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The neoclassical finance theory suggests that investors act rationally and even if some investors
do not act rationally, their actions tend to offset each other. Sentiment is not considered to affect
stock prices. Behavioral finance has tried to broaden the traditional view by incorporating the
effects of human actions and psychology. In this view, people are not entirely rational and are
regarded to be influenced by the actions of other market participants and by the prevailing investor
sentiment. This thesis studies the effects of investor sentiment in the Finnish stock market in the
new millennium. Factors that influence the behavior of investors and cause the formation of
investor sentiment are presented, as well as the possible consequences of sentiment extremities. The
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relationship between investor sentiment and portfolio returns is examined by conducting regression
analyses. The results indicate that investor sentiment has an influence on the returns of stocks and
especially among smaller stocks and less volatile stocks. Sentiment has a larger influence during
extreme levels of sentiment and particularly during extreme pessimism.

The effects of investor sentiment were at least partially as proposed by the behavioral finance
theory and in line with previous literature, although the effects on returns were not strong. Hence, it
is evident that investor sentiment can hardly be used to form a systematically profitable trading
strategy. Nevertheless, investor sentiment is related to the returns of portfolios in the Finnish stock
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Tiivistelméa

Perinteinen rahoitusteoria olettaa, ettd sijoittajat kdyttdytyvit keskimédrin rationaalisesti. Vaikka
kaikki markkinaosapuolet eivit toimisikaan rationaalisesti, markkinavoimat palauttavat osakkeiden
hinnat oikeille, fundamentaalisille tasoille. Kuitenkin useat porssikuplat ja kriisit herattavét
kysymyksen markkinoiden rationaalisesta luonteesta. Kdyttaytymistieteellinen rahoitus on pyrkinyt
laajentamaan perinteisen rahoitusteorian viitekehysté ottamalla huomioon ihmisten kdyttaytymisen
vaikutukset osakemarkkinoilla. Thmisten oletetaan olevan alttiita markkinatunnelman vaikutuksille
ja kéyttdytyvan laumamaisesti epdvarmuuden vallitessa. Tutkielmassa etsitddn vastausta sithen, etté
vaikuttaako markkinatunnelma osakkeiden tuottoihin lyhyelld aikavélilld Helsingin porssissd ja
esiintyykd markkinoilla markkinatunnelmaan liittyvdd osakkeiden yli- tai aliarvostusta.
Tutkielmassa esitelldin markkinatunnelmaan ja sijoittajien kéyttdytymiseen vaikuttavat tekijét ja
pohditaan ddrimmadisen markkinatunnelman vaikutuksia.

Aineisto tutkielmassa koostuu vuosien 2000-2008 porssituotoista ja
markkinatunnelmamuuttujista samalta ajanjaksolta. Markkinatunnelmaindeksi muodostetaan
padkomponenttianalyysin avulla, jolloin useiden markkinatunnelmamuuttujien yhteisvaihtelu
voidaan tiivistdd yhdeksi muuttujaksi. Epérationaalista markkinatunnelmaa kuvaava indeksi
saadaan, kun alkuperdisestd indeksistd poistetaan makrotaloudellisten tekijoiden vaikutus
regressioanalyysin keinoin ja regressiojddnnoksistd luodaan uusi indeksi. Markkinatunnelman ja
portfolioiden tuottojen suhdetta tutkitaan regressioanalyysin avulla. Tulokset osoittavat, etti
markkinatunnelmalla on vaikutusta Suomen osakemarkkinoilla. Vaikutus on suurempi, kun
markkinatunnelma on voimakkaampi ja erityisesti sen ollessa pessimistinen.

Markkinatunnelman vaikutukset osakkeiden tuottoihin olivat osittain kéyttdytymistieteellisen
rahoitusteorian mukaisia, mutta vaikutukset tuottoihin eivét olleet suuria. Taten markkinatunnelmaa
el pysty kiyttdmédn systemaattisena kaupankidyntistrategiana, mutta tutkimustulosten perusteella

markkinatunnelmaa voidaan pitdd osakkeiden hintoihin vaikuttavana tekijéna.
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1 INTRODUCTION

1.1 Background

The traditional finance theory assumes that investors make rational decisions based on
careful probabilistic estimates and by weighing different options rationally. Even if not
every market participant acts rationally, their actions tend to offset each other. The stock
prices reflect the expectations of future cash flows and if the stock price deviates from
the fundamental value, the rational arbitrageurs will take advantage of the situation and
return the stock price to its balanced, fundamental price. One cannot earn abnormal
profits without taking greater risk. Sentiment does not play any role in the traditional
framework (Schmeling 2009, 395).

Numerous historical market bubbles and crashes plant a seed of doubt to the ratio-
nality of the stock market. The stock markets are comprised of people and people tend
to get overly optimistic or pessimistic occasionally. The US stock market rose eightfold
between 1982 and 2000 and fell by half between 2000 and 2008. These sorts of move-
ments might be justifiable on individual stock level but hardly on an aggregate market
level even if all the necessary variables in economic conditions are taken into account
(Akerlof & Shiller 2009, 127).

Behavioral finance has tried to broaden the view of the traditional finance theories by
taking human actions and behavioral tendencies into consideration. The behavioral
finance researchers have augmented the traditional finance models with two assump-
tions: the first assumption is that investors are subject to sentiment. The second as-
sumption is that betting against investors that are prone to sentiment can be costly and
risky (Baker & Wurgler 2007, 129). Investor sentiment can be defined as the mood and
expectations of investors or how bullish (bearish) they are. Investor sentiment can also
be seen as a belief of future cash-flows and risks that cannot be justified by rational
expectations and known facts (Schmeling 2007, 128; Baker & Wurgler 2007, 129).

Small investors are considered to be most affected by sentiment and are more likely
to make their decisions on more emotional basis than larger or institutional investors.
Investors that make their investment decisions based on irrelevant information and
emotion are considered as “noise traders” (Black 1986;Lee, Shleifer & Thaler 1991).

If the effects of investor sentiment can be quantified, an increasing amount of know-
ledge about the influence of market behavior can be obtained. Whether investor senti-
ment is a factor that is needed to be taken into consideration in asset pricing and corpo-

rate finance is yet to be resolved.



Investor sentiment and its effects in the stock market have been of increasing interest
of researchers in the new millennium. Studies such as Brown and Cliff (2004) and
Sheung, Lu, Tung and Wei (2010) investigated the causal relationship between stock
returns and sentiment. Brown and Cliff (2004) documented that returns cause sentiment,
but Sheung et al. (2010) found out that causality would run from sentiment to market
behavior even when taking different market scenarios into account.

Investor sentiment and equity returns on an event perspective have been studied by
Wong and Lievano (2009), Drakos (2009) and Nikkinen and Vidhdmaa (2009) who
studied the effects of the terrorist attacks on investor sentiment and stock returns. The
discoveries were quite similar. The terrorist attacks had a significant impact on espe-
cially small investor sentiment and found empirical support for the sentiment effect.
Kaplanski and Levy (2010) studied the effects of aviation disasters on equity returns
and found out that aviation disasters are followed by negative rates of return. Edmans,
Garcia and Norli (2006) investigated the stock market reaction to sudden changes in
investor mood caused by sports results. They documented a strong negative stock mar-
ket reaction after soccer match losses especially in the world cup elimination games and
amidst small stocks.

The effects of sentiment on stock return predictability have been studied by e.g Neal
and Wheatley (1998), Brown and Cliff (2005), Lemmon and Portniaguina (2006), Baker
and Wurgler (2006), Schmeling (2009), Canbas (2009) and Finter, Niessen and Ruenzi
(2010). These studies have used different types of proxies for sentiment such as con-
sumer confidence, closed end fund discounts, turnover etc. All of these studies, exclud-
ing the studies of Schmeling, Canbas and Finter et al. reported significant effects of
investor sentiment on stock returns. In line with the assumptions of behavioral finance
and noise trader theory, the effects are most pronounced among stocks that are mainly
traded by small investors. However, Schmeling and Canbas found out that sentiment is
not associated with stock returns in every country. Schmeling compared the effects of
sentiment on 18 different nations and discovered that the effects of sentiment vary in
different nations. Sentiment measured by consumer confidence had only an impact on
value stocks in Finland. Lemmon and Portniaguina (2006) also found out that sentiment
had an impact on value stocks but not on growth stocks. Canbas did not find a relation-
ship between stock returns and sentiment in Turkey. Finter et al. did not find a strong
relationship between sentiment and returns when several control variables were in-
cluded.



1.2  Objectiveof thethesis

This thesis studies the effects of investor sentiment on the Finnish stock market. The
objective of this thesis is to provide a thorough research on the matter by forming a
sentiment index and by assessing how sentiment affects the cross-section of stock re-
turns. It is studied whether sentiment has a larger impact on stocks whose valuations are
highly subjective and if any patterns of mispricing correction can be observed. Hence,
the relationship between sentiment and the returns of subsequent months in relation to
sentiment is scrutinized.

The research is conducted by forming a sentiment index in a similar manner to Baker
and Wurgler (2006). The index is composed of different variables that should capture
the essence of sentiment. These variables are closed-end fund discount, turnover, num-
ber of IPOs, average first day return of IPOs, equity share in new issues and the divi-
dend premium. All of these variables may not be applicable in this thesis due to data
availability and suitability. However, a wide range of different sentiment measures have
been introduced in prior literature that may be used (Brown & CIliff 2005; Baker &
Wurgler 2007). Each of these variables is likely to include a sentiment component as
well as non-sentiment related components. Principal Components Analysis is used to
isolate the common sentiment component. Then another index is composed that ac-
counts for business cycle variation. This is done by regressing each of the proxies on a
set of macroeconomic variables. In the study of Baker and Wurgler (2006) the index
was formed on an annual basis. In this thesis the index is formed on a monthly basis.
This is done in order to assess whether sentiment can be used as a basis of a short term
trading strategy. In addition, data availability sets its own restrictions.

Whether the sentiment indices are related to the returns of a variety of portfolios
comprised of stocks with different characteristics for size and investment style is eva-
luated. In addition portfolios are created on the basis of historical volatility. The effects
of sentiment on returns are analyzed by performing regression analyses on the whole
time period as well as during periods of extremely high and low sentiment. The main
interest is directed towards detecting whether sentiment can be used to forecast returns
and if sentiment related return patterns can be observed. In practice, sentiment is

matched by the subsequent monthly and quarterly returns.



1.3 Focus of thethesis

This thesis will focus on the Finnish stock market and tries to determine the effects of
investor sentiment on the returns of stocks and assess whether investor sentiment related
mispricing correction patterns can be observed. Hence, it is identified how the returns of
shares that are reckoned to be more subject to investor sentiment act in relation to sen-
timent compared to shares that are presumed to be more immune to investor sentiment.
Finland is chosen because the effects of sentiment have not been widely investigated
in the Finnish stock market, the market is smaller and more illiquid than the American
stock market and due to personal interests of the author who is of Finnish origin. Ac-
cording to previous research results and research on behavioral finance issues, stocks
more subject to sentiment are companies with a more speculative nature or companies
that are widely held by retail investors. The returns of various stocks are investigated
on different time periods and sentiment levels by focusing mainly on the short term

relation between sentiment and returns.

14 Structure of thethess

The second chapter of this thesis will provide a theoretical framework. The chapter
starts with the view of traditional finance theory regarding investor sentiment. The
efficient market hypothesis, its relation to sentiment and the market efficiency in Fin-
land are discussed. This is followed by a behavioral point of view of finance. The focus
is directed towards two critical components that are considered to be essential in order
for the sentiment to have an impact on the stock market: noise trader hypothesis and
limits of arbitrage.

After that a variety of psychological and sociological factors that can cause irrational
sentiment or at least influence its formation are introduced. By sentiment it is meant the
extreme levels of sentiment or noise trader sentiment which is mainly overoptimism or
pessimism about the future which cannot be linked to fundamentals. The last part of
chapter two uncovers the possible consequences of sentiment and especially the effects
of sentiment extremities.

Chapter three presents the data and the research method that is used in this thesis and
provides insight why and how the methods are used in order to obtain the results of
chapter four. The data availability and suitability is introduced and assessed first. A
wide number of sentiment proxies are presented and evaluated in order to form the best

available sentiment index. Afterwards, the method behind forming the sentiment indices



is presented step by step. The last part of the chapter focuses on the regression analysis
method used in this thesis.

Chapter four begins by presenting descriptive statistics of the return portfolios and
performing preliminary tests. The main regression results are revealed and analyzed. It
is also assessed whether sentiment has a bigger impact on returns during extreme senti-
ment levels. The last part of chapter four is related to conducting robustness tests. It is
evaluated whether the results remain after introducing additional control variables.

Chapter five summarizes the thesis and the main findings and presents research top-

ics for further research.
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2 THEORETICAL FRAMEWORK

2.1 Neoclassical approach

211 Market efficiency and investor sentiment

Traditional finance theory assumes that agents or market participants are rational and
that the law of one price holds. This means that stocks with similar future prospects,
levels of risk and payoff have identical prices. Market efficiency may exist if agents in
general are rational and the law of one price holds. Short term deviations of the funda-
mental price are balanced by arbitrageurs (Glaser, Noth & Weber 2003).

Market efficiency can be divided into external and internal efficiency. External effi-
ciency means that information is rapidly and broadly usable by all market participants,
which facilitates a swift and correct reaction of stock prices to new relevant information
(Nikkinen, Rothovius & Sahlstrom 2005, 80-82).

Internal efficiency means that the market is operationally efficient. Hence, there
needs to be an adequate amount of competition between brokerage firms which keeps
the transaction costs low and the processing of transactions quick. When people talk
about market efficiency, external efficiency is usually meant (Nikkinen et al. 80-82).
The main result of market efficiency is that speculative asset prices such as stocks al-
ways incorporate the best available knowledge about fundamentals and the prices only
change due to sensible new information (Shiller 2003, 83). The stock prices follow a
random walk with a drift and no predictions about future price movements can be made
based on current prices or the historical development of the prices (Wérneryd 2001, 17-
18). Tomorrow’s price change will reflect tomorrow’s news and will be independent of
the price changes today. As news is unpredictable the price changes must be unpredict-
able and random as well (Malkiel 2003, 59).

Fama (1970) divided the market efficiency to three forms depending on what kind of
information is compounded on the stock prices. The three forms are weak, semi-strong
and strong form of efficiency. Weak form of efficiency means that all past knowledge is
already in the stock price. Semi-strong means that all publicly available information is
in the stock price and in the strong form efficiency even all private information has been
taken into account.

In an efficient market no arbitrage opportunities exist. It is not possible to get above-

average returns without taking greater risk. As all the stocks are correctly priced a blind-
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folded chimpanzee throwing darts at the stock pages could earn similar or better profits
than the experts. A good indicator of market efficiency is that professional investors and
wealth managers have had a hard time beating a passive index fund (Malkiel 2005, 1-2).

It has been later noted that not all investors might act rationally. However, this irra-
tionality among investors will not affect the stock prices as their actions offset each
other (Nesvetailova 2007, 31). Even if the irrational investors acted in a concert and
their purchases and sells were correlated the market will be balanced by smart money
investors that act as rational arbitrageurs. The movements of smart money would bal-
ance the market and the actions of those who are swept up in a frenzy that would other-
wise lead to mispricing. This means that each stock would be at their rational price or
immediately returns to its fundamental price after a short deviation (Hasset 2002). There
can be various ways to calculate the fundamental or intrinsic value of a stock. Most
commonly used measures by investors are the discounted cash flow or discounted divi-
dend methods. The price of the stock should be the discounted value of future cash
flows of the company. The expectations between investors about a company’s future
prospects, macroeconomic factors or discount rate may vary quite a lot but the aggre-
gate market is expected to form the correct price level (Wérneryd 2001, 14-18, 48). If
all the stocks are correctly priced, each investment is as good as any other investment.
The choice between stocks is ultimately made on the amount a person is willing to take
risk, and on the other hand this risk should be compensated by heftier profits. A person
is unable to obtain abnormal risk adjusted profits from the market. As the price level of
the stocks are at their correct level, companies and their managers are able to use market
data in order to estimate their cost of capital and compare different investment options
(Mishkin 1998).

If irrational or less informed investors make constantly poor decisions and the arbi-
trageurs take advantage of the situation, the irrational investors will lose money and
their wealth to the extent that they can no longer participate in the stock market. It has a
tone of Darwinism where only the fittest and most informed investors survive (Shleifer
2000; Hasset 2002).

Traditional finance theory does not recognize the role of investor sentiment in asset
valuation. Rational investors will drive the prices to equilibrium where the prices reflect
the discounted cash flows of the stocks and the expected returns depend on the amount
of systematic risk. This means that by the commonly used Capital Asset Pricing Model
a speculative stock, which is subject to more systematic risk, has a bigger expected
return than a bond-like stock that is not prone to a high degree of systematic risk. In-
vestor sentiment will not affect the prices as the trades of irrational traders offset each

other or rational arbitrageurs will take advantage of the situation and the price returns to
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its correct level (Baker & Wurgler 2006). Investor sentiment should not be able to be
used to predict future returns for certain types of stocks nor should you be able to use it
in order to create a trading strategy that exploits any return patterns related to investor
sentiment. There should not be any exploitable patterns (Barberis, Shleifer & Vishny
1998).

2.1.2 Thegéefficiency of the Finnish stock market

The Helsinki Stock Exchange was founded in 1912. Even though there had been some
sort of stock exchange activity before but it lacked proper regulations and an organiza-
tion (Nyberg & Vaihekoski 2010). The financial system was tightly regulated until
1980s and the stock market was quite underdeveloped compared to other western na-
tions. The process of financial market deregulation took nearly a decade and proceeded
from the liberalization of the money market to the restrictions on all capital movements
being abolished in Finland. The restrictions of foreign ownership were removed in
1993. The number and value of financial instruments and the amount of investors in-
creased exponentially from the 1970s to the late 1990s. The Finnish legislation was
amended to comply with the European Union directives and the Finnish stock market
was harmonized with other Nordic exchanges to create OMX (Vaihekoski 1997;
Porssiséatio 2007).

Korhonen (1977) was one of the first to study the Finnish stock market efficiency.
He found out that the Finnish stock market was quite efficient at least in the weak form
even though the market was very small and relatively illiquid. Prices did fluctuate in a
random walk way and no leads or lags were found that could be exploitable. However,
the sample size of his study was small as the data consisted of only 18 companies. Vir-
tanen and Yli-Olli (1987) made a divergent finding in their study. They discovered
many anomalies and deviations from the market efficiency and propose that the prices
do not act in a totally random walk way.

Berglund, Wahlroos and Ornmark (1983) investigated the weak form efficiency in
the Finnish stock market and found out that there is serial correlation in the stock re-
turns. Although the serial correlation indicated that excess returns could be obtained by
careful buy and sell orders, a profitable speculative strategy would be hard to create
because of costs related to information gathering and trade execution.

Even later research papers have noticed that significant autocorrelation can be found
from both stock and option returns meaning that today’s returns can be forecasted by
yesterday’s returns (Kallunki, Martikainen, Martikainen & Yl1i-Olli 1997). In the paper
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of Knif and Loflund (1997) first order serial correlation among Finnish stocks was
found. They proposed that the friction in the trading process and limited trading is an
important source of serial correlation. Another reason for serial correlation can also be
the predictability of a time-varying risk premium utilizing a set of past information.
Knif and L6flund pointed out that serial correlation can arise due to changing informa-
tion and serial correlation of the stock returns may be a reflection of the serial correla-
tion in the economic fundamentals, thus not violating the market efficiency.

Kallunki et al. (1997) presented that there have been some anomalies found in the
Finnish stock market. The returns of stocks have been higher in the turn of the month
than during the rest of the month and this effect has been the strongest for the most
traded stocks. However, Nikkinen, Takko, Sahlstrém and Aijé (2009) did provide an
explanation for this anomaly. They found out that the US macroeconomic news is the
cause of the turn of the month returns. After controlling for the US macroeconomic
news data, the anomaly seizes to exist.

The other found anomalies are related to the size of the company and the P/E-ratios
of the companies. Small companies have tended to vastly outperform the largest com-
panies even if systematic risk has been accounted for. In addition, portfolios comprised
of companies with low P/E-ratios have realized heftier returns than other test portfolios.
This anomaly may be at least partially explained by the risk estimation problems when
using market based data in Finland. (Kallunki et al. 1997).

Schadéwitz and Blevins (1998) investigated the speed of adjustment of share prices
to the announcement of unexpected interim earnings and tried to determine whether the
Finnish stock market could be regarded as semi-strong efficient. The main finding of
the study was that the adjustment of the share prices to new information was delayed
which suggests inefficiencies in the semi-strong form.

The information content of earnings announcements and cash dividends from year
1983 to 1994 was studied by Heikkild (1997). The information content of earnings
announcements appeared to be significantly lower than that of dividend announcements.
This could be interpreted in a way that dividend announcements convey more informa-
tion than earnings announcements and earnings announcements do not provide much
new information as the information has been already discounted on the stock price from
other information sources. Kallunki et al. (1997) pointed out that the former Finnish
accounting rules have provided the firms with exceptionally good opportunities to
smooth income intentionally. Thus earnings information might not have been as infor-
mative as the accounting numbers would have to be adjusted to describe the economic

reality.
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Ekholm (2002) studied the stock market reactions to new information and discovered
that the stock market reaction to new interim information is lagged. In his paper he tried
to specify whether this was due to market inefficiency or an expected return specifica-
tion problem. The finding was that some of the investigated financial statement signals
seemed to proxy for risk while other financial statement signals appeared to contain
information that was priced with a delay.

Some research has been conducted on the behavior of different types of investors
around earnings announcements. Booth, Kallunki and Martikainen (1999) found out
that small and large investors do behave differently and that small investors increase
their sell orders after negative earnings surprises. According to Ekholm (2002) large
investors are seen as antagonists to the majority of investors regarding the reaction to
new earnings information. Majority of investors are biased towards increasing their
holdings after new financial statement information. Positive earnings surprises increase
the probability that institutional investors increase their holdings as opposed to the
reaction of small investors and foreign investors who liquidate at least a part of their
winnings after positive earnings announcements.

As a conclusion of this chapter regarding Finnish stock market efficiency it can be
noted that although some anomalies and deviations from the market efficiency have
been found it is hard to point out whether it is a deviation of market efficiency itself or
just the unsuitability of the expected return model such as the CAPM. In addition, many
of the found anomalies are quite hard to exploit and do not offer a consistent chance of
abnormal profits. The Finnish stock market seems to be efficient at least in the weak
form. The availability and timeliness of information has exponentially increased in the
new millennium and the stock market can be presumed to act more efficiently. As this
thesis is about testing how the investor sentiment affects the stock market it is also a test
of market efficiency or whether the asset pricing models should include an investor

sentiment related component in them.

2.2 Behavioral finance

2.2.1 Behavioral finance and sentiment

The main theme in many behavioral finance models and theories is that investors are
not fully rational and that they make biased decisions based on irrelevant information.

Many mental and psychological factors affect the decision making process of a person.
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Behavioral finance provides a broader social science perspective by incorporating soci-
ology and psychology in finance (Nofsinger 2008, 4; Shiller 2003, 83). The irrational
decisions among investors can be correlated and persistent even for long periods of
time. The market price can deviate from the fundamental value as there are limits to
arbitrage which deters informed investors from eliminating the mispricing. Betting
against irrational traders or “noise traders” as they are often called can be risky as one
cannot predict how long the mispricing is going to last (Schmeling 2009; Neal &
Wheatley 1998).

Shleifer (2000) has stated that especially noise traders are prone to investor sentiment
or the aggregate mood of the market and that investor sentiment affects noise traders the
most. However, institutional investors, that are usually considered as rational or smart
money traders, have been found to herd in and out of stocks and use momentum-related
investment strategies. This means that even institutional investors might reinforce the
market movements when investor sentiment is overly optimistic or pessimistic and try
to profit from the market over or underreactions. Institutional investors become more
pessimistic when individual investors become more optimistic as they recognize that the
prices have been driven above their fundamental value and might be corrected soon. As
investors become even more overly optimistic, the institutional investors become opti-
mistic as well as they notice that noise traders might drive the prices even higher
(Schmeling 2007).

Baker and Wurgler (2007) propose that investor sentiment can be defined as the pro-
pensity to speculate by the marginal investor. Sentiment drives the relative demand for
speculative investments, thus causing cross-sectional effects despite arbitrage forces.
The characteristic that makes some stocks more speculative than others is due to the
difficulty and subjectivity of determining their true values. A company that has im-
mense growth potential, intangible assets or is heavily leveraged is harder to valuate
than a company that has a steady cash flow and tangible assets. Also young and small
companies are regarded to be more influenced by sentiment. Investor sentiment can also
be viewed as simply optimism or pessimism about stocks in general. As arbitrage is
seen to be particularly risky and costly on companies that are considered speculative
and harder to value, the aforementioned optimism or pessimism will have a more pro-
nounced impact on these stocks. Stocks that are speculative and harder to arbitrage and
value have higher relative valuations when the sentiment is high. Thus, there should be
a contrarian relation between sentiment and future returns of speculative stocks.

The demand for speculative or safer stocks can vary over time. Individuals demand
for stocks that have the bundle of salient characteristics compatible with their sentiment.

Sentiment fluctuations can affect the demand for speculative or stable and profitable
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stocks when for example there are flights to quality (Baker & Wurgler 2006; Baker &
Wurgler 2007).

The building up of sentiment can be related to price feedback models. This means
that when speculative assets’ prices go up they create success stories for some investors,
attract public and media attention, induce word-of-mouth enthusiasm and heighten the
expectations for further price increases. The prices are high due to expectations of even
higher prices which can produce a bubble or in a contrarian situation a bust. Past price
changes fuel the expectations of people although it might not be rational in the efficient
market sense. Psychologists Andreassen and Krauss tested the perceptions of people
when they were showed real historical stock prices in a sequence and asked to trade in a
simulated market. People tended to chase trends and behave as if they extrapolated past
price changes (Shiller 2003, 91-94). This can be interpreted that the overall trend and
atmosphere of the market does influence the expectations of future returns.

One of the most notable and first papers to address the noise traders and their effect
on the stock market was done by De Long, Shleifer, Summers and Waldman (1990).
They presented that noise traders can have an impact on security prices and that they
create an additional noise trader risk in the market which should be taken into consider-
ation in asset valuations. The unpredictability of noise traders’ sentiments creates addi-
tional risk in the market. The risk that noise traders’ beliefs will not revert to their mean
for a long time and might become even more extreme. De Long et al. also argue that
the idea of noise trader risk can explain a number of financial market anomalies.

Baker and Wurgler (2006) found out that investor sentiment did have a larger impact
on speculative stocks and stocks that were more prone to noise trader risk. The effects
were especially significant when a portfolio was formed on the basis of volatility.
Highly volatile stocks exhibit characteristics of difficulties of valuation and limits of
arbitrage. In addition, extreme growth and value companies seemed to earn high returns
following periods of low sentiment and earn low returns following periods of high
sentiment. Lemmon and Portniaguina (2006) find similar patterns for value stocks but
not for growth stocks. However, they do report that small stocks are overvalued in
relation to large stocks during periods of high sentiment. Finter, Niessen and Ruenzi
(2010) suggest that sentiment prone stocks provide higher returns than sentiment insen-
sitive stocks in the short run from one to three months and afterwards the effect reverses
and sentiment insensitive stocks outperform sentiment prone stocks.

Next we will take a deeper look into noise trading and the limits of arbitrage which

enable the possibility that investor sentiment might have some effects on security prices.
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2.2.2 Noisetrading

The participants of the stock market can be divided into rational arbitrageurs or smart
money investors, noise traders and passive investors. Noise traders are regarded as a
lower income group compared to especially smart money investors. Smart money in-
vestors are often seen as either institutional investors or wealthy private investors that
have a greater incentive and knowledge to gather meaningful information (Kelly 1997).

Noise traders are investors that do not behave as a rational investor would in an effi-
cient market. They do not buy and hold a market portfolio or diversify adequately but
rather hold a single stock or a small number of stocks. Many of their investment deci-
sions are based on a gut feeling or different pseudo-signals. These pseudo-signals can
be either investment advice from brokers or even friends, buy and sell signals created by
means of technical analysis or almost any other information that is not relevant and is
already compounded in the stock price (Shleifer & Summers 1990). Previous ascension
of stock prices lures uninformed investors to participate in the stock market. These
noise traders focus on historical price patterns and expect trends to continue. It is com-
mon for them to buy stocks when the prices are rising and sell when prices are declining
(Tokic 2007; Wirneryd 2001, 52). Noise traders are often interested in the stocks of
small companies that are cheaply priced as it is easier to visualize a bigger profit from a
stock that is less costly. They do not often grasp the extent of risk of the stocks or the
portfolio they own and are too optimistic about the performance of their stocks (Shleifer
2000).

According to Bazerman (2006, 108-109) people had forecasted a 50 % better profit
for their portfolio on a 6 month period of time than what was the actual profit during
years 1985-1994. And when the investors thought that they had earned a profit similar
to the market portfolio they had actually earned 8 % below it. Nofsinger (2008, 89)
points out that optimism justifies the former investment decisions of investors and that
overoptimistic investors conduct less critical analysis of the stocks they own and disre-
gard negative information about their stocks.

Many trading strategies based on pseudo-signals, noise, financial models and price
patterns tend to be correlated due to the fact that different judgment biases afflicting
investors in processing information tend to be the same. Subjects in psychological ex-
ams have the tendency to make the same mistakes. These judgment biases can lead to
aggregate demand shifts and thus influence the price of a stock (Shleifer & Summers
1990).

