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Abstra
tTitle A Test for Sto
k Market Overrea
tionAuthors Niklas Närling and Tomas SvenssonTutors Hossein Ashgarian, Department of E
onomi
sTore Eriksson, Department of Business Adminis-trationDate of Presentation January 18, 2000Course Ba
helor Thesis in Finan
eKeywords Overrea
tion E�e
t, Contrarian Strategies, Mi
ro-stru
tural Problems, Market E�
ien
y, TradingVolumeThis thesis tests for an overrea
tion e�e
t on the Sto
kholm sto
k ex-
hange A-list using data for the period January 4 1982 through August 301999. The test is basi
ally a repli
ation of some parts of a test su

essfullyemployed by Cooper (Cooper, 1999) on the Ameri
an sto
k markets NYSEand AMEX. The thesis also 
ontains an overview of the theory and previousempiri
al �ndings on the overrea
tion e�e
t.The results indi
ate a small but statisti
ally signi�
ant reversal of portfo-lios of the most extreme winners and losers. The results are not as unambigu-ous as those of Cooper's survey are. When using a �rst-order-pri
e �lter, themost extreme portfolios are signi�
ant and 
onsistent with the overrea
tione�e
t. However, for the se
ond-order-pri
e and �rst-order-pri
e-and-volume�lter the results are di�
ult to interpret, and 
ould have been 
aused byrandom perturbations. It would be di�
ult to trade su

essfully using these�ndings alone, if trading 
osts, su
h as the bid-ask spread and brokerage feesare taken into a

ount.We believe that the signi�
ant results that have been found are not 
ausedby the bid-ask-boun
e e�e
t to any large extent. However, they 
ould havebeen 
aused by a survivorship bias in the data. In addition, the results 
an be
onsistent with the e�
ient market hypothesis if the risk premium is allowedto be time varying.
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Chapter 1Introdu
tionThis introdu
tory 
hapter 
ontains a 
on
ise ba
kground, the problem state-ment, purpose, result vision, target audien
e and the delimitations made.The 
hapter ends with a brief outline of the thesis.1.1 Ba
kgroundFor over 30 years, the e�
ient market hypothesis (EMH) has remained the
entral proposition of �nan
ial e
onomi
s. A

ording to the EMH, sto
kpri
es are equal to their fundamental values given by the expe
ted presentvalue of the 
ash �ows a

ruing to the sto
k. The 
ash �ow expe
tationsare assumed to be formed rationally, taking all available information intoa

ount.In re
ent years, the traditional view that se
urities are rationally pri
edto re�e
t all publi
ly available information has been questioned, see (Danielet al., 1998). The growing list of anomalies on the sto
k market with re-spe
t to the rational models has intensi�ed the sear
h for an alternative or
omplementary view on how sto
k pri
es are set.Kahneman and Tversky (Kahneman and Tversky, 1982) in a study onexperimental psy
hology found that people tend to overrea
t to dramati
and unexpe
ted events. DeBondt and Thaler (DeBondt and Thaler, 1985)apply this result to the sto
k market and �nd that it is possible to earnan ex
ess return by buying (selling) sto
ks that have done extremely poorly(good) in past years. During the 1990's, a short-term variant of the originallong-term overrea
tion hypothesis has been given mu
h attention.In a re
ent study, Cooper (Cooper, 1999) tests the short-term overrea
tionhypothesis for large-
apitalization se
urities on the NYSE and AMEX. He�nds signi�
ant predi
tability of sto
k returns, and reports on a pro�table



6 Introdu
tionsimulated strategy using these previous �ndings.Cooper uses a somewhat di�erent method 
ompared to previous short-term overrea
tion arti
les. One interesting aspe
t of Coopers method is thathe, besides lagged returns, in
orporates lagged volume into the portfolio for-mation rule. The method makes it possible to test what e�e
t 
hanges intrading volume has on the overrea
tion e�e
t.1.2 Problem StatementThe predi
tability of sto
k returns has been a question subje
t to heateddebate for a long time. An impli
ation of an overrea
tion e�e
t is that sto
kreturns might be negatively auto
orrelated, whi
h in turn suggests that sto
kpri
es might be predi
table to some degree, see (Lo and Ma
Kinlay, 1990).The predi
tability puts the validity of even the weakest form of the e�
ientmarket hypothesis in question.The logi
 of the e�
ient market hypothesis is di�
ult to question. Forexample, how would it be possible for an abnormal return opportunity 
ausedby overrea
tion to survive the pro
ess of arbitrage? The overrea
tion hypoth-esis is thus a problem for the advo
ates of the e�
ient market hypothesis,e.g., many e
onomi
s resear
hers. The presen
e of a large overrea
tion e�e
tis also interesting for pra
titioners on the �nan
ial market sin
e an e
onom-i
ally signi�
ant overrea
tion e�e
t 
ould make it possible for investors tomake ex
ess returns simply by studying histori
al sto
k returns.Whether the sto
k market experien
es a long-term overrea
tion e�e
t isalso of interest to �rms planning the date of an equity issue. If the marketis e�
ient, the timing de
ision be
omes unimportant sin
e e�
ien
y impliesthat equity is always sold for its true value at any point in time, see (Rosset al., 1993, p. 355).In addition, the overrea
tion e�e
t is interesting be
ause it represents abehavioral prin
iple that may apply in many other 
ontexts in �nan
e. Forexample, a

ording to DeBondt and Thaler (DeBondt and Thaler, 1985),investor overrea
tion possibly explains S
hiller's earlier �ndings that whenlong-term interest rates are high relative to short rates, they tend to movedown later. Consequently, the presen
e of an overrea
tion e�e
t 
ould be ofinterest to pra
titioners in a variety of di�erent areas in �nan
e.The overrea
tion phenomenon raises questions that 
an be divided intofour main 
ategories1. What is the de�nition of the term overrea
tion?2. What are the impli
ations of an overrea
tion e�e
t to market e�
ien
y?



1.3 Purpose 73. What possible explanations are there to the overrea
tion e�e
t?4. How 
an investors exploit the overrea
tion e�e
t to earn abnormal re-turns?This is a quite useful stru
ture sin
e it provides a general pi
ture of the
omplex overrea
tion problem.1.3 PurposeThe main purpose is to investigate if eviden
e of short-term overrea
tionin Swedish sto
k pri
es 
an be found using Cooper's �lter based portfolio-weighting method. The method also involves an analysis on what e�e
t
hanges in trading volume has on the overrea
tion e�e
t.To enable an understanding of the results of the test, the thesis will alsoanswer the four questions raised above. The attention is dire
ted towardsthe question of short-term overrea
tion, but to 
omplete the dis
ussion, over-rea
tion over other time horizons will also be des
ribed.1.4 Result VisionSeveral arti
les have been written on the short-term overrea
tion in the past.The methodologies used in these arti
les have been 
riti
ized on a numberof a

ounts. Given the explanations o�ered by these arti
les, the empiri
aleviden
e in support of short-term overrea
tion is not 
onvin
ing. Cooperdevelops several modi�
ations to the methodologies used in past overrea
tionarti
les. By applying Cooper's method to the Swedish sto
k market, thisthesis aims at getting a good estimation of the overrea
tion e�e
t in Swedishsto
k pri
es, and to see if the method used by Cooper 
an be su

essfullyapplied to e.g., the Swedish sto
k market.1.5 DelimitationsThis thesis tests for a short-term overrea
tion e�e
t in the surviving sto
ks ofthe Sto
kholm sto
k ex
hange A-list for the period January 4 1982 to August30 1999. The study 
losely follows Coopers test. Trading 
osts are not takeninto a

ount, and there are no adjustments for dividends. The simulation(see se
tion 3.9) performed by Cooper is not performed in this study.



8 Introdu
tion1.6 Brief OutlineChapter 2 des
ribes the overall method of this thesis. Chapter 3 
ontainsa des
ription of relevant theory and earlier empiri
al �ndings. Se
tion 3.9des
ribes Coopers method and gives a summary of his results. Chapter 4
ontains a dis
ussion of the data used in this thesis and a des
ription ofthe method. Chapter 5 
ontains the results of the test. Chapter 6 gives ananalysis of the results. Chapter 7 
ontains the summary and 
on
lusions.



Chapter 2MethodIn this 
hapter, the overall method used in this thesis is dis
ussed. A detaileddes
ription of the method and data used in the test for an overrea
tion e�e
tis given in 
hapter 3 and 4.2.1 Choi
e of Subje
tBefore starting to sear
h for an interesting topi
, we knew we wanted todo some sort of quantitative analysis on the Swedish sto
k market. To getsome idea of what is 
urrently being debated the sear
h began by readinge
onomi
 journals. As it turned out, the topi
 for the thesis was found in TheReview of Finan
ial Studies. The arti
le of interest was the arti
le "FilterRules Based on Pri
e and Volume in Individual Se
urity Overrea
tion" byMi
hael Cooper (Cooper, 1999). Cooper uses an interesting method to testfor an equally interesting phenomenon. This thesis is a repli
ate study of themajor points of his study, using his method to test for short-term overrea
tione�e
ts in Swedish sto
k pri
es.2.2 Information Sour
esMost of the books on �nan
ial markets that we have read devote little at-tention to the overrea
tion phenomenon. Overrea
tion is often mentionedin 
hapters on market e�
ien
y as possible indi
ations against market e�-
ien
y. The dis
ussion is often brief and does not in
lude an explanation onwhy it would exist. More thorough presentations of the overrea
tion e�e
twere found in e
onomi
 journals su
h as Journal of Finan
e, The Reviewof Finan
ial Studies, and Quarterly Review of E
onomi
s and Finan
e, tomention a few.



10 MethodAfter having browsed the most re
ently issued journals, a sear
h for earlierrelevant arti
les was performed. To �nd interesting arti
les the referen
elistings of some interesting arti
les were used. In addition, arti
le databasesear
h engines su
h as EBSCO and E
onlit were used. Some of the keywordsused in these sear
hes were: overrea
tion, mean reversion, underrea
tion,momentum and 
ontrarian.2.3 Sour
e Criti
ismThe books referen
ed in this thesis are in general quite skepti
al to the ideathat the sto
k market would overrea
t. In the referen
ed arti
les, there is no
onsensus whether the sto
k market overrea
ts. In some arti
les, 
onvin
ingeviden
e was found in favor of an overrea
tion e�e
t, whereas in other arti
les
onvin
ing eviden
e against the overrea
tion e�e
t was found. This thesisaims to give a nuan
ed des
ription of the overrea
tion e�e
t, but the readershould be aware that the des
ription is based on a sample of arti
les. Adi�erent sample might give a somewhat di�erent pi
ture.



Chapter 3Theory and Earlier Empiri
alFindingsThis 
hapter dis
usses the theory and the empiri
al �ndings ne
essary tounderstand what an overrea
tion e�e
t is, and what impli
ations it mighthave for the e�
ient market hypothesis. In addition, a

ount of di�erentexplanations to the overrea
tion e�e
t is given. The delayed overrea
tion andpossible explanations to the e�e
t are dis
ussed in the se
tion that follows.The 
hapter ends with a dis
ussion about trading rules used by pra
titionersto derive advantage from the overrea
tion e�e
t.3.1 Random WalkIn earlier theories, the random walk was synonymous to market e�
ien
y, seefor example (Ross et al., 1993, p. 338). Therefore, the dis
ussion on markete�
ien
y begins with a short des
ription of the random walk.Sin
e the publi
ation of Ba
helier's thesis "Theory of spe
ulation" in1900 (Ba
helier, 1900) in whi
h he proposes that sto
ks follow a randomwalk, this has been a subje
t of 
onsiderable interest. In the past, severaldi�erent de�nitions of the random walk have been proposed. A

ording tothe basi
 de�nition of a random walk, su

essive sto
k returns are assumedto be independent and identi
ally distributed, see (Fama, 1970).The assumption of independently distributed returns implies that thereturn in one period is of no use in predi
ting the return in the next. Theassumption of identi
ally distributed returns implies an assumption about therisk premium being 
onstant. By risk premium is meant the 
ompensationre
eived for risk in terms of the systemati
 portion of sto
k return varian
e.The most 
ommon risk measure used in �nan
e is the Capital Asset Pri
ing



12 Theory and Earlier Empiri
al FindingsModel (CAPM) beta. The CAPM beta is the regression 
oe�
ient of thesto
k return as a fun
tion of the return on the market index. In equilibrium,
ompensation should only be re
eived for this systemati
 risk, see (DeBondtand Thaler, 1989).The assumption of a 
onstant risk premium 
onstitutes a possible expla-nation for the high return earned by di�erent trading strategies. This topi
will therefore be 
overed in depth in the se
tion 
overing time-varying riskpremia.A

ording to Lo and Ma
Kinlay (Lo and Ma
Kinlay, 1990), empiri
aleviden
e shows that histori
al sto
k market pri
es do not follow randomwalks.3.2 Sto
k Return Auto
orrelationIn dealing with time-series data, where the returns follow a natural orderingin time, there is a possibility that the return at a point in time will be
orrelated to previous returns. If there is su
h a 
orrelation in time, thetime-series is said to be auto
orrelated, see (Hill et al., 1997, p. 237).Most trading strategies suggested in re
ent studies use sto
k-return auto-
orrelation to generate pro�ts. This thesis tests the pro�tability of a tradingstrategy exploiting short-term negative serial dependen
e in asset returns,see (Lo and Ma
Kinlay, 1990).If serial 
orrelation 
oe�
ients are signi�
antly di�erent from zero, thesto
k market does not follow a random walk.3.3 Market E�
ien
yHow to de�ne market e�
ien
y has been a question of mu
h 
ontroversy inthe past. A

ording to Fama (Fama, 1976, p. 133-143), an e�
ient 
apitalmarket is a market that is e�
ient in pro
essing information. The pri
esof se
urities observed at any time are based on a 
orre
t evaluation of allinformation available at that time. In an e�
ient market, pri
es thereforefully re�e
t available information. This is sometimes referred to as a fairgame model, e.g., in (Fama, 1970). This implies that the market should adjustpri
es fully and instantaneously when new information be
omes available.Sin
e some types of information are more readily available than others,the information 
an be separated into subgroups. The most 
ommon 
las-si�
ation system uses three di�erent subgroups: histori
al pri
e, publi
 andall information. The 
lassi�
ation of information makes it possible to divide



3.4 Overrea
tion Hypothesis 13e�
ien
y into three di�erent degrees of e�
ien
y: weak form, semi-strongform and strong form of market e�
ien
y, see (Ross et al., 1993, p. 338).A 
apital market is said to satisfy weak-form e�
ien
y if it fully in
orpo-rates the information in past sto
k pri
es. If the market re�e
ts all publi
lyknown information it is semi-strong e�
ient and if it also in
orporates pri-vate information su
h as insider information it is strong-form e�
ient. If amarket is strong-form e�
ient it is also weak and semi-strong form e�
ientsin
e it re�e
ts all information, in
luding histori
al and publi
 information,see (Ross et al., 1993, p. 341).If the market is e�
ient, even in its weakest form, trading strategies usingpast sto
k returns should not be able to generate risk-adjusted abnormalreturns.3.4 Overrea
tion HypothesisA sto
k market anomaly is an apparent departure from an e�
ient marketthat allows �nan
ial a
tors to make abnormal risk-adjusted returns. Some ofthe anomalies mentioned in the �nan
ial literature are the week-of-the-daye�e
t, the small-�rm e�e
t, the ex-dividend e�e
t, the January e�e
t and theP/E-ratio e�e
t, see (Claesson, 1987, p. 18). It is beyond the s
ope of thisthesis to explain the details of all these anomalies, but sin
e some of themhave been proposed to explain the overrea
tion phenomenon, some will bedis
ussed later.As mentioned earlier, a sto
k market is e�
ient if the pri
es fully re�e
tall available information. For this to o

ur, investors must behave rationally,see (Hull, 1993, p. 191). If the investors behave irrationally and do not utilizethe available information, sto
k pri
es will not be the most e�
ient estimateof the present value of future �rm 
ash �ows, see (Elton and Gruber, 1995,p. 437-438). If this is the 
ase, investor 
ompetition will fail to eliminatepro�table trading opportunities.Empiri
al sto
k market resear
h in the past three de
ades has presenteda body of eviden
e with systemati
 patterns that are not easy to explainwith rational asset pri
ing models, sin
e the rationality has been proven tobe 
onsistently violated, see (DeBondt, 1994).Finan
ial e
onomi
s is, perhaps, the sub-dis
ipline of e
onomi
s wherea
tual human behavior is taken into a

ount the least. Finan
e literaturereveals little interest in investor de
ision pro
esses or in the quality of investorjudgement. It has not always been this been this way. Earlier generationsof e
onomists su
h as Irving Fisher, John Maynard Keynes and BenjaminGraham put greater emphasis on the imperfe
t nature of human de
ision-



