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Abstract

Lamont and Frazzini (2007) document that a traditigtegy consisting of buying every
stock expected to announce within the coming mamt selling short every stock not
expected to announce the coming month generatemge land statistically significant
earnings announcement premium in the U.S. stockehdéetween 1972 and 2004. Lamont
and Frazzini (2007) claim that the main explanatarthe earnings announcement premium
is uninformed or irrational demand by individuav@stors, coupled with imperfect arbitrage
by sophisticated investor§.heir results are not in accordance with weak-famarket
efficiency in the U.S. stock market in the sensa tiistorical information can be used to
predict future stock prices. This thesis will tektrelated trading strategies based on
predicted quarterly earnings announcement date®rg&s an earnings announcement
premium at the Oslo Stock Exchange in the periddiden 1999 and 2007.

Contrasting with the results of Lamont and FrazZR007) the results presented in this
thesis, that are not statistically significant, whibat various versions of the trading strategy
based on predicted earnings announcement datestsegmnerate negative monthly average
excess returns. Further, a L/S portfolio tradingtegy based on actual announcement dates
does not generate average monthly returns stafigtisignificantly larger than zero. This
indicates that improved methods for predicting Bey® announcement dates would not
assist in forming L/S portfolios generating postigxcess returns over the sample period.
Consequently, it seems there was no earnings anament premium at the Oslo Stock
Exchange in the sample period between 1999 and. Z0@¥ results presented in this thesis
can therefor@otrejectmarket efficiency at the Oslo Stock Exchange.

The main reasons for the presented results, whieldiffering from the results of Lamont

and Frazzini (2007), are the following: Firstly,eth is a possibility that the dataset of
earnings announcement dates utilised in this aisalgsnot representative for the sample
period regarding the real coverage of earnings amcement dates. Moreover, there is a
possibility that the patterns found by Lamont amazEini (2007) are random, and caused by

for example data-mining, and that in reality thierao earnings announcement premium.
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1. Introduction

Lamont and Frazzini (2007) found that a tradin@gtstgy holding a zero-cost portfolio of
expected announcers while selling short a portfofi@xpected non-announcers generated
yearly excess returns of between 7 and 18 per@ét.positive excess returns, they claim,
can not be explained by the factors included inGhaenhart (1997) four-factor model, and are
hence “abnormal”’. According to market efficiencgadhy, it is not possible to earn returns
greater than a risk-free rate plus a compensatiorthie risk related to investing in risky
assets. The results of Lamont and Frazzini (200f)ch are not in accordance with weak-
form market efficiency in the U.S. stock markete déinerefore relatively interesting since
they are indicating that it is possible for a mansarticipant to earn excess returns without
having to take on excess risk. Given that the Wt&ck market is one of the largest in the
world, and regarded as relatively efficient, iinseresting to examine if the same earnings

announcement premium exists in the much smallewlgian stock market.

In this thesis, | test if various trading strategisimilar to the earnings announcement
premium strategy of Lamont and Frazzini (2007), egates excess returns over the
Norwegian Government three month Treasury billlet Oslo Stock Exchange over the
sample period between 1999 and 2007. At the lagtoflanonth t-1, the monthly trading

strategy buys a value-weighted portfolio of stotkat are expected to announce their
guarterly earnings the coming month and sells shoglue-weighted portfolio of stocks that
are not expected to announce their quarterly egsnthe coming month. Combined, this

trading strategy creates a value-weighted zerold&sportfolio.

In other words, in this thesis, | test for the &xm€e and the robustness of an eventual
earnings announcement premium at the Oslo Stockdbge between 1999 and 2007. This

is tested with the following zero-hypothesis:
A) Ho: Average monthly excess returns L/S portfolio = 0
Hi: Average monthly excess returns L/S portfolio > 0

With zero-hypothesis A, this thesis tests if vasiotersions of the L/S portfolio trading
strategy generates positive average monthly exetgms that are statistically significant.
Clearly, if the value-weighted portfolio that seibort expected non announcers generates

average monthly excess return that are more negd#tian the value-weighted monthly
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average excess return of the portfolio that buyseeted announcers, the combination of
these two portfolios, the zero cost L/S portfolimuld earn positive monthly average excess
returns. In this case, one would earn larger rstuoy only selling short the portfolio of
expected non-announcers. | limit my approach tagazn whether or not a trading strategy
combiningthe two portfolios each month generates statitisagnificant positive returns
over the Norwegian Government three month Trealsilicy

If zero-hypothesis A is rejected, | further testetier the above zero average excess returns
generated by the L/S portfolio strategy are abnbimaregressing the returns on the four

risk factors from Carhart (1997) with the followiagro hypothesis:
B) Ho: Average monthly abnormal returns L/S portfolio = 0
Hi: Average monthly abnormal returns L/S portfolio > 0

If zero-hypothesis B is rejected, this indicatesttkthere is an earnings announcement
premium at the Oslo Stock Exchange. This meansahabnthly trading strategy taking a
long position in portfolios of stocks expected tmaunce their earnings and a short position
in portfolios of stocks not expected to announceirtiearnings in the following month,
generates returns that can not be fully explainedhke Carhart (1997) four-factor model.
The abnormal returns generated from this tradirgtesgy is statistically significant. If the
Carhart (1997) four-factor model describes the rellated to following the tested trading
strategy, a rejected zero hypothesis is incongistéh weak form market efficiency at the
Oslo Stock Exchange in the sense that historidainmation can be used to predict future

stock prices.

Contrasting with the results of Lamont and Fraz£R007), the results presented in this
thesis, which are not statistically significant,oshthat various versions of the trading
strategy based on predicted earnings announcerates seem to generate negative monthly
average excess returns. There is hence no sigms@drnings announcement premium at the
Oslo Stock Exchange in the sample period betwe®@ a8d 2007. | find no results that can
reject weak-form market efficiency at the Oslo &t&schange.

This thesis is organised as follows. In sectiom2aerview of market efficiency theory is
presented. Lamont and Frazzini (2007) claim that tiein explanation for the earnings

announcement premium is uninformed or irrationahded by individual investors, coupled
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with imperfect arbitrage by sophisticated investémsorder to understand the implications
of a found stock price anomaly, market efficienbgdry, including behavioural finance
theory, is given focus in this section. Sectione¥igws relevant literature covering the
earnings announcement premium and its possibleaeapbns. Additionally, section 3
covers previously done empirical studies, with ®oam stock price anomalies, which have
been conducted on the Oslo Stock Exchange. Sedtipresents the data utilised in the
empirical analysis as well as the methodology dsetkesting the zero hypothesis. In section
5 the results and the analysis of the empiricadassh are presented, as well as robustness
checks of the results. Section 6 presents a digcus$ the results found in this thesis, and
places the results in the literature presente@at@ns 2 and 3. Moreover, section 6 contains
a discussion of potential reasons till why the enésd results are in contrast to the results of
Lamont and Frazzini (2007), criticism of the prdsenresults as well as proposals for
further studies on the earnings announcement pramaiuthe Oslo Stock Exchange. Section

7 presents conclusions.
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2. Market Efficiency Theory

Market efficiency theory is substantial knowledgleen analysing stock return series, and its
most important implication is that an investor caot obtain returns greater than the
corresponding on taken risk. The earnings annouecepremium of Lamont and Frazzini
(2007) is not in accordance with weak-form effiagnn the U.S. stock market. In order to
understand their results and being able to andhgselegree of efficiency in the Norwegian
stock market, this first part of this section revse market efficiency theory and its
implications. Further, the relationship betweeik @sd return as well as found stock price
anomalies are discussed. This part is relevanuiidierstanding the implications of trading
on the basis of stock price anomalies that haven lmeeumented. Lamont and Frazzini
(2007) offers an explanation in the field of beloaval finance for their found earnings
announcement premium. Lamont and Frazzini (20Gcthat the main explanation for the
earnings announcement premium is uninformed diiarmal demand by individual investors,
coupled with imperfect arbitrage by sophisticatedestors.The last part of this section is
therefore focusing on behavioural finance theorfiel of finance still in its early stage.

This section ends with a short discussion of theeljgtability of stock prices.

2.1 The Random Walk and the Efficient Market Hypothesis

The market efficiency theory can be traced all wey back to the French mathematician
Louis Bachelier’'s dissertation, “The Theory of Sgation” from 1900. Bachelier's “Theory

of Speculation” from 1900 was not taken furthepiekamination until the 1950s; Followed
by the possibility of using computers for analysewpnomic time series in the early 1950s,
Maurice Kendall examined the assumption that sfmates reflect the past and the future
prospects of the firm (Kendall, 1953). He could iantify any predictable patterns in stock

prices; stock prices seemed to follow random paster

The suggestions of that stock prices are fluctgatandomly imply that changes in stock
prices are independent of one another. In othedsyat implies that there is no correlation
between the change in the stock price at time taanne t+1. This is known as the random
walk hypothesis; stock price changes are randomuapdedictable. The logic behind the
random walk hypothesis is that if past stock pabanges could be used to predict future
stock price changes, investors would take advaradgeuntil the stock prices were adjusted
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to a level where all the information in the pastckt prices would be reflected in today’'s
stock price. Hence price patterns would not exist.

That prices are fluctuating randomly was furthemdastrated by Paul Samuelson in his
article from 1965. Also Eugene Fama takes the thedbrrandom walks in stock market
prices as well as its implications further into emaation is in his articles from the same
year. It is in these articles that the expresswificient market” first is used. In the article
“Random Walks in Stock Market Prices” Fama (196pa,2) defines the expression

“efficient market” as

“a market where there are large numbers of ratigraiofit-maximisers actively competing,
with each trying to predict future market values ioflividual securities, and where

important current information is almost freely akadile to all participants. In an efficient

market, competition among the many intelligent ipgrants leads to a situation where, at
any point in time, actual prices of individual satias already reflect the effects of
information based both on events that have alreachyurred and on events which, as of
now, the market expects to take place in the futarether words, in an efficient market at

any point in time the actual price of a securityl we a good estimate of its intrinsic value.”

Fama argues that the implications of an efficierarkat are that past history of series of
stock prices cannot be used to predict their fubaigaviour. He claims théthe future path

of the price level of a security is no more prealidé¢ than the path of a series of cumulated
random numbers.(Fama 1965a, p. 2). Consequently, it is not ptesdi achieve above
normal returns by using any trading rules or teghes based on the information that is
already known in the market, compared to a buy{asid- policy. This is known as the
Efficient Market Hypothesis (EMH).

The EMH states that stock prices fully reflect allailable information. It is hence
impossible to “beat the market” since stock priedéeady has all relevant information
incorporated. This means that according to the EBtBigcks are always exchanged at their
fair, or the fundamental, value. It is therefore possible for investors to find over or
underpriced stocks in the market. The only waylitaim higher returns is to invest in riskier

stocks.

The general assumptions made in the EMH are:
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1) The market consists of a large number of ratiometstors who are actively
competing with each other in order to maximise ipgof

2) The existence of irrational investors will affetdck prices both positively and
negatively and the effect of this on stock pricemitotal zero; thenarketsare hence
assumed to be rational.

3) Allinvestors have access to the same informatrahthey perceive this information
in the same way.

4) Information is obtainable for no or low costs.

5) The market makes unbiased forecasts of the future.

Due to that the statement claiming that stock gricean efficient market fully reflect all
available information was relatively general, anebrder to make the efficient market model
testable, Eugene Fama saw the necessity of spegiflye efficient market definition. In his
paper from 1970 “Efficient Capital Markets: A Rewieof Theory and Empirical Work”,
Eugene Fama classified market efficiency into thieens; weak form efficiency, semi-

strong efficiency and strong efficiency:

2.1.1 Weak Form Efficiency

Weak form market efficiency claims that all pasces of a stock are reflected in today’s
stock price. Historical stock prices cannot bedusepredict future stock prices, the stock
prices follow a random walk. In other words, tedahianalysis cannot be used to predict and

“beat” the market.

On the other hand, the weak form market efficiealtigws for that fundamental analysis can
be used for finding under- or overpriced stocks.uBing companies’ financial statements,

not historical stock prices, investors can possiinlgt under- and overpriced stocks.

2.1.2 Semi-strong Form Efficiency

Semi-strong market efficiency claims that all paobinformation, as well as future
expectations, is reflected in a stock’s currenteriThe implication of the semi-strong
market efficiency is that neither fundamental rexhinical analysis can be used to achieve
above normal returns. A passive, diversified bug-hald strategy will generate the highest

returns in a semi-strong form efficiency marketcsiran active strategy; by definition, an



18

active strategy will not be more profitable duethe related transaction costs. Since all
publicly known information is baked into the currestock price, an investor needs private

information in order to achieve above normal return

2.1.3 Strong Form Efficiency

The strong form market efficiency implies that iaflormation in a market, both public and
private, is reflected in a stock’s price. Profitceeding normal returns can not be obtained
regardless of the amount of research or informatimimvestor has access to. It also implies
that above normal returns cannot be achieved lgstovs with insider information since the
market predicts future stock behaviour and theeefaas taken all private information into
account. This degree of efficiency is by many saemnly theoretical, and there are hence
strong regulations against insider information basading.

2.1.4 The Market Efficiency Paradox

As stated by the EMH, it is impossible to” beat tharket” since stock prices reflect all
relevant information. It is therefore not possilde investors to find under —or overpriced
stocks through analyses and the only way to obitejher returns for investors is by taking
on more risk through buying riskier stocks. In dficeent market no investors will hence
have the incentives to perform analysis lookinguieder — or overpriced stocks since they in
theory won’t be rewarded for it. On the other haadailable information has to be taken
into account somehow, and it is through investoiayssing this information and trading on
the basis of their analysis that a stock markebimss efficient. In order to be willing to pay
the costs related to analysing the available in&tiom in a market, investors require
compensation. This leads us to the market effigigtaradox; In order to have an efficient
stock market, there has to be investors believiagjthey can make above normal returns by
performing additional analyses, hence, believingt tine market is inefficient. The stock
market is eventually efficient only because thee iavestors in the market believing that

it's not.

2.2 The Relation Between Risk and Return

According to the Efficient Market Hypothesis, aweastor has to take on more risk in order

to obtain higher returns. This is consistent with assumption that investors are risk averse
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in the sense that they are willing to sacrifice samturn in order to reduce risk. Thus, an
investor will demand higher returns for holdingkies assets.

The standard deviation of returns, or volatilitg, @ widely accepted measure for risk
(Womack and Zhang, 2003). The logic behind thighat the more an asset’'s return is
fluctuating, the less sure an investor holdingabget can be of its value at the time he or she
wishes to sell the asset. The total risk of a stecknormally decomposed into two
components, namely the market risk and the spetskc Market risk, also called systematic
risk, is the variance that arises from a stock'gaciance with the return of the market and
can not be diversified away. The specific riskpadalled un-systematic or idiosyncratic risk,
is the variance that arises from other stock-spedéterminants of returns and can be
diversified away. Through holding several stockthvais little correlated returns as possible,
an investor can hence reduce stock-specific riski laence overall portfolio volatility,
without lowering return expectations. However, tate of volatility reduction due to adding
more assets into a portfolio is decreasing withitlteeasing number of assets. Therefore, a
general rule of thumb is that a portfolio is wel«tsified if it contains 30 or more assets
(Womack and Zhang, 2003). Since stock-specific cahi be diversified away, its expected
average is zero. In other words, there is no rigknum associated with stock specific risk
and an investor can hence only expect compensiatighe market risk.

Beta is normally used to measure the degree tohathie variation of the return of a stock is
correlated with the variation in the return of tmarket. More specified, a stock’s beta is
calculated as the covariance between the retutheoimarket and the return of the asset,
divided by the variance of the return of the market

_ cov(r,ny)
- var(r,, )

The market beta is by definition unity. Stocks weétlbeta higher than unity are in general
more sensitive to market movements than stocks aviitbta lower than unity. The beta of a
portfolio of stocks is normally calculated by taffithe weighted average of each stock’s

beta, on the basis of each stock’s market cayatadis.

Various asset pricing models are used for predjdire expected return of a portfolio. The
Capital Asset Pricing Model (CAPM), which was irduwed by Jack Treynor, William
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Sharpe, John Litner and Jan Mossin in the 1968'sne of them. The CAPM predicts the
equilibrium relationship between a portfolio’s egfe return and its risk:

CAPM:E(r,) =t +(E(ry )~ )5,

The CAPM implies the equity risk premium of a polith, the market return, Bg), minus
risk free return, s is directly related to the beta of the portfolithus, the CAPM predicts
expected return of a portfolio, B(r is equal to the equity risk premium times tloetiolio’s
beta plus risk free return. An investor’'s compeiosator bearing risk by investing in a risky

asset is measured by the portfolio’s beta. The CA®Merefore a single factor model.

In order to be able to evaluate a portfolio’s perfance, one compares its expected return
with its actual return. A portfolio’s differenceetiveen expected return and actual return is
normally referred to as alpha, and is under the KBA® definition expected to be zero in
order to avoid arbitrage opportunities. If theraislifference between expected return and
actual return on a portfolio, one can hence eitliaw the conclusion that CAPM is a poor
asset pricing model, or that the portfolio has geteel abnormal returns, returns that are

lower or higher than expected with the level ok tisken on over the investment period.

In order to calculate a portfolio’s alpha, it isnmmon to run a regression based on the
CAPM-model:

Rp,t _rf,t :ap +13p(an,t _rf,t)+‘9p,t

Where R is the portfolio’s returnyy is the riskfree ratey, is the portfolio’s alphaBy, is the

portfolio’s beta, R is the return of the market whitg; is the error-term.

E(R&p:) =0
E(£pyt) =0
And

E(gpytgpyt) =0
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A positive alpha is indicating that the portfoliashperformed better than expected compared
to the portfolio’s market related risk, namelybista.

The assumptions behind the CAPM are:

1) Investors are rational, and they only care abopeeted return and risk. They will
therefore always seek to maximise expected returarfy given level of risk.

2) Allinvestors have the same perception of the t@ffi®etween risk and expected
return.

3) Investors are well-diversified and therefore, thely only get compensated for the

systematic market-risk they are bearing.

According to Womack and Zhang (2003), the CAPM rallynachieve an R measure
around 0.85. The Rmeasure describes how well the model predictsabeeturns, and if
the CAPM was predicting returns perfectly, its Rould have been The predictable power
of the CAPM is therefore relatively high. Howevarany researchers believe that there are
other sub-factors of risk that, when added to aehawbuld predict expected returns more

precisely than the CAPM. Fama and French’s thretsfanodel is the most known one:

2.2.1 The Fama and French Three-Factor Model

Fama and French (1993) observed that small cegatadn stocks tend to have higher
average returns than large capitalisation stoaks,that stocks with a high book-to-market
value tend to have higher average returns tharksteth low book-to-market value. They
therefore represented an extended version of theNCA 1992, which is referred to as the
Fama and French three-factor model. In additiothéooverall market factor, they identified
a factor related to firm size and a factor relateda firm’s book-to-market value, as risk
factors in stock returns. In order to representigiefactors related to firm size and book-to-

market value, they constructed a SMB and a HMLdliact

SMB stands for “Small Minus Big”. The factor is calated as the average return for the
smallest 30 % of stocks minus the average retufrtiseolargest 30 % of stocks that month,
and measures the additional return, or the “sizmprm” related to investing in small
capitalisation stocks versus investing large cépéton stocks. While a positive SMB

indicates that small capitalisation stocks outpented large capitalisation stocks in a given
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month, a negative SMB indicates the opposite. Tdgicl behind adding SMB as an
additional risk factor is, according to Womack attthng (2003), that smaller firms’ stocks
often are less liquid than larger firms’ stockss@l smaller firms are more sensitive to
“many risk factorsand they're ability to absorb negative financial evehts lower than

for larger firms.

HML stands for “High Minus Low” and is calculated ¢he average return of the 50 % of
stocks with the highest book-to-market ratio mittus average return of the 50 % of stocks
with the lowest book-to-market ratio each monthe THML measures to which extent
investors are compensated for investing in comganith high book-to-market values, also
called the “value-premium”. Stocks with high boakrharket ratios are regarded as value-
stocks and stocks with small book-to-market valaes seen as growth stocks. While a
positive HML indicates that value stocks have otftpened growth stocks in a given month,
a negative HML indicates the opposite. In ordegét listed on a stock-exchange, a firm
normally needs to be of a certain size. Thus, ategrto Womack and Zhang (2003), the
logic behind adding HML as a risk factor is thabfs with high book-to-market values have
most likely been victims of the market's disbelieskethe firms’ future earnings. “Since
these companies have experienced some sort afutiffj it seems plausible that they would
be exposed to greater risk of bankruptcy or othantial troubles than their more highly

valued counterparts”.

In order to test if a portfolio is earning abnormetdurns, one can therefore run a regression

on the following equation:
4) R, -1, =a,+B,MKT +s SMB +h HML, +e,

Where R is the portfolio’s returnyy is the riskfree ratey, is the portfolio’s alphaBy, is the
portfolio’s exposure towards market risk, MKT isetheturn of the market whilg, gis the
error-term. The sand K are respectively the portfolio’s exposure towasddB and HML.
If alpha is significantly larger than zero, the tholio is earning abnormal returns in the
sense that its return is not fully explained by theee risk factors. According to Womack
and Zhang (2003), the Fama and French three-fatafel often achieve an’Rneasure
around 0.95, and is due to its strong explanatawep of returns commonly used. For
example, Morningstar, a mutual fund rating compamgssifies mutual funds based on the

three Fama and French factors. Alpha-values foyngelsforming a regression based on the
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CAPM-equation often tend to diminish or turn intera when regressed on the latter
equation. In practise, if one finds abnormal retuty performing the CAPM-based
regression, one should therefore execute a rolasstrigeck on the same data material by

performing a regression based on more risk factors.

2.2.2 The Carhart Four-Factor Model

Mark Carhart (1997) introduced a forth risk-factorthe Fama and French three-factor
model, namely the momentum-factor. This factor vaticording to Carhart capture the one-

year momentum-anomaly discovered by Jegadeeshitmenr(1993).
(5) R, —f, =@, + B,MKT, +s SMB +h HML, + p,PRIYR +e,,

Where R is the portfolio’s returnyy is the riskfree ratey, is the portfolio’s alphaBy, is the
portfolio exposure towards market risk, whilg s the error-term. FurtherSMB, HML and
PR1YR are returns on value-weighted, zero-invedtnfertor-mimicking portfolios for size,
book-to-market equity, and one-year momentum ioksteturns$ (p.61). The MKT is the
market return. The momentum-factor, PR1YR, is coiesed by taking the equal-weight
average of firms with the highest 30 percent elewenth returns lagged one month minus
the equal weight average of firms with the lowdstparcent eleven-month returns lagged
one month (Carhart, 1997, p.61). An alpha-value differerdnh zero indicates that the four
factors can not fully explain a portfolio’'s excasturn. Thus, a portfolio earns abnormal

returns if alpha is different from zero.

Carhart (1997) claims that the four-factor model,average, improves the pricing errors of
the CAPM and the three-factor model. By examinihg teturns on portfolios of mutual
funds, he finds that the mean absolute pricingrerirom the CAPM is 0.35 percent, while it
is 0.31 percent for the Fama and French three+fantwlel and 0.14 percent for the four-
factor model. Carhart (1997, p. 62) concludes thatfour-factor modelwell describes the

cross-sectional variation in average stock returns

! This anomaly is further discussed in section 2.3.3
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2.3 Oppositians to market efficiency- Market Anomalies

In an efficient market it is not possible for int@s to obtain above risk-adjusted market
returns; new information is immediately reflectedai stock’s price. It is hence necessary to
look further into how quickly new information actlyais reflected in a stock’s price. Fama
et al. (1969) examined the process by which staatep adjust to new information. More
specifically, they examined how the stock marketeiacting to stock splits and found no
particular market-imperfections. Since this, it Haeen tested through several empirical
studies whether different stock markets are efficeg not. In this section | will list a few of
the studies that have found anomalies pointing tdsvenarket inefficiency.

2.3.1 The Earnings Announcement Drift

According to Brealey and Myers (2003), investorgenf under-react to earnings
announcements and only revise their opinions abiwaitfull significance of the earnings

announcements when further information arrives.

Ball and Brown (1968) examined the movements of.#8ck prices around earnings
announcement dates between 1946 and 1966, ancawmerggst the first to provide evidence

indicating that there is a drift in stock returfiteaearnings announcements.

Bernard and Thomas (1990) found that companies wedinings surprises in a current
guarter tend to experience positive earnings sseprof the same sign over the subsequent
three quarters. This, they claim, is evidence shatk prices fail to reflect the implications of
current earnings for future earningsstdck prices partially reflect anaive earnings
expectation: that future earnings will be equaktirnings for the comparable quarter of the
prior year’ (p. 338). In other words, Bernard and Thomas (3fbcumented a tendency for
stocks to generate positive (negative) abnormarmstduring the three quarters following a
positive (negative) earnings announcement. Thenaltwe explanations considered, namely
problems with risk adjustment and the impact ohdetion costs, are by Bernard and
Thomas not seen as viable for explaining the faetain-pattern.

2.3.2 Standardised Unexpected Earnings (SUE)

Standardised Unexpected Earnings (SUE) is therdiif®e between actual and expected

earnings per share divided by the standard dewiaifoexpectations. Latané et al. (1974)
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were amongst the first to claim that unexpectechiegs forecasts, based on publicly
available information, can be used to forecastkspices and to obtain abnormal returns. In
contrary, Reinganum’s study from 1981 indicates #tenormal returns can not be earned by
using SUE. However, by using a larger sample aaon@hg to represent a more complete
and detailed analysis than Reinganum et al. (1883)n found results opposing to those of
Reinganum; namely that there is a SUE effect. Mitg strategy taking long positions in
stocks with unexpected positive quarterly earnimggouncements, while taking short
positions in stocks with unexpected negative qugrtearnings announcements, would
hence generate abnormal returns. They also fowstdatbout one half of the excess returns
from stocks occur over the 90 day period after whexpected earnings are announced.
According to Keon et al. (2002), the SUE effect vagghly present in the American stock
market during the 1980s and the early 1990s. Owerlater years, diverse regulations
resulting in more companies supplying the markehwnore accurate information than
before has resulted in the market rarely over-edgBnearnings any more, meaning that the
negative surprise is less frequent today. Keohéf@02) claims the SUE effect to be nearly
eliminated today, but with the lately developmeimghe financial markets related to the

American sub prime crisis there might be a chanc&UE to revive.

2.3.3 The Momentum Effect

The momentum effect was documented by JegadeesiTigmdn (1993). By examining

portfolios of stocks they found that stocks thad parformed well (poorly) in the past would
continue to perform well (poorly) over the next 34honths. A trading strategy taking long
position in past winners and short positions intgasers generated significant positive
returns over 3-12 months holding periods. They distumented a similar pattern of returns
around the earnings announcements; average retanosind quarterly earnings

announcement dates are significantly positive Withg a favourable earnings surprise in the

previous quarter.

Jegadeesh and Titman (2001) tested their tradmnategly again in 2001 on another dataset
and came to the conclusion that the momentum effext present there too. This is

inconsistent with the weak form market efficienbgary.
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2.3.4 Mean-Reversion

The mean-reversion effect implies that stocks tiate performed well (poorly) over a
certain period will reverse and perform worse @@tbver the next period. De Bondt and
Thaler (1985) examined portfolios consisting of mén stocks over past three years and
portfolios consisting of looser stocks over thresstpyears. They found that portfolios
consisting of three years loser stocks performeitebever the following five years than
portfolios consisting of three years winner stook®r the same period. According to De
Bondt and Thaler (1985) the mean reversion effedue to an overreaction in the market to
available information; winner stocks are hence prieed while loser stocks are under

priced. This is inconsistent with weak-form mar&éiciency.

