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Abstract

WHAT WAS DONE? This study researches the success of several value investment
strategies in the stock markets of the United Kingdom and Germany based on nine firm
fundamentals that are extracted from listed firms’ annual financial statements. In this regard,
we first examine alternative forecast combination methods in a novel way to utilise fully the
financial information at hand. Second, we examine the drivers of investment returns,
particularly the role of information uncertainty, for which a new direct measure is developed.
Finally, we evaluate the performance of these financial health investment strategies in
alternative institutional environments by focusing on the differences between the two markets

regarding both their corporate culture and their legal environment.

WHY WAS IT DONE? Similar to economics, the discipline of finance is a social
science because its observations emanate from economic transactions between humans.
Nevertheless, a significant part of the research in this area is undertaken by means that are
almost exclusively applied to the natural sciences, such as mathematics or physics. Although
the reasons seem manifold, an increased form of scientificity, in conjunction with greater
credibility of the research process and results, is deemed to be of primary importance.
However, the benchmark for evaluating these research outcomes differs from those used in
the natural sciences. From the example of the efficient market hypothesis one can see that
alternative research results that cast serious doubt upon efficiency per se are disregarded as
aberrations, leading to the assumption that the hypothesis in its entirety is more or less valid.
This study assumes that inefficiencies in the stock market do exist for prolonged periods of

time and investors are actually able to benefit from them.

HOW WAS IT DONE? Secondary financial statement data of listed companies in the
United Kingdom and Germany were downloaded from Datastream for the period between
1992 and 2010. A quantitative analysis of the significance of the correlation between groups
of firms with similar financial characteristics and their one-year-ahead stock returns was
subsequently performed. Various combination methods for differential weighting of
individual financial statement items were conducted. The aim was to increase the profitability

of the investment strategy.



WHAT WAS FOUND? In general, a classification of stocks according to certain internal
criteria of financial health is capable of separating future winners from losers and at the same
time confirms the results of a previous US study. More specifically, we first show that a wide
range of combination methods generate profitable investment strategies whereby especially
measures of profitability are the central indicator of a firm’s future performance. Secondly,
the more complex methods neither consistently nor substantively outperform the simpler
methods. Thirdly, information uncertainty does not seem to be the prime driver of the
profitability of an investment strategy. Lastly, we show that financial health investment
strategies are profitable both in market-oriented, common law settings and in bank-oriented,

code law settings.

Keywords: Capital markets; market efficiency; behavioural finance; financial statement
analysis; valuation; UK stock market; German stock market; value investing; information

uncertainty; liquidity.
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Chapter 1 Introduction

1.1 Introduction

The first chapter of the thesis presents an overview of the rationale for undertaking this
research, which analyses the performance of financial statement-based investment strategies
in the stock markets of the United Kingdom and Germany. It also highlights the research
objectives and how the study aims to contribute to the literature by answering the relevant

research questions. Finally, a brief summary of the chapters in this thesis is provided.

1.2 Motivation of the study

The basic principle of a fundamentals-based investment strategy is to provide investors with
an easily implementable tool that generates reliable stock returns both consistently and
reliably. However, in academia, this very principle is controversial because, inter alia, it
assumes that market participants have different perceptions of financial statement information
and the way in which this information is actually incorporated into stock prices. This lack of
unity amongst investors should lead to profit opportunities that can be benefited from with an

adequate investment strategy.

Naturally, two conditions need to be assumed. On the one hand, stock markets are required to
be actually informationally inefficient, which means that stock prices do not move randomly
and can therefore be forecasted. This stands in contrast to the so-called efficient market
hypothesis (EMH), which has been the dominating tenet in modern finance for more than
three decades (Lo, 2004). According to Fama (1970), prices fully reflect all the available
information. Ever since its inception, however, the EMH has received considerable criticism
from various quarters. For instance, Grossman and Stiglitz (1980) excluded the possibility of
efficient markets on logical grounds. According to their argument, if all the information is
already priced in, investors would stop the costly activity of collecting information and
trading on it, with the consequence that markets would cease to exist. As a result of this
academic debate, an alternative school of thought has emerged more recently that relaxes

some of the strict assumptions made by the EMH. Adherents to the so-called school of
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behavioural finance believe that investors should be viewed in the financial markets as
individual rather than aggregate actors, who do not always exhibit rational behaviour during
economic decision making but are rather subject to their feelings and emotions. Consequently,
their actions might not always be predictable, which would then lead to temporary
inefficiencies in stock markets. Due to its mathematical approach to understanding financial
markets, that is, prices follow martingales (Lo, 2004), the EMH has been criticised by
behavioural finance advocates for being the outcome of so-called “physics envy”. Bennis and
O’Toole’s (2005) critique was that the social sciences, such as economics and finance, borrow
the scientific approach from the hard sciences, such as physics or mathematics, and that
research outcomes are hardly evaluated regarding their practical use. Behavioural finance is
not free from similar criticism. There is considerable doubt in the academic literature whether
the test findings of psychological experiments, which are regarded as one of the foundations
of behavioural finance, are as easily transferable to financial markets as their followers

assume (Barberis and Thaler, 2005).

On the other hand, even in the case in which the above-mentioned issues have been addressed,
the questions of which one of a plethora of investment strategies is most suitable for
benefiting from market irregularities and on what grounds remain unanswered. As
summarised by Ke and Ramalingegowda (2005), market participants can be classified
generally as transient, dedicated or quasi-indexing investors, the transient ones being
characterised by active trading whereas the quasi-indexing ones aim for a low portfolio
turnover. Each of these categories, in turn, requires different approaches to or strategies for
investing. However, the overarching aim to realise adequate returns depending on the chosen
strategy is common to all approaches. While the search for the optimal strategy might be
criticised as an exercise of data mining, this problem can be moderated by using theory as a
guide (Richardson et al., 2010). According to the broad definition provided by Ke and
Ramalingegowda (2005), this study adds to the literature in the field of dedicated investors.

As one result of physics envy, theorists in finance are faced with the problem of not always
being able to apply rigorously the scientific method that is closely intertwined with a
positivist research methodology in the natural sciences. An example of this is the Black—
Scholes formula, which is intended to price options on the basis of observable input variables.
As Ferraro et al. (2005) described, the divergence between the actual and the predicted option

price from the formula was as high as 40% in the months following its presentation.
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Subsequently, the accuracy of the formula increased substantially. Because the formula
remained the same over time, there is a presumption that the options market changed in such a
way that it now corresponds to the formula’s prediction (MacKenzie and Millo, 2003). As a
consequence, the options market could be regarded as efficient because the prices reflect all
the available information, which is postulated by Fama’s (1970) efficient market hypothesis.
Again, however, this efficiency only comes into existence because the market participants are
using the Black—Scholes model, not because it has uncovered an innate pricing mechanism in
the options market. As it is widely used by investors because of its accuracy, this efficiency is
not likely to change in the foreseeable future. By contrast, less accurate models exist in the
equity markets, such as the capital asset pricing model, the arbitrage pricing theory or the
Fama—French three-factor model. The reason for this might be that financial theory and
practice do not coincide as expected. Evidence for this is provided, for instance, by Graham
and Harvey (2001), who found differences in the application of project evaluation methods by
CFOs between small and large firms that, in turn, might have a significant influence on equity
prices. Therefore, no single pricing formula occupies such a dominant position in the equity
markets as Black—Scholes. This should not be regarded as a drawback, because once a reliable
investment strategy has been found, the user, the investor in this case, should be reasonably
assured that an actual relationship between firm fundamentals and stock returns is evident.
Naturally, it is conceivable that other strategies lead to similar results.

As a consequence, this empirical study is motivated to research the determinants of successful
value investing with regard to behavioural finance and specifically i) to test various
fundamentals-based investment strategies in two core European stock markets, the UK and
Germany; ii) to extend these strategies with a view to improving them by better combining
information from different indicators; iii) to focus on the practising investor by providing an
easily implementable investment tool; and iv) to reduce data mining by emphasising the
economic theory of the input variables and the construction of alternative strategies.

1.3 Research objectives and contribution of the study

The present study aims to research empirically and understand the relationship between a
firm’s fundamentals that can be derived from its financial statements and its subsequent stock

return. As mentioned before, this is associated with the assumption that stock markets are
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either entirely or at least partly inefficient. In this regard, the following research objectives are

set to be achieved:

To test empirically an earlier successful investment strategy in the European
context.

To extend this strategy by borrowing concepts from the forecasting literature with
the objective of improving the results of the original investment strategy.

To examine the drivers of the investment returns, particularly the role of
information uncertainty and liquidity.

To evaluate the results against the background of differing legal, accounting,
country-, stock market- and firm-specific characteristics.

In general, to contribute to the literature on capital markets and more specifically

to the literature on fundamental analysis and valuation.

In terms of theory, the completion of these research objectives extends the current state of the

aforementioned part of the literature by adding another dimension. This dimension consists of

two parts. First, the research is undertaken in another geographical location with differing

characteristics from the original study and intends to validate the original results. Second, the

original idea is adjusted and subsequently tested for improvement. At the same time, practical

relevance is ensured. To achieve completion, the following research questions are posed.

To what extent can the success of a simple fundamentals-based investment
strategy be replicated in the stock markets of the UK and Germany?

Are there alternative strategies that can be used by investors to achieve better
results and, if so, which one of them is the best?

How do a firm’s book-to-market ratio, different kinds of information uncertainty
and stock liquidity drive the success of those strategies?

Does the country-specific legal system have an influence on the success of the

various investment strategies?
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1.4 The structure of the thesis

This subsection provides an overview of the structure of the thesis and a summary of each of

the following six chapters.

Chapter 2: A Review of the Literature

The purpose of the literature review chapter is to highlight the evolution of the contributions
to the literature in the field of finance and their relevance to the research objectives of the
present study. In this context, the chapter starts with an introduction to the efficient market
hypothesis, which has dominated the academic dispute in the area of modern finance ever
since its revelation in the early 1970s. As a solution to the continuing controversy between
scholars, the emerging area of behavioural finance has been proposed as an alternative theory.
Having presented these two theoretical concepts, the chapter continues by scrutinising
critically some of the past empirical studies and elaborating how and the extent to which
theory and practice correspond. In part, the deviations between some of the research results
and the theory have been consistently so large that academics of both schools of thought have
usually agreed on their existence. The chapter describes how these anomalies are assessed by
advocates of the two schools and range from simple to more complex attempts to explain
them. Finally, the chapter condenses the literature into those parts that are relevant to the
present study. It thus helps to place it within the body of academic literature and demonstrates
how it contributes to it. A summary concludes the chapter.

Chapter 3: Methodology and Methods

The third chapter describes the philosophical underpinnings on which this study is based and
explains why it was chosen and what it makes different from an alternative philosophical
paradigm. It also includes a brief discussion about the relevance of this specific paradigm
regarding the finance literature. In the further course, the characteristics of the two stock
markets in the UK and Germany on which this study focuses are presented. Following that,
the attention turns to the detailed presentation of the research methods. In the first step, a
previously successful investment strategy is identified as a starting point on which both the
empirical analyses and the newly introduced strategies are based. Alongside that, the

procedure for collecting and processing the secondary data is described. In the second step,
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the reasons for the choice of specific statistical test methods are explained and depicted.

Finally, a short summary is provided.

Chapter 4: Empirical Analysis and Results — The UK

The key contribution of this chapter is an analysis of whether alternative methods of
combining financial statement information can enhance the profitability of trading strategies.
In addition, the analysis is conducted in a more recent time period and considers firms with
various book-to-market ratios. Beginning with the UK, the chapter first reports the descriptive
results of publicly listed firms, then replicates and extends this strategy in various ways. To
test whether those strategies work better for firms with certain characteristics, the analysis
then takes into account a firm’s book-to-market ratio. A discussion about the relevance of the

UK results to the existing empirical finance literature concludes the chapter.

Chapter 5: Information Uncertainty and Liquidity — The UK

The fifth chapter aims to answer the question about the key drivers of the investment
strategies under scrutiny. The main contribution of this chapter is the identification of the
prime force behind the one-year investment returns, thereby developing a novel measure of
information uncertainty. Possible other drivers, such as firm size and stock liquidity, are used.
Size, in this regard, serves as a surrogate for the overarching wider concept of information
uncertainty and is complemented by two more specific measures. Liquidity, in turn, is
represented by proxies that capture either the price impact dimension or the trading quantity
dimension while they are used to test reciprocally the robustness of the results at the same
time. Finally, the empirical results of this chapter are discussed against the background of the

existing body of academic literature.

Chapter 6: Empirical Analysis and Results — Germany

The last empirical chapter of the research deals with the application of the financial health
investment strategy and its respective variants in the German stock market. Its purpose is to
provide further insights into the success of the strategies in a different setting, helping us to
examine whether the profitability of the strategies is influenced by the institutional or legal
setting. This is of interest because, in a bank-oriented economy such as Germany, published
financial statement information is not the prime method of mitigating information
asymmetries. In this regard, this chapter particularly emphasises the peculiarities of the

German economy and legal system and contrasts them with those prevalent in the UK.
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Therefore, the testable hypotheses are adjusted accordingly to predict whether a country
characteristic is causal for either increasing or diminishing trading profitability. In conclusion,
the results are related to the literature with a conclusive chapter summary.

Chapter 7: Conclusion and Limitations
The concluding chapter highlights the main contributions of the present research and how the
gaps in the literature were narrowed. It then continues by pointing out the limitations of the

research and proposes potential avenues for further research.
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Chapter 2 A Review of the Literature

2.1 Introduction

The purpose of the following literature review is to provide an overview of the evolution of
modern finance to explore and legitimate the research gap that this thesis intends to narrow.
This source is then used to derive research questions and to formalise the topic under scrutiny
in each of the three empirical chapters. Moreover, the literature review highlights the research
that has already been conducted in the past, the contemporary state of academic knowledge in
this area and how this thesis is relevant to it. A further important aspect is the critical
evaluation of research frameworks used by scholars that will play a leading part in the
subsequent chapters, particularly concerning the research design and methodology. The
general rationale is therefore to present a guideline for the reader to follow the research

process, the author’s line of argument and what can be expected from this thesis (Blumberg et
al., 2008).

The literature review is structured as presented below:

e The first part deals with the two prevalent schools of thought in modern finance and
lays the theoretical foundation for the necessity of the research at hand. It includes an
outline of their fundamental assumptions and shortcomings and answers the question
of why two schools exist at all. Finally, recent developments in this area are mentioned.

e After presenting the general theoretical concepts of mainstream finance, the second
part of the review emphasises the practical ramifications of their assumptions. This
includes a summary, interpretation and critical evaluation of empirical findings that
were obtained in stock markets, mostly in the US. The research results indicate the
existence of anomalous stock return patterns with regard to firm valuation and firm
size, known as the value effect and the size effect, respectively.

e Since the existence of these anomalies is widely acknowledged by academics, parts
three and four seek to clarify both doctrines’ stance on the issue and the explanations
that they state in each case. The possible reasons for those anomalies range from
simple and logical to more complex explanations with no definite, unambiguous final
answer.

e The final part of this chapter relates the existing body of knowledge to the current
research. Testable hypotheses are established in subsequent chapters. It therefore
locates the work within the academic literature and demonstrates how it extends,
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differs from and ultimately contributes to the knowledge. Some concluding remarks
are made.

2.2 Theoretical foundations of modern finance

2.2.1 The evolution of asset pricing models

In the 1950s, Harry Markowitz (1959) presented the conceptual framework for what is now
known as modern portfolio theory (MPT). The basic idea was that a certain asset return is
only obtainable by taking on a certain amount of risk and therefore leaves the investor with a
given set of investment portfolios from which to choose. In this context, the element of risk is
tantamount to an uncertain outcome, whereas the asset price is a representation of the present
value of its discounted future payoffs. Based on Markowitz’s work, Sharpe (1964), Lintner
(1965) and Mossin (1966) independently extended the basic concepts of MPT by presenting
the capital asset pricing model (CAPM). According to this, the expected return of an asset can
be presented as the risk-free rate of interest plus the asset’s market covariance times the
difference between the market’s expected rate of return and the risk-free rate divided by the
variance of the market return. In contrast to MPT, the CAPM assumes that overall risk can be
split up into diversifiable and market risk and thus it provides a means of valuing assets

subject to market risk only.

However, questioning the practicality of the model due to its strict assumptions, Ross (1976)
proposed arbitrage pricing theory (APT) as an alternative to the widely used CAPM. The
main point of critique was the inflexibility of the CAPM, in which the future return
expectations and the risk assessment of investors are assumed to be identical or at least
homogeneous. Further, the CAPM assumes a mean-variance utility-optimising investor.
Relaxing these conditions, the alternative model is still able to provide better estimates of the
expected stock returns than the CAPM (e.g. Bower et al., 1984; Fama and French, 1997).
According to APT, a financial asset’s expected return can be written as a linear function of a
range of macro-economic factors or theoretical market indices with a beta coefficient for each
factor. The obtained rate of return can then be used to discount the future payoffs to arrive at
the appropriate asset price. Differences between computed and actual asset prices are not
supposed to exist for a long time because they are arbitraged away. This logic implies that not
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all investors need to be well-informed or rational to ensure that stock prices are priced

according to their underlying fundamental values.

Black and Scholes (1973) and Merton (1973) also based their work on the arbitrage argument
to derive a formula for pricing options. A summary of the numerous developments in this area
up to this point can be tracked in Smith (1976). Finally, Fama and French (1993) extended the
CAPM by expanding the set of variables that are deemed to explain stock returns. By
employing time series regressions, they showed that firm size and book-to-market equity play
a vital part in explaining the differences in average stock returns. In general, it has been
believed since then that this so-called three-factor model provides a more reliable tool for
explaining asset returns against which anomalies should be measured (Malkiel, 2003).

The different asset pricing models presented up to this point are part of financial economics
and started to gain scientifically relevant status in the 1960s (Jovanovich, 2008). Although
they offer various approaches to asset valuation, they commonly hold the same assumptions
as the efficient market hypothesis. The following section will present the underlying

principles of this theory and point out its disadvantages.

2.2.2 The efficient market hypothesis (EMH)

The purpose of the following paragraph is to elaborate and review critically the basic theory
on which all of the aforementioned asset pricing models are built. Since these models are
commonly used to mimic reality to comprehend its complexity fully, certain assumptions
need to be defined first. Although not all aspects of reality are essential for its understanding,
a researcher has to ponder the extent to which each of those is both vital and measurable in
the process of abstraction. In general, the EMH assumes that all information is rapidly and
fully incorporated into prices. More informally, there is no “free lunch” because higher

returns are associated with higher risk.

The EMH is the dominant assumption of many asset pricing theories and was first introduced
by Fama in 1970. The theory is based on the concept that stock prices follow a random walk,
which means that they have no memory and therefore cannot be used as a means to predict
future returns either reasonably well or reliably. However, the central idea goes back to
Samuelson (1965), who originally presented the random walk hypothesis and outlined the
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reasons behind it. According to the theory, randomness is a result of the insatiable greed of
investors, who constantly attempt to secure a financial advantage by trading on any kind of
information. Because stock prices are a result of these cumulative transactions, the available
information is then reflected in the stock market prices. For that reason, arbitrage
opportunities will fade quickly and above-average returns are practically impossible (cp. APT
in section 2.2). In short, the EMH is “the simple statement that security prices fully reflect all
available information” (Fama, 1991). Security prices in this respect represent the present
value of the future payoffs of stocks and “fully reflect” the available information. The term
information is split into three sub-categories: i) weak form, ii) semi-strong form and iii) strong
form. Category i) assumes that past stock returns are useless in forecasting future stock
returns and therefore render technical analysis futile. In other words, weak form efficient
markets are characterised by the random walk hypothesis and therefore past prices play no
role in the prediction of future stock returns (Smith, 2012). Testing for weak form market
efficiency is usually undertaken by variance ratio tests based on Lo and MacKinlay (1988)
and newer version of these such as in Kim and Shamsuddin (2008). To meet the requirements
of category ii), prices should additionally incorporate new information, such as financial
statements or ad hoc reports, in a timely manner. In order to test the effect of the arrival of
new information on stock prices, event studies are usually conducted. For instance, Chordia et
al. (2005) analyse stock price movement of up to thirty minutes to provide insight on how fast
prices converge to market efficiency. The last case iii) holds true if even investors with access
to confidential information are unable to benefit from it. The prevailing view amongst

academics is that financial markets are at least the semi-strong form of efficient.

2.2.3 Problems with the efficient market hypothesis

Fama (1970) himself acknowledged the vagueness of the EMH and especially the exact
meaning of the statement of full reflection of information. Due to the joint hypothesis problem,
the theory cannot be tested empirically unless the underlying asset pricing model is known. In
other words, if the null hypothesis of market efficiency is falsified, this would not necessarily
mean that markets are inefficient. It may also be due to the deficiency of the underlying
valuation model that was used in falsifying the null hypothesis. Hence, the results would still
be open to interpretation. However, the benefit of the theory lies in its ability to isolate risk as
the only distinctive characteristic amongst the theoretical models, because the definition of
risk is model-dependent. This is possible because the expected return is assumed to be a

11



Chapter 2

function of risk alone on condition of a given set of information. The EMH therefore

seamlessly follows on from both the APT and the CAPM and is formalised as follows:

E(ﬁj.tﬂl(bt) =[1+ E(7~’j.t+1|(Dt)]Pjt (1)

The equation states that the price p of asset j at time t + 1 corresponds to the percentage return
of that asset after one period times its price p at time t. The Greek letter ®@ represents a vector
of all the available information at time t. Although this equation suggests a veneer of
mathematical precision, its interpretation is rather fuzzy. Markets are efficient if all the
available information is “fully reflected” in the asset prices. However, it is still unclear how
the term “fully reflected” should be interpreted. Fama (1970) stated that markets are already
efficient if investors “utilise” information and thus moderate the strict requirement of “full”
reflection. This could be regarded as another reason why the EMH cannot be falsified as the

scale on which information is utilised is irrelevant to market efficiency.

Fama (1970) proceeded by providing three basic prerequisites that an efficient market has to
satisfy sufficiently to be able to reflect fully all the available information: transaction costs are
assumed to be zero, all the available information is costless and there is agreement on the

pricing implications of the information amongst the investors.

The first assumption clearly does not resemble the reality in the financial markets of the 1970s,
although transaction costs have fallen dramatically since Fama’s (1970) work was published.
This can be largely ascribed to the computerisation of stock markets and the associated
reductions in overheads as well as vast increases in the trading volumes of many financial

markets. Although noted, this assumption is not considered in the further course of this thesis.

The second assumption, however, deserves further attention. The costs of accessing
information have decreased in a similar way to transaction costs, but another dimension exists.
Grossman (1976) and Grossman and Stiglitz (1980) logically proved the impossibility of
perfectly efficient financial markets for this assumption. They reasoned that information
gathering would become an unprofitable activity due to the implied costs and therefore would
not be undertaken by any investor. Consequently, trading would come to a standstill and
markets would cease to exist. However, if all investors stopped paying for information, the

markets would be in disequilibrium, because every single investor assumes that he would be
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better off once he resumes paying for information. This rationale was taken up by Fama (1991)
in his literature review of 20 years of EMH research. From the outset of his paper, he referred
to this issue and lessened this assumption to the point that investors will only pay for
information if the marginal benefits exceed the marginal costs. By rendering the strict version
of the assumptions false, he admitted to bypassing the first assumption as well. Therefore, the

focus rests mainly on the last assumption.

Finally, the third assumption leaves some room for interpretation. In Fama (1970), there is no
explicit statement about whether it is sufficient for prices to reflect investors’ aggregate
agreement on the pricing implications of information or whether all investors reach the same
conclusion independently. The literature on this point tends towards the latter explanation, as
Clement (1999) identified systematic and time-persistent analyst forecast variability and
Gleason and Lee (2003) documented differences in the pricing process dependent on both

analyst coverage and prominence.

As mentioned above, investors are expected to utilise all the available information, which is
categorised as i) historic (past prices), ii) current and public (company announcements, etc.)
or iii) private and non-public (insider knowledge), in exactly the same way. It can therefore be
concluded that such a restrictive definition of “information” accompanied by the catch-all
term of “utilisation” is another reason why the EMH cannot be falsified. The reason is

presented in the next paragraph.

For instance, in a semi-strong-form efficient market, investors would be able to differentiate
between different kinds of information, such as company-dependent (internal) or independent
(external) information. As no explicit distinction is made, Fama’s (1970) definition of
information in the semi-strong-form case leaves the reader with room for interpretation. Both
kinds of information also have consequences with regard to the amount of time it takes for the
asset price to adjust. This is because in reality different levels of agreement on how to
interpret information exist amongst investors. A profit-warning company statement (internal)
is likely to be reflected more quickly in the asset price than a rise in interest rates (external). If
profits slump, this cannot be a good sign for the health of any company, regardless of the
industry in which it operates. A rise in interest rates, however, is not a bad sign per se.
Companies in the financial sector, for instance, might even profit from it in the future. There

should also be a difference between companies with different levels, types and durations of
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corporate debt in this scenario. Fama (1970) took up this thought and presented evidence from
Waud (1970), who found little proof that prices adjust markedly after interest rate
announcements because the external information has already been anticipated. However, it is
questionable whether investors always have the ability to comprehend fully the complexity
that some types of information entail and whether they can predict the effect on any single
asset within their portfolios at the same time. However, even assuming that investors are
incapable of seeing through all the layers of complexity, this point of criticism is undermined

by the catch-all term. It suffices that investors just utilise information to make the EMH work.

Although the EMH approximately held true at that time (e.g. Ball and Brown, 1968), it is not
surprising that since then it has earned a considerable amount of criticism because of these
somewhat unrealistic assumptions. LeRoy (1976) equated the entire theory with a tautology
because prices are conditional on @ in (1) to make them efficient. However, prices are
efficient by definition as they are regarded as having incorporated all the available
information. Thus, the theory is always true and cannot be rejected. In an attempt to dispel the
ambiguities of the EMH, Beaver (1981) relaxed the assumption of investors’ full agreement
on information. According to his definition of efficient markets, it is sufficient for asset prices
to behave as if every investor has interpreted the information in the same way. Although this
definition shifts the EMH towards more realistic assumptions in that it acknowledges
heterogeneity amongst investors, it raises another question: how can the market in aggregate
be efficient if each single investor has different views on how to interpret information? A
logical answer was given by Ryan (1982), who interpreted Beaver’s (1981) assumption as a
statement that “[...] market prices reflect the rational component of individual behaviour [...]
whilst unsystematic (irrational) behaviour is diversified away in the pricing process”.
However, in his view, this answer is unsatisfactory as it is also possible that the situation
could be vice versa in that the rational component is cancelled out. Nevertheless, Ryan (1982)
acknowledged the possibility of bypassing his alternative answer by citing Friedman’s (1953)
analogy of billiard players.

“Consider the problem of predicting the shots made by an expert billiard player. It seems not
at all unreasonable that excellent predictions would be yielded by the hypothesis that the
billiard player made his shots as if he knew the complicated mathematical formulas that
would give the optimal directions of travel ... It is only a short step from these examples to
the economic hypothesis that under a wide range of circumstances individual firms behave as
if they were behaving rationally to maximise their expected returns ...”
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Although this explanation can serve as defence for the EMH as a whole, it is still unclear how
the transition process from irrationality to rationality actually works (Ryan, 1982). However,
this criticism could be regarded as unjustified from a practical point of view. As regards the
development of uniform accounting and financial regulation standards in an increasingly
globalised world, the assumption of inefficient markets would not be helpful (Kothari et al.,
2010). As the authors pointed out, efficient markets are based on an equilibrium theory and
therefore describe a state from which accounting principles, for instance, can be derived.
Market inefficiency theories in turn describe transitory pricing only but more importantly do
not provide a framework for the restitution of market efficiency. Therefore, despite the
shortcomings and ambiguities of the EMH, it remains an integral part of the academic
literature and policy makers’ decision process until such time as advocates of market
inefficiency present an adequate substitute. This statement, of course, is easy to make with the
benefit of hindsight and because the implications of the EMH for policy making are now

apparent.

However, the ongoing academic dispute and exchange of ideas should stimulate the search for
such better theory. At the end of the 1970s, though, EMH proponents were still pointing to the
substantial empirical evidence in support of this theory (e.g. Jensen, 1978). In a statement on
the possibilities of falsifying a theory in general, Friedman (1953) stated that it is impossible
both to refute theoretical hypotheses and to prove them empirically. Advocates of the EMH
usually argue exactly on this basis. This means that by referring to the joint hypothesis
problem, empirical evidence against the validity of the EMH is refuted. On the basis of
Friedman’s (1953) statement, it may seem rather surprising that the validity of empirical
evidence (e.g. Jensen, 1978) is approved in support of the EMH but rejected in cases against it
(e.g. Fama, 1991).

Nevertheless, since the end of the 1970s, a vast amount of literature has been gathered on
anomalies that do not conform to the idea of efficiency in financial markets. Banz (1981) was
supposedly amongst the first to spur this development. Studying risk-adjusted stock returns
depending on firm size, he discovered unusually high returns for small firms that were out of
line with expected return models, such as the CAPM. Although this so-called size effect fades
with increasing firm size, he concluded that the CAPM is error-prone. Building on these

results, Basu (1983) documented that, additional to size, firms with higher earnings’ yields
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tend to show higher subsequent risk-adjusted returns in the cross-section, thus calling market

efficiency into question.

A further common anomaly that survived until recent times has been covered by a vast
majority of research in the area of what is known as calendar effects. At certain times in the
year, stock returns are either below or above their expected level. Studies have shown that
mean returns on Fridays are above the average, whereas mean returns on Mondays are below
the average (Siegel, 2002; Cho et al., 2007). A subset of this conundrum was first found in a
study conducted by Keim (1983), who examined stock returns over one calendar year. Now
known as the January effect, he found a higher negative correlation between size and stock
returns in January than in the remaining months. A further challenge to the semi-strong form
of the EMH is the results presented by Copeland and Mayers (1982). They found significant
abnormal risk-adjusted returns for stocks that are part of the first quintile and are assumed to
perform best. Being aware of the shortcomings of the CAPM, they implemented a holdout
period approach to create a valid benchmark against which stock returns are measured.
Although there were problems with this method, such as non-stationarity of mean returns
during the benchmark creation process, they proved that it did not undermine the validity of

their results.

In his update and review of 20 years of research after the EMH was first published, Fama
(1991) acknowledged ambiguities in the EMH and left the choice of accepting it as a useful
simplification of reality to the reader. A decade later, Kothari (2001) provided an insightful
review of empirical research on the relationship between capital markets and financial
statements. According to his classification, the literature can be divided into five main areas: i)
methodological capital market research, ii) evaluation of alternative accounting performance
measures, iii) valuation and fundamental analysis research, iv) tests of market efficiency and v)
value relevance of disclosures according to various financial accounting standards and the
economic consequences of new accounting standards. With the assistance of this
classification, it should be noted that the topic of the present thesis is clearly located in the
area of bullet point iii). Based on this, market inefficiency, more precisely semi-strong-form
inefficiency, is assumed from the outset. As described earlier, this implies that market prices
do not reflect all the available information of financial statements and information is not

anticipated immediately in the pricing process.
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Although the classification by Kothari (2001) is a helpful starting point, it needs to be
remarked that some overlap exists between point iii) and point v) for two reasons. On the one
hand, researchers test alongside the evidence against the EMH whether trading strategies
based on the anomaly are viable. On the other hand, tests of trading strategies based on those
anomalies are a logical consequence of finding them first. For this reason, the literature can be
further divided into the following three categories. Firstly, confirmation of already-
documented and revelation of new anomalies in stock markets. Into this category, for instance,
fall studies on short-term momentum and under-reaction to new information. According to the
claims of the random walk hypothesis, stock prices have no memory and therefore the serial
correlation should be zero. Research by MacKinlay (1997) revealed the opposite in that stock
prices drifted too many times in one direction, which caused the authors to reject the
hypothesis of random walks. Jegadeesh and Titman (1993) reached the same conclusion
earlier and found outperformance of past losers compared with past winners over the
following three to twelve months. It can be reasonably inferred that those results are in
violation of the EMH, because information does not seem to trickle down to stock prices
instantly. This work is based on findings in the long-run scenario insofar as stock market
returns substantially tend to mean revert over time. Negative serial correlation exists amongst
those stocks that have been former winners and turn out to be losers in the subsequent one to
three years (De Bondt and Thaler, 1985; Fama and French, 1988; Poterba and Summers,
1988).

Newer findings document anomalies based on sales growth (Lakonishok et al., 1994), on the
momentum and trading volume effects (Lee et al., 1999) and on the industry-factor effects
(Moskowitz and Grinblatt, 1999).

Secondly, research has focused on the implementability of trading strategies based on those
market aberrations. The term implementability includes a number of further aspects, such as
the cost—benefit analysis, reliability and flexible applicability of a particular trading strategy.
Studies in this area mainly focus on fundamental analysis in an attempt to predict stock
market returns in relation to some fundamental variables and financial statement ratios, such
as Lev and Thiagarajan (1993) and Abarbanell and Bushee (1997).

Thirdly, research is concerned with the potential drivers of market anomalies and attempts to

provide answers to why they exist and why some of them persist. This relatively new strand
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of literature is dealt with in the second part of this review and mainly focuses on the investor’s
mind and the effects on financial markets. It represents an alternative to the established ideas
of the EMH by focusing not on the aggregate market outcome but on understanding the

decision-making process that finally leads to it.

With regard to the further subdivision of the literature, the present thesis contributes to the
second point mentioned above. In general, one can conclude that the doubts about the validity
of market efficiency have not been dispelled entirely until today. This is particularly
interesting in the light of the increasing evidence against the EMH compiled by its originator.
Using the CAPM as an asset pricing model, Fama and French (2006) found considerable
inconsistencies for the period 1963 to 2004. These are, among other findings, larger than the
anticipated betas for growth stocks compared with value stocks, indicating exactly the
opposite of what one would expect according to the risk-to-reward relationship of the CAPM.
More recently, Fama and French (2012) documented a value premium across four major
economic regions that is negatively correlated with size. For these reasons, it is intriguing that
the implications for market efficiency are not mentioned in either paper. As noted by
Dempsey (2013), it is also bewildering why the inefficiencies of the CAPM are pointed out in
detail, but those of the EMH are not. The CAPM can be viewed as an elegant representation
of the EMH by relating risk to expected return and thus modelling the investing process
subject to investors’ rationality. However, according to Fama and French (1992), S as a risk
measure is inadequate for explaining cross-sectional expected returns. Consequently, it might
be asked why in the three-factor model that was introduced in this paper S remained a factor
in the model, next to size and book-to-market equity. Dempsey (2013a) ventured so far as to
conjecture far-reaching consequences for the subject of finance because “[s]uch paradigm,

after all, justified the status of finance as a subject worthy of ‘scientific inquiry’”.

The presentation of evidence in support of the EMH in the further course of the text will

demonstrate the rationale of the academic dispute and its current situation.

2.2.4 Arguments in favour of the efficient market hypothesis

The EMH has attracted vehement criticism for many years, some of which might not be
entirely justified. Although some of its prominent followers and even its originator seem to
have undergone at least partly a change of mind, the EMH should not be ruled out as a means
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of describing financial markets. As mentioned before, the intent of the EMH is to describe
markets in equilibrium, which can be regarded as an idealised state. It follows logically that,
on this basis, some of the documented anomalies are nothing out of the ordinary. In the short
run, markets tend to be a voting mechanism but convert to being a weighing mechanism in the
long run (Graham, 2005). This analogy, created by the father of value investing, Benjamin
Graham, in the 1960s, highlights that short-term market inconsistencies are expressly
accepted in the pricing process. Supporters of the EMH have received prominent assistance
from the same Graham, who was cited by Malkiel (2003) with the words: “I am no longer an
advocate of elaborate techniques of security analysis in order to find superior value
opportunities. [Today] | doubt whether such extensive efforts will generate sufficiently
superior selections to justify their cost. I’m on the side of the ‘efficient market’ school of
thought.” However, it is interesting to compare Graham’s utterance as a practising investor
with the theoretical findings, which tell a different story. Fama and French (2006) showed that
the CAPM is able to explain value premiums for the period of 1926 to 1963, but struggles to
do so afterwards. Ang and Chen (2007) reached the same conclusion, at least for the pre-1963

period.

A reasonable explanation for this conundrum was provided by Malkiel (2003). On the one
hand, anomalies occur because fundamental valuation measures might represent better proxies
for risk than beta. Direct evidence for this was already presented by Fama and French (1993),
who introduced the three-factor model based on their previous findings of market anomalies.
Moreover, Malkiel (2003) made the point that some of these patterns are not robust and
depend on the sample period researched. For instance, the period from the early 1960s to 1990
is regarded as unique in terms of generating abnormal returns. Besides, even if these patterns
were actually present in the past, they would already have been exploited and therefore would
have ceased to exist. Although this logic holds true in theory, the picture looks rather different
when looking at the results of practising investors. It can indeed be argued that trading
strategies that are accessible to the public are subject to diminishing returns. However, this
does not automatically imply that markets are efficient in the sense that abnormal returns
cannot be generated with trading strategies that are held secret. One famous example is long-
term capital management (LTCM), which was founded after 1990. Generating close to 50%
returns after fees, it is apparent that abnormal profits were still possible. However, as the
LTCM strategies became increasingly apparent to other investors, the trading opportunities

became “crowded” and the returns declined (MacKenzie, 2003). This example confirms
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Malkiel’s (2003) first statement but challenges the second one, namely the absence of market
anomalies. He likewise referred to the substandard performance of professional fund
managers and regarded it as one of the most convincing proofs of market efficiency. It should
be noted, however, that no single fund is big enough to pose a systemic risk to global markets
in the case of a total failure. The finance literature appears to be amazingly silent about these

implications, with the risk that regulators focus too much on an idealised state or equilibrium.

The reasoning against the existence of a value premium can be rather straightforward. The
higher expected return can only be achieved by higher risk exposure. Because it is assumed
that value stocks exhibit higher risk, this premium is not an abnormal return or a, but
compensation for bearing the risk of a distressed asset. Therefore, higher systematic risk is
synonymous with higher returns. The question is why higher systematic risk should be
associated with higher unsystematic risk or distress of a firm if this type of risk is diversifiable?
To sidestep this inconsistency, Heaton and Lucas (1997) argued that value firms share certain
characteristics, making them weak in the face of macro-economic factors such as recessions.
Because growth firms are more robust against those imponderables, investors prefer them and

accept lower returns. However, this logic is not backed empirically.

On the other hand, evidence against the EMH could be discarded as the result of data mining.
Kothari et al. (2005) examined the data sets that other researchers used to find arguments
against the EMH and for market anomalies such as the value premium. Due to non-random
data deletion, the impression might arise that stock returns are in fact predictable. Accounting
for truncations in the data sets used, there seemed to be a bias of up to 50% in the results.
Malkiel (2003) partially blamed editors of academic journals as they prefer to publish new
results than research that is confirmatory in nature or has negative outcomes. These two
aspects weigh heavily in favour of the EMH advocates. In his review of cross-sectional return
predictors, Subrahmanyam (2010), not a follower of either the EMH or the CAPM, cast doubt
on the process of adding variables to a predictive model to explain data. He reasoned that this
data-mining procedure comes at the expense of model robustness and ultimately reduces
reliability. Black (1993) even ventured so far as to view the three-factor model as the result of

data mining.

The criticism of the urge to publish in whichever new area of finance is arguable but does not

seem to be completely unwarranted. In light of the publications of some abstract research
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findings in renowned journals in the past decade, it may be asked whether this development is
conducive for policy makers and the finance discipline. A good example is Hirshleifer and
Shumway (2003), who found a significant correlation between sunshine and stock returns
after running tests for twenty-six cities. Although they argued that sunshine lifts investors’
mood, their results could seriously be called into question for two reasons. Firstly, using a
simple OLS regression, only four cities showed a significant correlation using a two-tailed 5%
test. However, those markets are mostly of local importance. Employing a logit model, the
only international market with a significant correlation was New York. Secondly, some cities
with internationally important stock markets were ignored. The stated correlation might
simply not be there because market participants in different time zones are not affected by the
current weather conditions in a particular location. This also seems to be corroborated by the
finding that mostly local markets are influenced by sunshine. Although the weather might
have an indirect influence on the risk-taking behaviour of investors and challenge the market
efficiency, as documented by Bassi et al. (2013), the added value is most likely to lie in the
academic exercise itself. Weather is uncontrollable; therefore, new insights for regulators or

policy makers are most likely to be of limited importance.

In his review, Malkiel (2003) cited a conversation between Roll and Shiller. Roll, an
economist and fund manager, stated that he had tried to invest both his own and his clients’
money in every conceivable way in the pursuit of successfully exploiting the anomalies
presented by academics but that he could not find any kind of market inefficiency. As
mentioned before, there is evidence in favour of the EMH because the majority of fund
managers underperform the general market. A failed financial incentive scheme in the fund
industry might be a reason for that. This would also go hand in hand with Friedman’s (1990)
statement about the recklessness of individuals in spending money, which varies depending
on its origin and the investment objectives. According to this idea, the recklessness in
spending money is lowest if one’s own money is spent on oneself and highest if others’
money is spent on others. Applied to the case of active fund managers, a commission is paid
irrespective of their performance during the year. This means that others” money is spent not
only on others but at least partly on fund managers themselves, which indicates a high level of

recklessness.

The above section provided an overview of the origins of modern finance and a presentation

of the ongoing debate in the current literature with regard to efficient markets. In most cases,
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the abnormal returns to fundamentals-based investment strategies are owed to the extreme
deciles or quintiles, respectively. Hence, it appears reasonable to assume that the majority of
firms still tend to be approximately correctly priced. However, as pointed out earlier, some
scholars are unconvinced about the assumption of efficient markets and doubt that models
such as the CAPM or the three-factor model fully capture the complexity of financial markets.
Therefore, the next section will provide a review of the literature in an alternative branch of

finance called behavioural finance.

2.3 Behavioural finance

Established in the early 1980s, the behavioural finance approach is trying to provide an
alternative understanding of the functioning of financial markets and answers to the question
of the causes of market anomalies given the limitations of the EMH described earlier. In this
regard, behavioural finance (BF) is relaxing the assumptions of rational investors set by von
Neumann and Morgenstern (1944) in that it admits limits to arbitrage and takes into account
cognitive psychology (Ritter, 2003). Arbitrage in this regard means that rational investors are
assumed to move stock prices back to their efficient levels without capital and risk, thus
offsetting irrational behaviour on an aggregate basis. However, this true version of arbitrage is
only possible theoretically. In reality, arbitrage involves both capital and risk. Additionally,
investors might avoid volatile situations as their risk is further increased. This poses a limit to
efficient asset pricing, which is not anticipated by the EMH (Shleifer and Vishny, 1997).
Investor irrationality, on the contrary, is the outcome of a multitude of cognitive biases that
ultimately distort the price-building process (Ritter, 2003). The interplay between financial
decision making and psychology occupies a large part of the BF literature. Thaler (2000)
predicted an evolution from the homo economicus to the homo sapiens, an individual who is
more emotional and not as smart as his or her creators. Because it is believed that investors
are not able to comprehend fully the intricacies of financial markets and foresee the
consequences of their decisions in the future, so-called heuristics are applied (e.g. Gilovich et
al., 2002; Benartzi and Thaler, 2007). These rules of thumb may be a suitable and easy
replacement for more elaborate decision techniques but can likewise lead to so-called biases.
According to Statman (2005), proponents of the EMH assume that i) investors are rational, ii)
markets are efficient, iii) investors design their portfolios according to the rules of mean-

variance portfolio theory and iv) the expected returns are a function of risk and risk only.
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However, in the eyes of the behavioural finance advocates, investors do not fully adhere to
these assumptions. Even if there are rational investors, Barberis and Thaler (2005) noted that
arbitrage is limited because counteracting the force of irrational investors who are pushing
stock prices away from their fundamental values is almost impossible. It might even be
assumed that usually rational investors sometimes engage in irrational behaviour. O’Hara
(2008) referred to rational investors who believe they can buy a stock and sell it on for a
higher price despite knowing that the aggregate market is irrational. A further example is
Keynes’s analogy of a beauty contest. Investors buy stocks because they believe they are
popular with the aggregate market, not on the basis of their intrinsic value. As Keynes stated,
markets can remain irrational longer than investors can stay solvent. Professional investors,
such as fund managers, are likely to engage in such behaviour if the competition for and
return requirements of clients are high. In contrast, rational finance theory is based on the
analogy of the homo economicus, which was defined by von Neumann and Morgenstern and
which assumes a rational and utility-maximising investor. Rational investors offset profits and
losses against each other to evaluate which stocks show the highest expected utility. Beyond

that, rational decision makers are indifferent to the weight of gains and losses.

The literature on BF can be split into two complementary parts. Since the 1980s, the classical
view of efficient markets has been challenged by an increasing number of studies
documenting market anomalies. As described earlier, the first step at that time was to describe
the different kinds of anomalies and to establish agreement on their existence within the
academic community. Once those findings had been acknowledged and published, researchers
could raise the question of why they occur in the next step. De Bondt and Thaler (1985, 1987)
pioneered this work and were amongst the first to link investors’ behaviour on financial
markets to experimental psychology. Their results revealed signs of overreaction to
unforeseen news as well as higher subsequent long-term returns for prior losers compared
with prior winners. The anomaly was particularly pronounced in January but a function of
neither risk nor size. This, however, contrasts with the earlier-mentioned results of Banz
(1981), who reported unusually high returns for smaller-sized companies. In turn, Jegadeesh
and Titman (1993) reported higher subsequent one-year returns on stocks with previous high
six-month returns, thus finding exactly the opposite of De Bondt and Thaler (1985) in the
short term. Since then, more anomalies have been found for which the EMH is unable to
provide a coherent explanation. This is not surprising because both the EMH and the

assumption of rational market participants are nothing more than metaphors for reality
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(Shiller, 2003). This would also correspond to the finding that investors rely on heuristics to

be able to deal with the complexities of financial markets.

The second part of BF addresses precisely this issue in that it is concerned with the question
of how those anomalies emerge. In a seminal paper, Kahneman and Tversky (1979) presented
their prospect theory, according to which investors make decisions dependent on the potential
value of losses and gains and not only on the final outcomes. Besides, probabilities of
outcomes are replaced by individual decision weights. Although prospect theory deals with
the decision-making process of investors and likewise expected utility theory, there are
differences in investors’ choices in the end. This is because, in a two-stage process, investors
first edit the offered prospects and simplify them. They then choose the prospect with the

highest value after having evaluated and weighed the edited prospects by applying heuristics.

An essential part of the theory is the assumption that the carriers of values are changes and not
final states. In more formal terms, this means that instead of determining utility as in rational
finance, value is rather a function of a reference point and the extent of change in relation to
this point. Interestingly, the value function is characterised by the observation that monetary
losses weigh heavier than gains and investors avoid fair bets when the amount of gain and
loss is equal. Therefore, the graphical presentation of the value function is S-shaped and
concave on the right of the reference point and convex on the left of it. The convex segment
features a much steeper slope than the concave one, representing the greater discomfort of
investors in reaction to losses. In fact, experiments have shown that the discomfort of giving
up an asset is twice as much as the benefit of retaining it (Tversky and Kahneman, 1991). This
is closely linked to the observations of risk aversion examined by Shefrin and Statman (1985).
Investors hold on to losers for too long and sell winners too quickly. Therefore, seeking risk
in the hope that stock prices will recoup their losses to avoid discomfort is likely to be
widespread behaviour. For this reason, the evaluation of risk is seemingly a very intuitive
process and far from being objective. Kahneman and Tversky (1984) compared this behaviour
with the sale of lottery tickets and insurance policies. As a consequence of shifts in the
reference point, investors tend to become even more risk seeking and accept prospects that
they normally would not. Reference shifts represent any kind of changes in personal wealth,

such as an unforeseen tax payment.
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2.3.1 Problems with the behavioural finance approach

The main argument of EMH adherents against BF is the impossibility to predict anomalies
reliably and implement successful trading strategies on that basis. In other words, it would be
difficult to outperform arbitrageurs consistently as all unjustified price differences would be
equalled out almost immediately. Even though calendar effects can be observed, they should
be anticipated and therefore stock prices would already have reacted accordingly before
January. Because the effect does not disappear over time, it can be argued that there are limits
to arbitrage as assumed in the BF literature. However, this in turn would be indicative that
markets are indeed efficient because the anomalies are too small to profit from them after
deducting the implementation costs (Malkiel, 2003). Hence, EMH advocates might argue that

the concept of limits to arbitrage actually turns out to be evidence against the validity of BF.

Nevertheless, it should be noted that limits to arbitrage exist for two other reasons than
implementation costs only. On the one hand, if rational investors realise that prices are
deviating significantly from their efficient levels, they still might not engage in arbitrage
because of the risk of being stopped out on their position before the prices move back again.
Further, if the information is not perfect, rational investors might simply be wrong after all
and this is likely to limit their actions (e.g. DeLong et al., 1990; Shleifer and Summers, 1990).
Imperfect information might be caused by young and growing firms with limited information
quality and availability or little analyst coverage. On the other hand, empirical research has
found evidence for systematic trading across retail investors (e.g. Barber et al., 2009). This
means that trading behaviour across investors is highly synchronised or correlated, but at the
same time it is not predictable, a point of criticism by EMH advocates. It is also self-evident
that for a market either to rise or to fall substantially, there has to be a period of highly
correlated trading behaviour. For instance, markets that are rising sharply could still be
regarded as efficient as long as rational investors believe that information is adequately
reflected in the market prices and they have not yet moved too far away from their efficient
levels. With the benefit of hindsight, it is easy for BF advocates to ascribe a stock market
crash to irrational behaviour and its consequences. Dorn et al. (2008), for instance,
documented a high correlation in trading behaviour amongst investors of a German discount
broker for the period 1998-2000. Ex ante, however, a rational investor faces exactly the two
problems described earlier. In 1998, the popularisation of new technologies, such as the

Internet, might have induced rational investors to believe that their future potential is
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efficiently reflected in the rising stock prices at that time. Likewise, there would not be a need
for the same investors to act as there would not be arbitrage opportunities. Even supposing
that there would be opportunities, it would be nearly impossible to judge when they would

actually materialise.

In general, BF challenges the idea of a homo economicus who behaves in a rational way
throughout. The argument is that humans are influenced by feelings and moods, which in turn
affect stock prices. Therefore, the notion of bounded rationality was introduced based on the
work of Simon (1955). According to his model, humans neither have the ability to grasp fully
all the aspects of their environment nor the necessary computational power to figure out the
best course of action. He proceeded to claim a drastic revision of the assumption of
irrationality from which the theory of either how investors should behave or how they actually
do behave is derived. This point was taken up by Lo (2004) in his attempt to synthesise the
schools of EMH and BF. The reason for the failure of the irrationality assumption in
economic modelling is the difference between a satisfactory and an optimal outcome. In the
latter case, agents are assumed to maximise their expected value. In the former case, however,
agents subjectively set only an aspiration level that might not necessarily correspond to the
optimal level. However, this idea was discarded because EMH supporters objected that the
exact point at which agents stop optimising and set the aspiration level instead is unclear.

Another point of criticism is that the cognitive biases that were found in predefined testing
environments are simply assumed to be present in financial markets as well. Although
Barberis and Thaler (2005) argued that investment experience does not help in reducing
cognitive biases and might even exacerbate them, this does not necessarily contradict the
assumption of an efficient market. The knowledge of being part of a psychological
experiment may also adversely affect participants in that they do not feature their normal
behaviour. Besides, test participants have limited means, for example time restrictions, to
make decisions and the results are potentially biased as examiners decide which answers are
right or wrong. Although Hirshleifer (2001) argued that efforts have been made to address
these issues, it remains a challenge to emulate real situations in which financial decisions have
to be made. Here again, Friedman’s (1990) argument comes into play: it is at least doubtful
whether participants in an experiment would behave in the same way as they would when
investing either their own money or on behalf of a client. However, the first step in this

direction was undertaken by Lo and Repin (2002), who studied the trading success of ten
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professional securities traders in practice. The results showed that traders who exhibited
stronger emotional reactions to both gains and losses had a significantly worse trading
performance. These findings were later confirmed with a group of 80 day-traders who

subscribed to an online training course (Lo et al., 2005).

Finally, the interpretation and application of a range of cognitive biases is deemed to be
somewhat arbitrary. In the investment universe, nearly every bias can be used ex post to
explain anomalies in the market, but it is unclear which of those biases is indeed prevalent.
Hirshleifer (2001) acknowledged this drawback and noted that model mining is a serious issue
to be considered. However, it can also be regarded as an advantage because a range of
different explanations for anomalies can be provided as long as they are not contradictory.

2.4 Practical explanations of anomalies and their persistence

It is reasonable to assume that anomalies might also be the result of regulatory constraints or
self-imposed investment restrictions. The best examples of a legal constraint are the two types
of shares traded on Chinese stock exchanges. Foreign investors are only allowed to trade B-
shares and do not have access to A-shares.! For this reason, arbitrage opportunities between
A-shares and B-shares cannot be traded on and mispricing is likely to persist. In the other case,
a fund may have self-imposed investment restrictions to attract a certain clientele. These can
prevent fund managers from investing in companies below a certain market capitalisation
and/or prohibit shorting them. Lastly, Chevalier and Ellison (1999) examined the labour
market for mutual fund managers and found that younger mangers tend to follow their peers
and hold conventional portfolios. The reason for this is that those young managers have to
prove their investment abilities and try not to be laid off during their trial period. It may thus
be concluded that anomalies could be enhanced and drive stock prices further away from a

rational level.

! Source: Shanghai Stock Exchange (http://www.sse.com.cn) and Shenzhen Stock Exchange (http://www.szse.cn)
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2.5 Summary

The two schools of thought agree on one price that is achieved by the forces of supply and
demand. The difference is that EMH supporters assume that this price is always efficient
because it fully reflects all the available information. On the contrary, BF advocates that, due
to investor irrationality, this price cannot be achieved most of the time. It can therefore be
derived that the EMH represents equilibrium and BF disequilibrium, as mentioned earlier
(Kothari et al., 2010). Thus, rather than being antagonists, the two theories could even be seen
as complementary parts of a holistic theory to describe financial markets that has yet to be
discovered. It seems noteworthy that in his original work with regard to the EMH, Fama
(1970) did not mention the term “irrationality”, which could mean that BF initially raised
doubts against the assumptions of the EMH that it did not actually make. However, given that
Fama (1991) elaborated on the term “rationality” in his review (Fama, 1991), it is reasonable
to assume that advocates of the EMH have now incorporated investor rationality into their

theory.

2.6 Market anomalies and the behavioural finance approach

After presenting the theoretical foundations of behavioural finance, this section gives a short
insight into the main experimental research findings underpinning the theory. As a matter of
fact, behavioural finance builds upon irrational behaviour documented in the area of
psychology and transfers it to a financial setting. As mentioned before, although this method
is not free from criticism, it has helped to provide an alternative to the EMH in explaining the

functioning of financial markets.

2.6.1 Links to psychology

Hirshleifer (2001) listed five biases that are deemed to be causal for the existence of market
anomalies. These are i) heuristic simplification, ii) self-deception, iii) emotion and self-
control, iv) social interactions and v) modelling alternatives to expected utility and to
Bayesian updating. He made the point that biases are not cancelled out in equilibrium as

proposed by economists because they are innate from an evolutionary point of view. Thus,
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they should also be reflected in stock prices. Biases are the result of bounded rationality. In
other words, humans employ heuristics to reduce the complexity of their environment and to
arrive at a decision. These so-called cognitive biases are just one part. Moods and emotional

condition can also lead to biases, which are classified as affective biases.

2.6.2 Information processing

Information processing is the preliminary stage before decisions are made under uncertainty.
Tversky and Kahneman (1974) summarised this stage as the application of certain heuristics,
which are applied to subsume complex problems. In general, this kind of complexity
reduction suffices for most of the tasks in everyday life but can lead to significant errors with
increasing complexity of tasks. People neglect base-rate information and make a poor job of
estimating probabilities and forecasting values. Due to mostly superficial information
processing, investors are regarded as non-rational by advocates of behavioural finance. It is

also the case that some of the cognitive and affective biases are present at the same time.

A practical example is the fall and demise of the long-term capital management (LTCM)
illustrated by Lowenstein (2002), which shows that reliance on highly sophisticated models
can end disastrously if the human aspect is left out of the equation. In this case, all the biases
from i) to v) can reasonably well be applied to explain the failure ex post. Although such a
broad justification appears not to be meaningful, it still provides another perspective and thus
contributes to a better understanding of the issue. With this explanation, it seems likely that
the huge amount of daily trades from noise traders who caused erratic price behaviour was not
anticipated by LTCM’s models.

The term “noise trader” dates back to Black (1986) and generally describes investors who
either enjoy trading for the sake of trading itself or believe that they are trading on useful
information, even if it would be better for them not to do so. Even though rational investors
should be able to make profits quickly from arbitrage, as assumed by rational finance theory,
noise traders are not likely to be discouraged from further trading. In fact, they will create
their own space at some point and prevent rational traders from dominating the market.
Therefore, markets will remain inefficient because noise traders bear a disproportionately
high risk against which rational investors are not willing to bet. For this reason, noise traders
are able to earn even higher returns than informed traders (De Long et al., 1990). Noise
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traders are a vital part of financial markets as they provide liquidity at all times. It may even
be argued that they attenuate both upward and downward cycles. In the case of rising markets,
noise traders are likely to sell their portfolios too early, as identified by Shefrin and Statman
(1985). However, in falling markets, some of these investors might buy too early in the hope
of gaining a bargain or averaging down their losses because they have a reference point in

mind (Tversky and Kahneman, 1991).