Although it might seem that uninformed noise traders would detract market effi-

ciency, they might actually be essential for the functionality of the stock market. Ac-
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cording to Black (1986, 531-532) “noise makes the financial markets possible, but also
makes them imperfect”. He has argued that although noise may make the market seem
imperfect at times, it is crucial for the financial market and to its liquidity. If there are
no noise traders then there will be very little trading on the market. As differences in
beliefs must be created by some differences in information, a trader with a special piece
of information acknowledges that other traders might have their own special pieces of
information and will not rush out to trade. However, noise traders trade on noise as if it
was valuable information and they are willing to trade even though they might be better
off not trading. As the amount of noise increases it becomes more profitable for the
rational traders to trade on information and try to gather new meaningful information
and conduct research.

De Long et. al (1990) suggest that noise trading creates an additional risk element
and that it should be priced in a security and that securities that are subject to greater
noise trader risk tend to exhibit greater volatility and mean reversion. Noise traders can
also garner larger returns than rational investors by bearing more of the risk that they
themselves create. Noise trader risk can make assets less appealing to risk-averse ra-
tional arbitrageurs and thus the assets might be traded at a discount. If noise traders in
general overestimate returns or underestimate risk, they invest more in the risky asset
and can earn higher average returns. On the other hand noise traders can create price
pressure when sentiments drive noise traders to buy a security, which in turn drives the
price of the security up and lowers the future return. Investor sentiment can affect both
noise traders and rational arbitrageurs in a way that drives the asset prices too high or
too low in the short term which is followed by mean reversion in the longer term.

Smart money traders might also be affected by the noise and they might not always
even try to make balancing efforts. Institutional investors and fund managers might be
tempted to make noisy investment decision in order to attract new customers. The
people that invest in mutual funds usually expect the fund manager to have superior
knowledge about the stock market or certain stocks and that new information about the
prospects of stocks triggers the trading in the fund. Trading can be seen as a signal of
the fund manager’s private information and expertise. The person who invests in the
fund cannot recognize which trades are based on information, thus the fund manager
may have an incentive to trade without new meaningful information (Trueman 1988).

Many investment banks have corporate finance services, such as services for IPOs
and mergers, trading services and research services. Trading services try to maximize
the amount of transactions and this can be done by giving more positive suggestions to
buy shares as many private investors are unfamiliar with short sales or dislike to sell

stocks short. The bank might also make biased analysis of a company that is its corpo-
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rate finance customer as the bank tries to please the company and ensure the continuity
of their business relationship (Michaely &Womack 1999).

The bonus schemes of analysts might be tied to the profit the bank makes which
might increase the biased behavior of them. It is more profitable to give positive buy
suggestions because the stock prices rise and more companies are in need of different
corporate finance services (Marttila 2001, 146-148). Issuing sell suggestions is more
risky to an analyst since they are rarer and more often deviate from the consensus opi-
nion. Wrong suggestions that deviate from the consensus might cost the analyst his/her
job (Womack 1996, 165).

Imam, Barker and Clubb (2008) investigated the valuation methods that analysts use
in Great Britain and found out that analysts use valuation models that their customers
expect them to use. The formation of target prices was quite subjective and usually the
target prices were set according to what the market was ready to hear. The aggregate
sentiment of the market did have an influence in their price targets.

Womack (1996) discovered that the buy and sell suggestions of the analysts did have
an impact on share prices and the impact was more pronounced on small firms. This
finding is aligned with the previous noise trader characteristics, that noise traders follow
investment advice and that they are more interested to invest in small companies. In a
way investment banks can have an influence in noise trader sentiment and presumably

an impact in the stock market.

2.2.3 Limitsof arbitrage

The reason why irrational noise trader sentiment might have an impact on security
prices is due to limits of arbitrage. Arbitrageurs are likely to be risk averse and have
short investment horizons. As a consequence, their willingness to take positions against
noise traders is limited. One of the greatest risks for a rational arbitrageur is that the
noise traders’ beliefs will not revert to the mean for a long time and might become even
more extreme. If the arbitrageur has to liquidate his position before the price recovers,
he makes a loss (De Long et al. 1990).

Rational arbitrageurs are usually considered as some form of institutional investors
such as fund managers and hedge funds. The time periods of these investors are quite
limited because their clients might be in need of money or just want to liquidate their
own share of the fund. When the arbitrageur manages other people’s money and these
people are unaware what the fund manager is doing and all they observe is whether the

manager is making them a profit or a loss at the specific time, they might liquidate their
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share before the arbitrage position creates a profit. If a client wants to liquidate his share
of the fund, the fund manager must execute the transaction. (Shleifer & Vishny 1997).

As the initial investors or clients of the fund might act in an unpredictable way and
because the fund manager’s job might be at risk if the fund performs poorly, the fund
managers are not willing to take big opposite positions as there is rarely a perfect arbi-
trage without any risk (Gemmill & Thomas 2002). Arbitrageurs must borrow cash or
securities to implement their trades and therefore have to pay their lenders per period
fees. These fees cumulate over the period that the position remains open and can add up
to large amounts for long term arbitrage. In addition, the performance of money manag-
ers is usually evaluated once every few months. These factors also make it reasonable to
assume that arbitrageurs have relatively short horizons (Shleifer & Summers 1990). In
the stock market there is no riskless hedge for the arbitrageurs. The arbitrageur cannot
just buy certain stocks and sell the absolute substitute portfolio. When the stock is un-
derpriced or overpriced the arbitrageur can only buy or sell the stock and hope that the
price corrects to its fundamental level. When a stock is overpriced compared to its com-
petitors the arbitrageur might short sell the overvalued firm and buy the undervalued
one. However, if some unexpected positive news arrives about the overvalued company
the stock price might rise even higher or if some negative news arrives about the under-
valued company the stock price might plummet even more (Shleifer & Summers 1990;
Malkiel 2007, 241).

There are many costs to short selling apart from the obvious financial risks of almost
infinite loss opportunities that short sales entail. These costs can be bureaucratic, psy-
chological and social. Some countries’ governments might have restricted the possibil-
ity of short sales or even forbidden it. Even in countries where short sales are allowed,
the institutions that are supporting them may not work well. One of these reasons is
caused by political pressure towards short sellers. In many societies short sellers are
blamed for different types of incidents and financial catastrophes. There might be a
widespread antipathy towards them which causes social pressure (Shiller 2005, 182-
183). The psychological costs can be inferred by the wide risks of short selling. The
almost infinite loss potential and the possibility that the real owner of the stocks wants
to sell the shares and that you might be forced to return the shares incur emotional pres-
sure to the arbitrageur. There has been ample evidence that people are far more upset by
losses than they are pleased by equivalent gains and that people try to avoid losses by
taking even greater risks. This pain of regret ought to cause short sellers to want to
avoid covering their shorts in an unfavorable situation. People want to avoid psycho-

logically difficult decisions and might not be that keen to take large short positions. In
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addition, in some rare cases short sales might not be possible as there are no available
shares to lend (Shiller 2003, 97-102).

The most recognizable rational arbitrageurs are usually hedge funds but they might
not always act in a way that restores the security prices to their justified or fundamental
level. Brunnermeier and Nagel (2004) found out that the hedge funds did not act as a
corrective force during the Internet boom in the beginning of the new millennium. They
actually rode the internet bubble and the average hedge fund was heavily tilted toward
internet stocks although they were ridiculously overpriced. Brunnermeier and Nagel
conclude that their findings were consistent with the view that the investor sentiment
driving the stock market bubble was predictable and the hedge funds seemed to exploit
it. Buying a 30 dollar stock with a “correct” or fundamental value of 15 dollars is a
good investment if some other fool is willing to pay 60 dollars for it in the future
(Malkiel 2007, 241).

There have been numerous occasions of prolonged arbitrage possibilities in several
stock markets. De Jong, Rosenthal and Dijk (2008) studied the limits of arbitrage in
real-world equity markets by comparing the theoretical values of dual listed companies
and looking at possible mispricing. A Dual listed company structure is an agreement of
two companies to operate as a unified enterprise while retaining their separate legal
identity and their existing stock exchange listing. The most well-known examples are
companies such as Shell/Royal Dutch and Unilever NV/PLC. As the companies are
perfect substitutes to each other the prices should be quoted to be at the same price
level. De Jong et al. found out that the average mispricing of all 13 known dual listed
companies ranged from 2.5 to almost 12 percent, while maximum deviations were from
15 to nearly 50 percent. They also found out that the standard deviations among dual
listed companies are very high and that the relative return of a twin is strongly affected
by the fluctuations of the domestic market indices.

Another popular example of limits of arbitrage and the pricing irrationalities is the
case of Palm and 3Com. 3Com was a profitable information technology company that
sold different network services and systems. One of their products was a hand held
computer, Palm pilot and it was produced by their subsidiary, Palm. 3com decided to
spin off Palm into its own company and distribute 95 percent of the shares to the owners
of 3com and issue the rest on an initial public offering. For every 3Com stock owned
the owners would get 1.5 new Palm stocks in addition to their 3com stocks. On March
2, 2000, 3Com sold the 5 percent of Palm in the IPO and the rest was to be distributed
to the owners of 3Com later in the year. By the end of the IPO day, the newly issued
shares of Palm were quoted at 95.06 $. As the owners of 3Com would receive 1.5 shares
of Palm, the stock price of 3Com should be at least 1.5 x 95.06$ + the value of 3Com
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which should equal to a minimum of 142.59 §$ in a case where the operations of 3Com
have zero value. However, 3Com stock was valued at 81.81 $ by the end of that day
meaning that the operations of 3Com were calculated to have a negative value of 54.54
$ per stock in respect to Palm. According to the previous income statement 3Com made
a profit of 750 Million. The mispricing between these stocks continued for months. It is
likely that optimistic and irrational investors drove the prices through the roof and the
relative illiquidity of the shares had an arbitrage limiting impact (Nofsinger 2008, 90).
Speculative stocks are both difficult to value and difficult to arbitrage because of the
subjective attributions of the stocks as there is greater uncertainty of their future. Un-
certainty means that the effect of many psychological factors such as overconfidence,
representativeness and conservatism is more pronounced. The next chapter is dedicated
to various psychological factors that can have an impact in the formation of investor

sentiment and have an impact in the behavior and decision making of investors.

2.3 Psychological factorsinfluencing the formation of irrational
sentiment

231 Biases

Psychological and cognitive biases have an impact on a person’s decision making
process and can lead to suboptimal decisions. In uncertain circumstances, the assess-
ments of people tend to differ from rationality in systematic ways. For changes in in-
vestor sentiment to have a significant impact on returns, the buy and sell decisions of
individuals must be correlated. The trading decisions of individuals have been recog-
nized to be highly correlated and one possible explanation for this is the same shared
psychological biases among people (Barber, Odean & Zhu 2009).

The most common biases are related to the tendency to trust one’s abilities, beliefs
and traits over extensively and the tendency of overoptimistic evaluations of matters
concerning the future. When people trust their own personal judgment and skills too
much they are often referred to as being overconfident (Malkiel 2005, 224). Good
examples of overconfidence are that over 80 percent of people regard themselves as
better than average drivers or when people were asked to estimate a 99 percent confi-
dence interval of stock prices there was a an actual surprise rate of 20 percent, meaning

that people chose too narrow confidence intervals (Kahneman & Riepe 1998).
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Psychologists have determined that overconfidence can cause people to overestimate
their knowledge, underestimate risks and exaggerate their ability to control different
situations. People seem to be more overconfident when they feel like they have control
of the outcome (Nofsinger 2008, 10). This is related to “magical thinking” which means
that people have occasional feelings that certain actions will make them lucky or make a
better result even if they know logically that certain actions cannot have an effect on
their fortunes. It has been shown that people will place larger bets on a coin that has not
yet been flipped than on a coin that is already in the air. In addition people tend to think
that a lottery ticket that they have selected is better than a random lottery ticket and
demand more money in order to sell their ticket to someone else compared to a ticket
they did not choose. In the stock market this can be related to the “hot hand syndrome”
which means that previous successful investments are considered as signs of great per-
sonal skills, knowledge and intuition about the market and this will fuel the willingness
to make more trades (Shiller 2005, 152-153). An overconfident investor is a person who
overestimates the precision and quality of his private information. When an investor
receives public information that confirms the previous trade, his confidence rises.
Nevertheless, when the public information is negative in relation to the trade, his confi-
dence falls only moderately if at all as the failure is seen as bad luck or bypassing exter-
nal noise. This is known as biased self-attribution. Such continuing overreaction can
cause momentum in prices and leads investors to buy more of the asset when the traders
receive good signals and sell more of the asset with bad signals. And when the senti-
ment rises, noise traders hold more of the risky asset than rational investors (Daniel,
Hirshleifer & Subrahmanyam 1998; Wang 2001).

Success leads to overconfidence and overconfidence leads to excessive trading and
risk taking. The feedback of previous successful investment decisions increases the
investor sentiment and fuels the overconfidence even more. In a way overconfidence
can help the propagation of a speculative bubble when many investors suffer from over-
confidence at the same time. During bull markets individual investors will attribute too
much of their success to their own abilities making them overconfident. Thus, overcon-
fidence will be more pronounced in bull markets. Overconfidence has been seen as a
fundamental factor promoting the high volume of trade observed in speculative markets
(Nofsinger 2008, 11-18; Shiller 2005, 152-154).

Even though overconfidence is usually seen as a trait of an unsophisticated investor,
overconfidence has also been observed among professionals such as investment bankers
and managers. Overconfidence was found to be strongest for tasks of moderate to
extreme difficulty and seemed to increase with the personal importance of the task.

People were also more confident of their predictions in areas where they have self-
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declared expertise. Overconfident investors trade too much, do not make careful proba-
bilistic estimates and overreact to their private signals and underreact to public signals
(Dittrich, Giith & Maciejovsky 2005).

Allen and Evans (2005) have suggested that overconfident traders might even domi-
nate rational investors at certain circumstances and have an impact on trading volume,
market depth and distribution of wealth. Wang (2001) made a finding that moderate
overconfidence or bullish sentiment can survive in the long run and affect the stock
prices.

Men have been recognized to be more overconfident than women in many aspects
and the behavior in the stock market is no exception. Overconfidence leads to excessive
trading that is not awarded by heftier profits. In the study of Barber and Odean (2001)
women turned their portfolios over approximately 53 percent annually. In comparison
the turnover of the average male portfolio was 77 percent. These trades were not justifi-
able by more information as the portfolios would have earned a better return without the
trades. Men seemed to lower their returns more through excessive trading. The differ-
ence between men and women was most pronounced between single men and women.

Overconfidence is seen to originate from a person’s ability to process information,
biased evaluation of evidence and reactions to imperfect signals about the reliability of
information. In other words, people have cognitive capacity limits and tend to over-
weight the reliability of highly unreliable information (Allen & Evans 2005). Nofsinger
(2008) proposed that overconfidence stems from the illusion of knowledge which is the
tendency for people to believe that the accuracy of their forecasts increases with more
information even though they actually lack the ability to interpret the information cor-
rectly.

The overconfidence is believed to have an impact on the overvaluation of growth
stocks and speculative stocks as overconfident investors might be extremely certain of
the accuracy of their estimates of a company’s growth prospects which tend to be over-
optimistic. Hindsight bias promotes overconfidence and leads to the illusion that past
events were foreseeable (Malkiel 2007, 227).

Hindsight bias means that a person perceives his or her own performance better than
it actually was. It is the inability to correctly remember one’s prior expectations after
observing new information. Hindsight biased investors will form inaccurate beliefs
about asset returns, volatility and hinders the investor’s learning (Biais & Weber 2008).
Shiller (2005, 154) carried out a survey after the stock market crash of October 1987
and asked investors whether they thought on October 19", 1987 that they had a pretty
good idea when a rebound was to occur. Of both individual and institutional investors

nearly 50 percent said they knew what the market would do that day. This question was
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followed by a question that tried to chart out the reason why these people thought that
the rebound was due to occur that day. References were made to intuition, gut feeling,
common sense and historical evidence or market psychology. Mentions of concrete
facts were rare even among institutional investors.

Overconfident investors tend to gamble more and a form of conscious risk and thrill
orientation is known as sensation seeking in the psychological literature. Sensation
seekers search for novel, intense and varied experiences. In investing, new trades bring
excitement as trading is entertaining per se. These trades should be focused on stocks
that can be considered more risky or speculative in nature as bond-like stocks are not as
interesting. Men are considered to be more sensation seeking than women and men are
more intrigued by action-oriented forms of gambling (Grinblatt & Keloharju 2009).

These sensation seeking traders are a textbook example of irrational noise traders
that trade because they like to trade or find it exciting. When the aggregate mood or
investor sentiment of the market is positive, more noise traders that have a sensation
seeking attribute are withdrawn to the market. As certain stocks can be considered more
exciting than others, these stocks are more likely to gain the attention of sensation seek-

ers which can lead to an even strengthened sentiment and affect the stock prices.

2.3.2 Heuristics

Psychological research has shown that the human brain uses shortcuts in order to reduce
the complexity of analyzing information. Using these shortcuts allows the brain to or-
ganize and rapidly process large quantities of information. However, these shortcuts
also make it hard for investors to analyze new information in a proper way and can lead
to inaccurate conclusions (Nofsinger 2008, 63). Individuals develop rules of thumb
which are also known as heuristics to reduce the information-processing demands of
decision making under uncertainty. Heuristics produce good decisions a significant
proportion of the time but occasionally lead people to make systematically biased mis-
takes (Bazerman 2006, 13).

The first and most recognized psychologists to address the issue of decision making
under uncertainty by the use of heuristics were Kahneman and Tversky (1974). In their
study they conducted several tests on decision making and contradicted the prevailing
perception of probabilistic or Bayesian decision making where people make rational
decisions based on careful probabilistic evaluations. Kahneman and Tversky introduced
three heuristics: representativeness, availability and anchoring.
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The essence of the representativeness heuristicthat things that share similar quali-
ties are considered quite alike. Representativeness is judgment based on stereotypes
rather than on probabilities (Nofsinger 2008, 63). People understand the relevance of
base-rate information, but tend to disregard such data when descriptive data are also at
hand. Sample size is rarely a part of our intuition and it is often ignored when making
heuristics based decisions (Bazerman 2006, 22-23).

Consider this type of example of representativeness: Tom is a shy person who enjoys
quiet nights at home reading his favorite books. He likes to keep his personal belong-
ings in order and albeit being helpful he has little interest in meeting new people. When
people are advised to choose Tom’s occupation from a list that might contain work
positions such as a farmer, an airline pilot, a librarian and a firefighter people tend to
choose the occupation that fits Tom’s description even though farmers accounted for 75
% of the population (Kahneman & Tversky 1974).

According to representativeness heuristic people expect small samples and short time
series of data to be representative of the whole population or distribution and make
decisions based on very little information. Representativeness heuristic leads investors
to overweight the importance of past returns when determining future returns (Barber,
Odean, Zhu 2009). Investors tend to predict outcomes that seem most representative of
the evidence. This can lead to extreme predictions (Marsden, Veeravaragan & Ye
2008). Barber et al. (2009) investigated the effects of psychological biases among in-
vestors and found out that the buying decisions of individual investors are highly corre-
lated with past returns and in line with the representativeness heuristic.

Representativeness can cause people to have misconceptions of chance. Patterns that
seem more representative of the probability distribution are regarded as more likely than
more peculiar patterns. For example a sequence of coin flips of H-T-H-T-H-T is consi-
dered more likely than a sequence of H-H-H-H-H-H even though the probability of
these is exactly the same. If you were asked whether a heads or a tails was more proba-
ble in the latter sequence many people would answer that tails is more probable. This is
known as gambler’s fallacy (Tversky & Kahneman 1974).

Representativeness errors are not scarce in financial markets. Individual investors
often confuse a good company with a good investment. Investors often overestimate the
company’s ability to sustain high levels of growth and think that the most recent past is
representative of what will happen in the future. On the aggregate market level bull
markets and bear markets are considered to continue for extensive periods. Investors
might be interested in spotting trends or chasing mutual funds that have performed well
in the past and are regarded as “hot” (Malkiel 2007, 227-231; Nofsinger 2008, 64-66).
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When people use the Availability heuristicthey assess the probability of an event or
the frequency of a class by the ease which different instances or scenarios can be
brought to mind. For example, one may evaluate the risk of heart attack among middle
aged men by recalling such occurrences among acquaintances (Tversky & Kahneman
1974). Events that are easier to recall are experienced as more important and more
probable. When an instance is more emotionally arousing and easier to imagine in great
detail, it is considered more likely (Hirshleifer 2001). The availability heuristic can stem
from a person’s own experience, memory or imagination. Imagination or explanation
processes can lead to heightened availability of an event because a person who has
imagined an event has constructed a mental image of that event. As this image has
already been formed and is readily available in memory, any subsequent consideration
will lead to the same image reconstructed more easily. In addition an initial construction
of an event may create a cognitive set that impairs the ability to picture the event in
alternative ways. When an event is easier to imagine it is considered to be more frequent
(Wirneryd 2001, 127-129; Sherman, Cialdini, Schwartzman & Reynolds 1985).

Increased reporting and news coverage makes events easier to bring in mind and ele-
vates the considered likelihood of a similar event happening. Attention grabbing news is
likely to affect people’s perceptions of the probability of certain instances occurring
(Harvey 2007, 9-11). In the stock market the use of availability heuristic can lead to an
individual investor bias to select well-known companies and brands or companies that
get a lot of positive news coverage. This can lead to the overvaluation of glamour stocks
when the market is bullish and when new unsophisticated investors pour to the market
constantly. According to Barber and Odean (2008), individual investors have limited
attention and cognitive capabilities and limit their search of stocks to those that have
caught their attention. Investors’ attention can be attracted by news, high trading vo-
lume and extreme past returns. Attention based purchases could temporarily inflate the
price of the stock and yet withdraw more unsophisticated investors to the market thus
increasing noise trader sentiment due to the positive feedback of past returns.

Anchoringmeans that people often develop estimates by starting from an initial anc-
hor, based on whatever information is provided, and adjusting from the anchor to pro-
duce a final answer. Adjustments away from the anchors are rarely sufficient and the
existence of an anchor leads people to access information that is consistent with that
specific anchor and disregard information that is inconsistent with the anchor. People
often place too much emphasis on first impressions and fail to adjust their opinions
appropriately at a later date. When the anchor is externally set, the anchor leads to a

biased search for information compatible with the anchor. In contrast, when someone
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develops his own anchor, he will use that anchor as a starting point and insufficiently
adjust away from it (Bazerman 2006, 29-31).

In a famous test conducted by Tversky and Kahneman (1974) people were asked to
estimate the percentage of African countries in the United Nations. This was done after
the test subjects had to spin a wheel of fortune which had values ranging from 0 to 100
percent. Then they were asked whether the actual amount of African nations was higher
or lower than that number and requested to make a specific estimate of the actual
amount of African member nations in the UN. Even though the participants knew that
the anchor was random and unrelated to the judgment task, the anchor did have an
astonishing effect on their judgment.

Extrapolating from past information about a variable is probably the most common
type of forecasting. Results from many studies have shown that people tend to use the
last data point in a time series as a mental anchor and then adjust away from the anchor
to take into account the major feature of the series. Typically the last point on a series
lies on a trend line. People anchor on this last point and then make an adjustment for the
trend. Anchoring leads to under-adjustment and investors are slow to modify their own
perceptions of the market or a single stock. New relevant information might not be fully
incorporated in the price or the price formation process might be lagged. The initial
forecast serves as a mental anchor and people regard their abilities, opinions and judg-
ments better than those of most people. As a conclusion, they are reluctant to fully
revise their former estimates (Harvey 2007, 18-20).

Although the previous characteristics of investors that are influenced by anchoring
are in line with our previous descriptions of noise traders, also investment professionals
are shown to be subject to anchoring. This has been shown to be most prevalent among
analysts. In the studies of both American and Australian analysts’ behavior, it has been
shown that analysts are subject to anchoring and their prior forecasts are powerful anc-
hors and they are slow to make relevant adjustments in the face of new information
(Marsden, Veeraravaghan & Ye 2008).

Heuristics can have an impact on investor sentiment as they guide the behavior of
many unsophisticated noise traders. Search for distinctive patterns, overweighing of
personal and often irrelevant information and oversimplified assumptions of the future
are all traits of a noise trader and are in line with the use of heuristics in decision mak-

ing. Noise traders both create and are most prone to the noise trader sentiment.
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2.3.3 Emotions

Modern theories in cognitive psychology and neuroscience indicate that there are two
ways how people comprehend risk. The analytic system of the brain uses algorithms,
logic, probability calculations and risk assessment. The experiental system is intuitive,
automated and not easily accessible to conscious awareness. It has facilitated the sur-
vival of human beings under the long period of evolution. It relies on images and asso-
ciations linked by experience to emotion and affect. People do not only base their judg-
ments on an activity, technology or a company solely on what they think about it, but
also on how they feel about it. If their feelings about an activity are favorable they are
leaned toward judging the risks as lower and the benefits as higher than in opposite
situations (Slovic, Finucane, Peters & MacGregor 2004).

Although emotional responses are typically considered as being irrational, recent re-
search suggests that rational decision making and emotion are complementary. Emo-
tions and intuition can help a person create a fast and adequate decision when there is an
abundance of information related to the task and the decision process would otherwise
be paramount (Ackert, Church & Deaves 2003).

The use of feelings increases when the activity or judgmental task induces hedonistic
pleasure such as imagining a future level of wealth and how that wealth can be applied.
People who have a higher experience regarding a task are less likely to rely on their
feelings. The impact of feelings in decision making is more pronounced under condi-
tions of low processing capacity (Schwarz 2010).

Two recent areas of stock market research have addressed the influence of feelings
and emotions in investor decision making. The first area known as mood misattribution
investigates the impact of environmental factors, such as the weather, body’s
biorhythms and social factors, on stock prices. Mood fluctuations due to external condi-
tions and shocks are argued to have an impact on equity purchasing decisions as people
in a good mood are presumed to make more optimistic evaluations and vice versa. In
addition, a person who is in a good mood is more prone to use simplistic heuristics. The
second research area looks at the impact of image on investor decision making, the
argument being that the image of a stock induces emotions that drive the investment
behavior. For example, a company that has a positive publicity image and is touted in
the media is regarded as a good company that is a good investment choice (Lucey &
Dowling 2005).

Hirshleifer and Shumway (2003) investigated the relationship of sunshine and
weather conditions and stock market returns in 26 cities around the world during a time

period of 1982-1997 and found out that sunshine is highly significantly correlated with
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daily stock returns. An annualized nominal market return between perfectly sunny and
perfectly cloudy days in the New York stock exchange was 24.8 percent and 8.7 percent
per year respectively. Creating a profitable trading strategy seems to be difficult due to
active trading and transaction costs. However, an investor with very low transaction
costs could modestly improve his portfolio’s Sharpe-ratio by trading on the weather.

Kamstra, Kramer and Levi (2003) studied the effect of seasonal affective disorder in
several stock markets around the globe. Seasonal affective disorder is related to the
amount of daylight and the response of a human being to the varying amounts of day-
light during different seasons of the year. It is a condition that affects people during the
seasons of relatively fewer hours of daylight. Kamstra et al. suggest that seasonal affec-
tive disorder does exist in stock markets around the world. The effect is more pro-
nounced in northern countries where the amount of daylight can be quite dismal during
winter periods.

Even sports results have been proved to influence the aggregate investor mood or in-
vestor sentiment. There has been a significant effect on investor sentiment the day after
a loss in the soccer world cup elimination games. This was especially pronounced in
soccer intensive countries. Wins do not have a significant impact on the market; only
losses in the critical matches do (Edmans, Garcia & Norli 2006).

People in good mood react to new information and news events more favorably and
are more subject to act on pseudo-information and irrelevant news (Hirshleifer &
Shumway 2003). Investors often gamble both on an event outcome (e.g earnings an-
nouncement) and on the anticipated price appreciation of a stock. Anticipation of a
reward generates a positive affect state. Positive affect motivates both added risk taking
and added purchasing behaviors. Affective assessments of risk and rewards are influ-
enced by the vividness of the imagined consequences, personal exposure with outcomes
and a past history of conditioning. The vividly imagined possibility of wealth and in-
vestment success will lead to a strong drive to invest. Understanding the effects of affect
can give insight in the origins of security price trends and reversals and why affect is a
vital ingredient in the formation of investor sentiment (Paterson, 2002).

Lucey and Dowling (2005) state that there is a wide array of evidence that emotions
and feelings do significantly influence decision making in matters involving uncertainty
and risk. Extremes in emotions such as fear and greed lead to increasingly bounded
rationality as emotions cloud the decision maker’s judgments. Mehra and Sah (2002)
argue that feelings of investors can have an impact on security prices if investor’s risk
aversion and judgment of an appropriate discount factor fluctuates over time in accor-

dance with the fluctuations of mood, these fluctuations in mood are widely experienced
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and investors do not acknowledge that their decisions are influenced by their fluctua-
tions in mood. This relies on the noise trader and limits of arbitrage assumptions.

In conclusion it can be stated that most people are affected by their emotions and
feelings and this factors might have an influence in decision making. Inexperienced
investors are more prone to be influenced by their feelings. Emotions and feelings are
an essential ingredient in the formation of noise trader sentiment and by gaining know-
ledge of the impact of them in investor decision making we are getting a better under-

standing of the market mechanisms under extreme conditions.

