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ABSTRACT

In the seven decades following the Investment Campsct of 1940 coming into force in

the United States, the mutual fund industry hasetgmhe dramatic changes including, some argue, a
transition from stewardship to salesmanship witkegathering becoming the industry’s driving
force. As fund managers incrementally assumed ae npoonounced role in the investment fund
industry, an emerging strand of finance literatieused on their characteristics and their potentia
impact on investment performance. While a largeybotl academic research concurs that fund
managers cannot outperform systematically betemn tthance, there are also a significant number of
studies that link the psychological characteristifsinvestors to their investment performance.
Importantly, we know that fund managers, as a sr@tive sample of professional investors, often
have to operate under enormous anxiety and assdgiatychic pressures. In their effort to cope with
these pressures and make sense of an immenselgdictpble and complex work environment, a
wide range of psychic defences and behaviourakbiasy be triggered.

The purpose of this research is to investigatethenone hand, to what extent mutual fund
managers are prone to overconfidence and assoclabdvioural biases such as self-serving
attribution. On the other hand, the extent to whasterconfidence, proxied by a wide range of
variables including overoptimism, excessive cetjaiand excessive self-reference, may have any
bearing on fund performance is of interest. Thelamental question is why, how, and through which
mechanisms does overconfidence affect performafdt¢e underlying research questions are
motivated by three large areas of research: studfiesutual fund performance and persistence,
studies of financial accounting narratives, andlists of professional investor psychology. | also
explore how overconfidence is fundamentally gemerand, in a sense, resorted to by fund managers
as a defence mechanism against the psychic pressfirbaving to work in a highly intangible,
complex and uncertain environment. Drawing on evigefrom fund manager reports written for
investors, | explain how they use the medium ofatares, and in particular stories, to make setise o
what they do as fund managers and their added vaiugients. | demonstrate how analysing fund
manager commentaries, both through computer-adsistgus-linguistic approaches and through the
“close reading” method, sheds light on the linkweetn fund manager psychology and investment
performance. In particular, from the perspectivenafrative analysis, | explain how fund managers
write their reports in distinguishably different rges depending, among others, on their past
performance record, fund size and investment shyladdition, | establish in a longitudinal studhat
the overall economic environment in which fund ngera operate does influence the rhetoric of fund
manager reports as well as the evidence for thgdfwia hypothesis.

My findings also suggest that excessive overconfidds associated, to a large extent, with
diminished future investment returns. While supemast returns are expected to increase fund
manager confidence which, in turn, may introdueedherconfidence bias in the investment decision-
making process and thus diminish returns (througdfficient stock selection, suboptimal market
timing and other possible mechanisms), this isanstmple regression towards the mean. The asset
pricing model employed in my empirical analysise tGarhart four-factor model, controls for the
effect of previous-year momentum, and my overcanfak measures are only slightly correlated with
the momentum figures. Hence, one is led to the losian that the narrative-based variables used in
this study indeed capture some aspect of the iofeasl investor psychology, and are capable of
enhancing the explanatory power of conventionadtagscing models such as Carhart's.

In investigating the dynamic relationship betweamd manager overconfidence and
investment performance, the cross-sectional variatin my study demonstrate that superior past
performance boosts overconfidence as measured psoales employed. In addition, there appears to
be an inverted-U relationship between overconfideand subsequent investment performance. In
particular, a hedging strategy based on shortimgl§uwith extremely overconfident managers and
going long in funds with normally (over)confidentanagers, yields positive average returns. The
impact of overconfidence on subsequent returnshsast across different investment styles, although
it is stronger among growth-oriented funds. Incogtiog average scores for fund manager
overconfidence over longer periods yields simiksults. In addition, fund manager duration appears
to correlate with managerial overconfidence inltreg term.
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CHAPTER 1 - INTRODUCTION

The investor's chief problem - and even his worst enemy elg lik
to be himself... Individuals who cannot master their emotions are
ill-suited to profit from the investment process.

- Benjamin Graham (1973), “The Intelligent Investqg®,283.

Professional investment may be likened to those newspaper
competitions in which the competitors have to pick out the six
prettiest faces from a hundred photographs, the prize being
awarded to the competitor whose choice most nearly corresponds
to the average preferences of the competitors as a whole; so that
each competitor has to pick, not the faces which he himself finds
the prettiest, but those which he thinks likeliest to catchaheyf

of the other competitors, all of whom are looking at the problem
from the same point of view.

- John Keynes (1936), “The General Theory of Emplaytne
Interest and Money”, p. 156.

1.1 OVERVIEW

The purpose of this chapter is to introduce the thesis and setdhe for the
following chapters. | discuss the background and objectives of theralesaad
justify why it is important to study investor psychology in ge. In the broad
context of behavioural finance and investor psychology, | frame mgamas
guestions and explain the approach used to investigate them, before ngravidi
summary of the research results and the original contribution toreflegant
literature. | then conclude with an outline of the thesis struetndea brief summary

of the following chapters.
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1.2 BACKGROUND

Traditional finance uses theoretical models which predominantlynmassthat
economic agents are rational, i.e. efficient and unbiased inforn@at@essors who
constantly seek to maximise their utility. It is now widelyresgl that these
appealingly simple assumptions are quite inaccurate. As Badoed Thaler (2003)
remark, “unfortunately, after years of effort, it has becomarctbat basic facts
about the aggregate stock market, the cross-section of avetages,rand individual

trading behaviour are not easily understood in this framework.”

Behavioural finance, on the other hand, assumes that investors aearesuiffect to
behavioural biases that can negatively affect their financiasidas. These biases
and heuristics, which are typically grounded in the cognitive psygidlterature,
are being increasingly applied in financial contexts. Indeed,estudi behavioural
finance often lead to conclusions that significantly resonate whtit professionals
in the finance industry experience and “know” at a deeper and perhapssaiocis
level (Taffler and Tuckett, 2010). In this way, behavioural firamas revolutionized

the way we think about investmerits.

In this context, studying investor psychology is of paramount importance.
Hirschleifer (2008), among others, provides a detailed survey of stldigsg
investor psychology to asset pricing and claims that this igssiatl “the heart of the
grand debate in finance spanning the last two decades.” While @letem
understanding of investor psychology requires familiarity with idewange of
individual and group behaviours, a few psychological traits are oftsognized as
highly influential in shaping investors decisions. Based on the behalitnance
literature, overconfidence clearly belongs to this list. AsuPI(1993) argues, “no
problem in judgment and decision making is more prevalent and more albyenti

catastrophic than overconfidence.”

! This change of paradigm from a framework basedheoclassical assumption to one based on
psychological assumptions is still an ongoing aighlly dynamic process. Shefrin (2009) discusses
this issue and provides a detailed review of thengtths and weaknesses of both approaches.

12



To properly understand overconfidence, an excellent approach is tératarthe
closely related concept of “optimism”. Optimism seems torbengegral part of the
human psyche. From the perspective of evolutionary processegqrdpssed that
optimism must have brought the early humans important benefits, aedbtleelin
the course of thousands of years of evolution, it has become part of négcge
hardwiring of our brains. Our early ancestors who lived in the veryildos
environment of African savannahs and had to step out of their caves tiohfoud

in competition with the wildest predators of that age, did in faguire optimism,

and perhaps even some level of overconfidence to take this first step.

Apart from this evolutionary perspective, it is now widely known thamans
constantly learn about themselves and their abilities by obsethvengonsequences

of their actions. In doing so, most people overestimate the degveadh they play

a role in their own successes. This tendency is often amplifiednbylusion of
control, i.e. by thinking that one can control or influence an outcome. The
overconfidence resulting from this mechanism can have severahtiveeg
consequences for decision making, as | will discuss in datthlei literature review.

In fact, many researchers cite overconfidence as an explarfiatiavars, strikes,
litigations, entrepreneurial failures and, not surprisingly, stockkebtabubbles
(Glaser, Noth and Weber (2007); Moore and Healy (2008)).

This study focuses on professional investors. As financial agentéessional
investors often operate in an environment that is significantleréifit from the
assumptions of conventional models. Conventional finance views finageiatsain
terms of “rational” actors in the marketplace who use formathods of asset
valuation in an attempt to identify those stocks or other assetsh whay be
mispriced; even though, on the other hand, markets are viewedoimaditi as
efficient. In contrast, the world of theal investment manager is one where she is
swamped by information, is subject to acute information asymyistunder intense
competition, and, in the end, has to rely to a large extent on subjpadiy®ent,
intuition and “gut feeling”. Added to this are the many imponderableish are
outside her control, may largely drive her investment performandeara intangible

from an external viewer’s perspective (Holland, 2009). Ultimatély,drofessional

13



investment manager is required to do a job which is very difficult if not impogsible
do, and is under constant threat of dismissal if the returns she @& not deemed
satisfactory.

| argue that such environmental forces can, in a subtle way anggthtime, feed
into professional investors’ overconfidence, and indirectly affect Hmy make
investment decisions. Specifically, such features of financiaketgrtogether with
investors’ past performance results and their personal attribuaes,beed or
diminish overconfidence, which, as this thesis explains, may affeestment

performance in several ways.

1.3 RESEARCH QUESTIONS

The phenomenon of overconfidence, due to its broadness and importance, has been
widely influential outside the field of psychology (see Danielrsheifer and
Subrahmanyam (1998), Santos-Pinto and Sobel (2005), Statman, Thorley and
Vorkink (2006) and Garcia, Sangiorgi and Urogg@007) among others). The role

of overconfidence in influencing the behaviour of economic agents and, by
extension, the functioning of financial markets, is an emergingreasingly
important and widely researched topic. | have found 1,517 peer-reviewedl journa
articles published between 2000 and 2010 in a major literature datdaa<ontain

the keyword “overconfidence”.

A large body of literature has more recently focused on the awkdence of
corporate managers, and its impact on corporate investment dedisenesas such
as capital structure and M&A activity (see Malmendier ang T2005), Malmendier
and Tate (2008), Malmendier, Tate and Yan (2011) and Gervais, Heaton aad Ode
(2011) among others). The questions asked in this research, howeverncthec
impact of overconfidence on professional investors, which is a $& déeudied

research area. The underlying research questions are motivatekedéyarge areas

% The search was conducted in January 2011 on tabake Business Source PremieB$CO Hodt
Almost half of the total number of articles (72énits) are published after 2007, clearly showing a
rising trend. A search in tHécienceDirectlatabase yielded similar results.
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of literature, i.e. studies of mutual fund performance and persistshodies of
financial accounting narratives and business communication, and studies of

professional investor psychology.
In particular, the following research questions are asked in this thesis:

1. How does a fund manager’s prior investment performance affectatercs

mind, and particularly overconfidence?

2. To what extent, if at all, does a fund manager’s overconfidenpadithe

subsequent investment performance of the funds he manages?

3. How does the self-attribution bias interact with overconfidence and

investment performance?

4. How does self-attribution bias driving overconfidence manifesif itsethe
way fund managers communicate their investment results todiesits, in

particular by engaging in “storytelling”?

5. How does the above process relate to the anxieties generateal/ing to
explain, justify and cope with poor past performance as well hgldy

uncertain working environment?

6. Can what we know about fund manager overconfidence help investment

companies recruit more “successful” managers?

1.4 THE OBJECTIVES OF THE RESEARCH

My research aims to achieve a number of objectivestly, | set out to explore the
extent to which mutual fund managers are categorically prooeex@onfidence. It
has to be noted that overconfidence is a bland term and can have smaerizgs in
different contexts. | clearly specify what | mean by overcanfa in each case and
make use of a number of different proxies associated with meashisngonstruct

including overoptimism, excessive certainty, self-reference and tone.
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Secondly | investigate whether a fund manager’s overconfidence can dféect
investment performance in any significant way. | survey ifieeature to arrive at
some theoretical expectations in this context and empiricaftyseveral hypotheses.
The research results can potentially be informative to the fuarthger skill versus

luck debate as well as the ongoing debate on performance persistence.

Thirdly, this study demonstrates how the self-serving attribution biasaats with
investment performance and overconfidence. It also shows how fund maunsgers
the medium of narratives, and “stories” in particular, to geaarahviction in what

they are doing, and to be able to continue their highly complex andralng task

of adding value for their clients despite having to invest in ranr@enment with
uncertain and almost unforeseeable outcomes. Through narrative gralyisstrate

how fund managers who are swamped by an enormous amount of conflicting
information that needs to be processed and made sense of in soncanvayd only

a loose connection, at best, between their investment thesis aedsfutoutcomes.
Finally, | explore the implications of the research results for fund gearselection,

and overall financial regulation of the mutual fund industry.

1.5 THE ORIGINALITY OF THE RESEARCH

This research is located within the mainstream of behaviounahde and formal
narrative (content) analysis in accounting and finance. It litiseainterface of the
literature that seeks to measure whether mutual fund manageresists, the
literature on the psychology of professional investors and the rexsadrch in the
domain of emotional finance which explores how fund managers dealwitmake
sense of their inability to do what they are expected to dowhito outperform the
market on a measurable basis knowing on one level this is beyond their control.

In addition, the thesis builds on the literature on content analysirpbrate
narratives e.g. investigating Chairmen’s Statements, etc. édeanch results make
original contributions to the understanding of how certain behavioural aoiibead
mechanisms are employed by professional investors to operateeny aincertain

environment, and how they possibly influence future fund performance.
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Furthermore, the current study is, to the best of the researdtrenvledge, one of

only two studies that have examined the issue of overconfidence amduogl fund
managers in detail (the other study being the Choi and Lou (2008) working paper).
addition the approach used to measure overconfidence, as will be explained in the
subsequent sections, is highly original and makes use of a |largdesaf fund

annual reports.

1.6 THE CHOICE OF TOPIC AND RESEARCH DESIGN

A robust research design clearly requires an appropoiaiee of research topid
have chosen the topic of “professional investor psychology and investment
performance” for a number of reasons. Importantly, the broadadrbahavioural
finance and the sub-domain of emotional finance is an emerging amasmgly
influential area of finance research with significant impiaas in the finance
industry. In addition, the above topic is well suited to both qualitatnd a
guantitative research methods, and | have used both methodologies to ehkance
robustness of this study. Finally, my epistemological perspectivepiatetism, is in
accordance with the framework of this research. Interpretivismexalained by
Bryman (2004), “requires the social scientist to grasp the sulgenteaning of
social action”, and holds that meaning is imposed on objects by subjedhis
research, the former can be seen as investments in generahealadtdr can be

construed as fund managers under study.

My research is based on a combinatiofoofjitudinal desigrand somease studies
The longitudinal design which constitutes the major part of myarekestudies the
impact of overconfidence on a large sample of fund managers wsgngssion
analysis. The case studies intend to investigate a number of fundenauaaratives
that are considered theoretically-contributing cases in terimsow they make
investments in the presence of emotions. Hence, from a methodolpgispkctive,
the research design falls into tflexible designcategory as it seeks to explain the
role of dynamic variables in a constantly-changing context. Alaoghy, the

research strategy used seeks to generate a theory expldhmengole of
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overconfidence in investment decision-making. This conforms to intafipretas

my epistemological position.

The longitudinal design is chosen over other possible designs sindeudioma)
research is best suited for studying changing social processeBlaikie (2000)
explains. In addition, other possible designs do not sit well with théreanents of
my research. For instance, a cross-sectional design is ndilsuiba my purpose
because the process | am looking at is dynamic and constantlyirafpamhat is to
say, the performance of a fund manager cannot be judged by meabkaring
performance at a single point in time. An experimental degiginoach is also not
appropriate, since it is very difficult, for obvious reasons, to gathsufficiently
large sample of fund managers at the same place and time forctogda realistic

experiment.

This thesis attempts to take a mixed methods research appRyamhresearch has
found significant potential in applying mixed methods researchegiest in the
accounting and finance domain. The key strengths of mixed methodsclrese
include both testing and building theories through extension of existaagies as

well as convergence and contradiction of findings.

Mixed methods research is not uniquely defined in the literatat@sdn et al.
(2007) reviews 19 studies to demonstrate the significant variatibre idefinition of

this concept. Most studies in this area concur that mixed methselarca should
include both a quantitative and qualitative component. However, with ret@ards
variations in definitions, Grafton et al. (2011) write: “Where incstesicies and
disagreements seem to originate is in the consideration of hogvdbestitative and
qualitative components are related, and whether these componentst refle
quantitative and qualitative data collection and analysis techniqeesmethods)

and/or quantitative and qualitative approaches to research (i.e. methodologies).”

Grafton et al. (2011) also argue that further points of contentiah iexihe emphasis
placed on the quantitative and qualitative elements of the studytatiessof the
study at which quantitative and qualitative components are combinetheodder
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in which quantitative and qualitative methods are used. Hence, the mitbodds

research is not a clearly defined methodology.

A closely related concept is that of methods triangulation wisidften defined as
“the use of more than one research method as part of a validatiteggtto ensure
that the explained variance is the result of the underlying phenonsmbnot an
artefact of the research method adopted” (Campbell and Fiske, 19%®)gulation
can refer towithin-methodstriangulation (i.e. the use of several quantitative or
gualitative components) as well lastween-methodshe use of both quantitative and
qualitative components. With the above introduction, this thesis magagssto
adopt a between-methods approach although each of the qualitative andtipantit

sections consist of several elements.

1.7 THE RESEARCH METHODOLOGY: OVERVIEW OF DATA COLLECTION
AND ANALYSIS

This section provides a brief overview of the methodological aspedte afurrent
study. | take several steps to arrive at the reported reBuily, US mutual fund
annual reports belonging to the 2003-2009 period are extracted froEDIBAR

database provided by SEC. The year 2003 is chosen since it issthy@dir in which

SEC required investment companies to file annual reports as mandatory disclosure

Secondly, the procedure obntent analysiss used to analyse the linguistic features
of fund manager narratives. Content analysis is based on the assuthptidhe
language people choose to express themselves in contains inforniationtlae
nature of their psychological states, an assumption implying anpatis@al or
descriptive model of language as explained in Viney (1983). In orderatgse the
fund manager narratives, | mostly use tietion computer program. | use three
proxies to measure overconfidence given the considerable body tafltelata
available, and emploiction to extract these variableBiction is a well-known
content analysis software that is widely used in the fieldnainite and accounting,

among other domains, to produce consistent narrative-based scorey fgivem
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text® It has been used extensively to analyse political speeches, sp&&zhes,
earning announcements and corporate annual reports. The algorithenaesess of
thirty-three dictionaries (word-lists) to search text passdge different semantic
features such as praise, satisfaction, or denial. In this stpdgddminantly use the
optimism and certainty master variables usedDiction. | also make use of

Concordancdo complemenbDiction results in some sections.

Thirdly, | use theCarhart four-factor modelo test an augmented model using
regression analysis. Generally, momentum strategies trathnmeend buying stocks
with high returns and selling stocks with low returns over the previbos 12
months generate significant excess returns in most equity teafkarhart (1997)
famously constructs a risk factor to capture this one-year momeamomaly, and
proposes a four-factor model by adding the momentum risk factor té-ahmea
French three-factor model, which already controls for the teiE@xcess market
returns, size and book-to-market value. Carhart demonstratesdhgiared to the
Fama French three-factor model, his model significantly deese#ize average
pricing errors of portfolios that are sorted by one-year laggadns. In my study,
the overconfidence scores and other related variables derivedheomarratives are
incorporated in the original Carhart four-factor model as additiomdpendent
variables. The mutual fund monthly returns, sourced from the CRSRaMetand
Survivor-bias Free Database, are then regressed on the fous fastovell as the

narrative scores that represent fund manager overconfidence.

1.8 THE OVERALL CONCLUSIONS

The empirical results suggest, among others, that excessiveowigeoce is
associated with diminished future investment returns. | develop eetloabmodel
that seeks to explain why, and through which mechanisms, overcormfidéiects
decision-making and hence, investment performance. From a psychoblogic

viewpoint, the effect of overconfidence on judgement and decision-makimdpe

3 A list of academic studies that have used thei@ictoftware can be found at
www.dictionsoftware.com
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explained by the dynamics between overconfidence and three impoténtediate
variables i.e. anxiety, concentration and motivation. As | wiil@x in detail, the
bulk of research evidence in cognitive psychology suggests thaée \kigher

confidence levels are associated with lower decision-making@nxhey are also
associated with lower task-specific concentration and lower rglemeotivation.

Overall, this results in an inverse relationship between overcoickdand decision
performance, in the form of an inverted-U shape.

From a pure finance perspective, the observation that superiorgtasis can
introduce the overconfidence bias in the investment decision-making paicesd
managers, and thus result in diminished returns (possibly throuffitiere stock
selection, suboptimal market timing etc.) may initially be rprteted as a type of
regression towards the mean. However, the Carhart four-factor mseelin this
study, by definition, already controls for the effect of previous-yeomentum, and
the overconfidence measures in my study are only slightly etetelwith the
momentum figures. Hence, one is led to the conclusion that theivewatiables
indeed capture some aspect of the fund manager psychology thahltance the

explanatory power of a conventional asset-pricing model such as Carhart’s.

The impact of overconfidence on subsequent returns is robust acrésendif
investment styles, and is generally stronger among growth-orieotets.f As a
possible explanation, | argue that the nature of investing in groadksstends itself
more easily to fund managers becoming overconfident. In other womsthgr
oriented fund managers often appear to believe in an underlying “gsioyi’
associated with the stocks they invest in, and as | illusma@hapter 5, they seek to
communicate these stories in a style which is often more pronourdreahatic and

emotional compared to that used by value-oriented managers.

| arrive at similar conclusions by incorporating average scfmesund manager
overconfidence over longer periods. | also demonstrate that overoptandreelf-
reference are more representative proxies of overconfidencedtamty, possibly
due to the fact that professional investment writers are resbjunormal practice.
Finally, fund manager duration appears to correlate with fund mamxgeessed
overconfidence in the long term. For the same cohort of fund manageisds
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throughout the range of the sample data, measured overconfidencetdensks

steadily and in agreement with theoretical expectations.

In another section of the thesis, | explain how overconfidencensrgied and, in a
sense, resorted to by the fund manager as a defence mechgaisist the psychic
pressures of having to work in a highly competitive, complex and wantert
environment. Drawing on suggestive evidence from fund manager’'s coniegnta
written to shareholders, | explain how they use the medium of wasatand in
particular stories, to make sense of what they do as fund eranagd their added
value for clients. | also explain how analysing fund manager caortames, both
through computer-assisted corpus-linguistic approaches and throughcltse
reading” method, sheds light on the link between fund manager psychahapy
investment performance. What can be generally learnt, from tepgutive of genre
analysis and corpus linguistics, is that fund managers wriggr tleports in
distinguishably different genres depending, among others, on theipgréstmance
record, their size and their investment style. My hypothesigdegathe existence
of distinct rhetorical genres in fund manager reports is sugpasieg a number of

cross-sectional tests.

In addition, | establish in a longitudinal study that the over@hemic environment
in which fund managers operate does influence the rhetoric ofnfiana@ger reports
in aggregate. | also test tiollyanna hypothesié for which my results provide
support particularly among a number of categories such as klgagnfunds. For
instance, the keywords “market” and “economy” are more frequeisityl among
funds with negative absolute returns, and the least profitable funithe ipositive
return category. These observations seem to suggest that fund ensaning
aggregate, refer to the market and the economy as externahpartm detractors in
a self-serving way, which is consistent with the anecdotal esdbased on close-

* The Pollyannahypothesis (or principle) describes the tendereypfe have to agree with positive
statements describing them. The wétdllyannarefers to the heroine of a 1913 novel of the same
name by Eleanor Porter, an American writer, in \Wwhighe portrays a person characterized by
irrepressible optimism and a tendency to find goodverything. This character type is, in fact, the
exact opposite dfassandravho, in Greek mythology, is a prophetess whosdiptiens were always
true but never believed by others.
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reading the fund annual reports. The frequency of use for the key\wakek”
suggests a similar conclusion, i.e. fund managers tend to make benchmark
comparisons more frequently when performance is in the negativeirdaana in

doing so they strategically shift the reader’s attention dveay the fact that he has,

in fact, lost money by investing in the fund.

To a certain extent, one may be able to conclude that fund marsigeegically
adjust the overall tone and rhetoric of their reports in a selireg way. However, it
is equally plausible for this behaviour to stem from the unconsciousqegocal
processes that may be in play in the minds of fund managers, sisic,is
demonstrated throughout this study, the underlying investment storybeaan

excellent sense-making implement for professional investors in general.

1.9 THE STRUCTURE OF THE THESIS

This thesis comprises eight chapters, with chapters 5, 6 and 7 sm@pny
empirical resultsChapter 1, this chapter, has introduced the background to the
research in addition to the research questions and the area oirfdlbaghesis. The
research objectives, a brief overview of the research agpesawell as a summary

of the conclusions are also discussed.

Chapter 2 presents the review of literature on the role of overconfidence i
investment performance of professional investors. The evidence muningathe
performance of mutual funds is anchored in the traditional finateetlire, and
presented in this chapter in relation to the research questiotise thesis. In
reviewing a second strand of literature, the studies on overconfidemoeh are
grounded in psychology anahter alia, linked to recent developments in behavioural
finance research, are discussed. The third strand of literatesdricably linked to
my research questions, is the research on corporate annual repontsrzagkrial
obfuscation as well as impression management incentives. Findintify the gaps

in the literature and prepare the conceptual framework for the reseastioqsie
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Chapter 3 presents my hypotheses and the variables used to test thenenit pnals
hypotheses for the potential impact of several psychologitddes (proxying for
overconfidence) on the subsequent performance of investment decisiondynade
fund managers. Further null hypotheses test for the correlation sd Ht&ibutes
with past performance as well as the dynamic change of theasunes alongside
increase in fund manager duration. In addition, | discuss, in defad, t

methodological approach employed in the thesis.

Chapter 4 explains my sample section process, details of the data anénele
descriptive statistics. The first part of the chapter presefasmation on the sources
of the data used in the thesis including the EDGAR database bhasnble CRSP
Mutual Fund Database. The second part presents the sampléoseteiteria, and

data reduction considerations before providing preliminary descriptives.

Chapter 5 examines how the self-attribution bias drives overconfidence through
analysing fund manager commentaries using “close reading” methgddiyg
manually coding a random sample of fund manager reports in theadplameson
(2000), | identify different “story types” embedded in fund manageratiges and
explain how self-attribution bias and overconfidence is manifesteim.tif-urther, |
establish connections among these stories and the funds’ past investment
performance, and use the results to explain the sense-makingspobpesfessional

investors in their very unique work environment.

Chapter 6 empirically investigates how past investment results influenoel

manager tone and report readability which are closely assdaiath fund manager
overconfidence. | focus on the way fund managers set out to commuimeateal

performance to their clients. By studying the corpus-lingui#atures of fund
manager reports, | demonstrate how different groups of fund mardgerop the
core message in their narratives in very different way (i.eteg¢ in light of prior
performance. In addition, this chapter also explores how past perfanaffiects
overconfidence directly as measured by the three proxies of oweisipt excessive

certainty and excessive self-reference.
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Chapter 7 empirically investigates the impact of fund manager overconfelemnc
future investment returns. | use the well-known Carhart four fam$set pricing
model as the basis of an empirical model which | seek to imprgvadding
independent variables proxying for fund manager psychology. | testesearch
hypotheses using a number of different approaches including thedaateme
method and the portfolio-tracking method. The chapter includes controtghier
potential confounding factors, and tests for overall robustness of the empirical model

Chapter 8 presents a summary of the findings and draws conclusions melevihe
proposed research questions. The implications of the research bokiedoy and
practice are discussed in detail. In addition, the research limitatierexplained and

several suggestions for areas of future research are provided.
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CHAPTER 2 - LITERATURE REVIEW

2.1 INTRODUCTION

This chapter presents a summary of prior research relati tourrent study and
identifies a number of research gaps which serve to motivateskarch questions
briefly introduced in chapter 1. With this objective, several strafdigerature are

examined in the context of the current research. | review scseargh evidence on
mutual fund investment performance and persistence, and the overconfdiecte
and associated psychological concepts, in order to investigatiesthfiriee research

questions in the thesis:

1. How does a fund manager’s prior investment performance affectatercs

mind, and particularly overconfidence?

2. To what extent, if at all, does a fund manager’'s overconfidenpadirthe

subsequent investment performance of the funds he manages?

3. How does the self-attribution bias interact with overconfidence and

investment performance?

Then, | review some studies on the structure of narrative disclomsaresual reports

in order to answer the remaining research questions:

4. How does self-attribution bias driving overconfidence manifesif itsethe
way fund managers communicate their investment results todiesits, in

particular by engaging in “storytelling”?

5. How does the above process relate to the anxieties generateal/ing to
explain, justify and cope with poor past performance as well hgldy

uncertain working environment?

The chapter is organised as follows: Sections 2.2 and 2.3 introducucigs on

mutual fund performance and persistence. Section 2.4 seeks to revikerétere
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on the overconfidence effect, and introduces the key relevant stodstly from the
area of psychology. Section 2.5 discusses the impact of overconfidehesfield of
finance, while section 2.6 examines the parallel links between ov¥eleoce and
performance in other domains. Finally, section 2.7 develops a concepidal that

drives the thesis and inspires the research questions.

2.2 HOW IS THE INVESTMENT PERFORMANCE OF MUTUAL FUNDS
MEASURED?

This thesis focuses on US mutual funds. The US mutual fund industryithessed
dramatic changes in the seven decades following the Investment @oipaof
1940 coming into force. Bogle (2005) explains that the industry transforme
tremendously from being organized, operated, and managed in the inbérestd
shareholders to one that mostly serves the interests of marsagedistributors.
With this transition from stewardship to salesmanship, asdetga became the
industry’s driving force. As fund managers incrementally assumedosae
pronounced role in the mutual fund industry, a new strand of mutual fundurgera
increasingly focused on their characteristics and their potemtfauence on

performance.

So far, despite the near five-decade attempt to reach a cossehsre is no
agreement in the academic literature with regards to the rapptopriate
benchmarks and models for performance measurement. Since measuoément
investment performance is a key part of my thesis, | brigfisoduce the most
relevant and influential papers in this area and point out the exrstsegrch gaps.

Then, | locate my thesis in the literature and discuss its potential coitngaut

In order to empirically examine the link between mutual fund pedooa and fund
manager psychology, first it is necessary to measure invespadotmance. Since
the early 1960’s, more than five decades of academic studiebbenaledicated to
mutual funds in areas as diverse as performance measuremeast, @amcerns of
fund managers, fund characteristics, marketing and advertising o&hfuids, fund
managers and behavioural biases, etc. In the vast body of mutuaitéuatiite that
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has formed during this period, the topic of performance measurenttheclosely
related areas of performance persistence and the skill Veduslebate have been
subject to considerable academic and industry attention. This i®urec not
surprising given that most individuals invest in mutual funds in thectxipen of
making profits, and the performance of mutual funds and their manhgerto be
evaluated in order to provide an appropriate basis for future investieeisions.
However, there are two challenging issues in measuring fund parce that make
this task considerably difficult: (1) the choice of an appropriatetymeak, and (2)

the choice of the best model for measuring performance.

The academic literature on mutual funds relevant to the curtedy starts with
Close (1952), perhaps the first academic paper on this subjech dibausses the
differences between closed-end and open-end funds and anticipatesfutuaia
contributions to this literature. The different criteria requirtd assessing
performance of different types of funds is explained by Brown\&oklers (1963)
who demonstrate that funds on average perform no better or wordbehmaarkets
they operate in. Sharpe (1966) is among the first studies to use concepts from modern
portfolio theory, and builds on his earlier development of the CAPM inp8ha
(1964). He explains that an optimal investment portfolio is the orfethat greatest
reward-to-variability ratio orSharperatio. Sharpe uses data from 34 open-end
mutual funds from the period of 1954-1963, and finds significant variabilitiyeir
Sharpe ratios, with 0.78 for the best and 0.43 for the worst perfornmidg fa his
sample. He attributes this considerable variation to either gixedsind expenditure
or possible fund manager investment skill. Sharpe also finds some evidénc
persistence in the fund rankings.

Do fund managers have any actual ability to anticipate major fartise stock
market? Treynor and Mazury (1966) ask this question in their stislythé fund
manager speculating if he attempts to anticipate major maréke¢ments? Or is he
negligent if he fails to try?” Examining a sample of 57 open-eathiah funds from
1953 to 1962, they compute a characteristic line for each mutual fued basts
volatility in both good and poor market years. Since they discover nvataue in

any of the characteristic lines, they conclude that none of titerhanagers has the
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ability to outguess the market and hence should not be held accodatdhleng to

predict changes in market direction.

Jensen (1968) is one of the first examples of measuring absolutenparéa. His

data covers 115 mutual funds spanning 1945-64, and the S&P 500 returns are used as
a market proxy. He shows that the funds on average earned 14%adesthey

should have earned given their level of systematic risk. By atimafuthe statistical
significance of alphas (or risk-adjusted returns), Jensen fitieselvidence that any

given fund does better than pure chance. Jensen’s alpha is now conusedhlio

measure the relative performance of equity mutual funds.

Carlson (1970) shows that mutual fund performance with respect to thetnsa
affected by fund type, time period under study, and the choice chivemk. He
argues that mutual funds need to be grouped by broad investment objbetivee
their performance can be compared in any way. Studying funds tfrenperiod
1948-1967, the author finds that past performance has little predictive fealue

future performance.

Subsequently, with the development of more advanced theories of market
equilibrium, researchers make further attempts to deconstructiamdtnd
performance. Fama (1972), for example, finds that mutual fund retamshe
generated by two distinct activities: stock selection and rhérkeng. Kon and Jen
(1979) employ the Sharpe-Lintner-Mossine and Black models ofahaduilibrium

to study the market timing and stock selection performanceutdahfunds. They
conclude that fund managers, both individually and on average are unaddeverr

their research expenses, fees and other costs through superior stock selection.

Kon (1983) focuses on the market-timing performance of mutual funds and show
that fund managers who believe they have above average markeg aiility,
adjust the risk level of their portfolios in advance of market mowsnd hus he
correlates evidence of systematic risk non-stationarity féuna with its timing
activity. Examining a sample of 37 mutual funds from 1960 to 1976, Kon finda that
number of funds display significant timing ability/performance, buaggregate,

fund managers have little or no information ahead of market movemdsitsy a
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different methodology that involves partitioning the return data intmagket and
down-market periods and examining them separately, Chang and Le\\E&e4)
similarly find no overall evidence of skilful stock selection or keaitiming ability

by mutual fund managers.

The study by Grinblatt and Titman (1989) is another comprehensiveretan of
mutual fund performance. They investigate both actual returns and ppagsio
returns, which differentiates their work from previous studies. Uguagterly data
for the 1975-64 period, they test for abnormal returns while controfiang
survivorship bias. Although the authors do not reject the likelihood of swperi
performance among growth funds, aggressive growth funds, and smalist they
show that these funds have the highest expenses, hence elimingtiigi#hood of

abnormal investor returns.