14 Theory and Earlier Empiri
al Findingsmaking. In modern �nan
e, we simply insist that, whatever people do, theydo it right, see (DeBondt, 1994).In a study on experimental psy
hology, Kahneman and Tversky (Kahne-man and Tversky, 1982), referen
ed in Iwan and van der Put (Iwan et al.,1997), �nd that people tend to overrea
t to unexpe
ted and dramati
 newsevents. In several studies DeBondt and Thaler (DeBondt and Thaler, 1985)and (DeBondt and Thaler, 1989) investigates whether this applies to the �-nan
ial market. DeBondt and Thaler were the �rst to empiri
ally test theoverrea
tion hypothesis, but the idea of an overrea
tion e�e
t was mentionedby Keynes in "The general Theory" in 1936, see (DeBondt, 1991). In theirempiri
al studies, DeBondt and Thaler �nd indi
ations of an overrea
tione�e
t implying that investors are not rational.The overrea
tion hypothesis 
laims that the predi
tability found in sto
kreturns is due to investor overrea
tion that temporarily moves the sto
k pri
esaway from their fundamental values. Eventually, however, the pri
es are 
or-re
ted as a
tual future events predi
tably turn out to be either less rosy ormore pleasant than originally estimated, see (DeBondt, 1991). DeBondt andThaler (DeBondt and Thaler, 1985) proposes the following two hypotheses:"(1) Extreme movements in sto
k pri
es will be followed by subsequent pri
emovements in the opposite dire
tion. (2) The more extreme the initial pri
emovement the greater will the subsequent adjustment be". To be able tofo
us on extreme pri
e movements, many of the earlier arti
les on the overre-a
tion e�e
t examine returns following one-day pri
e de
lines of ten per
entor more (see e.g., (Bremer and Sweeney, 1991), (Cox and Peterson, 1994),and (Park, 1995)).The early work on overrea
tion dis
ussed long-term overrea
tion. How-ever, during the last ten years, mu
h attention has also been given to short-term overrea
tion in sto
k pri
es (see e.g., (DeBondt and Thaler, 1989),(Jagadeesh, 1990), (Lehmann, 1990) and (Lo and Ma
Kinlay, 1990)).The test in this thesis, des
ribed in detail in 
hapter four, tests for short-term overrea
tion in that it uses a return-horizon of one week after the portfo-lio formation date. Weekly and even monthly return horizons are 
onsideredshort term. It is important to distinguish between short-term and long-termoverrea
tion sin
e it is now generally a

epted that short-term �u
tuationsin sto
k returns di�er in many ways from three to �ve-year returns, see (Loand Ma
Kinlay, 1990).If sto
k pri
es systemati
ally overshoot, then their reversal should bepredi
table from past return data alone, see (DeBondt and Thaler, 1985).The existen
e of an overrea
tion e�e
t implies that a strategy of buying losersand selling winners will earn a positive expe
ted return be
ause the losers(winners) are likely to be
ome future winners (losers), see (Conrad et al.,



3.4 Overrea
tion Hypothesis 151997). This strategy is 
alled a 
ontrarian strategy and will be dis
ussedfurther in se
tion 3.8 later in this 
hapter.The reported pro�tability of several 
ontrarian strategies has led manyto 
on
lude that sto
k markets overrea
t, see (Lo and Ma
Kinlay, 1990).If an overrea
tion e�e
t is found, it 
ould be interpreted as an indi
ationagainst weak-form market e�
ien
y sin
e it makes it possible to pro�t froma strategy using past information only.Possible Explanations to the Overrea
tion E�e
tSeveral studies have shown the presen
e of overrea
tion in the sto
k marketand the empiri
al eviden
e is substantial. The interpretation of these appar-ently anomalous results is less 
lear and a

ording to re
ent studies, thereare several possible explanations for the overrea
tion phenomenon found inearlier empiri
al studies, see (Ri
hards, 1997). Virtually all models of overre-a
tion imply that the abnormal returns are due to negative auto
orrelationin the return of individual sto
ks, see (Lo and Ma
Kinlay, 1990). However,there are a number of alternative explanations.The presentation of the possible explanations below forms the basis forthe evaluation of the method used in this thesis.The explanations proposed in earlier studies 
an be 
ategorized as follows:� Time-varying risk premium� Mi
ro-stru
tural problems� E
onomi
 insigni�
an
e� Other market imperfe
tions or anomalies� Sto
k market liquidity� Methodologi
al explanations� Other real but unknown e
onomi
 explanations� Other psy
hologi
al explanationsTime-Varying Risk PremiumBoth the random walk hypothesis and the weak-form market e�
ien
y hy-pothesis 
laim that future returns should not be predi
table using histori
alpri
e data. However, some de�nitions of the random walk are more restri
tive



16 Theory and Earlier Empiri
al Findingsthan the e�
ient market hypothesis sin
e they assume that sto
k returns areidenti
ally distributed through time, see (Ross et al., 1993, p. 338). This isprobably not true sin
e the risk of di�erent 
ompanies 
an 
hange over timebe
ause of 
hanges in their stru
ture and line of produ
ts et
, see (Claesson,1987, p. 57).This implies that even though eviden
e of a random walk means that themarket is weak-form e�
ient, the reverse does not hold due to for examplethe possibility of a time-varying risk premia.Sto
k returns being non-random 
an be interpreted in two ways, a

ordingto Fama (Fama, 1976, p. 143):1. Expe
ted returns are 
onstant and the fair game model as mentionedearlier 
an be reje
ted, with the impli
ation that weak-form markete�
ien
y 
an be reje
ted.2. Expe
ted returns are time varying, with the impli
ation that weak-formmarket e�
ien
y 
annot be reje
ted.This means that if a pattern is found in the sto
k returns, weak-form e�-
ien
y 
annot be reje
ted unless the assumption of a 
onstant risk premiumis valid.Higher Systemati
 RiskA 
ommon explanation to the overrea
tion e�e
t in losers found in empiri
alstudies is that the �rms sele
ted are risky rather than undervalued. If the�rms are extra risky, they should 
arry an extra risk premium, implying thattheir return 
ould be normal even tough eviden
e suggesting an overrea
tionis found. This is possible if the risk premium 
an be assumed time varying.DeBondt and Thaler found that traditional risk measures su
h as the
apital asset pri
ing model betas were unable to explain the overrea
tione�e
t in their study sin
e the betas had not 
hanged on average after theextremely low/high return date, see (DeBondt, 1994). In their study onlong-term overrea
tion e�e
ts (DeBondt and Thaler, 1985), they found thatthe average betas of the se
urities in the winner portfolios are signi�
antlylarger than the betas of the loser portfolios. This means that loser portfoliosnot only outperform the winner portfolios, but also that if the CAPM is
orre
t, the loser portfolios are also signi�
antly less risky.DeBondt and Thaler argue that while traditional risk measures seem un-able to explain the overrea
tion e�e
t, risk may yet be an important part ofthe story sin
e it may be essential to distinguish between true obje
tive riskand per
eived risk. If investors are relu
tant to hold a 
ertain sto
k be
ause
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tion Hypothesis 17it is per
eived as being more risky and not enough rational traders are willingto step in, then per
eived risk and true risk have a similar e�e
t on sto
kpri
es, see (DeBondt, 1994).In 
ontrast to DeBondt and Thaler's �ndings, other studies have foundthat in some 
ases the 
ontrarian strategy has been shown to generate in-signi�
ant abnormal returns after adjusting for the time-varying systemati
risk for the winner and loser sto
ks (see e.g., (Chan, 1988), (Ball and Kothari,1989) and (Chen and Sauer, 1997)).A

ording to Lehmann (Lehmann, 1990), it is possible to determinewhether predi
tability in sto
k returns 
ould be explained by a time-varyingrisk premium or an overrea
tion e�e
t by examining returns over short inter-vals. He argues that over short intervals the risk premium should be 
onstantsin
e systemati
 short-run 
hanges in fundamental values should be negligi-ble in an e�
ient market with unpredi
table arrival of information. This isassumed to hold even if there are predi
table variations in expe
ted se
urityreturns over longer horizons. Under these assumptions he reje
ts the e�
ientmarket hypothesis sin
e he �nds arbitrage opportunities using a short-termtrading strategy where he buys past losers and goes short in past winners.Ri
hards (Ri
hards, 1997) �nds no eviden
e that test-period returns ofprior losers were signi�
antly riskier than those of prior winners, either interms of their standard deviations or other risk fa
tors.Mi
ro-stru
tural ExplanationsMi
ro-stru
tural problems 
ould be a problem for studies on short-termoverrea
tion sin
e these studies are often transa
tion intensive and basedon short-term pri
e movements. A

ording to Jagadeesh and Titman (Ja-gadeesh and Titman, 1993), negative auto
orrelation found in these studiesmay re�e
t the presen
e of short-term pri
e pressure or a la
k of liquidity inthe market rather than overrea
tion. However, the short-term pri
e pressuremight also serve as an explanation to the overrea
tion e�e
t. Low liquid-ity gives rise to mi
ro-stru
tural problems su
h as the bid-ask boun
e and
ross-auto
ovarian
e a
ross se
urities.Short-Term Pri
e PressureOne of the most important 
hara
teristi
s investors look for in an organized�nan
ial market is liquidity sin
e it determines the ability to buy or sellsigni�
ant quantities of se
urity qui
kly with relatively little pri
e impa
t,see (Campbell and Lo, 1997, p. 99-100).



18 Theory and Earlier Empiri
al FindingsIf the market is stri
tly e�
ient, investors should be able to sell as manyshares as they desire without depressing the sto
k pri
e, see (Ross et al.,1993, p. 356). If this assumption does not hold and the sale of large blo
ksof sto
ks 
an temporarily depress the pri
e, it 
ould generate test results infavor of an overrea
tion e�e
t sin
e the sto
k pri
e will eventually revert toits true value.Bid-Ask-Boun
eOne important sour
e of measurement error when 
al
ulating sto
k returnsis the bid-ask spread. Conrad, Gultekin and Kaul (Conrad et al., 1997) showthat most, but not all, of the earnings from pri
e reversals they �nd in theirstudy on the NYSE/AMEX sample may not be a re�e
tion of overrea
tionbut may instead be generated by the bid-ask boun
e e�e
t. They arguethat in the presen
e of measurement errors 
aused by the bid-ask spread,
al
ulated returns will be negatively auto
orrelated at least at lag 1, even if"true" returns are serially un
orrelated, see (Conrad et al., 1997).The logi
 behind the bid-ask explanation 
an more easily be understoodby 
onsidering the bid-ask boun
e on a transa
tion-to-transa
tion basis. As-sume that a sto
k quote is 49 bid and 50 ask, and that the last trade wasmade at 49. Suppose a market pur
hase order is pla
ed. Then the order isexe
uted at 50. If it is followed by a market sell order, the pri
e will de
lineto 49. Thus, an in
rease will be followed by a de
rease, and a reversal haso

urred, see (Elton and Gruber, 1995, p. 423). As random buys and sellsarrive at the market, pri
es 
an boun
e ba
k and forth between bid and askpri
es, 
reating serial 
orrelation in the return, even if the e
onomi
 value ofthe se
urity is un
hanged, see (Campbell and Lo, 1997, p. 99).A

ording to Cox and Peterson (Cox and Peterson, 1994), large one-daypri
e de
lines are likely to be asso
iated with substantial selling pressure,in
reasing the probability that a 
losing transa
tion is at a bid pri
e and,in turn, leading to a reversal the next day due to the bid-ask boun
e e�e
t.They also argue that if the bid-ask boun
e is not an important fa
tor, andinstead short-term overrea
tion is the 
ause for large one-day reversals, thenthe greater the one-day de
line, the greater the subsequent reversal shouldbe. If the bid-ask boun
e is the main sour
e for the overrea
tion e�e
t,larger initial de
lines should not lead to greater subsequent reversals. Thelogi
 behind this 
on
lusion is that larger de
lines are not likely to have largerproblems with the bid-ask boun
e than smaller de
lines.Jagadeesh and Titman (Jagadeesh and Titman, 1993) also provide evi-den
e on the relation between short-term return reversals and bid-ask spreadsthat supports the bid-ask boun
e explanation.



3.4 Overrea
tion Hypothesis 19In Coopers study, a skip-day pro
edure was used to 
orre
t for the bid-askboun
e. The methodology, �rst suggested by Lehmann (Lehmann, 1990) hasbeen 
riti
ized by Conrad, Gultekin and Kaul (Conrad et al., 1997). Theyargue that Lehmann's pro
edure 
an lead to de
eptive 
on
lusions aboutpri
e reversals. Instead of the skip-day pro
edure, they suggest the use of abid-bid pro
edure. When using the bid-bid pro
edure the bid-quotations areused instead of the 
lose-quotations that are used in the skip-day pro
edure.Conrad, Gultekin and Kaul (Conrad et al., 1997) show that eviden
e ofreversals on large-
apitalization sto
ks is less a�e
ted by bid-ask boun
e prob-lems than is reversal eviden
e on small 
apitalization sto
ks. Similar resultshave been reported by, for example, Ri
hards (Ri
hards, 1997) who 
on
ludethat mi
ro-stru
tural problems get smaller when sto
k market turnover in-
reases sin
e the liquidity in sto
ks in
reases and the bid-ask boun
e getssmaller.Cross-Auto
ovarian
e A
ross Se
uritiesAs mentioned earlier, one impli
ation of sto
k market overrea
tion is positiveexpe
ted return from a 
ontrarian investment rule. The apparent pro�tabilityof several 
ontrarian strategies has led many to 
on
lude that sto
k marketsdo indeed overrea
t, see (Lo and Ma
Kinlay, 1990).Lo and Ma
Kinlay (Lo and Ma
Kinlay, 1990) reports that daily returns ofindividual se
urities are slightly negatively auto
orrelated and that portfolioreturns are strongly positively auto
orrelated. A

ording to them, this some-what paradoxi
al result 
an mean only one thing: large positive 
orrelationsa
ross individual se
urities a
ross time. They question if the pro�tability of
ontrarian strategies is due to overrea
tion e�e
ts. They explain the positivepro�ts by 
ross-auto
ovarian
e a
ross se
urities. To see how, 
onsider thefollowing example where the market is assumed to 
onsist of only two sto
ks."If, for example, a high return for se
urity A today implies that se
urityB's return will probably be high tomorrow, then a 
ontrarian investmentstrategy will be pro�table even if ea
h se
urity's return are unfore
astableusing past returns of that se
urity alone" (Lo and Ma
Kinlay, 1990).Lo and Ma
Kinlay assume that when sto
k A's return is higher than themarket, the 
ontrarian investor will sell A and buy B and as a 
onsequen
eof the 
ross-auto
ovarian
e among the sto
ks make a positive pro�t on sto
kB. Be
ause of 
ross-auto
ovarian
e a 
ontrarian investment rule 
ould earnpositive expe
ted returns even though ea
h se
urity's return is serially inde-pendent. Lo and Ma
Kinnlay report that less than 50 per
ent of the expe
tedreturn is due to an overrea
tion e�e
t.One sour
e of 
ross-auto
orrelation is what has 
ome to be known as the
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al Findingsnonsyn
ronous trading or nontrading problem, in whi
h pri
es of distin
tse
urities are mistakenly assumed to be sampled simultaneously. If somesto
ks are traded less frequently than others, news that a�e
ts those sto
kstraded more frequently 
ould in�uen
e the returns of thinly traded se
uritieswith a lag. As an example, assume that sto
k A is traded less frequently thanB. If news that a�e
t the aggregate sto
k market arrives at the end of theday, it is more likely that B's end-of-day pri
e re�e
ts this information thanA's, simply be
ause A may not trade after the news arrives. The fa
t that Aadjusts with a lag 
ompared to B 
auses 
ross-auto
orrelation between thedaily returns of A and B, see (Campbell and Lo, 1997, p. 84).Lo and Ma
Kinlay refer to this as a lead-lag relationship and report thatthe returns of large 
apitalization sto
ks almost always lead those of smallersto
ks.E
onomi
 Insigni�
an
eIt is also possible to 
onsider the market as e�
ient with respe
t to infor-mation if it is impossible to make e
onomi
 pro�ts by trading based on thisinformation. A

ording to this de�nition of market e�
ien
y, eviden
e ofrisk adjusted abnormal returns does not imply that the market is ine�
ientas long as the ine�
ien
y is too small for investors to be able to trade it awaybe
ause of trading 
osts and 
osts of information, see (Cooper, 1999).For example, a

ording to Conrad, Gultekin and Kaul (Conrad et al.,1997), trading 
osts of 0.20 per
ent eliminates all of the overrea
tion pro�tsthey �nd in their NYSE/AMEX sample.Seen from this perspe
tive, market e�
ien
y 
ould have improved in re-
ent years sin
e Internet trading has lowered trading 
osts for some types ofinvestors. However, this does not need to be the 
ase for all investors sin
einstitutional investors have paid low 
ommissions for a long time. This is aninteresting issue, but it is beyond the s
ope of this thesis to dis
uss it further.A

ording to Keim and Madhavan (Keim and Madhavan, 1997), the im-pa
t of high trading 
osts is less likely to a�e
t large 
apitalization sto
ks.In their de�nition of trading 
osts, they in
lude relative spreads and pri
epressure e�e
ts, whi
h are likely to be smaller for large 
apitalization sto
ks.Another related problem is that tests that are performed on a large sam-ple 
ould generate statisti
ally signi�
ant results even if the ine�
ien
y isrelatively small. However, ine�
ien
y is of interest only if it is e
onomi
allysigni�
ant, see (Claesson, 1987, p. 36).



