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“What is a cynic? A man who knows the price ofgeng, and the value of nothing.”

Oscar Wilde — Lady Windermere’s Fan

1 Introduction

An anomaly is usually a disorder, a deviation frdma norm. In natural science, it has
induced researchers to formulate new theoriesfinemce however, what could not be
explained by traditional asset pricing theotiess hastily arbitrated, and later labelled an
anomaly. The multifactor model devised by Fama Erehch on the other hand, is quite
successful in explaining these anomalies, and fibrere the new theory is able to

incorporate them in their asset pricing formula.

In my thesis, | introduce the topic of observed abmf market returns as being
justifiable premiums versus signifying market ingf#ncies. The phenomenon of
anomalies is best explained by an amalgam of dlailinancial literature. In such an
explanation, the Efficient Market Hypothesis playsentral role in defining a standard for
asset pricing in an ideal world. | will introdutiee capital asset pricing model approach.
In contrast with this, | discuss an extended mafislised by Fama of asset pricing that
incorporates factors relating to the anomaliesudised. This will familiarise the reader
with the methodologies applied by different thetsriso test the new model against
traditional approaches. The critics of the new &amodel rebuke with an apparent
rationale: the new model is specific to the sedath examined by Fama; therefore its high
precision in forecasting asset returns is not aadence. | shall attempt to reveal the
relevance of the model to the Hungarian market. ddgroach will apply the formula to
the emerging Budapest Stock Exchange shares usingh-ambitious time series from
September 2003 till September, 2008.

! Traditional asset pricing theories cover the CA®d the factor model (APT)
2 Abnormal returns denotes returns exceeding maikdt, i.e. (-r,)



"I'd be a bum in the street with a tin cup if tharkets were efficient.”
Warren Buffett

2 The Efficient Market Hypothesis

Despite the above quote from Warren Buffett, | withstudy informational efficiency in
stock markets. When markets are efficient, thegkveonoothly whereby the possession of
new information causes no added-value. From tteéms the assumption in financial
models that additional information should come atcost, as it is already reflected in
prices. It is much ore likely to have transpanamting for financial instruments traded on
stock markets e.g. stocks, bonds, commodities. tiBumatter of fact is that the efficient
market hypothesis fails in practice. Investmerdsléd on the stock market by far do not
represent to complete investment portfolio avaédabl investors. Other financial products
are available on different platforms, most of whégk less transparent than stock markets.
The efficient market hypothesis (EMH), however, emlssumptions that limit its validity
to a theoretical market. Amongst these assumptstisat all transactions are transparent,
which makes pricing fair (unbiased), as they inooape all available information
including the expectations of the market partictpaof the future shaping of the market.
Information, as defined by the theory, is anythihgt affects prices in a way unknown in
the present appearing randomly in the future. s reason, it is not possible to
consistently outperform the market by taking adagatof news the market already knows,

except when an investor is lucky.

The efficient market hypothesis was first coined hguis Bachelier, a French
mathematician. In his 1900 dissertation “Théoree ld Spéculation” he “begins the
mathematical modelling of stock price movements fmchulates the principle that ‘the
expectation of the speculator is zero.” Obviously,understands here by expectation the
conditional expectation given the past informatidm.other words, he implicitly accepts as

an axiom that the market evaluates assets usingrangale measure.” (Courtault et al.



2000 p. 343) Yet his work was overlooked for desadntil the mid 1960s when Paul
Samuelson stumbled upon the dissertation and dobacame a hot topic for financial
economists. However, the efficient market theones its refined details to Professor
Eugene Fama of the University of Chicago Graduate®8l of Business. Fama started the
formation of the theory as a PhD. dissertation anded up as a life-long research. In
1970 he published a review of both the theory dedevidence for the hypothesis. The
paper extended and fine-tuned the theory; in aaldiit included the definitions for three
forms of market efficiency: the weak, the semi+sgraand the strong form of market

efficiency.
2.1 Theory

The theory assumes that market participants apart being utility maximising, also have
rational expectations. This includes the assumpthat even though individuals may be
wrong, the population as a whole is correct; arat teople adjust their expectations
according to new information. When faced with neformation, some investors will
overreact and others will under react. In summesgctions will be random, but will have
a constant volatility, and a known distribution étion. Thus, the net effect does not allow
for abnormal profit to be realised especially whesnsidering transaction costs and

spreads.

Fama says that an efficient market is one thatkiyiadjusts to new information. It
prevails in markets where prices “fully reflect” alable data. This constitutes the
impossibility of attainting extra profits by tragjron the basis of knowledge of information

already incorporated.

It means that in its strongest form, there shoddb cost of information. We know that
this in untrue, and that a whole industry is basedelling information. This is why the
need arises to further define efficiency of the kets. This has taken the form 3 levels of
information integration; the weak form of efficigndhe semi-strong form of efficiency

and the strong form of efficiency are discussedwel



2.1.1 Weak Form of Efficiency

In its weakest form, the efficient market hypotkesssumes that all historical share prices
are already incorporated into the pricing of asselierefore, no excess profits can be
earned by basing investment strategies on pastnsetu This implies that technical
analysis, which studies formations in past retuisiseless in predicting the future. Since
past performance is already known to the marketctirrent situation remains unknown.
This is where fundamental analysis gains attergiott may be rewarding for those keen

investors who do their homework on companies’ foianstatements.

Tests for the weak form of efficiency engage irtdrisal data analysis using statistical and
econometrical methods. Analyses concerning maskieie, P/E, DIV/P, and book-equity-
to-market-equity influences on past data, as weteahnical analysis are prevalent in such

testing.

2.1.2 Semi-Strong Form of Efficiency

The levels of efficiency gradually increase thastrictions, so it is natural for the next
level to include the previously stated assumptioimsaddition to historical data, the semi-
strong form of efficiency incorporates publicly dshle new information rapidly into

pricing; this insinuates that fundamental analyalbyield nothing.

Testing for semi-strong form of efficiency is similto event studies. Emergence of new
information usually takes the form of quarterlyamnual reports or events such as mergers,
acquisitions, purchase of treasury shares, nevamess or splits. The emergence of such
news should induce markets to adapt quickly. Wemaasure the quickness and flow of

the adaptation to new information.
2.1.3 Strong Form of Efficiency

This level of efficiency constitutes the incorpamat of all existing information, both
public and private, into prices. In such a modebne can earn extra profits. Of course in

reality laws prohibit trading using insider infortitan. The Hungarian Capital Market Law



(Tpt CXX/2001 § 199-205) prohibits trade using mh@ation not known to the public. In
the United States the Insider Trading Sanctions&Act984 and the Insider Trading and
Securities Fraud Enforcement Act of 1988 regulpeslties for illegal insider trading “to
be as high as three times the profit gained oldbke avoided from the illegal trading®”
Relevant laws in the United Kingdom also revealirailar standpoint. The Financial
Services Act 1986 and the Financial Services antkéla Act 2000 define an offence of
Market Abuse.

Testing the strong form is a test for the existeofcmsider trading. We attempt to reveal
the investment activity of interest groups with rapaly over key decisions in the
companies. This can be observed in price adjussmneking place before important

announcements are made public.

® http://www.sec.gov/news/testimony/2006/ts092606tot.downloaded on f5August, 2008




“Markets can remain irrational longer than you caamain solvent.”

John Maynard Keynes
2.2 The Hypothesis Defied

Researchers argue about the validity of the effiarearket hypothesis in the real markets,
especially its strong form. The main set-backhte theory includes slow transmission of
information, and relative power of a few marketyei®s. The market’s mechanism in
adapting to change in interest rates for instatadess from a few hours to several weeks.
This is the main defect, whereas according to tidHEthis process ought to be
instantaneous. Only a few privileged people mayeharior knowledge of new laws or
decisions that will affect prices. As long as aton ‘inside information’ arbitrate market
mispricing in a discreet manner, they can avoichdpeletected. As soon as such trading

takes place on a wide scale, we cannot dismissrit bur study as random variables.

Another malefficiency of the real markets compathe ideal suggested by EMH is that
at extreme situations what fundamentalists consid@tional investor behaviour is
actually the norm. As an instance, the last st#ga bull market is usually driven by
buyers (speculators) who take little consideratdrthe underlying value of the asset.
Contrarily, the end of a bear market withnessesa fall as everybody attempts to close
their positions regardless of the quality of theestments they hold. This observation is
bolstered by the differences in stock valuatiomuti markets compared to bear markets.
Thus, it would make sense for rational investorsate advantage of the feigned high or
low prices caused by irrational participants, iirtg on opposite positions. Obviously in
practice this is insufficient to prevent arisingbbles or crashes. Rational investors are
aware of the irrational behaviour of the marketd at extreme times, they will need
reasons superseding fundamental explanations tormthem that the market will return

towards fair value. It was shown statisticallyattextreme values do occur more often



than a normal distribution would anticipate. Ahede extreme values are not confined to

three sigmas a phenomenon financial literature refers to disaibution’s fat tail.

Opponents of the theory argue that there existaal :iumber of investors who managed
to sustain their outperformance of the market forgl periods of time, in a way that

overrules the role of luck. These include nameh as Peter Lynch and Warren Buffett.
Their strategies were always to identify marketerelprices did not fully reflect available

information. On the other hand, proponents ofttieory argue that EMH does not rule

out the success of a limited number of funds thhowpance. Furthermore, these
explanations go on to explain the success of ‘dtarl managers as being the result of
management skills rather than stock market prexhicti

Malkiel is a famous supporter of the general vafidif the efficient market hypothesis.

Even he, based on empirical findings, believes fomte emerging markets for example
the Chinese markets, are not efficient. Malkielngathat “the Shanghai and Shenzen
markets exhibit substantial serial correlation it trends and evidence of manipulation,
contrarily to the random walk theory that is expectrom markets in the United States.”
(Malkiel 2003 p. 23)

Moreover, the efficient market hypothesis appearbd inconsistent with some events in

stock market history even in the United Statese frtarket crash of 1987 was caused by
no major news; and despite that the Monday of thsitsaw the S&P 500 index fall more

than 20% only in the month of October. The decleemed to originate from nowhere,

only the irrational behaviour that caused the hapith sweep through stock markets,

Malkiel continues.

Investment culture in the public’s imagination atsfuses the efficient market hypothesis.
This may be attributed to a general misconceptmrcerning its meaning. Many believe
that EMH states that a security’s price is a cdrreftection of the value of the underlying
company as calculated by discounting the futurermst If this were true, it would mean

that a stock’s price accurately envisages futuselte. Since this is evidently not the case,

* Sigma is standard deviation. About 99.7% of amardistribution N~(0,1) is confined to three sigma

10



many people reject the hypothesis. Neverthelelgi] Boes not attempt to predict future

returns. Rather, the EMH states that a secunititse incorporates possible projections of
future happenings, based on the best informati@ilable at the time. The EMH merely

estimates the performance of a stock. If the @ofsevents veers the true value of the
stock too far away from the EMH prediction, eveerrttthe deviation does not challenge
the validity of EMH.

2.3 Capital Asset Pricing Model

So far, we discussed price changes in singulaesbhantfolios. On the other hand, when
an investment portfolio includes more than one typ@strument, then the relative pricing
to each other steps in as a determining factonartaial theory accepts the notion that a
share’s return should be proportional to the riskuired by its holder. Because
differences in expected returns of different inue=mtt opportunities reflect different levels
of risk, we are in need of an equilibrium model.t the birth of the efficient market
hypothesis, the risk-return equilibrium model whe CAPM, a development of Sharpe

and Lintner.