24  Sociological factorsinfluencing the formation of irrational
sentiment

241 Herding

Herd behavior is often said to occur when many people take the same action by mi-
micking each other (Sornette 2003, 94). Herding is especially common in markets with
less publicly available information where the value of the private information is larger.
Individuals with access to information that is less accurate tend to follow the lead of
those who are expected to have more detailed information (Zhou & Lai 2009).

Psychological research has shown that differences of opinion create anxiety and in-
dividuals try to reach a consensus of opinions. But the search of consensus may lead
one to reconsider the validity of one’s own opinions and adopt the consensus opinion.
By a slight exaggeration, a herding investor acts like a prehistoric man who grouped
together in order to feel more secure as he had inadequate knowledge of the environ-
ment. Herding is often related to an inefficient market situation which is characterized
by sentiment extremes and things like speculative bubbles (Caparrelli, D’Arcangelis &
Cassuto 2004).

The suppression of private information as herding gathers pace may lead to a situa-
tion where the market price no longer reflects all relevant fundamental information
which moves the market towards inefficiency in an informational cascade (Hwang &
Salmon 2004). An informational cascade occurs when individuals choose to ignore or
downplay their own private information and imitate the actions of individuals that acted
before them. This is likely to happen when the existing aggregate information becomes

so overwhelming that an individuals’ single piece of information is not enough to re-
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verse the decision of the crowd. If this scenario holds for a single individual it is likely
to hold for a majority of people acting after the person (Sornette 2003, 95).

In an uncertain situation, herding is more likely to be increasingly apparent and can
become dominant in the market creating market bubbles and crashes. Herding is closely
related to investor sentiment as market extremities require a large mass of people to act
in a concert in the same direction (Hwang & Salmon 2004).

Investment decisions are rarely made in a vacuum and all the traders in the world are
organized into a network of family, friends, colleagues and other contacts that are
sources of opinion and influence each other. Other sources of influence involve all sorts
of media (Sornette 2003, 99). According to an American study over half of the people
get interested in a specific stock because some other person has mentioned that specific
stock (Nofsinger 2008, 74). If the majority of people think that it’s the right time to buy
or sell stocks it is very likely to have an impact on a person that is unsure of what to do.
Especially in uncertain situations, the impact of social interaction has the largest effect
on decision making (Wiarneryd 2001, 205). The ability to communicate in the internet
via e-mails, chat rooms, message boards and internet messengers has allowed us to
extend our social network and reach a great number of people rapidly and with low
costs. In finance, these social linkages play an important role in facilitating the ex-
change of information and investment ideas and spread sentiment which ultimately
reflects in the share prices (Tay 2009, 207).

Herding is not likely to just affect non-informed individual investors. Mutual fund
managers and other institutional investment managers have been observed to herd in
and out of stocks. Reasons for this might be that the traders use similar models and
trading strategies and fear of losing one’s job. If the perception of the trader was against
the perception of the majority of traders and the trader realized significant losses, he
might be in danger of losing his vocation. In addition, if the incentives of the manager
are not based on relative terms but in absolute terms, there is no inducement to deviate
from the actions of other managers (Grinblatt, Titman & Wermers 1995; Scharfstein &
Stein 1990).

Capparelli et al. (2004) found that herding is most prevalent in extreme market
conditions in the Italian stock market and fades away when the market is in “normal”
conditions. Zhou and Lai (2009) make similar findings for the Hong Kong stock
exchange. They also find that herding is more apparent when the sentiment is poor
which indicates correlated sell situations labeled by fear. Small stocks and stocks with
high P/E-ratios experience more herding than other stocks. Thus companies that are
more prone to noise trader risk and have a more speculative nature (small companies

with higher growth prospects) intrigue the herds more. Hwang and Salmon (2004)
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found out that herding does occur both in the American and South Korean stock
markets and was especially prevalent among small stocks and stocks with high market-
to-book ratios. Macroeconomic variables could not explain herding in the stock markets
and herding was not limited just to market extremes but instead it was found to occur in
more normal market conditions as well. It can be concluded that herding and sentiment
are closely intertwined and herding has been observed to have a greater impact on small
and high growth stocks which are expected to be more prone to noise trader risk and

investor sentiment.

24.2 Media

A large part of our social environment is the media with a wide array of media shows
and venues competing for our attention. Business and investment writers keep us
interested by telling a good and captivating story. Most of the time, the media directs
our attention towards storytelling instead of formal investment analysis (Nofsinger
2008, 78). Unfortunately, fear catches our attention better than any other emotion and
by capturing more viewers or readers the company that provides the news is likely to
get more revenue from advertisements (Read 2009, 216-217).

The news media are naturally attracted to financial markets because the markets pro-
vide constant news in the form of daily price changes. The general public considers the
stock market as the big casino with people making or breaking fortunes. Many media
accounts tell stories about the satisfaction felt by those who invested in the stock market
in the past years and how the stock market is your chance to get truly rich. It is not
surprising that financial news and sports news account for roughly half of editorial
content of the newspapers. The content of the papers are directed towards the interests
of the public in order to stay competitive. The level of public interest towards stock
markets does vary over time and goes through fads from time to time (Shiller 2005, 61,
66, 86). The interest of the general public towards stock markets increased exponen-
tially in the late 1990’s and in the beginning of the 2000’s. Tales of people who got
extremely rich by buying stocks gained a lot of space in magazines and newspapers. In
the beginning of the new millennium a lot of new economic and stock market related
newspapers and TV shows were founded. As the stock prices rose more people got
interested in the stock market day by day and investing started to be a sensible topic of
conversation. The stock markets could be monitored in real time from news channels

where investment advisors and analysts shared their views on the market. The media
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bulged with appraising comments of the IT-stocks and a common investor could not
have remained unaffected by it (Marttila 2001, 214-217).

Significant market events generally occur when there is similar thinking among large
groups of people, and the news media are essential vehicles for the spread of ideas.
News events usually have the effect of setting a sequence of public attentions. Media
attention through a cascade of attentions can lead investors to act on news that would
normally be considered as irrelevant or noise. The media actively shape public attention
and categories of thought and create an environment where speculative market events
are played out. The news media can be fundamental propagators of speculative price
movements through their efforts to make news interesting to their audience. They
sometimes strive to enhance such interest by attaching news stories to price movements
that have already been observed, thereby enhancing the salience of these movements
and focusing increased attention on them (Shiller 2005, 85, 91-93, 105).

Large amounts of optimistic or pessimistic news headlines and stories can reflect
sentiment extremities and provide a real time picture of popular sentiment and serve as
anecdotal support for other measures of stock market psychology even though media
headlines and cover stories should not be used as the basis of investment decisions
alone (Davis 2003, 42-43). Tetlock (2007) investigated whether news media content
could predict movements in broad indicators of stock market activity and the results
were consistent with theories of noise and liquidity traders. He found out that high
levels of media pessimism predict downward pressure on market prices and that high
media optimism or pessimism leads to increased market trading volume and low market
returns lead to media pessimism. The media content was detected to be related to in-
vestor sentiment and especially small stocks were prone to the effects of media pessim-
ism which is in line with the noise trader theories that stocks of small companies are

disproportionately owned by uninformed individual investors.

2.5  Possible consequences of irrational sentiment

251 Bubblesand market crashes

Episodes of speculative frenzy followed by a market crash seem the norm in our history.
The advent of a new technology usually acts as a trigger to such episodes. A common
element is the belief that the world has entered a new bright dawn of history that trans-

forms both society and the productive possibilities open to mankind (Forbes 2009, 89,
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101). Although each bubble has its own features and evident reasons that lead to the
bubble, there are some common elements among them. It is critical to remember that the
stock markets consist of people executing trades and people are inclined to short sigh-
tedness and making decision on an emotional basis. When the stock prices simulta-
neously sky rocket, a collective euphoria grasps the investors. However, when their
greed turns to fear, the bubble can burst quite rapidly. It is essential to note that stock
markets reflect the collective mood of the investors and investors are prone to excessive
optimism and pessimism from time to time (Ferguson 2009, 108).

When people are gripped by fear, their investment horizons tend to get shorter and in
extreme market situations the effect of investor sentiment has a larger impact on in-
vestment decisions. Overreacting is a part of human nature when life changing events
may occur and your personal wealth and wellbeing is at stake. In a bull market people
tend to overreact to good news and give little weight to bad news as during a bear mar-
ket all the focus is directed towards bad news. Greed and fear have always moved the
markets (Marttila 2001, 10-13, 25).

The behavioral finance literature has tried to provide an answer to why people are so
easily gripped by fear and greed and do not act rationally. The main foundations can be
found from psychology and sociology. People tend to be guided by behavioral biases,
are overconfident and follow trends, do positive feedback trading and herd with the
crowd (Bitmead, Durand & Ng 2004). In addition to mass psychology, many bubbles
have been created in conditions of easy and inexpensive credit. There might have even
been a financial innovation that contributed to the formation of the bubble by increasing
the volume of trade as in the crash of 1929. Investors were allowed to buy stocks by just
10 percent of the stock price as collateral when the security certificate was stored at the
bank (Ferguson 2009, 110; Forbes 2009, 106).

A crash occurs because the market has entered an unstable phase and any small dis-
turbance or process may have triggered the instability. A crash may be caused by local
self-reinforcing imitation among traders. A financial collapse has never happened when
things look bad. On the contrary, macroeconomic flows seem strong before crashes.
This explains why crashes catch many people by surprise (Sornette 2003, 3, 14, 23).
Market bubbles and crashes are not a new phenomenon although they have been more
frequent in the last hundred years. Tulip mania in the Netherlands in the 17" century
was one of the first reported bubbles. A new kind of tulip sort was imported from Tur-
key that was more vibrant in color. The demand for these tulips increased exponentially
and the scarcity of tulips and their beautiful colors made them a must for all the upper
classes of society. Forthcoming tulip bulbs were sold in advance as like options. An

option entitled its holder to buy a predetermined amount of tulip bulbs at a set price. As
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the prices of the tulips seemed to increase all the time, the tulip bulb options were traded
furiously. Many people that participated in this mania mortgaged their houses and busi-
nesses to trade tulips because the trade of tulips was regarded to be a “sure thing”. The
tulip mania lasted from year 1634 until 1637 and during the last year the prices of tulips
got twentyfold. The ingredients of a bubble were present in the Netherlands: an in-
creasing currency, a new economy and an increasingly prosperous country had created
the optimistic atmosphere in which bubbles are grown (Marttila 2001, 54-55; Sornette
2003, 7-9).

The railroads created a bubble in the United States and in Britain in the 19" century,
and a large stock crash was experienced in 1929. The crash of 1929 was created by the
irrational behavior of the investors, by the extensive speculative demand and investor
optimism. Techniques of mass production, mass advertisement and the expansion of
investment banking had created fertile conditions for a bubble. Added by easy and low
credit and financial innovations the stock market was bound to overheat (Marttila 2001,
60-61; Shiller 2005, 112-113). The 50°’s and 60’s experienced two booms. The first
directed towards new electronics companies and the latter towards large and profitable
stocks known as the nifty fifty (Baker & Wurgler 2006). Another stock market crash
was experienced in 1987. The famous date when the Dow Jones stock market plum-
meted by 23 percent is known as the black Monday. The stock market has fallen by over
10 percent in one day four times in the history. If the stock market followed a normal
distribution stock market falls by over 10 percent in a year would be extremely rare and
falls of over 20 percent a year should not have happened (Ferguson 2009, 145).

One of the reasons for the black Monday has been acclaimed to be computer trading.
This means that computers automatically execute large stock trades when certain market
trends prevailed. In particular sell orders after losses. The illiquidity of the market in-
creased the price change (Sornette 2003, 5-6). Nowadays 60 percent of the trades
executed at the New York Stock Exchange are computer automated trades where as in
Finland around 30 percent of the trades executed are computer automated (Meklari
2010, 28). These computer automated trades can strengthen the price fluctuations espe-
cially during uncertainty.

The IT-bubble in the late 1990’s and in the beginning of the 2000’s filled all the cha-
racteristics of a classic bubble. A new technological innovation that seemed to launch a
new era of productivity increased the optimism of investors and consumers all around
the world. The effects of the bubble were particularly strong in the small but technolo-
gically intensive country of Finland. Individual investors got interested in the new tech-
nology stocks as the stocks experienced fast growth in stock value. People queued to
buy these stocks. By the previous success of Nokia many American investment funds
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grew an interest in Finnish stocks and the prices of stocks seemed to continuously in-
crease (Marttila 2001, 77-79).

Media interest towards investing increased during the IT-bubble and many highly
respected investment analysts suggested people to buy stocks despite they might have
seemed to be expensive as the former valuation methods could not be applicable any-
more. Many investment shows and related magazines were founded and investing was a
generally acceptable topic of conversation. Companies that changed their names to dot-
com experienced stock price increases and companies that made almost any kind of
disclosures about their future goals made a price increase in the stock. Yahoo had a
Price-earnings ratio of over 600 and people fought over the stock. Rational traders tried
to exploit the mania rather than making stabilizing trades. The extreme sentiment of
individual investors and herd behavior created the IT-bubble (Bitmead, Durand & Ng
2004; Saario 145, 294-342).

The financial crisis of 2008 was due to careless lending of money. Money was lent to
people who could not afford it. The crisis was developed by overly aggressive mortgage
lenders, compliant appraisers, overly optimistic borrowers and obscured incentives. The
loans were packaged into securities that seemed to be well diversified when in fact the
loans were distributed to people from poor areas and the chance of default was a lot
higher and the loan defaults were more correlated than expected. People thought that the
prices of houses keep going up and it does not matter if the debtor is unable to pay the
debt as the houses act as collateral. Banks sold the collateralized debt obligations to
other banks and to private investors and as banks were uncertain of the amount of other
banks had of these instruments, interbank trust crumbled leading to the financial crisis
(Shiller 2009, 3-11).

25.2  Sentiment and corporate decision making

Nofsinger (2005) proposes that the general level of optimism or pessimism in society
affects the decisions of financial decision makers and can lead to market wide pheno-
menon. High general sentiment or social mood will lead to more optimistic investors
and corporate managers and influences their perspectives of risk of decision outcomes
and their estimates of probabilities of success. Investor sentiment is seen as the subset of
the larger social mood. Over-optimism can cause corporate overinvestment and increase
the amount of investment projects taken and acquisitions made. Gombola and

Marciukaityte (2007) suggest that managerial overoptimism leads to undertaking nega-
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tive net present value projects. Managers might also be inclined to use more debt fi-
nancing as they are confident of the profitability of the future projects. Some managers
may however exhibit a different type of behavior. They may take advantage of the
general optimism of the market and issue equity when the market is high.

Baker and Wurgler (2002) studied equity market timing in their article. Equity mar-
ket timing refers to the practice of issuing shares at high prices and repurchasing them at
low prices. According to their findings, firms tend to issue equity when the market
value is high and when investors are too enthusiastic by the earnings prospects. In addi-
tion, several managers have admitted market timing behavior in anonymous surveys.

Lamont and Stein (2006) made similar findings in their article. They concluded that
both equity issues and merger activity is related to market values of companies and thus
market timing is of importance. According to Shleifer and Vishny (2003), corporate
policies such as equity issues, investments, share repurchases and level of dividends are
driven by market mispricing. Companies are seen to adjust their policies according to
investor sentiment and the relative valuation of the stock market compared to the fun-
damental value. Baker and Wurgler (2004) suggest that corporations cater for the in-
vestor demand for dividends and pay heftier dividends when they are at a premium and
smaller dividends when they are not appreciated to the same extent. When investor
sentiment is low, investors appreciate safer stocks that pay a reasonable dividend and
managers are regarded to take this into account.

When the sentiment is high more companies make an initial public offering. Part of
this can be explained by the fact that usually macroeconomic conditions are favorable at
the same time. Companies can also get a higher price for their shares and be confident
that there is sufficient demand for the stocks. As sentiment grows IPO offer sizes grow
and lower quality companies are taken public. In addition, companies become more
likely to raise funds for non-investment purposes (Ljunqvist, Nanda & Singh 2003).

Companies might even adjust their voluntary corporate disclosure in relation with the
prevailing investor sentiment. During periods of high sentiment managers reduce the
frequency of long horizon earnings forecasts to the market while during low sentiment
they are prone to increase these forecasts. The reason why managers report more during
low sentiment may be due to their attempt to increase firm value as the firm is seen to
be undervalued and in order to correct the analysts’ pessimism (Bergman &
Roychoywdury 2008). In some cases companies have exploited investor overoptimism
by increasing the amount of voluntary disclosures about the future. Several high tech
companies exploited the market situation during the IT-bubble in Finland and painted

rosy pictures about the future without any concrete actions. The CEO of Balansor has
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later said they noticed that every time they issued a voluntary disclosure about the fu-
ture, the stock price would rise by about 15 percent (Marttila 2001, 97-98).

2.6 Hypothesis formulation

In order to crystallize the main research questions of this thesis, the following hypo-

theses are formulated based on the introduced behavioral finance theory:

HI: Investor sentiment has an impact on the aggregate market returns in the Finnish

stock market

H2: Investor sentiment affects the returns of speculative and non-speculative stocks

in different ways

H3: Sentiment can be used to forecast returns on sentiment prone stocks. Sentiment
prone stocks fare worse than bond like stocks when sentiment is high and fare better

when sentiment is low.

It is tested whether sentiment is related to stock returns as predicted by the beha-

vioral finance theory. The relationship between stocks and sentiment for the same time
period is analyzed first. It is expected that sentiment is at least related to the current
returns of stocks. The impact is regarded to be more powerful for the small stocks and
stocks held by predominantly individual traders although even institutional traders have
been reported to herd and act in an irrational manner from time to time.
The investors’ demand for speculative and non-speculative stocks is regarded to fluc-
tuate with sentiment. Thus, investor sentiment is seen to affect different types of stocks
in dissimilar ways. At times investors are keen to invest in speculative stocks and at
times they may prefer safer stocks.

We expect that investors’ tend to overreact and the effects of overoptimism and
overpessimism drive sentiment prone stocks to be overvalued when sentiment is partic-
ularly high and undervalued when sentiment is low. Investor sentiment is regarded to be
related to these patterns of over and undervaluation. Hence, sentiment related mispric-
ing correction should be observed when sentiment is matched by the subsequent returns
of sentiment prone stocks. In addition, it is assessed whether investor sentiment could
be used as a profitable trading strategy by exploiting sentiment related patterns of

mispricing.
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3 DATA AND RESEARCH METHODS

3.1 Data and sample selection

3.11 Genera

The purpose of this study is to find out whether investor sentiment has an influence on
the returns of stocks and if the effect is larger on stocks that are considered to be more
sentiment prone. The largest emphasis is placed on forecasting returns with sentiment
and on spotting sentiment related return patterns. The behavioral finance theory pro-
poses that sentiment leads to mispricing that is corrected in the subsequent periods.
Hence, sentiment should be able to be used in order to forecast returns if sentiment
leads to systematical mispricing of stocks.

This thesis revolves around two types of data: sentiment related data and returns
data. Various sentiment proxies are considered to be used in order to create an index
that captures the levels of investor sentiment in Finland. However, not every proxy that
has been used in previous literature works in a similar fashion in every time period and
every market. A sentiment proxy that seemed to grasp the essence of investor sentiment
in the 1970’s in the American stock market might not necessary do the same thing when
applied to the 21% century and the dismal Finnish stock market.

The sentiment index is constructed in a similar manner as in Baker and Wurgler
(2006) who used Principal Components Analysis in order to create a sentiment index
from six sentiment proxies that were NYSE turnover, closed end fund discount in per-
cents, number of [POs and their first day returns, equity share in new issues and divi-
dend premium which is the log ratio of value weighted average market-to-book ratios of
dividend payers and non-payers. These measures were regressed on different macroeco-
nomic factors such as growth in industrial production, growth in durable goods,
nondurable goods and services consumption and growth in employment in order to form
an index that reflects sentiment that is not warranted by fundamentals.

The sample period of this thesis is from January 2000 until December 2008. This
time period is chosen as there has been both market peaks and market crashes in this
quite short time horizon that have been regarded to be somewhat influenced by market
psychology and investor sentiment. Another reason for selecting this time period is due
to data availability and an interest to discover whether investor sentiment has an impact

in the 21* century. The data of many sentiment proxies is quite fresh and do not go far
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back in the history. The sentiment index was contemplated to be formed on a quarterly
basis but as the proxies that were only available quarterly did not seem to correlate with
the other variables sufficiently or act in an expected manner, the time interval could be
reduced to monthly sentiment data. This is more appealing as when the size of the sam-
ple increases, the reliability of our tests increases as well. In both Principal Components
Analysis and in regression analysis the sample size should be sufficiently large
(Metsdmuuronen 2008, 29, 88).

The investor sentiment proxy data and returns data was collected from various
sources such as Datastream, Bank of Finland and Eurex exchange. The data was first
processed in Microsoft Excel for both sentiment related and return related data. After
the data had been processed and modified in Excel, the data was preliminarily analyzed
in SPSS. However, SPSS is not able to perform certain procedures especially related to
correcting autocorrelation and heteroscedasticity in regression analysis. Eviews was

used for these purposes and all of the regressions were run on Eviews.

3.1.2 Return data

The monthly levels of investor sentiment index or monthly changes in the index are
matched by returns of the subsequent time period of a specific portfolio. The time pe-
riods used in this thesis regarding the returns are monthly and quarterly returns follow-
ing the sentiment of the previous month. In other words, the sentiment of January is
used to explain the return of February when the forecast horizon is one month and when
the forecast horizon is three months, the sentiment of January is used to explain the
return of February to April. Baker and Wurgler (2006) used yearly sentiment levels in
order to explain both monthly and annual returns of portfolios. Schmeling (2009) used
monthly levels of sentiment in order to explain the subsequent monthly, semi-annual
and annual returns. However, it is possible that a sentiment changes index is a more
suitable measure as it is likely to be less autocorrelated. In such a case, the return of e.g
March would be matched by the sentiment change in February.

The return data of all indices and portfolios spans out from February 2000 to January
2009 or March 2009 depending on the return forecast horizon. The returns are total
returns that account for splits and changes in share capital, dividends and other value
relevant transactions. The returns are calculated as logarithmic differences because they
are more normally distributed than percentage returns and are more symmetrical. The
attributes of logarithmic returns are usually considered more suitable for financial re-

search. The equation for the logarithmic return is simply (Vaihekoski 2004, 193-194):
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r, =In——" (1)

where I is the logarithmic return, In is the natural logarithm, P; and P:.; are returns at
time period t after the dividend and Dy is the dividend at time t for stock i. All return
data is gathered from Datastream.

The sample of Finnish companies consists of 154 companies of which 27 companies
have been delisted, gone bankrupt or been merged and have made an exit of the Finnish
stock exchange during the sample period. If a company is delisted, it is removed from
the sample and if a new company is listed, it is included in the sample. This is done to

mitigate survivorship bias.

3.1.3 Defining thetest portfolios

The return portfolios can be classified as benchmark index returns and speculative stock
portfolios based on volatility. The benchmark indices are gathered from Datastream and
the indices in this thesis include MSCI Finland Value stocks, MSCI Finland Growth
stocks, MSCI Finland Small value, MSCI Finland Large value, MSCI Finland Small
growth, MSCI Finland Large growth and SHB Nordix Finland Small cap. The specula-
tive stock portfolio returns are calculated from all the Finnish companies that are quoted
on the Finnish stock exchange. The portfolios are sorted by historical volatility and the
portfolios are equal-weighted. Portfolios that are harder to value and arbitrage are con-
sidered to be more speculative. More speculative stocks are considered to more prone to
investor sentiment and volatile stocks are regarded to be both hard to value and arbi-
trage. Additional measures of speculativeness can be for example amount of intangible
assets, indebtness, the company’s time of operation, growth prospects etc. (Baker &
Wurgler 2007).

The MSCI indices are total return indices that reinvest cash dividends in indices the
day the security is quoted ex-dividend. The indices are calculated and distributed daily
and are value-weighted (MSCI Barra 2010). The MSCI Finland Value and Growth
portfolios are generated in a way that the portfolio covers 99 percent of the free float
adjusted market capitalization. Thus, the companies are sorted in descending order by
market capitalization in the desired investment style. Those companies that account for
99 percent of the total free float market capitalization are included in the portfolio. For
the MSCI Large Value and Large Growth portfolios the free float adjusted market ca-
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pitalization coverage needs to be 70 percent of total market capitalization, and those
companies that account for 70 percent of total cumulative market capitalization are
included in the portfolio. The MSCI Small value and growth portfolios are created in a
way that the portfolios consist of companies that are between 85 and 99 percent in the
free float adjusted market capitalization coverage. The minimum size of the company
that is included in the portfolio is the size of the company that reaches the cumulative
market capitalization of 99 percent of total market capitalization (MSCI Barra 2008).

The value and growth investment style characteristics are measured by a handful of
ratios. When determining the value characteristics of a company, these three ratios are
calculated: book value to price ratio, 12 month forward earnings to price ratio and divi-
dend yield. These measures are standardized and winsorized and given equal weight to
determine the value Z-score. The growth investment style characteristics are defined by
these ratios: long term forward earnings per share growth rate, short term forward earn-
ings growth rate, current internal growth rate, long term historical EPS growth trend and
long term historical sales per share growth trend. These ratios are also standardized,
winsorized and given equal weight to form a growth Z-score. If a company has a posi-
tive value in value Z-score and zero or negative value in growth Z-score, it is labeled as
a value company and vice versa. If a company has both characteristics, the weights of
each characteristic are defined, and those weights are used when calculating how much
a certain company contributes to either a value or growth index. This weight is referred
to as an inclusion factor (MSCI Barra 2007).

The speculative stock portfolios are formed on the basis of previous historical vola-
tility of the companies listed in the Finnish stock market. Baker and Wurgler (2007)
propose that high volatility is characteristic for highly speculative stocks and low vola-
tility is predominant in stocks that have bond-like features. Highly volatile stocks are
also considered to be harder to value and to arbitrage. As in the aforementioned article
of Baker and Wurgler, a number of portfolios are formed on the basis of the previous 12
month annualized historical volatility. The annualized volatilities are calculated by
multiplying the daily volatilities by the square root of 251 which is the average number
of trading days in Finland (Vaihekoski 2004, 277).

The portfolios are sorted by the volatilities of the stocks and the portfolios are
equally weighted. Equally weighted portfolios are used instead of value-weighted port-
folios because empirical results and the theory we are interested in testing predict that
large firms are less affected by investor sentiment and hence value weighting tends to
obscure the relevant patterns (Baker & Wurgler 2006, 1646). Portfolios are formed on
the basis of previous volatility and the portfolios are sorted in to high, medium and low

volatility portfolios where the high portfolio consists of the first 20 percent of compa-



nies that have the highest volatility. The mid portfolio consists of companies that are in
the range of 40-60 percent sorted by volatility or in the mid quintile. The low volatility
portfolio consists of companies that are in the last quintile and account for companies
that are in the 20 percent smallest volatility range. In addition, two portfolios that con-
sist of 10 percent of the companies that have the highest and smallest volatility are
formed in order to determine whether the effect of sentiment is even larger in the utmost
volatile and least volatile companies. Companies that are delisted are removed from the
portfolios and companies that have been listed are included in the portfolios. Thus, the
group of companies is constantly up to date and accounts for survivorship bias.

Each portfolio is resorted monthly and the returns are total returns that account for
dividends, splits and other financing activities. As proposed by the theory and by the
finding of Baker & Wurgler (2006, 2007), it is expected that especially volatile stocks
should be more prone to the effects of sentiment as more volatile stocks are harder to
arbitrage, harder to value and can be regarded as more speculative. Thus, it is expected
that noise traders and speculative traders are more interested in these stocks and that the
market forces are unable to correct the mispricing, which leads to misvaluations that are
later mean reverted. So it is expected that the returns of the highly volatile stocks should
exhibit a negative relationship with sentiment as with the less volatile stocks sentiment

should have a smaller impact.

3.1.4  Sentiment proxies

A wide array of different investor sentiment measures can be found from existing
scientific literature. Still, there are no definitive or uncontroversial sentiment proxies
that could capture the essence of sentiment in every market and time period (Baker &
Wurgler 2006). That is why multiple sentiment proxies are considered in this thesis.
Baker & Wurgler (2006) used NYSE turnover, closed end fund discount in percents,
number of IPOs and their first day returns, equity share in new issues and dividend
premium. All of the same proxies cannot be applied in this thesis due to data availabil-
ity. In the Finnish stock market IPOs are quite rare in number and there is not enough
deviation in the yearly or monthly amount of them that could be used as a sentiment
proxy. In the previous decade there had been just a handful of initial public offerings.
Due to lack of volume the IPO first day returns are also ruled out. In addition to these
sentiment measures, a range of measures such as consumer confidence, mutual fund

flows, retail investor trades, insider trading, option implied volatility and put/call ratio
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are regarded to contain a sentiment related component. (Baker &Wurgler 2007, 135-
137; Brown &Cliff 2004, 11)

Brown and CIiff (2004) divide investor sentiment measures to direct and indirect
measures. Direct measures of investor sentiment are mainly based on surveys and ques-
tionnaires. These include consumer confidence surveys, industrial confidence surveys
and other similar polls that try to determine how a specific group sees the future. The
indirect measures are further grouped into four subgroups: market performance proxies,
trading activity proxies, derivatives based proxies and other miscellaneous sentiment
proxies. Market performance proxies relate to recent market performance, such as ad-
vance/decline-ratio. Trading activity proxies relate to trading activity among specific
groups, such as the trades of retail investors. Examples of derivatives based proxies are
put/call-ratio and option implied volatilities series. The miscellaneous proxy group
consists of sentiment measures that cannot be solely categorized into the previous
groups. An example of a proxy that is included in this group is closed-end fund dis-
count. The ideal situation would be to create the sentiment index from a variety of dif-
ferent sorts of sentiment proxies.