3.4 Overrea
tion Hypothesis 21Other Market Imperfe
tions or AnomaliesIt has been argued that mu
h of the overrea
tion e�e
t found in earlier studies
an be explained by other market imperfe
tions su
h as the size e�e
t, theP/E-ratio e�e
t, the day-of-the-week e�e
t and the January e�e
t. It hasbeen shown in a number of studies that di�erent anomalies are often stronglyrelated.Banz (Banz, 1981) published one of the �rst arti
les on the size e�e
t insto
k returns. Banz showed that ex
ess returns would have been earned overthe period 1936-1977 by holding small �rms. An interesting aspe
t of hisresult is that size had roughly the same statisti
al signi�
an
e in explainingreturns as the CAPM's beta, see also (Elton and Gruber, 1995, p. 423-425).A

ording to Cox and Peterson (Cox and Peterson, 1994), the size e�e
tand sto
k pri
e reversals are also linked to the liquidity in the market. Theyargue that if temporary liquidity plays an import role, reversals should bestronger in less liquid markets and smaller �rms should experien
e strongerreversals than larger �rms should. In their study, they �nd that smaller �rmsexperien
e larger reversals than large �rms do and 
on
lude that marketliquidity is an important fa
tor in the reversal pro
ess. A

ording to Cooper(Cooper, 1999), the reason for this 
ould be that a larger per
entage oftheir pro�tability 
ould be attributable to a lead-lag e�e
t and to highertransa
tion 
osts.Ri
hards (Ri
hards, 1997) reports that there is eviden
e that winner-loserreversals are larger among the smaller markets than the larger ones. He �ndsthe largest reversals for two small markets, the Norwegian and the Danishmarkets, with di�erentials of 23.5 and 16.8 per
ent per annum, respe
tively.He also �nds that the largest market, the Ameri
an, also demonstrates sub-stantial reversals of 8.3 per
ent per annum. (Sweden was also in
luded in hisstudy but the result is not reported in his arti
le).Ri
hards refers to his �ndings as a small 
ountry e�e
t that 
ould berelated to some form of market imperfe
tion, or to greater di�eren
es in risk.He argues that be
ause of the fa
t that smaller markets experien
e largerreversals, there is less justi�
ation for a 
laim that the reversals represent ananomaly.Banz (Banz, 1981) argues that the P/E-ratio anomaly is really mas-querading for a size e�e
t sin
e sto
ks of small 
ompanies tend to have lowpri
e-earnings ratios. There is less information known about small �rms, andthus investors are likely to be less 
on�dent about their estimates of bothrisk and expe
ted return. This may in
rease the return required to invest inthe sto
k sin
e the la
k of 
on�den
e in the estimates of the small 
ompaniesadds an element of risk. It 
an also be argued that it 
osts more to buy
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al Findingsshares of smaller �rms be
ause the market is thinner and thereby 
auses thebid-ask spread to be greater, see (Haugen, 1997, p. 694-696). If the sto
kmarket for some reason demands a higher return to hold smaller �rms, thesize e�e
t itself is not in
onsistent with market e�
ien
y.A

ording to Elton and Gruber (Elton and Gruber, 1995, p. 437-438),sto
k market losers should be expe
ted to 
onsist of more small �rms, partlybe
ause they are losers, than the winners 
ategory. A

ording to Zarowin(Zarowin, 1990), the overrea
tion phenomenon is just another manifestationof the size e�e
t sin
e the reversals he found disappears after 
ontrolling forsize.One explanation for the long-term overrea
tion phenomenon frequentlymentioned in previous arti
les is the January e�e
t. A large number ofstudies have shown that sto
k market return is larger in January than inother months, see (Claesson, 1987, p. 129). A substantial part of the sizee�e
t o

urs in January, implying that the size e�e
t and the January e�e
tare strongly related, see (Elton and Gruber, 1995, p. 423-425).The signi�
ant di�eren
e in expe
ted per
entage 
hange for sto
ks de-pending on what day of week trading is 
ondu
ted is often referred to as aday-of-the-week e�e
t. A large number of studies have found that averagesto
k returns are lower on Mondays than other days of the week, see (Claes-son, 1987, p. 108). This is a possible sour
e of error for tests on short-termoverrea
tion.Baytas and Caki
i (Baytas and Caki
i, 1999) �nd eviden
e in favor oflong-term overrea
tion in all 
ountries they study, with the notable ex
eptionof the US. However, they �nd that pri
e-based arbitrage portfolios outper-form those based on size or past performan
e. They therefore 
on
lude that,in these 
ountries, the overrea
tion might be a pri
e-based phenomenon.Other market imperfe
tions that 
ould a�e
t the results when testing foroverrea
tion are sto
k market rea
tions to events su
h as the announ
ementof earnings, dividends and sto
k splits. Sin
e these announ
ements o

urrather seldom, it is however not likely that they in�uen
e the results to alarge extent.Sto
k Market LiquidityMany of the explanations dis
ussed so far may depend on sto
k market liq-uidity in one way or the other. It is likely that la
k of liquidity 
ould giverise to pri
e pressure e�e
ts and mi
ro-stru
tural problems, su
h as the bid-ask boun
e and 
ross-
orrelation a
ross se
urities 
aused by non-syn
hronoustrading.Over the last ten years, the trading volume has in
reased substantially



3.4 Overrea
tion Hypothesis 23at the Sto
kholm sto
k ex
hange. The large in
rease in trading volume 
anbe seen in �gure 3.1. The data is taken from (Sto
kholm Sto
k Ex
hange,1999).
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Figure 3.1: The in
rease in trading volume on the Sto
kholm sto
k ex
hangeSin
e mi
ro-stru
tural problems should de
rease with larger trading vol-umes, these problems should be smaller for the more re
ent years in theperiod used in the test for overrea
tion.Methodologi
al ExplanationsIt has been argued that the overrea
tion e�e
t found in empiri
al studiesmay be the result of methodologi
al errors. In this se
tion, some of the mostfrequent �aws are dis
ussed.Arithmeti
 Method when Cal
ulating ReturnsA

ording to Dissanaike (Dissanaike, 1994) the arithmeti
 method, whi
h isoften used in overrea
tion studies to 
al
ulate 
umulative sto
k returns is�awed. Dissanaike argues that the arithmeti
 method of 
omputing multi-period returns from single period returns is unsatisfying sin
e it implies arith-meti
 averaging a
ross se
urities where the portfolio is rebalan
ed to equalweights ea
h month. It is unrealisti
 be
ause monthly returns are simplyadded together instead of being multiplied and therefore bear little relationto the returns that would a
tually a

rue to an investor.To see this, 
onsider a sto
k that displays 
onse
utive monthly pri
esof 100, 50 and 80. If the returns were added, the return would be equalto �0:5 + 0:6 = 0:1 = 10%, whereas a geometri
 method would yield ana

umulated return of (0:5 �1:6)�1 = �0:2 = �20%. In his study, Disanaike
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al Findingsprovides empiri
al eviden
e that the arithmeti
 method 
ould yield biasedresults in studies on overrea
tion. In 
ontrast, Baytas and Caki
i (Baytas andCaki
i, 1999) use a geometri
 method and still �nd eviden
e of overrea
tion.Data Snooping and Data MiningSto
k return data is now widely available, data power is 
heap and �nan
ialtheories are often well spe
i�ed, allowing them to be tested. This has ledmany a
ademi
s and pra
titioners to perform a variety of empiri
al tests onthe overrea
tion e�e
t and it is therefore di�
ult to assess the signi�
an
e ofan individual study. If an empiri
al test is viewed as a single test, standardstatisti
al theory indi
ates that the probability of observing a t-statisti
 of,for example, at least as large as 3.07 is, given some parameters, less than0.11 per
ent. If we instead a
knowledge the fa
t that it is likely that othertests have been 
arried out over the same time-period that were perhapsnot su

essful and hen
e perhaps not reported, the probability 
hanges. Ifthe number of tests is 100, the probability that the test with the highestt-statisti
 is above 3.07 is about 10 per
ent. With 650 tests, this probabilityis 
lose to 50 per
ent, see (Jagadeesh and Titman, 1999). Data mining is thepro
ess of performing a large number of tests, and only reporting the onesthat turned out to be signi�
ant or in support of the examiners pre
on
eivedideas.Data snooping is the a
tivity of looking at the data later used in a test,before the test is designed. If the examiner looks at the data and �nds an, inhis opinion, interesting pattern, he might be led to design a test to try to �ndeviden
e of that pattern in the data. However, the result of this test will beseriously �awed, and the normal statisti
al te
hniques will give misleadingresults. They will perhaps be 
orre
t for the studied period, but will be verydi�
ult to generalize. If he wants to generalize using the dependen
ies hesaw in the data, he must use an entirely di�erent set of data to run the test,than the data used to design the test.However, it is not always easy to get two su�
iently large independentsets of data. If one is tempted to use the same data for both tasks, one mustbe aware of the danger of data snooping. One situation that is probablyquite 
ommon, is that one resear
her, that has looked at the data, say fromtime a to time b, suggests a test for future resear
h. Then another resear
herde
ides to perform that test, but he may not realize that the other resear
herhas looked at the data from a to b, and perhaps performs his test using datafrom a to 
, where 
 � b. The traditional statisti
al te
hniques will not workas expe
ted in this 
ase, and may indi
ate signi�
ant results when thereare none, ex
ept perhaps for that parti
ular set of data. The solution is to



3.4 Overrea
tion Hypothesis 25use an independent set of data, perhaps from another 
ountry, that no onein�uen
ing the test design has looked at in advan
e.In some situations, the problem of data snooping is less relevant. Thisis the 
ase, for example if it is possible to easily generate huge amounts ofdata, or if the data has so little noise that there is no need to use statisti
alte
hniques. This is also the 
ase if one is only interested in the properties ofthe data that are a
tually tested and does not intend to make any general
on
lusions.Survivorship BiasA

ording to Haugen the most 
onspi
uous �aw in previous studies on 
on-trarian strategies is the method by whi
h the sample of �rms is 
hosen.Typi
ally, a number of �rms are 
hosen, all of whi
h have survived the entireperiod of the study. By not in
luding those loser 
ompanies that indeed gointo bankrupt
y after having performed badly on the sto
k market, a poten-tial problem with a trading rule investing in su
h 
ompanies is eliminated,
ausing a bias in favor of the trading rule, see (Haugen, 1997, p. 694-696).Sele
ting sto
ks ex Ante instead of ex Post, whi
h is quite 
ommon, 
ouldavoid this type of sample bias.Companies that go into bankrupt
y may �rst follow a downward trendof de
lining sto
k pri
e, before disappearing from the sto
k market whenthey go into bankrupt
y. Other 
ompanies that experien
e the e�e
ts of apubli
 o�er may in
rease in value over a long period before they are delisted.These types of sto
ks will be ex
luded from any test that uses survivorsonly. The ex
luded sto
ks are of the type that if they start to move in onedire
tion, they are likely to 
ontinue to move in that dire
tion. If some ofthese trend-following sto
ks are ex
luded from the survey, we will have aproblem. If there is initially an equilibrium between trend-following sto
ksand reverting sto
ks, and some of the trend-following sto
ks are removed, itwill probably be easier to �nd eviden
e of a reversion e�e
t for the remainingsto
ks. However, this eviden
e would be useless in pra
ti
e, i.e., for trading,be
ause it is not known in advan
e whi
h sto
ks will be the future survivors.Another e�e
t of the survivorship bias is that the mean return may 
hangewhen some sto
ks are ex
luded. For example, if we were to 
ompare the re-turn of a portfolio of survivors to the return of the sto
k market index, therewould probably be a dis
repan
y. Whether this di�eren
e is positive or neg-ative is not obvious. However, by 
omparing to the return of an alternativeindex of survivors, this part of the survivorship bias 
an be mitigated.
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al FindingsOther Real but Unknown E
onomi
 ExplanationIne�
ien
ies in sto
k markets 
ould persist after they have been dis
overedif they are too small to be exploited. The explanation 
ould also be thatthe regularities are not ine�
ien
ies and exist be
ause of e
onomi
 reasons,see (Claesson, 1987, p. 207). A

ording to Claesson (Claesson, 1989), ananomaly is a simple regularity among sto
k returns with the impli
ationthat return size 
an be explained by some other fa
tor than risk.To be able to determine what is an abnormally high (or low) return, youneed to set up a model for how the market determines what a normal returnis. The return that the model predi
ts is then 
ompared to the realizedreturn. This means that the test is a test of the model that is used and the
on
lusions only hold under the assumption that the model is 
orre
t, see(Claesson, 1987, p. 4).Any test for market e�
ien
y must �rst assume an equilibriummodel thatde�nes normal se
urity returns. If e�
ien
y is reje
ted it 
ould be be
ausethe market is truly ine�
ient or be
ause an in
orre
t equilibrium model hasbeen assumed. The impli
ation of this is that market e�
ien
y as su
h isvery di�
ult to reje
t, see (Campbell and Lo, 1997, p. 24).If the e
onomi
 explanation is not a 
ompensation for risk as it is de�nedby rational models, su
h as the 
apital asset pri
ing model (CAPM), the highreturn earned by 
ontrarian strategies 
ould 
ontinue to exist in an e�
ientsto
k market if they are 
ompensation for some other pri
ed fa
tor than thisrisk, see (Claesson, 1989).A

ording to DeBondt and Thaler (DeBondt and Thaler, 1985), mostexplanations for the well-known P/E-e�e
t are usually based on an allegedmisspe
i�
ation of the CAPM. Some explaining fa
tors are said to have beenleft out, and if these unknown fa
tors where in
luded in the "
orre
t" equi-librium valuation model the anomaly would disappear. The problem is thatunless these unknown fa
tors 
an be identi�ed, the hypothesis is un-testable.Time will tell if a multifa
tor model that in
orporates these unknown fa
tors
an be 
onstru
ted.Other Psy
hologi
al ExplanationsAbove explanations have been presented that 
ould explain the overrea
tione�e
t found in many empiri
al tests. The dis
ussion started with explana-tions that are rational in nature su
h as risk, methodologi
al explanations,and mi
ro-stru
tural explanations. Then the overrea
tion as a symptom ofother anomalies was dis
ussed, and last there was a dis
ussion 
overing otherreal but unknown e
onomi
 explanations, whi
h 
ould be used as the last re-



3.5 Delayed Overrea
tion E�e
ts 27Term Portfolio formationperiod Portfolio holdingperiodShort-term 1 week to 1 month 1 week to 1 monthMedium-term 3 to 12 months 3 to 12 monthsLong-term 3 to 5 years 3 to 5 yearsTable 3.1: The de�nitions of the di�erent terms used in this thesissort for advo
ates of the e�
ient market hypothesis. If human behavior istaken into a

ount and the fa
t that human de
ision-making might not al-ways be perfe
tly rational is a
knowledged, some psy
hologi
al explanations
ome to light.As mentioned earlier the overrea
tion hypothesis is a psy
hologi
ally in-spired alternative to rational asset pri
ing models, but other explanations onhow investors behave have also been dis
ussed in e
onomi
 journals.A general 
riti
ism often raised by e
onomists against psy
hologi
al theo-ries is that the number of possible irrational behavior patterns that 
ould beused as explanations is unrestri
ted. Thus, it is often 
laimed that allowingfor irrationality opens a Pandora's box of ad ho
 stories. A good psy
holog-i
al �nan
e theory must therefore be grounded on psy
hologi
al eviden
e onhow people a
tually behave (su
h as the overrea
tion hypothesis), see (Danielet al., 1998).The next se
tion dis
usses delayed overrea
tion e�e
ts and in the se
tionPossible Explanations to the Delayed Overrea
tion E�e
t on page 29, somepsy
hologi
ally inspired explanations are dis
ussed, su
h as over
on�den
e,biased self attribution and fads or fashions. Although the explanations areoften dis
ussed in the 
ontext of delayed overrea
tion, it is believed that theyto some extent 
ould be used as explanations to short-term overrea
tion aswell.3.5 Delayed Overrea
tion E�e
tsThis far, negative auto
orrelation over short periods (one week to one month)and over long periods (three to �ve years) has been dis
ussed. In this se
-tion, positive auto
orrelation for periods between three and 12 months isdis
ussed. This is sometimes referred to as short-term, but here it is referredto as medium-term to avoid 
onfusion with time periods of one week to onemonth, whi
h is sometimes also referred to as short-term in earlier empiri
alstudies. See table 3.1 for an overview of these terms.



