

utilities, and construction. Value stocks are therefore not stocks we would expect to see in our High

IA portfolio, given that the typical value sectors are in general not particularly IP-focused. We assume

that the systematic tilt towards growth is a consequence of the investable universe formation. Recall

that our universe excludes non-IP focused firms, including only firms with at least 100 patents and

trademarks in total. This creates a natural tilt towards growth stocks for the entire universe, which

explains the negative loadings on the value factor across all portfolios. We note, however, that the

slopes are small and only significant for the Low equal-weight (-0.25) and Middle value-weight (-0.23)

portfolios.

Overall, the results on the IA portfolios indicate an outperformance relative to the market on

both absolute returns and risk-adjusted excess returns (ex-post Sharpe ratio). This outperformance

remains when adjusting for exposure to market, size, value, and momentum risk. We find positive and
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statistically significant alphas, which indicates that all IA portfolios are undervalued relative to the

Carhart model. In contrast to our expectations, we also find an alpha decay from High to Low IA.

High IA portfolios seem to underperform Low IA portfolios on both absolute and risk-adjusted excess

returns.

7.2 Results on the IA Hedge Portfolios

7.2.1 Preliminary Impression

Equivalent to above, figure 23 reports the annualized average excess returns to the non-adjusted

and size-adjusted hedge portfolios (High minus Low) and the intercept (alpha) as well as their risk

factor loadings from regressing portfolio excess returns on factor returns. T-statistics are reported

below their respective intercept and factor loadings.

Figure 23: Innovation Accumulation (IA) hedge portfolio returns and risk factor models

Overall, the hedge portfolios experience relatively low excess returns and low ex-post Sharpe

ratios. The equal-weight non-adjusted portfolio delivers an excess return of 1.61% and a Sharpe ratio

of 0.35, while its value-weight counterpart returns 1.32% and a Sharpe ratio of 0.25. However, we

are cautious when examining the results of these portfolios, as the performance cannot necessarily be

explained by an IA mispricing as much as a size or industry effect. As mentioned in Chapter 6, we

value-weight returns to ensure that they are not dominated by stocks that are tiny and presumably

illiquid, but we also size-adjust the hedge portfolio to mitigate any influence from either small or

large-cap stocks, ensuring that neither size group is disproportionally represented. Based on these
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arguments, and temporarily disregarding any industry effects, we argue that the value-weight size-

adjusted portfolio provides the most accurate picture of the IA-return relation. Figure 23 reveals

that the return of the value-weight size-adjusted portfolio is considerably lower than the equal-weight

non-adjusted portfolio. Specifically, it delivers a negative return of -0.22%, that is 1.83%-points lower

than that of the non-adjusted equal-weight portfolio. We note that it produces a Carhart alpha of

0.23%, which hints towards a positive IA-return relation, however, we also observe that the estimate

is small and insignificant, indicating that it is so noisy, that it might have been achieved through luck.

Loadings on the risk factors MKT, SMB, HML and MOM are small and mostly insignificant,

implying that the IA hedge portfolios exhibit no or very little passive exposures to the four known

risk factors. Being long-short, the hedge portfolios are dollar-neutral by nature, however, the portfolio

formation does not guarantee market neutrality. In the previous section, we did not observe any

differences in market risk across the High and Low IA portfolios; on the contrary, the regression output

suggested that high IP accumulators and low IP accumulators are equally risky with regards to the

market. This is confirmed by the hedge portfolios’ close to zero loadings on the market factor. The

only significant slope is the value-weight size-adjusted portfolio’s market exposure (0.06), indicating

that the size-adjusted High IA portfolio has a slightly higher beta than the equivalent Low portfolio.

This implies that the market exposure from the hedge portfolio comes from the long position. However,

the overall impression is that the hedge portfolios have little or no passive exposure to the four known

risk factors. Based on the performance of the value-weight size-adjusted hedge portfolio, the IA-return

relation appears negative, challenging Hypothesis 2 of a positive relation between IA and stock price

returns.

Before proceeding to the industry-adjusted portfolio, we first test the pervasiveness of the factor

returns across size groups, as well as the sensitivity of our findings towards holding period, h, lookback

horizon, k, and the concentration or ‘focus’ of the portfolio. We do this before the industry adjustment,

as we want to ensure that the results are not sensitive to the model assumptions or elements, that the

trading rule is based on, that we would then need to consider in the subsequent analysis.
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7.2.2 Limited Attention to Small Firms

Hirshleifer et al. (2013, 2018) found greater return predictability among small stocks, arguing

that small firms receive less investor attention, and therefore exhibit a delayed stock price reaction to

the information contained in their measures; Innovative Efficiency and Innovative Originality. We test

if this is also the case for Innovation Accumulation, namely if there is a positive return relation and

perhaps greater return predictability of IA among Small firms.

To examine the pervasiveness of IA as a return predictor across size groups, we apply the double-

sort groups from the size-adjusted portfolios (S/L, S/M, S/H, B/L, B/M, and B/H), and examine the

difference in performance between these six portfolios, before forming Small and Big hedge portfolios.

Figure 24 plots the cumulative value-weighted returns of the six IA groups: S/L, S/M, S/H, B/L,

B/M, and B/H, from January 2011 to December 2020. We note that the three Small portfolios show

significantly higher returns than the three Big portfolios - a pattern that is not surprising and already

explained by the well-established size factor (SMB), and thus not related to Innovation Accumulation.

We are solely focused on the performance of the High, Middle, and Low groups across Big and Small

firms, and not the size groups alone.