The Capital Asset Pricing Model assumes investotsetutility maximising agents. It also
assumes that all investors behave in the same manrteus, by aggregating utilities, a
securities market line (SML) can be defined andoptimal investment portfolio can be
determined. The CAPM incorporates two types ofirred, the risk free returns of the
government bonds and beta times the return on thekan portfolio. The following

equation is the basis of this model:

E(r)=r; + BIE(r,) -]
where E(r, ) is the expected return of the asset in questipig the risk free return rate;

r., being the market risk; anél the sensitivity of the particular share to movetsen the

market return. Formally3’s definition is:

11
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where ., is the return of the assat, is the return of the market portfolio, amf is the

variance of the market portfolio.
This form of the CAPM is a specific case of the engeneralised form:

E(ri):ai +,B[E(rm)_rf]+£i
The above linear regression provides a method $omating a; the mispricing of the
stock relative to the market; an@ the stock sensitivity to the market risk factonda

& the residual return.

Active portfolio managers seek to gain incrememnéalirns with a positive alpha, but if
markets are efficient and the Sharpe-Litner versibitihe CAPM is the correct model, then
alpha ought to be zero. Statistical inferencessd the hypothesis=0 is the basis of many
empirical tests of the validity of different veragof the CAPM.

Sharpe received the Nobel memorial prize in 199Mhi®work on the CAPM, this is when
his Sharpe ratio gained popularity. The ratio dbes how much excess return the

investor is receiving for the extra volatility tHae is enduring for holding a riskier asset.

(rx _rf)

X

S(x) =

where x is the investment, is the average rate of return of xisrthe risk-free return and

o, is the standard deviation of r(x).

The weakness of the ratio is that it assumes thasset returns are normally distributed.
Abnormalities like kurtosis, fatter tails and higlgeaks, or skewness on the distribution
can be a problematic for the ratio, as standardialem doesn't have the same

effectiveness when these problems exist.

12



“An economist was strolling down the street witlt@npanion when they come upon a

$100 bill lying on the ground. As the companioadateed down to pick it up, the economist

said ‘don’t bother - if it was a real $100 bill, seone would have already picked it up’.”
Andrew Lo (2000)

2.4 An Alternative Theory: Arbitrage Pricing Theory

A substitute and concurrent theory to the CAPMne that incorporates multiple factors in
explaining the movement of asset prices. The adptpricing model (APT) on the other
hand approaches pricing from a different aspdtts rarely successful to analyse portfolio
risks by assessing the weighted sum of its compgenek&quity portfolios are far more
diverse and enormously large for separate compoass¢ssment, and the correlation
existing between the elements would make a calonlaas such untrue. Rather, the
portfolio’s risk should be viewed as a single prottkiinnate risk. The APT represents
portfolio risk by a factor model that is linear, @l returns are a sum of risk factor returns.
Factors may range from macroeconomic to fundamemiaket indices weighted by
sensitivities to changes in each factor. Thesesigeties are called factor-specific beta
coefficients or more commonly, factor loadings. @ddition, the firm-specific or
idiosyncratic return is added as a noise factohis Tast part, as is the case with all
econometric models, is indispensable in explainufgtever the original factors failed to
include. In contrast with the CAPM, this is not eguilibrium model; it is not concerned
with the efficient portfolio of the investor. Raih the APT model calculates asset pricing
using the different factors and assumes that incts® market pricing deviates from the
price suggested by the model, arbitrageurs willenage of the imbalance and veer pricing
back to equilibrium levels. At its simplest forthe arbitrage pricing model can have one

factor only, the market portfolio factor. This fowill give similar results to the CAPM.

Stephen Ross, who initiated APT in 1976, explaitteat an asset’s price today should

equal the sum of discounted future cash flows, wltiee expected return of the asset is a

13



linear function of the various factors. Accorditythis definition, risky asset return will

satisfy the following equation:

E(r)=r, +B,RR+5,RE +..+ B RP,

n=E()+B,F+B,F+. ..+ B.F +¢&

Where E(r; ) is the expected return of the as9RR is risk premium of the factor, the
risk-free rate,F, the factors,S, is the sensitivity of the asset to factgralso known as

factor loading, ang; is the asset’s idiosyncratic risk.

Factors may be economic factors (such as intea¢ss,rinflation, GDP) financial factors
(market indices, yield curves, exchange rates) domehtals (like price/earnings ratios,
dividend yields), or statistical (e.g. principalngponent analysis, factor analysis.) The
factor model's beta coefficients i.e. sensitivitiaay be estimated using cross-sectional

regression or time series techniques.

Well-diversified portfolios are assumed in the mlodeThis incorporates that the
disturbance factor be composed of sufficiently uredated terms so that the disturbance
term for a substantially large portfolio vanishe3he market portfolio will be well-
diversified if no single asset accounts for a gigant proportion of aggregate wealth. A
further assumption is that there is perfect contipetin the market, and that factors do not

outnumber the assets in the portfolio in ordentoicithe problem of matrix singularity.

What is the consequence in the case returns deivaatewhat the model projects? The
name of the model suggests arbitrage. Arbitrageaksng advantage of a state of
imbalance in a market thus attaining risk free jprofwo known approaches of arbitrage
are cited in Makara (2006) p 2:

There is no static arbitrage if there is no su¢hO" where,

Vx>0 and p'x<0 (1)

14



Or Vx=0 and p'x< 0 (2

If there existsx0O" for which equation 1 is true then there is typeflarbitrage. It

means that an arbitrageur has the chance of gamomgy in the future, but it costs him

nothing at present. In case there is suckx@fil"which satisfies equation 2, then
arbitrage of type 2 steps in. In plain words, gans that the arbitrageur will receive

money at present with no prospects of losing inftlere.

The mechanism of arbitrage constitutes that invedtade at least two assets; one of them
is mispriced according to the model. The relajivpensive asset is sold to finance the
purchase of the relatively cheap asset. The diyreciced asset may be a synthetic

product, which is a portfolio of other correctlyiged assets combined to reproduce the risk
and the return of the original asset. The synth@tbduct should have the same exposure

to each of the factor of the APT model as the asséshes to reproduce.
2.5 Relationship between the CAPM and APT

The two models approach asset pricing from diffeespects. The APT is less restrictive
in its assumptions than the CAPM. It is a rathepl&atory model as opposed to
statistical. It assumes investors will each hofzbetfolio unique to their risk receptiveness

with a unique beta, as opposed to the identicaketguortfolio presumed by the CAPM.

Moreover, the APT presumes an infinite number gegtments, which in turn lead to the
disappearance of firm-specific risk. It can bewad as a supply-side model, as its beta
coefficients reflect sensitivity of the underlyiagset to the different factors. In this sense,
factor changes will cause sizable shifts in the@sexpected returns. On the other hand,
the CAPM is a demand-side model. Its results drise the investors’ utility function
maximisation problem, and from the resultant maseilibrium. As investors can be

considered to be consumers of the asset, the deapgmdach is reasonable.

2.6 When Theories Fail, Anomalies Prevalil

15



Since researchers recognised the existence of asspticing that surpassed available
economic theories’ ability to explain them, thedstwf anomalies began. It is always
easier to determine the causes of the occurrenitedhe benefit of hindsight. But when
they are actually taking place, it is not easydentify them, let alone incorporate them
into pricing models. This is the benefit markete@gators get for their efforts in
identifying anomalies. When an anomaly gets detkcand enough arbitrageurs have
made money, as the self-fulfilling prophecy forlsteis, the trend disappears. This is when
the anomaly is ripe for public introduction and ttaee begins for providing extensive
analysis in financial journals. Amongst the reasdar anomalies are: tax evasion,
window-dressing of portfolio fund managers, or estpd premium for trading opposite
positions to insiders. Here, | introduce the nfastous anomalies that prevailed in the

past decades.
2.6.1 The Calendar Effect

The calendar effect incorporates several obsergangiated to the calendar schedule.
Rises and falls that were observed on specific ddyse week or on months of the year.
Often calendar-related anomalies are related t@cpezluled deadlines of corporate

liabilities or simply to sociological habits of iestors.

The most common is th@anuary effector in other words end-of-year effect. It was
noticed from the mid 1960s that at the end of egedr, prices of stocks fell noticeably,
with no reasoning found in the fundamentals ofcbmpanies. It was found that before
the end of the fiscal year on*8December, for tax optimising purposes, investtosex
their positions to realise their losses. Gainingifions were closed for reasons of boosting
fund managers’ report figures, and thus their eeaFybonuses. The resultant selling
pressure caused prices of assets to fall. The dags of the New Year, hence, were
suitable for these investors to buy back, or fétreat who saw an opportunity in the low
December prices to buy. This tendency caused @ janprices in the first five days of
January each year, and, therefore became knowreakahuary effect. It is interesting to
notice that this effect mainly affected small caépck. Robert Haugen measured monthly

returns in stocks from 1927 — 2001, his findings\@sible in the bar chart below. (Source:

16



Haugen’s chart taken frorhttp://en.wikipedia.org/wiki/January_ effectownloaded 5th
September, 2008)

Returns by Month of the year - 1927 - 2001
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Figure 1: Haugen’s monthly returns for years 190012

After the January effect became widely known toghblic, it slowly shifted to December,
causing the so-called Santa Claus rally. But stemanomaly disappeared. TMenday
effectwas slightly less obvious. It was observed thatks traded on Monday will follow
the prevailing trend from the previous Friday. Foample, if the market was in an
upward trend on Friday, it should continue on Mgnadéere it left off and resume its rise.
Moreover, Monday returns did not reflect the weekelays’ return of capital; markets
seemed not to count the weekend in calculatingrmetu Hence the notion, that when
turning daily return to yearly and vice versa, theltiplier in this case is 250 working days
as opposed to 365 days of the year.

Julia Timari (2005) studied the calendar effecttlom Budapest Stock Exchange for the
period January, 1991 to December 2004. The metbggoncluded the use of dummy
variables to represent days of the week as theviollg equation suggests: (Timari 2005 p.
23)

17



r, =¢,Db, +¢,D, +¢c,D, +¢,D, +c.Dy +&,, where:
r, is the logarithmic return of the asset on tay
D,,D,,...: are dummy variables, i.®, takes on 1 if is a Monday, otherwise it takes on

the value of zero.

The testing period was divided into two intervats the following reasons. The first

period from January, 1991 — December 1997 witnedisede-opening of the Budapest
Stock Exchange. The initial phase was stablemetature. The regression showed two
days with significant determining power over theamhg of returns. Wednesday and
Friday were the ones with determining power, anchf&y was merely on the verge of
reaching the 10% significance level. Surprisinglil, days yielded positive returns as
shown in table 1. The star indicates significaduits at a 10% significance level; the
double stars indicate significance at 5%. (Soufdeari 2005 p. 24-25)

Coefficient Std. Ermor t-Statistic Prob.
Ci1) 0.001267 0.000793 1.507543 0.1103
Ci2) 0.000779 0.000776 1.004324 0.3154
C(3) 0.001953 0.000783 2495204 0.0127 -
Cid) 0.000517 0.000777 0.665301 0.5059
Cia) 0.001320 0.000783 1.776169 0.0759 *
F-squared 0.001110  Mean dependent var 0.001183
Adjusted R-squared 0001170 5.0 dependent var 0.014656
S.E. of regression 0.014664  Akaike info criterion -5.603956
Sum squared resid 0376970  Schwarz criterion -5.588393
Log likelihood 4530877  Durhin-Watson stat 1.665682
F-statistic 0486879

Table 1: The first period’s regression January 1¥%dcember 1997

The years following the regime-change saw high atrdh, which induces the

reconsideration of nominal returns.

In the latter phase that covers January 1998 tember 2004, daily average returns do
not significantly deviate from zero, which meanattthe market is efficient. Moreover,

we observe negative returns on some of the d&8sur¢e: Timari 2005 p. 25)
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Coefficient Std. Error t-Statistic Prof.