2.3.5 Calendar Effects

A large range of theories are suggesting that icedays, months or seasons of the year are

subject to above average stock market price changes

The Weekend effect, also known as the Monday efteajgests that stock prices tend to be
un-normally high on Fridays while they tend to fatl Mondays. What is puzzling about this
effect is that since Monday stock returns are basethree days, one would expect that the
higher risk involved with the longer period woulé lzompensated with higher returns
compared to the return of other days. A logicallexation may have its roots in behavioural
finance theory; investors are in general more p@san Fridays since the weekend is around
the corner than on Mondays while they have a whalking week in front of them, making
investors more likely to trade on Fridays. Thiseetfwas first documented by French in
1980 and has since been further examined by senem@dirchers. The large transaction costs
related with trading on this information makes a ékénd effect trading strategy

unprofitable in most cases.

Several seasonal effects have been documentedespetially the January effect has
received a lot of attention. Keim (1983) found evide that average abnormal returns are
higher in January than in other months of the yBanming the first week, and especially
during the first day, of trading in January thigeef is visible. He also finds that the relation
between size and abnormal returns is always negatimd that this relation is more
pronounced in January than in any other month. Asjte explanation for the January

effect is that investors sell past losers in Decamniiy order to realise capital losses that can



27

offset eventual capital gains, creating an abnorseding pressure in December, which is
relived in January when investors re-buy these losgrs, creating a January premium for
past loser stocks. Closely related to the Janu#fecteis the December effect; through

holding past winner stocks until January invest@ns postpone capital gain tax payments by
a year. This would result in a small selling presson past winner stocks in December,
which translates into rising prices of past winner®ecember; the December effect. Chen
and Singal (2003) present evidence of the existefidax-advantage-motivated behaviour
causing the December and January effect. They stless that the December effect is
persistent due to limited knowledge amongst inwsstaf its existence. In addition, the

January effect they find is mainly for small-capchts, and it is persistent due to the
difficulties exploiting profits, due to the largehsaction costs involved with trading small-

cap stocks.

Other examples of calendar effects are the Hallovegfect suggesting that the stock market
on average has stronger growth in the period frameshber to April resulting in a trading
strategy “Sell in May and go away”, and the Holidzffect suggesting that stocks perform
unusually well on days prior to public holidays.efé are several other calendar effects
which have been discovered and discussed amongsstors, some are documented and
some are not. However, many calendar effects hesappleared or even reversed since they

were discovered (behaviouralfinance.net, 2008).

2.3.6 The Size Effect

Banz (1981) examined the relationship between markeie and return of stocks listed at
the New York Stock Exchange (NYSE), and found #ragller firms in average had larger
risk adjusted returns than larger firms. This i®Wn as the size-effect; despite the higher
(beta-) risk involved with investing in smallerrfis versus larger firms, he found that the
increased risk itself was not enough for explainiimg differences in returns. Even though
Banz concluded that it was difficult to say “whathke size per se is responsible for the
effect or whether size is just a proxy for one arentrue unknown factors correlated with
size”, his study indicated that the CAPM is missfied.

2.3.7 The Value Effect

The price-earnings (P/E) ratio is calculated as riteeket value of a company’s stocks

compared to its earnings per share, and is usethalysts and investors in the belief that it
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may be an indicator of a stock’s future performar@asu (1977) examined the relationship
between investment performance of NYSE-listed faukd their P/E-ratios and found that
low P/E portfolios earned higher risk-adjusted mesuthan high P/E portfolios. His results
were inconsistent with the semi-strong form of #fiicient market hypothesis as P/E ratio
information proved to not be fully reflected in ko prices. However, Basu (1977)
concluded that transaction and search costs, asasetax effects, taken into account,
eliminated the possibilities for investors to eanormal returns greater than zero by
trading on the P/E-effect over the sample periabuB(1977) confirmed the existence of the
value-effect in his study from 1983, but concludeak the value-effect is not independent of
firm size; he found the P/E-effect and the size@ft effect on expected returns to be more
complicated than previously thought and stressed Hoth variables most likely were

“proxies for more fundamental determinants of exgzeoeturns for common stocks”.

Another value-effect is the Book-to-Market (B/M)tica a ratio comparing the accounting
value of a firm to its market value. A firm withB/M ratio greater than 1 is said to be
undervalued in the market while a firm with a B/Mtio lower than 1 is said to be
overvalued in the market. Stattman (1980) examithedB/M ratio and found that average
returns on US stocks were positively related tortBévi-ratios. In their study from 1992,
Fama and French confirmed that firms with high Bios in average had higher returns
than firms with low B/M ratios. Their results alsbowed that when adjusting beta, a firm’s
systematic risk, for size and the B/M ratio, théabean not fully explain average returns.
Fama and French (1992) conclude that their resmdts necessarily indicate market
imperfection, but that stock risks may be multidimsienal. They suggest that one dimension
of risk is proxied by size, while another dimensafrrisk is proxied by B/M. This was the

start of the Fama-French three-factor model thatriber explained in section 2.2.1.

2.4 Are These Anomalies Real?

The Efficient Market Hypothesis, which is explainéd section 2.1., assumes zero
transaction costs and zero information gatheringtscoThe already mentioned market
efficiency paradox states that investors would penticipate in the information gathering,

unless they would at least earn their researcls dxzsik.

In their article from 1993, Fama and French offevsdence that several of the patterns

previously found in stock price data are explaingth their three-factor model. Fama
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(1998) examines the reliability of individual stedi having found long-term return
anomalies. His findings suggest that long-term maanomalies tend to disappear when the
way they are measured changes. However, he camubexplanations for Jegadeesh and
Titman’s short term momentum-effect neither the t{@snings-announcement drift

mentioned in section 2.3.1.

Today, there are still opposing views regarding twee market anomalies do exist or not.
However, it is a common perception that no markeesperfectly efficient. Market events
such as the October 1987 stock market crash asasdhe 1999-2000 technology, media
and telecom bubble, provides evidence that stomeprcan defer tremendously from their
fundamental value (Ritter, 2003).

Possible explanations for stock price anomaliedatber discussed in section 3.3. Section
2.5 focuses on behavioural finance theory, which f&eld of finance that tries to explain

stock market anomalies by psychology based theories

2.5 Behavioural Finance

From micro economic theory it is known that pricee set on the basis of supply and
demand. Likewise, in the stock market, stock prigesny time are set by matching the
highest offered price (demand) with the lowest dedea price (supply). In an efficient
market with perfect investor rationality, thesecps will reflect the true value, the
fundamental value, of a stock. As described inige2.4, there have been several studies
that have documented long-term historical phenomendhe stock market implicating that
the efficient market hypothesis is not perfectlysadéded by models based on rational
investor behaviour. Behavioural finance is a fiefdinance that tries to explain these stock
market anomalies by psychology based theories.iM&gwell (2007) defines behavioural
finance as“the study of the influence of psychology on thehawsour of financial

practitioners and the subsequent effect in markptst).

2.5.1 From Expected Utility Theory to Prospect Theo ry

The expected utility hypothesis assumes that tiitiag of different outcomes are weighted
by their probabilities. An individual’'s expectedility is calculated by taking into account

the individual’s utility in each possible outconte their book from 1944, “Theory of Games
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and Economic Behaviour” Neumann and Morgensterngatdhat any "normal” preference
relation over a finite set of states can be writtsnan expected utilittt eonid Hurwicz,

1945). Neumann and Morgenstern had by this defraidnal economic behaviour of an
individual when the rationality of the individualections depends on the likely behaviour of

other individuals.

Until the 1970’s, the Neumann Morgenstein utilityodel was extensively applied as a
descriptive model of economic behaviour and fodigs of decision making under risk. In
1979 the two psychologists Tversky and Kahnemamessmted an alternative model for
choice under risk, the prospect theory. In theideipthey showed that when individuals are
faced with assigning probabilities to uncertain comes, they tend to use cognitive
heuristics, “rules of thumb-reasoning”. They showhdt individuals tend to overweight
outcomes that are considered certain compared tmmes that are just probable, a so-
called “certainty effect”. In other words, they s¥eal that an individual’s utility of outcomes
is not weighted only by the probability of the éifént outcomes. The certainty effect proved
to lead to risk aversion in choices involving certgains, and to risk seeking in choices
involving certain losses. Tversky and Kahneman dtsmd that choices represented in
different forms tend to lead to inconsistent prefees, a so-called “isolation effect”. This
tendency showed that individuals tend to discarchpmnents shared by all options of
choices, or prospects, under consideration. Tveasil/Kahneman therefore replaced some
the terms in the expected utility model; Insteadpasbabilities of outcomes, their model
contains decision weights and instead of the maadye of the outcome of the decision,
they refer to value in terms of gains and losséative to a certain reference point. For
example, the difference in value between a gaih06f and a gain of 200, is perceived to be
greater than the difference between a gain of Hr@1200. Likewise, the difference of a
loss of 100 and a loss of 200, is perceived toreatgr than the difference of a loss of 1100
and a loss of 1200. Thus, the value function igeneral concave for gains, implying risk
aversion, and convex for losses, implying risk sagkAlso, the value function tends to be
steeper for losses than for gains, implying lossrgien. Regarding the decision weights,
they were found to be lower than the correspondgirababilities, with exception of low-
probabilities outcomes that tended to be overwelgh®ersky and Kahneman had proved
that decision-making under uncertainty could nofllly explained by the expected utility
model due to its non-recognition of psychologicahgiples involved in decision making.

Tversky and Kahneman (1986) also suggest a “fraixtimepry. They argue that when the
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same problem is framed in different ways, an irdiral’'s perception of the problem and its
evaluation of probabilities and outcomes producedeeable shifts of preference.

Cognitive psychology refers to the mental procdgsecception, and is a field of psychology
that has been widely used for analysing investbetiaviour in the stock market after the
publications of Kahneman and Tversky’s first aggclin 1984, Robert Shiller proposed in a
model of stock prices that recognises the influarfgesychological principles. By studying

the history of the U.S. stock market in the post-weriod, he finds results indicating that
social movements and fashion are likely to haveomeifects on the aggregate demand for
stocks, and hence result in excessive stock markatility. In other words, his results are

indicating that the opinions of individual investanay reflect the opinion of a larger group,

resulting in stock price movements that have litaieonal explanation.

As mentioned in section 2.3.4, De Bondt and Th@leB5) propose evidence that investors
tend to systematically overreact to unexpecteddaathatic news events, resulting in weak-
form inefficiencies in the stock market. This i tarticle that is seen as forming the start of

what is today known as behavioural finance.

In his book “Market Volatility” from 1991, Shilleexamines different stock market data and
finds evidence of price volatility that is too largelative to economic fundamentals
(Sandmann, 1992). The unexplained stock price Nibfathat could indicate stock market

inefficiency, he claims, may in reality be due toiacomplete description of the market by
the efficient market theory. Further, he invesiganvestor behaviour during the 1987 stock
market crash. Through questionnaires answered bkeamngarticipants during the market

crash period, he finds results indicating that stoes were trading on the basis of price
changes, not on the basis of news and informathmutafundamentals (Russel, Philip and
Torbey, Violet, 2008). He therefore concludes s@tial psychology is an important factor

for understanding price changes in the stock market

Several cognitive biases, errors in investors’nimfation processing have been documented.
In the following section the most important onefl e presented.

2.5.2 Mental Accounting

Based on the value function of Tversky and Kahnésnarospect theory, Thaler (1985)
developed a new model of consumer behaviour cateshtal accounting”. He stresses that
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individuals tend to separate their assets intaebfiit asset groups, especially current assets
tend to be separated from future assets. Furtleecldims that individuals tend to allocate
different levels of utility to each asset groudeafing their consumption decisions and their
attitude towards risk. Thus, instead of rationa&ilgwing each dollar in their “capital-basket”
as equal, individuals may split their dollars irortions that they have different risk-
attitudes towards. Mental accounting may therefap explain why many investors divide
their capital into “risk capital” and “low-risk cépl”. While rational behaviour would be to
treat the whole “capital-basket” as unity, they dnadifferent risk attitudes to mentally

portioned parts of their capital.

2.5.3 Informational Cascades and Herd Behaviour

In 1992, Abhijit Banerjee published the paper “Anple Model of Herd Behaviour”. By
analysing a sequential decision model, he findsrtther than using their own information,
individuals rely on decisions made by previous siec makers, causing herd behaviour.
Each individual finds it rational to rely on theeprous decision-makers decision, rather than
using their own information, because previous decismakers may have had some
information being important for them too. On aniwdual basis, most individuals would
not necessarily make the same decision. Banerj@eeshthat herd behaviour may cause a
social disequilibrium. An example of herd-behaviaas exhibited in the end of the 1990’s
through the dotcom bubble, when large amounts afeyavere invested in internet-related
companies without properly established financiaibess models. The attention this kind of
companies got through the media and in the maikeikely to having provoked investor

herd behaviour.

Bikhchandani et al. (1998) stress that the inforomal cascades theory, or, herd behaviour,
may help explain market events such as stock markeshes. The logic behind this is as
follows: An informational cascade arises when imtlials instead of analysing available
options, rely on the decision action of others.yig on the decision action of others may
seem rational for an individual due to the time amuhey that would be spent if he was to
analyse the available options on an individual aBikhchandani et al. stresses that the
higher the investigation cost is for an individule less incentives he will have to collect
information himself, making him likely to rely “met on the previous decision maker. The
higher the investigation costs and the “more” wrang previous decision maker was, the

noisier the next decision maker’s decision is k&b be etc. Bikhchandani et al. also
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underlines the importance of “fashion leaders”. ghedend to imitate the actions of others
who seemto be better informed. Profiled investors’ dearsiomay therefore lead to

information cascades.

2.5.4 Representativeness

Kahneman and Tversky (1973) observed that intuigixedictions follow a representative
heuristic. The representativeness heuristic refergeople’s tendency to evaluate the
probability of an event with reference to how clgsi resembles a “comparable” event,
assuming that the probabilities are similar. Acaugdto Kahneman and Tversky, this
heuristic may cause that people think they seeemetin random sequences. People
predicting by representativeness do often not take account that a small sample of a
population is not as representative as a large lgarAp an example, the high stock returns
in the U.S and Western Europe between 1982-2008 tawsed many people to assume that
such high returns are normal (Ritter, 2003). Acouydto Bodie et al. (2005), the
representativeness heuristic may cause anomaliee as overreactions as well as
corrections. Bodie et al. (2005) mention a study Glyopra et al. (1992) that provide
evidence that prior winner stocks are subject W@nsals the days around quarterly earnings
announcements. This may be interpreted as a cametd too extreme initial investor-

beliefs.

2.5.5 The Conservatism Principle

Another cognitive bias that has been discoveredpbychologists is the conservatism
principle; people are slow to change their opinians tend to anchor on the way things
“always” have been. In 1997, Sudipta Basu findslence for the conservatism principle in
financial statements. Basu (p.33) characterise esgatism in accounting a%he more
timely recognition in earnings of bad news regagdimture cash flows than good news”.
Using firms’ stock returns to measure news, hedfieédirnings to be more sensitive to
negative unexpected returns than positive unexpeetiirns. Thus, he finds that earnings
reflect bad news more quickly than they reflect jo@ws. He also argues that positive
earnings changes tend to persist whereas negativmings changes tend to reverse. As a
concluding remark, he stresses that conservatisnniceeased over time, something he links
to auditors’ increased legal liability exposure othee same time period. According to Bodie

et al. (2005), investors being too slow in respogdo recent information may lead to under-
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reactions to events in the stock market; stockegriwill reflect new information only

gradually, which may again lead to momentum inlstoarket returns.

The conservatism bias and the representativenassabe contradicting in the sense that the
conservatism bias may lead to under-reactions whgelatter may lead to over-reactions

and corrections. However, Ritter (2003, p. 5) asgiirat if the pattern is long enough people
“will adjust to it and possibly overreact, underwigg the long-term averageAccording

to Bodie et al. (2005), combining these two biagadterns of short-to-middle-term

momentum followed by long-term reversals can baiokd.

2.5.6 The Disposition Effect

In their article from 1985, Shefrin and Statmandwted a “disposition effect”. The

disposition effect relates to that people dislikalising losses much more than they enjoy
making gains. On the basis of this, Shefrin andn&ia (1985) predicted a tendency for
investors being more willing to realising gainsdaeluctant to realising losses. Terrance
Odean (1999) provides evidence for the disposiifbect; he finds a tendency for investors
to sell stocks whose price is increasing while keggtocks whose price has fallen relative
to their purchase value. According to Odean (19883, tendency leads to profitable stocks
being disposed of too soon and losing stocks bleahd for too long. Thus, investors tend to
be more influenced by the past movements of stodkep than their likely future

movements.

2.5.7 Overconfidence

Overconfidence is a cognitive bias that consistshat people tends to overestimate their
abilities and the precision of their forecasts (Bodt al. 2005). Oskamp (1965) found

evidence of overconfidence in people’s behaviourcbyducting an experiment on judges.
His findings showed that the judges’ confidencevahan answering a question increased
steadily with the number of new information thatswgven. However, the accuracy of their
conclusions did not increase significantly with reasing information. He therefore

concluded that increased feelings of confidence rene necessarily related to increased

predictive accuracy.

Daniel et al. (1998) proposed a theory of secwriti@rket over- and under-reactions based

on investor overconfidence and biased self-attidout They define an overconfident
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investor as 6ne who overestimates the precision of his privatamation signal, but not of

information signals publicly received by 'al(p.1841). Daniel et al. argue that an
overconfident investor will underestimate his fasic errors. Biased self-attribution is
referred to as whenirfdividuals too strongly attribute events that donfthe validity of

their actions to high ability and events that disfton the action to external noise and
sabotagé (p. 1842). Based on this, Daniel et al. devedaipeory that implies that investors
overreact to private information signals while theyderreact to public information signals.
They also show that momentum returns may be resiilt®ntinuing overreactions in the
stock market, and that these are followed by lamg-corrections; short-term momentum

returns may therefore be consistent with long-tesuersals.

Odean (1998) provides another example of overcentd in the financial markets. He finds
that overconfident investors are expected to tradee than rational investors. Further, he
finds that an overconfident investor’'s increasedlitiyg activity lowers his expected utility.
He claims that a markets consisting of many ovdident traders tend to underreact to the
information of rational traders. Also, he arguesykets tend to overreact tedlient, but less
relevant, informatioh while underreacting to dbstract, statistical, and highly relevant
informatior? (p.1916). According to Barber and Odean (200%y,aghology literature reveals
that men are more overconfident than women in rdafeinated areas such as finance. By
testing this hypothesis through analysing the trgdactivities of people with discount
brokerage accounts, they document that men trade awbively than women. In accordance
with the findings of Odean (1998), the more fregueading-activity amongst men results in
male investors having a poorer predicted investnpErformance, compared to female

investors.

2.5.8 Forecasting errors

This cognitive bias refers to that people, when im@kforecasts, tend to give recent
experience compared to prior beliefs too much #ater(Bodie et al. 2005). This may cause
forecasts that are too extreme. By examining sgcanalysts’ earnings forecasts, De Bondt
and Thaler (1990) found that their earnings expiecta were too extreme and too positive
to be considered rational, causing patterns ofreaetions in the stock market. They claim
that excessive optimism (pessimism) may be relatdagh (low) market-to-book value ratio

firms and high (low) growth rate of earnings ovee tast years firms. However, they found

that neither of these variables could explain thdation in the forecast errors to a large
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extent. Given that their paper investigates theabiglur of security analysts which are seen
as ‘one possible source of rationality in financial rkets (p.56), De Bondt and Thaler
(1990) conclude that ageneralized overreaction can pervade even the pragéssional of
predictions$ (p. 57).

2.5.9 Limits to Arbitrage

According to Bodie et al. (2005), profiting from ébavioural mispricings” in the stock
market is difficult in practise. They list threectars that are limiting rational investors to
profit from the mistakes of “behavioural investgrshamely fundamental risk,

implementation costs and model risk.

As an example of fundamental risk, Bodie et al.0&0point out buying an underpriced
stock. The risk related to this is that the markaderpricing may get worse. If the investor
exploiting an arbitrage opportunity has a shorestment horizon, there is hence a chance
that the market value of the stock not yet has eoyed into its fundamental value when he
wishes to sell it. Thus, buying an underpriced lstcnot a risk-free profit opportunity.
According to Bodie et al. (2005), fundamental rrekated to exploiting obvious arbitrage
opportunities may therefore limitbdth the activity and the effectiveriess potential

“arbitrage traders.

When it comes to implementation cost related tdakprofit opportunities, it is according
to Bodie et al. (2005) related to transaction castert selling constraints and management
fees. As an example, they mention costs relatezhoot selling. An indirect cost related to
that is that an investor borrowing a stock to stselt it may have to return the borrowed

stock on short notice, making the short sale harinmacertain.

Model risk is related to the risk of finding arlaitye opportunities due to poor valuation
models. An investor using an unreliable valuatioodel may find, according to his model,
under- or overpriced stocks in the market, whileytin reality are correctly priced. Risk
related to trading on model-found arbitrage opputies may therefore, according to Bodie
et al., limit apparent arbitrage opportunities tngadactivity.
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2.5.10 Criticism Towards Behavioural Finance Theory and its
Future

In the Efficient Market Hypothesis it is assumedttinvestors behave rationally and that
they percept the same information in the same Wawever, it has come true in this section
that individuals have limited capabilities of presang information and that investors do not
always behave rationally. Behavioural finance tlgaoay help explain what is not captured
by models based on perfect investor rationalityvibaHirshleifer claimed in 2001 that
psychology-based asset-pricing theory, althouganirearly stage, had promise of capturing
the reality. Today, the main criticism towards bebaral finance is that many of the
theories do not give advice on how to exploit ingegrationality caused market anomalies
(Bodie et al., 2005). According to Ritter (2003)amy of the behavioural finance theories are
accused for only providing possible explanationsnafrket phenomenoex post Thus,
many of the theories are not seen as useful foingak antepredictions of how investor
irrationality may affect stock market prices. FigalBodie et al. (2005) points out that
behavioural finance is still in an early stage, #mat it “is probably still too early to pass
judgement on the behavioural approach, specifi¢allizich behaviour models will “stick”

and become part of the standard toolkit of finahai@alysts$ (p. 401).

2.5.11 So Are Stock Returns Predictable?

According to Cochrane (1999), the predominant veawongst financial economists was
until the mid 1980’s that returns are unpredictalblee view was that stock returns are close
to unpredictable and that they follow a random walso, it was believed that apparent
predictability was a statistical artifact caused by too short sample periods or too specifi
samples. According to Cochrane, short horizon st@tirns, such as daily, weekly and
monthly, are still seen as nearly unpredictabldibgncial economists. However, Cochrane
argues, a large amount of stock return variatioar dwsiness cycle horizons, and longer
horizons, appears to be predictable by variableb ag the dividend/price ratio. Further he
suggests that strategiesuth as value and growth, market-timing possibgitgenerated by
return predictability, dynamic bond and foreignagegies, and even a bit of momentugp?
56) may provide investors with substantial premiums fbolding dimensions of risk
unrelated to market movemenHowever, he stresses tH#he exact size of the premiums

and the economic nature of the underlying risksti# a bit open to question{p. 56).
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Stamland (2007) claims that the view of Cochrarg®9)} is consistent with the current view

of many financial economists.
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3. Literature Review and Relevant Facts

Section 3 presents and reviews literature thateievant for understanding the earnings
announcement premium documented by Lamont and iRig2007). Further, this section
builds a basis for analysing whether or not therar earnings announcement premium at
the Oslo Stock Exchange. The main focus of seciois naturally given to the paper of
Lamont and Frazzini from 2007, “The Earnings Anntement Premium and Trading
Volume”. Moreover, this section presents relevamfioimation about the Oslo Stock
Exchange as well as studies of stock prices aDgle Stock Exchange. This is relevant for
the discussion in Section 6. Finally, possible arptions for stock price anomalies are
presented and discussed.

3.1 The Earnings Announcement Premium and Trading
Volume

3.1.1 The Earnings Announcement Premium

As already mentioned in section 2.3.1, Ball andwBrq1968) were amongst the first to

provide evidence that there is a drift in stockines after earnings announcements.

Beaver (1968) examined whether investors do rea&atrnings announcements and how,
and observed both a price and a volume reactios.réfults indicated arabove normal
price activity when earnings reports are reledsgua 82). Also, he observed above normal
trading activity for about two weeks after an eagsi announcement, hence a substantial
increase in volume. Beaver concluded that the abmrenal trading activity in the two
weeks following an earnings announcement was cemsisvith investors evaluating the

content of the released reports.

Chari et al. (1998) documented a seasonal pattestock returns around quarterly earnings
announcement dates. They find that small compaimegaverage have large positive
abnormal returns around quarterly earnings annonene dates. Also, they find that the
variability of returns increases around quartergrnengs announcements for smaller
companies. However, Chari et al. (1998) find thagé firms do not seem to generate

abnormal returns around quarterly earnings annanents. In addition, they claim that the
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increase in the variability of returns around geryt earnings announcements is much

smaller for larger companies that for smaller congs

Ball and Kothari (1991) documented generally pwsitabnormal risk adjusted returns
around earnings announcement dates that were deayea firm size. They suggest that an
explanation for the abnormal returns may be thay thre a compensation for “disclosure
risk”. In other words, a compensation for the rigkholding a stock in a period when

information that is relevant to the stock’s valsexpected to be released.

Cohen et al. (2007) re-examined the earnings aroewoent premium that was documented
by Ball and Kothari (1991). Cohen et al. (2007gs$rthat thedisclosure environmehhas
become richer after the time period studied by Batl Kothari (1991). Thus, the motivation
behind the re-examination was that the richer dsale environment should according to
Cohen et al. cause a decreased earnings annourticeraenium. On the other hand, they
underline that there has been an increased earamgsuncement period variance after the
period studied by Ball and Kothari (1991); which timt case, they claim, should have
increased the earnings announcement premium. VBaileand Kothari (1991) used actual
announcement dates in order to measure the earamgsincement premium, Cohen et al.
(2007) use predicted earnings announcement daktes piiedicted earnings announcement
dates are estimated by usintpe median announcement date for each firm quasethe
proxy for the expected announcement dgie 157). In addition, expected earnings
announcement dates are collected from the “Earr@aysndar” published in the Wall Street
Journal. Based on their predicted earnings annoo@cts method, Cohen et al. (2007)
documents a statistically significant earnings ameement premium beyond the period
studied by Ball and Kothari (1991). However, thadfthat the magnitudé of the earnings
announcement premium is smaller than the premiuocumented in the period studied by
Ball and Kothari (1991). Cohen et al.’s evidencéesce consistent with the claim that the
earnings announcement premium has decreased vdtlntineased disclosure activity of
companies over the later years. They also claimatatrage has not completely eliminated
the earnings announcement premium over the stymbedd. Especially, they claim, stocks
with “greater limits to arbitragétend to have a higher earnings announcement prami

indicating that the premium is likely to continudsing.
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3.1.2 The Volume Hypothesis

According to the volume-hypothesis, stocks with ldgest predicted volume increases in
earnings announcement months tend to have a hsglhsequent premium.

Odean (1999) documented that the overall tradinigime in the U.S. stock market is
excessive amongst investors with brokerage accoBgt$rading excessively is meant that
the investors reduce their average returns thrareghing additionally. He offers a possible
explanation for the excess trading, namely investa@rconfidence. Odean(1999) suggests
that attention awoken by news-sources such asrtaedial media, the disposition effect and
investors’ unwillingness to sell short may expldhe return patterns before and after

purchases and sales are made by overconfidentanses

Lee and Swaminathan (2000) provided evidence tlagt frading volume provides an
important link between momentum and value strategidey find that trading volume is
unlikely to be an approximation for a stock’s lidily. Contrarily, their results provide
evidence thatthe information content of trading volume is rethte market misperceptions
of firms’ future earnings prospect§p. 2065). This is backed up by their findingsittthow
volume stocks tend to be under-valued in the maskbile high volume stocks tend to be
overvalued by the market. Further, Lee and Swarara{2000) provide evidence that past
trading volume may help predict the timing of tlh@d-term momentum effect reversal. In
other words, they find that past trading volume nieglp predict the magnitude and
persistence of future price momenturfg. 2065). The ability of past trading volume to
predict future returns is inconsistent weak formrket efficiency. However, Lee and

Swaminathan (2000) conclude that:

“The market is better characterised as being in astant state of convergence toward
intrinsic value. Viewed in this light, intermedigterizon“underraction” and long-horizon
“overreaction” are simply two elements of the sapmntinuous process by which prices

impound new informatidnp. 2066).