Given these anomalies, Thaler (2005) conjectured that it is hardly conceivable that the stock
prices at the NASDAQ were reasonably priced at index levels of 5,000 and 1,300 within a
few years’ time and were compliant with rational finance theory at the same time. This agrees
with Shiller’s (1981) study, which found much higher stock price volatility than predicted by
the efficient markets model. He concluded that volatility is up to thirteen times higher than
justified and cannot be ascribed to the arrival of new information only. As it seems, this issue
is not rooted solely in the amount of information but rather in how market participants process
it to make their final investment decisions. Behavioural finance acknowledges anomalies in
financial markets and tries to find reasonable explanations for them by studying the human
component of the homo economicus or rather the homo sapiens. For this reason, behavioural
academics have incorporated concepts from the literature on psychology and sociology. This
approach is not new, as can be seen in the transfer of models used in physics to finance in the
1970s.

The following section will provide a brief outline of the above-mentioned biases i)-v) and

how they relate to the recent empirical results in the literature.

2.6.3 Heuristic simplification

This term summarises heuristics that are deemed to reduce complexity during the decision-
making process. The availability heuristic is probably one of the best known and was
documented by Tversky and Kahneman (1973). It suggests that people ascribe more attention
to certain events once information is available. In other words, the probability of a future
event is deemed to be higher dependent on how many instances of a similar event enter one’s
mind. Of course, this probability is highly arbitrary and personal and therefore can lead to
substantial losses in financial markets. Paradoxically, the availability heuristic can explain
biases in terms of both over- and under-reaction. Investors rate tail events depending on their
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media coverage and the time elapsed since the occurrence. Thus, the probabilities of recent
tail events are overestimated and vice versa. As Barberis (2013) argued, this could be a reason
for the 2008 crisis because most investors attached too low a probability to this kind of tail

event.

2.6.4 Self-deception

The research on self-deception is extensive and mostly focuses on humans’ overconfidence.
Griffin and Tversky (1992) provided a summary in a non-financial context, while Odean
(1998) found that people are likewise overconfident in financial markets. The underlying
hypothesis is that people turn their attention more to the extremeness of the available
information and disregard sample sizes. The law of small numbers is closely linked to this
kind of bias and was first observed by Tversky and Kahneman (1971). It describes the
tendency of people to underestimate the sample size during the evaluation process. In other
words, most people attribute the same weight to smaller samples as to larger ones. This may
result in the so-called gambler’s fallacy, whereby a fair coin is flipped and after a streak of
heads many people feel certain that tails will show up next because they are now due.
Barberis and Thaler (2005) linked this finding to analysts, who can sometimes reach “star
analyst” status by backing the right horse a couple of times simply by chance. Further
empirical research has shown that overconfidence induces active trading and in fact leads to
substandard performance (Barber and Odean, 2000). Based on these findings, Barber and
Odean (2001) also found gender-specific differences in trading, which indicated that male
investors are more overconfident than their female counterparts. More recently, Barber et al.
(2009b) found that excessive trading results in systematic and substantial losses for retail
traders in Taiwan. Interestingly, this was not the case for institutional investors, whose
performance was positively related to aggressive trading. This suggests that private investors
seem to be more likely to succumb partly to their emotions.

2.6.5 Risk and uncertainty

Ellsberg (1961) showed that individuals prefer known risks to unknown risks or uncertainty,
despite the same probability distributions of return results. Following Knight (1921) and
Keynes (1937), Anderson et al. (2009) defined an event as risky (uncertain) if the outcome is

unknown (unknown) and its probability distribution is known (unknown). Noting the
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inconsistent empirical results regarding the risk—return relationship, they focused on the
understudied uncertainty—return relationship. Their results indicated a positive correlation
between phases of high levels of uncertainty and high subsequent quarterly excess returns.
Thus, mispricing due to uncertainty aversion is likely to benefit those investors who either are
willing to accept uncertainty or are actually able to attach some probability distribution to the

outcome due to their familiarity or experience with the matter.

2.6.6 Social interactions

In their empirical study about herding behaviour, Ivkovi¢ and Weisbenner (2007) reported
conformity in stock purchases amongst US households. Within a radius of 50 miles around
the individual household, they observed an increase in the same household’s purchases after
neighbouring households had increased their position. The results were believed to be related
to word-of-mouth communication in the more social states of the US. Similar findings were
presented by Ng and Wu (2010) for China. Investors placing their orders in person at a
brokerage branch tended to be influenced by word of mouth, with the effect being particularly
present in buying decisions. The authors emphasised that this might be the reason for the
pricing differences between the A-shares and the B-shares because the former may be more
subject to speculation than liquidity. Due to the legal restrictions mentioned in section 2.4,
arbitrage opportunities are likely to persist. Although both studies consider direct contact
between investors to be necessary, Sabherwal et al. (2011) found consistent results when
studying online stock message boards. The authors mostly monitored the price behaviour of
small stocks for which no new information was published and therefore the price action was
solely dependent on word-of-mouth recommendations. Abnormal returns over a two-day

period were found to be significantly positive.

2.6.7 Modelling alternatives to expected utility and to Bayesian updating

As outlined earlier, Kahneman and Tversky (1979) documented deviations from the
behaviour that is usually expected from rational investors. Their alternative, prospect theory,
is able to model decision making under risk better and thus to explain some of the
irregularities of the more traditional approaches. Prospect theory, for instance, is a helpful
means to shed light on the well-documented disposition effect, which states that investors

adhere to their losing positions and sell winning positions too early. Barberis and Xiong (2009)
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found that using a realised gains and losses model is able to predict this effect reliably.
However, this was not the case for paper gains and losses. More recently, Ben-David and
Hirshleifer (2012) presented evidence in favour of the von Neumann—Morgenstern preference
theory and in fact found what they called a reverse disposition effect. They argued that despite
affective biases, investors are still able to question their prior investment decision and trade

from a losing position if necessary.

2.6.8 Summary

As the literature review has shown up to now, the discussion about the correct approach to the
description of financial markets is far from settled. However, it appears that the different
approaches of the two schools of thought stimulate the academic debate and thus help to
promote the understanding of this complex matter. According to Lo (2004), the controversy is
rooted in the fundamentally different points of departure of each theory, because BF refers to
psychology and the EMH adopts economic concepts, as shown in table 2.1. For this reason,
BF and the EMH should be regarded as equivalent contributors to the literature in

understanding the mechanics of financial markets.

Table 2.1 Comparison of psychology and economics

Psychology Economics

e Based primarily on observation and |e Based primarily on theory and abstraction.
experimentation.

e Field experiments are common. e Field experiments are not common.
e Empirical analysis leads to new theories. e Theories lead to empirical analysis.
e There are multiple theories of behaviour. e There are few theories of behaviour.

e Mutual consistency among theories is not | Mutual consistency is highly priced.
critical.

2.7 Review of empirical research on fundamentals-based investing

The following section provides a review of the literature related to value investing using
financial statement ratios. This strand of literature is particularly concerned with the question
of whether value investing strategies are able to outperform the market on a consistent basis
and whether they can be implemented economically. It therefore implies market inefficiencies

and scrutinises the interplay between stock prices and fundamental value represented in the
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form of accounting numbers. This section also highlights the main research findings classified

according to geographic region.

2.7.1 A preliminary note

Although the literature review is deemed to summarise the past and ongoing discussion
amongst academics, it seems to be relevant at this point to shift the focus briefly from theory
to practice. As one of the best-known investors, Warren Buffett significantly outperformed
the market in the period from 1976 to 2006 (Martin and Puthenpurackal, 2008). Although he
opposed the theory of efficient markets in his 1985 shareholder letter,? his opinion seems to
have changed since then. In his 1996 shareholder letter, he argued that most investors would
be better off if they invested in a low-cost index fund.? In fact, he even set up a wager with a
hedge fund, betting on the outperformance of an index fund over a hedge fund of funds (Moy,
2014). Given the evidence against the assumption of fully rational markets (BF) and the
evidence against the reliability of profit opportunities (EMH), Warren Buffett seems to feature
traits that allow him to be rational and profit from mispricing. According to the literature, the
reason for that might be that Mr Buffett actively insulates himself from biases i)—-v) as
presented previously. The so-called “oracle of Omaha” does not apply simplifying heuristics
because he invests in easy-to-understand businesses (Buckley, 1999). He also stays within his
circle of competence and thus avoids being subject to overconfidence (Dgskeland and Hvide,
2011). Due to his critical examination of companies and his focus on only those with a stable
earnings history, he ensures that the uncertainty is reduced (Buckley, 1999). As his nickname
suggests, he lives detached from any financial centre and is therefore not influenced by word
of mouth or the conformity effect (Dgskeland and Hvide, 2011). Lastly, all these traits ensure
that he avoids entering losing positions, which in turn guarantees that he will not fall into the
trap of the disposition effect.

2.7.2 The US analysis

Ou and Penman (1989) were among the first to examine thoroughly the predictive power of a
set of 68 individual accounting ratios with regard to subsequent earnings between 1965 and

1985. They used a composite measure called Pr, which estimates the probability of an

2 Source: Berkshire Hathaway (http://www.berkshirehathaway.com/letters/1985.html)
® Source: Berkshire Hathaway (http://www.berkshirehathaway.com/letters/1996.html)
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increase in earnings in the following year. Because future dividends are dependent on
earnings, an increase in earnings is associated with an increase in the firm’s stock price. To
reduce the overall amount of accounting ratios, the sample was divided into two data sets and
the most significant descriptors were filtered out. This process left the authors with 16 and 18
descriptors, respectively, for the first and the second estimation period. Following that, an
investment strategy was applied whereby stocks were assigned to 10 portfolios according to
their Pr value with a holding period of 2 years in a theoretical zero-investment long-short
portfolio. The returns were computed either monthly as cumulative returns or as buy-and-hold
returns over a 2-year period. The former method was necessary to account for firms that
stopped trading during this period. The results showed that the use of Pr as a valuation
measure reliably predicted returns of up to 3 years after portfolio formation, whereby any
mispricing disappeared. Buy-and-hold returns amounted to 12.5% and to 7.0% if adjusted for
size effects. Although the authors expressly pointed out that the theory was guided by the data,
fellow academics raised concerns about heavy in-sample fitting (e.g. Greig, 1992; Richardson
et al., 2010). To overcome this problem and avoid the need for a holdout period, Lev and
Thiagarajan (1993) identified a set of 12 fundamentals that investment professionals believe
are key drivers of security valuation. They found that 10 out of 12 coefficients are statistically
significant and the adjusted R? of the fundamentals model is substantially higher than that of

the conventional returns—earnings model used as a benchmark.

In the literature, a controversial point is the question of the appropriate dependent variable in
estimating coefficients. Ou and Penman (1989) used earnings but received criticism because
earnings are only indirectly related to stock prices. Larcker (1989) rather suggested the use of
direct measures, such as dividends or cash flows. In contrast, Abarbanell and Bushee (1997)
agreed with the view of Ou and Penman (1989) and reasoned that using earnings corresponds
better to the economic intuition that drives the construction of the descriptors. They used the
12 accounting signals to predict changes in future earnings successfully. Based on this study,
Abarbanell and Bushee (1998) employed a reduced set of 9 accounting-based signals to
implement an investment strategy that was able to generate significant abnormal returns of
13.2% within the first year. Similarly to Lev and Thiagarajan (1993), they emphasised that

variable selection should be motivated by economic arguments rather than data mining.
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2.7.3 The international analysis

Compared with the literature on the interplay between accounting ratios and stock returns in
the US, the international evidence is scant. As the world’s biggest economy, the research
interest in the US stock markets is particularly marked as they are deemed to influence
smaller markets and thus a “one-size-fits-all approach” seems justifiable. Another reason may
be the greater availability and accessibility of stock market data to conduct research. The
results from US studies can therefore be transferred to international markets, which appears to
be particularly interesting for regulators in emerging markets or frontier markets where
historical data are simply not available. However, with more data available over time, a better
understanding of the functioning of individual markets outside the US should be beneficial in
two ways. Firstly, it is of interest whether US results can be replicated and confirmed in other
stock markets. If they can, this would be tantamount to a positive robustness check. For
instance, if an investment strategy (e.g. based on the F-Score) also works outside the US, this
would reduce the implementation costs for practitioners in individual markets. Secondly,
regulators would be able to adjust their legal frameworks to satisfy the needs of the local

market.

An early study by Levis (1989) found irregularities in the stock price behaviour on the
London Stock Exchange (LSE) for the period from 1956 to 1985. Apart from the size effect,
trading strategies based on the dividend yield, price—earnings ratios and market capitalisation
appeared to be equally profitable in the following year. Focusing on the tax treatment of
dividends in the UK, Morgan and Thomas (1998) showed that stocks with high (low)
dividend yields generate higher (lower) risk-adjusted returns. The results were representative
for the period from 1975 to 1993 and the total returns were computed monthly. However, no
correlation with the tax treatment was discernible. Dimson et al. (2003) presented evidence
for the existence of a value premium in the UK stock market for the period 1955-2001
irrespective of size. Again, the dividend yield was a reliable predictor of the value that
materialised in the following year. In a more recent study, Siganos (2012) examined the
profitability of various investment strategies based on seven individual return predictors
between 1988 and 2009. The results indicated that only the earnings-to-price strategy was
profitable after taking the transaction costs into account. Finally, Gregory et al. (2013)
showed that UK directors enjoyed long-term abnormal returns compared with a simple value-

glamour strategy between 1986 and 2003. The results were independent of the definition of

36



Chapter 2

value, indicating that directors are contrarians who sell growth and buy value stocks. Further,

the authors found that abnormal returns last for more than two years after directors’ trading.

Empirical research on the UK stock market is primarily based on market-based signals. To the
best of my knowledge, studies that employ a composite, which in turn is derived from
accounting-based ratios, are largely lacking. This indicates a gap in the present literature that

this thesis aims to close.

Chan and Lakonishok (2004) examined the value premium in an international setting,
including the UK and Germany. Using four value indicators — book value/market value,
earnings/price, cash flow/price and dividend/price — the authors proved the outperformance of
the value over the growth strategy for most of the time between 1975 and 1995.

In the case of Germany, the literature on the relationship between accounting numbers and
stock returns is rather limited and, in general, the German stock market appears to have been
neglected in academic research (Amel-Zadeh, 2011). Schiereck et al. (1999) back-tested a
naive buy-loser-sell-winner strategy and documented abnormal returns in the short and long
term between 1961 and 1991. However, most of the literature is concerned with the testing of
asset pricing models. For instance, Schrimpf et al. (2007) and Artmann et al. (2012) presented
evidence that the CAPM and a three- and four-factor model are unable to explain the cross-
section of returns. Whitaker (2003) used a combination of four variables to implement a value
investing strategy across a combination of a range of European markets and found good
performance. Based on these findings, they tested a more complex strategy by combining
value and momentum investing, resulting in even better results (Whitaker, 2004). However,
the German stock market was not researched on its own. Therefore, similar to the UK case, a

gap in the literature is apparent.

2.7.4 A simple, fundamentals-based investment strategy

In a seminal paper, Piotroski (2000) contributed greatly to this strand of the literature by
focusing on high book-to-market (BM) firms only with the reasoning that mispricing is more
likely in those stocks. Instead of examining the relationships between each signal and the
subsequent returns, he condensed nine accounting ratios into one signal on which portfolio
construction was based. Using this so-called F-Score in the stock selection process, it was
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possible to increase the mean return by 7.5% p.a. and to yield 23% p.a. in a long-short
portfolio in the period 1976 to 1996. This paper has garnered some interest on the part of
academics because it applied procedural principles that can be implemented without the need
for huge data sets and it required no holdout period. There has been criticism, inter alia, that
such a strategy omits low-BM firms and similar returns in those were deemed impossible
(Guay, 2000). In response to this critique, Mohanram (2005) presented a composite score that
summarised eight accounting signals, which were specifically tailored to grasp the financial
condition of low-BM firms. This so-called G-Score was able to generate a 20% annual return
in a long-short portfolio for the period between 1978 and 2001. In derogation from the F-
Score methodology, the G-Score measure is harder to implement with regard to time and costs,
because, apart from company data, investors also need industry metrics. By nature, the G-
Score is a relative measure and therefore might be inappropriate in the case in which one
specific industry is overvalued. Moreover, the question arises of which peer group should be
used as a holistic representation of an industry (Piotroski, 2005). Generally, Piotroski’s (2000)
study is consistent with the behavioural assumption that accounting information is not
immediately incorporated into stock prices. Further, it has been given considerable attention

by investment practitioners.

It should be noted that this thesis contributes to the research on valuation and fundamental
analysis. It also extends the work undertaken on the F-Score and applies this approach to the

stock markets of the UK and Germany.

Similar to Piotroski (2000), Beneish et al. (2001) applied a two-stage approach to predict
extreme price movement in either direction in the next quarter. They motivated their study
with the assumption that most analysts focus on a subset of firms in the stock market. By
separating extreme performers first and applying financial statement analysis next, they
attempted to crystallise common characteristics in the accounting numbers that ultimately
help to forecast extreme volatility. Combining market-related and firm-based variables, they
showed that extreme price movements can be anticipated four to six months in advance. In
particular, the observations indicated that firm-based variables are more helpful in separating

future winners from losers.

Attention has also been devoted to the question of how investment professionals interpret

financial statement data. The results of prior studies of analysts’ recommendations are not
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consistent, which might be due to a conformity bias. For instance, the results of Barber et al.
(2003) and Drake et al. (2009) indicated a significantly negative relationship between buy
recommendations and subsequent stock returns. Bradshaw (2004) instead reported no
correlation between one-year returns and analyst recommendations, whereas Barber et al.
(2001) and Jegadeesh et al. (2004) found a spurious but significant relationship in the near
term. More recently, Wieland (2011) found that analysts are too optimistic in their
recommendations and developed a scoring tool to separate out incorrect return forecasts. This
tool should be particularly helpful for practitioners as there is evidence that investors follow
recommendations unconditionally. The abnormal returns were reported to be 14.8% in the

subsequent year.

In a similar paper, Wahlen and Wieland (2011) presented evidence that analyst consensus
recommendations do not fully reflect the information from financial statements. They used a
so-called predicted earnings increase score (PEIS), which represents the probability of an
earnings increase in the following year. The measure consists of six accounting-based ratios
similar to the F-Score and G-Score, and hedged portfolios built from high- and low-scoring

stocks generated abnormal returns of 10.8% in the period from 1994 to 2005.

2.7.5 Gaps in the literature

In general, the research on accounting-based investment strategies is highly concentrated in
the US stock markets. In this regard, the F-Score strategy might be the outcome of data
mining, despite its robustness having been confirmed ever since its publication (Richardson et
al., 2010). Further research outside the US, however, is likely to provide a more accurate
picture of its overall success. Based on this groundwork, three main gaps have been identified
in the current body of academic literature, which this study aims to narrow.

Firstly, the F-Score is based on a binary evaluation of accounting data, which makes it easily
implementable. However, a vast amount of potentially useful data might be disregarded, thus
constraining its true potential. Moreover, the composition of the F-Score itself may be another
source of improvements in its success. While the original investment method aggregates each
of the nine components into one score with equal weights, variable weights might be a better

choice.
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Secondly, the strategy is only applied to a certain type of stocks in Piotroski’s (2000) study.
This limits the validity of research outcomes in two ways. On the one side, the restriction to
only high-BM firms is contrary to the aim of generalisability, which should be the focus of
studies that are deemed to be used in practice. On the other side, the determinants of its
success are still unclear. In this respect, measures of liquidity and information uncertainty,

using a novel method, are introduced and tested.

Thirdly, it is of interest to study the behaviour of such a strategy against the background of
different institutional settings. While the UK is based on a tradition of common law similar to
the US, this is not the case in Germany, with a code law legal system. The resulting
differences in investor protection rights, for instance, may have an influence on investment

strategies that have not been researched until now.

2.8 Conclusions

This chapter provided an overview of the development of the two main schools of thought,
which represent the two fundamental pillars of the contemporary finance literature. The
literature was narrowed down further to highlight and justify the research gap. The process

can be summarised as follows.

e The EMH is made under the assumption that a sufficiently large number of investors
behave rationally in the sense of the homo economicus to ensure efficient markets. It
therefore focuses on the aggregate market behaviour. BF, however, presumes that
investors apply heuristics in the decision-making process, which may lead to biases
and therefore mispricing in aggregate markets. Consequently, the attention is centred
on individual market participants.

e As the present thesis starts from the premise that stock markets may not be fully
efficient, the focus of the review shifted to the presentation of empirical research
based on value investing and fundamental analysis, which challenges the assumption
of semi-strong-form efficiency. The thesis builds directly upon previous work
undertaken in this area by using established investment strategies and applying them
outside the US stock markets. It then combines these strategies with measures of
behavioural biases.

e The literature on investment strategies using accounting-based data outside the US is
very limited, particularly in the case of the UK and Germany. The aim of the thesis is
to close this gap and provide an answer to the question of whether the same
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investment approach is simply transferable to the European context. Therefore, the
present thesis tests rather than develops theory by the replication and extension of
previous work.
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Chapter 3 Methodology and Methods

3.1 Introduction

The following chapter intends to outline the link between research questions and data (Punch,
2006). For this purpose, the chapter is divided into three sections. The first part deals with the
theoretical assumptions and philosophical paradigm on which this thesis is based.
Subsequently, the characteristics of the stock markets in the UK and Germany are briefly
presented and contrasted. Finally, the practical process of data collection and analysis is
illustrated. More generally, the chapter highlights both the methods and the steps involved in

answering the research questions posed.

3.2 Philosophical paradigms: Positivism and postpositivism

According to Guba and Lincoln (2005), every piece of research is inevitably related to or
emerges from the nature of a particular academic discipline. Although research paradigms can
be reasonably divided into five branches, three of them are generally used in qualitative
research. Since this dissertation is purely quantitative, this section discusses only the positivist
and postpositivist research approaches on which most quantitative research is based. The
positivist paradigm assumes that only one reality exists, which can be interpreted objectively
by analysing the available data. To ensure objectivity, the researcher is detached from the
object under scrutiny (Haneef, 2013). This so-called scientific approach represents a two-step
process comprising the aims of the research on the one hand and the methods of investigation
on the other hand. In the first step, scientists are interested in the understanding of properties
and relationships of reality to produce theories, forecast results or validate existing findings.
In the second step, scientists are required to apply rigorous and systematic methods that
constitute verifiable theories (Denscombe, 2002). Regarding ontology, positivists assume a
direct relationship between cause and effect. Postpositivists, on the contrary, attenuate this
strictness by attaching a probability to the occurrence of the outcome. This implies that the
researcher accepts the possibility of multiple realities depending on the different ways in
which the research was conducted (Creswell, 2013). The two paradigms regarding their
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ontology, epistemology and methodology are compared in table 3.1 (Heron and Reason,
1997).

Table 3.1 Basic Beliefs of Alternative Inquiry Paradigms

Issue Positivism Postpositivism
Ontology Naive realism — “real” reality | Critical realism — “real”
but apprehendible reality but only imperfectly

and probabilistically
apprehendible

Epistemology Dualism; findings true Modified dualism; findings
probably true
Methodology Verification of hypotheses Falsification of hypotheses

Epistemology deals with the relationship between the researcher and the object under study.
The researcher is assumed to be impartial and the analysis of data is required to be neutral
(Denscombe, 2002). Again, postpositivists relax these assumptions to some extent in that they
acknowledge that the process of research itself influences the findings. However, they strive
to follow the stricter positivist approach as closely as possible. According to Ponterotto
(2005), methodology is concerned with the process and procedures of the research. Starting at
the top of table 3.1, both epistemology and methodology are a direct and logical consequence
of the choice of ontology. In general, (post)positivists’ research procedures resemble those of
the so-called “natural sciences”, such as physics and mathematics. Therefore, the aim is to

find relationships between variables to forecast future events.

The combination of all three of these premises constitutes the research paradigm (Denzin and
Lincoln, 2005). This paradigm is a “basic set of beliefs that guides action” (Guba, 1990).
Therefore, the foundation of every piece of research is the choice of the appropriate
methodology to answer the research questions satisfactorily. The two paradigms of positivism
and postpositivism are regarded as mainly quantitative because of their general assumptions
that reality is ordered and potential relationships can be measured sufficiently well. As
mentioned before, another more interpretive equivalent is a qualitative approach, which is not
relevant in the present thesis and thus has not been mentioned. Both approaches are also
known as either deductive (quantitative) or inductive (qualitative), respectively (Burger,
2008).

This thesis takes a postpositivist stance and will therefore test theory as a logical result of

choosing this particular research paradigm.
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3.2.1 Methodology in the finance literature

Although not explicitly stated, it can be assumed that most of the EMH (BF) advocates
articulate the view of a positivist (postpositivist), because it goes hand in hand with the
assumption of investors’ rationality (Burger, 2008). As outlined in the previous chapter, these
basic convictions are not shared by all academics. In fact, the differences of opinion may be
more deeply rooted than just criticisms about model fitting or statistical nuances. Applying
Kuhn’s view on evaluating two competing theories, it may take many decades to find out
which theory is superior to the other. The reason lies in what he called topic
incommensurability. To illustrate this concept, Wray (2011) reproduced Kuhn’s example of
Newton’s examination of gravity. In the pre-Newtonian era, a mechanical explanation of
gravity would have been sought, whereas in Newton’s understanding, gravity was not a
mechanical problem and therefore research under this assumption was not regarded as
scientific. Although it is now known that Newton’s theory is superior, the question arises of
what happens if the subsequent theory is inferior to the preceding one. In other words, BF
could turn out not to be as promising an alternative to the established EMH as anticipated by
its supporters. To sidestep this problem, Kuhn suggested evaluating superiority not by using
reality as a benchmark but by using all four of the so-called secondary criteria. However, even
if the new theory should be i) more accurate, ii) consistent, iii) broader in scope and iv)
simpler, it might not necessarily be truer. Therefore, a shift in beliefs from the old to the new

theory would not be justified because truth as such would still remain arcane (Wray, 2011).

Kuhn’s view on comparing a theory’s superiority with the four criteria and not with reality
seems not to be widely shared amongst BF supporters, though. One of the main points of
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criticism by BF adherents is precisely the incompatibility of the “rationalists’ assumptions.
They argue that the EMH is an idealised assumption of efficient markets and does not reflect
the real world. However, criticism from EMH advocates also seems not to be justified under
this view. This is because a competing theory first needs to be established to assess whether it
is better suited to explaining the truth. During this process, it is hardly surprising that the
methods used in generating the former theory are criticised, partly the “mathematisation” of
finance, which is accompanied by the negligence of human nature or behaviour, respectively.
This trend was observable in the emerging finance discipline starting in the 1950s and has led
to the creation of numerous asset pricing models, such as the CAPM or APT, underpinned by

the hypothesis of efficient markets.
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According to Lo and Mueller (2010), this so-called physics envy describes the transfer of
research methods used in modern physics to finance and was first initiated by Samuelson in
1947. Although great advances have been made in physics due to a purely deductive approach,
economic systems such as financial markets appear to be more complex and unstable and
therefore the use of these methods should be less fruitful. This rationale also speaks for the

postpositivist stance taken in this thesis.

3.3 The UK stock market

Trading in the UK takes place at the London Stock Exchange (LSE), which officially opened
in 1801. Although there were regional exchanges across the UK, the remaining eleven of
them merged with the LSE in 1973. At present, the LSE offers four market segments, of
which two are suited to the general public and the other two serve a more specialist demand.
The first two segments consist of the Main Market (MM) and the Alternative Investment
Market (AIM). The Professional Securities Market (PSM) and the Specialist Fund Market
(SFM) form the other part of the LSE. As defined by the LSE, the MM is the flagship market
for established companies, whereas the AIM offers a platform for smaller and growing
companies to raise equity capital. The PSM offers a flexible process to issue debt or
depository receipts and involves less strict regulatory requirements. Lastly, the SFM offers a
regulated market environment for accessing capital from highly sophisticated global investors
and is particularly interesting for hedge funds or private equity funds. As of 31 March 2014,
there were 2,455 listed companies from 70 countries, of which 1,301 traded on the MM, 1,094
on the AIM, 21 on the SFM and 39 on the PSM. The average daily equity trade volume
amounted to roughly £4.0 billion and the market capitalisation of all the stocks was around
£4,109 billion. The amount of capital raised on the AIM since its inception in 1995 exceeds
£60 billion for a total of 3,000 companies.* Due to the specialised nature of the SFM and PSM
markets and their small size, this thesis only considers stocks that trade in either the MM or
the AIM market.

* Source: London Stock Exchange (http://www.londonstockexchange.com)
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3.4 The German stock market

There are a total of eight stock exchanges in Germany, with Frankfurt being the one of
prominent importance. Most of the seven regional exchanges either serve a bespoke customer
demand with regard to lower listing costs than in Frankfurt or specialise in derivatives or
exchange traded funds (ETF) trading. Currently, the exchange is operated by the Deutsche
Bdrse Group and offers two different market divisions for companies to raise equity capital.
The first consists of the “Prime Standard” (PS) and the “General Standard” (GS), both of
which are regulated by laws of the European Union (EU). Compared with listings in the GS,
companies listed on the PS have to meet stricter transparency requirements to be included in
the main indices, such as the DAX (Deutscher Aktienindex), the German stock market index
that comprises the 30 largest public listed companies. The other division is represented by the
“Entry Standard” (ES) and is an open market that is regulated by the exchange itself and
therefore has lower listing requirements. As of 31 March 2014, the total amount of listed
companies was 721, broken down as follows: 325 (PS), 214 (GS) and 182 (ES). On a daily
basis, the average equity trade volume was approximately €3.83 billion with a total market
capitalisation of nearly €1,260 billion.’ Regarding the relatively smaller size of the German
stock market in terms of the amount of listed companies, this research considers data from

companies listed on the PS, GS and ES.

3.5 Research methods

To answer the research questions, this thesis consists of three empirical chapters and their
respective structure will be outlined subsequently. In general, the F-Score investment strategy
presented in Piotroski’s (2000) key paper is replicated first and then extended using UK stock
market data®. In the next step, the analysis deals with the question of the particular drivers of
this strategy. Finally, the strategy is applied to the German stock market and the results for the
two markets are compared. The process of data collection for both the UK and Germany is
performed analogously and all of the empirical chapters draw on their respective data set. All
the necessary information is sourced from the Datastream (DS) database. The main part of the
data is used to calculate the nine accounting ratios that form the F-Score composite measure,

® Source: Frankfurt Stock Exchange (http://www.xetra.com)
® A summary of the research methods is provided in the appendix.
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unless this ratio is readily available. The remaining information is used to extend the previous
research results. In total, 3,089 UK and 973 German firms are included in the data collection
process for the period 1992 to 2010.

3.5.1 Replication and extension

As described before, the key paper on which this thesis is based was published by Piotroski
(2000) and attracted sizeable attention within the academic community. In short, an
investment strategy based on a composite measure of nine financial statement items, called
the F-Score, was found to provide abnormal annual stock returns. In chapter 4, the thesis
seeks to test whether the results of the same strategy applied to the UK stock market are as
promising as those in the US. However, in contrast to the US study, no distinction is made
between high and low book-to-market firms due to the relatively smaller UK stock market.
Section 3.5.1 details the contents of chapter 4 and is mainly concerned with the UK data.
Chapters 5 and 6 apply the methods presented here and differences are highlighted in the
respective later sections of this chapter.

3.5.1.1 Firm selection

To be included in the analysis, firms need to have a stock market listing in the UK. Further,
only firms with their reporting currency denominated in British pounds (GBP) and
WorldScope data are considered. After the application of this filter, 4,481 firms remain and
are eligible for further analysis. In the next step, all the necessary data for the F-Score
calculation are obtained. As the F-Score is based on annual financial statement data, the
following yearly accounting data from UK firms is downloaded for the period from 31
December 1990 to 31 December 2011:
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Table 3.2 Datastream items and description

Item Description
FYE (D) = financial year end [DS code: WC05350]
MP-FYE (D) =» market price at the end of June [DS code: RI] (30/06/1991-30/06/2012)
BV-FYE (D) =» book value at the financial year end [DS code: WC05491]
BM-FYE (C) =» book value of outstanding shares (= BV-FYE / MP-FYE)
PB-FYE (D) =» price to book value at the financial year end [DS code: PTBV]
NIN (D) = net income before extra items and dividends [DS code: WC01551]
TAS (D) =>» total assets [DS code: WC02999]
ATAS (C) =» average total assets (ATAS;= (TAS; + TAS:1) / 2))
CFO (D) = cash flow from operating activities [DS code: WC04860]
LTD (D) = long-term debt [DS code: WC03251]
CRA (D) =>» currentratio [DS code: WC08106]
EQO (D) =>» net proceeds from equity offerings [DS code: WC04251]
GPM (D) =» gross profit margin [DS code: WC08306]
TSA (D) = netsales [DS code: WC01001]
CAP (D) = market capitalisation [DS code: WC08002]

(D) = downloaded; (C) = computed

Table 3.2 lists more than nine F-Score items. This is because some accounting ratios are not
readily available via Datastream and therefore need to be computed manually, such as the
book-to-market and average total asset ratios. A distinction between these items is made by
the letters “C” (manual calculation) and “D” (available in Datastream). Another point that
needs clarification is the earlier start date of the data, which is 31 December 1990. Although
the analysis starts in the year 1992 and ends in 2010, some financial statement information
needed for the construction of the F-Score necessitates older accounting information, such as
average total assets (ATAS). The same applies to the extended end date of 31 December 2011,

which is especially required for the market prices at the end of June each year.

3.5.1.2 F-Score calculation

The next step in preparing the data for analysis is to exclude firms with erroneous data,
specifically firms for which no data are available for at least one of the nine F-Score items

(Datastream error code: #ERROR). It became apparent that most errors were contained in the
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item representing the gross profit margin (GPM) — 722 in this case. All of these errors were
handled successively with the aim of keeping the loss of firm data to a minimum. This was
achieved by dealing with the next highest amount of errors after one loop of erasure was
performed. After this process, the final data set consists of 3,089 firms for the F-Score
calculation, which means that a total of 1,392 firms are excluded from the analysis. In the

final step, the F-component for each firm is computed as presented in table 3.3.

Table 3.3 F-Score computation

No. F-component Section Description Computation

1 ROA P return on assets NIN;/ TAS:,

2 CFO P cash flow from operations CFO:/ TAS:1

3 AROA P change in return on assets ROA; - ROA(,

4 ACCRUAL P accruals (NIN;— CFOy) / TAS:1

5 ALEVER LLSF change in leverage LTD:/ ATAS;

6 ALIQUID LLSF change in liquidity CRA; - CRA:1

7 EQ OFF LLSF  seasoned equity offering N/A

8 AMARGIN OE change in gross profit margin ~ (GPM;/ TSA;) — (GPM¢.1 / TSAw1)
9 ATURN OE asset turnover ratio (TSA{/ TAS:1) — (TSAw1/ TAS:,)

According to Piotroski (2000), each F-component is part of an overarching financial
performance indicator, such as i) profitability (P), ii) leverage, liquidity and source of funds
(LLSF) and iii) operating efficiency (OE). The third column of table 3.3 highlights the

respective affiliation, and a tilt towards measures of profitability (P) should be noted.

Following this, a value of either 1 or 0 is assigned depending on the past year’s trend of each
F-component. If, for instance, a company increased its share capital, the variable EQ_OFF
would have received a value of 0 because this action is regarded negatively. Likewise, if the
company reduced its financial gearing, ALEVER would have received a value of 1 because
less debt reduces the interest payments and increases the return on equity, a positive signal for
shareholders. After translating the results into a binary matrix for each firm and each year, the
values of each F-component are added up, resulting in the final F-Score composite. The
stocks with the highest (lowest) F-Score of 9 (0) are deemed to feature the highest (lowest)

probability of generating abnormal one-year returns.
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3.5.1.3 Benchmark definition and calculation of returns

After the construction of the composite score, a benchmark against which one-year stock
returns are measured needs to be defined in the next step. In general, this goal can be achieved
in various ways. To calculate the abnormal return, or a, one possibility is to use the annual
return of an index such as the FTSE All-Share Index and deduct this value from each firm’s
stock return. This approach seems obvious at first because it represents a direct link to the
investing practice. Fund managers pick certain stocks out of the available universe of
securities and the portfolio returns are then compared with the overall market return. However,
as not all companies supply the necessary data for the F-Score, fund managers are restricted in
their choice of suitable stocks. Moreover, it is arguable which index is most suitable for use as
a benchmark. The alternatives encompass the FTSE 100, FTSE 250 or FTSE 350, which are
provided by the London Stock Exchange.’ However, these indices mostly consist of
companies with high market capitalisation and contain a relatively small amount of

companies.

For this reason, the market-adjusted returns are computed using only those firms with
available F-Score data (3,089), thus creating a bespoke F-Score Index as a benchmark.
However, this approach poses another kind of problem. Some firms, especially for the early
1990s, provide accounting data only partially, so a maximum F-Score of 8 or less can be
achieved. Stock returns would mostly be incomparable across firms and thus render any
analysis futile. To allow for this variability, which is also caused by firms exiting the market
or mergers and acquisitions, a flexible approach is implemented in that market-adjusted
returns are computed based only on firms with all nine F-components. This implies that the

number of firms representing the F-Score Index is allowed to vary from year to year.

However, because the UK data set is much smaller than the corresponding set from the US, it
can be argued that outliers are expected to have a much bigger influence on the calculation of
the F-Score Index and ultimately on the market-adjusted stock returns. This can be even more
severe because no distinction is made with regard to the book-to-market value of firms
compared with the original study. Although this problem is naturally mitigated for the F-
components due to the binary nature of the F-Score, it is assumed to have a more serious

impact on the respective market-adjusted returns, which are either in units of percentage or

" Source: London Stock Exchange (http://www.londonstockexchange.com)
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standardised ranks. For this reason, in addition to calculating the annual bespoke F-Score
Index, the benchmark return is also winsorised at the 0.5% level using Stata before the
market-adjusted returns for each stock are calculated.

Firm-specific returns are one-year buy-and-hold returns and are calculated on 30 June each
year. The choice of this date is made to ensure that all the accounting information from the
previous financial year is publicly available. The firms’ individual buy-and-hold abnormal
return (BHAR) or market-adjusted return equals the difference between the annual stock
return and the benchmark return. It should be noted that the benchmark index is equally
weighted rather than value weighted. This method is in line with Barber and Lyon (1997),
who advocated the calculation of simple buy-and-hold returns on a sample firm less the
simple buy-and-hold return on a reference portfolio or benchmark index, respectively. As the
authors showed, the calculation of long-run abnormal returns can be subject to problems.
However, this is mostly the case in studies in which either daily or monthly abnormal returns
are summed with the result of a firm-specific one-year cumulative abnormal return (CAR).
Problems can be caused, for instance, due to a rebalancing bias. In this case, the firm’s
individual CAR would be computed without rebalancing, whereas the reference portfolio
would be subject to monthly rebalancing. The same applies if firms are newly listed and
included in the reference portfolio. Since the reference portfolio is readjusted only once a year
on exactly the same date as the stock returns are measured, these problems are mitigated in
the present analysis. The BHAR in each of the fquintiles/terciles is equally weighted, similar
to Zhang (2007) and Dechow et al. (2008). It should be noted that the term “fquintile” is
introduced to distinguish between quintiles in the strict sense of the word (as used in
referenced work) and the portfolios used in the present thesis. Due to an uneven distribution
of firm years as presented in table 3.4, the fquintiles, i.e. portfolios, do not contain the same
amount of firms except for H*/L* and H/L portfolios. This means that, for instance, the M
and L portfolios are unequal. However, as the statistical analysis is only concerned with the
H*/L* and H/L portfolios, this has no influence on the research outcomes. This terminology is
maintained throughout the thesis and should not be confused with referenced work where

quintiles are used according to their usual definition.

Equipped with these data, it is now possible to reconstruct Piotroski’s (2000) original work as
shown in the example of figure 3.1 below, in which the portfolios based on F-Scores from

period t - 1 are constructed in June of t. In the following year, at t + 1, the subsequent market-
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adjusted one-year returns are computed for each portfolio. This example replicates the

situation of an investor in June 1994 and illustrates that ex post bias is not present.

Figure 3.1 Visualisation of F-Score construction

Calculation of F-Score and Measurement of one-vear
portfolic construction market-adjusted return
SrsssssssEsEmmEEEEEEEg :--; ---------------------------------- ; [ ——-
Dissemination period
Y Y

1 2;92 6/93 1 2;93 6/94 1 2{94

| | | >
r-{ 3 P+ 4

3.5.1.4 Portfolio construction with the original F-Score

To perform the statistical analyses, five portfolios are constructed each year. After calculating
the F-Score for each company, stocks are assigned to one of these portfolio fquintiles
depending on their F-Score. As mentioned earlier, portfolios are constructed using equal
weighting to achieve consistency with the equally weighted BHAR described in the previous
section, similarly to Hirshleifer et al. (2004). This approach deviates from Piotroski (2000)
because, originally, portfolios were equally weighted and BHARs were value weighted.
However, the main dispute exists with regard to the construction of equally weighted
portfolios. According to Lewellen (2010), portfolios should be built using value weighting.
However, three points justify the use of equal weighting in the present analysis. Firstly, since
this thesis builds on the original F-Score strategy of Piotroski (2000), it appears useful to
follow the original method to ensure comparability. Secondly, Baker and Wurgler (2006)
formed equally weighted decile portfolios while researching the relationship of investor
sentiment and stock returns in the cross-section. They argued that value weighting is likely to
distort the relevant patterns because larger firms are generally less influenced by investor
sentiment. Likewise, the underlying assumption of the thesis is that stock markets are not
efficient at all times but rather subject to non-rational behaviour. Therefore, it is preferable to

isolate behavioural biases to examine those using respective measures, such as information
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uncertainty or liquidity, which are described later. Thirdly and lastly, Benartzi and Thaler
(2001) found that most investors use a diversification heuristic when faced with the task of
asset allocation. This so-called 1/n rule is commonly applied in pension plans, in which
contributors spread their funds evenly across asset classes (Huberman and Jiang, 2006). As
cited by Benartzi and Thaler (2007), even Nobel laurcate Harry Markowitz admitted: “I
should have computed the historic covariances of the asset classes and drawn an efficient

frontier. Instead, [...] I split my contributions fifty-fifty between bonds and equities.”

At this point, no distinction is made between stocks regarding their size or book-to-market
ratio and therefore only five portfolio fquintiles exist. In other words, the portfolios are one-
dimensional and referred to as one-way portfolios. The cut-off points of the fquintiles are
derived from the distribution of firm years of the F-Score and remain constant throughout the
entire analysis to make the results comparable. However, it is noteworthy that these cut-off
points vary between the UK and Germany because the respective distributions are different.
As presented in table 3.4, there are a total of 20,053 firm-year observations for the UK and
5,944 for the German stock markets, respectively. Firm years are defined as the cumulative
amount of firms that provide a full set of relevant data, which is needed for the F-Score
calculation for the period 1992 to 2010. According to the absolute percentages of the
frequencies in the third column of table 3.4, the UK F-Scores appear to be relatively evenly
distributed, with the lowest and highest fquintiles representing 5% of the data. The reason for
that is most likely to be the higher amount of observations. More precisely, the lowest
fquintile, defined as L*, contains the lowest 5% of F-Score stocks, ranging from 0 to 2. The
lowest fquintile, in turn, is contained in the low (L) fquintile and therefore ranges from 0 to 3.
Stocks with an F-Score between 4 and 6 are assigned to the middle fquintile, defined as M.
Analogous to the bottom fquintile, the high fquintile (H), with F-Scores of 7 to 9,
encompasses the highest (H*) scoring 5% of the data with F-Scores of 8 and 9, respectively.
Therefore, the cumulative distribution is such that L = 30%, M = 40% and H = 30% of all
firm years and both L* and H* are included in L and H, respectively. As mentioned, this
segmentation is applied to all the fquintiles in the analyses. The general assumption is, of
course, that the better the F-Score, the better the subsequent one-year market-adjusted return.
The results for the German stock market are presented in chapter 6 and are based on different
cut-off points. From table 3.4, it follows that L* contains F-Scores from 0 to 3, L from 0 to 4,
M from 5 to 6, H from 7 to 9 and H* from 8 to 9, respectively. In general, the low fquintile
contains about 30%, the middle fquintile 40% and the high fquintile 30% of the data, which is
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similar to the UK. However, the lowest and highest fquintiles contain approximately 10% of
the data.

Table 3.4 Firm years of the F-Score

UK | Firm years DE | Firm years
F-Score  Freq. Percent. Cum. F-Score  Freq. Percent. Cum.
0 13 0.06 0.06 0 7 0.12 0.12
1 203 1.01 1.08 1 43 0.72 0.84
2 875 4.36 5.44 2 182 3.06 3.90
3 2,177 10.86 16.30 3 529 8.90 12.80
4 4,091 20.40 36.70 4 892 15.01 27.81
5 4,875 24.31 61.01 5 1,317 22.16 49.97
6 4,109 20.49 81.50 6 1,297 21.82 71.79
7 2,550 12.72 94.22 7 1,036 17.43 89.22
8 999 4.98 99.20 8 527 8.87 98.08
9 161 0.80 100 9 114 1.92 100
Total 20,053 100 Total 5,944 100

Key: Freq. = Frequency; Cum. = Cumulative

However, for reasons of practicability, the cut-off points are set exactly at 5% (10%) for the
lowest and highest UK (German) fquintiles, with the remaining fquintiles being cut off at 30%
(L), 40% (M) and 30% (H). To test for statistical significance and robustness, both the mean
and the median returns are compared across the L/H and L*/H* portfolio fquintiles.

Having replicated Piotroski’s (2000) original work using the F-Score measure, the next step is
to test whether an alternative to the F-Score is able to deliver equally good results. The
reasons for the extension of the original approach are manifold. Firstly, a point of criticism is
that the original measure is based on a binary signal of either 0 or 1. Hence, it does not take
into account the magnitude of the signal, which potentially could be very useful. Secondly, all
nine signals are equally weighted. This is problematic because some signals could be more
closely related to the return performance than others, thus omitting useful information once
again. Allowing the weights to differ, for example related to past forecast accuracy, could
potentially improve the trading gains. Thirdly, it is necessary to provide practitioners with
better and/or additional selection tools to filter out the stocks with favourable return prospects.
Finally, the alternatives can be used as a reciprocal robustness check for the initial F-Score
measure. To distinguish Piotroski’s F-Score from its alternative measure, the original version

is referred to henceforth as the “F-Score”.
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3.5.1.5 Portfolio construction with an alternative to the F-Score

The alternative measure is the result of a ranking and standardisation process. This procedure
IS necessary to ensure commensurability between the nine F-components. The accounting
information is ranked using the respective rank function in Excel, in which the same values
are assigned the same ranks. The next step is to standardise the ranks so that each F-
component takes on a value between 0 and 1 using the following equation:

_ (Fi,rank - 1)
Fisrank = F— 1)
max

1)
The left side of the equation, Fjsank, represents the standardised rank, which equals the
individual rank of the F-component minus 1 divided by the highest rank of F-components in
one particular year minus 1. To avoid confusion, it should be noted that “highest” in this
regard does not mean the first but the highest rank in absolute value. Therefore, the highest
rank for each single year is theoretically limited to 3,089 for the UK and 973 for the German
data, respectively. Theoretically, because not all the firms report relevant data for the F-Score,
the calculation and ties are retained. This means that the higher the rank, the worse the
performance of the F-component relative to its peers. The only exemption applies to the
variables capturing change in financial gearing and seasoned equity offering, which are listed
in table 3.3 as numbers 5 and 7. In these cases, higher ranks are assumed to have a negative
impact on future stock returns because more interest has to be paid for debt and less income is
available due to an increased shareholder base, as mentioned before. To keep the analysis
clear, the term “Fi-rank” henceforth refers to the standardised ranked F-component of the
individual firm, while “F-rank” represents the aggregate of the nine Fi-ranks for each

company. These terms are used throughout the remainder of the thesis.

Compared with the F-Score, the F-rank method takes into account the differences in values
within each F-component and thus should lead to a more accurate representation of the
financial strength of a company. For instance, while a company receives a 1 if its return on
assets is positive, it does not matter how much greater than zero this value is due to the binary
nature of the F-Score. Assuming that company A only marginally but consistently misses the
threshold of obtaining a score of 1 for the respective F-component, it could end up receiving
an F-Score of 0, while company B would be assigned a value of 5. In the case of the F-rank,

the picture would look different, though. If company B narrowly exceeds the threshold in five
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out of the nine Fi-ranks but substantially misses them in the other ones, the overall F-rank
would be low. The F-rank of company A by contrast would then be higher because it shows a
constant performance in all nine F-ranks. Consequently, both the portfolios and the results

would appear different in such a case.

After the ranks of each F-component are standardised (Fi-rank), the next step is to aggregate
all the values into the F-rank. To avoid bias towards a specific method, both the mean and the
median of the nine Fi-ranks is taken to construct the F-rank. Although the utilisation of ranks
already ensures the moderation of outlier influence, this approach is another step in this
direction compared with a simple addition of values. In comparison with the F-Score, with its
absolute values, F-rank portfolio fquintiles necessitate flexible cut-off points that are
recalculated on an annual basis. For this purpose, the percentage distributions summarised in
column three of table 3.4 (UK) are used as a guideline. For instance, the lowest portfolio (L)
will be generated by multiplying the average and median F-ranks by 30%, which will result in
one cut-off point. Each firm with a lower F-rank will be assigned to this portfolio. The

procedure is analogous for the middle, high, lowest and highest portfolio fquintiles.

3.5.1.6 Alternative combination measures of financial strength: The weighted DMSFE

The original F-Score is a relatively crude measure of the financial health of a company
because, apart from an all-or-nothing characteristic, it disregards historical information that
might be useful for stock return forecasts. Therefore, the thesis extends the initial approach
by using an ex ante means of forecasting, which weights the nine F-ranks using past data. The
basic idea originates from a paper by Bates and Granger (1969) and makes the assumption
that individual forecasts might contain independent “information” that can result in more
accurate predictions if combined. As outlined earlier, the nine F-Score components cover a
firm’s 1) profitability (P), ii) leverage, liquidity and source of funds (LLSF) and iii) operating
efficiency (OE). Similar to the trends in the academic research focus, investors might pay
particular attention to the cash flow (i.e. profitability) in the mistaken belief that this figure is
hardly subject to manipulation. To moderate this effect, a combination of forecasts appears to

be a fruitful strategy.

This idea was also picked up by Rapach et al. (2010) and the authors noted that forecast
combination techniques have recently become popular again in economics, whereas the
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application in the finance literature is somewhat scanty. In contrast to the extensive use of
time series applications in the economics area, this study implements forecasting methods in a
cross-sectional environment. This means that to predict the t + 1 stock return, the cross-
section of firms in a specific year is used to establish the forecasting weights rather than using
multiple years’ data of the same firm. Because of the benefits of forecast combinations in time

series settings, these should be also present in the cross-section.

To generate reliable forecasts, the forecast errors have to be computed first. This is achieved
by squaring the differences between the nine Fi-ranks of a firm at time t - 1 and its subsequent
one-year (winsorised) stock return (r) at time t. The result is the discounted mean square
forecast error of each Fi-rank, defined as DMSFE;. To have consistent units of measurement,
the percentage stock returns are ranked and standardised according to equation (1) in the

previous section. Figure 3.2 illustrates the process.

Figure 3.2 Illlustration of DMSFE; computation

DMSFE; = (r, — Fi-rank;;_)*
F-rank: | ROA; CFO; AROA; ACCRUAL; ALEVER; ALIQUID; EQ OFF; AMARGIN; ATURN;

t Difference t

e Standardised Return
¢ Winsorised Standardised Return

The discount factor is equal to 1 throughout the analysis because only a one-year rolling
window is modelled. This approach is justified because portfolios are readjusted every year in
the original F-Score strategy. It is also assumed that investors build their portfolios each year
in June for two reasons. On the one hand, according to listing rule 12.42(e) of the Financial
Conduct Authority (FCA), all public companies in the UK are obliged to publish audited
annual accounts within six months of their period end.® As this thesis starts from the premise
that markets are not fully efficient, this ensures that some time is given for the data to be
processed by investors. On the other hand, the analysis aims to resemble the situation of an
actual investor as closely as possible and thus to avoid look-ahead bias. The procedure is
presented in figure 3.3.

& Source: Financial Conduct Authority (http://www.fca.org.uk)
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Figure 3.3 Visualisation of DMSFE portfolio construction
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From the perspective of an investor in June 1994, the financial statement information of 1992
is publicly available by June 1993 the latest. The investor is then able to calculate the one-
year stock return from June 1993 to June 1994 and to construct the individual forecast errors
or the DMSFE; using the 1992 financial statement information. Having constructed the
portfolios in June 1994 based on the DMSFE;, the investor will check the success of the
investment strategy in June 1995. The underlying assumption is that the stock return should
be higher for firms with a lower DMSFE;.

However, the question is now how to assign stocks to the respective portfolio fquintiles in
June 1994. Following Rapach et al. (2010), a more sophisticated weighting method is adopted
in this thesis, which is derived from Stock and Watson (2004). According to this approach,
weights are attached to each forecast contingent on the value of its DMSFE;, whereby the
lower (higher) the DMSFE;, the higher (lower) the weight. All the weights are allowed to
change every year during the period 1992 to 2010, similar to the original F-Score described
earlier. The weights are computed using equation (2) and subsequently applied to next year’s
Fi-ranks, indicated by the blue path in figure 3.3. In other words, the average of each of the
nine DMSFE;s is computed first. After that, equation (3) yields the weightings for the

forecasts of the forthcoming period.

N 2
Z (r, — F-rank;;_1)
¢ 3 — i=1
Jit N

(2)

where

9
Wit = ‘I’;tl/z d)ftl 3)
j=1

Afterwards, the highest three, the next highest three and the lowest three weights are labelled

as high, middle or low. Within each of these terciles, the respective means of the three
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weights are computed. Finally, this average weight is multiplied by next year’s Fi-ranks that
are members of the respective tercile. In other words, if, for instance, the forecast error is
lowest for the first three profitability measures, that is, ROA, AROA and CFO, their weights
are assigned to the highest tercile. After computing the average weight in this tercile, their
individual Fi-ranks are multiplied by this value. Following the blue path in figure 3.3, an
investor in June 1994 establishes the weights using the Fi-ranks of 1992 and the 1994 ranked
returns and applies these weights to the 1993 Fi-ranks. The one-year-ahead returns are then
measured in June 1995. This procedure is only undertaken in those cases in which all nine F-
Score components of a firm can be computed. The portfolios and cut-off points are

constructed as usual.

It should be noted that, due to a short holdout period at the start of 1992, the first portfolio is
constructed in June 1994 only based on 1992 accounting data as described before. From this
time onwards, the investment process and collection of accounting information are performed
simultaneously. Furthermore, to check for consistency of the results, the analysis is extended
in that it studies the performance of this strategy over a two-year period since portfolio

construction.

3.5.1.7 Alternative combination measures of financial strength: Clusters

The next combination measure is motivated by a study conducted by Aiolfi and Timmermann
(2006) and represents a variation of the previously introduced DMSFE method. The authors
sorted forecasting models into clusters and found that these combination methods improve the
quality of forecasts. Similar to the DMSFE procedure, clustering accounts for past financial
statement data and could therefore improve an investment strategy that does not, such as the
F-Score. The difference between the method of DMSFE and the method of clustering is that
the latter filters out those forecasts (DMSFE;) with the best past-year performance, that is, the
lowest forecast error, and drops the remaining ones entirely. Besides, clusters are formed at
time t but applied to accounting data at time t + 1. The communality is that the forecast
clusters are allowed to change from year to year. In the present analysis, cluster sizes of k = 3
and k = 2 are considered. Because there are nine individual forecasts, the data set cannot be
split evenly. To increase the depth of the analysis, five (three) forecasts are clustered, while
the remaining four (six) are discarded in the case of k = 2 (k = 3) clusters. This is justifiable

because not much difference between the performances of three (k = 3) and four forecasts (k
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= 2) is expected. Again, figure 3.4 depicts the process from the perspective of an investor in
June 1994, highlighted in blue.

Figure 3.4 Visualisation of cluster portfolio construction
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For each firm and year, the individual forecast errors are computed as the squared difference
between the 1992 F-ranks and the standardised one-year return from June 1993 to June 1994
(DMSFE; 92). In the next step, each of the resulting nine forecast errors are averaged across
the firms, as presented in equation (2). Following that, these nine averaged forecasts are
assigned to either one of three or one of two clusters. This means that only the three (five)
forecasts with the lowest average forecast error are considered in the case of k = 3 (k = 2)
clusters. Finally, portfolios are constructed based on an average cluster score, or c-score, that
is computed for each firm using the 1993 F-ranks, which are publicly available for June 1994.
The cut-off points are generated as usual and the performance of each of the five portfolios is

evaluated for June 1995.

