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General Introduction:
Our research concentrates on the cross-section of European stock returns. Our purpose is to evaluate a series of Old and New facts in finance concerning stock returns in Europe. The analysis is made under a Pan-European framework for a Universe of European stocks. Throughout the entire research we present, evaluate and com​pare pan-European versions of asset pricing models: CAPM and Fama-French’s 3 factor model, as long as a series of effects and anomalies. Moreover we explore the predictability of European returns and apply new portfolio optimization processes. All of our research subjects have been documented in the NYSE stock exchange and many of them have been already tested to individual European markets. Our contribution is the Pan-European context under which our tests were performed, using more than 4000 stocks from all 12 EMU-IN countries.

The whole process was carried out in 2 stages. The 1st stage consists of collecting and handling the data. All stock data of our research were extracted from Thompson’s DataStream advance 4,0, and were extensively analyzed and adjusted in order to be proper for use. The second stage consists of implementing the research, presenting the results and drawing conclusions.

We decided to present the 2 stages, under different papers. The main reason, is the fact that the 1st stage, turned out to be more like a research on handling data and identifying securities from Thomson Datastream, than our-research specific data adjustments and sample selection.

Thus, our research comes at 2 papers:


PAPER 1: “Handling data from Thompson’s DataStream”

PAPER 2: “The Cross-Section of European Returns- An application of Asset Pricing Models, Anomalies and Predictability in a Pan-European framework”

PAPER 1:
“Handling Data from Thompson’s DataStream”

Landis Conrad Felix Michel

-Athens University of Economics-

Professor Supervisor: Skouras Spyros
Abstract :
This paper refers on Handling data from Thompson’s DataStream (TDS). Although DataStream is a rich data source for approximately 50.000 equities from more than 65 markets around the world with more than 25 years of coverage, its data should be handle with care. An extensive research on that subject is already published by Ince and Porter (2006-“Individual Equity Return Data from Thompson DataStream: Handle With Care”). So our paper comes as a supplement to it, providing, though more information especially in the common stock identification processes for European markets and proposing extra screens for unreported errors. At the same time it, jointly describes the methodology we applied to obtain the European sample we used in our tests throughout the paper 2 .

1. Introduction:
International asset pricing occupies a prominent position in the financial literature. Despite the fact that research is expanded to all stock markets around the world, most of researchers are focused on the biggest stock exchanges-markets, especially in NYSE. Testing the findings, on other equity markets, gives the opportunity to verify the results in new and independent samples. The necessary condition for a good research is the availability of high-quality equity return data. Although a lot of databases, that focuses in  individual markets (CRSP-USA, Primary Stock Exchange’s-Central Bank’s databases), in regions (Pasific-Basin Research Center) or all markets (Reuters, Worldscope) exists, many researches use Thompson Datastream (TDS) for its broad and deep data coverage. Actually we were unable to locate another source comparable to TDS in terms of number of markets and number of securities, in each market, covered. 

TDS is a rich data source containing equity return data for approximately 50.000 equities in 64 developed and emerging markets with up to 25 or more years of coverage. There are also considerable accounting, fixed-income, index, commodity, macroeconomic time-series, interest rate and exchange rate data available. 

However there are some problems that require intensive care when using data from DTS. Researchers should be aware of these problems, when designing tests using TDS , because in other case errors may have a significant impact on inferences drawn from the data. 

Ince and Porter (2006) provide an extensive review of problems connected with using data from TDS, as long as a series of useful screens. This paper, contributes by providing an extensive common stock identification process and extra screenings on undetected errors. The analysis is made through the paper 2 research’s context, that is all screenings were presented as part of our European sample selection and “cleaning” process. 

2. Ince and Porter-2006 Review:
Ince and Porter, 2006, tested the reliability of equity return data from Thompson DataStream (TDS). Their remarks are based on the comparison of U.S. individual return equity data from TDS with similar data from the Center of Research in Security Prices (CRSP). The comparison was made both by matching each security’s data separately as long as comparing the correlations of the value-equally weighted indexes from all securities, and revealed big differences among the 2 databases. They do not used CRSP though to make corrections to TDS. They filtered the TDS data with indipendently developed screens and then evaluated the performance of the screens by comparing the results with CRSP. They claimed that DTS’s screened sample have a 99,7% correlation with the CRSP sample. The main purpose of the paper was to evaluate the use of data from Datastream in studies that involve a large number of individual securities in markets outside the United States. That is data for which probably no alternative base can be available to researchers. So the procedures they developed can be used to correct raw TDS data, without requiring an independent data source. They evaluated the use of the screening procedures in non-USA data, by applying them to 4 European markets. The impact of the screening procedures was measured as the correlation between raw and screened TDS (value and equally weighted) market average return and average returns of commonly used market indexes
, for each country, also provided by Datastream. The results revealed that, indeed, screenings affected the time-series properties of equally and value-weighted country portfolios as well as increased dramatically the correlations with the relative indexes calculated by third parties.