28 Theory and Earlier Empiri
al FindingsThe portfolio formation period is the period during whi
h the sto
k musthave performed in a 
ertain way to be in
luded in a spe
i�
 portfolio. Theholding period is the period during whi
h the performan
e of the sto
ks inthe portfolio is measured.Jagadeesh and Titman (Jagadeesh and Titman, 1993) report on a tradingstrategy of buying sto
ks that have performed well in the past and sellingsto
ks that have performed poorly in the past 3 to 12 months, that gener-ate signi�
ant positive returns over a 3 to 12 month holding period. Thepro�tability implies that sto
k returns are positively auto
orrelated over a
ertain period.Just as for the results found in tests for overrea
tion, the sour
e of thereturn and the interpretation of the eviden
e are widely debated. While somehave argued that the result provides eviden
e of market ine�
ien
y, othersargue that it is a 
ompensation for risk, or the produ
t of data mining.Sin
e similar results have been found on a variety of sto
k markets andin di�erent time-periods, see (Daniel et al., 1998), it is not unreasonable toassume that sto
k returns are positively auto
orrelated in the medium-term.The list of possible explanations is long and not all of them will be dis
ussedhere. Note that the positive and the negative auto
orrelation do not need tobe 
ontradi
tory to ea
h other be
ause of the di�eren
es in the time-horizons.If the positive auto
orrelation exists be
ause investors underrea
t to in-formation, the predi
tability in sto
k returns would disappear on
e the infor-mation is fully in
orporated in sto
k pri
es. This interpretation suggests thatpost-holding-period ex
ess returns will be zero, see (Jagadeesh and Titman,1999). Jagadeesh and Titman (Jagadeesh and Titman, 1993) report thatmore than half of the ex
ess return generated by their portfolio disappearswithin the following two years. Sin
e this implies a negative auto
orrelation,they 
on
lude that the positive auto
orrelation they �nd in the medium termis not due to an underrea
tion to information, but rather to a delayed over-rea
tion, see (Jagadeesh and Titman, 1999).In a similar fashion Daniel, Hirshleifer and Subrahmanyam (Daniel et al.,1998) show that positive return auto
orrelations 
an be a result of "
ontin-uing overrea
tion" whi
h is followed by long-run 
orre
tion. Thus, mediumterm positive auto
orrelation 
an be 
onsistent with long-run negative auto-
orrelation.DeBondt and Thaler (DeBondt and Thaler, 1985) and Ri
hards (Ri
hards,1997) also found positive auto
orrelation for winners in the medium term andnegative auto
orrelation in the long term.Frennberg and Hansson (Frennberg and Hansson, 1993) have studied theSwedish sto
k market between the years 1919 and 1990. In their study, theyfound strong eviden
e of positively auto
orrelated returns for investment



3.5 Delayed Overrea
tion E�e
ts 29horizons of one to 12 months and indi
ations of negative auto
orrelationover horizons of two years or more. In the study, monthly returns of a value-weighted sto
k market index in
luding all sto
ks on the main list of theSto
kholm sto
k ex
hange was used.Even though the results are interesting, they should not ne
essarily betaken as indi
ations of positive auto
orrelation in individual sto
k returnsbe
ause of the possibility of 
ross auto
orrelation in sto
k returns. This 
ouldbe one reason for the positive auto
orrelation in sto
k returns they found oversu
h short investment horizons as one month. If the 
ross-auto
orrelation isstrong enough, the positive index auto
orrelation 
ould be 
ompatible witha negative auto
orrelation in individual sto
k returns.Possible Explanations to the Delayed Overrea
tion E�e
tThis se
tion brie�y presents some explanations on why the sto
k market
ould overrea
t in the medium-term.Over
on�den
ePerhaps the most robust �nding in the psy
hology of judgement is that peopleare over
on�dent and therefore overestimate their abilities. For example, awell-known �nding is that 90 per
ent of the automobile drivers in Sweden
onsider themselves "above average". The over
on�den
e leads people tooverestimate the reliability of their knowledge and reasoning, see (DeBondt,1994).Daniel, Hirshleifer and Subrahmanyam (Daniel et al., 1998) suggest thattraders attribute the performan
e of ex-post winners to their sto
k pi
kingskills and the performan
e of ex-post losers to bad lu
k. This phenomenonis 
alled biased self-attribution. As a result, these investors be
ome over-
on�dent about their ability to pi
k winners and thereby overestimate thepre
ision of their positive signals for these sto
ks. Based on their in
reased
on�den
e in their positive signals they push the pri
es of the winners upabove their fundamental values. The delayed overrea
tion that this 
auseswill eventually lead to negative auto
orrelation in the sto
k pri
es as theyrevert to their fundamental values, see (Jagadeesh and Titman, 1999).Fads or FashionsAn obvious fa
t of life is that people are in�uen
ed by one another. DeBondt(DeBondt, 1994) argue that fads or fashions are as likely to emerge in �nan-
ial markets as anywhere else. This 
ould 
ause sto
ks that are in fashion



30 Theory and Earlier Empiri
al Findingsto temporarily move away from their fundamental values. However, as thefashion 
hanges, the pri
es of the sto
ks that go out of fashion will de
rease.A related issue often mentioned in �nan
ial press is se
tor rotation, whi
hrefers to the idea of the sto
k market interest moving from one se
tor toanother.Rational Spe
ulative BubblesA

ording to the theory of rational spe
ulative bubbles, investors are awareof the fa
t that sto
k market pri
es sometimes ex
eed their fundamentalvalues. The ex
ess return earned by staying in the market 
ompensates forthe risk of the bubble bursting and sto
ks reverting to their fundamentalvalue. Thus, the a
tors need not ne
essarily be irrational, see (M
Queen andThorley, 1991).Trading StrategiesInvestors who, for example, buy past winners and sell past losers 
ould movepri
es away from their fundamental values temporarily and thereby 
ause adelayed overrea
tion in sto
k pri
es, see (Jagadeesh and Titman, 1993).An important di�eren
e between fads or trading strategies and rationalbubbles is that fads or trading strategies 
an 
ause reversion in sto
ks thatare either overvalued or undervalued, whereas reversion from rational bubbles
an o

ur only when pri
es ex
eed their true value.3.6 Asymmetry in the Overrea
tion E�e
tCooper �nds that the overrea
tion e�e
t is asymmetri
 in his test, largerfor losers than for winners. Similar result have been found by Baytas andCaki
i (Baytas and Caki
i, 1999), who found that losers outperform themarket to a greater extent than winners underperform the market in six ofthe seven 
ountries they studied. The fa
t that short positions generallyare less pro�table than long positions has also been do
umented by Bremerand Sweeney (Bremer and Sweeney, 1991) and Cox and Peterson (Cox andPeterson, 1994).Possible Explanations to the Asymmetry in the Overre-a
tion E�e
tA few explanations to the asymmetry have been dis
ussed in other studies.DeBondt and Thaler (DeBondt and Thaler, 1985) mention di�eren
es in



3.7 The Role of Volume 31systemati
 risk as a possible explanation. In their study they �nd that theaverage betas of the winner portfolios are signi�
antly larger than the betasof the loser portfolios. A

ording to DeBondt and Thaler the high risk in thewinner portfolio 
ould lead to a weaker reversal e�e
t for winner portfolios,sin
e the high sto
k pri
e is the result of the high risk-premium required bythe market be
ause of the large systemati
 risk, rather than an overrea
tion.DeBondt and Thaler propose an explanation for asymmetry in long-termoverrea
tion e�e
ts. In the light of the results found by Cooper, it is possiblethat the same explanation 
an be used for asymmetry in short-term overre-a
tion e�e
ts as well. Cooper found that the winner portfolios have largerbetas than the loser portfolios. He 
al
ulates CAPM betas for pri
e-onlyportfolios and reports betas of 0.94 for the winner portfolios and 0.58 for theloser portfolios.DeBondt and Thaler (DeBondt and Thaler, 1989) also give an alternative,but related explanation where there is assumed to be a di�eren
e betweenper
eived risk and a
tual risk. The risk of both extreme winners and extremelosers are assumed to be per
eived as being very risky. For example, losersmight be 
onsidered very risky sin
e the risk of bankrupt
y may be overes-timated and winners sin
e they appear to have so mu
h downside potential.Su
h �rms will bear an ex
ess risk premium.A reversal e�e
t will be expe
ted for losers sin
e the ex
ess risk premiumand the overrea
tion e�e
t both work in the same dire
tion of lowering pri
es.For winners, the overrea
tion e�e
t drives the pri
es too high while the ex
essrisk premium holds the pri
es down. Sin
e the two e�e
ts go in oppositedire
tions, the reversals of winners should be smaller or nonexistent.The fa
t that winner sto
ks experien
e smaller reversals than loser sto
ks
ould also be due to the existen
e of 
ross auto
orrelation. A

ording toLo and Ma
Kinlay (Lo and Ma
Kinlay, 1990), the 
ross e�e
ts are generallypositive in sign. If this is true, 
ross-auto
orrelation will strengthen thereversal e�e
t for loser portfolios, and impair it for winner portfolios.3.7 The Role of VolumeCampbell, Grossman and Wang (Campbell et al., 1993) give an explanationof how relative daily sto
k market volume 
ould be used to �gure out whetherlarge one day pri
e 
hanges will be reversed. They assume that there aretwo di�erent types of investors: non-informational investors who desire tosell sto
k for exogenous reasons, and risk-averse utility maximizers who arewilling to a

ommodate the selling pressure if they are rewarded in the formof lower sto
k pri
es so that they re
eive a higher expe
ted return. In a sense,
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al Findingsthese investors 
ould be thought of as market makers. If sto
k pri
es fall it
ould be due to publi
 information that has 
aused all investors to redu
etheir valuation of the sto
k market, or it 
ould be due to exogenous sellingpressure 
aused by non-informational traders.If publi
 information has arrived, there is no reason to expe
t a highvolume of trade, whereas selling pressure 
aused by non-informational tradersmust reveal itself in unusually high volume. When this kind of market makersbuy the sto
ks that the non-informational traders supply the market with,the sto
k pri
e will be temporarily depressed, and it is therefore likely thatthe sto
k pri
e will go up the next day. Thus, the model suggests that pri
e
hanges a

ompanied with high volume will tend to be reversed and that itis less true of pri
e 
hanges on days with low volume.Wang (Wang, 1994) suggests an opposite view on how volume 
ould beused to explain the existen
e of reversals. He assumes that there are twodi�erent types of investors, agents who posses private information and thosewho do not. Wang hypothesizes that when investors with private informationtrade, high future returns are expe
ted when in
reases in sto
k pri
es area

ompanied with high trading volume. If Wang's hypothesis is 
orre
t, arelatively large trading volume on the portfolio formation date should lead tosmaller reversals or maybe even positive auto
orrelation, see (Cooper, 1999).3.8 Trading StrategiesThis se
tion des
ribes di�erent trading strategies that have been proposedas alternatives to a simple buy and hold strategy.Contrarian StrategiesThe terms 
ontrary thinking or 
ontrarian investing were �rst popularized byHumphrey Neill in 1954, who in turn 
redits William Stanley Jevons with the
on
ept. Jevons stated in his Primer of Politi
al E
onomy that "in makinginvestments it is foolish to do just what other people are doing, be
ause there(si
!) almost sure to be to many people doing the same thing", see (DeBondt,1994).At least sin
e the publi
ation of Graham and Dodd's (1934) "Se
urityanalysis", there have been a s
hool of investors who follow value-based invest-ment strategies, suggesting that buying sto
ks out-of-favor and holding themfor the long term would generate abnormal sto
k returns. Sto
ks 
onsideredbeing out-of-favor 
ould for example be those with low ratios of market tobook value, low P/E ratios or low past returns, see (DeBondt, 1994).



3.8 Trading Strategies 33Overrea
tion StrategiesAn overrea
tion strategy is a 
ontrarian strategy taking advantage of theoverrea
tion e�e
t to produ
e an abnormal return. An investor using a short-time overrea
tion strategy exploits negative auto
orrelation over short timehorizons (one week to one month) by going long in prior sto
k market losersand short in sto
k market winners, see (Lo and Ma
Kinlay, 1990).A long-term overrea
tion strategy is similar to the short-term with thedi�eren
e that it exploits negative auto
orrelation over long time horizons (3to 5 years). A long-term overrea
tion strategy is similar to a value strategyin the sense that both invest in sto
ks with relatively low past returns. Anobvious di�eren
e between the two is that most value strategies say nothingabout going short in sto
k market winners.Momentum StrategiesAn investor using a momentum strategy invests in sto
ks that have hada relatively high in
rease in pri
e in the re
ent past, see (Jagadeesh andTitman, 1993). A momentum strategy is basi
ally a trend following strategy.The idea behind a momentum strategy is that if a se
urity has outperformedthe market, it is likely to 
ontinue to do so. The �nan
ial press often refersto momentum investors as investors who buy whatever is 
urrently "hot",see (Ri
hards, 1997).Cooper uses �lters to de
ide what sto
ks are likely to 
reate abnormalreturns. In earlier studies, a �lter is sometimes de�ned in a way that isnot entirely 
onsistent with the way Cooper uses �lters. To avoid 
onfusion,this thesis will refer to the earlier �lter rules as traditional �lter rules. Thetraditional �lter rule was �rst proposed by S. Alexander, see (Elton andGruber, 1975, p. 55). The traditional �lter rule is similar to the momentum-strategy trading-rule in that they both bene�t from positive auto
orrelation.Alexander suggests the following �lter trading rule, see (Fama, 1976, p. 140):"If the pri
e of a se
urity moves up at least y per
ent, buy and holdthe se
urity until its pri
e moves down at least y per
ent from a subsequenthigh, at whi
h time simultaneously sell and go short. The short position ismaintained until the pri
e rises at least y per
ent above a subsequent low, atwhi
h time one 
overs the short position and goes long".Grinblatt and Titman (Grinblatt and Titman, 1989) show that somemutual funds using a momentum strategy have earned abnormal positive re-turns. A

ording to Jagadeesh and Titman (Jagadeesh and Titman, 1993)the positive returns earned by pra
titioners using a momentum-strategy trad-ing rule, su
h as the mutual funds, do not have to be in
ompatible with the



34 Theory and Earlier Empiri
al Findingsoverrea
tion hypothesis sin
e the two are often using di�erent time hori-zons. Contrarian strategies often use very short-term (1 week to 1 month)or very long-term return reversals (3 to 5 years), while momentum strategypra
titioners base their sele
tions on pri
e movements over the past 3 to 12months.Momentum strategies 
ould at �rst glan
e appear to be the exa
t oppositeof 
ontrarian strategies sin
e they pro�t from positive auto
orrelation while
ontrarian strategies pro�t from negative auto
orrelation. In the light ofthe dis
ussion on delayed overrea
tion, it 
ould well be that they in fa
tpro�t from the same phenomenon, namely the overrea
tion e�e
t, but usingdi�erent time-horizons.3.9 Cooper's TestThis se
tion will des
ribe the pro
edure used by Cooper (Cooper, 1999) inhis test for sto
k market overrea
tion.DataCooper uses daily data for the period 1962-1993. At the beginning of everyyear, the 300 largest 
ompanies listed on the NYSE and AMEX are in
ludedin the survey. In using these large 
apitalization sto
ks, Cooper hopes toredu
e the e�e
t of lead-lag e�e
ts and various other liquidity problems. Inaddition, the average bid-ask spread is expe
ted to be smaller when usinglarge 
apitalization sto
ks.De�nitionsThe sto
k return rt�1 for week t� 1 is 
al
ulated using the standard formulart�1 = ptpt�1 � 1, where pt is the pri
e of the sto
k on Wednesday in week t.Sto
ks are 
lassi�ed as loser-pri
e in week t if they have had a negativereturn in week t � 1, and as winner-pri
e if they have had a nonnegativereturns in week t � 1. A sto
k having two 
onse
utive weeks, t � 2 andt�1, of negative returns of approximately the same size is 
lassi�ed as loser-loser-pri
e in week t� 1, and a sto
k with two 
onse
utive weeks, t� 2 andt � 1, of nonnegative returns of approximately the same size is said to bewinner-winner-pri
e in week t� 1.