3.5.1.8 Inclusion of a second dimension: The book-to-market ratio

Thus far, the analysis has only been concerned with firm characteristics that are company-
dependent or internal. For these purposes, the F-Score and F-rank have been used to construct
one-way portfolios ranging from L* to H*. This one-dimensional approach is now extended
by including company-independent or external company characteristics. The first one is the
book-to-market ratio or, in short, BM. This is also an extension of Piotroski (2000), as the
original work on the F-Score is limited to high-BM firms only. In this thesis, two-dimensional
or two-way portfolios are constructed by subdividing firms into BM terciles. Therefore, there
are a total of fifteen portfolios per analysis compared with the five in the one-way setting. The
advantage of having a finer distinction between portfolios is apparent for two reasons. On the
one hand, an investor is interested in which BM tercile is the key driver of investment
performance under the original F-Score and the alternative F-rank method. In general, the

empirical results from the US provide evidence for the outperformance of high-BM or value
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firms over low-BM or growth firms (e.g. Rosenberg et al., 1985; Fama and French, 1992).
More recently, Asness et al. (2013) confirmed these findings for the UK and continental
Europe using portfolios based on BM terciles. On the other hand, this kind of segmentation is
useful for the subsequent empirical chapters, which deal with various other characteristics.

This two-way structure will be retained throughout the thesis.

3.5.2 Driving forces behind stock returns

This section describes the methods used for the second empirical chapter. The purpose of this
chapter is to determine whether the relationship between size (instead of BM) and F-Score/F-
rank performance is due to size proxying for information uncertainty or liquidity. More
generally, chapter 5 addresses the question of which driving forces are behind stock returns
under the F-Score and F-rank strategies. For this purpose, BM as the second dimension is
replaced by size and two other measures of information uncertainty and two measures of
liquidity. The process of constructing portfolios and calculating cut-off points is as described

in section 3.5.1 and remains exactly the same.

3.5.2.1 Information uncertainty proxy: Size

The second empirical chapter is motivated by a study by Zhang (2006), who found that
greater information uncertainty leads to higher (lower) stock returns following good (bad)
news. By definition, information uncertainty, or IU, is a function of either the volatility of
firm fundamentals or poor information. He made the point that investors usually underreact to
publicly available information and thus should underreact even more the higher the degree of
information uncertainty is. An investment strategy based on IU would generate the highest
returns for high-uncertainty stocks. However, information appeared to be reflected reasonably
well in the prices of low-uncertainty stocks and therefore the abnormal returns should be
limited. This goes hand in hand with the assumption made in the present thesis that stock
markets are not semi-strong-form efficient. To capture information uncertainty, the company
size is used as the first proxy. This measure is also widely applied in the empirical literature
on this topic. The underlying rationale is manifold. Firstly, small firms have fewer
stakeholders and are less diversified (Zhang, 2006). Therefore, the assumptions about their
future prospects should be less reliable. Secondly, investors are likely to have fixed costs for

acquiring information on larger companies, in which they can also accumulate large stock
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positions. This, in turn, makes smaller companies less attractive in aggregate (Hong et al.,
2000). Finally, small firms are likely to choose a listing in stock market segments that demand
less timely reporting requirements, thus reducing the availability and increasing the

uncertainty of information (cp. sections 3.3 and 3.4).

To perform the statistical analysis, the same two-way portfolios as before are constructed.
However, this time, the construction of the original F-Score and the alternative F-rank
approach is based on firm size rather than BM terciles. Likewise, another set of two-way
portfolios is built comparing the stock return performances of the DMSFE and cluster
methods in relation to size. As mentioned before, the stock returns of the respective portfolio
fquintiles are calculated using both the mean and the median.

3.5.2.2 Information uncertainty proxy: The SDF and MADF

Amongst others, Zhang (2006) used cash flow volatility as an alternative proxy for
information uncertainty. This procedure is justified because it is highly likely that each of
those proxies, for example size, is influenced by other things that are not of interest in this
analysis. However, it could be argued that reliance on just one accounting number is risky.
Cash flow from operations (CFO) is reported by the company and thus there is a danger of
manipulation. Firm size, by contrast, is largely determined by the aggregated stock market
because the market capitalisation is dependent on the stock price. Lee (2012) found that the
propensity to manipulate the CFO is based on four firm characteristics, such as financial
distress and a higher correlation between stock returns and CFO. The results indicated that the
likelihood of manipulations is highest if the incentives for the management are high. As the
purpose of the F-Score and F-rank measures is to separate winning stocks from losing ones, it
could be argued that the firms with the lowest scores are likely to be in some kind of distress.
Consequently, the CFO values would be less reliable and would have undue bias in the
analysis. Of course, this would be the case only if they were actually manipulated. Since the
effort to determine which of the companies whitewashed their CFO figures is not practicable,

additional measures should be applied.

For this purpose, it is helpful to involve the remaining eight Fi-ranks — not least because they

are already available from previous analyses. In the present thesis, the second IU measure is
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the SDF, which is defined as the standard deviation of the F-rank of each firm and year.

Equation (4) illustrates its computation more formally:

F-rank;, — F-rank,)?
soF,, - JZ( i ) @

(n—-1)

Since the SDF measures the aggregated dispersion within the Fi-ranks, it should serve as a
useful tool to give some indication of a firm’s information uncertainty. Therefore, the higher
(lower) the SDF, the higher (lower) the information uncertainty. As previously described, the
two-way portfolios are constructed using the same fquintiles and cut-off points for the mean
and median F-ranks in the first dimension. The respective SDFs are subdivided into terciles in
the second dimension, which results in a total of 15 portfolios. Because the original F-Score is
a discrete measure that takes values of either 1 or 0, the computation of F-Score volatility
would not be meaningful. However, F-Score fquintiles are still constructed, but the
subdivision into terciles is based on F-ranks. The mean and median one-year stock returns are

computed as before.

The third and last IU measure is the mean absolute deviation, or MADF, of the F-ranks and is
based on the same underlying assumptions as described for the SDF. It is an alternative
summary of dispersion and is defined as follows:

F-rank;, — F-rank
MADF;, = 2 l'tn e (5)

As can be seen from equation (5), the MADF is the sum of the absolute differences between
each of the nine F-ranks and their overall mean divided by the factor nine. The main reason
for the use of the MADF is to check the robustness of the SDF. However, there are also more
subtle reasons for that. Gorard (2005) summarised some advantages of the mean deviation
method and questioned the usefulness of the standard deviation (SD) as the preferred measure
of dispersion at the same time. In general, he made the point that the mean deviation (MD) is
superior to the standard deviation in terms of efficiency, because the latter assumes no
measurement errors and a normal distribution. The process of squaring increases each of the
nine distances exponentially rather than additively, as can be seen from equation (4).

Calculating the square root in the next step does not remove this bias in the SD, though.
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Further, even if the observations are normally distributed, small measurement errors do arise
in reality. In this case, the advantage of the SD over the MD will fade and actually reverse, as
referring to by Huber (1981). Moreover, the normal distribution is an idealised assumption.
Gorard (2005) showed an example of how the SD is inferior to the MD if the distributions are
not Gaussian. He referred directly to Fisher (1920), who proved the greater efficiency of the
SD for normal distributions and highlighted its inferiority in all other cases. Finally, Gorard
(2005) noted that a simpler measure, such as the MD, should be sufficient in social science
research. In his view, the reason for the preferred use of the SD is of a practical nature,
because this measure is more convenient for mathematical manipulation. Applied to finance,
the reason for the use of the SD may be “physics envy”, as mentioned earlier. As Dempsey
(2013a) argued, the prestige of natural sciences in the 1950s sparked the idea that financial
markets are similar to physics and therefore could be described with the help of applied
mathematics. It seems likely that this academic dispute will continue and probably never be
settled. For this reason, both measures of dispersion are used in this thesis. Again, portfolio
construction under the MADF approach follows exactly the same procedure as described for
the SDF.

3.5.2.3 Causality of investment performance: The Amihud liquidity measure

While both the SDF and the MADF are pure proxies for information uncertainty, size may
also proxy for liquidity (Amihud, 2002). Therefore, size as a measure of information
uncertainty may be regarded as an indistinct term. Even when relying on either the SDF or the
MADF, a positive correlation between information uncertainty and stock returns might not
exist. To address these issues, another possible causality of investment performance is
analysed in this thesis for the UK, but not for Germany. This is due to the problem of scant
data availability for the German stock market, particularly at the beginning of the 1990s. In
contrast to measures of uncertainty, liquidity is a more precise measure, because this kind of
data is stored by the stock exchange and can easily be accessed via Datastream. As Zhang
(2006) noted, financial statement data, such as the nine F-components, are influenced by a
company’s information system and thus may be subject to bias. Consequently, the measures
of liquidity should be at least as useful as the IU measures, because they are not generated

internally.
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The first liquidity measure is taken from Amihud (2002), who found a positive relationship
between market illiquidity and ex ante stock excess returns in the cross-section. This result
implies the existence of an illiquidity premium. It is therefore of interest to investors to know
whether this premium is also related to the performance of their F-Score and F-rank portfolios,
respectively. The findings also challenge the efficient market view that higher returns are
associated with higher risk, which is in line with the rationale of the F-Score/F-rank approach.
Equation (6) shows how the liquidity measure is calculated.

Dit
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For each firm and each year, LIQ is the result of the absolute daily stock return in one year
divided by its respective volatility expressed in British pounds. In this context, D; represents
the number of days in one specific year for each firm. As a result, greater values of LIQ are
associated with less liquidity and vice versa. All the necessary information was downloaded
and computed manually, because the Amihud liquidity measure is not readily available from
Datastream. It should be noted that, in contrast to Amihud (2002), this thesis defines the
Amihud measure as liquidity rather than illiquidity. The change is in the interest of
convenience and similar to the approach of Asness et al. (2013). It has no influence on the

subsequent analysis, though.

3.5.2.4 Causality of investment performance: The ToR liquidity measure

To test for robustness, it is appropriate to employ a second measure of liquidity. Although
used in a different context, Kuo et al. (2013) used the turnover ratio, or ToR, as a proxy for
liquidity. As summarised by Banerjee et al. (2007), they justified the use of this measure on
the grounds that it is widely applied in the empirical and theoretical literature, which also
motivates the use in the present thesis. By contrast, Kuo et al. (2013) based their choice on the
lack of a different dimension in the Amihud measure. It is defined as the daily volume of

shares traded divided by the number of outstanding shares or, more formally, as:

Djt
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Equation (7) states that the ToR for the individual firm i in year t equals the daily trading
volume of its stock scaled by the number of shares outstanding on this day. Because either no
trading takes place or no data are available for several days, the previous result is divided by
the amount of days for which data are available. While the Amihud measure captures the
price impact dimension, the turnover ratio captures the trading quantity dimension. The
authors argue that in theory there is a negative correlation between stock liquidity and
dividend payments. This implies that rational investors prefer highly liquid firms to illiquid
firms. If this argument holds true, investors are assumed to apply higher discount rates in their
evaluation process, which in turn will result in lower valuations for illiquid stocks. To
increase their valuations, firms are more likely to pay dividends. Although this thesis is not
concerned with the relationship between stock liquidity and a firm’s decision to pay dividends,
its logic can be applied to the F-Score/F-rank strategies. Assuming two exactly similar firms,
A and B, of which B pays a dividend and A does not, the stock price of A should be lower due
to the higher discount rate applied by investors. According to Bulan et al. (2007), dividend-
paying firms in the US feature characteristics that would categorise them as high-BM rather
than growth firms. More precisely, these are generally large, relatively profitable firms with
cash balances and restricted growth opportunities. These results were substantiated by Denis
and Osobov (2008) for the US and, amongst other countries, for the UK. This in turn raises
the interesting question of whether the stocks of the more illiquid BM firms show a better
one-year performance than their growth counterpart. The study by Piotroski (2000) is based
on this assumption and his decision to focus entirely on high-BM firms is justified by
previous findings that suggest a positive relationship between the BM ratio and the
subsequent stock returns (e.g. Fama and French, 1995; Chen and Zhang, 1998). The reason
for this is the fact that high-BM firms are financially distressed and therefore investors require
a risk premium. However, this is directly contrary to the finding that dividend-paying firms
are generally financially healthy and belong to the high-BM group of firms at the same time.
This so-called distress risk puzzle dates back to earlier work, such as that of Dichev (1998).
He concluded that investors who take on bankruptcy risk are not compensated by higher stock
returns. Other studies have reached similar conclusions, most recently Kim (2013), who

summarised the work carried out until then.

In summary, the ToR measure serves primarily as a liquidity measure, as described by Kuo et
al. (2013). As an interesting side effect, it can also be used to categorise the data as either low-

BM (growth) or high-BM (value) firms. Consequently, the analysis i) shows how liquidity is
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related to stock returns, ii) determines whether those returns are higher for high-BM firms, as
assumed by Piotroski (2000), and iii) tests for robustness. The last point is based on the fact
that Kuo et al. (2013) found that the Amihud measure was not suitable for predicting the
propensity to pay dividends. However, the ToR was reported to be significant for the UK and
all other markets subject to their research. This should increase the reliability of the results

once applied to the F-Score and F-rank strategies.

3.5.3 F-Score and F-rank: The case of Germany

The final empirical chapter explores how the F-Score and F-rank investment strategies
perform in Germany. This is of interest for three reasons. Firstly, as mentioned in the
literature review, research on the German stock market is limited (Amel-Zadeh, 2011). This is
rather surprising as the German economy is the largest within the EU and plays a vital part in

the global context as well.

Secondly, the legal system is based on code law, in contrast to the UK, which has a common
law system. Originally, the F-Score measure was tested for the US only, where a common law
system is customary. Because of the similarity of the legal systems between the US and the
UK, investors are likely to be interested in the applicability of the strategy outside common
law countries. This desire may be rooted in the different regulations with regard to investor
protection. In an influential paper by La Porta et al. (1997), the authors showed that countries
with poorer investor protection usually have smaller capital markets, such as Germany.
Another possible way of measuring investor protection is to assess the quality of accounting
information. Bartov et al. (2005) found that earnings prepared under both the US GAAP and
the 1AS (now IFRS) show greater value relevance to subsequent stock returns than under the
German GAAP (HGB). As they argued, the reason is that the focus of the US GAAP and
IFRS rests on the shareholder rather than the stakeholder. This goes hand in hand with the
results of Barth et al. (2008), who confirmed the better information quality of firms reporting
under the IFRS in contrast to domestic accounting principles. However, differences in stock
returns due to differing accounting standards are likely to fade in the future. This is because
the EU decided in 2002 to harmonise the accounting standards of the member countries and

make the IFRS a binding principle for listed companies with effect from 1 January 2005.°

® Source: Regulation EC No. 1606/2002: (http:eur-lex.europa.eu)
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Nevertheless, as the majority of the data in this thesis are analysed before 2005, the cause of

the differences between the UK and the German results may be differing accounting standards.

Thirdly and lastly, the German stock market is structurally different from that of the UK,
because firms rely less on equity capital and more on debt financing, which has implications
for stock valuations. As documented by Bartov et al. (2005), the German GAAP allows
greater leeway in determining the amount of provisions than the IFRS. In general, those
changes in provisions directly affect the three sections presented in table 3.3, for example
return on assets, financial gearing or leverage and the gross profit margin. This, in turn, has
direct implications for the computation of the F-Score and F-rank, respectively. Consequently,
the rationale for the variations in provisions may not be obvious to investors who rely on an
automated F-Score/F-rank investment strategy, as presented here. If, for instance, a firm has
had a stable F-Score over a period of time and then the management decides to increase the
provisions, its F-Score might drop dramatically. The investor would not be able to clarify
easily whether this decision is really justified or whether the directors intend to smooth
earnings, as exemplified by Bartov et al. (2005).

In general, the application of the investment strategy to the German stock market appears to
be even more justified against the background of market efficiency. Traditionally, a large
number of German companies rely on debt capital, which is usually provided by banks.
Because the bank decides whether to approve the loan, the incentive for firms to provide
timely and publicly available accounting information is relatively low (Bartov et al., 2005).
The consequence is that stock markets should be less efficient and therefore more
opportunities are available to earn abnormal returns. However, Daske and Gebhardt (2006)
found a statistically and economically significant increase in the disclosure quality for
German companies that introduced the IFRS. The results were confirmed for both Austria and
Switzerland, which have a common accounting tradition with Germany. The portfolios in this
last empirical chapter are constructed in exactly the same way as described previously.
However, compared with the UK, the analysis with regard to the two liquidity measures
(Amihud and ToR) was not conducted on the German stocks due to the limited data

availability.
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3.6 Empirical tests

The following section provides the rationale for choosing the respective statistical tests and
describes how they were applied to the data set. It summarises the portfolio construction
process and the subdivision into terciles through visualisation. The methods are explained
using the UK stock market data but are transferable without any modification to the German
counterparts. However, as mentioned earlier, no tests are undertaken for the liquidity

measures of German companies.

3.6.1 The rationale behind the choice of statistical methods

Referring to the aforementioned term “physics envy”, which was coined by Lo and Mueller
(2010), the intention for the choice of statistical methods is to consider its practicability for
the general investor. This is compliant with Piotroski’s (2000) original idea of introducing a
simple accounting-based fundamentals analysis strategy that works for the US stock market. It
follows from this consideration that if a highly sophisticated econometric analysis is needed to
provide any statistically significant results, the investment strategy is probably not as efficient
in a European setting. As Welch (2001) observed, academic journals are more likely to
publish significant rather than insignificant results. In his view, the danger is not to scrutinise
sufficiently whether the methods used are reasonable but to focus too much on mild statistical
significance. This point ties in with Dempsey (2013), who progressed even further and stated
that econometrics nowadays is an exercise in data mining in the finance discipline. Likewise,
Moosa (2013) mentioned that econometrics should be used as a means to an end rather than
an end in itself. This statement is corroborated by the invention of highly sophisticated models,
such as autoregressive conditional heteroscedasticity (ARCH) and its successors. This trend
has at least two consequences, which are considered in the subsequent analyses. On the one
hand, some of the simpler econometric applications should provide results that are as good as
the more complex techniques. This was shown, for instance, in multiple regressions in which
the weighted combination of the exogenous variables predicts the outcome of the endogenous
variable (Dawes, 1979). Equal weighting of the predictors can provide just as accurate
forecasts if a score is used. To compare the scores, ranking and standardisation methods
should be used. As described before, the preparatory work has already been conducted by

establishing both the F-Score and the F-rank measure of financial health. On the other hand,
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Shiller (2010) noted student dissatisfaction with the teaching of economics. The reason is that
students are under the impression that the lecture materials are hardly applicable in the real
world. In contrast, this seems not to be the case in the physics profession. As the author
argued, this perception is mainly rooted in the fact that some economic theories are disproved
and therefore transitory, which in turn implies that they are rendered useless in the future. As
this issue is innate in the economics profession and most likely in finance as well, Shiller
(2010) advocated the influx of views from other social sciences, such as anthropology or

psychology. This thesis intends to take a step in that direction.

3.6.2 Visualisation of the test methods

To illustrate the statistical analyses performed on the portfolios, figure 3.5 depicts the process
of comparing the stock returns between the fquintiles.

Figure 3.5 Visualisation of the statistical analyses
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As can be seen, the horizontal axis is divided into the F-Scores/F-ranks from their lowest (L*)
to their highest (H*) values. The more sophisticated combination techniques of DMSFE and
clusters are considered subsequently, as described above in sections 3.5.1.4 to 3.5.1.8. The
vertical axis is subdivided into terciles and represents the second dimension, as detailed in
sections 3.5.1.8 and 3.5.2. Of interest are the horizontal and vertical return differences
between the high—low (H-L) and highest-lowest (H*-L*) portfolio fquintiles. Section 3.5.1.3
describes how the stock returns are computed. In general, there are four different types of
those returns to avoid undue influence of extreme outliers. These are i) percentage returns, ii)
standardised ranked returns, iii) winsorised percentage returns at the 0.5% level and iv)
winsorised standardised ranked returns at the 0.5% level. This means that if, for instance, the
SDF terciles (vertical) are combined with the F-rank (horizontal) in chapter 4, the results are

four tables for which portfolios are compared both vertically and horizontally.
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3.6.3 Parametric and non-parametric tests

The first statistical test'® conforms to the methods used in the original work on the F-Score by
Piotroski (2000). At the same time, it follows the analysis by Zhang (2006) regarding
measures of uncertainty. As one part of the thesis intends to combine the original accounting-
based investment strategy with IU measures, this procedure ensures consistency and
comparability. In general, unpaired two-sample t-tests are conducted to test the equality of
means of the percentage stock returns between fquintiles with high/low and highest/lowest F-
Scores and F-ranks and their respective combination techniques, namely DMSFE and
clustering. The same tests are then applied within fquintiles across terciles, which represent
the second dimension, for example BM or size. All the tests are performed using Stata.

As noted by Kothari and Warner (1997), long-horizon parametric test results, such as those in
the present thesis, might suggest abnormal performance when none actually exists. This is a
general problem in the finance literature as it reduces the reliability and implementability of a
trading strategy in the real world. However, the authors pointed out that there is a potential
problem with their own results, because they may also be a result of model misspecification.
If this is the case, it would still be unclear whether the existing results in the literature that
speak for market inefficiencies are due to actual mispricing or misspecification. For this
reason, the authors recommended the use of non-parametric tests. Consequently, the non-
parametric version of the t-test, which was originally introduced by Wilcoxon (1945) and
modified by Mann and Whitney (1947), is applied in this analysis. According to Neave and
Worthington (1988), the Mann-Whitney—Wilcoxon (MWW) test is widely used and virtually
as powerful as its parametric counterpart. Finally, Mood’s (1950) median test for two
independent samples is applied as a robustness check. All the test methods are presented in
table 3.5.

Table 3.5 Parametric (p) and non-parametric (np) tests on portfolio returns

Portfolio return measure Test applied

BHAR (in %)

Winsorised BHAR (in %) Unmatched two-sample t-test (p)

BHAR (ranked)

Winsorised BHAR (ranked) Unmatched MWW (np); median test (np)

1% A summary of the statistical test methods is provided in the appendix.
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3.7 Conclusions

This chapter provided a link between the literature review and the subsequent chapters, in
which the empirical results are presented. It first classified the thesis within the respective
philosophical setting, provided information about the UK and German stock markets that this
thesis intends to analyse and finally detailed the research methods. The main focus was
deliberately on the last part and provided answers to the paramount question of how the
investigation is conducted to answer the research questions. The use of methods was
substantiated by examples from the literature, thus ensuring common research standards.
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Chapter 4 Empirical Analysis and Results — The UK

4.1 Introduction

This chapter presents and discusses the results of the F-Score and F-rank investment strategies
for the UK. The results are based on the original work presented by Piotroski (2000) and
extended in the further course of the analysis. Therefore, the chapter links back directly to
section 3.5.1, in which the respective research methods were detailed. For the sake of
conciseness, only those results that are deemed to be the most relevant are shown.

The key research issue of this chapter is twofold. First, it aims to test whether a simple value
investing strategy is easily transferable to another stock market with a similar success rate. In
addition, this strategy is extended to alternative combination techniques which represent the
main contribution of this chapter. This is of interest from both a practical and a theoretical
aspect. For fund managers, a trading strategy’s value is positively correlated with its
successful implementation in as many different stock markets as possible. If this is the case, it
provides managers with a much broader range of options to find suitable investments for their
clients. Further, the present chapter links to the concept of generalisability in deductive

research, which is used in the present thesis.

This means that, on a wider scale, this research is testing theory and therefore similar results
are expected for the UK. In other words, both the efficient market hypothesis and the
behavioural finance school of thought require research results to be consistent and therefore to
confirm one of these theories. As this thesis assumes at least partially inefficient markets, the
investment strategy should be readily applicable in the UK. If this is not the case, the research
outcome would not support either school of thought. The reason lies in the variability of the
factor that is common to both academic stances, human behaviour. To put it simply, Lo (2007)
described human behaviour as either rational (EMH) or partly rational (BF). Irrespective of
one’s own viewpoint, a strategy should provide consistent results, as mentioned earlier.
However, testing a set of different strategies may lead to different outcomes amongst them.
Because of these variations, the overarching concept of either rational or non-rational equity

markets cannot ultimately be proven.
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Second, this chapter intends to provide a range of different investment strategies that are
aimed to improve the results of the original F-Score method. This is motivated by some of the
drawbacks, such as the binary coding of financial statement signals as well as the equal
weighting of the nine signals. To overcome them, a forecasting method that is used not in the
finance but in the economics literature is borrowed and applied, as in Rapach et al. (2010).
This is a novel approach because prior work focused at generating weights based on time-
series forecasts while in this chapter weights are generated based on cross-sectional
forecasting. Of course, investment strategies are only valuable if they remain profitable over
time. However, there is disagreement in the literature about the length of a specific sample
period. For instance, Nelson and Kim (1993) regressed real and excess returns on the dividend
yield for the period from 1871 to 1987 and found no predictability for the pre-war period.
Paye and Timmermann (2006) studied the instability of return prediction models in the UK
and found that the relationship between certain state variables and stock returns may change
substantially after a break. While these empirical results are valid, they should not pose too
big a problem in practice as an investment period of over 100 years is unrealistic for most

individual investors.

Finally, this chapter does not restrict its focus to firms with a high book-to-market ratio only.
While the study by Piotroski (2000) demonstrated that yields of up to 23% p.a. within high-
BM portfolios are possible in a long-short portfolio for a period of twenty years, there is no
grounded reason why this should not also be possible for low-BM firms. This is of interest for
two reasons. Firstly, it provides investors with another set of options to choose from and
potentially to increase their stock returns. Secondly, building a long-short portfolio of high-
BM (long) and low-BM (short) stocks may also lead to higher returns than choosing stocks

that feature similar BM characteristics.

To concretise these research issues, the next section provides an overview of the key research
questions examined and their underlying rationale. With regards to the methodology used, the

reader is referred to chapter 3 and the appendix of this thesis.

4.1.1 Hypothesis development

Research on the strategy in the UK stock market, that is, the London Stock Exchange (LSE),
is of interest not only from a European investor’s perspective but also because it represents
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the second-largest market in global terms. In a study by Doidge et al. (2009), for instance, the
authors quantified the foreign listings on the New York Stock Exchange (NYSE) as up to 30%
compared with 16% on the LSE, with no other exchange attracting more than 7% of foreign
investors. Therefore, it can reasonably be assumed that the two markets have similar
characteristics and that the reasons for a firm’s decision to cross-list its stock either in the US
or in the UK are aligned. According to Roosenboom and van Dijk (2009), the most important
determinants in this regard are generally the high investor protection (bonding) offered in both
countries and the benefits of reducing the cost of capital (market segmentation), which is
especially the case in the UK. Because those markets have similar features, their investor

structure should be similar as well.

The benefits of investor protection as a determinant of choosing either the US or the UK for a
listing relate directly to the legal environment. Both countries have a long tradition of the
common law system and most academics agree that a common law environment reduces
earnings management (e.g. Leuz et al.., 2003) and insider trading (e.g. Bhattacharya and
Daouk, 2002) and increases information disclosure (e.g. La Porta et al., 2006), as well as that
of shareholders (e.g. Djankov et al., 2008). Because of those similarities, the evaluation of the
success of an investment strategy, which was originally tested in the US markets and which is
now evaluated in the UK, is tantamount to a robustness check similar to that of Duong et al.

(2014). To meet this requirement, the first hypothesis is as follows.

Hypothesis 4.1: The F-Score investment strategy and its alternatives can successfully separate
future winning from losing stocks in the UK.

Having tested for robustness, the analysis then focuses on the efficiency of the investment
strategy originally presented by Piotroski (2000). As presented in the previous chapter, the
nine measures of the composite F-Score are binary and are therefore likely to disregard useful
financial statement information. For instance, if a company has issued additional equity
during its past business period, this is assessed negatively and a value of zero is assigned to
this particular measure. Although this might be justified on the grounds that, ceteris paribus,
additional equity dilutes net income, virtually no grading is applied. In other words,
irrespective of whether, for instance, 5% or 25% of further equity was raised, both companies
receive a value of zero. In the worst case, this scenario might apply to the remaining variables

and ultimately categorise the company as non-investable. Due to a broad range of alternative,
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high-ranking F-Score firms, this should not be problematic in a long-only portfolio. However,
if such an unduly negatively rated stock is shorted at the same time, this could adversely
affect the overall performance of the portfolio. Of course, the same concept applies vice versa.

Despite the appeal of this simple all-or-nothing strategy, it might still be suboptimal and thus
leave room for improvement. However, the benefits of potentially higher returns should be at
least in proportion to the additional time and effort spent on the implementation of
alternatives. Hence, the further analyses cover three aspects that explore whether the original
method can actually be improved. The first one ensures a finer grading of the financial
statement information and aims to ameliorate the simpler binary perspective of a company by
implementing a ranking approach. Conceptionally, this follows the method used by Jegadeesh
and Titman (1993), who found a trend continuation of formerly well and poorly performing
stocks in the subsequent three to twelve months. Compared to the original F-Score, the
alternative measures are not absolute but rather relative. In other words, in the F-Score
environment, firms receive one defined score that ranges from 0 to 9 irrespective of the
number of peer firms in one specific year. Because a grading approach is used in the
alternative strategies, the alternative score is dependent on the performance of other firms in
the sample. However, this is not a drawback as it follows the same argument as pointed out
earlier regarding the benchmark definition and calculation of returns (section 3.5.1.3).
Another reason is that all firms are exposed to systematic risk and therefore correlations

between firms are likely to remain stable.

The second method measures the accuracy of the forecasting ability of each of the nine
individual (Fi-rank) measures and therefore assumes that past accuracy holds true as well
future accuracy. Finally, measures with higher accuracy are weighted more heavily to reduce
the noise of inaccurate and therefore less useful forecasting variables. Both concepts have
been widely used in economic time series applications but have attracted very limited
attention in the cross-section as well as the finance literature in general (Rapach et al., 2010).

The second hypothesis is therefore summarised as follows:

Hypothesis 4.2: Alternative combinations of F-Score components outperform the original
investment strategy in the UK.
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A fundamental difference from Piotroski’s (2000) approach is that not only high book-to-
market firms are analysed but the entire set of UK listed companies. The rationale for
focusing on high-BM firms only is that less than half of the sample of those firms provided
positive returns in the original US study. However, as discussed earlier, this outcome could be
attributed to the binary or all-or-nothing characteristic of the F-Score strategy, which is sought
to be improved as part of the previous hypothesis. The reasons for the inclusion of all listed
firms are twofold. On the one hand, it has practical implications in that the overall amount of
UK listed firms is smaller than that of the US. This is also true for other stock exchanges
globally. Therefore, further reducing the amount of data by disregarding all low-BM firms
could lead to the acceptance of the law of small numbers and therefore inconclusive results.
Tversky and Kahneman (1971) summarised this law as the “exaggerated confidence in the
validity of conclusions based on small samples”. On the other hand, the focus on the entire
data set is a means to prove the robustness of the original strategy. If the strategy is found to
work on all stocks, this would save the practitioner the additional step of categorising stocks
according to their BM ratios before applying the actual investment strategy. Although some
evidence was provided by Duong et al. (2014) for the UK, the authors did not analyse the
performance of alternatives to the original F-Score approach. Therefore, the third hypothesis

is as follows:

Hypothesis 4.3: The F-Score investment strategy and its alternatives can successfully separate

winners from losers irrespective of their affiliation to a specific book-to-market ratio group.

4.2 An overview of the UK data set

To summarise the data sets of the two stock markets analysed in the present thesis at a single
glance, the UK data are contrasted with their German equivalents. To begin with, table 4.1
shows the amount of UK and German firms that provide complete accounting data, which is
necessary for the functioning of the investment strategy. The results from the German data are
included for comparative purposes only and are dealt with separately in chapter 6. Figure 4.1
shows the same data as a Stata histogram. The data correspond to table 3.4 in the previous

chapter but are broken down by years rather than F-Scores.
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Table 4.1 Firms with complete F-Scores

Year UK DE
1992 19 0
1993 63 1
Year UK DE
1994 620 49
1995 1,164 116
1996 1,144 160
1997 1,125 206
1998 1,069 244
1999 1,158 310
2000 1,102 324
2001 1,211 396
2002 1,233 377
2003 1,195 396
2004 1,264 412
2005 1,366 453
2006 1,393 485
2007 1,373 485
2008 1,260 479
2009 1,192 490
2010 1,102 561
Total 20,053 5,944

Figure 4.1 Histogram of firms with complete F-Scores
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As can be seen, the amount of accounting data is fairly stable in the UK, with the exception of
the first two years of the evaluation period. Regarding Germany, there is an increasing trend
over time in the amount of data usable for the analysis. The reasons for this are likely to be
found in the more sophisticated equity culture of the UK compared with Germany, which
started to evolve with the IPO of Deutsche Telekom in 1996 (Bérsch, 2004). More stringent
disclosure requirements that ensure better protection for equity investors, especially since the
revelation of the accounting frauds at the turn of the century, could be another reason for the
greater data availability, especially in Germany (Tuschke and Sanders, 2003). This, in turn,
can be attributed to both increased market capitalisation and a greater volume of shares traded
during the period of 1990 to 1998 (Boutchkova and Megginson, 2000). Another possible
explanation is the easier and most importantly cheaper access to stock markets for the
individual investor (Colliard and Foucault, 2012). Because trading costs have dropped
significantly since 1992, companies now have more options for raising capital and saving
costs at the same time. This is because financial intermediaries, such as banks, are now

competing with public capital sources, such as stock exchanges (Stulz, 2009).

4.2.1 Descriptive statistics of UK firms

Table 4.2 presents descriptive statistics for all of the nine F-Score components, with the
exception of equity offerings. As can be seen, the average (median) UK firm has a BM ratio
of 0.585 (0.502) and a market capitalisation of 835.65 (42.03) million GBP. Regardless of a
firm’s BM ratio, the average (median) return on assets amounts to -0.061 (0.043). The related
change in ROA is -0.231 on average, with a median of 0.0004, respectively. The average
(median) public listed company in the UK has total assets of 968.94 (53.13) million GBP.
Further, it increased its financial gearing and decreased its liquidity compared with the
previous year. It should be pointed out that the amount of observations for the BM ratio and
market capitalisation figure are less than 20,053, because some figures were not available
through Datastream even if all of the nine F-Score components were available.* However,
these divergences are minor and are not assumed to have a significant influence on the results.
The remaining columns show the respective standard deviations, the percentage of positive

signals and the minimum/maximum values for each of the F-components. At the bottom of

1 The book-to-market ratios are computed by dividing the book value by the market value at the financial year
end. The book values were extracted from Datastream with the code WC05491. The market capitalisations were
extracted with the code WC08002.
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the table, the total assets are denominated in thousands and the market capitalisation in
millions of GBP.

Table 4.2 Financial characteristics of UK firms

Variable Obs. Mean Median | Std dev. % Min. Max.
positive
ROA 20,053 -0.061 0.043 1.793 69.05 -200.64 | 4.987
CFO 20,053 -0.015 0.072 4.226 74.29 -576.46 | 80.986
AROA 20,053 -0.231 0.0004 51.062 50.37 -7,010 1,666
ACCRUAL 20,053 -0.046 -0.043 4.350 73.49 -169.38 | 576.01
ALEVERAGE | 20,053 0.139 0.062 0.741 66.44 0 71.33
ALIQUIDITY | 20,053 -0.048 -0.010 15.84 47.36 -1,274 1,657
AGPM 20,053 9.115 -9.6E-06 | 666.57 34.13 -11,367 | 75,494
ATURN 20,053 -0.640 0.007 61.77 51.94 -8,500 122
Variable Obs. Mean Median | Std dev. % Min. Max.
positive
BM 19,687 0.585 0.502 3.828 - -387.67 | 59.65
TASSETS 20,053 968.94 53.13 6,246 - 1 203,324,559
Market Cap. 19,485 835.65 42.03 5,141 - .03 158,543

The next table shows the one-year and two-year winsorised buy-and-hold returns of all the
UK stocks included in the data set. The one-year returns consist of 20,053 firms, whereas
their two-year counterparts are computed from 17,754 firms for the whole period. The
difference arises because of the longer measurement period and because some of the firms
ceased trading. The returns are compared with the original market-adjusted returns reported in
Piotroski’s (2000) study and marked as (US). It should be noted that the US results only
contain high-BM firms, as opposed to the UK returns, which are based on low-BM firms as
well. Despite this difference, there are noticeable similarities between the US and the UK
findings, as table 4.3 shows. Exceptions to this are the one-year mean returns, which are only
marginally positive for the UK and marginally negative in the two-year scenario. However,
both markets indicate positive skewness for both investment horizons. This is underlined by
the last column of table 4.3, which reports the percentage of positive stock returns over the
two investment periods. Similar to the US results, the majority of stock returns are negative.
However, this result confirms the assumption of Duong et al. (2014) that the F-Score
approach could be used as an accounting-based investment strategy regardless of whether the
stocks are part of the high-BM or the low-BM group. This is particularly interesting as the use
of a separate stock valuation model, such as the G-Score presented by Mohanram (2005),
would not be necessary, which increases the practicability in the day-to-day investment

environment as a consequence.
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Table 4.3 Comparison of buy-and-hold returns between UK and US firms

Returns Mean 10" 25" Median 75" 90" %
percentile | percentile percentile | percentile | positive

1Y (UK) |6.15E-17 | -0.558 -0.306 -0.048 | 0.229 0.542 0.451

1Y (US) |0.059 -0.560 -0.317 -0.061 | 0.255 0.708 0.437

2Y (UK) |-2.36E-17 |-0.802 -0.496 -0.118 | 0.304 0.822 0.424

2Y (US) |0.127 -0.872 -0.517 -0.111 | 0.394 1.205 0.432

4.2.2 The correlation matrix and basic F-Score strategy

However, table 4.3 still gives only a crude picture of the situation in the UK stock market. To
investigate the relationships between the nine individual F-components and the subsequent
stock returns, table 4.4 represents the Spearman correlation matrix. In more specific terms, the
matrix shows the correlations between the individual F-components, which can take values of
either 1 or 0, the aggregate F-Score and the one- and two-year subsequent returns in the
normal and winsorised versions. Most interesting is the relationship between the aggregate F-
Score and the one- and two-year (winsorised) market returns, which is significantly positive at
the 1% level with values greater than 0.129. In addition to the correlation matrix, a factor
analysis was conducted. This technique was utilised to reveal different common dimensions,
subsets or factors of the nine financial ratios which were assumed to exist in the dataset,
compared to column 3 of table 3.3. However, results indicated that this was not a fruitful line

of enquiry and therefore no further discussion on this topic is presented in the present thesis.

The matrix is subdivided into sections I-IIT of the firms’ financial characteristics, as outlined
in section 3.5.1.2 and presented in table 3.3. From this it follows that ROA, CFO and AROA
appear to be the main contributors to the overall F-Score, because their correlations are
greater than 0.4 throughout. This suggests that if, for instance, ROA receives a coded value of
1 then CFO will most likely also receive a value of 1 due to a correlation of 0.535 between
those two variables. This observation is particularly of interest once weights are attached to
forecasts (DMSFE) or forecasts are dropped entirely (clusters). The reason is that weak
forecasts may be noisy and therefore might reduce the success of the original F-Score
investment strategy. This might even go as far as to cause the statistical results to become
insignificant without the knowledge of the researcher. ldentifying and separating more
reliable from the weaker forecasts should ameliorate these problems and also help to reduce

the noise problem in general. As all forecasts are kept in the DMSFE scenario as compared to
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the clusters, it is of particular interest to analyse whether weak forecasts are still able to
outperform their noise levels or whether it is more advantageous to drop these forecasts

entirely.

Fairly high are the F-components that measure the change in liquidity (ALIQ) and equity
offerings (EQO) in section Il as well as the change in turnover (ATRN) with values above 0.3.
The weakest contributors to the composite are accruals and change in the gross profit margin
of sections | and Ill, respectively, with values only above 0.2. However, all nine F-
components are significant at the 1% level and therefore can be considered as equally useful

parts of the investment strategy.

The picture looks slightly different once the F-components are compared with the one- and
two-year (winsorised) returns. Section I, profitability, is positively and significantly related to
all of the four returns, although the correlation is highest for the ROA and CFO measures.
Here, the values are consistently higher than 0.14 but much lower for the change in ROA and
ACC. Regarding section Il, which deals with the leverage, liquidity and source of funds,
ALIQ and EQO are positively correlated with the returns except for the change in financial
gearing measure (ALEV), which only explains the two-year (winsorised) returns. Interestingly,
none of the F-components in section I, a firm’s operating efficiency, are significant. Overall,

the most highly correlated measures remain ROA and CFO.

Compared with the original study by Piotroski (2000), the results with regard to the overall F-
Score are comparable with those of the UK. The correlations between the F-Score and the
one- and two-year returns amount to 0.121 and 0.130, respectively. Further, ROA and CFO
likewise appear to play dominant parts in explaining the subsequent stock returns for the two
different investment periods. Generally, the variability in the US is smaller than that in the
UK, which implies lower values for ROA and CFO but higher values for the measures of

operating efficiency.
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Table 4.4 Spearman correlation matrix between stock returns, F-components and F-Score?

Variable 1) Profitability I1) Leverage, liquidity and 111) Operating Returns F-Score
source of funds efficiency
ROA CFO AROA ACC ALEV ALIQ EQO AGPM ATRN RET W_RET RET2 W_RET2 | F-Score
ROA 1 - - - - - - - - - - - - -
CFO 0.535*** 1 - - - - - - - - - - - -
AROA 0.229***  0.073*** 1 - - - - - - - - - - -
ACC -0.146***  0.274***  -0.102*** 1 - - - - - - - - - -
ALEV 0.022***  0.010 0.024***  -0.007 1 - - - - - - - - -
ALIQ 0.117***  0.047***  0.062***  -0.100*** | -0.052*** 1 - - - - - - - -
EQO -0.065***  -0.020 0.010 0.008 0.065***  -0.059*** 1 - - - - - - -
AGPM -0.150***  -0.095***  0.050***  0.030*** | 0.044***  (0.057***  0.104*** 1 - - - - - -
ATRN 0.031***  -0.007 0.303***  -0.016 -0.104***  -0.029***  -0.010 -0.113*** 1 - - - - -
RET 0.145***  0.161***  0.025***  0.051*** | 0.018 0.020***  0.031*** | -0.012 0.017 1 - - - -
W_RET 0.144***  0.163***  0.023***  0.054*** | 0.018 0.020***  0.033*** | -0.009 0.014 0.998*** 1 - - -
RET2 0.185***  0.194***  0.029***  0.058*** | 0.019***  0.025***  0.028*** | -0.011 -0.003 0.735***  0.737*** 1 - -
W_RET2 | 0.183***  0.195***  0.028***  0.061*** | 0.029***  0.025***  (0.030*** | -0.008 -0.002 0.735***  0.739***  0.999*** 1 -
F-Score 0.463***  0.514***  0.527***  0.245*** | 0.289***  (0.322***  0.310*** 0.267*** 0.336*** | 0.129***  0.130***  0.149***  (0.151*** | 1

% The nine F-components are correlated between each other, one-year and two-year returns (RET and RET2), one-year and two-year winsorised returns (W_RET and W_RET2) and the F-Score. All

the F-components are correlated using their binary score of either 1 or O representing good or bad financial performance.
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In the next table, the stock returns are presented broken down by their respective F-Score
affiliation. Panel A contains the one-year buy-and-hold returns and panel B the two-year
equivalent. Apart from the mean return calculations for each F-Score portfolio, table 4.5
shows the subdivision of the same portfolio into fquintiles, the percentage of positive stock
returns and the amount of observations in the last column. Similar to the firm years presented
in table 3.4 of the previous chapter, the majority of observations are clustered around firms
with F-Scores of 3 to 7. This is in accordance with Piotroski (2000), who interpreted this
result as a sign that most of the firms have no clear-cut signs of financial strength or weakness.
This leaves the lowest (L*: 1,091) and highest (H*: 1,160) F-Score firms to analyse any
patterns with regard to their return performance. With reference to panel A, the average one-
year stock returns are increasing steadily from the lowest to the highest F-Score portfolios.
This is, with one exception, also the case for the winsorised returns, which appear in italics
below the normal market-adjusted returns. Regarding the fquintiles, this trend continues,
although it is not as clear-cut as for the mean. Parametric t-tests are conducted and the results
are presented at the bottom of panels A and B. Two scenarios are used in this process. The
first one tests for statistical significance between the highest F-Score portfolios and all the
portfolios, whereas the other one compares the mean returns of the highest with the lowest F-

Score portfolios.

The t-statistics for both the normal and the winsorised one-year returns are significant at the 1%
level. Thereby, the t-statistics of 5.073 relate to the winsorised version of the one-year returns.
The results for the H* and L* portfolios likewise indicate a significant difference in mean
returns. This trend is repeated in the penultimate column, which shows the percentage of
observations with positive stock returns in the related F-Score group. More than half of the
observations in the highest F-Score are positive, whereas this is only the case for around one-
third of the lowest portfolios. Panel B provides the results for the same analysis with regard to
the two-year investment horizon. In general, the findings are similar to the one-year returns,
although it might be stated that the improvement from the lowest to the highest portfolios

occurs more in a straight line.
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Table 4.5 One-year and two-year buy-and-hold returns of F-Score portfolios

Panel A: One-year bu

y-and-hold returns

0,
Mean 10% 25% Median 75% 90% /0 Obs.
pOS|t|Ve

— [39E-17 |-0578 |-0323 |-0060 |0215 |0528

AllTirms | c5F 17 | 0558 | -0.306 | -0.048 | 0.229 | 0.542 0.440 | 20,053

F-Score
0341 | -0762 | 0673 |-0251 |-004L |0.120

O |.0312 |-0761 |-0670 |-0224 |-0042 |0.120 0.231 13
0114 |-0849 |-0602 |-0262 0149 |0.735

1 10106 |-0833 |-0596 |-0232 |0175 |0751 0.330 203
0072|0748 | 0529 |-0239 0081 |0416

2 | 0148 |-0729 |-0509 |-0218 |0.085 |0.437 0.309 875
0067 |-0715 |-0463 |-0164 |0157 |0537

3 | 0085 |-0687 |-0448 |-0151 |0170 | 0549 0.356 | 2177
0011 |-0612 |-0362 |-0082 |0206 0566

4 10010 |-0598 |-0345 |-0068 |0216 | 0587 0422 | 4091
0005 |-0550 |-0313 |-0048 |0231 |0515

5 10008 |-053 |-0204 |-0034 |0238 |0529 0.450 | 4875
0025 | 0482 | 0261 |-0033 |0227 |o0521

6 o003 |-0451 |-0232 |-0021 |0234 |0537 0467 | 4109
0031 | -0469 |-0240 |-0002 10238 |0518

T 10043 |-0443 |-0216 |-0010 |0242 |0.526 0.497 | 2550
0.063 | 0432 |0229 0104 0247 10579

8 o073 |-0418 |-0210 |o0018 |0262 |0583 0.511 999
0091 | -0428 |-0172 0046 0284 |0.486

9 0108 |-0413 |-0143 |0049 |0204 | 0504 0.559 161
2.050%%*

*_

H=AIL 1 003)

t-statistic - - - - - - -
5.073%%*

(p-value) (0.000)
2.679%%*

H*L* 1 (0.007)

t-statistic - - - - - - -
9.717%%*

(p-value) (0.000)

Stars indicate statistical significance as follows: *** = 1%, ** = 5% and * = 10%.
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Panel B: Two-year buy-and-hold returns

%

Mean 10% 25% Median 75% 90% nositive Obs.
| 50E-17 | -0823 |-0514 |-0137 |0283 |0801
Allfirms | >%e 17 | 0802 | -0496 |-0118 |0304 | 0.822 0412 | 18,946
F-Score
0433 | -1153 | 0915 |-0579 |-0157 |0232
O | 0404 |-1131 |-0818 |-0572 |-0.094 |0.236 0.154 13
0126 |-1.010 |-0.840 |-0517 |-0.001 |1.062
1 10179 |-1073 |-0801 |-0475 |0007 |1.068 0.249 197
0175 |-1032 |-0750 |-0399 0030 | 0.687
2 | 0215 |-0008 |-0724 |-0383 |0048 |0.701 0.263 839
0114 |-0957 |-0668 |-0295 |0151 |0.714
3 |.0137 |-0032 |-0651 |-0279 |0167 |0.734 0312 | 2102
0015 |-0861 |-0566 |-0172 |0242 |0.785
4 | .002 |-0838 |-053 |-0151 |0267 |0814 0.3% | 3,903
0001 | -0.796 |-0484 |-0108 0297 |o0.784
5 0009 |-0776 |-0467 |-0090 |0315 |0.806 0.427 | 4,647
0048 |-0701 |-0401 |-0071 10322 |0.809
6  loos9 |-0682 |-0376 |-0047 |0339 |0.834 0.444 | 3,842
0.069 | -0.696 |-0400 |-0032 0381 |0.889
7 loo0ss |-0683 |-0375 |-0013 |0396 |0.917 0482 | 2363
0105 |-0662 |-038L |-0021 10384 |0.906
8 o105 |-0642 |-0360 |-0000 |0397 |0913 0.482 894
0178 | -0.748 | -0351 |-0003 0389 | 1067
9 lo1e0 |-0713 |-0330 |0023 |0406 |1.071 0.493 146
3.456%*
*_
H*AIl 14 001)
t-statistic - - - - - - -
4,527
(p-value) (0.000)
4,553
* | *
H*L” | (0.000)
t-statistic - - - - - - -
8.905%**
(p-value) (0.000)

& Values in the upper (lower) half of each cell represent non-winsorised (winsorised) one- and two-year returns.

The differences in the respective mean returns remain significant at the 1% level. The only

two main differences can be found in the last two columns. On the one hand, fewer firms

show positive returns over the two-year period and even firms with the highest three F-Scores

stay below the 50% mark. On the other hand, there are fewer observations. The reason is that

more data are needed for the calculation, which would exceed the defined period under

research. In addition, relevant data are simply not available due to takeovers, delisting or

withdrawal from business, as mentioned earlier.

In summary, the basic test results show that the F-Score strategy is indeed able to discriminate

between high and low future stock returns, confirming Piotroski’s (2000) results. However,

there appears to be a tendency for the major part of the returns to be most likely to be earned
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within the first year of portfolio construction, as can be deduced from the penultimate
columns of panels A and B, respectively. In addition, most of the overall profit of a long-short
investment strategy, that is, H*—L*, comes from firms with a low F-Score. In other words, the
shorted stocks generate higher returns than their long counterparts. This is potentially
problematic for investors as beta hedging might turn out to be unattractive if the group of low-
F-Score firms is characterised by high betas compared with the high-F-Score firms. However,
the findings are generally in line with the original results from the US study, which indicates a
promising application in the UK. This is especially noteworthy as not only high-BM firms are

analysed but rather the overall UK stock market.

4.2.3 One-way portfolios with the original F-Score

The analysis now moves on to prepare the five one-way portfolios for deeper statistical
analyses, as mentioned in section 3.5.1.4. Table 4.6 presents the test results of the differences
in the one-year returns with regard to the high/low and highest/lowest F-Score portfolios. In
the F-Score column, the middle fquintile (M) is omitted because it is not of interest in the
analysis and for succinctness. The first column describes how those percentage returns are
calculated, specifically either as average or as median. In the bottom half of the table, the
respective winsorised (winsd.) percentage returns are displayed. This means, for instance, that
the winsorised mean return of the low (L) F-Score portfolio was -10.4% per annum. Moving
further across, the three remaining sections are concerned with the presentation of the test
statistics. The absolute difference between the highest and the lowest portfolio for the non-
winsorised returns amounts to about 15 percentage points and is significant at the 1% level
with t-statistics of 2.679. In the adjacent column, MWW describes the Mann-Whitney-
Wilcoxon test and indicates significance for both portfolio differences. Lastly, the median
column reports the test results for differences in the median returns, which are likewise
significant. It should be noted that both the MWW and the median represent the non-
parametric tests, as described in section 3.6.3.
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Table 4.6 One-way F-Score portfolios

F-Score t-test MWW median

Returns L* L H H* H-L H*L* H-L H*L* H-L H*L*

0.12*** 0.15***
mean | -0.083 0073 0042 0067 | i ool | q7sopes (13,08

median | -0.242 -0.193 0004 0014 ; 0.20%* —0.26™**

(238.42)  (131.09)

winsd.
0.16*** 0.22***
mean -0.142 -0.104 0.054 0.078 (12.822) (9.717) (17.65)%%*  (13.12)%**

*kk *k*k
median | -0221 -0.183 0013  0.026 ; 0.20 0.25

(237.96)  (131.09)

Stars indicate statistical significance as follows: *** = 1%, ** = 5% and * = 10%.

Overall, the results in table 4.6 highlight that H (H*) portfolios outperform their L (L*) peers
with regard to their mean and median one-year returns. In other words, portfolios consisting
of stocks with high F-Scores perform relatively better, as originally documented by Piotroski
(2000).

4.2.4 One-way portfolios with an alternative: The F-rank approach

In the next step, portfolios are built as detailed in section 3.5.1.5. As elucidated earlier, the
ranking approach is applied to overcome the drawbacks of the binary nature of the F-Score. In
general, the ranking of stock returns is widely used in time series regressions in the finance
literature. For instance, Jegadeesh and Titman (1993) used ranked returns as evidence of
market under-reaction to firm-related information and derived the success of certain
momentum strategies from it. Further, Asness et al. (2013) used ranking to construct value
and momentum factors to establish portfolio weights. In time series regressions, the portfolio
returns are then regressed on the return of a market index. As they highlighted, their intention
is to reduce the undue influence of outliers, whereby portfolios usually perform better using
the raw values. Although this study adopts a more cross-sectional approach, results based on

ranks should be more reliable still.

Table 4.7 presents the respective test results, which are then compared with the original F-
Score. The difference between the upper and the lower half of the table is the method of
calculating the F-rank, which, in turn, has a direct effect on the construction of the fquintiles.
As outlined before, in comparison with the F-Score, the F-rank is the composite measure of
all nine ranked and standardised F-components (i.e. the Fi-ranks). Because the standardisation

process results in a continuous value for each Fi-rank, limited by O and 1, there is the
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possibility to calculate either the average or the median of the F-rank. The computation of the
one-year returns is performed using the mean and median in the same way as described for
the F-Score above. Both versions of the F-rank investment strategy are able to discriminate
between the low/high-returning portfolios similarly to the original F-Score as the t-statistics
are highly significant. However, this is not always the case for the highest/lowest portfolios
observable in the non-winsorised sections under the parametric t-test. However, both non-

parametric test statistics indicate that the mean and median portfolio differences are

significant.
Table 4.7 One-way F-rank portfolios
A F-rank (mean) t-test MWW median
Returns | L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*

mean | -0.032 -0.044 0022 0035 | 297 007
' ' ' ' (4388)  (L.009) | (13.03)%**  (11.07)***
0.10%** 0.23***

median | -0.249 -0.130 -0.032 -0.022 (100.69) (110.18)

winsd.
0.09***  (.18***
mean -0.129 -0.058 0.031  0.048 (9.318) 6.71) (13.05)%*  (11.07)***
0.10*** 0.22***

median | -0.230 -0.120 -0.020 -0.010 (101.06) (112.06)

B F-rank (median) t-test MWW median

Returns L* L H H* H-L H*L* H-L H*L* H-L H*L*

mean -0.085 -0.040 0021 0.017 0.06***  0.10**
' ' ' ' (3.770)  (2.188) | (13.72)***  (8.93)***

0.11*** 0.18***

median | -0.280 -0.148 -0.038 -0.097 (129.99) (48.43)

winsd.
0.09*%**  0.16***
mean -0.147 -0.062 0.029 0.012 (9.190) (5.51) (13.73)%%%  (8.94)%**
0.11*** 0.18***

median | -0.267 -0.136 -0.026 -0.091 (129.16) (49.67)

However, in general, it can be observed that, compared with the F-Score one-way strategy,
stock selection and portfolio construction using the F-rank as an alternative tool are not as
powerful. Despite the initial appeal of ranking the financial statement items, this method is
not as statistically powerful as the binary approach, which is substantiated by lower t-statistics
in all the tests. However, the basic idea of utilising accounting data to pick winning stocks and

to avoid losing ones is confirmed by the F-rank strategy.
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4.3 The first set of alternative combinations of F-ranks: An overview

The following subsection presents and evaluates the results of weighting and combining the
F-ranks, which relates to section 3.5.1.6 of the previous chapter. As before, this weighted
strategy is generally based on forecast errors, that is, DMSFEs. In general, portfolios are
established by grouping firms according to their weighted forecast errors, which are defined
as the squared differences between each Fi-rank, specifically the individual forecast, and the
ranked one-year return. The lower the sum of the combined forecast errors, the higher the
return should be at t + 1. This concept is derived from a study by Rapach et al. (2010), who
combined 15 individual forecasts to improve both statistical and economic significance.
Allowing the weights of individual forecasts to fluctuate, that is, to be non-equal, is an idea
borrowed from Bates and Granger (1969) for the same reasons. The authors concluded that
the pooling of forecasts reduces the mean-square error compared with any individual forecast.
One possible explanation for this so-called forecast combination puzzle (Stock and Watson,
2004) is that a combination of idiosyncratic instabilities in the forecasts could itself be stable.
The final part of this subsection discusses the results and contrasts them with the existing

forecasting literature.