Across both size groups, the High IA group underperforms the Low and Middle IA groups. Look-

ing at the Small firms, the Low group (S/L) outperforms both Middle (S/M) and High (S/H), while

amongst the Big firms, the Middle (B/M) group outperforms Low (B/L) and High (B/H). The differ-

ence between Low and High is therefore larger among Small firms.
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Figure 24: Cumulative returns: Double sorts

Figure 25 plots the cumulative value-weighted returns of the Small and Big hedge portfolios,

where the Small hedge portfolio is computed as (S/H – S/L) and the Big hedge portfolio is computed

as (B/H – B/L). Both produce negative returns. It appears that the Small hedge portfolio exhibits a

more negative performance than the Big hedge portfolio, which initially gives the impression that the

return predictability is stronger (albeit negative) amongst Small firms. However, as we saw in figure

24, the performance of the Middle groups makes the picture a bit blurry, which is why we cannot

conclude that the return predictability is stronger amongst Small or Big firms.
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Figure 25: Cumulative returns: Small and Big hedge portfolios

The return relation appears negative across both size groups, which contradicts Hypothesis 2 of

a positive relation between IA and stock price returns. However, these portfolios do not consider

industry effects, which we emphasize is critical when investigating the return relation.

7.2.3 Sensitivity Analysis

We perform a partial analysis of the value-weight size-adjusted hedge portfolio (tercile sorts38),

which we in this section denote the ‘default’ portfolio, varying k, h, and portfolio focus. These variations

form eight portfolios, for which we compute the return series; R(k,h). Specifically, R(12,1) is the

default portfolio returns, R(6,1), R(18,1), and R(24,1) analyses the sensitivity to lookback horizon,

while R(12,3), R(12,6), and R(12,12) reveal any sensitivity to holding period. The return series

R(FOCUS,12,1) is based on decile sorts, as opposed to tercile sorts, and takes a long position in the

90th IA percentile and a short position in the 10th IA percentile.

As the results are very similar, and do not reveal any considerable sensitivities, we report the

results for R(12,1), R(12,3), R(12,6), R(12,12) R,(24,1), and R(FOCUS,12,1) below. Note that the

default (tercile) portfolio is presented first in each panel for better comparability.
38Long-short the extreme terciles, i.e. long the 66th IA percentile and short the 33rd IA percentile.
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Figure 26: Sensitivity analysis of lookback-horizon, holding period (k,h), and portfolio focus

Overall, we do not observe any significant sensitivities to either lookback horizon, holding period,

or portfolio focus. We obtain very similar results for the partially varied portfolios as to the default

portfolio, with low and insignificant alpha estimates, no systematic return or alpha decay, and a

marginal positive exposure to the market that is significant at a 5% level. There appears to be a

slight inverse relationship between lookback horizon and volatility – the longer we ‘look back’, the

lower the volatility of the excess returns, decreasing from 4.77% for R(6,1) to 4.12% for R(24,1).

We observe the same pattern when varying holding period, although the delta in volatility is only

marginal. Unreported results of R(12,3) and R(12,6) show almost an indistinguishable performance

to the default portfolio of R(12,1). Increasing the lookback and holding period appears to have a

stabilizing effect, reducing the overall risk of the portfolio, which intuitively makes sense, but does not

raise any concerns that we need to take into consideration going forward.

Two observations appear dispiriting to the IA-return relation. First, increasing the holding period

to 12 months has a positive effect on performance, increasing the average excess return from –0.22% to

1.03%. Secondly, increasing the portfolio focus to the top and bottom deciles has a negative effect on

performance, decreasing the return to -1.84%. Both contradict our expectations as we would assume

the IA-return relation to be negatively correlated to holding period, as a more frequent rebalancing
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frequency would capture the information contained in IA more swiftly. Likewise, we would assume the

IA-return relation to be positively correlated to portfolio focus; if the return relation is positive, then

a more focused IA portfolio should generate higher excess returns than a less focused IA portfolio, at

least before taking into account risk. Namely, the outperformance of the top decile over the bottom

decile should be greater than the outperformance of the top tercile over the bottom tercile, which is

unfortunately not what the data shows.

Although these observations are interesting, they are not of a meaningful magnitude, why we

remain unconcerned about sensitivities to lookback horizon, holding period, and portfolio focus. We

proceed with the assumptions in the default portfolio, namely a holding period, h, of one month and

a lookback horizon, k, of 12 months, as well as a tercile-sorting procedure for the industry-adjusted

portfolios.

7.3 Results on the Industry-Adjusted IA Hedge Portfolios

At this point, we hope that we have succeeded in convincing the reader that it is important to

adjust for industry effects when performing a backtest. Without adjusting for industry effects, we risk

going long high IA industries and short low IA industries. Thus, to ensure that we compare like with

like and capture the most innovative firms within their respective industries, we test the strategy on

an intra-industry basis, before forming an industry-adjusted hedge portfolio.

Intra-Industry Hedge Portfolios

We form size-adjusted intra-industry hedge portfolios for each of the 19 industries. Figure 27 presents

the annualized mean excess returns and standard deviations of excess returns as well as ex-post Sharpe

ratios for the 19 intra-industry portfolios. The data reveals significant variations across industries that

to some extent support the proposition presented in Chapter 2, that IP-intensive firms are associated

with a stronger ability of the IA measure to predict returns. We elaborate on the results below.
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Figure 27: Results on size-adjusted intra-industry hedge portfolios

Medtech, telecom & media, and computers & chips stand out with positive and high average excess

returns on the value-weight portfolios. Among the three, telecom & media is the best performer,

offering an average excess return of 6.36%, while medtech and computers & chips produce value-

weighted excess returns of 6.32% and 4.06%, respectively. As IP is of high importance for firms in

these industries, the high and positive returns support our proposition of a positive and strong IA-

return relation within IP-focused industries. That said, chemicals and aeros, autos & ships are also

industries we consider IP-focused, and as can be seen in figure 27, they both deliver negative or close

to zero excess returns of -4.15% and 0.07%.

Looking at some of the industries that we classified as non-IP focused, both financials and hos-

pitality & services deliver negative or close to zero returns, which is in line with our expectations.