In a study using the same sample of funds from their 1989 articlebl&t and
Titman (1993) introduce a new measure of performance, the “Portfolamgeh
Measure”. This new measure does not suffer from survivorship bthbenchmark
problems earlier pointed out by Roll (1978) and others. They find tdwessive
funds exhibit the strongest evidence of abnormal performance, andtheiat
performance persists both for superior and inferior funds. Howevpricagesearch
suggests, any abnormal investment returns are eliminated by fyrsthses and
transaction costs. Nevertheless, investors may be able to acbiarenal returns by

mimicking the portfolios of superior funds.

Hendricks, Patel and Zeckhauser (1993) search for evidence of shodrsistgnce

by studying quarterly returns between 1974 and 1988 for a sample of 46&dno
growth equity funds. They demonstrate that the superior performing finuds
hands) in the sample continued to perform well relative to their peers in the near ter
(one to eight quarters) with most performance persistence ifirshejear and a
reversal thereafter. Similarly, those funds that perform poarnyyh@ands) in the most
recent year continue their poor performance in the near term, angehfermance

is more inferior than hot hands’ performance is superior. The authobsit their
results to possible model misspecifications, or to several othgsilpla conjectures,
including: (1) superior fund managers get bid away after buildimgci tecord; (2)
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following an excessive flow of funds to successful performers, a bloateoizatian
emerges with fewer good investment ideas per managed dollasn¢8)the fund
manager establishes reputation, his or her sense of urgencyandidrinishes; (4)
market sensitivity of managers is limited to short-term ntackaditions; and (5)
manager salaries and fees rise following recent succe$seauihors leave the door
open for future researchers to identify the main cause of thevedsshort-term
persistence. In a similar vein, Goetzmann and Ibbotson (1994) exploré&ethme t
nascent subject of performance persistence. Studying a sahif28 mutual funds
from 1976 to 1988, they find evidence that both top-quartile and bottom-quartile

funds in the most recent period experience persistence of returns.

A more comprehensive examination of performance persistenceslasasvfund
expenses and survivorship bias is performed by Malkiel (1995). Attdyisg every
diversified equity mutual fund over the twenty-year period of 1971-1991kidlal
reports that the average fund alpha across this period is -0.06% astohguishable

from zero. He also finds some evidence for performance persestduring the
1970s, but no such evidence during the second decade under study. He notes that

such persistence is likely due to survivorship bias and thus may not be robust.

In a related way, Brown and Goetzmann (1995) investigate a surviwdnisisifiree
database of fund returns for the period 1976-1988 and establish that perrmanc
persistence more likely exists because of repeat-losergepaat-winners, echoing

the findings of Hendricks, Patel and Zeckhauser (1993). They suggésthéha
subjects of cross-fund correlations and the persistence of poor panfoenmerit

further research.

Since expected returns and risk vary over time, using unconditiopettexi returns

in any mutual fund performance evaluation model is inherently ubleli®©n this
basis, in a methodological breakthrough, Ferson and Schadt (1996) use awmainditi
model of performance evaluation in studying the returns of 67 miutods$ over the
period 1968-1990. In their model, the relevant expectations are conditioned on public
information variables in the semi-strong sense of marketiegifig. This produces
alphas with a mean value of zero, which is in contrast with iwadit measures of

performance that indicate more funds have negative alphas thameyd3grson and
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Warther (1996) take a similar approach in their study of 63 fundsaemeke that
unconditional approaches to performance evaluation lead to the wrong camclusio

that managers display positive abnormal performance.

2.3 THE CARHART MODEL AND MORE RECENT STUDIES ON FUND
PERFORMANCE

The seminal work by Carhart (1997) is an excellent starting pairthe review of
more current mutual fund literature. Carhart investigatesiraivership-bias free
sample of 1892 equity funds from the relatively long period of 1962-1398.
classifies the funds into categories of long-term growth and gramdhincome, and
studies them using both CAPM and his own four-factor model (FamaH-factors
plus one-year return momentum). He finds that the strong pexsisie short-term
returns is mostly explained by common factors in the four-factademm
predominantly size and momentum. Consistent with previous studies, Clartiart
that the persistence of underperformance by funds in the bottone daaihot be

explained by the common four factors and fund expenses.

Among Carhart's contributions is the explicit test of whethersigtence in
performance can be explained by common factors in stock returrsarCands a
strong positive (negative) relation between the previous one-yearmtgomeand the
returns on the best (worst) performing decile of funds. His firdsuggest that the
portfolios of the best funds are tilted towards past winning stockiscansequently
capture their premium. In a similar way, funds belonging tatdpedecile tilt their

portfolios such that they capture the premium on small stocks.

Development of multi-factor models such as Carhart's model helg@die, among

other things, the various style-timing activities that exist in addition tkehiming,

® The importance of working with fund data free frasurvivorship bias is fully explained in
Hendricks et al. (1997). The authors demonstrate $tadying survivorship-biased data can result in
the false discovery of a spurious J-shaped relatiemveen first and second period performances,
rather than a monotonically increasing pattern.
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namely: size timing, growth timing, and momentum tirfifiche importance Carhart
placed on fund size, for instance, was followed by many studiesif@con its role

in mutual fund performance. Indro, Jiang, Hu and Lee (1999), for exastpkty

683 funds from 1993 to 1995 for this purpose. While growth in assets under
management can result in lower expense ratios and lower turntdweysieport, it

can equally be disadvantageous due to higher impact costs, more tyishii
administrative complexities. The authors then calculate optimadl fsizes for

growth, value and blend funds, respectively $1.4 billion, $0.5 billion and $1.9 billion.

Attempts to deconstruct mutual fund performance continue with Volkman (1999)
Through studying a sample of 332 funds from the period 1980-1990, Volkman shows
that few funds correctly anticipate market movements duringogerof high
volatility. However, he claims that many funds still outperfoha market through
stock selection. Chevalier and Ellison (1999) adopt a different approatthdto
whether genuine find manager ability and skill exists. By ingashg the cross-
sectional patterns in behaviour and performance of 492 fund managerg thei
period 1988-1994, the authors seek to find if some mutual fund managersrin thei
sample are better than others. Their results suggest that smtematic cross-
sectional differences exist that cannot be attributed to diffesein managerial
behaviour. In particular, they find that managers who attended mordielec
(higher-SAT) undergraduate institutions have higher performance dtreers, a
result which the authors mainly attribute to differences in inheserok selection
ability, and by extension, reasoning and judgment skills which malaiexthe

difference in the selectivity of their academic institutions in the fiiste.

Despite the considerable body of literature prior to 2000 demonstth@raggregate
underperformance of actively managed funds relative to passivérbarics, the
empirical question still remained as to why investors continueaviesi significant

amounts of money in these funds. To find an answer, Wermers (2000)s sthuelie

® Market timing refers to the ability to weigh equigxposures according to one’s forecast of future
market states. Size timing relates to adjustingftimel’s exposure between small-cap and large-cap
stocks. Growth timing refers to adjusting exposafeng the value-growth continuum. Finally,
momentum timing modifies the investment strategiyveen momentum investing (buying high past-
return stocks and selling low past-return stocks) @ontrarian investing (doing the opposite).
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entire record of stock holdings for all equity funds in the period 1980-200£thtrg
with their turnover and expense ratios, investment objectives, nengetnd total
assets under management during each fund’s history. The resultsheitadurting
the studied period, mutual funds on average hold stocks that outperfornarket m
by 1.3% per year, which roughly equals their total expenses anddtianscosts. In
addition, the average net fund return is 1% lower than the CRSP Mueraers
finds that 0.7% of this 2.3% difference between net returns and tha oetustock
holdings is attributable to lower average return for the non-stock lgobdimponent
of the portfolio, while fund expenses and transaction costs accouhefogrhaining
1.6%. He posits that part of the higher return for the high-turnoweisfis due to the
stock-picking skills of the fund managers. In a related way, Chegaddesh and
Wermers (2000) show that growth-oriented funds possess better stock-selecson skill

than income-oriented funds.

Assuming that fund manager skill exists as some studies suggestahnothis be
reconciled with the typical mutual fund underperformance documemntedsévely
in the literature”? Berk and Green (2004) claim that the answer lies in diminishing
returns to scale, a phenomenon that funds experience as their asdets
management grows. “The failure of managers as a group to outpepkssive
benchmarks does not imply that they lack skill... [rather] the provisi@apital by
investors to the mutual fund industry is competitive.” The authors identify fund flows
and manager changes as two equilibrating mechanisms thanplapartant role in

weakening performance persistefice.

" A comprehensive study of the cost of active inmesis performed by French (2008). French

examines the US equity market over 1980-2006 ardtfthat, on average, investors spend 0.67% of
the aggregate market value each year searchingujperior returns. In other words, the typical

investor would add 67 basis points to his averagsual return by switching to a passive market

portfolio.

8 The extent of influence these two factors can teer persistence is examined in Bessler et al.
(2010). The authors study a sample of 3946 act®@estuity mutual funds over the period 1992-2007.
They show that the following year risk-adjustedures of recent winner funds which have not

experienced high inflows or departure of skilleddumanagers, outperforms by 3.6% relative to those
funds suffering from both effects.
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In a related way, Pollet and Wilson (2008) explain that a mutual tigpidally has
two choices when faced with an increase in investor demand: ttiesrease the
number of investments in the portfolio (diversification), or to incredssr
ownership shares. According to the authors, while most funds choosettédre la
option, it can be shown that diversification is associated witlehptrformance.
Interestingly, they hypothesize that overconfident fund managénsredlo not
diversify at all when facing significant fund inflows, or do notedsify optimally.

However, the authors provide no explanation on how to measure overconfidence.

That the rise in assets under management can be detiifeenfiand managers is
further shown by studying fund managers’ trade motivations. Fom@ea
Alexander, Cici and Gibson (2007) demonstrate that purely valuation-neativa
purchases by managers result in outperforming the market. Howevempwmhases
are made only to invest excess cash from investor inflowsageas do not
outperform the market. They record a similar, but weakercefbr stocks that are

sold.

Prior to 2006, a key item missing from major mutual fund studies imgudarhart
(1997) and Wermers (2000) was the explicit identification and modaedfitige role

of luck in fund performance. The important study by Kosowski, Timmarm
Wermers and White (2006), hereinafter referred to as KTWW, athstae use of
bootstrap techniques in analyzing fund returns, because of the non-nosrisliilyg

in returns distribution. This non-normality can result from heterogenéskitaking
across all funds as well the non-normal distribution of individual fund alpha
KTWW contrast previous literature by showing that a sizableonty of fund
managers select stocks well enough to “more than” cover ¢xpenses. In their
study, the authors use monthly returns of all US open-end domestiy &quis
belonging to the 1975-2002 period, one of the largest panels of fund returns data
examined to that date. They report that while strong evidenceupérior
performance and performance persistence exists among growth-eriemes,
managers of income-oriented funds seemingly lack any such aAitigy.discussing
the benefits of bootstrapping, the authors invoke the need for empldyimg t

technique in future performance rankings of mutual funds.
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Avramov and Wermers (2006) echo the findings of KTWW by showing that
predictability in fund manager skill is the primary source of gtweent profitability,

and that active management adds significant value. While mogbpsestudies
focus on the US market, Cuthbertson, Nitzsche and O'Sullivan (2008y UK
equity mutual funds over the period 1975-2002. Their results similaggest that
genuine stock selection skill exists among a relatively smaiiber of superior fund
managers. They also show that inferior fund managers are neltyrnatucky; rather
they demonstrate “bad skill’. Consistent with prior literature, #uhors find

evidence of persistence among loser funds, but not among winner funds.

Among KTWW:’s findings is that certain growth-oriented fund manageave
substantial skill, but the authors do not specify the type of such Xkitig, Yao and

Yu (2007) employ a holdings-based measure of market-timing fofirgtetime,
instead of the returns-based measures which were previouslynutesl literature
and suffered from “artificial timing” bias. They find that, on age, active US
domestic-equity fund managers have positive-timing ability. In ampttéo further
deconstruct skill, Chen, Adams and Taffler (2009) examine 3181 US growth
oriented equity mutual fund over the period 1993-2006. They show that growth
timing is the main contributor to the persistent abnormal reteparted by KTWW.
The authors also demonstrate that successful growth timing isnednfo those
managers who invest predominantly in growth stocks.

While key studies such as KTWW, Avramov and Wermers (2006) and FRadha a
French (2010) discuss the existence of outperforming or undemparfpmutual

funds in the extremes, they are not particularly helpful in exijpl@ithe distribution

of skill, or lack of it, in the entire fund population. Barras, Scadlied Wermers
(2010) attempt to address this issue in their study of 2076 actively-managed domestic
equity mutual funds between 1975 and 2006. Their results suggest 75% of funds
exhibit zero-alpha, i.e. they are neither skilled nor unskilled, wikidomnsistent with

the equilibrium discussed in Berk and Green (2004). The authors also find a
significant proportion of positive-alpha (skilled) funds prior to 1996, bubstmone

by 2006.
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Although the subject of performance evaluation and persistence hasrnoee or
less studied with regards to investment vehicles other than mutua) fhedesearch
findings do not point in the same direction. For example, performanastitutional
investment management has recently attracted equally-ddssiteation. In one of
the latest studies on the subject, Busse, Goyal and Wahal (2010)jgateeshe
performance of 4617 actively-managed domestic equity institutional groduc
between 1991 and 2008. They reveal that only modest evidence of perssistee

in the Fama-French three-factor model, and little to none evidense mbmentum

is taken into account. As for hedge funds, recent studies e.g. Jagamridalakhov
and Novikov (2010) have found evidence of significant performance pergstenc
among superior funds, but little or no such evidence among inferior furnish w

appears to contrast parallel literature in mutual funds.

2.4 THE GENERAL PARADIGM OF THE OVERCONFIDENCE EFFECT

The objective of this section is to survey the evidence on the oveatenoé effect in
its more general context and set the scene for the followtigsevhich discusses

the applications of overconfidence in the domain of finance.

The terms “confidence”, “trust” and “full belief” are usuatignsidered synonynfs.
The level of collective trust and confidence among individuals carocl&mably
have significant impacts on their group behaviour. The dynamic betweae
individual’s level of trust and another’s is a particularly intengsarea of research.
For example, Akerlof and Shiller (2009), in their bd&kimal Spirits propose using
confidence multiplierso arrive at a general model of how confidence spreads in a

group®

® In fact, “confidence” is derived from the Lafildo meaning “I trust”. The credit crisis we have just
witnessed is also described as a confidence casid,it is interesting to observe that “credit” is
similarly derived from the Latioredomeaning “I believe”.

% They base this on the idea of Keynsian multiplteet model how marginal propensity to consume

spreads in a population of investors in responséotoinstance, a government stimulus. They argue
that a marginal change in person A’s level of aderfice affects person B’s level of confidence to a
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On an individual level, humans constantly learn about themselves andlitigies

by observing the consequences of their actions; and in doing so, most people
overestimate the degree to which they play a role in their owoesses: A number

of constructs need to be clearly differentiated in this disonsd/an den Steen
(2002) provides a comprehensive categorization for this purpdsk:serving
attribution bias refers to the fact that people attribute success to tveir
dispositions and skills, while they attribute failure to external forcesdlua; ego-
centric or self-centricbias refers to the fact that individuals taking part in a joint
endeavour relatively over-estimate their contribution to a good ouicome
overconfidenceelates to the fact that people over-estimate the agcuwfatheir
estimates and predictionsyeroptimismrefers to the observation that individuals
tend to be overoptimistic about future events and the consequences aftiosis;

and finally, illusion of controlindicates that people think they have more influence

than they actually do over the outcome of a random or partially random event.

Overconfidence is very widely researched in psychology. “No probigedgment
and decision making is more prevalent and more potentially agibgtr than
overconfidence”, Plous (1993) concludes. The concept of overconfidence, howeve
is not uniquely defined in prior literature. Moore and Healy (2008) réleotioee
common but distinct definitions of overconfidence, which, in decreasidegr mf
citation in the literature, are: (Igverestimationof one’s actual level of ability,
performance, chance of success, or level of controlpy2yprecision(excessive
certainty) in the accuracy of one’s beliefs, also calheidcalibration and (3)
overplacementf one’s ability, etc. relative to others, also known asoéteer-than-
average effect While overestimation and overplacement are often considered
equivalent manifestations of self-enhancement, there is also swuosesistency
between them such that those domains contributing to strongest owatiest

usually produce the least overplacement and vice versa.

similar extent multiplied by the relevant consuraptimultiplier. In this way, they propose a simple
mathematical framework to model how confidenceagk of it can quickly spread among individuals.

1 This effect has been extensively studied in thelpslogy literature. A number of key papers in this
relation have been cited in Gervais and Odean (R001
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Moore and Healy (2008) propose a theory to deal with this apparentdiotibmm
They posit that individuals often have imperfect information about tbein
performance and ability, yet have even worse information abbetsotTherefore,
while people’s self-estimates are regressive, their essnaf others’ abilities are
even more regressive. As such, when faced with difficult taskgle@@verestimate
their abilities, overestimate others even more, and thus belieydde performed
(or will perform) worse than others. On the other hand, when fackdeasgty tasks,
people underestimate their own performance while underestimatings atlien
more, which leads them to believe that they are better than oftessdistinction
also serves to explain the prevalence of underconfidence (partycul
underestimation and underplacement) in circumstances where sabgetased with
easy tasks. This confirms the view held by Klayman, Soll, Gonxé&#éejo and
Barlas (1999) who summarise the results of many studies asditiielence people
have in their judgments exceeds their accuracy and that overconfisheneases
with the difficulty of the task.”

Prior psychology literature produces different types of explanationsthe
overconfidence effect. Mostly, these phenomena have been interpretdu
framework ofmotivationalbiases, the argument being that individuals are motivated
to hold unrealistically positive self-perceptions in order to ineretsir own
happiness and well-being. The core assumption is, of course, thdé seal to
maximize their happiness in a utilitarian way. On the other haddalenging view
has been put forward byognitive psychologists. They claim that people generally
expect to succeed, and they generally accept responsibility éor eixpected
outcomes. Hence, in combination of the two effects, people tend be preed-t

serving attribution bias which, in turn, engenders overconfidence.

Another strand of psychology literature offers two alternativeegmates of
explanations for overconfidence. The first view highlights biasesfmrmation
processes, hypothesizing that individuals aiming to arrive at aiate@sarch for
relevant information in their memories in order to reach arpmediry conclusion.
Then, they proceed to search selectively for further evidence tonisigith their

initial conclusion which, of course, results in overconfidence. Theonskec
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explanation emphasizes the role of unbiased judgmental error irragiege
overconfidence. A detailed discussion of this perspective canuinel in Moore and
Healy (2008).

Whatever the underlying psychological mechanisms that produce ovdsrwd,
there is an ongoing debate as to whether overconfidence isostdifoamic. Glaser
and Weber (2010) elicit a number of factors that are considered tahaméuence

on the actual level of an individual's overconfidence as well as hawieasured.
These factors include the specific elicitation method used, tlieutty level of
questions asked, gender, culture, the amount of available information,amyonet
incentives, and expertise. | will briefly discuss how these factan potentially

affect overconfidence, and how this may be relevant to the current study.

First, in terms of thelicitation methodinterval estimates (also known as the fractile
method) and direct probability judgments are two common approaches aised t
measure overconfidence. Studies that use interval estimatesby{e.asking the
subjects to estimate the length of the Nile river or the éutalue of the S&P 500
index within a 95% confidence interval) often find very tight probability distributions
(see Lichtenstein, Fischhoff and Phillips (1982) and Keren (1991) arothey
studies). On the other hand, only a modest bias is induced by direcbiptpba
judgments, as Glaser and Weber (2010) explain. Hence, the method usemktoe

miscalibration strongly influences the degree of evaluated overconfidence.

Second, thalifficulty levelof the questions asked from subjects also influences the
measurement of overconfidence. As discussed above, overconfidencéens of
diminished, or even reversed, when subjects are faced with agyygeestions. This
phenomenon, first documented by Lichtenstein and Fischhoff (1977), is also known

as thehard-easy effect.

Third, genderis often cited as an important distinguishing variable in overcaordale
research. Men are generally considered more overconfident than wornds, w
general differences among the two groups are highly task-deperssenBgrber and
Odean (2001) among others).
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Fourth, cultural variations exist in the level of observed overconfidence among
different nations. For example, studies indicate that the Chimesgeaerally more
overconfident than the Americans which may be due to the Ameritar2ncy and
cultural predisposition to challenge others as well as their ownongi (see Yates,

Lee and Bush (1997) as an example).

Fifth, theamount of informatiorand monetary incentiveprovided in experimental
settings is shown to affect the degree of observed overconfidencexarple, the
availability of more information is associated with increased overconfdgnce, as
Glaser and Weber (2010) explain, “subjects do not adjust for the eegniti

limitations that reduce their ability to effectively use additional infaroma’

Sixth, the effect of the subjectlevel of expertis®n their judgement and decision-
making is the topic of an ongoing debate. Glaser and Weber (2010) ssmmar
substantial body of research suggesting that overconfidence prdaxyed
miscalibration is equally common among experts in most domaihsugl certain
underlying mechanisms may be different. For instance, withrdegto interval
estimates, although both novices and experts demonstrate sileveals of
overconfidence, experts report narrower intervals (which decteasestimation hit
rate) but report midpoints closer to the correct value (which iseseand thus

balances the net effect on overconfidence).

2.5 OVERCONFIDENCE IN THE DOMAIN OF FINANCE

Investors have a general tendency to falsely attribute sugeagirperformance to

their own skill, and inferior past performance to chance, which produces
overconfidence (Gervais and Odean, 2001). Overestimation of one’s inmestme
skill, in this manner, can have a wealth-diminishing effect, as datigehdy Odean
(1999) and Barber and Odean (2000) who study this phenomenon among traders.
They demonstrate that excessive trading following increasedleant often results

in decreased investment performance.
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A similar pattern seems to work with regards to analystaryidnd Menzly (2006)
explain how: Analysts become overconfident in their ability to ptetiture
outcomes after having made a random series of good predictionsre&sla they
allocate excessive weight to their private information and des® public signals
including market reactions and other analysts’ forecasts. Tneraheir subsequent
prediction is likely to be less precise, reducing the probalidityheir next forecast
to be better than the competition. This, in turn, can trigger nvegigedback such
that overconfidence is reduced. Hence, this is a short-term, alygattern the
intensity of which varies with the analyst’'s performance. Tith@as emphasize that
“analysts acting under this form of overconfidence do not necessadigrperform
relative to other analysts but rather they underperform compardtieir own
expected performance.” A possible scenario may even be that ovderurdnalysts
consistently outperform others if the effect of overconfidencetivelao other

attributes such as “skill” happens to be small.

With regards to investors, a commonly used proxy to gauge overconfitence
trading activity. Although trading activity as a proxy of overconfidencelglearks

for retail investors, it cannot be as easily used for fund manaaysisother
professional investors. Fund managers do not always engage inex¢esding due

to overconfidence, rather they may have to increase their turndégernafse in fund
inflows, which usually follows good past performance. Putz and RU@041)

control for this effect in their examination of the turnover of d8ity mutual funds

over the period 1994-2004. The authors conclude that fund managers indeed trade
more after good past performance, and their higher trading is dnyvemdividual
portfolio performance. This is consistent with superior past pedoce producing
task-specific overconfidence. In a similar way, Chow, Lin, Lin &#enhg (2009)
examine a sample of equity mutual funds, and show that fund manadpenge be
overconfidently conditional on prior performance. They also demonstrdtsubla
behaviour reduces subsequent performance. However, one should note that other
potential confounding factors may affect managerial trades, suamcentives for
window-dressing, tax-management issues, preference for liquaditl changing
investment styles to attract fund flows, thus reducing the robustifetmding

activity as a proxy for overconfidence.
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Apart from the high levels of trading volume, other predictions hawebeaen made
in the literature concerning the financial effects of overdamice. For example,
Odean (1999) finds that overconfident traders hold undiversified porttoid$ave
lower expected utility than rational traders. Caballe and Sak¢233), similar to
Odean, explain the excess volatility of asset prices bpriasence of overconfident
traders. In a related way, Scheinkman and Wei (2003) provide eviden@stsugg

that overconfidence can explain the formation of bubbles in financial markets.

Active Shareis another proxy used in the literature for measuring investor
overconfidence. It refers to the share of portfolio holdings th#erdfrom
benchmark index holdings, and is introduced as a new measure of fzutificdio
management by Cremers and Petajisto (2009). Using this me@fumeand Lou
(2008) are able to show that mutual fund managers are typicallyptibsedo the
self-serving attribution bias. However, neither fund turnover noivAckhare is a
“clean” measure of overconfidence, since a number of factorflybdescussed
above potentially confound the link between these measures and investment
performance. For example, defining an optimal fund-specific beadhragainst

which to measure the Active Share of a fund manager is challenging.

A more straightforward way of measuring investor overconfiden@ay be to
examine their actual estimates and predictions about their subseguEmmance.
Willis (2001), for examples, investigates annual earnings faiedaat are publicly
released in conjunction with mutual fund manager stock recommendatioris)dand
evidence of excess optimism. Gort, Wang and Siegrist (2008) examine
overconfidence using a similar method, and conclude that the pension foadersa

in their sample provide too narrow confidence intervals when asked to forgcast f
returns or estimate past returns of various assets. However, teiscapproach
requires questionnaire-type surveys attempting to measure fumabseraconfidence
intervals, it cannot be readily used for a large sample of resporatehts subject to

the usual robustness concerns associated with such secondary data collections.
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2.6 OVERCONFIDENCE AND PERFORMANCE: RELATED EVIDENCE FROM
SPORT PSYCHOLOGY

It can be helpful to explore the impact of confidence on an indivilpaifformance
in other areas of activity and look for comparable patterns of judgeandrdecision
making. One such area is sport psychology. Professional investosnailar to
professional athletes in a number of ways, e.g. both groups of individ)adse
expected to outperform on a consistent basis; (2) are aware oavehé¢hht this is
not always possible (classic cognitive dissonance) and that luckaplayportant
role in their results; (3) work under extreme pressure and intampetition; (4)
have to rely to a great extent on subjective judgement, intuition wreéejing; and

finally, (5) are under constant threat of dismissal if they underperform.

However, some differences also exist between professional invesiwls
professional athletes in this context. For example, the environnfiectiads affecting
sporting competitions are arguably less complex than those iadfetche
performance of financial markets. In addition, it is demonstradjee to distinguish
and measure athletic skill compared to “investment skill.” Fomga, a basketball
player who consistently scores around 95% of penalty throws in a nuohber
consecutive games can more easily be described as skilled Eihceéhe
circumstances of the experiment remain unchanged, (2) all pgesubject to the
same conditions, (3) all players employ equal assets and (#nplaet of players’

decisions are often immediately observable.

In this context, it may be useful to see how confidence may hayeode in the
performance of professional athletes. Both coaches and high-perfpmthletes
invariably agree that self-confidence is crucial to individuml team success. There

is both anecdotal and scientific evidence supporting this observagenB(srton
(1988) among others). In a more comprehensive study, Burton and Raedeke (2008)
explain that self-confidence enhances performance through tismelap with three

other characteristics: anxiety, motivation, and concentration.

2 There are appears to be interesting links betwieriterature on tournament behaviour of fund
managers and its parallels in competitive sport&chviprovides another potentially rich avenue of
research in the context of this study.
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High self-confidence is often associated with low meatediety Athletes enjoying
optimal self-confidence experience fewer worries and self-daantgpared to other
athletes. This results in positively interpreting high arousalressliness or

excitement (see figure 1).
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a confidence

Figure 1: The anxiety-confidence dynamic

Intrinsic motivation

Low T—
Diffidence Optimal COverconfidence
b confidence

Figure 2: The motivation-confidence dynamic

In addition, athletes with optimal self-confidence are highlgtivatedto develop
their game and continue their success record. On the other hand, ffidlentdi
(under-confident) athletes do not feel competent enough to be optimatilyated
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which, in turn, diminishes their performance and traps them in a vidocle,
overconfident athletes feel they are so talented that they deeadtto improve their
game. Finally, optimally confident athletes often have an optimeél lef
concentration on their game. Their confidence helps them block out most
distractions and “focus on the attentional cues necessary tahgliayest” (Burton
and Raedeke, 2008). See figures 2 and 3.

High

Concentration

Low

Diffidence Optimal Qverconfidence
c confidence

Figure 3: The concentration-confidence dynamic

The overall effect of the above three mechanisms results ipdifermance of
professional athletes having an inverted-U relationship with thenfidence.
Therefore, one can distinguish the ideal level of self-confeléogtimal confidence)

from too little confidence (underconfidence or diffidence) and too muchdeorte
(overconfidence). While optimally confident athletes are preparetl competent,

and have all the required mental and physical skills to achieverdaistic goals,
diffident athletes expect to fail because they lack or underatitheir preparation

and competence, which, in turn, leads them to feel underconfidenbatribates to
actual failure through the self-fulfiling prophecy. Diffident higtes often
underachieve due to lack of confidence which both limits their development and their

performance.
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Burton and Raedeke also argue that overconfident athletes areothedifficult
group to coach. They distinguish athletes witfiated confidencdrom those with
false confidencelnflated confidence refers to the situation where athletegrsiyc
believe they are better than the competition, which can be due to m@gnpe
excessive media hype, or playing against weak competitorse \Mieie athletes are
often very good, they often become complacent and their once-superisrfaikil
them through lack of preparation, “leaving them wondering what mesgband why

they felt so lethargic, out of sync, and off their game.”

False confidence, on the other hand, is observed among athletes who thelteve
pretending to be confident on the outside helps them overcome their unkncoaf
and fear of failure on the inside. Falsely confident athletesoftem considered
“brash, cocky, and pretentious, but their arrogant facade is desigmedstotheir
self-doubts” (ibid).They avoid situations threatening their fragile self-confidence,

often misrepresent reality, and fall prey to simplistic positive thinking.

No matter which type of overconfidence affects athletes, tlegiomance suffers as
predicted by the inverted-U relationship between performance avel (&
confidence. However, an optimal level of self-confidence is neededitlitetes to
reach their true potentials. Burton and Raedeke recommend fourgisisater
enhancing self-confidence: performance accomplishments, vicagrpsrience,
verbal persuasion, and arousal control. The functioning of these fowgsstan

be summarized in figure 4 below.
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Figure 4: How self-confidence enhances performande competitive sports

Performance accomplishmentsfer to athletes taking credit for their success as a
reflection of their hard work and ability. The consistency of pastcessful
experiences, their recency, and their quality contribute to the apeweht of
confidence in the athletes. A systemaaal-settingprogram helps athletes develop
a strong history of performance accomplishmekisarious experienceefers to
helping athletes experience success indirectly, whether thraodklling (watching
others demonstrate how to perform a skill or strategy) or thraugbery (a type of
self-modelling, in which athletes form a mental idea of how tdop®ara skill or
mentally rehearse a well-defined skill) since imagined sscds a powerful
confidence builderVerbal persuasionncludes all forms of compliments, positive
feedback from coaches, teachers, teammates, parents, the medigem@amubsitive
self-talk. Finally, arousal control indicates the athlete’s level of control over
physiological symptoms associated with readiness which caninteepreted

negatively as anxiety or positively as excitement.

2.7 THE CONCEPTUAL MODEL AND RESEARCH QUESTIONS REVISITED

The aim of this section is to integrate the above strandseoétlire to provide a
conceptual model that serves to motivate the research quegtiomgehed in the

current study. Despite the extensive literature examiningbwaion and

48



overconfidence among ordinary individuals, corporate executives, raet retail
investors, there are few studies that can claim to have ex@rnheerole of such
biases in the decision-making behaviour of professional investorsrtioupe, due
to the fact that the bulk of investment in financial markets aslenby institutional
(supposedly sophisticated) investors rather than retail investordinknyetween a
professional asset manager’'s performance and her potential oveéeocef or
susceptibility to attribution bias can be of considerable impagtaboth to the

academic literature and the investment industry.

In such settings, it is reasonable to investigate to what extetutal fund managers,
as a fairly representative sample of professional investasrane to behavioural
biases such as overconfidence. In the current research, the éxteslhich
overconfidence and related behavioural traits e.g. over-optimism, sigmtjsself-

serving attribution, etc. may have any bearing on fund performance is esinter

The substantial body of literature on overconfidence appears to subgésin
principle, through the self-serving attribution bias, investors faksttibute superior
past performance to their own skill, and inferior past performémashance (see
Gervais and Odean (2001) for example). When performance is deemednaboor
unsatisfactory, either relative to peers or in absolute termsndiege on the
manager’s perspective and the fund’s mandate, the fund manager is @hfuitht
overwhelming emotional pressures in the form of fear, stressaamrdbty. As
explained before, several academic studies in psychology, inspifectibg (1936),
suggest that such pressures can negatively affect cognitioediewning, distorting,

or delaying the process of true information signals.

On the other hand, as was pointed out in the previous sections, the karikrof
research on overconfidence concurs that increased levels whtlable can lead to
higher trading volumes and increased frequency of making investmeisiods
which, in turn, diminishes future performance. A summary of theskest can be
found in Choi and Lou (2008).

Hence, the above arguments seem to have the overall conclusion thavestenent

performance surely affects the investor’s level of confidenbéhnin turn impacts
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future investment performance. The net dynamic effect of theseegses on
overconfidence depends on the record of past results, i.e. whether thednader
has experienced a round of recent good or recent bad results. Tderafa
randomly alternating round of positive and negative returns, one npBctethe
average fund manager’s level of overconfidence to increaseris paribusl have

developed the following simple system dynamic model to illustrate thi. poi

Prior

investment
performance

either ar
Choi and Lou (2008)

/ X +/
I

Self-serving attribution
Self-serving bias
Owerconfidence attribution bias Overconfidence &
unconscious defences
fWL
Gervais and Odean (2001) f

Anxiety-generated distorting effect (e.g. Freud, 1936)

Figure 5: The interaction between self-attributionbias, overconfidence and performance

The model proposed by Gervais and Odean (2001) is essentiallsnendemodel.
They develop a multi-period market model that describes “both thegsrbgewhich
traders learn about their ability and how a bias in this learneny areate
overconfident traders.” They assume, in their model, that traddiallyndo not
know their ability and that thelearn about it through experience. Gervais and
Odean argue that traders who accurately forecast next pevidérdis update their

beliefs improperly, i.e. they overweight the probability that teaitcess was due to
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skill or superior ability, hence becoming overconfident in the procEss is a
dynamic model in which a trader’s level of overconfidence chaagesrding to his

or her successes and failures.