Barber and Odean (2008) claim that when an indalichas many different alternatives,
“options that attract attention are more likely te bonsidered, hence more likely to be
chosefi (p. 1). This, they argue, is especially true ifovestors; when buying a stock, there
are ‘thousands of common stocks from which to cHo@gsel). Contrarily, when selling a

stock, investors mainly consider stocks they alydatbw. This is particularly expressed for
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individual investors, who, according to Barber &dean (2008), rarely sell short, and thus
mostly sell stocks they already own. Due to the faat humans can process only a certain
amount of information, humans hat@unded rationality (p. 1). Barber and Odean (2008)
test the hypothesis that that attention is a keyofadetermining which stocks individual
investors buy, not the stocks individual investsedl. Also, they test the hypothesis that
individual investor buying behaviour is more hegpwifluenced by attention that the buying
behaviour of sophisticated investors. Predictingt timdividual investors’ buying activity
will increase on high attention days, they exanarstock’s abnormal daily trading volume,
the stock’s return on the previous day as well asther or not the company were in the
news the day the abnormal trading volume is obserBarber and Odean (2008) find that
individual investor buying behaviour clearly is \drn by attention. Also, they find that
attention-driven individual investor buying is slarifor large capitalisation stocks and small
stocks. However, they conclude that the documetaéténtion-driven buying patterns...do
not generate superior returhfp. 25).

3.1.3 The Earnings Announcement Premium and Trading Volume

Lamont and Frazzini (2007) examined U.S. stockrnstun the period between 1972 and
2004. They examined the monthly returns of the evakeighted portfolio of companies
expected to announce as well as the monthly retfwnscompanies not expected to
announce. In other words, they test if companigseeted to announce tend to have higher
returns than companies not expected to announce given calendar month. Based on
predicted earnings announcement dates, they teatlimg strategy consisting of holding a
zero-cost portfolio of expected announcers whiléngeshort a portfolio of expected non-
announcers. Lamont and Frazzini (2007) documerttttha trading strategy earns excess
returns of between 7 and 18 percent per year. Doardented excess returns, they claim,
can not be explained by the factors included in@aehart (1997) four-factor model. The
earnings announcement premium they document ig langl statistically significant. They
also find that the trading strategy gives highearph-ratios thandther popular anomaliés
such as the one-year momentum strategy documegtdddadeesh and Titman (1993). In
other words, their trading-strategy generates higlsk-adjusted returns over the sample

period than for example the momentum-strategy.

In addition, Lamont and Frazzini (2007) find thhe tearnings announcement premium is

strong in large capitalisation stocks. This is cadicting the findings of Chari et al. (1988)
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and Ball and Kothari (1991), who documented a lagggnings announcement premium for
smaller companiés According to Lamont and Frazzini (2007), thissisprising due to the
fact that there is higher transaction costs invblwéth trading smaller companies’ stocks.
The earnings announcement premium should theréferkigher for smaller companies in
order to cover these transaction costs. Also, #imss, there is in general less information
available in the markets about smaller companiems€quently, one would think that
earnings announcements should generate largerilipl&r smaller companies than for

larger companies.

Besides, Lamont and Frazzini (2007) document thatks with high past earnings
announcement premiums tend to have a high subsegaenngs announcement premiums.
They also claim that the stock-specific seasonf@cefdocumented by Heston and Sadka

(2005) is not driving their results.
The Volume Hypothesis

Moreover, Lamont and Frazzini (2007) tests whetherpredictable increase in stock prices
around earnings announcements is driven by thdqgbaéde rise in volume around earnings
announcements. Their results are indicating thatdlrnings announcement premium is
“strongly related to the concentration of past tragli activity around earnings
announcement dategp. 1). They find that stocks with predictablyghi announcement
volume have an earnings announcement premium opdréent per month. Contrastingly,
stocks without predictably high announcement voluraee, they claim,d& small earnings
announcement premium that is insignificantly défeérfrom zerd (p. 21). Consequently,
they construct a long/short portfolio that genesate/early earnings announcement premium

of 18 percent.
Possible Explanations for the Earnings Announcemerfremium

Further, Lamont and Frazzini (2007) test whethernot the earnings announcement
premium is a compensation for idiosyncratic riskated to the long/short trading strategy.
They find that idiosyncratic risk is substantidtiigher in announcement months. Also, they

document that compared to stocks with low volumeceatration, stocks with high volume

2 However, it should be emphasised that both Charl.e{1998) and Ball and Kothari (1991) used aceminings
announcement dates, not predicted, and daily retaot monthly.
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concentration have higher idiosyncratic volatilibicreases in announcement months. This
proves that higher premium stocks have higher earnings-relad@osyncratic risk (p. 21).
However, they claim that not all of the return eatiy high volume stocks can be explained
by excess idiosyncratic risk. As an example, theywsthat stocks with high volume earn
average excess returns of 1.9 percent in expecateouacement months, and 0.4 percent in
other months. For comparison, volatility is 14.5qgae@at on expected announcement months
and 12.6 percent in other months. Lamont and FnaZ2i007) therefore propose that a
possible explanation for earnings announcementogerieturns is that theyréflect
fundamental/permanent innovations in price. 22) while they suggest that non-
announcement period returngeflect sentiment/noise/temporary innovation incpd (p.
22). Further, they compare their findings to thenfework of Campbell and Shiller (1988)
and Campbell and Vuolteenaho (2004), and suggasetrnings announcement returns may
“reflect cash flow newgp. 22) while non-announcement returns masgfléect future return
news (p.22). On the other hand, Lamont and Frazzim0@ stress, if fundamental
idiosyncratic risk earns a higher premium, whilen+iondamental idiosyncratic risk does
not, this would be an explanation for high averagteirns around earnings announcement
dates. Lamont and Frazzini (2007) underlines thatenthe latter explanation may contain
some truth, it fails to generate predictions about voluhip. 22) which they have shown is
a “key element of the stdry(p. 22). Moreover, idiosyncratic risk can be sees a limit to
arbitrage in the way that it prevents rational @#gers from eliminating the earnings
announcement premium. A high idiosyncratic riskugueh earnings announcements would
“deter attempts to eliminate the anomialy. 22) for investors thatfér some reason are
unable to sufficiently diversify(p. 22). However, Lamont and Frazzini (2007) arghat
limits to arbitrage do not provide an explanation thesign of the earnings announcement

premium.

Besides the volume hypothesis, Lamont and Fraz2007) consider other explanations for

the earnings announcement premium:

One possible explanation, they argue, is that #miegs announcement premium is a
liquidity risk premium: If there are high levels afymmetric information or low liquidity

around earnings announcement dates, investors refluire a reward, the earnings
announcement premium, for holding stocks durings¢hperiods. However, Lamont and
Frazzini (2007) stress, this could only be a pdesgxplanation for the few days before an

earnings announcement, not for a the premium getelay in average buying stocks two
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weeks before its expected announcement and sdlimgp weeks after. They refer to Lee,
Mucklow and Ready (1993) who show that bid/ask agseare Widening in the hours

surrounding the announcement but quickly revertongormal within a day or two(p. 24).

One explanation, Lamont and Frazzini (2007) clamay be downward analyst forecast
biases that rfaive’ investors fail to realise. Naive investors willortisequently be

systematically positively surprised by actual eagsi announcements. If these naive
investors affect market prices they will hence dstestly push up stock prices on their

earnings announcements.

Another similar explanation, they argue, is relat@the conservatism principle explained in
section 2.5.5. If investors use historical earniagsheir benchmark, they will in average end
up being consistently surprised due to growing mamnprofits caused by either inflation or

real growth.

However, Lamont and Frazzini (2007) state thatdhte® closely related latter explanations
“fail to predict the cross-sectional relation betweeolume and the premidn{p. 23).
Further, these explanations are contradicted tao “other pieces of evideric€p. 23).
Firstly, they argue, Barber and Odean (2004) andhtgifer et al. (2004) showed that
“individual investors are net buyers in responseetther positive surprises (such as
extremely high earnings growth) or negative sumgsigsuch as extremely low earnings
growth)” (p. 23) Individual investor buying in response to negagueprises is inconsistent
with the conservatism principle. Secondly, Lamamd &razzini (2007) find that the earnings
announcement premium appears in different sub-geridhe premium appears in periods
before analyst forecasts were common (prior to1®e0’s), in periods with low inflation
(1927-1949) and in periods with high inflation (B9¥983). Thus, Lamont and Frazzini
(2007) argue that the earnings announcement prernsigtable enough over the sub-periods

to suggest arhiore general explanatidrip. 24).

Further, Lamont and Frazzini (2007) test whethdnidual investor buying is triggered by
earnings announcements by calculating imputed dtder from small and large investors.
They find that large investors tend to buy stockshie days and the weeks before earnings
announcements. Further, they find that small irarelstiying tend to soar on announcement
days, while large investor buying tend to drop anancement dates and on the two days
subsequent to the earnings announcement. Alsofih@ythat large imputed buy orders to
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peak the day before small imputed buy orders. Thkes the “fashion leaders” described in
section 2.5.3, large investors seem to B@nt-running” small investors by ihitiating
purchases of announcement stocks in the weeks tpramm earnings announcemexp. 26-
27). An explanation for this may be that large infed investors expect small investor
buying, and hence arearbitraging away the earnings announcement anomaly. This is
consistent with efficient market theory: Sophisigch investors are trading to eliminate
predictable returns, and hence smoothing stoclkegrithat are driven by the predictable
demand-shock caused by small investors around regmrannouncement dates. However,
Lamont and Frazzini (2007) claim, since small, fmimed investors are still affecting
prices with their increased buying around annourecgrdates, large informed investors are
not “arbitraging enough”. A possible explanatiorr fihis is according to Lamont and
Frazzini (2007) idiosyncratic risk or holding cast sophisticated traders are unable to
fully diversify or face a high daily cost of holdishares, then they will not trade off price
appreciation against length of holding peridqg. 27).

Finally, they show that companies with high pasiding volume around earnings
announcements have high small investor buying atoeernings announcements, while
firms with low past announcement volume hawe ‘tiscernable announcement effet.
27). According to Lamont and Frazzini (2007), indual investors are more likely to buy
stocks that grab their attention via earnings anonement than large, sophisticated
investors. In addition, they claim that individualestors rarely sell short. Lamont and
Frazzini (2007) therefore suggest that feorhe stocksbuying pressure from individuals is
causing the price increase around earnings annments. By Some stocKsthey refer to
stocks that get more media coverage related to dagnings, companies that have more
variable earnings or companies that appeal diftgréo “inattentivé investors. Lamont
and Frazzini (2007) hence conclude that compahggsatre getting more attention in general
earn higher predictable returns around earningswarmgements due to small investor buying.
Yet, they emphasise that their found relation betwuying pressure from individuals and
price increases around earnings announcementsimarily suggestive since it relies on a

number of assumptioh§p. 24).

Conclusively, Lamont and Frazzini (2007) documertted predictable increases in volume
lead to predictable increases in stock prices atayrarterly earnings announcement dates
and that toncepts such as liquidity, information flow, heggneous beliefs, and short sale

constraints are potentially important in understarglthis connectioh(p. 29). Uninformed
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investor trading activity combined with imperfectrb#rage trading by informed
sophisticated investors is suggested as the malamation for the earnings announcement
premium. However, Lamont and Frazzini (2007) catl further future theories connecting

volume and stock prices.

3.2 Relevant Information and Studies of Stock Prices at
the Oslo Stock Exchange

3.2.1 About Oslo Stock Exchange

The Oslo Stock Exchange was opened for stock tgadin981. In December 2000, the Oslo
Stock Exchange signed a co-operation agreementhigeavith the Stockholm Stock
Exchange, the Copenhagen Stock Exchange and thendcé&tock Exchange, creating
NOREX, a joint Nordic marketplace for trading in securitie@slo Bars, 2008). The four
stock exchanges are using the same surveillantensythe same regulatory framework and
the same trading system. The intentions behindwieie to make Nordic securities more
accessible to international markets, make the nhaldee more cost-effective through
economies of scale and serving the needs for siiyplnd quality to its investors, issuers
and members. Oslo Bgrs claims that the surveillagseem used by NOREX isfie of the
most effective surveillance systems in the WoNEDREX’ goal for the future ist6 be one
of the world’s most efficient securities markefBhe companies listed on the Oslo Stock

Exchange were required to report their earningstgudg from 2000 (Dyvik, 2008).

The strongest sectors at the Oslo Stock Excharegectated to Norway’s natural resources
are energy, shipping and fishery. As a result, matgrnational oil- and shipping-industry
related companies are listed on the Oslo Stock &xgh. The daily turnover at the Oslo
Stock Exchange has quadrupled over the later yaaran example, the daily turnover went
from around 1.3 billion NOK in 1998 to around 14libn NOK in 2007 (Oslo Stock
Exchange, 2008). International investors’ ownership the Oslo Stock Exchange is
increasing and currently around one third (Sgnger2007). The Norwegian government’s
ownership is also around a third, but its ownersisipdecreasing (Sgnnervig, 2007).
Sgnnervik (2007) points out that the Norwegian goreent is a typical buy-and-hold
investor and that it is international investorsttsi@and for around two thirds of the trading
activity at the Oslo Stock Exchange.
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The volatility of Norwegian stock prices is seerr@satively high compared to other markets
(Eilifsen et al., 1999). Eilifsen et al. (1999)iafathat the standard deviation on annual stock
returns of 24 percent in Norway in the period betwé&983 t01994. As a comparison, the
standard deviation of annual stock returns forsdwme period was 12 percent in the US and
13 percent in the UK. They claim that the volatdock prices in Norway may have
economic and market-structure related explanati@me of those reasons is related to the
Norwegian economy which is characterized as smadl apen. The market prices of
Norway'’s natural resources, such as oil and gasheance sensitive to world market prices.
They also claim that the commodity price risk stwity is increased by the Norwegian
industry structure, ¢haracterized by processing intermediate produetther than final
goods (p.4). However, they claim that the commoditycprrisk sensitivity is what makes
Norwegian securities attractive investments foernational investors. Another point worth
mentioning is that the Norwegian stock market srall one compared to many other stock
markets in the world, such as the US and the UKoAIt is a less mature one seen with the
eyes of the world. This, according to Eilifsen ktrasults in both market structure-related

noise and information-related noise, as well asgked price adjustment to value chanpes
(p.4).

OSEAX Performance March 2001- December 2007 (Yahoo Finance, 2008)
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Figure 1: OSEAX Index Performance March 2001 - December 2007

Figure 1 shows the price development of the OslockStExchange All Share Index
(OSEAX) from March 2001 to December 2007. The OSE&Xsists of all stocks listed at

the Oslo Stock Exchange. The index is adjusteddieidends, corporate actions and the
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current outstanding numbers of shares on a dasisbdahe OSEAX index was introduced
on 2nd of February 2001 and Yahoo Finance hasadai#able starting from 7th of February
2001. Figure 1 shows that there has been consigeuglvards trend starting from March
2003.

3.2.2 The Value Relevance of Financial Reporting on  the Oslo
Stock Exchange Over the Period 1964-2003

Gjerde et al. (2005) examined the value relevaaoceisefulness, of financial reporting for
investors trading on the Oslo Stock Exchange inpir@od between 1964 and 2003. Their
findings indicate that the value relevance haseased significantly over the sample period.
This is according to Gjerde et al. (2005) consisteith the general view thatNorwegian
accounting regulators and standard setters havenlsercessful in achieving more relevant
financial statements over tithever the examined period, Norway has accordin@Gjerde

et al. (2005) moved from atdx-based creditor-oriented accounting legislatiolo a
“market-based investor-oriented accounting legiskiti Gjerde et al. (2005) points out that
Norwegian accounting rules have been based oneamings-oriented conceptual
framework meaning that the rules have been on revenues@gmehses. For comparison,
International Accounting Standards Board (IASB) @hne Financial Accounting Standards
Board (FASB) have based their accounting principlesa balance-orientedconceptual

framework meaning that the rules have been on assetsahbilities.

It is important to emphasise that Norwegian comgatisted at the Oslo Stock Exchange
have since 2006/2007 been required to report dzitings under the International Financial
Reporting Standards (IFRS) adopted by the IASB.-Nonwegian companies listed at the
Oslo Stock Exchange, but also listed at other seoahanges with other financial reporting
standards have been given the option to reportrdicgpto their “home”-standards under the
convergence period to IFRS. To my knowledge, rerdiire has empirically studied the
usefulness of accounting information on investoaging at the Oslo Stock Exchange after
the introduction of the IFRS. It is therefore imfaort to point out that even though IFRS is
not based on an earnings-oriented conceptual framigwt is likely that investors’

usefulness of financial reporting at the Oslo StBgkhange have continued increasing with
the introduction of the IFRS in 2006/2007. The IASBitention is to adopt standards that
make sure financial reporting meets the informationeeds of all stakeholders in a
company. Investors being the group of stakeholdatis the greatest informational needs,
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the requirements of financial reporting are ofterd meet their needs. Also, the IFRS, and
modified forms of the IFRS, are used as finanaggorting standards by stock exchanges
located over the whole world, such as in the Eusopgnion and European Economic Area
membership-countries, Hong Kong, Singapore andalnthternational investors can in
general therefore more easily compare and underskenfinancial statements of companies
listed on stock exchanges with IFRS requirementaers the previously mentioned
increasing ownership of international investorghat Oslo Stock Exchange, the introduction
of the IFRS requirements at the Oslo Stock Exchaisgenlikely to have decreased

investors’ usefulness of financial reporting.

3.2.3 Stock Price Volatility at the Oslo Stock Exch  ange

According to Eilifsen et al. (1999), there is arcremsed flow of information in the
Norwegian stock market before earnings announcenfaties. As a consequence, investors
are revising their earnings expectations consetjuaiiten an earnings announcement date
is approaching. Eilifsen et al. (1999) examinedlsteeturns of companies listed at the Oslo
Stock Exchange in the period 1990-1995 and foumdignificant reduction in stock price
volatility in the post-announcement period relatieethe pre-announcement periogh.1).

By decomposing the found return volatility intogercomponents, namelyhe volatility of
the underlying business“the volatility caused by the speed at which infdroma is
incorporated into stock pricésand thirdly, ‘the volatility caused by noise in the price
process, they find a significant decline in the latter roponent after earnings
announcements for the largest companies in theipka Consequently, they claim to have
found support for the hypothesis stating that amniegs announcement reduces
informational asymmetry amongst investors, whichimgeduces noise. Further, they find
that earnings announcements per se don’t have féast en the first volatility-component.
Regarding the second volatility component, they fooefficients generally higher than
unity’, suggesting that there is a general overreadtionew information in the Norwegian
stock market. Eilifsen et al. (1999) suggest tliig tmay provide an explanation for the
higher observed stock return volatility at the OSlmck Exchange, compared with other
markets such as the UK or the US. Nonetheless, fthdythat earnings announcements per

se do not affect the speed of which prices arestidgito newly released information.
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3.2.4 Calendar Effects at the Oslo Stock Exchange

According to Holm (2007), Ingrid Johansen founcher sivilskonomutredning from 1995
significant positive returns on Fridays and sigrafit negative returns on Mondays,
providing evidence for a week-end effect at theoG8tock Exchange in the period from
1984 to 1995, (Holm, 2007).

In his master-thesis from 2007, Holm examined th8EBX (Oslo Stock Exchange
Benchmark Index), the OSEAX (Oslo Stock Exchangk Skare Index) and the OSESX
(Oslo Stock Exchange Small Cap Index) at Oslo Stexshange, between 1996 and 2005,
and claims to have found significant positive returon Fridays and before Holidays.
However, when testing for the existence of week-dfgcts on individual stocks, Holm
(2007) finds that the Friday-effect is non-existémt most of the stocks. Further, Holm
(2007) finds that the Friday-effect has diminisla¢dhe OSEBX and enlarged at the OSESX
over the last half of the examined period compaeethe first half of the examined period.
His results are indicating that the Friday-effecsironger for small capitalisation companies.
Although he doesn’t find significantly positive uens at the OSEBX on Fridays between
2000 and 2005, he finds that there are in averagigehreturns on Fridays compared to
average treading day returns over this period. H¢2007) concludes that since the
diminished Friday-effect at the OSEBX over the lasif of his sample period it may
indicate that the Oslo Stock Exchange has beconte afficient over the sample period.

Asland (2006) examined in his sivilgkonomutrednangample of 50 stocks in the period
between 1999 and 2004. He did not find evidencthefexistence of a December effect in

the Norwegian stock market.

3.2.5 Momentum at the Oslo Stock Exchange

Kloster-Jensen (2006) analysed a dataset consistin@ stocks listed on the Oslo Stock
Exchange between 1996 and 2005 in his master thésisinds that a momentum strategy
combining long positions in winner portfolios witbhort positions in loser portfolios

generates excess returns. However, he finds thesethexcess returns are mainly
compensation for systematic risk related to tradinga momentum strategy, rather than a
momentum premium. Kloster-Jensen (2006) also ummésrithat transaction costs related to

implementing the momentum strategy would elimiraatg eventual excess returns.
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Also Myklebust (2007) tested whether the momentdi@ce exists in the Norwegian stock
market or not in his master thesis. Analysing askt consisting of stock listed at the Oslo
Stock Exchange between 1984 and 2006, he findsfisem positive returns for the
momentum-strategies he is testing, but not forsab-periods. He claims that the obtained
positive returns are not explained by beta, butedirks that other variables explaining risk
have not been considered. However, like Klostesder(2006), Myklebust (2007) has not
taken into account transaction costs related tdirtgaon the momentum strategies. In
addition, he underlines that it may be difficultttade on the momentum-strategy in reality.
As an example, it may be difficult in reality tokeashort positions in small and relatively
illiquid stocks at the Oslo Stock Exchange.

3.2.6 Overreaction at the Oslo Stock Exchange

In his sivilskonomutredning from 2006, Mamelundtsethe Oslo Stock Exchange for weak-
form market efficiency in the period between 198@ 2005. Mamelund (2006) claims to
find a tendency for past winner-stocks consistirigth@t prices in average continue to
increase the following day after a price increassatpr than 5 percent, indicating that the
market is reacting slowly to new information havingused the original greater than 5
percent decrease. For past loser stocks, he clanfind that days with price decreases
greater than 5 percent in average tend to be fellowith a price-increase the following day.
His results indicate that there is an overreactmmpast loser stocks at the Oslo Stock

Exchange. Mamelunds findings are hence inconsistghtweak-form market efficiency.

3.2.7 The Speed of which Information is Incorporate  d in Stock
Prices after the Release of Yearly Earnings Announc  ements

In their Sivilgkonomutredning from 2000, Akre ande<Rlal tested how quickly and
efficiently new information was incorporated in citoprices at the Oslo Stock Exchange
after companies had released their yearly resultse time period between 1993 and 1997.
They find a tendency for the market to overreacsorprisingly good earnings results. The
overreaction, they claim, is being followed by areotion. However, Akre and Rgsdal

(2000) concludes that the Oslo Stock Exchange oabenregarded as inefficient.
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3.3 Possible Explanations for Stock Price Anomalies

According to Stamland (2007), patterns that at fy@ze look like market anomalies may
have other explanations. Firstly, the “abnormatures may in reality be compensation for
increased risk related to trading on the above imeed effects. An example of this is the
so-called peso-effect: If the market expects ametleat may happen and which may affect
the firm, and hence its stock price, in the futwith a very small probability, “abnormal”
returns may in reality therefore be compensatidated to the risk for holding the stock.
Also, several empirical models are assuming cohgtarameters, and does hence not allow
for time-varying systematic risk. This may alsodmeexplanation for “abnormal” returns that

in reality are compensation for higher risk tham thodel-measured risk

Secondly, it is important to remember the limitatbitrage mentioned in section 2.5.9, such
as large transaction costs involved with the trgditnategies utilised for taking advantage of
these effects. Further, investors may have taxninges behind their trading decisions;
something that should be taken into consideratiothé various models utilised for testing

for market anomalies.

Data-mining and data-snooping may also cause pattérat are not real to appear in a
dataset. Often, researchers independently testustrading strategies in the same dataset,
causing data-mining problems: When several testsraxde in one dataset, it is quite likely
that some of these tests will give significant fssuMost often, only the studies giving
significant results are published. The statistipaver of a result, its p-value, tells us how
likely it is that we're wrongly rejecting the zehypothesis being tested. However, it is
important to take into consideration the p-valukstber tests run in the same dataset. With
N tests run in one dataset, the true p-value otdkeis equal to 1- (1-p)"N. When N grows
big enough, the p-value of the test goes towards I other words, the more tests that are
run in one dataset, the more likely it becomes #hghificant results are noise. While
published studies often only take into consideratiteir own p-value, not the p-values of
unpublished studies of strategies tested in theesdatasets without significant results, it is a
large possibility that the published results arenfb due to randomness; noise. Data-
snooping on the other hand, is when a zero-hypthegormed knowing the dataset. If a
researcher has looked at the dataset aimed fangdstfore forming his zero-hypothesis, it
is likely that his data-knowledge will affect himhen forming the zero-hypothesis, which

again makes it more likely for him to get signifitaiesults.
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Like explained in section 2.5, behavioural finattoeory may help predict irrational investor
behaviour creating arbitrage opportunities. In teahse, and as shown by Lamont and
Frazzini (2007) behavioural finance theory may ajsovide explanations for market

anomalies.
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4. Presentation of Sources of Data and
Methodology

This section presents the data utilised as inptlieérempirical analysis as well as the utilised
methodology for testing the zero hypothesis. Dudifi@rences in Norwegian stock market
data compared to U.S. stock market data, this shesit additional L/S portfolio trading
strategies to those tested by Lamont and Fraz2B07). This is mostly related to the fact
that the large majority of the companies listedifoa Oslo Stock Exchange have their fiscal
year end in December. The chosen methodology cepxXrom some additional tests which
are properly described further down in this sectiotherwise similar to the methodology
applied by Lamont and Frazzini (2007).

4.1 Sources of Data

Government bonds issued by stable governmentsoaneatly seen as a good approximation
for the risk free rate. According to Harris (200Me three month US Treasury Bill is
commonly used by portfolio managers as an appraxamdor the risk-free rate. Having a
sample including only Norwegian stocks, | have ¢f@me chosen to use the three months
Norwegian Treasury Bill as an approximation for thek free rate. The three months
Norwegian Treasury Bill for the period between A11@99 to 31.12.2007 is provided from

Reuters.

The monthly and daily stock prices, trading volurskares issued, book-values and fiscal
year for the period from 01.01.1999 to 31.12.20@7pmovided from Bgrsprosjektet at NHH.
The stock prices are generic and adjusted for dndd and splits. Bgrsprosjektet claims to
have adjusted the stock prices according to formptasented in an articlevritten by the
NHH professor Thore Johnsen in 1983. Splits andldivds do not change the real value for
an investor. Thus, the adjustment for splits amildnds is done in order to express current

and past returns are on a comparable basis.

% The original title of the article is "Aksjekurseg regnskapsdata ved kapitalutvidelser”.
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Quarterly earnings announcement dates between d8@2007 have partly been collected
from the Daily Bulletin, called NewsWeb, of the @$tock Exchange and partly provided

from Bloomberg.

All the data sources | have downloaded data frontaso full historical records. A stock is
only eliminated from my sample the year it getslisied from the Oslo Stock Exchange.
Survivorship bias will therefore not affect the gdenselection.