3.9 Cooper's Test 35The relative 
hange in volume, �vt, for a sto
k in week t is 
al
ulated as�vt = VtSt � Vt�1St�1Vt�1St�1 = VtStVt�1St�1 � 1;where St is the number of outstanding shares in week t and Vt is the shareturnover in week t. By adjusting for the number of outstanding shares, thee�e
t of splits and equity issues is probably redu
ed. Note that Vt is thenumber of sto
ks traded during the week t, and not the value of the sto
kstraded.A sto
k having a positive growth in volume in week t � 1 is said to behigh-volume, and a sto
k having a negative growth in volume in week t � 1is said to be low-volume.Portfolio Formation RulesA sto
k is in
luded in a parti
ular portfolio based on the sto
k's magnitude ofreturn during the previous week, the two previous weeks, or on a 
ombinationof the previous week return and the growth in volume during the last week
ompared to the week before. To avoid problems with non-trading days, onlysto
ks having 10 
onse
utive days of stri
tly positive volume are in
luded inthe sample for ea
h week.First-Order Pri
e FilterSto
ks are �ltered into one of 12 di�erent �rst-order-pri
e �lter portfoliosusing the �rst-order-pri
e �lters spe
i�ed below.Loser �k � a > ri;t�1 � �(k + 1) � a; k = 0; 1; 2; 3; 4�k � a > ri;t�1; k = 5:Winner k � a � ri;t�1 < (k + 1) � a; k = 0; 1; 2; 3; 4k � a < ri;t�1; k = 5:Here, ri;t is the return for sto
k i in week t, k is a �lter portfolio 
ounter, anda is the width of the portfolios, see �gure 3.2.
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Figure 3.2: The �rst order pri
e �lterSe
ond-Order Pri
e FilterSto
ks that happen to be 
ategorized into the same �rst-order-pri
e-�lterportfolio for two 
onse
utive weeks are 
ategorized into the 
orrespondingportfolio, i.e., the one with the same �lter 
ounter, also for the se
ond-order-pri
e �lter. If instead a sto
k is in one portfolio the �rst week t � 2 andin another portfolio the next week t � 1, the sto
k does not end up in anyse
ond-order-pri
e-�lter portfolio at all. The se
ond-order-pri
e-�lter portfo-lios 
ontaining sto
ks being winners for two 
onse
utive weeks are denotedwinner, winner pri
e portfolios with a �lter 
ounter k. Se
ond-order-pri
e-�lter portfolios 
ontaining sto
ks being losers for two 
onse
utive weeks aredenoted loser, loser pri
e portfolios with a �lter 
ounter k.For example, if a sto
k gains 3.5% in week t � 2 it is, a

ording to theabove �rst-order-pri
e �lter, said to be in portfolio winner pri
e k = 1 in weekt� 2. Then if it gains 3.6% in week t� 1 it is said to be in portfolio winnerpri
e k = 1 in week t � 1 as well. Sin
e it ends up in the same portfolio fortwo 
onse
utive weeks, it is also said to be in the se
ond-order-�lter portfoliowinner, winner pri
e, k = 1 for week t� 1. Now, if the sto
k gains 1.5% inweek t it is said to be in portfolio winner pri
e k = 0 in week t. By being
lassi�ed into di�erent portfolios for the weeks t� 1 and t, the sto
k will notend up in any se
ond-order-pri
e-�lter portfolio at all for week t. We feelthat this way unfortunately a large part of the s
ar
e data is lost.First-Order Volume Filter:The volume �lter is of �rst order only. Sto
ks are 
ategorized as havingpositive or negative growth in volume, and to di�erent degrees, a

ording tothe value of the relative growth in volume, �vi;t :Negative �l � b > �vi;t�1 � �(l + 1) � b; l = 0; 1; 2; 3; 4�l � b > �vi;t�1 ; l = 5:



3.9 Cooper's Test 37Positive l � 
 � �vi;t�1 < (l + 1) � 
; l = 0; 1; 2; 3; 4l � 
 < �vi;t�1 ; l = 5:b is the width of the negative growth portfolios, 
 is the width of the positivegrowth portfolios and l is a �lter 
ategory 
ounter. b is set by Cooper to be15%, and 
 is 50%, see �gure 3.3. The reason for having di�erently spa
edportfolio limits for the positive and negative growth-in-volume portfolios isthe fa
t that the range of the relative-growth-in-volume is not symmetri
,with the interval of possible values being ℄ � 1;1[, in 
ombination with awish for spreading the sto
ks reasonably well among the available portfolios.Note that no sto
k will ever have a growth in volume that is less than -1, and any sto
k having a growth in volume of exa
tly -1 is automati
allyex
luded from this survey due to its liquidity problem. In 
ombining both the�rst-order-pri
e �lter and the �rst-order-volume �lter in 
lassifying sto
ks,12 � 12 = 144 �rst-order-pri
e-and-volume-�lter portfolios are formed ea
hweek.
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Figure 3.3: The �rst order volume �lterPortfolio EvaluationAll the sto
ks in a portfolio in one week have equal weight in the portfolio, sothat the portfolios 
an be said to be equally weighted. Ea
h portfolio is heldfor one week and then liquidated. Then the portfolio return is 
al
ulated forthat week. After all the weeks have been pro
essed, the average return ofea
h portfolio is 
al
ulated for those weeks that the portfolio holds an equityposition. The average portfolio returns are tested against zero using a t-test.The reason for testing against zero instead of a market index is to avoid
ausing an apparent reversal e�e
t due to fear of the positive index auto
orre-lation, whi
h in turn is 
aused by the 
ross-auto
orrelation among individualsto
ks. Cooper in fa
t also tests the average portfolio returns against themean returns of all sample sto
ks, but the di�eren
e in the results is said tobe small.



38 Theory and Earlier Empiri
al FindingsBy skipping the last day in the portfolio formation period, i.e., the lastWednesday, so that the portfolio formation week 
onsists of the four tradingdays, i.e., from the Wednesday 
lose to the Tuesday 
lose, Cooper hopesto redu
e the e�e
t of bid-ask boun
e. The portfolios formed this way are
alled skip-day portfolios. The same pro
edures and 
al
ulations as for thefull-week portfolios are repeated for the skip-day portfolios.Result SummaryCooper reports results 
onsistent with a 
ontrarian view. A portfolio ofsto
ks having performed badly in one week is likely to be a winner in thenext week and vi
e versa. The magnitude of the previous returns also a�e
tsthe magnitude of the future returns. A large positive (negative) return in oneweek is on average followed by a large negative (positive) return in the nextweek. Most of the portfolio returns are found signi�
antly di�erent from zero,with the winner portfolios on average being somewhat less signi�
ant andhaving a somewhat smaller magnitude than the loser portfolios. Although thedi�eren
es in magnitudes and signi�
an
e levels between losers and winnersare small, they are statisti
ally signi�
ant.Cooper also reports statisti
ally signi�
ant di�eren
es between the meanportfolio returns of the full-week portfolios and the skip-day portfolios. How-ever, the general trends and patterns still appear to be roughly the same forthe skip-day portfolios as those for the full-week portfolios.Portfolios of sto
ks with two 
onse
utive weeks of 
hanges of similar sizesare generally reported to have larger reversals than the single week pri
e-�lterportfolios. I.e., loser-loser-pri
e portfolios experien
e larger gains than loser-pri
e portfolios, whereas winner-winner-pri
e portfolios have larger lossesthan winner-pri
e portfolios.For portfolios formed using both the �rst-order-pri
e and the �rst-order-volume �lter, Cooper �nds a greater fore
asting ability than for the �rst-order-pri
e �lter on its own. Reversals are generally found greater in magni-tude if there was a pre
eding de
rease in volume during the portfolio forma-tion week. Portfolios of sto
ks experien
ing a growth in volume during theportfolio formation period have a lot smaller reversals and some even displaypositive auto
orrelation.Cooper then goes on to perform a simulation to test if his �ndings 
ana
tually be used without knowing the full period out
ome in advan
e. Thesimulation starts in 1977, when the imaginary investor bases his investmentde
isions on past data only. One week passes and the out
ome of the in-vestor's portfolio is evaluated. Then the pro
edure is repeated for this newpoint in time. The result of this simulation indi
ates that the use of the



3.9 Cooper's Test 39�lter strategies is highly pro�table and signi�
antly better than a passiveben
hmark portfolio. Note however that the 
osts asso
iated with trading,su
h as the bid-ask spread and brokerage fees are set to zero.Cooper also performs some 
al
ulations based on the data to 
he
k someminor issues that are not absolutely ne
essary for this thesis. Due to thelimited time available, neither these 
al
ulations nor the simulation will beperformed in this thesis.





Chapter 4Empiri
al TestOne intention of this thesis is to present a repli
ation of the major points ofthe Cooper (Cooper, 1999) study using data from the Swedish sto
k market.This 
hapter will give details on the data and method used in this study, aswell as any deviations from the study of Cooper.4.1 DataThe data 
onsists of the 
ompanies 
urrently listed on the Swedish Sto
kholmsto
k ex
hange A-list, 93 
ompanies. For 
ompanies with multiple lines ofsto
ks listed, the line with the highest liquidity was sele
ted. The availableinformation is open, 
lose, high and low trades, and the traded volume, onea
h trading day. The data is taken from the Delphi E
onomi
s sto
k analysisprogram Vikingen börs 4.01, that is supplied with data for the time January4 1982 through August 30 1999. Vikingen 
ontains data only on those sto
ksthat are 
urrently listed on the Sto
kholm sto
k ex
hange. This means thatsto
ks that are no longer listed have been ex
luded from the test. There isthus a survivorship bias in the data. In addition, data on merged 
ompaniesis available only sin
e after their merger. An example of this is Astra thatmerged with Zene
a to form AstraZene
a. Data on AstraZene
a is availablefrom April 6 1999, whereas there is no data at all on Astra before the merger.The data is adjusted for splits, but not for dividends.The data is exported from Vikingen to Ex
el, where it is rearranged andthen saved as text �les. These text �les are then read into a program writtenin Delphi, that performs all the 
al
ulations. Delphi is a programming lan-guage from Borland In
. similar to Pas
al. There is no link between Delphiand Delphi E
onomi
s whatsoever. The Delphi program, spe
i�
ally writtenfor this thesis, �rst 
he
ks if the dates are valid for all sto
ks. The data
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al Testfrom the Vikingen program 
ontains some errors that the Delphi programattempts to remove. If a valid trading date is missing from the data on one
ompany, the program inserts the date as though there was no trading ofthe 
ompany's sto
k on that date. The Vikingen data sometimes 
ontainstrading data on non-trading days. This data is sometimes simply a 
opy ofthe immediately pre
eding trading day data, and is easily identi�ed as beingerroneous. Data on non-trading days is deleted by the Delphi program.The program that was spe
i�
ally written for this thesis might 
ontainerrors that in�uen
e the result. Due to the limited time available, the pro-gram was written as a qui
k ha
k for use in this thesis only. It is not intendedto be maintained after having served its purpose. It might not be easy tounderstand and does not follow good 
oding standard. It is however availablevia e-mail on request to f94ts�efd.lth.se for the interested reader.4.2 Cal
ulation of Return and Change in Vol-umeThere are two slightly di�erent ways to 
al
ulate returns used in this thesis.The di�eren
e arises from when the return is 
al
ulated and how missingdata is handled.To 
al
ulate returns used for 
ategorization and �ltering, we know all thedata in advan
e. The data has been 
olle
ted before it is needed to 
al
ulatethe return at the portfolio formation date. A week starts at the Wednesday
lose in week t � 1, and 
ontinues to the next week, t, Wednesday 
lose. Ifone of the Wednesdays is not a valid trading day, if for example the marketwas 
losed that day, there is no data on the Wednesday 
lose. Then the weekstarts at the opening trade of the next available trading day of the same weekinstead. If the Wednesday is a valid trading day but there is still no dataon the 
lose be
ause there was no trade of the 
ompany's sto
k, no attemptis made to 
al
ulate that sto
ks return for that parti
ular week, and theweek return is de
lared invalid. The week return is also de
lared invalid ifon any of the valid trading days of the week there was no trading. This waysome sto
ks that might experien
e liquidity problems due to non
ontinuoustrading are ex
luded from the survey for that week. If all the ne
essary datais available, the return is 
al
ulated as rt = 
t
t�1 � 1, where rt is the returnin week t and 
t is the Wednesday 
lose in week t.The volume is the sum of the value of the trading on the days betweenthe 
lose quotes used for the return 
al
ulation. For example, assume thatthe return of week t was 
al
ulated from the Wednesday 
lose week t �



4.3 Dis
retization and Categorization 431 to the next week t Wednesday 
lose. Then the volume for that week twould be the sum of the volume for Thursday and Friday of week t� 1, andMonday, Tuesday and Wednesday of week t. The relative 
hange in volumeis 
al
ulated as �vt = vtvt�1 � 1, where vt is the volume of week t and �vt isthe relative 
hange in volume between week t � 1 and t. Cooper does thisslightly di�erent in that he 
al
ulates the 
hange using the number of tradedsto
ks adjusted for 
hanges in the total number of sto
ks. This di�eren
eis 
aused by the availability of data, and will probably not a�e
t the resultto a signi�
ant extent. If on any one of the trading days of the week thereis no trading, so that the 
lose is unde�ned and the volume is zero for thatday, the week is de
lared as invalid. An attempt is still made to 
al
ulatethe volume vt for this week however, sin
e the week volume is needed in the
al
ulation of the next week's relative 
hange in volume.An alternative way to 
al
ulate return is used when investing in a sto
k.To 
al
ulate the return from investing in a sto
k, the out
ome will not beknown in advan
e. Hen
e, there is no way to tell all the days that willturn out to be missing from the future data. A return period starts at theWednesday 
lose of week t and 
ontinues to the week t+1 Wednesday 
lose.If the Wednesday of week t is not a valid trading day, the next valid tradingday is used. If the Wednesday 
lose for week t+1 is missing for some reason,the next available open is used instead.4.3 Dis
retization and CategorizationThe 
al
ulated data of weekly sto
k return and volume 
hange is dis
retizedand the sto
ks are 
ategorized into di�erent portfolios.First-Order Pri
e Filter:Loser (k + 1) � a > ri;t�1 � k � a; k = �1;�2;�3;�4;�5(k + 1) � a > ri;t�1; k = �6:Winner k � a � ri;t�1 < (k + 1) � a; k = 0; 1; 2; 3; 4k � a < ri;t�1; k = 5:Here, ri;t is the return for sto
k i in week t, k is a �lter portfolio 
ounter,and a is the width of the portfolios, see �gure 4.1. a is set to be 2%, similar



44 Empiri
al Testto Coopers sele
tion. Note that the �lter 
ounter k has been renumbered forthe loser portfolios as 
ompared to the Cooper study.
Renumbered k

0.100.080.060.040.020.00-0.02-0.04-0.06-0.08-0.10

-5 -4 -3 -2 0-1 1 2 3 4 5-6

a a a aa a a aaa Figure 4.1: The �rst order pri
e �lterSe
ond-Order Pri
e Filter:A sto
k that ends up in the same �rst-order-pri
e-�lter portfolio for two 
on-se
utive weeks is also in
luded in the 
orresponding se
ond-order-pri
e-�lterportfolio. Sto
ks ending up in two di�erent �rst-order-pri
e-�lter portfoliosare not in
luded in any of the se
ond-order-pri
e-�lter portfolios for the laterof the two weeks.First-Order Volume Filter:The volume 
ategories are �rst order only. Sto
ks are 
ategorized as hav-ing positive or negative growth in volume, and to di�erent degrees, as fol-lows:Negative (l + 1) � b > �vi;t�1 � l � b; l = �1;�2;�3;�4;�5(l + 1) � b > �vi;t�1 ; l = �6:Positive l � 
 � �vi;t�1 < (l + 1) � 
; l = 0; 1; 2; 3; 4l � 
 < �vi;t�1 ; l = 5:b is the width of the negative 
ategories, 
 is the width of the positive 
ate-gories and l is a �lter portfolio 
ounter. b is set by Cooper to be 15%, and 
is 50%. Note that the numbering of the �lter portfolio 
ounters is di�erentwith that used by Cooper, see �gure 4.2.The �rst-order-volume �lter is 
ombined with the �rst-order-pri
e �lter,giving a total of 144 �rst-order-pri
e-and-volume �lter portfolios.
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Figure 4.2: The �rst order volume �lter with the renumbering of l4.4 Portfolio FormationThe sto
ks are pla
ed in their respe
tive portfolio for ea
h week. The sto
ksin a portfolio form an equally weighted portfolio that is held for one week.The portfolio is then liquidated. The average portfolio return is 
al
ulatedfor those periods in whi
h the portfolio is not empty.Ben
hmark PortfoliosFor ea
h of the above types of �ltering (i.e. �rst-order pri
e, se
ond-orderpri
e, �rst-order pri
e and volume), a 
orresponding ben
hmark portfolio is
reated. There is thus one ben
hmark for the �rst-order-pri
e �lter, one forthe se
ond-order-pri
e �lter and one for the �rst-order-pri
e-volume �lter.In every week, ea
h sto
k satisfying the �lter requirements is added to itsrespe
tive �lter portfolio as well as to the �lter type's ben
hmark portfoliofor that week. The ben
hmark portfolio is held for one week, liquidatedand then the portfolio return is 
al
ulated, just as the other portfolios. Theaverage ben
hmark portfolio return is 
al
ulated as the mean return of thoseweeks in whi
h the portfolio is not empty.Ex
ess ReturnTo adjust the result of the �lter portfolios, the appropriate ben
hmark port-folio mean return is dedu
ted from the mean portfolio returns of the �lterstrategies. This will adjust the position of zero ex
ess return to make iteasier and more e
onomi
ally meaningful to try to see any reversal or othertype of e�e
t. However, sin
e the average ben
hmark portfolio return is anun
ertain value that must be estimated from the data, the un
ertainty ofthese ex
ess-return results will be larger. Still, the interpretation of theseex
ess returns and signi�
an
e levels should be easier and more e
onomi
allyinteresting than the absolute returns obtained by 
omparing to zero absolutereturn.