Conversely, construction and transportation show positive returns, however, we argue that these in-

dustries should be disregarded, as they only consist of five and eight firms respectively, making it

difficult to assess if the excess returns are due to an IA-return relation, or merely the result of idiosyn-

cratic behavior.
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Figure 28 plots the annualized average excess returns of the 19 intra-industry hedge portfolios

ranked on IP intensity, from the highest IP-to-assets ratio (computers & chips) to the lowest (finan-

cials).

Figure 28: Average excess returns: Intra-industry hedge portfolios

Diversified Industry-Adjusted Hedge Portfolio

At first, we construct a diversified industry-adjusted hedge portfolio by taking an equal position in

each of the size-adjusted intra-industry hedge portfolios, disregarding that some of the industry groups

consist of very few firms.

This industry-adjusted hedge portfolio offers a value-weighted average excess return of 1.66%,

which is higher than that of the size-adjusted hedge portfolio (-0.22%), and an ex-post Sharpe ratio

of 0.33, that is also higher than that of the size-adjusted hedge portfolio (-0.05). However, we are

cautious to draw inferences about the IA-return relation based on the return series of this portfolio, as
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it may be subject to undue influence from single firms. This may introduce a fair amount of noise to

the industry-adjusted portfolio, making it hard to assess if the performance is a result of the IA-return

relation or merely an idiosyncratic effect. To mitigate any distortions from industries with very few

companies in the portfolio, and thus get a more accurate picture of the strength of the IA-return

relation, we construct a new limited industry-adjusted hedge portfolio, eliminating the four industries

with fewer than 15 companies: Construction (8), transportation (5), hospitality & services (9), and

metals & minerals (12). Figure 29 plots cumulative value-weighted returns of the ‘original’ industry-

adjusted hedge portfolio and the new ‘limited’ industry-adjusted hedge portfolio.

Figure 29: Cumulative returns: Industry-adjusted hedge portfolios, original vs. limited

Figure 29 shows that the limited industry-adjusted hedge portfolio performs worse than the orig-

inal, which makes sense considering that we excluded construction and transportation, both of which

offered relatively high returns. The average excess return of the original industry-adjusted portfolio

was 1.66% while the limited industry-adjusted portfolio produces a return of 0.80%. Although volatil-

ity is lower for the limited portfolio (4.50%) than for the original (5.01%), the Sharpe ratio is still lower

for the limited (0.18) than for the original industry-adjusted portfolio (0.33). Note that we present

the complete range of performance measures for the limited industry-adjusted hedge portfolio, which
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in the following section we define as the ‘IA Factor’, in figure 30 along with its regression output.

The difference in performance between the original and limited industry-adjusted portfolio con-

firms our concern that the original portfolio is influenced by industries with too few firms, and is

therefore too noisy to draw inferences on. We therefore proceed with the limited industry-adjusted

portfolio, based on the argument that it offers a clearer picture of the IA-return relation without any

undue influence from single stocks.

We denote the limited industry-adjusted portfolio the ‘IA factor’, and highlight to the reader,

that the return series of the IA factor tracks the return co-movement associated with Innovation

Accumulation, adequately adjusted for size and industry effects.

7.4 Results on the IA Factor

Figure 30 reports the performance measures of the IA factor, namely its annualized average excess

return, alongside regression output from the univariate and multivariate regressions. T-statistics are

reported below their respective intercept and factor loadings. Recall that the excess return is the

difference between portfolio returns and the one-month Treasury bill rate. MKT, SMB, and HML

are the market, size and value factors of Fama and French (1993). MOM is the momentum factor of

Carhart (1997).

Figure 30: IA factor returns and risk factor models

The value-weighted annualized average excess return on the IA factor is 0.80%, which is lower

than MKT (7.19%), SMB (2.37%), and MOM (10.02%), but higher than HML (-4.61%). Furthermore,

the IA factor has a lower standard deviation of excess returns, namely 4.50%, compared to the other

factors, that have 16.61%, 6.00%, 9.23%, and 11.52% for MKT, SMB, HML, and MOM, respectively.
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As a result of the low volatility, the IA offers an ex-post Sharpe ratio of 0.18, which is still lower than

that of the above factors, except for HML, that, as mentioned, produces a negative return over the

period, and therefore also a negative Sharpe ratio of -0.49. The market factor produces a Sharpe ratio

of 0.43, SMB delivers 0.39, and MOM 0.87. Figure 31 plots the IA factor’s monthly cumulative excess

returns alongside the market, size, value, and momentum factor-mimicking portfolio’s returns from

January 2011 to December 2020.

Figure 31: Cumulative returns: IA factor vs. MKT, SMB, HML, and MOM

We find no significant intercepts (alpha) from the univariate or multivariate (Carhart model)

regressions. The regression output reports a market alpha of 0.85% and a Carhart alpha of 0.99%

for the IA factor, as well as small and insignificant loadings on the market and factor-mimicking

portfolios. This seems intuitive considering the portfolio formation as well as the performance of the

factor portfolio. First, the portfolio formation ensures that the factor is dollar-neutral and has an equal

weight in Small and Big firms, which should eliminate most of the market and size risk. Secondly,

the overall risk (Ann. Vol) is low, almost four times lower than the market. Thirdly, the portfolio

accumulates losses for the first 115 months, not breaking even until August 2020, and returning an

unimpressive 0.80% that is generated in the last five months of the measuring period. It is nonsensical
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to expect the known risk factors to explain a return that simply is not there.

As can be seen from figure 32, the market factor return is positive for 66 out of 120 months

(55.0%), while the IA-factor return is positive for only 58 out of 120 months (51.7%). As the market is

long only, a better ground for comparison might be the factor-mimicking portfolios, that are long-short

in their construction. They have positive excess returns in 54.2%, 41.7%, and 62.2% of the 120 months

for SMB, HML, and MOM, respectively.