Nine different sentiment proxies that can be divided into different groups are consi-
dered in this thesis. These proxies are closed-end fund discount, consumer confidence,
industrial confidence, OMXH turnover, dividend premium, equity share, put/call-ratio,
VDAX option implied volatility and advance/decline-ratio. Five of them seem to func-
tion in an expected manner. This means that the sentiment proxy itself seems to act in
an unbiased manner and does not exhibit any unexplainable patterns, has a high correla-
tion and in the expected direction with the other sentiment proxies and acts in a way that
has been described in the previous literature.

The investor sentiment proxies’ data were collected from various sources. Turnover,
equity share and retail investor data was collected from the website of Bank of Finland.
Option related proxies such as the put-call ratio and implied option volatility data was
collected from Eurex exchange and survey related sentiment proxies were gathered
from DG ECFIN which stands for Directorate General for Economic and Financial
Affairs. Dividend premium data was garnered from Datastream and the closed end fund
discount data was collected from the websites of Neomarkka and Norvestia and the
missing data was obtained directly from the companies. All of the proxies’ data is on
monthly basis. Next every sentiment proxy is explained individually.

Closed-end fund discounk closed-end fund is a mutual fund that holds other pub-
licly traded securities. A closed-end fund issues a fixed number of shares that are traded
on the stock market. In order to liquidate ones owning in the fund, the shares must be

sold to other investors rather than redeem the shares from the fund itself. The closed-
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end fund discount is the difference between the net asset value of a fund’s security
holdings and the fund’s market price. The closed-end funds are usually traded at a dis-
count of 10-20 percent compared to their net asset value. A number of reasons are sug-
gested as reasons of the discount. Agency costs, net asset illiquidity, tax reasons and the
impact of noise traders are considered to be reasons that cause the discount. Holding the
closed-end fund discount is riskier than holding the similar portfolio directly and the
fund needs to be sold at a discount to attract investors. However, the discount widens
and shrinks in relation how optimistic or pessimistic investors are about the future ( Lee,
Shleifer & Thaler 1991).

When investors are irrationally optimistic, closed-end fund discounts are smaller and
when investors are pessimistic, the closed-end fund discount gets larger (Lin, Rahman
& Yung 2009). In other words, there is supposed to be a negative relation between
investor sentiment and closed-end fund discount. Neal and Wheatley (1998) found out
that closed-end fund discount had a relation with the returns of small firms but did not
find a relation between the discount and the returns of large companies which is in line
with the noise trader theory. Baker and Wurgler (2006) used closed-end fund discount
as one of their proxies and calculated the discount as the value-weighted average dis-

count of available closed-end funds. As formula it can be expressed as following:

n NAV, - P,
CEFD, = ;wjt x(_ N]Avjt i ] @
where W is the weight of the closed-end fund of company j as a proportion of the total
market capitalization of all closed-end funds at time t, NAVis the net asset value of the
closed-end fund j at time t and P is the stock price of the closed-end fund.

Neomarkka and Norvestia are used as closed-end funds in this thesis as they are in-
vestment companies that do not have any other type of business activity and are listed
on the Finnish stock exchange. The closed end fund discount is formed as the value-
weighted sum of the closed-end fund discounts of Norvestia and Neomarkka. NAV is
the fair value of the holdings of the investment company. The closed-end fund data
regarding net asset values was obtained from the websites of Norvestia and Neomarkka
and the price related data was gathered from Datastream. The proxy is formed on a
monthly basis.

Consumer confidence and industrial confiderBaker and Wurgler (2007) propose
that different investor surveys can be used as sentiment proxies by straightly asking how
optimistic or pessimistic investors seem to be about future. Lemmon and Portniaguina

(2006) used consumer confidence as a sentiment indicator in their article and found a
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relation between stock returns and consumer confidence especially in the last 25 years.
They suggested that in addition to consumer confidence being a measure of investor
optimism, it responds to the tone and volume of economic news rather than content.
This fits to the theoretical framework of the thesis on investor sentiment formation
affected by noise traders. Also Schmeling (2009) used consumer confidence as an in-
vestor sentiment measure and found out that it had a relation with future returns in some
countries. Industrial confidence measure is considered as well because it is very similar
to the consumer confidence measure apart from that it is surveyed from industrial com-
panies. Industrial confidence survey is a direct measure of sentiment of companies
where as equity share and IPO volume can be regarded as indirect measures of company
activities that are seen to be affected by the general level of investor sentiment.

The Finnish industrial confidence survey and consumer confidence surveys are con-
ducted every month during the second or third weeks of the month. The total sample of
companies surveyed is 850 and the total number of consumers surveyed is 2200
monthly. Both surveys are largely qualitative and the main questions in the industrial
confidence survey relate to assessments of trends in production and stock levels and to
expectations about future production, selling prices and employment. The consumer
confidence survey tries to gain information about the spending and saving intentions of
consumers and to assess the perceptions of consumers of factors affecting these deci-
sions. The questions are organized around four topics: the financial situation of the
household, the general economic situation, savings and intentions regarding major
purchases (DG ECFIN 2007). The data is garnered from the website of DG ECFIN.

OMXH turnover Baker and Stein (2004) claim that market liquidity measured as
turnover can indicate investor optimism or pessimism and turnover can be regarded as a
sentiment indicator. An unusually liquid market is a market which is dominated by
irrational investors that can affect the prices of shares and causing the future returns to
be lower. Their model is based on two assumptions that have already been introduced to
the reader: the limits of arbitrage and investor behavior that is based on investor over-
confidence. The overconfident investors can cause sentiment shocks by participating in
the market. When their sentiment is overly positive the market is overvalued relative to
fundamentals and when their sentiment is negative they do not participate in the market
to the same extent. Thus, measures of liquidity provide an indicator of the relative pres-
ence or absence of these investors and of the level of prices compared to fundamentals.

Baker and Wurgler (2006) used NYSE turnover per share as a sentiment proxy in
their article. Turnover had a positive trend in their time series and they detrended the
turnover time series by a 5 year moving average. There appears to be a short term trend

in our time series that spans from January 2000 to December 2008. However, using a 5
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year moving average does not seem to work well with our series as the development in
the Finnish stock exchange has been quite rapid and the increase in public interest to-
wards securities markets has been tremendous in the late 1990’s and in the new millen-
nium. Turnover is defined as the ratio of current month’s value of (euro) turnover per
listed share series divided by the 24 month rolling average of turnover per share. By this
way, we can account for the trend in the turnover and compare whether the turnover is

higher or lower than in the recent past. As a formula it can be expressed as following:

_ Tps
TURN =————*
N 24 navgTPS '’ )

where Tps is turnover per share, which is the total turnover divided by the number of
listed shares. 24m.avgTPS is the previous 24 month average turnover per share. As each
of the monthly observations is detrended by the previous 24 month rolling average, the
monthly turnover of January 2000 is divided by the average monthly turnover of 1998-
1999 and so on. Thus, the first turnover observation in the denominator is from January
1998.

Dividend premiumBaker and Wurgler (2004) suggest that dividends are highly rele-
vant to the stock price but in different directions at different times. Managers of compa-
nies cater for investors’ demands for dividends and when higher dividends are appre-
ciated among investors, the managers are more inclined to adjust their dividend policies
towards those demands. Dividend premium variables may also be driven by sentiment
and when the dividend premium is high, investors are seeking for companies that are
regarded safer and pay larger dividends and when the premium is low investors prefer
companies with large growth opportunities and potential for large capital appreciation.
They also found a significant correlation between dividend premium and the closed end
fund discount.

Later on Baker and Wurgler (2006) used dividend premium as a sentiment proxy.
The dividend premium was calculated as the log difference of the value weighted
average market-to-book ratios of dividend payers and non-payers which can be ex-

pressed as the following formula:
Z \thp X mtbjtp (4)
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where DIVPREM is the dividend premium at time t, In is the natural logarithm, w de-
notes the weight of the company as a portion of the total market capitalization of all
similar companies at time t, mtb is market to book ratio, p is a dividend paying company
and g is a non-dividend paying company.

Equity share Equity share proxy relates to the market timing hypothesis of capital
structure. Managers are perceived to act opportunistically and issue equity instead of
debt when the market value is high relative to book value and past market values. They
tend to repurchase equity when the market price is low and prefer debt as a choice of
capital raised (Baker & Wurgler 2002). As a sentiment proxy, the total amount of equity
issues are divided by the total amount of both debt and equity issues. When sentiment is
high, the ratio should have high values and when the sentiment is low, the ratio should
have lower values (Baker & Wurgler 2006). The Finnish stock market is quite small and
equity issues are not very frequent. Due to the small size of equity and debt issues in
Finland and their infrequency it is quite likely that Equity share proxy is not the best
possible sentiment measure.

Put/Call-ratio: The put/call-trading volume ratio is a measure of sentiment that is de-
rived from options trading. It equals the trading volume of put options divided by the
trading volume of call options. When market participants are bearish they buy put op-
tions either to speculate or to hedge their position and when the sentiment is bullish, the
volume of calls traded should clearly outweigh the number of puts traded (Wang, Kes-
wani & Taylor 2006, 112). Although a put/call-ratio of 1 would seem to be a neutral
reading, it has been empirically observed that more call options are traded on average.
An average put/call-ratio lies usually between 0.8-0.9 (Bandopadhyaya 2006).

The put/call-ratio in this thesis is constructed from all of the Finnish equity options
traded at the Eurex exchange. The number of Finnish companies that contribute to the
index is about ten during our time period. Nokia has a dominating impact in the ratio.
The next biggest companies in relation to trading volume of calls and puts are Stora
Enso, UPM Kymmene, Neste Oil and Sampo.

VDAX option implied volatilityBaker and Wurgler (2007) suggest that option im-
plied volatility could be used as a sentiment proxy. Option implied volatility is extracted
from the current option prices to indicate what the option market expects the future
volatility to be. The market volatility index measures the implied volatility of options in
a specific market; VIX measures the S&P 500 stock index and VDAX the German
DAX index. These market volatility indices have a tendency to surge during sharp sell
offs as investors hedge their portfolios by buying index puts. Volatility indices are

regarded as investor fear gauges (Simon & Wiggins 2001, 451).
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VDAX measure was decided to be used instead of VIX as the DAX index had a
higher correlation with the OMXH CAP index than the SP index. DAX had a correla-
tion of 0.766 with the OMXH CAP as SP had a correlation of 0.747. The correlations
were both significant at the 0.01 level. OMXH CAP is used rather than OMXH because
our theory posits that sentiment has a larger effect on smaller companies and CAP limits
the effect of Nokia.

The VDAX volatility index is an indication of the expected volatility of the DAX in-
dex for the next 30 days. It measures the implied option volatility using at the money
options (Deutsche Borse 2005). Although the VDAX index is not a direct measure of
volatility in Finland is does have a quite high correlation with the Finnish equity in-
dices. It is possible that it at least partially reflects the same shifts in sentiment as many
other proxies.

Advance/Decline-ratio: According to Brown & Cliff (2004), the Advance/Decline-
ratio is a commonly used technical indicator used by many technical analysts in order to
gain a picture of the prevailing sentiment. The indicator itself is quite simple; it is just
the number of advancing stocks divided by declining stocks. When the advance decline
ratio is high, the market is considered to be bullish and vice versa. In addition to these
sentiment proxies that have been introduced, we also considered proxies relating to
retail investor trades but suitable data set its own limitations and no such data could be

used in this thesis.

3.2 Resear ch methods

3.21 Constructing the investor sentiment index

In order to create the best possible sentiment index of our available sentiment proxies it
must be first assessed which proxies seem to reflect investor sentiment at least partially.
After that, the proxies that exhibit a sentiment component can be combined to create the
sentiment index. If a sentiment proxy acts as expected and it has a significant correla-
tion with other sentiment proxies, it is included in the sentiment index.

As there are no uncontroversial measures and as each measure is likely to contain
idiosyncratic, non-sentiment related components, Principal Components Analysis is
used in order to isolate the common component of these measures. A preliminary evalu-

ation of whether a measure is suitable in the sentiment index is crucial, although Prin-



51

cipal Component Analysis also indicates which components are scrap and should not be
included in the index (Baker & Wurgler 2006, 1655-1657). Before conducting a Prin-
cipal Components Analysis we need to define what variables should be included. Thus,
the first task is the calculation of a correlation matrix which helps to determine which
variables have common variation (Hair, Anderson & Tatham 1987). Table 1 provides
descriptive statistics and Table 2 correlations of each sentiment measure and Figure 1

plots each measure.

Table 1 Descriptive statistics of the sentiment proxies

This table presents the descriptive statistics of the contemplated sentiment proxies. Turn denotes Turnover,
CEFD closed end fund discount, VDAX the option implied volatility of the VDAX index, Cons. and Ind.
denote the consumer and industrial confidence indices, DIVP is the dividend premium, PC-R is the put-call-
ratio, ADV is the Advance/decline-ratio and EQ is the equity share of new equity and debt issues. AC
denotes autocorrelation with lags of 1, 2 and 3 months. Values exceeding 0.2 signal significant autocorrela-

tion.
Turn CEFD VDAX Cons. Ind. DIVP PC-R ADV EQ

Mean 1.133 0.286  23.800 13.979 3.730 -0.125 0.774 1.621 0.539
Std.Dev 0.372 0.101 10.303 4.737 12.092 1.230 0218 0.376 0.376
Max 2.550 0.506  62.050 22.500  23.800 1.237 1.815 8.000 1.000
Min 0.343 0.072 11.670 -6.400 -35.500 -2.927 0.302  0.031 0.006
Kurtosis 0.617 -0.746 1.398 0.901 0.050 -0.176 4739  3.095 -1.630
Skewness 0.599 0.250 1.354 -0.588 -0.519 -1.124 1.270 1.535 0.014
AC (1) 0.627 0911 0.863 0.792 0.860 0.944 0.283 0.217 0.045
AC(2) 0.467 0.855 0.666 0.610 0.734 0.887 0.296  0.265 0.008
AC (3) 0.390 0.823 0.518 0.468 0.667 0.837 0.174  0.289 0.005

It can be observed from Table 1 that each sentiment proxy has experienced both
quite high and low values during the time series. This indicates that there have been
sentiment peaks and lows that are reflected in the sentiment proxies. Nearly all of the
proxies are quite strongly autocorrelated. This is not surprising as sentiment is likely to
be persistent. Sentiment is related to macroeconomic conditions and previous stock
prices and the economy does experience cyclical patterns. The closer the autocorrelation
coefficient is to one, the stronger the autocorrelation. Values of over 0.2 indicate
significant first-order autocorrelation for a sample size of 100 (Eviews 2007). Some of
the variables seem to be somewhat skewed or exhibit kurtosis. The normality of
variables and their residuals is of greater concern when conducting regression analysis.

Sentiment is expected to be especially high in the beginning of the new millennium
during the Internet bubble. Sentiment is expected to hit low numbers during years 2001-
2004 and to gradually incline towards a new peak in 2007 before the financial crisis and
total panic in the stock market in the end of 2008. By plotting each sentiment proxy,

and eyeball test can be carried out to assess which measures fluctuate as expected.



Table 2 Sentiment proxy correlations

Pearson correlations, significance levels, means and standard deviations for measures of investor sentiment during 2000-2008. Turnover is the ratio
of turnover per share divided by the average turnover per share of previous 24 months. CEFD is the value weighted average discount on closed-end
funds. VDAX is the average monthly implied volatility derived from DAX equity options. PC-ratio is the ratio of put trading volume divided by call
trading volume of Finnish equity options traded at Eurex Exchange. DIVPREM is the log ratio of the value weighted average market-to-book ratios
of dividend payers and nonpayers. Industrial Conf and Cons Conf are the industrial and consumer confidence indices gathered from DG ECFIN.
ADV/DEC is the advance decline ratio which is just the number of advancing stocks divided by declining stocks. Equity Share is the proportion of
equity issues divided by all issues. The bold figures denote statistical significance at the 5% level.

Turnover

CEFD

VDAX

PC-Ratio

DIVPREM

Ind Conf

Cons Conf

ADV/DEC

Equity Share

Correlation
Sig.
Correlation
Sig.
Correlation
Sig.
Correlation
Sig.
Correlation
Sig.
Correlation
Sig.
Correlation
Sig.
Correlation
Sig.
Correlation
Sig.

Correlations
Equity
Turnover  CEFD VDAX PC-Ratio DIVPREM Ind Conf Cons Conf ADV/DEC Share
1

-0.239 1
0.013
-0.339 0.456 1
<0.001 <0.001
-0.155 -0.178 -0.078 1
0.110 0.065 0.422
-0.311 -0.557 -0.029 0.052 1
0.001 <0.001 0.764 0.592
0.606 -0.416 -0.620 -0.075 -0.145 1
<0.001 <0.001 <0.001 0.443 0.135
0.617 -0.270 -0.556 -0.106 -0.177 0.802 1
<0.001 0.005 <0.001 0.276 0.066 <0.001
-0.184 -0.136 -0.060 0.024 0.275 -0.106 -0.175 1
0.057 0.161 0.539 0.802 0.004 0.277 0.069
0.056 0.184 0.164 -0.163 -0.206 -0.030 0.001 -0.047 1
0.563 0.056 0.090 0.091 0.033 0.757 0.995 0.627
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Figure 1 Investor sentiment proxies 2000-2008

The put/call-ratio, equity share and the advance/decline-ratio are not very highly cor-
related with the other sentiment proxies. Turnover, Industrial Confidence, Consumer
Confidence, Closed-end fund discount and VDAX each have multiple significant cor-
relations with each other and all in the expected directions. As aforementioned, the
Closed-end discount and VDAX proxies are contrarian indicators and should have a
negative relationship with other proxies. All of these proxies seem to flow in the ex-
pected direction of the sentiment although there are a few exceptions. The CEFD seems
to be particularly high from mid 2000 until late 2001. A part of it may be due to an
internal crisis that faced both Neomarkka and Norvestia in the beginning of the new
millennium. Norvestia owned a part of Neomarkka and the CEO of Norvestia was also
the vice president of the board of directors in Neomarkka. Neomarkka had paid sub-
stantially high rewards to these Swedish board members for consultancy services which
amounted to over 10 % of the fixed costs of the company. Additional audits and addi-
tional general meetings of the shareholders were held and the CEO of Neomarkka and
other Finnish board members quit their work relationships with Neomarkka. Board
member Ralf Lehtonen resigned due to moral and ethical reasons (Neomarkka porssi-
tiedotteet 2000).

The VDAX index is clearly quite high in 2002-2003 compared to other sentiment in-
dicators although the direction is the same. Advance/Decline-ratio and Equity Share do
not seem to grasp the essence of sentiment very well in our time period and data set.
They hardly correlate with other variables and the plots do not seem to indicate clear
patterns of sentiment that are similar to other proxies. Equity Share might not be a good
indicator in the Finnish market as the Finnish market is quite small and companies are
not in need of capital every month and there can be months when no equity or no debt
capital is raised in the whole market. The Put/Call-Ratio does not correlate with the

other variables although the plot seems somewhat sensible. The Dividend Premium
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variable is a bit controversial. It does correlate with four other variables, but with only
Turnover in the expected direction. On the base of the correlations and the plots, six
variables are selected for further analysis: Turnover, CEFD, VDAX, Industrial confi-
dence, Consumer confidence and Dividend premium. The first five proxies seem to act
as expected and the Dividend premium is also chosen due to its highly significant cor-
relations with Turnover and CEFD, although it should have a positive correlation with
CEFD as both are expected to be contrarian sentiment indicators. The correlation of
these proxies is -0.557. Principal Components Analysis will indicate which proxies
should be included in the index.

Principal Components Analysis is a method that can be used to reduce a large num-
ber of variables into a smaller number of components and those variables can be
grouped. The variables need to be correlated with each other and if no variable has a
correlation of over 0.3 with another variable, PCA should not be used (Metsamuuronen
2008, 28). PCA is interested in the common variation of variables in order to create
principal components. The goals of PCA are to condense the information in as few
components as possible, to summarize patterns of correlations among observed va-
riables, to provide an operational definition for an underlying process by using observed
variables or to test a theory about the nature of an underlying process (Tabachnick &
Fidell 2007, 608). If variables have a high correlation with each other and are regarded
to measure a similar matter, they can be grouped into the same component. PCA is most
suitable in cases where the researcher has a bunch of variables that are related to the
same subject (Jokivuori & Hietala 2007, 93).

Mathematically PCA produces several linear combinations of observed variables, of
which each combination is a principal component. In a way, the covariance or correla-
tion matrix is broken in order to create new linear combinations. The main idea is to
find those linear combinations that best explain the common variation of the variables.
If two principal components can be extracted, the value of variable x can be formulated

as following (Metsdmuuronen 2008, 29):

X=ax P +bxP, , 5)

where a and b are loadings (weights) and P; and P, are principal components. In prac-
tice, the first step is to calculate the zero mean data matrix which is used to create a
correlation matrix denoted by R. The variance in the correlation matrix is condensed
into eigenvalues. Eigenvalue is a number that depicts the principal components’ ability
to explain the common variation of the variables. The component with the largest

eigenvalue has the most variance and components with smaller eigenvalues explain a
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smaller portion of the total variance. The calculation of eigenvalues and eigenvectors is
usually left up to computers as the computations get increasingly difficult as the size of
the matrix grows. The solution of an eigenproblem is solved by the following equation
(Tabachnick & Fidell 2007, 616-617, 931):

(D-AWV =0 | (6)

where D is the matrix, whose eigenvalues are sought, 1 is the eigenvalue, | the identity
matrix and V the eigenvector. The component loading matrix is created next, which is a
matrix of correlations between components and variables. The first column of the ma-
trix indicates correlations between the first component and each variable in turn
(Tabachnick & Fidell 2007, 619). A loading indicates the correlation between an origi-
nal variable and its component, and whether a variable belongs to a specific component
or not. Loadings of 0.30 are considered significant and loadings of 0.50 are considered
very significant when the sample size is over 50 (Hair, Anderson, Tatham 1987, 249).
The goodness of a variable can be analyzed by its loadings or to be more precise, by the
square of its loading, also called as communality. The closer the communality is to 1,
the better the component can explain the variation of a chosen variable. If the variable’s
communality value is below 0.3, it is considered to be garbage and it usually isn’t in-
cluded in the component (Metsdmuuronen 2008, 31).
The unrotated component loading matrix can be formed by the following equation:

A=ViL | (7)

where A is the component loading matrix, V is the eigenvector matrix and L is the
eigenvalue matrix. Finally, the interest is directed towards the component scores, which
are regression-like coefficients that can be used later on in regression analysis as depen-
dent or independent variables. Component score coefficients are formed by the follow-
ing way:

B=R'A , (8)

where B is the component score coefficients, R is the inverse of the correlation matrix

and A is the component loading matrix. This can be turned to component scores by:

F=2ZB , 9)
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where F denotes the component scores, Z standardized scores on variables and B com-
ponent score coefficients (Tabachnick & Fidell 2007, 619, 623). Component scores
have the advantage of representing a composite of all variables loading on the specific
component and have a mean of zero and a standard deviation of 1 (Hair, Anderson,
Tatham 1987, 260; Tabachnick & Fidell 2007, 650).

Usually when the researcher is not determined to produce just a single principal
component, the components are rotated in order to increase interpretability in a way that
the loadings of components concentrate on single components as highly as possible. But
when the researcher has a clear vision of the phenomenon he or she is modeling, and an
intuition of the number of components that is to be extracted, the researcher can force
the variables to load on a predetermined number of components (Jokivuori & Hietala
2007, 94). In the case of this thesis, the variables are forced to a single component that
hopefully accounts for an adequate amount of the common variation of the variables.
Before a PCA is conducted, the researcher should test whether the correlation matrix is
suitable for Principal Components Analysis. This can be done by the Bartlett’s test of
sphericity and by the Kaiser-Meyer-Olkin test of sampling adequacy. Bartlett’s test
investigates the hypothesis of whether the values of the correlation matrix are zero, in
other words whether the correlation matrix is an identity matrix. If the value of the
Bartlett’s test is under 0.05, the correlation matrix is suitable for PCA and the variables
are indeed correlated with each other. Kaiser-Meyer-Olkin measure tests whether the
partial correlations among variables are small. It is calculated by dividing the correla-
tion with the sum of the correlation and the partial correlation. The detailed formulas of
Bartlett’s and Kaiser’s tests can be found from the appendix. If the KMO measure gives
low values, it can be concluded that the bivariate correlations cannot be explained by
other variables. The measure should be at least 0.6 in order for the correlation matrix to
be used in PCA. The closer the value of KMO test is to 1, the better the suitability of the
data for PCA (Metsamuuronen 2008, 32; Jokivuori & Hietala 2007, 96).

The limitations of PCA are somewhat different compared to for example regression
analysis. In addition to the need of correlations among variables, any outliers should be
fixed or removed from the sample. An outlier is a case with an extremely high or low
value. The sample size should be large enough; there should be at least 5 times the
amount of observations in relation to the amount of variables. Nonlinearity and multi-
collinearity are not problems in PCA (Metsimuuronen 2008, 28-29; Hair et al. 1987,
237).

Some preliminary tests are performed next, and it is assessed whether our sentiment
proxies are suitable for PCA by performing Bartlett’s test and KMO test and if all of our

variables are suitable for PCA by analyzing the communalities of the variables. Table 3
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provides information about the communalities of the sentiment proxies and Table 4
provides the communality values of the variables when only the variables that exhibit

common variation are included.

Table 3 Communalities of the selected variables

This table presents the communality values of the selected variables when the extraction method is
Principal Components Analysis. Turnover is the ratio of current turnover per share divided by the 2 year
rolling average of turnover per share in the Helsinki Stock Exchange, CEFD is the closed end fund
discount which is the value weighted average discount of closed end funds, VDAX is the DAX 30 im-
plied options monthly average volatility, Dividend Premium is the log ratio of dividend payers and non-
payers, Industrial Confidence and Consumer Confidence are monthly surveys that are controlled by DG
ECFIN and conducted by Tilastokeskus.

Turnover CEFD VDAX DIVPREM  IND CONS

Communality 0.553 0.286 0.579 0.010 0.838 0.766

The KMO test gives a value of 0.664 which indicates that our correlation matrix
seems to be suitable for PCA, although the KMO test does give a relatively low value.
The communalities table reveals that Dividend Premium variable indeed is garbage as
was expected. Also CEFD seems to be under 0.3, but it needs to be assessed, how the

extraction changes after Dividend Premium is removed from the correlation matrix.

Table 4 Communalities of the selected variables 2

This table presents the communality values of the selected variables when the extraction
method is Principal Components Analysis. Turnover is the ratio of current turnover per
share divided by the 2 year rolling average of turnover per share in the Helsinki Stock
Exchange, CEFD is the closed end fund discount which is the value weighted average
discount of closed end funds, VDAX is the DAX 30 implied options monthly average
volatility, Industrial Confidence and Consumer Confidence are monthly surveys that are
controlled by DG ECFIN and conducted by Tilastokeskus.

Turnover CEFD VDAX IND CONS
Communality 0.536 0.316 0.587 0.832 0.755

KMO measure increases from 0.664 to 0.776, which means that this particular varia-
ble set is far more suitable for PCA than the previous one, where Dividend Premium
was included. All the communalities are above 0.3, and thus all of the variables can be
included in the sentiment index. As now we have determined the sentiment proxies that
are used in the index, the outlier cases need to be corrected. Tabachnick & Fidell (2007,
73, 77) suggest that cases with standardized scores in excess of 3.29 are potential out-
liers. The outlier may be deleted or transformed. Deletion is not an option in our sample
so the cases need to be transformed. An option is to change the score of the outlier so

that it still remains the most extreme value, but the value is simply just one unit or stan-
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dard deviation larger than the next biggest or smallest value. Just a few cases of our
variables in the beginning of 2000 and in the end of 2008 contain extreme values which
are modified in a way that the z-scores of those cases stay in the boundaries of 3.29.

Some of the sentiment proxies may reflect the same shift in sentiment sooner than
others and a decision concerning timing is to be made. Generally proxies that involve
firm supply decisions are further down the chain of events compared to proxies that are
based on investor trading patterns or market variables (Baker & Wurgler 2007, 139).
Both the current and lagged values of sentiment proxies need to be analyzed. A similar
methodology than in the article of Baker & Wurgler (2006) is followed and a first stage
index is constructed, which is the first principal component of the current and lagged
proxies and gives us 12 loadings. Correlations are computed for the first stage index and
each of the current and lagged proxies, and finally the SENT index is constructed from
each of the proxies that indicate highest correlation with the first stage index. Each of
the index components has been standardized and the SENT index has a mean of zero
and unit variance.

The correlations with the first stage index and the current and lagged values indicate
that only CEFD should be included in the index by its lagged value (-0.552 vs -0.584).
The communality value of CEFD increased to 0.348, meaning that the lagged value
indeed has more of the same characteristics as the other variables. The first principal
component explains 61.276 percent of the total variance of the variables, which could
be interpreted to be the common sentiment part of these variables. In comparison, the
sentiment index of Baker & Wurgler (2006) only explained around 49 percent of the
sample variance. However, this is not unexpected as they had a time period ranging
from 1935 so not all the best proxies might have been available.