46 Empiri
al TestThe ex
ess return of a �lter strategy portfolio is 
al
ulated as rf � rb,where rf is the return of a �lter strategy portfolio, and rb is the return ofthe strategy's 
orresponding ben
hmark portfolio. The standard deviationof this estimate of ex
ess return is 
al
ulated ass s2fnf + s2bnb ;where sf is the standard deviation of the return of the �lter strategy portfolio,nf is the number of observations of the �lter strategy portfolio, sb is thestandard deviation of the return of the ben
hmark and nb is the numberof observations of the ben
hmark. Evidently the un
ertainty of the ex
essreturn is higher than that of the absolute return unless the varian
e of theben
hmark return is zero. Sin
e a sto
k passing a �lter 
an be in
luded inonly one of several �lter portfolios, but is always added to the ben
hmarkportfolio, the ben
hmark portfolio will 
ontain sto
ks for at least as manyweeks as the �lter portfolio, i.e., nb � nf .



Chapter 5ResultThis 
hapter will present the result and highlight some interesting issues.5.1 Available DataThe amount of available valid data is not 
onstant over time. Due to sur-vivorship bias, the fa
t that the number of 
ompanies listed on the Sto
kholmsto
k ex
hange A-list has in
reased during the studied period, and the in-
reasing liquidity of the sto
k market, there is a trend of an in
reasing densityof usable data. Figure A.1 illustrates the number of valid-trading-week sto
kdata per month over the entire period. One valid-trading-week sto
k data isthe same as that there is one week of valid data on one sto
k. The graphshows an in
rease in the density of available data, with a 
lear 
hange around1993. The 
urve seems to be very noisy. Part of this noise is 
aused by thefa
t that it shows aggregate data per month. However, the data is sampledon
e per week, normally Wednesday, and some months 
ontain four Wednes-days whereas others 
ontain �ve. Note also that the density of available dataappears to de
rease at the end of the period. The 
ause of this de
line isunknown.Sin
e the density of available data is higher at the end of the period, theresults below will be biased in favor of the later part of the period. Thus, ifthe overrea
tion e�e
t is time varying, this study will unintentionally put agreater emphasis on the most re
ent period.5.2 Ben
hmark PortfoliosThe ben
hmark portfolios 
ontain all the sto
ks that were �ltered using theirrespe
tive �lter rule in ea
h week. Table 5.1 lists the mean portfolio return



48 ResultBen
hmark Mean/% Std. dev./% NFirst-order pri
e 0.383 3.05 778Se
ond-order pri
e 0.377 3.95 700First-order pri
e and vol-ume 0.380 3.16 732Table 5.1: The ben
hmark portfoliosper week (Mean/%), the standard deviation of the portfolio returns (Std.Dev./%) and the number of weeks N that the ben
hmark portfolios 
ontainedsto
ks.The mean returns are about the same for all three ben
hmarks. The0:38% per week return is equivalent to 1:003852 � 1 � 22% per annum. Thenumber of observations is lower for the se
ond-order-pri
e �lter than for the�rst-order-pri
e �lter. This is reasonable in that a sto
k is less likely to passthe se
ond-order-pri
e �lter. In addition, both the se
ond-order-pri
e �lterand the �rst-order-pri
e-volume �lter require more data to be available thanthe �rst-order-pri
e �lter.5.3 Pri
e FiltersThe results of the �rst and se
ond-order-pri
e �lters is shown in table A.1(loser-pri
e and loser-loser-pri
e) and A.2 (winner-pri
e and winner-winner-pri
e). The tables also show data for the skip-day portfolios.First-order-pri
e �ltersFor the loser-pri
e strategies, we see an in
rease in mean portfolio return asthe �lter 
ounter de
reases. Four of the six portfolio returns are signi�
antlyabove zero. For the winner-pri
e strategies, we believe the mean returnde
reases as the �lter 
ounter in
reases. The returns for the three lowest�lter levels are signi�
antly above zero. The �rst-order-pri
e �lter result isplotted in �gure A.2. There does not appear to be any trend in the middlepart of the diagram. For the extreme loser-pri
e portfolios, the mean returnappears to in
rease, and for the extreme winner-pri
e portfolios, the meanreturn appears to de
rease.The pattern of the returns of the skip-day �rst-order-pri
e �lter portfoliosis similar to the full-week �rst-order-pri
e portfolio returns. The portfolioreturns signi�
antly di�erent from zero are �4 through 1, and thus ex
ludesthe previously signi�
ant �6 and �5. The number of observations in the



5.4 First Order Pri
e and Volume Filter 49extreme portfolios has de
reased 
ompared to the full week portfolios. This
an at least in part be explained by the fa
t that the 
al
ulation period ofthe return used for �ltering is one day shorter for the skip-day portfolios.Se
ond-order-pri
e �ltersThe se
ond-order-pri
e �lters put higher restri
tions on whi
h sto
ks arein
luded in a portfolio. Thus, the number of observations is mu
h lower thanfor the �rst-order-pri
e �lters. The mean returns of the full-week se
ond-order-pri
e-�lter portfolios are plotted in �gure A.3.There is no general trend, but the 
urve appears to turn up (down) atthe extreme loser (winner) end. The return for portfolios 0, 1 and 2 aresigni�
antly above zero, whereas the other portfolios are only insigni�
antlydi�erent from zero. The general pattern for the skip-day portfolios is similar.Ben
hmark ComparisonThe result of the pri
e-�lter strategies 
ompared to the ben
hmark portfolios
an be found in the appendix, see se
tion A.3. The returns of the ben
hmarkportfolios are subtra
ted from the respe
tive �lter-strategy portfolios. Bysubtra
ting the same number from all portfolios of a parti
ular �lter strategy,we do not expe
t any 
hange in the patterns, but a translation of the zeroreturn level. For the �rst-order-pri
e �lter, we get signi�
antly positive ex
essreturn for the extreme loser portfolio (-6) and signi�
antly negative ex
essreturn for the extreme winner portfolio (5), and thus there is at least somereversal e�e
t. For the se
ond-order-pri
e �lter, the only signi�
ant ex
essreturn is the negative return of the extreme winner portfolio.5.4 First Order Pri
e and Volume FilterTables of the result of the pri
e-and-volume �lters 
an be found in the ap-pendix, see tables A.5 through A.12. Figure A.6 shows the mean returns ofthe pri
e-and-volume �lter portfolios, and �gure A.7 shows the mean ex
essreturns. The s
ale of the volume �lter 
ounter is blank in the �gure, butthe volume �lter 
ounter is supposed to start at k = �6 to the left and endat k = 5 to the right. By inspe
tion of the plots, it is di�
ult to see anyobvious large-s
ale trend. However, the plot might hint to a slight overweightof negative ex
ess return values at the front of the diagram and a slight over-weight of positive values at the ba
k. A statisti
al test of this has not beenperformed.



50 ResultAbsolute ReturnsOf all the 144 portfolio mean returns, only a few turned out to be signi�
antlydi�erent from zero. The signi�
ant portfolios are (volume �lter 
ounter, pri
e�lter 
ounter): (-5, -4), (-5, -2), (-3, -1), (-2, 0), (-3, 1), (-4, 3), (-2, 5), (0, -1),(1, 0), (5, 0), (0, 1), (1, 1), (5, 1), (1, 2), (5, 2), (3, 3), (4, 3), (5, 3), (3, 4).Thus, 19 portfolios have mean return signi�
antly di�erent from zero, andof those, 11 portfolios are winner-pri
e positive-growth-in-volume portfolios.In looking at the number of observations for ea
h portfolio, we see that theextreme portfolios have very few observations. This is due in part to the fa
tthat 93 sto
ks are spread a
ross 144 portfolios.Ex
ess ReturnsOf the 144 portfolio mean ex
ess returns, only eight are signi�
antly di�erentfrom zero ex
ess return. This is around the number expe
ted to be signi�
antjust by random perturbation at the 95% 
on�den
e level. Of the loser-pri
enegative-growth-in-volume portfolios, there is one signi�
antly positive re-turn and one signi�
antly negative return. Of the loser-pri
e positive-growth-in-volume portfolios, there is one signi�
antly negative portfolio only. Of thewinner-pri
e negative-growth-in-volume portfolios, all three signi�
ant val-ues are negative. Of the winner-pri
e positive-growth-in-volume, all threesigni�
ant values are positive.



Chapter 6AnalysisIn this 
hapter the results presented in the previous 
hapter are analyzed.The results are 
ompared to those found by Cooper and possible explanationsto the results are dis
ussed.The return �gures reported in the previous 
hapter are for a positive in-vestment. Hen
e, reversals in the loser (winner) portfolios appear as positive(negative) returns. When a return is said to be statisti
ally signi�
ant, it issigni�
ant at the �ve per
ent signi�
an
e level if not otherwise stated.The portfolio returns are generally 
lose to zero with low levels of signif-i
an
e. The results do not look as ni
e as those presented by Cooper. Thereare several possible 
auses for this. First, our study uses less data and sto
kswith lower liquidity. The overrea
tion e�e
t, or whatever 
auses an apparentoverrea
tion e�e
t, 
ould be weaker on the Sto
kholm sto
k ex
hange thanon the NYSE/AMEX. The overrea
tion e�e
t 
ould also have been strongerin earlier periods but identi�ed by investors or otherwise redu
ed due to in-
reasing market e�
ien
y. There are some weak signs of an overrea
tion left,however.6.1 First-Order Pri
e StrategiesThe analysis starts with the results for the �rst-order pri
e strategies:1. Loser-pri
e, a strategy of buying last week's losers based on �ve-dayweek t� 1 returns.2. Winner-pri
e, a strategy of buying last week's winners based on �ve-dayweek t� 1 returns.The results from the skip-day method will be dis
ussed in a separate se
tionlater in the 
hapter.



52 AnalysisAnalysis of the Results for Di�erent Filter LevelsA

ording to DeBondt and Thaler, individuals tend to overrea
t to a greaterdegree when 
onfronted with a larger information sho
k. In a

ordan
e withtheir hypothesis, we �nd larger reversals for the more extreme pri
e �lters.Four of the six loser-pri
e portfolios generate statisti
ally signi�
ant returns,whereas no signi�
ant reversal e�e
t is found for the winner portfolios, asthey also have a positive return at most �lter levels. However, the positivereturns for the winner portfolios do not ne
essarily 
ontradi
t DeBondt andThaler's theory sin
e the positive returns are less signi�
ant for the moreextreme �lters, and even negative for the two most extreme �lter levels.These results are 
onsistent with earlier �ndings in the sense that thereversal e�e
t, if it is there, 
ould be asymmetri
. In the light of the dis
ussionin 
hapter 3 on possible explanations to the asymmetry, the signi�
antlypositive returns to some of the winner portfolios do not ne
essarily indi
atethe absen
e of an overrea
tion e�e
t for the winner portfolios. Instead, thesigni�
antly positive return of the winner portfolios 
ould be 
aused by ageneral upward trend of the sto
k market as a whole, or at least of the sto
kmarket survivors.In 
hapter 3 was mentioned that if the bid-ask boun
e is the main sour
eof the overrea
tion e�e
t, large de
lines should not lead to greater subsequentreversals. The fa
t that we �nd larger reversals for the more extreme pri
e�lters 
ould be taken as an indi
ation that the bid-ask boun
e is not themain sour
e of the reversals found in the test.6.2 Se
ond-Order Pri
e StrategiesThis se
tion 
ontains an analysis of the results for the se
ond-order pri
estrategies:1. Loser, loser-pri
e, a strategy of investing in sto
ks that have in
urredtwo 
onse
utive weeks of losses, based on �ve-day returns in weeks t�1and t� 2.2. Winner, winner-pri
e, a strategy of investing in sto
ks that in
urredtwo 
onse
utive weeks of high returns, based on �ve-day returns inweeks t� 1 and t� 2.By examining the result of the se
ond-order pri
e-�lters, we try to seeif some of the information 
ontained in a longer sequen
e of se
urity pri
eprovides extra information in predi
ting subsequent pri
e 
hanges.



6.2 Se
ond-Order Pri
e Strategies 53Loser, Loser-Pri
eIn Coopers study, the results from the loser, loser-pri
e portfolios are gen-erally larger than the returns to their one-week 
ounterparts, the loser-pri
eportfolios. Cooper �nds a pattern of larger reversals for the two-week strate-gies relative to the one-week strategies, and the di�eren
e in
reases as �ltersbe
ome more extreme.In our study the loser, loser-pri
e portfolios earn smaller positive returnsrelative to their one-week 
ounterpart. Half of the portfolios even have neg-ative returns and the positive returns are statisti
ally insigni�
ant for theremaining portfolios. We �nd no eviden
e that the more extreme �lter-levels,with equally large de
lines in pri
e for two 
onse
utive weeks, are followedby a larger reversal e�e
t than the less extreme �lters-levels.Winner, Winner-Pri
eIn 
ontrast to the results from his loser, loser-pri
e portfolios, Cooper �nds noindi
ations that the winner, winner-pri
e portfolios should experien
e largerreversals than its one week 
ounterparts. He also reports that, relative to itsone-week 
ounterpart, the reversals for the two-week strategies do not getlarger as �lters be
ome more extreme.Our results for the winner, winner-pri
e portfolios are similar to thoseof Cooper in the sense that they also generate positive returns at many ofthe �lter levels. Our results also indi
ate that the reversal e�e
t does notappear to be larger for the two-week strategies than it is for its one-week
ounterpart. A di�eren
e from Cooper's results is that the positive returnsgenerated by our winner-winner-pri
e portfolios are larger rather than smallerat most of the �lter levels, 
ompared to the positive returns generated by thewinner-pri
e strategies.Does Se
ond-Order Pri
e Filter Provide Extra Informa-tion?Cooper suggests that by examining longer sequen
e of se
urity pri
e 
hanges,it should be easier to predi
t subsequent pri
e 
hanges. The justi�
ation ofthis 
on
lusion is, he 
laims, that his results imply that loser sto
ks aresomewhat more likely to experien
e greater reversals if they have in
urredtwo 
onse
utive weeks of losses. He draws this 
on
lusion even though the
hi-square statisti
s testing for a signi�
ant di�eren
e in mean returns a
rossthe �rst and se
ond-order �lters are signi�
ant in only three of the six loser