Ci1) 0.001552 0.000985 1.575246 0.1154

Ci2) G.05E-05 0.000956 0.063334 0.5495

C(3) -0.000464 0.000957 -0.485226 0.6276

Cid) -4 31E-05 0.000953 -0.044673 0.9641

C(5) 0.000721 0.000963 0.744330 0.4568
R-squared 0.001501 Mean dependent var 0.000350
Adjusted R-squared 0000782 5.0 dependent var 0.018027
S.E. of regression 0.018034  Akaike info criterion -5.190278
Sum squared resid 0.566531  Schwarz criterion -5 174635
Log likelihood 45383 708  Dwrhin-Watson stat 1.908013
F-statistic 0.654737

Table 2: The second period’s regression Januar§ +9%ecember 2004

Between 1997 and 1999 volatility of the returns wassiderable, in both positive as well
as negative directions. This was primarily the semuence of the Russian crisis that
especially affected the Hungarian pharmaceuticalpamies. Later, contagion reached the
Asian Tigers. From the test results, we can dedlb@ethe Monday-Friday effect is not
present in the Hungarian market. Observationsaleatenormal patterns before the turn of
the millennium (around 1998), but this is due tstability of foreign markets. Therefore,

the Hungarian market can be considered efficiethigisense.

This test was repeated with the exclusion of ouglieResults bolstered the previously
introduced conclusions. Where significant daysewebserved in the previous testing
stage, now, with the exclusion of the extreme \@lubose days became even more
significant. This was caused by the lower standambr. Some days that were

insignificant, passed the significance thresholdc@t or 10%. Further evidence that
corroborates previously attained results is that signs of the coefficients remained
unchanged in general. In the few cases where ehtouk place, values were close to
zero. From this, we can deduce that anomalies wetecaused by outliers. With the

passing of time the anomalies lessened; in thetlese years of the study period, they

were undetectable. The last three years had tgksrovalues than in the previous periods.
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This observation again corroborates the staterhanttie market became more efficient by
this period.

Tables 1 and 2 also show the F-statistics of daylseoweeks effect (DOW). The statistic
measures the strength of the regression in exphpistiock returns. The statistic was not
significant in any of the tests, which means thatls returns are formed regardless of
which day of the week it is. Timari covered montiishe year in her tests. Results were

analogous to the DOW effect: it is non-existenthie Budapest Stock Exchange.

2.6.2 Earnings on Book Equity

Fama et al (1995) studied the effects of size aukito-market value on earnings. Their
findings proved that earnings are a function of keirsize and book equity-to-market
equity (BE/ME) factors. High BE/ME ratios signallpdor earnings and low BE/ME ratios
indicated high returns on capital. This can be alestrated by using a simple model that
presumes an all-equity firm whose investments ia@nted internally (Fama et al 1995 p
135). Dividends (Dt}) paid in yeat equal to equity income (Et)f plus depreciation (DP
(t)) minus investments (t)j. This is illustrated in the equation below:

D(t) = El(t) + DP(t) - I (t)

In case the expected depreciation and investmeamtssamehow proportional to the
expected equity income for any year, then,

E.D(t+i)=E[EI(t+i)+DP(t+i)—I(t+i)] =EEI({t+i)A+k, —k,)

where Kk and k are the proportionality factors. Giverfor the discount rate, we suppose
for simplicity thatr is constant in time. Then, the present valuehefrnarket equity at
timet is the following:

ME(t) = @ +k, - kz);E‘(i—(:;')

Hence, the book equity and market equity ratio wdnd:

ME() _ < EEI(t+i)/BE(t)
pE - TR TRLT

To interpret the result, we take the reciprocaV®/BE. The above formula predicts that

firms with higher expected earnings have a lowerfNHE ratios. This deduction is also
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corroborated by the empirical findings of Fama let(#995) performed on 6 portfolios
composed of stocks of the NYSE, AMEX and NASDAQidgrthe years 1963- 1992.

2.6.3 P/E Effect

Studies have shown that the price earnings ratia fafm has predicting power over the
next period’'s returns. Basu (1977) tested thenctldhat low P/E ratio firms tend to
outperform those with a high P/E ratio. His reskancluded over 1400 industrial firms
that were traded on the NYSE between September 4886August 1971. He computed
the P/E ratio for each stock by taking the marlagitalisation as the numerator, and the
denominator was the reported annual earning befateaordinary items. He formed
portfolios of low and high P/E ratios and obserttegir performance. During the 25 years,
the portfolios with low P/E ratios earned highduras than the high P/E securities. After
adjusting for risk, results did not change. Basther interprets the results as not an
upfront failure of the efficient market hypothesiRather, he explains that P/E ratio
information was not fully reflected in security @gs in as rapid a manner as demanded by
the semi-efficient form of EMH. These lags andtfdns are part of market mechanisms.
Indeed the P/E anomaly did exist in the period istlildhowever, transaction costs and
taxes greatly hindered investors from yielding abma profits. Explanations to this

anomaly highlight the exaggerated expectationswéstors.

2.6.4 Small-Firm Effect

Relating to the January effect that was previoudtpduced, the small-firm effect seemed
to accompany the January returns. Banz (1981§bias research in this field. His study
on the common stocks of the NYSE aimed at findinmgpieical relationship between the

return and the total market value. Results shalvatismaller firms possessed higher risk
adjusted returns, on average, than larger firmtss 3ize effect has existed from the 1940s
for about 40 years. It is still unclear whetheresas such is responsible for the effect or

whether size is just a proxy for one or more traknown factors correlated with size.
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2.6.5 Over and Under Reaction to Earnings

Amongst other anomalies observed is share priceanaunder reaction to earnings news.
DeBondt and Thaler wrote on the issue in their jgabbn in 1985. “Research in
experimental psychology suggests that, in violabbrBayes' rule, most people tend to
"overreact" to unexpected and dramatic news evefid®@Bondt & Thaler 1985 p. 804)
They researched data of the NYSE for the years -1932 in an attempt to observe the
over/under reaction hypothesis. Their first hygsth postulated that extreme movements
were followed by a reaction in an opposite dirattieverting it towards the mean. This
occurrence is called mean reversion. Their othgrothesis assumed that the more
extreme the movement was, the stronger the meagrsiem. DeBondt and Thaler
classified stocks into two portfolios dependingtbair performance in the last 36 months
prior to the initial point of the testing. This w#he Winners and the Losers’ portfolios
were created. Comparing the performance of thepwrtfolios the authors found that the
Losers outperformed the market by 19.6%, the Wmmecordingly, underperformed the
market by 5%, despite that the later group includgslder stocks. The results clearly abide
by the overreaction hypothesis. The deviationhef two portfolios is asymmetric; the
Losers deviate more upward than the Winners dowhwahe difference between the two

portfolios was sizeable in thé%and 3 years.

The concept of market betas arises. When takenaotount, the different betas in the
portfolios did not contradict the results, contsarthey confirmed them. The previous
Winners had large betas on average; thereby theope Losers yielded higher returns
while being less risky. Moreover, a clear Janugffgct is detected in previous Losers’
portfolios. This effect is coupled with a loss Movembers and Decembers. This
seasonality is faint in the case of previous Wisnand even contrary in direction. A
number of aspects of the results remain withousfsatory vindication; principally, the

large positive excess returns earned by the lasfopo every January. Surprisingly, the

effect lasts as late as five years post portfamnation.
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2.6.6 Mean Reversion

In DeBondt and Thaler the hypothesis of investoeroand reaction is related to the
concept of mean reversion. It is a tendency afhsstic process to remain near, or veer
towards a long-run average value. According tdglisssary.com, interest rates and
implied volatilities tend to exhibit mean reversi@o do stock market returns. Figure 2
illustrates the difference between mean reverting aon-mean reverting behaviour.

(Source: riskglossary.com downloadddMarch, 2008)

non-mean reverting

e

time

Figure 2 Mean reverting and non-mean reverting ieha

The mean reversion model may be exploited to make gains. In general terms, the
idea is that high or low periods in the stock madde only temporary. First, we identify a
trading range for an instrument, and then comploéentiean. Sophisticated calculations
relate to assets and earnings of the firm. Whensfiot price in the stock exchange goes
below the average price, the stock becomes atteadtir investors who rush to place
purchasing push to raise its price. When they-ogact, the high priced stock is expected
to fall. Eventually, prices will converge to thesam in the long-run. How long is the

long-run? That is an issue open for argument.

Foster and Stine (2003) studied the incrementab@d@lue of mean-reverting trading
strategies. They introduce a test to determinethvenea particular investment strategy can
yield profits superseding returns of a buy-and-hiolkstment in the S&P index. They

regress excess returns of the selected strategysagfae excess returns from the buy-and-
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hold investment in the S&P index. The obtainethtistic as well as the p-value of the
intercept indicates whether adding a new strateggd to a significant improvement in the
performance of the portfolio. They adjust the fuea using the Bonferorhcorrections
for multiple comparisons. If the regression ingmicwere statistically significant, then that
means that the particular strategy did add valubeamriginal strategy of buy-and-hold the
S&P index. The concept behind this test is thstt@egy that gives a positive mean return
and is not too highly correlated to the benchmadek (S&P in this case) can be linearly
combined with the index to obtain a better meamanae return profile. Put simply, any
strategy that proves to be an adequate supplemehversify holdings in the benchmark

index can add value.

Chua et al. (2004) examined this strategy on timegan-reverting yield-curve strategies.
Their objective was to test the profitability ofeth strategies that build on the notion that
the yield curve mean-reverts to an unconditionaldyicurve. The results showed that a
number of these yield-curve trading strategiesydald high profits. This was especially

true of the trading strategies that focused on nneaersion of the yield spreads and
curvatures. These strategies managed to subditamidgperform two commonly used

benchmarks of investing. When transaction coste weluded in the model, profitability

of the trades against the benchmarks dropped,igetfisant results were sustained for
some of these strategies. The authors suggespigrapstructured derivative trades that
mirror the underlying cash flows in order to redtice frequency of the trades, thus lower

transaction costs considerably.

2.6.7 The Momentum Effect

Fama and French (1996) have also tested two varsibmomentum strategies. DeBondt
and Thaler’s (1985) mean reversion anomaly is eolitted by Fama and French (1996).

Fama and French tested their 3 factor model (septeh4.3) and found that portfolios

® In his article Hervé Abdi explains that when penfiorg tests on a set of data, it is more likelydfect the
null hypothesis when it is truee., a “Type I” error. This is due to the logic of thgpothesis testing- when
finding rare events, we rejectd The larger the number of tests, the more ofteremcounterare events.
This projects the false belief of thinking thatrinés an effect when there is none. Abdi saystthiatproblem
of inflation of the alpha level can be avoided by correctingaipha level when performing multiple tests.
Making the alpha level more stringdrg., smaller, will create less errors, but it may alsakmit harder to
detect real effects.
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formed based on past winner and losers demonstcat@@huation or momentum rather
than the contrarian effect of DeBondt and Thalér.previous study by Jegadeesh and
Titman (1993) corroborates the concept of momentdrne sample periods they use are
the 1965-1989 period. The strategy they tested,picks stocks according to their last 6-
month returns and holds them for 6 months, realsse®mpounded on average excess
return of 12.01% per year. The authors find furteeidence indicating profitability of
their strategies is not due to systematic risk. r@dger, test results also indicate that
abnormal profits are not attributed to lead-lageet§ resultant from delayed stock price
adjustments to universal factors. When comparedh&o CAPM benchmark, results

confirm the momentum effect as being quite large r@hiable.

In their answer to the mean reverting theory, thth@s suggests that “the evidence of
initial positive and later negative relative stréngreturns suggests that common
interpretations of return reversals as evidencevefreaction and return persistence (i.e.,
past winners achieving positive returns in the relfuas evidence of underreaction are
probably overly simplistic. A more sophisticatedds! of investor behaviour is needed to
explain the observed pattern of returns. One pnétation of ... [their] results is that

transactions by investors who buy past winnerssatichast losers move prices away from
their long-run values temporarily and thereby caus$ees to overreact.” (Jegadeesh et. al.
1993 p. 90) This interpretation is consistent wither studies that explored the

implications of the so-called "positive feedbaddiers” on market price.