4.2 Methodology

Barsprosjektet at NHH is in position a dataset aimmtg all announcements made at the
Oslo Stock Exchange from 1981. However, sortinghiegs announcement dates out from
all announcements ever made at the Oslo Stock Bgeh#or the whole period would be
time-consuming. In addition, companies listed at@slo Stock Exchange were not required
to report their earnings quarterly until in 2000 y{ik, 2008). Whether a company
announced its earnings on a quarterly basis obefaire 2000 was hence a decision to make
for the company itself. The coverage of companim@soancing their earnings quarterly is
therefore likely to be relatively poor before 20@0so, companies choosing to announce
their earnings quarterly before they were legallguired to may have other company-
characteristics than companies that didn’t. Testorgan earnings announcement premium
on companies choosing to announce quarterly befaye were required to could therefore
lead to results being relevant only for those camgm not a general result of if there is an
earnings announcement premium at the Oslo Stockdfge. | have chosen to focus on the
period between 01.01.1998 and 31.12.2007. Thi®genicludes eight years of which there
were quarterly earnings announcement requiremerdsvao years without. That will help
determine whether or not the coverage of earningsancements mentioned below changes

after the quarterly reporting requirement or not.

Bloomberg provides quarterly earnings announcendatés from July 1999 until 2008.
However, their coverage proved to be somewhat isistent, especially for year 2000 and
2001. | have therefore checked the Oslo Stock ExghaNewsWeb for companies where
Bloomberg reports three earnings announcementsy@ag in order to verify whether there
was a fourth earnings announcement that year fdr eathose companies. For companies
with large market capitalisation where Bloombergesionot report full earnings

announcement coverage for a given year | have peeid the same procedure. Earnings
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announcements between 01.01.1998 and July 1998tedsmanually from the Oslo Stock
Exchange NewsWeb as well as from the dataset comgaall announcements ever made at

the Oslo Stock Exchange provided from Bgrsprosfekte

A stock is included in the selection if it has 18nths of previous return-history. | will from
now on refer to this as the stock universe for mmygle-period. It was considered to exclude
illiquid stocks from the sample due to the positxgocorrelation low trading volume stocks
may cause in a portfolio. However, Lamont and Fraz@2007) claims trading-volume
provides part of the explanation for the earningecaincement premium, thus all stocks
with 12 previous months of return-history is inahadin the stock universe no matter their
trading volume. | will come back to this a potehsaurce of error when discussing the
results in section 6. The coverage of the compaimethe sample with four earnings

announcements in a year is then calculated.

In order to test if there is a predictable earniagaouncement premium on the Oslo Stock
Exchange, | use predictions of expected earning®warcement dates rather than actual
announcement dates. The reason for this is mahmy the trading strategy would be
impossible to implement in reality if actual annoeament dates were used, since these are
not publicly known in advance by all market pagamts. Also, if the actuadcheduled
announcement dates were publicly known in advatims; could be delayed, cancelled or
even released too early. According to Lamont arak&ni (2007), a discrepancy between
the scheduled and the actual announcement coutdindnformation itself. For example, a
delayed earnings announcement may indicate unfabteirnews. In order to predict
earnings announcement dates | will use the samalyaithms as the ones used by Lamont
and Frazzini (2007).

4.2.1 Algorithm 1: Previous Year's Announcement Mon  th

The first algorithm used for predicting earnings@mncement dates is based on the previous
year's announcement month. If a company had anumement in January 1998, it is
expected to have an announcement in January 199%rder to predict earnings
announcements for a year | will hence require tommany to have had four earnings

announcements the previous year.
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4.2.2 Algorithm 2: Fiscal Year End

The second algorithm used for predicting earningsoancement dates is based on the
companies’ fiscal year ends. A company'’s fiscalryaading is collected the first time the
company appears in the universe, which is the fiesir after it has had 12 months of
previous return history at the Oslo Stock Exchafdge advantage of this method is that it
doesn’t require a company to have had four annaguanes the previous year in order to
predict this year’s announcement dates. Howeveyhstantial source of error here is that
companies may change their fiscal years duringstmple period. Bgrsprosjektet at NHH
has fiscal year end information available for thempanies listed at the Oslo Stock
Exchange as far back as 1980. | have neverthelessen to focus on the period between
1998 and 2007 also here for three reasons: Firtlg, method for predicting earnings
announcement date proved to be less accurate tigaméthod based on previous year’s
announcement months in Lamont and Frazzini’'s st{&fp7). Secondly, and as already
mentioned, quarterly earnings announcements wergegoired by law at the Oslo Stock
Exchange before 2000. Thirdly, using both methoals dredicting is mostly done for
comparison reasons. Using a longer sample periodrfe of the forecasting methods would

therefore be somewhat irrelevant.

The distribution of earnings announcement dates faand by matching actual

announcements with fiscal year end month. Like, thiss possible to determine which
months companies with a fiscal year ending | mofitiend to announce in. For companies
with fiscal year ending in month X, they are preéedécto announce their earnings in the

months with the most frequent announcement-actiaithe table.

Further, the predicted announcement dates are gechpath the actual announcement dates
for both algorithms. For example, if one of theasithms has predicted a company’s
earnings announcement in June 1999, but there sarmings announcement in June 1999,

this counts as an error.

According to Lamont and Frazzini (2007), news sesrare more likely to report earnings
announcements for large stocks. It is thereforerasting to investigate whether the
accuracy of predicted announcement months increasths company size. Lamont and
Frazzini (2007) assign companies to 10 differeme sieciles by using New York Stock
Exchange breakpoints. A general rule of thumb & #h portfolio is well-diversified if it
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contains 30 or more stocks (Womack and Zhang, 2088)en that my sample size is
varying from 115 to 188 stocks | have chosen tagassompanies into five different size
groups. According to communications with Randi Hev{008) at the Oslo Stock
Exchange, the Oslo Stock Exchange does not opertitdreakpoints for sorting companies
into size-groups like the New York Stock Exchangke Oslo Stock Exchange classifies
companies after their degree of liquidity. In ortleassign companies into five different size
group at the beginning of each month | simply sbet fifth of the companies with lowest

market capitalisation at the beginning of the mantb one size group etc.
There are several reasons for using monthly datananhdaily:

1) The focus is on expected announcement returngdir ¢o increase the chance that a
stock is bought before the earnings announcemehsald after the earnings
announcement, it is convenient to have a longeogeround the specific day
(Lamont and Frazzini, 2007).

2) Different news sources may report earnings annauanés on different days. In
addition, earnings can be announced before, damagafter the relevant stock
exchange’s trading hours. In practise, it may tloeeebe difficult to determine the
exact date of the earnings announcement (LamonFearxini 2007).

3) Monthly returns will not reflectshort-term asymmetric information and changes in
liquidity” around earnings announcement dates. In averageitilised strategy will
make sure that stocks are bought two weeks bdferexpected announcement date
and sold two weeks after (Lamont and Frazzini 2@0B).

4) Monthly returns are often used by other financa@r@mists and will hence allow
for comparisons with existing stock price pattgficemont and Frazzini, 2007).

5) According to Lamont and Frazzini (2007), a threg wandow around the earnings
announcement date misses much of the earnings acement premium. A longer
window is therefore more informative.

6) Itis very likely that some of the stocks on théddStock Exchange are not being
exchanged during one day. By using monthly dateeatsof daily data it is possible

to avoid problems related to non-synchronous taditarris, 2007).
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4.2.3 Excess returns of the L/S Portfolio Based on Predicted
Announcement by the Previous Year Method

Based on the monthly announcement dates predigtatiebfirst forecasting algorithms, |
form value weighted portfolios based on whethenatra company is expecting to have an
announcement this month. The sample is restriacdedotmpanies that have exactly four
earnings announcements in the previous 12 calemanths. Firstly, a value weighted
portfolio of all stocks in the sample is formeddats monthly average return in excess of

the risk free rate is calculated. This portfolicésurn may be regarded as the market’s return.

Secondly, the monthly average excess return ofeewaeighted portfolio of excepted non-
announcers and the monthly average excess retvalie-weighted portfolio of expected
announcers is calculated. At the beginning of eaténdar month each stock is assigned to
one of the two portfolios, based on whether theksts predicted to have an announcement
or not. That means that each stock jumps into dhg portfolio four months per year and
into the short portfolio eight months of the yeall. stocks are value-weighted within their
respective portfolios and the portfolios are rebedsl each month in order to maintain the

value-weights.

And finally, the monthly average excess return wfLaS portfolio is calculated. The L/S
portfolio is a value-weighted zero-cost portfolimat each month takes long positions in
stocks that are expected to have an announcemanimibnth and sells short the month’s

expected non-announcers, in other words, a combmatf the two latter portfolios.
In the main part of the empirical analysis, arithimaverages of simple returns is used.
Simple returns for each stock in the portfolio eaéculated as follows:

_ (Plt B Pi,t—l)

! R
The portfolios’s monthly value-weighted return isccéated as follows:

N marketcap,

Rp,t =2 R,t X

i totalmarkecap

Arithmetic averages of the portfolios monthly retsiare calculated as follows:
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Aaverage: (Rpm * R

prst T ¥ Rp,T)

T

However, continuously compounded returns, or ldlgamc returns, are more likely to have
statistically desirable properties, such as noryathan simple returns. Also, bad returns
will have a greater impact on the geometric avethga the arithmetic average. With return
data that is relatively volatile, a geometric ageravill therefore be “more pessimistic” than
a arithmetic average. Continuously geometric avesam compounded returns as a basis for
computing average returns may thus provide differesults than arithmetic averages of
simple returns. Therefore, when robustness-cheakipgesults, | have chosen to compare
the arithmetic averages of simple returns with getim averages of continuously

compounded returns.
Continuously compounded returns for each stockcaleuilated as follows:
e = In(Pi,t) - ln(Pi,t—l) =In1+ th)

The portfolios’s monthly value-weighted return isccéated as follows:

N marketcap
Rp,t = Z Ri,t X -
= totalmarkecap,

Geometric averages of the monthly continuously coumpled portfolio returns are

calculated as follows:

1

G = (Rp,t X Rp,t+1"x Rp,T)?

average

The geometric average of continuously compoundagingtare normalised the following

way:

—_ In(GAverage)
Gnormalised - eXp -1

Whether the L/S portfolio strategy is profitable ot is tested by the following zero-
hypothesis:

A) Ho: Average monthly excess returns L/S portfolio = 0
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Hi: Average monthly excess returns L/S portfolio > 0

The zero-hypothesis are tested by conducting a,tseth n-1 degrees of freedom, of the

average excess return with an unknown populatioiawee:

_ (AverageExessReturn, —H,)

" o, /N

Where N is the number of observations, which irs tbase will be number of monthly

critical

average excess returns included in the samplegtegistics is calculated for. |f| >t ,

the zero-hypothesis is rejected. At a 5 percemifsignce level, the zero-hypothesis is
rejected if the absolute t-value is over 1.96. With percent significance level, there is a 5
percent chance for a type | error, namely thatraecb zero-hypothesis is wrongly rejected.
A type Il error consists afiot rejecting a false zero-hypothesis, and is equdl manus the
chosen significance level. In this case, with aescent significance level, there would
therefore be a 95 percent chance of wrongly nectejg the zero-hypothesis. There is hence
a trade-off between when choosing the significdegel of a test. In general, a executing a
type | error is seen as worse than executing allypeor. Therefore significance levels of 5

or 1 percent are most often used in practise (Bsp2802).

opis the standard deviation of each portfolio asalswated the following way:

o = \/Z(Excessretmp’t —AverageExessReturnp’T)2
’ T-1

For all the portfolios, skewness and kurtosis alewated. Skewness measures the risk that
normal distribution (zero skew) is assumed while tlata in reality is skewed to the right
(positive skew) or to the left (negative skew) o mean. Kurtosis describes the distribution
of the data around the mean. A high kurtosis méaaisthe data has fat tails and a low, even
distribution. A low kurtosis means that the data B&inny tails and a distribution that is
concentrated towards the mean. A normal distrilouigsonot skewed and has a coefficient of
kurtosis of 3. In other words, skewness and kustamie additional measures of the

portfolio’s riskiness.
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The Sharpe-ratio is calculated for each of the valaghted portfolios in order to compare

their risk-adjusted performance:

Rp—rf

Iy

p

Where:

ﬁp: Average portfolio return
r. = Risk free rate
o ,= Portfolio standard deviation

The greater the portfolio’s Sharpe ratio, the beiterisk-adjusted performance has been
over the sample period. According to the CAPM, tharket portfolio will by definition

always have the highest possible Sharpe-ratio.

4.2.4 Excess returns of the L/S Portfolio Based on Predicted
Announcement by the Fiscal Year Method:

Lamont and Frazzini (2007) also form a L/S portddiased on announcements forecasted by
the previous year method. However, the large nigjoficompanies listed at the Oslo Stock
Exchange are having their fiscal year end in Decembas information was not known
before looking at the dataset. As explained inisecB.3., is equal to data-snooping.
Forming a trading-strategy after having lookedhet dataset will obviously affect the way
the trading-strategy is formed. When testing tlaglitrg strategy in the same dataset, it is
hence likely that one will find the results one has to find. Thus, if the tested zero-
hypothesis are rejected when testing this tradiregegy is tested, this has to be taken into

account.

The four calendar months with the highest fractibguarterly earnings announcements for
companies with their fiscal year ending in Decemizerfound, and used as expected
announcement moths for the companies with theicafisyear ending in December.
Excluding the companies not having their fiscal yead in December, | test a trading
strategy consisting of a value-weighted L/S poitfohat takes a long position in all stocks

in the four predicted announcement months, andod glosition in all stocks in the resting
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months is formed. The excess returns of this pootfate tested the similar way as for the
L/S portfolio based on the previous year method.

4.2.5 Excess Returns of the L/S Portfolio Based on Actual
Announcement Dates

Lamont and Frazzini (2007) formed an L/S portfadio the basis of actual announcement
dates is also formed. This is not an implementaloégeg)y in practise. However, it's useful
for determining whether or not it is theoreticappssible to earn average excess returns
larger than zero with the tested trading stratdfyny of these L/S portfolios based on
actual announcement dates are generating averaggssexeturns that are statistically
significantly larger than zero, and the L/S portislbased on predicted announcement dates
are not, this indicates that one with a more adeusanouncement date forecasting method

can earn average excess returns Iarger than zero.

With actual announcement dates, | form the sam#qgtios as formed with the previous
year method. The excess returns of the L/S porgdiased on actual announcement dates
are tested the similar way as the portfolios basedorecasted dates by the previous year
method.

4.2.6 Regression Analysis to Determine the Source o f the Excess
Returns

If any of the tested L/S portfolios are generatanggrage monthly excess returns that are

statistically significantly larger than zero, tte@dléwing methodology is further applied:

In order to test whether or not the monthly retugaserated by the rolling L/S strategy are
abnormal or not, | run a regression based on thbaa(1997) four-factor model explained

in section 2.2.2:
Ry —li:=a, +,6’pMKTt +s SMR +thMLt +p,PRIYR +e,,

Where R is the portfolio’s returnf is the riskfree rate, whilg,gis the error-term Alpha is
the excess returns generated by the rolling L/&egy that cannot be explained by the L/S
portfolio’s sensitiveness to the market return (MKie Fama and French size factor
(SMB), the Fama and French value factor (HML) oce treegadesh and Titman one-year
momentum factor (PR1YR). The MKT, SMB, HML or PR1YR @éime series calculated on
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the basis of monthly returns, and are all descriinede in detail in section 2.2.1. and 2.2.2.
The coeffisients in front of each factor describles portfolio’s exposure towards these
factors. If the L/S portfolio strategy is genergtiabnormal returns, the alpha will be
statistically significantly larger than zero. Itaahd however be mentioned that due to the
way the L/S portfolio is created, it is not verypable that the factors in the Carhart four-

factor model can explain eventual abnormal retgerserated by the portfolio.

In other words, the following zero hypothesis istéel in the case of a L/S portfolio strategy

generating statistically significant positive a\ggaxcess monthly returns:
B) Ho: Average monthly abnormal returns L/S portfolio = 0
Hi: Average monthly abnormal returns L/S portfolio > 0

If the zero hypothesis is rejected, and the altereahypothesis is accepted, this indicates
that there is an earnings announcement premiurheaOslo Stock Exchange. This means
that a monthly trading strategy buying stocks elgmto announce their earnings and selling
short stocks not expected to announce their eaninghe following month, generates

excess returns over the Norwegian Government thmaeth Treasury bill that can not be

fully explained by the Carhart (1997) four-factoodel. The abnormal return generated from
this trading-strategy is statistically significamthich in that case is inconsistent with weak
form efficiency at the Oslo Stock Exchange.

critical

The zero-hypothesis is rejectec'tif>t , Which is 1.96 on a 5 percent significance level.

This may help to identify whether companies of sfie@ompany characteristics, such as
small capitalisation companies or value comparaes,announcing their earnings. This is
especially important for the period before year@@Men companies listed at the Oslo Stock

Exchange were not legally required to announce #eainings on a quarterly basis.

4.2.7 Robustness Checks of the Results

In order to check the robustness of the resultsve chosen to report results for the whole
period from 1999-2007, as well as for the two sehqus 1999-2000 and 2001-2007. The

period before and after 2000 is the period befokafter quarterly earnings announcements
were required for companies listed at the OsloISEBxahange. Since 1999 dates are used to

predict 2000 dates, | have chosen to include 20@Be first sub-period.
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For the L/S portfolio based on previous year prediannouncement dates, and for the L/S

portfolio based on actual announcement datestheldollowing robustness-checks:

1) If some of the months have zero expected annountéest how excluding these

months affects the result.

2) It is likely that some of the months have severarenexpected announcers than
others. In order to give these months “more impu#d when the average excess
returns are calculated, | make a managed L/S piortfbhat means that each month,
the size of the value-weighted L/S portfolio isetatined by the amount of expected
announcers that month. For example, for year thixoancements are expected to be
made for the whole year, while Y announcements exgected to be made this
current month. The size of the L/S portfolio dependsthe number of expected

announcers and is equalised to Y/X this currenttmon

In addition to looking at monthly average excedarres of the tested L/S portfolios for the
whole sample period, the two sub-periods 1999-2@6@ 2001-2007 are examined.
Moreover, geometric averages are taken of logarttheturns, in order to verify whether or

not the method used for calculating the returnsaffecting the results.

If any of the L/S portfolios are generating averageess returns that are statistically
significantly larger than zero, the source of theess returns will be tested with a regression
with the four factors from Carhart (1997) as explany variables. Regressions will then be
run for the sub-periods 1999-2000 and 2001-200¥edisas for the whole sample period.
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5. Results and Analysis

This section presents the results and the analf/ie @onducted empirical research. Firstly,
the coverage and the distribution of the earningsoancement dates is presented and
analysed. Further, the main results of the test&dplortfolio trading strategies are presented
and analysed. The complete overview of the restlthetested trading strategies may be
found in the appendix. In contrary to the resuftt@amont and Frazzini (2007), none of the
L/S portfolio trading strategies that are testethis thesis generates average monthly excess
returns over the Norwegian Government three mongmdury bill that are statistically
significantly larger than zero. Moreover, the réswdre robustness checked. None of the
found results are rejecting zero-hypothesis A. Tégrassion analysis is consequently not

conducted.

5.1 Coverage and Distribution of Earnings Announcement

Dates
Exactly 4 Announcements
All Smaller Larger Market
Year Comp  Comp Comp Value
1998 0,71 0,70 0,71 0,90
2007 0,87 0,87 0,86 0,92
1998-1999 0,66 0,65 0,66 0,83
2000-2007 0,78 0,78 0,78 0,86
1998-2007 0,75 0,75 0,75 0,86

Table 1: Coverage of Earnings Announcement Dates 1998-2007

Table 1 shows the fraction of companies in the uswavith exactly four announcements
that calendar year. For each year, the median efnarket value of all stocks with 12
previous months of returns history is computed. Gamnnes with market capitalisation above
the median are assigned into “Larger Comp”, whienpanies with market capitalisation
below the median are assigned into “Smaller Congzheyear. The “Market Value” is the
total market capitalisation of companies with ekafébur announcements in that calendar
year divided by the total market value of the sgoekth 12 previous months of return

history.

The table shows that the coverage, or the numbeompanies in the universe announcing

their quarterly results each year, has increased ttne sample period. More particularly, the
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coverage for all companies is rising from 71 pet@¢eri998 to 87 percent in 2007, while the
coverage for the full sample is 75 percent. Theecage for both smaller and larger
companies has increased over the sample periodcdétaparison, Lamont and Frazzini
(2007) found that the coverage of earnings annaueoés increased from 50 percent in
1974 to 95 percent in 2004.

When comparing the two sub-periods, 1998-1999 a@d022007, we can also see a
substantial coverage increase. This is most likelgted to the fact that companies at the
Oslo Stock Exchange were not required by law to anoe their earnings on a quarterly

basis before year 2000.

Lamont and Frazzini (2007) find a substantial défece in the coverage for smaller versus
larger firms. Especially in the earlier years ofitleample, they find that the coverage for
smaller stocks often is incomplete, which theyrolés closely correlated with the fact that
“news sources are more likely to report earningsoamecements for big stockép. 5).
However, table 1 indicates that there is no sulistadifference in the coverage of earnings
announcements for smaller stock versus larger statkthe Oslo Stock Exchange. In
contrary, the coverage for smaller versus largerpamies seems to be quite similar over the

whole sample period.

Over the total sample, 86 percent of the compamieasured in market value had exactly
four announcements. The coverage of companies aoimmu their quarterly earnings

calculated in market value has also increased theersample period, from 90 percent in
1998 to 92 percent in 2007. For comparison, Lanaymt Frazzini (2007) found that the
coverage measured in market capitalisation inceefieen 84 percent in 1974 to 96 percent
in 2004.

What might seem strange is that the coverage focahpanies has increased from 71
percent in 1998 to 87 percent in 2007, while theecage measured in market value has
increased only from 90 percent in 1998 to 92 peraer2007. This may indicate that the
companies assigned to the “Large Comp” in 2007, aod having exactly four
announcements in 2007, are larger measured in mesdpialisation than the companies

assigned to “Large Comp” in 1998 that did not hexactly four announcements.
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all firms
Fiscal yr

end Ann Q4 Q1-Q3
Jan 0,00 3,73 11,14 0,03
Feb 0,00 26,02 77,96 0,10
Mar 0,23 3,24 9,60 0,07
Apr 0,23 9,80 0,86 14,37
May 0,00 11,72 0,14 17,60
Jun 0,90 0,35 0,07 0,50
Jul 0,00 4,53 0,00 6,72
Aug 0,23 17,46 0,07 25,72
Sep 0,00 0,38 0,00 0,57
Oct 0,00 12,46 0,07 18,79
Nov 0,68 10,12 0,03 15,27
Dec 97,74 0,19 0,07 0,26

Table 2: Distribution of Earnings Announcement Dates 1998-2007

Table 2 shows the distribution of earnings annoumcgndates. Column one reports the
fraction of companies with fiscal year ending ircle@alendar month. 97.74 percent of the

companies listed at the Oslo Stock Exchange havefibeal year end in December.

Column two reports the fraction of earnings anneuaments occurring in each calendar
month. Column three reports the fraction of fouiital quarter earnings announcements
occurring in each calendar month. Column four reptie fraction first, second or third

fiscal quarter earnings announcements occurrirggaai calendar month.

For comparison, Lamont and Frazzini (2007) alsoorspthat most of the announcing
activity is taking place in December. However, tteample contains companies with fiscal
year endings also in other months of the calendar.y62 percent of the announcing activity
in their sample takes place in December comparé {64 percent in this sample. Lamont
and Frazzini claim that each month in their saniflas a sufficiently large number of
earnings announcemefit§p. 6) so that the portfolios they form based scheduled

announcements will bestfficiently diversified each moritkp. 6). This is clearly not the

case for the sample utilised in this thesis. Ydtave decided to form a version of the L/S
portfolio based on announcement dates predictedthiey fiscal year end method for

comparison reasons.
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Fiscal Year End Month
% of ann Mar Apr Jun Nov Dec
Jan 0,00 0,00 0,00 2,33 3,77
Feb 25,00 33,33 29,41 25,58 26,17
Mar 11,11 0,00 0,00 11,63 3,19
Apr 0,00 0,00 29,41 6,98 9,86
May 25,00 0,00 5,88 4,65 11,76
Jun 0,00 0,00 0,00 4,65 0,34
Jul 0,00 0,00 17,65 9,30 4,44
Aug 16,67 33,33 0,00 6,98 17,22
Sep 2,78 0,00 0,00 9,30 0,32
Oct 0,00 0,00 17,65 11,63 12,56
Nov 16,67 33,33 0,00 4,65 10,19
Dec 2,78 0,00 0,00 2,33 0,17

Table 3: Distribution of Earnings Announcement Dates by fiscal Year 1998-
2007

Table 3 shows the distribution of earnings annourcegndates by fiscal year end month.
The earnings announcement represents the date ichvjuarterly earnings were first
reported. For every company with a fiscal year egdn calendar month t, the fraction of
actual announcements occurring in every calendantman the period 1998-2007 is
reported. For fiscal year end month, the four addemmonths with the highest fraction of
announcements is reported in bold. January, Feprivay, July, August and October are
not included in table 3 for the simple reason tiate of the companies in the sample has a
fiscal year end month in any of those months. Congsawith a December fiscal year end
month tend to announce their quarterly earning&ebruary, May, August and October.
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Therefore, when predicting earnings announcemeesdadsed on the fiscal year algorithm,
companies with their fiscal year ending in Decendrerexpected to report their earnings in
February, May, August and October.

All firms Four announcements in the previous year
1998 — 1998- 2000- 1998-
2007 1998 2007 1999 2007 2007
Ann predicted based on fiscal year end
% Announcement 0,69 0,62 0,71 0,64 0,69 0,69
% No Announcement 0,31 0,38 0,29 0,36 0,31 0,31
2000- 1999-
1999-2007 1999 2007 2007 2007
Ann predicted based on previous year
% Announcement 0,67 0,25 0,82 0,73 0,67
% No announcement 0,33 0,75 0,18 0,27 0,33
Size group 1 (small) 2 3 4 5 (large)
Ann predicted based on fiscal year end
% Announcement 0,67 0,70 0,71 0,72 0,68
% No announcement 0,33 0,30 0,29 0,28 0,32
Ann predicted based on previous year
% Announcement 0,64 0,70 0,63 0,64 0,74
% No announcement 0,36 0,30 0,37 0,36 0,26

Table 4: Accuracy of Announcement Dates Predictions 1998-2007

Table 4 shows the accuracy of announcement predsctiased on the fiscal year end and
previous year methods for the period from 19980072 The top panel of table 4 shows the
accuracy of both methods for all firms, and thenfifons with 4 earnings announcements in
the previous year, including selected sub-perigtigarding the announcements predicted
based on the fiscal year end method, there has litlenchange in the accuracy of
announcement predictions over the observation geRor announcements predicted based
on previous year announcements the accuracy ha$icagtly increased from 0.25 in 1999
to 0.82 in 2007. This can largely be attributedhe tact that companies listed at the Oslo
Stock Exchange were not required by law to annodineg earnings on a quarterly basis
until year 2000. In addition, Bloomberg’s coveragieearnings announcement dates for
companies listed at the Oslo Stock Exchange haslimeged until year 2000. This is largely
solved by searching for earnings announcements atigritom the daily bulletin at the Oslo
Stock Exchange.

The lower panel of Table 4 shows the accuracy of hwtthods for companies divided into
5 size groups based on market capitalisation. Rerfiscal year end method the is no
significant difference between the size groups. ther previous year method the accuracy
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increases for the larger companies. Frazzini anddra (2007) argue this is because the
coverage for small companies is incomplete and tneymore likely to report earnings
announcements of large companies. However, indhgke used here, the difference is not

as large as with the sample used by Frazzini antbb& (2007).