3. Handling Raw Data from TDS:
In this section we will analyze all screens, we used to handle the data we extracted from Thompson Datastream, in order to perform our main research on the following paper, paper number 2. In this paper we will only refer to the general screens and adjustments that were made on TDS raw data, as our sample-specific adjustments will be analyzed in paper 2. 

In Table 1 we present the definitions of variables used throughout the paper.

Table 1:  Variable Definitions.

	Name
	Mnemonic
	TDS Definition

	Name
	NAME
	The name of the security or company.

	Type Of Instrument
	TYPE
	EQ for equities.

	Datastream code 
	DSCD
	Unique SIX digid identifier for every stock.

	Type Of Instrument
	TYPE
	EQ for equities.

	Market 
	MARKET
	Home Country of listed company

	 Stock Exchange


	EXMNEM
	The ISO standard exchange code that identifies the default source of priced data

	Time
	Time
	Date of the last equity price data. 

	Price (adjusted-Default)
	P
	Closin Price adjusted for any subsequent capital action/ change


	Unadjusted Price 
	UP
	Closing Price, Unadjusted for Dividends or Splits

	Market Value
	MV
	Share price multiplied by the number of ordinary shares in issue.

1. MV is expressed in millions of units of Local currency.

2. For companies with more than one class of equity capital MV is expressed according to the individual issue.

	Market Value to Book Value
	MVTB
	MV/BV ratio divides Market value with net book value

1. BV= Net Tangible Assets
.

2. MVTB is expressed according to the individual issue.

	Return Index
	RI
	RI shows a theoretical growth in value of a share holding over a specified period, assuming that dividends are reinvested to purchase additional units of a equity at the closing price.

	Dividends Per Share
	DPS
	A corporations common stock dividends on an annualized basis, divided by the weighted average number of common shares outstanding for the year.

	All definitions are presented as provided from Thompson Datastream.


Using Thompson DataStream Advance 4.0 we extracted monthly time series of closing prices (P), Market Value (MV), Market Value To Book Value (MVTB), Dividends per Share (DPS) and Return Index (RI) for all 12 EMU-in Countries’s equities from December 1989 to June 2007. We used all equities we were able to locate through either TDS constituent lists, or the independent security search by criteria. Thus, choosing a joint option of type= equity and markets/ stock exchanges identifiers as one of the 12 Emu countries, we extracted data for every active, dead or suspended stock that traded in each market during the sample period. 

We divide the screens-adjustments in 2 main groups. The first insists of  screens for the return raw TDS data, while the second one contains filters for the identification of both  local/ non-local firms in each market as long as of the type of each equity.

A. Screening TDS raw equity return data:

First of all we should note that any adjustment was made for uncorrected dividend’s, stock split’s or other capital change’s adjustments of data. The same holds for the handling of suspension of trading periods where in some cases prices sporadically change. The detection of such errors demands an additional source in order to verify the reliability of TDS’s adjustments to securities’s closing prices. Thus, in the absence of an additional database, we have to rely on the adjusted prices as downloaded from TDS.

The First screen refers to the way TDS reports data for delisted (dead) firms, that are firms that ceased trading on the stock exchange. In these cases, TDS keep repeating the last valid data point of all stock’s variables. Obviously, after calculating returns, it will result to zero return records at the end of each stock’s time series. So, all monthly observations, from the end of the sample period to the first non-zero return, should be deleted. We should pay attention though, because this screen may result to loss of a small number of valid zero return observations at the end of sample. So we can use the Time variable of TDS to define the exact date of last equity price data, and apply the screen to all remaining monthly return observations until the end of sample period. The same screen was also applied to active firms that presented “suspicious” zero- return observations in their time series. That happens because some firms reported from TDS as active, are actually delisted. 

Another important issue, concerning the return data, was whether to use Closing Adjusted Default prices (P) or Return Index (RI), in order to calculate individual stock return. 