Jegadeesh and Titman also look at the question Wvhy possible that the market
underreacts to information about the short-termspects of firms but overreacts to
information about their long-term prospects. Thepng up two reasons for “The nature of
the information available about a firm's short-tggraspects, such as earnings forecasts, is
different from the nature of the more ambiguou®rmfation that is used by investors to
assess a firm's longer-term prospects. The ewdencthis paper does not allow us to
distinguish between these two hypotheses abousiovdehaviour.” (Jegadeesh et. al.
1993 p. 90)
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2.6.8 Other Anomalies

Other anomalies include the following.

Standard & Poor’s Index Effect

Financial literature refers to the Standard & Psadridex effect as being observable as
soon as a company’s inclusion in the index is anned. The perception was induced by
the increased demand from index fund partakers tier stocks involved in index
composition changesKappou, Brooks and Ward (2007) studied the S&P iB0lusions
and examined the impact of potential overnighteadjustments after the announcement
of an S&P 500 index change. The authors foundezmd of “a significant overnight price
change that diminish[ed] the profits available peculators although there ... [were] still
profits available from the first day after annoumest until a few days after the actual
event.” (Kappou et. al. 2007 p. 21)

Initial Public Offerings

The IPO effect was studied as it appeared to cansnomaly. Knopf and Teall studied
the IPO underpricing anomaly in an attempt to exptaturns of the initial trading day.
They found evidence in support of the asymmetriormation theories of IPO
underpricing. When the investor bought the listhdres in the last period of the offering
day, he would realise below average returns orafig-run. This effect was present even
when companies were segmented according to indastrgcording to capitalisation. The
underperformance was compared to several benchimadekes. The reasons are that on
the day of the offering prices jump, and buyinghet closing price will yield worse than
other investment opportunities. The companies #mist to the stock exchange are
usually over-valued, because it is not worth offgrunder-valued shares. Moreover, it is
not uncommon to window-dress financial statemehtmpanies prior to being listed for
an IPO. For instance, they defer certain costsder to improve their net profit and report
more favourable results. Further explanation sefer the loss of efficiency when a
company'’s division loosens control over its achieeat.
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Closed-end funds

A closed-end fund is a financial instrument thalis¢ed on a certain day, at a certain
guantity, and then initial offering takes place ansecondary market typically from a
broker. The value of the investments in the fuard] the premium (or discount) placed on
it by the market are what determine the price share in a closed-end fund. The total
value of all the securities in the fund is dividedthe number of shares in the fund. This
is called the net asset value (NAV). The marketepof a fund share is frequently higher
or lower than the NAV. When the fund's share prichigher than NAV it is selling at a

premium; conversely when it is lower, it is selliaiga discount to the NAV.

Closed-end fund shares, in contrast to open-endsfuare priced by the market, often
substantially diverging from the NAV of the fundsass. Open-end funds are only
available for buying and selling at the close o$ibhass each day, at the calculated NAV,

and for which orders must be placed in advancerbahe NAV is known.

The market prices of closed-end funds are oftentdetwenty percent different than the
NAV while the value of an exchange traded fund wloomhly very rarely differ from the
NAV by more than one-fifth of a percent. Malkidl977) says that this is in startling
contrast to securities’ market efficiency. He depe some theoretical principles
concerning the valuation of shares of closed-emdstment companies. His conclusion is
that while the structure of discounts can be péytexplained on the basis of theoretical
principles, the sizes of the discounts are fardaithan warranted. The years he tested
from 1970 to 1990 demonstrated an average disqamging from 5% to 20%. Malkiel
made several conclusions as to what justifies tipesmiums and discounts. “Discounts
were related to unrealized appreciation (during peeiod when funds had unrealized
appreciation) and to distribution policy with resp® capital gains, as well as to portfolio
policies concerning investing in letter stock andefgn securities.” (Malkiel 1977 p.857)
However, the general explanation he gives is almdggical one: generally, closed-end
companies sell at discounts because they mustioghbthrough brokers- brokers who are
not enthusiastic to sell them. The problem stenms finvestor habits whereas investment

funds are not all that popular. It is unlikelydocur to the mind of the average investor to
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buy such a fund. Rather, the public gsld fund shares by the brokers or salesmen.
Brokers prefer to sell those types of securitiest tbarn them the largest amount of
commission. Closed-end funds include way less cission than other financial products.

Moreover, it is very likely for such a sale to berze-time deal as the investors are even
less likely to trade closed-end as they do withrang/ shares. Malkiels on the other hand
explains, that this is still not justifiable reasimn the closed-end funds to be discounted to
this extent, and thereby the current mispricingusthgrovide individual investors great

opportunities. It seems likely, that the pricingctosed-end investment-company shares

does illustrate an example of a market imperfeatiothe valuation of capital assets.

Weather

The weather anomaly is not related to weather déwes, contrarily, it is concerned with

the direct relationship between investment ambiasmoeé meteorological factors. The
empirical investigation of Saunders in 1993 rewedlee effect of weather on human
(investor) behaviour. He tested the null hypothdbkat stock prices from exchanges in
New York City have not been systematically affedbgdocal weather. Saunders showed
that there is a negative connection between thedgl@appearance and the yield of stock
markets. His conclusion was that “the discovent the weather in New York City has a
long history of significant correlation with majetock indexes supports the view that
investor psychology influences stock prices. Thasal linkage in these correlations is
strongly supported both by the extensive experialarid survey literature indicating that
weather influences mood.” (Saunders 1993 p.134H¢ &stablishment of causal direction
between a temporal, economically insignificant,alpanood influence and asset prices
explains some of the surprisingly large economipdnt this anomaly instigates. The
empirical findings of Saunders support arguments “foe inclusion of economically

neutral behavioural variables in models of asseinqg and cast doubt on the hypothesis

that security markets are entirely rational.” (S&ens 1993 p.1345)
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2.7 Causes of the Anomalies

The observed anomalies induced the search for saliaewould explain the behaviour of
asset mispricing. The most common reason brouyglibluexplaining the year-end effect
was tax-loss selling. This was relevant to coestrwere income from trading is not
exempt from taxation. Investors with losing pasi8 at the end of the year would close
their positions to realise their losses beforetéxeyear, thus save on their payable tax. At
the turn of the calendar year, they would buy bhekrelatively cheap assets and reopen
their positions. Once this was done by a consilderaumber of investors, the selling
power at the end of December caused prices tevath more, and the purchase rally in the

first days of January accounted for the extra ofi

Window-dressing is the result of the rush of fundniagers to appear the performance of
their portfolios in their best shape before pubhightheir reports. Their end of year
premium and their managers’ satisfaction dependhemerformance of the funds. This
provokes the face-painting of portfolios. The easiway is to sell distressed stocks and
buy in “star” instruments regardless of which inayshey are in. In the reports, investors
will be shown the “good choice” of portfolio compioen the fund manager has made.
Another explanation related to this point is thewan distribution of information. Traders
can build on information revealed by firms, andyathlen, they are able make decisions as

opposed to those in connection with such infornmatio

This is what is called trading against insidersec&use it is riskier, it commands a risk
premium. This idea means that insiders sell indbdwer and buy back in January;
investors who have no insider knowledge take uposip@ positions. Thus, the January

effect culminates in higher rewards.

Finally, in this context it is imperative to memntithe joint hypothesis problem. The joint
hypothesis denotes that the market efficiency hyg®s is coupled with the model of
market equilibrium which is the price setting mauken. The notion of market efficiency
cannot be rejected without an accompanying rejeatiothe model of market equilibrium
and this caused much discontent amongst researchers
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The reason for rejecting the hypothesis stems trancost of information, and this makes
the efficient market hypothesis impossible to exmstreality. Prices cannot perfectly
reflect the information which is available, sin¢ghey did, those who spent resources to
obtain it would receive no compensation, leadingh® conclusion that an informational
efficiency of markets is impossible. On the othand, the degree of market inefficiency
tempts investors to gather and analyse informatioence non-degenerate market
equilibrium will arise only when there are suffieteprofit opportunities, in other words
rewards to compensate investors for the costsadirtg and information-gathering. “The
profits earned by these industrious investors nayibwed as economic rents that accrue
to those willing to engage in such activities." ared MacKinlay (1999), pages 5-6
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“When you expect things to happen - strangely enetlgdy do happen.”

J.P. Morgan

3 Behavioural Finance

J.P. Morgan was referring to a phenomenon callédgglling prophecy that can be best
explained by behavioural finance. What cannot>jdagned by theory is attributed to the
unique psychology of the investors. Financial thhgaresumes rational behaviour from
market participants. Yet some decisions are madekky, with no sufficient time or
information. Investors are also driven by theisides, emotions and fears. This is what
led to the emergence of behavioural finance (B&dme of the explanations BF gives to

the nature of price movements include the following

Gambler’'s Fallacy: Investors are inclined to expeeersal to occur more frequently than
they actually do. People who have poor understandif the nature of the random

processes tend to fall for the gambler’s fallacy.

Selective thinking is when investors believe whnaytwant to believe and take notice of
market signs that are favourable to them, ignoundesirable evidence in order to explain

a certain trade strategy or a belief.

The weekend effect or the Monday effect is basetherobservation that share prices tend
to start off on a Monday morning where they left oh Friday, thus not taking into
account the money-value of the 2 days of the wakdihis anomaly connotes that Friday

returns have proven to exceed those of Monday.

Window dressing is a last minute make-up that pbafmanagers give to their assets
before the quarterly or year-end reports. ThelyaElosing instruments or event buy into

“hot” sector despite the fund being specialisedaomething else and investor are mislead
to the real holdings of the portfolio. The aim énés to produce desirable funds in the

reports.
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Finally, the hindsight bias is an ever truthful pbmenon. It gives a more predictable
view of upcoming events than they really are. Kmgathe outcome of events encourages

overconfidence in investors.

Proponents of behavioural economics note that &iahnmodels often fail to predict
outcomes of the real world. Behavioural insighysté correctly predict some outcomes in

cases where traditional models failed.

4 Anomalies: Premium or Inefficiency

Market mechanisms of reacting to new informatiom what determine the informational
efficiency of that particular market. The promgs®f share prices in reflecting additional
information before it is exploited by arbitrageissvhat makes a market efficient. Rather,
this process ought to be instantaneous. If nothge,deficiency will lead to mispriced

shares that are a source of abnormal profits.

The degree of efficiency describes the extent @rmation prices reflect. Taking the
thought of market efficiency a step further, thdyomay for a market to be completely
efficient is by allowing time for investors to rédo new knowledge, thus new transactions
will shift prices accordingly. This mechanism wilh turn, ensure sustaining market
efficiency. Yet there are always ‘early-birds’ vdeotrading initiates price correction, and

they are the ones who will make extra profits.

Does this mean that it is inevitable for market ersvto make abnormal (risk-adjusted)
profits, as the market functions this way? Thisnpium is the payment for the so-called

‘early-birds’ for researching and looking out farck opportunities.

How can data-mining be this rewarding when markaindparency and speed of
information is facilitated by modern telecommunica® In reality, these abnormal profits
exceed any justified premium. Here Lakonishok.eBat and Vishney (2004) maintain

that this is evidence for market inefficiencies awdhlysts tend to rely far more on past

performance in forecasting the future. He saysftitare performances of gaining shares
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tend to be assessed more positively than of thuses that are losing on the market. This

is called long memory in the time series.