5.2 Excess returns of the L/S Portfolio Based on the
Previous Year Method

Monthly Aritmethic Averages of Simple Returns
All Stocks With 4 Announcements the Previous Year

All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean -0,416 % -0,046 % -0,772 % -0,640 %
t-stat 0,58 0,06 0,91 0,91
1999-2000
Mean -1,221 % -0,168 % -2,062 % -1,722 %
t-stat 0,67 0,10 0,95 1,02
2001-2007
Mean -0,186 % -0,011 % -0,388 % -0,331 %
t-stat 0,22 0,01 0,43 0,43

Table 5: All Stocks With 4 Announcements the Previous Year- Previous
Year Method

Table 5 shows that the monthly average returns ef \thlue-weighted L/S portfolio
including all stocks with exactly four earnings aoncements in the previous year. “All
stocks” refers to all stocks with four announcerseantthe previous year. The tested L/S
portfolio seem to be generating negative monthlgrage excess returns for the sample
period, as well as for the sub-periods. Howeveg, tthialues are indicating that the found
results are not statistically significant. Zero-bglpesis A stating that the L/S portfolio does
not generate excess returns over the three montivégean Treasury bill returns greater
than zero, is not rejected. For comparison, Lanam Frazzini (2007) found that a L/S
portfolio formed on the basis of the previous yesthod generated positive statistically
significant average monthly excess returns of 0di@ent in their sample period between
1973 and 2004.
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Months with zero expected Announcements Deleted

All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean 0,208 % 0,624 % -0,772 % -1,395 %
t-stat 0,31 0,95 0,85 1,78
1999-2000
Mean -0,691 % 0,457 % -2,062 % -2,519 %
t-stat 0,15 0,45 0,41 0,85
2001-2007
Mean 0,475 % 0,673 % -0,388 % -1,061 %
t-stat 0,27 0,83 0,75 1,56
Table 6: Months with Zero Expected Announcers Deleted - Previous Year
Method

Lamont and Frazzini (2007) reports that each mantheir sample Has a sufficiently large
number of earnings announcemén{p. 6) so that the portfolios they form based on
scheduled announcements will lmufficiently diversified each morit{p. 6). This is clearly
not the case for this sample; Some of the montlisisnsample, no companies are expected
to announce their earnings. Table 6 reports thetinhpraverage excess returns over the
Norwegian Government three month Treasury bill of/& portfolio traded only in the
months with predicted quarterly earnings announcesnelhe table shows that the L/S
portfolio traded only in the months with expectethauncers, does not generate positive
monthly average excess returns that are statistisignificant for the sample period, nor for
the sub-periods. However not statistically sigaific also this L/S portfolio seem to
generate negative monthly average excess retuens:tg/pothesis A can not rejected on the

basis of the results in table 6.

Managed L/S Portfolio

All Stocks Expected Non-Announcers Expected Annonuncers L/S

1999-2007

Mean -0,416 % -0,018 % -0,117 % -0,099 %

t-stat 0,545 0,247 1,144 1,017
1999-2000

Mean -1,221 % -0,059 % -0,266 % -0,208 %

t-stat 0,272 0,123 0,572 0,508
2001-2007

Mean -0,186 % -0,006 % -0,075 % -0,069 %

t-stat 0,510 0,231 1,070 0,951

Table 7: Managed L/S Portfolio - Previous Year Method

Some of the months in the sample period tend tcee haere expected announcers than
others. Consequently, some of the months in thepkahave few expected announcers. In

order to adjust for this, a managed L/S portfoiconstructed. For each month, the size of
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the value-weighted L/S portfolio is determined hg amount of expected announcers that
month. For example, for year t, X quarterly earsirapnouncements are expected to be
made for the whole year, while Y quarterly earniagaouncements are expected to be made
this current month. The size of the L/S portfoliopededs on the number of expected
announcers and is equalised to Y/X this currenttinohable 7 shows that zero-hypothesis
A can not be rejected. Like the results presemedble 5 and 6, the managed L/S portfolio
seem to generate statistically insignificant nagathonthly average excess returns over the

sample period and in the sub-periods.

L/S Portfolio Traded in February, May, August and O  ctober

All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean -1,416 % -0,795 % -1,740 % -0,945 %
t-stat 1,31 0,79 1,20 0,69
1999-2000
Mean -3,663 % -0,368 % -5,385 % -5,017 %
t-stat 1,75 0,16 2,11 1,66
2001-2007
Mean -0,774 % -0,918 % -0,698 % 0,219 %
t-stat 0,51 0,80 0,53 0,15

Table 8: L/S Portfolio Traded in February, May, August and October -
Previous Year Method

Table 2 and 3 showed that most companies (97.74é)llst the Oslo Stock Exchange have
their fiscal year end in December. Out of the comm having their fiscal year end in
December, most of these companies (67.71 percent) to announce their earnings in
February, May, August and October. Table 8 showsteeage monthly excess returns of a
L/S portfolio tradedonly in February, May, August and October. In otherdsgoil form the
same value-weighted zero cost L/S portfolio as ipresty, but it is only traded in February,
May, August and October. This portfolio is differdndm the L/S portfolio based on the
fiscal year method since the latter is tradedalih months. The L/S portfolio traded in
February, May, August and October, holds the pbotiaf expected announcers in February,
May, August and October and sells short the podfoff expected non-announcers in
February, May, August and October.

Table 8 shows that the L/S portfolio traded onlyabruary, May, August and October does
not generate positive statistically significant @ returns over the three month Norwegian
Government Treasury bill returns over the samplepeln the sub-period from 2001-2007,

the L/S portfolio seem to generate positive avemgeess returns. However, the t-statistics

are too low for rejecting zero-hypothesis A in sub-period between 2001 and 2007.
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5.3 Excess Returns of the L/S Portfolio Based on the
Fiscal Year Method

All Stocks With 4 Announcements the Previous Year

All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean -0,416 % 0,050 % -0,484 % -0,533 %
t-stat 0,58 0,06 0,77 0,74
1999-2000
Mean -1,221 % -0,011 % -1,228 % -1,217 %
t-stat 0,67 0,01 0,93 0,67
2001-2007
Mean -0,186 % 0,067 % -0,271 % -0,338 %
t-stat 0,30 0,08 0,07 0,44
Table 9: All Stocks with 4 Announcements the Previous Year - Fiscal Year
Method

According to table 3, companies with their fiscahy ending in December are expected to
report their earnings in February, May, August &wctober. Considering that only 2.26
percent of the companies in the universe of steakts four announcements in the previous
year have a fiscal year ending in other months thaoember, it does not make sense to
form the same L/S portfolio based on announcenferésasted by the fiscal year method as
Lamont and Frazzini (2007). Therefore, excluding2t#6 percent of companies not having
their fiscal year end in December, | test a tradtrgtegy that takes a long position in all
stocks (having their fiscal year end in December}-ebruary, May, August and October,
and a short position in all stocks (having thescél year end in December) in the rest of the
months. Table 9 shows that nor does this tradirajegdy generate positive excess returns
over the three month Norwegian Government Treasiirygburns over the sample period,
nor in any sub-periods. Zero-hypothesis A can motdjected. For comparison, Lamont and
Frazzini (2007) found that a L/S portfolio based @mpany fiscal year end generated
monthly average statistically significant excessines of 0.723 percent.
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5.4 Excess Returns of the L/S Portfolio Based on Actual
Announcement Dates

Monthly Aritmethic Averages of Simple Returns
All Stocks With 4 Announcements Each Calendar Year

All Stocks Non-Announcers Annonuncers L/S
1999-2007
Mean -0,416 % -0,468 % 0,153 % 0,600 %
t-stat 0,58 0,57 0,17 0,73
1999-2000
Mean -1,221 % -1,412 % 0,935 % 2,191 %
t-stat 0,67 0,67 0,43 1,04
2001-2007
Mean -0,186 % -0,196 % -0,053 % 0,145 %
t-stat 0,21 0,22 0,05 0,17

Table 10: All Stocks with 4 Announcements the Previous Year - Actual
Announcement Dates

Table 10 reports the average monthly excess retofrres value-weighted zero cost L/S

portfolio based on actual announcement dates. Basedl announcement dates, a value-
weighted zero cost L/S portfolio holding the stotkat are announcing and selling short the
stocks not announcing in a month. This trading sgnais not implementable in practise, but
is useful for determining whether or not it is thetecally possible to earn average excess
returns larger than zero with the tested tradimgtesgy. None of the results in table 10 are
statistically significant and the zero-hypothesis#@n consequently not be rejected. If the
zero-hypothesis had been rejected, this would Iradieated that it is theoretically possible

to obtain positive monthly average excess retuntis the quarterly earnings announcement
trading strategy at the Oslo Stock Exchange, onlth vai better method for predicting

guarterly earnings announcement dates. Howeves, ishinot the case. For comparison,
Lamont and Frazzini (2007) reports statisticallygngicant average monthly excess returns

of a L/S portfolio based on actual announcemergdat 0.603 percent.



77

Months with Zero Actual Announcements Deleted

All Stocks Non-Announcers Annonuncers L/S
1999-2007
Mean -0,059 % -0,216 % 0,154 % 0,368 %
t-stat 0,08 0,26 0,16 0,36
1999-2000
Mean -1,324 % -2,414 % 0,823 % 3,237 %
t-stat 0,04 0,12 0,08 0,17
2001-2007
Mean 0,317 % 0,446 % -0,045 % -0,485 %
t-stat 0,07 0,22 0,14 0,32

Table 11: Months with Zero Expected Announcers Deleted - Actual
Announcement Dates

Table 11 reports the monthly average excess retwaisthe Norwegian Government three
month Treasury bill of a value-weighted zero cos® pbortfolio traded only in the months

with actual earnings announcements. The table shbatszero-hypothesis A can not be
rejected. Neither this non implementable tradimgtegy does generate positive monthly
average excess returns that are statisticallyfgignt for the sample period, nor for the sub-

periods.
Managed L/S Portfolio
All Stocks Non-Announcers Annonuncers L/S
1999-2007
Mean -0,416 % -0,080 % -0,063 % 0,018 %
t-stat 0,54 0,78 0,75 0,15
1999-2000
Mean -1,220 % -0,183 % -0,112 % 0,071 %
t-stat 0,27 0,39 0,37 0,08
2001-2007
Mean -0,186 % -0,051 % -0,049 % 0,002 %
t-stat 0,51 0,73 0,70 0,14

Table 12: Managed L/S Portfolio - Actual Announcement Dates

Table 12 reports the monthly average excess retfrtise same managed value-weighted
zero cost L/S portfolio as in table 7, only withuwad announcement dates. In other words, it
is the same L/S portfolio; lagged one year. Tablesli@ws that the L/S portfolio seem to
generate positive monthly average excess returaes the sample period as well as in the
sub-periods. However, none of these results ateststally significant. Zero-hypothesis A
can hence not be rejected.
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L/S Portfolio Traded in February, May, August and O  ctober

All Stocks Non-Announcers Annonuncers L/S
1999-2007
Mean -1,416 % -2,910 % -0,565 % 2,264 %
t-stat 1,31 2,04 0,48 1,47
1999-2000
Mean -3,663 % -5,122 % -2,147 % 2,975 %
t-stat 1,75 1,25 1,01 0,60
2001-2007
Mean -0,774 % -2,254 % -0,112 % 2,061 %
t-stat 0,59 1,58 0,08 1,42

Table 13: L/S Portfolio Traded in February, May, August and October -
Actual Announcement Dates

Like table 8, table 13 shows the average monthbesx returns of a value-weighted zero
cost L/S portfolio tradednly in February, May, August and October. Unlike tahl¢he L/S

portfolio is formed on the basis of actual announeet dates.

The L/S portfolio based on actual announcement dedded in February, May, August and
October earns positive average monthly excessneturer the sample period. However, this
result is not statistically significant. Zero-hypesis A is consequently not rejected for the
sample period. It could nevertheless be interegbrgge if one with a longer sample period,
would be able to get statistically significant iésuGiven statistically significant results, a
better method for predicting earnings announcerdat#s would consequently provide us
with a L/S portfolio, traded only in February, Majigust and October, generating monthly
average excess returns larger than the Norwegiarer@ment three month Treasury bill.

However, this is not the case.

5.5 Robustness Checks of the Results with Geometric
Averages of Logarithmic Returns

Logarithmic returns are more likely to have dedeadtatistical properties such as normal
distribution than simple returns. In order to detere whether or not the way the returns are
calculated has something to say for the resulmngéric averages of logarithmic returns are
calculated. This should not change the results dieatly, and if statistically significantly
positive average excess returns were found prelyiotlsis part would have been more
important since results rejecting a zero-hypothgls@ild be properly robustness checked.
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5.5.1 Geometric Averages of Logarithmic Returns Pre  vious Year
Method
Monthly Normalised Geometric Averages of Logarithmi ¢ Returns
All Stocks With 4 Announcements the Previous Year
All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean -1,970 % -1,370 % -2,268 % -1,286 %
t-stat 2,44 1,77 2,38 1,68
Months with zero expected Announcements Deleted
All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean -1,032 % -0,344 % -2,544 % -2,305 %
t-stat 1,41 0,51 2,52 2,58
Managed L/S Portfolio
All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean -1,970 % -0,080 % -0,256 % -0,177 %
t-stat 2,30 1,06 1,92 1,41
L/S Portfolio Traded in February, May, August and O  ctober
All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean -2,857 % -1,637 % -3,984 % -2,479 %
t-stat 2,28 1,57 2,21 1,43

Table 14: Geometric Averages of Logarithmic Returns - Previous Year
Method

In order to determine whether or not the way therns are calculated has something to say

for the results, table 14 reports geometric averagie logarithmic returns for the four

different L/S portfolios formed on the basis of fw@vious year method. The table shows

that none of the L/S portfolio trading strategiesdd on announcement dates predicted by

the previous year method generate positive exatasns over the Norwegian Government

three month Treasury bill over the sample periodweieer, when the geometric averages is

taken of the logarithmic returns of the L/S portothat is not traded in months with zero

expected announcers, it seems to generate exdesssréhat are statistically significantly

different from zero. The sign of the excess retusnsevertheless negative. Zero hypothesis

A can consequently not be rejected.
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5.5.2 Geometric Averages of Logarithmic Returns Fis  cal Year
Method

All Stocks With 4 Announcements the Previous Year

All Stocks Expected Non-Announcers Expected Annonuncers L/S
1999-2007
Mean -1,970 % -1,046 % -0,983 % -0,469 %
t-stat 2,44 1,24 1,31 0,57

Table 15: Geometric Averages of Logarithmic Returns - Fiscal Year Method

Table 15 shows that the geometric monthly averagéo@érithmic returns of the L/S
portfolio based on earnings announcement datescpeddy the fiscal year method does not
give us any reason to reject the zero hypotheske table 9, table 15 shows that the L/S
trading strategy based on fiscal year ends doegeamrate statistically significant positive
excess returns over the Norwegian Government timaath Treasury bill over the sample
period. Zero-hypothesis A is not rejected.

5.5.3 Geometric Averages of Logarithmic Returns Act  ual
Announcement Dates

Monthly Normalised Geometric Averages of Logarithmi ¢ Returns
All Stocks With 4 Announcements Each Calendar Year
All Stocks Non-Announcers Annonuncers L/S
1999-2007
Mean -1,970 % -1,976 % -1,313 % 0,050 %
t-stat 2,44 2,20 1,42 0,06
Months with Zero Actual Announcers Deleted
All Stocks Non-Announcers Annonuncers L/S
1999-2007
Mean -1,457 % -1,464 % -1,475 % -0,460 %
t-stat 1,90 1,66 1,51 0,43
Managed L/S Portfolio
All Stocks Non-Announcers Annonuncers L/S
1999-2007
Mean -1,970 % -0,162 % -0,171 % -0,018 %
t-stat 2,30 1,44 1,67 0,14
L/S Portfolio Traded in February, May, August and O  ctober
All Stocks Non-Announcers Annonuncers L/S
1999-2007
Mean -2,857 % -4,176 % -2,121 % 1,515 %
t-stat 2,28 2,70 1,52 0,83

Table 16: Geometric Averages of Logarithmic Returns - Actual
Announcement Dates
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Table 16 shows that the L/S portfolio based on a@naouncement dates containing all
stocks with four announcements in the previous @ the L/S portfolio based on actual
announcement dates traded in February, May, Auu$iOctober seem to generate positive
excess returns, but that the t-statistics are gt &nough for rejecting zero-hypothesis A.
Improved methods for predicting earnings announcgrdates would not assist in forming
L/S portfolios generating average monthly retunadigtically significantly larger than zero

over the sample period.

5.6 Summary Statistics

To summarize, none of the tested trading strategpesbining a value-weighted portfolio
that buys expected announcers with a value-weightetfiolio that sells short expected non-
announcers are generating excess returns over oheeljian Government three month
Treasury-bill that are statistically significantirgjer than zero over the sample period. Zero-
hypothesis A is not rejected for any of the tedteding strategies. Zero-hypothesis B is

consequently not tested.

Some of the portfolios formed on the basis of dcimmouncement dates seem to generate
positive monthly excess returns. However, nonene¢ results are statistically significant.
A longer sample period could therefore be intengsto examine in order to test whether or
not some of the portfolios formed on the basiaafial announcement dates could generate
statistically significantly positive monthly excessturns. In that case, better methods for
predicting earnings announcement dates could assifirming a L/S portfolio trading
strategy generating positive monthly excess retones the Norwegian Government three
month Treasury bill.

The only statistically significant result is the geetric average of the logarithmic returns of
the L/S portfolio that is not traded in months wattro expected announcers. The sign of the
this L/S portfolio’s excess returns is neverthelasgative. The tested trading strategies
based on earnings announcement dates predictdeelyrévious year method or the fiscal
year end method did not generate positive monthyae excess returns at the Oslo Stock
Exchange over the sample period from 1999 to 20617 imthe sub-periods from 1999 to
2000 and from 2001 to 2007. These results, whichcangrasting to those of Lamont and
Frazzini (2007), will be discussed in the next ¢bap
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6. Discussion of the Results

| test various versions of a monthly L/S portfotrading strategy consisting of buying a
value-weighted portfolio of stocks expected to amue their quarterly earnings, while
selling short a value-weighted portfolio of stocks expected to announce their earnings the
following month. The found results are indicatingttimone of the tested trading strategies
are generating monthly average statistically sigaift positive excess returns over the
Norwegian Government three month Treasury bill aliersample period. In contrary, most
of the tested L/S portfolio trading strategies geeerating negative excess returns, however
not statistically significant. That the results aad statistically significant is clearly related
to that the sample period utilised in this analysigelatively short. The presented results are
contrasting with those of Lamont and Frazzini (20Who found that the L/S portfolio
trading strategy based on predicted earnings ameouent dates generates statistically
significant excess returns of between 7 and 18epérper year. This section contains a
discussion of my results as well as their validithoreover, the presented results are together
with the results of Lamont and Frazzini (2007) pkhdn the market efficiency litterature.
Further, and most importantly, | discuss diffene@sons for why my findings are in contrast
to the findings of Lamont and Frazzini (2007). Hyapotential sources of errors and

eventual proposals for further studies of the t@pecpresented.

6.1 Discussion of the Results

Lamont and Frazzini (2007) documented an earnimg®@ncement premium in the U.S.
stock market that isldrge, robust and strongly related to the fact thalume surges around
announcement dategp. 2). By examining the monthly returns of thaluwe weighted
portfolio of companies expected to announce as aslihe monthly returns for companies
not expected to announce, they found that U.Skgtdces rise in average around earnings
announcements. Based on predicted earnings anmoentedates, they test a trading
strategy consisting of holding a value-weightedtfptio of expected announcers while
selling short a value-weighted portfolio of expecteon-announcers. Lamont and Frazzini
(2007) document that this trading strategy earmesx returns of between 7 and 18 percent
per year. The positive excess returns, they claiam w©ot be explained by the factors
included in the Carhart (1997) four-factor modeledadured by the Sharpe-ratio, their

trading-strategy generates higher risk-adjustedrmst over the sample period than other
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popular stock market anomalies such as the momestategy. Lamont and Frazzini
(2007) suggest that the documented earnings anement premium is driven by small
investor buying when an earnings announcement estttteir attention. They documented
that predictable increases in volume lead to ptedie increases in stock prices around
quarterly earnings announcement dates and tt@icepts such as liquidity, information
flow, heterogeneous beliefs, and short sale comgfaare potentially important in
understanding this connectidfp. 29). Uninformed investor trading activity cbmed with
imperfect arbitrage trading by informed sophistchinvestors is suggested as explanation

for the earnings announcement premium.

| test if a similar trading strategy generates sgaeturns at the Oslo Stock Exchange in the
time period between 1999 and 2007. At the last dfaynonth t-1, the monthly trading
strategy buys a value-weighted portfolio of stotkat are expected to announce their
guarterly earnings the coming month and sells shoglue-weighted portfolio of stocks that
are not expected to announce their earnings théengomonth. The expected announcement
dates are predicted by two different algorithmsnely the previous year method and the
fiscal year method. | test four versions of the ltf&ding strategy based on quarterly
earnings announcement dates predicted by the pieyigar method, and one version of the
L/S trading strategy based on the fiscal year eethad. Although not an implementable
trading strategy in practise, | also test if fowrsions of a value-weighted zero cost L/S
portfolio based on actual announcement dates gextel@verage statistically significant

excess returns relative to the three month Norwegraasury Bill.

| find that various versions of a L/S portfolio lbdson announcement dates forecasted by the
previous year method and by the fiscal year enchotkgenerate negative monthly average
excess returns over the sample period between d8@2007. It should be emphasised that
these results are not statistically significantjomimay be due to the somewhat short sample
period utilised in the empirical analysis. Someha& portfolios formed on the basis of actual
announcement dates seem to generate positive mogrhess returns. However, none of
these results are statistically significant. A lengsample period could therefore be
interesting in order to test whether or not somthefportfolios formed on the basis of actual
announcement dates could generate statisticallpifisigntly positive monthly excess
returns. In that case, better methods for predjati@rnings announcement dates could assist
in forming a L/S portfolio trading strategy genémgtpositive monthly excess returns over

the Norwegian Government three month Treasury bill.
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The results are robustness checked by comparingragiic averages of simple returns to
geometric averages of logarithmic returns. | penfeobustness checks of my results for all
the tested trading strategies as well as for thepsuiods, and find that the way the excess
returns are calculated do not affect the decissomot reject the zero-hypothesis; None of the
results are indicating that the zero hypotheseasingtthat the L/S portfolio trading strategy
can not earn excess returns greater than zerdyecegjected. There is no sign of an earnings
announcement premium at the Oslo Stock Exchandeeisample period between 1999 and
2007. In other words, | find no results that caeckthat the Oslo Stock Exchange is weak
form efficient. My results are in contrast to thasieLamont and Frazzini (2007) whose
results are not according with weak-form efficiemcyhe U.S. stock market.

6.2 The Presented Results and the Results of Lamont and
Frazzini (2007) versus the Market Efficiency Theory
Literature

In addition to the earnings announcement premiwveral stock market anomalies have
been documented by various empirical studies. Maoamenmean-reversal, calendar effects,
the value-effect and the size-effect are some efahomalies that have been discussed in
this thesis. However, when risk-adjusted, manyhef anomalies seem to disappear. Fama
and French presented an extended version of theMCHP1992 that, in addition to the
overall market risk-factor contained a risk faatelated to firm size and a risk-factor related
to a firm’s book-to-market value. Fama and Frerk®08) claim that several of the patterns
previously found in stock price data are explaingth their three-factor model. “Abnormal”
returns may hence in reality be a compensationnitneased risk related to trading on the
strategies based on patterns found in stock maldat Further, Fama (1998) suggest that
long-term market anomalies tend to disappear whenway they are measured changes.
Carhart (1997) introduced a forth risk-factor t@ thama and French three-factor model,
namely the momentum-factor. This factor is accordm@arhart (1997) capturing the one-
year momentum-anomaly discovered by Jegadeesh am&i(1993) and explaining the
cross-sectional variation in average stock returhe. results of Lamont and Frazzini (2007)
are not explained by the Carhart four-factor modell are considered abnormal in that

sense.
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Transaction costs, management fees, liquidity andstcaints such as short selling
constraints are often not considered in these esudWhen included, such costs and
constraints may eliminate the, considered abnormaarns generated by following a certain
trading strategy. In other words, returns, thafilst sight might seem abnormal, generated
by following a certain trading strategy, may inlityabe a compensation for the excess risk
or costs related to executing the trading stratégynont and Frazzini (2007) have not
considered these mentioned limits to arbitrageneirtanalysis. This is further discussed in

section 6.3.

Financial models and theories, such as the efticiearket theory, are often assuming
rational investors. Various studies have been sumsethin this text, and it is clear that
human behaviour is not always rational. By predgtiirrational investor behaviour,

behavioural finance theory aims to fill the gapwesn traditional finance theory and the
reality where investors with irrational behavioutist. Cognitive biases such as mental
accounting, herd behaviour, the representativebiess- the conservatism-bias, the
disposition-bias, overconfidence and forecastingrer may lead to irrational behaviour
amongst investors. Irrational investor driven nesumay hence provide an explanation for
abnormal returns. Lamont and Frazzini (2007) cléimat the main explanation for the
earnings announcement premium is uninformed diarmal demand by individual investors,

coupled with imperfect arbitrage by sophisticatewestors. Their results are not in

accordance with weak-form market efficiency in thes. stock market, in the sense that

historical information can be used to predict fatatock prices.

The efficient market hypothesis claims that it ipossible to ” beat the market” since stock
prices reflect all relevant information. In order frices to reflect all available information,
someone has to analyse the information availabteénmarket. Above market returns may
therefore be seen as a reward for the costs reflatadalysing stock price information. The
market efficiency paradox is hence built on the that an efficient stock market has to have
market participants believing that the market iffimient. Although exceptions exist, most
investors are not able to outperform the markéhélong term. The results presented in this
thesis can not reject market efficiency at the Oslo Stock Exchange: Noniegs
announcement premium is documented in the sampledpdetween 1999 and 2007.
However, the sample size and the sample periodediis too small for concluding whether

or not the Oslo Stock Exchange is an efficient markgeneral.
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Regarding market efficiency at the Oslo Stock Exgeamprevious studies have, with few
exceptions, not been able to reject that the OglokEExchange is efficient. Johansen (1995)
found a Friday effect and a Monday effect at théoC&ock Exchange in the time period
between 1984 and 1995. Also Holm (2007) documenisiday effect at the Oslo Stock
Exchange in the period between 1996 and 2005. Haweldm (2007) finds that the effect
has diminished over the last half of the studiedaoe Asland (2006) did not find evidence
for a December effect in the Norwegian stock mankehe period between 1999 and 2004.
Jensen (2006) found that a momentum strategy testdte Oslo Stock Exchange between
1996 and 2005 generated positive excess returhshéiuthe generated excess returns were
mainly compensation for systematic risk. Mykleb2007) found significant that a
momentum strategy tested at the Oslo Stock Exchgegerated positive returns for the
period between 1984 and 2006, but not for all setiepls. He claims that the obtained
positive returns are not explained by beta, butediks that other variables explaining risk
have not been considered. Mamelund (2006) claimshaee found evidence for an
overreaction at the Oslo Stock Exchange between B9@92005, indicating weak-form
market inefficiency. Akre and Rgsdal (2000) examit®w quickly new information is
incorporated in stock prices at the Oslo Stock Brge and their results are not indicating
market inefficiency at the Oslo Stock Exchange.