Figure 32: Share of months with positive excess returns

Figure 33 reports the correlations between the different factor returns and shows that the IA-

factor is distinct from the other factors. IA has a correlation of –0.03 with MKT, 0.01 with SMB, 0.00

with HML, and –0.01 with MOM, all of which are modest in magnitude.

Figure 33: Correlation matrix of factor-mimicking portfolios

Summary of Findings

We find that the High, Middle, and Low IA39 portfolios outperform the market on both absolute and

risk-adjusted excess returns, and that this outperformance remains robust to controlling for the four

risk factors. The High and Low IA portfolios exhibit similar exposures to market, size, value, and
39Long only, i.e. before constructing hedge-portfolios.
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momentum risk, meaning that the difference in performance between the High and Low portfolios

cannot be simply attributed to systematic risk. Given the positive and mostly significant alphas,

we show that all IA portfolios are undervalued relative to the Carhart model. In contrast to our

proposition, we find an alpha decay from High to Low IA, indicating that the High IA portfolio

underperforms the Low IA portfolio, suggesting that the IA-return relation is negative.

The IA hedge portfolios (High minus Low) offer low excess returns and low ex-post Sharpe ratios,

both before and after adjusting for size. Disregarding industry effects, we argue that the value-

weight size-adjusted hedge portfolio provides the most accurate picture of the IA-return relation. This

portfolio produces a negative return, which, in addition to the results we found on the IA portfolios,

challenges Hypothesis 2 of a positive relation between IA and stock price returns.

For the size-adjusted hedge portfolio, the univariate regression output shows a Carhart alpha of

0.23%, meaning that the portfolio’s excess return adjusted for market, size, value, and momentum risk

is positive, hinting towards a positive IA-return relation. However, given that the estimate is small

and insignificant, we are careful to draw inferences on it. Loadings on the four risk factors are small

and insignificant, suggesting that the IA hedge portfolio exhibits no or very little passive exposure to

the four known risk factors.

We test the robustness of our findings across size-groups and in a sensitivity analysis, before

constructing the IA-factor. First, we test the pervasiveness of the IA-return relation across Big and

Small firms, and find that for both size groups, the High IA groups underperform the Low and Middle

groups. However, the pattern seems noisy, why we cannot draw inferences on either the direction of

the IA-return relation or the strength of it among Big and Small stocks. The sensitivity analysis shows

no considerable sensitivities to lookback horizon, holding period or portfolio focus, why we consider

the findings robust towards these model assumptions.

Results of the 19 intra-industry hedge portfolios reveal significant variations across industries, that

only to some extent support our proposition of a stronger return predictability of the IA measure within

IP-focused industries. Examples include telecom & media, medtech, computers & chips, and pharma

& biotech. The strong hedge returns in telecom & media and medtech are especially interesting given

that they were the technical fields that filed the most patent applications in 2020. On the contrary, we
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find negative or close to zero hedge returns for the remaining industries that we classified as IP-focused,

including chemicals and aeros, autos & ships, undermining the otherwise supportive results.

We construct the IA factor from these intra-industry portfolios by taking an equal position in

industries that consist of 15 or more firms. We exclude industries with too few firms to reduce undue

influence from firm-specific behavior. The performance of the IA factor-mimicking portfolio is not

impressive. It produces an annualized average excess return of 0.80%, which is lower than MKT

(7.19%), SMB (2.37%), and MOM (10.02%), but higher than HML (-4.61%). Small and insignificant

loadings from the multivariate regression reveal that the IA factor exhibits no passive exposure to

the four known risk factors. The estimated market alpha and the Carhart alpha are both small and

insignificant, which is why we cannot conclude that high IA firms are undervalued relative to low IA

firms.

Overall, the results are mixed. The IA portfolios indicate a negative relation between Innovation

Accumulation and stock price returns, and the size-adjusted portfolio points to the same conclusion,

contradicting Hypothesis 2. Testing the strategy on an intra-industry basis produces results that are,

at least to some extent, supportive of the hypothesis of a positive IA-return relation and stronger

return predictability within IP-focused industries. However, the IA factor offers a low average excess

return and a small and insignificant market alpha and Carhart alpha. The results are thus ambiguous

and do not offer supporting evidence to prove that the IA factor is a predictor of stock price returns,

nor that it contains information that is incremental to existing stock market factors. We can therefore

neither confirm Hypothesis 2 nor 3.
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8 Discussion

8.1 The Anomaly That Wasn’t

We set out to investigate to what extent an investment strategy on Innovation Accumulation can

provide an abnormal return to investors. We did not find supportive results of Innovation Accumulation

as a stock price predictor, which can mean one or a combination of two things: (i) There is no link

between how much intellectual property a company generates and its operating performance and stock

price returns; or (ii) there is too much noise in data to detect such a link. In the following section

we discuss potential sources of noise, starting with ‘external’ sources of noise, i.e. elements that are

to a large extent outside our control. Specifically, we discuss how well intellectual property rights

function as a proxy for innovation, and if there are any deficiencies or errors in the dataset we use

to measure intellectual property. We then discuss the more ‘internal’ sources of noise, related to

subjective assessments and adjustments we have made along the way.

Can IP Be Used as a Proxy for Innovation?

Previous literature contains discussions on whether intellectual property provides an appropriate mea-

sure of innovation (Ernst, 2001). Even so, patents are still considered the most important indicator

of contemporary firms’ innovative output (Griliches, 1990). This thesis relies on the raw assumption

that patents and trademarks capture all innovative activity. We acknowledge that this assumption is

subject to limitations arising from the facts that; not all inventions are patentable; not all patentable

inventions are patented; and the economic significance of inventions varies enormously (WIPO, 2016).

In the following section we elaborate on these limitations and discuss whether patents and trademarks

provide an appropriate proxy for innovation.