However, an element missing from the Gervais and Odean modepssedly, the
rise in a trader’s or fund manager’s level of expertise fandiliarity with how
financial markets operate. The evidence in this area is ratkednihere exist some
studies showing that more experienced fund managers are desstprself-serving
attribution bias and overconfidence (see Locke and Mann, 2001; Christoféerden
Sarkissian, 2002 among others). However, a different set of studiestendmat
compared to relatively inexperienced individuals, experts are niely Ito be
overconfident (see Heath and Tversky, 1991; Glaser et al, 2004 amomg).othe
Taking a different approach, Hirshleifer and Luo (2001) recognize theatself-
serving bias in the learning process explains the persistence of overconéiddrite
importance in “a dynamic steady state even if overconfidedensalose money.”
However, their approach differs in that they do not allow a tradsrhfidence to
grow over time although they allow overconfident traders to thrive profitabl

In brief, there is no clear evidence concerning the impact of iexger on the
behaviour of fund managers. This is, among other reasons, due tao@éet®us
set of definitions provided for overconfidence in prior research as asgelthe

inherent difficulty of measuring possible outcomes of the learnioggss in a robust
way (Menkhoff et al, 2006).

In essence, several of my research questions are closegdridahe components of
the model displayed in figure 5. Let us revisit the researchigosdhat this study

seeks to answer:

1. How does a fund manager’s prior investment performance affectatercs

mind, and particularly overconfidence?

2. To what extent, if at all, does a fund manager’'s overconfidenpadirthe

subsequent investment performance of the funds he manages?
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3. How does the self-attribution bias interact with overconfidence and

investment performance?

4. How does self-attribution bias driving overconfidence manifesif itsethe
way fund managers communicate their investment results todiesits, in

particular by engaging in “storytelling”?

5. How does the above process relate to the anxieties generatea/ing to

explain, justify and cope with poor past performance as well hgldy

uncertain working environment?

The first three research questions are closely related tendlgel above. In fact,
chapters 6 and 7 address the first three research questions.sTheoaesearch
guestions are addressed in chapter 5. The following chapter, chapter 3, focuses on the
development of the research hypotheses, research variables datlea digscussion

of the research methodology.
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CHAPTER 3 - RESEARCH HYPOTHESES AND METHODOLOGICAL
APPROACH

3.1 INTRODUCTION

The previous chapter concluded by laying out the conceptual model useid in
study and the research questions derived from the literature. chhger will
introduce the research hypotheses that will be tested in subseeunpiical
chapters. | will discuss in detail the key variables used imypetheses. Further, |
will explain the research methods used in the study in termsolégction and

analysis of the research data.

The chapter is organised as follows: Section 3.2 explains thesproteleveloping
the research hypotheses based on the review of literature praweus chapter.
Sections 3.3 and 3.4 discuss the research variables. Section 3.5 mdrdbac
research methodology in detail including the stages of data cmtleahd data

analysis.

3.2 DEVELOPMENT OF RESEARCH HYPOTHESES

My null hypotheses about the link between fund manager overconfidencéhe
performance of investment decisions are developed in this sectigmup the
hypotheses into three broad groups, the impact of prior investment peréerma
fund manager overconfidence, the potential impact of fund manager overocefide
on subsequent investment performance, and the link between perforamahather
narrative based variables including tone and readability. As | extllain later,
abnormal values of tone and readability are closely related to coWelence;
however, these two variables cannot be interpreted as overconfidenass wioxe

they are fundamentally distinct constructs.
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3.2.1 THE IMPACT OF PRIOR PERFORMANCE ON OVERCONFIDENCE

Prior research outlined in the previous chapter broadly concurs thatiamdual
experiencing a round of positive outcomes associated with her deciginds to
become overconfident. Thus, it is reasonable to expect the santa patteld for

the investment decisions of fund managers, i.e. those fund managers fuiise

have experienced higher investment returns should, on average, become more
overconfident than their peers. As | explain in detail later ® ¢hapter, | use three
proxies (overoptimism, excessive certainty, and excessivee$etence) to measure
overconfidence. Hence, three null hypotheses are developed and grouped into
single null hypothesis below:

H1l,: There is no significant difference in theptimism/certainty/self-
referencescores of fund managers whose funds have experienced varying

levels of prior performance, ceteris paribus.

3.2.2 THE IMPACT OF OVERCONFIDENCE ON SUBSEQUENT PERFORMANCE

The vast body of research on overconfidence introduced in the previoptercha
uniformly agrees that increased overconfidence leads both rathiprafessional
investors to trade more frequently which, on average, diminishegehains. Other
more subtle mechanisms may also be at play which adversebt afferconfident
investor decision-making ability. One such mechanism can be due poteially
“phantastic” nature of investments in general. In other words, emhiticated”
fund managers can develop “love-hate” relationships with their imezdgs and
therefore not sufficiently consider the associated risks of imgestithent-> Hence,
everything else being equal, one may expect an increase in famhger
overconfidence to be associated with diminishing investment returnghen
subsequent months. Again, using the three overconfidence proxies, wepdene|
following hypothesis:

B As a case in point, Eshraghi and Taffler (2012)iarthat the recent hedge fund “bubble” and its
collapse in 2008 was to a large extent driven lmph®motions.
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H2o: There is no significant difference in the future investment pedorce
of mutual funds whose managers exhibit varying degrees of
overoptimism/certainty/self-referenazeteris paribus.

3.2.3 THE LINK BETWEEN PERFORMANCE, FUND MANAGER TONE AND
REPORT READABILITY

A growing body of literature in finance and accounting seeks to measui@n and
sentiment of corporate annual reports, newspaper articles, press reladsaesestor
message boards using textual analysis. Examples of some stgdigs include
Engelberg (2008), Li (2008), Tetlock, Saar-Tsechansky and Macskassy ,(2008)
Sadique, In and Veeraraghavan (2008), Brockman and Cicon (2009), Loughran and
McDonald (2010), Amernic, Craig and Tourish (2010), Demers and Vega (206d0)
Loughran and McDonald (2011).

The above studies generally point to the conclusion that negative lassifications
can effectively measure tone, and can be significantly cagcelaith other financial
variables. It is often argued that negative words can be marimgéul for content
analysis purposes compared to positive words, since positive words raoccar
frequently in annual letters to shareholders regardless of the atopds financial
position. This is consistent with the well-documeniallyanna effect which, as
Boucher and Osgood (1968) define, asserts that “there is a univensah tendency
to use evaluatively positive words more frequently and diversely thaoatively
negative words in communicating.” Another drawback of positive words irelude
their use in conveying negative news, e.g. by utilizing negated positive simkdss
“not good” or “did not improve” (Loughran and McDonald, 2010).

Among the relevant studies, the topic of CEO tone (or “tonbeatdp”) has been
frequently investigated. Cunningham (2005) defines tone at the topeashared set
of values that an organisation has emanating from the most seeitutives. It can
be reinforced with written codes, and other policies and documentsmou,

importantly, it reflects the actions of these executives. Beg twalking the talk’?”

Tone at the top not only sets the corporate culture, but also rethectsature of
CEOs.
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Arguably, the tone and rhetoric of fund managers can be analysednilaa gein.
Fund managers often play the role of CEOs for the funds they maregéey are
solely and fully responsible for the performance of their investmEntsd managers
report to their investors on all aspects of performance, much irathe way that a
corporate executive reports on the performance of a company. As feuncl-

manager-speak should be akin to CEO-speak.

The general pattern of conclusions drawn in the past studiesromgcéone is the
following: Qualitative (soft) earnings information proxied by toned aother
associated variables can additionally predict asset prices bdyopdedictability in
quantitative (hard) information (Engelberg, 2008). For example, the sptnar
“surprise” tone of earnings forecasts is positively correlatgd the magnitude of
subsequent abnormal returns (Brockman and Cicon, 2009). Davis, Piger and Sedor
(2008) also find that managers use optimistic and pessimisticriczeamnings press
releases to provide information about the firm's expected futuferpeance and
investors respond to such disclosures, while Tetlock et al. (2008) den®rkat
the fraction of negative words in firm-specific news storieglipte low earnings.
Sadique at al. (2008) also study earnings press releases artbatimbsitive tone
increases returns and decreases volatility while negative toneades returns but
increases volatility. More generally, Demers and Vega (20i@) that it takes
investors longer to interpret this soft information component comparéuethard

information in financial disclosures.

Based on the above arguments, one expects similar effectk fad manager tone
with fund performance, i.e. superior past performance may inspirenpacatively
more positive and hubristic tone by the fund manager. Excessives leeduch
positive tone may provide an alternative proxy for overconfidence agdsimaarly

subsequent returns.

Finally, in terms of readability, it is widely agreed thadrratives conveying a
negative message or poor news are generally less readablehttrat &irms with
lower earnings have annual reports that are harder to read (Li), 200 the
management is more straightforward in disclosing information whenfitm is

doing respectively well. This association between performanceslosiise
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readability and other lexical features is often explainedtbgtegic reporting and
impression management incentives. In a related way, the simultapezaece of
low reading ease and high variability in readability, also knowrol#sscation
(Courtis, 2004), is an equally pervasive phenomenon in corporate anpodsrén

this basis, | propose the following research hypothesis:

H3o: There is no significant difference in thene/readability of fund
manager commentaries whose corresponding funds have experienced varyi

degrees of past investment performance, ceteris paribus.

Hypotheses 1 and 3 are tested in chapter 5 and chapter 6 while $exasalof
hypothesis 2 is tested in chapter 7. The rest of this chapter inéthe operational
definitions of the research variables, and includes a detailed dstuss the

research methods employed.

3.3 MAIN RESEARCH VARIABLES

This section introduces the variables used in the research hypotimesdsscusses
their measurement. Of the five main research variables, theemeasured directly
using the DICTION software, while the remaining two arecwalted by other
methods. DICTION is a content analysis software that i€hyidsed in the field of
finance and accounting (see Appendix 3) to produce consistent narraek-bas
scores for any given text. It has been extensively used tgzantile speeches of
policymakers, political speeches, earning announcements and ¢er@omaual
reports.

The DICTION algorithms use a series of thirty-three dictimsa (word-lists) to
search text passages for five main semantic features/ippcOptimism, Certainty,
Realism and Commonality) as well as thirty-five sub-featjeeg. Praise, Blame,
Denial, etc). DICTION employs a 10,000-word corpus and the user remtec
additional custom dictionaries for specific research purposesprbgeam provides
both alphabetic and numeric output files which include raw totals, qteges, and

standardized scores and extrapolations to a 500-word norm for smalfilepuEor
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each of its forty scores, DICTION also reports normative dated on a 20,000-
item sample of contemporary discourse. One can use thesealgeonems for
comparative purposes or select from thirty-six sub-categonekjding speeches,

newspaper editorials, business reports, etc (DICTION 5.0 User’'s Manual, 2010).

The first main research variable used in this study is optimism. In DT
OPTIMISM is defined as, “language endorsing some person, group, camnejeEnt
or highlighting their positive entailments.” The formula used fdcuating “net
optimism” is: [praise + satisfaction + inspiration] - [blaméhardship + denial]; in
other words, “optimism” minus “pessimism”. Further details abdeTMISM and

other master variables are included in Appendix 1.

The normal range of OPTMISM scores calculated in this wayeni#s on the
reference dictionary used. For example, based oiCtnporate Financial Reports
dictionary** which may be appropriate for the purposes of this study, the normal
range falls between 47.92 and 52.50. In other words, texts belongingdai¢igery

of Financial Reports are expected, on average, to have an OPTIMtSke
distribution with a standard deviation range of 47.92-52.50 centred on the mean.
Other viable choices for reference dictionaries include @wporate Public
Relations’ dictionary and th&inancial New$’ dictionary.

The second research variable used in this study is certainty. DICTIg¥dfines
CERTAINTY as “language indicating resoluteness, inflexibjliynd completeness
and a tendency to speak ex cathedra.” The formula for calculaBRITAINTY is:

[tenacity + levelling + collectives + insistence] - [nuncatiterms + ambivalence +

% This dictionary is a sampling of annual finanaiaports from a variety of Fortune 500 companies,
including 3M, Ford, Merk, Dynatech, etc. Reportsreveollected electronically from such internet
sites as Annual Reports Library, Index: Annual Regdallery, and Barron's Annual Report and
Earnings Service.

!5 This dictionary is a broad-based collection ofiaiéfl mission statements, public pronouncements,
and CEO speeches on behalf of major American catjoms from the 1960s through the mid-1990s.
Includes manufacturing companies (e.g., Boise-Ghgcamining and construction (e.g., Flour

Daniel), transportation and telecommunications.{(d&T), as well as, financial and service-based
industries (e.g., Federated Department stores, B&RK, etc.).

'8 This dictionary is a variety of news stories rethto financial issues (e.g. tax returns, market

predictions, trends in stocks and bonds, tax |Igp&cslation on specific annuities, etc.) obtaineahfr
the online publications of Forbes, The San Franc@leronicle, the Daily News Bulletin, etc.
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self-reference + variety]. | apply the adjustment proposed ineberand Vega
(2010) to include numerical terms as adding to rather than subgrdotim the
CERTAINTY score. Appendix 1 includes detailed definitions of the-gatbgories

used in this formula.

The third variable used in this research as a proxy for overconfidemzk k{g
extension, narcissism) is self-reference. Chatterjee and k&m{@007) use the
percentage of all first person singular pronouns appearing in corppasg/releases
as a measure of CEO narcissism. Since fund managers rdeglyor¢hemselves in
fund commentaries in the singular format, | define SELF-REFERENsS “the
number of first person pronouns as a percentage of all words” inea t#xt. In
other words, the frequency of all occurrences, &, I'll, I'm, I've, me, mine, my,
myself, we, we’'d, we’ll, we're, we’'ve, us, our, ours, oursearescalculated and
added, and then normalized for the length of the text. In the empmnedysis in
Chapter 7, | explore the possibility of constructing a meta-variedanprising some

or all of the overconfidence proxies discussed above.

And fourth, | seek to measure the tone used by the fund manager in her commentary.
The conventional approach to measuring tone of a narrative is to uske wor
classifications. For examplepositive/negative tonean be defined as a function of
positive and negative words mentioned in a text. Similar cleagdns can be used

for words indicating a diverse range of themes suamasrtainty, litigation, strong

modality,andweak modality.

| use the approach adopted by Loughran and McDonald (2011) that empldixgeposi
and negative word lists developed by the authors. While the Harvatriairy is
often used in prior studies, it is more suitable to research iinete of psychology,
sociology and other related disciplines. Furthermore, Loughran andoméddD
(2010) find that almost three-fourths of the words identified as ivegal the
Harvard Dictionary do not have a negative connotation in a finarmmdxt. Words
such adiability, taxing, foreign etc. belong to the misclassified list. In addition, the
authors exclude simple negatiomo( not, none, neither, never, nobpdsom their
negative word list. Hence, | use their word lists to define the H®@&tiable as “the
number of positive words minus the number of negative words, divided byrhe s
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of words in both categories.” Therefore, the range of thimiar is -1 to +1 and

measures the relatively positive tone of the narrative.

3.4 CONTROL VARIABLES

Control variables are used to ensure that the test of theorelagtween the
dependent variable and the independent variable is not confounded bfaotbes.
In this section, | discuss the control variables used in the enmpmodel. The
control variables are essentially the firm-specific charatics in the Carhart model

which is an augmented Fama-French asset-pricing model.

The first control variable used in this study is thwrket factor(excess returns)
which is captured by the market beta. The role of the markat ibeexplaining
average returns is well documented across the finance liter&onee of the key
studies that have supported this effect include Black, Jensen and S&Bd2sand
Fama and MacBeth (1973).

The secondcontrol variable in this research fism size.Several studies e.g. Banz
(1981), Reinganum (1982) and Herrera and Lockwood (1994) suggest thatzrm si
is a dominant factor that has additional explanatory power folageereturns. In
their key study, Fama and French (1993) form factor-mimicking qdm$f to
develop a risk factor for firm size known as SMB (Small minug).BEMB
effectively measures the size premium i.e. the return on aoportif small stocks

minus the return on a portfolio of big stocks.

The fund’sinvestment styles the third control variable used in the regression
model. Similar to size, the effect of investment style is lyidesearched by such
studies as Rosenberg, Reid and Lanstein (1985) as well as Chano Hacha
Lakonishok (1991). The risk factor developed by Fama and French (1993)sfor thi
effect is known as HML. HML measures the value premium i.e.r¢h&n on a
portfolio of value stocks minus the return on a portfolio of growth stocks.
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3.5 RESEARCH METHODOLOGY

This section introduces the research methodology used in this stusty.tiér data
collection process is briefly outlined. More details on the dateaah process are
provided in Chapter 4 which includes a full discussion of data sourcedlyFiha

data analysis methods are explained in detalil.

3.5.1 DATA COLLECTION

The research data is collected from a number of sources. The rfurtdadnnual
reports are sourced from the EDGAR online database provided bydheti$e and
Exchange Commission. It collects a wide range of mandatory anghtao}
disclosures for US companies and individuals. A full description efdhtabase is

provided in Chapter 4.

A key stage of collecting annual reports is downloading them flenEDGAR
database. Clearly, manually downloading a large number of reporteocgery time
consuming. | automated this process in the following way. EDGARrahkived
periodically and the archived filings are accessible through thepfotocol.
Fortunately, the web addresses of these filings are reasowalihgtructured. In
other words, by knowing the identifier of a given company and theofjen annual
report, one can generate the address where the said repore cowhloaded.
Therefore, in principle, a computer program can that can automgatieatl and save

a list of web addresses in a predetermined location can resolvassiie. In
collaboration with an IT expetf,such a computer program was prepared and tested.

This computer code can be found in Appendix 4.

The mutual fund returns and other financial figures are mainkaeet from the
CRSP Survivor-bias free Mutual Fund Database. This database iy vatkrenced
in finance and accounting scholarly research and is availablegthrthe WRDS
platform. More details on this database and the associatedatlatdion procedures

are provided in Chapter 4.

7| gratefully acknowledge advice and assistancenfily. Mark Greenwood at Manchester Business
School.
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3.5.2 DATA ANALYSIS

This section introduces two of the main data analysis methods aisenpirical
research in this study. The first section discusses the canahtsis methodology
that is used to analyse the fund manager commentaries. The secton describes
the analysis method used to deconstruct mutual fund performance usmgssion
model.

%3.5.2.1 CONTENT ANALYSIS OF FUND MANAGER NARRATIVES

Krippendorf (2004) defines content analysis as “a research techrogquaaking
replicable and valid inferences from texts (or other meaningfaitem) to the
contexts of their use.” As a research technique, content anaysiten praised for
being objective, systematic and replicable. It is based on thenpsen that the
language people choose to express themselves in contains inforniationtlae
nature of their psychological states, an assumption implying anpatise@al or

descriptive model of language (Viney, 1983).

What sets content analysis apart from other similar reséachhiques, according to
Krippendorf (2004), is that content analysis is (1) an unobtrusive techn@ue;
capable of accepting unstructured material; (3) context senaitid therefore able to
analyse symbolic forms; and, (4) able to cope with large voluméataf The above
features make content analysis a reasonably appropriate choilbe,durrent study,

for the purpose of analysing large-scale textual data derived from annuas$.repor

The process of content analysis consists of a number of componepizertorf
(2004) explains that the first three steps, uitizing samplingand recording are
somewhat interlinked and form tlgata makingsub-process. First, the data have to
be distinguished and segmented into distinct analytical units (unjtiziven if there
are an unmanageably large number of units, a smaller segmdrgnofhias to be
selected (sampling); and finally, each unit needs to be coded aadbddsin an
analysable format (recordingpata reductionis the next logical step which aims to
reduce computational effortkiferenceis the key step in content analysis and seeks
to “consume” all the knowledge a content analyst has about the dataeacwhtext.

Finally, according to Krippendorgnalysisis concerned with “the more conventional
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process of identification and representation of patterns that atewarthy,
statistically significant, or otherwise accounting for or dpsoe of the content
analysis results.” Figure 6 shows the logical connection betwbkenabove

components.
Theones about
and -
Experiences with Context
!
(]
4 4 4 ;
Unsitizing Swmpling Revording Statistical or other Analytical Tradiions of the

Figure 6: Components of the content analysis procgesfrom Krippendorf (2004)

In chapter 6, | provide a more detailed explanation of the content senaly

methodology used in this study.

3.5.2.2 THE CARHART FOUR-FACTOR ANALYSIS

In 1997, Carhart investigated a survivorship-bias free sample of al@d@dequity
funds during a relatively long 32-year period. The importance of wgnkith fund
data free from survivorship bias is explained by Hendrieksal (1997) who
demonstrate how studying survivorship-biased data can result inlskedfacovery
of a spurious J-shaped relation between first and second period pedesnather
than a monotonically increasing pattern. Carhart classifiedutigs into categories
of long-term growth and growth-and-income, and studied them using FdMC
and his own four-factor model (Fama-French factors plus one-yeirn
momentum).
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What Carhart found in his study was that the strong persisierst®rt-term returns
Is mostly explained by common factors in the four-factor model, priedmtty size
and momentum. Consistent with previous studies, he also found that théepeesis
of underperformance by funds in the bottom decile cannot be explainddeb

common four factors and fund expenses.

Instead, Carhart finds a strong positive (negative) relation betthegmrevious one-
year momentum and the returns on the best (worst) performing dééieds. His
findings suggest that the portfolios of the best funds are tiltedrt®apast winning
stocks, and consequently capture their premium. In a similar way, hehatsging to
the top decile tilt their portfolios such that they capture the jpranon small stocks.
Development of multi-factor models such as Carhart's model helg#di®, among
other things, the various style-timing activities that exist in addition t&ehiming,

namely: size timing, growth timing, and momentum tintifig.

| aim to expand the Carhart model by adding a number of independéatilesr
proxying for fund manager psychological features to the right ciddne model.
Specifically, | add the overconfidence measure as an independetlerao the

model, as displayed in the equation below:

E(Ry) - Ry = fo + BulE(Rmt) - Ry + BoE(SMBy) + fxE(HMLy) + BLE(MOMy)
+ BsOPTIMISM; + Bs;CERTAINTY, + B»SELF-REFERENCE;

| then regress the funds’ average monthly returns subsequent to thatmublot the
annual reports on the Carhart factors and my new overconfidencereedsch is
based on content analysis of fund manager commentaries. Thesamal@bapter 7
shows that this addition improves, on average, the ability of the nmdaiticipate

future investment returns. Further technical details concerningrhigtical method

18 Market timing refers to the ability to weigh equixposures according to one’s forecast of future
market states. Size timing relates to adjustingftimel’s exposure between small-cap and large-cap
stocks. Growth timing refers to adjusting exposafeng the value-growth continuum. Finally,
momentum timing modifies the investment strategiyveen momentum investing (buying high past-
return stocks and selling low past-return stocks) @ontrarian investing (doing the opposite).
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are explained later in the thesis. The following chapter expthmsources of the
data in this study as well as the sample selection procedureprandies a
description of the data.
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CHAPTER 4 - RESEARCH DATA, SAMPLE SELECTION AND SAMPLE
DESCRIPTIONS

4.1 INTRODUCTION

The main purpose of this chapter is to provide a broad descriptidgheoflata
sources, the data collection and sample selection procedures. Theeeskehis
study is to explore the relationship between fund manager overcordideacthe
fund’s investment performance. Therefore, to be able to draw robudusioms, |

need a large sample of mutual funds performance data, and the eqsaaiphd of
mutual fund annual reports on which | perform the content analysis process
discussed in the previous chapter.

This chapter is organised as follows: section 4.2 includes #dedetxplanation of
the data sources including both annual reports and the performancerdatatdal
funds. It also includes a discussion of the cross-referencing ifstess in linking
the two databases for the purposes of this study. Section 4.3 deskdabsmmple
selection procedures used in the study. Section 4.4 provides the requinelé sa
description.

4.2 DATA SOURCES

This section provides information about the sources as well as eagendine of

the data used in this study.

4.2.1 MUTUAL FUND PERFORMANCE DATA

The source of the mutual fund performance data used in this resedahehCRSP
Survivor-Bias-Free Mutual Fund Databd8eThis database, widely used in the

9 This database is provided by CRSP (Center for &ebkdn Security Prices) and is accessible online
at http://www.crsp.com/products/mutual_funds.hasiwell as through the WRDS (Wharton Research
Data Services) platform.
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finance and accounting literature, is designed to facilitatearelseon the historical
performance of open-ended US mutual funds. It claims to be “theconhplete
database of both active and inactive mutual funds” and distinguiste$ Ity
providing survivor-bias-free data. The database was initially dpedl by Mark
Carhart for his 1995 dissertation entitled, “Survivor Bias and Pensistin Mutual
Fund Performance”, to fill a need for survivor-bias-free data regeewhich was
previously lacking. Incidentally, the key regression model used in the cstuoelytis

based on Carhart’s (1997) seminal paper, as explained in Chapter 3.

According to the CRSP Mutual Fund Database Guide, the database irecludesy
of each mutual fund’s name, investment style, fee structure, holdangsasset
allocation. It also incorporates monthly total returns, monthly to&dl assets,
monthly/daily net asset values and dividends. Schedules of rear antb&drfees,
asset class codes, and management company contact informatalsoapeovided.
All the data items are associated with open-end mutual funds and dtegarying
times starting from 1962 depending on availability. The update freguehthe
database as well as the distribution lag is quarterly. Eigysrovides a highlight of

the data elements included in the database.
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TABLE

NAME

DEFINITION

contact_info

Contact Information

Current and historical contact information

daily_nav

Daily Net Asset Value

Net Asset Value for each trading day

daily_returns

Daily Returns

Returns for each trading day

dividends Dividends Fund dividends

front_load_det Front Load Detail Details of front load fees

front_load_grp Front Load Group Effective dates for front load fees

fund_fees Fund Fees Fees associated with each fund

fund_hdr Fund Header Most recent identification information for each fund
fund_hdr_hist Historical Fund Header Historical identification information for each fund
fund_style Fund Style Style attributes for each fund

fund_summary

Fund Summary

Summary data for each fund

holdings

Holdings

Portfolio holding information

holdings_co_info

Holdings Company Information

Information about companies held in portfalios

crsp_portno_map CRSP PORTNO Map Map to portfolio for security holdings info
monthly_nav Monthly Net Asset Value Net Asset Values as of the last trading day of each month
monthly_returns Monthly Returns Monthly halding period returns

monthly_tna

Monthly Total Net Assets

Total Net Assets as of the last trading day of each month

rear_load_det

Rear Load Detail

Details of rear load fees

rear_load_grp

Rear Load Group

Effective dates for rear load fees

Figure 7: Overview of data tables included in the &SP Mutual Fund Database

In terms of fund types covered, the CRSP Mutual Fund Databasensootanplete
historical information for over 44,888 (17,565 dead and 27,323 live funds) open-end
funds, including equity funds, taxable and municipal bond funds, international funds,

and money market funds. The focus of the current study is on equity mutual funds.

4.2.2 MUTUAL FUND ANNUAL REPORTS

The mutual fund annual reports used in this study are sourced byDIGAR

database. EDGAR (hereinafter Edgar) stands for the Electiaia-Gathering,
Analysis, and Retrieval system and is a publicly available daéprovided by the
US Securities and Exchange Commission (SEC). It performs atédncollection,

validation, indexing, acceptance and forwarding of submissions by companies and, in
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some cases, individuals who are legally required to file forntls the SEC. The

database can be accessed via Internet (web or FTP).

While most companies need not submit actual annual reports to sharehmide
Edgar, it is a mandatory requirement for mutual fund companies to disother
companies, however, the annual report on Form 10-K containing much sdirtie
information is required to be filed on Edgar. These requirements Bdgar an

excellent source of annual reports for all US companies regardless of inédasbry s

In Chapter 3, it is explained how | developed a computer program to ditaliga
download the mutual fund annual reports filed in Edgar. The annual reperts a
mostly filed in the HTML format. In preparing these reportsdomntent analysis by
the Diction software, a number of adjustments had to be made. First, all HTML
coding has to be removed from the document. Then, all tables with nuntetaa
and all exhibits are removed from the document, since most of themcinded

purely due to legal requirements and tend to contain template-based language.

4.2.3 CROSS-REFERENCING BETWEEN DATABASES USED IN THE STUDY

The Edgar database uses a Central Index Key (CIK) to iderdly ef its filings.
CIK is a unique ten-digit number allocated to an individual or compgrtiad SEC
to identify the relevant filings across several databases. Qutliee hand, the CRSP
Mutual Fund Database uses a different identifier known as CO&Hich stands for
the Committee on Uniform Security Identification Procedures, foundetiot4.
CUSIP is a 9-character alphanumeric code that identifies Nmyh American

security for the purposes of facilitating, clearing and settlemenraaddr

While both CIK and CUSIP are each useful identifiers within tbein databases,
there is not a publicly available matching table betweervtbesystems. This was a
big challenge in the way of my data collection. To circumverst phoblem, | used a
cross-referencing table provided by the S&P CUSIP Servicesatch each CIK to

2 |n fact, the CRSP Mutual Fund Database lists fumgis own proprietary identifier known as the
CRSP Fund Number which is relatively easy to matith CUSIP.
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the corresponding CUSH? The matching is however not one-to-one in many cases
such that one CIK may be linked to a number of CUSIPs, and vice Versach
cases, | used the fund’s name in a difficult and time-consuminggsr@ceorovide

the correct matching between the two databases.

4.3 SAMPLE SELECTION

This section provides a description of the sample selection procédu@ain how
samples of mutual funds are formed and what data reduction procédwedeen

used.

| begin by exploring the Edgar database in 2009 and look for all miutuglifilings
made during this year. | systematically search for aluadutund annual reports filed

in the form N-CSR (Certified Shareholder Report of Registaviahagement
Investment Companie$j. As expected, most annual reports are filed in the first
quarter. In fact, about 45% of the annual reports are typicallyifildue first quarter
and about 25% during the last quarter of the calendar year. The negnad®o of
annual reports are filed during the second and third quarters.ludexamended
disclosures. Therefore, by looking at one full year, | acquire ti@ernannual set of
unique mutual fund reports regardless of whether they correspond ¢artkat or

previous fiscal year.

Next, | match the CIK identifier of the annual reports wité torresponding CUSIP.
As explained above, with the help of the fund’s name, this often ra@swdtsinique
matching. Then, | select only those CIKs whose corresponding CUf@lBsg to

actively-managed equity mutual funds.

| use the CRSP fund information to control for fund manager chandiesit imy
sample to funds having complete returns data and a unique fund maagjelefist

three consecutive years. Thegr-dtvariable provided by the CRSP database marks

21| gratefully acknowledge Prof. Richard Tafflerispport in obtaining this data.

22 Mutual funds also file semi-annual reports withCSi the form N-CSRS which are excluded in
this study.
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the date the current portfolio manager assumed responsibilitlyefigrortfolio. Since

my whole sample consists of 2003-2009 annual reports, | initiallpeedll funds
whosemgr_dtvariable is larger than 1 January 2006. | repeat this procesisose
annual reports filed during 2008 which have not been filed in 2009, and add the
corresponding distinct mutual funds to the sample. | continue until | caler
actively-managed equity mutual funds with a unigue manager and complete returns
data for at least three consecutive years during the 2003-09 périiaally, | remove

from my sample the annual reports with no substantial fund managenesdary

(i.e. less than 200 words). Table 1 illustrates this sample selection procedure.

Table 1: The sample selection procedure for samplke

Mutual fund annual reports filed in Edgar durindd20 3319
Less amended annual reports (N-CSR/A) 166

Unique mutual fund annual reports filed in Edgarimy 2009 3153
Less annual reports with no corresponding CUSIPamat 224

Less bond funds, money market funds and index funds 380

Active equity mutual fund annual reports filed 2549

Less annual reports with a change of the correspanflind manager
or missing returns data during 2006-09 831

Active equity mutual funds with unique managers aidreturns data
during 2006-09 1718

Repeat the above process for the 2005-08 periochddd
corresponding distinct funds 1421

Repeat the above process for the 2004-07 periochddd
corresponding distinct funds 1255

Repeat the above process for the 2003-06 periochddd
corresponding distinct funds 977

Active equity mutual funds with unique managers eonhplete
returns data for at least three consecutive yaaiagli2003-09 5371

Less mutual funds with missing or no significamdfunanager
commentary in the corresponding annual reports 712

Sample A 4659
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Hence, for the purpose of my panel data analysis, | arrive at 4659 wadtjuely-
managed equity mutual funds that have had a unique fund manager and complete
returns data for at least three years during the sample pemtbtage corresponding

fund manager commentaries. | call this sample A and use iyasaim sample for

most of the empirical tests in this thesis.

In order to investigate the effect of a longer fund manageridarah the research
variables, | make a similar sample of all actively-managgdty mutual funds that
have a unique fund manager and complete returns data in the CRSRaldiainag
the whole 2003-09 period. | call this sample B.

Table 2: The sample selection procedure for sampkg

Mutual fund annual reports filed in Edgar durindd20 3319
Less amended annual reports (N-CSR/A) 166

Unique mutual fund annual reports filed in Edgarimiy 2009 3153
Less annual reports with no corresponding CUSIPamat 224

Less bond funds, money market funds and index funds 380

Active equity mutual fund annual reports filed i00® 2549

Less mutual funds missing complete returns datangur
2003-09 507

Less mutual funds with a change of the correspandin
fund manager during 2003-09 887

Active equity mutual funds with unique managers
and complete returns data during 2003-09 1155

Less mutual funds with missing or no significamidfu
manager commentary in the corresponding annual ntspo 149

Sample B 1006

Therefore, 1006 unique (actively-managed equity) mutual funds during/hbke
sample period are found subject to the said conditions. In the nexnsegirovide

descriptions for the above study samples.
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4.4 SAMPLE DESCRIPTION

Table 3 reports summary statistics on the total actively-gexhaquity mutual funds
that have a corresponding CUSIP match in the CRSP database.tafisécs
provided are related to the annual performance on an absolute basisjziind s

expenses and turnover. Definitions of these measures are also listed.

Table 3: Summary statistics of the sample mutual fods

Average Returnt Daily, monthly and annual returns values are uated in CRSP as a change in
NAV (net asset value) including reinvested dividefidm one period to the next. NAVs are net of all
management expenses and 12b-1 f&€sont and rear load fees are excludedA: Total Net Assets

as of the last trading day of each month, figuresaaeraged for each ye&xpense Ratio Expense
Ratio as of the most recently completed fiscal yeepresenting the ratio of total investment that
shareholders pay for the fund’s operating expengeigh include 12b-1 feesTurnover: Fund
Turnover Ratio defined as the minimum of aggrega@lés or aggregated purchases of securities,
divided by the average 12-month Total Net Assetheffund.