Some of previous studies conducted on Norwegiatkgidces are hence showing that when
risk adjusted, stock returns at the Oslo Stock heotehistorically been abnormal. With the
exception of Mamelund (2006), Johansen (1995) apldhH2007), the results of the above-
mentioned studies are indicating that the Oslo IStexchange is efficient. Regarding the
documented abnormal patterns, it should be empthsist transaction costs have not been
considered in their studies. In December 20000kle Stock Exchange joined the NOREX,
which claim that they haveote of the most effective surveillance system&amtorld.
NOREX' goal for the future istd be one of the world’s most efficient securitiegrkets.
One possibility is that the Oslo Stock Exchangelle®me more efficient since it joined the
NOREX. This is confirmed by Holm (2007) who found tththe Friday effect first
documented by Johansen (1995) has diminished 20@0, indicating that the Oslo Stock
Exchange has become more efficient since that. Aerafficient market at the Oslo Stock
Exchange would be in accordance with the finding&rde et al. (2005) who claim that
the usefulness of financial reporting for investtesling on the Oslo Stock Exchange has

increased over the later years. Further, increamadket efficiency at the Oslo Stock
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Exchange after year 2000 would be in accordance thélresults presented in this thesis in
the sense that no earnings announcement premiwocagmented in the sample period
between 1999 and 2007, whichn not rejeciveak form market efficiency at the Oslo Stock

Exchange.

6.3 Suggestions to why the Presented Results are
Contrasting to the Results of Lamont and Frazzini
(2007)

The found results are indicating that none of thetetk trading strategies are generating
monthly average statistically significant positivexcess returns over the Norwegian
Government three month Treasury bill over the sarpgteod. In contrary, most of the tested
L/S portfolio trading strategies are generatingat®g excess returns. However, the results
presented in this thesis are not statisticallyifiant. This is clearly related to the fact that
the sample period utilised in this analysis istreddy short. My findings are contrasting with
those of Lamont and Frazzini (2007) who found ttiet L/S portfolio trading strategy
generates statistically significant excess retwinbetween 7 and 18 percent per year over
the sample period from 1972 to 2004, contrastinidp wieak-form market efficiency in the
U.S. stock market. Theoretically, one would expdwet tmuch smaller and younger
Norwegian stock market, the Oslo Stock Exchangeegttess efficient than the much larger
and older U.S. stock market. This opens for a dsousof whether or not the Norwegian
stock market really is more efficient than the Usfck market, or if Lamont and Frazzini

(2007) have found random results.

Considering the efficiency of the two different dtamarkets, it has to be emphasised that
the Norwegian stock market is much smaller and noamecentrated than the U.S. stock
market. Given that there are fewer companies liatede Oslo Stock Exchange, and that the
amount of analyst firms analysing these stocks hgnevn over the later years, it is
reasonable to think that the amount of compangstsdiat the Oslo Stock Exchange being
analysed by at least one analyst company alsoncasaised over the later years. Especially
the large companies listed at the Oslo Stock Exahang analysed by at least one, and often
more than one, equity research analysts. A maipdcglative possible explanation for the
differing results is therefore that equity analgstmpanies, e.g. sophisticated investors,

expect small investor buying and consequently i@t#s away any eventual earnings
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announcement premium which is eventually causedthdiyidual investor attention-driven
demand around quarterly earnings announcemenite &4lo Stock Exchange. In that case,
like the “fashion leaders” described in section.2.5ophisticated investors aré&oht-
running” small investors byihitiating purchases of announcement stocks inntbeks prior

to an earnings announcemérftamont and Frazzini, 2007, p. 26-27). This is sistent
with efficient market theory: Sophisticated invest@re trading to eliminate predictable
returns, and hence smoothing stock prices, thatiaven by the predictable demand-shock

caused by small investors around earnings annolertesiates.

The sample period used by Lamont and Frazzini (200F)ch is from 1972 to 2004, is
much longer than the sample period used in thidystwhich is from 1999 to 2007. One
could consequently think that the chosen sampl®geén this study could have something
to do with the different results. However, LamomidaFrazzini (2007) reports that the
earnings announcement premium large and highly statistically significant acrosket
entire sample period, delivering between 40 and H2Bis points a month(p. 13).
Consequently, my results should not be dependetiteothosen sample period. Given the
fact that companies listed at the Oslo Stock Exchartg were required by law to announce
their earnings on a quarterly basis until year 2@vik, 2008), it would not make sense to
compare the period before year 2000 with the regilt amont and Frazzini (2007).

Some of the portfolios formed on the basis of dcimmouncement dates seem to generate
positive monthly excess returns. However, noneneé¢ results are statistically significant.
A longer sample period could therefore be intengstn order to test whether or not some of
the portfolios formed on the basis of actual anmeament dates could generate statistically
significantly positive monthly excess returns.hat was the case, a possible explanation for
the differing results presented in this thesishat tthe methods for predicting earnings
announcement dates utilised by Lamont and Frag2007) in the U.S. stock market are not

accurate enough for predicting earnings announcedateas in the Norwegian stock market.

Another possible explanation for the different fesus that the results of Lamont and
Frazzini are random. As mentioned in section 3ata-mining and data-snooping may
cause patterns that are not real to appear inaselaStamland, 2007). Considering that the
dataset utilised by Lamont and Frazzini (2007) =iaf U.S. stock prices between 1972
and 2004 that have been analysed by many finaectalomists, there is at least a possibility
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for data-mining; When a dataset is analysed a niams, it is likely that some patterns will
be found at some point.

Further, Lamont and Frazzini (2007) do not mentidmether or not they have removed
illiquid stocks from their sample. Due to the fawat they test whether or not trading volume
is connected with the earnings announcement premiure assumed that they have not
removed stocks with low trading volume from theangple. A possible explanation for the
earnings announcement premium is consequentlyptistive autocorrelation, as a result of

non-synchronous trading of illiquid stocks, hasutesl in the found patterns.

An additional problem related to including stockshwow trading volume in the sample is
that it makes the trading strategy less feasibleeal life. Especially, it is not realistic to

expect to be able to take short positions in sstattks with low trading volume.

Finally, Lamont and Frazzini (2007) have not coasid the transaction costs related to the
tested trading strategy. Given that each stock gunip and out of the long and the short
portfolio four times per year, relatively large nsaction costs are related to the tested
trading strategy. However, a good reason for natluging transaction costs when
considering whether or not a trading strategy tbecally generates positive excess returns,
is that trading costs are varying from investoimiestor. For example, a large institutional
investor will have very different transaction costgn a small, private investor. When
transaction costs are not included in a studyg therefore up to each investor to determine
whether or not his transaction costs will be lowean the potential profits by exploiting a

trading strategy claiming to generate positive abwab excess returns.

6.4 Critisism of the Presented Results and Potential
Sources of Error

There are several potential sources of error that Inaae affected the results presented in
this thesis. However, most of these sources ofr emmuld have been more important to
examine in the case of a rejected zero hypoth&sis. section goes roughly through the

most important potential sources of error.

The main potential source of error is that the dafarovided from different sources. While
return-data is provided from Bgrsprosjektet at NHtrnings announcement dates are
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provided from Bloomberg and the Oslo Stock ExchaNg&sWeb. The risk free rate is
provided from Reuters. The potential source of ecamsists of that the different sources
may have had different ways of collecting, proaggsind presenting the data. Most of these

problems are avoided due to the fact that montatg & used in the analysis.

Regarding the earnings announcement dates betv@&#hahd 2007, they have partly been
collected from the NewsWeb of the Oslo Stock Excleamad partly provided from
Bloomberg. Earnings announcements between 01.08.49@ July 1999 is sorted manually
from the Oslo Stock Exchange NewsWeb as well asnftbe dataset containing all
announcements ever made at the Oslo Stock Exchanogeded from Bgrsprosjektet. As
mentioned in section 4.2., Bloomberg coverage alriguly earnings announcement dates
between 1999 and 2007 proved to be somewhat irgtensi particularly for the years 2000
and 2001. | have therefore checked the Oslo Stoahd&hge NewsWeb for companies
where Bloomberg reports three earnings announceniemt year, in order to verify whether
there was a fourth earnings announcement that fggaeach of those companies. For
companies with large market capitalisation whereoBiberg does not report full earnings
announcement coverage for a given year | have ipeei® the same procedure. In other
words, a relatively large part of the dataset coneg the quarterly earnings announcement
dates is manually sorted. This presents a relgtisebe potential source of error in the
sense that some companies that in reality did amoexlitheir earnings four times in one
year, might have been excluded from the sample.evew given that the sample size varies
from 115 to 188, it is unlikely that a possiblelusion of more stocks in the sample would
lead to results very different from the presentesults. Also, the potential source of error
related to registering the wrong earnings annouecgate is minimised due to the fact that

monthly data is used in the analysis.

Another potential source of error regarding theniggys announcement dates is that some
companies listed at the Oslo Stock Exchange areusnmy their preliminary quarterly
earnings before they're announcing their final ¢grdy earnings. In many occasions, the
preliminary report contains the same numbers #éisdariinal report. It is therefore reasonable
to assume that the market is reacting to prelingiearnings announcements. The dates used
in my analysis are mostly final earnings announcesjeunless the only quarterly
announcement made for a company was preliminaryweder, preliminary quarterly
earnings and final quarterly earnings are oftenoannoed within the same month,

minimising this potential source of error.



91

Some of the companies listed at the Oslo Stock &xgh have A and B series of stocks with
different voting rights. This presents a potentialirse of error due to that this has been

manually adjusted.

Another potential source of error is autocorrelatmaused by non-synchronous trading.
Some of the stocks listed at the Oslo Stock Exchdmaye low trading volume, and were
considered to be removed from the sample due tgdséive autocorrelation stocks with
non-synchronous trading may cause in a portfohcther words, non-synchronous trading
may lead to patterns in the data that are notydh#re. However, Lamont and Frazzini
(2007) claim that trading-volume provides part d&ie texplanation for the earnings
announcement premium, thus all stocks with 12 previmonths of return-history is
included in the stock universe no matter theiritrgdvolume. Due to the fact that most of the
stocks with low trading volume at the Oslo Stock lkatage are small stocks, and that the
L/S portfolios are value-weighted, the importandettiese stocks is relatively small. In
addition, this potential source of error would hdeen more important to consider if the

zero-hypothesis were rejected, which is not the.cas

If the L/S portfolio trading strategy had generatgdtistically significant positive excess
returns, it would have been important to consid®ait$ to arbitrage of the tested trading
strategy. The most relevant potential limits to @&ge related to the L/S portfolio trading
strategy is related to transaction costs and iftkdreor not the trading strategy is feasible in
real life. Regarding whether or not the tradingitgtgy is feasible in real life, it is important
to mention that taking short positions in small dads liquid stocks at the Oslo Stock
Exchange probably would introduce problems.

6.5 Proposal of Further Studies of This Topic

Some of the portfolios formed on the basis of dciimmouncement dates seem to generate
positive monthly excess returns. However, noneneé¢ results are statistically significant.
It could therefore be interesting to examine a @rngpmple period, in order to test whether
or not some of the portfolios formed on the badisactual announcement dates could
generate statistically significantly positive mdgtrexcess returns. In that case, better
methods for predicting earnings announcement dateksl assist in forming a L/S portfolio
trading strategy generating positive excess retukrsiggested further study of this topic is
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therefore to test if the portfolios formed on thasis of actual announcement dates generates
statistically significant positive excess returngtoa longer sample period.

A suggested method for predicting earnings annaueog dates in the case of a rejected
zero-hypothesis A for portfolios based on actualcamcement dates over a longer sample
period is the following: If a substantial amounttbé companies listed at the Oslo Stock
Exchange are announcing an earnings announcementea] it could be interesting to test
a L/S trading strategy based on those dates. kr @tbrds, it could be interesting to test if a
trading strategy holding stocks scheduled to anoeuheir earnings while selling short
stocks not scheduled to announce their earningfd cgenerate positive excess returns.
However, companies listed at the Oslo Stock Exchavege not required to announce their
earnings on a quarterly basis until year 2000 (Ry2008) , so looking at the period before
year 2000 would mean that rather than testingeifehs an earnings announcement premium
at the Oslo Stock Exchange, one would test if thexe an earnings announcement premium
associated with companies choosing to announce ¢aenings on a quarterly basis. The
companies choosing to announce their earnings quasterly basis could have company
specific characteristics, meaning that one woultitest if there in general is an earnings

announcement premium at the Oslo Stock Exchange.

A second possibility is to sort the dataset comdgirall announcements ever made at the
Oslo Stock Exchange with more accuracy, and redonhole data analysis. As mentioned
in section 6.4., a potential source of error ig 8ne of the data is manually sorted, which
may have conducted to exclusions of stocks thegatity had four earnings announcements
one year. However, given that the sample size sdr@am 115 to 188, it is unlikely that a
possible inclusion of more stocks in the sampleldi¢ead to results very different from the

results presented in this thesis.
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7. Conclusion

Lamont and Frazzini (2007) document that a traditigtegy consisting of buying every
stock expected to announce within the coming mamt selling short every stock not
expected to announce the coming month earns exeesss of between 7 and 18 percent
per year in the U.S. stock market between 1972280d. The positive excess returns, they
claim, can not be explained by the factors inclustethe Carhart (1997) four-factor model.
Lamont and Frazzini (2007) claim that the main arption for the earnings announcement
premium is uninformed or irrational demand by indal investors, coupled with imperfect
arbitrage by sophisticated investors. Their resates not in accordance with weak-form
market efficiency in the U.S. stock market in tlese that historical information can be
used to predict future stock prices. In this theslated trading strategies based on predicted
qguarterly earnings announcement dates are test€klat Stock Exchange in the period

between 1999 and 2007 with the following zero-hizpsts:

A) Ho: Average monthly excess returns L/S portfolio = 0
H1: Average monthly excess returns L/S portfolio > 0

B) Ho: Average monthly abnormal returns L/S portfolio = 0
Hi: Average monthly abnormal returns L/S portfolio > 0

Zero-hypothesis A is not rejected for any of thetad L/S portfolio trading strategies.

Subsequently, zero-hypothesis B has not been tastdus thesis. The presented results
show that the large majority of the tested L/S fotid strategies based on predicted earnings
announcement dates are generating negative mamntbhage excess returns. However, these

results are not statistically significant.

The results of the conducted analysis show no @ earnings announcement premium
at the Oslo Stock Exchange in the sample perioddet 1999 and 2007. The sample size
and the sample period is too short for making segerconclusion about whether or not the
Oslo Stock Exchange is an efficient market. Newadetss, in accordance with the results of
Akre and Rgsdal (2000), Asland (2006), Jensen (R@08&I the aim of NOREX, my results
can notreject market efficiency at the Oslo Stock Exchange inghmple period between
1999 and 2007.
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The main reasons for that the presented resultditieeing from the results of Lamont and
Frazzini (2007) may be related to the possibilitgttthe dataset of earnings announcement
dates utilised in the analysis is not represerdgatdr the sample period regarding the real
coverage of earnings announcement dates. Anotheéredatively speculative, explanation is
that if there is an eventual earnings announcemesthium at the Oslo Stock Exchange,
sophisticated investors trading in the Norwegiartlstmarket may have managed to fully
exploit the arbitrage opportunity by “front-runninthe individual irrational or uninformed
investors. Finally, there is a possibility that thatterns found by Lamont and Frazzini
(2007) are random, and caused by for example datergn and that the earnings

announcement premium consequently does not existality.

Conclusively, | would not recommend following thareings announcement premium
trading strategy of Lamont and Frazzini (2007 hat®slo Stock Exchange.
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Appendix

7.1 Full list of Companies with 4 announcements

ACL

AGR
AIK
AKE
ALV
ALX

AMA

ARK
AVA

AVE
AWS
AXI
BBA
BEA

BMA
BNR

BON
BRA
BSH
CAG

CHS

CKR

COL
Ccov

DNBNOR
DNO
DOF
DYN
EDB

EKJ
EKO
ELK

EME

Companies with 4 announcements in 1998

Atlantic Container
Line

Agresso Group
Aktiv Kapital
Aker RGI A
Alvern

Altinex

Aker Maritime

ARK
Avantor

Avenir

Awilco ser. A

Axis Biochemicals
Bergensbanken
Bergesen d.y ser. A

Byggma

Bergen Nordhordland
Rutelag

Bonheur

Braathens

Bona Shipholding
Computer Advances

Choice Hotels
Scandinavia

Chr. Bank og
Kreditkasse
Color Group
ContextVision

DnB NOR

DNO

District Offshore
Dyno

EDB - Elekt.
Databeh.

Elkjp

Ekornes

Elkem

Ementor

HEX

HIT
HJE
HYD
IBY
IGNIS

IMSK

IPL
JIN

KBK
KEN
KIT
KLI
KOA

KVI
LEG

LHO
LIN

MBN
MDX

MHO

MING

MORG
MSL

NAV
NBK
NCL
NCO
NER

NHY
NLD
NOD

NONG

Hexagon Composites

Hitec
Hjellegjerde
Hydralift

IBY Eiendom
Ignis

I.M. Skaugen

Iplast

Jinhui Shipping and
Transport
KredittBanken
Kenor

Kitron gammel
Klippen Invest

Kongsberg
Automotive
Kvrner

Legra

Leif Hegh & Co
Linde-Group
MediaBin
Mindex

Media Holding

Sparebanken Midt-
Norge
Sparebanken Mre
Mosvold Shipping
Ltd.

Navia
Nordlandsbanken
NCL Holding
Norcool Holding
Nera

Norsk Hydro

Norsk Lotteridrift
Nordic
Semiconductor
Sparebanken Nord-
Norge

PRS

PRV
PRX
RANG
RAU
RCL

RING

RNA
ROGG

SADG
SANG
SASB
SCH
SClI

SEL
SEN

SFJ
SLA
SME
SNOG

SOFF

SPC

SST
STB

STN
SUO
SVEG
TAA
TAD

TAT
TCA
TEC

TGS

Prosafe

Provida

Proxima
Sparebanken Rana
Raufoss

Royal Caribbean
Cruises

Ringerikes
Sparebank

Reitan Narvesen

Sparebanken
Rogaland

Sandnes Sparebank
Sandsvr Sparebank
SAS Norge B
Schibsted

Scana Industrier

Selmer
SensoNor

DSND Subsea

SE Labels gammel
Smedvig ser. A
Gjensidige NOR
Sparebank
Solstad Offshore

SPCS-Gruppen

Steen & Strm
Storebrand

Stento
SuperOffice
Sparebanken Vest
Tandberg
Tandberg Data

Tandberg Television
Telecast
Technor

TGS-NOPEC
Geophysical
Company
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EVE
FAR
FIN

FOE
FOK
FOT

FRO
GOD
GRE
GRO
HAG

Evercom Network
Farstad Shipping
Finansbanken

Fred. Olsen Energy
Fokus Bank
First Olsen Tankers

Frontline
Goodtech
Gresvig
Ganger Rolf
HG

Total 132 Companies

Table 17: Companies with 4 announcements in 1998

NOR
NOV
NSG

NTC
NWS
OCR

ODF
ORC
PDR
PFI

PGS

Norman

Norsk Vekst
Norske
Skogindustrier
NetCom

Norway Seafoods
Ocean Rig

Odfjell ser. A

Oslo Reinsurance Co
Petrolia Drilling

P4 Radio Hele Norge
Petroleum Geo-
Services

THR
TOM
TOTG

TTS
ULS
UNS

uTo
WAT
VEI
VIS
VSBG

Thrane-Gruppen
Tomra Systems
Totens Sparebank

TTS Marine

Ulstein Holding
Ugland Nordic
Shipping

Unitor

Waterfront Shipping
Veidekke

Visma

SpareBanken
Vestfold
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ACL

AGR
AIK
ALV
AMA
ASC
AURG
AVA
AVE
BBA
BEA

BET
BLO
BNR

BRA
CAG
CKR

DNO
DOF

DYN
EKJ

EKO
ELK

ELT

EME
EVE
FAR
FOE
FOT

GOD
GRE
HAG
HEX
HJE
IFB
IFN

IGNIS

Companies with 4 announcements in 1999

Atlantic Container
Line

Agresso Group
Aktiv Kapital

Alvern

Aker Maritime

ABG Sundal Collier
Aurskog Sparebank
Avantor

Avenir
Bergensbanken
Bergesen d.y ser. A

Benor Tankers

Blom

Bergen Nordhordland
Rutelag

Braathens

Computer Advances
Chr. Bank og
Kreditkasse

DNO

District Offshore

Dyno
Elkjp
Ekornes
Elkem

Eltek

Ementor

Evercom Network
Farstad Shipping
Fred. Olsen Energy
First Olsen Tankers

Goodtech
Gresvig
HG

Hexagon Composites
Hjellegjerde
Industrifinans
Boligeiendom
Industrifinans
Nringseiendom

Ignis

KBK

KEN
KIT
KOG
KVI
LHO
LUX
MDX
MELG
MHG
MING

MOE
MORG
MSL

NAV
NBK
NCL

NER
NESG

NHY
NIS

NLD
NOD

NONG

NOR
NOV
OCR
ODF
OTR

PDR
PFI
PGS
PLUG
PRO
PRV
RANG

RAU

KredittBanken

Kenor

Kitron

Kongsberg Gruppen
Kvrner

Leif Hegh & Co
Luxo

Mindex

Melhus Sparebank
Pan Fish
Sparebanken Midt-
Norge

Moelven Industrier
Sparebanken Mre
Mosvold Shipping
Ltd.

Navia
Nordlandsbanken
NCL Holding

Nera

Nes Prestegjelds
Sparebank

Norsk Hydro
NAVIS

Norsk Lotteridrift
Nordic
Semiconductor
Sparebanken Nord-
Norge

Norman
Norsk Vekst
Ocean Rig
Odfjell ser. A
Otrum

Petrolia Drilling

P4 Radio Hele Norge
Petroleum Geo-
Services

Sparebanken Pluss
Profdoc
Provida

Sparebanken Rana

Raufoss

ROGG

ROX
SADG
SASB
SCH
SClI
SEL
SEN
SFJ
SFM
SMA

SME
SNIB
SNOG

SOl
SST
STB

STN
SUO

SVEG
TAA
TAD
TEC

TGS

TOM
TOTG
TSH
TTS
UNS

uTo
WAT
WBS
VEI
VIS
VME
VSBG

VVL

Sparebanken
Rogaland

Roxar

Sandnes Sparebank
SAS Norge B
Schibsted
Scana Industrier
Selmer
SensoNor
DSND Subsea
Synnve Finden
Stavdal

Smedvig ser. A
Stolt-Nielsen B
Gjensidige NOR
Sparebank
Software Innovation
Steen & Strm
Storebrand

Stento
SuperOffice

Sparebanken Vest
Tandberg
Tandberg Data
Technor

TGS-NOPEC
Geophysical
Company

Tomra Systems
Totens Sparebank
Team Shipping
TTS Marine
Ugland Nordic
Shipping

Unitor

Waterfront Shipping
Western Bulk
Shipping
Veidekke

Visma

VMetro

SpareBanken
Vestfold

Voss Veksel- og
Landmandsbank
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ITE Itera Consulting
Group

JIN Jinhui Shipping and
Transport

Total 115 Companies

RCL

RING

Royal Caribbean
Cruises
Ringerikes
Sparebank

Table 18: Companies with 4 announcements in 1999
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AAV

ACL

AFG
AFK

AIK
ALX

AMA

ATG

AURG

AVA
AWS
BEA
BEL
BLO
BNB

BON
BRA

CKR

Cov

DNBNOR
DNO
DOF

EKO
ELK
ELT
EME

ENI
EVE

FAR
FOE

FSL

GOD
GRE

Companies with 4 announcements in 2000

Adresseavisen

Atlantic Container
Line

AF Gruppen
Arendals
Fossekompani
Aktiv Kapital
Altinex

Aker Maritime

Andvord Tybring-
Gjedde

Aurskog Sparebank

Avantor

Awilco ser. A
Bergesen d.y ser. A
Belships

Blom

Bolig- og
Nringsbanken
Bonheur

Braathens

Chr. Bank og
Kreditkasse

ContextVision

DnB NOR
DNO
DOF

Ekornes
Elkem
Eltek
Ementor

Enitel
Evercom Network

Farstad Shipping
Fred. Olsen Energy

Fesil

Goodtech
Gresvig

IFN

IGE

IGNIS
IMSK

INM
ISSG

ITE

KBK

KEN

KIT
KLI
KOG
KVE
LHO
LUX

MHG
MING

MORG

MSL

NBK
NER
NESG

NHY
NIS
NKI
NOD

NOL
NONG

NOV
NSG

OCR

ODF
OLT

Industrifinans
Nringseiendom

Int. Gold Exploration

Ignis
I.M. Skaugen

Inmeta

Indre Sogn
Sparebank
Itera Consulting
Group
KredittBanken

Kenor

Kitron

Klippen Invest
Kongsberg Gruppen
Kverneland

Leif Hegh & Co
Luxo

Pan Fish
Sparebanken Midt-
Norge
Sparebanken Mre

Mosvold Shipping
Ltd.
Nordlandsbanken
Nera

Nes Prestegjelds
Sparebank

Norsk Hydro
NAVIS

Norsk Kjkkeninvest
Nordic
Semiconductor
Nortrans Offshore
Sparebanken Nord-
Norge

Norsk Vekst
Norske
Skogindustrier
Ocean Rig

Odfjell ser. A
Olav Thon
Eiendomsselskap

RANG

RAU

RCG
RCL

RIC
RIE

RING

RNA

ROGG

ROX
SADG
SANG
SASB
SCH
SClI

SFJ
SFM

SME

SNOG

SOFF
SOl
SPC

STA
STB
SUO
SVEG

SWR
TAA

TAD
TEC

TGS

TOM
TOTG

Sparebanken Rana

Raufoss

RC Gruppen
Royal Caribbean
Cruises

Rica Hotels
Rieber & Sn

Ringerikes
Sparebank
Reitan Narvesen

Sparebanken
Rogaland

Roxar

Sandnes Sparebank
Sandsvr Sparebank
SAS Norge B
Schibsted

Scana Industrier

DSND Subsea
Synnve Finden

Smedvig ser. A

Gjensidige NOR
Sparebank

Solstad Offshore
Software Innovation
SPCS-Gruppen

Stavanger Aftenblad
Storebrand
SuperOffice
Sparebanken Vest

Swan Reefer
Tandberg

Tandberg Data
Technor

TGS-NOPEC
Geophysical
Company

Tomra Systems
Totens Sparebank
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GRR
HAG
HJE

HNA

Green Reefers
HG
Hjellegjerde

Hafslund ser. A

HSPG Hland Sparebank

HSU
HYD

IFB

Havila Supply
Hydralift

Industrifinans
Boligeiendom

Total 123 Companies

Table 19: Companies with 4 announcements in 2000

OTR
PCL
PDR

PFI
PGS

PLUG
PRO

PRS

Otrum
PC LAN
Petrolia Drilling

P4 Radio Hele Norge
Petroleum Geo-
Services

Sparebanken Pluss
Profdoc

Prosafe

TSH
TTS
UNS

uTo
VEI

VME
VSBG

Team Shipping
TTS Marine
Ugland Nordic
Shipping
Unitor
Veidekke

VMetro
SpareBanken
Vestfold

Voss Veksel- og
Landmandsbank
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ACL
AFG