The conceptual grounds of IP implies that not all inventions are patentable, and inventions, that

are not eligible for patent protection, are thus not included in our dataset. The range of innovative ac-

tivity is widespread, and we acknowledge that IP does not capture all technological inventions, such as

mathematical models and computer programs, or non-technological inventions, such as organizational

or logistical advances, both of which can also result in better operating performance and higher stock

price returns. However, by only including patents and trademarks that have been officially granted,
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we ensure that they have been subject to the same evaluation criteria of novelty, inventiveness, and

industrial applicability, which set the standard for patent and trademark data in general. The fine line

between patentable and non-patentable inventions naturally gives rise to speculation as to whether

the criteria are too rigid and if the granting process is agile enough to adjust to the fast pace of tech-

nological development, for example in the software & service industry. Intuitively it seems reasonable

to expect, that an acceleration of the pace of technological development could outpace the patent

system and simply erode the life of patents, pressuring firms to rely on other protection strategies, or

contrarily, that a higher pace could perhaps boost the number of patent applications.

In addition, not all patentable inventions are being patented. As mentioned in Chapter 2, there

are various reasons for pursuing alternative protection strategies, such as a patent publication possibly

disclosing too much information, not being able to detect a patent infringement, and difficulties in

enforcing intellectual property rights. Examples include Swiss pharma companies that protect their

pharmaceuticals through defensive publications, and elevator manufacturers that keep their computer

algorithms as trade secrets. Choosing the optimal protection strategy is both highly firm-specific and

tied to the specific invention, but also dependent on the nature of the industry. We recognize that our

return predictor may be more relevant in industries that use patent protection to a greater extent, and

less relevant in industries that rely more on alternative strategies. However, innovations not under

patent protection, such as trade secrets, are not easily measured or accommodated for, an obvious

consequence of the fact that they are not registered, which would defeat the purpose of a trade secret.

We further acknowledge that the limitation goes beyond companies pursuing alternative protection

strategies. In some industries, innovation may be accelerated by sharing intellectual property rights

rather than protecting them, as is the case of Tesla, which has made its patents available to anyone,

with the goal of fostering collective innovation and accelerating the electrification of the industry.

As previously noted, the technological and economic value can vary to a considerable degree from

patent to patent. Previous studies have shown a highly skewed distribution of patent value, with a

few patents of high value and the vast majority of low value (Schankerman and Pakes, 1986 as cited

in Ernst, 2001). In our study, we assign all patents the same quality and value, which is a simplified

assumption that does not hold true in practice, why our Innovation Accumulation measure may carry
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some noise from patents of low quality. That said, we still argue that a company which expands its

total IP portfolio by, for example, 10% has a better intellectual platform for creating shareholder value

than a company expanding it by 5%, even if the economic potential is not equally high for all the IP

added.

At present, there is no direct and reliable measure of the economic value of a patent. Previous

studies suggest that a way to estimate patent value is to use proxy variables such as: (i) number

of patent citations, (ii) backward references, (iii) claims, or (iv) number of countries in which the

patent was applied for (Basberg, 1987; Soete, 1987; Ernst, 1995.) However, it is not clear whether

such adjustments would improve the accuracy of the indicator, or simply introduce further noise to

our measure. An extensive European study from 2008 on the economic value of patents proves, that

the four aforementioned indicators of patent quality are significantly correlated with their estimate of

patent value40, but that the overall impact of these indicators is small. Specifically, the study shows

that the four indicators only explain 2.7% of variance in patent value (Gambardella et al. 2008). We

previously argued that estimating the true value of a single patent is a complex exercise, not easily

proxied by a quantitative measure, and perhaps more fit for discretionary analysis, which we believe

the abovementioned study supports.

What Is the Quality of the Dataset?

This study relies on a unique dataset, counting patents and trademarks as they become part of public

information, a privilege in the field of innovation studies, constrained by limited available data (EPO

and EUIPO, 2021). Still, we recognize that our dataset is prone to biases, deficiencies, and errors.

The following section balances these conditions against each other in a discussion of the quality of our

dataset.

As stated in Chapter 4, one of the properties of working with an active dataset is that patents

and trademarks are excluded from the database as their lifetime expires, meaning that our dataset

only includes active IP. In other words, we can only observe positive or stagnant growth, and are thus

blinded from firms experiencing a negative growth in IP, which we argue is an important indicator

of the competitive threat to a company. Firms with shrinking IP portfolios are at bigger risk from
40In this study the value of a patent is measured as the price at which it would have been sold at the moment of grant,

according to the inventor (Gambardella et al. 2008).
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generic competition (when patents expire) than firms that keep replacing old patents with new ones -

an aspect to which we are blinkered, and perhaps the greatest deficiency of the dataset. A point-in-

time dataset would have allowed us to control for firms with no or negative IP growth, which could

have provided interesting insights. Regrettably, no such database exists for patents outside of the US,

as far as we are aware. Secondly, we might favor older firms over younger firms, as the exclusion of

patents that expired between 2010 and 2020 creates a slightly easier basis for comparison, as we assume

older firms will, all else being equal, have more expiring patents than younger firms, which will make

them appear as better IP accumulators and will therefore be more likely to be included in the long

portfolios. The 11-year time period is chosen in consideration of this bias, as we find it long enough

to measure the return co-movement associated with Innovation Accumulation, but short enough not

to inflate firms’ accumulation rate substantially. Lastly, the dataset may contain deficiencies or errors

from the continuous update of ownership status and entity relations between patents and subsidiaries.

The risk of errors has been mitigated through numerous cross-examinations, but we cannot reject the

existence of such errors.

Another deficiency arises from the fact that both patents and trademarks must be renewed an-

nually by paying a recurring fee. Firms will naturally stop renewing their intellectual property rights

when they no longer exploit them commercially, but this does not remove these rights from databases.

Our dataset consequently also includes ‘dead’ trademarks and patents that have not been renewed. At

present, there is no collective database monitoring when firms stop renewing their intellectual prop-

erty rights, why we could not have accounted for this. We acknowledge that this further restricts the

quality of our dataset.

Where Could the Noise Otherwise Be Coming From?