Year Number Average Return TNA Expense Ratio Turnover
(% per year) ($m) (% per year) (% per year)
2003 2169 30.2 295.2 15 86.3
2004 2201 38.0 336.6 1.6 91.9
2005 2287 32.6 385.0 1.4 105.2
2006 2490 25.4 439.9 15 92.0
2007 2355 -18.9 485.2 15 133.6
2008 2612 -25.1 377.6 1.3 125.6
2009 2549 -10.6 441.4 1.4 108.7
Mean 2380 10.2 394.4 15 106.2
Median 2355 25.4 385.0 15 105.2
SD 173 27.2 65.9 0.1 18.9

%3 12b-1 fee denotes the ratio of the total assetibated to marketing and distribution costs. It
represents the actual fee paid in the most receatigpleted fiscal year as reported in the Annual
Report Statement of Operations.
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Table 4 provides basic descriptive statistics on the proxiesfasegeasuring fund
manager overconfidence. The scores reported in Table 4 are nuilised. Since,
for example, the normal range of the Diction optimism score typical narrative
based on the Corporate Financial Reports dictionary is between 48.21 andH.50, t
relatively low standard deviations are no cause for concern and shaulerpeeted
within this range. The same observation holds for the certaintysealfideference

measures.

Table 4: Summary statistics of overconfidence progis in this study

This table reports the distribution of selectedrogafidence proxies based on the content analysis o
fund manager narratives. The optimism scores asechan the fund outlook section, the self-
reference scores are based on the past-perforndismession section and certainty scores are based
on the whole narrative.

Panel A: Optimism scores computed by Diction

No. of
Year funds Mean SD Min *  Med 4 Max

2003 2169 51.31 1.96 Z?.lé 49.44 g0.6é 52.35 57.41

2004 2201 52.29 2.12 47.37 50.38 51.40 53.63 58.23

2005 2287 52.31 2.18 47.47 50.25 51.68 53.57 59.50

2006 2490 51.26 1.98 46.07 49.18 50.82 52.57 56.90

2007 2355 52.77 141 49.64 51.44 52.36 53.59 57.42

2008 2612 52.47 211 4757 50.56 51.58 53.80 58.38

2009 2549 53.01 220 47.25 50.69 52.53 54.46 59.28
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Panel B: Certainty scores computed by Diction, stgjdl according to Demers and Vega (2010)
No. of
Year  funds Mean SD  Min # Med % Max

2003 2169 47.12 1.16 24.66 46.01 2‘:6.76 47.73 50.73

2004 2201 46.99 1.19 44.23 45.92 46.49 47.74 50.32

2005 2287 47.79 1.12 45.30 46.73 47.47 48.44 51.49

2006 2490 48.14 1.50 44.21 46.56 47.81 49.13 52.42

2007 2355 46.95 1.14 44.42 45.87 46.62 47.61 50.71

2008 2612 47.21 1.18  44.47 46.14 46.71 47.95 50.51

2009 2549 46.85 1.33  43.37 45.45 46.56 47.73 50.64

Panel C: Self-reference scores, defined as “nurobdirst person pronouns as a percentage of all
words”

No. of
Year funds  Mean SD  Min # Med % Max
2003 2160 116 016 082 10l L1l 124 166
2004 2201 1.07 0.20 0.61 0.89 0.99 1.20 1.63
2005 2287 1.11 0.10 0.89 1.02 1.08 1.17 1.44
2006 2490 1.36 0.19 0.86 1.16 1.32 1.49 1.90
2007 2355 1.29 0.18 0.89 1.12 1.24 1.39 1.88
2008 2612 1.01 0.20 0.55 0.83 0.93 1.14 1.57
2009 2549 1.19 0.24 0.56 0.94 1.14 1.35 1.87

Panel D: Cross-correlations between the overconfiegroxies

Optimism Certainty Self-reference
Optimism 1.000
Certainty 0.416 1.000
Self-reference 0.755 0.488 1.000
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In chapter 6, | look at the distribution of the overconfidence scores amsely and
plot histograms to demonstrate that there is no significawrsdss in what is a
relatively normal distribution. In addition, instances of extreme i@ltlfund
manager overconfidence appear to be more common than underconfidengee | a
that this may be due to the fact that fund manager selectomegses that are in
operation in the investment industry including hiring interviews aased in the
favour of overconfident managers. A similar distribution exfistshe certainty and

self-reference measures as can be seen in panels B and C.

The cross correlation matrix in panel D suggests that whilengti and certainty
are somewhat correlated measures, there is a significantlatimn between
optimism and self-reference. This is consistent with the thealetkpectation, and
empirical evidence discussed in Chapter 6, that an optimistic, confidad

manager tends to use the active voice as well as personal pronoungequently,

thus making her narrative more readable.

The following chapter analyses fund manager commentaries ukang'close
reading” methodology, and investigates how the self-serving attribbtasn often
leads to overconfidence as can be understood from fund manager narfatives
addition, by manually coding a random sample of commentaries, diffetery
types embedded in fund manager narratives are identified. Furtiegroomnections
are established among these stories and the funds’ past invegarfeninance, and
the results are used to explain the sense-making process thasiprakmvestors

employ in their very unique work environment.
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CHAPTER 5 — SELF-ATTRIBUTION AND OVERCONFIDENCE VIEWED
THROUGH THE LENS OF FUND MANAGER REPORTS

5.1 INTRODUCTION

In this chapter, | examine how the self-serving attribution bias drives ovetenod,
and how this effect is manifest through fund manager annual remortseir
investors. By analysing fund manager commentaries using the “céaskng’
methodology and in the spirit of Jameson (2000), | identify differeotydtypes”
embedded in fund manager narratives and explain how self-attributsnabid
overconfidence is traceable in them. Further, | establish conneelinosg these
stories and the funds’ past investment performance, and usestifts te explain the
sense-making process of professional investors in their very uniqué& wor

environment.

Professional fund managers work under extreme pressure in a cordaodirgghly
demanding environment. They are expected to outperform other equadly abl
managers and their benchmarks on a consistent basis although banegafivthe
time, on one level, that this is not really possible. Underlying thsk is the
enormous complexity and intangibility of the markets in which theyatpeand
where there is ultimately little relationship between thediaas they make and the
performance of their funds. In addition, there is great difficultgeciding whether

investment returns are due to skill or luck.

Conventional finance views fund managers in terms of “rational” satorthe
marketplace using formal methods of asset valuation in an attengeritify those
stocks or other assets which may be mispriced, even though, on thehatigr
markets are viewed traditionally as efficient. Howeveigantrast, the world of the
real investment manager is one where she is swamped by informatsuhject to
acute information asymmetry, is under intense competition, and, imthenas to
rely to a large extent on subjective judgement, intuition and “glinf§. Added to
this are the many imponderables which are outside her control anmely drive

her investment performance. Ultimately, the professional fund reamagequired to
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do a job, which is very difficult if not impossible to do, and is unagristant threat

of dismissal if the returns she earns are not deemed satisfactory.

It is of course clear that fund managers do not operate in axtémre world.
Holland (2006 & 2009) identifies a number of important intangibles inwtbek

environment of fund managers. These include:

“1) Increasing significance of knowledge intensive processsgisaor intangibles in
creating value within the enterprise, and within its immediatgvork of corporate
alliances, suppliers, distributors, and customers. 2) Increasingfusshnology
within these value creation processes. 3) Major changes in tiperate value
creation process such that knowledge creation, articulation, processidg
leveraging, has become a central survival activity for mulonal companies. 4)
Changes in corporate structure from top heavy, multi layered maealdgerarchies
to flat hierarchies, and to companies establishing alliance atwlome with

companies in the same industry and with suppliers and distributors. réaded
internationalisation or globalisation of companies and industries. dit&ahanges

in corporate strategy arising from the above forces.”

The above forces can potentially influence fund manager behawiodirect or
indirect ways. For example, in the case of disclosure behaviourm#atgerial
structures may lead to corporate preference for secrecy pixate disclosure.
Equally, they can also lead to preference for private disg@asegr voluntary public
disclosure (Holland, 2006). In other words, fund managers may be motivated to
exercise some level of self-censorship in communicating to ithesstors through
fund manager reports. They may do so in an attempt to safeguasadgéeihterests
of the financial institution in which they work. Clearly, the degte which fund
managers may be influenced by such organisational pressureg diffieult, if not
impossible, to measure. However, it is important to recognize tmasgible factors
as the limitations of performing a largely context-free analysis.

In this chapter, | also test the proposition that the way in whicd managers deal
with their highly stressful, unpredictable and threatening environmeas we all

do, to construct satisfying narratives, and in particular storiebelip them make
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sense of what they are doing. These value-creation storiessakglland (2006)
explains, an intangible part of the overall corporate financial nwanications

framework which can be applied to investment companies in this research.

5.2 UNCERTAINTY IN FINANCIAL MARKETS AND THE CAREER CONCERNS
OF FUND MANAGERS

As mentioned earlier, fund managers operate in a highly competigegrtain,
complex and stressful environment. They are often in constant feairgf fired if
their investment performance, which is largely influenced byofadbeyond their
control, is deemed unsatisfactory. Hence, the strand of mutual fuerdtdite
discussing the career concerns of fund managers in the lightiopé&n®rmance is
relevant to the discussion in this chapter. The hazards of mutuad
underperformance are clearly spelled out in many studies, e.gahkh¢1996) and
Lunde, Timmermann and Blake (1999). The latter study lists sevesaslons
explaining why funds are terminated: (1) never reachingalithass during market
capitalization; (2) merging an underperforming fund with a similamensuccessful
one; (3) merging an underperforming fund with a similar one due tgemef two
fund families; (4) closing an underperforming fund to improve overalbpadnce.
The authors also report that underperformance is generally agsbwith a higher
hazard rate, and since funds to be terminated have higher aversigéepee than
survivor funds, excluding them from persistence measurements rasulbsver
persistence estimates. In a similar study, Chevalier arsbil{1999) show that fund
manager termination is generically performance-sensitivejrard so for younger
managers, which may give them an incentive to avoid unsystenskticGoyal and
Wahal (2008) find that once fund managers are fired, excess retarigpically

indistinguishable from zero, though in some cases positive.

The effect of employment risk on fund manager risk-taking behavioturilser
investigated in Kempf, Ruenzi and Thiele (2009). They report thanpfia/ment
risk is perceived to be more (less) important than compensationtires fund

managers who have experienced a poor mid-year performance tendréasdec
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(increase) risk relative to leading managers. Hence, the dealhetween the
desirability of compensation incentives and the undesirability opl@ment
termination determines fund manager’s risk levels. Their reatdt€onsistent with
the study by Hu, Kale, Pagani and Subramanian (2008) who find a non-monotonic
(approximately U-shaped) empirical relation between the fund mesagk level
and her prior performance relative to peers. In this conted,not surprising that
fund managers aggressively seek favourable ratings to improve “pegceived
image” and eliminate the threat of being fired. Furthermauejerous studies have
shown that fund ratings can have a significant effect on fund flavish implies
that investors are clearly influenced by fund ratings in making ¢heice®* Despite
the power of fund ratings to influence asset flows into or out ofitaiah fund, their

predictive ability is widely debated in the mutual fund literafire.

5.3 SENSE MAKING THROUGH NARRATIVES: THE GENERAL FRAMEWORK

The thesis of this chapter is that fund managers, in their refgodiéents, seek to
make sense of the uncertain and opaque world in which they opleratgh a
constructed process of sense making using the medium of naraaiilvey particular
story. In this intricate sense making process, fund managera afterpret
investment outcomes in a self-serving way which, | argue, driveg the

overconfidence.

** For example, Del Guercio and Tkac (2008) use esemty methodology to examine the effect of
Morningstar ratings on a sample of 3388 domestigtggnutual funds over the period 1996-1999,
while controlling for other contemporaneous influes. The authors show an initial 5* rating can
result in a $26 million average six-month abnorft@k. They also record significant abnormal flows
following rating changes.

® In particular, most fund rating methodologies setmsuffer from a number of shortcomings
compromising their usefulness for any ex-ante amglyAmenc and Le Sourd (2005) point out a few
of these in their comparative analysis of threeomegting systems: Standard & Poor’s star ratihg, t
Morningstar rating, and the Lipper Leader rating: Ratings do not adequately capture the real risk
taken by the manager and the necessity for takitiggrme risks; (2) Measurement of performance
persistence is not yet a major concern for ratioenaies; and (3) The relative category-based rgnkin
of fund performance makes the ratings dependenthendefinition of the categories used, and
therefore compromises their confidence.

80



Sense making is an integral part of the fund manager’'s searchefning. It is
“fundamentally tied to processes of individual identity genenaéind maintenance”
(Brown, Stacey and Nandhakumar, 2008). “Sense making is a seaptausibility
and coherence that is reasonable and memorable, which embodies pashexpe
and expectations, and maintains the self while resonating withsothecan be
constructed retrospectively, yet used prospectively, and captureghteoand
emotions” (Brown et al., 2008). It renders the subjective tangib&sesmaking is
the process by which we mould our own identity in an ambiguous worldtaltd “
ourselves who we are. It is grounded in our constant struggle to cormairumvn

identities.

As well as seeking to persuade their investors that their farel®eing well and
competently managed (Jameson, 2000), | suggest that the manner in widch f
managers report on their performance is, also, part of the pilogedsich they seek
to make sense of the impenetrable world in which they are locdtee.way fund
managers construct the cognitive schema they require to b atueheir job in the
face of continued threats and reverses is by constructing narrafigeBrown et al.
(2008) point out, narrative “constitutes the basic organising principlbuafan
cognition”. Sense making is a narrative process where naristithee primary form

by which human experience is made meaningful” (Polkinghorne, 1988).

Although many authors use the terms narrative and story synonymioulshg e.g.,
with Czarniawska (2004), | view “story” here as a sub-genre ofatnaer
Narratives, broadly defined, are texts, spoken or written, that usuaibjve a
sequence of actions and events in a chronological and generallgilpgmnsistent
manner. They involve temporahainsof interrelated events or actions, undertaken
by characters (Gabriel, 2008). Narrative truth is fundamerddfgrent from factual
truth but nonethelesseal in that narratives allow us to make sense of situations.
More broadly, in terms of the accepted rather than contestede naituinancial
markets, market participants also make sense of the environmevhich they
collectively operate through “jointly negotiated” narratives. riiwes carry the
market’s “common-sensical stock of knowledge” (Brown et al., 2008).
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Gabriel (2000) defines stories as “narratives with plots and dkesagenerating
emotion in narrator and audience.... Story plots entail conflicts, prediots, trials,
coincidences and crises that call for choices, decisions, acti@hsnteractions,
whose actual outcomes are often at odds with the characters’'iangerdand
purposes.” The plot functions to transform a chronicle or sequence of gaent
narrative) into a story knitting together the events so that aneecagnise a deeper
significance of an event in the light of other events (Gabriel, R0Btries are
powerful devices for managing meaning and thus, potentially, an ie$gamt of the
fund manager’s sense making process. Through the medium of stenyetkigected
can be transformed into the “expectable”, and the fund managefeekron one
level, the unmanageable future is “manageable”. Interestingly “ trilkie of a story
lies not in thefacts but in themeaning If people believe a story, if the story grips
them, whether events actually happened or not is irrelevant” @ab@00). The
key is its “plausibility” rather than its “accuracy”. Importent in stories
“unpredictability” does not imply “inexplicability”.

I hypothesise in this chapter that through the use of stories abdotiater narratives
of group sense-making fund managers are able to engage in the micksgity
construction and make sense of their impenetrable work task in eérmsir needs
for self-esteem and purpose, i.e., who they are. Brown et al. (20@0@8harising the
literature further, argue more generally that such activitsalso be analysed using
notions of “impression management” and “attributional egotism” -@éibution
bias). The former refers to the self-presentation behavioursnitiaiduals employ
to influence the perceptions that others have of them, and the legtteanidency of
individuals to attribute favourable outcomes to their own actions and unéleur

outcomes to external factors.

In this chapter, | provide a very preliminary analysis tleaks to test whether fund
managers’ search for meaning in an environment where theyequéred to be
exceptional but over which, ultimately, they have little control, lbanexplained
through their use of story and narrative using the epistemologyosé-oeading
(Amernic and Craig, 2009). | hold the belief that the language fund managetoy

in explaining their performance “matters”, since their wordscarefully chosen and
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often convey strategic intefft.I highlight the role of stories and narratives in this
sense making process and, in the spirit of Tuckett (2011) and Tucke®adfler
(2011) who report on the results of in-depth interviews with fund masadescribe
how fund managers weave reason and emotion together in the repon&itbeyp

investors and, implicitly, themselves.

The approach used here complements that of Jameson (2000) who also studies
shareholder reports of mutual funds but focuses on the process by which fund
managers engage with the readers of their reports and howettleyosmanage the

way in which the text is experienced. In addition, she studies fundsewbts
returns are high in absolute terms but low in relative terms. lehewlook at the

full range of possibilities in terms of outperformance and underpesioce relative

to benchmarksind in absolute terms, and thereby distinguish four different types of
commentaries written by fund managers. Importantly, | am directhcerned with

how fund managers appear to be using their narratives not only to cornlkéce
reader that their investment in the fund is being appropriately andemty
managed, but particularly as a means of helping them make «fetisar task and

individual identity construction.

| also explain that the way fund managers describe their invesstrategies and
related processesex postdepends, to a large extent, on their prior investment
outcomes, and this is an essential part of how they build theidesired self-image
and confirm their beliefs in the rationale of their investment m®e®en when their
performance is disappointing. If the investment outcome is percesvé/aurable

i.e. the fund outperforms the market or its benchmark, the mategs credit for
her investment strategies and (consciously or unconsciously) sgabdrey herself

as the hero(ine) of the investment story. However, if things gogyithle manager
typically attempts to explain why the strategy is stiht but external factors wrong-

% In their study of CEO-speak, Amernic and CraigO@0similarly argue that the words managers
use “are not chosen in a perfunctory way to regorne objective reality. Rather, the words and
language are powerful and seductive rhetorical é@mgnts for fashioning outlook and opinion.”
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footed the underlying processes, and in doing so she depicts hersalfasftthe

unfair or undeserving victim of a tragedy type investment story.

5.4 NARRATIVES WRITTEN BY FUND MANAGERS: LOCATING ATTRIBUTION
AND OVERCONFIDENCE

Stories are important elements of sense making in organizatioosganiernal and
external stakeholders. As Boje (1991) points out, “people engage ymamit

process of incremental refinement of their stories of new ewsnigell as on-going
reinterpretations of culturally sacred story lines.” He alsplans that the
storytelling activity is sometimes political since “part tbke collective processing

involves telling different versions of stories to different audiences.”

| make my entry into the rich literature of organizational $&dling by focussing on
a generic framework for studying organizational narratives. Thasnework
investigates three types of narrative coherence, namelyrgdmantative-structural
coherence which relates to the internal logic of the story by (2) material
coherence which corresponds to the inclusion of all facts and cogute@mts, and
(3) characterological coherence which is concerned with thevablilgy of the
authors or the narrators. Shortcomings associated with eitheoftyjaderence may
be a sign of bad writing or mental duress, but can also be intetmettee context of

impression management and/or self-serving attribution bias.

From another perspective, Gabriel (2000) studies narrativesdmgding on their
literary implements through differentiating rhetorical frgroetic implements (or
tropes). Under rhetorical implements, Gabriel lists metaphorstonymies,
synecdoches, and ironies, while under poetic implements; the autheidistsypes
of attribution, namely, attribution of motive, causal connections, responsibility, unity,

fixed qualities, emotion, agency, and finally, attribution of providéntia
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significance?’ Gabriel points out that without these poetic implements, “no amount

of symbolic, rhetorical, or narrative elaboration can be effective.”

Further studies on close reading of financial and accountingtivas include the
methodological recommendations for analysing CEO communication propgsed b
joint authors Amernic and Craig. For example, Amernic and G20§6) explore
the metaphors and persuasive language used by a number of well-knomesbus
leaders in their book titled CEO-speak and show that CEOs arepafteayed as
heroes fighting the “wars of business” who are capable of astonistinagles of
financial performance and reinvention. In a methodological paper, Guadl
Amernic (2009) recommend that any attempt on close reading CEO narratwés s
reveal (1) the metaphors used by, (2) the ideology adhered to, (3hdtoric
implemented by the CEO as well as any (4) criticakfsies’, (5) dichotomies and
(6) false distinctions made by the executives. Amernic, Craiglaurish (2010) add
to this list (7) the CEO’s mindset and (8) her attitude to esgosure and risk

management.

While it can be argued that close reading of fund managertimegashould be
similar to investigating CEO communication, some distinctions needbeto
highlighted. Understanding these differences is helpful in compandgcontrasting

the results of academic studies on these two related sets of textual data.

Firstly, it is important to recognize that fund managers opémab@e industry, the
investment industry, whereas corporate executives operate in wliffer@ustry
sectors. Thus, compared to CEOs, one expects to find more homogernle#ycore
stories, rhetorical dimensions, and the lexis used by fund managetiseir
narratives. This feature lends more validity to inter-sample adsgns of fund

manager commentaries.

" Metaphoris a figure of speech in which an expression &us refer to something that it does not
literally denote in order to suggest a similariyetonymyis a figure of speech used in rhetoric in
which a thing or concept is not called by its owame, but by the name of something intimately
associated with that thing or concepynecdochés a figure of speech by which a part of a thiag i

put for the whole, the whole for a part, the spgeéoe the genus, the genus for the species, anahe

of the material for the thing made, and similaony is a rhetorical device in which there is a sharp
incongruity or discordance that goes beyond the@kirand evident intention of words or actions.
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Secondly, fund managers typically invest in a wide range aifriées in many
different sectors, each with their own distinct features, resulin a range of
potentially different investment sub-stories. Therefore, argualdyfund manager
may be better positioned, compared to a corporate executive atuebd engage in
constructing a complex meta-narrative of several dimensions waparting
investment outcomes, and better equipped to make rationalizationscdipelgeats
and engage in false attributions and dichotomies in case of poorrmpance. By
engaging in this type of storytelling, the narrator can indegpdesent accidental
actions and events as necessary, thereby overestimating whahaGo{tL974)

describes as the “causal fabric of experience.”

5.5 STRUCTURE OF THE NARRATIVE DATA USED IN THIS STUDY

| draw my evidence to support the above hypotheses from a pool of furabena
commentaries sourced from the SEC Edgar database. Myndatdes mutual fund
annual reports filed with SEC since 2003, the starting year fdr suendatory
disclosures. There are on average around 3000 mutual fund annual réporis fi
each of the sample years. | select a 2% random sample offtimesefor further
manual analysis, excluding passive funds. Hence, the fund manager amese
that drive my anecdotal evidence consist of 60 actively-manageelquif/ mutual

funds.

The body of mutual fund annual reports filed in SEC Edgar typicahgsists of
several sections, among which only the president’s letter and fund cuaries by
individual fund managers contain non-quantitative information useful for the
purposes of this study. Often, the president and the fund managde rthffierent

but complementary chapters of the investment story, which demoadtrateoncept

of contrasting narrators (Jameson, 2000). Since the individual fund marege
often solely responsible for making investment decisions, | betie/éind manager
commentaries, compared to the president’s letter, are liggbyovide more traction

in understanding any relation between the manager’s state of mingsinor future

performance. Although the president’s letter can provide investtinsanaseful big
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picture of the investment company’s present circumstances, it is ofteroaw to be
helpful for my study purposes. In contrast, the fund manager commyastan
information-rich section of the annual report which helps explain phst
performance of the fund and portray its likely short-term and leng-tfuture

performance.

Fund manager commentaries often include sections on investmeng\strataket
environment, discussion of past performance and the fund outlook. Althoesh th
sections of the commentary often follow each other to form aesingtrative,
sometimes, particularly in the face of underperformance, fund reemaboose the
sub-genre of question and answer to communicate to investors. In thit,ftnm
manager answers questions on a variety of issues often coverialgowe sections,
which are then transcribed to form the commentary. An importaturfe of this
narrative structure is the reduced distance between the namdtdhe reader. As
Jameson (2000) explains, the question-and answer sub-genre inviteadée tce
imagine himself or herself as the interviewer posing the guessto the narrator, and
also permits the narrator to use a more informal tone of voiarefidre, employing
this sub-genre leads the reader to empathize with the naaratqrossibly discount

the subpar performance.

It is important to emphasize that not all fund manager commentaoigain stories;
rather some are purely factual and mostly concerned with perfoerigyures in a
narrative format. This may not be surprising given the facttbiegatunds have to file
these official disclosures with the SEC. I, as in Gabriel (2008)induish between
descriptions that deal with facts-as-information, and storiesdimslt with facts-as-
experience for both narrators and listeners. While in the fortnerchronicler is

committed to accuracy, in the latter, the storyteller is committed ta.effec
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5.6 WHAT DO FUND NARRATIVES REVEAL ABOUT THE MANAGERS’ STATE
OF MIND AND OVERCONFIDENCE: A CLOSE-READING APPROACH

Combining the notion of narrative coherence with the close reading precedur
recommended by Craig and Amernic (2009), | propose that crigedling of fund

manager communication should involve a search for the following themes:

1. Contextualization of the narrative: fund characteristics, perforenarstory,

overall market conditions

2. Narrative’s structural-argumentative coherence: attribution afsaiay,

evidence of self-serving attribution

3. Narrative’s material coherence: critical silences, dichodsmand false

distinctions

4. Mindset and ideology of the narrator: attitude to risk and uncertainty,

metaphors employed

The above themes may be more effectively explored when lookedcahjunction
with the generic story types (or poetic modes) proposed by G&0@0), i.e. Epic,
Tragic, Comic and Romantic. Of these four, the epic and tragic namtbzpiately
represent most of the stories fund managers narrate in my sameleharacteristics

of each of these poetic modes are displayed in Table 5.
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Table 5: Two unifying story themes extracted from @briel (2000)

Epic

Tragic

Protagonist

Hero

Non-deserving victim

Other characters

Rescue object, assistant, villain

Villain, suppathelper

Plot focus

Achievement, noble victory,

success

Undeserved misfortune, trauma

Predicament

Contest, challenge, trial, test,

mission, quest, sacrifice

Crime, accident, insult, injury, loss,

mistake, repetition, misrecognition

Poetic Tropes

1. Agency
2. Motive
3. Credit

4. Fixed qualities (nobility,
courage, loyalty,
selflessness, honour,

ambition)

1. Malevolent fate

2. Blame

3. Unity

4. Motive (to the villain)

5. Fixed qualities by

juxtaposition

Emotions

Pride, admiration, nostalgia,

(envy)

Sorrow, pity, fear, anger, pathos

Hence, | suggest a standard close reading procedure which prdedegktbetween

the fund’s prior performance and the story type used by the fund nmainaber

commentary. Depending on significant outperformance or underperfoemaiatve

to the fund’'s benchmark and the underlying market conditions, four different

scenarios can be explored using the two major themes, i.e. epic and tragic.
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5.6.1 THE EPIC UNIFYING THEME

The common feature of narratives with an epic unifying thertteaisfund managers
writing such commentaries often attempt to attribute positive stment
performance to their own investment ability, skill or talent, levignoring or
downplaying the role of favourable conditions in the macro-environmentfurioe
manager’s critical silences can be identified by obserwngat significant
information on external factors conducive to positive performance hajopbe
either completely “left out” from the investment story or dowgethin terms of

importance.

Epic stories are mostly commonly observed among funds that have fourtysst
their (self-designated) benchmarks in the fiscal year of the hmapart. Their
narrative features, however, differ slightly depending on the absedlite of fund
returns. In my empirical analysis, | have developed two checltlistsan be used in
close reading these such narratives. The first checklist ssdrenarratives of funds
that have outperformed their benchmarks in a favourable markeafteeneeferred
to as Type A commentaries) and the second checklist focuses ativearof funds
in an unfavourable market (hereafter referred to as Type B commentaries).

Has the fund outperformed its benchmark in a favourablemarket?

(positivereturns in absoluteterms)

Look for evidence of self-serving attribution

Examples: Personal causal attribuzion and numerous occasions of self-reference

|¢

Look for critical silences by the fund manager

Examples: Filence on exogenous growth end favourable economy

|¢

Look for evidence on the fund manager's mindset and ideology

Examples: Description of risk attitude as healthy and timely

Figure 8: Outperformance in a favourable market (Type A)
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Has the fund outperformed its benchmark in an unfavourablemarket?

(negative returns in absolute terms)

Look for evidence of self-serving attribution

Examples: Personal causal attribution and numerous occasions of self-reference

|¢

Look for critical silences by the fund manager

Examples: Bilence on poor siock selection, sector weighting, timing, ete.

Lookfor evidence on fund manager's mindset and ideology

|¢

Examples: Descriptior. of risk attitude as healthy andtimely,
Usir.gthe market or economy metaphor (e.g the market punished us)

Figure 9: Outperformance in an unfavourable market (Type B)

I now proceed with evidence from a number of fund manager commentiaaies

represent the epic unifying themes and implement the above checKiise

following example is from a large-cap equity mutual fund that masaged to

outperform its benchmark in the year prior to the publication of {hertréa Type A

commentary):

Against the fund’'s benchmark S&P 500’s return of 26.46%, Disciplined
Equity rewarded investors with a strong 32.50% gain. This was also ahead of
its Lipper peer group, as the Lipper Large Cap Core Index rose 28.15%.
With our portfolio currently allocated across S&P 500 sectors, the pesitiv
results against the S&P 500 and the Lipper Index vamgely a function of

our stock selectio® as we were able to concentrate the fund in stocks which
showed relative strength above their broader sectGur. goal is to own the
highest quality companies we can in each sector of the market, a judgment
made on an array of business metrics that boil down to a combination of
attractive valuation and the ability to produce consistent, predictable
earnings going forward. In many cases, this means selling a stock and
replacing it with anothewe feel has greater potential... The market slump in
the first quarter of the yeatid trouble usto some extent [but] th&trength of

8 Bold fonts are added by the authors to highlipbtkey points.
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our stock pickingwas evident in our outperformance in all ten S&P 500
sectors... With strong sector by sector performamce, only weak spots
were a handful of companies that underperformed over our course of
ownership.

(Madison Mosaic Disciplined Equity, 2009)

The protagonistof this story is the fund’s management team (or fund manager) who
supposedly delivered superior returns relative to their selfpdatgd benchmark.
The story can be characterised as being inefie genre with the protagonist as
hero. Inter alia, the plot revolves around the market slump in the first quarter which
constitutes @hallengeor trial, despite which the fund manager is able to outperform
her benchmark, or achieseiccesor, implicitly, anoble victorythrough theagency

of herability andskill. What is communicated to the reader is the emotiqoridé

and implicitly an expectation @fdmirationfor theachievement

In terms ofcausal attributionsandcritical silences while 1 do not wish to imply that
the fund manager’s description of the factors contributing to the fuswgerior
performance is deceitful, I point out that no reference whatsosveiade to the
generally favourable investment environment of 2009 as demonsinai@a almost
uniform rise in S&P 500. Therefore, | conclude that the narraxascisingcritical
silenceon exogenous factors (the first instance). Anothitical silenceby the fund
manager is revealed by the choice of benchmarks against Waclund manager
measures relative performance. In the 2007 commentary on the saméfisame

fund manager writes:

We were quite pleased to show a positive return of 9.05% for the period,
nicely ahead ofour S&P 500 benchmark, which was up 5.49%. We slightly
trailed our official Lipper peer group, as the Lipper Flexible Portidiund

Index advanced 9.57%. However, as we have evolved our fund towards
more fully invested, all-sector approach, a truer comparison canniede

with the Lipper Large-Cap Core Indexwhich was up 6.63%. With our
portfolio currently allocated across S&P 500 sectors, the positive teesul
against the S&P 500 werargely a function of our stock selectigrwhile
members of the Lipper Flexible Index may have had greater exptsure
higher-returning asset classes, such as government bonds and foreign stocks.

(Madison Mosaic Disciplined Equity, 2007)
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The 2007 commentary above displays the fund managatisfactionwith her
performance and implicit expectationadmirationin the similar context of thepic
genre. The fund manager proposes in 2007 that the Lipper Largescapn@ex is
the appropriate benchmark for the fund. However, this benchmark is up 39.3% i
2009 and it appears that the manager strategically chooses not tonntbist fact

(the second instance ofitical silencg.

In addition, while the manager attributes most of the 2007 outperfornmarsteck-
selection, she rules out a similar possibility for membershef Lipper Flexible
index, who are supposedly riding “higher-returning asset claske®’interesting is
that the fund manager uses precisely the same attribution gbraster to stock-
selection in both years which provides anecdotal support for my hymothasithe
writing style employed in the commentary is, to a largéerx a function of
performance outcome ex post.

In commentaries with an epic unifying theme, fund managers typieall their
reports with positive, optimistic remarks. For example, this is @@rowth-oriented
fund manager described her outlook in 2006, just before experiencingalsicine

in share prices:

We believe the Fund’'s growth holdings haabove-average growth
prospectslt is hard to imagine repeatinipe stellar gainsof this fiscal year

in the coming year, although we began 2006 with an expected earnings
growth rate more than twice that of the S&P 500 Index. The valuation of the
overall market appears reasonable after two years in which earnings grew
faster than share prices.

(Jennison 20/20 Focus Fund, 2006)

The following vignette is an example of a fund manager commentary where the fund
has lost in absolute terms but still outperformed its benchmark (hence a Type B

commentary).

Even more positivevas our relative performance in the market downturn of
the full fiscal year ending June 30, 2009. While declining a significant
18.77%, we provideda sizable cushionrelative to our performance
benchmarks - just at the time when it counted the most (from a risk
perspective). The S&P 500 Index declined 26.21% for the fiscal yearhand t
Lipper Large-Cap Core Funds Index declined 25.69%. Primary reasons for
this outperformance were: a)slight tailwind by way of company siza the
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way down, b) significant benefit from our “roughly equal weighted” indexing
strategy, which performs particularly well in a precipitous markei dald
recovery, c) dlight to “blue chip” quality in the first three quarters of the
fiscal year...

(Blue Chip 35 Index Fund, 2009)

In framing this paragraph as apic story, the fund manager starts by emphasizing

that the fund haschievedto outperform its benchmark, although in the negative

domain. While the reader may expect some “matter-of-fact’aggpion as to why

the fund has experienced negative absolute returns, the fund managecaty

silenton this issue. Instead, the reader’s attention is drawn by thenfandger to

the “sizable cushion” she has provided against the loss in benchmark.

In terms ofcausal attributionsthe use of such vague terms as “a slight tailwind” to

convey an external attribution of performance renders the arguménguous and

borderline meaningless. The description of “the roughly equal weightkxking

strategy” makes it appear as if the manager has somensHilining the volatility

and that it was not a coincidence that the “strategy” succeeded tlnade market

conditions. Their “flight” to blue chip presumably in anticipation dferse market

conditions has the same implication.