Although, Adjusted-Default closing prices seem to be more appropriate, based on the definitions
 of Table 1 and the types of capital changes in Appendix, there are a lot of researches, that keep using the RI change as a measure of TDS monthly stock’s return. In order to verify how this decision may distort the results we repeated all research twice. The correlation among returns calculated based on these 2 variables, are more than 0,9975 for all market indices, portfolios and factors we used throughout the two papers. Thus, we don’t expect this decision to have any significant impact on our results. Just for illustrative purposes, we report that the correlation between the two types of returns are 0,998625965 and 0,99857142 for value and equally weighted market proxies respectively. 

Also, all firms with limited or non-available dividend data were excluded from the sample. That is because we can’t be sure how TDS adjusts closing prices for the capital change type of stock dividend distributions. Thus, we decided to totally exclude these stocks in order to avoid resulting errors from its usage
. For the same reasons we excluded from the sample all firms that datastream does not support adjusted prices. 

Moreover, we eliminated all stocks indicated by TDS as “limited data”, as long as several other stocks with “suspicious” return-time series, that is firms that appear zero returns for more than 1 year without being suspended.

During our extensive time series return data analysis we identified some suspiciously high monthly returns, from 350% to 9000% in 50 out of 836.000 monthly return observations, which probably reflect incorrect data. To screen for this type of errors, we ran the following return filters: we set as missing any return above 300% which is reversed within one month. That is if Rt or Rt+1 is > 300% and (1+ Rt )*(1+ Rt+1  ) < 50% , we set both  Rt and  Rt+1 as missing.

Most of the “suspiciously” high returns ( around 90%) were identified to very small firms with end-of-previous month prices less or around 1€. In these cases, TDS practice, before decimalization, of rounding prices to the nearest penny, can cause non trivial differences in returns when the prices are very small. Moreover in most of these cases a suspicious pattern on monthly returns was identified: TDS reports zero return for 3 to 5 months and in the following month a huge return occurs, more than 500%, which, though, is not reversed within one month. Probably this is evidence of limited data during the zero-returns months, and relative firms are excluded from the sample for the specific year. For all that reasons, a lot of researchers exclude very small firms, with prices below 1€ from their samples. On contrary, we decided to include all but after applying all the previous screens very carefully.

B. Sample Selection Process: 

All stock data we used in our research (both papers)
, are extracted from TDS for the period December 1989 to July 2007. We have already explained the screens we applied to all raw data. In this section we’ll analyze the methodology we used in obtaining our final sample of European stocks. Asset pricing test usually restrict the analysis to common stocks. So in order our results to be comparable with previous findings, we adopt the same restriction. 

The methodology of sample selection goes as follows:

First of all, we downloaded all securities classified as equities (EQ) for each market and stock exchange showed in Table 2. To avoid problems of survivorship bias in our research, we included all dead European stocks that traded during the sample period. To obtain the highest possible number of firms we extract all DTS constituent lists for the 12 European markets.

The first screen contains the elimination of any equity, listed on each of the 12 primary European exchanges, with market indicator different from each of the 12 EMU countries (Table 2). The second step is to eliminate the cross-listings, that is, stocks listed in more than one stock exchange. The rule we followed in this case is to include only stocks listed on Home-country’s stock exchange. 

Furthermore we eliminate any stock listed in the 12 European primary stock exchanges that trades in  a currency different than the national currency of the country, in which stock exchange is located. 

Table 2. Markets-Stock Exchanges-National Currencies

	Market ( TDS code)
	Stock exchange
	National Currency

( TDS code)

	Austria (OE)
	Vienna Stock Exchange
	Austrian Scillings (AS)

	Belgium (BG)
	Brussels
	Belgian Francs (BF)

	Finland (FN)
	Helsinki 
	Finnish Markkas (FM)

	France (FR)
	Paris SBF
	French Francs (FF)

	Germany (BD)
	Frankfurt 
	Deutch Mark (DM)

	Greece (GR)
	Athens
	Greek Drachmas (DR)

	Ireland (IR)
	Dublin
	Irish Pount (IP)

	Italy (IT)
	Milan
	Italian Lire (L)

	Luxembourg (LX)
	Luxembourg
	Luxembourg Francs (LF)

	Netherlands (NL)
	Euronext Amsterdam
	Dutch Guilders (FL)

	Portugal (PT)
	Lisbon 
	Portuguese Escudo (PE)

	Spain (ES)
	Madrid SIBE
	Spanish Pesetas (SP)