Our sentiment index is comprised of the loadings of the component score matrix and

the index can be described as:

SENT =0.25TURN +0.299IND, +0.279CONS - 0.193CEFD,_, - 0.244VDAX, , (10)

where TURN is the turnover, IND industrial confidence, CONS consumer confidence,
CEFD is the lagged closed-end fund discount and VDAX s the average implied volatil-
ity derived from DAX options. The correlation between the 12-term first stage index
and the SENT index is 0.987, so little information is lost dropping the six terms. More
detailed tables about the Principal Component Analysis results can be found from Ap-

pendix 2.
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3.2.2  Removing macroeconomic influences of the index

As in the articles of Baker & Wurgler (2006), Lemmon & Portniaguina (2006) and
Brown & CIliff (2004), we are also interested to determine a sentiment index that has
been adjusted for macroeconomic foundations. The sentiment index can contain rational
expectations based on risk factors that have been shown to predict future performance
(Brown & CIliff 2005). Thus, there is an interest to form an index that suits the noise
trader hypothesis and removes the common business cycle components from the index.
The effects of macroeconomic influences are removed by regressing each of the senti-
ment proxies by a set of variables and then performing a Principal Components Analy-
sis of the regressed residuals. Monthly data availability limits the choice of macroeco-
nomic variables and following Baker & Wurgler (2006) and Lemmon & Portniaguina
(2006), we choose inflation rate, industrial production growth, unemployment rate and
short term rate (3 month euribor) as independent variables as the data is available on
monthly basis. The data is collected from the website of the Bank of Finland and from
Datastream. It is acknowledged that an important rational factor might be missing, but
however the index should be a cleaner measure of irrational investor sentiment. Table 5

offers descriptive statistics of the macroeconomic variables

Table 5 descriptive statistics of the macroeconomic variables

This table offers descriptive statistics of the macroeconomic variables that are regressed on each of the
sentiment proxies. AC denotes autocorrelation with lags of 1, 2 and 3 months. Autocorrelation coefficient
values of over 0.2 signal significant autocorrelation.

Inflation Unemployment Industial prod. Short term rate
Mean 1.895 8.375 3.930 3.398
Std.Dev 1.255 1.128 5.577 1.035
Max. 4.700 11.200 25.100 5.110
Min. -0.600 5.900 -14.500 2.030
Kurtosis -0.761 -0.523 2.071 -1.413
Skewness 0.256 -0.497 0.193 0.126
AC (1) 0.956 0.763 0.644 0.985
AC (2) 0.918 0.546 0.497 0.956
AC(3) 0.878 0.452 0.464 0.924

It can be observed that the macroeconomic variables are quite autocorrelated and es-
pecially inflation and short term rate seem to be strongly autocorrelated. This is quite
expected as macroeconomic measures fluctuate in cyclical patterns. Each of the va-
riables has experienced higher and lower values during the time series and especially
industrial production has had quite deviant extreme values in relation to its mean. The

variables seem to be somewhat skewed and exhibit moderate kurtosis.
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The main assumptions concerning regression analysis are that there should be an
adequate number of observations, that the independent variables do not exhibit multi-
collinearity and that the residuals are normally distributed and that the disturbance terms
should have the same dispersion. If there are problems with the disturbance terms re-
garding normality or dispersion, the reason can be found from the initial variables and
their values. In these cases, transformations are made to the variables (Metsdmuuronen

2008, 88-89). Each of the sentiment proxies is regressed by the following equation:

PROXY =c +iINF, + UUNEMP + pINDP. + rSHORT +¢, (11)

where PROXYindicates the sentiment proxy that is being regressed, Cis a constant, INF
denotes inflation, UNEMP the unemployment rate, INDP the industrial production
growth and SHORTdenotes the short term rate. After each of the proxies is regressed by
the aforementioned independent variables, the same method as in the previous chapter is
applied for the regression residuals. Screening continuous variables for normality is an
important early step usually in multivariate analysis, even though normality of the va-
riables may not always be required for analysis. However, the solution is usually better
when the variables are normally distributed. In regression analysis, the residuals should
exhibit a normal distribution, which can be enhanced by increasing the normality of the
variables (Tabachnick & Fidell 2007, 79-81). Kolmogorov-Smirnov test is used to
determine whether the independent and dependent variables are normally distributed. If
the significance value is below 0.05, the variable is not normally distributed and if the
significance value exceeds 0.05, the variable can be claimed to be normally distributed.
The formula and the results from the Kolmogorov-Smirnov test can be found from
Appendix 2.

Running the Kolmogorov-Smirnov test indicates that short term rate, unemployment
and VDAX variables are not normally distributed. The descriptive statistics reveal that
there may be issues with skewness and kurtosis with the variables. Several transforma-
tion techniques are suggested by Tabachnick and Fidell (2007, 86-89) and by
Metsdmuuronen (2008, 101-103). The most common methods for fixing variables are
log transformation, square root transformation, inverse transformation and square trans-
formation. The unemployment rate is log differenced in order to remove both the skew-
ness and kurtosis. The short term rate variable is squared in order to take care of the
kurtosis and a square root is taken from VDAX. After these transformations, all the
variables follow a normal distribution at least in a greater extent and each exhibit a

normal distribution according to the Kolmogorov-Smirnov test. The variables indicate
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significance levels of 0.248 for unemployment, 0.055 for short term rate and 0.124 for
VDAX and thus the normality of the variables can be accepted at the 0.05 level.

All the sentiment proxies are regressed by the macroeconomic variables and then
Principal Components Analysis is performed for the standardized residuals. This is
done to ensure that nothing is lost in the process, although one could consider simply
regressing the raw sentiment proxy with the macroeconomic factors. The results from
the regressions show that each of the macroeconomic variables has some explanatory
power. The most influential variable is the industrial production growth that has statis-
tical significance in every sentiment proxy regression. The goodness of fit indicator, R,
tells how well the sample regression line fits the data. In other words, it tells how much
of the variation of the dependent variable can be explained by the model in percents
(Gujarati 2003, 81; Metsdmuuronen 2008, 96). The R, figures in the sentiment proxy
regressions indicate that the macroeconomic conditions do have some impact on the
proxies but a lot of the variation remains unexplained. The unexplained part is regarded
as the excessive sentiment unwarranted by fundamentals (Lemmon & Portniaguina
2006).

Table 6 Sentiment proxies regressed by macroeconomic variables

This table presents the results of the sentiment proxy regressions on macroeconomic variables. Each
regression is of the following form:

PROXY =c +iINF, + UUNEMP + pINDP. + ISHORT + ¢,

Where c is a constant, INF denotes inflation, UNEMP the change in unemployment, INDP the industrial
production growth and SHORT denotes the short term rate. . *** denotes statistical significance at the 1
% level, ** at the 5 % level and * at the 10 % level and restrictions. t-statistics based on Newey-West
standard errors are presented in parentheses. R, is the coefficient of determination.

c INF UNEMP INDP SHORT R,
Turnover 1.120%** 20.036 0.064%* 0. 141%%* 0.011 0.206
(23.25) (-0.23) (2.37) (3.34) (0.07)

VDAX 4.770%%x 0.510%* 0.025 -0.200%* -0.310 0.130
(56.21) (2.29) (0.29) (-2.26) (-1.37)

Consumer  14.080%** -2.620 -0.056 2.280%%* 2.694* 0.388
(24.14) (-1.65) (-0.23) (4.34) (1.82)

Industrial ~ 3.730%* -2.540 -0.330 7.250%% 2.150 0.383
(2.17) (-0.71) (-0.35) (4.99) (0.64)

CEFD <0.001 -0.280 0.001 -0.240% 0.700 0.226
(0.001) (-0.66) (0.001) (-1.89) (1.35)

The regression variables do not exhibit severe collinearity and multicollinearity
seems not to be an issue. The VIF values stay well below the critical values as the high-
est VIF value is 7.06 for the short term rate. Values of over 10 are usually considered to

indicate a severe multicollinearity problem. In addition, multicollinearity usually causes
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the coefficients of determination to be very high, while t-statistics are low. This does
not seem to be the case in our regressions (Gujarati 2003, 362)

The standardized residuals of these regressions are used in Principal Components
Analysis to form the ADJSENT index. All of the following results can be viewed in
more detail in the appendix. KMO test (0.768) and Bartlett’s test (sig. 0.00) indicate that
the variables are suitable for PCA. Each of the variables has a communality of over 0.3,
which points out that all the macroeconomically adjusted variables are suitable for the
index. The first principal component explains 56.014 percent of the common variation
of the variables, which remains at a fairly high level. Removing the rational macroeco-
nomic component from the variables decreases the common variation of the first prin-
cipal component that indicates sentiment. This seems reasonable and expected as part of
the common variation of the first principal component is due to macroeconomic factors.
However, this is not in line with the findings of Baker & Wurgler (2006), who noticed
that removing macroeconomic conditions from the index actually increased the common
variation of the first principal component, which is somewhat surprising. In their study,
the macroeconomically adjusted proxies were more correlated with each other than the
raw proxies. If the raw variables were driven by common macroeconomic conditions,
one would expect the opposite. The correlations between raw sentiment proxies are
higher than the correlations of the macroeconomically adjusted proxies, which clearly
indicate that macroeconomic conditions do have an impact in the sentiment proxies
used in this thesis and data set.

The resulting sentiment index can be expressed as following:

ADJSENT=0.256TURN" —0.266VDAX," +0.290CONS" +0.318IND," -0.187CEFD,_," (12)

where ADJSENT is the macroeconomically adjusted or orthogonalized sentiment index,
each proxy is marked as before with an addition of - which indicates that the proxy has
been regressed by the macroeconomic variables and is the residual of the regression.
Each variable still enters with the expected sign.

Table 7 provides descriptive statistics of the sentiment indices. The sentiment levels
indices are accompanied by the sentiment changes indices. Baker and Wurgler (2007)
used sentiment changes indices in their latest investor sentiment related article and

investor sentiment levels indices in Baker and Wurgler (2006).



Table 7 Descriptive statistics of the sentiment indices

This table presents descriptive statistics of the sentiment levels and changes indices. SENT is the raw
sentiment index and ADJSENT is the macroeconomically adjusted sentiment index. ASENT and
AADJSENT are the sentiment changes indices of SENT and ADJSENT that are first differenced. AC is
the autocorrelation with lags of 1, 2 and 3 months. Autocorrelation coefficient values of over 0.2 indicate
significant autocorrelation.

SENT ADJSENT ASENT AADJSENT

Mean 0.000 0.000 -0.041 -0.023
Std.Dev 1.000 1.000 0.342 0.566
Max 1.728 2.189 0.691 1.437
Min -3.228 2217 -1.159 -1.475
Kurt 3.253 2.526 3.653 2.834
Skew -0.722 0.075 -0.325 -0.106
KS 1.234 0.665 0.613 0.723
(0.095) (0.768) (0.847) (0.673)

AC(1) 0.886 0.826 -0.054 -0.148
AC(2) 0.773 0.677 -0.033 -0.255
AC(3) 0.699 0.610 0.200 0.200

Sentiment changes indices are less autocorrelated and the Kolmogorov-Smirnov test
statistics indicate that all of the indices are reasonably normally distributed. There is
slight negative autocorrelations for the changes indices. It is not surprising that the
negative autocorrelation is stronger for the orthogonalized changes index as overreac-
tion is characteristic for irrational sentiment, which shows in the autocorrelations. The
ASENT index is more normally distributed than SENT index probably due to smaller
skewness. The descriptive statistics on the sentiment levels indices are based on 108
observations, whereas the sentiment changes indices are based on 107 observations.
The next figures plot the SENT and ADJSENT indices during the time period of 2000-

2008 and compare it to the fluctuations of the Finnish general stock market index.
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Figure 2 Sentiment and adjusted sentiment indices and the OMXH stock index

As can be seen from the figures, the SENT index is far more persistent than the or-
thogonalized index which fluctuates more aggressively. As the ADJSENT index is
supposed to reflect the irrational component of investor sentiment, it is not surprising
that the fluctuation is more aggressive. Both indices seem to line up quite well with the
fluctuations of the general stock market indices although the ADJSENT index hits
negative numbers in the beginning of 2006, which is due to high number in macroeco-
nomic factors, especially industrial production growth. The sentiment indices seem to
act as expected during the internet boom in the beginning of the new millennium and

during the financial crisis in 2008. The sentiment proxies have a statistically significant
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correlation of 0.826 at the 1 percent level which means that even after controlling for

macroeconomic conditions they exhibit similar characteristics.

3.23 Linear regression approach

Regression analyses are a set of statistical techniques that facilitate the assessment of
the relationship between one dependent variable and several independent variables. The
goal of regression is to produce regression coefficients for the independent variables
that bring the Y values predicted from the regression equation as close as possible to the
actual Y values obtained by measurement. The regression coefficients minimize the sum
of the squared deviations between the predicted and obtained Y values, and optimize the
correlation between the predicted and obtained Y values for the given data set
(Tabachnick & Fidell 2007, 117-118). The ordinary least squares procedure is interested
in minimizing the residual sum of squares and yields estimates of b; and b, that are
unbiased and most efficient of their type, provided that certain conditions referred to
Gauss-Markov conditions are satisfied. The least squares technique is by far the most
popular regression analysis technique (Dougherty 2002, 52, 117):

The main interest in this thesis is directed towards studying the effects of investor
sentiment on portfolio returns. This can be done by analyzing the explanatory power of
the sentiment coefficient. In addition to finding out what the regression coefficients are,
we are interested in determining whether the regression model is a good fit and whether
the regression coefficients are significant. Whether the regression model is a good fit
can be observed by the coefficient of determination R%, which is the correlation of the
observed and predicted values of Y squared. It tells how many percents the model is
able to explain of the total variance of the dependent variable. The formula can be ex-
pressed in the following way (Metsdmuuronen 2008, 96; Hanke & Wichern 2005, 277):

, (Y=Y
R = Z(Y—Y_)z (13)

The adjusted R, is also used later on in regression equations. It enables the compari-
son of the goodness of fit between several equations that might have a different number
of independent variables. If the R, was used, the increase in independent variables
would inflate the R, even though the equation might not be a better fit. The adjusted R,
accounts for the inclusion of additional variables (Gujarati 2003, 217). The formula can

be found from Appendix 1.
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The individual regression coefficients can be tested for significance by the t-test. A
null hypothesis is formed which states that a particular regression coefficient does not
have a linear influence on the dependent variable. If the t-statistic exceeds the chosen
level of significance t-statistic value, the null hypothesis can be rejected and the coeffi-
cient can be claimed to have an influence on the dependent variable at the chosen level
of significance. The t-statistic can be computed in the following way (Gujarati 2003,
249-252):

t= A A (14)
sef5)

where se stands for standard error and p; is replaced by 0 when testing the null hypothe-
sis. Another way of reporting the significance of the regression coefficients is through
the use of p-values. It indicates the probability of obtaining the corresponding t-statistic
as a matter of chance if the null hypothesis Hy=p;=0 were true. The p-value gives the
exact probability of committing a type I error which means that the coefficient is seen to
have an influence on the dependent variable when it in reality did not have an influence
(Dougherty 2002, 99-101). In this thesis, the t-values are presented and the statistical
significance of the coefficients is expressed by a symbol *.

There are a number of assumptions that are made about the X; variables and the error
terms that are critical to the valid interpretation of the regression estimates when apply-
ing the method of least squares. First of all, the regression model needs to be linear in
the parameters and X is assumed to be nonstochastic. There should be an adequate
number of observations and the regression model should be correctly specified. There
should not be perfect multicollinearity, which is perfect linear relationship between
independent variables (Gujarati 2003, 65-75). In addition to these assumptions, the
assumptions concerning the disturbance terms are also known as Gauss-Markov condi-
tions. These conditions need to be satisfied if ordinary least squares regression analysis
is to give the best possible results. The first condition is that the expected value of the
disturbance term in any observation should be 0. The second condition is that the popu-
lation variance of the disturbance term should be constant for all observations. The
values of the disturbance term should be independent of each other and the disturbance
terms should be distributed independently of the explanatory variables. Furthermore the
normality of disturbance terms is usually assumed (Dougherty 2002, 76-79).

The most interest in the validity of the regression analysis focuses on the attributes of
the disturbance terms or in other words, residuals. The residuals should be linear, nor-
mally distributed and homoscedastic, meaning that the variance of the residuals is the

same for all predicted scores. The residuals should not show any systematic patterns



68

also known as autocorrelation. If the Gauss-Markov conditions are not met, it will be
possible to find out other estimators that are more efficient than the ordinary least
squares estimator (Tabachnick & Fidell 2007, 125-127; Gujarati 2003, 65-75, 79-81).

When using time series data, the problem with autocorrelation is quite often present.
From a forecasting perspective, autocorrelation is not of great concern. In a regression
framework autocorrelation is usually fixed by modifying the standard regression model
or more typically autocorrelation is handled by changing the nature of the error term.
Strong autocorrelation can make two unrelated variables appear to be related and pro-
duce a significant regression. The examination of residuals will ordinarily reveal the
problem as well as specific tests for autocorrelation like the Durbin-Watson test.
Another matter that plagues wusually regressions with time series data is
heteroscedasticity, which occurs when the variance of the disturbance term is not con-
stant (Hanke & Wichern 2005, 327-331, 346-347). As with the autocorrelation, the
attendance of heteroscedasticity can obscure the statistical tests. It is quite likely that the
standard errors will be underestimated, meaning that the t statistics are overestimated,
and as a result, they give a misleading impression of the precision of the regression
coefficients. Heteroscedasticity can be spotted from the residual plots or by running
specific heteroscedasticity tests such as Glejser’s test (Dougherty 2002, 223-228). In
short under both heteroscedasticity and autocorrelation, the usual ordinary least squares
estimators are no longer minimum variance among all linear unbiased estimators, and
the usual tests of significance may not be valid (Gujarati 2003, 442).

Both autocorrelation and heteroscedasticity need to be removed from the equations
and this can be done by using a procedure developed by Newey and West. It is an ex-
tension of White’s heteroscedasticity consistent standard errors and is known as the
heteroscedasticity and autocorrelation consistent standard errors or simply as Newey-
West standard errors. By using the Newey-West method one is able to still use ordinary
least square regression and the autocorrelation or heteroscedasticity will not obscure the
results (Gujarati 2003, 484-485). The mathematics behind the Newey-West method is
beyond the scope of this thesis and thus they are not presented.

In addition, it has been observed that most macroeconomic data are non-stationary
and running regressions with such data could produce spurious results. In order for the
regression to produce reliable results, the data should be stationary. A stationary series
has a mean and the series has a tendency to return to that mean, whereas a non-
stationary series wanders more widely. A stationary series has a constant variance and
constant autocovariance for each lag. When working with economic time series data it
has become very important to test for non-stationarity before proceeding with further

estimations. The majority of financial and economic time series contain a single unit
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root. The augmented Dickey-Fuller test has become one of the most popular tests for
non-stationarity due to its simplicity and its strong results (Kennedy 1998, 268-269,
274, 284). In many cases, stationarity can be obtained by simple differencing of the
data. If taking a first difference produces a stationary process, the series is said to be
integrated of order one and is denoted I(1). If the series needs to be differences d times

the series is integrated of order d and is denoted I(d). The main objective of the Dickey-
Fuller test is to examine the null hypothesis that ¢=1 in

Yo = @ U (15.1)

against the one-sided alternative ¢ <1. Hence the null hypothesis is that the series con-

tains a unit root, whereas H; is that the series is stationary. In practice, three types of
equations are usually employed. The first equation does not include a constant term or a
linear trend in the model, whereas the second equation includes a constant and the third

includes both a constant and a deterministic linear trend (Brooks 2002, 378).
Yo = By T U, (15.2)

Y = @ T U ALY, (15.3)

The augmented Dickey-Fuller test accounts for some forms of serial correlation and is
more suitable when the time series exhibits autocorrelation. The formula can be ex-
pressed as following (Brooks 2002, 380):

p
Ayt =y, + E{ai Ay, +u, (16)

The lags of Ay, now absorb any dynamic structure present in the dependent variable in
order to ensure that u; is not autocorrelated. However, a problem arises in determining
the correct number of lags of the dependent variable. If monthly data was used, 12 lags
could be utilized. Another choice could be to use an information criterion, such as the
Schwarz information criterion or Akaike information criterion (Brooks 2002, 380).

The standard approach to test a hypothesis would be to construct a t-test, but under
non-stationarity the statistic computed does not follow a standard t-distribution. A sepa-
rate Dickey-Fuller distribution is utilized that has been generated by using Monte Carlo
techniques (Harris 1995, 29). The Dickey-Fuller statistic is referred to as a t-statistic.

Table 8 presents the critical values for the DF-test with a sample size of 100.
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Table 8 Dickey-Fuller critical values

This table presents the critical values for the Dickey-Fuller test. The critical values
increase as additional variables are included in the model. These additional va-
riables indicate a drift and a deterministic time trend.

Model Level of significance

0.01 0.05 0.10
None -2.60 -1.95 -1.61
Constant -3.51 -2.89 -2.58
Constant and trend -4.04 -3.45 -3.15

The bigger the 1-statistic value, the more likely it is that the variable does not have a
unit root and is a stationary variable. The critical 1-statistic values are higher than in the
ordinary t-test due to the inherent instability of the unit root process, the wider distribu-
tion of the t-ratios in the context of non-stationary data and the resulting uncertainty in
inference (Brooks 2002, 379). The Dickey-Fuller test statistic formula can be found
from Appendix 1. The unit root test results of the sentiment indices are presented in
Table 9.

Table 9 Unit root test for the sentiment indices

This table presents the Augmented Dickey-Fuller statistics of the sentiment indices. t-

statistics for each of the sentiment indices are presented and the significance levels are

reported in the parentheses. Schwarz information criterion is used to determine optimal
lag length with a maximum lag length set to be 12.

Model SENT ADJSENT ASENT AADJSENT
None -0.519 -3.076 -10.767 -10.257
(0.489) (0.024) (0.000) (0.000)
Constant -0.482 -3.059 -10.291 -10.925
(0.889) (0.033) (0.000) (0.000)
Cons. and trend  -0.300 -3.160 -10.931 -10.237
(0.989) (0.098) (0.000) (0.000)

It can be observed from the unit root results that the raw sentiment index is non-
stationary at all levels and the macroeconomically adjusted sentiment index is consi-
dered to be stationary at the 5 percent level without a deterministic trend. However, both
indices exhibit stationary characteristics when first differenced. According to Brown
and CIiff (2005) the raw sentiment index is likely to be non-stationary and if the
macroecomically adjusted index remains to be non-stationary, the index has not been
sufficiently cleaned of macroeconomic factors. Although the ADJSENT index is statio-
nary at the 5 percent level, it could be wiser to use the first differenced sentiment in-

dices as they are clearly more likely to be stationary.
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In this thesis the most weight of the empirical tests are placed on different tests uti-
lizing regression analysis. Regression analyses are run on several different portfolios
and during extremely high and low sentiment periods as well as during the whole time

period. Following Baker & Wurgler (2007) we run regressions of the form:
Ri= g+ dSENT, + B R+, g (17)

where R; is the return of a portfolio, C is a constant, d and f are regression coefficients,
SENTis the sentiment changes index and Ry, is the value weighted market return. The
returns are matched by the sentiment of the preceding month. When regressions are run
with the orthogonalized sentiment proxy, SENT is simply replaced by ADJSENT.
Regressions are run with returns of the following month and following 3 months.
OMXH is added as a control variable because high volatility stocks are likely to have
higher market betas which should be accounted for (Baker & Wurgler 2007).

In addition to these regressions, it is tested whether higher levels of positive or nega-
tive sentiment affect the returns more than during low levels of sentiment. This is done
by following the method of Finter, Niessen and Ruenzi (2010) who studied the effects
of sentiment in the German stock market. The sentiment index as an independent varia-
ble is replaced by two dummy variables. DS™ and DS" where DS" is given a value of 1
when the sentiment is over a standard deviation above the average and 0 otherwise and
DS" gets a value of 1 when the sentiment is more than 1 standard deviation below the
average and 0 otherwise. The sentiment levels between -1 and 1 are considered to be in
the “gray zone” when the sentiment is at moderate levels either on the positive or the
negative side. Finter et al. used sentiment levels of over 1 and under -1 in a similar way
in their article in order to divide the observations to the different dummy categories.

The regression equation can be expressed as following:
R= ¢+ dDS"1+d,DS" 1 + B R +E, > (18)
where R; is the return of the portfolio, C is a constant dy, d> and f are regression coefti-

cients, DS is the dummy variable for high sentiment and DS- is the dummy variable for
low sentiment and Ry, is the return of the market portfolio OMXH.
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4 EMPIRICAL RESULTS

4.1 Descriptive statisticsand preliminary tests

This subchapter provides descriptive statistics of the return portfolios and looks for
patterns and characteristics of the return portfolios under different sentiment levels. In
addition, it is tested whether sentiment is related to the returns of the portfolios by test-
ing the correlations of the current level of sentiment matched by the current returns of
the portfolios. If sentiment is related to stock returns of the selected portfolios, the cor-
relations should be statistically significant. It is also tested whether sentiment has a
linear relationship with the current returns of stocks in general. In the later sections of
this chapter tests are performed in order to assess whether sentiment can be used to
explain future returns and if the sentiment index could be used as a trading strategy.
These are tested by conducting several regression analyses.

Table 10 shows the average monthly return, minimum and maximum monthly
returns of the time period and the monthly standard deviation of the return portfolios.

The numbers are reported in percents.

Table 10 Descriptive statistics on portfolio returns

Descriptive statistics of the market portfolio, MSCI portfolios sorted by size and investment style, the
equally weighted portfolio of all stocks and portfolios sorted by historical volatility. Lg equals large, Sm
equals small, Gr. equals growth and Val. equals value companies. Autocorrelation is reported at lags of 1, 2
and 3 months. Autocorrelation coefficient values of over 0.2 signal significant autocorrelation. The returns
are expressed in percentages.

Mean  Std.Dev Max Min Kurtosis Skewness AC(1) AC(2) AC (3)
OMXH -0.71 8.48 25.66  -31.30 1.87 -0.47 0.22 -0.13 -0.05
Growth -1.15 12.11 3149 -43.10 1.88 -0.75 0.19 -0.16 -0.09
Value -0.80 6.86 17.19  -17.59 -0.18 -0.12 0.13 -0.08 0.20
Small 0.34 5.60 11.56  -15.63 0.31 -0.69 0.30 0.17 0.22
Lg Gr. -1.32 12.37 32.03  -44.59 1.94 -0.71 0.18 -0.17 -0.06
Lg Val. -0.17 8.15 19.06 -32.54 1.52 -0.59 -0.06 -0.03 0.01
Sm Gr. -0.85 8.23 12.66  -31.68 1.78 -1.16 0.37 0.19 0.09
Sm Val. 0.30 5.53 1041 -21.11 1.77 -1.05 0.39 0.25 0.20
All ew -0.36 5.65 11.46  -26.52 3.17 -1.05 0.25 0.19 0.12
Voll0 -2.45 10.55 3490 -33.71 1.51 0.14 0.06 0.11 0.06
Vol20 -2.04 9.10 25.03  -28.96 1.34 -0.25 0.15 0.10 0.07
Vol40 0.09 5.42 9.02 -31.13 7.67 -1.78 0.18 0.19 0.07
Vol80 0.75 4.04 9.37  -19.68 591 -1.51 0.34 0.21 0.16
Vol90 0.75 4.17 946  -22.31 7.96 -1.69 0.29 0.20 0.09
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The Table consists of MSCI benchmark indices, OMXH index, equal-weighted port-
folio of all stocks (ALL EW) and of the five portfolios that have been formed by the
previous historical volatility. Vol10 portfolio consists of the companies that are part of
the largest volatility decile, Vol20 of the companies that are part of the largest quintile,
Vol40 of the companies that are in the mid quintile (40-60) and Vol80 and Vol90 of the
companies that are in the smallest quintile and decile. The results are based on 108
observations from 2000 until 2008.

On average, the returns of value companies have exceeded those of growth compa-
nies and the returns of small companies have topped those of larger companies. The
most volatile companies have fared quite badly compared to the less volatile companies.
The least volatile companies have experienced an average monthly return of 0.75 %
during the time period. The less volatile companies are likely to have higher book-to-
market ratios. The higher returns of both small stocks and stocks with high book-to-
market ratios have been noticed in previous research (Fama & French 1996). The size
effect has also been noticed in many research articles covering the Finnish stock market
(Kallunki et al. 1997).

The minimum and maximum returns of companies tend to be large especially for the
growth companies and for the volatile companies. This is not surprising as both the IT-
bubble and the financial crisis took place in the time series. Growth stocks were those
information technology companies that seemed to have endless profit potential and
experienced a sharp rise and fall in the beginning of the new millennium. The two pre-
viously mentioned stock market crashes result for the low average monthly returns of
the selected portfolios and indices.

Many of the portfolios seem to be positively skewed and exhibit moderate to strong
kurtosis. Most of the return observations cluster around zero and hence it is not surpris-
ing that the portfolios are leptokurtic. Ideally, the variables should be as close to a nor-
mal distribution as possible. However, by performing variable transformations the in-
terpretability of the results is weakened. Hence, no variable transformations are made. It
is interesting to note that the returns of small companies are clearly more autocorrelated
than those of larger companies. This is probably due to thinner trading.