The following example is derived from the annual report of a valiested fund

that has outperformed its benchmarks in 2004 (Type A commentary):
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During the twelve months ended September 30, 2004, Artisan International
Value Fund returned 32.81% outperforming both the MSCI EAFE and MSCI
EAFE Value Indices. The Fund’s return wadisven by the strength of the
team’s security selectionwhile] two consumer companies negatively
influenced performance during the fiscal year... As we have written on a
number of occasions, we are value investors and our sole focus is the
purchase of shares in companies that are selling at a meaningful discount to
our estimate of economic value. This process is a constant one and does not
change based on any prevailing macroeconomic or stock market trend. Over
time, we believe our success will be a function of how effgctvelvalue
companies, and how disciplined we are at buying them at a discount to fair
value, and selling them when they approach fair valu&e invest in
companies of all sizes based on valuation and company fundameniéés
believe that smaller companies outperformed large companies becairse the
valuations were more depressed at the beginning of the year, exactly the
reason for their presence in our portfolio.

(Artisan InternatavValue Fund, 2004)



Here the fund manager embarks on a lengthy discussion of the fimndsing
processes and makes the usual persattrdbutions of causalityvhich is a common
feature of Type A commentaries. The fund manager proposes thatdoesss is best
measured by how well she performs a number of tasks associdtedeing a
portfolio manager. This of course “makes sense” to the fund managdoés not
necessarily translate to investment returns for the clienfmirst on which she
manifests aritical silence.lt is also interesting how the same fund manager seeks to
explain the fund’s underperformance relative to benchmark in the faljofiscal

year:

The most noticeable aspect of the equity markets during the secondrend thi
quarters of 2005 was thabsence of investor convictiorading volumes
were low, held down by both the nornsaimmer trading doldrumsand by

the high level of economic and geopolitical uncertainty... The earnings of
small companies areparticularly vulnerable to shifts in economic
conditions and small-cap stock prices have historically reflected this
vulnerability. Small caps were strong toward the end of 2004, and they
became weak when investor sentiment changed. The July decline of growth
stocks was particularly marked in the small-cap market. Despite ar8bpt

surge by small-cap Internet stocks, the Russell 2500 Index (a broad small-cap
index) was still negative at period-end.

(Artisan International Value Fund, 2005)

The fund manager portrays herself as tiedeserving victimin the 2005
commentary, by focusing on the numeralmllengesshe has had to face in that
year. Lack of investor conviction, the uncertainty in the environment the
“summer trading doldrums” all qualify for implicitillains of the story. The stark
contrast between the two narratives in explaining the behaviour d¢ifGpastocks
indicates how the fund manager has changed her investment ssegd on
performance relative to the benchmark. | will explore this poimiane detail in the

following section.

5.6.2 THE TRAGIC UNIFYING THEME

In narratives with a tragic unifying theme, one often observescat¢ causal
attributions to associate the fund’s underperformance with ext&cialrs beyond
the fund manager’s control. The fund manager’s critical silerene$e identified by

observing what significant information on internal factors contributimgpoor
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relative performance happen to be either completely “left oothfthe investment
story or downplayed in terms of importance. These often includeerefes to

excessive risk-taking or poor stock-selection, sector weighting and tdacigions.
The following is a typical example:

It has not been an easy year to make money in the market. The waq,in Ir
natural disasters, record gasoline and natural resource prices, and fears of
inflation, recession, terrorism, etc., have largely offset the positipact of
strong earnings growth resulting in the choppy market we've endured for the
past 2 years?’

(Masters 100 Fund, 2006)

Narratives with a tragic unifying theme are most commonly meseamong funds
that have underperformed their benchmarks in the fiscal year ahthel report. |
study two separate scenarios here similar to the case of foutp@nce and propose
two close reading checklists. First, | have developed the checkfigure 10 which
focuses on narratives of funds that have underperformed their benchmaaks i

unfavourable market (hereafter referred to as Type C commentaries).

% This can be contrasted with very few instances rashfend managers appear to take some
responsibility for their decisions, albeit cautityyss in the example below:

The Fund's higher relative weight in the industrigctor proved to be a headwindbr
performance and lagged the benchmark by approximated0 basis points. The
improvement in GDP during the year, which followgéghs of increased industrial activity,
did not translate to better stock price performarmé of this group... We've either been
wrong or just earlyon our industrial sector positioning. We will agly monitor signs of
industrial activity and the earnings progress ofckacompany and adjust the portfolio
holdings accordingly.

(Baird LargeCap Fund, 2009)
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Has the fund underperformed its benchmark in an unfavourable

market? (negative returns in absolute terms)

Look for evidence of self-serving attribution

Examples: External causal attribution and few occasions of self-reference

Look for critical silences by the fund manager

|¢

Examples: Silence on poor stock selection decisions, sectorweighting, timing, ete.

|¢

Look for evidence on the fund manager's mindset and ideology

Examples: Using the market or economy metaphor (e.g. the market punished us)

Figure 10: Underperformance in an unfavourable market (Type C)

The checklist in figure 11 focuses on narratives of underperforming fumads
favourable market (hereafter referred to as Type D commes)arThis type of
narrative is relatively more complex since returns are ambiguammeng other
reasons. Jameson (2000) explains that such narratives typicallg nsalinear
structure, contrast narrators to dramatize ideas, embed variouserm@s;gand
complement verbal with visual discourse such that readers datte learticipate in
constructing the investment story. | add to this list a number of othemrvations.
Type D commentaries share some elements of epic narraives the fund
manager often happens to take credit for having delivered positivasén absolute
terms, and does sometimes portray herself as a hero in thaktcdtémce, as
complex as it may sound, this type of commentary may be said/éoahimagic-epic
unifying theme.
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Has the fund underperformed its benchmark in a favourable market? (positive
returns in absolute terms)

Look for evidence of self-serving attribution

Examples: Personal causgal attribution explaining p ositivereturns and external causal
attribution justity ingbenchmark underp erformance

Look tor critical silences by the fund manager

Examples: Silence on poor stock selection decisions, sector weighting, timing, etc as well as
exogenousfactors

Look for evidence on the fund manager's mindset and ideology

Examples: Using the market or economy metaphor (e.g. the market punished us)

Figure 11: Underperformance in a favourable market (Type D)

Reports with a tragic unifying theme tend to display numerouseictdor implicit
mentions of performance detractors. Simple phrases such as “undemnaerée” or
“poor performance” are often replaced by various euphemisms suc¢the@dund
faced a few clunkers”, “we had only a blemish on performarioeir stock selection
left something to be desired”, “the fund was caught up in some investment$are rat
like to forget”, “the fund experienced a slight headwind”, “the fundodiesd an
opportunity cost”, etc. Using euphemisms, metaphors as well as calloqui
(sometimes humorous) phrases in explaining poor performance canrpeeciet in
the sub-genre of tragic-comic stories, and often serves to confowifuscate the

underlying bad news. The following is an example:

Despite a fair amount of interim short-term return volatility, U.S. lsfmices
“marked time” for the ten month period. Equities were buoyed by a number
of factors (e.g., low interest rates, relatively constrained inflatiarong
housing markets, generally strong corporate profits and balance sheets,
continued productivity gains, generally improving labor markets), but also
were buffeted by a variety of concerng.g., the war in Iraq and other
geopolitical matters, higher oil pricegenerally subdued capital spendihg
that tended t@ain the upper hand in terms of investor sentiment

(Enterprise Capital Appreciation Fund, 2004)
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Another common feature of commentaries with a tragic unifyingnéhis the slow

and carefuldevelopment of the ploAs opposed to epic commentaries where the
good news of outperformance is immediately broken to the readetbe itragic
scenario the fund manager often sets the scene for the badaftewa long and
detailed description of the disastrous environment in which the fund egenad the
predicamentdt faced. The actual bad news can be hidden among plenty of other

potentially confusing information, as can be seen in the following example:

Uncertainty in both equity and fixed income markets dominated this year.
Volatility, which was slightly bolstered at the end of 2007, soared to
unimagined heights through the 3rd quarter of 2008. This environment was
due to a confluence of decelerating global growth, energy and commodity
price inflation and ongoing credit turmoil. While energy and commodity
prices have retracted from speculative levels, credit problems and
recessionary pressures persist...

Major U.S. equity indices declined more than 35% for the twelve months
ended October 31, 2008. The S&P 500 Total Return Index was down -
36.09%, the Russell 3000® Index down -36.60%, the NASDAQ Composite
down -39.81%, and international markets fared worse, with the Morgan
Stanley Capital International (MSCI) All Country World Index ex U.S.
returning -48.53%. By contrast, bond indices were barely positive, with the
12-month return of the Barclays Capital Aggregate Bond Index at 0.30% and
the Merrill Lynch U.S. Corporate, Government and Mortgage Index
up 0.70%.

All four Pro-Blend Series continue to outperform over the current stock
market cycle with solid absolute returns for long term investdosvever,

the one-year performance results versus the market and berartks were
mixed for the year ended October 31, 2008h the Pro-Blend Conservative
Term Series and the Pro-Blend Maximum Term Series holding up slightly
better than their blended benchmarks and the Pro-Blend Moderate Term
Series and Extended Term Series underperforming...

(Pro-Blend Series, 2008)

Notice that only in the third paragraph and after a lengthy dismuf the how
different benchmarks indices have performed is something watient the actual
funds in question. No matter how negative and sometimes frightanitegcription
fund managers provide of their operating environment in the face of poor
performance, they typically end their narrative with a notepdimism or at least no
major concern for the future. This is how the same fund managed drate

commentary in the immediately preceding fiscal year:
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While volatility can be difficult to endure, it also provides investme
opportunities for those who maintain a disciplined individual security
selection process. Our bottom-up procdsgused on longer-term trends
solid fundamental analysis, and time-tested investment strategies|lis we
suited to this type of environment.

(Pro-Blend Series, 2007)

The paragraph below is how a fund manager ended her 2006 commentary. In 2007,
however, the fund suffered from a negative performance of -4.52% oetnfmaia
7.72% rise in its benchmark, the S&P 500 index:

After three years of watching the companies in our portfolio grow earmings
double digit rates, but with little or no return to shareholders, it fseghing

to see the Fund beginning to perform better. In fact, we believevthaire
entering a “catch up” periodwhere our holdings should outperform both
their respective fundamentals and the S&P 500 Index. Because oivéhis,
look forward to the next year with optimisrand continue to appreciate
your support of our strategyhrough your holdings in the Fund.

(Thompson Plumb Growth Fund, 2006)

In framing her story in th&ragic genre, the fund manager of the above fund appeals
to the emotions of the clients in the hope of maintaining their iimuste fund. The
manifestation ofpathosis a characteristic feature of stories with a tragic yumgf

theme.

The following narrative is an example of a fund that has outpertbrome
benchmark and underperformed another. In this example, the fund méadaejer

the 0.88% outperformance compared to the primary benchmark “quite an
accomplishment”, andlames the size “headwind” for the lower performance
relative to the fund’'s peer benchmark.

For the six months ending June 30, 2009, our Fund appreciated 4.04%,
beating our primary market benchmarkquite an accomplishmenin a
market dominated by small- and mid-size stocks - but lagging our peer
benchmark. The S&P 500 Index rose 3.16%, and the Lipper Large-Cap Core
Funds Index rose 5.35%. Considering we hatheadwind” of almost two
percentage points due to the size of our holdings versus our primarytmarke

benchmark, we are quite pleased.
(Blue Chip 35 Index Fug@09)
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The self-admirationexpressed in this vignette is a characteristic emotion iassdc
with such commentaries. The “sailing” and “flyingietaphorsemployed here are
commonly used by fund managers to describe their investmerdggstsatin their
commentaries. This may signal an unconscious need on the part ofdnedanager
to believe in “the ability to control and change direction” in wisaessentially a

highly unpredictable environment.

The following excerpt is another example of a fund underperforitsngenchmark
in a favourable market (a Type D commentary). The narrativeteseisting due to

subtlecritical silencesof the fund manager:

For the 12 months ended October 31, 2009, the S&P 500 Index finished with
a return of 9.80% while the average large-cap blend fund monitored by
Morningstar, Inc. recorded an average 11.86% result... In the same 12-month
period, John Hancock Sovereign Investors Fund’'s Class A shares returned
8.75% at net asset value. During the market’s declining phases, the Fund
outperformed its benchmark, as investors were on the defensiecaused

on the kind of mega-cap, high-quality, dividend-payistgcks the Fund
typically owns However, the Fund lost ground versus the benchmark when
share prices turned higher and investors adopted a more speculative
approach, favoring lower-quality names with smaller capitalizations.

(Sovereign Investor’'s Fund, 2009)

In terms ofcausal attributionsthe fund manager starts by focusing on the period
during the prior year when the fund was outperforming its benchmarkdmpst sthort

of attributing this event to their superior stock selection. Rather, she portrdyadhe

as almost having a mind of its own that chooses to “typically aventain stocks.

This defensive explanation is subsequently used in the next statembelp the

fund manager avoid taking responsibility when the market changesntora
speculative mode. Therefore, thatical silence by the manager is on the actual
reasons leading to the fund’s underperformance, possibly including poor decisions on

stock selection, sector weighting, timing, etc.

In seeking to explain underperformance and (consciously or unconsciously)
obfuscating bad news, fund managers sometimes draw the reatEnsbatto the
fund’s performance potentials in the long term, which of course ignamguous

phrase with no commonly-agreed definition:
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The fiscal year was trulg tale of two marketsDuring the first four months

of the fiscal year, equity markets experienced steep dechsesevere
problems in the credit markets, a rapidly weakening housing market, rising
energy and food prices and a deteriorating outlook for corporate earnings
led to a global economic recession. However, equity markets rapidly reversed
direction beginning in March 2009 and rallied solidly through most of the
remaining months in the fiscal year.

However, the Fund began to underperform the Russell 1000 Growth Index
when equity markets hit a bottom and began to rebound in March 2009. It is
important to note that while our investment procesay temporarily
underperform our peers at market inflection points, our goal is to
outperform over a full market cycle

(AIM Large Cap Growth Fund, 2009)

The fund (manager) is again portrayed asutideserving victinm this story, and the

villain is supposedly the market with all its underlying uncertaintyhigh the

overall performance of the fund lags its benchmarkdtbleotomyused by the fund

manager to split the fund’s performance in two separate sultimesraids the

reader in discounting the inferior performance. This phenomenon isreegbllay the

mental splitting which occurs when subjects simultaneously analys pieces of

contradictory information. Similarly, in the following Type D vigretthe fund

manager is faced with the problem of justifying underperformametative to

benchmark:
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The financial statements that make up the Annual Report give us an
opportunity to review what has happened and gain some insight into what
may happen. For the twelve months ending September 30th 2006, the Growth
& Income Fund was up 5.40%. This was below the S&P 500 Index which was
up 10.79%.Although the return for the last year was below average, a
review of the last three years showie Growth & Income Fund to be
competitive, up an average of 11.26% per year. This compares with the Dow
Jones and S&P 500 which had annual average returns of 10.02% and
12.30% respectively over the last three years.

It is always atug-of-war in the securities markets with the negative forces of
geopolitical events, natural disasters and corporate corruption pushing
securities down. This is countered by man's desire to grow, achieve, and
innovate. The good news is that in the long run, the positives have prevailed...
Our investment storyhas been, and continues to be, that the negatives are
more than offset by a strong US economy and record corporate profits. Our
optimistic investment outlook goes beyond the US border...

(Elite Growth & Income Fund, 2006)



The above fund manager avoids having to explain the fund’s underperferioganc
engaging in anothatichotomy this time between the fund’s prior one-year and the
prior three-year record. Thallains of the story are again the uncontrollable market
forces which one can always blame for anything that has gonegwiidre fund
manager also employs the “fightingietaphorto stress the role of external factors.
In the last paragraph, the fund manager takes on the mantleaxfleet explaining to
the reader how securities markets generally operate, priondingethe narrative

with a rather uncalled-for and prophetic note of optimism.

5.7 CONCLUSIONS

In this chapter, by analysing fund manager commentaries usirigltise reading”
methodology, | demonstrated how self-attribution bias and overconfideiece a
manifest in these narratives and how the former often drivesttee By manually
coding a random sample of fund manager reports in the spirit of dar(@300), |
identified different “story types” embedded in fund manager naestand
established connections among these stories and the funds’ pastmaniest
performance. Finally, | used the results to explain the sense-gnakotess of

professional investors in their very unique work environment.

The research results help explain how fund managers often engagding
“stories” to their clients in order to help construct their idgnjiistify their added
value and cope with the enormous pressures of a highly unpredictablemsfubs
working environment. A common set of unifying themes i.e. epic and traggwekh

as a number of sub-themes, motivate the stories that fund managergialy
narrate in their commentaries. Fund managers adjust, both consciously and
unconsciously, the theme of the investment story, elements of thecptatal
silences, the tone of voice used, the readability of their narsatihe level of
obfuscation and other narrative featum®s postdepending on their investment

outcomes. In this way, the stories and meta-narratives embeddeindh
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commentaries help fund managers explain what they do, both to thenmeedsés
their clients, and maintain conviction in their performance and pracegsanst the
backdrop of a very uncertain workplace.
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CHAPTER 6 - FUND MANAGER COMMENTARIES: GENRE, TONE AND
READABILITY

6.1 INTRODUCTION

In this chapter, | empirically investigate how past investmesilts influence fund
manager report tone and readability which are closely assdamath fund manager
overconfidence. | focus on the way fund managers set out to commuimeaieal

performance to their clients and potentially engage in impressianagement.
Unlike the previous chapter which employed a close-reading methoddlugy,
chapter adopts a corpus-linguistic approach facilitated byelacale computer-
assisted analysis of textual data. By studying the corpusiditig features of fund
manager reports, | demonstrate how different groups of fund mardgerop the
core message in their narratives in very different way @iemres) in light of past

performance.

This chapter also explores how my selected overconfidence prgsh | have
derived directly from DICTION) are affected by prior investimperformance. This
step sets the scene for the following chapter which invesighe potential impact
of overconfidence on subsequent investment returns. Hence, | test thérfgltwo

null hypotheses in this chapter:

- There is no significant difference in tt@ne/readabilityof fund manager
commentaries whose corresponding funds have experienced varying

degrees of past investment performance, ceteris paribus.

- There is no significant difference in tgtimism/certainty/self-reference
attributes of fund managers whose corresponding funds have experienced

varying levels of prior investment performance, ceteris paribus.

| start this chapter by presenting, in section 6.2, some evident®e asystematic
study of annual reports in the area of accounting and finance. Sé@i@xplores
the fund manager commentaries in the sample from the perspettihe genre
analysis investigates the effect of prior performance on thetakam by the fund
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manager. Section 6.4 focuses on the readability of the commentarlghti of
different prior performance outcomes. Section 6.5 investigates teet eff past
returns on optimism, certainty and self-reference (overconfidermaep) across

fund manager reports. Finally, section 6.6 summarises and concludes the chapter.

6.2 SYSTEMATIC STUDY OF FINANCE AND ACCOUNTING NARRATIVES

The importance of studying finance and accounting narrativekistrdted by the
growing emphasis on the objectivity of accounting literature ameans of
communicating financial performance. The narratives dealt witkthis research,
including commentaries on evaluation of past performance, jugiifpresent
investment circumstances and expressing opinion on the investment outlotk, me
close attention as they all are, according to Gabriel (2000)ntedsparts of the

organizational sense-making process among various stakeholders.

The annual report is the main medium used in the current study &natesarratives
prepared by professional investment houses. In terms of strumtwkentended
purpose, investment company annual reports are reasonably compacijtate
annual reports produced and filed as formal public documents by largeanees in

most western economies. Stanton and Stanton (2002) cite a study which
demonstrates that corporate annual reports have become “a bmtttysticated
product of the corporate design environment, the main purpose of which is to
proactively construct a particular visibility and meaning rathan revealing what

was there.” This is consistent with the inherent reflexivitjaofyuage, i.e. language
both mirrors and constructs (construes) reality in a desirgdraiaclough and Holes
(1995). In other words, as Hines (1988) suggests, people create @& mttan
organization, they think and act on the basis of that picture, and Spypnding to

that picture of reality, they make it so.”

There exists a substantial body of literature examining catp@nnual reports from
various perspectives. Researchers often investigate sections edferothe whole
annual report and focus on themes such as impression (image) manggem

marketing, organizational legitimacy, political economy, accouritgbdtc. Stanton
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and Stanton (2002) provide a comprehensive review of this vast Ureraly
categorizing 70 of the most important “useable studies” in the fidid. focus of
these studies has been extremely wide, with no one particulad@m@aating the

attention of the cited authors.

The annual report studies that investigate narratives and stppearao agree on a
number of shared patterns: the way a story is told by the oiaraatwell as what the
story says, both matter. Linguistic theory provides “a randargjuage choices and
constructions that report preparers can use to pursue their gotdsutw
misinformation or complex language” (Stanton and Stanton, 2002) and, ash&uch, t
choice of verb structures, themes, subjects, context, cohesion and condereti
determine meaning, as Thomas (1997) explains. Just as importantigtivear
theories discuss different sets of factors that influence mea8tgnton and
Stanton, 2002). These include the sources of meaning, the narrativ®irstr the
reader interaction with the text, the existence of differentat@s and different
genres (modes of narration e.g. epistles, lessons, sermonsg asdayuestion-and-
answer dialogues). In addition, the coherence of the narrativghty hielevant to
this discussion. lhlen (2002) explains three types of narrative cokeeroely, (1)
argumentative-structuratoherence which relates to the internal logic of the story
bring told, (2)material coherence which corresponds to the inclusion of all facts and
counterarguments, and (8haracterologicalcoherence which is concerned with the

believability of the authors or narrators.

Prior research also seems to agree on the fact that laniguaftgn used to obfuscate

the bad news and thus blur distinctions on the causes of poor performandés C
(2004) defines obfuscation as “a narrative writing technique that olscthee
intended message, or confuses, distracts or perplexes readelgsg |daem
bewildered or muddled.” Narrators often achieve this effect throtigé tGse of
esoteric or obscurantist vocabulary and/or gobbledygook, extraneous and non-
relevant information, long sentences with complex grammaticattares and/or

high variability in reading ease, and convoluted and/or spurious argumentation.”

More streamlined studies on financial and accounting narrativesidancthe

methodology recommended for analysing CEO communication by Crargot@and
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Amernic (2001) and Amernic, Craig and Tourish (2010). The former study states that
any attempt at “close reading” CEO narratives should rext¢ahé metaphors used

by, (2) the ideology adhered to, and (3) the rhetoric implementdted@EO as well

as any (4) critical ‘silences’, (5) dichotomies and (6) falstinctions made by the
executive. The latter study add to this list (7) the CEO’s neindsd (8) the CEO'’s

attitude to risk exposure and risk management.

In brief, the broad spectrum of perspectives used to investigatel aepads can be
understood in the light of managerial incentives and the audience ofrdpesés.

Stanton and Stanton (2002) aptly summarize this point:

“Whether an annual report is written from the perspective of sedking
reduce the effects of events perceived to be unfavourable to a
corporation’s image, or as a proactive document seeking outcomes that
advance the corporation’s or management’s objectives, reflects a
division between the pursuit of legitimacy and corporate social
responsibility on the one hand, and political economy, image
management and marketing interpretations on the other. Accordingly,
preparers presumably select and organise their material in terms of the
kind of audience they seek to address.”

In either case, managers are equipped with an increasinglypleonarsenal of
communication tools” including selection and integration of narratileguage,
images, graphs etc. to create, what Jameson (2000) calls, attwgers that
effectively engages the audience as part of the story. Fintals/important not to

forget that the narrator is a hidden audience to her own story.

6.3 ANALYSING GENRE AND TONE OF FUND MANAGER COMMENTARIES IN
LIGHT OF PAST INVESTMENT PERFORMANCE

This section investigates mutual fund annual reports from the péxspef genre
theory. The notion of genre is grounded in organizational communicationsr Mille
(1984) defines genre as “typified rhetorical actions based in ssttusituations.”
Genres exist at different levels of abstraction, and can beafidénh very broad as

well as very specific contexts. For instance, Rutherford (2005) identifiemthegive
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section of UK corporate annual reports (also known as the Opeegatthginancial
Review or OFR) as a middle-range genre of corporate commumsakietween
organizations and their stakeholders. In a similar way, | argthesirsection that the
commentary provided by the mutual fund manager can be treated iagpactful
genre of corporate communication between the fund manager amyéistors with
its own distinct sub-genres. | ua@rd-frequency analysi® demonstrate which sub-
genres exist in fund manager narratives and discuss theirtdirpast and expected

future investment performance.

Word-frequency analysis is part of an increasingly versatiled modern
methodological toolbox in corpus linguistics. As an empirical methodplogyus
linguistics seeks to analyse actual patterns of language usenflpying a large,
systematically organized body of texts known as the corpus (RuttheE005). It
can be used in textual analysis to distinguish between differemésgeas well as
explore features of individual genres. In the context of this rdseanrd-frequency
analysis is primarily used to identify the different sub-genused in the fund

manager’'s communication of performance results.

The sample used in this chapter consists of all actively-neginaguity mutual funds

with unique managers and complete returns data during 2003-09 that hmafieasig

fund manager commentaries in their annual reports. This correspondspie &in
chapter 4 which comprises 1006 funds in total and, correspondingly, 1006 fund
manager commentaries for each of the seven years from 2003 to 20G8.efage
length of each fund manager commentary is 692 words (about two pHya®fore,

on average, the whole corpus under study consists of around 700,000 words for ea

year.

| look at the trend of certain corpus-linguistic features of fumadnager
commentaries throughout this period, and, in particular, focus on 2006 and 2008. The
reason for selecting these two years is that they arelatge extent, polar opposite
snapshots of the overall economic environment of the mutual fund industry, a
proxied by leading market indices (see Appendix 5). In other wotdte R006 is a
sufficiently good proxy for a bullish year with regards to the W& global financial
markets, 2008 can be treated as a bearish year in the same context.
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Based on the fund’s broad investment style reported in the CRSPasatand
denoted by the fund’kipper Objective Codd subdivide the sample funds into two
categories oWalue-orientedand Growth-orientedfunds. Value-oriented funds (also
known as Income-oriented funds) normally seek a high level of cumeatne
through investing in income-producing stocks, bonds, and money market
instruments, and they consist of 277 funds in my sample. Growth-oriémed
normally invest in companies with long-term earnings expectetbte gignificantly
faster than the earnings of the stocks represented in the majonagedastock
indices. My sample includes 382 funds in this category. | delete fliosls whose

objective codes change during 2003 and 2009 (around 8% of the sample).

| also divide the funds, based on prior-year absolute annual returdessimaking
(negative return)east-profitable(bottom decile positive return) amdost profitable
(top decile positive return) categories. The number of funds in edebary changes
during the sample years. Finally, | divide the funds based on siz ifet assets)
into thesmallest(bottom decile) anthrgest(top decile) categories. Hence, | end up

with seven categories for the purpose of corpus-linguistic analysis.

The first stage of the analysis explores the frequency gibkiwords across all the
sample annual reports. Similar to the methodology used by Ruthe?@®8)( the
following word groups are excluded from the analysis in order tkenaalist of
eligible words: (1) frequently occurring grammatical elersestich as articles,
conjunctions, pronouns, and common verbs; (2) days, months and years; (3)
numbers, including monetary amounts, in words, figures and denominations.
Rutherford also manually removes specific company and product nhuatdkjs is
clearly not feasible in my much larger sample. However, thpseific words should

not introduce any significant bias in my analysis as they oftelude the name of

the fund discussed in each commentary and therefore, in aggregatef axpected

to appear among high-frequency words.

The word-frequency analysis is performed using tBencordance software.
Concordances a powerful program which is primarily used, as its name stgydes

provide many different types of comprehensive and selective concorganc
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functions. ImportantlyConcordances capable of analyzing text files with unlimited

length.

Table 6 lists the average 50 most frequently used eligible waordssathe sampled
commentaries. | have merged all the fund manager commentaries/¢oaaia single
master corpus document for each year. Then, | have@secordanceo calculate
the highest-frequency words in each year and then averaged tlts eesoss the

years.
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Table 6: Highest frequency eligible words used acss fund manager commentaries in an
average sample year

112

Instances Frequency Word
11312 1.63% Fund
9323 1.34% We
7086 1.02% Year
5967 0.86% Market
5594 0.80% Performance
4973 0.71% Funds
4973 0.71% Growth
3605 0.52% Investment
3232 0.46% Interest
3232 0.46% Stock
3108 0.45% Index
3108 0.45% Sector
3108 0.45% Stocks
2984 0.43% Companies
2984 0.43% Consumer
2984 0.43% Economy
2859 0.41% Strong
2859 0.41% Years
2735 0.39% S&P
2735 0.39% Technology
2611 0.38% Prices
2362 0.34% Past
2362 0.34% Portfolio
2362 0.34% Value
2238 0.32% Believe
2238 0.32% Higher

Instances  Frequency Word
2113 0.30% Holdings
1989 0.29% Opportunities
1865 0.27% Current
1865 0.27% Information
1740 0.25% Fiscal
1740 0.25% Fund's
1740 0.25% Industry
1740 0.25% Long-term
1740 0.25% Positive
1616 0.23% Inflation
1616 0.23% Period
1492 0.21% Economic
1492 0.21% Profit(s)
1492 0.21% New
1492 0.21% Returns
1492 0.21% Return
1492 0.21% Services
1367 0.20% Products
1367 0.20% Returned
1367 0.20% Shareholder
1304 0.19% Loss(es)
1243 0.18% Because
1243 0.18% Business
1243 0.18% Data
1243 0.18% Earnings
1243 0.18% Lower



The word “fund” is the most frequently used word in the corpus cldebwed by

the pronoun “we”. This is an interesting observation as the higleerreace of the
latter relative to the former may be an alternative préy self-reference and
possibly even fund manager narcissism. Therefore, | definm@es“narcissism”
ratio by dividing the number of “we” instances by the number of “funsgtances for
each narrative. For the whole sample, this “narcissism” iatiequal to 0.822°

Higher values of the ratio (particularly more than 1.016 which is sinadard
deviation larger than its mean) can signal fund manager naticigendencies. As
expected, this ratio is highly correlated (0.831) with my standaldreference
measure which looks at the frequency of all first-person singahal plural

pronouns.

Figure 12 shows the word length chart of the average fund nracagenentary in
the corpus. The average word length is 6.8 characters and fouctehdoag words
are the most frequently used in the narratives. | will reutsi$ statistic in a
longitudinal study to explore the dynamic readability and verbosityred manger

commentaries.

12 3 4 5 6 F & 9 101112 13 14 15 16 1F 18 19 2021+

Figure 12: Word length chart of the average fund maager commentary

% The researcher has observed that fund managess ténd to refer to their own fund under
management in singular format and the competitiothe industry in plural. Hence, instances of the
word “funds” are not considered in calculating tharcissism” ratio.
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Next, | investigate the linguistic features of the fund managemmentaries through

the sample years. It is important to bear in mind that the mfiual industry

experienced two rather distinct economic macro-environments duringathele

period, i.e. the “bullish” years of 2003-2006 and the “bearish”, volatilesyef

2007-2009. In this context, it is interesting to observe the impact o thdsrnal

environmental factors on the lexical features of fund manager sepbable 7

demonstrates a number of these measures and also lists thetfeemently used

words in the commentaries each year.

Table 7: Corpus-linguistic features of fund manageccommentaries through the sample years

Total words
(“tokens”)

Distinct words
(utypesﬂ)

Type-token
ratio

Words
per sentence

Characters
per word

10 highest-frequency words
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2003

594

2049

3.45

We

Fund
Performance
Growth

Year

Stock

Strong
Believe
Higher

Interest

2004

552

1833

3.32

10.2

6.4

We
Fund
Growth
Investment
Performance
Strong
Stocks
Market
Funds

Index

005 006 007 2008 2009

636 679 729 795 860
2232 2370 2223 2202 2511
3.51 3.49 3.05 2.77 2.92

9.5 11.0 124 13.9 135

6.1 7.0 6.9 7.9 7.6

We Fund Fund Fund Fund
Fund We We We We
Performancerear Market Year Market
Strong Performance Index Market  eary
Growth Strong Economy Index Ecgnom
Investment  Growth Investment Economy unds
Believe Funds Because Sector Index
Market Higher Performance Value kineent
Economy Stock Value Because Interest
Stock Market Funds Investment  Stock



A number of interesting observations can be made by looking at Tablering the
“bullish” years, with the exception of 2006, fund managers more frequeridy to
themselves by mentioning “we” rather than the “fund”, while theemrge pattern
emerges during the “bearish” years. The difference in wegLincies is significant

at the 5% level using the t-test with unequal variance.

Similarly, fund managers appear to write more frequently abeirt ¢ften “strong”
record of “performance” or “growth” during the pre-2007 years. Onctir@rary,
during the 2007-2009 period, fund managers make more frequent citations of the
“market” as well as the “economy”, possibly for the self-sagvipurpose of

projecting relatively less glorious performance on environmental ektesa

The word “because” makes two interesting appearances in the H&stifgequency
words in 2007 and 2008. This can possibly be attributed to the fund manager’'s
preference to “talk herself out” of explaining an undesirable invastmutcomes by
advancing more causal argumettdhe word “index” is also cited more frequently
during the “bearish” years, for the likely reason of making ikeaperformance

comparisons.

Figure 13 shows a plot of the linguistic variables reported ineT@bhacross the
sample years. Apart from a rather steady rise in theageelength of the fund
manager commentaries across the sample years, the narrativegost-2007 years
appear to have, on average, longer sentences composed of longer waitdgidn, a
thetype-token ratiqratio of distinct words to total words) is relatively lovgkiring

the “bearish” years, which, together with the above patterns, seemmggest that
fund managers write longer, more verbose and less readable comesentaen

communicating less desirable performance results.