Fam& defends the efficient market theory and rebukes while EMH lacks a sound

alternative theory, a replacing supposition wounldude explanations of long-term market
over-reaction and under-reaction to events as maptms to the causes of market
anomalies. On the other hand, Fama argues thacebaf over-reaction are about as
likely to occur as chances of under-reaction; i turn, consistent with efficient market

hypothesis.
4.1 A Test to the CAPM

The Capital Asset Pricing Model supposes that\alllable investment is represented by a
market portfolio that mainly includes stocks. Thisgn itself a limitation in the CAPM as
it is nearly impossible to accrue all available kesinvestments into an index. Moreover,
the market index defined in theory actually is feom any representation of the real
market index. But for the sake of simplificatiame shall consider the market index, the
BUX as the reference investment portfolio. The el@tates that an asset’s return is worth

as much as the risk freg)(mvestment’s projected returns are, plus befg {imes the

market risk premiumt(, —r, ).

n=re +B(r,—r¢)

The market risk premium is the extra return an shmecan expect over the riskless bonds,
in exchange for bearing risk. This is market tis&t is a diversified portfolio’s probability
of bad performance or default. The market doesrewtird systemic risk, as it can be

diversified away.

In a quarter of a century that withessed the CAP3discess, empirical evidence bolstered
the model. Gaining shares all had high betas, wheant that they moved with the
market, and low beta shares, accordingly were tbestwperforming shares. Moreover,

investments made in highly volatile instruments ldanake one expect high yields. Even

® Fama, E.: Market Efficiency, Long-Term Returnsg &ehavioral Financel Fin Econ(1998): p. 283-306
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such strategies turned out to be rewarding only nwhiee betas of the underlying

instruments were high.

Cochrane (1999) examined 10 portfolios of shamdetl on the NYSE that were sorted by
size according to market capitalisation. There aa®xtra portfolio for corporate bonds
and another for long-term government bonds. Hadothnere to be a difference in their
excess returns. Excess returns refer to returpsnioethe risk-free bonds. Large shares
had lower average returns and smaller shares lghehaverage returns. He also noticed a
large spread between treasury bills and shareghtiogf The portfolio average returns
were plotted against their betas, and the reldtipnsvould nicely fall on the CAPM
generated regression. One portfolio, however, sldow higher return than the model
would predict. And this was the portfolio encongiag the small firms. The deviation
being statistically significant required an explama Small firms are riskier; they are
expected to yield higher returns, but what aboet ékcess returns not explained by the
CAPM. This was the much talked about “small-firffeet” that was introduced.

In figure 3, the average returns versus betas @NYSE value-weighted portfolio for ten
size-sorted stock portfolios, a portfolio of gowment bonds, and another for corporate
bonds. The sample period was 1947-96. The blaekdraws the CAPM prediction by
fitting the market proxy and Treasury bill ratesdahe coloured line draws the CAPM
prediction by fitting an OLS cross-sectional regres to the displayed data points. The
small-firm portfolios are at the top right. Movindown and to the left, one sees
increasingly large-firm portfolios and the marketiéx. The points far down and to the

left are the government bond and Treasury billrretu (Source: Cochrane 1999 p.39)
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Figure 3: CAPM mean excess returns plotted agaetst.

4.2 Multiple Factors

With hindsight, it is hard to explain the succe$she CAPM for so long. It painfully

lacked so many aspects of the real market, thatritple approach was marginalised from
the outset. Since the times of Merton in the e&fly0s, asset pricing theorists visioned
the need of factors, or sources of price risk bdytime performance of the market
portfolio. The CAPM uses a time-series regressmmeasure beta, which quantifies a
portfolio’s tendency to move with the market as lzole. Multifactor models extend this

theory. They use a time-series multiple regrestogquantify an asset’s tendency to move

with multiple risk factors k, Fs, etc.

An important handicap of the traditional CAPM modgethat it assumes that investors live
only off their investments, which constitutes tllagy are not affected directly by job

market recessions. This is not the case in tHevedd. The average investor does have a
job. For most of the players on the market, taggregate monthly or yearly income is a
sum of their wealth and their earnings. Importargnts like recessions hit the job markets
and those who do not lose their jobs earn lessdimess a shortfall in their bonuses. Few
people make money during recessions. With thisiimd, | bring in the example of two

stocks A and B. Both have the same sensitivitynegket movements, i.e. they have the
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same betas. But B does well during recessionsevthé other does not. Cleary, B will be
preferred by investors as it will compensate thesses on their other income during bad
times. If most investors think the same way, thal/up the price of B, or they will be
willing to hold it at a lower average return. hetsame manner, the instrument A that does
worse during recessions will be sold cheaper onust offer a higher average return for
investors who are willing to hold it. We conclutleat pro-cyclical instruments that
perform well in booms but defect in busts will haweoffer higher returns that the counter-
cyclical instruments, regardless of their markeaberherefore, another dimension of risk

co-variation with recession periods will becomaetdr in asset pricing.

Added to this, we can bring up other inputs of #sset pricing formula that strongly
correlate with the returns of investment portfalida broad terms, investors are willing to
reward assets that outperform others especiallingirad periods. This is particularly
true as recessions are the times when we most awgetshvestments to perform well to
compensate other losses incurred. This involvessior preference to sacrifice part of
their expected returns in exchange for assets dbatvell in recessions. This simple
analysis sheds light on the second factor in teetgwicing factor model. Consumption or
marginal utility is an apt proxy for measuring resiens. The population reduces its
consumption when their income diminishes or when glojected future returns on their
investments lessen. Low consumption thus indidaégistimes when investors most likely
want their investments to perform well and wouldwiking to pay for that compensation.
Regrettably, relating asset returns to consumptiata is a part of finance yet to be
researched in greater depth. None the less, | dodsumption to be a good logical

indicator of what factors we should be looking for.

Empirical evidence examined more direct factoratied) to asset returns. By and large
these include the CAPM. At its core, the capitased pricing model measures the
sensitivity of the asset return to the market pdidfs returns. Investors are discontent if
the market is in a downfall. In addition, facttinat influence investors’ non-capital gains,
mainly salaries, are also important. The sloptnefyield curve of stock or bond returns is

a determining factor as well. These factors rdiat@verage consumption. For instance, if
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the market as a whole declines, consumers lose ynand will cut back on their

consumption. Recessions witness the loss of jabd,again a decline in consumption.
Interest rate news act similarly as people who saeeything for retirement will observe a
drop in their wealth. This is what connects thedpetability of returns and the presence of

additional risk factors for understanding the crssstion of average returns.

An additional factor can be a factor-mimicking polib. Sometimes, when our factors are
‘unobservable’ we can construct a portfolio witke dame features using enough securities.
The new portfolio is sensitivity only to movememsthat particular factor it wishes to

mimic.

It is imperative that the risk factors that we wishuse to explain the movement of future
returns affect the average investor. Envisagedse of an event that would make investor
A better off, while making investor B worse offn this case, A will buy the instrument
that is affected by the event (or factor) and B edll it. Thus, they will shift the risk of
the factor while the price or expected return @f itmistrument will remain unchanged. For
a factor to influence prices or expected returhsnust affect the average investor, so
investors collectively bid up or down the price dhd expected return of assets that covary
with the event rather than just transferring trek mvithout affecting equilibrium prices.
Inspired by this broad direction, empirical reskars have found quite a number of
specific factors that seem to explain the variatioraverage returns across assets. Two

important examples of such factors are size an#-bmonarket value ratio.

4.2.1 Market Capitalisation and the Value Premium

Size and book-to-market value ratio are marketofacthat underwent thorough empirical
testing. Size is determined by the market cagaditon of the company (price times shares
outstanding). Value was measured by the book vidumarket value ratio. When the
book equity to market equity ratio (BE/ME) is highe stocks of the company are referred
to asvalue stocks Conversely, low book equity to market equity ntiigees growth
stocks. The logic behind this is that higher returns @mpensation for higher systematic

risk. Fama and French suggest that book-to-mahketsize are “proxies for distress and
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that distressed firms may be more sensitive taasetiusiness cycle factors, like changes
in credit conditions, than firms that are finanlyidess vulnerable.” (Fama and French
1996 p 58)

Possible explanations for the high discount rategagd to small capitalisation and high
BE/ME firms cause debate amongst experts. Theitivadl explanation for these
observations advocated by Fama and French (19%%) 19 that the higher returns are
compensation for higher systematic risk. FamaFfredch (1993) explain that BE/ME and
size proxy distress and that troubled firms arearsrsceptible to certain business cycle
factors, like changes in credit conditions, thamé that are financially less vulnerable.
This means that investors are willing to give upsome expected return in exchange for
investments that are resilient to market turbulencehis causes the premium in small size
and high BE/ME stocks.

Lakonishok et. al. (1994) propose that the highrret associated with high BE/ME stocks
are generated by investors who incorrectly extragothe past earnings growth rates of
firms. They suggest that investors are overly opstiic about firms which have done well

in the past and are overly pessimistic about ttiogehave done poorly. The authors also
suggest that growth stocks are more glamorous tadre stocks and may thus attract

naive investors who push up prices and lower tipeeted returns of these securities.

Value stocks have market values that are smaltiveldo the value of assets on the
company’s books. Both value stocks as well as Isoaglitalisation stocks have high
average returns. Large and growth stocks areppesite of small and value stocks which
seem to have unusually low average returns. Tée tldat low prices lead to high average
returns is natural. High average returns are stersi with the CAPM, if these categories
of stocks have high sensitivity to the market, idgh betas. However, small and
especially value stocks appear to have abnormallly teturns even after accounting for
market beta. Conversely, growth stocks do systeaigt worse than their CAPM betas
suggest. Cochrane (1999) demonstrates this vaaemizzle by sorting stocks into

portfolios based on size and book-to-market rafibe highest portfolios have three times
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the average excess return of the lowest portfo#ind, this variation has nothing to do with
market betas.

To understand the real, macroeconomic, aggregatediversifiable risk that is proxied by
the returns of the high BE/ME and small capitai@aportfolios, Fama and French (1995)
note that the typical value stock has a price izt been driven down due to financial
distress. The stocks of firms on the verge of bapiky have recovered more often than
not, which generates the high average returnsiefsthategy. This observation suggests a
natural interpretation of the value premium: in #nent of a credit crunch, liquidity
crunch, or flight to quality, stocks in financialsttess will do very badly, and this is

precisely when investors least want to hear ttgit frortfolio is losing money.
4.3 Three Factor Model of Fama and French

Fama’s contribution is crowned by his work with kislleague Frenéhwith whom he
devised the three-factor model that extends thglesimarket premium factor of traditional
asset pricing theories. In their work, they shbat tsensitivity to size and value provides
an adequate model for share price movements. ifdtddctor is denoted as SMB (small
minus big) which is the difference between the metwon diversified portfolios of small
capitalisation stocks and a portfolio of large ktbconstructed to be neutral with respect to
book equity to market equity (BE/ME). The secoadtér is HML (high minus low) is the
difference between the returns on diversified ptidé of high and low book equity to
market equity shares constructed irrespectivez®. sThe betas are evidently slopes in the
regression. Their model is described in the equdielow:

R -R' =a,+ £, (R"~R') + B SMB + S, HML, + &,

Ri is the return on assgetR; is the risk-free interest rate, ang, R the return on the value-

weight market portfolio.

" The individual risk of firms is not counted asiskrfactor as such distress is idiosyncratic andhm
eliminated by diversification, only aggregate egdthiat average investors care about can resultigk a
premium.