In addition to the considerations mentioned above, which are of a more external nature and thus

more difficult to account for, we have also made some subjective assessments and adjustments along

the way that could also be sources of noise. First, we decided on an IP cutoff of 100, excluding all

firms with smaller portfolios than that. This was done to exclude non-IP focused firms and create a

more level playing field for comparing growth rates in IP. However, it is possible that we would have

reached another conclusion with a lower threshold. Secondly, we adjusted the industry classification
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of Fama and French (1997) by pooling industries together that, according to our knowledge, are more

comparable on their IP activity. We also manually reclassified a considerable number of firms that we

believe should belong to different industries. These adjustments were carried out in consideration of

the tradeoff between applying a standardized grid and thus keeping the data ‘clean’, and refining the

data but then also introducing subjective judgement. We argue that firms should be compared on a

like-for-like basis when determining the High and Low accumulators, and our results on the IA factor

are thus highly sensitive to the industry classification and any adjustments made to this. A more

narrow space, benchmarking for example only hearing aid producers against each other, or a broader

universe, such as all firms in the capital goods sector, might have yielded different results. Lastly,

when constructing the IA factor, we chose to exclude four industries that we argue consists of too few

firms to be robust enough to be included. This is also a subjective assessment but given the fact that

the ‘original’ industry-adjusted portfolio did not produce a significant alpha estimate, our results are

not as sensitive to this adjustment as they are to the overall industry formation.

Overall, we acknowledge that our dataset contains deficiencies and errors, which may impose too

much noise to reasonably associate Innovation Accumulation with operating performance and stock

price returns. By using IP as a proxy for innovation, we are aware that we do not capture the entire

spectrum of innovation, but are confident in the fact that all patents and trademarks are subject to

the same evaluation criteria, respectively. The properties of the active dataset are most likely the

main distortion to the melody, as they restrain us from observing firms with shrinking IP portfolios.

We are convinced that the adjustments we have made along the way have enhanced the quality of

the dataset, but given that these are based on our subjective assessment, we cannot reject that they

are not biased. All this considered, it might be that our data is too noisy to associate Innovation

Accumulation with operating performance and stock price returns, or it might be that no such link

exists.

8.2 Who Are the Real Winners?

In Chapter 7 we showed that IA portfolios are undervalued relative to the Carhart model. Despite

a slight alpha decay from the High to Low IA groups, we found positive and significant alpha estimates

for almost all IA groups. Similar risk exposures to known risk factors revealed that the high excess
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returns on the portfolios cannot simply be attributed to systematic risk. Going long-short two alpha

generating strategies seems absurd, but the findings simultaneously leave the floor open for questions.

So, who are the real winners? Allow us to take a slight detour – we promise the reader we will revert

to IP shortly.

”Knowledge of a boy’s IQ is of little help if you are faced with a formful of clever boys.”

(Hudson, 1966, p. 108)

In 1921, a young professor of psychology at Stanford University, Lewis Terman, initiated a study

that came to be one of the most famous psychological studies in history, namely the ‘Genetic Studies

of Genius’41. Setting out to find the future elite of the United States, Terman tested the IQ of some

250,000 elementary and high school students and put together a group of 1,470 children whose IQs

averaged over 140 and ranged as high as 20042. For the rest of his life, he tracked, tested, measured,

and analyzed this group, convinced that those at the very top of the IQ scale would have the greatest

potential. However, as told by Malcolm Gladwell in his book Outliers, “Terman made an error. He

didn’t understand what a real outlier was” (2008, p. 78). As the story unfolds, none of the geniuses

grew up to become presidents or Nobel Prize winners, in fact, the majority had careers that could only

be considered ordinary. Later research has shown that the relationship between success and IQ only

works up to a certain point. Once someone has reached an IQ of somewhere around 120, having addi-

tional IQ points does not seem to translate into any measurable real-world advantage (Jensen, 1980).

Above that threshold, IQ simply becomes less important, and other factors more, in determining a

person’s chances of professional success. Following the analogy that you just have to be smart enough

in order to succeed in life, we ask – do firms just have to be innovative enough for markets to not fully

price in their value potential? Obviously, the comparable aspects of personal intelligence and market

anomalies are narrow, but we think Gladwell proves a point, which helps frame our findings.

41It is also the oldest and longest-running longitudinal study in the field of psychology.
42IQ tests are designed to have an average score of 100. Most people (about 68%) have an IQ between 85 and 115

(Healthline, 2018).
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Last Hypothesis Standing

Parallels can be drawn to Bedford et al. (2020), who in their aforementioned study from last year

criticized the complex Innovative Originality measure of Hirshleifer et al. (2018). They showed that a

simple measure of patenting activity, a variable set to equal one if the firm own patents, zero otherwise,

captures a significant portion of Innovative Originality. In the light of Bedford et al.’s (2020) findings,

the question becomes clearer – is knowledge of a single firm’s IP growth of help if the entire universe

is undervalued? While we are still convinced that a firm’s ability to expand its IP portfolio is critical

for creating value and protecting firms’ freedom to operate, we are curious to see if the significance of

the mispricing lies in the mere fact of being an IP-focused firm, which we proxy as having a patent

portfolio of at least 100 patents and trademarks. Specifically, we form the hypothesis:

H4. Financial markets are not efficient in pricing in IP, and stocks issued by firms that are IP-focused

are undervalued relative to existing stock market factors.

We test the hypothesis by investing in our entire investable universe, repeating the proper size

adjustments, but this time disregarding the sorting on firms’ IP growth. As we lack data to form

an exact control group, which ideally would be the residual of firms with less than 100 patents and

trademarks in their IP portfolio, we use the market portfolio as a proxy for firms that are not as

IP-focused, which is true in the aggregate.