4.3.1 Alternative combinations of F-ranks: The weighted DMSFE

Table 4.8 shows an overview of the amount of companies within each of the five portfolio
fquintiles. As described in the methodology section, the L* (H*) fquintiles are part of the L
(H) fquintiles and the portfolios are built according to the aforementioned cut-off points,
which are as follows. Each of the L* and H* star fquintiles contain 5% of the data, the
respective L and H fquintiles contain 30% each and the remaining 40% are assigned to the M

fquintile.

The strategy starts in 1992. The first set of complete data is available in June 1993 and
evaluated according to the June 1994 results. Based on these, the first weighted portfolios are
then constructed in June 1994 and evaluated according to their returns in June 1995. The

strategy ends in 2012.
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Table 4.8 An overview of DMSFE portfolios by year

DMSFE | L* L M H H* | Total (L, M, H)
1993 4 19 27 19 4 65
1994 31 | 187 | 248 | 186 | 31 621
1995 59 | 349 | 467 | 349 | 59 1,165
1996 58 | 343 | 460 | 342 | 58 1,145
1997 57 | 338 | 450 | 338 | 57 1,126
1998 54 | 321 | 428 | 321 | 54 1,070
1999 58 | 348 | 463 | 348 | 58 1,159
2000 55 | 331 | 441 | 331 | 56 1,103
2001 61 | 364 | 485 | 363 | 61 1,212
2002 62 | 370 | 494 | 370 | 62 1,234
2003 60 | 359 | 478 | 359 | 60 1,196
2004 63 | 379 | 507 | 379 | 64 1,265
2005 69 | 410 | 547 | 410 | 69 1,367
2006 70 | 418 | 558 | 418 | 70 1,394
2007 68 | 412 | 550 | 412 | 69 1,374
2008 63 | 378 | 505 | 378 | 63 1,261
2009 60 | 358 | 477 | 358 | 60 1,193
2010 56 | 331 | 441 | 331 | 56 1,103

20,053

Regarding table 4.9 below, the difference between panel A and panel B is as follows. The
construction of the F-rank (weighted) portfolios is based on the forecast errors between the
nine individual F-ranks (Fi-rank) and the future non-winsorised one-year return. The
winsorised weighted F-ranks, on the contrary, are computed similarly, with the exception that
the winsorised one-year returns are used instead. However, the portfolio returns are calculated
as usual. The respective test results are shown in table 4.9. Without any exception, an
improvement of the overall returns is observable beginning with the portfolios with the
highest (high) forecast errors to the ones with the lowest (low). The improvements follow a
very similar pattern both in panel A and in panel B, which suggests that the use of either non-
or winsorised one-year returns in calculating forecast errors is interchangeable. However, this
IS not the case once the fquintile returns are computed. Here, the improvement is particularly
pronounced for the winsorised mean returns at the bottom of panels A and B, where the return
difference amounts to nearly ten (6.6) percentage points for the high/low (highest/lowest)
portfolios. Thus, the results suggest that winsorising at the 0.5% level is a small but effective
means to reduce the undue influence of outliers in the data set, in particular for the

H*/L*fquintiles, which now become highly significant.

91



Chapter 4

Table 4.9 One-way weighted DMSFE portfolios

A F-rank (weighted) t-test MWW median
Returns L* L H H* H-L H*—L* H-L H*—L* H-L H*—L*
mean | 0028 0020 -0.049 -003g | 989 -066

: ' : : (-4.601)  (-0.992) | (-14.11)*** (-11.22)***

. -0.109%**  -0.244%**
median | -0.024 -0.031 -0.139 -0.269 (129.71) (109.88)
winsd.

-094%** | 1gxrE
mean 0.041 0.030 -0.064 -0.136 (9825) (-6.638) | (1412  (-11.22)%%

. -0.109%**  -0.228***
median | -0.010 -0.019 -0.128 -0.238 (129.71) (111.75)

B F-rank (winsorised weighted) t-test MWW median
Returns L* L H H* H-L H*—L* H-L H*—L* H-L H*—L*
mean 0028 0020 -0.049 -0.03g | 70897 -.066

: ' ' : (-4.601)  (-0.994) | (-14.11)*** (-11.22)***

. 20.109%**  -0.244%**
median | -0.024 -0.031 -0.139 -0.269 (129.71) (109.88)
winsd.

_.094*** _'18***
mean 0.041 0.030 -0.064 -0.136 (0825) (-6.643) | (1412** (-11.22)*

, -0.109%**  .0.228***

median | -0.010 -0.019 -0.128 -0.238 (129.71) (110.81)

In general, the results of the weighting method improve the simple F-rank investment strategy
shown in table 4.7 considering the winsorised version at the bottom of each panel. The results
of the t-test in panel A are highly significant for the H-L portfolio differentials. Regarding the
H*-L* differentials, significance is only observable for the winsorised version (showing only
significance for the winsorised mean returns, which are computed from the weighted forecast
error portfolios. At least, the mean return differences between the highest and the lowest
portfolio returns are significant, albeit only at the 10% level. However, this is not the case for
the winsorised mean returns shown in panel A of table 4.7. Additionally, the t-statistics for
both portfolio differences are higher, which suggests that the weighting method is preferable
to non-weighting.) However, slightly better results are identifiable as a result of the non-
parametric tests. Whereas the return differences are similar amongst the H-L fquintiles, they
are more pronounced with regard to the H*-L* fquintiles. All the mean and median portfolio
returns are highly significant at the 1% level in this scenario, as presented in the last two

columns.

Of the two weighting approaches, one of which uses the non-winsorised (panel A) and the
other uses the winsorised forecast errors (panel B), the former method is preferable. Apart
from nearly identical results, this investment strategy has the advantage that it is easier to
implement. Although in both instances the forecast errors have to be computed, the first
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strategy does not necessitate additional winsorising before the portfolios are actually
constructed. Even though this working step appears to be minor, it involves a thoughtful
process about the level of winsorising, because choosing too high a percentage level might be
regarded as inappropriate manipulation of the data at hand. This, in turn, might turn out to
undermine the principal aim of building a portfolio with high future returns. However, the
decision not to winsorise the forecast errors (DMSFES) seems to be more obvious at second
glance. The reason is that the DMSFEs are ranked and standardised, which naturally
eradicates the unwanted influence of outliers. Interestingly, this observation serves as an
example of how the excessive modification of the data turns out not to be targeted and
positive at the same time. In other words, an investor is likely not to be able to arrive at
meaningful results due to the over-modification of data, which is due to ranking, standardising

and winsorising the DMSFEs.

4.3.2 Discussion and links to the literature: DMSFE

One insight from the results of Rapach et al. (2010) was that the highly sophisticated forecast
combination methods did not outperform the simpler ones, such as the weighted DMSFE,
which is generally in line with the evidence in the literature. Applying the combination
forecasts to three different time horizons, the results clearly indicated that a combination of 15
economic variables significantly outperformed the individual forecasts. In that regard, the
benefits of combining to forecast the equity premium in the US were most pronounced in the
longest period under scrutiny, from 1965 to 2005. However, the combinations were at least

significant at the 10% level in all three investment windows.

In terms of the weighted forecast errors, the picture in the original study looked very similar,
although the R? was consistently lower for the weighted than for the simple mean F-rank
combination method. This is not necessarily the case in the present analysis. Once the t-
statistics and percentage return differentials are compared with each other, the preference for
one specific method is inconclusive. The reason for the difference may lie in the nature of the
variables used. Rapach et al. (2010) examined a mixture of economic and stock market
indicators, whereas Piotroski (2000) focused entirely on firm-specific accounting variables.
From this, it follows that a limit appears to exist to the extent to which macroeconomic
variables are able to explain stock returns and thus the benefits of weighting seem to diminish.
The causes are likely to be related to what is called parameter instability or time variation in
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regression coefficients and on which the literature agrees, according to Dangl and Hailing
(2012). In their study, Stock and Watson (2004) pre-empted the outcomes of Rapach et al.
(2010) by asserting that the forecast of output growth in an economy is more stable using
simple weighting, that is, near-equal or mean weighting. The effect of parameter instability, as
mentioned before, seems to be based, among other things, on changes in regulations or
monetary policies and is mainly associated with the economy in general. Of course, this
process has ramifications for firms that ultimately affect their financial statements. However,
individual firms are more insulated against these effects as the F-rank method focuses on
firm-related measures of financial health, which allow a finer evaluation. Therefore, the
investment strategy based on Piotroski’s (2000) accounting approach suggests that the
weighting of individual forecast errors is a more dependable method of discriminating
between winning and losing stocks than non-weighting. This is particularly the case for the
winsorised mean returns, as shown in panel A of table 4.9, given the significant results in both

parametric and non-parametric tests.

As opposed to the reference studies by both Rapach et al. (2010) and Stock and Watson
(2004), the equally good results for the weighting approach may also arise from differences in
the way in which the general analyses were conducted. The present study is based on a cross-
sectional setting, whereas the two mentioned above use time series data. While combination
methods have been used extensively in time series in the past, the application of forecast
combination techniques in the cross-section is a novel way of distinguishing between future
winning and future losing stocks for two reasons. On the one hand, establishing the respective
weights and forecasting the next year’s return appear to be practically more relevant as
investors’ main focus is on the annual accounts rather than on the results from longer
reporting periods. On the other hand, they free investors from determining a time frame for

the holdout period, which seems arbitrary at best.
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4.4 The second set of alternative combinations of F-ranks: An overview

The following three sections have a similar structure to section 4.3. First, the results for the
two clustering approaches are presented. As described in section 3.5.1.7, portfolios are
constructed in a slightly different way from their DMSFE counterparts. However, the
parametric and non-parametric tests are performed in exactly the same way and report t-
statistics for the mean and median differences in the respective one-year portfolios. Finally,

the findings are compared with the current status of research.

4.4.1 Alternative combinations of F-ranks: Clustering (k = 2)

The first application of the clustering method (k = 2) divides the nine individual forecast
errors into two parts; those five with the lowest errors (c-score) are retained and the remaining
four are dropped entirely before portfolio construction. Distribution-wise, the portfolios
follow exactly the same pattern as presented for the DMSFE approach in table 4.9. Table 4.10
summarises how the F-rank strategy performs following this method. To uphold the logic of
the F-Score, the c-score is adjusted so that higher values should be accompanied by higher

portfolio returns.

Table 4.10 One-way clustered portfolios (k = 2)

F-rank (c-score) t-test MWW median

Returns | L* L H H* HL  H=L* H-L H*—L* H-L H*—L*

mean | -0.057 -0.031 0024 0022 | 47" 079
' ' ' ' (3407)  (1.204) | (I5.81)%**  (L1.34)***

0.13*** 0.25***

median | -0.280 -0.149 -0.017 -0.026 (205.73) (113.53)

winsd.
.088***  185***
mean -0.149 -0.054 0.034 0.036 (9.124) (7.011) (15.80)%%  (11.33)***
0.13*** 0.25***

median | -0.262 -0.136 -0.004 -0.009 (200.02) (113.53)

The results show that the one-year returns improve substantially between the lowest (low) and
the highest (high) portfolios. The difference is most pronounced for the winsorised mean
returns, for which the high/low divide amounts to nearly 9 and the highest/lowest one to 18.5
percentage points, respectively. This is underlined by all three test results, which attest to
statistical significance at the 1% level, with the only exception of the highest/lowest non-

winsorised mean returns lacking any significance. Consequently, amongst the three
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alternative combination methods presented up to now, clustering appears to be the dominant

choice because it distinguishes portfolio returns with statistical and economic significance.

4.4.2 Alternative combinations of F-ranks: Clustering (k = 3)

Finally, the results of the last combination approach are presented in table 4.11. Following
this method, the c-score is computed as the average of those three individual F-ranks, that is,
Fi-ranks, with the lowest forecast errors. All of the remaining six Fi-ranks are left
unconsidered for the analysis. This approach follows directly from the results of the Spearman
correlation matrix in table 4.4. The table provides evidence that the correlation between the F-
components and the one-year returns is the highest amongst the members of the profitability
measure. Building clusters of only three F-ranks ensures that the portfolio construction is
based only on the most promising forecasts, meaning those with the lowest errors.

Table 4.11 One-way clustered portfolios (k = 3)

F-rank (c-score) t-test MWW median

Returns L* L H H* H-L H*L* H-L H*L* H-L H*L*

mean | -0.033 -0029 0025 0027 | oo 001
' ' ' 9271 (3363)  (0939) | 1610y (12.33)*

0.14*** 0.27***

median | -0.281 -0.153 -0.018 -0.011 (206.25) (134.76)

winsd.
091***  170***
mean -0.127 -0.054 0.037 0.043 (9.321) (6.427) (16.12)%%  (12.34)%**
0.13*** 0.27***

(201.05)  (134.76)

median | -0.267 -0.140 -0.006 0.006

As can be seen from the above table, the overall returns improve monotonically from the
lowest c-score portfolio to the highest one. The results of the previous combination methods
only show better returns between the highest/lowest and the high/low portfolios. However,
with the establishment of three clusters, that is, k = 3, the returns are now improving even
between the lowest/low and the high/highest ranking c-score portfolios, and this applies to
both the non-winsorised and the winsorised mean and median returns. Similar to the previous
method with k = 2 clusters, all but one mean and all median differences in portfolio returns
remain highly significant. The respective t-statistics of the parametric tests are comparable
with the previous k = 2 clustering but are persistently higher with regard to the non-
parametric tests. However, the findings are mixed considering the economic benefits. With
the k = 3 procedure, the one-year winsorised mean return difference amounts to 9.1% (17%)

for the high/low (highest/lowest) portfolios. By contrast, the k = 2 portfolios yield 8.8% and
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18.5%, respectively. The differences are more definite regarding the median return difference
for the highest/lowest portfolio, in which the k = 3 method earns above 27% and the k = 2
slightly over 25%.

In summary, the k = 3 clustering approach ensures a finer division of stocks, which results in
monotonically increasing portfolio returns. Additionally, the return differences mostly remain
highly significant and are economically relevant. Therefore, investors are well advised to

cluster stocks according to the k = 3 method.

4.4.3 Discussion and links to the literature: Clustering

The idea of sorting forecasts into clusters based on their past performance stems from Aiolfi
and Timmermann (2006). Similar to their findings, the above results demonstrate that this
method leads to better results regarding the separation of future winning and losing portfolios.
This holds particularly true for the k = 3 cluster method. A new element is that this approach
is applied to the F-Score strategy rather than using a mixture of macro-economic variables to
forecast a country’s output growth. Nevertheless, we find that clustering forecasts appears to
work as well as in a firm-specific setting. This is possibly related to the performance stability
of individual forecasts, as noted by Stock and Watson (2004). In the macro-economic
environment, this means that the reliability of individual predictors depends on the sensibility
towards unforeseen events, such as economic shocks. Usually, the higher this sensibility is,
the worse the individual forecast performs. Although the study by Stock and Watson (2004) is
related more to the DMSFE method than clustering, it has implications for the latter. To their
surprise, the authors found that the simplest forecast combinations, such as computing the
mean of the individual forecasts, performed best. However, this approach does not consider
the sensibility of the nine individual errors, because it averages them in such a way that the
weights are equal for all the constituents. The weighted DMSFE method ameliorates this
problem by weighting the more stable forecasts more heavily. The problem is that some
weight is still applied to the more unstable individual forecasts irrespective of their sensitivity
towards any kind of firm-related shock. The clustering approach, in contrast, picks only the
three most accurate forecasts from the previous period (in the case of k = 3), namely those
with the lowest forecast errors, and averages them. Consequently, it combines the benefits of
both the forecast stability and the simplified combining procedure due to the use of the mean,
which ultimately leads to superior results.
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4.5 Empirical results in the two-way environment

The second half of this chapter presents the results of both the original F-Score and the F-rank
investment strategy with regard to a second dimension, the book-to-market (BM) ratio. This
enables a more precise demarcation between portfolios and allows the testing of one of the
fundamental assumptions of value investing, that is, high-BM firms should feature higher
future returns than low-BM firms. This procedure also follows the structure of Piotroski’s
(2000) study and questions whether the newly introduced rank strategies work as well for
different BM groupings. From an investor’s point of view, it is initially not necessarily
important to know why this so-called value-glamour anomaly exists. This thought is directly
related to the logic of Friedman’s (1953) anecdote about billiard players who are not familiar
with the complicated mathematics with which their skill is associated. The question of
whether the anomaly is due to investor irrationality, the stance of behavioural finance or the
higher risk—return relationship, as EMH advocates propose, only arises once the basic

observation is no longer given.

4.5.1 The F-Score and the book-to-market ratio

The results of the F-Score two-way portfolios are presented first in table 4.12. Compared with
their one-way equivalents, some changes were made to keep the tables as clear and concise as
possible. Again, the presentation of the middle portfolios (M) is omitted for succinctness. In
addition to the retained division of the horizontal axis of the F-Score portfolios, the stocks are
now further subdivided into either low-BM or high-BM portfolios, which are represented by
the vertical axis. It should be noted that the subdivision of the BM portfolios was originally
made into terciles. For the same reasons as mentioned before, the middle tercile is omitted. As
usual, the returns are in percentages, panel A containing the (winsorised) mean returns and
panel B the (winsorised) median counterpart. For this reason, the results of the t-test and the
Mann-Whitney-Wilcoxon (MWW) test are documented in panel A, whereas panel B shows
the median test results only. An example helps to illustrate how to read the table. In panel A,
the portfolio with the highest (H*) F-Score and the lowest (L) BM ratio returns 2%. A
portfolio with an equally high F-Score but a higher (H) BM ratio earns an 8.5% annual return.
The difference between the two portfolios amounts to 6.5 percentage points (H-L), which is
significant at the 10% level according to both the t-test and the MWW test, the t-statistics of
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which are presented in italics. The structure is analogous for the (winsorised) median returns

and median test in panel B.

Table 4.12 Two-way F-Score portfolios

A F-Score (mean returns) t-test MWW median
BM L L H F* | HL H~L* | HL HL* | AL  H-L*
112 073
L [-003 o116 0004 0020 | ol | qpagee (ogyes
H |-0001 0045 0064 0085 | 09T LIETH g agpeen (5 3pywen
: : : : @92 @se) | :
R R 0671 068w OB
ttest | (-25)  (L09)  (365)  (L85)
MWW | (4.90)*** (846)*** (355)** (L.77)*
winsd.
196%k%  22guw
L |01 018 0010 084 | ™ ERNT ) gy
H |-0075 0039 0076 0095 | L7 LTOT g gy (5 3gywe
: : : : 563 (@485 | :
T I R V. 1 e
ttest | (2.76)  (6.04)  (360)  (L80)
MWW | (4.87)%%% (844)y** (355y<** (L76)*
B F-Score (median returns) t-test MWW median
BM L L H F* | HL H~L* | HL HL* | AL  H-L*
: : : : 261 311w
L |-0285 0274 0013 0026 (013 8
A37ReR 1770
H |-0151 0122 0015 002 (37.07)  (14.53)
R 600
L | (2094)  (6586) (233  (-0.72)
winsd.
256xx 302wk
L |-0270  -0261  -0005 0032 (2076 @8
136%Re 170wk
H |-0140 0110 0026 0032 Goon (155
P e 600
L | 2230)  (6726) (258)  (-0.01)

It is evident from panels A and B that the portfolio returns are consistently positive for stocks

with high or the highest F-Scores paralleled by a high BM ratio. However, the vertical

differences in returns between high F-Score/high-BM and high F-Score/low-BM portfolios

are only significant for the (winsorised) mean returns in panel A and not for the median as a

result of the median test in panel B. This is not the case once the focus is shifted to BM

portfolios in the low and lowest F-Score fquintiles. Here, the vertical differences in the mean

and median returns are mostly significant and to a larger extent. With one exception, all the

vertical differences between the high-BM and the low-BM firms have the correct sign, which

agrees with the literature in that high-BM stocks feature higher future returns (e.g. Piotroski,

2000).

99




Chapter 4

Compared with the one-way F-Score portfolios in table 4.6, the horizontal mean return
differences are mostly lower. For instance, the one-way difference between high and low
portfolios is 12 percentage points, whereas the same difference in the high-BM environment
amounts to only 10.9 points. The same can be observed for the winsorised one-way portfolios
in comparison with the two-way high-BM portfolios. Because of the lower return differences,
subdividing portfolios according to their BM ratio could thus be viewed as a drawback, but
only at first sight. If the advocates of the EMH are correct and stock returns are indeed
associated with greater risk taking, then the further subdivision into BM portfolios can help
the investor to choose whether a high-risk or a low-risk investment strategy is preferable.
Consequently, investors would abstain from investing in high-BM portfolios, which
supposedly feature a higher level of risk as a result of financial distress, and invest in the low-
BM equivalent instead. The EMH argument would then be unjustified, but this is contingent
on one condition. Investors are required to hold a long-short portfolio. As the winsorised
portfolio returns in panel A show, a long-only portfolio consisting of a high F-Score and low-
BM (high-BM) firms would yield only 1% (7.6%) annually. However, if investors short the
respective low F-Score portfolio within the same BM tercile at the same time, the return
difference amounts to 19.6 (11.5) percentage points with a high level of significance in the t-
tests and MWW tests, respectively. Due to the overall significant horizontal differences and,
with some exceptions, mostly highly significant vertical return differences, the two-way F-
Score portfolios can be regarded as a reliable method to filter out stocks with high return

prospects.

4.5.2 The F-rank and the book-to-market ratio: The mean F-rank

The next section presents the results for the alternative investment strategy of the F-rank with
regard to a second dimension, the BM ratio. Table 4.13 is structured in exactly the same way
as for the original F-Score two-way portfolios. It should be pointed out that, similar to the
one-way tables, the F-ranks can be calculated in two different ways, as described in section
4.2.4. As aresult, table 4.13 first shows the results following the mean F-rank approach.
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Table 4.13 Two-way mean F-rank portfolios
A F-rank (mean) t-test MWW median
BM L* L H H* H-L  H*~L* H-L H*—L* HL  H<~L*
068** 017
L | -0.029 -0.082 -0.014 -0.012 (198)  (012) | (643 (7,30
H |-0055  -0018 0040 0064 098" LIS g poyean (3. 77)ww
' ' ' ' (331)  (2.19) : :
H-L | -.026 064* 054%%% T 076%
ttest | (-.14) (1.77) (3.26) (1.96)
MWW | (4.14)%%*  (9.01)*** (4.64)*** (2.60)***
winsd.
RN T
L |-0.183 -0.122 -0.005 0.002 682)  (447) | (643 (7.30)wr
H | -0.055 -0.012 0.053 0.076 0655 ASIME 1 g soyews  (3.77y%e
' ' ' ' (399) (2.74) : :
H-L | .128** 110%%%  058***  074%*
t-test | (2.39) (6.15) (3.74) (1.97)
MWW | (4.10)%**  (9.01)*** (4.63)*** (2.59)***
B F-rank (mean) t-test MWW median
BM L* L H H* HL H*~L* H-L H*—L* HL  H<~L*
- - - - .153*** .236***
L | -0.309 -0.215 -0.062 -0.073 (75.66)  (34.48)
*kk *kk
H |-0183  -0083  -0011 0013 - '?179226) '(1198609)
L | 126 132w 0BIee 086 ' '
- | (1468)  (67.59)  (11.88)  (5.38)
winsd.
- .153*** .223***
L | -0.290 -0.201 -0.048 -0.067 (75.50)  (34.48)
*kk *k*k
H |-0161  -0072 0006  0.025 - '?179826) '(1188609)
L | 129% 120w 0ngReE T 002 ' '
- | (1468)  (66.56)  (11.03)  (6.11)

Panel A (B) contains the (winsorised) mean (median) portfolio returns. Based on the
horizontal return differences presented in panel A, compared with the F-Score two-way
portfolios, the mean F-rank strategy produces poorer results, especially regarding economic
significance, but also lower t-statistics. However, this observation is reversed once the vertical
return differences are analysed in the non-parametric test setting, with the exception of the
lowest F-rank portfolios. Although the returns remain significant and comparable with those
of the F-Score method, the higher MWW t-statistics indicate that the F-rank can improve the
investment results by subdividing the portfolios into BM terciles. If BM is regarded as a
proxy for the financial distress of a company, this method could serve as a means to adjust
better to the investor’s risk requirements, as explained before with regard to the F-Score two-

way portfolios.

Essentially the same applies to the median portfolios, as illustrated in panel B. In addition, the
vertical return differences now also turn out to be significant for the high and highest F-rank

portfolios at the 10% and 5% level, respectively, compared with the F-Score portfolios. In
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view of the overall performance of the F-Score and F-rank methods in the two-way setting,
the two strategies could be considered equivalent. Using the F-Score method results in larger
horizontal portfolio differences in all the cases of the mean returns (panel A) and most of the
time for the median returns in panel B compared with the F-ranks. This is particularly
interesting for investors who are familiar and allowed to take short positions, such as hedge
funds. The disadvantage is that the results are not continuously significant and thus partly lack
reliability. This is true in particular for the high F-Score median portfolios in panel B.

Therefore, the F-rank method seems to be the better choice overall.

4.5.3 The F-rank and the book-to-market ratio: The median F-rank

To complete the analysis of the basic F-rank strategy, the F-rank portfolios are now
constructed by computing the median of the Fi-ranks. Table 4.14 presents the findings, which,
with regard to the vertical differences, show no significance across all the portfolios for the
highest (H*) F-Score fquintile. This applies to all three statistical test methods. Compared
with the original F-Score and especially the mean F-rank portfolios, this is a clear drawback.
In terms of the vertical percentage portfolio differences between the high-BM and the low-
BM firms, the results are also weaker than following the F-Score and mean F-rank investment
strategy. The reason is that, although the median F-rank approach can generate strong
economically and statistically significant results, this is limited to the lowest fquintile. For all
the remaining fquintiles, the other two methods are clearly superior.
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Table 4.14 Two-way median F-rank portfolios
A F-rank (median) t-test MWW median
BM L* L H H* H-L  H*~L* H-L H*L* H-L  H~L*
060  .137**
L |-0139 -0.066 -0.006 0002 | 160y (205) | 1096y (7.36yek - -
H |-0012 -0019 0039  -0018 | 08" =008 g agpe (075) ] ]
' ' ' ' (3.09)  (-0.07) : '
H-L | .127 047 045016
ttest | (1.16) (1.24) (2.62) (-.28)
MWW | (4.60)*** (9.17)*** (3.87)*** (0.24)
winsd.
119%%x D02
L |-0210 -0.118 0.001 0008 | T3y (5.01) | (1L00yF  (7.38)ye - .
H | -0.054 -0.013 0.052 o013 | 08 04 g gy (0.74) ) )
' ' ' ' (3.80)  (0.66) : '
H-L | .156%**  105%*  (051**  -005
ttest | (2.60) (5.79) (3.16) (-.10)
MWW | (4.58)*** (9.18)*** (3.85)*** (0.20)
B F-rank (median) t-test MWW median
BM L* L H H* H-L  H*~L* H-L H*L* H-L  H~L*
- - - - A70%*% 241%%x
L |-0375 -0.233 -0.063 -0.134 ©09.34)  (40.76)
.078*** 050
H | -0.166 -0.094 -0.016 -0.116 - - - - (2016)  (0.25)
oL | -200%13gees 047018
T | (2434)  (79.05)  (7.53) (0.48)
winsd.
- - - - 15g*wx 23k
L |-0355 -0.207 -0.048 -0.124 (103.55)  (30.23)
079*** 058
H |-0.154 -0.085 -0.006 -0.096 - - - - (18.99)  (0.91)
L | -201Fe 122wk 042k 028
- | (2266)  (79.05)  (7.18) (0.48)

In terms of the horizontal differences, the results are slightly inferior to the mean F-rank but to

a much greater extent to the F-Score method regarding both statistical and economic

significance. In fact, the F-Score clearly outperforms both of the F-rank approaches with only

very few exceptions. As an overall result, therefore, one can say that, due to less statistical

power and lower return differentials both vertically and horizontally, the median version of

the F-rank method appears not to be sufficiently qualified to be considered by investors for

their investment needs. However, as a means for checking robustness, this method confirms

both the underlying logic of the original F-Score approach and the better performance of high-
BM firms.
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4.6 Two-way alternative F-rank combinations: An overview

In the next two sections, the analysis turns its attention towards the different alternative
combination measures of the F-rank method, namely DMSFE and clusters, which are similar
to the ones presented for the one-way portfolios earlier. So far, the empirical analysis has
shown that the most reliable results are associated with the winsorised version of the
percentage portfolio returns. This is true for all the one-way portfolios, which were structured
according to the original F-Score, F-rank, weighted DMSFE and clusters (both k = 2 and k =
3). To test for this persistence in the two-way environment, that is, with the inclusion of the
BM ratio as a second dimension, the results are shown taking into account the non-winsorised
returns as well. Those results are displayed in tables 4.12 to 4.14. Because the non-winsorised
portfolio returns generally follow the trend of the winsorised counterpart, the presentation of
the non-winsorised returns is waived in the further course of the analysis. The reason for the
omission is twofold. On the one hand, winsorising the returns at the 0.5% level constitutes
only a slight modification of the data set, which, however, improves the test results noticeably
due to the reduced influence of outliers. On the other hand, the result tables are more focused

and can be read more clearly.

4.6.1 Two-way alternative F-rank combinations: The weighted DMSFE

Similar to section 4.3.1, table 4.15 highlights the results for the two-way weighted forecast
errors including the BM ratio as a second dimension. In short, the weighting procedure
improves the horizontal results of the mean F-rank with respect to the mean returns but
underperforms in the case of the median returns. This indicates that the additional effort of
constructing the weights does not create sufficient added value and is therefore not justified.
However, the general trend of improving results from the L* (L) to the H* (H) fquintiles is
upheld and all of the signs of the horizontal portfolio return differences are as expected under
the t-test. It should be noted that a trend is only observable for H/L and H*/L* portfolios
rather than across L*/L/H/H* portfolios. The reason is that both L*/H* fquintiles are also part
of the L/H portfolios. Further, all of the differences between the high and the low portfolios
are significant at least at the 5% level in this scenario, as documented in panels A.1 and B.1.
Overall, it can be seen that, horizontally, the weighted and the winsorised weighted approach

are very similar statistically and economically. This observation is mostly confirmed with a
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view to the vertical differences. Both approaches yield significant differentials under the t-test
for all but the L* fquintiles with the correct, specifically positive, signs. Compared with the
mean F-rank approach (table 4.13), the vertical differences are more pronounced in the H and
H* fquintiles with strong significance. Although the L fquintiles are significant, their
percentage returns are lower, while the L* fquintiles are insignificant. The picture looks very
similar to the F-Score results in table 4.12 as the weighted DMSFE is only able to outperform

vertically in the H and H* fquintiles.

Table 4.15 Two-way weighted DMSFE portfolios

Al F-rank (weighted) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
L |0007 -0010  -0132 0187 | 2z -194T
' ' : : -7.29 -4.78 S11.31)%F%  (-7.92)%**
S 066*)** ( 102*)* ( ) ( )
H 0.059 0.052 -0.014 -0.043 (4.04) (2.01) (-5.40)***  (-3.96)***
H-L | .052 062%** 118%** 1447
ttest | (1.34)  (4.06) (6.62) (2.61)
MWW | (1.90)*  (4.65)***  (10.05)***  (4.20)***
A2 F-rank (weighted) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - _.144*** _.137***
L -0.044 -0.010 -0.154 -0.181 (109.23) (41.15)
_.063*** _.165***
H -0.000 0.009 -0.054 -0.165 - - 21.78) (15.61)
HoL .044 .019%*** .100*** 0.016***
- (1.92) (9.73) (94.56) (16.00)
B.1l F-rank (winsorised weighted) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
L | 0009 -0.010 0.131 0.185 i'_%l;** i'_ig;‘;)** (1125 (780
-068*** - 103%* ' '
H 0.062 0.054 -0.014 -0.041 (; 421) (;1.99) (-5.58)***  (-3.89)***
H-L | .053 064%** 17w 14475
t-test | (1.35) (4.24) (6.58) (2.60)
MWW | (1.86) (4.81) (9.98)*** (4.18)
B.2 F-rank (winsorised weighted) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
R - - - - 144%%  130%**
L -0.044 -0.010 -0.154 -0.174 (108.62)  (39.55)
~063*** - 164%**
H -0.000 0.010 -0.053 -0.164 - - (22.43) (15.51)
L | 044 .020%** 101 .010%**
g (2.07) (10.91) (93.39) (16.13)

Panels A.2 and B.2 report the median portfolio returns and show solid return differences
horizontally, underlined by high t-statistics. Still, this performance succumbs both statistically
and economically to the F-rank and F-Score methods. In terms of the vertical differentials, the
two-way weighted DMSFE procedure appears to be particularly strong in the H and H*
fquintiles, the test statistics of which outperform those of the F-rank and F-Score. However,

this observation is reversed entirely once the focus shifts to the L and L* fquintiles.
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Nevertheless, all the signs are as expected, thus confirming the fundamental tenet of value
investing. Considering the additional time, work and potential costs involved in obtaining the
weighted DMSFE portfolios, the findings do not encourage investors to prefer this method to

the simpler F-Score approach.

4.6.2 Two-way alternative combination measures: Clustering

For the last combination method, the k = 2 and k = 3 clusters are combined in a single table.
Similar to the presentation of the two-way DMSFE results, table 4.16 contains the mean
(median) portfolio returns in panels A.1 (A.2) and B.1 (B.2). A comparison between panel
A.1 and panel B.1 shows that the k = 2 clusters provide better results horizontally with regard
to the percentage differentials and statistical significance, although the difference is marginal.
Vertically, both approaches result in reasonably high t-statistics, whereby the k = 3 approach
outperforms (underperforms) in the lowest and low (highest and high) F-rank portfolios.
Overall, the signs are as expected, which is indicated by positive return differentials and t-
statistics. In other words, higher c-score portfolios and high-BM firms should perform

relatively better.

Principally, the same trend is observable for the median portfolio returns shown in panels A.2
and B.2. All of the horizontal median differences are significant, which is not always true in
the vertical setting. Nevertheless, the k = 2 clustering yields better results as even the high F-
rank portfolio differences have significant t-statistics of 10.02. Within the two-way setting, it
can therefore be concluded that clustering with the k = 2 method clearly outperforms its k = 3

counterpart.
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Table 4.16 Two-way clustered portfolios

Al F-rank (c-score, k = 2) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*L* H-L H*-L*
128%%% Q2%
L -0.196 -0.128 0.000 0.006 | 7o) G51) | @377y (8,91 - -
H | -0087  -0.003 0069 0028 | 0727 LIS g oy (3. 05yee - -
' ' ' ' (4.07) (2.02) : '
H-L | .109** 125%** 069%* 022
ttest | (2.19) (7.01) (4.49) (0.48)
MWW | (4.26)***  (11.42)***  (4.85)*** (0.73)
A2 F-rank (c-score, k = 2) t-test MWW median
BM L* L H H* H-L H*—L* H-L H*—L* H-L H*—L*
- - - - .200*** .312***
L -0.350 -0.230 -0.030 -0.038 (18012) (7152)
0957 179%%
H -0.183 -0.071 0.024 -0.004 - - - - (2644)  (10.34)
167 159%** 054% 0,034
3 (20.51) (127.16) (10.02)  (0.03)
B.1 F-rank (c-score, k = 3) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*L* H-L H*-L*
135%%% Q7%
L -0.177 -0.126 0.009 0020 | ) 665 | (1508 1047y - -
H [-0000 0005 0068 0031 |63 03l (4.88)** (225 - -
' ' : ' (3.44) (0.43) ' '
H-L | 277+  131%*=* 059%** 011
ttest | (3.05) (7.25) (3.70) (0.25)
MWW | (4.49)%**  (12.30)***  (3.45)*** (0.21)
B.2 F-rank (c-score, k = 3) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - .215*** .321***
L -0.341 -0.231 -0.016 -0.020 (21082)  (97.20)
077%%%  150%*
H -0.135 -0.060 0.017 0.015 - - - - (1536)  (6.45)
P G L 033 0.035
- (23.94) (146.65) (2.67) (0.17)
As mentioned earlier, with regard to the one-way portfolios, the k = 3 method was

recommended, although the differences between the two were not as clear-cut. This has now

changed with the inclusion of the BM ratio. For instance, the horizontal H*—L* difference in

panel B.1 is insignificant, while it is significant at the 5% level in panel A.1 (t-statistics of

2.02). Additionally, the vertical differences are significant in three out of four cases. However,

in general, both cluster methods provide better results than the weighted DMSFE approach.

For this reason, clustering is the best alternative choice for investors, as this technique

provides a tool for practitioners to construct portfolios with reliable return differences both

horizontally and vertically. This insight is based on significant parametric and non-parametric

test results and is highly relevant to long-only and long-short investors.
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4.7 Relation and relevance to the empirical finance literature

On the one hand, the purpose of the present chapter was to replicate a simple accounting-
based investment strategy that was originally proposed by Piotroski (2000) in the UK stock
market. On the other hand, this work was extended by examining alternative ways of
separating winning from losing stocks. For this purpose, different methods of forecasting
were employed, which commonly used the original nine F-Score components as individual
stock return forecasts. Ultimately, the latter part borrowed concepts from two strands in the
literature, namely fundamental analysis and forecasting. Although investors engage in
fundamental analysis to predict stock returns, the methods that they use differ. In the present
research, the main difference between the F-Score/F-rank and the alternative combination
measures of the F-rank is that the former investment strategy does not require any adjustments
and thus can be put into practice much more easily.

As noted by Richardson et al. (2010), the results from accounting-based investment strategies
are subject to criticism for two reasons. Firstly, the best working strategies might just be the
outcome of in-sample fitting without any external or out-of-sample validity. Secondly,
researchers use a so-called “kitchen sink” approach in which stock returns are regressed on
varying amounts of financial statement data in arbitrary combinations without any underlying
theory. This research is not affected by the first point of criticism. As stated in the objectives
of the thesis in chapter two, this research intends to test rather than develop theory. It
therefore automatically avoids in-sample fitting and satisfies the requirement of out-of-sample
validity because it uses UK stock market data. The second point, however, is much harder to
tackle. Although Piotroski (2000) reduced the amount of financial statement variables
substantially compared with other studies (e.g. Ou and Penman, 1989; Lev and Thiagarajan,
1993; Abarbanell and Bushee, 1997), he stands accused of choosing the nine F-Score
components at will. Although, for instance, the study by Lev and Thiagarajan (1993) was
guided by a qualitative approach to finding key variables that drive value, only one of those is
considered in the composite F-Score. However, this problem is partly reduced by including a
second dimension, which in this chapter is represented by the BM ratio. Hence, the further

discussion focuses on the two-way portfolios.

In accordance with the findings of Piotroski (2000), the results from the UK stock market

confirm that the F-Score strategy works reliably outside the US. As stated earlier, the
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alternative F-rank strategy serves as a robustness check as well as determining whether some
relevant information is lost during the transformation of accounting data into the binary F-
components. Considering the winsorised portfolio returns, both the mean and the median F-
rank underperform the F-Score strategy, albeit on a small scale. Likewise, Piotroski (2000)
used ranking to test for the robustness of the F-Score and the results showed relative
underperformance. He argued that this finding can most likely be explained by the loss of
each signal’s sign during the ranking process. However, this explanation is partly challenged
by some of the results of the vertical differentials, particularly following the clustering
method in table 4.16. In this case, this version of the F-rank strategy provides better statistical
and economic overall performance. However, compared with this study, Piotroski (2000) does
not provide evidence on the performance of portfolios with returns that are calculated using
the median. Instead, he mentions that alternative specifications yield better results without
providing any further details. For this reason, it is fair to assume that a binary strategy, such as
the F-Score, is equivalent to a continuous strategy, such as the F-rank, at least in the case of
the UK stock market. Equivalent in this context means that both strategies are clearly useful
in discriminating between high-returning and low-returning portfolios within the low-BM and

high-BM terciles and across those terciles.

The sequential sorting of firms into F-Score fquintiles with a subsequent division into BM
terciles within each of the fquintiles controls for the effect of a company’s financial health
according to the F-Score when analysing the effect of the BM ratio. As it turns out, high-BM
firms outperform their lower counterparts, as indicated by the mostly significant vertical
return differences. These observations are consistent with the empirical literature (e.g.
Rosenberg et al., 1984; Fama and French, 1992; Lakonishok et al., 1994) and apply to the
broad UK stock market as well. Based on evidence from Piotroski (2000) and Asgharian and
Hansson (2010), however, risk can be ruled out as a driving force behind the outperformance
of high-BM firms. Naturally, the question arises of which other factor is responsible for this
conundrum of better-performing high-BM stocks. This question is dealt with in the next

chapter.

The second part of this chapter extended the original idea of the F-Score and analysed the
performance of different forecasting models with the aim of improving the results of the
simple accounting-based investment strategy. It comes as no surprise that these methods are

likewise subject to the criticisms mentioned, for instance, by Richardson et al. (2010), and
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although they have their justification, forecasting future returns with accounting data is a step
in the right direction. Another problem is caused by the persistent past attempts of researchers
to forecast stock returns. In this regard, Welch and Goyal (2008) noted that it proves difficult
to grasp the literature entirely because different methods and time periods are used by
researchers. In general, however, although some agreement exists about stock return
predictability, the authors re-evaluated the plethora of potential predictor variables and
concluded that most of them perform poorly. However, this applies in particular to macro-
economic variables, suggesting that a top-down investment approach falls short of superior
return expectations. By contrast, the literature on forecasting stock returns according to the
bottom-up method is scarce but evolving, as mentioned by Rapach et al. (2010). This is in
particular true of the combination of the F-Score with the forecasting models applied in this

research.

As Piotroski (2000) did not provide insights into the performance of those models in the US
stock market, unfortunately no direct comparison can be made between outcomes of the same
model, only between outcomes of different models. With this in mind, it can be said that the
two main forecasting models employed in this thesis, DMSFE and clustering, deliver
acceptable results but generally underperform both the original F-Score and the F-rank
method. Amongst the two inferior models, the cluster approach works best, particularly once
the subdivision into k = 2 clusters is made. To establish some comparability, the performance
of these forecast methods with related applications in the literature is likely to shed light on

their overall usefulness.

Similarly to this research, Jordan et al. (2014) analysed whether stock returns can be forecast
out of sample (OOS) for 14 European markets. Although the authors used different
fundamental variables and included macro-economic and technical predictors, they confirmed
the earlier findings that combinations of single forecasts outperform single-variate models
(e.g. Bates and Granger, 1969; Stock and Watson, 2004; Rapach et al., 2010). However, apart
from analysing the correlations between the F-components and the one-year stock returns, this
thesis does not specifically test the performance of those individual forecasts. In fact, though,
this is not necessary on logical grounds. Assuming the validity of the previous empirical
findings in the literature, if the combined methods, in this case DMSFE and clusters,
underperform the F-Score/F-rank approaches, then the nine individual forecasts must perform

even worse. Consequently, the question to be answered is not whether combined forecasts
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outperform individual ones but whether combining them can improve the results to such an
extent that it outperforms the original investment strategy, that is, the F-Score introduced by
Piotroski (2000).

Due to the inferior results of the alternative combination techniques described earlier, it is
justifiable to raise at least two follow-up questions. On the one hand, it should be investigated
whether a nonlinear forecasting model would lead to better results. On the other hand, reasons
for the superior performance of the F-Score/F-rank should be given. Regarding the first
question, Deutsch et al. (1994) documented that nonlinear combination methods improved the
accuracy of forecasting the UK inflation rate. Although their model is easy to implement, it is
not practical because the data sample in this research is too large. Similar problems were
observed by Stock and Watson (2004), who concluded that this requirement made nonlinear
combination methods ineffective. While nonlinear models are developed because researchers
reject the assumption of an innate linear relationship between variables, the same logic applies
vice versa. Another explanation is the unsatisfactory performance of linear models in the
finance literature, as remarked by Clements et al. (2004). However, the performance of
nonlinear models indicates that they are unable to simulate reality any better than their linear
counterparts. Generally, nonlinear models feature a large number of variables, which even

exacerbates the criticism of the kitchen sink approach put forward by Richardson et al. (2010).

With regard to the second question, no clear answer was given by Piotroski (2000). The
question of whether the success of his investment strategy is based on market inefficiencies or
rational finance will be addressed in the following chapter. An alternative explanation for the
superiority of the F-Score/F-rank methods might be their better ability to reduce noise. This
was picked up on by Jordan et al. (2014). Although the UK has a developed stock market, its
size is smaller than the US market, which implies greater noise and therefore noticeable

differences in performance.

4.8 Chapter summary

This chapter presented the results of the original F-Score investment strategy from the UK
stock market. Firstly, the main parts of this strategy were replicated to evaluate its usefulness

in a different investment environment. Secondly, the individual components of the F-Score

111



Chapter 4

were ranked, standardised and tested. Thirdly, the differences between the resulting nine Fi-
ranks and the ranked one-year future returns were then used as single forecasts and
subsequently combined in alternative ways with the aim of improving the original F-Score
method. The two main approaches used in this process were the discounted mean square
forecast error (DMSFE) and cluster models. Fourthly, the results of those models were
compared with each other and evaluated. This process was repeated by introducing a second
dimension, the book-to-market ratio. In accordance with the original work, the overall
findings showed that the F-Score method generally dominates the two combination strategies.

Finally, the results were discussed and linked to the present state of the literature.

With regard to the research questions posed at the beginning of this chapter, the analyses
yielded the following results. In general, the first hypothesis is confirmed. Both the original F-
Score and its alternatives are suitable means for differentiating promising from
underperforming stocks in the UK. Many explanations seem valid, but the argument of huge
overlaps between the characteristics of the US stock market and those of the UK stock market
is most likely. As suggested by Roosenboom and van Dijk (2009), similarities are determined
by either bonding, meaning the voluntary adoption of stricter regulatory requirements by a
company through a stock listing abroad, or market segmentation, that is, increasing the
general access to capital and/or reducing the cost of capital. With regard to the first point,
Piotroski and Srinivasan (2008) analysed the listing preferences of foreign firms in the US
(NYSE and NASDAQ) and the UK (Main Market) after the introduction of the Sarbanes—
Oxley Act (SOX). As opposed to small firms, which have to bear increased listing costs due
to the stricter requirements of the SOX, the listing preferences of larger firms did not change.
With respect to the second point, Baker et al. (2002) showed that international firms can
substantially increase their visibility by listing their stock on either the NYSE or the LSE,
which is accompanied by a reduction of the cost of equity capital. Because either of those
markets fulfils the requirements of bonding and market segmentation, a high degree of

homogeneity can be inferred, which makes the investment strategy transferable.

The main contribution of this chapter concerns the second hypothesis, which states that
alternatives to the original F-Score investment strategy should outperform the original F-
Score strategy. However, the actual results indicate otherwise. Although in general these
strategies can also separate winning from losing stocks, they are less efficient in doing so and

investors are not rewarded for the additional effort that they exert on constructing them. In
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this regard, therefore, the simplest method, that is, the F-Score, turns out to be the best, which
agrees with the findings of Rapach et al. (2010), because introducing complexity into
forecasts does not improve the results. However, the assumption of isolating only those Fi-
ranks that most accurately predict future returns proves to be successful insofar as the return
results beat the no predictability benchmark. In particular, the cluster approaches usually
deliver the best results within the group of alternative investment strategies. While complexity
is introduced into both the weighted DMSFE and the cluster approach due to the weighting
process, this differs with regard to the F-rank approach. Here, the intention was to counter the
seemingly negative effects of the binary nature of the F-Score. Because of the inferior results,
it can therefore be concluded that the expected benefits of forecast combinations and a more
detailed measurement of financial statement data are outweighed by the drawbacks of the
improvement process itself. Despite these results, however, it needs to be highlighted that
those strategies can be regarded as a robustness check for the overarching concept of

successful stock picking according to a firm’s underlying financial signals.

As mentioned earlier, Piotroski (2000) tested the F-Score approach only amongst high-BM
firms, as opposed to this study, which contains all firms. For this reason, the results are not
directly comparable. Nevertheless, the findings indicate that both the original and the
alternative strategy are indeed useful tools to be applied successfully to low-BM firms.
Interestingly, the horizontal return differentials of low-BM firms almost always exceed the
ones of high-BM firms, which makes this strategy especially interesting for long/short traders.

Therefore, the third hypothesis is confirmed.

The findings of this chapter have advanced the knowledge in three ways. Firstly, it was shown
that the original F-Score investment strategy is transferable and works reliably in the UK.
Secondly, the simplicity of this approach can generally be neither matched nor improved by
more sophisticated alternatives as presented here. Lastly, the strategy is not limited to high
BM firms but is also applicable to stocks with a wider range of characteristics than initially

claimed.

However, there is further need for research on the question of whether these investment
strategies could be extended by a measure that captures intangible information. For instance,
Jiang (2010) documented that institutions trade in the direction of intangible information and

thus fuel the book-to-market effect, that is, the value premium. This outcome was further
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substantiated by Edmans (2011), who equated intangibles with employee satisfaction and
reported an annual alpha of 2.1% above the industry benchmarks. Hence, a combination of
quantitative and qualitative measures could improve the strategy without following a kitchen

sink approach.
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Chapter 5 Information Uncertainty and Liquidity — The UK

5.1 Introduction

This chapter builds further on the findings made previously regarding the book-to-market
ratio by shifting the focus to the potential causes of the success of the various investment
strategies. In other words, it is particularly concerned with the questions of what the key
drivers of the F-Score-based investment strategy are and whether these factors are common
amongst the alternatives. It first explores how firm size, measured as a company’s market
capitalisation, is relevant to the success of the original F-Score and variant alternative
strategies. This question is of interest because, unlike a generally positive correlation between
the book-to-market ratio and the subsequent returns, which was analysed in conjunction with
investment strategies in the previous chapter, various anomalies are concentrated particularly
in small firms (Fama and French, 2008; Fama and French, 2012). For instance, both value

premiums and return momentum are usually higher for smaller companies.

Previous work also suggests that anomalies are linked to information uncertainty and liquidity
risk. However, this has not been extensively previously examined in the case of the financial
health anomaly (Piotroski, 2000). As size proxies for either information uncertainty (IU) or
liquidity, the analysis in the next step evaluates how dedicated measures of 1U and liquidity
are correlated with the variant strategies. Regarding information uncertainty, Jiang et al. (2005)
studied the role of IU in forecasting cross-sectional stock returns. According to their
definition, U does not relate to information asymmetry between insiders and others but rather
to how dependably their cash flows are predictable. The authors noted that in the classic asset
pricing models, such as the CAPM, non-systematic risk is not priced. However, the empirical
results show that it is indeed priced but in the wrong direction. Stocks with a higher degree of
IU should feature higher, not lower, expected returns. In their study, they used four
variables,'? two of which are of interest in the present research, namely return volatility and
daily turnover. Firm age, for instance, is an absolute variable that changes by the same degree
amongst the entire sample. Return volatility and daily turnover, however, change in relation to
the other firms in the sample. Due to their more pronounced short-term nature, they are

considered more suitable for predicting one-year subsequent returns. Nevertheless, Jiang et al.

12 Firm age, return volatility, average daily turnover and duration of future cash flows
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(2005) found a negative relationship between all four variables and future returns. In a related
study by Zhang (2006), a different set of 1U variables was used but with similar results. One
disadvantage was pointed out by Jiang et al. (2004), who were aware of Zhang’s (2006) study
during its working paper status. The sample is confined because it only contains stocks with
analyst coverage. As opposed to the US, this may have undue influence on the research results
with regard to the UK stock market. For this reason, firm size and two novel volatility
measures that are derived from the F-Score strategy are used in this study.

The remainder of the chapter is concerned with analysing the interplay between liquidity as a
measure of information uncertainty and stock returns. The link between accounting
information, information uncertainty and liquidity might not be apparent at first but was
studied by Lang and Maffett (2011). Their results suggest a negative relation between
accounting transparency, that is, low information uncertainty, and a stock’s liquidity. This
effect was found to be even stronger during crisis periods because of “flights to quality”.
While their study concerned the liquidity on the firm level, Ng (2011) investigated the
correlation between a stock’s return and market liquidity. In this context, the author
highlighted the difference between liquidity and liquidity risk. The latter term refers to the
sensitivity of a stock’s (i) return (r) to unanticipated changes in market (m) liquidity (1),
namely cov(ri, Im), whereas the former deals with the ability to trade large quantities of a share
quickly, cheaply and without considerably affecting its stock price, that is, cov(l;, I,) and
cov(li, rm). Although liquidity is most likely to play a part in measuring information
uncertainty, this study focuses on liquidity risk. Similar to Ng (2011), it is anticipated that
lower information uncertainty is negatively connected with liquidity risk.

To maintain the focus on the analysis at hand, the development of hypotheses is kept separate
and appears where appropriate. Two-way results are presented in tabular form, each having a
similar structure to the tables in the previous chapter. Similar to chapter 4, the reader is
referred to chapter 3 and the appendix of this thesis with regards to the methodology used.

Finally, a discussion of the results obtained is provided, which concludes this chapter.
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5.2 Hypothesis development: Firm size as an indirect information uncertainty
proxy

Firm size appears to be a natural variable for measuring information uncertainty (Zhang,
2006). The reason is less diversification and less information availability due to fewer
stakeholders and fewer disclosure requirements by the stock exchange for smaller firms.
Generally, information on large firms is available both at lower costs and more publicly
(Bhattacharya, 2001). As most investors have predefined information acquisition costs, some
smaller firms are unattractive to them as investment targets. However, firm size is most likely
to be only an approximation of information uncertainty according to Zhang (2006), because it
might also capture other things, such as earnings management. This activity appears to be less
pronounced amongst larger firms because institutional investors, who are regarded as
sophisticated, are usually keen to monitor the likelihood of earnings management (Balsam et
al., 2002).

Therefore, Zhang (2006) introduced the concept of information uncertainty, which is a
measure of investor reaction to new information. In his study, the horizontal subdivision into
fquintiles was based on average monthly portfolio returns that proxy for momentum. The
secondary or vertical subdivision is according to fquintiles of six information uncertainty
proxies, of which firm size is just one. He found that in general smaller firms with supposedly
greater information uncertainty provide better (worse) returns following good (bad) news. By
definition, therefore, large (small) firms should feature lower (higher) information uncertainty,
because, for instance, larger firms are required to meet higher disclosure standards and thus
leave less room for interpretation. As defined by Zhang (2006), information uncertainty is a
function of a firm’s fundamental value and a noise term. Therefore, the variation of the
information uncertainty signal is, in turn, a function of the volatility of the fundamental value

and the volatility of the noise term. More formally:

IU=v+e @Y
and

var(IU) = var(v) + var(e) (2)
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The fundamental value is represented by v and the noise term or measure of information
quality by e. Zhang (2006) did not distinguish between v and e and justified this choice by
stating that both terms contribute to the measure of information uncertainty and separating the
two variables is problematic as they are intertwined. Applied to firm size, therefore, smaller
firms are characterised by lower information quality which results in more noise (e). If firm
size is equated with market capitalisation then market capitalisation is representative of
fundamental value (v). However, this argument is only valid on the assumption that markets
are efficient under the efficient market hypothesis (EMH). The underlying idea of both
equations is shared in the present research and therefore the further analysis is based on
Zhang’s (2006) approach. In general, the first hypothesis assumes a gradual investors’
response to information which is in line with the behavioural approach taken in the present
thesis. Further, according to Hirshleifer (2001), investor biases are augmented when
information uncertainty is high. In response to that, Zhang (2006) directly builds on these
findings and conjectures that because of larger biases, information will be reflected slower in

stock prices when there is more ambiguity about its impact on firm value.

Referring back to the concept of noise mentioned earlier, a clarification is important because
noise is likely to have a different level of influence on the research results depending on the
time horizon. For instance, Jordan et al. (2014) mentioned that more (less) noise is expected
in the short run (long run). However, this argument only applies if the term “noise” is used in
a certain way. Black (1986) used this term in many different senses while describing the
effects of noise on the world. He observed that a difference should be made between investors
who trade on actual information and investors who trade solely on noise that they believe is
information. Consequently, if size is regarded as a proxy of information uncertainty, noise
should be equal both in the short and in the long run. The reason is that firm size measured as
market capitalisation is an external factor, determined by the stock market every trading day,
and thus there should not be any ambiguity about this measure. In other words, firm size is
believed to be actual information. This reasoning should therefore ensure the comparability of
Zhang’s (2006) findings, which are based on monthly portfolio returns, and the results of the

annual return portfolios used in this thesis.

Of primary interest are studies on the interplay between a firm’s stock return, on the one side,
and its size and financial strength indicators, particularly those that are based on Piotroski’s

(2000) idea of the F-Score as a summary measure, on the other side. One of the interesting
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studies was conducted by Fama and French (2006b), who used the original F-Score method as
a means to evaluate the forecasting ability of a stock’s return. In general, the authors found
that in monthly cross-section return regressions, this simple aggregation of a firm’s
accounting information was indeed able to provide reliable return forecasts. As presented in
the previous chapter, this is also the case in the UK. Firm size, on the contrary, was found to
have a negative relationship with subsequent stock returns. Generally, this confirms the so-
called size effect, which is well documented in the literature (e.g. Banz, 1981; Fama and
French, 1992; Van Dijk, 2011) and agrees with Zhang’s (2006) intuition. The difference,
however, is that in Zhang’s (2006) scenario, small firms do not outperform larger ones per se,
because investors require a premium due to less stringent disclosure requirements, but only
under the condition of good news. In the present study, the quality of news is determined by

the F-Score; therefore, this scenario can be tested in the UK through the first hypothesis.