8 Fama, E.French K.: The Capital Asset Pricing Model: Theang Evidence; The Journal of Economic
Perspectives, Vol. 18, No. 3. (Summer, 2004), pp4@
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Table 4 shows the summary statistics of the thaiemfs’ regression on the July 1929 to

June 1997 time-series. Fama and French splitaimple on July 1963 to test whether the
later period is unusual. The two sub periods guakin length, 34 years. (Source: Fama
and French 2000 p. 6)

Ry, - R, SMB HML §/L &M S/H B/L B/M B/H

7/29-6/9T: 816 months

Ave 0.67 020 046 106 130 1.5 089 1.04 1.54
Std 5.75 326 311 T.89 749 8.38 he6h 619 T.41
t{Ave) 3.94 1.78  4.24 380 4.96 521 452 478 5.16

Table 3: Summary Statistics for Monthly PercenteBaFactor Explanatory Returns

Rf is the one-month Treasury bill rate from IbbotsosséciatesRi is the value-weight
return on all NYSE, AMEX, and NASDAQ stocks withdloequity data for the previous
calendar year. Atthe end of June of each y€E926 to 1996), stocks are allocated to two
groups (small or big) based on their June markeitalgsation, ME (market equity worked
out by stock price times shares outstanding), isvber above the median for NYSE
stocks. Stocks are allocated to three book-to-ataeiuity (BE/ME) groups (L, M, or H)
based on breakpoints for the bottom 30 percentdimidO percent, and top 30 percent of
the values of BE/ME for the NYSE stocks in theimgde. Six portfolios (S/L, S/M, S/H,
B/L, B/M, and B/H) are formed as the intersectiafighe two size and the three BE/ME
groups. Value-weight monthly returns on the pdidiare calculated from July of year t
to June ot+1.

The average value of the market premilRg-R) for the full 68-year sample period is 0.67
percent per month (t-statistic = 3.34) which is#h®.4 standard errors from zero. This
strong market premium in returns in not surprisifidnere is also a reliable value premium
in returns. The average HML return for the fullyJi929 to June 1997 is 0.46 percent per
month (t-statistic = 4.24). The size effect howeige modest in comparison with the
previous results. The average SMB return for 2989 to June 1997 is 0.20 percent per
month (t-statistic = 1.78). Perhaps the reasomhigris that SMB is neutral with respect to
BE/ME because small stocks tend to have higher BEAWANn big stocks, and a size
premium that is not neutral with respect to BE/MEpart reflects the value premium in

returns.
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4.4 Characteristics Model of Daniel and Titman

The three factor model confirms that firm sizes aodk-to-market equity ratios are both
highly correlated with the average returns of statkrket instruments. The Fama and
French explanation of their model associates theeand value characteristics with returns.
They explain that the characteristics are proxaesnbn-diversifiable factor risk, and that
the sensitivities of underlying stocks with the téas (factor betas) directly influence
returns. Daniel and Titman rebut this idea. lairtlarticle in 1997, they provide evidence
that the return premia on small capitalisation higth book-to-market stocks does not arise
because of factor betas. They voice the role ef ¢haracteristics rather than the
covariance structure of returns that appear toa@xpghe cross-sectional variation in stock

returns.

Abundant evidence exist that cross-sectional patérstock returns can be explained by
characteristics such as size, book-to-market rateverage, past returns, and dividend-
yield among others. Fama and French’s examinatfothese variables simultaneously
concludes that the cross-sectional dispersion ipeebed returns can be satisfactorily
explained by two of these characteristics, nange and book-to-market ratio. Beta, the
risk measure in the traditional capital asset pganodel explains very little of the cross-
sectional variation in expected returns once sgdaken into account. In order to
determine expected returns, Daniel and Titman stggenodel of the “Return Generating
Process Firm characteristics” (Daniel et. al. 19@i)er than factor loadings.

Their characteristic-based pricing model, in costtta the factor pricing model, assumes
that high book-to-market stocks realise a retusmpum that is unrelated to the underlying
covariance structure. As in Fama and French’s inodeariances are stationary over time
and can be described by a factor structure. Hetene-invariantJ-factor describes the

variance-covariance matrix of returns is assun{&burce Daniel and Titman 1997 p9)
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J -
F;,t = E[F;,t]+2ﬁi,j fj,t T &, Eiv ~ N(O’Uezi)’ fj,t ~N (0}
=1

where f3, ; is the loading of firmi on factorj and f,  is the return on factgrat timet. However, in

)t
contrast to the previous models, factor loadingsmakodescribe expected returns. Instead,

it is assumed that expected returns are a fundidhe observable, slowly varying firm

attribute or characterist'é;,t : (source Daniel and Titman 1997 p10)

E[T,]=a+b, B,

As in the factor model, the innovations énare negatively correlated with the returns on
the stock, butd is not directly related to the loadings on therdissed factors. What is
unique about the characteristics model is thatdiaxist that load on the distressed factors
but which are not themselves distressed, and theréfave a lowd and thus low returns
and vice versa. If the characteristics model holden a series of negative shocks to a
specific factor may be followed by some stocks ,tlaspite their high loadings on that
factor, are still not distressed. The factor maieigests that these firms should still earn
the distress premium, because they behave liker alisressed firms. In contrast, the
characteristics model suggests their returns bebhawiloes not matter: if they are not
distressed they will not earn the premium. Thisdelamplies that a clever investor can

earn the book-to-market return premium without lngen any common factors.

The regression results for the characteristic-lz@dnportfolios of Daniel and Titman
support these findings. Table 5 presents eacheotoefficients and t-statistics from the
following time-series regression of the zero-inwaestit portfolio returns, described below,

on the excess-market, SMB and HML portfolio returns

Rix— R =a + B Ruie + B Rame + Bswe Raus

The regressions are over the period July 1973 tcedber 1993. The left hand side
portfolios are formed based on size (SZ), book-tokat (BM), and pre-formation HML
factor loadings; their returns are calculated dtovis. From the resulting forty-five
returns series, a zero-investment returns serigerisrated from each of the nine size and
book-to-market categories. These portfolios arenéal, in each category, by subtracting

the sum of the returns on th& and %' quintile factor-loading portfolios from the sum of
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the returns on®land 2 factor-loading portfolios. The first nine rows thie table present

the t-statistics for the characteristic-balancedfplio that has a long position in the low
expected factor loading portfolios and a short foa@siin the high expected factor loading
portfolios that have the same size and book-to-etarénkings. The bottom row of the
table provides the coefficient estimates as wellhast-statistics for this regression for a
combined portfolio that consists of an equally-weggl combination of the above nine

zero-investment portfolios. (Table below: sour@nl@l et. al. 1997 p18)

Char Port Char-Balanced Portfolio: t-Statistics
_BM 82 & Boe  Pem P B
1 1 1.43 -0.43 —-2.69 -9.21 31.48
1 2 0.50 0.18 1.98 —8.99 31.48
1 3 —0.48 —1.62 —2.52 —8.57 27.11
2 1 1.37 -2.02 1.31 -7.13 18.43
2 2 2.12 -0.99 -2.07 -4.69 10.96
2 3 0.79 -1.41 -2.34 -3.96 9.11
3 1 2.63 -5.30 -0.48 -8.00 23.36
3 2 2.01 -2.30 -0.63 —4.52 8.58
3 3 1.08 -1.30 -2.36 -4.98 12.39
Combined portfolio 0.354 -0.110 -0.134 -0.724 41.61
{2.30) {—3.10) (—2.40) (=12.31)

Table 4: Regression Results for the Charactergtienced Portfolios

These are "characteristic-balanced" portfolios¢esiboth the long and short positions in
the portfolios are constructed to have approxingaefual book-to market ratios and
capitalisations. In the model, where no transactiosts are assumed, such a portfolio

construction costs nothing initially.

The characteristic-based model predicts that therage return from these zero cost
characteristic-balanced portfolios should be indigtishable from zero. The results
reported in Table 5 reveals that all but one ofabdérom the time-series regressions of the
nine individual characteristic-balanced portfoleiurns on the factor returns are positive,
and three of the nine have t-statistics above thwithvis consistent with the characteristic-

based pricing model but inconsistent with the faptacing models.
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The latest study on this topic by Daniel and Titn2001) replicated the methodology of
their 1997 tests on the Japanese market from 1978%7. The authors maintain that
Japanese stock returns are even more closely ddiattheir book-to-market ratios than
their U.S. counterparts. The tests reject the FamdaFrench three-factor model, but fail to
reject the characteristic model. The results, h@nemay be subject to sample bias and
might not be applicable to other markets. Dantelaé (2001) conclude that this is a

guestion that stimulates further research.
5 Empirical Findings of the Budapest Stock Exchange

Historical data was gathered from portfolio.hu ancheck was done to confirm its validity
by comparing it to data gained from the BudapestiSExchange website. In order to
compare the two data series, | used a macro tghtigited differences in share prices for
the same dates. The portfolio.hu data proved tiodmmplete in several cases; therefore, |
relied on the bet.hu website for data downloadwotked with 23 shares (16 of which
compose the BUX basket), distributed variously eetw A and B category shares all
traded on the Budapest Stock Exchange between rBlepte2003 and September 2008.
Using the VLOOKUP function in MS Excel, daily clag prices and dividends were
adjusted according to trading days for each sharbe task was to collect information on
a specific date for all the shares on one row.thls process, | obtained numerous blank

cells, which indicated unavailable data. Latead lrouble coping with missing data.

5.1.1 Calculating beta and mean return

For each share, the daily return was calculataausie formula:

. [P -R+Div
! P,

t

where Ris the share price on day T, the dividend is thewam paid between t and T, and
P, is the share price in the period preceding T. min calculations, | presumed that
investors follow a buy-and-hold strategy for onaryend then they realise gains or losses.

Therefore, the time elapse between t and T is 3@&ndar days. Then the mean, standard

° To handle N/A data, one method is not to includnt in calculations, or another method is by réptac
them with the mean. | chose the first option.
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deviation and variance of these returns were gheereach share. | also produced daily
returns for the BUX index in the same way, to samecalculations as a market proxy.
Each share’s daily yields’ covariance with the neainields was worked out. The market

beta for each share was obtained by the formula:

B = cov(,,r,) _ Pim0;-0,
im 2 - o2

Jmarket market

Results are summed up below. Table 17 highlighésreturns on the stocks, and their
empirical betas obtained using the method explaiabdve, and where available, |
included the beta given by Reuters for the 16 shtrat make up the BUX index. Here, |
used the longest possible time-frame that extefrdad January 1996 — November 2007.

OTP  Richter MOL M-telekom Egis Any Danubius Econet

Stock return 0.756 0.338  0.523 0.407 0.221 0.929 29%. -0.050
Empirical beta 0.371 0.503  0.388 0.595 0.594 -0.0090.671 0.184
Reuters beta 1.050 0.790 1.210 0.880 1.120 0.430.7500

Emasz FHB Fotex Pplast Phylaxia Raba Synergon TVK

Stock return 0.337 0.775 0.208 -0.026 -0.165 -0.239-0.084 0.256
Empirical beta 0.323 0.109 0.578 0.564 0.298 0.286 0.417 0.518
Reuters beta 0.640 0.880 0.880 0.140 0.680 0.310 0001.