Table 11 depicts the average monthly returns under different sentiment levels for
three time periods: returns of the same month as the sentiment, returns of the following
month in relation to sentiment and returns of the following three months in relation to
sentiment. Sentiment is divided into four different levels. High, very high, low and very
low where very high levels of sentiment denote levels of sentiment that are more than
one standard deviation above the average and very low levels denote sentiment levels

that are more than one standard deviation below the sentiment average. The sentiment
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levels are regarded high or low when the levels are positive or negative. The sentiment

index has a mean of zero and a standard deviation of one.

Table 11 Average portfolio returns under different market scenarios

The returns of equal weighted portfolio, market portfolio, MSCI portfolios and portfolios sorted
by volatility under different sentiment conditions. Sentiment is high when it is above the average
and low when it is below average. Sentiment is very high or very low when it is over a standard
deviation above or below the average. Sentiment is based on SENT index. C denotes the return
of the current month in relation to the sentiment, Im the return of the following month in relation
to the sentiment and 3m the return of the following 3 months in relation to the sentiment. The
returns are expressed in percentages.

High Low
c Im 3m c Im 3m
ALL EW 0.03 0.12 -0.55 -0.83 -0.67 -2.19
OMXH -0.10 0.01 -0.01 -1.46 -1.73 -6.24
Growth -0.34 -0.04 -0.41 -2.25 -2.89 -9.71
Value -0.53 -0.54 -1.70 -0.99 -1.08 -4.23
Small Cap 0.58 0.63 1.62 0.09 0.07 0.20
Large Gr. -0.60 -0.35 -1.36 -2.30 -2.90 -9.75
Large Value 0.55 0.57 3.03 -0.92 -1.07 -3.71
Small Gr. -0.65 -0.82 -2.55 -1.04 -0.75 -2.18
Small value 0.74 0.70 2.10 -0.21 -0.06 -0.46
Voll0 -2.35 -2.17 -6.07 -2.76 -2.84 -6.92
Vol20 -2.27 -2.07 -6.46 -1.96 -1.99 -6.43
Vol40 0.49 0.50 1.07 -0.62 -0.45 -1.04
Vol80 1.17 1.12 3.13 0.09 0.25 0.88
Vol90 1.16 1.13 3.45 0.06 0.24 1.12
Very High Very Low
c Im 3m c Im 3m
ALL EW 1.72 0.49 -1.78 -2.30 -0.62 1.86
OMXH 2.96 2.81 3.17 -1.88 0.46 0.36
Growth 4.16 4.90 8.87 -2.10 0.91 -1.04
Value 0.27 0.03 -4.79 -2.22 -0.47 -1.11
Small Cap 1.48 1.00 -1.34 -1.20 0.59 4.55
Large Gr. 3.61 4.79 8.90 -1.99 1.01 -1.02
Large Value -1.30 -1.12 0.14 -1.44 -0.58 -1.29
Small Gr. 2.37 0.76 -2.09 -2.28 0.30 5.39
Small value 0.31 0.33 -3.15 -1.84 -0.25 3.18
Voll0 -0.25 -2.01 -9.04 -4.21 -2.39 -1.46
Vol20 -0.59 -1.77 -8.49 -3.70 -1.80 -0.66
Vol40 1.09 1.35 -0.33 -2.44 -0.83 1.57
Vol80 0.89 0.77 1.06 -1.12 0.03 3.03
Vol90 0.80 0.19 0.37 1.07 -0.22 2.76

There are 62 monthly observations for the high sentiment and 46 monthly observa-

tions for the low sentiment. 15 of these observations are regarded very high and 23 to be

very low. Some conclusions can be drawn even from these observations. When the

sentiment is at moderate levels, the returns of value stocks seem to surpass the returns
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of growth stocks. By comparing the OMXH and the equal-weighted market portfolio it
can be seen that the equal-weighted portfolio acts much more like what is proposed by
the behavioral finance theory. This is not surprising as small stocks affect the returns of
the equal-weighted portfolio more than in the value-weighted OMXH index.

The returns of the current and following month head to the same direction as the
sentiment until they are reversed in the time period of the following three months. The
returns of the following months are in negative relation with the sentiment during longer
time intervals as the particular stocks are considered overvalued. The effects of senti-
ment can be observed by mispricing correction (Baker & Wurgler 2006).

Small stocks seem to act as predicted by the behavioral theory especially during le-
vels of very high and very low sentiment. This is in line with the theory that small
stocks are mainly owned by individuals who are considered to be more prone to senti-
ment, and during high levels of optimism or pessimism sentiment is more likely to
affect the decisions of these individuals. What is interesting to note is that large compa-
nies and especially large growth companies exhibit quite intense momentum. When
sentiment is very high, the growth and large growth companies yield monthly returns of
around 4 percent and returns of almost 9 percent for the next three months. On the other
hand, when sentiment is low, growth stocks and large stocks exhibit negative momen-
tum. This may be due to the fact that foreign investors have a large ownership stake in
Finnish companies. Almost 70 percent of the total market capitalization of Finnish
stocks in 2001 was owned by foreigners and 32 percent if Nokia was excluded from the
calculations. Foreign investors have been identified to practice a momentum trading
strategy and execute large trades (Karhunen & Keloharju 2001; Grinblatt & Keloharju
2001).

The highly volatile stocks seem to earn a negative monthly return which does not
seem to depend on the sentiment level. The most volatile stocks might contain compa-
nies that are highly distressed, unprofitable or thinly traded. It is likely that especially
the Vol10 portfolio is comprised of at least some of these kinds of companies. However,
the main interest of these portfolios is directed towards the low, mid and high quintile
portfolios or Vol20, Vol40 and Vol80 portfolios. The least volatile stocks seem to be
quite profitable regardless of sentiment level, although the profits are larger during high
levels of sentiment and during very low levels of sentiment in the three months’ time
period.

In general, there is a fewer number of low sentiment time periods compared to high
sentiment ones and the returns are more moderate during high levels of sentiment. That
is the stock returns are higher in absolute values compared to the returns during high

levels of sentiment. People are usually considered to be optimistic, but also loss averse
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and losses feel emotionally much worse than winnings of similar amount. The loss
aversion of an investor depends on his prior investment performance. After prior gains
the investor is less loss averse and after prior losses the investor becomes more loss
averse. Prior winnings serve as a cushion for future setbacks and if the investor has
recently experienced losses, he is more sensitive to additional setbacks. In addition,
individual investors tend to realize their winnings too early and avoid selling their losses
in order to minimize psychological burden (Barberis, Huang & Santos 2001). When the
sentiment is low, the fear of losses may drive the decisions of investors as when the
sentiment is high investors are less affected by similar gains. It can be seen from Table
11 that the returns of large stocks and especially large growth stocks have a rapid de-
cline in value when the sentiment is low compared to smaller stocks. The effect during
low sentiment might be explained by the notion that smaller stocks are more owned by
individual investors who hold on to their losses for too long.

Next it is assessed whether sentiment is related to the returns of the portfolios. The
returns and sentiment levels of the same time period are correlated in order to give a
picture whether these two measures are interrelated. The correlations between both the
SENT index and returns and the macroeconomically adjusted ADJSENT index and
returns are expressed in table 12. Also the statistical significance of the correlations is
shown at 1, 5, and 10 percent levels. The SENT index has a highly significant correla-
tion of 0.253 with the equal-weighted portfolio of all stocks quoted at the Helsinki
Stock Exchange and the correlation is even higher with the orthogonalized index. A
positive correlation will exist between aggregate market returns and the sentiment index
if the average stock is affected by sentiment (Baker & Wurgler 2007). There is not a
significant correlation between the SENT index and the OMXH index. This can be
interpreted that sentiment is more related with the returns of smaller companies as they

have a bigger emphasis on the equal-weighted market portfolio.
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Table 12 Correlations between portfolio returns

Correlations among portfolio returns and the raw sentiment index SENT and the orthogonalized
ADJSENT index for the same time period. *** denotes statistical significance at the 1 % level, ** at the 5
% level and * at the 10 % level.

SENT ADJSENT

Coefficients Significance Coefficients Significance
ALL EW 0.253 0.008%** 0.349 0.000%**
OMXH CAP 0.213 0.027** 0.283 0.003%**
OMXH 0.158 0.105 0.215 0.026**
Growth 0.123 0.206 0.178 0.069*
Value 0.144 0.140 0.212 0.028%**
Small Cap 0.185 0.057* 0.264 0.006%**
Large Value 0.112 0.251 0.094 0.338
Large Growth 0.112 0.250 0.167 0.086*
Small Value 0.212 0.029%** 0.266 0.006%**
Small Growth 0.152 0.119 0.264 0.006%**
Voll0 0.120 0.218 0.256 0.008%**
Vol20 0.128 0.189 0.248 0.010%**
Vol40 0.259 0.007%** 0.338 0.000%**
Vol80 0.254 0.008%** 0.308 0.001#**
Vol90 0.245 0.011** 0.279 0.004#**

Small Cap and Small Value portfolios seem to be more correlated with the SENT in-
dex than other MSCI indices. It is surprising that the least volatile stocks seem to be
more correlated with the SENT index than the most volatile stocks. Vol40, Vol80 and
Vol90 all have a statistically significant correlation with the SENT index. The SENT
index does not seem to have an impact on the returns of larger stocks or growth stocks
in the same time period. However, the orthogonalized or in other words macroeconomi-
cally adjusted ADJSENT index seems to be more correlated with the MSCI index and
volatility portfolio returns. Just the large value index does not exhibit a statistically
significant correlation at any significance level. Large growth and growth indices also
have smaller correlations with the ADJSENT index. The correlation with the equal-
weighted index is quite high at 0.349. It is interesting to note that after controlling for
macroeconomic foundations the sentiment index is more correlated with the return
indices. Now the small growth index and the most volatile stock portfolios are all highly

significantly correlated with the ADJSENT index. In comparison, the correlation be-
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tween the equal-weighted portfolio and the sentiment index is smaller than in the tests
conducted by Baker and Wurgler (2007) who found a correlation of 0.43.

In addition, a regression analysis is executed in order to determine whether sentiment
has an impact on the average stock and whether sentiment affects stocks with different
size and investment style dissimilarly. The returns of the equal weighted portfolio and
MSCI portfolios are matched by the market return and investor sentiment change of the
same month. The results show that sentiment is related to the current returns of stocks.
The raw sentiment index SENT has more explanatory power than the orthogonalized
sentiment index ADJSENT. This is not surprising as sentiment is partly formed by
rational expectations about future that are reflected in the macro economy. It seems that
smaller stocks and growth stocks are more influenced by sentiment. This finding is in
line with the behavioral finance theory. Large value portfolio is the only portfolio that is
not affected by changes in sentiment. It should be noted that sentiment changes of a
single unit are extremely rare. The ADJSENT index experienced a change of at least a

single unit three times and SENT index zero times during the time series. Table 13

summarizes the results.

Table 13 Sentiment and current portfolio returns

This table presents regressions results of portfolios regressed by a constant by, the sentiment changes indices SENT
and ADJSENT and the market portfolio return OMXH.

Ri= G+ dpSEN'|; + ,BpRmt +Ey

Panel A presents the results when SENT is used as an independent variable and Panel presents the results when
ADIJSENT is applied as an independent variable. The first differenced sentiment levels indices or in other words,
sentiment changes indices are used due to their stationarity and smaller autocorrelation. *** denotes statistical
significance at the 1 % level, ** at the 5 % level and * at the 10 % level and restrictions. t-statistics based on
Newey-West standard errors are presented in parentheses. Newey-West automatic bandwidth and lag length are

used.
Panel A Panel B

c d B Adj.R, c d B Adj.R,

ALL EW 0.001 0.043***  (0.386*** 0.463 -0.001 0.025***  0.387***  0.460
(0.04) (3.23) (5.59) (-0.25) (3.26) (5.40)

Large value 0.002 0.003 0.432***  (0.192 0.002 -0.007 0.444***  0.194
(0.33) (0.19) (3.94) (0.31) (-0.66) (3.93)

Large growth  -0.004 -0.023** 1.400***  (0.897 -0.004 -0.015* 1.400***  (0.898
(-1.19) (-2.55) (27.86) (-1.00) (-1.92) (26.60)

Small value 0.007 0.038** 0.300***  (0.295 0.006 0.019** 0.305***  (0.278
(1.24) (2.46) (3.32) (0.97) (2.29) (3.20)

Small growth  -0.002 0.049***  (.646*** (.529 -0.003 0.024** 0.654***  0.515
(-0.28) (3.21) (6.85) (-0.47) (2.29) (6.75)

Small cap 0.008* 0.032***  (0.436*** 0.514 0.007 0.016** 0.439***  (0.504
(1.77) (2.84) (6.73) (1.47) (2.23) (6.63)
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The indices declined by more than a single unit six times and once respectively.
Changes of at least 0.5 or -0.5 were more common. ADJSENT experienced an increase
or decrease of at least half a unit 21 for both scenarios or 42 times in total and SENT
increased by more than 0.5 five times and decreased by more than -0.5 nine times.
Hence, it is wiser to interpret the results by assessing how much the portfolio return
changes when the sentiment index changes by half a unit.

In conclusion, it seems that the average stock is indeed somewhat affected by inves-
tor sentiment. This finding is in line with Hypothesis 1. It is pleasing to find out that
sentiment seems to affect small stocks and stocks with larger growth prospects more
than larger stocks and value stocks. These findings suggest that sentiment might be a
relevant measure. However, the biggest question is whether sentiment could be used to
forecast returns. The next chapters are dedicated to finding whether previous changes in

sentiment indices could be used to explain subsequent month returns of stocks.

4.2  Using sentiment to predict stock returns

This section is dedicated to studying whether investor sentiment and the irrational com-
ponent of it have a statistical relationship with the future returns of different types of
stocks and if relevant patterns of mispricing correction can be spotted. In other words, it
is studied whether sentiment can be used to forecast returns. Ordinary least squares
regression is used to determine the effect of sentiment on returns. The returns are loga-
rithmized which makes them more normally distributed. The sentiment indices are
reasonably close to a normal distribution. The issues of autocorrelation and heterosce-
dasticity are addressed by performing a Newey-West correction for the standard errors.
The sentiment regressions with a forecast horizon of one month are presented first,
followed by the regressions with returns of the subsequent three months. As the senti-
ment changes indices are utilized, the results are based on 107 observations. In addition
to the portfolios and indices that have already been introduced, it is tested whether a
simple long-short portfolio delivers more significant results. LSVol portfolio is long on
the most volatile quintile of stocks and short on the least volatile quintile. Baker &
Wurgler (2006) used long-short portfolios in their study by giving equal weight for both
the long and the short portfolio. They did not reinvest the gains of the short portfolio in
the long portfolio. The portfolio is simply a difference portfolio of the most volatile and
least volatile stocks. The results of the regression results are presented next for returns

of the following month in table 14.
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Although the constant c¢ is reported, the main focus of interest is not in the precise
predicted values of the regression equations, but in the effect of sentiment. f values
reflect the beta of the portfolio or index compared to the market portfolio, although the
risk free rate of interest has not been deducted. The main interest is directed towards the
coefficient values and significance levels of d which indicate the effects of investor
sentiment during the entire time period. The coefficient values demonstrate how much
the monthly or quarterly returns increase or decrease when the sentiment increases by a
single unit. A single unit corresponds to an increase of one standard deviation for the
levels index (Metsdamuuronen 2008, 91).

The adjusted R, provides information about the goodness of fit of the regression
equation and the adjusted R, facilitates the comparison between regression equations as
it accounts for the inclusion of additional independent variables. It can be seen from the
results that in general the coefficients of determination are at a sufficient level indicat-
ing that a linear regression function with the chosen variables is suitable and is in some
relation to the returns of the portfolios. The R, figures pretty much vary with the levels
of B. It seems that sentiment does indeed have an influence in the portfolio returns of the
subsequent month. The coefficient values can be interpreted as following: when the
adjusted sentiment index changes or increases by a single unit, the return of e.g the
small cap portfolio increases by 2.0 percent in the following month. Yet again it is
important to notice that sentiment changes of a single unit are very rare. SENT index
experienced a change of at least half a unit 14 times and ADJSENT 42 times during the
whole time series. Even though the coefficients of SENT index are higher in compari-
son to the coefficients of ADJSENT, the changes of that magnitude are far more com-
mon for the ADJSENT index.

As we are most interested in the effects of irrational sentiment on stock returns and
whether it could be used to forecast returns, most emphasis is placed on analyzing the
statistical relationship between ADJSENT and stock returns. When ADJSENT increases
by half a unit, the subsequent month returns of small growth, small value and small cap
indices increase by 1.3, 1.05 and 0.9 percent respectively. In a similar scenario the
returns of the volatility portfolios” Vol40, Vol80 and Vol90 increase by 1.0, 1.0 and 0.9
percents respectively. Each of these coefficients is statistically significant at the 1 per-
cent level. Especially small stocks and least volatile stocks seem to be affected by sen-
timent and the explanatory power of the sentiment variable is the highest among these

stocks.



Table 14 Regression results with a forecast horizon of 1 month
Regressions of portfolio returns on lagged sentiment and the market portfolio return OMXH.

Ry= G+ dpSEN-II—l +:8pRmt+£pt
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The sample period includes monthly returns from 2000 until 2008 and the results are based on 107 observations.
The monthly returns are matched by the sentiment of the previous month. SENT is the change in the raw sentiment
index and ADJSENT is the change in the orthogonalized sentiment index. The portfolios’ consist of MSCI indices,
portfolios sorted by historical volatility and of the difference portfolio LSVol. LSVol is long on the most volatile
quintile of stocks and short on the least volatile quintile.. The results of the regression using SENT as an indepen-
dent variable are presented in panel A and panel B presents the results of regressions with ADJSENT as an inde-
pendent variable. *** denotes statistical significance at the 1 % level, ** at the 5 % level and * at the 10 % level
and restrictions. t-statistics based on Newey-West standard errors are presented in parentheses. Newey-West
automatic bandwidth and lag length are used.

Panel A Panel B

c d § Adj.R, C d B Adj.R,

Growth -0.004 -0.031***  ]1.384%** (927 -0.003 -0.011%** 1.381***  (.923
(-1.06) (-3.19) (34.15) (-0.74) (-2.01) (31.79)

Value -0.002 0.031%** 0.609***  (.608 -0.003 0.011 0.612***  (.592
(-0.46) (2.29) (10.21) (-0.67) (1.27) (9.53)

Small 0.008* 0.029%**  (0.444%**  (0.496 0.007 0.018***  (0.442***  0.500
(1.72) (2.81) (7.77) (1.52) (3.34) (7.04)

Lg Gr. -0.005 -0.031** 1.393***  (.899 -0.004 -0.010 1.389***  (.894
(-1.38) (-2.44) (29.28) (-1.09) (-1.64) (28.74)

Lg Val. 0.007 0.042***  0.467*** 0.319 0.006 0.020* 0.469*%**  (0.303
(1.39) (2.63) (4.44) (1.12) (1.83) (4.31)

Sm Gr. -0.002 0.028* 0.668***  (0.491 -0.003 0.026***  0.662***  0.507
(-0.35) (1.69) (6.97) (-0.43) (3.06) (6.64)

Sm Val 0.007 0.033%%* 0.315%** (.275 0.007 0.021***  (0.313*** (.280
(1.22) (2.60) (3.64) (1.04) (2.89) (3.39)

Voll0 -0.020%** 0.004 0.629***  (.243 -0.020 0.025%* 0.616*** (0.260
(-2.42) (0.23) (5.63) (-2.30) (1.99) (8.03)

Vol20 -0.015 0.007 0.667***  0.376 -0.015** 0.014 0.660***  (.383
(-2.15) (0.54) (11.20) (-2.33) (1.29) (8.46)

Vol40 0.005 0.035%**  (0.291***  (0.251 0.003 0.020%**  0.290***  0.248
(1.02) (3.73) (3.73) (0.82) (3.04) (3.56)

Vol80 0.011*** 0.041%**  (0.199***  (0.293 0.010%** 0.020%**  0.200***  0.252
(3.19) (4.73) (3.22) (2.51) (3.37) (2.80)

Vol90 0.011*** 0.038***  (.188*** (.246 0.010%** 0.019***  (.188***  (0.223
(2.98) (4.27) (2.91) (2.53) (3.05) (2.72)

LsVol -0.026*** -0.031* 0.467*** (0.254 -0.024%*** -0.005 0.460***  (0.237
(-3.49) (-1.78) (7.23) (-3.88) (-0.44) (5.33)

Growth, Large Growth and LsVol portfolios have a negative relationship with senti-

ment. Smaller stocks, value stocks and less volatile stocks seem to have a positive rela-

tionship with sentiment. It was expected that sentiment prone stocks should be most

affected by investor sentiment and that the relation between sentiment and future returns

should have been negative for the speculative stocks. The effects of sentiment on

growth stocks, less volatile stocks and value stocks was as anticipated but the relation-

ship between sentiment and small stocks is not as predicted by the behavioral finance
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theory. In general, small capitalization stocks are considered to be more speculative.
Thus, it was expected that there was a negative relationship between small stock returns
and investor sentiment. However, it is pleasing to notice that especially the irrational
component of sentiment has a good explanatory power among small stock return port-
folios and the most volatile Vol10 portfolio.

Finter et al. (2010) found out that sentiment prone stocks fared better in the short
term when sentiment was high and that the effect reversed in a longer time period. It is
possible that investors who are mostly interested in small stocks gain courage to partici-
pate in the stock market only after the market has experienced a rise and when there is
collective euphoria in the market. This might lead to a more delayed price pressure on
these specific stocks. Lemmon and Portniaguina (2006) discovered that small stocks get
relatively overvalued during high levels of sentiment. They observed a negative rela-
tionship between high levels of sentiment and stock returns of the following quarter.
However, our equation implies how much the subsequent month return changes when
sentiment changes by a single unit. An increase of one unit does not imply that senti-
ment is high per se, but rather that sentiment is gathering pace and might still be nega-
tive. It should be noted that sentiment did have a weaker or dissimilar influence on
larger stocks and large growth stocks which more traded by foreign investors and insti-
tutional investors who are regarded to be smart money traders. These stocks are also
more liquid and it is quite possible that the effects among small stocks are lagged.

At least part of the findings are in line with the findings of Baker and Wurgler
(2006;2007). Least volatile stocks and value stocks have a positive relationship with
sentiment and fare better than speculative stocks when sentiment has increased. In addi-
tion the LsVol portfolio has a negative relationship with sentiment. These effects are
considered to be due to relative overvaluation of speculative stocks and relative under-
valuation of safer, more bond-like stocks during collective market euphoria. Our find-
ings suggest that sentiment does have a dissimilar impact among stocks but the effects
are not as clear as proposed by the behavioral finance theory. It seems that the findings
are in line with hypotheses 1 and 2. The effect of sentiment on future stock returns is
assessed next in a tad longer time period of three months. It might be that the effects of
sentiment in returns change in a longer time period. Table 15 summarizes the return

regressions with returns of the subsequent quartile.
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Table 15 Regression results with a forecast horizon of 3 months
Regressions of portfolio returns on lagged sentiment and the market portfolio return OMXH.

Ry= G+ dpSEN-II—l +:8pRmt+£pt

The sample period includes rolling quarterly returns from 2000 until 2008. The rolling quarterly returns are
matched by the sentiment change of the previous month. SENT is the change in the raw sentiment index and
ADJSENT is the change in the orthogonalized sentiment index. The portfolios’ consist of MSCI indices, portfolios
sorted by historical volatility and of the difference portfolio LSVol. LSVol is long on the most volatile quintile of
stocks and short on the least volatile quintile. The results of the regression using SENT as an independent variable
are presented in panel A and panel B presents the results of regressions with ADJSENT as an independent variable.
*** denotes statistical significance at the 1 % level, ** at the 5 % level and * at the 10 % level and restrictions. t-
statistics based on Newey-West standard errors are presented in parentheses. Newey-West automatic bandwidth
and lag length are used.

Panel A Panel B

c d B Adj.R, c d B Adj.R,

Growth -0.010 -0.039%* 1.328***  0.914 -0.009 -0.017** 1.327*** 0914
(-1.06) (-1.98) (26.66) (-0.93) (-2.10) (24.74)

Value -0.007 0.049* 0.619*%**  0.611 -0.009 0.019 0.622***  (.602
(-0.59) (1.75) (8.97) (-0.69) (1.45) (8.36)

Small 0.026* 0.045* 0.511*** 0.493 0.025%* 0.032%**  (.511 0.499
(1.81) (1.80) (5.68) (1.88) (2.88) (5.63)

Lg Gr. -0.015 -0.034 1.336*%**  0.887 -0.014 -0.020 1.335%**  (.887
(-1.37) (-1.57) (22.93) (-1.60) (-1.84) (27.43)

Lg Val. 0.016 0.057 0.461***  0.347 0.014 0.013 0.465***  (.328
(1.12) (1.63) (5.27) (0.96) (0.85) (5.00)

Sm Gr. 0.001 0.031 0.801***  0.503 0.001 0.041%*  0.798*** 0.516
(0.03) (0.78) (5.95) (0.01) (2.37) (5.81)

Sm Val 0.024 0.042%**  (0.410*%**  (0.305 0.023 0.042%**  (0.410%** 0.316
(1.41) (3.12) (3.11) (1.34) (3.12) (3.09)

Voll0 -0.043* -0.028 0.802***  0.461 -0.042* 0.026* 0.793***  0.464
(-1.90) (-0.64) (9.53) (-1.95) (1.85) (9.04)

Vol20 -0.041* -0.008 0.839%**  (.548 -0.040* 0.021* 0.835***  (.552
(-1.86) (-0.21) (11.69) (-1.96) (1.734) (11.42)

Vol40 0.013 0.038%%* 0.354%**  0.293 0.013 0.034%**  (.359%** (.312
(1.11) (2.08) (3.01) (1.09) (2.83) (3.09)

Vol80 0.032%** 0.049%**  (.288***  (.309 0.031*** 0.030%**  (.288*** (.312
(3.20) (3.03) (2.79) (3.11) (2.89) (2.80)

Vo190 0.034%** 0.041%* 0.280***  0.295 0.033%** 0.030%**  (0.280%**  (0.307
(3.23) (2.50) (2.87) (3.24) (2.98) (2.91)

LsVol -0.072***  -0.056* 0.552***%  0.367 -0.071%%* -0.009 0.546***  0.351
(-3.38) (-1.70) (4.62) (-3.41) (-0.71) (4.35)

The coefficients of determination are at pretty much same level as in the former equ-
ation. It is higher on all the volatility portfolios and value portfolios, which is positive as
the regression equations are considered to be a better fit. It seems that sentiment has a
quite similar impact on returns in a longer time period. Small stocks and less volatile

stocks remain highly statistically significant and large growth stocks are in a negative
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relation with investor sentiment. The coefficients of SENT changes are generally higher
than the coefficients of ADJSENT changes due to two factors: the ADJSENT index is
more volatile and the average change of the index is higher than in the SENT index and
because SENT index contains rational macroeconomic expectations about the future.

If ADJSENT increased by a half a standard deviation, the return of the subsequent
quarter of small cap, small growth and small value portfolios increase by 1.6, 2.05 and
2.1 percent respectively. Some form of trend reversal can be spotted from the most
volatile portfolios as the coefficients have turned to negative when SENT is used as an
independent variable. The effects of investor sentiment seem to remain strong among
small capitalization stocks and less volatile stocks. It seems that the ADJSENT index
has more explanatory power on the small cap, small growth and the most volatile port-
folios than the SENT index. These stocks are considered to be more sentiment prone
and they are more affected by irrational sentiment. Small stocks and least volatile stocks
seem to outperform larger stocks, more volatile stocks and growth stocks. Despite the
relationship between small stocks and sentiment, the effects are as expected. Growth
stocks are in a negative relationship with sentiment and less volatile stocks clearly out-
perform the most volatile portfolios. In addition sentiment does not have sizeable influ-
ence on large stocks and value stocks. The findings are somewhat in line with previous
research. Finter et al. (2010) observed that sentiment prone stocks outperform in short
term from one month to a quarter, Baker and Wurgler (2006;2007) found out that less
volatile stocks should outperform most volatile stocks when sentiment is high.

However, it is possible that the returns of small companies and less volatile compa-
nies are related to some other known risk factors such as the abnormal profits of small
stocks or stocks that have high book-to-market values. Kallunki et al. (1997) found out
that the size anomaly is quite prevalent in the Finnish stock market. Evidently, this is an

issue that needs to be scrutinized and accounted for.

4.3 Stock returnsunder extreme sentiment levels

In this subchapter it is assessed whether sentiment has a bigger impact on the returns of
stocks when the sentiment is at extreme levels. As we have previously studied the ef-
fects of sentiment changes on returns, it is necessary to chart out the effects of extreme
sentiment levels on returns. This is done by replacing the sentiment index from the
equation by two dummy variables. The methodology is similar to the methodology
applied in the article of Finter et al. (2010) who studied the effects of investor sentiment

on the German stock market. The moderate levels of sentiment which range from -1 to 1
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are used as reference levels for the dummy variables. The DS" dummy is given values
of 1 when the sentiment is over 1 and 0 otherwise and the DS" is given values of 1 when
the sentiment is lower than -1 and 0 otherwise. This way it is possible to assess whether
sentiment needs to be sufficiently high or low to have an impact on returns and whether
there is a difference between the effects of sentiment during low and high sentiment
periods.