As we hinted in Chapter 7, where we found negative loadings on the value factor for all IA

portfolios, we expect the portfolio of IP-focused firms to be tilted towards growth stocks. We attributed

the systematic tilt to a consequence of the investable universe formation, as growth stocks will typically

be more IP-focused than value stocks. However, we note that our investable universe is not all tech

stocks, and also consists of typical value stocks such as mining equipment providers, power cable

manufacturers, and global brewers, to whom IP is also critical in order to create value. We therefore

do not expect the IP-focused universe to perfectly intersect with a universe of growth stocks, and we

are especially curious to see if IP contains information incremental to that of the value factor.

Winners All Around

We repeat the methodology already presented, but disregard IP growth, or Innovation Accumulation.

Specifically, we construct a portfolio of all stocks in our investable universe, i.e. firms that are publicly
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listed at time t and hold an accumulated IP portfolio of at least 100 patents and trademarks in total,

regardless of the pace at which they grow this portfolio. We single sort the universe on size, dividing

firms into Big and Small groups split on the median market-cap breakpoint of all firms in the investable

universe at time t. Value-weighted monthly returns on the two size groups are computed from January

2011 to December 2020, and a size-adjusted portfolio is constructed by taking an equal position in

Big and Small firms: (Big + Small)/2. The result is a value-weighted return series for this ‘long-only’

portfolio, from which we subtract the one-month Treasury bill rate, in order to get the excess returns.

We hedge out market exposure by taking a short position in the market, rebalancing the long-short

portfolio to dollar neutrality at each time t. Note that identical results could have been produced by

simply regressing the long-only excess returns on the market excess returns, instead of shorting the

market and regressing hedge returns on the market excess returns. We show this in the results below.

The dollar-neutral portfolio that is long IP-focused firms and short the market is denoted the ‘hedge’

portfolio.

Analogous to the performance evaluation of the IA factor portfolios, we compute the annualized

average excess returns, standard deviation of excess returns, and ex-post Sharpe ratios of the two

portfolios. We repeat the univariate and multivariate regressions on the MKT excess return and the

SMB, HML and MOM factor-mimicking portfolio returns respectively, and obtain alpha and beta

estimates, along with their t-statistics. Figure 34 reports the results.

Figure 34: Long-only returns and risk factor models

The long-only portfolio generates an annualized average return in excess of the risk-free rate of

11.26% and a Sharpe ratio of 0.72, which is significantly higher than the market on both an absolute

and risk-adjusted basis, as investing in the market alone would have generated an average excess

return of 7.19% and a Sharpe ratio of 0.43. Overall, the portfolio outperforms the market, producing
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higher returns in 61 of 120 months (51.67%), and more consistently when looking at yearly returns,

where it beats the market in seven out of 10 years. Figure 35 plots the long-only portfolio’s monthly

cumulative excess returns alongside the market’s excess returns from January 2011 to December 2020.

The regression output reports a market alpha of 5.36% and a Carhart alpha of 5.71%, both statistically

significant at a 5%-level, suggesting that IP-driven firms are undervalued relative to the market and

the Carhart model. Starting with the long-only portfolio, we find a significant loading on the market of

0.82, which indicates that investing in stocks issued by firms with at least 100 patents and trademarks

will on average be less risky, than investing in the overall equity market portfolio. Accordingly, the

dollar-neutral strategy that is hedged against market risk, exhibits a market beta of -0.1843. The

portfolio loads positively on SML, indicating a slight tilt towards small firms, however the loading is

small (0.14) and insignificant.

Figure 35: Cumulative returns: Long-only portfolio vs. MKT

The hedge portfolio also shows highly competitive returns, producing an annualized average hedge

return of 4.07%, which is higher than SMB (2.37%), HML (-4.61%), albeit still lower than MOM

(10.02%). With relatively low volatility of 8.31%, the hedge portfolio also offers a higher risk-adjusted

return (0.49) than SMB (0.39) and HML (-0.49), but lower than MOM (0.87). Figure 36 plots the

hedge portfolio’s monthly cumulative excess returns alongside the size, value, and momentum factor-

mimicking portfolios’ returns from January 2011 to December 2020.
43Corresponding to the weighted average of the long-only beta and the market beta of 1.
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Figure 36: Cumulative returns: Hedge portfolio vs. MKT, SMB, HML and MOM

We expect that this is due to the portfolio formation, value-weighting and size-adjusting returns,

which should eliminate most of the size risk. The portfolio exhibits a significant and negative loading

on HML of -0.22, indicating a tilt towards growth stocks. This is in line with our expectations, but also

proof that the value factor does not fully explain the return series. As such, the large and significant

alpha confirms that investing in IP-focused firms contains information that is incremental to that of

the value effect.

Figure 37: Correlation matrix of factor-mimicking portfolios

Figure 37 shows the correlation matrix of the hedge-portfolio returns and the factor returns, and

demonstrates that the return series is not highly correlated with known return predictors. Overall,

these findings support Hypothesis 4. It seems that financial markets are not efficient in valuing our

simple measure of innovation, as stocks issued by firms that hold a patent portfolio of at least 100

patents and trademarks are undervalued relative to the market and the Carhart model, and contain

incremental information not fully explained by existing stock market factors.
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9 Conclusion

We do not find convincing evidence to confirm Hypothesis 1, although the results are encouraging

for some aspects. Specifically, we find a positive and strong relation between IA and contemporaneous

sales growth, which is consistent with previous studies (Scherer, 1965; Comanor and Scherer, 1969;

Ernst, 2001; and EPO and EUIPO, 2019), and supports the hypothesis. Across industries, the results

are ambiguous. In the medtech and telecom & media industries, High IA firms show superior growth,

profitability, and cash flow generation compared to Low IA firms, while the relation appears weak or

negative for the remaining IP-intense industries, and negative for industries that are less focused on

IP. To some extent, these findings support our proposition of a stronger relation between Innovation

Accumulation and contemporaneous operating performance in IP-intense industries, but are not overly

convincing. We assume that a lack of comparability and differences in accounting practices distort re-

sults, which we mitigate by comparing each firm to its own historical performance, while also allowing

for a time lag from publication to commercialization. We find that IA predicts a subsequent improve-

ment in ROA and FCF yield, while the relation between IA and the remaining operating performance

measures appears weak or negative. Examining only firms that improved their operating performance

over the measuring period, the pattern seems more supportive, although still not unequivocal across all

measures. Based on these findings, we do not find a consistent positive association between Innovation

Accumulation and contemporaneous or subsequent operating performance, and we therefore cannot

confirm Hypothesis 1.