AFK

AIK

AMA
ASC
AURG
AWS
BEA
BEL
BLO
BMA
BNR

BON

DAT
DNO
EKO
ELK

ELT
EME
EVE
EXPERT
FJO

FLOG

FOE

FOS
FSL

GRE

GRO

HAG
HELG
HEX
HJE
HNA
HSPG

Companies with 4 announcements in 2001

Adresseavisen
Atlantic Container
Line

AF Gruppen

Arendals
Fossekompani

Aktiv Kapital

Aker Maritime

ABG Sundal Collier
Aurskog Sparebank
Awilco ser. A
Bergesen d.y ser. A
Belships

Blom

Byggma

Bergen Nordhordland
Rutelag

Bonheur

Data Respons
DNO

Ekornes
Elkem

Eltek

Ementor

Evercom Network
Expert

Fjord Seafood

Sparebanken Flora-
Bremanger

Fred. Olsen Energy

Fosen Trafikklag
Fesil

Gresvig

Ganger Rolf

HG

Helgeland Sparebank
Hexagon Composites
Hjellegjerde

Hafslund ser. A
Hland Sparebank

IMSK

INM
INN

INVEST

ITE

JIN
KBK
KEN
KLI
KOG
KOM
KVE
KVI
LHO

LOI

LUX
MELG
MHG
MING

MOE
MORG
NBK
NEC
NESG

NHY

NOD

NOF
NONG

NOW

NSG

NUT
OCR
ODF
OFL

ORK
OSH

I.M. Skaugen

Inmeta
Intellinet

Investra

Itera Consulting
Group

Jinhui Shipping and
Transport
KredittBanken
Kenor

Klippen Invest
Kongsberg Gruppen
Komplett
Kverneland

Kvrner

Leif Hegh & Co

Loki

Luxo

Melhus Sparebank
Pan Fish
Sparebanken Midt-
Norge

Moelven Industrier
Sparebanken Mre
Nordlandsbanken
Norse Energy Corp.
Nes Prestegjelds
Sparebank

Norsk Hydro

Nordic
Semiconductor
Northern Offshore
Sparebanken Nord-
Norge

Nordic Water Supply

Norske
Skogindustrier
Nutri Pharma
Ocean Rig

Odfjell ser. A
Office Line

Orkla

OfficeShop Holding

PRS

RCL
RIC

RIE

RING

ROGG
ROX
SADG
SANG
SCH
SCI
SLA
SME
SNOG

SNS

SOFF
SOl

SOLV
SPOG

SST
STB
STP
SVEG
TAA

TAT

TCO

TEC
TEL

TGS

TOM

TOR
TOTG
TTS
uTo
VEI
VIS

Prosafe

Royal Caribbean
Cruises

Rica Hotels

Rieber & Sn
Ringerikes
Sparebank
Sparebanken
Rogaland

Roxar

Sandnes Sparebank
Sandsvr Sparebank
Schibsted

Scana Industrier
SE Labels

Smedvig ser. A
Gjensidige NOR
Sparebank

Sense
Communications
International
Solstad Offshore
Software Innovation
Solvang
Sparebanken st

Steen & Strm
Storebrand
Stepstone
Sparebanken Vest
Tandberg

Tandberg Television

TeleComputing

Technor
Telenor

TGS-NOPEC
Geophysical
Company
Tomra Systems

Tordenskjold
Totens Sparebank
TTS Marine
Unitor

Veidekke

Visma
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HSU Havila Supply

HYD Hydralift

IFN Industrifinans
Nringseiendom

IGNIS Ignis

IGR iGroup

Total 123 Companies

Table 20: Companies with 4 announcements in 2001

OTR
PFI

PGS
PHO

PLUG

Otrum
P4 Radio Hele Norge

Petroleum Geo-
Services

PhotoCure

Sparebanken Pluss

VME
VOI
VSBG

WWI

VMetro

Voice
SpareBanken
Vestfold

Wilh. Wilhelmsen ser.
A

Voss Veksel- og
Landmandsbank
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ACTA

AFG

AFK
AIK

ALX
APR

ASC

ATG

AURG
AVA

AWS

BEA

BEL

BLO
BMA
BNB

BNR

BON
BOR
Ccov
CRP

DAT
DNBNOR
DNO
DOF
DOM
EKO

ELK

ELT

EME
EXE
EXPERT

Companies with 4 announcements in 2002

Adresseavisen
Acta Holding

AF Gruppen
Arendals
Fossekompani
Aktiv Kapital
Altinex
A-pressen

ABG Sundal Collier

Andvord Tybring-
Gjedde

Aurskog Sparebank
Avantor

Awilco ser. A
Bergesen d.y ser. A

Belships

Blom

Byggma

Bolig- og
Nringsbanken
Bergen Nordhordland
Rutelag

Bonheur

Borgestad
ContextVision
Crystal Production

Data Respons
DnB NOR
DNO

DOF
Domstein
Ekornes
Elkem

Eltek

Ementor
Exense
Expert

HYD

IFB

IFN

IGE
IGNIS
IGR
IMSK

INM

INVEST

ISSG
ITE

JIN

KBK

KDP

KEN
KIT
KLI

KOG

KOM
KVE
KVI
LHO

LIN
LOI
LUX
MBN
MEF
MELG
MHG
MING

NBK
NEC
NER

Hydralift
Industrifinans
Boligeiendom

Industrifinans
Nringseiendom

Int. Gold Exploration
Ignis

iGroup

I.M. Skaugen

Inmeta

Investra

Indre Sogn
Sparebank

Itera Consulting
Group

Jinhui Shipping and
Transport
KredittBanken

Kristiansand
Dyrepark
Kenor

Kitron

Klippen Invest

Kongsberg Gruppen

Komplett
Kverneland
Kvrner

Leif Hegh & Co

Linde-Group

Loki

Luxo

MediaBin
Mefjorden

Melhus Sparebank
Pan Fish
Sparebanken Midt-
Norge
Nordlandsbanken
Norse Energy Corp.
Nera

PGS

PHO

PLUG

PRO
PRS
RANG
RAU

RCL

RGT

RIC
RIE

RING

ROGG

ROX

SADG
SANG
SCH

SClI

SFM
SKI

SME
SNS

SOFF
SOLV
SPOG
SRI
SST
STA
STB
STL

STP
SUO
SVEG

Petroleum Geo-
Services

PhotoCure
Sparebanken Pluss

Profdoc
Prosafe
Sparebanken Rana
Raufoss

Royal Caribbean
Cruises

Rocksource

Rica Hotels
Rieber & Sn

Ringerikes
Sparebank
Sparebanken
Rogaland

Roxar

Sandnes Sparebank
Sandsvr Sparebank
Schibsted

Scana Industrier

Synnve Finden
Skiens Aktiemlle
Smedvig ser. A
Sense
Communications
International
Solstad Offshore
Solvang
Sparebanken st
Star Reefers Inc.
Steen & Strm
Stavanger Aftenblad
Storebrand
Statoil

Stepstone
SuperOffice
Sparebanken Vest
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FAR

FAST

FDR

FJO
FOE

FOS

GGS
GOD
GRE

GRO
GRR
GYL
HAG
HELG

HEX
HJE

HNA

HND

HSPG
HSU

Farstad Shipping

Fast Search &
Transfer

Frontier Drilling

Fjord Seafood
Fred. Olsen Energy

Fosen Trafikklag

Global Geo Services
Goodtech
Gresvig

Ganger Rolf

Green Reefers
Gyldendal

HG

Helgeland Sparebank

Hexagon Composites
Hjellegjerde

Hafslund ser. A
Hands

Hland Sparebank
Havila Supply

Total 157 Companies

Table 21: Companies with 4 announcements in 2002

NESG

NHY

NOD

NOF
NONG

NOR

NOV
NOW
NSG

NUT
OCR
ODF
OFL
OLT

ORK
OSH

OTR

PDR

PEL
PFI

Nes Prestegjelds
Sparebank

Norsk Hydro

Nordic
Semiconductor
Northern Offshore
Sparebanken Nord-
Norge

Norman

Norsk Vekst

Nordic Water Supply
Norske
Skogindustrier

Nutri Pharma

Ocean Rig

Odfjell ser. A
Office Line

Olav Thon
Eiendomsselskap
Orkla

OfficeShop Holding

Otrum
Petrolia Drilling

Pan Pelagic
P4 Radio Hele Norge

TAA

TAT

TCO

TEC
TEL

TGS

TOM
TOR
TOTG

TTS
uTo
VEI
VIS
VME

VOI
VSBG

WWI

Tandberg
Tandberg Television

TeleComputing

Technor
Telenor

TGS-NOPEC
Geophysical
Company

Tomra Systems
Tordenskjold
Totens Sparebank

TTS Marine
Unitor
Veidekke
Visma
VMetro

Voice

SpareBanken
Vestfold

Wilh. Wilhelmsen ser.
A

Voss Veksel- og
Landmandsbank
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AAV
ACTA

AFG

AFK
AIK
ALX

APP

ASC

ATG

AURG
AVA

BEL

BIRD
BLO
BMA
BNB

BON
BOR
cov
DAT
DNBNOR
DNO
DOF
DOM
EKO

ELK

ELT
EME

EXE
EXPERT
FAR

FAST

FDR

FJO
FOE

Companies with 4 announcements in 2003

Adresseavisen
Acta Holding

AF Gruppen
Arendals
Fossekompani
Aktiv Kapital
Altinex

Apptix

ABG Sundal Collier

Andvord Tybring-
Gjedde

Aurskog Sparebank
Avantor

Belships

Birdstep Technology
Blom

Byggma
Bolig- og
Nringsbanken
Bonheur
Borgestad
ContextVision
Data Respons
DnB NOR
DNO

DOF
Domstein
Ekornes
Elkem

Eltek
Ementor

Exense
Expert
Farstad Shipping

Fast Search &
Transfer

Frontier Drilling

Fjord Seafood
Fred. Olsen Energy

HOLG
HSPG

IFN

IGE
IGNIS
IMSK

INM

ISSG

ITE

JIN
KBK

KDP

KEN
KIT
KLI
KOG

KOM
KVE
KVI
LIN
LSG
LUX
MEF
MELG
MHG
MING

MORG
NAM

NEC
NER
NESG

NHY

NOD

NOF
NONG

Hol Sparebank
Hland Sparebank

Industrifinans
Nringseiendom

Int. Gold Exploration
Ignis
I.M. Skaugen

Inmeta

Indre Sogn
Sparebank

Itera Consulting
Group

Jinhui Shipping and
Transport
KredittBanken

Kristiansand
Dyrepark

Kenor

Kitron

Klippen Invest
Kongsberg Gruppen

Komplett
Kverneland

Kvrner
Linde-Group

Lery Seafood Group
Luxo

Mefjorden

Melhus Sparebank
Pan Fish
Sparebanken Midt-
Norge
Sparebanken Mre
Namsos
Trafikkselskap
Norse Energy Corp.
Nera

Nes Prestegjelds
Sparebank

Norsk Hydro

Nordic
Semiconductor
Northern Offshore
Sparebanken Nord-
Norge

PRO
PRS

PSI

QFR
RANG
RAU

RCL

RGT
RIC

RIE
RING

ROGG

SADG
SANG
SCH
SCI

SFM
SIN
SKI
SME
SOFF
SOl
SOLV
SPOG
SRI
SST

STA
STB

STL
STP
SUB

SUO

SVEG

TAA
TAD

Profdoc
Prosafe

PSI Group

Q-Free
Sparebanken Rana
Raufoss

Royal Caribbean
Cruises

Rocksource
Rica Hotels

Rieber & Sn
Ringerikes
Sparebank
Sparebanken
Rogaland

Sandnes Sparebank
Sandsvr Sparebank
Schibsted

Scana Industrier

Synnve Finden
Sinvest

Skiens Aktiemlle
Smedvig ser. A
Solstad Offshore
Software Innovation
Solvang
Sparebanken st
Star Reefers Inc.
Steen & Strm

Stavanger Aftenblad
Storebrand

Statoil
Stepstone
Subsea 7

SuperOffice

Sparebanken Vest

Tandberg
Tandberg Data
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FOS
FRO
FSL

GGS
GOD

GOL
GRE
GRO

GRR
GYL
HAG
HELG
HEX

HJE

HNA

HND

Fosen Trafikklag
Frontline
Fesil

Global Geo Services
Goodtech

Golar LNG
Gresvig
Ganger Rolf

Green Reefers
Gyldendal

HG

Helgeland Sparebank
Hexagon Composites

Hjellegjerde
Hafslund ser. A

Hands

Total 152 Companies

Table 22: Companies with 4 announcements in 2003

NOR
NOV
NSG

NUT
OCR

ODF
OFL
OLT

OPC
ORK
OTR
PDR
PFI

PGS

PHO

PLUG

Norman

Norsk Vekst
Norske
Skogindustrier
Nutri Pharma

Ocean Rig

Odfjell ser. A

Office Line

Olav Thon
Eiendomsselskap
Opticom

Orkla

Otrum

Petrolia Drilling

P4 Radio Hele Norge

Petroleum Geo-
Services

PhotoCure

Sparebanken Pluss

TAT
TCO
TEC

TEL
TGS

TOM
TOTG
TTS

uTo
VEI
VIS
VME
VSBG

WWI

VVL

Tandberg Television
TeleComputing
Technor

Telenor
TGS-NOPEC
Geophysical
Company

Tomra Systems
Totens Sparebank
TTS Marine

Unitor

Veidekke

Visma

VMetro
SpareBanken
Vestfold

Wilh. Wilhelmsen ser.
A

Voss Veksel- og
Landmandsbank
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AAV

ACTA
AFG
AFK

AIK

ALX
APP
ASC

ATG

AURG
BEL
BIRD
BLO
BMA
BNB

BON
BOR
cov
DAT

DNBNOR
DNO

DOF
DOM
EID

EKO

ELK
ELT
EME

EXE

EXPERT
FAR

FAST

FJO

FOE
FOS

Companies with 4 announcements in 2004

Adresseavisen

Acta Holding
AF Gruppen
Arendals
Fossekompani

Aktiv Kapital

Altinex
Apptix
ABG Sundal Collier

Andvord Tybring-
Gjedde

Aurskog Sparebank
Belships

Birdstep Technology
Blom

Byggma

Bolig- og
Nringsbanken
Bonheur

Borgestad
ContextVision

Data Respons

DnB NOR
DNO

DOF
Domstein
Eidsiva Rederi
Ekornes

Elkem
Eltek
Ementor

Exense

Expert
Farstad Shipping

Fast Search &
Transfer

Fjord Seafood

Fred. Olsen Energy
Fosen Trafikklag

HNA

HND
HSPG
IGE

IGNIS

IMSK
INM
ISSG

ITE

KIT
KOG
KOM
KVE
KVI
LSG

LUX
MELG
MHG
MING

MORG
NAM

NAS
NEC
NER
NESG

NEXT
NHY
NOD

NONG

NOV
NSG

NUT

OCR

ODF
OFL

Hafslund ser. A

Hands
Hland Sparebank
Int. Gold Exploration

Ignis

I.M. Skaugen
Inmeta

Indre Sogn
Sparebank

Itera Consulting
Group

Kitron

Kongsberg Gruppen
Komplett
Kverneland

Kvrner

Lery Seafood Group

Luxo

Melhus Sparebank
Pan Fish
Sparebanken Midt-
Norge
Sparebanken Mre
Namsos
Trafikkselskap
Norwegian Air Shuttle
Norse Energy Corp.
Nera

Nes Prestegjelds
Sparebank
NextGenTel Holding
Norsk Hydro

Nordic
Semiconductor
Sparebanken Nord-
Norge

Norsk Vekst
Norske
Skogindustrier
Nutri Pharma

Ocean Rig

Odfjell ser. A
Office Line

RCL

RIC
RIE
RING

ROGG

SADG
SANG
SCH

SCI

SFM
SIN
SKI
SME
SOFF
SOl

SOLV
SPOG
SRI
SST

STB
STL

STP
SUB
SUO
SVEG

TAA
TAD
TAT

TCO

TEC
TEL

TFDS

TGS

TOM
TOTG

Royal Caribbean
Cruises

Rica Hotels

Rieber & Sn
Ringerikes
Sparebank
Sparebanken
Rogaland

Sandnes Sparebank
Sandsvr Sparebank
Schibsted

Scana Industrier

Synnve Finden
Sinvest

Skiens Aktiemlle
Smedvig ser. A
Solstad Offshore
Software Innovation

Solvang
Sparebanken st
Star Reefers Inc.
Steen & Strm

Storebrand
Statoil

Stepstone

Subsea 7
SuperOffice
Sparebanken Vest

Tandberg
Tandberg Data
Tandberg Television

TeleComputing

Technor
Telenor

Troms Fylkes
Dampskibsselskap
TGS-NOPEC
Geophysical
Company

Tomra Systems
Totens Sparebank
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FRO

FSL
GOD
GOL
GRE
GRO
GYL

HAG

HELG

HEX
HJE

Frontline

Fesil
Goodtech
Golar LNG
Gresvig
Ganger Rolf
Gyldendal

HG
Helgeland Sparebank

Hexagon Composites
Hjellegjerde

Total 136 Companies

Table 23: Companies with 4 announcements in 2004

OLT

OPC
ORK
OTR
PFI
PHO
PLUG

PRO
PRS

PSI
QFR

Olav Thon
Eiendomsselskap

Opticom

Orkla

Otrum

P4 Radio Hele Norge
PhotoCure
Sparebanken Pluss

Profdoc

Prosafe

PSI Group
Q-Free

TST

TTS
uTo
VEI
VIS
VME
VSBG

WWI

VVL

Tandberg Storage

TTS Marine
Unitor

Veidekke

Visma

VMetro
SpareBanken
Vestfold

Wilh. Wilhelmsen ser.
A

Voss Veksel- og
Landmandsbank
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AAV
ACTA

AFG
AFK

AIK
AKER

AKY

ALX

APP
ASC
ATG

AURG
BEL
BIRD
BJORGE
BLO
BMA
BON
BOR
CNS

cov
DAT

DNBNOR
DNO
DOF
DOM

EID
EKO
ELT

EME

EXE
EXPERT
FAR

FAST

FJO
FOE

Companies with 4 announcements in 2005

Adresseavisen
Acta Holding

AF Gruppen
Arendals
Fossekompani
Aktiv Kapital
Aker

Aker Yards

Altinex

Apptix

ABG Sundal Collier
Andvord Tybring-
Gjedde

Aurskog Sparebank
Belships

Birdstep Technology
Bjrge

Blom

Byggma

Bonheur

Borgestad
Conseptor

ContextVision
Data Respons

DnB NOR
DNO
DOF
Domstein

Eidsiva Rederi
Ekornes
Eltek

Ementor

Exense
Expert
Farstad Shipping

Fast Search &
Transfer

Fjord Seafood
Fred. Olsen Energy

HOLG
HSPG

IBAS
IGNIS

IMSK
INM

ISSG

ITE

KIT
KOG
KOM

KVE
LSG
LUX
MAMUT
MEC
MEDI
MELG
MHG
MING

MORG
NAM

NAS
NEC
NER
NESG

NEXT
NHY
NOD

NONG

NORMAN
NOV
NSG

NUT

OCR
ODF

Hol Sparebank
Hland Sparebank

IBAS Holding
Ignis

[.M. Skaugen
Inmeta

Indre Sogn
Sparebank

Itera Consulting
Group

Kitron

Kongsberg Gruppen
Komplett

Kverneland

Lery Seafood Group
Luxo

Mamut

Medicult

Medi-Stim

Melhus Sparebank
Pan Fish
Sparebanken Midt-
Norge

Sparebanken Mre
Namsos
Trafikkselskap
Norwegian Air Shuttle
Norse Energy Corp.
Nera

Nes Prestegjelds
Sparebank
NextGenTel Holding
Norsk Hydro

Nordic
Semiconductor
Sparebanken Nord-
Norge

Norman

Norsk Vekst

Norske

Skogindustrier
Nutri Pharma

Ocean Rig
Odfjell ser. A

QFR
RCL

RGT
RIC

RIE
RING

ROGG

SADG

SANG
SCH
SCI

SEVAN
SFM
SIN
SKI
SME
SNI
SOFF
SOl
SOLV

SPOG
SRI

SST
STB
STL
STP

SUB
SUO
SVEG

TAA

TAD
TAT
TCO

TEC

TEL
TFDS

Q-Free

Royal Caribbean
Cruises
Rocksource
Rica Hotels

Rieber & Sn
Ringerikes
Sparebank
Sparebanken
Rogaland

Sandnes Sparebank

Sandsvr Sparebank
Schibsted
Scana Industrier

Sevan Marine
Synnve Finden
Sinvest

Skiens Aktiemlle
Smedvig ser. A
Stolt-Nielsen
Solstad Offshore
Software Innovation
Solvang

Sparebanken st
Star Reefers Inc.

Steen & Strm
Storebrand
Statoil
Stepstone

Subsea 7
SuperOffice
Sparebanken Vest

Tandberg

Tandberg Data
Tandberg Television
TeleComputing

Technor

Telenor

Troms Fylkes
Dampskibsselskap
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FOS

FRO

FSL

GGS
GOD
GOL
GRE
GRO
GRR

GYL

HAG

HEX

HJE
HNA

Fosen Trafikklag

Frontline

Fesil

Global Geo Services
Goodtech

Golar LNG

Gresvig

Ganger Rolf

Green Reefers

Gyldendal

HG
Hexagon Composites

Hjellegjerde
Hafslund ser. A

Total 149 Companies

Table 24: Companies with 4 announcements in 2005

OFL

OLT

OPC
OPERA
ORK
OTR
PDR
PFI
PGS

PHO

PLUG

PRO

PRS
PSI

Office Line

Olav Thon
Eiendomsselskap
Opticom

Opera Software
Orkla

Otrum

Petrolia Drilling
P4 Radio Hele Norge
Petroleum Geo-
Services
PhotoCure

Sparebanken Pluss

Profdoc

Prosafe
PSI Group

TGS

TOM

TOTG
TST
TTS
uTo
VEI
VIS
VME

VSBG

WWI

VVL

YAR

TGS-NOPEC
Geophysical
Company
Tomra Systems

Totens Sparebank
Tandberg Storage
TTS Marine
Unitor

Veidekke

Visma

VMetro

SpareBanken
Vestfold

Wilh. Wilhelmsen ser.
A

Voss Veksel- og
Landmandsbank

Yara International
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AAV

ACTA
AFG
AFK

AIK
AKASA

AKER
AKS

AKY
ALX
APL
APP

ASC
AURG
AWO
BEL
BIOTEC

BIRD

BJORGE
BLO

BLU
BMA
BON
BOR
CECO
CEQ
CNS
Ccov
DAT

DEEP
DIAG

DNBNOR
DNO
DOF

DOM
EDRILL

EID

EKO

Companies with 4 announcements in 2006

Adresseavisen

Acta Holding
AF Gruppen
Arendals
Fossekompani
Aktiv Kapital
Aker American
Shipping

Aker

Aker Seafoods

Aker Yards
Altinex
APL

Apptix

ABG Sundal Collier
Aurskog Sparebank
Awilco Offshore
Belships

Biotec Pharmacon

Birdstep Technology

Bjrge
Blom

Bluewater Insurance
Byggma

Bonheur

Borgestad

Camillo Eitzen & Co
Cermagqg

Conseptor
ContextVision

Data Respons

DeepOcean
DiaGenic

DnB NOR
DNO
DOF

Domstein
Eastern Drilling

Eidsiva Rederi

Ekornes

GOD

GOGL
GOL
GRO

GRR
GYL

HAVI
HEX

HJE
HNA
HOLG
HSPG

IGNIS
IMAREX
IMSK
INM
ISSG

ITE

KIT
KOA

KOG
KOM
KVE
LSG
MAMUT
MEDI
MELG
MHG
MING

MORG
NAM

NAS
NEC
NESG

NHY
NOD

NONG

NORD

Goodtech

Golden Ocean Group
Golar LNG
Ganger Rolf

Green Reefers
Gyldendal

Havila Shipping
Hexagon Composites

Hjellegjerde
Hafslund ser. A
Hol Sparebank
Hland Sparebank

Ignis

IMAREX NOS

I.M. Skaugen
Inmeta

Indre Sogn
Sparebank

Itera Consulting
Group

Kitron

Kongsberg
Automotive Holding
Kongsberg Gruppen
Komplett
Kverneland

Lery Seafood Group
Mamut

Medi-Stim

Melhus Sparebank
Pan Fish
Sparebanken Midt-
Norge
Sparebanken Mre
Namsos
Trafikkselskap
Norwegian Air Shuttle
Norse Energy Corp.
Nes Prestegjelds
Sparebank

Norsk Hydro

Nordic
Semiconductor
Sparebanken Nord-
Norge

NorDiag

PGS

PHO
PLUG
PRO

PRS
PSI

QFR
RCL

REVUS
RGT
RIE
RING

SADG
SANG
SCH
SCI
SDRL

SEVAN

SFM
SIN

SIT
SKI
SOFF
SOl
SOLV
SRI
SST
STA
STB

STL
STP

SUB
SUO
SVEG

TAA
TAD

TAT

TCO

Petroleum Geo-
Services

Photocure
Sparebanken Pluss
Profdoc

Prosafe
PSI Group

Q-Free

Royal Caribbean
Cruises

Revus Energy
Rocksource

Rieber & Sn
Ringerikes
Sparebank
Sandnes Sparebank
Sandsvr Sparebank
Schibsted

Scana Industrier
Seadrill

Sevan Marine

Synnve Finden
Sinvest

Simrad Optronics
Skiens Aktiemlle
Solstad Offshore
Software Innovation
Solvang

Star Reefers Inc.
Steen & Strm
Stavanger Aftenblad
Storebrand

Statoil
Stepstone

Subsea 7
SuperOffice
Sparebanken Vest

Tandberg
Tandberg Data

Tandberg Television

TeleComputing
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ELT
EME

EXE
EXPERT
FAR
FARA
FAST

FOE
FOS

FRO

FSL

GAS

GGG

Eltek
Ementor

Exense
Expert

Farstad Shipping
Fara

Fast Search &
Transfer

Fred. Olsen Energy
Fosen Trafikklag

Frontline

Fesil

Bergesen Worldwide
Gas

Grenland Group

Total 153 Companies

Table 25: Companies with 4 announcements in 2006

NORGAN
NORMAN

NOV
NSG
NUT
OCR
ODF

ODIM
OLT

OPERA

ORK

OTR

PDR

Norgani Hotels
Norman

Norsk Vekst
Norske
Skogindustrier
Nutri Pharma

Ocean Rig
Odfjell ser. A

Odim

Olav Thon
Eiendomsselskap

Opera Software

Orkla
Otrum

Petrolia Drilling

TEL
TGS

TOM

TOTG

TST
TTS
VEI

WILS
VME

VSBG

WWI

YAR

Telenor
TGS-NOPEC
Geophysical
Company

Tomra Systems
Totens Sparebank

Tandberg Storage
TTS Marine
Veidekke

Wilson
VMetro

SpareBanken
Vestfold

Wilh. Wilhelmsen ser.
A

Voss Veksel- og
Landmandsbank

Yara International
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AAV

ACTA
AFG
AFK

AGR
AIK
AKASA

AKBM
AKD

AKER
AKFP

AKS
AKVA
AKY
APP

ASC

AURG

AUSS
AWO
BEL
BIOTEC
BIRD

BJORGE

BLO
BLU

BMA
BON
BOR

BWG
BWO
CECO
CEQ
CLAVIS
CcoD
COMROD

CONF
COP

Companies with 4 announcements in 2007

Adresseavisen

Acta Holding
AF Gruppen
Arendals
Fossekompani
AGR Group
Aktiv Kapital
Aker American
Shipping

Aker BioMarine
Aker Drilling

Aker

Aker Floating
Production
Aker Seafoods
AKVA Group
Aker Yards
Apptix

ABG Sundal Collier

Aurskog Sparebank

Austevoll Seafood
Awilco Offshore
Belships

Biotec Pharmacon
Birdstep Technology

Bjorge

Blom
Bluewater Insurance

Byggma
Bonheur
Borgestad

BWG Homes

BW Offshore Limited
Camillo Eitzen & Co
Cermaq

Clavis Pharma
Codfarmers

Comrod
Communication
Confirmit

Copeinca

GAS

GGG
GGS
GOD

GOGL
GOL
GRO

GRR
GYL

HAVI

HELG

HEX
HJE
HNA
HOLG

HRG

HSPG

IGNIS
IMAREX
IMSK
INM
IOX

ISSG

ITC
ITE

JACK
KIT
KOA

KOG
KOM
KVE
LSG
LUX
MAFA
MAMUT

MEDI
MELG

BW Gas

Grenland Group
Global Geo Services
Goodtech

Golden Ocean Group
Golar LNG
Ganger Rolf

Green Reefers
Gyldendal

Havila Shipping
Helgeland Sparebank

Hexagon Composites
Hjellegjerde

Hafslund ser. A

Hol Sparebank

Hurtigruten

Holand Sparebank

Ignis

IMAREX

I.M. Skaugen
Inmeta

InterOil Exploration
and Production
Indre Sogn
Sparebank
Intelecom Group
Itera Consulting
Group