C. European common (ordinary) stock identification:
This section concentrates on the cumbersome identification of the type of stocks, indicated by TDS as equities (identifier EQ). Relative to other databases (CRSP for US stocks for  example), the distinction of type of equities is substantially more complicated in TDS as it tracks security type information predominantly through the addition of text in the security’s name field (variable: NAME)
. Thus, we manually searched all NAME variables in order to locate key words or phases which indicate that the security is not common equity. The reference text “ The Euromoney Guide to World equity markets” (2002) was a very useful tool, as it provides information about most global equity markets including information on types of securities traded. During the identification of common stocks process, we used all the recommendations by similar researches in the past. Moreover the resulting final sample’s common stocks were manually checked in the websites of the 12 primary European stock exchanges in order to be confirmed that our final sample is completely free of all duplicates and non-common equities. So, during this process the NAME abbreviations, identifiers of type, were enhanced relative to past rersearches.

In Table 3, we present Generic non common equity identifiers through NAME variable. The left column of the table, lists types of non-common equities contained in TDS equity category (EQ). In the right column we present its type’s Name Abbriviations.

Table 3: Generic Non-Common Equity Identifiers

	Type of Non-Common Equity
	NAME Abbreviation

	Duplicates

	DUPLICATE, DUPL, DUP, DUPE, DULP, DUPLI, 1000DUPL, USE,  XSQ, XET


	Depository Receipts
	ADR, GDR

	Preferred Stock
	PREF., PR, PF, PFD, PREFERRED, “PF”

	Warrants
	WARRANT, WARRANTS, WTS, WTS2, WARRT

	Dept
	DEB, DB, DCB, DEBT, DEBENTURE, DEBENTURES

	Unit Trusts
	RLST IT, INVESTMENT TRUST, INV TRT, UNIT TRT, TST UNIT, TRUST UNITS, UNI IT.

	Rights
	BONUS RIGHTS, RHTS, NIL PAID , RTS

	Exchange Traded Fund
	STOCK NTX, INDEX, FTSE, LYXOR, STXX, LYXEFT, CACX, ETF, ISHARES, FUNDS, STOXX

	Expired Securities
	EXPIRED, EXPD, EXPIRY, EXPY

	Mutual Funds
	- No particular abbreviations.-

	General proposed by Ince and Porter (2006)
	500 BOND, DEFER, DEP, DEPY, ELKS, ETF, FUND, FD, IDX, INDEX, LP, MIPS, MITS, MITT, MPS, NIKKEY, NOTE, PERQS, PINES, PRTF, PTNS, PTSHP, QUIBS, QUIDS, RATE, RCPTS, RECEIPTS, REIT, RETUR, SCORE, SPDR, STRYPES, TOPRS, UNIT, UNT, UTS, WTS, XXXXX, YIELD, YLD, FOND, FUND. 


So the names of all European stocks were screened for words (abbreviations) of the right column and all stocks that contained any of these words in their NAME variable, were excluded. 

The most trivial part was the detection of the mutual funds, especially closed-end funds, for which no NAME abbreviation identifier could be found. This problem was surpassed by eliminating all firms with the industry codes presented in Table 4. Actually through the Industry code TDS identifies Mutual funds, unit trusts and other “firms” for which the underlying asset is not typical of that underlying common equity. 

Table 4: Industry codes-Identifiers of non-common equity

	CODE
	NUMBER
	INDUSTRY NAME

	ITSPL
	73
	Split Capital Investment Trust

	ITVNT
	76
	Investment Trust Venture +DEV

	INVNK
	77
	Investment Cos.

	ITGSP
	88
	Investment Trust GEOG. Speclsts

	IVTUK
	89

96
	Investment Trust UK

Investment Trust-Old

	ITINT
	109
	Investment Trust International

	UNITS
	110
	Auth. Unit Trusts

	RLDEV
	112
	Real Estate DEV

	CURFD
	121
	Currency Funds

	INVCO
	124
	Investment Cos. (UK)

	INSPF
	125
	Ins. + Property Funds

	OFFSH
	136
	Offshore Funds

	INVTO
	137
	Other Investment Trusts

	ITEMG
	145
	Investment Trust Emerging Markets

	OEINC
	148
	Open Ended Inv. Cos.

	ITVCT
	149

154
	Venture Capital Trust

Real Estate

	EXTRF
	159
	Exchange Traded Funds


In Table 5 we present country specific identifiers of the type of stocks. Its interpretation though, is slightly different that previous 2 Tables. It presents all classes of stocks traded in each country. The underlined types, in column 3, consist of common stocks. 