Table 5. Returns of the 16 BUX constituent stothsir betas calculated using yearly
yields projected on 1 day, and their Reuters b&alculation period 1996 — 2007
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Empirical Beta

¢ OTP
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= Richter
+ Danubius
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Figure 4: Empirical beta for BUX components, cadtign period 1996 -2007

Reuters Beta

¢ OTP
+ Danubius
Phylaxia

= Richter
- Econet
~ Raba

MOL
- Emasz
« Synergon

% M-telekom x Egis
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Figure 5: Reuters beta for BUX components, calaigberiod 5 years

| figure that using 12 years to calculate a bety bmirrelevant as the Hungarian capital

market, as well as Hungarian currency went throaginense changes since 1996. Table

18 depicts the same results as above using a shione-series from September 2004-
March 2008 highlighting all 23 shares.
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Danubius
Stock return 0.916
Empirical beta 0.282
Reuters beta 0.430
Pannon
Stock return 0.349
Empirical beta 0.296
Reuters beta
Elmu
Stock return 0.735
Empirical beta 0.259
Reuters beta

Econet Egis Fotex Linamar MOL
0.205 0.346 0.864 0.718 0.741
-0.117 0.365 0.317 -0.115 D.29

0.750 1.120 0.880 1.210
Raba  Richter Synergon TVK Zwack
0.202 0.242 0.754 0.585 0.997
-0.411 0.157 0.008 0.544 0.000
0.310 0.790 1.000

Exbus Forras/oe Gardenia Humet Konzum
-0.621 0.948 0.121 0.228 0.795
0.115 -0.025 0.151 -0.469 6.46

M-telekom
570.
0.788
0.880

Csepel
634.
0.756

Phylaxia
.04
0.280
0.680

OoTP

0.653
0.847
.0501

Ehep
0.996
0.000

Table 6: Stock returns, betas calculated usinglyeaelds projected on 1 day, Reuters
beta. Calculation period September 2004 — Sep8 20

Using information from the table above, figuresr@&® below show the betas plotted

against mean returns for the 23 shares.

Empirical Beta
L
| *
0.8
X [ ]
06 -
0.6 -
0.4
202 - X
; ; 0 —_— ; ;
-0.6 -0.4 02 g5 0.2 0.4 0.6 0.8
-0.4 1
-0.6 - -
08
& Dan ®m Eco Eg Ftx X Lin e Mol + Mcom = Otp
Pan Raba Syn Tvk Zw Cs Eh El
= Exbus F Gard Hu Konzumx Phyl X Rg
Figure 6: Empirical beta (x axis) graphed agaitatisreturn (y axis), period Sept. 2004 —
Sept. 2008
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Reuters Beta
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Figure 7: Reuters beta (x axis) graphed againskgsteturn (y axis), period 5 years from
2007

In my model, | relied on the regression for obtagnithe market beta. Reading
Damodaran, | think | ought to apply other approachs it is advisable to use a shorter
period (e.g. 2 years) when calculating beta. Compgmnofiles change over time and past
covariance with the market might be irrelevantie turrent situation of the company. |
tried to check the so-called beta books, but unf@ately, Hungarian companies are not

represented with a few exceptions. This is whncluded beta obtained from Reuters.

5.1.2 Forming Portfolios

In order to test the validity of the size and vafaetors in explaining returns on equity
traded on the Budapest Stock Exchange, the gatloatadrom September 2003 to March
2008 of 23 stocks was mixed between A and B cayegiocks. The stocks were grouped
into 6 portfolios according to size and book-to-kerequity ratio. The small firms (S)

were composed of companies with market capitatinabielow the median irrespective of
their book-to-market equity ratio, and the big f&r{B) were those that were above the
median. The high (H) book-to-market equity ration& were the top 3bpercentile of the

shareholder equity-to-market capitalisation ratiegpective of size, the medium (M)

category constituted the middle™@ercentile and the low (L) the lowest"3percentile.
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To take a look at how valid this grouping was Ifpened a hierarchical cluster analysis
using the statistical analysis software SPSS, ancerding to equity capitalisation and the
second time, according to book-to-market equitioratsing between groups linkage and
squared Euclidean distance. | also repeated thdtsassing within-groups linkage and

Euclidean distance. Results are best visualis@ugus dendrogram, this is shown in

appendix 1. In reading the dendrogram, the resuibrmally taken at a distance between
10 and 15 on the dendrogram scale. The formedetctumatch with the previous grouping

made according to percentiles and median as in leah&rench.

Portfolios were formed at the beginning of eaclaricial year, and regrouped accordingly
every next January. The shares in the portfoliesewalue-weighted using their market
capitalisation for weights, and categorised. Témuitant 6 portfolios were the following:
S/H, S/IM, S/L, B/H, B/M, B/L. This meant that tifiest S/H portfolio contained shares
that were small in size and with a high BE/ME. Apgdix 2 shows the portfolio

constituents for each year.

In Cochrane (1999) portfolios of different sizesthin the same book/market category
were connected. Figure 10 shows average returnrsusvemarket beta for 25 stock
portfolios sorted on the basis of size and bookiketaratio. The points are the same in
both panels. In panel A, lines connect portfoless size varies within book/market
categories; in panel B, lines connect portfoliosbask/market ratio varies within size
categories. Variation isize produces a variation in average returns that istipely
related to variation in market betas, as shownaimep A. Panel B connects portfolios that
have different book/market ratios within size catégs. Variation in book/market ratio
produces a variation in average return that is thegg related to market beta. Because of
this value effect, the CAPM is a disaster when wmrted with these portfolios. (Source:
Cochrane 1999 p. 41)
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A. Changing size within book /market category
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MNotes: Average retums versus market beta for 25 stock portfolios sorted on the basis of size and book,/rarket ratio.
The points are the same as figure 3. In panel A, lines connect portfolios as size varies within book/market categories;
in panel B, lines connect portfolios as book/market ratio varies within size categories.

Figure 8: Mean excess returns vs. market betajngsyze and book/market ratio

| wished to check whether this realisation is vétidour 23 Hungarian shares. | took the

shares plotted in figure 8, and in an analogousteayochrane, | connected shares that are

close in BE/ME to each other irrespective of siZéhe darker line represents firms that

were the top 30 percentile BE/ME ratio, and therefore labelledtlas high firms. The

orange line connects the medium firms with the neidtd" percentile of BE/ME, whilst

the bright yellow indicate low BE/ME firms with tHewest 38" percentile of book-to-

market equity ratio. The lighter line shows firmith market capitalisation above the

median, these are the big firms. Figure 11 clesiigws that variation isizeproduces a

variation in average returns that is positivelyatetl to variation in market betas.
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Figure 9: Varying size within book-to-market equiigio groups.

In figure 12, | connected shares that are closza to each other irrespective of BE/ME.
The darker line represents firms that were belog riedian market capitalisation, and
therefore labelled as the small firms. The lightare shows firms with market
capitalisation above the median, these are thefibigs. It is clear, that variation in
book/market ratio produces a variation in averaggrn that is negativelyelated to

market beta.
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Figure 10: Varying book-to-market equity ratio witlsize groups
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The multifactor model advocated by Fama and Fra®3, 1996) explain these facts.
The factors: market return, the return of smak leig stocks (SMB), and the return of high
book/market less low book/market stocks (HML) agéhfactors show, that variation in
average returns of the size and book/market paHotan be explained by varying

loadings (betas) on the latter two factors.

5.1.3 The Factors: Market Premium, SMB and HML

The market premium is the excess return that invests yield over the risk-free return. |
considered the BUX return as the market retury) (while the Hungarian 3 month
reference rate as the risk-free rat@ ¢f government bonds. The problem arises that the
market return does not includes all available ibwesit opportunities, and as for the risk-
free return, the inter-bank swap rates would prevadmore dynamic indicator of market
expectations. The difficulty of quantifying therfieer, and obtaining a time-series of the
latter, unfortunately, confined me to only mentimmthem. Figure 13 below illustrates the
BUX yearly return and the 3 month government bomddyfrom February 1997 to March
2008.
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Figure 11: BUX yearly return and the 3 month goveent bond yield from February 1997
to March 2008

52



It is observed that there is a negative market prenseveral times in history as figure 14

shows.
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Figure 12: Market premium is shown by the excesgmeover the risk free rate.

In my calculations | used the yearly returns prigdon a single day, using the equation:

r.idaily - 36? ri yearly

Damodaran Online suggests that Hungary use a mar&etium 5.99%. This information
was updated in January 2008; however, | was urtablied historical market premia for

Hungary. Therefore, | relied on empirical data.

The SMB and the HML factors were formed using tbemulas of Fama and French.
(1996) p392.

supe CL M 3 BBy + B
3 3
2 CH ) G BD
2 2
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The SMB factor shows the premium of the small @digiation firms over the portfolio of
big firms. The HML describes the premium of thghhbook-to-market equity ratio firms

over the low ratio firms, in other words valless growth stocks.

In Fama and French (1996) the correlation betwedB &nd HML for the July 1929 to
June 1997 period was 0.13. For the Hungarian rhddtethe period 2004-2008 the
correlation is -0.288 as shown in table 19. TI8MB indeed seems to provide a measure
of the size premium that is somewhat free of BE/ftects, and HML is a measure of the

BE/ME premium relatively free of size effects.

HML SMB
HML 1.000000 -0.288366
SMB -0.288366 1.000000

Table 7: Correlation matrix of the factors HML a8NMB

| tested the HML and SMB factor for Granger caugalin the first casge cannot reject
the hypothesis that SMB does not Granger cause HVH_5% significance level, but we
do reject the hypothesis that HML does not Grammgesse SMB. Therefore it appears that
Granger causality runs one-way from HML to SMB amat the other way. Table 20

summarises the results.

Pairwise Granger Causality Tests
Sample: 9/20/2004 3/31/2008

Lags: 5
Null Hypothesis: Obs F-Statistic Probability
SMB does not Granger Cause HML 874 2.01188 0.07471
HML does not Granger Cause SMB 2.60463 0.02387

Table 8: Granger causality test for the factors Hitid SMB
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5.1.4 Fama’s model tested on the Budapest Stock Exchange

Fama and French in their paper published in 19@ftqul the betas of share portfolios
against their mean excess return. They propodwe®-variable model to explain the
movement of prices. Their renowned formula wasi@® Fama and French 1996 p. 55):

R -R, =a+b(R, —R,)+CcSMB+dHML + &

Their regression fitted notably well. This inducsedveral retests by other researchers
including Cochrane (New Facts in Finance) who asghat the HML factor is not a solid
explanation of the excess return of stockssras high BE/ME indicates companies in
distress. And it is more common for the distress@®panies to bounce back than to
default. This premium is therefore the price ofvatal. Fama and French revise their
work in 1996 and comment the HML factor saying tteasubstantial part of the premium
is due to survivor bias; the data source for boguitg ... contains a disproportionate
number of high-BE/ME firms that survive distress,tke average return for high-BE/ME

firms is overstated.” (Fama and French 1996 p57)