As the time period selected is quite short, the amount of observations for the extreme
levels of sentiment is not particularly high. However, by using dummy variables, the
whole time series can be utilized. It is possible to detect whether the average returns
after extreme sentiment periods are statistically deviant from the returns after moderate
sentiment levels. The SENT index hits sentiment levels of more than one standard devi-
ation above the average 15 times and sentiment levels below 1 standard deviation 23
times. The ADJSENT index is more than 1 standard deviation on either positive or
negative side 19 times for both levels of sentiment.

In addition, it is important to note that the dummy variables are formed on the basis
of sentiment levels index. The SENT levels index has a unit root and is regarded as a
non-stationary time series. As the dummy variables are derived from the levels index,
the dummy variables might be non-stationary as well. The ADJSENT levels index could
be considered to be stationary. The utmost interest is directed towards the effects of the
ADIJSENT index and the SENT index dummy variables are included in the tables as
additional information. However, the statistical significance values of the SENT dum-
mies should be treated with a higher degree of suspicion. Table 16 presents the results

of the return regressions.



Table 16 Regression results during extreme sentiment levels
Regressions of portfolio returns on lagged sentiment dummies and the market portfolio return OMXH.

R= g+ ¢DS'1+dDS"w +B,R, +&,

The sample period includes rolling monthly returns from 2000 until 2008. The rolling monthly returns are matched by the sentiment of the previous month. DS" gets
values of 1 when sentiment is over 1 and 0 otherwise. DS" gets values of 1 when sentiment is below -1 and 0 otherwise. Panel A presents results using dummies
based on SENT and panel B ADJSENT dummies. *** denotes statistical significance at the 1 % level, ** at the 5 % level and * at the 10 % level and restrictions. t-
statistics based on Newey-West standard errors are presented in parentheses. Newey-West automatic bandwidth and lag length are used.

Panel A Panel B
C d1 d2 B Adj .R2 C d1 d2 B Ad_] .R2

Growth -0.006 0.010 0.008 1.368%** 0.921 -0.008* 0.017* 0.015%* 1.356%** 0.924
(-1.55) (1.11) (1.03) (34.06) (-1.96) (1.78) (1.87) (33.42)

Value 0.001 -0.126 -0.009 0.629%** 0.589 0.006 -0.023* -0.027***  (.648%** 0.614
(0.14) (-0.92) (-1.40) (10.09) (1.02) 1.92)  (2.71) (11.31)

Small Cap 0.012%%* -0.015 -0.014 0.466*** 0.481 0.014%* -0.017 -0.019* 0.477%** 0.489
(2.49) (-1.06) -1.31) (7.46) (2.37) -132)  (-1.89) (7.67)

Large Gr. -0.009** 0.012 0.011 1.376%** 0.894 -0.010** 0.017 0.017** 1.365%** 0.896
(-2.07) (1.18) (1.30) (28.53) (-2.29) (1.26) @.11) (27.89)

Large Val. 0.006 -0.029 0.001 0.457%** 0.203 0.019%**  -0.045*%*  -0.048***  (.488*** 0.261
(1.01) (-1.51) (0.05) (4.05) (2.85) (-2.52)  (:3.61) (4.79)

Small Gr. 0.002 -0.014 -0.012 0.689*** 0.483 0.002 -0.010 -0.015 0.693*** 0.483
(0.20) (-0.66) (-0.73) (7.10) (0.19) (-0.57)  (-0.85) (7.19)

Small Val. 0.014%* -0.020 -0.024 0.337%** 0.264 0.016** -0.025* -0.028*** (), 354%** 0.280
(2.53) (-1.29) (-1.57) (3.79) 2.31) C177)  (-2.65) (3.96)

Voll0 -0.017 -0.009 -0.006 0.641%** 0.241 -0.020* -0.002 0.001 0.637%** 0.240
(-1.44) (-0.38) (-0.33) (6.50) (-1.75) -0.14)  (0.06) (6.59)

Vol20 -0.011 -0.021 -0.006 0.683*** 0.379 -0.013 -0.012 -0.001 0.680%** 0.374
(-1.16) (-0.98) (-0.42) (10.92) (-1.37) (-0.83)  (-0.07) (11.00)

Vol40 0.008* -0.005 -0.022 0.303%** 0.221 0.007 -0.008 -0.015 0.312%** 0.208
(1.70) (-0.46) (-1.49) (3.60) (1.19) (-0.65)  (-1.49) (3.63)

Vol80 0.014%** -0.010%* -0.019 0.213%** 0.198 0.014***  -0.007 -0.019** 0.220%** 0.192
(3.41) (-1.68) (-1.43) (2.90) (2.70) (-0.86)  (-2.54) (2.95)

Vol90 0.014%** -0.010 -0.019 0.200%** 0.171 0.013***  -0.008 -0.016** 0.208*** 0.159
(3.38) (-1.29) (-1.25) (2.86) 2.72) (-0.86)  (-2.48) (2.82)

LSVol -0.025%%** -0.010 0.013 0.468%** 0.241 -0.027***  -0.003 0.016 0.457%** 0.240

(-2.75) (-0.54) (0.78) (6.30) (-3.04) (-027)  (0.98) (6.22)
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It can be observed from table 16 that the SENT index has a much smaller statistical
impact on the returns of portfolios during extreme levels of sentiment compared to the
ADIJSENT index. The reason to this is probably that the changes of the SENT index are
more conservative and the effect of sentiment may have already affected the returns.
Another reason might be that during extreme sentiment levels, the irrational component
of sentiment has a larger effect on investment decisions of people. During times of
extreme optimism or pessimism the effect of mood is more amplified and macroeco-
nomic data might be considered less valuable.

In general, the effects of SENT to the next month returns of portfolios do not deviate
from the effects during moderate sentiment levels. However, when the orthogonalized
sentiment index is utilized, the returns of value stocks, larger stocks and least volatile
stocks are most affected by sentiment especially during periods of notable pessimism.

The returns of the subsequent month for growth portfolios are on the positive side
when the previous month sentiment hits higher or lower levels. Value stocks and
smaller stocks experience contrary results than growth stocks. The returns of smaller
stocks and value stocks decline when sentiment is over a standard deviation positive or
negative. Only the portfolios of the least volatile stocks seem to be more affected by
sentiment during extreme levels. It is interesting to notice that small stocks and value
stocks have a negative relationship with sentiment as they were in a positive relation-
ship with sentiment changes. It might be due to mean reverting of returns when senti-
ment has reached its peak. When sentiment decreases, the effect on small cap stocks is
negative and if the previous month’s sentiment level is under -1, the returns are lower
than during moderate levels of sentiment. This implies that pessimism has a more per-
sistent effect on the returns of small cap stocks.

When the sentiment is over a standard deviation positive, the returns of Growth and
Value portfolios yield a return that deviate by 1.7 and -2.3 percent from the returns
during moderate sentiment levels. The returns of Value portfolios are smaller when
sentiment is particularly high or low. The Large Value portfolio is significant at the 5
percent level when ADJSENT is positive and at the 1 percent level when ADJSENT is
negative. The returns are 4.5 percent smaller during high levels of sentiment and 4.8
during low levels of sentiment than during moderate sentiment levels. Altogether, the
relation with sentiment is similar with all the value portfolios. It could be that growth
stocks experience momentum when the sentiment is high and thus the returns of the
subsequent month are positive. During the whole time period, the value stocks, small
stocks and least volatile stocks have yielded a better monthly average return than

growth stocks but during strong levels of sentiment the returns of the following month
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are higher than those of these stocks. In addition, smaller stocks seem to earn lower
returns.

It is possible that the more experienced investors “ride the wave” and keep investing
in the larger growth companies as the more inexperienced investors realize their win-
nings too early or mimic the actions of the larger market participants. Many institutional
investors and mutual funds are considered to utilize a momentum strategy and herd in
and out of stocks. The momentum effect is considered to be largest among companies
that are harder to value and companies that are more frequently traded (Chan, Hameed
& Tong 2000; Glaser et al. 2003).

It seems that the stocks that are most traded by retail traders experience deprecia-
tions in value during the subsequent time periods. Kumar and Lee (2006) found that
retail investors tend to overweight value stocks relative to growth stocks. It is possible
that Finnish retail investors prefer large value stocks as they are considered safer and
during extreme sentiment levels they might be lured in by the potential profits of the
growth stocks and adjust their portfolios accordingly. Schmeling (2009) found that
consumer confidence was related to the profits of value companies in Finland which
could indicate that Finnish investors prefer value companies in general. The preference
for value stocks and small stocks is probably smaller during high periods of sentiment.
Karhunen and Keloharju (2001) found out that Finnish investors prefer smaller stocks
compared to foreign investors. On the other hand, senior citizens have usually more
investment capital and they prefer large and stable companies.

It is unclear why the subsequent month returns of the growth stocks are higher during
low sentiment periods compared to moderate levels of sentiment if there was momen-
tum involved. Is it due to the stocks being struck too low and that there is a slight posi-
tive rebound or are the retail investors slower to adjust their stock portfolios and the
effects of sentiment take longer to impact the returns. Another interesting find is that
value portfolios yield negative returns during extreme sentiment levels. The safer stocks
should yield higher returns than speculative stocks when sentiment is high according to
the behavioral finance framework. However, our previous findings did indicate that the
returns of value stocks and least volatile stocks decreased when sentiment decreases and
it seems that this effect is pronounced during periods of extremely low sentiment. This
indicates that pessimism and negative investor sentiment has a clearly larger influence
on the returns of these stocks.

Finter et al. (2010) found out that sentiment prone stocks deliver higher returns than
sentiment insensitive stocks in the short run and that the effects of sentiment are espe-
cially significant during periods of very low sentiment. The results presented above are

quite similar. Growth stocks and more volatile stocks yield higher returns than safer
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stocks during extreme levels of sentiment and sentiment seems to have more impact
during times of high pessimism. This is consistent with the general tendency of inves-
tors to react more strongly in response to bad news than good news (Conrad, Cornell &
Landsman 2002).

Next it is assessed whether the effects of extreme levels of sentiment are stronger in a
longer time period of three months. Table 17 presents the results of these regressions.
The coefficients of determination seem to be slightly higher or at the same level com-
pared to the regression equation that utilized the sentiment levels indices. In general,
sentiment does seem to affect the returns of MSCI portfolios in greater extent compared
to the volatility portfolios. Unlike in the previous equation, also SENT does have statis-
tical significance in several portfolio return regressions when the time period is three
months.

It is interesting to note that when the time period is extended to three periods, low
levels of sentiment have a weaker impact on returns than before. On the other hand, the
returns of portfolios during high levels of sentiment seem to be much more affected by
sentiment when the time period is extended to three months. The reason why sentiment
seemed to have more impact on a shorter time period during low sentiment might be
that as previously mentioned, fear of losing money is a more powerful feeling than the
chance of prosperity. It is likely that sell decisions are made more rapidly and the sell-
ing pressure of stocks clears in a shorter time period. The effects of sentiment during
low levels of sentiment wane in a longer time period.

The growth stocks except the Small Growth portfolio seem to earn higher future re-
turns during extreme levels of sentiment and especially during high levels. The Small
Growth portfolio earns a negative return when sentiment is high and a positive return
when the sentiment is low. Although the coefficients are not statistically significant for
this portfolio, it can be observed that the returns of larger growth stocks have a different
pattern compared to the Small Growth portfolio. This can only be attributed to the size
factor. Smaller, less volatile and value stocks earn negative returns during extreme
levels of sentiment. Finter et al. (2010) found out that sentiment prone stocks outper-
form less speculative stocks when the time period was three months. This effect com-
pletely reversed in the longer term from six to twelve months following the sentiment.
These results are partially in line with the findings of this thesis. Large growth stocks
seem to outperform other stocks when the sentiment is high. However, small stocks and
small growth stocks underperform in one month and three month periods relative to
larger stocks. Previously we have presumed that these smaller stocks should be more

sentiment sensitive stocks.



Table 17 Regression results during extreme sentiment levels 11
Regressions of portfolio returns on lagged sentiment dummies and the market portfolio return OMXH.

R= g+ ¢DS'1+dDS"w +B,R, +&,

The sample period includes rolling quarterly returns from 2000 until 2008. The rolling quarterly returns are matched by the sentiment of the previous month. DS"
gets values of 1 when sentiment is over 1 and 0 otherwise. DS" gets values of 1 when sentiment is below -1 and 0 otherwise. Panel A presents results using dummies
based on SENT and panel B ADJSENT dummies. *** denotes statistical significance at the 1 % level, ** at the 5 % level and * at the 10 % level. t-statistics based
on Newey-West standard errors are presented in parentheses. Newey-West automatic bandwidth and lag length are used.

Panel A Panel B
C d1 d2 B Adj .R2 C d1 d2 B Adj .R2

Growth -0.002* 0.058%** 0.012 1.309%** 0.922 -0.024%* 0.059%** 0.024 1.294%*%* 0.923
(-1.93) (2.75) (0.64) (25.62) (-2.32) (2.64) (1.33) (25.79)

Value 0.004 -0.064* -0.022 0.636*** 0.608 0.009 -0.063* -0.045 0.654%** 0.616
(0.28) (-1.70) (-0.89) 9.11) (0.72) (-1.76) (-1.84) (9.00)

Small Cap 0.035%* -0.057* -0.008 0.532%** 0.498 0.039%**  _0.063%* -0.017 0.548%** 0.507
(2.54) (-1.81) (-0.40) (5.90) (2.63) (-2.04) (-0.68) (6.18)

Large Gr. -0.029** 0.065%** 0.021 1.311%** 0.895 -0.031*** 0.065%* 0.029 1.295%** 0.896
(-2.55) (2.64) (1.09) (22.20) (-2.80) (2.29) (1.53) (22.00)

Large Val. 0.028 -0.051***  -0.028 0.487*** 0.342 0.040%** -0.064***  -0.077* 0.516%** 0.386
(1.49) (-2.64) (-0.62) (5.27) (2.46) (-3.12) (-1.86) (5.62)

Small Gr. -0.001 -0.045 0.028 0.805%** 0.499 -0.003 -0.036 0.038 0.806*** 0.500
(-0.03) (-1.01) (0.83) (5.45) (-0.13) (-0.83) (0.91) (5.75)

Small Val. 0.039%* -0.078** -0.028 0.438%** 0.317 0.043%%* -0.085%* -0.037 0.460%** 0.331
(2.43) (-2.24) (-0.93) (3.49) 2.61) (-2.45) (-1.30) (3.68)

Voll0 -0.040 -0.045 0.022 0.805%** 0.464 -0.028 -0.063 -0.016 0.829%** 0.468
(-1.39) (-1.03) (0.51) (8.36) (-0.97) -1.51) (-0.30) (7.65)

Vol20 -0.039 -0.050 0.023 0.842%** 0.552 -0.027 -0.069* -0.013 0.867%** 0.557
(-1.50) (-1.19) (0.67) (10.27) (-0.99) (-1.70) (-0.29) (9.83)

Vol40 0.024** -0.041 -0.030 0.372%** 0.293 0.022 -0.040 -0.016 0.378*** 0.287
(2.10) (-1.50) (-0.97) (3.20) (1.49) (-1.50) (-0.74) (3.23)

Vol80 0.044*** -0.050***  -0.033 0.311%** 0.315 0.039%** -0.033* -0.020 0.311%** 0.285
(4.69) (-2.91) (-1.20) (3.03) (3.40) (-1.78) (-1.23) (3.01)

Vol90 0.048*** -0.056***  -0.035 0.303%** 0.323 0.043*** -0.036* -0.025 0.305%** 0.286
(5.00) (-3.22) (-1.34) (3.22) (3.67) (-1.74) (-1.29) (3.20)

LSVol -0.082***  -0.001 0.055 0.532%** 0.363 -0.066** -0.037 0.006 0.557%** 0.351

(-3.48) (-0.15) (1.22) 4.71) (-2.62) (-0.99) (0.15) (4.58)
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The findings are partly parallel to the findings of Lemmon and Portniaguina (2006)
for the value stocks. They observed that high levels of sentiment predict low future
returns on value stocks but did not find any evidence that sentiment forecasts the returns
on growth stocks. Sentiment has the largest statistical significance on the returns of
Growth, Large Growth and Large Value portfolios, and when SENT is used as an inde-
pendent variable, also on the least volatile stock portfolios. These results are quite sur-
prising, as it was expected that larger stocks and less volatile stocks should not be very
much influenced by investor sentiment. It is unclear whether this is due to wealthy,
Finnish private investors preferring larger, less volatile stocks or due to the effect of
large foreign investors. However, there is a possibility that sentiment reflects some
other known stock market risk factors which will be scrutinized in more detail in the
robustness tests chapter.

When sentiment is extremely high, the Growth portfolio yields a return that is 5.8 or
5.9 percent larger, depending on the sentiment index, than the return during moderate
sentiment. Large Growth portfolio yields a return that is 6.5 percent larger than nor-
mally. These returns may be due to momentum. Cooper, Gutierrez and Hameed (2004)
suggest that the momentum profits are larger when there has been positive past market
returns as the previous successful trades increase the overconfidence of traders which
leads to increased trading. But the returns during extremely low sentiment should not be
that much larger unless the stock was not undervalued.

During moderate levels of sentiment, value stocks, small stocks and least volatile
stocks yield the best returns and growth stocks and more volatile stocks yield negative
returns. Nevertheless, when sentiment is extremely positive or negative according to
these results one should refrain from investing in these safer stocks at least in the short
term. Only the returns of small growth and to some extent Vol20 portfolio act in a way
proposed by the behavioral finance theory and the findings of Baker and Wurgler (2006;
2007). This is that there should be a contrarian relation with the sentiment index and the
returns of speculative stocks. When the sentiment is high, safe stocks should earn higher
returns than speculative stocks and when sentiment is low the effect should be reversed.
In their study, they noticed that during periods of high sentiment there was no size
effect. The results presented above show that returns of small stocks are weakly affected
by sentiment in the following month but are more strongly affected in the following
three months. It also seems that the results regarding the returns of the volatility portfo-
lios are quite mixed. No clear conclusions can be made from these regressions except
that the effects of sentiment are not very similar to the findings in the American stock

market.
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Most companies yield negative returns when the sentiment has been extremely high
or low with the exception of Growth and Large Growth portfolios. However, it is quite
likely that this effect among large growth stocks reverses in a longer time frame. The
findings are in line with hypothesis 2, but not clearly in line with hypothesis 3. It seems
that sentiment affects different types of stocks in dissimilar manners, but it cannot be
said that during high levels of sentiment, the more sentiment prone stocks would earn
lower returns and during low levels of sentiment higher returns, which would reflect
misvaluation. It is more likely that investors switch between stocks in relation to the
prevailing sentiment. When sentiment is high, companies with the greatest growth pros-
pects intrigue people more than more stable companies. The less speculative stocks
probably do not reflect overvaluation but rather loss of public interest and disposition
effect. The patterns among portfolio returns are not explicit enough to draw precise
conclusions, but it can be stated that the effects of sentiment on the future returns of

portfolios need to be more scrutinized.

4.4 Robustnesstests

In this chapter it is investigated whether the effects of sentiment persist when additional
known risk factors are included in the regressions as independent variables. De Long et
al. (1990) suggest that noise traders create an additional noise trader risk, which should
be accounted for by market participants. Baker and Wurgler (2007) propose that known
asset pricing models do not grasp the effects of sentiment and that sentiment should be
taken into consideration in asset pricing.

Fama and French (1993) suggest that the CAPM models’ beta is not a sufficient
measure of systematic risk. Variables that have no special standing in asset pricing
theory exhibit reliable explanatory power in the cross section of average returns. In
addition to the excess market return, size and book-to-market factors have been shown
to have explanatory power in determining asset returns. The size and book-to-market
factors are related to economic fundamentals. Firms with low book-to-market ratios
tend to have low earnings on assets and the low earnings are highly persistent. On the
other hand, companies with low book-to-equity tend to earn high earnings. However,
the earnings growth generally is mean reverted faster than investors expect. When the
size and the book-to-market factors are used combined in an equation, they seem to
grasp the effects of leverage and the P/E-anomaly.

The pricing error of the CAPM is three to five times larger than the pricing error of

the three factor model. The three factor model explains largely the returns of portfolios,
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but it might not grasp the effect of short term momentum among stocks (Fama & French
1996).

The Fama-French factors are included in the previous regression equations as addi-
tional control variables to determine whether sentiment is an additional risk factor.
These Fama-French factors are constructed by following the methodology that can be
found from the website of French (2010). The average returns of value-weighted MSCI
portfolios based on size and investment style are utilized. The size factor SMB is
created by deducting the average return of all available MSCI small portfolios from the
average return of all available MSCI large portfolios. There are five available small cap
and five large cap portfolios that are used to create the average small cap and large cap
portfolio returns. The book-to-market factor HML is created by deducting the average
return of high book-to-market portfolios from low book-to-market portfolios. The port-
folios utilized are yet again the MSCI portfolios that are sorted by investment style as
growth and value portfolios. In other words, the average return of the four available
MSCI value portfolios is deducted by the average return of the four available MSCI

growth portfolios. The regression equations can be expressed in the following way:
Ri= G+ d,SENT, + 5, Rmrf+ §SMB +h HML, + ¢, (19)

R = ¢+ ¢DS'i + d,DS" i + B, Rmrf + s, B, +h HML, + ¢, (20)

In the upper equation, the sentiment index is used as an independent variable and in the
lower equation it is replaced by two dummy variables, DS and DS-. Ry is the return of
the portfolio, C is the constant, SENTis the sentiment index which is either the raw
index or the orthogonalized one. Rmrfis the excess market return over the risk free rate
that is the one month or three month euribor depending on the regression time frame.
SMBis the small factor and HML is the book-to-market factor and ¢ is the error term.

The robustness tests results are assessed next.
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Table 18 Robustness test regression results
This table presents the results of regressions on portfolio returns of the following form:

Ri= G+ dSENT, + B, Rmif+ §SMB +h HML, + &,

The regression equation consists of portfolio return R, constant ¢, sentiment changes index SENT and the
Fama-French factors Rmrf, SMB and HML.The sample period includes rolling monthly from 2000 until 2008.
The rolling monthly returns are matched by the sentiment change of the previous month. Panel A presents
results using the raw sentiment proxy SENT and Panel B presents results using the orthogonalized ADJSENT
as an independent variable.*** denotes statistical significance at the 1 % level, ** at the 5 % level and * at the
10 % level. t-statistics based on Newey-West standard errors are presented in parentheses. Newey-West auto-
matic bandwidth and lag length are used.

Panel A : SENT

C d B S h Adj.R,

Growth 0.004*** -0.009* 1.016%** -0.371%** -0.391*** 0.980
(2.89) (-1.89) (22.89) (-15.15) (-6.87)

Value -0.006 0.008 0.975%** 0.224%** 0.528*** 0.767
(-1.55) (0.93) (21.43) (2.88) (7.47)

Small cap 0.005%** 0.004 0.864*** 0.564*** 0.329 0.917
(5.32) (0.88) (36.64) (14.98) (7.64)

Large Gr. 0.003 -0.006 0.971%** -0.452%** -0.425%** 0.969
(1.53) (-1.01) (20.90) (-10.04) (-7.05)

Large Val. -0.001 0.012 0.888*** -0.223%** 1.039%** 0.715
(-0.11) (1.28) (12.28) (-2.64) (6.79)

Small Gr. -0.003 0.004 1.088*** 0.829%** 0.092 0.830
(-0.99) (0.51) (22.16) (12.33) (0.84)

Small value 0.002 0.002 0.835%** 0.594*** 0.499*** 0.835
(1.23) (0.32) (17.98) (8.55) (6.68)

Vol40 0.001 0.011 0.688*** 0.496%*** 0.343%** 0.605
(0.40) (1.52) 9.27) (4.30) (4.48)

Vol80 0.008*** 0.022%** 0.511%** 0.374%** 0.285%** 0.669
(3.68) (3.43) (9.29) (4.87) (4.44)

Vol90 0.008*** 0.021** 0.459%** 0.356%** 0.218%*** 0.546
(3.04) (2.60) (7.55) (3.77) (2.74)

LsVol -0.023*** -0.029 0.459%** 0.243* -0.235 0.291
(-3.19) (-1.42) (3.23) (1.79) (-1.24)

Panel B : ADJSENT

C d B S h Adj.R,

Growth 0.005%** -0.001 1.003*** -0.376*** -0.405%** 0.979
(3.49) (-0.288) (22.11) (-14.09) (-7.29)

Small cap 0.005%** 0.006*** 0.859*** 0.558*** 0.327 0.920
(3.77) (2.51) (32.79) (16.17) (9.81)

Large Val. -0.001 0.013** 0.882%** -0.234%** 1.043%*** 0.722
(-0.18) (2.22) (11.79) (-2.88) (8.98)

Small Gr. -0.003 0.010* 1.074%** 0.817%*** 0.086 0.834
(-0.99) (1.97) (22.52) (12.84) (0.84)

Small value 0.003 0.006* 0.825%** 0.585%** 0.493*** 0.839
(1.25) (1.69) (17.49) (8.58) (6.78)

Voll0 -0.018** 0.014 0.892%** 0.648*** -0.036 0.372
(-2.37) (1.16) (5.97) (4.37) (-0.21)

Vol40 0.001 0.009* 0.688*** 0.491*** 0.351%** 0.609
(0.30) (1.92) (9.39) (4.33) (4.50)

Vol80 0.007*** 0.011%** 0.525%** 0.374%** 0.310%** 0.659
(3.17) (2.78) (9.05) (4.95) (4.39)

Vol90 0.008*** 0.011%** 0.469%** 0.354%** 0.24] *** 0.540

(2.85) (2.48) (7.01) (3.86) (3.04)
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After including the Fama-French factors, the adjusted R; increases in all of the equa-
tions meaning that these regression models indeed do a better job in explaining the
future returns of these portfolios. The coefficient of determination is especially in-
creased in the small cap and volatility portfolios. It is no surprise that the SMB factor
has a particularly strong explanatory power among small stocks.

The explanatory power of sentiment on stock returns diminishes once the Fama-
French factors are included in the model. Both the SMB and HML factors mostly grasp
the effects of sentiment. According to the findings of Kallunki et al. (1997), the size
anomaly and P/E-anomaly are quite strong in Finland. Similar conclusions can be made
by applying the Fama-French factors in the time series as these are taken into consider-
ation by the model.

When SENT is used as an independent variable the growth portfolio is statistically
significant at the 10 percent level and the Vol80 and Vol90 portfolios are statistically
significant at the 1 and 5 percent levels respectively. The return of the growth portfolio
decreases by 0.45 percent when the previous month’s SENT index changes by half a
unit. The relationship is more powerful for the least volatile portfolios. A similar
change in the SENT index is rewarded by a 1.1 percent increase in the Vol80 portfolio.
The orthogonalized sentiment index ADJSENT remains statistically significant on the
small portfolios, least volatile portfolios and on the Large Value portfolio. The coeffi-
cient is at least 1.0 for the Small Growth, Large Value, Vol80 and Vol90 portfolios.
Although, the ADJSENT fluctuates more aggressively and changes of at least 0.5 units
are more common, creating a profitable trading strategy based solely on sentiment is not
likely to be possible. In a world of zero or close to zero transaction costs one could
achieve occasional profits, but not consistently.

The observation that small capitalization stocks were statistically significant when
the orthogonalized sentiment index was used indicates that small stocks are indeed more
influenced by irrational sentiment. Sentiment remained to have a positive relationship
between small cap stocks which does not indicate that small cap stocks are overvalued
but rather that the effect of sentiment is lagged on the returns of these stocks. The effect
of irrational sentiment on Large Value and the least volatile portfolios is either lagged or
due to relative undervaluation as proposed by Baker and Wurgler (2006). It is possible
that previous market rises lure private investors to participate in the market and these
investors prefer safer stocks and smaller stocks. Table 19 presents the effects of senti-

ment on the subsequent quarter returns of stocks.
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Table 19 Robustness test regression results on the subsequent quarter returns

This table presents the results of regressions on portfolio returns of the following form:
Ri= G+ dpSEN'I;_1 +,8p Rmrf+ $SMR + thMLt +Epy

The regression equation consists of portfolio return R, constant ¢, sentiment changes index SENT and the
Fama-French factors Rmrf, SMB and HML. The sample period includes rolling quarterly returns from 2000
until 2008. The rolling quarterly returns are matched by the sentiment of the previous month. Panel A presents
results using the raw sentiment proxy SENT and Panel B presents results using the orthogonalized ADJSENT
as an independent variable.*** denotes statistical significance at the 1 % level, ** at the 5 % level and * at the
10 % level. t-statistics based on Newey-West standard errors are presented in parentheses. Newey-West auto-
matic bandwidth and lag length are used.