54 Analysisversus loser, loser 
omparisons, and never signi�
ant in the winner versuswinner, winner 
omparisons.In our test, even weaker eviden
e of a reversal e�e
t is found when us-ing se
ond-order �lters instead of �rst-order �lters. Smaller positive returnsare found for the loser portfolios, and larger positive returns for the winnerportfolios, 
ompared to the �rst-order �lter. It seems as though the se
ond-order-pri
e �lter suggested by Cooper does not help signi�
antly in predi
tingsubsequent pri
e 
hanges for our data set.6.3 Results from the Skip-Day MethodTo get some indi
ation about the extent that the results might be attributableto the bid-ask boun
e e�e
t a skip-day method has been used. If the returnsof the skip-day portfolios are not di�erent from the returns generated bythe portfolios formed 
onditioning on a �ve-day return period, this 
ouldbe taken as another indi
ation that the bid-ask boun
e e�e
t is not a large
ontributor to the reversal e�e
t.First-Order Skip-Day PortfoliosFor the loser-pri
e portfolios, lower returns are found at the two most extreme�lter levels when using a skip-day method. The t-statisti
s for those portfoliosare no longer signi�
ant. In 
ontrast, there appears to be a pattern of largerand more signi�
ant returns at the four less extreme �lter levels -4 through-1. For the winner-pri
e portfolios, there is a pattern of lower returns for theskip-day portfolios. The only ex
eption is the most extreme �lter level thatgenerates less negative returns than its 
ounterpart 
onditioned on a �ve-dayportfolio formation period.We �nd no eviden
e that the skip-day portfolios would experien
e largede
reases in reversals 
ompared to the strategies that use a �ve-day 
ondi-tioning period. We a
tually �nd indi
ations of larger reversals for some ofthe skip-day portfolios.The result for the se
ond-order skip-day portfolio is in
on
lusive. This ispartially due to the very few observations of some of the portfolios.Sin
e this in
onsistent pattern is di�
ult to interpret, the use of the skip-day method provides no information on how the bid-ask boun
e a�e
ts theportfolio returns. These �ndings are similar to those of Cooper. He �nds onlya few signi�
ant Chi-square statisti
s when he tests for di�eren
es in returns



6.4 Pri
e and Volume Strategies 55between the skip-day portfolios and their non-skip-day 
ounterparts. How-ever, we have not a
tually performed any statisti
al tests of this di�eren
efor out data.Sin
e we do not have the bid-quotations ne
essary to perform the bid-bid pro
edure mentioned in 
hapter 3, this pro
edure 
ould not be usedto see whether it would give more information on what e�e
t the bid-askboun
e has on the results. Our test is performed using relatively liquidlarge-
apitalization sto
ks that are less likely to be signi�
antly a�e
ted bythe bid-ask boun
e than low liquidity sto
ks. This fa
t in 
ombination withthe information from the �lters and the skip-day method lead us to believethat the small reversal e�e
t found is at least not the result of the bid-askboun
e alone. However, the bid-ask boun
e 
annot be ruled out as a possibleexplanation to some part of the reversal e�e
t.6.4 Pri
e and Volume StrategiesThis se
tion 
ontains an analysis of the results from the �rst-order pri
e andvolume strategies:1. Loser-pri
e negative-growth-in-volume2. Loser-pri
e positive-growth-in-volume3. Winner-pri
e negative-growth-in-volume4. Winner-pri
e positive-growth-in-volumeBy in
orporating a lagged volume measure into the portfolio formationrule, the relation between lagged volume and future pri
e 
hanges 
an beanalyzed. Cooper �nds eviden
e that reversals for both winners and losersare larger when the trading volume is small. He takes this as eviden
e infavor of Wang's hypothesis that a possible explanation to the reversals isthat there are two di�erent types of investors trading in the market: thosewho possess private information and those who do not. A

ording to Wang,positive-growth-in-volume sto
ks tend to exhibit weaker reversals and maybeeven positive auto
orrelation, and negative-growth-in-volume sto
ks shouldexperien
e larger reversals. This e�e
t 
ould of 
ourse also be 
aused by thebid-ask boun
e e�e
t, whi
h 
an have a larger in�uen
e when the tradingvolume is low.Our winner portfolio results are very weak, but they do not seem to 
on-tradi
t Wang's hypothesis sin
e there appears to be a pattern of larger returns



56 Analysiswhen the volume is high 
ompared to when it is low. For the largest growth-in-volume �lter-level, four of the winner portfolios generate positive returnsthat are statisti
ally signi�
ant. For the winner-pri
e negative-growth-in-volume strategies, 16 of the portfolios have a slightly negative return, whereasonly six of the winner-pri
e positive-growth-in-volume strategies have a neg-ative return.Although many of the returns are not statisti
ally signi�
ant, they givean indi
ation of what e�e
t the volume has on the reversal e�e
t. Largein
reases in pri
e a

ompanied with low lagged volume tend to be reversedmore than large in
reases a

ompanied with high lagged volume. However,for the loser portfolios, the result of applying a volume �lter is that the sto
ksare spread a
ross too many portfolios and the portfolio returns appear to berandom.Can Volume Help to Explain the Asymmetry Dis
ussedEarlier?If 
ross-auto
orrelation among se
urities 
aused a substantial part of thepositive winner-pri
e portfolio returns, larger reversals would be expe
ted athigher levels of trading volume. The reason for this is that 
ross-auto
orre-lation should de
rease as the liquidity in the market in
reases. Sin
e the
ross-auto
orrelation works in a dire
tion opposite to that of the overrea
tione�e
t for winners, lower levels of 
ross-auto
orrelation should lead to largerreversals for winners.The fa
t that there is no eviden
e that larger volume �lters generate largerwinner portfolio reversals 
ould be an indi
ation that 
ross-auto
orrelationa
ross se
urities is not the main sour
e of the positive returns found for thewinner portfolios.6.5 Analysis of Portfolio Ex
ess ReturnUnlike Cooper, we �nd the ex
ess returns generated by the di�erent portfo-lios more interesting than the absolute returns, sin
e an overrea
tion e�e
t iseasier to identify using ex
ess returns. The ben
hmark 
omparison is used tomitigate one 
omponent of the survivorship bias, namely the displa
ementof the mean return. In addition, it is more e
onomi
ally meaningful to 
om-pare the return of an investment strategy with the return on an alternativeinvestment instead of a zero-return investment.
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ess Return 57Pri
e StrategiesFor the �rst-order loser-pri
e ben
hmark portfolios, only the most extreme�lter portfolio has a signi�
ant (positive) return. This 
an be 
ompared tothe portfolios that were tested against a zero return instead of the ben
hmark,that generated positive returns signi�
antly di�erent from zero in four of theportfolios. There are no signi�
ant loser-loser-pri
e portfolio ex
ess returns.For the �rst-order winner-pri
e ben
hmark portfolios, the only signi�
ant(negative) return is for the most extreme portfolio. The same pattern isfound for the se
ond-order winner, winner-pri
e portfolios.This shows that the most extreme �rst-order-pri
e portfolios exhibit astatisti
ally signi�
ant reversal e�e
t. This result is 
onsistent with the re-sults of other studies where an extreme "ten-per
ent-up-or-down" 
riterionhas been used to test for an overrea
tion e�e
t.Pri
e-Volume StrategiesThere is still no evident reversal e�e
t in the pri
e-and-volume-�lter-portfolioex
ess returns. The previous 
on
lusions regarding volume do not 
hangewhen 
omparing to the ben
hmark. However, sin
e the returns are lower forall the portfolios, most of the portfolio returns that were signi�
ant beforethe ben
hmark was dedu
ted are now insigni�
ant.





Chapter 7Summary and Con
lusionsThis thesis tests for an overrea
tion e�e
t on the Sto
kholm sto
k ex
hangeA-list using data for the period January 4 1982 through August 30 1999. Thetest is basi
ally a repli
ation of some parts of a test su

essfully employed byCooper (Cooper, 1999) on the Ameri
an sto
k markets NYSE and AMEX.The thesis also 
ontains an overview of the theory and previous empiri
al�ndings on the overrea
tion e�e
t.In the test for overrea
tion e�e
ts, signi�
ant reversal e�e
ts are foundfor several of the �rst-order loser-pri
e strategies. A 
onsistent pattern oflarger (smaller) returns is found for the losers (winners) at the more extreme�lter levels. The se
ond-order pri
e portfolios are less likely to experien
e asigni�
ant reversal than their �rst-order 
ounterparts.When volume is in
orporated in the portfolio formation rule, high-growth-in-volume sto
ks tend to exhibit weaker reversals and even positive auto
or-relation, and low-growth-in-volume sto
ks tend to experien
e larger reversals.We believe that one reason for this 
ould be that the negative (positive) ex-
ess return earned by the winners (losers) is spread out over the 12 di�erentvolume-�lter levels. In this aspe
t, the in
orporation of volume makes thepi
ture of the overrea
tion e�e
t less 
lear.When 
omparing the portfolio returns to a ben
hmark the apparent asym-metry in the overrea
tion e�e
t disappear. For the pri
e-only strategies,winner and loser portfolios exhibit a signi�
ant reversal e�e
t at the mostextreme �lter-levels. For the less extreme �lter-levels -4 through 3 there is anon-signi�
ant positive auto
orrelation in all but one portfolio.Sin
e the sample period, data sour
es and our methodology is di�erentfrom earlier overrea
tion e�e
t studies, our results are not expe
ted to be thesame. Nevertheless, it is interesting to see that the ex
ess returns earned atthe most extreme pri
e �lter levels are similar to the results in many of theprevious tests.



60 Summary and Con
lusionsWe believe that the returns earned by the portfolios after the ben
hmarkportfolio returns have been dedu
ted give us a better pi
ture of the overre-a
tion e�e
t. After the ben
hmark has been dedu
ted, it will be easier to seewhat part of the portfolio returns is spe
i�
 to the sto
ks in the portfolio,and not just the result of the general trend in the sto
k market.The reversal e�e
t for the pri
e portfolios at the most extreme �lter-levels
ould have been exploited by an ideal investor using a 
ontrarian strategy.An investor who had gone long in losers and short in winners would havehad a positive ex
ess return for the studied period, given that transa
tion
osts and brokerage fees were zero, and that he knew in advan
e whi
h sto
kswould survive until the end of the period.One obvious explanation to the ex
ess return generated by su
h a strategyis that the sto
ks experien
ing short-term reversals 
ould be riskier than othersto
ks. In the test, no attempt was made to measure the risk and thereforeno 
on
lusions 
an be draw from the result about market e�
ien
y. Thefa
t that brokerage fees and other transa
tion 
osts have not been taken intoa

ount when 
al
ulating the portfolio returns allows for the possibility thatthe e�e
t is too small to be traded away.Another explanation an advo
ate of the EMH might suggest is that thepremium return has a mi
ro-stru
tural explanation or that it is 
aused byother systemati
 errors in the model spe
i�
ation used to �nd the premiumpro�ts. The analysis indi
ates that the results are not likely to have been
aused entirely by the bid-ask boun
e e�e
t or 
ross-auto
orrelation a
rossse
urities.Yet another explanation is that there may be methodologi
al mistakes inthe test. For example, there is a survivorship bias in the data, whi
h maya
tually have 
aused an apparent overrea
tion e�e
t.The results indi
ate a small but statisti
ally signi�
ant reversal of portfo-lios of the most extreme winners and losers. The results are not as unambigu-ous as those of Cooper's survey are. When using a �rst-order-pri
e �lter, themost extreme portfolios are signi�
ant and 
onsistent with the overrea
tione�e
t. However, for the se
ond-order-pri
e and �rst-order-pri
e-and-volume�lter the results are di�
ult to interpret, and 
ould have been 
aused byrandom perturbations. It would be di�
ult to trade su

essfully using these�ndings alone, if trading 
osts, su
h as the bid-ask spread and brokerage feesare taken into a

ount.We believe that the signi�
ant results that have been found are not 
ausedby the bid-ask-boun
e e�e
t to any large extent. However, they 
ould havebeen 
aused by a survivorship bias in the data. In addition, the results 
an be
onsistent with the e�
ient market hypothesis if the risk premium is allowedto be time varying.



Appendix AResults
A.1 Density of Available DataThe density of the available valid data is found in �gure A.1.A.2 Pri
e Filter ReturnThe loser-pri
e return is found in table A.1. The winner-pri
e return is foundin table A.2. The �rst order pri
e return is plotted in �gure A.2. The se
ondorder pri
e return is plotted in �gure A.3.A.3 Pri
e Filter Ex
ess ReturnThe loser-pri
e ex
ess return is found in table A.3. The winner-pri
e ex
essreturn is found in table A.4. The �rst-order pri
e �lter ex
ess return isplotted in �gure A.4. The se
ond-order pri
e �lter ex
ess return is plottedin �gure A.5.A.4 Pri
e and Volume Filter ReturnA.4.1 Absolute ReturnsThe returns of the loser-pri
e negative-growth-in-volume pri
e-volume �lterstrategies are listed in table A.5. The returns of the loser-pri
e positive-growth-in-volume pri
e-volume �lter strategies are listed in table A.6. The re-turns of the winner-pri
e negative-growth-in-volume pri
e-volume �lter strate-gies are listed in table A.7. The returns of the winner-pri
e positive-growth-
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Figure A.1: The density of available valid datain-volume pri
e-volume �lter strategies are listed in table A.8. The result ofthe �rst order pri
e and volume �lter is plotted in �gure A.6.The returns of the winner-pri
e positive-growth-in-volume pri
e-volume�lter strategies are listed in table A.8. The result of the �rst order pri
e andvolume �lter is plotted in �gure A.6.A.4.2 Ex
ess ReturnsThe ex
ess returns of the loser-pri
e negative-growth-in-volume pri
e-volume�lter strategies are listed in table A.9. The ex
ess returns of the loser-pri
epositive-growth-in-volume pri
e-volume �lter strategies are listed in tableA.10. The ex
ess returns of the winner-pri
e negative-growth-in-volumepri
e-volume �lter strategies are listed in table A.11. The ex
ess returnsof the winner-pri
e positive-growth-in-volume pri
e-volume �lter strategiesare listed in table A.12. The ex
ess return of the �rst order pri
e and volume
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e and Volume Filter Return 63Strategy Filter
ounter -6 -5 -4 -3 -2 -1Loser- Mean/% 1.44 0.83 0.05 0.44 0.32 0.28pri
e Std. dev./% 7.87 5.70 5.67 4.63 4.49 3.56N 247 233 399 558 697 739t-statisti
 2.88 2.23 0.16 2.23 1.91 2.12Skip-day Mean/% 0.93 0.38 0.76 0.50 0.39 0.44loser- Std. dev./% 8.83 7.40 5.66 4.80 4.00 3.35pri
e N 203 202 361 540 707 744t-statisti
 1.50 0.73 2.55 2.40 2.61 3.56Loser, Mean/% 1.85 -0.81 -0.66 0.13 0.29 -0.05loser- Std. dev./% 11.82 7.83 6.70 5.46 5.04 3.60pri
e N 36 18 39 100 281 401t-statisti
 0.94 -0.44 -0.61 0.23 0.96 -0.26Skip-day Mean/% 1.40 -2.15 -0.29 0.83 0.13 0.27loser, Std. dev./% 9.76 5.87 7.08 10.94 4.21 3.61loser- N 22 10 36 97 292 443pri
e t-statisti
 0.67 -1.16 -0.24 0.75 0.54 1.60Table A.1: The result of the loser pri
e �lter strategies�lter is plotted in �gure A.7.
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Strategy Filter
ounter 0 1 2 3 4 5Winner- Mean/% 0.45 0.54 0.45 0.44 -0.01 -0.41pri
e Std. dev./% 3.69 3.84 4.18 5.21 4.87 5.84N 762 695 618 494 391 400t-statisti
 3.33 3.68 2.66 1.88 -0.05 -1.42Skip-day Mean/% 0.45 0.35 0.25 0.26 -0.33 -0.21winner- Std. dev./% 3.41 3.77 4.19 4.57 4.82 6.03pri
e N 762 689 601 469 304 342t-statisti
 3.66 2.43 1.48 1.21 -1.18 -0.63Winner, Mean/% 0.55 0.77 0.96 0.38 0.56 -1.63winner- Std. dev./% 3.65 4.47 5.28 7.61 3.47 7.66pri
e N 547 307 145 49 18 61t-statisti
 3.50 3.02 2.19 0.35 0.69 -1.66Skip-day Mean/% 0.41 0.27 1.14 -0.26 -0.31 -2.71winner, Std. dev./% 3.44 3.58 5.05 3.61 7.22 10.03winner- N 579 297 116 41 6 41pri
e t-statisti
 2.85 1.32 2.43 -0.46 -0.11 -1.73Table A.2: The result of the winner pri
e �lter strategies
Strategy Filter
ounter -6 -5 -4 -3 -2 -1Loser- Mean/% 1.06 0.45 -0.34 0.06 -0.06 -0.11pri
e Std. dev./% 0.51 0.39 0.30 0.22 0.20 0.17df 1023 1009 1175 1334 1473 1515t-statisti
 2.07 1.16 -1.11 0.25 -0.29 -0.62Loser, Mean/% 1.48 -1.18 -1.03 -0.25 -0.09 -0.42loser- Std. dev./% 1.98 1.85 1.08 0.57 0.34 0.23pri
e df 734 716 737 798 979 1099t-statisti
 0.75 -0.64 -0.96 -0.44 -0.26 -1.81Table A.3: The ex
ess return of the loser-pri
e strategies
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Figure A.2: The result of the �rst order pri
e �lterStrategy Filter
ounter 0 1 2 3 4 5Winner- Mean/% 0.06 0.15 0.06 0.06 -0.40 -0.80pri
e Std. dev./% 0.17 0.18 0.20 0.26 0.27 0.31df 1538 1471 1394 1270 1167 1176t-statisti
 0.36 0.84 0.32 0.22 -1.47 -2.55Winner, Mean/% 0.17 0.39 0.58 0.00 0.18 -2.01winner- Std. dev./% 0.22 0.30 0.46 1.10 0.83 0.99pri
e df 1245 1005 843 747 716 759t-statisti
 0.78 1.33 1.26 0.00 0.22 -2.02Table A.4: The ex
ess return of the winner-pri
e strategies