Table 5: Country-Specific Identifiers of Classes/ Type of Equities

	Country
	Class 

(Home Language)
	Class

 (Translation)
	Name
Abbreviation

	Austria 
	Namensaktie

Inhaberaktie

Partizipationsschein

Vorzugsaktie

Genusscheine


	Ordinary Registered

Ordinary Bearer

Participation Certificate

Preferred

Non-Voting Hybrid securities (between a loan and equity)
	-

BR

PC, CPI, PS

PREF, VZ

GSH

	Belgium/

Luxembourg
	Ordinaire 

Action AFV

Conversion

Strips
	Ordinary

Fiscal Advantage Share

Conversion

Strips (for reduce taxes)
	-

AFV & VVPR

CONV

VVPR STRIP

	Finland 
	Vapaat Osakkeet

Etuoikeutetut

Osakeet
	Ordinary Voting

Limited voting

Non Voting
Duplicates
	- / A

B

K

USE

	France 
	Action

Action a dividende prioritaire

Certificat d’ Investissment

Titre Participatif
	Ordinary

Preferred

Investment Certificate

Participation Certificate

Investment Trusts/ Certificates
	-

PREF

CI

CIP

ADP, ORA, ORCI, OBSA, OPCSM, SGP, SICAV,  FCP, FCPR, FCPE, FCPI, FCPIMT, OPCVM.

	Germany 
	Stammaktie

Vorzugsaktie

Inhaberaktie

Namensaktie

Genusscheine


	Ordinary

Preferred

Bearer

Ordinary Registered

Non-Voting Hybrid securities (between a loan and equity)

Rights

Deferred

Fully or Partially paid
	-

PREF, VZ

BR

REGD

GSH, GEN

RTS

DEF, DFD, DEFF

PAID, PRF

	Greece 
	Κοινή 

Κοινή Ονομαστική

Κοινή Ανώνυμη

Ονομαστική

Προνομοιούχος Ονομαστική

Προνομοιούχος Ανώνυμη

Προνομοιούχος Ονομαστική Άνευ Ψήφου

Προνομοιούχος Ονομαστική

Μετα Ψήφου

Δικαιώματα

Τιτλος Ιδιοκτησιας 


	Common

Common Registered

Common Bearer

Registered

Preference Registered

Preference Bearer

Preferred Non-Voting Reg.

Preferred Voting Registered

NIL Paid Rights

Property
	- / C

CR

BR

R, ‘R’

PR

PB

PNVR

PWVR

NHL RTS

PR.

	Ireland 
	Ordinary

Preference
	Ordinary

Preference
	-

PREF

	Italy 
	Azione

Azione di Risparmio

Azione Privilegiate

Risparmio non Convertibili
	Ordinary

Savings Voting/ Non Voting

Preferred

Non-Convertible Saving Share
	-

SVGS, RISP, RSP, RP

PREF, PRIV, PV

RNC RTS, CNV, NCS

	 Netherlands
	Aandeel op naam

Certificaten

Aandeelaantoonder
	Registered

Depository Receipt

Bearer

Profit Sharing Certificates

Preferred
	-

ADR, GDR, RCPTS, REIT

BR

CERT, CERTS

PR, STK

	Portugal 
	Accoes Ordinarias 

Accoes Preferenciais

Accoes Registadas
	Ordinary Bearer 

Preferred

Ordinary Registered

Registered & sales restriction
	-

PREF

R, REG

R ‘R’

	Spain 
	Acciones Nominativas

Acciones al Portador

Acciones Preferentes
	Ordinary Registered

Ordinary Bearer

Preferred
	-

BR

PR, PREF


Thus, using NAME abbreviations, we screen again all stock’s NAME variables in order to detect and eliminate all non-common equities (Types that are not underlined).

In cases where a firm had multiple classes of common stock, we included a class, only if it begun trading earlier than the others. In cases where this criterion could not stand we just included the most actively traded class of stock as proxied by the non-zero returns in its daily time-series.

Finally, in cases where 2 or more common stocks had the exact NAME, market and exchange variables and moreover, their time series are overlapping, we included only the one with the earliest coverage on TDS. 

4. Conclusion:
Throughout the processes described in the paper, we collected a sample of more than 4000 European stocks, which is “clean”, after applying return filters (screens), and free of all non-local and non-common equities.

The last step to obtain our final sample was the elimination of all stocks with limited data (P, MV, MVTB, DPS, RI). 

The stocks that filled all criteria were manually checked in the websites of the 12 primary exchanges, in order to confirm their existence as common stocks. 