Hypothesis 5.1: Firms with higher (lower) information uncertainty, proxied by firm size,
provide lower (higher) subsequent returns following bad news and higher (lower) returns

following good news.

5.2.1 Discussion of the results and links to the literature

The first step in answering questions about the driving forces behind the F-Score strategy is to
analyse the relationship between company size terciles and F-Score return fquintiles. Table
5.1 documents the respective findings. To keep the amount of tables to a minimum, only the
winsorised mean (panels A.1, B.1 and C.1) and winsorised median portfolio returns (panels
A.2, B.2 and C.2) are reported. This structure is maintained throughout the present chapter.
Further, table 5.1 contains the results of all three of the investment strategies: the A panels
represent the original F-Score, the B panels the averaged F-ranks and the C panels the median
F-rank method. Beginning with panel A.1, the horizontal findings show that the F-Score
strategy is particularly fruitful for smaller-sized companies and that those results are highly
significant. For instance, a long-only strategy based on the highest F-Score fquintile and the
smallest firm size thereby yields an annual return of 10.4%. With the additional option to
short the lowest F-Score portfolio in the same size tercile, the horizontal mean return
difference extends to 23.6 percentage points. The analysis of the median portfolio returns and
return differences in panel A.2 reveals a very similar trend, with highly significant median test
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results. This performance of small firms is unmatched by the larger firms with one exception

in panel C.2.
Table 5.1 Two-way F-Score/F-rank-size portfolios
Al F-Score, mean returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
.182%** .236%**
S -0.132 -0.110 0.072 0.104 (7.86) (6.13) (1114 (8.46)*** - -
116%%* 150%** - -
B -0.101 -0.070 0.046 0.049 (6.15) (3.62) (7.24)*** (4.76)**
B-S .031 .040 -.026 -.055
ttest | (0.58) (1.49) (-1.40) (-1.47)
MWW | (1.84)* (459)***  (2.35)**  (0.67)
A2 F-Score, median returns t-test MWW median
Size L* L H H* H-L H*—L* H-L H*-L* H-L H*—L*
- - - - .194*** .233***
S -0.230 -0.210 -0.016 0.003 (100.11)  (55.69)
B |-0137  -0.079 0037 0.051 . - . . 'é%f:g)* '(ﬁSIJ)*
B_S .093** 131%** .053*** 0.048 . .
~ (4.48) (20.42) (9.89) (1.72)
B.1 F-rank (mean), mean returns t-test MWW median
Size L* L H H* H-L H*—L* H-L H*—L* H-L H*-L*
17 210%**
S -0.127 -0.075 0.042 0.083 | i530) 4.82) 1021y (750 - -
) ) .038***  099* ek e - -
B 0.048 0.006 0.032 0.05L | 573) (1.89) (3.04) (3.17)
B-S .079 .069*** -.010 -.032
t-test | (1.34) (3.91) (-0.62) (-0.70)
MWW | (2.76)***  (10.28)***  (3.02)*** (0.46)
B.2 F-rank (mean), median returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - .164*** .223***
S -0.231 -0.201 -0.037 -0.008 (8423)  (42.99)
* *%
B -0.116 -0.023 0.003 0.019 - - - - '(22765) '(i?’?ss)
BS 115%%* 178%%* .040** 0.027 ' '
g (7.90) (129.06) (6.44) (1.01)
C1l F-rank (median), mean returns t-test MWW median
Size L* L H H* H-L H*—L* H-L H*—L* H-L H*—L*
113%%* AT71xRx
S -0.129 -0.066 0.047 0.042 (6.10) (3.81) (9.36)** (5.50)** - -
*k*k ** - -
B |-0153 0.012 0034 0011 '(24(?4) 'éefs) (B.93)**x  (4.18)%x
B-S |-.024 .054%%* -.013 -.031
t-test | (-0.33) (2.75) (-0.77) (-0.54)
MWW | (-0.41) (7.63)***  (3.46)*** (1.24)
C2 F-rank (median), median returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - . 144*** . 184***
S -0.289 -0.192 -0.048 -0.105 (63.35) (19.37)
B -0.261 -0.037 0.005 -0.033 - - - - '(3462;)** '(ﬁBII)*
B_S .028 155*** .053*** 0.072 . .
3 (-0.10) (69.65) (9.80) (1.17)

With regard to the two alternative combination methods of the F-rank, the findings confirm

the benefits of the original F-Score strategy, which is to focus on companies with small
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market capitalisation. Overall, though, both the absolute returns and the return differences
between the high/low and the highest/lowest portfolios are less pronounced than with the F-
Score method. Although all the t-statistics of the small firms’ portfolios are significant at the 1%
level, the return differences between the highest/lowest portfolios within the large-firm tercile
turn out to be differences between the highest/lowest portfolios within the large-firm tercile
turn out to be only marginally significant at the 10% (panel B.1) or 5% level (panel C.2),
respectively. The evaluation of the corresponding median portfolio returns provides a very
similar picture again. However, both F-rank methods underperform the F-Score strategy in
absolute percentage terms with only one exception in panel C.2. Comparing the two F-rank
methods with each other, no clear answer can be given regarding which of the two is
preferable. The reason is that the F-rank mean return portfolio differences in panel B.1
perform better than the median F-rank counterpart for small firms. For instance, the
highest/lowest horizontal difference amounts to 21% for the mean F-rank, whereas the median
F-rank method yields only 17.1%. However, this observation is completely reversed for large
firms and likewise applies to the median portfolio returns. Overall, therefore, the greater

benefits of one strategy over the other cancel each other out depending on the area of scrutiny.

The more interesting part is the analysis of the vertical return differences between portfolios
consisting of the largest and smallest firms (B—S or big minus small) as it provides answers to
the first hypothesis. It aims to determine whether firm size in combination with the three
strategies as an indicator of information quality behaves as anticipated by Zhang (2006). If
this is the case, small firms should provide better (worse) results following good (bad) news
than large firms. The quality of news is thereby determined by the respective fquintile and
follows the logic of Piotroski (2000) insofar as higher (lower) fquintiles are associated with
good (bad) news. Focusing on the F-Score strategy in panel A.1 first, this trend is generally
confirmed. Small firms in the lowest and low fquintiles are outperformed by their larger
competitors, as predicted by Zhang (2006). The opposite is the case for the high and highest
F-rank fquintiles. However, the results of the parametric t-tests are insignificant and suggest

that the portfolio returns within the F-Score fquintiles are not driven by firm size.

In view of the non-parametric tests, the MWW results document some significance for all the
vertical return differentials except for the highest F-Score portfolio. On the one side, small
firms in the lowest F-Score portfolio return -13.2% over the year, whereas large firms return -
10.1%. The difference of 3.1 percentage points is significant at the 10% level (t = 1.84). This
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seems to imply that size proxying for information uncertainty is positively correlated with
one-year returns for companies with the lowest/low F-Scores, as initially observed by Zhang
(2006) for the US stock market. On the other side, the high and highest F-Score portfolios
within the small-size tercile have higher one-year returns of 7.2% and 10.4%, respectively.
However, although the return difference between the big minus small (B-S) tercile is only
significant for the high but not the highest F-Score portfolios, the signs are not as expected. In
other words, large firms continue to outperform smaller ones based on positive MWW t-

statistics throughout.

These findings are further supported by the mean portfolio returns in panels B.1 and C.1.
While large firms significantly outperform smaller ones in the low F-Score fquintile, the
remaining parametric test results are not significant. All the significant differentials in those
two panels feature a positive sign in the case of the non-parametric t-statistics. Consequently,
larger firms are more profitable within their respective fquintile. In addition, these findings
are consistent with the results of the median return portfolios reported in panels A.2, B.2 and
C.2 and therefore point to the same conclusion. As can be seen from there, larger firms
consistently outperform their smaller peers, with the majority of the return differences being
highly significant. In summary, in relation to the mixed parametric test results, both the
MWW and the median test statistics appear to be strong and thus should be regarded as

determinative in this case.

With regard to the UK stock market analysed in this chapter, the results of the F-Score and
both of the F-rank methods as presented in table 5.1 confirm Fama and French’s (2006b)
findings. However, this depends on the scenario under scrutiny. In the case of the horizontal
return differentials, both the parametric and the non-parametric test results strongly underline
the strength of the F-Score/F-rank as a forecasting tool. In the vast majority of cases, those
results are significant at the 1% level in both of the test settings. Taking into account firm size,
that is, market capitalisation next, the vertical big minus small (B-S) firm size differentials
are mostly positive, meaning that larger firms outperform smaller ones, at least in those cases

in which the results are significant. This holds true for all the panels reported in table 5.1.

Given the weak results of the vertical t-tests, which show no significance in the majority of
cases, the question could be posed of whether the size effect is still a determinant in today’s

stock market of the UK. In general, the debate about the death of the size premium is still
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ongoing amongst academics and the discussion about the reasons for its existence appears to
be far from settled (van Dijk, 2011). Earlier evidence for a reversal of the vanishing small-size
premium in the UK was provided by Dimson and Marsh (1999). In the periods of 1983 to
1997 and 1988 to 1997, the premium reverted to minus 2.4% and 5.6%, respectively. More
recent evidence for the UK in particular was presented by Andrikopoulos et al. (2008), who
found a continuation of the small-size premium. The authors thereby focused on the period
from January 1988 to December 2004, which widely overlaps with the time period used in
this study. However, they noted that the presence of the size premium was influenced by i)
how the term “small firm size” is defined, ii) what kind of stocks are considered and iii)
whether equal or value weighting was used in constructing the portfolios. Overall, they
conceded that it was also time-varying and generally unreliable and concluded that overall
their results corresponded to the study by Dimson and Marsh (1999). Further international
evidence was brought forward by Fama and French (2006) in an international setting.
Between January 1974 and December 2004, the authors tested a merged data set of 14
industrialised stock markets, including the UK and Germany, sorted on both BM and EP
(earnings to price) ratios. Although a value premium was documented in small and large firm

portfolios, they were nearly identical, albeit with slightly higher premiums for large firms.

With regard to point i) of the previous paragraph, one striking difference between Zhang’s
study (2006) and this research is the sub-division of firm size into quintiles rather than terciles.
Which one of these approaches is the right choice is arguable. On the one hand, the larger US
data set might facilitate a finer separation between portfolios to observe any significant effect.
Although this method may raise criticisms about data mining, Zhang (2006) also reported
similar but untabulated results once subdivision was made into terciles and even deciles. For
this reason, table 5.1 presents size terciles only for the UK, assuming that the effect is
pervasive irrespective of the subdivision method with regard to the mean portfolio returns.
Further subdivision of portfolios according to firm size bears another drawback, which is
rooted in the asymmetric effect of delistings on portfolios depending on their size. In other
words, portfolios of large stocks are virtually unaffected by dropouts due to delisting, whereas
small-size portfolios are not. The reason is that the probability of delisting is about ten times
higher for small firms in the UK (Andrikopoulos et al., 2008). Overall, the authors confirmed
the findings of earlier studies insofar as the small-size premium is time-dependent and
unreliable, which concurs with Fama and French’s (2006) findings. Most importantly, the size

effect also depends on the choice of the investment strategy to exploit it. With this in mind,
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the results of the original F-Score and the two F-rank alternatives indicate that the absorption
of new information into stock prices is incomplete due to significant horizontal return
differentials. However, this effect is not dependent on a firm’s market capitalisation, which is
confirmed by spurious parametric evidence for and strong non-parametric evidence against
Zhang’s (2006) findings.

Finally, table 5.1 shows not only the results for the mean portfolio returns but also the
respective median returns. One reason why the findings from the US study by Zhang (2006)
are not entirely confirmed for the UK could be attributed to a different degree of positive
skewness in the data. As presented in table 4.3, both the UK’s and Piotroski’s (2000) data sets
are skewed to the right because the mean buy-and-hold returns are higher than their median
counterparts. Zhang (2006) also reported slight positive skewness but failed to provide
median portfolio returns. If the median test results are akin to those in the present thesis, this

would challenge the validity of his initial hypothesis.

5.3 Size and alternative combinations of the F-rank: An overview

The next section presents the results from the analysis of the alternative DMSFE combination
techniques. The aim is to keep the discussion of the test results with regard to the recent
findings in the literature as concise as possible. This procedure is opposite to the previous
section and was chosen to keep the focus on the research findings first. However, before
moving on to the second part of this chapter, which deals with measures of liquidity, the link

between the research findings of this thesis and the literature will be provided.

5.3.1 The weighted DMSFE in the UK

In the next step, the analysis focuses on the relationship between the firm size and the
alternative combination methods of the F-rank, that is, the weighted DMSFE. Table 5.2 below
presents the results for the weighted DMSFE portfolios including size as the second
dimension. Here, too, only the winsorised mean portfolio returns are included in panels A and
B because the median results are indicative that large (B) firms consistently yield higher
annual returns than smaller (S) ones. The horizontal return differentials are almost identical to

those of the F-rank approach shown in table 5.1, indicating a high level of significance and
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the correct sign. This applies to both the parametric and the non-parametric test statistics, with
the majority of return differences being significant at the 1% level. Although the results are

generally solid, they lag behind those of the F-Score strategy.

Table 5.2 Two-way weighted DMSFE-size portfolios

F-rank (weighted), mean returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L
SLL7RRE L1094
0.068 0.039 -0.078 0126 | ooy (4.45) (10.10) (7,49
- *kk - *
0037 0034 0018 -0.064 (;g5723) (;10718) (4.13)y%%  (-3.30)%%*
B-S -.031 -.005 .060*** .062 . .
t-test (-0.72) (-0.30) (3.35) (0.96)
MWW | (0.25) (3.30)***  (9.13)***  (2.06)**
B F-rank (winsd weighted), mean returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L
S 118%F* L1947
0.068 0.039 -0.079 0126 | 52y (4.45) (10.00) (7,49
- *kk - *
0037 0034 0018 -0.062 (;2,5724) (;29796) (A16)%%  (-3.24)we
B-S -.031 -.005 .061*** .064 ' '
ttest | (-0.71)  (-0.27) (3.35) (0.99)
MWW | (0.25) (3.35)***  (9.13)***  (2.13)*

Regarding the vertical return differences, the t-test statistics of 3.35 in panels A and B only
indicate significance between small and big firms in the H-fquintile, while the other fquintiles
remain insignificant. Therefore, the performance of the weighted DMSFE has not improved
compared with the F-rank, for which only the L-fquintile is highly significant. However, both
strategies outperform the F-Score in table 5.1, in which none of the parametric test statistics
are significant. Taking into account the MWW results, the differences are significant at least
at the 5% level, except for the L-fquintile. This is opposed to the F-rank and F-Score methods,

in which all but the H* differences are significant.

In summary, the research findings of the alternative combinations of F-rank, that is, the
weighted DMSFE, do not support Zhang’s (2006) hypothesis in its entirety. This is because
smaller firms perform worse than their larger counterparts following bad news. However, in
contrast to Zhang (2006), this is also the case regarding good news. Despite this outcome, the
weighted DMSFE methods are still useful in implementing an investment strategy that is
based on firm size. This is due to the relatively strong test statistics with respect to the

horizontal and vertical portfolio return differences.
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5.3.2 Clusters

As previously reported, the results of the F-Score/F-rank methods and their alternative

combinations uphold the basic idea that firms with better fundamental results or alternatively

with lower forecast errors usually perform better (Piotroski, 2000).

Table 5.3 Two-way clustered-size portfolios

Al F-rank (c-score, k = 2), mean returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
087*** .206%**
S -0.151 -0.041 0.046 0055 | 1455 (428) | (7.8 (6,41 - -
B | -0161 -0.033 0040 0054 |07 215 dgrean (5 40)rer - -
' ' : ' (4.89) (4.00) : '
B-S -.010 .008 -.006 -.001
t-test (-0.14) (0.34) (-0.40) (-0.01)
MWW | (-0.16) (4.09)*** (2.98)*** (0.79)
A2 F-rank (c-score, k = 2), median returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
s |-028  -0.62 0033 -0.004 - - - - '(}139;:)* 'é?"';f)*
.080*** . 240***
B -0.230 -0.061 0.019 0.010 - - - - (29.41) (20.81)
B .038 101+** .052*** 0.014
~ (0.04) (19.75) (12.15)  (0.32)
Bl F-rank (c-score, k = 3), mean returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
091 *** 148%x*
S -0.108 -0.042 0.049 0038 | (430 (2.69) (7,81 (6,20 - -
B -0.080 -0.028 0.034 0.032 | 982 127 (5.33)*** (3.76)*** i i
' ' : ' (4.08) (2.11) : '
B-S .028 .014 -.015 -.006
t-test | (0.33) (0.63) (-0.92) (-0.17)
MWW | (1.05) (4.36)***  (2.44)**  (0.33)
B.2 F-rank (c-score, k = 3), median returns t-test MWW median
Size L* L H H* H-L H*—L* H-L H*-L* H-L H*-L*
s |-0273  -0.163 0036  0.002 ] ] ] ] '(ﬁ?;:)* éf’g;)*
056%**  195%**
B -0.189 -0.046 0.009 0.006 - - - - (1265  (1007)
B_S .084* A17Fx* .045** 0.004
- (2.84) (30.09) (5.48) (-0.02)

However, this does not always hold true once a company’s size is included in the analysis.

Following the structure of the previous chapters, the remaining two combination methods

with k = 3 and k = 2 clusters are presented now.

Table 5.3 presents four panels that report the portfolio return results according to the k = 2

and k = 3 clustering. Panels A.1 (A.2) and B.1 (B.2), respectively, contain the mean (median)

winsorised one-year returns. Again, to replicate the logic of the F-Score, firms with a high or

alternatively the highest c-score are supposed to perform best. Therefore, the t-statistics
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should be positive. With regard to the hypothesis of Zhang (2006), this implies that high (low)
c-scores are tantamount to good (bad) news. Small firms in the high and highest fquintiles in
panels A.1 and B.1 outperform their larger peers as hypothesised, but the results are not
significant under the t-test. The opposite is mostly the case in the low and lowest fquintiles
but again without significance. The portfolios in the high c-score fquintile of panel A.1 are
used as an example. There it can be observed that the small-size portfolio earns 4.6% per
annum, whereas the large one only returns 4%. Apart from the t-statistics of -0.40, it can also
be observed that all the other vertical test statistics are insignificant as well. This is also true
for panel B.1, and both panels show insignificant MWW results for the lowest and highest
portfolios. Besides, the t-statistics of 2.98 (2.44) for the high and 0.79 (0.33) for the highest
fquintile in panel A.1 (B.1) have the wrong sign and thus do not confirm the information

uncertainty hypothesis by Zhang (2006).

Before moving on to the horizontal differences, the vertical median portfolio returns are
briefly evaluated next. Panels A.2 and B.2 principally do not deliver any new insights. Of
statistical significance are only the low and high portfolio differentials, with the latter having
the wrong sign once more. In general, this confirms the initial observations of the k = 2 and k

= 3 cluster approaches in which the winsorised mean annual returns were used.

The results of the horizontal return differentials are very strong throughout. Both the
parametric and the non-parametric test statistics indicate significance at least at the 5% level
but overwhelmingly at the 1% level. In addition, all the signs are positive, which means that
the c-score strategy, that is, clustering, works as reliably as the original F-Score. With regard
to firm size, this represents a strong benefit for investors compared with the variants of the

DMSFE approach presented earlier.

In conclusion, one can say that the findings of the two cluster methods are in accordance with
the previous research findings in this chapter with regard to firm size. This means that for the
UK stock market the results of neither the DMSFE nor the cluster method indicate that greater
information uncertainty, that is, small firm size, is correlated with higher future returns
following good news. The non-parametric test results rather indicate that large firms are
generally associated with higher stock returns irrespective of the information quality.
However, the underlying logic of the F-Score is not affected, which means that in general

firms with stronger c-scores always perform better.
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5.4 Measures of fundamental value volatility: An overview

The next part of the analysis deals with other measures of information uncertainty. The reason
is that, according to Zhang (2006), firm size most likely does not solely proxy for information
uncertainty. As described earlier, variable v equals the fundamental value measure, which is
also an indicator of good or bad news about a firm and is subject to volatility. The question
now is which combination of explanatory accounting variables is ultimately best suited to
predicting stock returns. Consulting the literature on this topic, Richardson et al. (2010)
advised the researcher to let this exercise be guided by theory. Due to the use of a wide range
of accounting ratios that cover different aspects of a firm’s financial health, the F-Score
appears to be a good starting point. Besides, the good performance originally reported by
Piotroski (2000) for the US is confirmed by this study with regard to the UK stock market.

5.4.1 Hypothesis development: Direct information uncertainty measures

As noted by Zhang (2006), firm size can be regarded as a more indirect measure of
information uncertainty because it captures other things in addition and therefore is likely to
distort the research findings. Hence, a more direct indicator should alleviate this potential
drawback. In this regard, the F-Score is utilised not only to distinguish between high-returning
and low-returning firms but also to generate breakpoints for information uncertainty terciles.
One way to achieve that is to quantify the volatilities of each of the nine components and
ultimately the composite itself. The underlying rationale behind both the standard deviation
(SDF) and the mean absolute deviation (MADF) of the F-Score is that greater volatility of the
composite is associated with a higher degree of information uncertainty. In the further course
of this overview, the attention turns to the SDF, but the reasoning applies equally to the
MADF. There are two main advantages of using the SDF as a proxy for information
uncertainty compared with firm size. Firstly, as noted earlier, the SDF is a more direct
measure because it is not influenced by the local market conditions. Every exchange
supervisory authority might have different disclosure requirements depending on a firm’s size.
These, in turn, are the direct realisation of a country’s legal requirements, which are in place
to ensure investor protection. Leuz et al. (2003), for example, found higher earnings
management for firms in Germany than in the UK, which suggests different levels of

protection between the two markets. Better investor protection in the UK was also confirmed
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more recently by McLean et al. (2012), who stressed that both the strength of the law itself
and its enforcement are positively correlated with the level of investor protection.
Consequently, information uncertainty is likely to vary between jurisdictions. These findings
could explain why firm size in the UK is not a relevant factor regarding information
uncertainty, as documented in this research. The reason is that if the disclosure requirements
are very similar between small and large firms, meaning that they apply to all listed firms
irrespective of their size, information uncertainty based on size alone cannot be measured as a
consequence. This interpretation agrees with the studies by Leuz et al. (2003) and McLean et

al. (2012), who remarked that firm size did not influence their findings.

Secondly, the SDF measure captures the volatility of nine different accounting ratios and
should therefore give a more faithful representation of the financial health of a company. If
the disclosure requirements apply equally to all firms, as mentioned in the previous paragraph,
the only remaining possibility to measure the level of information uncertainty is the volatility
of key accounting ratios. The idea is that firms with higher volatility of the F-Score/F-rank,
that is, information uncertainty, should generate lower subsequent stock returns. This follows
on from research by Dichev and Tang (2009) for the US and Clubb and Wu (2014) for the UK.
Both studies found a negative correlation between earnings volatility and earnings
predictability. Of course, the question could be asked of why earnings in particular should be
the determining force in equity valuation. Haugen and Baker (1996) found evidence on the
UK and German stock markets that a range of profitability measures can indeed forecast
future stock returns. Of course, this might be due to commonalities in investor behaviour. In
this regard, Barton et al. (2010) analysed which performance measures are used the most by
investors globally. With the highest values for the UK, earnings before interest, taxes,
depreciation and amortisation (EBITDA) are the most commonly used. Because both the
profitability factors and the fundamentals-based investment strategy are suitable for
forecasting stock returns, higher variations in these fundamentals should also be negatively
correlated with subsequent stock returns. For this reason, the second hypothesis is stated in

the following way.
Hypothesis 5.2: Firms with higher (lower) information uncertainty, proxied by the volatility

of accounting fundamentals, provide lower (higher) subsequent returns following bad news

and higher (lower) returns following good news.
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5.4.2 Direct measures of fundamental value volatility: The SDF

Following the theoretical foundations of the SDF measure, this section deals with the

evaluation of the practical results. The method of calculating the standard deviation (SDF) of
the F-Score/F-rank is detailed in section 3.5.2.2.

Table 5.4 Two-way SDF portfolios

Al F-Score, mean returns t-test MWW median
SDF L* L H H* HL  H*~L* H-L H*L* HL  H*~L*
A23%*F* 193 ***
-0.134  -0.069 0.054 0.059 653  G87) | @40y (7,32 - -
168%**  B5Hk* ek e - -
H -0.148  -0.134 0.034 0.107 (6.18) 4.17) (8.42) (5.71)
H-L -.014 -.065*** -.020 .048
ttest | (-0.31)  (-2.63) (-0.99) (1.11)
MWW | (-1.61)  (-5.00)*** (-3.01)***  (0.54)
A2 F-Score, median returns t-test MWW median
SDF L* L H H* HL  H=L* H-L H*L* H-L  H*~L*
L |-0202 0120 0020 0.013 - - - - 'é‘égg;)* '(%SIJ)*
*kk *kk
H |-0262 0230  -0.044 0.043 - - : : '(}12609) '(?591569)
-.060**  -101*** -.064*** 0.030 . .
- (-4.03)  (-2487)  (-8.74) (0.70)
B.1 F-rank (mean), mean returns t-test MWW median
SDF L* L H H* H-L  Hx~L* H-L H*-L* HL  H*~L*
065***  202%**
-0.125  -0.020 0.045 0.077 (4.65) (5.00) (5,00 (6,75 - -
096%**  106* . . - -
H -0.099  -0.001 0.005 0.007 (5.06) (1.92) (8.45) (4.01)
H-L .026 -.071%** -.040** -.070
ttest | (0.52) (-4.10) (-2.53) (-1.61)
MWW | (-1.16)  (-9.66)*** (-5.51)*** (-2.78)***
B.2 F-rank (mean), median returns t-test MWW median
SDF L* L H H* HL  H~L* H-L H*-L* HL  H*~L*
- - - - .047*** .208***
L -0.200 -0.036 0.011 0.008 (8.57) (39.62)
*k*k *kk
H | -0240 0207  -0073  -0.092 - - . . '(ég"'ﬂ) '(%43?9)
HoL -.040 - 171x** -.084*** -0.100*** . .
- (-1.34)  (-112.95)  (-32.85)  (-7.38)
C1l F-rank (median), mean returns t-test MWW median
SDF L* L H H* H-L  H*~L* H-L H*-L* H-L  H*~L*
.085***  336***
0221 -0.041 0.044 0.115 (5.19) 4.33) (6.52)* (5,32 - -
*k*k *k*k - -
H -0.134 -0.075 -0.001 -0.007 .(2734’16) '(%),2572) (6.92)*** (5.86)***
H-L .087 -.034* -.045%** -.122**
ttest | (1.33) (-1.75) (-2.70) (-1.91)
MWW | (1.06) (-5.53)***  (-6.66)*** (-2.86)***
C2 F-rank (median), median returns t-test MWW median
SDF L* L H H* H-L H*—L* H-L H*-L* H-L H*-L*
- - - - .084*** .346***
L -0.332 -0.071 0.013 0.014 (20.72) (28.86)
A05%*F* [ 146***
H -0.269 -0.191 -0.086 -0.123 - - - - (34.96) (17.85)
H-L .063 -.120%** -.099*** - 137%**
B (0.09) (-44.88) (-44.11) (-9.46)
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Table 5.4 contains the winsorised mean portfolio returns in panels A.1, B.1 and C.1 and the
respective median equivalents in panels A.2, B.2 and C.2. As usual, the first two panels
display the F-Score fquintiles, whereas the remaining four represent the F-ranks based on
their mean and median combination methods. As a new second dimension, the terciles of the

SDF are now shown on the vertical axis.

As can be observed from panel A.1, the F-Score once again is able to separate future winning
stocks reliably from losing ones. This is corroborated by both the parametric and the non-
parametric test results, which are highly significant at the 1% level throughout. For instance,
the highest F-Score portfolio in the highest SDF tercile returns a positive 10.7% annually
compared with a negative 14.8% for the lowest portfolio. Hence, the difference between the
returns of those portfolios amounts to 25.5 percentage points, with parametric t-statistics of
4.17.

In general, this trend is strongly confirmed for the two alternative measures in panels B.1 and
C.1. The only exception is the return difference between the highest and the lowest F-rank
portfolio in the high-SDF tercile, which is only significant at the 10% level according to the t-
test result.

Similarly, the horizontal winsorised median portfolio differentials are highly significant for all
three investment strategies. Thereby, the most pronounced difference of 34.6 percentage
points can be found in the low information uncertainty tercile between the highest and the
lowest portfolio, shown in panel C.2. For the high-SDF tercile, the greatest difference is
observable for the F-Score strategy in panel A.2, which amounts to 30.5 percentage points.
Overall, these two strategies perform best with regard to a long-short investment strategy.
Further, the absolute returns are highest for those two as well considering investors who
prefer to pursue a long-only investment style. For instance, the H*/L F-Score portfolio in
panel A.2 returns 1.3% per annum, the median F-rank portfolio 1.4% (panel C.2) and the

mean F-rank equivalent 0.8% (panel B.2) only.

In view of the new information uncertainty measure, the vertical differences in the winsorised
mean portfolio returns are significant for some fquintiles under parametric test conditions. In
panel A.1, the low F-Score fquintile yields highly significant t-statistics of -2.63 and a return

differential of -6.5 percentage points. This implies that firms with lower (higher) uncertainty
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perform better (worse). However, regarding statistical significance, this is not the case for the
remaining vertical differences shown in this panel. Nonetheless, apart from the highest F-
Score fquintile, the negative signs of the differentials suggest that the trend is towards better
performance of lower-uncertainty portfolios. This is confirmed by the parametric test results
documented in panels B.1 and C.1. Apart from the L* and H* portfolios of the former, the
return differences are significant at least at the 5% level, with t-statistics of -4.10 (-2.53) for
the low (high) mean F-rank fquintiles. Another improvement of these results is displayed in
panel C.1 of the median F-rank approach. In addition to the low and high fquintiles, the

highest fquintile now also features significance at the 5% level, with t-statistics of -1.91.

The analysis of the non-parametric results provides a similar picture. The respective MWW t-
statistics are highly significant at the 1% level for all of the low and high fquintiles in panels
A.1, B.1 and C.1. The negative signs of all the return differences indicate better performance
of firms with low information uncertainty for all of those portfolios. In addition, the highest
fquintiles of both the mean and the median F-rank combination method are reported to be
highly significant. In other words, the results of the MWW test in panel B.1 (C.1) report t-
statistics of -2.78 (-2.86) at the 1% level of significance. Overall, however, no significant
return difference is observable between the two portfolios in the lowest fquintile of all the

aforementioned panels.

Finally, the evaluation of the median portfolio returns in panels A.2, B.2 and C.2 confirm the
observations of the mean portfolio returns. The return differentials in the lowest F-Score
fquintile are now found to be significant at the 5% level in panel A.2. With regard to the two
F-rank methods, the median results are exactly as significant as the respective mean results, as

already described in the previous paragraph.

The conclusions from the analyses of the two-way SDF portfolios are threefold. Firstly, even
under the new information uncertainty measure, investors are able to construct high-returning
portfolios with the help of all three of the investment strategies. In this context, the F-Score,
mean F-rank and median F-rank serve as a proxy for good or bad company news. This is
relevant in particular to market participants who are either willing or allowed to engage in a
long-short portfolio strategy. Proof for this is given by the high level of significance of the
parametric and non-parametric horizontal test results in the overwhelming majority of cases.

Therefore, there is clear evidence that the market participants do not fully react to newly
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issued public information, which agrees with Zhang (2006). Secondly, better performance of
stock portfolios with low information uncertainty as opposed to high-uncertainty portfolios is
detectable in most cases. This observation is especially distinct for the median F-rank
approach but also for the remaining two, albeit to a lesser extent. Thirdly and lastly, as a
consequence of the second point, these results only partly confirm the findings of Zhang
(2006). Partly, in this regard, this means that it is confirmed that firms with high information
uncertainty relatively underperform after bad news is published, that is, those firms in either
the low or the lowest fquintile. However, higher information uncertainty in the high and
highest fquintiles likewise leads to worse results following good news, which is opposed to
the prediction by Zhang (2006). This speaks against the assumption that investors react
differently to good and bad news about a company, rather suggesting that information is
slowly reflected in the stock prices. The conclusion from this observation is that investors
generally prefer stocks with low information uncertainty because the one-year portfolio

returns tend to be higher.

5.4.3 Direct measures of fundamental value volatility: MADF

The final information uncertainty measure is the mean absolute deviation, or the MADF, of
either the F-Score or the F-rank. It represents an alternative route to the SDF and thus can be
regarded as an overall robustness check of the aforementioned SDF result. The calculation of
the MADF can be referred to in section 3.5.2.2. Table 5.5 summarises the test results of the
vertical and horizontal portfolio return differences. As usual, panels A.1 (A.2), B.1 (B.2) and
C.1 (C.2) contain the mean (median) winsorised portfolio returns. Beginning with the former,
all three of the investment methods show a strong ability to discriminate between future
losing and future winning stocks. This outcome is underlined by highly significant horizontal
return differences in the vast majority of cases as a result of both the parametric and the non-
parametric tests. In panel A.1, for example, the H*/H portfolio delivers an absolute return of
16.2% and the respective difference from the L*/H portfolio amounts to a total of 32.7
percentage points, with t-statistics of 4.98. With only one exception, the F-Score method
works best insofar as it is able to generate the deepest gulf between the high/low and the
highest/lowest fquintiles. Additional evidence for the validity of those results is provided by
the median tests. As can be seen in panels A.2 and C.2, the test statistics are significant at the
1% level throughout, whereas the differences in panel B.2 are at least significant at the 5%
level. Again with only one exception, the F-Score method is the preferable choice for
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investors regarding the generation of return differences. In summary, the MADF portfolios

mirror exactly the results of the two-way SDF portfolios of table 5.4. Hence, both strategies

are robust to changes in the two different ways of calculating information uncertainty with

regard to the horizontal return differentials.

Table 5.5 Two-way MADF portfolios

Al F-Score, mean returns t-test MWW median
MADF L* L H H* H-L H*—L* H-L H*—L* H-L H*-L*
L |-0159 -0081 0063 0.069 | l4dT 2287 . :

' ' ' : (7.66) (7.26) (9.78)*** (8.51)***
H -0.165  -0.135 0.045 0.162 180703277 (8.41)*** (5.65)*** i i
' ' : ' (657)  (4.98) : '
H-L -.006 -.054** -.018 .093*
ttest | (-0.13)  (-2.24) (-0.85) (1.96)
MWW | (-1.11)  (-4.10)***  (-3.21)***  (0.74)
A2 F-Score, median returns t-test MWW median
MADF L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
L | -0207 0147 0026 0.013 - - - - 73220
: . : - (57.24)  (44.37)
*k*k * k%
H |-0262 0228  -0.044 0.069 - - : : '(}1%42 » k9£§185)
HoL -.055* -.081*** -.070*** 0.056 . .
- (-345)  (-20.29)  (-8.57) (0.95)

B.1 F-rank (mean), mean returns t-test MWW median
MADF L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
L |-013 -0034 0048 0.066 08272027 : :

' ' : : (5.70) (5.19) (6.43)%** (7.39)%**
H |-0117  -0092 0009 0.009 'é(’;;** ézg;) (B52)%x  (37T) - -
H-L | .019 -.058*** . 039%* -.057 ' -
t-test | (0.36) (-3.30) (-2.41) (-1.26)
MWW | (-1.06)  (-8.24)*** (-5.32)*** (-2.50)**
B.2 F-rank (mean), median returns t-test MWW median
MADF L* L H H* H-L H*—L* H-L H*-L* H-L H*-L*
- - - - .065*** .216***
L -0.210 -0.052 0.013 0.006 (19.07) (43.30)
H |-0252 0207  -0071  -0.095 - - . . '(ég"';;)* (é527;)*
HoL -.041 -.155*** -.084*** -0.101** . .
- (-1.27)  (-86.70)  (-30.87)  (-4.30)

C.l F-rank (median), mean returns t-test MWW median
MADF L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
L |-0200 -0052 0051 0.098 1082087 . .

' ' : : (5.98) (4.13) (7.98)*** (5.50)***
H -0.150  -0.073 0.007 0.003 0801537 (6.96)*** (6.36)*** i i
' ' ' : (4.69) (4.13) : '
H-L .050 -.021 -.044%** -.095
t-test | (0.85) (-1.11) (-2.59) (-1.54)
MWW | (0.67) (-3.99)***  (-6.55)***  (-2.62)***
C2 F-rank (median), median returns t-test MWW median
MADF L* L H H* H-L H*—L* H-L H*-L* H-L H*-L*
- - - - .113*** .311***
L -0.298  -0.098 0.015 0.013 (38.44)  (29.69)
A02%%% 176%x*
H -0.288  -0.184 -0.082 -0.112 - - - - (3046)  (23.11)
L | 010 -086*** - QQ7*** - ]Q5xk*
- (0.00) (-31.41) (-46.74) (-6.80)
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In view of the vertical differences, the parametric test results are mostly disappointing. For the
F-Score method in panel A.1, the only significant t-statistic of the H-L portfolios is located in
the low fquintile, with a value of -2.24. Further, the highest fquintile indicates that high-
uncertainty (low-uncertainty) firms return 16.2% (6.9%), as opposed to what is expected
following both the SDF method and Zhang’s (2006) findings. Panel B.1, which contains the
mean F-rank results, produces somewhat better results. Both the low and the high fquintiles
are significant at least at the 5% level. Lastly, the median F-rank performs poorly except for

the high return differentials, with strong t-statistics of -2.59.

However, the parametric test results are relativised once the non-parametric alternatives are
employed. For instance, all but one of the H-L outcomes in panel C.1 are highly significant
for the MWW test. The highest return differential can be found in the highest median F-rank
fquintile, which amounts to 9.5 percentage points, with MWW t-statistics of 2.62. To a lesser
extent, this is also true for panels B.1 and A.1. The test results for the median winsorised
returns in panels A.2, B.2 and C.2 are confirmative of the results that have just been presented.
The F-Score method produces significant results for the high and low fquintiles and the two

F-rank methods for the highest fquintile in addition.

Here, too, the MADF results are generally in accordance with the SDF findings presented in
section 5.4.2. Particularly the non-parametric test results are analogous, whereas the
parametric equivalents are slightly weaker under the MADF method. All in all, however, all
three methods provide results that reasonably indicate better performance for the low

information uncertainty stocks and vice versa.

5.5 Size, SDF and MADF: A discussion and links to the literature

This part of the chapter discusses the findings of sections 5.3 and 5.4 against the background
of the existing literature on this topic. It should be regarded as a continuation of section 5.2.1,
in which firm size was used as information uncertainty measure within the original F-Score
and F-rank investment strategies. Sections 5.3 and 5.4 dealt with the alternative combinations
of the F-rank, specifically the DMSFE and clusters, and firm size and also introduced two
alternative measures of information uncertainty, namely the SDF and MADF. The
segmentation was deliberately chosen to keep the discussion coherent and clear.
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In general, the previous discussion about the vertical return differentials applies analogously
to the DMSFE and cluster approaches. This is because the inclusion of firm size as a second
dimension to the DMSFE and clusters yields very similar results to those obtained when the
original F-Score and F-rank methods were used. However, the horizontal differences
constitute a difference from Piotroski (2000). Both the k = 2 and the k = 3 cluster method
used in this study are highly significant under parametric and non-parametric circumstances.
As his analysis showed, the p-values of differentiation within size terciles are monotonically
decreasing from the small to the large size terciles. He noted that some of the return
differences in the highest size terciles were insignificant and concluded that investors would
benefit most from investing in small or medium-sized companies. This trend cannot be
confirmed for the UK stock market as the significance remains high for the cluster method
irrespective of the affiliation to a certain size tercile. Therefore, F-rank clustering in
combination with firm size yields fruitful results for investors but is mostly limited to
horizontal return differences. This insight changes, however, for the three different F-rank
combination approaches, in which most of the parametric (non-parametric) test results are
insignificant (significant). Consequently, the combination of simple and more elaborate
forecasting techniques in association with firm size leads to inconclusive results. Hence,

investors should use these methods as a second-best solution only.

This study does not intend to test the size effect explicitly but rather the underlying cause of it,
as in Zhang (2006). However, if the size effect is not identifiable, there is also no cause,
which implies that size as a measure of information uncertainty is futile. Due to the findings
in all the two-way portfolios that include firm size as a second dimension, there is reasonable
evidence that this is the case for the UK stock market. Of course, the absence of the size effect
might be due to the method employed, in this case the F-Score, the F-rank and its combination
variants. This would confirm the mixed UK findings on the size effect by Andrikopoulos et al.
(2008), who conceded that the detection of the effect is model-dependent. Although the
existence of a size effect is conceivable in efficient markets, it should persist only temporarily.
To be measurable and even statistically significant, the effect has to be more pronounced.
Hence, testing the size effect is an indirect way of testing the market efficiency itself. Then,
though, Fama’s (1970) argument of the joint hypothesis problem would come into play again.
With reference to the size effect, this would mean that the model used to test for the size

effect is defective.
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Although the initial hypothesis stated by Zhang (2006), that stock portfolios with high
information uncertainty perform better following good news and underperform following bad
news, was generally confirmed in his study, the results of the size proxy in particular are
mixed. The author reported both Pearson and Spearman correlation matrices that are
contradictory. In other words, firm size as one of six information uncertainty proxies is
correlated positively with the subsequent return in the first case but negatively in the second
case. Consequently, the US evidence likewise suggests that the use of firm size as a tool for
measuring information uncertainty is not advisable. In another study, Duong et al. (2012)
analysed investors’ confirmation bias in the UK stock market for the period from 1991 to
2007. As part of their study, cross-sectional stock returns in a value, neutral and glamour
context were regressed on book-to-market ratio, size, momentum and F-Score variables. A
second regression was performed with the same four control variables with the distinction that
the F-Score was split into its high and low components. None of the regression results
indicated statistical significance of the size coefficient. The study by Duong et al. (2012) most
likely resembles the previous part of the present chapter, because it used the F-Score across
the value and glamour stocks and did not apply it exclusively to the value stocks, such as in
Piotroski (2000). Hence, it can be used as a means to compare the current findings, which are
compliant regarding the vertical parametric test results, which show no statistical significance.
In terms of the horizontal differentials, the regression coefficients of the F-Score variable
were significant at least at the 5% level in the value, neutral and glamour contexts. However,
the coefficients for both the high and the low F-Score in the second regression were not
always significant, especially in the value context. This confirms some of the weak parametric
test results, which are predominant in the weighted DMSFE method presented in table 5.2.
Finally, Choi and Sias (2012) employed the F-Score as a measure of financial strength in
conjunction with firm size as a measure of information uncertainty in the US. Although a

return differential was observable, it was not statistically significant.

Despite the presence of evidence that the size effect is existent in an international context, this
does not imply that studies in this area of finance are free from criticism. Van Dijk (2011)
provided a summary of the various academic discussions in the literature, which range from
the methods employed in empirical studies to the various explanations of the size effect. One
severe point of critique is data mining, in which researchers repeatedly analyse the same data
set to find statistically significant results. As MacKinlay (1995) noted, because of the

characteristics of the economics discipline in general and the area of finance in particular,
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deviations from efficient markets are always found ex post. The cause of data mining is
related to the publishability of research in general. Welch (2001) remarked that only
significant results are likely to be released in academic journals. In this regard, it is interesting
that efficient market advocates receive support from some of the behaviouralists, such as
Hirshleifer (2001), who stated that the size effect has disappeared altogether. As this appears
to be the case in the UK stock market as well, other measures of information uncertainty were
tested following the approach of Zhang (2006).

In this research, the standard deviation (SDF) and mean absolute deviation (MADF) of the F-
Score/F-rank were used as alternative proxies for information uncertainty. This is in contrast
to Zhang (2006), who analysed six other proxies with regard to momentum quintiles.*
However, three out of the six are also measures of some sort of volatility, which, in turn, are
related to financial statement information. According to the author, higher volatility is
associated with higher information uncertainty. However, there is a distinction to be made
between the types of volatility, which are not further specified by Zhang (2006). On the one
hand, cash flow volatility could be interpreted as a direct measure of a certain financial
statement item. On the other hand, forecast dispersion could be regarded as the outcome of
financial statement interpretation. Consequently, the last measure is of an indirect nature
because the amplitude of the volatility depends on analysts’ information processing ability.
This leads straight to the root of behavioural finance and is the initial step before any decision
is made under uncertainty (Tversky and Kahneman, 1974). Because investors apply certain
heuristics to reduce the complexity of the information at hand, volatility is highest if there is
deep disagreement on the interpretation of information. The third and final measure, stock
volatility, could therefore be interpreted as a function of the previous two. Zhang (2006)
reported higher negative correlations between cash flow volatility and stock returns than
between analyst forecast dispersion and returns. Both the SDF and the MADF were used to
extend the underlying logic of the cash flow volatility measure and to circumvent the problem
of information processing. This is due to the inclusion of eight additional financial statement
items in the measure, that is, the F-Score/F-rank, and because this measure is based on theory,
as required by Richardson et al. (2010). Further, it strictly defines whether a financial

statement item should be regarded as positive or negative. Therefore, it is as simple and

3 The six information uncertainty proxies in Zhang (2006) are: firm size, firm age, analyst coverage, forecast
dispersion, stock volatility and cash flow volatility.
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effective a measure as the Apgar score, which is widely used in medicine to evaluate the
health of newborns (Finster and Wood, 2005).

As described earlier, the SDF and MADF do not fully confirm the findings of Zhang (2006).
On the one side, he found that the market reaction to newly published information is
incomplete, as confirmed by the horizontal differentials in this study. On the other side,
investors’ reaction to information uncertainty is likely to be time-dependent. Zhang (2006)
used one-month-ahead stock returns and found that greater information uncertainty generates
lower (higher) returns following bad (good) news. As the analysis of the previous results in
this chapter has shown, this is not always the case for the UK, because investors have a
preference for portfolios with low information uncertainty regarding the one-year investment

horizon.

There are two points that need to be noted. Firstly, the UK stock market appears to be more
efficient in the long than in the short run, although investors are still able to generate positive
annual returns following the F-Score/F-rank strategy. One interpretation can be made with the
argument of limits to arbitrage proposed by behavioural finance proponents, such as Barberis
and Thaler (2005), and the disposition effect by Barberis and Xiong (2009). Assuming market
efficiency, extreme month-long abnormal returns should be arbitraged away in the long run.
This is mostly the case for the L* portfolios because of non-significant parametric and non-
parametric results. Regarding the H* portfolios, portfolios with low information uncertainty
perform better, which indicates that investors start selling their stock that they bought during
the one-month investment horizon when arbitrage opportunities still existed. The different
behaviours of the lowest and highest portfolios could then be explained by the disposition
effect. Because market participants want to lock in a profit, the trading volume should be
much higher than for the L* portfolios, for which losses are not realised. If investors
subsequently reallocate their money to the low-uncertainty stocks with the brightest prospects,
the returns should be relatively higher one year ahead because the demand for them increases.
This is confirmed by the non-parametric results. However, due to the relatively better
performance of stock portfolios with low uncertainty, this implies that market inefficiency is
still present to some extent. In the case of inefficient markets, as suggested by BF advocates,
stock prices mean revert and former losers become future winners (e.g. De Bondt and Thaler,
1985; Fama and French, 1988; Poterba and Summers, 1988). Because this kind of

overshooting is evidenced by significant test results, this would support the hypothesis of

139



Chapter 5

inefficient markets, because prices are continuously in disequilibrium (Kothari et al., 2010).
This overshooting may even be fuelled by usually rational investors. As a consequence of
rational finance theory, investors would possess the ability to recognise this disequilibrium
fully. However, if they thought they would be able to profit from it, there would be no
incentive to counter the trend, leading to a larger disequilibrium (O’Hara, 2008).

Of course, one major drawback of this interpretation is that it plays straight into the hands of
EMH supporters. This is because, in retrospect, anomalies that could not be spotted by most
of the market participants in real time always seem to become discernible to the researcher.
However, this logic could also be applied to refute the efficient market hypothesis. If markets
are believed to be efficient, investors should indeed be able to perceive mispricing and
therefore no disequilibrium would show up in hindsight. In summary, the results of the F-
Score/F-rank approaches under various information uncertainty measures show strong
evidence in favour of an incomplete market reaction to newly published information. This is
underlined by strong horizontal return differences within a specific information uncertainty
tercile and across the lowest/low and high/highest fquintiles. Firm size, in turn, is positively
correlated with subsequent one-year stock returns, although the parametric test results are
weak. Finally, the volatility of financial statement items, as measured by the SDF and MADF,
indicates investors’ preference for portfolios with low information uncertainty in the UK

stock market.

5.6 Liquidity and stock returns

The remaining part of this chapter develops the hypotheses and presents and discusses the
results of the interplay between the F-Score/F-rank methods on the one hand and liquidity as
the second dimension on the other hand. It thereby uses both the Amihud measure and the
turnover ratio (ToR) as liquidity proxies. Following the discussion of the results, the chapter
concludes with an overall summary of the findings of both measures and links them to the

present state of the literature.

5.6.1 Hypothesis development: Liquidity as a key driver of investment performance

In a seminal paper, Amihud and Mendelsohn (1986) were amongst the first to analyse the

effect of liquidity on stock returns. In their model, which represents a market consisting of
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rational investors with differing investment horizons and different asset spreads, they found a
positive correlation between the average returns and the bid—ask spread in the cross-section.
As they argued, this premium for illiquidity should not be regarded as a sign of a market
anomaly but rather points to rational investors who are faced with trading frictions. Therefore,
investors require higher future returns to compensate them for higher spreads. Using an
alternative to the Amihud measure, the turnover rate (ToR), as another liquidity proxy, Datar
et al. (1998) confirmed these previous results for cross-sectional stock returns. More recently,
further evidence was presented by Amihud (2002) and Hasbrouck (2009). However, other
research results suggest that there has been no consensus amongst researchers up to now. Two
examples of contradictory findings are those of Brennan and Subrahmanyam (1996), who
showed that higher spreads lead to lower returns, and Spiegel and Wang (2005), who found

no correlation whatsoever.

One reason for that is most likely to be the concept of commonality. As the above-mentioned
research is only concerned with a stock’s idiosyncratic liquidity—return relationship, the
studies by Chordia et al. (2000) and Huberman and Halka (2001) initiated a stream of
research, which is considered with commonality in liquidity. According to this idea, an
additional common or market-wide liquidity parameter is assumed to have a direct impact on
a firm’s spread and therefore its subsequent return. The findings by Pastor and Stambaugh
(2003), for instance, documented a positive relationship between liquidity risk and expected
returns. Generally, however, the literature on tests of the direct relationship between a firm’s
spread and its stock return in the UK is limited. For this reason, the aim of the first part of the
next hypothesis is to analyse whether liquidity is a determinant of the success of the F-Score

strategy.

Hypothesis 5.3a: Firms with lower liquidity, as measured by the Amihud and ToR measures,
contribute a larger share to the success of the F-Score and alternative investment strategies.

A direct continuation of the above hypothesis is the second finding in the study by Amihud
and Mendelsohn (1986), known as the liquidity hypothesis. According to that, higher spreads
may theoretically incentivise firms to increase the liquidity levels in their stock to reduce their
cost of capital. This process is accompanied by a decrease in the investors’ required rate of
return, because the formerly illiquid stocks are now discounted less heavily. Ultimately, the

firm value increases. Several studies have supported this concept with various pieces of
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practical evidence. Muscarella and Vetsuypens (1996), for instance, documented wealth gains
for investors after stock split announcements. As they conjectured, it appears likely that a
certain trading range that minimises transaction costs improves liquidity, which, in turn, is

causal for stock price appreciations.

Erwin and Miller (1998) studied the changes in stock liquidity, proxied by the bid—ask spread,
after the inclusion of a stock in the S&P500 index and found a significant and permanent
stock price increase, albeit only for those without tradable options. More recent evidence for
the liquidity hypothesis and spread increases/decreases following index reconstitutions was
provided by Chen (2006) for Russell 1000 additions and Russell 2000 deletions. Finally,
Biktimirov and Li (2014) reported strong evidence for higher (lower) stock liquidity and
permanent stock price increases (decreases) for added (demoted) stocks in different FTSE

indexes. However, this was only observable for stocks that were part of an index already.

Further research on the UK stock market was conducted by Bortolotti et al. (2007). In their
study, they used related measures of privatisation to stock market development, proxied by
market liquidity, and in this way indirectly confirmed the previous results. The research
period deliberately coincided with the privatisation process of the Thatcher Government in the
1980s (Aghion et al., 2009). Their underlying rationale was that more developed markets with
their inherently higher liquidity reduce the cost of capital for firms, which enhances liquidity
and might propel firm values, as mentioned before. Indeed, the authors found an improvement

in liquidity since 1994, not just for the UK but also in 18 other developed stock markets.

It should be noted that the above-referenced papers are concerned with liquidity and price
changes of the same stock after a certain event has taken place. In contrast, there is additional
research on the pricing implications of two assets that should normally have the same values
because they represent claims to identical cash flows. In this regard, Datar (2001) reported
premia for more liquid shares of closed-end funds and vice versa. This correlation was
detected for both equity and bond funds. According to their argument, a premium materialises
once trading costs, that is, bid—ask spreads, are lower by holding an indirect claim to certain
cash flows through a fund than by directly holding the stock. One reason for the reduced
transaction costs might be through economies of scale or the possibility of the fund to trade in
round lots from which especially small investors may profit (Muscarella and Vetsuypens,

1996). However, it could be argued that transaction costs in this scenario do not present a
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structural hindrance of trading the stock and therefore should not be priced. In other words,
investors have the opportunity to set up a fund on their own or stop trading in odd lots. This
assumption was addressed by Chan et al. (2008) in the market for American Depository
Receipts (ADRs). Although those claims entitle investors to exactly the same cash flows, they
might be barred from trading in the home market of the ADR for various reasons. In this case,
therefore, there would indeed be a structural problem for investors that cannot be
circumvented. However, this problem would only exist theoretically because the asset should
trade at the same price in both the ADR and the home market. If this is not the case, it is of
interest whether liquidity is a determinant of the pricing process of this asset. The results
obtained by Chan et al. (2008) indicated that premia in the ADR market were associated with
a liquidity increase even after controlling for various measures of country characteristics, such

as transparency and openness of the home market.

This basic principle is directly applicable to the relationship between liquidity measures and
the F-Score strategy of this study. Each fquintile, meaning vertically, represents a portfolio in
which all the constituents are deemed to have similar return prospects. For this reason, no
significant return differentials should be measurable. However, in light of the strong support

of a liquidity—return relationship, the second part of the hypothesis is stated as follows.

Hypothesis 5.3b: Firms with higher (lower) liquidity, as measured by the Amihud and ToR

measures, generate higher (lower) subsequent returns.

5.6.2 The first liquidity proxy: The Amihud measure

As Amihud (2002) hypothesised, illiquid stocks should feature higher future returns to
compensate for liquidity risk. However, it is of interest whether this is also the case in
conjunction with the F-Score/F-rank strategies. The rationale is straightforward. On the one
hand, it should be tested first whether the investment strategy is working reliably irrespective
of the level of liquidity in a certain stock. If this requirement is met, then the horizontal
portfolio return differentials should be positive, indicating that the higher (lower) the F-
Score/F-rank, the better (worse) the subsequent performance. It is only then that it can be
evaluated whether these differentials are driven by illiquid or liquid stocks (hypothesis 5.3a).
On the other hand, the logic of an illiquidity premium could be questioned. For instance,
stocks that are part of a high F-Score portfolio have favourable future prospects in terms of
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stock returns. If this portfolio is now split into two separate portfolios according to the levels

of liquidity of their contained stocks, the following question arises: why should the portfolio

with lower liquidity yield higher returns than the one with higher liquidity? If rational

investors regard both portfolios as equally likely to deliver satisfying yields, they should

normally prefer the one with higher liquidity (hypothesis 5.3b). In this case, the stock returns

should turn out to be relatively higher because of increased investors’ demand for more liquid

stocks, indicated by the Amihud measure. The process of calculating the Amihud measure is

described in section 3.5.2.3. Table 5.6 presents the results of the winsorised percentage

portfolio returns, similar to the procedure employed earlier.