Petrojack

Kitron

Kongsberg
Automotive Holding
Kongsberg Gruppen
Komplett
Kverneland

Leroy Seafood Group
Luxo

Marine Farms
Mamut

Medi-Stim
Melhus Sparebank

PGS

PHO
PLUG
POWEL

PRO
PRS
PSI

QFR
RCL

REC
REPANT

REVUS
RGT
RIE
RING

ROGG

RVSBG

SADG
SANG
SBX
SCH
SCI

SDRL

SEVAN
SFM

SIT
SKiI
SOFF

SOl
SOLV
SONG
SPOG
SRI
STA
STB

STL
STP

Petroleum Geo-
Services

Photocure
Sparebanken Pluss
Powel

Profdoc
Prosafe
PSI Group

Q-Free

Royal Caribbean
Cruises
Renewable Energy
Corporation

Repant

Revus Energy
Rocksource

Rieber & Son
Ringerikes
Sparebank
SpareBank 1 SR-
Bank

Rygge-Vaaler
Sparebank

Sandnes Sparebank
Sandsvar Sparebank
SeaBird Exploration
Schibsted

Scana Industrier

Seadrill

Sevan Marine
Synn?ve Finden

Simrad Optronics
Skiens Aktiem?lle
Solstad Offshore

Software Innovation
Solvang

Songa Offshore
Sparebanken Ost
Star Reefers Inc.
Stavanger Aftenblad
Storebrand

StatoilHydro
Stepstone
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cov
DAT

DEEP
DIAG

DNBNOR
DNO
DOF
DOFSUB

DOLP

DOM

ECHEM

EID
EIOF
EKO
ELT

EME
EMS

FAIR
FAKTOR
FAR
FARA
FAST
FOE
FOS

FRO
FUNCOM

ContextVision
Data Respons

DeepOcean
DiaGenic

DnB NOR

DNO International
DOF

DOF Subsea

Dolphin Interconnect
Solutions

Domstein

Eitzen Chemical

Eidsiva Rederi
Eidesvik Offshore
Ekornes

Eltek

Ementor

Eitzen Maritime
Services
Fairstar Heavy
Transport

Faktor Eiendom
Farstad Shipping
Fara

Fast Search &
Transfer

Fred. Olsen Energy
Fosen Trafikklag

Frontline
Funcom

Total 188 Companies

Table 26: Companies with 4 announcements in 2007

MHG
MING

MORG
NAM

NAS
NAVA
NEC
NESG

NHY

NOD

NONG

NORD
NORMAN
NPRO
NSG

NSTAT
NUT

OCR
ODF
ODIM
OILRIG
OLT
OPERA
ORK

OTR
PDR

Marine Harvest
Sparebanken Midt-
Norge
Sparebanken M?re
Namsos
Trafikkselskap
Norwegian Air Shuttle
Navamedic

Norse Energy Corp.
Nes Prestegjelds
Sparebank

Norsk Hydro

Nordic
Semiconductor

Sparebanken Nord-
Norge

NorDiag

Norman

Norwegian Property
Norske
Skogindustrier
Norstat

Nutri Pharma
Ocean Rig

Odfjell ser. A
Odim

Odfjell Invest
Olav Thon
Eiendomsselskap

Opera Software
Orkla

Otrum
Petrolia Drilling

SUB
SUO

SVEG
TAA

TAD
TCO

TECO
TEL

TELIO

TGS

TIDE

TOM
TOTG
TPO
TREF

TROLL
TST

TTS
VEI
WILS
VME
VSBG
WWI
VVL

YAR

Subsea 7
SuperOffice

Sparebanken Vest
Tandberg

Tandberg Data
TeleComputing
Teco Maritime
Telenor

Telio Holding

TGS-NOPEC
Geophysical
Company
Tide

Tomra Systems
Totens Sparebank
Teekay Petrojarl
Trefoll

Trolltech
Tandberg Storage

TTS Marine

Veidekke
Wilson
VMetro

SpareBanken
Vestfold

Wilh. Wilhelmsen ser.
A

Voss Veksel- og
Landmandsbank

Yara International
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Figure 3: CAR and volume around earnings announcements, 1973-2004

This figure shows event—time daily cumulative abnormal return and cumulative turnover in trading day t+k for firms
announcing earnings at date . Abnormal return is defined as daily return minus an equally weighted portfolio of
non-announcing firms.  Scaled volume 1= delined as share volume in month t divided by average volume in the
previous 230 trading days. Abnormal volume is defined as scaled volume minus the equal weight average of scaled
volume for all firms on that day. This Hgure includes firms in the period 1973 — 2004 with market capitalization (as
of the previous month) above the median market capitalization of CRSP firms. Volume and return are in percent.
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Figure 2: Figure 3 in Frazzini and Lamont (2007) — Cumulated Abnormal
Returns and volume around earnings announcements, 1973-2004
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7.2 Excess Returns L/S Portfolios Based on Previous Year
Method

Arithmetic averages of simple returns:

All Stocks With 4 Announcements the Previous Year

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -0.416% -0.046% -0.772% -0.640%
t-stat 0.58 0.06 0.91 0.91
Std deviation 0.075 0.074 0.089 0.073
Skewness -0.718 -0.729 -0.046 0.055
Kurtosis 1.264 1.404 0.403 2.134
Sharpe Ratio -0.056 -0.006 -0.087 -0.087
1999-2000
Mean -1.221% -0.168% -2.062% -1.722%
t-stat 0.67 0.10 0.95 1.02
Std deviation 0.089 0.083 0.107 0.083
Skewness -0.091 -0.193 0.002 0.044
Kurtosis -0.844 1.755 -0.747 -0.569
Sharpe Ratio -0.137 -0.020 -0.193 -0.207
2001-2007
Mean -0.186% -0.011% -0.388% -0.331%
t-stat 0.22 0.01 0.43 0.43
Std deviation 0.078 0.071 0.083 0.071
Skewness -1.004 -0.957 0.013 0.064
Kurtosis 2.627 2.422 1.077 3.108
Sharpe Ratio -0.024 -0.002 -0.047 -0.047

Table 27: All Stocks with 4 Announcements the Previous Year — Previous
Year Method
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Months with zero expected Announcements Deleted

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean 0.208% 0.624% -0.772% -1.395%
t-stat 0.31 0.95 0.85 1.78
Std deviation 0.066 0.065 0.089 0.077
Skewness -0.273 -0.184 -0.046 -0.512
Kurtosis -0.020 -0.265 0.403 1.910
Sharpe Ratio 0.031 0.097 -0.087 -0.182
1999-2000
Mean -0.691% 0.457% -2.062% -2.519%
t-stat 0.15 0.45 0.41 0.85
Std deviation 0.088 0.081 0.107 0.082
Skewness -0.112 -0.178 0.002 -0.052
Kurtosis -0.797 -0.603 -0.747 -0.740
Sharpe Ratio -0.078 0.057 -0.193 -0.308
2001-2007
Mean 0.475% 0.673% -0.388% -1.061%
t-stat 0.27 0.83 0.75 1.56
Std deviation 0.059 0.060 0.083 0.076
Skewness -0.245 -0.169 0.013 -0.668
Kurtosis 0.167 -0.229 1.077 3.143
Sharpe Ratio 0.081 0.113 -0.047 -0.140

Table 28: Months with Zero Expected Announcements Deleted — Previous

Year Method
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Managed L/S Portfolio

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -0.416% -0.018% -0.117% -0.099%
t-stat 0.54 0.25 1.14 1.02
Std deviation 0.075 0.007 0.010 0.010
Skewness -0.718 -0.830 -1.671 -0.631
Kurtosis 1.264 2.598 8.984 10.802
Sharpe Ratio -0.056 -0.025 -0.117 -0.104
1999-2000
Mean -1.221% -0.059% -0.266% -0.208%
t-stat 0.27 0.12 0.57 0.51
Std deviation 0.089 0.007 0.010 0.008
Skewness -0.091 -0.623 -0.620 -0.613
Kurtosis -0.844 1.860 0.005 0.699
Sharpe Ratio -0.137 -0.086 -0.274 -0.245
2001-2007
Mean -0.186% -0.006% -0.075% -0.069%
t-stat 0.51 0.23 1.07 0.95
Std deviation 0.071 0.007 0.010 0.010
Skewness -1.004 -0.895 -1.968 -0.668
Kurtosis 2.627 2.921 11.579 12.357
Sharpe Ratio -0.026 -0.009 -0.074 -0.069

Table 29: Managed L/S Portfolio — Previous Year Method
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L/S Portfolio Traded in February, May, August and O

ctober

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -1.416% -0.795% -1.740% -0.945%
t-stat 1.31 0.79 1.20 0.69
Std deviation 0.065 0.061 0.087 0.082
Skewness -0.353 -0.224 -0.641 -0.405
Kurtosis -0.725 -0.655 1.065 1.707
Sharpe Ratio -0.219 -0.131 -0.201 -0.115
1999-2000
Mean -3.663% -0.368% -5.385% -5.017%
t-stat 1.75 0.16 2.11 1.66
Std deviation 0.059 0.064 0.072 0.086
Skewness -0.091 -0.345 -0.682 -0.398
Kurtosis -1.984 2.366 0.313 -1.060
Sharpe Ratio -0.620 -0.057 -0.746 -0.587
2001-2007
Mean -0.774% -0.918% -0.698% 0.219%
t-stat 0.51 0.80 0.53 0.15
Std deviation 0.081 0.061 0.070 0.079
Skewness -0.502 -0.209 -0.841 -0.425
Kurtosis -0.423 -1.040 1.687 3.157
Sharpe Ratio -0.096 -0.151 -0.099 0.028

Table 30: L/S Portfolio Traded in February,
Previous Year Method

May, August and October —
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7.3 Excess Returns L/S Portfolio Based on Fiscal Year

Method

Arithmetic averages of simple returns:

All Stocks With 4 Announcements the Previous Year

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -0.416% 0.050% -0.484% -0.533%
t-stat 0.58 0.06 0.77 0.74
Std deviation 0.075 0.065 0.038 0.075
Skewness -0.718 -1.058 -1.327 0.669
Kurtosis 1.264 4.127 4.428 1.630
Sharpe Ratio -0.056 0.008 -0.129 -0.071
1999-2000
Mean -1.221% -0.011% -1.228% -1.217%
t-stat 0.67 0.01 0.93 0.67
Std deviation 0.089 0.081 0.037 0.089
Skewness -0.091 -0.428 -1.843 0.560
Kurtosis -0.844 4,913 2.663 -0.430
Sharpe Ratio -0.137 -0.001 -0.330 -0.136
2001-2007
Mean -0.186% 0.067% -0.271% -0.338%
t-stat 0.30 0.08 0.07 0.44
Std deviation 0.057 0.060 0.038 0.071
Skewness -1.004 -1.457 -1.256 0.790
Kurtosis 2.627 7.054 5.260 2.981
Sharpe Ratio -0.033 0.011 -0.072 -0.048

Table 31: All Stocks with 4 Announcements the Previous Year — Fiscal

Year Method
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7.4 Excess Returns L/S Portfolios Based on Actual

Announcement Dates

All Stocks With 4 Announcements Each Calendar Year

All Stocks Non-announcers Announcers L/S

1999-2007

Mean -0,416% -0,468% 0,153% 0,600%
t-stat 0,58 0,57 0,17 0,73
Std deviation 0,075 0,086 0,093 0,085
Skewness -0,718 -0,331 0,483 0,374
Kurtosis 1,264 1,002 1,113 1,387
Sharpe Ratio -0,056 -0,055 0,016 0,070
1999-2000

Mean -1,221% -1,412% 0,935% 2,191%
t-stat 0,67 0,67 0,43 1,04
Std deviation 0,089 0,103 0,107 0,104
Skewness -0,091 -0,085 0,151 0,398
Kurtosis -0,844 1,413 -0,406 -0,312
Sharpe Ratio -0,137 -0,136 0,088 0,212
2001-2007

Mean -0,186% -0,196% -0,053% 0,145%
t-stat 0,21 0,22 0,05 0,17
Std deviation 0,083 0,080 0,090 0,080
Skewness -1,004 -0,410 0,600 0,312
Kurtosis 2,627 2,206 1,899 2,344
Sharpe Ratio -0,022 -0,024 -0,006 0,018

Table 32: All Stocks with 4 Announcements Each Calendar Year — Actual

year method
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Months with Zero Actual Announcements Deleted

All Stocks Non-announcers Announcers L/S
1999-2007
Mean -0,059% -0,216% 0,154% 0,368%
t-stat 0,08 0,26 0,16 0,36
Std deviation 0,070 0,082 0,093 0,100
Skewness -0,314 -0,018 0,483 0,234
Kurtosis -0,337 0,369 1,113 1,297
Sharpe Ratio -0,008 -0,026 0,017 0,037
1999-2000
Mean -1,324% -2,414% 0,823% 3,237%
t-stat 0,04 0,12 0,08 0,17
Std deviation 0,084 0,104 0,104 0,124
Skewness -0,098 0,052 0,160 0,397
Kurtosis -0,708 -0,898 -0,419 -0,540
Sharpe Ratio -0,158 -0,232 0,079 0,261
2001-2007
Mean 0,317% 0,446% -0,045% -0,485%
t-stat 0,07 0,22 0,14 0,32
Std deviation 0,066 0,074 0,090 0,091
Skewness -0,341 0,185 0,609 -0,104
Kurtosis -0,197 1,094 1,953 2,201
Sharpe Ratio 0,048 0,060 -0,005 -0,053

Table 33: Months with Zero Actual Announcements Deleted — Actual year

method
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Managed L/S Portfolio

All Stocks Non-announcers Announcers L/S

1999-2007

Mean -0,416% -0,080% -0,063% 0,018%
t-stat 0,54 0,78 0,75 0,15
Std deviation 0,075 0,010 0,008 0,011
Skewness -0,718 -0,888 -1,058 1,602
Kurtosis 1,265 4,952 4,481 10,839
Sharpe Ratio -0,056 -0,080 -0,077 0,016
1999-2000

Mean -1,220% -0,183% -0,112% 0,071%
t-stat 0,27 0,39 0,37 0,08
Std deviation 0,089 0,014 0,009 0,016
Skewness -0,091 -0,530 -0,353 1,875
Kurtosis -0,844 4,511 1,586 8,711
Sharpe Ratio -0,137 -0,133 -0,130 0,044
2001-2007

Mean -0,186% -0,051% -0,049% 0,002%
t-stat 0,51 0,73 0,70 0,14
Std deviation 0,071 0,009 0,008 0,010
Skewness -1,004 -1,050 -1,290 0,992
Kurtosis 2,627 3,891 5,736 9,248
Sharpe Ratio -0,026 -0,058 -0,060 0,002

Table 34: Managed L/S Portfolio — Actual year method
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L/S Portfolio Traded in February, May, August and O  ctober
All Stocks Non-announcers Announcers L/S

1999-2007

Mean -1,416% -2,910% -0,565% 2,264%
t-stat 1,31 2,04 0,48 1,47
Std deviation 0,065 0,085 0,070 0,092
Skewness -0,353 -0,145 -0,363 0,726
Kurtosis -0,725 -0,566 0,032 1,127
Sharpe Ratio -0,219 -0,340 -0,081 0,245
1999-2000

Mean -3,663% -5,122% -2,147% 2,975%
t-stat 1,75 1,25 1,01 0,60
Std deviation 0,059 0,116 0,060 0,141
Skewness -0,091 0,480 0,108 0,703
Kurtosis -1,984 0,325 -0,701 0,024
Sharpe Ratio -0,620 -0,440 -0,356 0,211
2001-2007

Mean -0,774% -2,254% -0,112% 2,061%
t-stat 0,59 1,58 0,08 1,42
Std deviation 0,070 0,076 0,074 0,077
Skewness -0,502 -0,330 -0,510 0,582
Kurtosis -0,423 -1,201 0,275 1,311
Sharpe Ratio -0,111 -0,298 -0,015 0,268

Table 35: L/S Portfolio Traded in February, May, August and October —

Actual year method
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7.5 Robustness Checks

7.5.1 Geometric Averages of Logaritmic Returns Prev  ious Year
Method
All Stocks With 4 Announcements the Previous Year

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -1.970% -1.370% -2.268% -1.286%
t-stat 2.44 1.77 2.38 1.68
Std deviation 0.085 0.081 0.100 0.080
Skewness -1.356 -1.377 -1.047 -0.226
Kurtosis 3.777 4,285 3.928 5.167
Sharpe Ratio -0.233 -0.169 -0.226 -0.160
1999-2000
Mean -3.444% -2.166% -3.684% -1.828%
t-stat 1.82 1.22 1.66 1.03
Std deviation 0.095 0.088 0.111 0.088
Skewness -0.257 -0.460 -0.256 -0.151
Kurtosis -0.836 4,976 -0.487 0.022
Sharpe Ratio -0.364 -0.246 -0.332 -0.208
2001-2007
Mean -1.540% -1.140% -1.855% -1.130%
t-stat 1.56 1.33 1.77 1.33
Std deviation 0.091 0.079 0.097 0.078
Skewness -1.799 -1.725 -1.364 -0.274
Kurtosis 6.374 6.516 6.334 6.464
Sharpe Ratio -0.169 -0.144 -0.191 -0.144

Table 36:

All Stocks with 4 Announcements the Previous Year — Geometric

Previous Year Method
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Months with Zero Expected Announcers Deleted

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -1.032% -0.344% -2.544% -2.305%
t-stat 141 0.51 2.52 2.58
Std deviation 0.072 0.066 0.100 0.089
Skewness -0.837 -0.504 -1.047 -1.365
Kurtosis 1.603 0.068 3.928 5.269
Sharpe Ratio -0.143 -0.052 -0.254 -0.260
1999-2000
Mean -2.477% -1.053% -4.006% -3.086%
t-stat 0.67 0.24 1.21 1.24
Std deviation 0.091 0.082 0.111 0.088
Skewness -0.381 -0.562 -0.256 -0.414
Kurtosis -0.618 -0.136 -0.487 -0.076
Sharpe Ratio -0.271 -0.128 -0.361 -0.350
2001-2007
Mean -0.594% -0.131% -2.101% -2.071%
t-stat 1.24 0.45 2.21 2.27
Std deviation 0.066 0.061 0.097 0.089
Skewness -1.017 -0.400 -1.364 -1.652
Kurtosis 3.315 -0.083 6.334 7.070
Sharpe Ratio -0.091 -0.021 -0.216 -0.232

Table 37: Months with Zero Expected Announcers Deleted — Geometric

Previous Year Method



134

Managed L/S Portfolio

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -1.970% -0.080% -0.256% -0.177%
t-stat 2.30 1.06 1.92 141
Std deviation 0.085 0.007 0.013 0.012
Skewness -1.356 -1.228 -4.119 -3.196
Kurtosis 3.777 3.194 28.986 25.677
Sharpe Ratio -0.233 -0.108 -0.195 -0.143
1999-2000
Mean -3.444% -0.143% -0.398% -0.257%
t-stat 1.15 0.53 0.96 0.70
Std deviation 0.095 0.007 0.011 0.009
Skewness -0.257 -1.062 -0.899 -0.866
Kurtosis -0.836 2.428 0.233 1.255
Sharpe Ratio -0.364 -0.204 -0.376 -0.274
2001-2007
Mean -1.540% -0.062% -0.215% -0.154%
t-stat 2.15 0.99 1.79 1.32
Std deviation 0.082 0.008 0.014 0.013
Skewness -1.799 -1.293 -4.543 -3.402
Kurtosis 6.374 3.536 31.663 26.438
Sharpe Ratio -0.188 -0.082 -0.156 -0.118

Table 38: Managed L/S Portfolio — Geometric Previous Year Method
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L/S Portfolio Traded in February, May, August and O  ctober

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -2.857% -1.637% -3.984% -2.479%
t-stat 2.28 157 221 1.43
Std deviation 0.076 0.063 0.110 0.105
Skewness -1.115 -0.377 -2.020 -1.777
Kurtosis 2.033 -0.603 7.088 6.555
Sharpe Ratio -0.374 -0.259 -0.361 -0.236
1999-2000
Mean -5.006% -1.343% -7.097% -6.133%
t-stat 2.25 0.58 2.46 1.80
Std deviation 0.064 0.066 0.085 0.099
Skewness -0.415 -0.769 -1.136 -0.694
Kurtosis -1.428 2.760 1.775 -0.032
Sharpe Ratio -0.777 -0.205 -0.840 -0.617
2001-2007
Mean -2.224% -1.721% -3.055% -1.382%
t-stat 1.50 1.44 1.42 0.70
Std deviation 0.079 0.064 0.116 0.106
Skewness -1.372 -0.308 -2.354 -2.241
Kurtosis 2.995 -0.985 8.717 9.844
Sharpe Ratio -0.281 -0.270 -0.264 -0.131

Table 39: L/S Portfolio Traded in February, May, August and October —

Geometric Previous Year Method
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7.5.2 Geometric Averages of Logarithmic Returns Fis  cal Year
Method
All Stocks With 4 Announcements the Previous Year

All Stocks Expected Non-announcers Excpected Announcers L/S
1999-2007
Mean -1.969% -1.046% -0.982% -0.469%
t-stat 2.44 1.24 1.31 0.57
Std deviation 0.085 0.072 0.045 0.086
Skewness -1.356 -2.032 -2.772 0.930
Kurtosis 3.777 8.589 12.845 4.634
Sharpe Ratio -0.232 -0.145 -0.216 -0.055
1999-2000
Mean -3.442% -1.792% -1.737% -0.698%
t-stat 1.82 0.83 1.15 0.34
Std deviation 0.095 0.087 0.043 0.100
Skewness -0.257 -0.769 -2.222 0.668
Kurtosis -0.836 9.718 4.153 -0.261
Sharpe Ratio -0.364 -0.205 -0.404 -0.070
2001-2007
Mean -1.539% -0.830% -0.765% -0.404%
t-stat 2.15 0.93 0.17 0.45
Std deviation 0.066 0.067 0.046 0.082
Skewness -1.799 -2.713 -2.991 1.034
Kurtosis 6.375 14.422 15.695 7.204
Sharpe Ratio -0.233 -0.123 -0.166 -0.049

Table 40: Geometric Averages of Logarithmic Returns Fiscal Year Method

— Geometric Fiscal Year Method
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7.5.3 Geometric Averages of Logaritmic Returns Actu al Dates
All Stocks With 4 Announcements Each Calendar Year

All Stocks Non-announcers Announcers L/S
1999-2007
Mean -1,970% -1,976% -1,313% 0,050%
t-stat 2,44 2,20 1,42 0,06
Std deviation 0,085 0,094 0,096 0,094
Skewness -1,356 -0,859 -0,159 0,512
Kurtosis 3,777 2,431 1,443 2,156
Sharpe Ratio -0,233 -0,210 -0,136 0,005
1999-2000
Mean -3,444% -3,882% -0,599% 2,529%
t-stat 1,82 1,74 0,28 1,10
Std deviation 0,095 0,111 0,107 0,111
Skewness -0,257 -0,309 -0,101 0,458
Kurtosis -0,836 3,110 -0,086 -0,332
Sharpe Ratio -0,364 -0,349 -0,056 0,227
2001-2007
Mean -1,540% -1,417% -1,515% -0,636%
t-stat 1,59 1,48 1,49 0,67
Std deviation 0,089 0,089 0,094 0,088
Skewness -1,799 -1,079 -0,201 0,451
Kurtosis 6,374 4,581 2,145 3,434
Sharpe Ratio -0,172 -0,160 -0,161 -0,072

Table 41: All Stocks with 4 Announcements Each Calendar Year —

Geometric Actual Method
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Months with Zero Actual Announcers Deleted

All Stocks Non-announcers Announcers L/S
1999-2007
Mean -1,457% -1,464% -1,475% -0,460%
t-stat 1,90 1,66 1,51 0,43
Std deviation 0,076 0,087 0,096 0,104
Skewness -0,758 -0,338 -0,159 0,155
Kurtosis 0,939 0,647 1,443 1,399
Sharpe Ratio -0,192 -0,168 -0,153 -0,044
1999-2000
Mean -3,162% -4,702% -0,838% 3,129%
t-stat 0,91 0,79 0,72 0,21
Std deviation 0,087 0,113 0,104 0,131
Skewness -0,354 -0,278 -0,076 0,554
Kurtosis -0,575 -0,835 -0,103 -0,411
Sharpe Ratio -0,363 -0,415 -0,080 0,239
2001-2007
Mean -0,938% -0,457% -1,662% -1,480%
t-stat 1,67 1,44 1,32 0,38
Std deviation 0,072 0,076 0,095 0,093
Skewness -0,897 0,026 -0,205 -0,499
Kurtosis 1,906 1,119 2,177 1,763
Sharpe Ratio -0,131 -0,060 -0,176 -0,160

Table 42: Months with Zero Actual Announcers Deleted — Geometric Actual

Year Method
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Managed L/S Portfolio

All Stocks Non-announcers Announcers L/S
1999-2007
Mean -1,970% -0,162% -0,171% -0,018%
t-stat 2,30 1,44 1,67 0,14
Std deviation 0,085 0,011 0,010 0,013
Skewness -1,356 -1,584 -3,061 1,261
Kurtosis 3,777 6,437 18,207 11,562
Sharpe Ratio -0,233 -0,147 -0,171 -0,014
1999-2000
Mean -3,443% -0,321% -0,211% 0,090%
t-stat 1,15 0,72 0,84 0,07
Std deviation 0,095 0,015 0,009 0,017
Skewness -0,257 -1,218 -0,809 2,091
Kurtosis -0,836 5,094 1,865 8,943
Sharpe Ratio -0,364 -0,214 -0,236 0,051
2001-2007
Mean -1,540% -0,116% -0,160% -0,049%
t-stat 2,15 1,34 1,57 0,13
Std deviation 0,082 0,010 0,010 0,011
Skewness -1,799 -1,678 -3,465 0,286
Kurtosis 6,374 6,169 20,780 11,918
Sharpe Ratio -0,188 -0,120 -0,154 -0,043

Table 43: Managed L/S Portfolio — Geometric Actual Year Method
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L/S Portfolio Traded in February, May, August and O  ctober
All Stocks Non-announcers Announcers L/S

1999-2007

Mean -2,857% -4,176% -2,121% 1,515%
t-stat 2,28 2,70 1,52 0,83
Std deviation 0,076 0,095 0,084 0,108
Skewness -1,115 -0,464 -1,552 0,492
Kurtosis 2,033 -0,356 4,941 1,708
Sharpe Ratio -0,374 -0,441 -0,251 0,140
1999-2000

Mean -5,006% -7,414% -3,136% 2,931%
t-stat 2,25 1,67 1,47 0,52
Std deviation 0,064 0,130 0,061 0,157
Skewness -0,415 0,082 0,038 0,783
Kurtosis -1,428 -0,341 -1,054 -0,285
Sharpe Ratio -0,777 -0,570 -0,512 0,187
2001-2007

Mean -2,224% -3,208% -1,827% 1,118%
t-stat 1,50 2,09 1,08 0,63
Std deviation 0,079 0,083 0,091 0,093
Skewness -1,372 -0,552 -1,733 -0,060
Kurtosis 2,995 -0,718 5,276 3,042
Sharpe Ratio -0,281 -0,389 -0,202 0,120

Table 44: L/S Portfolio Traded in February, May, August and October —

Geometric Actual Year Method