3L Li (2008) demonstrates that a higher frequencyaisation words (such as “because”) in the
Management Discussion and Analysis of corporateianreports is associated with less persistent
earnings. | do not attempt to test a parallel hypsis here.
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= Type-tokenratio
Words per sentence

8
ﬁ/\ = Characters per word
L

2003 2004 2005 2006 2007 2008 2009

Figure 13: Some linguistic features of fund managecommentaries across the sample years

Finally, | investigate the frequencies of individual keywords acrdsterent
categories similar to the methodology in Rutherford (2005). In makirsg thair-
wise comparisons, | use the Mann-Whitney U test, a powerful, noncatdgor
nonparametric test of between-subject differences, to find theeatiffes between
frequencies that are significant at the 5% level. Table 8 shiogvdrequencies of
individual words on the consolidated 50 highest-frequency wordlist where are
significant differences in frequency among the seven groups afamiunds. The
word-frequencies reported in Table 8 are averaged across th@esgears and

normalised based on a 10,000 word document.
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Table 8: Word-frequency analysis of different fund ategories

Word frequencies per 10,000 words Statistically significant differences in

frequency
7] o @
28 840 28 ¢ 4
= = = = P o
Loss- Least Most Smallest Largest  value-  Growth- & g E S 5 § O § S § %
Words Making Profitable  Profitable Funds Fugds oriented oriented Average £ P 7 ¢ ° g o g < GRo)
Funds Funds Funds u Funds Funds § o iy a @ 3 ] >
i i a2
Financial
terms
Market 105.6 70.4 54.6 64.0 98.8 79.3 82.1 86.2 * * *
Performance  65.2 90.1 102.9 855 79.9 66.4 81.3 79.7 * *
Growth 60.6 85.8 99.2 84.7 66.2 40.8 105.5 71.1 * oo *
Index 64.9 35.7 49.9 44.1 49.3 38.8 40.1 44.6 * *
Performance
terms
Strong 37.2 43.0 49.1 355 39.8 30.3 48.9 40.8 *
Higher 28.8 37.0 38.0 324 32.9 28.1 33.6 325 * *
Positive 20.0 30.9 355 22.0 24.4 204 27.6 245 * *
Profit(s) 34.1 16.7 35.9 21.7 24.4 18.0 21.3 21.4 * *
Loss(es) 29.5 13.6 10.0 25.9 10.9 26.8 14.1 18.8 * *
Self-
reference
Fund(s) 311.0 251.5 189.5 2454 2355 2299 231.0 2344 * *
We 76.6 135.1 199.0 145.2 151.7 156.7 125.4 133.7 *
Other terms
Opportunities  39.1 29.0 285 255 27.2 20.3 32.8 29.2 * *
Long term 40.4 325 214 259 222 21.3 28.3 25.0 *
Because 30.6 25.2 15.9 14.4 20.3 19.6 26.9 18.3 * *
Not 38.6 25.0 19.9 27.1 27.3 22.6 26.9 24.4 * *
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With regards tdinancial terms the word “market” is more frequently used among
funds with negative absolute returns, and the least profitable funihe ipositive
return category. The same pattern holds for the word “economgioddh no firm
conclusion can be drawn from this observation, it seems to suggestutitht
managers, in aggregate, refer to the market and the econanieasal performance
detractors in a self-serving way, which is consistent withahecdotal evidence
based on close-reading mutual funds in Chapter 5. The frequency @i Useléx”
yields a similar conclusion, i.e. fund managers tend to make benchboragarisons
more frequently when performance is in the negative domain, andrig doithey
strategically shift the reader’s attention away from #et that they have lost money
by investing in the fund.

In contrast, the word “performance” is used more often by the pmoftable funds
and less so by least profitable funds and loss-making funds. Thisecdue to the
same self-serving attribution bias that leads fund managers toovakership of
favourable performance results. Not surprisingly, the term “grovgtlused more
frequently by growth-oriented funds, but also more so by most igfitands. It is,
however, difficult to attach significance to the latter, sinc@wgh” may refer to a

rise in assets as well as returns, both in the past fiscal year and tipatedituture.

Continuing on toperformance termswe can observe that the triad of “strong”,
“higher” and “positive” is used more frequently by the most prokgtafunds.
However, the least profitable funds, and even loss-making funds do ndtesee t
terms much less frequently. This may be associated withetindemncy of fund
managers to report negative news in the false positive formattiieefund did not
benefit from positive performance” instead of “our returns weratngg). In fact,

the usage frequency of the word “not” is itself suggestive ofablédocumented
Pollyanna effectwhich can be defined as “the universal human tendency to use
evaluatively positive words more frequently and diversely than ewslahegative
words in communicating” (Boucher and Osgood, 1968). With regards to theafsage
“profit(s)” and “loss(es)”, our results are similar to Rutheaf¢2005). Loss-making
funds refer to profits more frequently than to losses, and they ea&e more

references to profits than least profitable funds, which providesefustipport for
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the Pollyanna hypothesis. | will test the Pollyanna hypothesre mobustly later in

this section.

The use ofself-referencderms in the commentaries is consistent with the pattern
observed in the longitudinal study in Table 8. In other words,fadsng funds tend

to use the term “fund” much more frequently than “we” while thegiib to refer to
themselves using a personal pronoun when performance improves. diisastse,

a clear manifestation of the self-serving attribution biasrarte more or less, in all

economic agents, and by extension, in professional investors.

Finally, someother termsin Table 8 merit attention. Loss-making fund managers,
compared to their counterparts who have returned a profit, tend tomimi&
frequently about lost “opportunities” as well “opportunities” for griowt the future.
The same applies to growth-oriented funds versus value-oriented fimsdsmaking
funds managers also cite “long term” more frequently in compariBoth of these
observations may suggest the same strategy of focusing the’seaitiention on
more positive messages. In addition, the word “because” is usetlaften in the
negative domain, for the likely purpose of advancing causal argutogotify sub-

par performance. This observation is also consistent with the aneeglimtance
provided in Chapter 5.

Several of the observations based on Table 8 suggest theneisfethe Pollyanna
effect which refers to the general tendency to agree pafiitive statements about
oneself. | aim to test this hypothesis more robustly in my Isageple using a list of
positive and negative words provided in Henry (2008). The list is exéiynsised in
recent studies such as Loughran and McDonald (2010) and Craig, Amedhic a
Tourish (2010). The list is illustrated in figure 14.
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POSITIVITY word list

positive positives success successes successful succeed succeeds succeeding
succeeded accomplish accomplishes accomplishing accomplished accomplishment
accomplishments strong strength strengths certain certainty definite solid excellent

good leading achieve achieves achieved achieving achievement achievements

progress progressing deliver delivers delivered delivering leader leading pleased reward
rewards rewarding rewarded opportunity opportunities enjoy enjoys enjoying enjoyed
encouraged encouraging up increase increases increasing increased rise rises rising
rose risen improve improves improving improved improvement improvements strengthen
strengthens strengthening strengthened stronger strongest better best more most above
record high higher highest greater greatest larger largest grow grows growing grew grown
growth expand expands expanding expanded expansion exceed exceeds exceeded
exceeding beat beats beating

NEGATIVITY word list

negative negatives fail fails failing failure weak weakness weaknesses difficult difficulty
hurdle hurdles obstacle obstacles slump slumps slumping slumped uncertain uncertainty
unsettled unfavorable downturn depressed disappoint disappoints disappointing
disappointed disappointment risk risks risky threat threats penalty penalties down
decrease decreases decreasing decreased decline declines declining declined fall falls
falling fell fallen drop drops dropping dropped deteriorate deteriorates deteriorating
deteriorated worsen worsens worsening weaken weakens weakening weakened worse
worst low lower lowest less least smaller smallest shrink shrinks shrinking shrunk below
under challenge challenges challenging challenged

Figure 14: List of positive and negative words, fron Henry (2008)

| search for instances of the above positive and negative wotte study corpus
using the same categories of funds in terms of performancégsssmaking, least
profitable and most profitable. In addition, similar to Rutherford (20D8kplore
two relevant categories. The first category is “up” words tvigenerally connote
growth or elevation and include “higher” “increase”, “increasédiore”, “over”
and “up”. The second category is “down” words which include “decrease”
“decreased”, “lower”, “reduced” and “reduction”. The word frequenciesaseraged
across all the sample years and normalised for a document lent®h060D words.

The results are illustrated in Table 9.
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Table 9: Word-frequency analysis of positive and negive tone

. Least Most . Least Profitable Loss-making
Words Loslésl;lr\]/lc?sklng Profitable Profitable Average tgz;rg?gflir:gb\ll: vs. Most vs. Most
Funds Funds Profitable Profitable
Positive 625.6 618.1 735.2 626.5 * *
words
Negative 251.0 260.5 187.8 255.4 *
words
"up" words 118.5 115.3 129.7 120.2 *
down 52.8 51.0 37.5 45.7 *
words

The results reported in Table 9 suggest that positive words areaft@neused in
fund manager commentaries than negative words (almost 2.4 timaschs winich
is slightly less than the 3 times proportion Rutherford (2005) found digpocate
annual reports), which is another clear manifestation of the Pollyfew. What is
more, this effect is stronger among loss-making funds compareadb profitable
funds, i.e. the fund managers in the former group tend to use more positde iw
order to “sugarcoat’ the undesirable message they have to coocateuto their
clients in the commentaries. The results for “up” words and “dowatfdss are

similar.

In this section, | demonstrated that key differences exist itotteandgenreof fund
manager commentaries whose corresponding funds have experienced varying
degrees of past investment performance. In the following sectiook lat a closely
related concept: readability. The objective is to understand howe#ualbility of

mutual fund reports may be correlated with investment returns.
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6.4 THE READABILITY OF FUND MANAGER COMMENTARIES IN LIGHT OF
PRIOR PERFORMANCE

This section explores the issue of readability of mutual fund anmepalts and its
links with current and expected future investment performancedaRady is
measured using the well-knovileschindex as well as the more appropriiain
English index popularized by Loughran and McDonald (2010). First, | begin by
explaining the general concept of readability in accounting and finance ligeratur

6.4.1 THE CONCEPT OF READABILITY IN FINANCIAL COMMUNICATION

Readability is an important topic in financial communication. If theended
audience of financial disclosures face difficulty in understandr tbentent, the
whole process of financial communication may be rendered ineffedfilzgren
Buffet, one of the greatest investors of our times, describes Mmsooeasional

challenge in comprehending financial disclosures:

“There are several possible explanations as to why | and others sorsetime
stumble over an accounting note or indenture description. Maybe we simply
don’'t have the technical knowledge to grasp what the writer wishes to
convey. Or perhaps the writer doesn’t understand what he or she is talking
about. In some cases, moreover, | suspect that a less-than-scrupulous issuer
doesn’t want us to understand a subject it feels legally obligated to touch
upon.”

(The SEC Plain English Handbook, 1998)

The concept of readability is defined in a number of different waysile
readability generally denotes the ease and speed at whikt aan be read and
understood, some definitions stress the context-dependency of this domstotoer
words, the degree to which certain groups of individuals can comprehgnan

text illustrates the readability level for that particukudience. (see Jones and
Shoemaker (1994), Hargis, Hernandez, Hughes, Ramaker, Rouiller and Wild
(1998), and Clatworthy and Jones (2001) among others).

In the context of annual reports, prior research has investigatdahisebetween
annual report readability and both current as well as futurempaathce. In terms of
the impact of current performance on readability, the managepigfuscation

hypothesis suggests that managers may have incentives to abefusiormation
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about poor performance, and they often do so through preparing cdexblitess
transparent disclosures, as Bloomfield (2002) explains. In fact, dawgoto the
obfuscation hypothesis, managers seek to increase the processimf adserse
information, hoping that such information is not reflected in stock priceat least
incorporated with a delay. There are a large number of empirical studies in support of
this strategic behaviour. Jones and Shoemaker (1994) and Li (2008) provide
examples of these studies.

With regards to the relation between disclosure readability anfirth's expected
future performance, Li (2008) explains how opportunistic manageysbeavilling
to make the annual report less readable if they believe thrant@ood earnings are
transitory or poor earnings are persistent. On the other hand,ish@eentive for
those managers expecting better future performance to disclasmatibn more
transparently so that their information-processing costs arerddwand they are
distinguished from the “lemons”. In other words, “to the extent tuamplicated
annual reports can hide the transitory nature of good news or thargnt nature of
bad news by increasing investors’ information-processing costsnmémagement
obfuscation hypothesis predicts that the profits (losses) o$ fivith more complex

annual reports are less (more) persistent.”

‘6.4.2 READABILITY OF FUND MANAGER COMMENTARIES AND
‘PERFORMANCE

One can argue that readability is best explored by an opefatiefiaition, i.e. by
assessing the method or the formula used to measure it. Whileatieeie large
number of methods that claim to measure readability, two of theara been often
referenced in finance and accounting literature: Gunning (19%2)sIindex and
Flesch (1949)'s eponymoldeschReading Ease Score. Both measures, which are
derived from the computational linguistics literature, use the numwiberords per
sentence and the number of syllables per word to create a combaasaire of
readability. TheFleschscore is arguably more precise than FHog score since the

latter treats, in a binary way, all words consisting of traed more syllables as
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potentially decreasing readability. THeesch score, however, takes the exact
number of word syllables into account. The formula for computindrkbschscore
IS:
Flesch Reading Ease Score = 206.835 — 0.846*WL — 1.015*SL
where:
WL = number of syllables per 100 words
SL = average number of words per sentence

The Fleschformula is arranged such that a higher score denotes moréitidada
(See figure 15).

Reading ease rating Difficulty Educational level Typical magazine style
0-30 Very difficult Postgraduate Scientific

30-50 Difficult Undergraduate Academic

50-60 Fairly difficult Grade 10-12 Quahty

60-70 Standard Grade 89 Digest

70-80 Fairly easy Grade 7 Slick fiction

80-90 Easy Grade 6 Pulp fiction

90-100 Very easy Grade 5 Comic

Figure 15: TheFleschreading ease score and typical readability

While Fog and Flesch are widely used readability measures in accounting and
finance literature, Loughran and McDonald (2010) argue that, inrglersyllable
counts cannot produce robust measures of corporate disclosure readabgyy
demonstrate that the top-quartile of multi-syllable words in tihegerts (including
such commonly used words asrporation, company, directors, executiedg.) is
often easy to understand for an “average” investor. The authors priaistne
Plain English standardized guidelines proposed by the SEC can provide a more
robust measure of annual report readability using which should receasurement
errors and attenuation bias in regression tests. They further thlabvamong the
above three readability measures, drlgin Englishis significantly linked to equity
issuance, and onlylain English and Flesch are correlated with a share-holder

friendly corporate governance structure.
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The Plain English guidelines came into force in 1998 with the following
specification which is mandatory for prospectuses and highly recodeddor other
disclosures:

“Companies filing registration statements under the Secudesof 1933
must: (1) write the forepart of these registration statesnin plain English;
(2) write the remaining portions of these registration statésni@ a clear,
understandable manner; and (3) design these registration statetimdrd
visually inviting and easy to read.” (SEC Staff Legal Bulletin No.7)

The Rule 421(d) specification further illustrates Fiain Englishrequirements:

“Substantially comply with these plain English principles: (1) short
sentences; (2) definite, concrete everyday language; (3) actice; \di)
tabular presentation of complex information; (5) no legal jargon; andq6)

multiple negatives.”

In this section, | use thieleschscore, as defined above, as well asRlzén English
measure developed by Loughran and McDonald (2010) to investigateatiabitéy
of mutual fund annual reports. Loughran and McDonald (201B)gsn English
measure incorporates six components including sentence length, emyth,|
personal pronouns, and other style directives. They design a propgetaputer

program to compute this measure based on each given text in the following way:

(1) Sentence length: The average number of words per sentence in the
document is calculated according to the Rule 421(d) and the specific
examples in the Plain English Handbook (e.g., pp. 28-29).

(2) Average word length: Following SEC’s recommendation for using tshor
common words”, this component is calculated by counting the character

length of each word and averaging across all words in the document.

(3) Passive: It is important to avoid passive voice to improve reayaldis
the SEC Handbook (pp. 19-21) highlights. To calculate this readability
component, | use Loughran and McDonald's approach to look for
different auxiliary verb variants of “to be” including: “to be'to“have”,

125



“will be”, “has been”, “have been”, “had been”, “will have begn”
“being”, “am”, “are”, “is”, “was”, and “were”, as well as ailiary verbs
followed by a the “ed” ending or one of the commonly known 158

irregular verbs.

(4) Legalese: The SEC Staff Legal Bulléfiridentifies certain words and
phrases as inappropriate legal jargon (e.g., “set forth under” or
“hereinafter”). Loughran and McDonald look for a list of 12 phrases

48 words of this nature.

(5) Personal pronouns: The SEC Handbook (p. 22) recommends using
personal pronouns as they can “dramatically” improve the readadsility
the report. The first-person plural and second-person personal pronouns

(i.e. “we”, “us”, “our”, “ours”, “you”, “your”, “yours”) are searched.

(6) Other: Loughran and McDonald (2010) also combine a number of less
frequently used categories identified in the Handbook including negative
phrases, superfluous words and the use of the word “respectively” (pp.
17-35). They search for (1) a list of 11 negative compound phrases (e.g.
“not unlike” or “not... unless”); (2) a list of eight superfluous phrases
(e.g., “despite the fact that” or “in the event that”); ando@urrences of

the word “respectively”.

| use theConcordanceprogram to circumvent the problem of not having access to
the proprietary computer program used by Loughran and McDonald (20d®inig

so, | simplify the analysis by combing all the fund manager cemanies in a given
category in one text file. Since bdfleschandPlain Englishmeasures are computed
using linear formulae, and since the fund manager commentarieaenreroughly
around 700 words long, this simplification does not introduce any major

measurement bias.

%2 The Bulletin can be accessed at http://www.sedig@yps/legal/cfslb7a.htm. A list of such legalese
and industry jargons is provided in Appendix 6.
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Concordanceeasily provides such global statistics as the number of, limesls
(“tokens”), distinct words (“types”), characters, sentencesdsvper sentence, type-
token ratio, etc. Hence, | use the above statistics as wtiegsrogram’s selective
concordancing capability to build tHelain English measure in a similar way to
Loughran and McDonald (2010).

| specifically aim to test the following hypothesis in thiectoon: “There is no
significant difference in theaeadability of fund manager commentaries whose
corresponding funds have experienced varying degrees of past iaaestm
performance, ceteris paribu3.herefore, | use the same fund performance categories
as used in Rutherford (2005) to trace the readability of various méuanodl
commentaries. Whil®lain EnglishandFleschare used to measure readability, the
type-token ratiqratio of distinct words to total words) andrrative length(number

of total words) are used as measures of verbosity. The rasalteported in Table
10.
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Table 10: Readability analysis of various fund catgories in the study corpus

Loss-Makin Least Most Loss-making vs Least Profitable Loss-making
Funds 9 Profitable Profitable Average Least Prof'tgble' vs. Most vs. Most
u Funds Funds ! Profitable Profitable
2 Typetoken 3.3 3.2 3.0
D Ratio
o
2
()
> Length 750 646 655 682 *
£| FleschScore 22.4 311 39.6 30.2 *
=
@
3
s .
@ Plain -0.98 -0.56 0.13 -0.65 * *
English

The results suggest that loss-making funds are less readableiginty shore
verbose than least profitable funds, which are in turn less reaaladblever so more
verbose than the most profitable funds. Whitain English clearly shows a
significant difference between the readability levels of tiree fund groups, the
Fleschscore also shows a similar pattern in aggregate, which, aireth® case of
mutual fund reports, does not seem to support Loughran and McDonalds cla

about the inferiority oFleschas a readability measure.

The verbosity of the commentaries is closely related withreélaelability, i.e. the
loss-making funds appear to be slightly more verbose on average, altti@ugh
difference between the fund groups is, except in one case, notcaighidit the 5%

level using the Mann-Whitney U test. This may be due to thetlattinvestment
companies have to file annual reports with the SEC that adhettee tondustry
conventions in terms of structure and length, and due to the large number of
mandatory performance tables and schedules that need to be includecarmual
reports, fund managers cannot influence the length of the commeataryarge
extent.
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6.5 HOW DOES OVERCONFIDENCE RELATE TO PAST PERFORMANCE?

Gervais and Odean (2001), extending their earlier work in Odean (I89@lop a
model to explain the process in which financial agents becomeanfelent by
learning about their own ability and past performance. They atwateinitially,
financial agents do not recognize their ability, but in the coursiem& and with
accumulating more experience, they attribute successful outdonbsir superior
judgements, and failure to external factors or chance. Hence'l¢laey” to become
overconfident through time. This mechanism, which has a net positpacinon
overconfidence, can be coupled with the weakening or distortion of informat
signals triggered by anxiety, as outlined in the conceptual maoidetiuced earlier in
the thesis and reiterated below. In other words, it is reasonabbepéxt a similar
pattern among mutual fund managers such that their overconfidencesheugd

vary subject to prior investment performance.

Prior
investment

performance

either or
Choi and Lou (2008}

\ Favourable
_/ X + /
I

Self-serving attribution
Self-serving bias
Overconfidence attshution beas Overconfidence &
unconscious defences
— f\7}l_
Ve
Gervais and Odean (2001) /\

Anxiety-generated distorting effect (e.g. Freud, 1936)

Figure 16: The dynamic interaction between self-seing attribution bias and overconfidence
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In order to measure the degree of this co-variation, | rank the fanelsch year on
prior-year Carhart alphas and form decile portfolios. Then, booenall the extreme
(top and bottom) deciles across 2003-2009 and use the t-test with unequmege/tria
measure the difference between the two groups. The resutispla@yed in Table 11
Panel A. | reiterate this analysis based on funds ranked by pres-year alphas

(Panel B).

Table 11: Variation of fund manager overconfidencén extreme portfolios sorted on prior
Carhart alphas

This table compares the top and bottom decilesddrhy sorting the funds in each year on prior-year
Carhart alphas and combining all the extreme dgeitzoss 2003-2009.”, ™ indicate significance
at 10%, 5% and 1% levels based on two-tailed tests.

Panel A:
Top Decile of Bottom Decile of
Carhart Alpha (PR1YR) Carhart Alpha (PR1YR)
Mean sD Mean sD t-test with unequal var
Optimism 55931 2.097 49737  1.955 2.544%*
Certainty 51.013 2.255 45634 2210 2.339%*
Self-reference 1.944 0.249 1.095 0.251 1.895%
Panel B:
Top Decile of Bottom Decile of
Carhart Alpha (PR3YR) Carhart Alpha (PR3IYR)
Mean sD Mean 5D t-test with unequal var
Optimism 54140 2115 50206 2.183 2.218*%*
Certainty 51.637 2.047 45792 2306 1.982%*
Self-reference 2.043 0.285 1.266 0.262 1.635

It can be inferred that prior positive performance, both during thequewne-year

and previous three-year periods, generates excess optimismil &s wertainty as
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expected and the difference between the extreme deciles forvhatbles is
significant at the 5% level. In fact, funds belonging to the taplelef Carhart alpha
have a mean optimism which is, on average, about three standardotsviatjher
than the funds belonging to the bottom decile in the case of previoyganalpha.
The difference between the two deciles when funds are rank@delious three-
year alphas is similar but less pronounced. The effect of pritwrpgnce on fund

manager certainty is also similar.

The difference between the funds in the two extreme decileermstof self-
reference is also significant in the case of previous onealpha, although at the
10% significance level. This is in line with the anecdotal exampf manual content
analysis in Chapter 5 which suggest that high-performing fund geasndend to

refer to themselves more often their poor-performing counterparts.

Alternatively, | investigate this effect using a paralleltimoel starting from fund-
manager expressed attributes. First, the funds are sortedcin y@ar on fund
manager-expressed optimism, certainty, and self-referencesscbinen, decile
portfolios are similarly formed and all the extreme decdesoss 2003-2009 are
combined. The average prior-year Carhart alphas of top and bottoesde@ then
compared using the same t-test. Results are in Table 12.
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Table 12: Variation of Carhart alphas in extreme patfolios sorted on fund manager
overconfidence

This table compares the average prior-year Cadhginas of top and bottom deciles formed by sorting
the funds in each year on fund manager-expresstchism, certainty, and self-reference, and then
combining all the extreme deciles across 2003-2009.

Top Decile Bottom Decile
Variables Mean SD. Mean S.D. T-test with unequal variance
Average alpha of
Optimism-sorted
decile portfolio 0.0097  0.0055 0.0041  0.0049 1.877*
Average alpha of
Certainty-sorted
decile portfolio 0.0076  0.0049 0.0030  0.0027 1.660%
Average alpha of
Self-reference
sorted portfolio 0.0072  0.0053 0.0036  0.0044 1.912%

In a similar way, these results indicate that, on average, fundgaes who adopt a
more optimistic, certain and self-referring approach in writthgir reports to
shareholders have higher previous-year alphas compared to the othgr g
Therefore, it is important to account for the role of prior pentnce before
interpreting any cross-sectional variation in fund returns that bea marginally
explained by certain differences in fund manager charactsristmwvever, as | note
above, the Carhart model already captures the previous-year monedfeanwhich

has a relatively low correlation with the overconfidence scores used inuttys st

It is also interesting to investigate the effect of prior performance e dcohort of

fund managers through time. The conceptual model explained above |dad$hes
expectation that in an alternating round of prior performanceomgs, the average

fund manager’s level of inherent overconfidence is likely to increaseris paribus

| attempt to test this hypothesis by tracing the overconfidprmees of all eligible

fund managers in 2003 and following the same cohort during the subsequent six
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years until 2009. Results reported in Table 13 demonstrate that mearsiwpand

mean self-reference both tend to rise with fund manager duration.

Table 13: Does fund-manager expressed overconfidenimcrease by fund manager duration?

This table reports the mean optimism/certainty/ssfiérence scores for a given cohort of fund
managers starting in 2003 and finishing in 200®@anier if the fund manager leaves the fund or the
fund terminates.

Year n. Optimism Certainty Self-reference
2003 2870 51318 47.129 1.167
2004 2679 52.213 47.118 1.197
2005 2551 52.916 47.292 1281
2006 2317 53.610 48.324 1256
2007 2019 54227 46.395 1319
2008 1720 54971 47.286 1.367
2009 1296 55.103 47.259 1.350
56
54
52 4
50
48 ,—4\”‘0_. —l—Optimism
46 &= Certainty
44
42
40 1 T
2003 2004 2005 2006 2007 2008 2009

Figure 17: Variation of optimism and certainty by fund manager duration
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1.2 / +—Self-reference

1,05 T T T T T T 1
2003 2004 2005 2006 2007 2008 2009

Figure 18: Variation of self-reference by fund manger duration

This dynamic change in overconfidence proxies is betterriitest in figure 17 and
figure 18 which indicate that both optimism and self-reference tenide during the
sample years, further confirming the findings in Chapter 6 ubmgorpus-linguistic

approach?®

6.6 SUMMARY AND CONCLUSIONS

Several points can be taken away from the findings in this ch&ptst, from the
perspective of genre analysis and corpus linguistics, fund managites their
reports in distinguishably different genres depending, among others, iorpdke
performance record, their size and their investment style hypethesis regarding
the existence of distinct rhetorical genres (different fund memtmme) subject to

prior performance is supported using a number of cross-sectional tests.

In addition, | establish in a longitudinal study that the over@hemic environment

in which fund managers operate does influence the tone of fund manages ra

** While this observation is not robust to survivopshias, one may hypothesize that the growing
overconfidence accumulated in this way, on averdggds fund managers to make sub-optimal
investment decisions causing adverse performarc&hai and Lou (2008) demonstrate using the
Active Share method. In addition, there is sigmifit literature on the topic of “escalating
commitments” in psychology which can provide tranthere. | am grateful to Prof. Nick Oliver for
making this last comment.
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aggregate. The results also provide support foPtiilyannahypothesis, particularly
among a number of categories such as loss-making funds. These findgegker
with the evidence on readability, are consistent with the closiagavidence from
the previous chapter. To a certain extent, one may be able to conichideind
managerstrategicallyadjust the overall tone and rhetoric of their reports in a self-
serving way. However, it is equally plausible for this behavioustem from the
unconscious psychological processes that are in play in the mirideofund
manager, since, as it is often demonstrated in this study, the yingerlvestment
story can be an excellent sense-making implement for tfegsional investor in

general.

In the final section of the chapter, | demonstrated cross-selctiareations
suggesting that superior past performance boosts overconfidencassedeby all
proxies used which is in line with theoretical expectations. fbHewing chapter
continues the study by empirically investigating the impact of fammhager
overconfidence on future investment returns. | use the well known Cabset
pricing model as the basis of an empirical model which | seekpoove by adding

independent variables proxying for fund manager psychological attributes.
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CHAPTER 7 - FUND MANAGER OVERCONFIDENCE AND PERFORMANCE

7.1 INTRODUCTION

This chapter seeks to investigate the dynamic relationship betiued-manager
expressed overconfidence and the investment performance of a rwrdalThe
areas of focus in this chapter are the extent to which (1) fuadager
overconfidence impacts the fund’s future investment performance anth&?2)
dynamics of this complex relation across fund type, investmelet $tiymd manager
duration and the proxies used to measure overconfidence. | use the well know
Carhart asset pricing model as the basis of an empirical mddeh | seek to
improve by adding independent variables proxying for fund manager psyidablog
attributes. The chapter includes controls for other potential confoufatigys, and
tests the overall robustness of the empirical model. | spdbjfiest the following

null hypothesis:

There is no significant difference in the future investmentoperdnce of
mutual funds whose managers exhibit varying degrees of
optimism/certainty/self-referendga their annual reports to investors, ceteris

paribus.

The chapter is organised as follows: Section 7.2 addresses thewquéstho writes
the fund manager commentaries and its relevance to the resesulth. rThis section
also outlines the structure of the annual reports and explaink péuits of the report
are content-analysed. Section 7.3 discusses the measures of ovencentised in
this chapter and provides relevant descriptive statistics.0Becd uses a number of
empirical methods to explore how fund manager overconfidence and aasdoci
measures may impact future investment performance. Fina#gtion 7.5

summarises and concludes the chapter.
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7.2 AUTHORSHIP AND STRUCTURE OF FUND MANAGER COMMENTARIES

It is of course important to discuss the authorship of the mutual fumeabreports

for the purposes of this study. Firstly, | argue that accordinige conventions in the
mutual fund industry, fund managers write their own reports and commesnta
which may then be edited by in-house writers only to check cospeting and
grammar, and to ensure presentational consistency with othemsecfithe annual
report (the researcher learnt about this convention in conversatioma witmber of
mutual fund managers.In other words, the in-house editors are mostly concerned
with the professional presentation of the annual report as a whole eotcand are
much less concerned with the core thematic elements, sentemderst and other

rhetorical features of the fund manager narratives.

Secondly, a similar pattern is observed in CEO communication armégsbarch on
CEO letters, speeches, etc. Fund managers, like CEOs, at®semaf their reports
and assume legal responsibility for their content. Accordingneraic, Craig and
Tourish (2010), this attribute acts as an incentive for them to glesaltinise and
approve the final version of the narrative before signature and atidtic More
importantly, they argue, “whether or not a CEO is actively involmedomposing a
letter to stockholders does not matter: the words in the CE®es #at symbolic and
emblematic, and the reader takes them to be the CEO’s oweatlla similar
proposition can be made about fund managers. And finally, to what extentl mutua
fund manager narratives are linked with investment performangehésently an

empirical question, regardless of the subject of authorship.

The question of authorship of fund manager reports can be furtheinexiaimy
investigating the variations between individual fund manager repdHhs the same
investment company. This is because if we assume that the cohfant manager

reports and the writing style of fund managers are substanitidlihenced by the

% The conversations took place during 2007 and 248 fund managers and public relations staff
that | came across in various conferences andaiticplar, in a number of meeting Martin Currie
InvestmentsJK.
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overarching investment philosophy of the organisation in which they opmr#te
role of in-house writers, one should expect to find a homogeneousrsatatves in
each company’s annual report regardless of who the fund manager is.

This, however, does not appear to be the case. In order to studydhteaxtross-
sectional variation in fund manager reports, in a pilot studyaiméxed 50 mutual
fund reports randomly selected from 5 different investment companies. The oésult
cross-comparisons across a rang®iotion variables as well as readability and tone
indicate that there is indeed a significant level of within-sampliation that can be
attributed to individual fund manager characteristics. Clearly, & modoust test that
would control for the types of funds in cross-comparisons can furtimirraothis

observation.

Since the overconfidence proxies used in this research are baseduat data in
the annual reports, it is important to select the appropriateoiseatf the annual
report for relevant study. The body of mutual fund annual repded iin Edgar
typically consists of several sections, including phesident’s (chairman’s) letter
individual fund manager commentarjeshedule of portfolio investmentsmancial
statementsfinancial highlights notes to financial statementeport of independent
public accounting firmandschedule of shareholder expensésiong these sections,
only the president’'s letter and fund commentaries by individual fundagess
contain non-quantitative information useful for my study purposes. Often, t
president and the fund manager narrate different but complemeeiztigns of the
investment story, demonstrating the concept of contrasting orabince the
individual fund managers are often solely responsible for making invesstme
decisions, the fund manager commentaries, compared to the presidiet,sale
likely to provide more leverage in understanding any relation betéieemanager’s
state of mind and past or future performance. Although the presideti€s can
provide investors with a useful big picture of the investment compagrgsent
circumstances, it is often too broad to be helpful for the purposdssastudy. In
contrast, the fund manager commentary is an information-rich sectibwe ahnual
report which helps explain the past performance of the fund and pasrblely

short-term and long-term future performance.
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These narratives are less homogeneous compared to corporaterapartal (10-K
reports). However, they often include sections iomestment strategymarket
environmentdiscussion of past performance, sector by sector anadysighefund
outlook Although these sections of the commentary often form a singtatinar
sometimes, particularly in the case of underperformance, fundge@nehoose the

sub-genre of question and answer to communicate to investors.

In my content analysis performed mostly by the&tion program, theoptimism
scores calculated are based on the fund outlook sectioselthreferencescores are
based on the past-performance discussion sectiocetalnty scores are based on
the whole narrative. The reason for dividing up each annual report iwalgiss to
increase accuracy of measuring overconfidence. The fund outlook segtion,
definition, is where the fund manager writes about his or her viewthe fund’s
possible performance in the future, and therefore, this section ofatretive often
lends itself to an optimistic or pessimistic tone of voice. Sirlyi) the discussion on
past performance is an appropriate place to look for occasiond-oéfeeénce since
managers are inclined, often in a self-serving way, to take rsiipe of their
performance record when they write about it in this section. Rercertainty
variable, however, it is best to look at the whole commentaitycas come through
in both the discussion of the past performance and the fund managgestipns
about the future.

7.3 MEASURES OF OVERCONFIDENCE USED IN THIS CHAPTER

The overconfidence effect, in general terms, can be measurednumber of
different ways. Hoffrage (2004) lists some of the most common appathe
subjects can be requested to evaluate their own confidencdatemeant, and then
all the statements with a given level of confidence can bepgd together and be
compared that to the actual frequency of being correct; (2) dslgan be tested
with multiple-choice questions and then their level of confidence in their ansavers c
be elicited on a scale from chance to total certainty by cangp#nis to the true

accuracy of their answers; (3) subjects can be asked to chmdikence intervals in
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response to questions with numerical answers; and (4) subjectscgineln the
opportunity to bet on the correctness of their answers with chahegsate
favourable if their judgements of accuracy are correct, whicmsnéeat they lose

money if they are overconfidern.