Panel A : SENT

c d B s h Adj.R,

Growth 0.013%** -0.006 1.047%** -0.379%%* -0.330%** 0.982
(3.51) (-0.94) (40.36) (-19.30) (-9.18)

Value -0.016 0.005 0.917%** 0.222%%* 0.511%** 0.807
(-1.67) (0.37) (18.28) (2.61) (7.87)

Small cap 0.016%** 0.005 0.823%** 0.584%** 0.300 0.949
(5.22) (0.77) (34.18) (17.79) (6.99)

Small value 0.008 0.002 0.834%** 0.586%** 0.523%** 0.864
(1.46) (0.14) (17.36) (6.16) (4.68)

Vol40 0.002 -0.002 0.657*** 0.443%** 0.359%** 0.694
(0.34) (-0.19) (7.85) (4.87) (3.97)

Vol80 0.022%** 0.009 0.521%** 0.339%#** 0.300%** 0.671
(4.40) (0.98) (7.60) (3.63) (3.57)

Vol90 0.025%** 0.008 0.52]%** 0.339%#** 0.295%** 0.671
(4.09) (0.98) (7.60) (3.63) (3.57)

LsVol -0.063%*%** -0.037 0.436%** 0.298 -0.458%%%* 0.487
(-3.31) (-1.49) (3.02) (1.56) (-2.85)

Panel B : ADJSENT

c d B ] h Adj.R,

Growth 0.013%** 0.007** 1.038%** -0.386%** -0.342%%%* 0.982
(3.74) (2.02) (41.42) (-19.41) (-9.75)

Small cap 0.016%** -0.001 0.826%** 0.585%** 0.285%** 0.949
(5.53) (-0.10) (36.94) (20.51) (8.72)

Large Gr. 0.010%* 0.007 1.0271%** -0.444%%* -0.357%%%* 0.969
(2.12) (1.41) (41.40) (-8.56) (-7.33)

Small Gr. -0.004 0.005 1.056%** 0.896%** -0.060 0.879
(-0.52) (0.52) (17.25) (14.13) (-0.63)

Small value 0.008 0.002 0.833%** 0.585%** 0.523%** 0.864
(1.44) (0.38) (15.69) (6.40) (4.93)

Voll0 -0.039** 0.007 0.878%** 0.610%** -0.241 0.622
(-2.16) (0.56) (6.32) (4.03) (-1.64)

Vol20 -0.039%* -0.003 0.975%** 0.657%** -0.150 0.748
(-2.34) (-0.36) (8.53) (4.73) (-1.27)

Vol40 0.002 0.006 0.651%** 0.438#** 0.352%%* 0.695
(0.41) (0.73) (7.91) (5.00) (4.27)

Vol80 0.022%** 0.006 0.555%** 0.358%#** 0.338#** 0.732

(4.58) (0.79) (8.45) (5.92) (4.42)
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It seems that sentiment does not have an impact on returns in a longer time frame of
three months after controlling for Fama-French factors. It is interesting to notice that
many of the sentiment related return patterns reverse when the time frame is extended.
The sentiment regression coefficients decrease in value which indicates that the return
pattern is reversed. The coefficients were 0.006, 0.010 and 0.011 for Small cap, Small
growth and Vol80 portfolios when the forecast horizon was 1 month. When the forecast
horizon was extended to three months the coefficients were -0.001, 0.005 and 0.006.
The return of the Growth portfolio has turned from negative to statistically significant at
the 5 percent level with a coefficient value of 0.007, which means that the return of the
growth portfolio increases by 0.7 percent in the following quarter when the ADJSENT
has increased by a single unit. The difference in the sentiment related return patterns
among stocks yet again indicates that sentiment does affect returns of stocks in different
ways.

It can be concluded that large changes in sentiment do have an impact on the future
returns of small stocks, least volatile stocks and the Large Value portfolio. This effect
fades out when the forecast horizon is extended. The findings are partly in line with the
findings of Baker and Wurgler (2006;2007). However, sentiment prone stocks did not
exhibit patterns of clear overvaluation, but rather stocks that were considered to be more
safe fared better than speculative stocks when the previous month’s sentiment increased.
Sentiment is usually related to previous good or bad news, returns or macro develop-
ments. Previous returns tend to drive sentiment which affects the subsequent returns
(Schmeling 2009). Thus, it is likely that more speculative and volatile stocks have al-
ready experienced price changes and the sentiment is already compounded in the prices,
but the safer and smaller stocks are slower to adjust due to private investors’ slower
participation on the market.

Even after controlling for Fama-French factors, the changes in sentiment did remain
statistically significant in a few cases. In order to be even more robust, one should add a
momentum factor in the model but it is likely that it would not significantly change the
results as momentum has been observed to be more prevalent among stocks that are
frequently traded (Glaser & Noth 2003). Small stocks and less volatile stocks are
usually not very highly traded. In addition, it is important to point out that the sample
size was relatively small with 107 observations when the sentiment changes were uti-
lized and 108 observations with sentiment levels data. Some of the portfolio return
distributions were leptokurtic and might not have been normally distributed. Although it
is sensible to treat the results with a healthy dose of criticism, we believe that the results
provide a fairly good description of the phenomenon. The robustness of the extreme

sentiment regressions is presented next in Table 20.
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Table 20 Robustness test regression results during extreme sentiment levels
This table presents regression results of the following form:

R= ¢+ dDS' + d,DS" +B,Rmrf+s,SMB, +h HML, +&

The regression equation consists of portfolio return R, constant c, sentiment index dummies DS and the
Fama-French factors Rmrf, SMB and HML. The sample period includes rolling monthly or quarterly returns
from 2000 until 2008. The rolling monthly and quarterly returns are matched by the sentiment of the pre-
vious month. Panel A presents results using the raw sentiment proxy SENT and Panel B presents results
using the orthogonalized ADJSENT as an independent variable. Panel numbers 1 and 2 signify the time
period where 1 is monthly returns and 2 is quarterly returns. *** denotes statistical significance at the 1 %
level, ** at the 5 % level and * at the 10 % level. t-statistics based on Newey-West standard errors are
presented in parentheses. Newey-West automatic bandwidth and lag length are used.

Panel 1A :SENT

C d1 dz B S h Ad_]Rz
Vol80 0.008***  -0.002 -0.009 0.538%** 0.350%** 0.357*** 0.623
(3.13) (-0.31) (-1.10) (9.53) (4.90) (4.97)
Vol90 0.009***  -0.003 -0.010 0.483*** 0.322%%%* 0.297*** 0.494
(2.92) (-0.45) (-0.99) (7.54) (3.76) (3.97)
Panel 1B : ADJSENT
C d1 dz B S h Ad_]Rz
Growth 0.006***  0.001 -0.007* 0.996%** -0.370***  -0431*** 0979
(2.95) (0.37) (-1.70) (22.69) (-14.70) (-7.73)
Value -0.004 -0.005 -0.002 0.987*** 0.252%** 0.501***  0.763
(-1.07) (-0.53) (-0.37) (20.92) (3.12) (6.75)
Small Cap 0.005***  -0.003 -0.005 0.868*** 0.548*** 0.349*** (0915
(2.99) (-0.92) (-0.16) (32.57) (15.79) (9.62)
Lg Gr. 0.006* -0.001 -0.007* 0.954*** -0.442%**  .0.475*%**  (0.967
(1.88) (-0.10) (-1.75) (22.02) (-9.42) (-7.52)
Lg Value -0.002 -0.007 0.003 0.904*** -0.303*** 1.159***  (0.718
(-0.44) (-0.68) (0.32) (10.41) (-2.71) (8.15)
Vol80 0.005 0.007 0.001 0.543%*** 0.360*** 0.370***  0.619
(1.40) (1.25) (0.03) (8.79) (4.60) (4.49)
Vol90 0.006 0.004 -0.001 0.487*** 0.332%* 0.304***  (0.486
(1.62) (0.60) (-0.16) (6.96) (3.53) (3.58)
Panel 2A : SENT 3 month return
C d1 dz B S h Ad_]Rz
Growth 0.015%** 0.008 -0.014 1.043%*** -0.375%*%*  -0.344*** (0,982
(2.97) (1.09) (-1.60) (42.53) (-18.56) (-8.96)
Value -0.021** -0.007 0.018 0.917*** 0.234%** 0.522%**  ().785
(-2.11) (-0.22) (1.10) (20.44) (2.95) (6.76)
Small Cap 0.011%** 0.008 0.015* 0.832%** 0.582%** 0.308***  (0.951
(2.80) (1.60) (1.89) (31.85) (15.88) (8.08)
Lg Gr. 0.008 0.012 -0.005 1.027%*** -0.427**%*  .0.349***  (0.969
(1.12) (0.85) (-0.47) (35.81) (-9.77) (-6.82)
Lg Val. -0.007 0.007 0.041* 0.798%** -0.187* 0.905***  0.709
(-0.56) (0.44) (1.78) (9.39) (-1.67) (6.87)
Vol80 0.023*** 0.001 -0.007 0.558*** 0.367*** 0.334***  (.729
(4.60) (0.12) (-0.45) (8.31) (4.50) (4.07)
Vol90 0.029***  -0.010 -0.014 0.519%** 0.341%** 0.277***  0.670

(4.67) (-0.98) (-0.79) (7.69) (3.82) (3.29)
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Panel 2B : ADJSENT 3 month returns

C d1 d2 B S h Ad_]Rz

Growth 0.013** 0.007 -0.007 1.043%** -0.376***  0.339***  (.982
(2.43) (0.85) (-0.85) 4228)  (-17.90)  (8.03)

Value -0.020%* -0.001 -0.008 0.916%** 0.237%%*  0.519%*%*  0.782
-191)  (-0.05) (-0.56) (19.23) (2.99) (7.08)

Small Cap 0.015***  -0.001 0.005 0.828*** 0.580***  0.293***  (.949
(3.05) (-0.08) (0.61) (31.15) (1607) (629

Lg Gr 0.007 0.009 -0.002 1.026%** -0.429%**  .0.348*** (0.969
(0.98) (0.57) (-0.17) (3743)  (-9.63) (-6.30)

Lg Val -0.003 0.004 0.028 0.795%** -0.191* 0.900***  0.700
(024)  (0.21) (1.26) 9.77) (-1.80) (6.42)

Vol20 -0.016 -0.053* -0.059**  0.946%** 0.663***  -0.298**  0.761
(-0.79)  (-1.68) (-2.10) (9.63) (5.41) (-2.39)

Vol80 0.013* 0.024** 0.016 0.567%** 0.368*** 0.390***  0.738
(1.72) (2.22) (1.32) (8.09) (4.66) (4.59)

Vol90 0.020** 0.014 0.005 0.528%** 0.347%** 0.322***  0.670
(2.35) (1.24) (0.35) (7.34) (3.91) (3.75)

The results indicate that after controlling for the Fama-French factors, the explana-
tory power of the sentiment indices is greatly diminished. Hence, it appears that the
small and market-to-book factors grasp same components as the sentiment. However,
sentiment remains statistically significant at some cases. In general, the regression
models are a much better fit once the Fama-French factors are included. The adjusted
coefficients of determination increase substantially and some of them approach 1
closely. It is interesting to note that the signs of the returns may have turned from posi-
tive to negative or vice versa compared to the previous regressions.

Sentiment level is not a very relevant measure when the time period is one month.
Only the growth and large growth experience statistical significance. When sentiment is
extremely low the return of the next month is 0.7 percent lower than during moderate
sentiment levels. When the time frame is extended to three months, small cap, large
value, Vol20 and Vol80 portfolios are statistically significant. As the raw sentiment
proxy is utilized as an independent variable and sentiment is extremely low, the subse-
quent three month returns of Small cap and Large Value are 1.5 and 4.1 percent larger
than normally. When the orthogonalized sentiment proxy is used, the returns of Vol20
decline by 5.3 when the sentiment is high and 5.9 percent when the sentiment is low.
Vol80 portfolio earns a return that is 2.4 percent higher than normally when sentiment is
high. Small cap and Large Value are not statistically significant in this case. In sum-
mary, the effects of sentiment are not very powerful. Only the DS" on Vo0I80 and DS"
on Vol20 are statistically significant at the 5 percent level. SMB and HML seem to be
highly statistically significant in almost every equation. Especially HML does seem to
have higher explanatory power when the dummy variables are utilized instead of the

sentiment levels index.
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The behavioral finance theory propose that sentiment prone stocks should fare better
than bond like stocks in the future when sentiment is low and do worse when sentiment
is high. These patterns are due to over and undervaluation and the habit of people to be
swayed by their emotions. In addition, sentiment should affect the most and least vola-
tile groups of stocks the most.

Although the effects might not be particularly strong, it is pleasing to notice that sen-
timent does have the biggest impact on the most and least volatile stocks. The effects of
sentiment are as predicted during high levels of sentiment when the time period is three
months. The least volatile quintile earns higher than usual returns and the returns are
much higher compared to those of the most volatile quintile. However, the effects are
not quite as expected when sentiment is low. Vol20 portfolio continues to earn lower
returns than normally. On the other hand, the Large Value portfolio earns higher than
usual returns in both three month regressions when sentiment is low and the same ap-
plies for the small cap stocks. The common denominator between these two might be
the trades of retail investors. During low levels of sentiment, the stocks that are held by
retail investors get undervalued and the future returns are higher. In addition, the effects
of extreme sentiment levels on returns are similar as our previous findings. The least
volatile stocks tend to earn higher returns than normally when sentiment is high or has
increased substantially. Thus, it seems that the effects of sentiment on these stocks are a
bit lagged as investors reallocate their wealth towards safer stocks.

It can be detected from the results that sentiment has more impact on returns during
extremely low levels of sentiment. This can be attributed to investor psychology as
losses feel much worse than winnings and bad news has been noticed to affect the deci-
sion making of investors more (Barberis et al. 2001; Conrad et al. 2002).

The findings in this thesis are interesting in many aspects. Sentiment is clearly re-
lated to the current returns of stocks and has explanatory power on the future returns of
small capitalization stocks, least volatile stocks and on the Large Value portfolio even
after controlling for Fama-French factors. When there is a strong change in investor
sentiment or when the sentiment is at extreme levels, the returns of these aforemen-
tioned stocks are mostly affected. It is unclear whether there is a common denominator
among the effects on these specific stocks and if that denominator is the trades of pri-
vate investors.

Nevertheless, sentiment cannot be regarded as an entirely futile variable and some of
the findings are at least partially in line with previous findings of Baker and Wurgler
(2006; 2007). Generally safer stocks yielded a higher return when sentiment increased
and large growth stocks were in a negative relationship with sentiment. However, the

effects among small capitalization stocks were not as proposed by the behavioral
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finance theory. In addition, sentiment did seem to have the most impact on speculative
stocks and less speculative stocks when sentiment was extreme levels and sentiment had
different cross sectional effects among stocks. Hypotheses 1 and 2 could be confirmed.
Hypothesis 3 could not be validated as the results were a bit mixed. The speculative
stocks were not generally overvalued, although the Vol20 portfolio did yield a larger
negative return during extreme sentiment. After additional risk factors were included
and the macroeconomic foundations were taken into account no clear patterns of over-
valuation could be detected. However, some signs of prior undervaluation could be
observed in the case of the least volatile stocks during high sentiment and Small Cap
and Large Value portfolios when the raw sentiment index was low. The findings were
also partially in line with Finter et al. (2010) who found out that sentiment was mostly
related to undervaluation of stocks and that the effects were mainly driven by notable
pessimism.

In conclusion, although sentiment seems to be related to both current and future re-
turns of especially specific stocks, it can hardly be used in order to create a systemati-
cally profitable trading strategy. However, gaining a better insight of the behavior of
market participants and the market mechanisms is achievable as the effects of sentiment
are far from a resolved issue. Thus, more research on the matter is required. The next
chapter summarizes and concludes the thesis and the research and presents new research

topics.
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S SUMMARY AND CONCLUSIONS

This thesis has tried to provide insight to the behavioral element of market participants
and search for answers regarding whether investor sentiment has an impact on stock
prices in the small stock market of Finland. The traditional finance does not recognize
investor sentiment as a factor that would influence stock returns. Market participants in
general are seen to be rational and even if not everyone is rational, their trades will
offset each other or the rational traders will take advantage of the situation and the stock
price returns to its correct level. One cannot gain abnormal returns without taking addi-
tional risk.

Behavioral finance suggests that many mental and psychological factors affect the
decision making of a person. Behavioral finance provides a larger social science pers-
pective by incorporating sociology and psychology in finance. The two main characte-
ristics that enable the effects of investor sentiment according to the behavioral frame-
work are noise traders and limits of arbitrage. Noise traders are uninformed investors
that base their decision mainly on irrelevant information and are prone to be swayed by
their emotions and are most affected by investor sentiment. They are usually recognized
as retail investors, but also institutional and larger investors have been claimed to act in
an irrational manner at times. It is also expected that the trades of noise traders can be
highly correlated as people have been proven to make similar types of biased decisions.

De Long et. al (1990) suggest that noise trading creates an additional risk element
which should be accounted for and securities that are subject to greater noise trader risk
tend to exhibit greater volatility and mean reversion. Limits of arbitrage mean that
rational investors are unable and unwilling to take extensive positions against noise
traders due to noise trader risk. One of the greatest risks for a rational arbitrageur is that
the noise traders’ beliefs will not revert to the mean for a long time and might become
even more extreme. The investment horizon of rational arbitrageurs is usually quite
short as the funds they are operating with are rarely entirely their own. Short selling can
also incur additional psychological and sociological costs or it might even be restricted
or forbidden in a country.

Sentiment drives the relative demand for speculative investments, thus causing cross-
sectional effects among stocks despite arbitrage forces. The characteristic that makes
some stocks more speculative than others is due to the difficulty and subjectivity of
determining their true intrinsic values. Speculative stocks are more difficult to value and
to arbitrage because of the subjective attributions of the stocks as there is greater uncer-
tainty of their future. Uncertainty means that the effect of many psychological factors

such as overconfidence, representativeness and conservatism is more emphasized.
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Psychological and sociological factors are considered to be the cause of the corre-
lated irrational decisions among people. Investors are usually overconfident about their
skills and use simplified heuristics in order to make decisions. Emotions have been
recognized to be relevant in decision making which might lead to overreacting from
time to time. People rarely make investment decisions in a vacuum and the media and
other people around us influence our decisions. Herding is a pivotal element in the
propagation of a stock market bubble and investor sentiment and herding are closely
interrelated. Sentiment extremities can cause bubbles and crashes and investor senti-
ment can even impact the behavior of corporations.

In order to test whether investor sentiment has an impact on the Finnish stock market
and if the effects were as claimed by the behavioral finance framework, an investor
sentiment index was composed by Principal Components Analysis. The investor senti-
ment index was comprised of five sentiment proxies that were: turnover, closed end
fund discount, VDAX, consumer confidence and industrial confidence. In addition
another index was formed that accounted for macroeconomic factors in order to create a
measure that reflected the mood of the market that could not be warranted by
macroeconomic fundamentals. As the raw sentiment index appeared to have a unit root,
the indices were first differenced in order to make the series stationary.

Sentiment did seem to be in relation with the current returns of stocks. Especially the
orthogonalized sentiment index was highly statistically correlated with portfolio returns.
The regression analysis indicated that sentiment was clearly related to the current re-
turns of various portfolios. Smaller stocks and growth stocks were most influenced by
changes in investor sentiment. The SENT index had more explanatory power due to
macroeconomic conditions. Although it was assessed whether sentiment is related to the
current returns of portfolios sorted by size and investment style or to the returns of
portfolios formed by historical volatility, the main interest was to discover whether
there was sentiment related mispricing correction. The behavioral theory posited that
during high levels of sentiment, the prices of speculative stocks would be overvalued
and vice versa during low levels of sentiment. This information could be investigated by
assessing the relationship between sentiment and future returns of stocks.

Changes in investor sentiment did have a quite high explanatory power on especially
small stocks and least volatile stocks. Sentiment had a highly statistically significant
relationship with the returns of these specific stocks. The irrational component of senti-
ment, the ADJSENT index had a clearly larger influence on the returns of small stocks.
This indicates that smaller stocks are indeed more influenced by irrational investors.
Growth, Large Growth and LsVol portfolios had a negative relationship with sentiment.

Whereas, smaller stocks, value stocks and less volatile stocks had a positive relationship
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with sentiment. When the forecast horizon was extended to three months, the relation-
ship between sentiment and returns stayed rather similar. No clear return reversal pat-
terns were detected even though the effect of sentiment seemed to wear a bit down.
After controlling for additional known stock market risk factors which are known as the
Fama-French factors, the explanatory power of sentiment was significantly diminished.
However, the effects of sentiment on the least volatile portfolios and small capitaliza-
tion stocks remained highly statistically significant. A single unit change in irrational
investor sentiment increased the subsequent month return of small growth portfolio by 1
percent and the portfolio of least volatile quintile of stocks by 1.1 percent. It is neces-
sary to remember that sentiment changes of this magnitude are quite rare and a change
of half a unit is a lot more frequent. Nevertheless, these findings indicate that sentiment
is a relevant measure. When the time frame was extended to three months, sentiment
had a weak influence on the returns of stocks after controlling for Fama-French factors.

It was also assessed whether sentiment had a larger impact during extreme levels of
sentiment. It was evident that sentiment indeed did have a bigger impact on larger va-
riety of stocks. The large growth stocks seemed to outperform other stocks when senti-
ment hit extreme levels and value stocks, small stocks and less volatile stocks seemed to
underperform. The irrational component of sentiment had a bigger impact during ex-
treme levels of sentiment, which is not surprising, as when uncertainty increases the
effects of market psychology increases. Sentiment had more impact when sentiment
was extremely low during the one month time period and more impact on stocks when
the time period was extended to three months. This indicates that the effects of senti-
ment are more rapid when there is high pessimism and fear in the market.

When the Fama-French factors were included in the equations the effects of senti-
ment weakened and it appeared that the small and book-to-market factors grasp same
components as the sentiment. Extreme levels of sentiment seemed to have more impact
during low levels of sentiment. The latter is in line with the notion that people react to
bad news more powerfully than to good news and that the fear of losses might drive the
trades. There has also been evidence that people are far more upset of losses than
pleased by winnings of equivalent amounts (Conrad et al. 2002; Shiller 2003).

The Small Cap and Large Value portfolio yielded 1.5 and 4.1 percent larger returns
than normally during the next three months when sentiment was extremely low when
the raw sentiment index was used. The least volatile quintile portfolio Vol80 expe-
rienced an increase in returns and the portfolio consisting of most volatile stocks depre-
ciated in value when sentiment was extremely high. These findings were partially in
line with the behavioral finance theory and the findings in the U.S stock market. How-

ever, when sentiment was low the returns of the most volatile portfolio did not yield
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higher returns than normally, but lower returns which was not expected. Sentiment had
the biggest impact on the least and most volatile portfolios and the effects were dissi-
milar among different sorts of stocks.

The hypotheses 1 and 2 could be confirmed but the hypotheses 3 could not be clearly
confirmed. It can be summarized that sentiment did have an influence on especially
small stocks and least volatile stocks when the sentiment change was sufficiently force-
ful or when the sentiment prevailing sentiment was extreme. The effects of sentiment on
stock returns related to prior undervaluation of the aforementioned stocks or delayed
demand of these stocks. Sentiment prone stocks did not exhibit patterns of overvalua-
tion, which is in line with the findings of Finter et al. (2010). In addition, sentiment had
a larger impact on stocks when the prevailing sentiment was extremely pessimistic. The
findings are parallel to both behavioral and traditional views of finance. Sentiment did
have an impact on returns of stocks even after accounting for macroeconomic condi-
tions and other stock market risk factors. However, the relation to future returns was
quite weak and generating a profitable investment strategy based on sentiment seems
quite difficult.

More research into the matter is necessary. It could be investigated whether senti-
ment has a larger impact on returns when the time period is extended or reduced to be
weeks. Another interesting research topic could be how sentiment affects the average
earnings announcement returns of different sorts of stocks. It could be tested if senti-
ment is related to false earnings expectations around earnings announcements and if
there was mispricing correction among stocks when sentiment is particularly high or

low.
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APPENDIX 1: FORMULASAND EQUATIONS

Equations:
1.1 Coefficient of determination and adjusted coefficient of determination

= N -1

R, :1_(1_Rz)(m)

R, is the square of the correlation coefficient between Y and its estimate. The
regression sum of squares is divided by the total sum of squares. The adjusted R,
accounts for the inclusion of explanatory variables k (Tabachnick&Fidell 2007, 153;
Gujarati 2003, 84).

1.2 Kaiser-Mayer-Olkin test of sampling adequacy

KMO = L
Z r2 + Z az
Kaiser-Mayer-Olkin test is conducted to assess whether a Principal Components
Analysis can be performed on a set of variables. It indicates the common variation
among the variables. A value of over 0.6 is usually desirable. r denotes correlation and a
partial correlation (<http://www.helsinki.fi/atk/tilasto/Spssjatko/faktori/faktori.html>).

1.3 Kolmogorov- Smirnov test

H,= The distribution of the variable is not deviant from normal distribution

H,= The distribution of the variable deviates from normal distribution

D= max| F( ) = S, (x)|
Fo(xi) denotes cumulative frequencies and Sx(x;) denotes the corresponding values of
the normal distribution. D is compared to chart values for a given significance level
(usually 5 percent level) in order to determine whether the variable follows a normal
distribution. However, statistical programs give a specific p-value. If the value is close
to zero the null hypothesis will be rejected and the variable is not seen to follow a

normal distribution (<http://www.uku.fi/~mauranen/bis/bis7 doc.htm>)
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1.4 Dickey-Fuller test stat

O
Ts=_?

O b
se@

where the OLS estimator of ¢ is divided by the standard error of the estimate of ¢. The

hypotheses are as following:

Ho= ¢=0

H = ¢=1
The test distribution does not follow a standard t-test distribution, but rather a Dickey-
Fuller distribution (Ben Vogelvang 2005, Econometrics Theory and Applications, 285,

Pearson Prentice Hall, Essex).
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APPENDI X 2: ADDITIONAL RESULTS

Table A1 Correlations between the 1st stage index and the sentiment proxies

This table presents the correlations between the first stage index of SENT and the sentiment proxies and their lagged
values. The proxies that are most correlated with the first stage index are selected to form the SENT index. The index is
formed by Principal Components Analysis.

Turn CEFD VDAX IND CONS LagTurn LagCEFD LagVDAX LagIND LagCONS

Ist stage 0,729 -0,552 -0,75 0,907 0,854 0,697 -0,584 -0,741 0,898 0,824

Table A2 Principal Components Analysis results on
SENT index

This table summarizes the results of the Principal Component
Analysis on the chosen sentiment proxies: Industrial confidence,
Consumer confidence, Turnover, VDAX and lagged Closed end fund
discount. The communalities, component loadings and component
score coefficients, the total amount of variance explained by the first
principal component and the results from KMO and Bartlett’s test
are included in the table.

Communalities Loadings Scores
Industrial 0.840 0.916 0.299
Consumer 0.732 0.856 0.279
Turnover 0.585 0.765 0.250
VDAX 0.559 -0.747 -0.244
CEFD 0.348 -0.590 -0.193
Variance explained 61.276

KMO and Bartlett 0.788 0.000




Table A3 Kolmogorov-Smirnov test on macroeconomic variables

This table presents the results of the Kolmogorov-Smirnov test before variable transformations and after.
The short term variable is squared and the unemployment variable is log differenced. If the significance
value is below 0.05 it indicates that the variable is likely not to be normally distributed.
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Mean
Std.Dev
Kolm. Z
Sig.

Mean
Std.Dev
Kolm. Z
Sig.

Short term  unemployment inflation Ind.production
3.40 8.36 1.89 3.84

1.04 1.12 1.26 5.53

1.497 2.017 1.072 0.786
0.023 0.001 0.200 0.568

After transformations

Short term  unemployment inflation Ind.production
12.62 -0.005 1.89 3.84
7.24 0.118 1.26 5.53
1.339 1.021 1.072 0.786
0.055 0.248 0.200 0.568

Table A4 Kolmogorov-Smirnov test on sentiment proxies

This table presents the results of the Kolmogorov-Smirnov test before variable transformations and after.
A square root is taken from the VDAX variable. If the significance value is below 0.05 it indicates that

the variable is likely not to be normally distributed.

Mean
Std.Dev
Kolm. Z
Sig.

Mean
Std.Dev
Kolm. Z
Sig.

TURN CEFD VDAX CONS IND
1.12 0.29 23.61 14.08 3.73
0.34 0.10 9.71 4.37 12.09
0.675 0.725 1.565 0.570 1.125
0.752 0.670 0.015 0.901 0.159
After transformations
TURN CEFD VDAX CONS IND
1.12 0.29 4.77 14.08 3.73
0.34 0.10 0.92 4.37 12.09
0.675 0.725 1.179 0.570 1.125
0.752 0.670 0.124 0.901 0.159
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Table AS Correlations of raw and orthogonalized sentiment components

This table correlates the raw sentiment proxies and orthogonalized sentiment proxies. The orthogonalized
proxies have been regressed by industrial production growth, inflation, short term rate and unemployment

rate change.

Raw sentiment proxy correlations

Turnover VDAX Industrial Consumer CEFD
Turnover 1
VDAX -0.378
Industrial 0.633 -0.612 1
Consumer 0.630 -0.510 0.797 1
CEFD -0.299 0.434 -0.452 -0.291 1

Orthogonalized sentiment proxy correlations

Turnover Res VDAX Res  Industrial Res Consumer Res CEFD Res
Turnover Res 1
VDAX Res -0.322 1
Industrial Res 0.551 -0.602 1
Consumer Res 0.567 -0.446 0.694 1
CEFD Res -0.227 0.424 -0.436 -0.289 1

Table A6 Principal Components Analysis results on

ADJSENT index

This table summarizes the results of the Principal Component
Analysis on the residuals of chosen sentiment proxies: Industrial
confidence, Consumer confidence, Turnover, VDAX and lagged
Closed end fund discount. The communalities, component loadings
and component score coefficients, the total amount of variance
explained by the first principal component and the results from KMO
and Bartlett’s test are included in the table.

Communalities Loadings Scores
Industrial 0.794 0.891 0.318
Consumer 0.661 0.813 0.290
Turnover 0.515 0.718 0.256
VDAX 0.557 -0.746 -0.266
CEFD 0.312 -0.523 -0.187
Variance explained 56.014
KMO and Bartlett 0.768 0.000