For the Budapest Stock Exchange’s 23 firms, a sumitadble of the regressions of the
three factors and a constant (C): (HML, SMB and Rffj are shown in table 21. Where
the factors are significant on a 5% significanoeelethey are shown in bold letters. 1t is
clear from the table that the size, the value aadkat premium factors work well for the
period examined. On average, the SMB factor tse@06 the HML 0,02 while the market
factor has a beta of 0,29. This is interpreted%bint change in returns can be explained

by beta times the given factor.
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Variable Coefficient Std. Error  t-Statistic Prob. R-squared
Csepel C 0.589777 0.083756  7.041589  0.0000 0.278841
HML -0.112404 0.14719 -0.76367  0.4467
SMB 0.470486 0.116379  4.042709  0.0001
RM_RF 0.580364 0.096181  6.034102 0.0000
Danubius C 0.979557 0.013961  70.16223  0.0000 0.169405
HML 0.117361 0.025139  4.668454  0.0000
SMB 0.018039 0.017086  1.055799 0.2914
RM_RF 0.273425 0.024761  11.04264  0.0000
Econet C 0.440438 0.029539  14.91049  0.0000 0.404035
HML 0.753126 0.054385  13.84809  0.0000
SMB 0.791091 0.035179  22.48772  0.0000
RM_RF 0.301105 0.056859  5.295666  0.0000
Egis C 0.323306 0.02863  11.29273  0.0000 0.352909
HML 0.221017 0.050472  4.379039  0.0000
SMB -0.606565 0.034472 -17.5961  0.0000
RM_RF -0.044635 0.05181 -0.861501  0.3892
Elmu C 0.68034 0.024578  27.68067  0.0000 0.226421
HML -0.081973 0.043109 -1.901532  0.0576
SMB -0.364532 0.028896 -12.61523  0.0000
RM_RF 0.063817 0.048029  1.328701 0.1844
Exbus C -0.491903 0.026517 -18.55067  0.0000 0.220354
HML 0.191282 0.047021 4.068 0.0001
SMB 0.484169 0.03208  15.09243  0.0000
RM_RF 0.445035 0.050569  8.800487  0.0000
Forras_oe C 0.943952 0.011726 80.4988  0.0000 0.025713
HML -0.053201 0.020912 -2.544099 0.0111
SMB 0.038475 0.013995 2.749076  0.0061
RM_RF -0.000312 0.021852 -0.014278 0.9886
Fotex C 0.937855 0.017417  53.84614  0.0000 0.135737
HML 0.085885 0.030816  2.787016  0.0054
SMB 0.059029 0.020975  2.814239  0.0050
RM_RF 0.354849 0.031472  11.27492  0.0000
Gardenia C 0.169576 0.051089  3.319253  0.0010 0.108836
HML 0.133069 0.088851  1.497656  0.1350
SMB -0.377584 0.061752 -6.114509  0.0000
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RM_RF -0.07927 0.089246 -0.888222  0.3749
Humet C 0.224454 0.025137  8.929185  0.0000 0.568952
HML -0.347476 0.044671 -7.778609  0.0000
SMB 0.791583 0.030852 25.6573  0.0000
RM_RF 0.092363 0.044282  2.085805 0.0373
Konzum C 0.786754 0.039892  19.72202  0.0000 0.21806
HML -0.090905 0.073042 -1.244566  0.2144
SMB 0.294369 0.057623  5.108576  0.0000
RM_RF 0.470035 0.057301  8.202984  0.0000
Linamar C 0.664265 0.026104  25.44727  0.0000 0.353315
HML -0.627162 0.047659 -13.15926  0.0000
SMB 0.17287 0.032992 5.23973  0.0000
RM_RF -0.132299 0.055699 -2.375244  0.0179
Variable Coefficient Std. Error  t-Statistic Prob. R-squared
Mol C 0.645359 0.020963 30.7857  0.0000 0.31578
HML -0.497559 0.036956 -13.46358  0.0000
SMB -0.39838 0.02524 -15.78336  0.0000
RM_RF 0.035944 0.037936  0.947497  0.3436
Mtelekom C 0.579918 0.022722  25.52178  0.0000 0.45536
HML -0.261916 0.040058 -6.538432  0.0000
SMB -0.454327 0.027359 -16.60608  0.0000
RM_RF 0.487001 0.04112  11.84333  0.0000
Otp C 0.691461 0.02016  34.29819  0.0000 0.504452
HML -0.221531 0.035541 -6.233123  0.0000
SMB -0.361232 0.024274 -14.88141  0.0000
RM_RF 0.607708 0.036484  16.65705  0.0000
Pannon Energy C 0.446192 0.03279  13.60751  0.0000 0.162063
HML -0.156804 0.05787 -2.709589  0.0069
SMB 0.389667 0.039313  9.912003  0.0000
RM_RF 0.570868 0.06022  9.479708  0.0000
Phylaxia C 0.143484 0.035509  4.040813  0.0001 0.10267
HML 0.481215 0.062857  7.655686  0.0000
SMB -0.062054 0.042972 -1.44404  0.1491
RM_RF 0.227353 0.064075  3.548234  0.0004
Raba C 0.330807 0.024251  13.64069  0.0000 0.570706
HML 0.184613 0.042753  4.318104  0.0000
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SMB 0.934285 0.0292  31.99598  0.0000
RM_RF 0.21231 0.043887  4.837621  0.0000
Richter Gedeon C 0.129809 0.033226  3.906793  0.0001 0.180322
HML -0.255864 0.058576 -4.368109  0.0000
SMB -0.544314 0.040006 -13.60566  0.0000
RM_RF -0.205513 0.060129 -3.41787  0.0007
Synergon C 0.718822 0.021758  33.03727  0.0000 0.232614
HML -0.470008 0.038357 -12.25337  0.0000
SMB 0.167931 0.026198  6.410147  0.0000
RM_RF 0.125849 0.039375 3.196188 0.0014
TVK C 0.701389 0.024631  28.47536  0.0000 0.38781
HML 0.54939 0.043177  12.72412  0.0000
SMB -0.255313 0.029665 -8.60648  0.0000
RM_RF 0.354323 0.04428 8.001918  0.0000
Zwack C 0.996578 6.56E-05 15199.28  0.0000 0.167957
HML -0.001131 0.000115 -9.81413  0.0000
SMB -0.000477 7.84E-05 -6.086271  0.0000
RM_RF 0.000155 0.000118  1.306088  0.1920

Table 9: Summary table of regression of the 3 faate the 23 Hungarian shares
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6 Limitations of the Study

Limitations of this study are numerous. Most impatty, the studies that | relied on for
examining anomalies are outdated. The publicatiselfi of an anomaly makes it

disappear, as arbitrageurs rush to take advanftagleatever truth it held.

Another distortion to my study is that stock tragliproduces winners and losers. Only
those losing stocks that recover are included is $kudy, but stocks whose companies
default are neglected. This problem is not spetdithis paper alone, but most published
articles ignore defaulted companies.

This leads to theories that evolve around the icgytaf market recovery.

A study of the Hungarian stock market seems ikkdafrom the outset. The market lacks a
history that would provide sufficiently long timesges of data to work with. Since the
revival of the Budapest Stock Exchange in 1990 temtschange of the stocks on trade
characterised the stock market. The Hungarian etaskalso difficult to analyse because
with the exception of the 4 major shares, it is adtquid market in comparison to the
developed stock markets. 80% of the BUX indexmsssed in 4 shares, of which 2 accrue
60% the index. In addition, currently 41 shares @aded all together. This makes
comparison to the US market unrealistic; therefateggwing comparisons in stock
behaviour and development is an unfortunate taddone the less, | found that
transplanting Fama and French'’s findings to the ddwmian market did unleash insightful

results.

To examine the reasons underlying the identifiednzadies, we have to search the
fundamentals. In this thesis, | merely identifssme of the obvious explanations. Yet it
might be of significance to search for the realsfo@: to what extent are these market
mispricings premiums? Do they compensate (il)igyj risk or are markets truly

inefficient to uphold the efficient market hypotigesAccepting the criticism or refuting it
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is also a very interesting topic to research stuthfortunately, these questions are beyond
the scope of this thesis.

7 Conclusion

In this thesis, | introduced asset pricing modéel$fie birth of these models came hand in
hand with a theory bolstering informational efflrtoy. We reviewed the extended
literature that challenges the efficient marketdtiesis. When market prices deviate from
their theoretical pricing, they are dubbed as an@®mand investors rush to take advantage
of the state of disequilibrium. Fama and Frenchiséel a multifactor model that is quite
successful in incorporating anomalies in their pseing formula.

The researcher duo says, however, that these aiesnaaé actually premiums of distress.
Their published papers have shown that charadtsristf stocks such as market
capitalisation and book-to-market equity are appad@ proxies for distress. Distressed
firms may be more sensitive to certain businesdecyactors, like changes in credit
conditions, than firms that are financially lesdnarable. This means that investors are
willing to give up on some expected return in exadefor investments that are resilient to
market turbulences. This causes the premium il siza and high BE/ME stocks. Wile
Fama and French propose that the two factors’ hadidetermine price movements,
Daniel and Titman suggest that it is not factor sgednties, but the characteristics

themselves that are responsible for market yields.

The critics of the multifactor model rebuke thatpéncal testing was specific to the set of
data examined by Fama; therefore its high precigsioforecasting asset returns is not a
coincidence. Others who place emphasis on thehpgygy of investors believe in the
newly emerging behavioural finance. Eventuallyestors are humans, with emotions and
intuitions, and sometimes make irrational investteehis deems modelling of price

movements to be far from precise.

The very debate over the explanations of anomajese me the impulse to test the

relevance of the model on the Hungarian marketalplyroach was to apply the formula to
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the emerging Budapest Stock Exchange shares usingh-ambitious time series from
September 2003 till March, 2008. Through empirieats on the Budapest stock exchange,
| find that the return of small and high BE/ME dtscdoes yield a premium. When
regressed on the single stocks, The SMB and HMtofa@re positive on average, i.e. the
three factor model produced significant loadingsligating the model’s validity for the
period tested. On the other hand, the specifitk@Hungarian market suggest that excess

returns account for liquidity premiums rather tltampensation for distress.

In my opinion, it is easier to find explanationspaist returns with the benefit of hindsight.
Identifying mispricings in the spot market requiteswledge and hard work, and often

times luck. This is why trading can be rewardiagmaybe not.

The question that remains open is an ongoing debatdinancial literature is still unable
to resolve: which aspects of the size and valufa@re responsible for equity premia, is
it the characteristic itself or the co-variationreturns related to size and book-to-market
equity beyond the co-variation explained by the katareturn. | think this issue has

opened questions that would quench the thirstsdarchers for some time.
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Appendix 1

Hierarchical cluster analysis according to equdpitalisation using within-groups linkage

and Euclidean distance.

Dendrogram

# % % # * * HJI ERALECHICALAL CLUSTEHR AN ALYSIS * * & & & %

Dendrogragn using Average Linkage (Within Group)

Fezscaled Distance Cluster Combine
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PANNERGY 9
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RG 11
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Hierarchical cluster analysis according to bookvarket equity ratio using within-groups

linkage and Euclidean distance.

Dendrogram

#* & ®* % + HIERALECHICALAL CLUSTEHTR AN ALYSIIS ™ ® % % %

Dendrogram using Average Linkage [(Within Group)

Fescaled Distance Cluster Combine
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Appendix 2

2003 2004 2005
SH ECONET BH FOTEX SH ECONET BH FOTEX SH ECONET BHFOTEX
EHEP EHEP FORRAS/OE RABA
FORRAS/OE FORRAS/OH HUMET
GARDENIA HUMET KONzZUM
KONZUM KONZUM PANNERGY
PANNERGY PANNERGY
SM HUMET BM  DANUBIUS SM GARDENIA | BM DANUBIUS SM CSPEL BM  DANUBIUS
PHYLAXIA EGIS KPACK EGIS EHEP EGIS
SYN LINAMAR PHYLAXIA LINAMAR GARDENIA L INAMAR
MOL SYN MOL KPACK TVK
OTP RABA PHYLAXIA
RABA TVK SYN
TVK
SL CSEPEL BL ELMU SL CSEPEL BL ELMU SL EXBUS BL ELM
EXBUS MTELEKOM EXBUS MTELEKOM MOL
KPACK RG OoTP MTELEKOM
ZWACK RG OoTP
ZWACK RG
ZWACK
2006 2007 2008
SH ECONET BH TVK SH EHEP BH SH ECONET BH TVK
EHEP ECONET EHEP
FORRAS/OE EXBUS EXBUS
KONZUM FORRAS/OE FORRAS/OE
PHYLAXIA KONZUM KONzZUM
RABA PHY KPACK KPACK
SM EXBUS BM PANNERGY | SM HUMET BM DANUBIUS SM PHYLAXIA BM  DANUBIUS
HUMET DANUBIUS RABA EGIS RABA EGIS
KPACK FOTEX ELMU SYN ELMU
SYN LINAMAR FOTEX FOTEX
MTELEKOM LINAMAR LINAMAR
ZWACK MTELEKOM MTELEKOM
TVK PANNERGY RG
SL CSEPEL BL EGIS SL CSEPEL BL MOL SL CSEPEL BL MOL
GARDENIA ELMU GARDENIA OTP GARDENIA OoTP
MOL SYN RG HUMET PANNERGEY
OoTP ZWACK ZWACK
RG

6 portfolios formed each year according to size lamok-to-market equity
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