In the context of finance and accounting, some of the proxiesfasadeasuring
overconfidence includiading activity managerial option exercisendactive share
The pros and cons of each of these proxies are discussed in det@ptar 2 where
| establish that while the above measures can work robustly foorede managers,
they are somewhat handicapped when applied to professional investorse, H
employ a more straightforward approach to measuring overconfidemmieh

includes content analysing various sections of fund manager reports.

| specifically look atoptimism certainty and self-referenceof fund manager
commentaries to infer the overconfidence of their corresponding mEnagull
description, definitions and formulas for calculating these measueegrovided in
chapter 4. Table 14 summarises the descriptive statistics provideel for the

research variables used in this study based on sample A.

% Assuming that the human confidence has perfedbregibn, judgments with 100% confidence
should be correct 100% of the time, 80% confideoogect 80% of the time, etc. By contrast,
research findings suggest that confidence excemzigacy so long as individuals are answering hard
questions about unfamiliar topics. For example jettb were correct about 80% of the time when
they were “100% certain” about their performanceairspelling task (Adams and Adams, 1960).
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Table 14: Descriptive statistics of overconfidencproxies

This table reports the distribution of selectedrowafidence proxies based on the content
analysis of fund manager narratives. Optimism athinty are computed by Diction, and certainty is
adjusted according to Demers and Vega (2010). Piensm scores are based on the fund outlook
section, the self-reference scores are based opatsteperformance discussion section and certainty
scores are based on the whole narrative.

Mean SD Min 5 Quart Med % Quart Max
OPTIMISM 52.20 2.11 43.50 49.28 51.58 55.42 64.16
CERTAINTY 47.25 1.37 44.39 46.14 46.92 48.15 51.97

SELF-REFERENCE 1.13 0.18 0.74 0.99 1.04 1.28 1.76

Figure 19 provides a simple histogram for optimism scores typiaal year by
averaging the distributions of the scores across the sample Yearshape of the
histogram, as well as the mean and median values in Table 14tanthiat there is a
small positive skew in what is a largely normal distribution. In addition, thanoss

of extreme (outlier) fund manager overconfidence are more common than
underconfidence. This can be due to the fact that fund managerosel@cicesses

that are in operation in the investment industry, which often includetarview

with the fund manager to be recruited (Goyal and Wahal, 2008), aedbia the
favour of overconfident managers. However, this observation may equally be
explained by survival issues. A similar distribution existstha certainty and self-

reference measurés.

** also tried winsorising the data using a 90% windehich led to similar results.
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Figure 19: Histogram of the distribution of fund manager optimism scores during an average

Table 15 reports the correlations between the overconfidence nedsured from
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the narratives and the risk factors embedded in the Carhattpagsng model based

on the same sample.

Table 15: Cross-correlation matrix for main variables

Optimism Certainty Self- Ruy—Rr SMB HML MOM
reference
Optimism 1.00
Certainty 0.416 1.00
Self-reference  0.755 0.488 1.00
Ry — Ry 0.228 0.093 0.106 1.00
SMB 0.163 -0.054 0.215 0.197 1.00
HML 0.101 -0.118 0.147 -0.255 -0.173 1.00
MOM 0.370 0.292 0.366 0.084 0.339 0.305 1.00
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Importantly, the cross-correlations between the overconfidencéepreMggest that
optimism and certainty are to some extent associated meaduoegrconfidence
and they are both positively correlated with momentum (previous ome-gtean),

i.e. a fund manager experiencing positive prior returns is likelgrow more

optimistic about her future performance as well as more resaliier tone of voice.
There is a also significant correlation between optimism alfidederence which is
consistent with the expectations and the empirical evidence deatedsin the

previous two chapters.

In addition, the relatively low correlations between the proaias the Carhart risk
factors are promising since they suggest that fund manager ovderwd] as
measured here, is not directly driven by any intrinsic fund cheniatics and
associated risk factors. Particularly in the case of momentumcamargue that a
large part of the variation in optimism is not explained by momentanother

words, the implication is that our overconfidence measure has a dj@ode of
capturing an effect which is distinct from other previously sddiactors that

influence investment performance.

7.4 HOW DOES OVERCONFIDENCE AFFECT FUTURE INVESTMENT
PERFORMANCE OF MUTUAL FUNDS?

7.4.1 OVERVIEW

In this section, | test the hypothesis that excessive levelgastonfidence interfere
with sound investment decision-making and thereby diminish future meast
returns. In other words, | expect that a fund manager with higgvels of net
overconfidence (after considering the effect of prior performantey experience
lower future returns, everything else held constant. Therefbee,general null

hypothesis can be formed as follows:
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“There is no significant difference in the future investmentquarance of
mutual funds whose managers exhibit varying degrees of overconfidence
(proxied by overoptimism, excessive certainty and excessiveesetbence),

ceteris paribus

As explained in detail in Chapter 3, the well-known Carhart madeised as the
base regression model to test the research hypotheses ahdpier. The Carhart
(1997) model builds on the Fama-French three-factor model by addingygaor-
momentum which, for the purpose of this research, adequately captieféettt of
previous performanc¥. Therefore, the general approach would be to add the
overconfidence measure as independent variable to the Carhart arutlehen to
regress the average monthly returns subsequent to the publio&tibe annual

reports accordingly.

E(Rit) — Ry = [o + BulE(Rmt) — Rp| + PoiE(SMBy) + G5B (HMLy) + SuE(MOM;)
+ f5E(0C)

| use two empirical approaches to investigate this effect:pthéfolio-tracking

approach and thealendar-timemethod.

7.4.2 THE PORTFOLIO-TRACKING APPROACH
In this section, | use thportfolio-tracking empirical approach to test the research

hypotheses. Generally, the portfolio-tracking method requires the farus sorted
based on a given parameter into decile portfolios. Then, portfoliogreihex deciles
are formed, and the monthly returns series are followed using aopaippe asset
pricing model (the Carhart model in this case). Subsequently, tirar€Céactors of
the extreme portfolios are compared each year, and then the perdirebalanced

annually.

" In conversations with Prof. Keith Cuthberson amdfPTaffler, it was agreed that a simple four-
factor regression model such as Carhart should &dequate accuracy in studying the impact of fund
manager psychological attributes on performance.
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Following this methodology, | rank my sample funds based on their OSMMI
CERTAINTY, and SELF-REFERENCE scores in each year angh fbd equally
weighted decile portfolios for each of the sample years bet2883 and 20009.
Since about 45% of the annual reports are typically filed duringjrdtequarter and
for the purpose of consistency, | perform the portfolio sorts in riideo& March in
each year® Following this ranking month, each portfolio is held for twelve rhent
and the time-series of monthly portfolio excess returns (i.eageetross-sectional
fund returns within each portfolio minus the corresponding risk-freeestteate) is
constructed. The portfolio is then reformed at the end of Marcleifottowing year

and the time series is extended.

In addition, | test a hedge strategy inspired by the research hypothdsisschapter.
Are fund managers that express abnormal levels of overconfidengeofasd by
OPTIMISM, CERTAINTY, and SELF-REFERENCE) likely to underperh in the
following months since their excessive overconfidence may nebatmpact their
investment decisions? | construct a long-short portfolio strateggdban shorting
the portfolio with the highest level of overconfidence (P10) and gaing In the
portfolio with a lower level of overconfidence. | do the long stage in two wayhkel
Hedgelstrategy, | long the portfolio with the lowest level of confidelel) and in
the Hedge2strategy, | long the portfolio with an average (i.e. “normal”) lexfe
overconfidence (P5). Hence, thiedgelstrategy captures the P1-P10 returns while

theHedge2strategy captures the P5-P10 returns.

As explained in the literature review in Chapter 2, prior studiesctounting and
finance as well as other domains (e.g. competitive sports) iaditiaat
underconfidence (diffidence) can have a similarly detriment@ciefon decision
making and performance, resulting in an inverted U shape when perfensanc
plotted against confidence. Thus, everything else being equgbettetheHedge2
strategy to capture higher positive abnormal returns comparedetdigtigel

% There is a large body of accounting literature thaestigates the issue of delay in reporting, and
further research can look at this issue in the exdndf mutual fund annual reports to gain a better
understanding of any potential strategic behaviiguinvestment companies in this area.
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strategy. In other words, while it is not reasonable to assumtitithimanagers with
the lowest confidence levels are significantly better at ngapkivestment decisions
compared to overconfident fund managers, one might expect “reasonablyfecnfi
fund managers (i.e. those with an average, “normal” confidence tevalake better
investment decisions compared to their peers and thus produce leigines ceteris

paribus.

In order to test the significance of the abnormal returns usiegCarhart (1997)
four-factor model, | first gain an overall picture by plotting thenthly portfolio
excess returns for the extreme portfolios P1 and P10 as wétleasitermediate
portfolio P5 based on OPTIMISM scores. Results are displayed in figure 20.
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Figure 20: Monthly average excess returns of extreendecile portfolios and an intermediate
portfolio based on OPTIMISM scores

P1 is the annually ranked portfolio of funds witte towest OPTIMISM scores, P10 is the annually
ranked portfolio of funds with the highest OPTIMIS3dores, and P5 is the annually ranked portfolio
of funds with intermediate OPTIMISM scores.
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It appears from the above figure that the monthly excess returns of thmextecile
portfolios co-move to a large extent. However, the monthly excéssseof the
intermediate portfolio are slightly out of sync and appear to bginady higher,
which prompts further investigation. Thus, following the portfolio-tracking approach,

| perform the required monthly time-series regressions for gatfolio as in Barber

and Odean (2001) and Kumar and Lee (2006). Therefore, | use the following

equation in Table 16:

E(Rit) — Ry = Po+ PulE(Rmt) — R] + BuE(SMBy) + fE(HMLt) + GuE(MOM)

where i indicates a particular portfolio and t refers to a specific month.

147



Table 16: The impact of fund manager overconfidencen excess returns, using portfolio-tracking analyis

Sample funds are sorted into decile portfolios Bame prior year OPTMISM scores for eagdar, i.e. the funds in each portfolio may chaegery year based on their manag
expressed overconfidence. Then, equally weighteda@e return in each month is calculated for thedexile portfolios. Théledgelreturns are the difference betwehba return
of the top and bottom decile portfolios (P1-P10J #meHedge2returns are the difference between the returnheotop and intermediate decile portfolios (P5-P{B) — R) is
the excess return on the broad market portfolioBS#/1the diference between the return on a portfolio of sntaltks and that of large stocks. HML is the diffaeietween tk
return on a portfolio of high-book-to-market stocksd low-book-to-market stocks. MOM is the diffeczerbetween the return on a portfotibhigh prior return stocks and Ic

prior return stocks.

Panel A: Fund portfolios formed on OPTIMISM scores

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 Hedgel Hedge2
_ _ _ _ _ _ _ _ _ _ return_s returg
Rm-Rf 1.067" 1.011” 0.918" 0.933" 1.182" 1.072"7 1.005" 0.916" 0.949” 1.052" 0.015" 0.130"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 0(m) (0.000) (0.000) (0.000) (0.000) (0.001)
SMB 0.494™ 0.450" 0.397" 0.426" 0.406" 0.401" 0.389" 0.356" 0.337" 0.314" 0.180" 0.092
(0.000) (0.001) (0.001) (0.002) (0.000) (0.000)  O(m) (0.003) (0.000) (0.000) (0.032) (0.008)
HML 0.644" 0.686" 0.656" 0.589" 0.577" 0.586" 0.578" 0.598" 0.628" 0.551" 0.093" 0.026"
(0.000) (0.000) (0.000) (0.001) (0.000) (0.000) 0Qm) (0.000) (0.000) (0.000) (0.002) (0.018)
MOM -0.209" -0.276" -0.350" -0.201" -0.185" -0.224™ -0.271" -0.153" -0.108" -0.176" -0.033" -0.009"
(0.000) (0.003) (0.001) (0.000) (0.005) (0.000) (0.000) (0.004) (0.000) (0.002) (0.026) (0.030)
Alpha 0.00063 -0.00027 0.00140 0.00183 0.00177 0.00096 0.00108 0.00055 -0.0004 -0.00067 0.00130 0.00244
(0.216) (0.365) (0.219) (0.071) (0.090) (0.197) 3[®) (0.641) (0.365) (0.093) (0.292 (0.077)
Adj. R? 0.723 0.775 0.804 0.824 0.796 0.810 0.702 0.696 7110. 0.733 0.308 0.282

* Kk

errors.
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Table 16: Continued

Sample funds are sorted into decile portfolios baseprior year CERTAINTY scores for each year, tihe funds in each portfolio may change every y@eaed on the
manager’s expressed overconfidence. Then, equadlghted average return in each month is calculédedhe ten decile portfolios. Theledgelreturns are tF
difference between the returns of the top and botecile portfolios (P1-P10) and thiedge2returns are the difference between therres of the top and intermedi
decile portfolios (P5-P10). (R— R) is the excess return on the broad market pootf@MB is the difference between the return onrdf@@ of small stocks and that
large stocks. HML is the difference between themebn a portfolio of high-book-to-market stocksldow-book-tomarket stocks. MOM is the difference betweer
return on a portfolio of high prior return stocksddow prior return stocks.

Panel B: Fund portfolios formed on CERTAINTY scores

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 HedgelHedge?2
_ _ _ _ _ _ _ _ _ _ return_s retur&
Rm-Rf 1.1327 0.911" 0.995" 1.208" 1.085" 0.877" 1.101" 1.106" 0.902" 0.930" 0.172"  0.115"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 0Qm) (0.000) (0.000) (0.000) (0.001)  (0.002)
SMB 0.524" 0.409" 0.448" 0.516" 0.577" 0.529" 0.479" 0.401" 0.359" 0.388" 0.13¢"  0.189
(0.000) (0.001) (0.001) (0.002) (0.000) (0.000)  O(m) (0.003) (0.000) (0.000)  (0.009) (0-004)
HML 0.627" 0.582" 0.690" 0.619" 0.556" 0.550" 0.521" 0.583" 0.503" 0.484" 0.143"  0.072"
(0.000) (0.000) (0.000) (0.001) (0.000) (0.000) 0(m) (0.000) (0.000) (0.000) (0.006) (0.006)
MOM -0.178" -0.219" -0.235" -0.274" -0.270" -0.282™ -0.233" -0.209™ -0.190" -0.191" -0.079 0.013"

(0.000) (0.002) (0.007) (0.000) (0.005) (0.000) (0.003) (0.003) (0.000) (0.001)  (0.088)  (0.045)

Alpha 0.00094 0.00025  -0.00040  0.00068  0.00105 0.00209  0.00101 0.00050  -0.00094  -0.00133  0.00227.00238
(0.310) (0.456) (0.370) (0.241) (0.091) (0.088)  16®) (0.351) (0.580) (0.843) (0.717  (0.441)

Adj. R? 0.813 0.805 0.790 0.786 0.704 0.756 0.698 0.760 8100. 0.803 0.366 0.295

* ok

., 7" indicate significance at 10%, 5% and 1% levelsHam two-tailed tests, p-values are robust anddas heteroscedasticity-consistent Huber-Whitasiegl
standard errors.
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Table 16: Continued

Sample funds are sorted into decile portfolios dame prior year SELREFERENCE scores for each year, i.e. the fundsadéh @ortfolio may change every year bz
on their manager’s expressed overconfidence. Témumlly weighted average return in each monthlsutated for the ten decile portfolios. Thiedgelreturns are tr
difference between the returns of the top and botlecile portfolios (P1-P10) and thkedge2returns are the difference beten the returns of the top and intermec
decile portfolios (P5-P10). (R— R) is the excess return on the broad market pootf@MB is the difference between the return onrf@@ of small stocks and that
large stocks. HML is the difference between themebn a portfolio of high-book-to-market stocksidow-book-tomarket stocks. MOM is the difference betweer
return on a portfolio of high prior return stocksddow prior return stocks.

Panel C: Fund portfolios formed on SELF-REFERENCE scores

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 HedgeHedge?2
returns returns
Rm-Rf 0.883" 0.917" 0.955" 0.990" 1.034 1.007" 1.045" 1.015° 0.922” 0.874" 0.009" 0.160"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 0(m) (0.000) (0.000) (0.000) (0.000)  (0.000)
SMB 0.338" 0.391" 0.407" 0.433" 0.412" 0.365" 0.369" 0.320" 0.375" 0.399" 0.061" 0.013
(0.000)  (0.004)  (0.000)  (0.000)  (0.001)  (0.000)  OQ®)  (0.002)  (0.000)  (0.000)  (0.002) (0-001)
HML 0.715" 0.692" 0.636" 0.680" 0.729" 0.762" 0.771" 0.677" 0.663" 0.601" 0.114" 0.128"
(0.000) (0.002) (0.000) (0.001) (0.000) (0.000) 0(m) (0.001) (0.000) (0.000) (0.011) (0.005)
MOM -0.205" -0.179" -0.199” -0.217" -0.217" -0.238" -0.190™ -0.163" -0.161" -0.147" -0.058" -0.070"
(0.000) (0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.008)  (0.035)
Alpha -0.00018 0.00023 0.00085 0.00105 0.00139 0.00092 00092 0.00041 -0.00006 -0.00029 0.0010.00168
(0.312) (0.455) (0.479) (0.570) (0.432) (0.308) 5(®%) (0.722) (0.532) (0.538) (0.299 (0.566)
Adj. R? 0.705 0.676 0.702 0.795 0.780 0.724 0.702 0.736  8010. 0.840 0.311 0.383

©, 7, indicate significance at 10%, 5% and 1% levelstam two-tailed tests, p-values are robust andcan heteroscedasticity-consistent Huber-Whitasaegl
standard errors.
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The findings in Table 16 are interesting in a number of wayslyricsinsistent with

theoretical expectations, the regression coefficients forhallthree Fama-French
factors as well as the momentum factor are significamteal% level across all three
panels. The positive coefficients in the case of Fama-Frencbrdaicidicate that

funds with investments in smaller, high beta, value-oriented stoeksssmociated

with higher excess returns. | have also done this analysis witheuthomentum

factor (i.e. the three factor model) and the adjustédsi®htly less than the
corresponding figures for the Carhart model, which is consistent with theory.

Secondly, the results indicate that holding the portfolio with thieesigOPTIMISM

scores results in negative abnormal excess returns to th@ ektaround 1% per
year (significant at the 10% level). The corresponding negative ralahaxcess
returns for CERTAINTY and SELF-REFRENCE are, respecfivatound 1.6% and
0.4% per year. More broadly, P4, P5 and P10 alphas for OPTIMISMelasisvP5

and P6 alphas for CERTAINTY are significant at the 10% levellewBELF-

REFERENCE does not yield significant alphas in any of the portfolios.
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Figure 21: Average abnormal excess returns of tergaally weighted decile portfolios ranked by
previous-year overconfidence proxies

P1 is the annually ranked portfolio of funds witle fowest overconfidence scores. P10 is the annuall
ranked portfolio of funds with the highest overdadehce scores.
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Thirdly, in the case of OPTIMISM and CERTAINTY, thdedge2strategy, on
average, returns 2.9% based on shorting funds with extremely overconfident
managers and longing funds with normally (over)confident managers. The
corresponding return in the case of SELF-REFRENCE is 2%. Onlike lndnd, the
Hedgel strategy, based on shorting funds with extremely overconfident fund
managers and longing funds with the least (over)confident fund nranagetures
1.6% based on OPTIMSIM scores, 2.8% based on CERTAINTY scores.3#d 1
based on SELF-REFERENCE scores. In combination, the two stratedjieste the
inverted U shape relationship between overconfidence and performaccssdid
earlier. This relationship can be best displayed by plottingptinéefolio-specific
Carhart alphas for each of the overconfidence proxies, as displayegure 21

above.

7.4.3 THE CALENDAR TIME APPROACH
In this section, | employ thealendar time portfolio approactvhich is one of the

most widely used techniques for analysing risk-adjusted investpeefirmancé?®
In performing the calendar time analysis in the context of mutual funds, ép® ate
commonly taken. First, average excess return for the crosersedft funds is
calculated. Second, a multifactor time-series regression modél,asuthe Fama-
French or the Carhart model, is used to measure the risketiperformance of the
funds in a given timeframe. This approach allows robust statistifeaence in the
presence of cross-sectional dependence. In other words, by aggréigatiaturns of

the sample funds into a number of portfolios, the problem of crosisisac

% The calendar time portfolio approach has manyetiit applications in empirical finance, such as,
for example, studying the performance of privateestors (e.g., Barber and Odean, 2000, 2001;
Kumar and Lee, 2006), the long-run performancetatls (e.g., Fama, 1998; Mitchell and Stafford,

2000), insider trading (e.g., Jeng, Metrick, andkZbauser, 2003), and in the performance analysis o
investment funds (e.g., Fama and French, 2003; ,Rdsigh, Naik, and Ramadorai, 2008) which is of

interest in this study.
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dependence amongst individual fund returns is eliminated (Hoechiejidand

Zimmerman, 2009).

For each fund-year observation during 2003-09, | calculate Carhart wdpit 36
monthly returns from month -24 to month 12 (month O being the publication month
of the annual reporff. Pooled cross-sectional time-series regressions are used to
capture the effect of overconfidence on future investment retuimg tine following

general equation:

E(Ri) — Rp = fo + BulERms) — Ra] + BxE(SMBy) + BaE(HMLy) + BxE(MOM,)

+ B5s;:OPTIMISM; + fs:CERTAINTY; + f7.SELF-REFERENCE

where i indicates a particular fund and t refers to a particular month.

| perform the above regression four times, including each overcanédaoxy once
individually in the model, and then including all three of them togetseara
overconfidence meta-variable. | use dummy variables to indicata foad belongs
to the top 10% of each overconfidence proxy. For example, ififuacks in the top
decile of optimism based on its 2006 annual report published in March séanhe
year, the dummy variabl&8PTIMISMzp0604 Up t0 OPTIMISM.00703 Will be set to 1.
Finally, | initially exclude year fixed effects from theontel, and then add them to

the model in order to compare the results.

Table 17 shows the results of the panel regressions for edhbk of/erconfidence
proxies. In obtaining the results reported in this table, measurerotmiptimism,
certainty, and self-reference are made universally without diyidip the fund

manager reports into relevant sections.

40| also replicate this approach using the priormidath returns, which vyields similar results.
However, the 36-month timeframe is preferable ttigaie noisy standard errors. | am grateful to
Prof. Abhayankar and Prof. Armitage for making ttasnment.
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Table 17: Does fund-manager abnormal overconfidendenpact subsequent mutual fund

(Reports analysed universally)

performance?

This table displays the results of panel regressadrfund returns during the 2003-09 period ushey t
four Carhart risk factors (market excess return,BSNHML, MOM) as well as fund-manager
expressed optimism, certainty and self-referencerdy variables. The dummy variables indicate that
the fund belongs to the top decile in each cate@ewy. top 10% overoptimistic, etc.). Two-tailed t-

statistics are reported in brackets.

Variable Optimism Certainty Self-reference Overconfidence
Metavariable
Intercept 0.0065™** 0.0059™** 0.0062™** 0.0075™*
Ru—RF 0.9452™* 0.9447"* 0.9473™* 0.9366™*
SMB 0.4236™ 0.4242™ 0.4239™ 0.4350™
HML 0.4550" 0.4554" 0.4547° 0.4502"**
MOM -0.2092"* -0.2089" -0.2085" -0.2107"
Optimism -0.1728
(-1.31)
Certainty 0.0134
(1.06)
Self-reference -0.0759
(-1.27)
Overconfidence -0.0818
Metavariable (-1.24)

As | established in section 7.3, it is important to select theecioparts of the annual

report for content analysis purposes. The insignificant regressidficieods in

Table 17 further confirm my expectation that one needs to divide uppbes into

separate sectionpdst performance discussi@amdfund outlook before performing

the required textual analysis. Table 18 reiterates the samalgses with reports

categorized by the above sections. The optimism scores ard basthe fund

outlook section, the self-reference scores are based on the pastpede

discussion section and certainty scores are based on the whole narrative.
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Table 18: The impact of overconfidence on subsequemutual fund performance

(Reports analysed by section and grouped in déciles

This table displays the results of panel regressadrfund returns during tH2003-09period using the
four Carhart factors (market excess return, SMB,LHHMIOM) as well as fund-manager expressed
optimism, certainty and self-reference dummy vdeabThe dummy variables indicate that the fund
belongs to the todecilein each category (e.g. top 10% overoptimistic,)€fbe optimism scores are
based on the fund outlook section, the self-refegescores are based on the past-performance
discussion section and certainty scores are basetieowhole narrative. Two-tailed t-statistics are
reported in brackets.

Variable Optimism Certainty Self-reference Overconfidence
Metavariable
Intercept 0.0061" 0.0191" 0.0094" 0.0094"
Ry —Rr 0.9442*** 0.9729*** 0.9417*** 0.9506"**
SMB 0.4263" 0.4388"" 0.4112** 0.4378"
HML 0.4408" 0.4571 0.4590" 0.4606"
MOM -0.2015** -0.2154** -0.2110™ -0.2162%*
Optimism -0.5285""
(-2.01)
Certainty 0.1026"
(1.65)
Self-reference -0.2742*
(-1.82)
Overconfidence -0.4109*
Metavariable (-1.77)

It can be inferred from the results in Table 18 that higher dewal net
overconfidence (as proxied by optimism and self-reference) prédier future
monthly returns based on the Carhart model. Furthermore, optiappears to be a
more significant proxy for overconfidence based on the reported samf levels.

The very low regression coefficient associated with certainbywvever, bears a
positive sign, contrary to our expectation, which, | believe, may bedtiee fact

that fund managers commonly use a firm and resolute tone of voice in their reports to
investors. This observation about the resoluteness of fund manager cangsant

general also comes across in the manual coding analysis performed in Chapter 5.
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To what extent is thaccumulated fund manager overconfidencén the past few
years (and not only the past year) capable of explaining thetsetibserved above?
To investigate this question, | substitute the prior one-year witlpribe three-year

OC scores in Table 19. Since SEC started filing mutual fund anep@its online in

the Edgar database as of 2003, | have to start from 2005 to corhputedrage
overconfidence scores. Another approach, not pursued here due to dataonollecti
limitations, is to take the average overconfidence scores ofdmrthal and semi-

annual reports, thereby increasing data points.

Table 19: The impact of overconfidence on subsequemutual fund performance

(Reports analysed by section and grouped in decilesage previous three-year proxies used)

This table displays the results of panel regressadrfund returns during tH2005-09period using the
four Carhart factors (market excess return, SMB,LEHIMOM) as well as averaggrevious 3-year
fund-manager expressed optimism, certainty and-refdfence dummy variables. The dummy
variables indicate that the fund belongs to the tdmzile in each category (e.g. top 10%
overoptimistic, etc.) The optimism scores are basefund outlook section, the self-reference scores
are based on the past-performance discussion semtid certainty scores are based on the whole
narrative. Two-tailed t-statistics are reportethiackets.

Variable Optimism Certainty Self-reference Overconfidence
Metavariable
Intercept 0.0139*"" 0.0204"" 0.0128"" 0.0147°
Ry —Rg 0.7417*" 0.7383"" 0.7721*" 0.8015"
SMB 0.5394™* 0.5966™" 0.5172** 0.5314™
HML 0.4033"" 0.4129* 0.4304" 0.4228""
MOM -0.3515"" -0.3752" -0.3398""" -0.3429"
Optimism -0.7144"
(-1.92)

Certainty 0.2250

(1.57)
Self-reference -0.3268"

(-1.77)

Overconfidence -0.5929"
Metavariable (-1.85)

The results still indicate a negative relationship betweeessxnet overconfidence

and future returns. However, they are relatively weaker compangtieéo previous
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one-year proxies are calculated, which may be due to the potetrig@sient nature

of overconfidence among professional investors.

Next, | look at a broader picture by including quintiles rather theciles in my
analysis. In the results reported in Table 20, the dummy varigdesite belonging
to the top quintile of the overconfidence proxy. The results are slightly weakeea
may expect, nevertheless still significant and suggestivieeoinverse impact of net

overconfidence of subsequent-year returns.

Table 20: The impact of overconfidence on subsequemutual fund performance

(Reports analysed by section and grouped in gas)til

This table displays the results of panel regressadrfund returns during tH2003-09period using the
four Carhart as well as fund-manager expressedmipti, certainty and self-reference dummy
variables. The dummy variables indicate that thedfbelongs to the toguintile in each category
(e.g. top 20% overoptimistic, etc.) Two-tailed &t&ttics are reported in brackets.

Variable Optimism Certainty Self-reference Overconfidence
Metavariable
Intercept 0.0119" 0.0145" 0.0247"" 0.0209"""
Ry —Rf 0.8044""" 0.9031""" 0.8987""" 0.8066"""
SMB 0.3962""" 0.4285"" 0.4019™"" 0.3925"""
HML 0.4804 ™" 0.4116™" 0.4622 """ 0.4790"""
MOM -0.3266""" -0.3005"" -0.3790""" -0.3559""
Optimism -0.6515™
(-1.97)

Certainty 0.2730

(1.60)
Self-reference -0.4076"

(-1.69)

Overconfidence -0.6023*
Metavariable (-1.71)

An interesting question is how the observed negative impact of ovelenoé on
fund returns varies in the months following the publication of the annual report. If we

regard the level of fund-manager expressed overconfidence ggshaini@ken at the
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time of producing the annual report, it is reasonable to expadhthanpact of such
overconfidence would be relatively stronger in the nearer montims ttiea more
distant future. | have investigated the 3-, 6-, and 9-month windows fotiothe

publication date of the annual report in Table 21.

Table 21: Short-term impact of abnormal overconfidece on subsequent mutual fund
performance

This table displays the results of panel regressafrfund returns during the 2003-09 period usSng
6, and 9month timeframes following the publication of thenual report and the four Carhart factors
as well as fund-manager expressed optimism, céytaind self-reference dummy variables. The
dummy variables indicate that the fund belongshi top decile in each category (e.g. top 10%
overoptimistic, etc.) Two-tailed t-statistics aeported in brackets.

oM 6M M
Optimism -0.5348™ -0.5412* -0.5661"
(-2.05) (-2.09) (-2.14)
Certainty 0.1054* 0.1021° 0.1106"
(1.67) (1.71) (1.78)
Self-reference -0.2756" -0.2812" -0.3017*
(-1.79) (-1.88) (-1.98)
Overconfidence -0.4235" -0.5027" -0.4951*
metavariable (-1.85) (-1.92) (-2.11)

The regression results reported in Table 21 seem to suggesite¢hatpact of net
overconfidence on future returns very slightly fades away in.tiies is not
surprising given the fact that most mutual funds publish, by deimitonly one
annual report per year, and thus investors have to refer to therewest annual
report in order to get a good picture of how a particular mutual iBipdrforming in

general.

In order to test whether the way monthly returns are calcukdfedts the above
regression results, | replicate the analysis using buy-amb4@dlirns instead of
average monthly returns during the specified periods. However, Itliad the

regression results are not significantly different.
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In a similar way, | test my model by including year fixdtéets in the regressions.
Year dummies can control for potential time-specific conditions thay have
affected the funds’ performance, such as boom and bust periods. However, the
results are comparable, as can be seen in Table 22, and stilltsihggednormal

levels of overconfidence can be detrimental to the fund’'s future tmees

performance.

Table 22: Does fund-manager abnormal overconfidemcimpact subsequent mutual fund
performance?

(Inclusion of year fixed effects)

This table displays the results of panel regressminbuy-and-hold fund returns during th@03-09
period using the four Carhart factors (market exaegurn, SMB, HML, MOM) as well as fund-
manager expressed optimism, certainty and selferée dummy variables. The dummy variables
indicate that the fund belongs to the top decilednh category (e.g. top 10% overoptimistic, &tbg
optimism scores are based on the fund outlookaedte self-reference scores are based on the past
performance discussion section and certainty scaredased on the whole narrative. Two-tailed t-
statistics are reported in brackets.

Without year dummies With yvear dummies
Optimism -0.5194™ -0.5323"

(-1.98) (-1.85)
Certainty 0.1125% 0.1374

(1.67) (1.41)
Self-reference -0.2717° -0.2919"

(-1.79) (-1.70)
Overconfidence -0.4109* -0.3929*
metavariable (-1.77) (-1.68)

The relationship between the performance of mutual funds and their nrarest
styles is widely researched, as explained in chapter 2. To @btgineral perspective
on the role of fund managers’ overconfidence in this regard, | look attead
categories of investment styles, namely, growth and value. Tfasmation is
extracted from the funds’ Lipper objective codes as reported iCR®P database.

Table 23 reports the regression coefficients for optimism,iogrtand self-reference
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associated with each subgroup. The results suggest that highly oigenbgfowth-
oriented fund managers are more negatively disadvantaged by tibistatin terms

of subsequent returns, compared to their value-oriented peers.

Table 23: Investment style and the impact of overadidence

This table displays the results of panel regressmfnfund returns during in the 3 months following
the publication of the annual report on the fourh@at factors as well as fund-manager expressed
optimism. The optimism dummy variable indicatesttii®e fund belongs to the top decile in its
category. The funds are categorized by investnghg &s pelLipper Objective Code Two-tailed t-
statistics are reported in brackets.

Optimism Certainty Self-reference Overconfidence
Coefficient Coefficient Coefficient metavariable
Growth -0.614™ 0.1048" -0.3304" -0.4575*
(-2.47) (1.65) (-1.80) (-1.79)
Value -0.429" 0.1100 -0.2025" -0.4233

(-1.89) (1.51) (-1.69) (-1.59)

This finding is potentially interesting as it may suggest tgratvth-oriented fund
managers have more incentive and opportunity to become overconfidentuleyof
having to “believe” in and relate to the growth stories assamtiavith their
investments. However, a more detailed breakdown of fund investmésg ahd the
associated impact of excess net optimism on future returns caoreeuseful. One
may expect to find a similar general pattern suggesting that effect of
overconfidence on the future performance of a mutual fund depends, among other
factors, on where the fund is located along the value-growth investsigat

continuum.

A question that may arise here is the link between this findingrenévidence of
skill among growth-oriented fund managers. Chen, Jegadeesh ancei&/¢2H00)
and Kosowski, Timmermann, Wermers and White (2006) have shown that growth
oriented fund managers possess better stock-selection skills thasoviented

managers. Can it be then posited that growth-oriented fund managersimdse
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evidence of negative skill on the other side of the distribution? Andl ¢bisl be due
their susceptibility to certain behavioural biases such as oveleoc&? These
guestions obviously provide fertile ground for further empirical work in this area.

7.5 SUMMARY AND CONCLUSIONS

In the previous chapter, | demonstrated cross-sectional variagigygesting that
good past performance boosts overconfidence as measured by i@é presed which
is in line with theoretical expectations. In this chapter, lcadtto investigate the
dynamic relationship between fund managers overconfidence and tbenzerte of

their funds.

| ran Carhart four-factor regressions with overconfidence aad gummy variables
with results suggesting that excess overconfidence does indeed dimmarghly
returns following the publication of the annual report, assuming taegyelse is
held constant. This effect is robust across different investmgas salthough it is
stronger among growth-oriented funds. Incorporating average score$urid
manager overconfidence over the previous three years resultsiiar segression

coefficients, although relatively weaker.