66 Results

−6 −4 −2 0 2 4 6
−0.06

−0.04

−0.02

0

0.02

0.04

0.06
Second Order Price Filter Weekly Portfolio Return

Filter counter

A
ve

ra
ge

 r
et

ur
n 

pe
r 

w
ee

k

Portfolio return (solid line)
95% confidence interval (dashed lines)

Figure A.3: The result of the se
ond order pri
e �lter
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Figure A.4: The ex
ess return of the �rst order pri
e �lter
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Figure A.5: The ex
ess return of the se
ond order pri
e �lter
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Volume�lter
ounter Pri
e Filter
ounter -6 -5 -4 -3 -2 -1-6 Mean/% 1.38 1.48 0.85 0.56 -0.05 -0.54Std. dev./% 11.48 4.98 5.27 5.52 4.61 4.24N 16 12 26 79 150 176t-statisti
 0.48 1.03 0.82 0.91 -0.14 -1.68-5 Mean/% 0.47 1.55 1.82 0.87 0.58 0.13Std. dev./% 8.95 5.04 6.79 5.45 4.37 4.02N 29 24 66 119 233 259t-statisti
 0.28 1.51 2.17 1.73 2.02 0.51-4 Mean/% 1.94 0.34 0.72 0.46 -0.09 0.25Std. dev./% 9.66 6.64 6.51 5.78 4.28 4.09N 37 33 75 147 294 330t-statisti
 1.22 0.29 0.96 0.95 -0.37 1.11-3 Mean/% 1.20 1.74 0.05 0.56 0.51 0.58Std. dev./% 9.29 7.14 5.24 5.55 4.72 3.92N 44 33 76 157 279 331t-statisti
 0.86 1.40 0.08 1.27 1.82 2.69-2 Mean/% 0.62 0.30 0.99 0.15 0.39 0.25Std. dev./% 7.87 5.49 7.28 5.27 4.92 3.82N 35 37 90 160 255 312t-statisti
 0.46 0.34 1.30 0.35 1.26 1.16-1 Mean/% 7.20 0.93 0.49 0.67 0.08 0.18Std. dev./% 10.42 5.31 6.58 5.31 4.67 4.60N 27 28 65 127 233 285t-statisti
 3.59 0.93 0.61 1.41 0.25 0.67Table A.5: The return of the loser-pri
e negative-growth-in-volume pri
e-volume �lter strategies
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Volume�lter
ounter Pri
e Filter
ounter -6 -5 -4 -3 -2 -10 Mean/% 0.32 1.07 0.59 0.33 0.00 0.42Std. dev./% 8.50 6.29 5.77 4.88 4.06 4.27N 73 68 150 244 370 420t-statisti
 0.32 1.41 1.25 1.06 0.01 2.021 Mean/% 1.76 0.08 1.20 0.34 0.47 0.27Std. dev./% 10.69 7.27 5.43 4.14 4.66 4.20N 68 43 73 127 212 277t-statisti
 1.36 0.07 1.89 0.93 1.47 1.062 Mean/% 2.13 0.84 -0.86 -0.56 -0.06 -0.04Std. dev./% 7.30 6.71 7.55 4.04 5.34 5.74N 36 28 46 73 121 129t-statisti
 1.75 0.66 -0.78 -1.18 -0.13 -0.073 Mean/% 0.00 1.93 1.27 -0.12 0.86 -0.25Std. dev./% 9.00 5.21 5.96 6.88 5.09 3.78N 25 13 33 40 58 97t-statisti
 0.00 1.34 1.22 -0.11 1.29 -0.664 Mean/% 1.95 1.89 -0.75 0.01 2.34 0.73Std. dev./% 10.24 5.34 5.51 6.00 10.92 3.15N 13 16 21 29 44 41t-statisti
 0.69 1.42 -0.62 0.01 1.42 1.495 Mean/% 0.86 0.24 -0.60 0.18 -0.50 0.15Std. dev./% 9.97 5.84 5.47 3.82 6.25 3.90N 41 34 39 61 107 126t-statisti
 0.55 0.24 -0.69 0.37 -0.83 0.44Table A.6: The return of the loser-pri
e positive-growth-in-volume pri
e-volume �lter strategies
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Volume�lter
ounter Pri
e Filter
ounter 0 1 2 3 4 5-6 Mean/% 0.25 -0.22 0.92 -0.10 0.54 0.92Std. dev./% 4.10 4.28 5.07 5.34 3.22 3.36N 209 100 41 25 12 5t-statisti
 0.88 -0.52 1.17 -0.09 0.59 0.61-5 Mean/% 0.04 0.31 0.50 0.19 -2.49 -1.35Std. dev./% 4.06 4.55 5.50 4.51 6.10 6.30N 294 146 74 30 12 16t-statisti
 0.16 0.82 0.78 0.24 -1.41 -0.86-4 Mean/% -0.14 0.09 0.11 -1.49 -0.06 -0.91Std. dev./% 3.79 5.15 6.52 4.02 5.28 6.37N 370 200 116 44 18 30t-statisti
 -0.71 0.25 0.18 -2.46 -0.05 -0.78-3 Mean/% -0.03 0.86 0.12 -0.11 -0.06 -0.74Std. dev./% 4.43 4.96 4.89 5.94 8.78 5.21N 405 240 139 72 37 44t-statisti
 -0.13 2.68 0.29 -0.15 -0.04 -0.94-2 Mean/% 0.59 0.59 0.31 0.26 -1.00 -3.73Std. dev./% 4.26 5.05 4.65 5.97 5.11 8.11N 393 267 149 94 35 41t-statisti
 2.76 1.90 0.80 0.42 -1.16 -2.94-1 Mean/% 0.34 0.40 0.23 -0.02 -0.70 -1.05Std. dev./% 4.58 4.51 4.38 5.42 4.98 6.78N 372 231 147 85 47 38t-statisti
 1.42 1.34 0.63 -0.03 -0.96 -0.95Table A.7: The return of the winner-pri
e negative-growth-in-volume pri
e-volume �lter strategies



72 Results
Volume�lter
ounter Pri
e Filter
ounter 0 1 2 3 4 50 Mean/% 0.20 0.48 0.11 0.77 0.41 -0.26Std. dev./% 3.85 4.68 4.84 7.82 5.65 5.61N 522 397 282 214 111 134t-statisti
 1.16 2.06 0.37 1.44 0.77 -0.551 Mean/% 0.81 0.52 1.06 0.19 0.15 0.84Std. dev./% 5.46 4.20 5.31 5.35 4.71 7.75N 354 263 209 135 89 102t-statisti
 2.79 2.00 2.88 0.42 0.31 1.092 Mean/% 0.51 0.28 0.32 0.98 -0.32 0.18Std. dev./% 4.08 4.25 4.89 5.63 4.57 7.42N 243 176 123 93 61 89t-statisti
 1.95 0.87 0.73 1.68 -0.54 0.233 Mean/% 1.05 0.21 -0.15 1.59 2.56 -0.12Std. dev./% 6.85 4.84 4.70 4.81 5.89 8.54N 131 109 91 60 36 58t-statisti
 1.75 0.44 -0.30 2.56 2.60 -0.104 Mean/% 0.57 0.74 1.23 2.27 0.28 -0.83Std. dev./% 3.53 4.54 6.33 5.56 3.55 6.12N 87 70 64 34 32 47t-statisti
 1.50 1.36 1.56 2.37 0.45 -0.945 Mean/% 0.63 1.29 1.00 1.43 0.25 0.62Std. dev./% 4.07 4.25 5.13 5.72 4.93 6.21N 227 154 141 98 71 105t-statisti
 2.33 3.76 2.31 2.48 0.42 1.02Table A.8: The return of the winner-pri
e positive-growth-in-volume pri
e-volume �lter strategies
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Figure A.6: The result of the �rst order pri
e and volume �lter



74 Results
Volume�lter
ounter Pri
e Filter
ounter -6 -5 -4 -3 -2 -1-6 Mean/% 1.00 1.10 0.47 0.18 -0.43 -0.92Std. dev./% 2.87 1.44 1.04 0.63 0.39 0.34df 746 742 756 809 880 906t-statisti
 0.35 0.76 0.45 0.29 -1.10 -2.69-5 Mean/% 0.09 1.17 1.44 0.49 0.20 -0.25Std. dev./% 1.67 1.04 0.84 0.51 0.31 0.28df 759 754 796 849 963 989t-statisti
 0.05 1.13 1.70 0.95 0.64 -0.91-4 Mean/% 1.56 -0.04 0.34 0.08 -0.47 -0.13Std. dev./% 1.59 1.16 0.76 0.49 0.28 0.25df 767 763 805 877 1024 1060t-statisti
 0.98 -0.04 0.45 0.15 -1.71 -0.51-3 Mean/% 0.82 1.36 -0.33 0.18 0.13 0.20Std. dev./% 1.40 1.25 0.61 0.46 0.31 0.25df 774 763 806 887 1009 1061t-statisti
 0.59 1.09 -0.54 0.40 0.44 0.81-2 Mean/% 0.24 -0.08 0.61 -0.23 0.01 -0.13Std. dev./% 1.34 0.91 0.78 0.43 0.33 0.25df 765 767 820 890 985 1042t-statisti
 0.18 -0.08 0.79 -0.54 0.02 -0.53-1 Mean/% 6.82 0.55 0.11 0.29 -0.30 -0.20Std. dev./% 2.01 1.01 0.82 0.49 0.33 0.30df 757 758 795 857 963 1015t-statisti
 3.40 0.54 0.14 0.59 -0.93 -0.67Table A.9: The ex
ess return of the loser-pri
e negative-growth-in-volumepri
e-volume �lter strategies
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Volume�lter
ounter Pri
e Filter
ounter -6 -5 -4 -3 -2 -10 Mean/% -0.06 0.69 0.21 -0.05 -0.38 0.04Std. dev./% 1.00 0.77 0.49 0.33 0.24 0.24df 803 798 880 974 1100 1150t-statisti
 -0.06 0.90 0.43 -0.14 -1.57 0.171 Mean/% 1.38 -0.30 0.82 -0.04 0.09 -0.11Std. dev./% 1.30 1.11 0.65 0.39 0.34 0.28df 798 773 803 857 942 1007t-statisti
 1.06 -0.27 1.27 -0.10 0.26 -0.402 Mean/% 1.75 0.46 -1.24 -0.94 -0.44 -0.42Std. dev./% 1.22 1.27 1.12 0.49 0.50 0.52df 766 758 776 803 851 859t-statisti
 1.43 0.36 -1.11 -1.93 -0.89 -0.803 Mean/% -0.38 1.55 0.89 -0.50 0.48 -0.63Std. dev./% 1.80 1.45 1.04 1.09 0.68 0.40df 755 743 763 770 788 827t-statisti
 -0.21 1.07 0.85 -0.46 0.71 -1.584 Mean/% 1.57 1.51 -1.13 -0.37 1.96 0.35Std. dev./% 2.84 1.34 1.21 1.12 1.65 0.51df 743 746 751 759 774 771t-statisti
 0.55 1.13 -0.94 -0.33 1.19 0.695 Mean/% 0.48 -0.14 -0.98 -0.20 -0.88 -0.23Std. dev./% 1.56 1.01 0.88 0.50 0.62 0.37df 771 764 769 791 837 856t-statisti
 0.31 -0.14 -1.11 -0.39 -1.44 -0.62Table A.10: The ex
ess return of the loser-pri
e positive-growth-in-volumepri
e-volume �lter strategies



76 Results
Volume�lter
ounter Pri
e Filter
ounter 0 1 2 3 4 5-6 Mean/% -0.13 -0.60 0.54 -0.48 0.16 0.54Std. dev./% 0.31 0.44 0.80 1.07 0.94 1.51df 939 830 771 755 742 735t-statisti
 -0.43 -1.36 0.68 -0.44 0.18 0.36-5 Mean/% -0.34 -0.07 0.12 -0.19 -2.87 -1.73Std. dev./% 0.26 0.39 0.65 0.83 1.76 1.58df 1024 876 804 760 742 746t-statisti
 -1.29 -0.18 0.18 -0.22 -1.63 -1.09-4 Mean/% -0.52 -0.29 -0.27 -1.87 -0.44 -1.29Std. dev./% 0.23 0.38 0.62 0.62 1.25 1.17df 1100 930 846 774 748 760t-statisti
 -2.27 -0.76 -0.44 -3.03 -0.35 -1.11-3 Mean/% -0.41 0.48 -0.26 -0.49 -0.44 -1.12Std. dev./% 0.25 0.34 0.43 0.71 1.45 0.79df 1135 970 869 802 767 774t-statisti
 -1.64 1.41 -0.60 -0.68 -0.31 -1.41-2 Mean/% 0.21 0.21 -0.07 -0.12 -1.38 -4.11Std. dev./% 0.24 0.33 0.40 0.63 0.87 1.27df 1123 997 879 824 765 771t-statisti
 0.87 0.63 -0.19 -0.19 -1.59 -3.23-1 Mean/% -0.04 0.02 -0.15 -0.40 -1.08 -1.43Std. dev./% 0.26 0.32 0.38 0.60 0.74 1.11df 1102 961 877 815 777 768t-statisti
 -0.17 0.05 -0.40 -0.66 -1.47 -1.29Table A.11: The ex
ess return of the winner-pri
e negative-growth-in-volumepri
e-volume �lter strategies
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Volume�lter
ounter Pri
e Filter
ounter 0 1 2 3 4 50 Mean/% -0.18 0.10 -0.27 0.39 0.03 -0.64Std. dev./% 0.20 0.26 0.31 0.55 0.55 0.50df 1252 1127 1012 944 841 864t-statisti
 -0.90 0.40 -0.88 0.71 0.06 -1.291 Mean/% 0.43 0.14 0.68 -0.19 -0.23 0.46Std. dev./% 0.31 0.28 0.39 0.47 0.51 0.78df 1084 993 939 865 819 832t-statisti
 1.37 0.48 1.76 -0.39 -0.44 0.592 Mean/% 0.13 -0.10 -0.06 0.60 -0.70 -0.20Std. dev./% 0.29 0.34 0.46 0.59 0.60 0.79df 973 906 853 823 791 819t-statisti
 0.46 -0.30 -0.12 1.01 -1.17 -0.253 Mean/% 0.67 -0.17 -0.53 1.21 2.18 -0.50Std. dev./% 0.61 0.48 0.51 0.63 0.99 1.13df 861 839 821 790 766 788t-statisti
 1.10 -0.37 -1.04 1.91 2.20 -0.444 Mean/% 0.19 0.36 0.85 1.89 -0.10 -1.21Std. dev./% 0.40 0.56 0.80 0.96 0.64 0.90df 817 800 794 764 762 777t-statisti
 0.47 0.65 1.07 1.96 -0.15 -1.355 Mean/% 0.25 0.91 0.62 1.05 -0.13 0.24Std. dev./% 0.29 0.36 0.45 0.59 0.60 0.62df 957 884 871 828 801 835t-statisti
 0.85 2.51 1.38 1.79 -0.22 0.39Table A.12: The ex
ess return of the winner-pri
e positive-growth-in-volumepri
e-volume �lter strategies
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Figure A.7: The ex
ess return of the �rst order pri
e and volume �lter
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