As to Hypotheses 2 and 3, we do not find any supporting evidence to confirm either of these.

All IA portfolios, High, Middle, and Low produce above-market risk-adjusted returns as well as large

and significant Carhart alphas. However, we observe that the performance decreases monotonically

with IA, meaning that the High IA portfolio underperforms the Low IA portfolio, suggesting that

the IA-return relation is either negative or that no such relation exists. This is also confirmed by the

results on the IA hedge portfolios (High minus Low) that offer close-to-zero excess returns, both before

and after adjusting for size. Examining the pervasiveness of the IA-return relation across industries

reveals large cross-industry variations in share price performance, which are rooted in the industry

fundamentals we presented in Chapter 2. For the majority of industries that we classify as IP-focused,
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namely pharma & biotech, medtech, telecom & media, computers & chips, and software & services,

we find positive excess returns on the size-adjusted intra-industry hedge portfolios, indicating a decent

ability of the IA measure to predict stock price returns. However, this pattern is not consistent

across all IP-focused industries, which is why the results only to some extent provide support for our

expectation of a stronger return predictability in high IP-intensity industries.

We construct the IA factor from these intra-industry portfolios by taking an equal position in

industries that consist of at least 15 firms, leaving out construction, transportation, hospitality &

services, and metals & minerals. The IA factor portfolio delivers a low value-weighted annualized

average excess return of 0.80% and a low and insignificant Carhart alpha, as well as insignificant

loadings on the existing risk factors. Overall, these results do not support a positive association of

IA with subsequent stock price returns, which is why we cannot confirm Hypothesis 2. Given that

the IA factor does not seem to contain any information to predict stock price returns, it becomes

self-fulfilling that it neither contains incremental information to existing stock market factors, which

is why Hypothesis 3 becomes purposeless, and is therefore also rejected.

We show that our findings are neither sensitive towards model assumptions or elements of the

trading rule, including lookback horizon, holding period, or portfolio focus, nor are they sensitive

towards size. Specifically, we do not find evidence that either the direction or the strength of the IA

return relation is greater among Small firms as compared to Big firms.

We discuss potential sources of noise that influence results, including the relevance of intellectual

property rights as proxy for innovation. We acknowledge that this does not capture all innovative

activity, and that the degree of innovation and economic significance varies substantially. However,

we argue that these rights represent a value to investors in themselves, regardless of a firm’s other

innovative activities not under IP protection. We suspect that the quality of the dataset is too low

to reasonably associate Innovation Accumulation with operating performance and stock price returns,

which hints towards what we consider a fundamental problem: Namely, that there is no publicly acces-

sible and reliable database that contains point-in-time data on European firms’ intellectual property,

and that this limited availability of data constrains both the academic field as well as investors.

Reverting to our research question, we do not find evidence to confirm that an investment strategy
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on Innovation Accumulation can provide abnormal returns to investors - or at least not in the way we

had expected.

Based on our findings, we propose a fourth hypothesis, that financial markets are not efficient in

pricing in IP, and stocks issued by firms that are IP-focused, proxied by having a patent portfolio of at

least 100 patents and trademarks, will be undervalued relative to existing factor model benchmarks.

We find supporting evidence of this proposition, indicating that firms just have to be innovative

enough for markets to not fully price in their value potential. Specifically, investing in all stocks in

our investable universe and going short the market yields an annualized value-weighted hedge return

of 4.07% and a Carhart alpha of 5.71%, which is significant at a 5%-level and robust to controlling for

existing risk factors.

As mentioned, anomalous returns should be considered net of all market frictions, which naturally

raises the question as to whether this 5.71% is a compensation for liquidity risk. We think not. Pro-

vided that returns are value-weighted and size-adjusted, we do not expect that implementation costs

or liquidity risk premia to eat the entire abnormal return, although we recognize that implementation

is not free.

As such, on the surface it seems that the significance of the mispricing lies in the mere fact of

having a patent portfolio of a certain size, and above that threshold, investors will find it just as

difficult to process and price high IP growth as well as low IP growth. However, the properties of

the active dataset continue to haunt. It could perhaps be, that if we expanded our sample to also

include firms with shrinking IP portfolios, and thus constructed a hedge portfolio of High (positive)

accumulators minus Low (negative) accumulators, the real winners would appear.

Implications for Future Studies

Our findings agree with the proposal of Hirshleifer et al. (2013), namely that investors have greater

difficulty processing information that is less tangible and whose future prospects are highly uncertain.

Information about intellectual property is hard to process, because it requires both an in-depth knowl-

edge of a firm’s fundamentals and how its industry is changing, as well as the stages from patent to

final product on the market (Hirshleifer et al. 2013). In line with the findings of Hirshleifer et al.

(2013), we show that such hard-to-process information is undervalued. But to what extent, and under
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which conditions, we are still in the dark.

Our results bring with them a proposal for future studies examining the association between

innovation and future stock price returns. We found a mispricing of IP-focused firms proxied by

having at least 100 patents and trademarks, but would this also be the case for firms with 10 patents

and trademarks? And does the strength of the mispricing increase with the size of the patent portfolio

or perhaps the pace at which firms expand this portfolio? Is the mispricing more severe amongst

smaller firms that receive less investor attention, or perhaps in industries that are more dependent on

IP? Questions are plentiful, and with those, we pass the baton.
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11 Appendix

Table A: Complete summary statistics of data
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