Table 5.6 Two-way Amihud portfolios

Al F-Score, mean returns t-test MWW median
Amihud L* L H H* HL  H~L* H-L H*-L* HL  H*~L*
A71FRx 223 ***
L 0125  -0.117 0.054 0.098 (8.70) (639) | (1253)** (945 - -
H | -0117  -0072 0.052 0039 | 12T IS g agpean (g 70)wer - -
' ' : ' (6.01) (3.72) : '
H-L .008 .045* -.002 -.059
t-test | (0.16) (1.70) (-0.12) (-1.59)
MWW | (1.54) (4.44)%**  (2.94)*** (0.24)
A2 F-Score, median returns t-test MWW median
Amihud L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - .196*** .239***
L -0.230 -0.213 -0.017 0.009 (137.57)  (73.75)
140***  206%**
H -0.170 -0.096 0.044 0.036 - - - - (31.54) (13.96)
HoL .006 A17%* .061%** .027
- (1.76) (23.88) (9.79) (0.39)
B.1 F-rank (mean), mean returns t-test MWW median
Amihud L* L H H* H-L  H~L* H-L H*-L* H-L  H*>L*
A11%** 176%**
L -0.112  -0.075 0.036 0.064 (6.98) (4.52) (L1205 (783w - -
H -0.134  -0.015 0.031 0.039 046 173 (3.07)%** (3.99)*** i i
' ' ' ' (3.00) (3.11) : :
H-L -.022 .060*** -.005 -.025
ttest | (-0.37)  (3.48) (-0.29) (-0.54)
MWW | (0.79) (9.29)***  (2.57)**  (0.06)
B.2 F-rank (mean), median returns t-test MWW median
Amihud L* L H H* HL  H~L* H-L H*-L* HL  H*~L*
- - - - . 149*** .220***
L -0.230 -0.183 -0.034 -0.010 (105.35)  (49.85)
.022 .189%***
H -0.199 -0.026 -0.004 -0.010 - - - ) (1.35) (11.29)
H-L .031 A57x* .030*** .000
- (0.33) (109.23)  (6.71) (0.24)
C1l F-rank (median), mean returns t-test MWW median
Amihud L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
103** > [158***
L -0.123  -0.069 0.034 0.035 (6.51) (3.91) (9.84) (5.95) - -
H 0231  -0.022 0.039 0.045 061 .276% (4.63)*** (5.40)*** i i
) ) ) ) (3.62) (4.07) ' '
H-L -.108 .047%* .005 .010
ttest | (-1.55)  (2.40) (0.29) (0.15)
MWW | (-1.68)*  (6.40)***  (4.18)***  (1.61)
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C.2 F-rank (median), median returns t-test MWW median

Amihud L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*

- - - - .132*** .159***

L -0.240 -0.180 -0.048 -0.081 (82.75) (20.43)

.055***  370***

H -0.375 -0.046 0.009 -0.005 (10.59) 21.77)
HoL -.135* 1347 057*** .076*
- (-2.85)  (42.58) (16.92) (2.94)

The structure of the table follows exactly the presentation of the previous results regarding the
F-Score/F-rank and the information uncertainty proxies. Panels A.1 (A.2), B.1 (B.2) and C.1
(C.2) contain the winsorised mean (median) portfolio returns and the respective parametric
and non-parametric test results. The analysis of the horizontal mean return differentials
indicates strong support for the ability of all three investment strategies to distinguish between
future outperformers and underperformers. The highest percentage differences can thereby be
found in panel A.1 within the low-liquidity tercile. For instance, the percentage differences
between the high/low and the highest/lowest portfolios amount to 17.1 and 22.3 points,
respectively, which are significant at the 1% level. Although the median F-rank strategy
shown in panel C.1 earns a 27.6 percentage point highest/lowest differential within the high-
liquidity portfolios, the difference for the high/low portfolio is only 6.1 points. In comparison,
the F-Score strategy returns 12.4 and 15.6 percentage points in the same setting. This speaks
for a smoother return pattern than in the case of both the mean and the median version of the
F-rank. However, without any exception, all the parametric tests are highly significant; the F-
Score t-statistics are the highest with only one exception. Exactly the same results are
observable for the MWW tests. Overall, therefore, it can be concluded that the analysed
strategies perform as expected within the same liquidity tercile.

Regarding the vertical return differences, the test statistics are weaker, especially for both of
the extreme portfolio fquintiles, for which no significance was found. Panels A.1, B.1 and C.1
document some significance but only for the low fquintile differentials without any exception.
In this regard, the high-liquidity portfolio of the mean F-rank approach in panel B.1
outperforms its low counterpart within the low fquintile by 6.0 percentage points and with
significant t-statistics of 3.48. Higher levels of significance are reported in the non-parametric
test environment. This is the case across all three investment strategies but is again limited to

the low and high fquintiles only.

Regarding the median portfolios in panels A.2, B.2 and C.2, the test results generally
resemble those of the previous portfolios. The horizontal differentials are with one exception
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significant at the 1% level throughout, while the vertical counterparts are mostly relevant only
within the low and high fquintiles. This means that high-liquidity portfolios perform relatively
better, which is in favour of the liquidity hypothesis.

Hence, the observations in table 5.6 lead to the following conclusions. Firstly, all three of the
proposed investment strategies perform as expected in the two-way environment, in which
liquidity represents the second dimension. Investors with a long-short strategy profit in
particular due to the large spreads between the lowest/low and the high/highest portfolios.
Hence, there is strong evidence that the lion’s share of the success of the investment strategies
is attributable to illiquid stocks. Secondly, the assumption of investors’ liquidity preference is
confirmed. This is due to the consistent outperformance of the high-liquidity terciles as
opposed to the low-liquidity terciles. In other words, this means that investors are more
willing to buy (sell) high-liquidity (low-liquidity) stocks because all of these stocks share
common firm characteristics, as indicated by their respective fquintile. Because the
probability is very high that firms in one specific fquintile will have similar returns over the
next year, investors are better off choosing more liquid stocks. Thirdly and lastly, long-short
investors especially should be interested in the higher return differentials predominantly in the
low-liquidity terciles. However, this does not automatically imply that low-liquidity portfolios
come with a premium, which would be the exact opposite of the previous point. Consequently,
the question about the cause arises. The answer is likely to be found in the low fquintiles
across all the panels in table 5.6, in which both the parametric and the non-parametric t-
statistics are at least significant at the 10% level. This leads to the conclusion that investors
heavily sell low-liquidity portfolios and buy high-liquidity portfolios instead. Due to this
aggressive selling process, the high/low horizontal return differential of the low-liquidity
tercile increases as a consequence. This can be seen in panel B.1, for example. Vertically, the
percentage difference in the low (L) F-rank fquintile amounts to 6.0 points, with relatively
high t-statistics of 3.48. The selling of the low-liquidity portfolio leads to a negative one-year
return of 7.5%. This, in turn, is partly responsible for the horizontal 11.1 percentage point

difference between the high and the low F-rank fquintiles.

In all of those cases in which the vertical non-parametric test results are consulted, the same
behaviour is identifiable for the high fquintiles, the differentials of which now become
significant. Interestingly, the t-statistics are also consistently lower for these high fquintiles.

For instance, the high mean F-rank portfolio in panel B.1 exhibits vertical MWW results of
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2.57 compared with the low fquintile with 9.29. As mentioned before, the horizontal high/low
differences for the low-liquidity terciles outperform their more liquid counterparts. Therefore,
the trading behaviour between the high and the low fquintiles must be asymmetric. In other
words, the negative (positive) price move of the low-liquidity (high-liquidity) tercile and low
fquintile is more pronounced than for the low-liquidity (high-liquidity) tercile and high F-
fquintile. With regard to the Amihud measure, it can therefore be concluded that illiquidity is
a key driver of the F-Score/F-rank investment strategies, as stated in hypothesis 5.3a.
However, investors prefer more liquid stocks once the portfolio constituents feature the same

attributes determined by the same fquintiles. Hence, hypothesis 5.3b is confirmed.

5.6.2 The second liquidity proxy: The ToR measure

The last part of this chapter deals with the turnover ratio, or ToR measure, which represents
an alternative to the Amihud liquidity measure. It is an alternative in the way that it captures
the trading quantity dimension rather than the price impact dimension. Hence, its introduction
serves as a robustness check for the latter and therefore the results are expected to be
analogous. Finally, it is also used as a tool to categorise stocks as either low or high book-to-
market firms. The method of calculating the ToR ratio itself can be referred to in section
3.5.2.4. The results of the two-way portfolios with ToR as the second dimension are

summarised in table 5.7.
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Table 5.7 Two-way ToR portfolios

Al F-Score, mean returns t-test MWW median
ToR L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
215%*%* 288 ***
L -0.214 -0.165 0.050 0.074 (9.60) (7.63) (12,62 (9.69)** - -
116*** 166*** - -
H -0.096 -0.068 0.048 0.070 '(6 05) ( 4.48) (9.10)*** (6.16)***
H-L 118*** .097*** -.002 -.004
ttest | (2.77) (4.03) (-0.15) (-0.12)
MWW | (3.46)***  (5.23)***  (0.99) (0.56)
A2 F-Score, median returns t-test MWW Median
ToR L* L H H* HL  H~L* H-L H*L* HL  H*~L*
- - - - .211*** .257***
L -0.267 -0.230 -0.019 -0.010 (128.48) (71.62)
145%** - 203***
H -0.176 -0.132 0.013 0.027 - - - - (60.23) (26.66)
.091*** .098*** .032* .037
- (7.34) (22.09) (2.85) (2.47)
B.1 F-rank (mean), mean returns t-test MWW Median
ToR L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
A45x** DRgFEx*
L -0.216 -0.131 0.014 0.043 .17) (5.89) LTy (958 - -
055*** 121*** - -
H -0.085 -0.012 0.043 0.036 (3.67) 2.92) (5.09)*** (4.84)**
H-L 131> 119%** .029* -.007
ttest | (2.76) (6.94) (1.86) (-0.17)
MWW | (4.37)***  (9.73)***  (2.30)**  (-1.08)
B.2 F-rank (mean), median returns t-test MWW Median
ToR L* L H H* HL  H*~L* H-L H*-L* HL  H*~L*
- - - - .164*** .351***
L -0.343 -0.208 -0.044 0.008 (102.00) (88.42)
051***  171%**
H -0.191 -0.061 -0.010 -0.020 - - - - (16.56) (16.21)
HoL 152%** A47FF* .034** -.028
- (12.14) (86.91) (7.45) (-0.45)
C1l F-rank (median), mean returns t-test MWW Median
ToR L* L H H* H-L  H~L* H-L H*-L* HL  H*~L*
A29%** Q27 ***
L -0.196 -0.116 0.013 0.031 (7.06) (455 | 049y (6.87)mr - .
058*** 074 - -
H -0.065 -0.020 0.038 0.009 '(3 7 '(1 52) (6.68)*** (3.22)***
H-L 131> .096*** .025 -.022
t-test | (2.59) (5.32) (1.63) (-0.45)
MWW | (.30)***  (7.24)***  (2.91)***  (-0.67)
C.2 F-rank (median), median returns t-test MWW Median
ToR L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - .151*** .304***
L -0.348 -0.206 -0.055 -0.044 (87.84) (39.17)
*kx *kxk
H -0.212 -0.101 -0.010 -0.095 - - - - .((3)3164) .(21872)
H-L 136*** 105%** .045%** -.051 . .
- (10.48) (42.93) (10.82) (0.92)

Of interest first are the results of the horizontal differentials. An analysis of all the panels

from A.1 to C.2 reveals that, with one exception only, both the parametric and the non-

parametric test outcomes are significant at the 1% level. This corresponds to and therefore

confirms the previous findings of the Amihud two-way portfolios. However, the difference is

that those horizontal differences are more pronounced for the ToR measure. This means that

148




Chapter 5

long/short investors, for example, are able to increase the gap between the high (highest) and
the low (lowest) fquintiles in ten (seven) out of twelve cases and overall in seventeen out of
twenty-four cases. It is also notable that amongst the three investment strategies, the original
F-Score persistently generates the largest differentials with regard to the winsorised mean
portfolio returns. For instance, the highest/lowest differential in panel A.1 amounts to 28.8
percentage points, whereas the respective value in panel B.1 (C.1) is only 25.9 (22.7) points.
This is not always true in the two-way Amihud portfolios. Regarding the median portfolios,
this tendency is almost always observable for the F-Score strategy in panel A.2 except for the
highest/lowest differential in the low-liquidity tercile, which underperforms the other two

strategies.

The next section deals with the vertical portfolio return differences with a focus on the mean
returns of panels A.1, B1 and C.1. It is conspicuous that the lowest and low fquintiles are
highly significant in the parametric test results and, in the case of the mean F-rank, this is also
the case for the high fquintile, albeit with weaker significance. For instance, the lowest and
low F-Score fquintiles in panel A.1 show t-statistics of 2.77 and 4.03, respectively.
Throughout the three panels, higher returns are tilted towards the high-liquidity terciles.
Evaluating the non-parametric test results yields a similar picture. Although the high F-Score
fquintile remains insignificant in the MWW test, both high F-rank fquintiles are significant,
with t-statistics of 2.30 (mean F-rank) and 2.91 (median F-rank). The vertical return
differentials of the winsorised median return portfolios presented in panels A.2, B.2 and C.2
further substantiate these findings in this paragraph, which means that except for the highest
fquintiles investors prefer stocks with higher liquidity. Based on those findings, it should be
remarked, however, that this trend manifests itself particularly in the low and lowest F-
fquintiles. However, a distinction has to be drawn between the return and return differentials,
respectively, and the test statistics. For instance, the vertical percentage difference within the
low mean F-rank fquintile in panel B.2 amounts to 14.7 points, while the lowest one is higher
with 15.2 points. However, the respective t-statistics are 86.91 and 12.14, which indicates that

the preference for liquidity is more pronounced in the low fquintile.

In comparison with the Amihud two-way portfolios, the ToR measure appears to be even
better suited to uncovering the interplay between a portfolio’s liquidity and its F-Score/F-rank.
This can be derived from the lowest fquintiles, which become highly significant following

this approach as a result of the vertical parametric and non-parametric tests. In addition, the
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generally positive sign thereby suggests that investors prefer highly liquid stocks in the low,
lowest and high fquintiles, whereas they seem to be indifferent in the highest fquintile. This
implies that the arrival of good news does not trigger any buying and/or selling behaviour in
investors who already hold a portfolio composed of promising stocks, as indicated by any of
the F-strategy. This is consistent with the earlier findings in the Amihud environment of
section 5.6.2. Opposed to that, most action is taken by investors who hold low-quality
portfolios. Apparently, bad news is perceived as a signal that stocks that already underperform
are deemed to continue this trend in the future. In the two-way ToR tables only, investors
seem less surprised by the publication of bad news and the trading activity abates within the
lowest fquintiles as a consequence. Once the ToR measure is equated with the BM ratio, the
results are also in line with the research on the value premium, as higher liquidity is
associated with a higher BM ratio and therefore higher returns for these stocks. Regarding

both liquidity hypotheses, the results are generally as expected.

5.7 Discussion of the research findings and links to the literature

The final section of this chapter discusses the previous research outcomes of the two liquidity
proxies with regard to the extant literature. Because those findings, on the whole, coincide,
the following discussion distinguishes between the Amihud and the ToR measure only if
explicitly stated.

As summarised by Bekaert et al. (2007), liquidity is a decisive factor in asset pricing,
although the academic dispute on how exactly prices are affected appears to be far from
settled. Nevertheless, Amihud’s (2002) findings of an illiquidity premium were generally in
support of hypothesis 5.3a during the analysis of the UK stock market. This means that less
liquid stocks are the decisive factor for the success of both the F-Score and the alternative
investment strategies. Generally, this is not surprising in the light of some of the established
models that were developed by Amihud and Mendelson (1986), Acharya and Pedersen (2005)
and Liu (2006) and that have been used by researchers to document this illiquidity premium.
Liquidity itself is a term that features multiple facets. Based on the general description of the
term, the presence of liquidity allows investors to trade large quantities in a timely manner, at
low costs and with little impact on an asset’s price (Liu, 2006). As a consequence, there are

four dimensions to liquidity, which are the trading quantity, trading speed, trading cost and
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price impact. The present study employs two of these, namely the price impact dimension
(Amihud) and the trading quantity dimension (ToR). However, as they are used singly, that is,
not as a composite that captures both of those dimensions, it is likely that some features of
liquidity are omitted, even the ones that they are supposed to capture (Liu, 2006). This
disadvantage was noted earlier. Amihud (2002) himself described his liquidity measure as
crude but pointed out its advantages, such as data availability. Likewise, Pastor and
Stambaugh (2003) described liquidity proxies in general as arbitrary.

It is most likely for this reason that other researchers will call the findings on the illiquidity
premium into question. Vayanos (1998), for instance, developed a theoretical model that
suggests that illiquidity is not likely to have a major effect on stock prices. In a recent paper,
Asparouhova et al. (2010) focused their attention on possible biases in tests of those studies in
which an illiquidity premium was found. Based on the widely accepted assumption that
illiquid stocks deserve a premium, the authors suspected that regressions were designed
accordingly to find such a premium. Their results indicated that almost half of the premium
estimates in the stock market were due to noise. They also added that “false” premiums are

likely to exist in other asset classes as well.

Regarding hypothesis 5.3b, the present findings in the UK support the liquidity hypothesis.
Once stocks are assigned to portfolios with similar characteristics, higher liquidity is found to
be associated with higher one-year stock returns. From the critics’ point of view, the belief in
an illiquidity premium that actually does not exist is justified by arguments in favour of a
liquidity premium. This statement is rooted in the fixed-income markets, in which
observations have shown that market participants are prone to shift their invested monies from
less liquid to more liquid bonds. Of course, this so-called flight to quality is only justified in
those cases in which the bonds have different risk characteristics attached to them. However,
Longstaff (2004) noted that in recent times a phenomenon known as flight to liquidity has
emerged, which challenges the efficient market hypothesis of Fama (1970). In an efficient
market, two assets with similar future cash flows should have the same present value, as noted
earlier. Longstaff (2004) found a liquidity premium of up to 15% for similar US treasury
bonds, which he partly attributed to behavioural aspects such as consumer confidence. Here,
too, the assumption of Asparouhova et al. (2010) that this behaviour is also present in other
asset classes, such as the UK stock market, seems valid, although in the another direction.

Moreover, if flight to liquidity is observable to such a large extent in one of the safest
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securities in the financial markets, it is by no means too far-fetched to assume that liquidity
premiums should be observable in the stock markets as well. This would explain the strong
response, especially in the low fquintiles, which is corroborated by the high t-statistics. If, for
instance, market participants with a contrarian view invest in stocks with weak fundamentals,
that is, with a low F-Score/F-rank, in anticipation of a turnaround, bad news is not conducive
to triggering this turnaround. Investors who are caught wrong-footed would subsequently
switch to higher-liquidity stocks with otherwise similar characteristics and would also be
prepared to pay higher prices. This kind of investor behaviour can be inferred intuitively.
Karolyi et al. (2012) referred to a scenario in which stock prices are declining or a danger of
market illiquidity is looming. In these cases, investors are prepared to accept higher stock
prices if this gives them the assurance to liquidate their portfolio at a reasonable cost if
necessary. This interplay between the general market and a stock’s individual liquidity on the
one side and how it affects investors and stock prices on the other side is the above-mentioned
concept of commonality. Karolyi et al. (2012) remarked that although commonality in stock
markets has been proven empirically, little research has been undertaken on its drivers.
Although answering this question is not the aim of this research, the behavioural aspect could

still serve as an explanation for the key drivers of the F-Score/F-rank strategies.

Bali et al. (2014) presented a behavioural explanation for the liquidity premium in the cross-
section. They agreed with Amihud and Mendelson (1986) on their first observation insofar as
illiquidity is priced. However, with regard to the liquidity hypothesis, the increase in a firm’s
value appears not to be based on lower transaction costs, that is, a lower bid—ask spread, and
therefore lower required rates of return, but rather on investors’ under-reaction to liquidity
shocks. In this context, positive (negative) shocks were defined as increases (decreases) in a
stock’s liquidity relative to its past 12-month average. After establishing long-short portfolios
similar to the ones in this study, statistically and economically significant monthly returns
between 0.70% and 1.20% were reported for US stocks for the period 1993 to 2010. Thereby,
the variance of returns is due to the different liquidity measures used. These returns were
achieved by going long (short) in stocks with positive (negative) liquidity shocks. In addition,
the positive correlation between the liquidity shock and the stock returns was found not only
to be contemporaneous but also to last for up to seven months. Interestingly, the results were

robust after controlling for size, book-to-market, beta and other factors.
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The reason for a longer transition from illiquid to liquid portfolios is possibly accompanied by
investors’ inattention (Bali et al., 2014) and herding behaviour (e.g. Ivkovi¢ and Weisbenner,
2007; Ng and Wu, 2010), especially amongst stocks with lower institutional ownership. With
regard to inattention, Hirshleifer et al. (2013) summarised the evidence of recent work on this
topic and stated that particularly less salient public information is not reflected immediately in
stock prices. If, by contrast, financial statement information, namely the F-Score/F-rank, is
regarded as salient public information, the stock prices should adjust more quickly. However,
this seems not to be the case, as shown by Choi and Sias (2012). According to the authors,
financial strength information is gradually incorporated over time when sophisticated market
participants, such as institutions, react first to changes in fundamentals. Following that, less
sophisticated investors follow, which could be interpreted as a sign of herding behaviour.
Under this assumption, liquidity as a proxy for investor behaviour is a key driver in

explaining the higher returns of higher-liquidity portfolios for all fquintiles and F-strategies.

As described in section 3.5.2.4 regarding the distress risk puzzle, the turnover ratio can also
be used to subdivide the sample into high-BM and low-BM firms. Applying the logic of
Bulan et al. (2007) to the two-way ToR portfolios, this means that portfolios in the high-ToR
(low-ToR) tercile are high-BM (low-BM) firms that are large (small), pay (do not pay)
dividends and are financially healthy (distressed). In this scenario, a flight to quality, proxying
for liquidity, corresponds to the research results of Nes et al. (2011). In their study, the
authors observed that investors sell small firms when the market liquidity worsens. In other
words, some investors abstain from investments before a recession altogether, while the
remaining ones build portfolios that consist of larger and more liquid stocks. Here, too,

liquidity as a proxy for size is driving the subsequent returns within the fquintiles.

In summary, liquidity is a key driver of portfolio returns for the F-Score/F-rank investment
strategies. On the one hand, illiquid stocks are the main contributor to their overall success.
Furthermore, the research findings in this chapter show that investors are willing to pay a
premium for more liquid stocks on condition that stocks have a similar future outlook. The
reason for this is a flight to quality, which is triggered by investors’ fear of decreasing
liquidity in financial markets. As a consequence, this fear translates into trading activity,
which results in higher returns for stocks with higher liquidity. This process is time-dependent
and therefore suggests that publicly available information is not incorporated into stock prices

immediately: a contradiction to the efficient market hypothesis. Firm size plays a part in this
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transition process because it is positively correlated with liquidity. Another factor that most
likely facilitates this process is herding behaviour whereby institutional investors begin the
transitioning process, which is subsequently followed by the broad market.

5.8 Chapter summary

The aim of this chapter was to analyse the key drivers of the various investment strategies.
Based on previous work in the literature, there is reason to assume that the concentration of
anomalies in small firms is a large part of their overall success. For instance, Fama and
French (2008) found a negative relationship between asset growth and average returns
amongst smaller firms, which was not present for larger firms. Further, Ayers and Freeman
(2000) documented size-based timing differences for industry information. Observing large
firms’ returns, a small-firm trading strategy returned abnormal returns of 4.5% over 12
months. Because of the various dimensions of the size—return relationship, firm size is
regarded as a proxy for different anomalies. To isolate one specific aspect of firm size, this
chapter documented the empirical research results of the F-Score and F-rank investment
strategies in relation to information uncertainty and liquidity, which, in turn, can be regarded
as a function of information availability and quality. Regarding information uncertainty, three
different measures — the size, standard deviation and mean absolute deviation of the nine
fundamental constituents — were explored. In each respective section, the chapter provided a
discussion and links to the current literature. The main focus was thereby to evaluate how
information uncertainty and liquidity drive stock returns. The interpretations were mostly

based on investor behaviour.

The key findings are as follows. Information uncertainty is a determinant of one-year-ahead
stock returns. In line with the findings of Zhang (2006), firms with higher uncertainty
underperform their low-uncertainty counterparts when there is bad news or bad signals come
from accounting information. However, this is also the case once good news hits the market.
Therefore, the first and second hypotheses are only partly confirmed. The first hypothesis is
directly adapted from Zhang (2006) to validate the original results in the UK. One possible
reason for the deviating results between the original and the present study could be ascribed to
positive skewness in the data set. Zhang (2006) only reported mean returns while omitting the

median counterparts. The second hypothesis represents an extension insofar as not only
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information uncertainty itself is measured but also its respective variability. Thereby, higher
volatilities are associated with higher information uncertainty in general. Still, the results of
Zhang (2006) were not fully confirmed.

While the argument of skewness in the data is technical, a behavioural attempt to explain the
differing research findings could be limits to arbitrage and the disposition effect, both of
which are in favour of not fully efficient markets. This means that in general investors hold on
to their losing positions while they reallocate their funds from sales of profitable positions to
low-uncertainty stocks following good and bad news. Hence, prices are continuously in
disequilibrium, as hypothesised by Kothari et al. (2010). Another insight is that firm size as an
information uncertainty proxy is not as suitable as the SDF and MADF alternatives based on

its statistical power, which agrees with similar observations by Zhang (2006).

Further key drivers of the investment strategies are liquidity-related. Cross-sectionally,
illiquidity is an important factor, which means that the returns of a long-short portfolio that is
based on the F-Score investment strategy are mainly owed to illiquid stocks. Consequently,
the first part of the third hypothesis is validated. The second part of this hypothesis refers to
the liquidity hypothesis, which states that more liquid stocks should outperform their less
liquid peers conditional on similar firm characteristics. In this regard, the F-Score was utilised
as a yardstick to group stocks with similar future return prospects. Indeed, the analyses
revealed higher returns of more liquid stocks. One rational and one behavioural reason were
given for this observation. On the one side, firm value increases as a consequence of the
decrease in the cost of capital. On the other side, under-reaction in combination with herding
by a group of investors seems to be causal. In this scenario, a first group of sophisticated
investors, such as institutions, immediately switch to more liquid stocks. The resulting price
increase is reinforced by less sophisticated investors, who follow this group. The research

findings are in line with this observation.

In summary, therefore, the knowledge has been advanced in three ways. Firstly, market
participants generally prefer to invest in companies that are characterised by a low level of
uncertainty. This relation can be established because firms with lower information uncertainty
tend to have higher subsequent returns. Secondly, the success of an investment strategy such
as the F-Score and its alternatives is more closely related to liquidity than to size and seems

able partly to explain its success. Lastly, market participants favour, ceteris paribus, more
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liquid stocks. However, these findings leave room for future research. One possible question
arises in the context of commonality in liquidity. In addition to a stock’s idiosyncratic
liquidity, both the Amihud and the ToR measure are likely to capture market-wide liquidity
factors as well. It would therefore be of interest to analyse the interplay of those two
parameters with the F-Score separately to answer the question of which one of them has a

stronger influence on its success.

The next and final empirical chapter focuses on the German stock market. It serves not only
as a robustness check for the UK results but also contributes to the limited literature on the
German stock market in general by extending prior research to examine how effective
financial health strategies are in a very different institutional setting. Finally, it contrasts the

results given the different legal systems in the two countries.
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Chapter 6 Empirical Analysis and Results — Germany

6.1 Introduction

The purpose of the previous two empirical chapters was to extend the knowledge, to gain a
deeper understanding of the functioning of the original F-Score and other financial health
strategies in the UK and to create the basis for further research in the European context. This
included the development and testing of alternative investment strategies as well as the
scrutinising of its main drivers. The evidence suggested that the success of the presented
methods is largely owed to small firms and firms with low BM ratios. Apart from that, the F-
Score method is driven by low-uncertainty firms and firms with high liquidity. Because of the
commonalities between the UK and the US regarding their market-oriented economies and
their common law legal system, the success of the original F-Score strategy in the UK might
not be regarded as surprising. As it is not known how these financial health strategies perform
in a different institutional setting, this chapter aims to provide evidence on their effectiveness.
In general, there is still a lack of evidence for other markets with respect to the original F-
Score strategy. This is intriguing because the validity of Piotroski’s (2000) US results has not
been disproved yet (Richardson et al., 2010).

To narrow this research gap and to corroborate the previous findings in a different economic
and legal environment, the following final empirical chapter of the thesis places the emphasis
on the German stock market. It pursues three main objectives. Firstly, the results of
Piotroski’s (2000) original investment strategy are checked for robustness. This ensures the
validity and reliability of this method in the European context. Secondly, it contributes to the
literature on the German stock market, which, according to Amel-Zadeh (2011), has not been
as well researched as its US and UK counterparts. As the German economy was the fifth-
largest contributor to the world’s gross domestic product in 2013, this may seem
bewildering.!* However, the reason for this is most likely rooted in the third and final point.
La Porta et al. (1997) documented that, in comparison with common law countries such as the
US and the UK, investors in code law countries such as Germany are faced with weaker

investor protection. In addition, the capital markets in those countries are smaller. In summary,

1 Source: International Monetary Fund: http://www.imf.org
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this chapter contrasts and discusses the findings from the two markets and puts them into

context with the relevant literature.

The rest of the chapter is organised as follows. Section 6.2 provides an overview of the
peculiarities of the German economy, firms and legal environment. Based on these, testable
hypotheses are developed. Following that, section 6.3 summarises the descriptive statistics
and contrasts them with the UK and the US findings. It also presents the results of the original
and ranked versions of the F-Score strategy. Sections 6.4 to 6.5 deal with the tests of the
alternative methods. The results, including the BM ratio, size and alternative uncertainty
measures, are presented in sections 6.6 to 6.9. Section 6.10 summarises and concludes the
chapter. With regards to the methodology used, the reader is referred to chapter 3 and the

appendix of this thesis.

6.2 Characteristics of the German economy

The application of the F-Score strategy and its alternatives to the German stock market is
more than just a mere replication of the previous two chapters in a different environment. Of
course, one aspect is to analyse their robustness so their successful application can be ensured
independently of the geographical region and legal system of the stock market. Another
aspect concerns the general access to financial information in bank-oriented economies as
opposed to more market-oriented economies, such as the UK and the US. In any case,
investors are better prepared to make decisions the more they know about the intricacies of
the respective financial market in which they are investing. This appears to be even more
appropriate for stock markets such as the one in Germany, which is deemed to be
underdeveloped within the group of industrial nations (Audretsch and Elston, 1997). This
phenomenon can be ascribed to the unique characteristics of the German economy. However,
according to LaPorta et al. (1998), a more generalist cause also exists. The authors found a
tendency of higher-developed markets in common law countries such as the UK than in code
law countries such as Germany. Other research suggests that the German market is not
underdeveloped but the set-up is different. This was observable in 2008 when governments
tried to avoid the financial crisis and purchased large stakes in major commercial banks. This
step was regarded less hostile in Germany compared to the UK (Andrianova et al., 2012). The
following two subsections will deal with these differences separately.

158



Chapter 6

6.2.1 The German Mittelstand

The distinctiveness of the German Mittelstand is reflected in the word itself, which is usually
not translated into English. In fact, companies that fall under this definition are so important
to the economy that a dedicated institute (1fM) for researching those companies was founded
in 1957 on the initiative of Ludwig Erhard, father of the economic miracle
(Wirtschaftswunder) and later German Chancellor."® According to their definition, equating
Mittelstand with small and medium enterprises (SMES) is not enough. The IfM postulates a
qualitative requirement as well, according to which a company has to be owner-managed.
Consequently, even large family-run businesses are defined as Mittelstand, whereas small

non-owner-managed companies are not covered by this term.

In this context, it may be questioned whether the term Mittelstand in the narrow sense of the
word, namely family-run and owned, is related to the stock market at all, in which companies
are publicly owned and mostly not managed by the owner. However, as documented later in
this chapter, firms in Germany have higher gearing than their UK counterparts, which signals
that old habits die hard. This idea was indirectly confirmed by a study by Cheffins et al.
(2013), who found that, despite the abolition of the so-called two-thirds rule® imposed by the
London Stock Exchange until the 1950s, UK corporate governance is still characterised by the
separation of ownership and control.

With regard to German firms, this is mainly not the case, though. The reason for that is likely
to be rooted in the inherently different characteristics of the economies in the UK and
Germany. Haberly (2013) analysed how the Anglo-American/liberal market economy style
(LME) affected the coordinated market economies (CME) regarding institutional organisation.
This question was raised in the 1990s due to a strategic shift of the focus of the main financial
institutions, which was supported by the policy of the German Government, which started an
extensive privatisation programme in the 1990s (Megginson and Netter, 2001). Because of the
heavy reliance on banks, firms needed to prevent the possibility of hostile takeovers in their
search for new capital. Swapping one financial institution for another appeared not to be a
viable option, because, until more recently, the bank market was shared by only three
dominant banks'” (Kwok and Tadesse, 2006). Still, many German companies tried to fend off

15 Source: Institut fir Mittelstandsforschung (1fM) in Bonn: www.ifm-bonn.org
18 To be listed on the LSE, the rule required two-thirds of the shares to be held by the public.
" Deutsche Bank, Commerzbank and Dresdner Bank (now merged with Commerzbank)
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investors whose primary goal was continuous shareholder maximisation, which in their view
threatened to undermine the stakeholder value, that is, the framework of a high-skill and high-

quality production process.

Two options appeared to be practicable in this regard. Haberly (2013), for instance,
investigated the search for what he called “patient capital” by three car manufacturers,
Daimler, Volkswagen and Porsche. This kind of capital stands in contrast to maximising
shareholder value as quickly as possible. The second option entails a limitation of outside

shareholders’ voting rights, as documented by Crane and Schaede (2005).

In this context, companies can choose the following three options. Firstly, votes can be
restricted to a certain percentage irrespective of the percentage ownership of a shareholder. At
the same time, this rule can be used to establish a blocking minority for one particular
shareholder. A well-known case is the so-called Volkswagen law, which ensures that the
German state of Lower Saxony has direct control over matters that would have repercussions
for the employees. Secondly, shares with no voting rights can be issued. Examples include the
car manufacturer Porsche, of which both the Porsche and the Piéch family own all of the
common stock with voting rights.*® A similar case is BMW, for which the Quandt family
holds a combined 46.7%"° of the company, therefore making a takeover attempt virtually
impossible. Thirdly and lastly, every transfer of shares between investors requires the
permission of the corporation. An example of this type of restriction is Munich Re, one of the
world’s largest reinsurers with one of the most successful investors, Warren Buffett, as one of

its shareholders.?°

Faccio and Lang (2002) documented the differences in corporate structure between the UK
and Germany in more general terms. Regardless of firm size, 64.62% of publicly traded
corporations are controlled by a family. This term implies an actual family or person or a firm
that is not listed on a stock exchange. The control term refers to a controlling interest above
the 20% threshold. In the UK, the same figure amounts to 23.68%. Once firm size was taken
into consideration, the authors separated the largest 20 companies while splitting the
remaining data set into two, defining firms as either medium or small. The results indicated

that 15%, 75% and 81% of the large, medium and small firms, respectively, were family

'8 Source: Porsche SE Annual Report 2013
9 Source: BMW AG Annual Report 2013
% Source: Munich Re AG Annual Report 2013
160



Chapter 6

dominated. In the UK, family ownership came to 0.00%, 19.6% and 38.67% for the same size
criteria. Interestingly, 12.5% of the large German firms had cross-holdings, which confirms
the existence of the so-called “Deutschland AG”, freely interpreted as Germany plc. This term

is used to represent the intertwined nature of these companies.

6.2.2 Investor protection in common law and code law countries

This subsection outlines the differences in the degree of investor protection with regard to a
country’s legal system. Naturally, the question of whether the traditional business habits in a
certain country are the result of legislation or whether legislation is the result of those habits
can be asked. The answer to this question is of interest to investors because it has implications
for the level of investor protection. As La Porta et al. (1999) found, civil law, as prevalent in
Germany, tends to preserve the power of the state and does not put much emphasis on
upholding private property rights, to the detriment of financial markets. An example was
given earlier by the colloquially known “VW-Gesetz”, that is, the Volkswagen law. By
contrast, common law countries such as the UK appear to be more adaptable to changes in
societal needs, as observed by Kwok and Tadesse (2006).

In general, the comparison between specific laws regarding investor protection assumes that
the general quality of the legal environment is equivalent in the countries under scrutiny, as
proposed by La Porta et al. (1997, 1998). There are different aspects of assessing this quality
in the literature, such as measuring financial transparency (Doidge et al., 2007) or the degree
of corruption (Ball et al., 2008). Considering these quality standards, Hail and Leuz (2006)
found that out of 40 international countries, the legal standards both in the UK and in
Germany are similar and above the sample average at the same time. These results were later
confirmed by Byard et al. (2011) for a sample of 20 European countries. Again, both legal
systems were found to be on or above the median qualitative requirement. By contrast, the
degree of investor protection itself was, amongst others, analysed more recently by Pevzner et
al. (2013). Out of 25 international countries, the German (UK) law achieved a below (above)

average ranking in this context.
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6.2.3 Hypothesis development

This section develops the hypotheses, which are specifically tailored to the aforementioned

characteristics of the German economy.

In general, the first part of the first hypothesis tests the success of the original F-Score
strategy after its replication, similar to the test for the UK. As highlighted in the previous two
subsections, investors are faced with a set of market characteristics that are dissimilar from
the UK and the US. Despite these differences, the F-Score investment strategy should be
universally applicable because the original idea is to provide a simple and easily
implementable tool for stock investors to generate profits consistently. Regarding the
characteristics of German firms and the German stock market, there are at least three reasons
why the original F-Score strategy could be more successful than in the UK. Firstly, the
German stock market is less liquid, even for stocks in the DAX 30, the leading stock market
index containing the biggest thirty companies by market capitalisation (Buck and Shahrim,
2005). Consequently, stock prices should react more slowly to newly released financial
statement information, which would reward investors who instantly trade on this information
before others become aware of its implications. This also agrees with the research findings by
Lesmond et al. (2004) together with Corwin and Schultz (2012), who revealed that stock
illiquidity is positively correlated with subsequent stock returns. In addition, using the
Amihud measure as an indicator of illiquidity risk, the stock returns in Germany were found
to be significantly higher than those in the UK (Liang and Wei, 2012).

Secondly, investors are left with more ambiguity about financial information as a result of
poorer accounting quality. The reason is most likely to be the opaqueness of the German
corporate culture, according to Buck and Shahrim (2005). Closely linked to that might also be
the degree of difference between the respective local GAAP and the IFRS. Daske et al. (2008),
for instance, observed greater uniformity between the UK-GAAP and the IFRS than between
the German-GAAP and the IFRS. In general, the IFRS was found to lead to better
transparency of financial information, but only in those countries where legal enforcement is
strong. Even though legal enforcement is comparable between the UK and Germany, although
investor protection is not by contrast, the majority of observations in this study are prior to
2005, when the IFRS became mandatory. This higher level of ambiguity should lead to higher

returns.
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Thirdly, as Marginson and McAulay (2008) suggested, US company managers are more
likely to engage in short-termism due to the transitory nature of the stock markets there as
compared with Germany. More concentrated stockholding by a group or family generally
encourages long-term orientation by managers and therefore increases a company’s stock
price (Bushee, 1998). This would mean that investors pay less attention to current financial
statements, which would generate more opportunities to increase the long-term returns. For

this reason, the first part of the first hypothesis is as follows:

Hypothesis 6.1: The F-Score investment strategy and its alternatives can successfully separate

future winning from losing stocks regardless of the country’s legal system.

Given that accounting data from 1992 to 2010 are analysed in this study, the majority of
financial statements were not prepared under the IFRS before it became a legal requirement in
2005. Therefore, the F-Score strategy, which is based on the US-GAAP, might not be as
successful under the German-GAAP (HGB).

One possible reason for this is the different levels of value relevance between those two
accounting principles. Bartov et al. (2005) found that, although the quality of earnings is not
affected by any regime, the US-GAAP provides generally better information to investors than
the HGB. At the same time, no difference regarding value relevance was identifiable between
the US-GAAP and the IFRS. Although the US-GAAP is not the same as the UK-GAAP,
Cuijpers and Buijink (2005) assumed broad consistence between those two principles, as
assumed in the present study. However, this observation might be outweighed by the close
bank—firm relationship, which extends a firm’s access to capital and therefore leads to higher

profitability, as hypothesised by Agarwal and Elston (2001).

However, a close bank—firm relationship might also bear a negative ramification for outside
investors that is related to the speed of information incorporation into stock prices. Ultimately,
this would influence the success of investment strategies given the aforementioned different
degrees of investor protection and differences in accessing financial information. This also
agrees with the research conducted by Hou (2007), who highlighted the central question in
financial economics of how information is incorporated into stock prices. According to the

EMH, market prices update almost instantaneously on the arrival of new information.
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Another possible mechanism that potentially speaks on this issue is the so-called lead—lag
effect, whereby certain stocks adjust prices more slowly than others to the arrival of new
information. According to Hou (2007), this effect is likely to be caused, inter alia, by
asymmetric information. This asymmetry, in turn, is likely to be fostered by both the legal
environment and the type of market orientation. In a code law/bank-oriented environment,
banks hold a unique position insofar as they have access to information that shareholders do
not have (Agarwal and Elston, 2001). Even in the case in which the same kind of information
is shared, banks with close relationships with their clients are likely to access it earlier. As a
consequence, investors could be under the impression that financial statements do not contain
much new information, which would make investment strategies less successful. To put it in
EMH terminology, the German stock market would indeed be semi-strong-form efficient

because information travels quickly to banks first, which then trade on it as insiders.

Due to the institutional environment and the dominant role of banks in Germany, the second
part of the first hypothesis is as follows.

Hypothesis 6.2: The speed of information incorporation into and reaction of stock prices is

expected to be faster for the German stock market than the UK stock market.

The second hypothesis focuses on the success of the F-Score strategy conditional on a firm’s
book-to-market affiliation, similar to Duong et al. (2014). As a secondary outcome, this
hypothesis also aims to analyse whether the investment strategies are driven by low or high
book-to-market firms. Regarding the primary focus, the test for the existence of a value
premium in the German stock market can be regarded as an out-of-sample robustness check
similar to the UK data, aiming to avoid data-mining bias. This is in line with the procedure
suggested by Ang and Bekaert (2007) and should further contribute to the mounting evidence
for the existence of a value premium outside the US. Artmann et al. (2012b) provided long-
term results that confirmed the outperformance of high book-to-market firms in the period
from 1963 to 2006 in Germany. Although the book-to-market ratio is one of the two main
drivers of stock returns in the German stock market amongst other factors, such as momentum

and asset growth, the authors provided no clear answer to its cause.

Piotroski and So (2012), in this regard, suggested a behavioural explanation for investors’

under-reaction to firm fundamentals. They made the point that investors in low-BM (high-BM)
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stocks discard worsening (improving) fundamentals due to their positive (negative)
expectations of this particular stock. If an investment strategy such as the F-Score serves as a
yardstick for the quality of firm fundamentals, then low-BM (high-BM) firms with low (high)
F-Scores should be overvalued (undervalued) and provide worse (better) subsequent returns
as a consequence. Conversely, this means that both low-BM and high-BM firms with high
and low F-Scores should be priced appropriately. For these reasons, the second hypothesis is
stated as follows.

Hypothesis 6.3: A value premium is present in the German stock market. Therefore, firms

with higher book-to-market ratios outperform those with lower book-to-market ratios.

While one of the aims of the first hypothesis is to analyse the speed of information
transmission to stock prices, the prime focus of the third hypothesis is to research how the
differences in information quality, meaning good and bad news, are reflected in the stock
prices. As a secondary result, the purpose of this hypothesis is to uncover whether the success

of the various investment strategies is driven by small or large firms.

The basic concept regarding the prime focus of the hypothesis is that investors under-react to
information. Firm value depends on how homogeneous investors react to information, which
then has consequences for stock prices (Zhang, 2006). If investors have a clear perception of
the cause (information) and what it means for the firm (stock price), then information
uncertainty can be regarded as low and vice versa. Consequently, a more gradual price
adjustment with higher subsequent returns can be expected in cases of high information

uncertainty.

This, in general, contradicts the assumption of fast information processing according to the
EMH and favours a more heterodox explanation, as proposed by behavioural finance. To
measure the degree of information uncertainty, firm size and the volatility of financial
statement items are utilised as proxies, similarly to the previous empirical chapter on the UK
data. This is also in accordance with Zhang (2006). Because listed firms in Germany are
larger than those in the UK and larger firms are associated with lower information uncertainty,
less uncertainty is expected in the German stock market. This, in turn, has implications for the
size effect (e.g. Heston et al., 1999). For instance, Amel-Zadeh (2011) highlighted that,
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although there is international evidence for this effect, its markedness might be dependent on

the market structure and the stage of market development.

However, this dependency might be outweighed in those cases in which investors’ trading
behaviour is highly homogeneous. This might apply to the German stock market. The reason
is that due to the larger firm size and international exposure of German firms, the German
stock market is likely to resemble the ones in the UK and the US. For this reason, Zhang’s

(2006) initial hypothesis is upheld and stated as follows.

Hypothesis 6.4: Firms with higher information uncertainty, proxied by firm size and the
volatility of financial statement items, provide higher (lower) subsequent returns following

good (bad) news.

6.3 An overview of the German data set

In chapter four, table 4.1 documented the availability of accounting data for establishing the
F-Score in the UK and Germany. Regarding the latter, 5,944 observations are available over
the period 1992 to 2010. This number represents only approximately a quarter of the 20,053
UK observations within the same period and already confirms the research outcomes of La
Porta et al. (1997) with respect to smaller stock markets in code law countries. Figure 4.1

serves as a visual interpretation of the same fact.

6.3.1 Descriptive statistics of German firms

Before reconstructing the various investment strategies in the German stock market, the
descriptive statistics of the individual F-Score contributors are outlined in table 6.1. For
instance, the average firm has market capitalisation of 1.9 billion euros, with total assets of
3.7 billion euros. In terms of profitability, the mean (median) return on assets amounts to 0.16%
(2.73%), with a change in that figure of -7.82% (0.15%) per year. As for the UK firms, the
remaining four columns present the standard deviation of each item, the number of those

observations that feature a positive sign as well as the minimum and maximum values.

166



Chapter 6

Table 6.1 Financial characteristics of German firms

Variable Obs. Mean Median | Std dev. % Min. Max.
positive

ROA 5,945 .0016163 | .0272971 | .4593706 | 71.51 -18.17 23.57
CFO 5,945 .0036422 | .0676565 | 3.000476 | 76.79 -226.06 | 13.00
AROA 5,945 -.0781931 | .0015073 | 4.520867 | 52.30 -267.88 | 74.32
ACCRUAL 5,945 -.0020259 | -.047531 2.963618 | 25.33 -4.10 226.16
ALEVERAGE | 5,945 124198 .0703787 | 0.183215 | 81.87 0 4,28
ALIQUIDITY 5,945 -.1938486 | -.01 12.97 47.23 -779.84 | 250.78
AGPM 5,945 9.634123 | -8.51E-07 | 737.10 40.29 -208.70 | 56,823
ATURN 5,945 -5.263847 | .0031555 | 346.20 50.83 -26,595 | 31.79
BM 5,862 .6853576 | .5555556 | .892694 - -25.00 14.29
TASSETS 5,945 3,714,583 | 178,819 1.72E+07 | - 417 2.64E+08
Market Cap. 5,847 1,906,449 | 112,996 7,734,463 | - 0 2.14E+08

Table 6.2 presents those figures that are of most interest in highlighting the main differences
between UK and German firms. The first difference relates to firm size as measured by
market capitalisation. Public listed companies are on average twice as large in Germany as in
the UK, with values of close to 2 billion euros and 835 million GBP, respectively. Due to the
daily varying exchange rate between the GBP and the euro, this finding should be regarded as
a ballpark figure only. This is further confirmed by the total assets figure, which is
approximately 4 times higher for German firms. However, a similar trend was documented by
Leuz et al. (2003) for the median and by Hou et al. (2011) for the mean firm size. The reason
for that is most likely to be the heavy reliance on banks by German firms in comparison with
Anglo-Saxon countries with more market-based financial systems (Audretsch and Elston,
2002). In their study, the authors analysed the interplay between firm size and liquidity
constraints. They found that smaller firms appeared to be less constrained but that medium-
sized firms faced more of those constraints. This would suggest that fewer small-sized firms
would consider it necessary to satisfy their financing needs through the capital markets but
rather through their long-term banking partner. Once the company has grown to a medium
size, it only then becomes necessary to raise equity capital through a public offering.
Consequently, the amount of large firms listed in the stock market is higher than that in the
UK. Overall, however, the combined market value of all firms is larger in the UK because

more firms are listed on the stock market (Watanabe et al., 2013).

The second distinguishing factor between UK and German firms is that the accruals ratio, that
is, the net income minus cash flow from operations scaled by total assets, is overwhelmingly
negative for the latter. According to Sloan (1996), investors have difficulties in interpreting
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the two components of earnings, which are accruals on the one side and cash flow on the
other side. He also found that investors who went long in the lowest decile accrual portfolio
and shorted the highest decile portfolio enjoyed returns of 10.4% on average during the period
from 1962 and 1991 in the US. Although the accruals variable is just one of the nine F-Score
components in this research, it highlights the requirements for firms within their respective
judicial area. Because the accrual ratios are much lower for German firms, this could be
indicative of stricter accounting rules, especially before the compulsory introduction of the
IFRS standards on 1 January 2005 (e.g. Hung and Subramanyiam, 2007). According to Guay

Table 6.2 Comparison of financial characteristics

Variable Obs. Mean Median | Std dev. | % positive
Market Cap. (DE) 5,847 | 1,906 112,996 7,734,463 | -
Market Cap. (UK) | 19,485 | 835.65 | 42.03 5,141 -
ACCRUAL (DE) 5,945 | -.0020259 | -.047531 | 2.963618 | 25.33
ACCRUAL (UK) 20,053 | -.0462963 | -.04271 4.350192 | 73.49
TASSETS (DE) 5,945 | 3,714,583 [ 178,819 | 1.72E+07 | -
TASSETS (UK) 20,053 | 968.94 53,133 6,245,722 | -
ALEVERAGE (DE) | 5945 |.124198 .0703787 | 0.183215 | 81.87
ALEVERAGE (UK) | 20,053 | .1386251 | .0617856 | 0.740685 | 66.44

and Verrecchia (2006), strict accounting systems are characterised by more timely recognition
of losses than of gains. Kaserer and Klingler (2008) confirmed the US results for Germany
insofar as earnings were less persistent with regard to the accruals than with regard to the cash
flows of the previous financial year. Their sample covered the period between 1995 and 2002.
This was especially observed amongst those German firms that prepared financial statements
under either the IFRS or the US-GAAP and not the German-GAAP (HGB). Interestingly, the
authors did not find an accruals anomaly, like Sloan (1996), before the voluntary adoption of
the IFRS before the year 2000. The observations summarised in table 6.2 are consistent with
Pincus et al. (2007), who conducted research on the accrual anomaly in 20 countries. They
found that the likelihood of the anomaly increases in countries with a common law legal
tradition, non-concentrated stock ownership and less strict rules for accrual accounting.
Further, earnings management appeared to be causal for the existence of the accrual anomaly.
Regarding the accrual ratio in this study, this would mean that earnings management is less
pronounced in Germany than in the UK. Due to the negative relationship between net income
and subsequent stock returns, German stock returns should be higher. In addition, the
relatively low percentage of positive accrual ratios of 25.33% amongst German firms, as
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shown in table 6.2, indicates that in general this measure as part of the overall F-Score should

be more reliable in forecasting stock returns.

The third and last distinctive point is the higher gearing of German companies. This is a
consequence of the first point regarding firm size. As mentioned earlier, small firms tend to
have easier access to outside capital due to their long-term relationship with their bank. Once
the threshold to a medium-sized firm is exceeded, the firm would need to raise capital in an
initial public offering, while part of the debt would still remain on the balance sheet. Because
debt is a large part of the overall financing needs, the equity ratio, that is, the market
capitalisation divided by the total assets, is also lower in comparison with UK firms. The
respective ratios are approximately 51.3% (63.2%) in Germany and 86.2% (79.1%) based on
the mean (median) version of numerator and denominator. However, the management
decision about a company’s capital structure is in accordance with the pecking order theory in
both the UK and Germany. As documented by Antoniou et al. (2008), managers are reluctant
to raise expensive equity capital unless no other option is available under this theory. As the
best option is to generate funds internally, an inverse relationship between profitability and
gearing was predicted and identified in both markets. In summary, the comparison and
interpretation of the different financial characteristics between UK and German firms is in

line with the previous findings in the literature.

The next table contrasts the one-year and two-year buy-and-hold stock returns of Germany
(DE), the UK and the US and represents the equivalent of table 4.3 in the previous fourth
chapter. Compared with the two Anglo-Saxon stock markets, both the negative and the
positive returns of the two periods are less pronounced in Germany, which indicates a slightly
smaller width of the distribution and therefore a smaller standard deviation. This is confirmed
by the last column of table 6.3, which contains information about the standard deviation. In
general, however, all three stock markets are in line with each other regarding their buy-and-

hold returns.
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Table 6.3 Comparison of buy-and-hold returns between German, UK and US firms

Returns | Mean 10" 25" | Median | 75" 90" % S.D.
pctile | pctile pctile | pctile | positive

1Y (DE) | 5.23E-17 |-0.491 | -0.271 | -0.046 0.191 0.483 | 0.450 0.493
1Y (UK) | 6.15E-17 | -0.558 | -0.306 | -0.048 0.229 0.542 | 0.451 0.511
1Y (US) | 0.059 -0.560 | -0.317 | -0.061 0.255 0.708 | 0.437 -
2Y (DE) | 4.19E-17 |-0.731 | -0.442 |-0.111 0.243 0.781 | 0.405 0.778
2Y (UK) | -2.36E-17 | -0.802 | -0.496 | -0.118 0.304 0.822 | 0.424 0.794
2Y (US) | 0.127 -0.872 | -0.517 |-0.111 0.394 1.205 | 0.432 -

Piotroski (2000) did not report this figure, but the results are in line with the findings by
Dellas and Hess (2005). According to the authors, the stock returns in the period from 1980 to
1999 were significantly related to the degree of financial development. In total, 49 stock
markets were analysed and higher stock returns were associated with higher volatility. As
both Germany and the UK can be regarded as developed markets with a high-quality banking
system, the standard deviation measure for the two periods is similar, as expected. By contrast,
the standard deviation in emerging markets was found to be at least twice as high in the
majority of cases. With regard to the overall return performance of the German stock market,
less than half of the tradable stocks show positive returns after one year. This is also valid for
the two-year investment horizon and similar to the UK findings as well as the US findings
originally documented by Piotroski (2000).

6.3.2 Correlation matrix and basic F-Score strategy in Germany

Similar to the analysis of the UK stock market, the next table presents the Spearman
correlation matrix. Of particular interest is the relationship between the composite F-Score
and the winsorised and non-winsorised one-year and two-year stock returns, which are
highlighted in bold at the bottom of table 6.4. The results are highly significant at the 1% level
for all of the four combinations, with only very little difference between the winsorised and
the non-winsorised version of the returns. As outlined in chapter 4, each of the nine variables
is assigned to one of the three dimensions that are used to evaluate a firm’s financial health. In
general, all nine variables contribute significantly to the overall F-Score, as can be seen from
the bottom row of the table. However, similar to the UK, accruals are of least importance to
the overall F-Score amongst the four profitability F-components, although they are stronger
than in the UK.
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However, the picture looks different once the correlations between the individual variables
and the four return measures are established. Amongst the three financial health dimensions,
all the variables within the profitability part are highly significant. For instance, the
correlation between the cash flow from operations (CFO) and the subsequent one-year
winsorised stock return amounts to 0.151. Across the profitability measures and in total, both
return on assets (ROA) and CFO feature the highest stock return correlation, indicating that
they are crucial to the success of the F-Score investment strategy.

The remaining two dimensions, that is, leverage, liquidity and source of funds and operating
efficiency, show much weaker results within the same setting. In both cases, less than 50% of
the variables in those two dimensions provide statistically significant results. In other words,
only the issuance of equity capital (EQO) and the change in asset turnover (ATRN) are
relevant to future stock returns in most cases. Investors appear not to pay much attention to

changes in the level of gearing (ALEV), liquidity (ALIQ) and gross profit margin (AGPM).

6.3.3 Comparison of correlation matrices between Germany, the UK and the US

The next section contrasts the results of the Spearman matrix regarding the German, the UK
and finally the US stock market to validate the findings of the original study. Generally, the
profitability dimension of both European markets includes those variables that contribute the
most to the F-Score and that are highly correlated with future stock returns at the same time.
Both ROA and CFO are indispensable financial statement items that represent the key drivers
of the investment strategy. Similar findings were documented by Piotroski (2000). The
remaining two profitability measures, AROA and ACC, are significant in Germany and the

UK, albeit to a much lesser extent than the first two.

Interestingly, this changes once the focus shifts to the second dimension of leverage, liquidity
and source of funds. In this scenario, the change in liquidity (ALIQ) variable is significant in
the UK but not in Germany. The same applies to the change in financial gearing (ALEV)
measure, which is significant for the two-year UK stock returns only but insignificant in
Germany. However, investors in both markets seem to pay close attention to a firm’s
propensity to raise equity capital. Considering the correlation figures, this is approximately

twice as important to the market participants in Germany as to those in the UK. By way of
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illustration, the correlation between the EQO variable and the one-year-ahead stock return
amounts to 0.070 (0.033) for Germany (UK) and 0.041 for the US.