The portfolio-tracking approach sheds further light on the dyrenfithis effect. In
general, there appears to be an inverted U relationship betweeronfidence and
subsequent investment performance. In particular, a hedging gtragsgd on
shorting funds with extremely overconfident managers and longing fumiths
normally (over)confident managers, on average, returns between 2.04% and 2.88%
per year, depending on which overconfidence proxy is used to make fundipsrtfol
Finally, it was observed that overoptimism and self-referencdikalg to be more
representative indicators of overconfidence than certainty, possiblyodine fact

that fund managers write their reports in a resolute tone by normal practice.
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CHAPTER 8 — CONCLUSIONS

8.1 INTRODUCTION

This chapter presents a summary of the findings made in hbsstand draws
conclusions relevant to the proposed research questions. The implicaititimes
research both for theory and practice as well as its limisiare discussed. Finally,

suggestions for areas of future research are provided.

8.2 SUMMARY AND DISCUSSION

In this thesis, | developed and tested a model based on the theamettrdiutions

of Gervais and Odean (2001) and Choi and Lou (2008). This model explains the
process by which financial agents become overconfident throughngaiout their

own ability and past performance. While financial agents maynitatlly recognize

their ability, in the course of time and with accumulating mogeegence, they
attribute successful outcomes to their superior judgements, ance felwxternal
factors or chance. Hence, financial agents “learn” to becomeaniitent through
time. We also know that fund managers cannot outperform systelyabietier than
chance, as the detailed review of literature in Chapter 2rdhgst The question that
arises is to what extent this effect may be due to the psghal factors
influencing the process of investment decision making, as opposed totmarke

characteristics.

In my empirical analysis, | test the hypothesis that excessivks lefveverconfidence
interfere with sound investment decision-making and thereby dimifusure
investment returns. In other words, everything else being equahecer fund
manager with higher levels of net overconfidence (after considénmgeffect of
prior performance) to experience lower future returns. Thereforegeheral null

hypothesis can be formed as follows:
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“There is no significant difference in the future investmentquarance of
mutual funds whose managers exhibit varying degrees of overconfidence
(proxied by overoptimism, excessive certainty, excessive eklfence) as

well as tone and readabilityeteris paribus

| used the well-known Carhart model as the base regression maest toy core
research hypotheses. The Carhart (1997) model builds on the Famh-Bree
factor model by adding prior-year momentum which, for the purpose of this research,
adequately captures the effect of previous performéndéerefore, the general
approach would be to add the overconfidence measure as independerg vauiaél
Carhart model, and then to regress the average monthly retiyssgsient to the
publication of the annual reports accordingly. Hence, the feifatOG) is added to

the RHS of the Carhart model below. | use two empirical approachesestigate

this effect: theportfolio-trackingapproach and thealendar-timemethod:

E(Ry) — Rg = By + BulE(Rmt) — Rg] + BuE(SMBy) + GaE(HML; ) + G4 E(MOM;)

+ B5;OPTIMISM; + SgCERTAINTY, + B7SELF-REFERENCE,

Several findings are explained in the thesis. Firstly, consistéht theoretical
expectations, the regression coefficients for all the threeaFraemch factors as well
as the momentum factor are significant at the 1% level aatbsisree panels. The
positive coefficients in the case of Fama-French factors irdittet funds with
investments in smaller, high beta, value-oriented stocks tend tohigtver excess
returns. Secondly, and more interestingly, the results indicate hthlding the
portfolio with the highest OPTIMISM scores leads to negative ab@loemcess
returns to the extent of around 0.84% per year (significant at thelex@®. The

corresponding negative abnormal excess returns for CERTAINTY and--SE

“LIn discussions with Prof. Cuthbertson (Cass) araf. Fraffler, it was agreed that a four-factor
regression model such as Carhart should have ameqgauracy in studying the impact of fund
manager psychological attributes on investmenioperdnce.
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REFRENCE are, respectively, 1.56% and 0.36% per year. More broaghgsal
corresponding to the P4, P5 and P10 decile portfolios sorted on fund manager
OPTIMISM as well as P5 and P6 in the case of CERTAINTYsagaificant at the

10% level.

Thirdly, a hedging strategy based on shorting funds with extremedyconfident
managers and longing funds with normally (over)confident managemnse on
average, 2.88%. On the other hand, another hedgiatggy based on shorting funds
with extremely overconfident fund managers and longing funds withlahst
confident fund managers captures between 11 to 23 basis points per mentlotas
the overconfidence proxy employed. In combination, the two strategiges an
inverted U-shape relationship between overconfidence and performanee. Thi
relationship can be best displayed by plotting the portfolio-specific Galpéuas for

each of the overconfidence proxies, as displayed again in figure 22 below.
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Figure 22: The effect of prior-year overconfidencen average abnormal excess returns (an
inverted-U relationship)

(P10 is the annually ranked portfolio of funds wiitle highest overconfidence scores)

In chapters 5 and 6 of the thesis, | explored the effect egssling attribution bias
among fund managers by analysing their reports in the lightheir tprior

performance. What can be generally learnt, from the perspeatigenre analysis
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and corpus linguistics, is that fund managers write their reporntstinguishably
different genres depending, among others, on their past perfanneoacrd, their
size and their investment style. My hypothesis regardingedience of distinct
rhetorical genres in fund manager reports is supported using a nwihbesss-

sectional tests.

In addition, | established in a longitudinal study that the overatinemic
environment in which fund managers operate does influence the rhetduadf
manager reports in aggregate. The results also provide support fBolthanna
hypothesis; particularly among a number of categories such ssnkdgng funds
(Table 1 is included at the end of this document as a represerda#iugple). For
instance, the keywords “market” and “economy” are more frequeistyl among
funds with negative absolute returns, and the least profitable funihe ipositive
return category. These observations seem to suggest that fund ensaning
aggregate, refer to the market and the economy as externahpantm detractors in
a self-serving way, which is consistent with the anecdotal esdbased on close-
reading mutual funds. The frequency of use for “index” yieldsralai conclusion,
i.e. fund managers tend to make benchmark comparisons more frequently whe
performance is in the negative domain, and in doing so they stateghift the
reader’s attention away from the fact that they have, in fagt,phoney by investing
in the fund.

These findings, together with the evidence on readability,cansistent with the
close-reading evidence also presented in the thesis. To a etait, one may be
able to conclude that fund managers strategieal|yst the overall tone and rhetoric
of their reports in a self-serving way. However, it is equallgusible for this
behaviour to stem from the unconscious psychological processes thhenmaplay
in the minds of fund managers, since, as it is often demonstrated istuly, the
underlying investment story can be an excellent sense-making iewpiefar

professional investors in general.

165



8.3 RESEARCH IMPLICATIONS

My research results have a number of theoretical implicatiarstlyt- the results
suggest that the predictive power of a multi-factorial asseingrmodel such as
Carhart’'s can be enhanced by adding independent risk factors prdayimyestor

psychology to the RHS of the model. To my knowledge, this is theifistance in
the literature where fund manager psychology is quantified acmuated for in a

traditional asset pricing model.

The finding of an inverted-U relationship between overconfidence andgudrge
performance is consistent with the theoretical model proposed imirS2009)
which illustrates the log-change of a measure corresponding toooWielence bias.
This finding also resonates with the relevant literature in atberains such as sport

psychology, as described in chapter 2.

The results from the corpus-linguistic study of fund manager caortames, which is
another part of the thesis, demonstrate that the narrativersexftimutual fund
annual reports does have sufficient stability in patterns of usabge considered a
distinct genre of finance and accounting narrative. However, tisefar less
uniformity in the structure and contents of investment company anepalts
compared to mainstream corporate annual reports (10-K). The pyedesihed
guidelines for preparing a 10-K report do not have an equivalent in theainfund
industry. Given that investment companies can, in theory, use thieldletructure
of the annual report as a vehicle for impression management insgitkieee seems
to be a strong case for demanding more regulation regarding inwestorapany
annual reports. Along similar lines, | believe that the SEC-propBtad English
guidelines which came into force in 1998 should be made mandatory notoonly f
prospectuses, but also for other investment company disclosurewititethe SEC

including the annual report.

In terms of practical implications, retail investors can bérfefim the research
results by starting to think more seriously about fund manager psgghathen
choosing their fund manager. Investing in mutual funds, as any othetiargsan

financial markets, is inherently associated with significant aicey. Nevertheless,

166



the research results of this study seem to suggest thaimetsitors are perhaps well
advised to stay away from funds whose managers exhibit a high tével

overconfidence in their annual reports.

The investment industry as a whole, and fund trustees in particalaalso benefit
by introducing some type of psychological screening in the fund gearselection
process. The hiring of fund managers, in its traditional formeawvity dependent on
the manager’s past performance record. In fact, a 2010 survey aividStment
committees performed by a major investment hGuéists the top five factors

influencing the hiring decision as:

Perfarmance 94%

Style consistency

E

Consistency in portfolio
manager’s business

Continuity in invastmeant
managemeant staff

3

Investment management fees

3

Figure 23: Top five factors in hiring investment managers

The same survey reveals that the average length of fund maesg@ion in the

industry is 5.8 years:

“2vanguard Institutional Investors, the summarywfsy results can be found at:
https://institutional.vanguard.com/VGApp/iip/sitegtitutional/researchcommentary/article?File=New
sHireFire
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Figure 24: Average length of relationship with anmvestment manager

Hence, hiring and firing decisions are highly important in the mdiunal industry. |
argue that by adding certain psychological attributes to sheficritical factors in
hiring fund managers, investment companies can raise their chahcesruiting
more “successful” managers. What is more, psychometric testdraady the norm
in the recruitment process of most companies. Firms have bdengmacreasing
use of psychometric tests as part of the selection processoliovgcancies.
Psychometric tests attempt to measure the abilities, aésippersonality traits and

various skills of the candidates under consideration for particular vacancies.

The findings of this thesis can have important implications fiord rating
companies. Currently, as explained in chapter 2, despite the powedafturgs to
influence asset flows in relation to mutual fund, there are doubts as tpréactive
ability. In addition to the shortcomings pointed out by Amenc and Le S80fb),
fund rating systems have to deal with a number of other dilemfRoasexample,
while using broad categories to divide the funds into peer groups comspsomi
accuracy, it is equally challenging to identify similar fundse allocated to narrow

groups. Moreover, in order to be able to properly classify funds, pgwetfolio
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holdings need to be known throughout the whole evaluation period, which is not

feasible most of the tim&.

One aspect of the common fund rating methodologies that can be improvgthes
research findings of this thesis is the potential for incorpayatemtain fund-manager
specific psychological attributes in the rating system.ditti this new system need
not replace existing ratings; rather it should help produce amnative, more
comprehensive rating methodology. Indeed, variables such as fund manager
overconfidence can be added to existing performance-relateccsngtrenable an

increased predictability of future investment returns.

8.4 RESEARCH LIMITATIONS

Empirical studies in accounting and finance, as in any otheradressearch, may
have limitations in their scope and methods used, and by extensioniy iresosts.

This study uses novel methods in an emerging area of behaviouradjrend is
therefore no exception in this regard. In this section, the reskaititions known

to the researcher are pointed out, and some areas for potentiat fagbarch are
identified.

8.4.1. LIMITATIONS RELATING TO CONTENT ANALYSIS AND THE DICTION
PROGRAM

Content analysis as a research methodology has its own bgeargt weaknesses.
Fundamentally, content analysis is based on the assumption thatdoade people

choose to express themselves in contains information about the nattheirof

3 Another issue concerns the identification of adfarstyle. While the classification of a security
along the value/growth continuum is neither objecthor stable, the fund manager’s self-declared
style can be equally misleading. For example, & stgalysis on a sample of 748 funds performed by
diBartolomeo and Witkowski (1997) demonstrates #@f6 of the funds belong to a category other
than the one declared. Similarly, Cooper, GulenRaghavendra Rau (2005) report that a significant
number of mutual funds change their names onlyeteefit from the current hot investment styles. A
year after such a name change, the fund experieanc28% average cumulative abnormal flow,
although no improvement in performance is madeallinSensoy (2009) conducts a similar study
that shows a mismatched size and value/growth Imeaidhis reported by about one third of actively-
managed, diversified US equity mutual funds.
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psychological states. A large body of literature on narrativalyais, both in
psychology and more specifically in the area of accounting awadde, is built on
this core assumption. The alternative assumption, however, is thabrenental
circumstances may shape verbal and written communication iayathat may

render the underlying psychological states of individuals untraceable.

A potential weakness of large-scale computer-assisted contepsianalrelated to

the computer programs used to analyse textual data. For exammié content
analysis software packages such as DICTION rely on woguémcies and word
categories to imply intended meaning. This approach, of course, igerfectly
accurate, yet it is a compromise that allows researchexsagse large amounts of
textual data in a practical way. To circumvent such problemsyd h#empted, in
chapter 5, to triangulate the results of computer-assisted snaitts manual coding

and close-reading methodologies on a random sample of the annual reports studied in

this thesis.

A few other points have to be made here. Firstly, any content analysiarprbgs to

deal with the issue of homographs. While DICTION has a built-inufeathat
enables it to make context-dependent judgements on homographs, anarehieref
superior to most other comparable packages, human coding can obviously lead t

more accurate results.

Secondly, DICTION makes use of pre-defined dictionaries whichmoaglways be
perfectly tuned to specific research needs. The program alsosaliser-defined
dictionaries which clearly increase flexibility. Although tberrent study has not
taken advantage of this feature, | believe that this should notdeatebuted to any
significant inaccuracy since almost all of the fund rankings emwchparisons
performed are within sample, and therefore such biases should halecanselled

out in the process.

Thirdly, for each of the content analysis variables, DICTION specliresholds and
declares values exceeding those thresholds as “out of range”, assaumorgal
distribution for the underlying scores. While this is a usefulufeatresearchers

should examine the distribution normality of the content analysis sbaferehand
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(a step taken in this study). More importantly, DICTION threshatdsby definition
static whereas, ideally, the researcher can improve theaagcof the results by
defining dynamic thresholds for time-series data depending oketnanvironment

and investor sentiment at any given observation Hate.

8.4.2. LIMITATIONS RELATING TO THE EMPIRICAL APPROACH

The findings in this thesis have to be interpreted with sonmed tdvcaution. Given
that the conceptual model proposed in Chapter 2 of the thesis elisnretain
contextual variables that are highly intangible and hence véigudti to quantify,

correlations between psychological attributes and investment parioemcan be

influenced by a number of potential confounding factors.

For instance, the organisational setting in which fund managers operatdy

briefly described in Chapter 5. Further research can look at thgseisational
variables and more closely study their impact on fund managewibahaFor
example, it is valid to ask to what extent fund managers maketnmeessdecisions
individually and/or to what extent their decisions are influencearb overarching
investment philosophy communicated by directors of the financial @afsomn.
Equally, a more careful examination has to be made in relation to those funds that are
run by a group of fund managers. One might wonder to what extastotemaking
activities are shared in such funds, and how individual fund managens wit
potentially different investment ideas manage to influence thal finvestment

outcomes. All of these questions provide fertile areas of future research.

With regard to empirical issues, | have used the calendamtietieod in part of the
empirical analysis in this thesis. A word on the limitations o tapproach is
therefore necessary. The statistical robustness of the catlendaanalysis comes at

a cost. The calendar time approach is restricted to analysimgla, binary investor
characteristic (Hoechle, Schmid and Zimmerman, 2009). Althoughsibrizetimes
possible to segregate investors or firms naturally into twa-cl#agroups such as
men and women (e.g., Barber and Odean, 2001), some research questionsheequire

4] am grateful to Dr. Lucy Liu for making this conemt.
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researcher to analyse continuous or multivariate investor or firanacteristics.
Researchers often circumvent this limitation, as is done hgrdirst segregating
investors into sub-groups, such as deciles or quintiles, and then meathging
performance for each of these sub-groups independently based otetigacéme

approach.

However, such portfolio-rankings have a number of drawbacks. Hoechle et al explain
that due to the lack of a natural grouping criterion, the resultiogpgdefinitions

may be somewhat arbitrary, and an analysis based on this methtmlldgalimited to

only a few investor characteristics in order for the number of solpg not to
become too numerous. In addition, it may be challenging to fullypirgerthe
statistical results of an analysis based on portfolio sortstlaefore, for simplicity,
statistical inference is often based on comparing top and bottom sub-groups.

The Carhart four-factor model, which is the core asset prigindel used in this
study, is of course not without some weaknesses in certain ampleawhile the
momentum factor is an important addition to the Fama-French thcesr imodel, in
essence, it consists of a persistence test. Fama and Frenchd@&fli}hat testing
for persistence in fund returns, i.e. whether past winners continueperfoum and

losers continue to underperform, is not a suitable approach to distingugiing
from luck. While this thesis does not seek to enter the skilusdigck debate, it is
worth pointing out that persistence tests often rank funds on shortgasn
performance, and therefore there may be little evidence ofsfgrse since the
allocation of funds to winner and loser portfolios is largely based asendihe

alternative approach used in more sophisticated empirical studipsrfofmance
measurement, as in Fama and French (2010), consists of using |lamgehist

individual fund returns together with bootstrap simulations of return haston

order to infer the existence of superior and inferior funds.

172



8.5. AREAS OF FURTHER RESEARCH

A potentially rich area for further research in the contexhisf thesis is the mutual

link between overconfidence, fund flows and performance. In the conceptudl mode
used in this study, the simplifying assumption was made that abhorma
overconfidence affects the quality of investment decisions, and xbgnson
investment returns, through three intermediate variables groundesyahgbogy
(anxiety, concentration and motivation). However, a more complicatedrepict
emerges when one considers the fact that superior past pemfoems often
associated with increased fund inflows, and inferior past performanadten
associated with increased fund outflows. In other words, one may efymett
inflows and outflows to be another set of intermediate variablesighrwhich the

performance of an overconfident fund manager may suffer.

The issue of performance persistence in the negative domain aladegr fertile
ground for future research. While the evidence is mixed with regargersistence
of performance, the bulk of prior research appears to agree ¢haing stock
selection skill exists only among a very small number of fund gesaif at all.
However, persistence of performance in the negative domain is stanegly
observed, with some studies suggesting that inferior fund managenstarerely
unlucky; rather they demonstrate “bad skill” (e.g. Cuthbertson, d¢fiezsand
O'Sullivan (2008), using 1975-2002 mutual fund data). One might naturally ask:
“Could abnormal overconfidence be a component of this bad skill?” Whe#uer
skill is due to lack of relevant experience and knowledge, susceptitailicertain
behavioural biases such as overconfidence, other factors or even praabm

down to luck, is clearly a very researchable area.

Overconfident fund managers can be classified in a number of waggtained in
section 2.5 of the thesis. This depends, among others, on how overconiglence
defined and measured in the first place. In this study, | focisne extent, on the
value/growth distinction. However, one can equally examine passikerhanagers
as a control group for the main study. In other words, if we hold ontthélsés that
overconfidence develops through active investment decision-making, awe c

normalize the overconfidence measures using any observation of tlablean
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passive managers. That is to say, any given fund manager is ordgmaigent by as
much as his or her measured overconfidence level exceeds thategjuiaalent
passive fund manager. Since | have initially excluded passive fundge@nfrom
my study sample, this approach was not chosen in the thesis. Howeagr clearly

provide an interesting area for further research.

With regards to hedge funds, measuring overconfidence followingnétieods used
in this study can prove challenging since it is quite diftital access hedge fund
manager reports in any systematic way. Hedge funds, comjganegtual funds, are
not as transparent in reporting to their investors. In addition, hedge dtmdsibject
to far less stringent SEC disclosure requirements. Howeveumass that data
access issues are resolved, hedge funds can provide a fertile ¢postddy of
manager reports. This is because hedge fund managers are suplessediytricted
in writing to their clients as their reports are not e in the public domain.
Hence, one may argue that hedge fund reports can provide mantfacinferring

psychological attributes from narratives.

Further research can also include an additional set of contrabiesion the RHS of
the asset pricing model. Glaser and Weber (2010) list a numbactofd that are
generally considered to have an influence on the actual level of dodlvi
overconfidence. These factors include, among others, gender, cuiaitabidity of

relevant information, monetary incentives and individual expertise.

Another possible area for further investigation is the effect ofcoméidence on
compensation contracts and vice versa. Gervais, Heaton and Odean (g0&hat
overconfidence has different effects on managers depending omnisheappetite.
For example, since a risk-averse manager’'s overconfidence ntakesless
conservative, it is easier and cheaper to encourage him to puabisble risky
projects. Interestingly, “when compensation endogenously adjusts dotretltside
opportunities, moderate levels of overconfidence lead firms to dfeemtanager
flatter compensation contracts that make him better off. Ovedmnifimanagers are
also more attractive to firms than their rational counterpadause overconfidence
commits them to exert effort to learn about projects.” Whileahthors present a
model where overconfidence can increase value by aligning incendinds
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mitigating moral hazard, they also conclude that too much overconfideasea
negative effect since it leads managers to accept highly conwepensation
contracts that expose them to excessive risk.

Further research can address a number of limitations in thealéation process.
For example, a number of mutual funds with annual reports not easdgsble in
electronic format were deleted from the sample. These fundsecadded back into
the sample through further retrieval attempts. In addition, toaserthe sample size
and inter-observation frequency, future researchers can collechratgse semi-
annual reports in addition to annual reports. Doing so will reduce thdiatura
between overconfidence observations to six months. However, the downsiie of
approach is that semi-annual reports do not always have the sdmessicof

narrative information as annual reports.

Finally, further work can explore a number of avenues relateldetacurrent study.
Detailed breakdowns on fund sectors or fund families can potentialtgal
interesting results. Additionally, one can explore a similapseatutual funds based
in a different location (e.g. UK) to look for possible cross-cultditierences in the
propensity for overconfidence. Assuming the availability of discloslata, hedge
funds can also prove a rich area for studying fund manager ofidermee. This is
because the nature of investing in hedge funds and the distinct seafunedge
funds as investment vehicles may drive hedge fund managers to éoanore
emotionally associated with their investments, and thus overconfidancgssume a

more pronounced role in professional investment decisions.
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APPENDICES

APPENDIX 1: AN EXAMPLE OF FUND MANAGER COMMENTARIES STUDIED

The financial statements that make up the Annual Report give us an opyaiduni
review what has happened and give insight into what may happen. For the twelve
months ending September 30th, 2009, the Growth & Income Fund was up
8.64%. This compares favorably with the S&P Index down 5.91% for the same
period.

In preparing to write this letter, | review the previous yedgsier to note what
concerns were driving the markets at that time. September 30th, 2008 théafinanc
meltdown was intensifying and accelerating. Peeling back the financial onion
revealed numerous economic short-comings. Once the finger pointing begas, it w
obvious who was to blame — everyone. Greedy Wall Street, consumer®rying
mortgage applications, real estate speculators, bankers that didn’t knowrshe fi
thing about banking, regulators “in bed” with those they were regulating, a
Department of Treasury bought and paid for by the hedge fund industry, and the
likes of Goldman Sachs. Additionally, “challenged” regulators ignored abusive
trading practices and couldn’t catch Ponzi king Bernie Madoff even when his
shenanigans were presented to them on a silver platter.

The markets continued their free fall for the next six months bMabgh the stock
market had reached an emotional low point. The financial meltdown of 2008-09 had
established itself firmly in the history books as a true financaigisc Fear, panic

and then capitulation created a classic buying opportunity. Our Elite Growth &
Income Fund declined more severely than most funds but we did coaetitipate

that the financial crisis was not the end of the world. We positioned oudolpmtb

take advantage of Government recovery programs and the subsequently expected
stock market rally. For the next six months from March to the ertediscal year
(September 30th,) the stock market and our Elite Growth & Incouorel Fhad
significant recoveries. As indicated earlier, the Growth & Income Fuad up
8.64% for our fiscal year while the stock market was still in negative territory.

The obvious question is; where do we go from here? As | indicated in my las
shareholder letter, we believe it would be prudent to strike a notawfon. The
recovery from the March lows have been significant but to assunaslta@ce will
continue unabated would be a mistake. In reviewing the enclosed Annual Report,
you will see that we hold a large part of our portfolio in cash, in the form of Treasury
Bill investments. We also have dedicated funds to health care, belitheng
confusion surrounding healthcare issues have depressed healthcare stodkg eeat
great investment opportunity. We are also staying with our investmeimsmcial
stocks, specifically insurance stocks. For the new fiscal yebelieve we have
positioned our portfolio to capture the appreciation potential in a number of
undervalued investments. Our large cash position allows us the flextbilggize
investment opportunities if the stock market were to have a sagtifdecline or
correction. We look forward to the new fiscal year and believe it will be rewarding.
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APPENDIX 2: DEFINITIONS OF DICTION VARIABLES USED IN OPTIMISM
AND CERTAINTY MASTER VARIABLES

(Source: Diction 5.0 User’'s Manual)

TENACITY: All uses of the verb to bas{ am, will, shall, three definitive
verb forms fas, must, doand their variants, as well as all associated
contraction’s Ke'll, they’'ve, ain). These verbs connote confidence and
totality.

LEVELING: Words used to ignore individual differences and to buildaee
of completeness and assurance. Included are totalizing tewesyljody,
anyone, each, fully adverbs of permanencalWays, completely, inevitably,
consistently, and resolute adjectivesir(conditional, consummate, absolute,
open-and-sht

COLLECTIVES: Singular nouns connoting plurality that function to decrease
specificity. These words reflect a dependence on categamcales of
thought. Included are social groupingsofvd, choir, team, humanjtytask
groups army, congress, legislature, staind geographical entitiesqunty,
world, kingdom, re public).

INSISTENCE: This is a measure of code-restriction and secnant
contentedness. The assumption is that repetition of key terms ewliaat
preference for a limited, ordered world. In calculating the oreasll words
occurring three or more times that function as nouns or noun-derived
adjectives are identified (either cybernetically or with tiser's assistance)
and the following calculation performed: [Number of Eligible WoxdSum

of their Occurrences] + 10. (For small input files, high frequerems used

two or more times are used in the calculation).

NUMERICAL TERMS: Any sum, date, or product specifying thet$ain a
given case. This dictionary treats each isolated integer igla svord and
each separate group of integers as a single word. In addition, tiomalig

contains common numbers in lexical formané, tenfold, hundred, zeray

well as terms indicating numerical operatiorssibtract, divide, multiply,
percentage and quantitative topicsdigitize, tally, mathematics)The

presumption is that Numerical Terms hyper -specify a ¢l#ios detracting
from its universality.

AMBIVALENCE: Words expressing hesitation or uncertainty, imptyia
speaker’s inability or unwillingness to commit to the verbalwatbeing
made. Included are hedgesllégedly perhaps, might statements of
inexactnessalmost, approximate, vague, somewhemed confusionkiaffled,
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puzzling, hesitate)Also included are words of restrained possibilitpyld,
would, he’d and mysterydilemma, guess, suppose, seems).

SELF-REFERENCE: All first-person references, including'd, I'll, I'm,

I've, me, mine, my, myselfelf-references are treated as acts of indexing
whereby the locus of action appears to reside in the speattaroann the
world at large (thereby implicitly acknowledging the speakelinsted
vision).

VARIETY: This measure conforms to Wendell Johnson’s (1946) Type-
Token Ratio which divides the number of different words in a passatieeby
passage’s total words. A high score indicates a speaker’s avoidénce
overstatement and a preference for precise, molecular statements.

PRAISE: Affirmations of some person, group, or abstract entigjutied are
terms isolating important social qualitiedeér, delightful, witty)physical
qualities (ighty, handsome, beautifuijitellectual qualitiesghrewd, bright,
vigilant, reasonable),entrepreneurial qualitiessiccessful, conscientious,
renowned, and moral qualitiesfdithful, good, noblg All terms in this
dictionary are adjectives.

SATISFACTION: Term s associated with positive affectitatess ¢heerful,
passionate, happinesswith moments of undiminished joyh@nks, smile,
welcomé and pleasurable diversioaxcited, fun, luckypr with moments of
triumph (elebrating, pride, auspicious)Also included are words of
nurturancehealing, encourage, secure, relieved.

INSPIRATION: Abstract virtues deserving of universal respbtiast of the
terms in this dictionary are nouns isolating desirable moral spglftith,
honesty, self-sacrifice, virtheas well as attractive personal qualities
(courage, dedication, wisdom, mercyjocial and political ideals are also
included:patriotism, success, education, justice

BLAME: Terms designating social inappropriatenes®edn, naive, sloppy,
stupid as well as downright evifgscist, blood-thirsty, repugnant, maliciqus
compose this dictionary. In addition, adjectives describing unfortunate
circumstances b@nkrupt, rash, morbid, embarrassjngor unplanned
vicissitudes \yeary, nervous, painful, detrimentalre included. The
dictionary also contains outright denigratiosuel, illegitimate, offensive,
miserly.

HARDSHIP: This dictionary contains natural disastersarihquake,
starvation, tornado, pollution)hostile actionsk(llers, bankruptcy, enemies,
viceg and censurable human behavioufidelity, despots, betraygllt also
includes unsavoury political outcomesnj(stice slavery, exploitation,
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rebellion) as well as normal human feargri€f, unemployment, died,
apprehensionand in capacitieefror, cop-outs, weaknegs

DENIAL: A dictionary consisting of standard negative contracti@ren’t,
shouldn’t, don’}, negative functions wordsngr, not, nay, and terms
designating null sets16thing, nobody, none

ACCOMPLISHMENT: Words expressing task-completi@stéblish, finish,
influence, proceedand organized human behavioundtivated, influence,
leader, manage)includes capitalistic termdy, produce, employees, sell),
modes of expansiongfow, increase, generate, construcfioand general
functionality andling, strengthen, succeed, outputd)so included is
programmatic languagagenda, enacted, working, leadership
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APPENDIX 3: A SELECTION OF SCHOLARLY RESEARCH USING THE DICTION
5.0 SOFTWARE
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APPENDIX 4: THE JAVA PROGRAM USED TO EXTRACT MUTUAL FUND
ANNUAL REPORTS FROM EDGAR

The following is a simple Java code | developed in collaboratigh @r. Mark
Greenwood (Manchester Business School) that can be used tolaegel mumber of
webpages with known URLs and save them in a desired location. Thamprogn

also choose to save an alternative URL if the first address is invalid ongniksa.

/I URLreader.java

I/ java.sun.com/docs/books/tutorial/...

import java.net.*;

import java.io.*;

public class MultURLfiler3

{
FilelnputStream fis = null;
FilelnputStream fi2s = null;
FilelnputStream fws = null;
FileOutputStream fos = null;
FileOutputStream fes = null;
PrintWriter err = null;

boolean URLtester (String givenURL)

{

try {
URL url = new URL( givenURL );

BufferedReader in = new BufferedReader(
new InputStreamReéade
url.openStream() ));

String inputLine;

/] Test reading data from URL
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inputLine = in.readLine();
in.close();
return true;

}

catch (MalformedURLEXxception e) {
System.out.printin("URL problem " + e);
err.printin("URL problem " + e );
err.printin(givenURL);
return false;

}

catch (IOException e2) {
System.out.printin( "IOException tester &2 );
err.printin("lIOException " + €2 );
err.printin(givenURL);

return false;

}
void URLfiler (String givenURL, String fname)
{

try {
URL url = new URL( givenURL );

fos = new FileOutputStream( fname );
BufferedReader in = new BufferedReader(
new InputStreamReéade
url.openStream() ));
PrintWriter out = new PrintWriter(fos);
String inputLine;
while ((inputLine = in.readLine()) hull)
out.printin( inputLine );
in.close();

out.close();
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}
catch (MalformedURLEXxception e) {

System.out.printin("URL problem " + e);
err.printin("URL problem " + e );
err.printin(givenURL);

}

catch (IOException e2) {
System.out.printin( "IOException filer " 2 ¢;
err.printin("lIOException " + e2 );

err.printin(givenURL);

}
public MultURLfiler3 (String fnameurl, String fm@eout, String alturl)

{
/I this.theURL = givenURL;

try {

fis = new FilelnputStream(new File(fnameqrl)

fws = new FilelnputStream(new File(fnameqgut)

fi2s = new FilelnputStream(new File(altyrl)

fos = new FileOutputStream("testout.txt");

fes = new FileOutputStream("errors.txt");

//Object content = urlcon.getContent();

/ISystem.out.printin(content);

BufferedReader in = new BufferedReader(
new InputStreamReéde
fis ));

BufferedReader in2 = new BufferedReader(
new InputStreamReéade
fws));

BufferedReader in3 = new BufferedReader(

new InputStreamReéade
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fi2s));
PrintWriter out = new PrintWriter(fos);
err = new PrintWriter(fes);

String inputLinel, inputLine2, inputLine3 ;

while ((inputLinel = in.readLine()) != nul)
inputLine2 = in2.readLine();
inputLine3 = in3.readLine();
if ( URLtester(inputLinel) X
out.printin( "Copy " + inputLinel +86 " + inputLine2 );
System.out.printin( "Copy " + inputieil + " to " + inputLine2 );
URLfiler( inputLinel, inputLine2 );
}
else {
out.printin( "Copy " + inputLine3 +08 indx" + inputLine2 );
System.out.printin( "Copy " + inputieid3 + " to indx" + inputLine2 );
URLfiler( inputLine3, "indx" + inpuibe?2 );
h
}
in.close();
in2.close();
in3.close();
out.close();
err.close();
}
catch (IOException e2) {
System.out.printin( "IOException " + €2 );
err.printin("lOException main” + e2 );

err.printin(fnameurl);
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public static void main (String[] args) {
System.out.printin( "start" );
System.out.printin( args[0] + " - " + argsf] alt " + args[2] );
new MultURLfiler3( args[0], args[1], args[R]

System.out.printin( "finish" );
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APPENDIX 5: LEADING EQUITY MARKET INDICES PROXYING FOR
ECONOMIC CONDITIONS DURING THE STUDY PERIOD

\J
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PLAIN ENGLISH READABILITY MEASURE

Jargon/technical terms

proprietary drug

intravenous solutions

logistics capabilities

coordinated manufacturing
and distribution efforts

proprietary medicines

vertically integrated cost-
efficient providers

revenue synergies

lower margin

products utilization realigning
sales forces

centralized management
information systems

profit-enhancing synergies

global platform

Legalese

definitive agreement

consummation

those preceded by

herein

set forth under

by such forward-
looking statements

without limitations

cease to conduct

completion of the
combination

commencing

hereinafter so
surrendered

defeased

as amended

qualified in its entirety

APPENDIX 6: LEGALESE AND INDUSTRY JARGONS USED TO COMPUTE THE

Source: SEC Staff Legal Bulletin faitp://www.sec.gov/interps/legal/cfslb7a.htm
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