A glance at the last dimension, representing operating efficiency, reveals that for both
European stock markets the change in the gross profit margin (AGPM) does not play any role
in determining the subsequent one-year and two-year returns. In fact, the correlation is even
negative in the case of the UK and, apart from that, this F-component generally has values
close to zero. Regarding the US data, AGPM has higher correlation values and the fifth-
highest correlation for both the one-year and the two-year stock returns. The second and last
component in this dimension is the change in asset turnover (ATRN). This variable is
significant in three out of four cases in Germany. For instance, the correlation with the

winsorised one-year return amounts to 0.038. However, the same variable is without
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Table 6.4 Spearman correlation matrix between stock returns, F-components and F-Score?

Variable 1) Profitability I1) Leverage, liquidity and I11) Operating Returns F-Score
source of funds efficiency
ROA CFO AROA ACC ALEV ALIQ EQO AGPM ATRN RET W_RET RET2 W_RET2 | F-Score
ROA 1 - - - - - - - - - - - - -
CFO 0.410*%** 1 - - - - - - - - - - - -
AROA 0.248***  0.082*** 1 - - - - - - - - - - -
ACC -0.132***  0.414***  -0.083*** 1 - - - - - - - - - -
ALEV 0.035 0.001 0.031 -0.011 1 - - - - - - - - -
ALIQ 0.113***  0.018 0.143***  -0.076*** | -0.056*** 1 - - - - - - - -
EQO 0.025 0.104***  -0.023 0.069*** | 0.014 -0.074*** 1 - - - - - - -
AGPM -0.081***  -0.001 0.121***  0.051*** | 0.002 0.063***  0.075*** 1 - - - - - -
ATRN 0.054***  0.018 0.292***  -0.005 -0.060***  0.001 -0.062*** | -0.044*** 1 - - - - -
RET 0.132***  0.150***  0.044***  0.065*** | -0.002 0.025 0.069*** | 0.015 0.040*** | 1 - - - -
W_RET 0.131***  0.151***  0.043***  0.067*** | -0.002 0.026 0.070*** | 0.016 0.038*** | 0.999*** 1 - - -
RET2 0.170***  0.178***  0.051***  0.083*** | 0.011 0.026 0.074*** | 0.009 0.036*** | 0.750***  0.751*** 1 - -
W_RET2 | 0.166***  0.180***  0.048***  0.088*** | 0.011 0.026 0.077*** | 0.013 0.032 0.750***  0.751***  0.999*** 1 -
F-Score 0.460***  0.528***  0.551***  0.305*** | 0.266***  0.339***  0.308*** 0.346*** 0.354*** | 0.147***  0.147***  0.172***  0.173*** |1

% The nine F-components are correlated between each other, one-year and two-year returns (RET and RET2), one-year and two-year winsorised returns (W_RET and W_RET2) and the F-Score. All

the F-components are correlated using their binary score of either 1 or 0 representing good or bad financial performance.
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significance in the UK. Piotroski (2000) reported the second-lowest and lowest correlation

values for the same variable for the one-year and two-year investment horizon.

To summarise the results of all three stock markets, table 6.5 presents the nine F-components

ranked according to their influence on the following one-year winsorised stock returns.

Table 6.5 Correlation between F-components and one-year winsorised returns

Germany UK US

Variable p Variable p Variable p

CFO (1) 0.151 CFO (1) 0.163 CFO (1) 0.096
ROA (1) 0.131 ROA (1) 0.144 ROA (1) 0.086
EQO (II) 0.070 ACC (1) 0.054 ALEV (11) 0.055
ACC (1) 0.067 EQO (1) 0.033 ACC (1) 0.053
AROA (1) 0.043 AROA (1) 0.023 AGPM (111) 0.042
ATRN (111) 0.038 ALIQ (1) 0.020 EQO (1) 0.041
ALIQ (1) 0.026 ALEV (I1) 0.018 AROA (1) 0.037
AGPM (111) 0.016 ATRN (111) 0.014 ATRN (111) 0.034
ALEV (11) -0.002 AGPM (111) -0.009 ALIQ (11) 0.032
F-Score 0.147 F-Score 0.130 F-Score 0.121

As detailed earlier, each variable is part of one out of three dimensions that assesses one
specific financial aspect of a company. The association with this dimension is indicated in
parentheses. The variable with the highest correlation, represented by the Greek letter p, is
ranked first. As can be seen, profitability measures play a vital part in the success of the F-
Score investment strategy in Germany and the UK. These financial statement measures are
ranked consistently within the top five F-components. By contrast, measures of operating
efficiency can mostly be found at the bottom of the table. The results for the US are not as
clear-cut as for the European market, which indicates that a broader range of F-components is
causal for the subsequent returns. Generally, however, profitability measures play a dominant
role. Despite the focus on the profitability measures, the F-Score correlation is highest in
Germany followed by the UK and significant similar to the US. Expressed as R? more
variance is shared between the F-Score and the stock returns in Germany than in the UK and

the US. In summary, therefore, the results confirm that the F-Score investment strategy works
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in Germany as well. This represents a firm grounding on which to proceed with the more

detailed analysis, which follows next.

6.3.4 Analysis of one- and two-year buy-and-hold returns in Germany

Analogous to table 4.5 for the UK, table 6.6 contains the German one-year and two-year buy-
and-hold returns of the 5,945 sample firms. These are subdivided vertically into ten portfolios
according to their overall F-Score. Horizontally, the columns include the mean, the five
percentiles, the percentage of positive stock returns and the amount of observations for each
of the ten portfolios. From the last column of the table, it is evident that, compared with the
UK, the German data set is tilted towards higher F-Scores. This, in turn, is directly related to
the firm years of the F-Score, as presented in table 3.4, and highlights the need to construct
the fquintiles in a slightly different way for the German data. To obtain balanced fquintiles,
that is, fquintiles that ideally contain an equal amount of stocks in the lowest/highest and
low/high fquintiles, firms with an F-Score of up to 3 (4) are assigned to the lowest (low)
fquintile. This is in contrast to the UK, for which the lowest (low) fquintile consists of stocks
with a maximum F-Score of 2 (3). The middle fquintile thereby serves as a buffer and is not

subject to further analysis.

As before, the structure of table 6.6 is kept consistent. The mean returns in panel A document
an improvement from the lowest to the highest F-Score firms. Winsorised returns are shown
in italics below the respective non-winsorised figures. However, neither version of the stock
returns improves in a linear manner in comparison with the UK, as found in chapter 4. The
most likely reason for this can be attributed to the overall smaller amount of observations and
the associated smaller amount of firms within each of the ten portfolios. For instance, the
seven firms in the lowest F-Score portfolio return a negative 29.7% after one year. Firms with
an F-Score of 1 return 11.7% on average, but the 182 firms in the next best portfolio return
minus 13.3%. The extent of this high volatility subsequently decreases because the amount of
observations increases. Evidence for the better performance of the highest fquintile is
presented in the last two rows of panel A. The mean return of a portfolio consisting of firms
with an F-Score of either 8 or 9 is significantly different from the mean return of a portfolio
that includes the entire sample. The respective t-statistics are reported in the penultimate row
of panel A and are significant at the 5% and 1% level depending on the non-winsorised and
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winsorised return version, respectively. Even better results are reported where the average

returns of the highest (H*) and lowest (L*) F-Score portfolios are analysed.

The above-mentioned process was replicated for the two-year buy-and-hold returns and the
results are presented in panel B. It is observable that the efficiency of the F-Score strategy
weakens once the investment horizon is extended. This is particularly the case once the
returns of the highest F-Score portfolio are compared with the performance of the entire data
set. The non-winsorised t-statistics are insignificant, while the winsorised results are only
significant at the 10% level, although very marginally. The picture improves dramatically
once the highest and lowest portfolios are compared. In this scenario, both versions of the
stock returns are highly significant.

Overall, the one-year performance of the F-Score strategy in Germany is comparable to that
of the UK. This means that the H*—All as well as the H*~L* return differentials are at least
significant at the 5% level. However, the two-year results are weaker with regard to the H*—
All differences in the two-year environment, with only the winsorised differences being
significant at the 10% level. The reason for this might be the smaller sample size, whereby
outliers exert an unduly large influence on the means. A good example is the mean return of
11.9% for firms with an F-Score of 1 in panel B of table 6.6. This return is based on 43
observations only and is considerably higher than in the UK, where the mean return of 197
firms amounts to -12.6% (table 4.5). As the original intention by Piotroski (2000) was to
separate winning from losing stocks, the results of the differences between the mean portfolio
returns of the highest/lowest (H*—L*) portfolios are considered as the decisive factor. This is
of great interest particularly for investors who are interested in a long/short investment
strategy. In this regard, the German results are also comparable to the US. The respective US

t-statistics for the one-year (two-year) winsorised returns amount to 5.590 (5.749).
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Table 6.6 One-year and two-year buy-and-hold returns of F-Score portfolios®

Panel A: One-year bu

y-and-hold returns

0,
Mean 10% 25% Median 75% 90% /0 Obs.
pOSItlve
| 86E-11 | -0500 |-0283 |-0056 |0182 |0474
ALTIrms | o Jr 10 | -0491 | -0271 | -0046 | 0.191 0.483 0.440 5,945
F-Score
o | 0299 |0747 |-04% | 0364 |-0027 |0.29 0143 ;
0297 |-0745 |-0477 |-0364 |-0024 |0.290 :
0026 | -0881 |-0637 |-0153 0267 |0.660
1 o117 |-0875 |-0632 |-0135 |0281 | 0677 0.395 43
0131 | -0685 |-0483 |-0243 0069 |0.526
2 | 0133 |-0686 |-0472 |-0228 |0095 |0527 0.302 182
0065 |-0707 |-0458 |-0179 |0124 | 0547
3 | .0064 |-06904 |-0448 |-0169 |0130 | 0555 0.353 529
0015 |-0563 |-0.334 |-0.087 |0180 |0.462
4 | .0027 |-0550 |-0325 |-0080 |0189 |0.483 0.415 892
0022 0520 |-0307 |-0087 0163 |0.463
5 | .0025 |-0515 |-0295 |-0078 |0171 | 0.467 0.408 | 1317
0002|0450 |-0248 |-0.021 0475 |0452
6 o008 |-0443 |-0234 |-0012 |0183 |0.457 0467 | 1298
0064 | -0372 |0200 |-0.000 0202 0480
T looss |-0361 |-0189 |-0013 |0211 | 0.487 0499 | 1,036
0048 | 0311 |-0180 0006 0211 |0.461
8 looso |-0302 |-0168 |0017 |0219 |0473 0.500 527
0100 | -0273 |-0180 |-0002 0187 | 0479
9 loo7r |-0269 |-0163 |0004 |0203 |0.483 0.559 114
2.243%%
H==All 15 025)
t-statistic s - - - - - - -
3.089
4,077
H*L* 1 0.000)
t-statistic s - - - - - - -
4.768
(p-value) (0.000)
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Panel B: Two-year buy-and-hold returns

0,
Mean 10% 25% Median 75% 90% - Obs.

positive
. 59E-11 | -0.766 | -0.455 |-0.124 | 0226 | 0.732
ALTIMMs | 1 3e 09 | 0742 | -0434 |-0105 | 0.241 0.758 0.535 5,615
F-Score
0 0130 | -1.231 |-1.230 |-0519 |0514 |1.974 0.429 .
0115 |-1.210 |-1.172 |-0516 |0535 1.974 :
] 0.119 1172 | -0.863 |-0498 |-0157 |0.343 0.186 13

-0.251 -1.114 -0.841 -0.498 -0.137 0.343

0216 | 0986 |-0.706 |-0.415 |0009 | 0.512
2 |-0204 |-0083 |-0685 |-0.386 |0.011 | 0512 0260 | 173

-0.139 -0.974 -0.700 -0.325 0.066 0.936

0137 |-0.954 |-0672 |-0.301 |0.078 | 0953 0288 | 517

0027 |-0809 |-0537 |-0186 |0.206 |0.788
4 |.0033 |-0801 |-0516 |-0.158 |0.231 |0.815 0.369 | 862

0028 |-0770 |-0475 |-0142 |0.189 | 0.667
° |.0018 |-0758 |-0459 |-0134 | 0208 | 0.679 0388 | 1,274

0043 | 0.638 |-0.386 |-0087 |0245 |0.701
6 0034 |-0624 |-0368 |-0074 |0263 |0.744 0426 | 1209

0095 | -0602 |-0332 |-0040 |0324 | 0839
" Joio1 |-0568 |-0326 |-0034 |0338 | 0.854 0459 | 940

0050 | -0543 |-0304 |-0.089 |0.287 |0.679
8 loos4 |-0525 |-0.286 |-0.022 |0296 | 0.695 0.474 | 475

-0.001 -0.570 -0.370 -0.067 0.236 0.680

° o013 |-0557 |-0360 |-0.067 |0236 |0.702 0426 | 115
e A | 0-946
Al 1 (0.345)
t-statistic " : - - ; - - _
(ovalue) | 1654
(0.098)
3.210%%
* | *
H*L” | 0.001)
t-statistic L ex : - - ; ; - _
(value) | 4966
(0.000)

& Values in the upper (lower) half of each cell represent non-winsorised (winsorised) one-year and two-year returns.

6.3.5 One-way portfolios with the original F-Score

Having presented the descriptive statistics of the F-Score strategy with regard to the German
stock market, the analysis now moves on to provide a more thorough analysis of this method.
This ensures the comparability with the UK findings and simulates ex ante the possible
returns that investors could have expected from the strategy during the period from 1992 to
2010. The first step is the evaluation of the one-way portfolios utilising the original F-Score
method. It should be noted that the structure of the one-way and later the two-way table
corresponds to that in the previous chapters. Table 6.7 contains the one-way results of the
investment strategy, which suggest that a distinction between outperformers and

underperformers can be achieved reliably.
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Table 6.7 One-way F-Score portfolios

F-Score t-test MWW median

Returns L* L H H* H-L H*L* H-L H*L* H-L H*L*

0.11*** 0.14***
mean | -0.078 0044 0062 0057 | iot oun | qoe7yes  (0.35)eer

0.14*** 0.20***

median | -0.198 -0.136  0.002  0.002 (74.48) (65.53)

winsd.
0.12*** 0.14***
mean -0.079 -0.051 0.064 0.062 (6.274) (4.768) (10,69  (9.36)***
0.14*** 0.21***

median | -0.190 -0.128 0.014  0.016 (76.89) (67.28)

Stars indicate statistical significance as follows: *** = 1%, ** = 5% and * = 10%.

Portfolios consisting of high (highest) F-Score firms consistently outperform their low (lowest)
complement with highly significant t-statistics throughout. This is observable for both the
parametric and the non-parametric tests. For instance, the mean return difference of the
high/low portfolio at the bottom of the table is 11.5 percentage points (rounded to 12), with t-
statistics of 6.274. Assuming a long-only investment style, the high (H) ranked portfolios
perform at least as well as the highest (H*) ranked ones in the majority of cases. The only
case of underperformance can be found in the winsorised median returns, in which the H (H*)
portfolio returns 1.4% (1.6%). In a long/short scenario, however, going long with the H*
portfolio and shorting the L* portfolio would yield a higher return (14%) than applying the
same strategy to the H/L portfolio (11%).

In summary, compared with the UK, the return differentials in Germany are less pronounced
and feature lower t-statistics at the same time. This applies particularly to the median portfolio
returns. Due to the strong statistical significance at the 1% level, it is recommendable to use it

in the German stock market.

6.3.6 One-way portfolios with an alternative: The F-rank approach

In the next step, the first alternative to the original F-Score is presented, namely the F-rank
approach. Table 6.8 summarises the respective results in two panels. The portfolio returns in
both panels were calculated as usual. However, the F-ranks were calculated using either the
average of the nine individual Fi-ranks (panel A) or its median (panel B). For a detailed
description of the computation of the Fi-ranks, the reader should refer to section 3.5.1.5 of this

thesis.
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Table 6.8 One-way F-rank portfolios

A F-rank (mean) t-test MWW median

Returns L* L H H* H-L H*L* H-L H*L* H-L H*L*

0.07%%* (.15
mean | -0.081 0027 0045 0065 | soars  (3g10) | 73y (741yeer

0.09*** 0.21***

median | -0.206 -0.104 -0.010 0.002 (37.07) (51.25)

winsd.
0.07***  (0,15***
mean -0.081 -0.034 0.040 0.067 (4.224) (4.268) (7.40) (7.41)%*
0.09*** 0.20***

median | -0.196 -0.095 -0.000 0.008 (36.26) (52.92)

B F-rank (median) t-test MWW median

Returns L* L H H* H-L H*L* H-L H*L* H-L H*L*

0.00%%* (.17
mean | -0.094 0051 0036 0078 | uln  aiee | @oryer (63

0.11*** 0.22***

median | -0.224  -0.137 -0.023  -0.005 (52.22) (44.85)

winsd.
0.09***  (.15%**
mean -0.093 -0.058 0.032 0.057 (5.005) (4.115) (8.08)** (6.82)*
0.11*** 0.22***

(51.25) (41.81)

median | -0.214 -0.127 -0.015 0.004

From the above table, it becomes clear that, due to the highly significant test statistics, the F-
rank method is coequal to the original F-Score strategy. At second glance, however, some
differences can be identified. Firstly, panels A and B are compared with each other.
Regarding the return differentials that appear in the t-test column, the median F-rank provides
investors with higher profits considering a long/short strategy, although this is paid for by
lower statistical significance. The non-winsorised H*—L* difference in the case of the median
F-rank in panel B, for example, amounts to some 17%, while its mean F-rank counterpart in
panel A only returns less than 15%. However, the respective t-statistics for the latter are 3.819
and for the former 3.568. This also applies to the winsorised portfolio returns and is
confirmed by the lower MWW and median test results in panel B.

Secondly, the F-rank strategy is compared in more detail with the original F-Score method. It
is notable that the t-statistics of the parametric and non-parametric tests are consistently lower
than those for the F-Score return differences in table 6.7, which indicates lower reliability of
the F-rank method. Besides, especially the H-L percentage point differences are lower in all
the cases as well. The H*-L* differentials are on a par with the F-Score strategy. In overall
terms, therefore, the F-rank approach has some drawbacks but is still a credible alternative for

investors.
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Thirdly and lastly, the like-for-like comparison of the F-rank strategy in Germany with the
UK reveals stronger t-statistics for the UK in general. However, on the basis of the absolute
return differentials, no definite answer can be given. In total, the use of the strategy yields
slightly better results for the UK.

6.4 The first alternative combination measures for the F-rank: An overview

Similar to the fourth chapter, which partly deals with the UK results of the mean squared
forecast errors (DMSFES), the following section and subsections of this chapter highlight the
respective results from the German stock market. As before, the detailed procedure for
computing the relevant weighted DMSFEs can be found in sections 3.5.1.6. The focus will
thereby mainly rest on the discussion of the differences between Germany and the UK. It
should be noted that the expected sign of the horizontal return differences is negative. This

makes sense because stocks with lower forecast errors should have higher returns.

6.4.2 Combination measures for the F-rank: The weighted DMSFE

To complete the presentation of the one-way DMSFE results, table 6.10 highlights the
findings of the two weighted versions of this approach. Similar to table 4.8 in the previous
chapter, table 6.9 presents the yearly composition of fquintiles from 1993 to 2010 in Germany.
There are differences in the way in which the respective cut-off points were calculated. The
lowest and highest fquintiles now contain 10% of the data instead of 5%. Nevertheless, the
cut-off points for the remaining fquintiles (L, M and H) are kept at 30%, 40% and 30%. As

usual, the lowest and highest fquintiles are included in the low and high fquintiles.
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Table 6.9 Overview of DMSFE portfolios by year

DMSFE | L* L M H H* | Total (L, M, H)
1993 0 1 0 0 0 1
1994 5 15 19 15 5 49
1995 12 35 46 35 12 116
1996 16 48 64 48 16 160
1997 21 62 82 62 21 206
1998 25 73 98 73 25 244
1999 31 93 | 124 | 93 31 310
2000 33 98 | 129 | 98 33 325
2001 40 | 119 | 158 | 119 | 40 396
2002 38 | 113 | 151 | 113 | 38 377
2003 40 | 119 | 158 | 119 | 40 396
2004 42 | 124 | 164 | 124 | 42 412
2005 46 | 136 | 181 | 136 | 46 453
2006 49 | 146 | 193 | 146 | 49 485
2007 49 | 146 | 193 | 146 | 49 485
2008 48 | 144 | 191 | 144 | 48 479
2009 49 | 147 | 196 | 147 | 49 490
2010 56 | 169 | 224 | 168 | 56 561

5,945

The winsorised weighted version is included as a robustness check and generally yields

similar results. Hence, only panel A will be discussed in the further course of this subsection.

Table 6.10 One-way weighted DMSFE portfolios

A DMSFE (weighted) t-test MWW median

Returns | L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
-086*** - 164%**
mean | 0.074 0.049  -0.037 -0.090 (3550) (4186) | (8.65y  (7.83)

. -0.113***  -0.221***
median | 0.002 -0.009 -0.122 -0.219 (53.19) (58.08)
winsd.

-089%** - 1647
mean | 0.075 0.045  -0.045 -0.090 (5.050) (4647) | (8.66y*  (7.84yr

. -0.114***  -0.218***
median | 0.010 0.001 -0.113 -0.209 (52.22) (58.08)

B DMSFE (winsorised weighted) t-test MWW median
Returns L* L H H* H-L H*L* H-L H*-L* H-L H*-L*

-.086***  -165***
mean | 0.074  0.049  -0.037 -0.091 (3541) (4.213) | (850)%%  (7.86)*

. -0.112***  -0.221***
median | 0.002  -0.009 -0.121 -0.219 (51.25) (58.08)
winsd.

-.089*** - 166***
mean | 0.075 0.044  -0.045 -0.091 (5030) (4677) | (860)™*  (-7.86)

. -0.112***  -0.218***

median | 0.010 0.001 -0.111 -0.209 (51.25) (58.08)
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Unlike the UK findings, the weighting procedure does not dramatically improve the DMSFE
strategy. A direct comparison of the results between the two stock markets under scrutiny
shows that weighting the forecast errors is more successful in Germany than in the UK.
Although for both markets, the non-parametric tests, namely the MWW and median test,
provide highly significant outcomes, this is not the case for the parametric t-test. In this case,
the UK results are not significant regarding the H*—L* differential of the raw returns (shown
in panel A of table 4.9). Consequently, this increases the likelihood of this strategy working

more reliably on German stocks.

Of interest is also the performance comparison between the F-Score, the F-rank and the
weighted DMSFE F-rank method. A detailed overview is provided in table 6.12 after the

presentation of the results of the one-way k = 2 and k = 3 clusters in the following section.

6.5 The second alternative combination measures for the F-rank: An overview

Unlike the presentation of the cluster results for the UK in chapter four, this section
summarises the respective k = 2 and k = 3 results for the German stock market to keep the
thesis structure as concise and clear as possible. Before shifting the focus to the two-way
portfolio results, a detailed table will provide a summary of all the investment strategies in the
one-way scenario for Germany and contrast it with its UK counterpart. In line with the logic
of the F-Score, the expected sign of the horizontal return differentials is positive. This means

that the higher the c-score, the higher the subsequent return.

6.5.1 Combination measures for the F-rank: Clustering with k=2 and k=3

The next table is subdivided into panel A, which represents the portfolio returns according to
the k = 2 clustering approach, and panel B, which contains the respective results of the k = 3
version. Section 3.5.1.8 serves as a basis for the calculation of the c-score. It is assumed that
higher c-scores are accompanied by higher future portfolio returns. As can be seen from both
panels, all the test statistics are highly significant at the 1% level, although the values are
mostly higher for the k = 2 method in panel A. Furthermore, in terms of both absolute mean
returns and mean return differentials, the k = 2 method performs better. The highest (H*) k =

2 (k = 3) non-winsorised c-score portfolio, for example, returns 7.0% (5.9%) on average, with
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a return difference (H*-L*) of 13.1% (11.3%). However, the results of the median return

differences indicate that investors benefit slightly more from the k = 3 cluster method.

Table 6.11 One-way clustered portfolios (k =2 and k = 3)

A F-rank (c-score, k = 2) t-test MWW median
Returns L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
097*** 131 ***
mean -0.061 -0.050 0.047 0.070 (4.346) (3.182) (9.76)%x* (6.43)%** - -
di 0.183 0.130 0.00 0.008 0.13"7 018"
median -0.1 -0.1 -0.001 -0. - - - - (7655) (3333)
winsd.
A05*** [ 127***
mean -0.062 -0.055 0.050 0.065 (6.059) (3.549) (9.76) %+ (6.43)*** - -
di 0.174 -0.123 0.010 0.001 013 018
median | -0. 0. : : - - ] ) (75.97) (33.33)
B F-rank (c-score, k = 3) t-test MWW median
Returns L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
.085***  113***
mean | -0.054 0044 0041 0059 | oony (Diggs) | (@24y%  (7.64y - -
di 0] 0.136 0.007  0.004 0147 0.20%
median | -0.192  -0. 0. : - - - ) (69.13) (58.08)
winsd.
091*** [ 119%**
mean | -0.058 0051 0040 006l | o1 (3.442) | (24y%  (7.64y - -
] 0.13*** 0.20***

In summary, both cluster approaches deliver solid results in the German stock market and

should therefore be considered as a practical tool to enhance portfolio returns. This applies

particularly to market participants with a long/short investment strategy.

6.5.2 A comparison between one-way strategies in Germany and the UK

As a conclusion of this section of this chapter, which presented the portfolio results of the

one-way setting, a more detailed comparison between the German and the UK stock market

will be provided next. To this end, table 6.12 summarises the one-way results at a glance. All

nine approaches are ranked from best (1) to worst performing (6).
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Table 6.12 One-way strategies in Germany and the UK

A Germany (one-way)
Rank' | Overall Long-only (mean) Long-only (median)
H* H*
1 wDMSFE F-Score (6.4%) WDMSFE (7.5%) F-Score (1.4%) F-Score (1.6%)
2 F-Score cluster2 (5.0%) mF-rank (6.7%) cluster2 (1.0%) cluster3 (1.6%)
3 mF-rank WDMSFE (4.5%) cluster2 (6.5%) cluster3 (0.0%) wWDMSFE (1.0%)
4 mdF-rank cluster3 (4.0%) F-Score (6.2%) WDMSFE (0.0%) mF-rank (0.8%)
4 cluster2 mF-rank (4.0%) cluster3 (6.1%) mF-rank (0.0%) mdF-rank (0.4%)
6 cluster3 mdF-rank (3.2%) mdF-rank (5.7%) mdF-rank (-1.5%) cluster2 (0.0%)
B UK (one-way)
Rank Overall Long-only (mean) Long-only (median)
H* H*
1 F-Score F-Score (5.4%) F-Score (7.8%) F-Score (1.3%) F-Score (2.6%)
2 cluster2 cluster3 (3.7%) mF-rank (4.8%) cluster2 (-0.4%) cluster3 (0.6%)
3 mF-rank cluster? (3.4%) cluster3 (4.3%) cluster3 (-0.6%) cluster2 (-0.9%)
4 cluster3 mF-rank (3.1%) WDMSFE (4.1%) WDMSFE (-1.9%) | wDMSFE (-1.0%)
5 WDMSFE WDMSFE (3.0%) cluster2 (3.6%) mF-rank (-2.0%) mF-rank (-1.0%)
6 mdF-rank mdF-rank (2.9%) mdF-rank (1.2%) mdF-rank (-2.6%) mdF-rank (-9.1%)

T F-Score: Original F-Score; cluster2: k = 2 clustering; cluster3: k = 3 clustering; mF-rank: mean F-rank; mdF-rank: median
F-rank; wDMSFE: weighted DMSFE.

Panel A shows the German results and panel B the ones from the UK stock market. Each
investment strategy is evaluated according to three criteria. Firstly, the overall column
determines which method has i) the best long-only mean results, ii) the highest statistical H*—
L* significance and iii) the largest H*~L* return differentials of the average winsorised
portfolio returns. The best performance with regard to points ii) and iii) means whichever
strategy provides investors with the highest return differential between the highest and the
lowest fquintile (H*—L*).

Secondly and thirdly, both the average and the median portfolio returns are shown separately
with respect to their high (H) and highest (H*) fquintile affiliation. Their respective one-year
returns are highlighted in parentheses and decrease from the top to the bottom of the table.
Apart from the original F-Score strategy, there are five additional alternatives, for which the

abbreviations in the table are clarified in the footnote.

Regarding panel A, the F-Score is ranked second overall but shows strong results in the long-
only environment, which speaks for its high reliability in the German stock market. Both the
mean and the median F-rank strategy appear to be suboptimal substitutes for the F-Score. This
shows that, against the initial assumption, a more detailed breakdown of firm information
does not lead to superior results. Improvements can only be achieved by applying the more

complex forecasting and weighting methods. This is particularly interesting for long-only
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investors, who can increase their returns using the wDMSFE strategy (7.5%) compared with
the F-Score (6.2%) in the H* fquintile or mean returns. However, in terms of consistency and
reliability, the weighted DMSFE and F-Score provide the best tools for long-only and
long/short returns as well as high significance. Nevertheless, in consideration of the additional
effort that needs to be spent on establishing the weights, the F-Score approach appears to be
more practical. Regarding the remaining methods, the results are generally sobering. The
median DMSFE features the worst results in all the instances. However, it is noteworthy that
at least all the mean long-only H and H*-fquintiles in the third and fourth columns produce

positive returns for investors under the one-year investment horizon.

These findings are not entirely comparable to the UK results demonstrated in panel B. Here,
the F-Score is unmatched as the best-performing strategy throughout and yields strong
positive returns in all the long-only cases. In addition, the previously overall best strategy now
ranks last among the more complex strategies. While the cluster2 strategy is ranked second
overall, it is not clearly discernible which strategy should be preferred in the long-only cases.
Even the simpler mean F-rank strategy, which delivers positive results in Germany throughout,
now generates returns of -2.0% (-1.0%) for the median H (H*) long-only portfolios. Despite
the fact that also all of the mean long-only returns in the high (H) fquintile are positive, they

are less pronounced at the same time.

In conclusion, it can be said that market participants would be well advised to consider the
weighted DMSFE strategy as well as the original F-Score in Germany. For the UK, investors
should prefer the F-Score approach in view of the inconsistent return patterns of the
alternatives. As stated earlier, it is noteworthy that the relatively simpler F-Score method is
able to keep pace with the more complex strategies or even outperform them. Its easier
implementation makes it a very accessible and appealing method for investors. However, as
test results in table 6.13 show, the differences between the German and UK mean returns are
mostly not statistically significant. This table is related to table 6.12 above and is the outcome
of comparing long-only portfolios in the one-way environment between the two stock markets.
The only significant differences appear once the F-Score and both variants of the cluster
approach are employed. Further, they are only relevant with regard to the low fquintile (F-
Score) and the lowest fquintiles (k = 2 and k = 3) whereby the German market performs better

in all three scenarios.
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Table 6.13 Test results of return differences between Germany and the UK

A F-Score, long-only (mean)
Country L* L H H*
DE -0.079 -0.051 0.064 0.062
UK -0.142 -0.104 0.054 0.078
Diff. .064 .053*** .010 -.016
t-test (2.14) (3.01) (0.78) (-0.74)
B Cluster2 (k = 2), long-only (mean)
Country L* L H H*
DE -0.062 -0.055 0.050 0.065
UK -0.149 -0.054 0.034 0.036
Diff. .087** -.002 .016 .029
t-test (2.48) (-0.13) (1.28) (1.07)
C Cluster3 (k = 3), long-only (mean)
Country L* L H H*
DE -0.058 -0.051 0.040 0.061
UK -0.127 -0.054 0.037 0.043
Diff. .069* .004 .004 .018
t-test (1.92) (0.23) (0.29) (0.76)
D wDMSFE, long-only (mean)
Country L* L H H*
DE 0.075 0.045 -0.045 -0.090
UK 0.041 0.030 -0.064 -0.136
Diff. .034 .015 .019 .046
t-test (1.25) (1.15) (1.27) (1.33)
E mF-rank, long-only (mean)
Country L* L H H*
DE -0.081 -0.034 0.040 0.067
UK -0.129 -0.058 0.031 0.048
Diff. .049 .023 .009 .019
t-test (1.42) (1.53) (0.68) (0.72)
E mdF-rank, long-only (mean)
Country L* L H H*
DE -0.093 -0.058 0.032 0.057
UK -0.147 -0.062 0.029 0.012
Diff. .054 .004 .003 .045
t-test | (1.53) (0.23) (0.20) (1.44)

These results generally contradict the findings of Liang and Wei (2012), as mentioned earlier,
who found that stock returns are higher in Germany than in the UK. However, better
performance of the German stock market might still have ramifications on investor portfolios

because they appear to be economically significant.
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6.6 Empirical results in the two-way environment

The remaining part of this chapter deals with the following two topics. On the one hand, the
two-way results of the German stock market are presented as for the UK in the preceding two
empirical chapters. Thereby, both the book-to-market ratio (BM) and the firm size serve as
the second dimension. After a brief summary of the results in table format, the main focus lies
on the comparison with the respective UK findings. On the other hand, the results are
discussed against the background of the literature with a special emphasis on the differing
legal systems in Germany and the UK. Further, links are established with regard to the
characteristics of the German economy, which contains a larger amount of middle-sized
companies known as “Mittelstand”. It should be noted that, although the non-winsorised
portfolio returns are presented for the F-Score strategy in the subsequent tables, only the
winsorised returns are discussed. The reason for this decision is succinctness and because the

trends of those returns correspond to each other.

6.6.1 The F-Score and the book-to-market ratio

To begin with, table 6.13 shows the results of the original F-Score investment strategy
dependent on a firm’s BM ratio. Panels A and B show the average and median portfolio
returns, respectively. As can be seen from both panels, the results of the horizontal return
differentials are at least significant at the 10% level and confirm the underlying assumption of
Piotroski (2000) that higher F-Score firms have higher stock returns.

Vertically, panel A reveals that firms with a high BM ratio perform best, except for the
portfolio containing the highest F-Score stocks. For the median portfolio returns, only the
lowest- and low-ranked portfolios confirm studies that find a positive relationship between
stock returns and high BM ratios (e.g. Chen, 2011).

The corresponding UK results can be found in table 4.12. It is apparent that the original
strategy produces mostly larger return differentials both horizontally and vertically,
accompanied by higher statistical significance. However, the overall results are generally
confirmed by the German data. This, in turn, validates the better performance of high-BM

stocks on the one side and asserts that the F-Score approach works in a code law environment
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on the other side. In both countries, but especially in Germany, horizontal hedge portfolios are

driven by low-BM firms.

Table 6.14 Two-way F-Score portfolios

A F-Score (mean returns) t-test MWW median
BM L L H F* | HL H~L* | HL HL* | AL  H-L*
1625 175w
L |07 010 ooz 0028 | 0T | e (ssye i i
H |-0004 0035 0126 0098 '89519) .(1058) (B.LL***  (4.43)% - -
. N 1 N o Ve 7 0
ttest | (2.14)  (314)  (254)  (L43)
MWW | (3.03)*** (3.85)*** (L67)*  (0.33)
winsd.
165%x 183w
L |0m6 0125 0040 0087 | g @ | e ey : i
109%%x 107+ - . : i
Ho|-0o4 004 oz 00w | g GE | 6.12) (4.44)
T e 72 e N & S 1T
ttest | (2.23)  (359)  (241)  (L43)
MWW | B.0L)*** (3.85)*** (L66)*  (0.30)
B F-Score (median returns) t-test MWW median
BM L L H F* | HL H~L* | HL HL* | AL  H-L*
- - - - *k*k *k*k
L |-0278 0200  -0004 0003 '(24(11538) 'é%lm)
*kk *kk
H |-0159 0116 0013 0006 : : : : '(11%1925) '(1261578)
L [T ges e oty 003
L (979  (@106)  (030)  (-0.04)
winsd.
- - - - *k*k *kk
L |-0260 -0196 0010 0017 '(2407601) '(2470760)
*kk E s
H |-0154 0107 0025 0025 : : : : '(1135216) '(1271978)
L[0T oeg 015 608
L (979  (1029)  (030)  (-0.04)

6.6.2 The F-rank and the book-to-market ratio

Unlike in chapter four for the UK, this section combines the exposition

of the results after

applying the mean and median F-rank strategies to the German data set. To keep the tables

clear, the results presented in all of the remaining tables in this chapter are based on the

winsorised returns only, meaning that the presentation of the non-winsorised returns is waived.

The respective equivalents to table 6.14 below are tables 4.13 and 4.14. Each panel represents

one strategy for which the upper (lower) part contains the mean (median) returns indicated by

the respective statistical test results in the last three columns. According to the horizontal

parametric and non-parametric test outcomes, both strategies appear to work well in the
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German stock market. By contrast, this is also the case regarding the BM terciles, at least for

the mean portfolio returns of the two methods. For instance, the return differential of the high

(H) mean (median) F-rank fquintile amounts to 7.6 (7.9) percentage points and is significant

at the 5% level according to the t-test.

Table 6.15 Two-way mean/median F-rank portfolios

A F-rank (mean) t-test MWW median
BM L L H H HL H~L* | HL  HL* | HL H-~L*
odwex  {5peew
L |-0124 0106 008 0028 | i SO ool oo |- -
H |-0046 0032 0094 o142 | 902 I8 gatyeen  (gopyeer | -
: : : ' (1.68)  (2.55) : :
HoL 078 T 7 TS L
ttest | (L20) (405  (247)  (201)
MWW | (123)  (412)%** (1L87)*  (133)
L |-0240 0170  -0008  -0.020 . . . . .égzgf)* (222203;
082%F% Gk
H |-0183  -0057 0025 0033 - - ; ; T (856
L] os7 13w 633 053
L o (812 @s8) (097
B F-rank (median) t-test MWW median
BM > L H > HL H~L* | HL  H-(* | HL H~L*
12geex  193Fe*
L |05t 0126 0003 0042 |l R oo o | - -
H |-0021  -0011 0081 0110 00275 A3 g gyeen (2. 78)% - -
: : : : 251)  (L76) : :
T T - N 7 - e 1 -
ttest | (204) (342  (250)  (L04)
MWW | (2200  (348)** (L73)*  (1.33)
L |-0257 0195  -0042  -0.039 - - ; ; é?g; (221382;
104%R% 2wk
H |-0177  -0114  -0010 0035 - - - - (1891)  (12.80)
T R L e 074
L @13 (7400  (046)  (0.91)
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6.7 Two-way alternative combination measures: An overview

The following two subsections comprise two result tables for the DMSFE and cluster methods.
This structure is maintained for the remainder of the chapter and also applies to the other two
second dimensions, that is, firm size and information uncertainty, which are presented in

sections 6.7 and 6.8.

6.7.1 Two-way alternative combination measures: The weighted DMSFE

A brief overview of the findings suggests that investors are likely to profit only partly from
the weighted DMSFE strategy in Germany. As can be seen from the horizontal return
differentials in both panel A and panel B of table 6.15, significant parametric results are only
achievable amongst the low-BM firms. For instance, a long/short strategy applied to the H*—
L* portfolios generates a return of 17.3% (panel A.1), which is significant at the 1% level.
This stands in opposition to the MWW test results, which are highly significant throughout.
With respect to the median differences, the results for the high-BM fquintile are weak as well.
Panel A.2 documents a differential of 5.8% between the H and the L fquintile with
insignificant test statistics of 2.27. Therefore, compared with the UK (table 4.15), this strategy
generates inferior returns. However, vertical differentials produce solid returns, as shown in
panel A.1. With the exception of the L* fquintile, all the other fquintiles are significant.
Thereby, the highest return can be achieved between high-BM and low-BM firms within the
H fquintile, with a significant 15.6% annually.

In this scenario, the picture is reversed in comparison with the UK. Investors enjoy higher
returns throughout. This could be regarded as an argument against the initial assumption that
financial statements are not the prime method of mitigating information asymmetries in bank-
oriented economies. However, while the median vertical H and H* differentials in panel A.2
are higher and equally significant as those in the UK, they become insignificant once the
focus shifts to the L and L* fquintiles. For completeness, the results of the winsorised
weighted method were added in panels B.1 and B.2 but are analogous to those described

before.
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Table 6.16 Two-way weighted DMSFE portfolios
Al F-rank (weighted) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
_.112*** _.173***
L 0.052 0.027 -0.085 -0.121 (3.89) (3.36) (5755 (5L
-.026 -.081 _ Hkk _ KAk
H 0.111 0.100 0.071 0.030 0.72) (1.14) (-2.54) (-2.31)
H-L .059 073** 156*** 151+
t-test | (1.05) (2.37) (4.45) (2.35)
MWW | (0.48) (1.93)* (4.63)*** (2.74)***
A2 F-rank (weighted) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*—L*
- - - - _.144*** _.228***
L -0.020 -0.006 -0.150 -0.248 (20.74) (19.57)
-.058 -.102**
H 0.025 0.033 -0.025 -0.077 - (2.27) (4.75)
H .045 .039 125%** 0.171%**
- (0.35) (1.47) (9.82) (9.76)
B.1l F-rank (winsorised weighted) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*L*
_.113*** _.171***
L 0.049 0.027 -0.086 -0.122 (3.93) (3.32) (5700 (508
-.029 -.081
H 0.111 0.100 0.071 0.030 (0.71) (1.14) (-2.54)** (-2.31)
H-L .062 .073** A57F** 152**
ttest | (1.10) (2.36) (4.48) (2.37)
MWW | (0.77) (1.91)* (4.67)%**  (2.77)***
B.2 F-rank (winsorised weighted) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - _.147*** _.235***
L -0.022 -0.006 -0.153 -0.257 (21.02) (18.29)
-.057 -.102**
H 0.025 0.032 -0.025 -0.077 - 2.37) (4.75)
HoL .047 .038 .128*** .180***
- (0.40) (1.39) (9.61) (11.06)

6.7.2 Two-way alternative combination measures: Clustering

Conclusively, this paragraph utilises the BM ratio as the second dimension in the construction

of the cluster fquintiles. For this purpose, table 6.16 illustrates the findings after the

application of the k = 2 and k = 3 cluster methods.

Using one of those methods greatly improves the results in comparison with the DMSFE

approach in the previous section. This holds true for both the horizontal and the vertical test

statistics, which are now significant in the majority of cases. Particularly good results are

obtained when the nine Fi-ranks are assigned to three clusters (k = 3), as shown in panel B.

A comparison between the two stock markets shows that typically the cluster strategies are

more successful in the UK both statistically and in return terms, at least in the case of the

mean portfolio returns. Regarding the median returns, not much difference is identifiable
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between the two. A similarity between the two markets is that the k = 3 clusters also perform

relatively better in Germany. The subdivision of the Fi-ranks into k = 3 rather than k = 2

clusters requires less effort than the potential return benefits for investors. Consequently, this

strategy is advisable both for the German and for the UK stock markets.

Table 6.17 Two-way clustered portfolios

Al F-rank (c-score, k = 2) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* HL  H*~L*
LAgwxx 7Gx
L -0.133 -0.114 0.030 0.042 (5.16) (3.42) (7.48) (5,70 - -
.094*** .069 - -
H 0.017 0.000 0.094 0.086 2.71) (0.95) (4.69)*** (2.35)**
H-L .150** A14%x* .063** .044
ttest | (2.33) (3.52) (2.17) (0.79)
MWW | (B.14)***  (4.26)***  (2.23)**  (1.15)
A2 F-rank (c-score, k = 2) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*L* H-L  H*~L*
- - - - .191*** .232***
L -0.257 -0.195 -0.004 -0.025 (43.98) (27.83)
A02%** - 102*
H -0.077 -0.065 0.037 0.025 - - - ) (14.69) (3.01)
180*** 130*** .041 0.050
- (15.22) (15.71) (2.68) (1.08)
B.1 F-rank (c-score, k = 3) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* HL  H*~L*
122%** .185***
L -0.136 -0.111 0.011 0.049 (4.45) (3.91) (6,47 (5.98) - -
H |o0072 0.016 0097 o003 |8 01l (484 % (245 - -
: : : : (2.10) (0.13) : '
H-L .208*** A27%%* .086*** .034
ttest | (3.14) (3.76) (2.82) (0.63)
MWW | (3.07)***  (3.59)***  (2.96)*** (0.75)
B.2 F-rank (c-score, k = 3) t-test MWW median
BM L* L H H* H-L H*-L* H-L H*-L* HL  H*~L*
- - - - .164*** .251***
L -0.239 -0.189 -0.025 0.012 (33.31) (32.54)
A29%**  138**
H -0.114 -0.094 0.035 0.024 - - - - (18.83) (7.51)
HoL 125%** .095*** .060** 0.012
- (7.73) (9.47) (4.24) (0.19)

6.7.3 Summary and comparison of the results

Similar to the one-way presentation of the F-Score and its alternative combination methods,

table 6.17 summarises and contrasts the two-way methods with regard to the book-to-market

ratio in Germany and the UK. First of all, the horizontal return differences are evaluated on

statistical and percentage grounds and ranked in the column labelled “overall”. The absolute

one-year returns are presented for the mean and median returns in the subsequent four

columns.
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From the table it is apparent that the original F-Score is, with one exception, ranked first both
in Germany and in the UK in the two-way environment, closely followed by both of the
cluster methods. This corresponds mostly to the one-way findings, which were presented
earlier in table 6.12. Further, it becomes apparent that the original F-Score should be the
preferred choice of long-only investors in both the UK and Germany. The overall ranking was
established by taking into account i) the cumulative percentage mean and median returns of
the H and H* fquintiles, ii) their cumulative return differentials as well as iii) their cumulative
t-statistics. The usually higher absolute one-year returns in Germany compared with the UK
are remarkable. For instance, the high (H) fquintile of the F-Score strategy returns on average
15.3% per annum compared with 8.6% in the UK, which is nearly twice as much. Those

higher returns are even more pronounced than in the one-way scenario.
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Table 6.18 Comparison of two-way strategies in Germany and the UK (horizontally)

A BM Germany (two-way)
Rank Overall Long-only (mean) Long-only (median)
H* H*
1 F-Score F-Score (15.3%) mF-rank (17.0%) F-Score (3.5%) F-Score (4.2%)
2 mF-rank WDMSFE (12.7%) | wDMSFE (16.3%) | cluster2 (3.3%) cluster3 (3.6%)
3 cluster3 cluster2 (12.4%) mdF-rank (15.2%) | wDMSFE (2.7%) mF-rank (1.3%)
4 cluster2 mF-rank (11.2%) cluster3 (13.2%) mF-rank (1.7%) wDMSFE (0.0%)
5 mdF-rank cluster3 (10.8%) F-Score (13.0%) cluster3 (1.0%) cluster2 (0.0%)
6 wDMSFE mdF-rank (8.4%) cluster2 (12.8%) mdF-rank (-5.2%) mdF-rank (-0.4%)
B BM UK (two-way)
Rank Overall Long-only (mean) Long-only (median)
H-k H*
1 F-Score F-Score (8.6%) F-Score (12.9%) F-Score (2.1%) F-Score (6.4%)
2 cluster2 cluster3 (7.7%) mF-rank (7.8%) cluster3 (0.1%) cluster3 (-0.5%)
3 cluster3 cluster2 (6.9%) WDMSFE (5.2%) WDMSFE (-0.0%) | cluster2 (-4.2%)
4 WDMSFE mdF-rank (5.3%) cluster3 (5.1%) cluster2 (-0.6%) mF-rank (-4.2%)
5 mF-rank mF-rank (4.8%) cluster2 (3.4%) mF-rank (-4.2%) WDMSFE (-4.4%)
6 mdF-rank WDMSFE (4.2%) mdF-rank (-2.1%) mdF-rank (-5.4%) mdF-rank (-22.0%)

Moreover, the amount of successful strategies is higher in Germany with regard to the median
returns. For instance, both k = 2 cluster strategies generate negative returns of -0.6% (H) and -
4.2% (H*), respectively, in the UK, while they are positive in Germany. The same applies to

the weighted DMSFE approach. Therefore, the margin of error is lower in the UK.

Finally, investors should also be interested in the performance of the strategies within each

fquintile, that is, vertically. For this reason, table 6.18 provides a succinct overview.

Table 6.19 Comparison of two-way strategies in Germany and the UK (vertically)

Rank Germany Rank United Kingdom
1 cluster3 1 mF-rank
2 cluster2 2 cluster3
2 wDMSFE 3 cluster2
4 F-Score 4 F-Score
5 mF-rank 5 wDMSFE
5 mdF-rank 6 mdF-rank

Similarly to the horizontal results, the table was constructed by evaluating the cumulative
mean and median return differences for the H and H* portfolios and their statistical
significance. Interestingly, the original F-Score approach is ranked fourth in this scenario in
both the UK and Germany. The results could be interpreted as follows. In the UK, financial
statements contain more information than can be captured by the bivariate nature of the F-
Score. For this reason, the mean F-rank approach as a continuous indicator seems more

suitable. However, the two measures are similar insofar as they weight information equally.
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This is opposed to the German market, where the more complex strategies are ranked highest.
A reason for this might be the bank-oriented characteristic of the economy. As insiders have
already extracted some of the material information, the removal of noise appears to be a better
strategy in generating returns. In general, therefore, the extension of Piotroski’s (2000)
strategy from only high-BM firms to the entire universe of BM firms has failed to have the
desired effect. Value investors, who speculate on the outperformance of high-BM firms,
should attach priority to the alternative strategies.

6.8 Size as an information uncertainty proxy: Overview

The next section will cover the investment strategies with regard to the firm size terciles.
Recall that this is necessary to identify an underlying size effect, which is proxying for
information uncertainty, in the stock market first. On this basis, it would then be possible to
evaluate whether portfolios consisting of high information uncertainty stocks do actually
perform better (worse) following good (bad) news, as proposed by Zhang (2006). As
mentioned before, size was not found to be a particularly useful substitute for information
uncertainty (e.g. Zhang, 2006; Duong et al., 2012). Further, this section carries out a cross-
check with the UK data to determine whether similar results are obtained for the German

stock market.

6.8.1 Size, the F-Score/F-rank and combinations of the F-rank

As with the presentation of the two-way results for the BM, this section highlights the main
findings for firm size and the F-Score strategy as well as its variant derivatives. A more
thorough discussion is provided at the end of this chapter. As usual, table 6.19 contains the F-
Score and mean/median F-rank results. While the former strategy is able to distinguish
between the outperforming and the underperforming stocks (horizontally), the vertical t-test
shows no indication of the existence of a size effect according to panel A.1. The respective
non-parametric results are likewise weak and only significant for the low and lowest F-Score

fquintiles.

Equally, both of the F-rank combination methods deliver strong results horizontally, although

they are slightly inferior to the F-Score in general. In terms of the size effect, the t-test results
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confirm the findings from the F-Score strategy. However, in the non-parametric test

environment, all the portfolio differentials in panel B and three out of the four in panel C are

significant, which actually speaks for a size effect.

Table 6.20 Two-way F-Score/F-rank-size portfolios

Al F-Score (mean returns) t-test MWW median
Size L L H H HL  H*L* HL H L HL  HoL*
24w 130%
s | -0057 0,037 0087 0073 | ST 0B | saeyr  (sroyes i :
*kk * - -
L |-0053 -0.032 0056  0.030 '(g8587) '88733) @71y (3.38)r*
s | .004 605 T031 Z043
ttest | (0.06) (0.14) (1L12)  (-129)
MWW | (1.16) @52  (0.98)  (-0.93)
A2 F-Score (median returns) t-test MWW median
Size L L H H* | AL H~L* | HL He L HL  H~L*
- - - - .167*** .237***
s | -0212 0.168 0001 0.025 oD (30.20)
*k*k Kkk
L | -0.127 -0.068 0018  -0.007 - - - ; '(28966) '(%23?5)
Lo |08 do0%s o1 0,032 ' '
=S | 4.14) (9.55) (0.20)  (-0.35)
B.1 F-rank (mean) t-test MWW median
Size L L H > HL  H*L* H-L H L HL  HoL*
037 067
s | -0048 0,011 0026 0010 |0 Q) | gagpe  (@agyees - -
**k ** - -
L | -0.035 -0.020 0037 0088 '(2517) '(22333) (2.60)%* %  (2.75)
s | .013 2009 011 069
ttest | (0.17) (-0.24) (038)  (L37)
MWW | (L95)*  (313)**  (243)%*  (2.25)%
B.2 F-rank (mean) t-test MWW median
Size L L H H* | AL H~L* | HL He L HL  H~L*
- - - - .087*** .208***
s | -0227 0.128 0041 -0019 o6 (1564
**k Rz
L | -0.06 -0.042 0009  0.024 - - - ; '(25919) '(12501)
o | DBTOT086e0s0M 0,043 ' '
S sy (774 (635)  (3.19)
C1l F-rank (median) t-test MWW median
Size L L H H HL  H-L* HL He L HL  H~L*
051 066
s | -0038 0,036 0015 0028 | 0t a1e) | @sne (o3 - -
*k*k *kk - -
L |-0170 -0.056 0036  0.090 '(ggfg) '(2654) (3.96)**  (4.08)*
s | -132 2026 051 062
ttest | (1.40)  (-052) 0.72)  (0.99)
MWW | (0.88) (2150  (2.92)y%%* (1.98)**
C2 F-rank (median) t-test MWW median
Size L L H H* | HL  H~L* | HL H L HL  H~L*
- - - - .092*** .182***
s | -0208 0.151 0059  -0.026 (1227)  (12.39)
08L*F%  18guw
L | -0158 0,079 0002 0031 - - i i o1 073
o | 050 7% OBTR 0 057w
=S | (109) (5.70) (597  (432)
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Overall, therefore, the findings are twofold. On the one hand, the F-Score strategy specifically
and its alternatives in the majority of cases prove once more that they are able to isolate
winning stocks from the entire stock universe in Germany. On the other hand, the success of
these strategies seems to be independent of a firm’s size given the inconclusive vertical test

statistics.

6.8.2 Size and combinations of DMSFE

The following table provides an overview of the results of the weighted DMSFE combination
methods. Its respective counterpart for the UK stock market is table 5.2 in the previous
chapter. Here, too, the median portfolio returns are omitted because they very much resemble
the mean version of those results. Again, the expected sign regarding the horizontal
differentials is negative, as expected, because lower forecast errors are assumed to be

accompanied by higher returns.

Table 6.21 Two-way weighted DMSFE portfolios

A F-rank (weighted), mean returns t-test MWW median
Size L* L H H* H-L H*L* H-L H~L* | HL H*L*
-.027 -.041
s 0037  0.046 0.019 0004 | )55 (0.66) (320 (2,92
B |0110  0.049 0013 0031 | 062 AT poper (2.43)r
' ' ' ' (-2.47) (-2.28) ' '
B-S .073 .003 -.032 -.027
t-test | (1.34) (0.10) (-0.88) (-0.32)
MWW | (2.10)**  (1.68)* (2.30)**  (1.09)
B F-rank (winsd weighted), mean returns t-test MWW median
Size L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
-.026 -.044
S 0.039 0.046 0.020 0.005 | o7y (0.72) (310)%% (206
B 0.110 0.050 -0.014 0039 | 064 - 1497 (-2.70)%**  (-2.57)**
' ' ' : (-2.55) (-2.41) : :
B-S .071 .004 -.034 -.034
t-test | (1.30) (0.16) (-0.93) (-0.41)
MWW | (2.03)** (1.74)* (2.26)**  (0.98)

From table 6.20 above it becomes obvious that the horizontal return differences are weak,
especially in the small-firm tercile. Although firms with low forecast errors outperform, the
differences of 2.7% (H) and 4.1% (H*), respectively, are insignificant as a result of the t-test.
This was not the case in the UK analysis, as the results were significant at least at the 10%
level as well as more robust considering the MWW test outcomes. Regarding the vertical
return differences, the situation improves slightly, although this is exclusively attributable to

the significant MWW test statistics throughout apart from the highest (H*) fquintile, which is
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insignificant. The results of the t-test remain very weak. Thus, it is doubtable that a size effect

is existent in the German stock market, at least as far the findings of the weighted DMSFE

approach are concerned. It therefore appears to be justifiable to state that this approach should

not be used by investors. This is especially true if they intend to categorise firms by size

(vertically) and are not solely interested in the differentiation of prospective future winners

and losers (horizontally).

6.8.3 Size and cluster combinations

The presentation of the cluster method results concludes this section on firm size, which was

used as a proxy for information uncertainty. Thereby, table 6.21 below complements the

similar analysis in the UK stock market, the findings of which were highlighted in table 5.3.

Table 6.22 Two-way clustered-size portfolios

Al F-rank (c-score, k = 2) t-test MWW median
Size L* L H H* H-L H*—L* H-L H*—L* H-L H*—L*
.089*** 087
S -0.033 -0.032 0.057 0.054 (2.63) (1.41) (5.15) %+ (3,20 - -
090***  172%** - .
L -0.102 -0.055 0.035 0.070 '(3 52) '(2 89) (3.41)*** (3.02)***
L-S | -.069 -.023 -,022 016
t-test | (-0.70) (-0.59) (-0.85) (0.31)
MWW | (0.31) (1.84)* (0.26) (L.75)*
A2 F-rank (c-score, k = 2) t-test MWW median
Size L* L H H* H-L H*—L* H-L H*—L* H-L H*—L*
- - - - .132*** .133***
S -0.187 -0.141 -0.009 -0.054 (2838)  (1017)
*k*k **
L |-0079  -0.060 0006 0026 - - : : '86f5) 'é05’6)
Ls |08 .081** .015 0.080** ' '
- (1.60) (6.28) (0.19) (4.58)
B.1 F-rank (c-score, k = 3) t-test MWW median
Size L* L H H* H-L H*—L* H-L H*—L* H-L H*—L*
075** 059
S 0.006 -0.029 0.046 0.065 2.12) 0.92) (4.85) (4.00) - -
L |-0151 -0.064 0034 0048 .(ggg;)** '(%,)93?;** @20y (340)* - -
L-S | -.156 -.035 -012 -.017
t-test | (-1.51) (-0.90) (-0.42) (-0.37)
MWW | (-0.47) (1.50) (0.60) (-0.31)
B.2 F-rank (c-score, k = 3) t-test MWW median
Size L* L H H* H-L H*—L* H-L H*—L* H-L H*—L*
S -0.158 -0.146 -0.017 0.011 ) ) i i 'é%ggz)* é‘;gﬁ)*
A10%%* 47
L -0.131 -0.103 0.007 0.016 - - - - (1306)  (887)
Ls |07 .043 .024 0.005
2 (-0.08) (4.75) (0.30) (-0.09)
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Based on the test outcomes in the horizontal direction, both cluster methods deliver solid
return differentials, which increase the likelihood of consistent positive returns for investors in
a long/short scenario. Likewise, positive returns can be expected in absolute terms at least for
the average portfolio returns shown in panels A.1 and B.1. Apart from a 7.0% (3.5%) return in
the highest (high) c-score fquintile in panel A.1l, the highest c-score fquintiles outperform
their high counterpart as expected. Again with one exception in panel A.2, this is also the case
for all the portfolios for which the median returns were calculated.

Turning the attention to the return differences between large and small firms reveals a rather
mixed picture. It is clear at first glance that, if at all, a size effect on the German stock market
can only be proven by using the k = 2 cluster approach. Further, as panels A.1 and A.2
suggest, the effect is most likely to be found within the L and H* c-score fquintiles. However,
this finding is partly inconsistent with the UK data set, in which the L and H fquintiles
documented this effect. No size effect at all is detectable once the k = 3 method is employed.
Apart from that, the analysis of the data allows the same conclusion as for the UK. Firstly,
clustering works on the German stock exchanges irrespective of firm size. Secondly, the
findings do not provide clear-cut proof of the existence of a size effect. Thirdly and lastly, if a
size effect does indeed exist, large firms outperform their smaller competitors in general. As a
result of the last outcome, the information uncertainty hypothesis of Zhang (2006) remains

unconfirmed.

6.9 Alternative 1U measures: The SDF and MDF

In the following section, firm size as a measure of information uncertainty is replaced by the
standard deviation of the F-components/Fi-ranks (SDF) as well as their mean absolute
deviation (MADF). The theoretical underpinnings of this method can be referred to in section
5.4. As before, the results are presented in table format; the equivalent UK findings can be
found in table 5.4 (SDF) and table 5.5 (MADF), respectively. It should be noted that both the
DMSFE and the cluster method were omitted deliberately. The reason for this is based on the
nature of the SDF/MADF. As a more direct measure of information uncertainty, the focus
shifts from determining future winners by reducing the forecast errors to the impact on
portfolio returns caused by the volatility of fundamental data. In other words, the analysis is
more concerned with the status quo than with finding the optimal investment tool.
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6.9.1 The SDF and the German stock market

This subsection features the SDF as a second dimension and continues with the presentation

of the respective results for Germany in table 6.22.

Table 6.23 Two-way SDF portfolios

Al F-Score t-test MWW median
SDF L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
093%%% 1 44%x*
-0.118  -0.032 0.061 0.026 (3.55) (3.70) (4,30 (4.88) - -
*k*k *%* - -
H -0.059 -0.069 0.083 0.144 'é5228) '(20131) (5.05)*** (4.71)**
H-L .059 -.037 .022 118**
t-test | (0.92) (-0.98) (0.68) (2.43)
MWW | (-0.05)  (-3.22)*** (-1.34) (2.22)**
A2 F-Score t-test MWW median
SDF L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - *k*k *k*k
L |-0164 -0063 0015 -0.007 '(g7f5) '&2775)
*k*k *k*k
H |-018 0177  -0.009 0.066 - - : : '(22862) é?m)
-.034 -114%%* 024 0.073 ' '
- (-117)  (-12.73)  (-0.40) (3.00)*
B.1 F-rank (mean) t-test MWW median
SDF L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
071x**  218%**
-0.140  -0.019 0.052 0.078 2.93) (4.49) (3,96 (5,71 - -
H |-0020 -0043 0014 0.023 '8519) '(34536) @O *  (2.38)% - -
H-L | .012* -.024 -.038 -.055
t-test | (1.71) (-0.71) (-1.31) (-1.00)
MWW | (0.08) (-3.37)%**  (-3.99)***  (-2.42)**
B.2 F-rank (mean) t-test MWW median
SDF L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - .058*** .169***
L -0.153 -0.042 0.016 0.016 (11.33)  (21.94)
*k*k *k*k
H |-0227 0150  -0054  -0.071 - - . . '(89167) '&2659)
HoL -.074 -.108*** -.070*** -0.087 . .
- (-2.39)  (-11.98)  (-7.29) (-2.36)
C1l F-rank (median) t-test MWW median
SDF L* L H H* H-L H*-L* H-L H*—L* H-L H*-L*
A07F% 367*F*
-0.255  -0.051 0.056 0.112 (350)  (537) | @75y (5,84 - .
* - -
H -0.051 -0.065 -0.003 0.018 '86923) '((1)6298) (3.33)*** (2.93)**
H-L 204*** - 014 -.059* -.094
ttest | (247)  (-0.39) (-1.95) (-1.39)
MWW | (227)**  (-2.08)**  (-4.71)***  (-3.32)***
C2 F-rank (median) t-test MWW median
SDF L* L H H* H-L H*-L* H-L H*-L* H-L H*-L*
- - - - .106*** .311***
L -0.271 -0.090 0.016 0.040 (1423)  (23.08)
O77%%%  146%**
H -0.201 -0.159 -0.082 -0.055 - - - - (9.34) (11.11)
b | 970 -.069** -.098%** - 095**
B (0.92) (-4.81) (-12.84) (-6.56)
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The evaluation of the horizontal return differences once again shows a strong performance of
the F-Score strategy both in percentage and in statistical terms. This also applies in relation to
the mean/median F-rank methods described in panels B and C. In particular, the mean version
of the F-rank exposes some weakness within the high-SDF tercile of panel B.1. More
precisely, none of the return differences of 5.7 and 4.3 percentage points of the H-L and H*—
L* are significantly different from zero. All in all, however, the results appear not to be
affected by the change in the second dimension and provide reasonably good results to be

considered by investors.

Regarding the vertical differentials, the conclusion is less clear. It should be recalled that it is
expected that a higher SDF, that is, information uncertainty, should be accompanied by lower
(higher) one-year returns following bad (good) news.?* The term “news” is reflected by the
fquintiles of the three investment strategies. From the test results it can be said that there is
general agreement on the poorer performance of high-uncertainty portfolios within the L
fquintile, which is in accordance with Zhang’s (2006) hypothesis. However, confirmation is
only provided by the non-parametric tests. Regarding the high fquintile, only the two F-rank
strategies provide significant results. These are opposed to what is expected, though. Hence,
similar to the UK, investors in Germany likewise prefer to hold low-uncertainty portfolios
even though good company news is announced. Overall, the test results are not as strong as
for the UK data.

Quite unusually, the t-test of the highest (H*) F-Score fquintiles in panel A indicates better
performance of the high-uncertainty stocks, as predicted by Zhang (2006). This is also
corroborated by the MWW and median test outcomes. However, the comparison with the
other two strategies contradicts this observation. The highest fquintile still provides better
returns for low-uncertainty stocks in those two scenarios. Another abnormality is detectable in
panels B.1 and C.1. The portfolios in the high-SDF tercile of the lowest (L*) fquintile actually

outperform their low-tercile competitors, confirmed by significant t-test findings.

Given these mixed results, a conclusion might be deemed somewhat arbitrary. However, in
the majority of cases, the stock portfolios with high information uncertainty underperform
their low-uncertainty peers. Therefore, this trend should be regarded as dominant in the

German stock market.

2! The same applies to the MADF measure presented in section 6.9.2.
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6.9.2 The MADF and the German stock market

In light of the mixed vertical SDF results shown previously, the alternative MADF approach
could possibly provide a clearer picture. However, the first stage of the analysis is concerned
with the performance of the horizontal return differences. In short, no new insights can be
gained, which means that the MADF broadly agrees with the SDF findings as documented in
table 6.23 below.

Stronger disparities between the two methods come to light with respect to the vertical
differences. Unlike in the SDF case, high-uncertainty portfolios do not perform better in the
highest F-Score fquintiles of panel A. Although the absolute return for the high-MADF (low-
MADF) tercile in panel A.1 is 6.9% (2.9%), the difference is insignificant. Both the low and
the high F-Score fquintiles still highlight a preference for low-uncertainty stocks. Combined
with the strong horizontal results, the F-Score method as presented in panel A.1 appears to be
best suited to isolating future winners and to abstaining from stocks with high information
uncertainty. The results of the median F-rank approach in panel C.1, however, are not as
hypothesised by Zhang (2006). In particular, the lowest (L*) F-rank fquintile contains the
high-MADF tercile, which should normally underperform its low-tercile counterpart. Due to

this one-time occurrence, it is likely that this might be a statistical fluke.

In general, however, the two-way MADF portfolio results indicate that that all three of the
investment strategies are useful tools for generating solid investment returns in practice.
Besides, they demonstrate a preference by investors for low-uncertainty portfolios, although
this is mostly restricted to the low/high (L/H) fquintiles. Lastly, they corroborate the earlier

findings in the SDF environment.
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Table 6.24 Two-way MADF portfolios

Al F-Score t-test MWW median
MADF L* L H H* H-L H*L* H-L H*L* H-L H*L*
101%**  145%**
L -0.116  -0.047 0.054 0.029 (3.87) 384) | @80y (4,79 - -
H | -0003  -0082 0.069 0.069 'éil;)** (16725 (BA0y**  (4.01)** - -
H-L | .023 -.035 015 .040
ttest | (0.40)  (-1.01) (0.46) (0.83)
MWW | (-0.55)  (-2.65)*** (-1.88)* (0.97)
A2 F-Score t-test MWW median
MADF L* L H H* H-L H*L* H-L H*L* H-L H*L*
L -0.164 -0.076 0.006 -0.012 ) ) i i '(8855** 'égzg;)*
H -0.202  -0.164 -0.049 0.051 - - - - 'éfgf)* 'é?;g)*
b | 038 -.088*** 055 0.063
- (-2.04)  (-7.14) (-1.80) (0.49)
B.1 F-rank (mean) t-test MWW median
MADF L* L H H* H-L H*L* H-L H*L* H-L H*L*
081***  203***
L -0.139  -0.036 0.045 0.064 (3.33) (450) | (4.22) (5.45)yx - -
H |-0045 -0066  0.007 0.009 '(275’5* '(35743) B.26)** (207 - -
H-L | .094 -.030 -.038 -.055
ttest | (1.53)  (-0.94) (-1.30) (-1.02)
MWW | (0.20)  (-2.99)*** (-356)*** (-1.99)**
B.2 F-rank (mean) t-test MWW median
MADF L* L H H* H-L H*L* H-L H*L* H-L H*L*
- - - - .071*** .155***
L -0.158  -0.060 0.011 -0.003 (1058)  (20.66)
H |-0211 -0151 -0.056 0.071 - - - ; '(897%** '(é“é’;**
bl | 058 S001%F*  L067** -0.068 ' '
- (-1.04)  (-9.19) (-5.82) (-0.30)
C1l F-rank (median) t-test MWW median
MADF L* L H H* H-L H*L* H-L H*L* H-L H*L*
114%%*%  339%**
L 0252 -0.068 0.046 0.087 (3.80) (545) | (4.79)x (581 - -
H | -0074  -0.080 -0.006 0.009 '(27;‘;* '((1’8632) (BAOy**  (2.87)% - -
H-L | .178** -012 -.052% -078
ttest | (2.61)  (-0.36) (-1.70) (-1.19)
MWW | (2.30)** (-1.68)*  (-3.96)*** (-2.77)**
C.2 F-rank (median) t-test MWW median
MADF L* L H H* H-L H*L* H-L H*L* H-L H*L*
- - - - *k%x *Kkx
L -0.252  -0.100 -0.004 0.016 '(?3688) '(5282 4
072%%%  13g%xx
H -0.201  -0.154 -0.082 -0.063 - - - - ©08)  (10.39)
R -.054* -078%* 2079
- (1.98)  (-2.80) (-8.91) (-1.90)

6.9.3 Summary and comparison of 1U strategies in Germany

Following the structure of the two-way portfolios, in which the BM ratio was utilised as a

second dimension, this part contrasts the nine investment strategies with regard to information

uncertainty. Table 6.24 evaluates and ranks the performance of the horizontal return
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differentials, taking into consideration a firm’s size and the volatility of its accounting data

(SDF and MADF). At the bottom of the table, an explanation of the shortened investment

method’s name is provided, which is preceded by one of the three IU measures.

Table 6.25 Comparison of two-way strategies in Germany and the UK (horizontally)

A U Germany (two-way)
Rank' Overall Long-only (mean) Long-only (median)
H* H*
1 sdf-F sdf-F (14.4%) sdf-F (17.0%) size-F (1.7%) sdf-F (5.9%)
2 size-F size-F (14.3%) sdf-rank(md) (13.0%) sdf-F (0.6%) madf-F (3.9%)
3 madf-F madf-F (12.3%) size-rank(md) (11.8%) size-rank(m) (-3.2%) size-F (1.8%)
4 sdf-rank(md) sdf-rank(m) (6.6%) size-rank(m) (10.7%) sdf-rank(m) (-3.8%) size-rank(m) (0.5%)
5 madf-rank(md) size-rank(m) (6.3%) size-F (10.3%) madf-F (-4.3%) size-rank(md) (0.5%)
6 size-rank(md) sdf-rank(md) (5.3%) sdf-rank(m) (10.1%) madf-rank(m) (-4.5%) | sdf-rank(md) (-1.5%)
7 sdf-rank(m) madf-rank(m) (5.2%) madf-F (9.8%) size-rank(md) (-5.7%) | madf-rank(md) (-4.7%)
8 madf-rank(m) size-rank(md) (5.1%) madf-rank(md) (9.6%) sdf-rank(md) (-6.6%) sdf-rank(m) (-5.5%)
9 size-rank(m) madf-rank(md) (4.0%) | madf-rank(m) (7.3%) madf-rank(md) (-8.6%) | madf-rank(m) (-7.4%)
B U UK (two-way)
Rank Overall Long-only (mean) Long-only (median)
H H* H H*
1 madf-F size-F (11.8%) madf-F (23.1%) size-F (2.1%) madf-F (8.2%)
2 size-F madf-F (10.8%) sdf-F (16.6%) madf-F (-1.8%) sdf-F (5.6%)
3 sdf-F sdf-F (8.8%) size-F (15.3%) sdf-F (-2.4%) size-F (5.4%)
4 madf-rank(md) | size-rank(md) (8.1%) size-rank(m) (13.4%) size-rank(m) (-3.4%) size-rank(m) (1.1%)
5 madf-rank(m) size-rank(m) (7.4%) sdf-rank(md) (10.8%) size-rank(md) (-4.3%) | sdf-rank(m) (-8.4%)
6 size-rank(m) madf-rank(md) (5.8%) | madf-rank(md) (10.1%) | madf-rank(m) (-5.8%) | madf-rank(m) (-8.9%)
7 sdf-rank(md) madf-rank(m) (5.7%) sdf-rank(m) (8.4%) sdf-rank(m) (-6.2%) madf-rank(md) (-9.9%)
8 sdf-rank(m) sdf-rank(m) (5.0%) madf-rank(m) (7.5%) madf-rank(md) (-6.7%) | sdf-rank(md) (-10.9%)
9 size-rank(md) sdf-rank(md) (4.3%) size-rank(md) (5.3%) sdf-rank(md) (-7.3%) size-rank(md) (-13.8%)

1F: original F-Score; rank(m): mean F-rank; rank(md): median F-rank

In both markets, the F-Score method works best overall and therefore should be especially

appealing to long/short investors. The further positions are occupied by the median F-rank

approach and the mean F-rank at the bottom of the ranking in Germany. The results from the

UK are not definite.

For long-only investors, the F-Score approach continues to dominate clearly in the UK

irrespective of either the mean or the median construction of the portfolio returns. This is

mostly true in Germany as well, although the results indicate some weakness in the H* mean

and H median portfolios. In other words, by using the F-Score method, investors are most

likely to be insulated from pronounced losses, regardless of the method used to measure

information uncertainty. Consequently, the use of either of the alternative F-rank strategies is

highly likely to result in inferior returns, although neither of the two dominates the other one.
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While table 6.24 documents the performance of investment strategies, it is also of interest
which of the three second-dimension measures is the best proxy for information uncertainty.
This has both theoretical and practical ramifications. On the one hand, the analysis sets out
whether information uncertainty is not better quantified by more direct measures compared
with a firm’s size. The reason is that both the SDF and the MADF measure emerge from the
specific investment strategy and therefore are more customised to it. By contrast, firm size is a

datum that is not immediately aligned with a firm’s fundamental data.

On the other hand, practising investors should be interested in knowing which of the proxies
enables them either to reduce the information uncertainty or to increase their portfolio returns.
For this reason, table 6.25 provides an insight into the ability of each of those measures to
generate a quantifiable gap between the high-1U and the low-1U tercile for each of the F-

Score/F-rank fquintiles.

Table 6.26 Comparison of two-way strategies in Germany and the UK (vertically)

Rank Germany United Kingdom
1 size-rank(m) sdf-rank(m)
2 sdf-rank(m) sdf-rank(md)
3 size-rank(md) madf-rank(m)
4 madf-rank(m) size-rank(m)
5 size-F madf-rank(md)
6 sdf-rank(md) size-rank(md)
7 madf-F sdf-F
8 madf-rank(md) madf-F
9 sdf-F size-F

The ranking suggests that firm size is indeed a viable proxy for information uncertainty, at
least in the German stock market. For each of the three trading strategies, size ranks among
the top five. Regarding the SDF and MADF, again the picture is mixed and neither proxy is
dominated by the other. The UK data, however, reveal that the SDF might be a more suitable
measure as it occupies the top two ranks, followed by the MADF. Only one strategy in
combination with size can be found amongst the top five. Overall, therefore, it can be

concluded that different markets require different information uncertainty proxies as well.
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6.10 Chapter summary and conclusion

As the F-Score strategy has not been studied in bank oriented, code law institutional settings
in general and, more specifically, in Germany before, the intention of this chapter was to
narrow this research gap. In addition, it aimed to contribute further to the relatively scarce
literature on the German stock market by dealing with two other main objectives. On the one
hand, it tested the robustness of the various investment strategies in a different geographical
location. On the other hand, those strategies were analysed in view of the different corporate
culture, which is more focused on fulfilling the requirements of stakeholders than on
generating shareholder value, as well as the generally lower degree of investor protection in
Germany. For this reason, five testable hypotheses were developed. To improve the

readability, they are restated again and discussed in the light of the research outcomes.

Hypothesis 6.1: The F-Score investment strategy and its alternatives can successfully separate

future winning from losing stocks regardless of the country’s legal system.

This hypothesis can generally be confirmed for the German stock market. Apart from the very
weak results for the DMSFE approach shown in table 6.20, all of the remaining strategies are
able to generate satisfactory investment returns in the one-way and two-way environments.
The results were evaluated according to both the absolute returns of the high/highest fquintiles
and the horizontal return differences. Once the one-way portfolio return differentials are
inspected in isolation, that is, without any second dimension, such as size, book-to-market and
so on, and similar to the original study by Piotroski (2000), the strategy clearly works better in
the UK. This means that the magnitude of both the return differentials and the test statistics is
greater. It can therefore be concluded that financial statements prepared under the UK-GAAP,
which is similar to the US-GAAP, indeed contain more value-relevant information for
investors. Although the preparation of financial statements under the IFRS has been
compulsory from 2005 onwards, which supposedly should have improved the value relevance
of German firm fundamentals, this assumption is not confirmed by the results. In other words,
although the F-Score strategy and its alternatives generate significant return differentials, they
are still less pronounced than in the UK. A reason for this was provided by Haller and
Wehrfritz (2013). The authors found that, despite adopting the IFRS from 2005, the
accounting policies required by the national rules are still retained, which suggests that true

harmonisation of the accounting standards is still pending.
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Hypothesis 6.2: The speed of information incorporation into and reaction of stock prices is

expected to be faster for the German stock market than the UK stock market.

With few exemptions, the German one-year stock returns are higher than those of the UK.
This can be derived from the analysis of the absolute one-year returns of both the one-way
and the two-way investment strategies, in which BM is included as the second dimension.
Although the return differences between the two stock markets are not significant in the one-
way scenario, this outcome speaks for the assumption of asymmetric information diffusion,
which implies that stock prices update much faster in Germany. A reason for this might be the
unique position of banks, as suggested by Agarwal and Elston (2001). This kind of immediate
access to financial information about a company is likely to be followed by insider trading
activities. In fact, Dittmann et al. (2010) found rather that monitoring company management
banks are inclined to pursue their own interests. In addition, Betzer and Theissen (2009)
analysed insider transactions in German firms that would have been illegal in the UK and
found that these trades significantly affected the stock prices, especially ahead of quarterly
earnings announcements. In summary, therefore, higher stock prices are likely to be a
combination of relatively lax investor protection, asymmetric information and if not illegal at

least unethical trading on this information.

However, faster information processing could also result in less profitable investment
strategies, since relevant information could already have been incorporated by insiders prior
to the strategy being implemented by the general investment community. As this is not the
case in this study, this supports the assumption of not entirely efficient markets. After insiders
have built their positions, the wider investment community follows after accounting
information has been officially published and fuels disequilibrium. Even if these investors are
considered rational, the disequilibrium would become larger if there is no incentive to invest

contrary to the ongoing trend.

Hypothesis 6.3: A value premium is present in the German stock market. Therefore, firms

with higher book-to-market ratios outperform those with lower book-to-market ratios.

To test this hypothesis, the data were divided into book-to-market terciles to analyse which
kinds of stocks are the key drivers of the investment strategies. The results show that those

drivers are low book-to-market firms in the vast majority of cases, implying that the original
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study by Piotrsoki (2000), who focused on high-BM stocks only, is self-limiting. In this
regard, the results in this thesis correspond to those of Duong et al. (2014), who applied the F-
Score strategy to the entire stock universe of the UK. In addition, the outcomes are very

similar to those of the UK.

The further analysis of the differences between the high-BM and low-BM firms within the
same fquintile, that is, vertically, is generally in accordance with Piotroski and So (2012). The
authors provided a behavioural view on the cause of the outperformance of high-BM stocks,
which can explain the findings made in this study. For instance, while high-BM firms in the
low fquintile are priced correctly, mispricing, that is, overvaluation, occurs in the same
fquintile for low-BM firms. Similarly, high-BM firms in the high fquintile are undervalued,
whereas low-BM firms within this fquintile are priced correctly. Of course, this applies
analogously to the lowest and highest fquintiles. For this reason, the stock prices should revert
and ultimately align with the reality of firm fundamentals once investors realise that
mispricing exists. These findings are very similar to those of the UK.

Hypothesis 6.4: Firms with higher information uncertainty, proxied by firm size and the
volatility of financial statement items, provide higher (lower) subsequent returns following

good (bad) news.

This relationship, which was initially tested by Zhang (2006), holds only partly true. Similar
to the UK, firms with higher information uncertainty, that is, either smaller firms or firms
within higher SDF/MADF terciles, generate lower returns following bad news. However,
those firms do not provide investors with higher returns following good news. Here, too, the
reversal of the size effect might play a huge part. Similarly to Dimson and Marsh (1999),
Schrimpf et al. (2007) found a reverse size effect in Germany for the period from 1969 to
2002. In accordance with this study, Artmann et al. (2012) found no size effect for the period
1960 to 2006 and a reverse size effect between 1997 and 2006. This is further underlined by

the alternative two measures of the SDF and MADF, which point in a similar direction.

Regarding the secondary focus of this hypothesis, to analyse the key drivers of the investment
strategies, no definite conclusion can be made. Unlike in the UK, where small firms are the
drivers, this is not necessarily the case in the German stock market. The reason most likely

concerns the fact that German listed firms are usually large.
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The analysis of the German stock market data has opened potential routes for further research.
For instance, while the present findings are the result of a more general approach to stock
market investing, the data could be further subdivided into a group of family-run and non-
family-run businesses. This process would generate an LME and a CME group of firms, the
returns of which could be compared in the long run. Likewise, it would also represent a direct
comparison of the success between the shareholder-oriented and the stakeholder-oriented

approach.

Further research could be undertaken with regard to the stock market performance of family-
run businesses in Germany and their non-family-run international competitors within the same
industry. Adding different variables that represent country-specific characteristics of the

respective legal system could help to determine the key drivers of stock returns.
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Chapter 7 Conclusion and Limitations

7.1 Introduction

The French mathematician, physicist and philosopher Blaise Pascal was quoted in Warren
Buffett’s shareholder letter of 1982% with the following words:

“It has struck me that all men’s misfortunes spring from the single cause that they are unable
to stay quietly in one room.”

This quote can be applied to both the financial markets and the academic discipline of finance,
which is built on the two pillars of the efficient market hypothesis on the one hand and the
emerging newer strand of behavioural finance on the other hand. Regarding financial markets,
this quote summarises the inability of most investors to generate alpha, that is, higher returns
over time than the overall market. Regarding the academic literature, it basically condenses
the opposition between the EMH and the BF school of thought.

From a “natural science” perspective, it would seem justified to theorise about the possible
outcomes once the investor hypothetically leaves the room, that is, takes an active part in the
financial markets. In this scenario, EMH and BF adherents would be most likely to concur on
the development and use of mathematical methods that would model these hypothetical
outcomes. However, as the investor decides actually to leave the room, researchers from the
“natural sciences” would quickly realise that the investor’s market actions cannot be
controlled for as reliably as before in the hypothetical test environment. This, again, coincides
with the beliefs of most BF advocates and is the underlying assumption behind this research.

By contrast, this would not necessarily pose a problem for EMH followers.

Because adherents to the EMH neither follow the strict requirements of the “natural sciences”
nor widely accept the propositions of behavioural finance, this “physics envy” ultimately
results in discrepancies between the modelled outcome and the actual outcome, which are
ultimately caused by the investor’s behaviour. The question is, of course, whether the degree

of discrepancy between theory and reality is caused by an incomplete or even ill-conceived

22 Source: Berkshire Hathaway shareholder letter of 1982 (http://www.berkshirehathaway.com)
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model or because reality simply cannot be modelled perfectly. However, the EMH and the BF
share similarities. The intention of these two strands in the literature is to understand the
dynamics of financial markets to provide practitioners such as standard setters with the
necessary tools for preventing financial crises. Although this aim implicates a forward-
looking stance, researchers in finance are mostly limited to using historical data. This
argument is used as a valid point of criticism of behavioural finance by EMH adherents. In
their view, it is too short-sighted to explain the consequences of investor behaviour with the
benefit of hindsight, because the explanation will always fit the data. However, this seems not

to be too dissimilar from the more formal approach.

In consideration of the arguments presented above, the topic of the thesis was chosen to meet
the following three requirements. Firstly, the aim was to validate a pragmatic investment
approach, such as the F-Score strategy. This was achieved by applying this strategy to
different geographical locations, the UK and Germany, and to different time periods.
Therefore, this approach features the behavioural part of the research as its assumptions allow
for variation in the results. At the same time, however, the research intended to adhere to
scientific rigour, which satisfies the second requirement. This was achieved by ensuring the
reproducibility of the original findings by Piotroski (2000) in the European context using
similar methods. Further, the analysis was extended to alternative versions of the original
strategy and the underlying rationale of this approach was guided by theory, as required by
Richardson et al. (2010). Finally, amongst the possible strategies, investors were provided
with the most practical one, assuring that the theory is directly linked and thus relevant to the
reality of the stock market.

7.2 Research scope

In general, the research sought to discover the following five main aspects. Firstly, it aimed to
test the success of an easily implementable financial health strategy, known as the F-Score, in
two European stock markets. This part also served as a robustness check for the earlier

findings in the US and as a basis on which to build further.
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Secondly, the aim was to extend this knowledge by finding alternatives to the F-Score.”® The
search for alternatives was motivated by the binary nature of the original F-Score strategy,
which effectively ignores a large amount of useful information that could help to enhance the
strategy’s performance. Moreover, the nine accounting signals are weighted equally under the
F-Score strategy. In contrast, the alternative strategies allow the weights to fluctuate year after
year, which may lead to better results. Finally, the proportion of firms in each of the portfolios
was held constant each year. This is not the case for the F-Score, which might have an undue
influence on the overall returns in the case of both overly positive and overly negative years.
The alternatives were constructed by borrowing more advanced methods from the forecasting
literature in economics to gain the possibility of improving the investment returns at the same

time.

Thirdly, the potential key drivers of the original and alternative strategies were assessed by
the introduction of a second dimension. This second dimension included the book-to-market
ratio, firm size as a proxy for information uncertainty and liquidity. With regard to size, the
analysis then introduced various alternatives®* to achieve a better approximation of the
concept of information uncertainty. The inclusion of firm size was an important factor in the
analysis as there is a concentration of anomalies in small stocks. This includes the size effect
(Banz, 1981), asset growth (Fama and French, 2008) and size-based timing differences (Ayers
and Freeman, 2000). Regarding liquidity, another two measures were introduced that capture
either the price impact dimension or the trading quantity dimension of a stock. This was
motivated by the seminal paper by Amihud and Mendelsohn (1986), who found evidence of a
positive relationship between average returns and stock liquidity. However, as there is no
consensus amongst academics on this topic even after almost thirty years of research, the
concept of liquidity in conjunction with a financial health investment strategy seemed to be

particularly promising and necessary to narrow some of the present research gaps.

Fourthly, the test results were assessed against the background of different legal, accounting,
country-, stock market- and firm-specific characteristics. This is of interest not only because
of the generally limited research on the German stock market but also to verify whether the
success of an easily implementable financial health investment strategy is reproducible in a

wider context. In this regard, the German economy provides the ideal conditions for deeper

% These included the F-rank, DMSFE and clusters.
 These included the SDF and MADF as fundamentals-based 1U measures for the UK and Germany and
Amihud and ToR as liquidity-based 1U measures for the UK.
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analysis. The reason is that, comparable to both the UK and the US, it is amongst the top five
contributors to the worldwide gross domestic product and is politically stable. However, the
difference is that it is based on a code law legal environment and has a relatively
underdeveloped stock market. Hence, if the investment strategies were as successful as in the
UK and the US, this would mean that its success is more due to investors’ common
behavioural traits than to systemic ones. In general, the results are similar to those of the UK
and are in favour of these assumptions. To wit, the respective strategies are successful

irrespective of systemic differences.

Finally, the aggregate findings were meant to contribute to the literature on capital markets

research and to the literature on fundamental analysis and valuation.

7.3 Research design, implementation and boundaries

As noted in the introductory section of this chapter, this research was not intended to replicate
the “natural science” approach. In philosophical terms, this means that it relaxed the strictness
of the test environment insofar as it acknowledged the possibility of multiple realities that
emerge depending on the chosen research method. In other words, instead of assuming a

direct relationship between cause and effect, a probability is rather attached to the outcome.

To conduct the analysis, the necessary secondary data were obtained from Datastream. In
general terms, these included all the relevant financial statement information needed for the
computation of the nine F-Score components. Moreover, stock price data were acquired,
which were crucial for evaluating the performance of each of the aforementioned investment

strategies.

The amount of data was intentionally limited by the geographical region and time period.
Regarding the former limit, the UK stock market was chosen for the analysis because London
is the home of one of the most developed and internationally relevant financial centres.
Therefore, investors should be particularly interested in its success there. By contrast,
Germany was chosen because of its importance to the global GDP and because it has a code
law system, which became relevant later in the analysis. Regarding the time horizon, the
period from 1992 to 2010 was chosen for two reasons. On the one side, the data availability
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turned out to be problematic before the year 1992, in particular for Germany. On the other
side, a reasonable balance was aimed for between the pre-IFRS and post-IFRS era. Since the
IFRS became compulsory from 2005, research outcomes based on earlier start dates would

tend to become less reliable because of inconsistent and superseded accounting principles.

7.4 Research questions and factual conclusions

The aforementioned motives and rationale for this research led to the formulation of the

following four research questions:

I To what extent can the success of a simple fundamentals-based investment
strategy be replicated in the stock markets of the UK and Germany?

ii. Avre there alternative strategies that can be used by investors to achieve comparable
results and which one is the best?

iii. How do the book-to-market ratio, different kinds of information uncertainty
measures and liquidity drive the success of those strategies?

iv. Does the country-specific legal system have an influence on the success of the

various investment strategies?

Regarding the first research question, the success of the original F-Score strategy was
empirically confirmed outside the US. The evaluation of one-way portfolios, that is, absolute
returns and returns in a long/short scenario, led to this conclusion. Having replicated the
original strategy, the answer to the second question was dependent on the respective
investment strategy under scrutiny. Generally speaking, clustering the forecast errors should
be the next best method of choice for investors followed by the F-rank and DMSFE methods.
However, the additional time and effort necessary for the computation of the ranks and
forecast errors do not stand in reasonable relation to the subsequent results. Consequently, the
original F-Score method is regarded as the best and should therefore be recommended to

practitioners.

The answer to the third question is twofold. Regarding the book-to-market ratio, the evidence
shows that, in the vast majority of cases, all of the investment strategies work best amongst

low-BM firms both in the UK and in Germany. However, the degree of the success depends
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on the specific method. In general, the F-Score, F-rank and cluster methods work better than
all of the DMSFE combinations. This conclusion is derived from the ability of those methods
to generate higher return differences within the group of low-BM firms. It should be noted
that this is independent of the secondary research findings, which confirm that high-BM firms

usually perform better in absolute terms.

The analysis of firm size as an information uncertainty proxy shows that the success of the
investment strategies is owed to small firms in the UK. Again, this is based on the level of
portfolio return differences within each of the size terciles, which is highest for small firms.
However, the German findings indicate that the returns are driven more by larger firms. It can
reasonably be assumed that this is due to the overall larger market capitalisation of German
firms in comparison with that of UK firms. As a secondary finding, it can be stated that larger
firms perform better both in the UK and in Germany, although this result is not as clear as for
the UK.

A summary of the results of all the investment strategies with regard to the alternative two
information uncertainty measures, the SDF and MADF, provides no clear results for both
countries. However, once the original F-Score method is viewed in isolation, there is very
strong evidence that high-uncertainty firms are the main contributors to its success. Success in
this regard means the ability to generate the highest possible horizontal return differentials,
which is of interest for long/short investors. By contrast, the F-rank results are very mixed.
According to these methods, low-uncertainty firms actually contribute more in most of the

cases.

For the UK, the addition of two liquidity measures, i.e. Amihud and ToR, tested the influence
of a stock’s liquidity on the success of the strategies. In almost all the cases, higher returns
can be generated from portfolios that contain stocks with low liquidity. Again for the UK only,
the results can be used further to determine whether the information uncertainty measures or
the liquidity measures have more influence on the results in general. Judging from the
amplitude of horizontal return differentials, both 1U and liquidity are equal contributors to a
strategy. Further still, the 1U and liquidity measures can be examined in isolation to analyse
which of the respective two measures has more impact. Amongst the two IU measures, the
MADF clearly has the better ability to generate larger return differentials. Regarding liquidity,

the same holds true for the ToR measure.
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Because no liquidity measures were generated for Germany, it can only be assessed which of
the two IU measures has a greater impact on a strategy’s success. Interestingly, the SDF can
provide investors with higher return differentials, which contrasts the UK results. Finally, as a
secondary outcome, stocks with low levels of information uncertainty and high levels of
liquidity are preferred investment targets because of their higher subsequent absolute returns.

This is particularly interesting for long-only investors.

The final hypothesis dealt with the legal environment and its influence on the success of the
investment strategies in the UK and Germany. Generally, the findings did not suggest that a
different system of justice has a great impact on the functioning of the various strategies. This
finding is even more interesting considering the weaker investor protection in Germany.

However, investors generally enjoy higher stock returns in Germany than in the UK.

7.5 Conceptual conclusions and the contribution to knowledge

The basic idea of Piotroski’s (2000) investment strategy is to provide investors with an easily
implementable tool for the selection of potentially well-performing stocks from the entirety of
the stock universe. This concept, however, is faced with differing assumptions about its
practicability in the academic literature. In short, market efficiency states that persistent
above-average market returns are unattainable because relevant information is immediately
reflected in stock prices. By contrast, advocates of behavioural finance counter that

inefficiencies exist due to the irrationality of market participants.

The research findings bear implications for the theory of efficient markets. As the success of
the F-Score strategy in particular has shown in the UK and Germany, the study provides
support for the behavioural finance theory. This implies that investors apply similar heuristics
and are subject to cognitive biases irrespective of their geographical location, which
ultimately contributes to the generalisability of the BF theory. Besides, this study narrows the
literature gap by empirically testing a composite measure that is based on financial statement
items in the stock markets of the UK and Germany. To ensure the comparability and
reliability of the F-Score results between the US and the European stock market, the study

followed the parameters preset by Piotroski (2000). Hence, the research outcomes are both
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guided by theory (Richardson et al., 2010) and not a result of in-sample fitting, as argued by
Greig (1992).

The purpose of the second research question was twofold. On the one hand, alternatives to the
original F-Score approach were established with the intention of corroborating the initial
findings of exploitable market inefficiencies and hence to provide further support for the
theory of behavioural finance. On the other hand, new methods were used to accomplish this
task. These methods were borrowed from the economics literature and applied to the concept
of a simple fundamentals-based investment strategy. This idea builds directly on the
observation by Rapach et al. (2010), who found that forecast combination methods are rare in
the finance literature despite their increasing popularity in the field of economics. The
research results in this thesis generally agree with Rapach et al. (2010) insofar as the more
elaborate forecasting methods perform relatively poorly compared with the simpler ones. This
is especially interesting as cross-sectional rather than time-series information, which has
almost exclusively been used previously (e.g. Rapach et al., 2010), was used for the forecast
combinations. However, even the simplest methods underperform the F-Score in aggregate. It
can be argued whether the F-Score is indeed the simplest investment strategy amongst those
tested in this study. Taking into consideration that it can be applied instantly with no historical
stock return data, no need for calculating ranks and a binary nature, there is much support for
this conclusion. Consequently, this would be in line with the assumption made by Rapach et
al. (2010).

If, on the other hand, this is not the case, the robustness of the F-Score remains a puzzle, as
noted by Richardson et al. (2010). This, in turn, would further add to the findings related to
the first research question. As the authors argued, the two reasons for the strategy’s success
are most likely to be in-sample fitting and the lack of external validity, that is, the omission of
a holdout sample. This research has shown, however, that both arguments can be countered.
In-sample fitting is not an issue because the same parameters are applied to the UK and
German observations without mining the data first. As a consequence, no holdout sample is

necessary because the Piotroski (2000) study already serves this purpose.

The third research question targets the specific conundrum of the BM effect (e.g. Lakonishok
et al., 1994) and the size effect (e.g. Banz, 1981) and their interplay with the respective

investment strategies. Regarding the former, two explanations usually exist for the
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outperformance of high-BM firms, as summarised by Ali et al. (2003). On the one hand, this
difference can be explained by the higher compensation for taking on higher risk, the EMH
view. On the other hand, differences occur due to mispricing, the BF view. Aside from those
two views, it is arguable why Piotroski (2000) analysed only high-BM firms. The research
findings of the present study provide sufficient evidence to conclude that investment
strategies based on a composite measure are able to generate sizeable returns regardless of a
firm’s BM ratio. Hence, this represents an extension of the original study’s scope. In fact,
long/short returns from low-BM firms contribute even more to the overall success of
strategies in the majority of cases. Furthermore, it confirms similar findings by Duong et al.
(2014) for the UK stock market, for which the analysis was guided by similar assumptions. As
a secondary finding, however, long-only investors enjoy higher profits from high-BM

portfolios, which confirms the BM effect in general.

Regarding firm size, the present study analysed the key drivers of the original F-Score
strategy similarly to the BM ratio. In addition, it aimed to contribute to the effort to uncover
the economic rationales behind the existence of a size effect. Contrary to the BM ratio,
behavioural finance is relatively silent regarding the grounds for this very size effect (Amel-
Zadeh, 2011). With respect to the first point, the analyses obtained opposing results. While
the returns from the investment strategies are driven by smaller firms in the UK, the contrary
is observable in Germany. However, this does not limit the success of the respective strategies
altogether and thus further evidences the robustness of the original concept of this
straightforward accounting-based investment tool. Regarding the second point, the methods
used for scrutinising the size effects were borrowed from Zhang (2006). In addition, new
measures of information uncertainty were implemented in this thesis. Similarly to his study,
this research aimed to provide a behavioural explanation for the size anomaly. While EMH
adherents ascribe this effect to higher levels of risk (e.g. Roll, 1981), behaviouralists suggest
that investors under-react to new information depending on a stock’s degree of information
uncertainty. This implies that the speed of news absorption into stock prices varies and profit
opportunities arise. Size, in this regard, is used as a measure of this uncertainty rather than
representing a measure of risk. The underlying concept is that, due to lower disclosure
requirements for small firms, for instance, those firms bear higher uncertainty. However, the
test results of this study do not point to this conclusion but are rather in line with Dimson and
Marsh (1999), who presented evidence for a reversed size effect, specifically higher returns

for bigger companies. Zhang (2006) picked up on this evidence and concluded that size is not
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a risk measure but rather an indicator of information uncertainty. Because the market reaction
is relatively complete for low-uncertainty stocks, high-uncertainty stocks should generate
better (worse) returns following good (bad) news. However, the research results for the UK
and Germany only partly confirm the findings of Zhang (2006). While high-uncertainty firms
do indeed produce lower returns in the case of bad news, they still do so in the case of good

news.

Two interpretations are possible. On the one hand, given that low-uncertainty stocks generally
produce higher returns, it is likely that different degrees of information completeness between
the good and the bad news stocks exist. From this it would follow that an investor’s surprise
from bad news is greater than that from good news. This is corroborated by usually stronger
test statistics within the group of bad news firms. As a result, investors are not sufficiently
surprised to induce them to buy those stocks; rather, they prefer to stick with what they have

already.

On the other hand, the behavioural finance concept of herding could provide an answer. On a
micro-data level from Finland, Kaustia and Knupfer (2012) found a positive correlation
between returns in one particular neighbourhood and new investors from the same
neighbourhood who enter the market. Due to the uniqueness of the official ownership registry
in Finland, which records daily transactions, the data set is highly reliable, thus providing a
solid foundation for interpreting the findings from this study. Due to the monotonic and
positive correlation between participation rates and returns, the results should be stronger the
higher the overall market participation is. Considering the more market-oriented UK economy,
this assumption is clearly substantiated by the stronger test statistics in the UK compared with
Germany. Generally, however, investors in both countries prefer low-uncertainty stocks.
These findings are further confirmed by the alternative two uncertainty measures, namely the
SDF and MADF.

Regarding the liquidity measures in the UK, the success of investment strategies is almost
exclusively dependent on low-liquidity stocks. In other words, once the investment strategies
are applied to the subset of low-liquidity stocks, the return differentials between high-scored
and low-scored or ranked stocks are higher than the ones in the high-liquidity subset. As low
liquidity is conceptually tantamount to higher uncertainty, similar to small firm size, it is not

too surprising that these outcomes coincide. However, the addition of a new dimension, in this
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case liquidity, does not diminish the effectiveness of Piotroski’s (2000) basic idea and thus
provides further proof of its functioning. Similar to the investors’ desire to hold good-quality
stocks within each of the liquidity subsets, they usually aim to hold stocks with higher levels
of liquidity within each of the measures of stock quality. Again, this confirms the previous

observations from the information uncertainty measures.

In principle, the same two interpretations of information completeness and herding are
possible and are therefore not discussed further. In general, however, a positive relation
between a stock’s return and its illiquidity, as documented by Amihud (2002), cannot be
confirmed, as the results from the stock markets of the UK and Germany show. The
conception of a higher reward for taking on higher risk in the form of not being able to buy or
sell a specific stock agrees with the EMH. However, this holds true only if the stocks are
characterised by liquidity features alone. Once a basis for evaluating the quality of two stocks
is created, such as the F-Score, it could be objected that a premium for the more illiquid stock
is unjustified. The reason is that the two stocks have a similar probability of generating
similar returns, assuming that they have the same quality features. Following this
interpretation, it would be conceivable that the stock with the higher liquidity could, if at all,
be selling at a premium. This assumption was confirmed by Fang et al. (2009), who also
pointed out that the empirical research on this matter is very limited. Thus, the results of this
study contribute to narrowing this gap. The authors used the market-to-book ratio to show that
high-liquidity stocks perform better and used three alternative liquidity proxies as robustness
checks, one of which was the Amihud (2002) measure. In summary, their study documented a
positive relationship between liquidity and firm performance through higher operating

profitability.

While the previous conclusion is model-dependent, specifically on the so-called stock price
feedback models (e.g. Subrahmanyam and Titman, 2001; Khanna and Sonti, 2004), Beber et
al. (2009) reached a more generic conclusion. Analysing the euro-area bond markets, they
investigated whether bond investors demand credit quality or liquidity both in normal and in
distressed market states. While the findings suggested that the requirements for credit quality
and liquidity are equal, the preference is given to liquidity in times of high market uncertainty.
These results are in accordance with the findings of the present study. This is because, within
each group of stocks with the same quality features, the assessment of liquidity should not

make a difference. However, as the data cover a period of nearly 20 years, the outperformance
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of higher-liquidity stocks suggests that investors preferred to buy these stocks during times of
market uncertainty, which yields measurable results in aggregate. The findings further suggest
that this effect is stronger amongst low-quality stocks.

Finally, the last research question aimed to analyse the interplay between investor protection
rights and stock return performance. The degree of investor protection, in turn, is directly
related to the legal environment of the UK and Germany. Usually, common law countries,
such as the UK, place more emphasis on protection than their code law counterparts, such as
Germany. However, this legal tradition is most likely to determine the shareholder structure of
a company. This concept is related to agency theory, which analyses the relationship between
shareholders and their agents who are in charge of managing the firm (Fama and Jensen,
1983). Because the problems between shareholders and agents increase the lower the level of
investor protection rights, Burkart et al. (2003) recommended family ownership in these cases
to align the interests with those of shareholders. While firms in the UK are mostly widely held,
family control is much more common in German firms (Faccio and Lang, 2002). Therefore, it
has to be answered first whether family-controlled or non-family-controlled businesses
perform better considering the potential conflicts between shareholders and agents. The
present study reports better overall returns in Germany, which are consistent with the earlier
research by Anderson and Reeb (2003) for the US and Barontini and Caprio (2006) for
Europe minus the UK. Because more firms in Germany than in the UK are family-owned
according to Faccio and Lang (2002) and those firms perform better in general, the returns in
the German stock market should be higher. This concept was substantiated in view of the

investment strategies’ return performances and also agrees with the findings by Maury (2006).

In summary, this subsection provided a conceptual conclusion and pointed to gaps in the
academic literature. These gaps were narrowed first by replicating an investment strategy
found to be successful in the US in the European context, specifically for the stock markets of
the UK and Germany. Second, the basic concept of the original strategy was extended. For
this reason, various alternatives were developed and tested following the same methods as
previously to ensure consistence and comparability of the research findings. Third, the key
drivers of these strategies were analysed and put into a behavioural context. Fourth and last,
the performance of the strategies was tested against the background of different legal systems.
Overall, therefore, this research satisfies the requirements for a modest contribution to

knowledge.
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7.6 Limitations of the study

Apart from the contributions made by this study, some major limitations are addressed in this
section. Firstly, the study focused only on two European economies, which have a series of
distinctive features. For instance, the UK is not part of the euro area and fosters a common
law legal system. By contrast, German companies tend to be intertwined insofar as there are
substantial cross-holdings amongst them. Further, a German-origin code law system is in
place as compared with a French- or Scandinavian-origin law system, which is used in the
majority of euro area countries. For these reasons, the research results of this study should be
interpreted with caution. Secondly, similar to Piotroski’s (2000) original study, the existence
of a data-mining bias cannot be ruled out entirely. This problem occurs because the nine
financial statement items have not been actively developed as part of this study but rather
adopted from previously published results. Consequently, it is possible that this bias has been
carried forward to this study. Thirdly, all of the variables used in the analyses could be subject
to measurement error. In other words, they might not adequately measure what they are
supposed to measure, thus inducing a bias into the outcomes with the effect of overall lower
reliability. Finally, the generalisability of the research results can be critically examined.
Although, due to the choice of a deductive research paradigm, the results should be both
reliable and generalisable, the research outcomes should still be viewed cautiously as outlined
previously. However, this does not affect the European economies so much due to the process
of harmonising financial markets and reporting standards but rather emerging and even

frontier markets.

7.7 Recommendations for future research

In view of the limitations highlighted above, this final section suggests potential avenues for
future research. First of all, a more qualitative approach could help to analyse the
characteristics of high-returning firms in more depth. This would complement the quantitative
approach that was used in this study and would also shed light on the “soft skills” of
companies as potential drivers of their stock price performance. Conceptually, this process
agrees with practising investors such as Warren Buffett, who also looks behind the numbers.

For instance, in his earlier shareholder letters, he actively sought businesses that were easy to
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understand and had a trustworthy and apt management team in place.? Following that, these
traits could be compared with the highest-scoring and lowest-scoring firms from the previous
investment strategies and measured. Similar to the ranking process in this study, the
qualitative components could include the length of management tenure, firm age, number of
direct competitors, global reach, social accountability and corporate greenwashing. As a result,
these additional measures would expand the initial strategies by adding a qualitative

component.

Additionally, a more detailed analysis could be conducted across different industries. The
research by Hou and Robinson (2006) showed that firms in competitive industries earn higher
stock returns. This finding seems surprising as industries with an oligopolistic structure, for
instance, usually aim to maximise their profits, which should result in higher stock prices. It
would therefore be interesting to research how the success of an investment strategy is
affected by the structure of a specific industry’s market, that is, the degree of industry

concentration, maturity and barriers to entry.

Furthermore, primary data could be collected directly from a brokerage firm. The idea would
be to access trade tickets and create groups of both persistently successful and persistently
unsuccessful retail traders. After the analysis of the data, the main characteristics of the stocks
within the two groups could be compared with those of the high-ranking and low-ranking
stocks that were used in this study. Finally, the stock return performances of the two
approaches would be compared. To add another dimension, traders could be interviewed to
gain an understanding of what else they consider important during their investment decision

process.

Finally, the analysis could be further extended to countries which have different
characteristics to those already studied. This is of particular interest as the success of
investment strategies in the US, the UK and Germany might be due to the strong economic
and political links between these countries, which might fuel the data-mining bias mentioned
earlier. For this reason, this bias could be potentially reduced if stock markets with much

weaker economic and political ties were analysed.

% Source: Berkshire Hathaway (http://www.berkshirehathaway.com/letters/1991.html)
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Appendix

Firm selection (section 3.5.1.1):

e Firms with GBP (UK) as their reporting currency are included
e The following variables were downloaded from Datastream for the period 31.12.1990

to 31.12.2011:

A.1 Variable definitions

Variable Description

FYE (D) financial year end [DS code: WC05350]

MP-FYE (D) market price at the end of June [DS code: RI] (30/06/1991-30/06/2012)
BV-FYE (D) book value at the financial year end [DS code: WC05491]
BM-FYE (C) book value of outstanding shares (= BV-FYE / MP-FYE)

PB-FYE (D) price to book value at the financial year end [DS code: PTBV]
NIN (D) net income before extra items and dividends [DS code: WC01551]
TAS (D) total assets [DS code: WC02999]

ATAS (C) average total assets (ATAS;= (TAS; + TAS;1) / 2))

CFO (D) cash flow from operating activities [DS code: WC04860]

LTD (D) long-term debt [DS code: WC03251]

CRA (D) current ratio [DS code: WC08106]

EQO (D) net proceeds from equity offerings [DS code: WC04251]

GPM (D) gross profit margin [DS code: WC08306]

TSA (D) net sales [DS code: WC01001]

CAP (D) market capitalisation [DS code: WC08002]

(D) = downloaded; (C) = computed

e Firms with missing data were removed
e This process yields 3,089 firms with complete data, i.e. with all 9 variables necessary
for constructing the F-Score

Benchmark definition (section 3.5.1.3):

¢ Individual stock returns are downloaded and winsorised at the 0.5% level using Stata

e Market-adjusted returns are computed only for firms with complete F-Score data

e The equally weighted benchmark index is calculated only from those firms with
complete F-Score data

e Firm-specific returns are computed on 30 June each year
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The one year market-adjusted buy and hold return (BHAR) is therefore:

= BHAR = Individual stock return — benchmark return
Portfolios are constructed at t using the F-Score data from t - 1 measured against
market-adjusted returns att + 1

Portfolio construction (section 3.5.1.4):

F-Scores are assigned to individual firms for the period 1992 to 2010

This process results in 20,053 firm years

Firm years are defined as cumulative amount of firms with complete data
Fquintiles are constructed as follows:

- L=30%, M=40% and H=30%

- L*=5% and H*=5%

L*/H* are included in L/H

It is assumed that firms with higher F-Score perform better than low F-Score firms

Portfolio construction with alternatives (section 3.5.1.5):

Each of the nine individual F-Score components is ranked as follows:

(F iyrank — 1)

i = 1
Fl,srank (Fmax _ 1) ( )

This generates nine Fi-ranks per firm

A continuous value between 0 and 1 is attached to each Fi-rank

Ties are retained

Fi-ranks are aggregated

Both the mean and median are computed from the aggregate value resulting in the F-
rank

Portfolio construction with DMSFE (section 3.5.1.6):

Forecast errors (DMSFE) are calculated as follows:
= DMSFE; = (r; — Fi-rank; 1)
This calculates the difference between the ranked and standardised stock return (r) at t
and the Fi-rank at t — 1 (r is ranked and standardised according to equation (1))
Therefore, Fi-ranks are used as nine individual forecasts
The lower the DMSFE, the higher the forecast accuracy
Portfolios are constructed at t + 1 based on DMSFE at t
Weights are attached to each of the forecasts as follows:
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N 2
E ' l(rt - F—rankirt_l)
. = =

9 = =

(2)

where

9
t= d)]TtI/Z (pjitl 3)
=1

e The best three, the next best three and the worst three forecasts are summarised

e Forecasts, i.e. terciles, are labelled as high, middle or low

e The mean, i.e. weight, of each of the terciles is calculated

e This average weight is multiplied by those Fi-ranks that are part of the respective
tercile

Portfolio construction with clusters (section 3.5.1.7):

e Similar to DMSFE
e Only the three forecasts with the lowest forecast errors are considered (k = 3)
e Only the five forecasts with the lowest forecast errors are considered (k = 2)

Inclusion of a second dimension: BM and size (sections 3.5.1.8 and 3.5.1.9)

e Values for BM and size (market capitalisation) are downloaded from Datastream
e Firms are assigned to one of three BM/size terciles

Information uncertainty proxies: SDF and MADF (section 3.5.2.2)

e Both measures use the F-rank as input variable
e Both measures are constructed as terciles as they are used in the second dimension
e SDF is calculated as follows:

4)

F-rank;, — Forank,)?

e MADEF is calculated as follows:

F-rank;, — F-rank
MADF;, = 2| "tn e (5)
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Causality of investment performance: The Amihud and ToR liquidity measure (sections

3.5.2.3and 3.5.2.4)

Amihud measures the price impact dimension using the following equation:

Dit

LIQie =1/Dye ) Rigal / VOLPyg (©)
t

VVOLP equals the price times volume on any given day
Both variables were downloaded from Datastream

D represents the number of days in one specific year for each firm

ToR measures the trading quantity dimension as follows:

D¢

ToRye =1/Diz ) VOLyeq / NOSH; g @
t

NOSH measures the number of shares outstanding on any given day
VOL measures the turnover by volume on any given day
Both variables were downloaded using Datastream

Both Amihud and ToR are used as the second dimension

Parametric and non-parametric tests (section 3.6.3)

Parametric unpaired t-tests are performed on the equality of means using Stata

The test for u = uo for unknown o is given by:

t:(f—ﬂo)\/ﬁ

S

(8)

The statistical distribution follows a Student’s t with n — 1 degrees of freedom
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The non-parametric Mann-Whitney-Wilcoxon (MWW) test is used

This test is implemented in Stata as the ranksum test

We test the null hypothesis that X; ~ X,

We have a sample of size n; from X; and another of size n, from X;

The Wilcoxon test statistic is the sum of the ranks for the observations in the first
sample and is given by:

T = Z Ry )

i=1

The Mann-Whitney test statistic is the number of pairs (Xii, X) such that Xy > Xy

given by:
U=T-— w (10)
The probability is given by:
Y 11
P (11)

The non-parametric median test analyses the likelihood that two samples stem from
populations with the same median
The null hypothesis is that samples are drawn from populations with the same median

The test is performed using the median command in Stata
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