So our final sample consist 4029 European common stocks that traded in the 12 primary European stock exchanges in local currency for the period December 1989 to July 2007.

Finally, we should note that TDS was recently reconstructed in order to include different categories for equities (EQ). Although mutual funds, preferred stock, exchange traded furnds, Depository receipts and other types of equities are indeed organized in separate categories, the main category “equities” is still not free of duplicates and non-common equities. Thus, our procedure, which can be interpreted as a helping guide, is still useful. 

In Table 6, we collect all filters together as long as with a short description.

Table 6: ALL Filters

The symbol (√) denotes that this filter was recommended by Ince and Porter (2006)

	Filter
	Description
	Ince and Porter (2006)

	Time variable for deleted firms
	Identify last valid data in order for disturbing zeros at the end of time series to be deleted. Zeros may affect regressions and results.
	√

	Suspicious zeros at time series
	The presence of a lot zeros at time series may reflect a delisted firm, still identified by TDS, as active.
	√

	Limited data
	Exclude all firms that DTS presents as having limited data.
	

	No Data for dividends
	Uncertainty about the adjustments made by DTS.
	

	Return Filter
	Eliminates extreme return-records. Any return greater than 300% which is reversed within one month, probably reflects in error.
	√

	Extreme Returns
	Some extreme returns “pass” the return filter but occur after a long zero-return period, indicating probably limited data.
	

	Market Indicator
	DTS may include in a market list, a security with different market indicator variable.
	√

	Stock exchange indicator
	DTS may include in a stock exchange list, a security with different stock exchange indicator variable.
	√

	Cross listings
	Eliminate stocks listed in more than one stock exchange. Keep only stock listed in the Primary exchange of the Home country. 
	√

	National Currency
	Eliminate all firms, listed in a country’s stock exchange, but traded in a different currency than the National.
	√

	Common stock Identification
	Use Tables 3,4,5 and exclude all firms that contain any of the abbreviations through its name variable. TDS’s equities

Category, contains a lot of types of stocks different than common stock 
	Only part of Table 3


APPENDIX:
TDS TYPES OF CAPITAL CHANGES/ISSUES/ACTIONS

	Type of Capital Change
	Marker for 

Sub-Type 

Capital Event
	Record Description

	Rights Issue
	1

2

3

4
	Allocation Record

Call Payment-Partly Paid

Call Payment-Fully Paid

Registration Record

	New Issue
	2

3

4
	Call Payment-Partly Paid

Call Payment-Fully Paid

Registration Record

	Scrip Issue
	0

1

2

3
	Scrip

Scrip

Scrip Renounce able

Scrip Spin-Off

	Takeover / Merger
	0

1

2

3

4

5

6

7

8

9

A

B

C
	Takeover Closed

Takeover Proposed

Takeover Lapsed

Takeover Proposal Approved

Takeover Unconditional

Takeover Effective

Takeover wholly Unconditional

Takeover Unconditional as to accept

Merger Effective

Demerger Effective

Purchase Offer

Stock Separation

Exchange

	Stock split
	0

1
	Stock Split

Stock Subdevision

	Stock Consolidation
	0

1
	Consolidation

Consolidation (Reverse Split)

	Capital Write-Up
	0
	Capital Write-up Allocation/Registration

	Capital Write- Down
	0
	Capital Write-down Allocation/Reg.

	Distribution
	4
	Cash or Stock Distribution

	Stock Dividend
	5

6

7

8

9
	Stock Dividend

Stock Dividend Optional to Cash

Stock Dividend Enhanced Option to cash

Stock Dividend Cash Option available

Stock Dividend Additional to cash

	Capital Repayment
	A

B
	Dividend (Capital Repayment)

Capital Repayment

	Conversion
	0

1

2
	Conversion- Straight

Conversion- Final Opportunity

Conversion- Partial

	Warrant Subscription
	0

1

2
	Warrant Subscription- Straight

Warrant Subscription- Final Opportunity 

Warrant Subscription- Partial

	Other Issues
	-

-

-
	Open Offer

Issue Pending

Miscellaneous Issue
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Abstract :
This paper concentrates on the performance of asset pricing models in the Euro-area for a universe of European stocks. The Euro area has faced a high number of monetary and policy changes in the recent past as the consequence of the European integration process, and naturally, these developments have important implications for portfolio diversification and asset pricing. So we apply Pan-European versions of asset pricing models: CAPM, Fama - French 3 factor model. In addition we exploit for predictability in European returns and also test for a number of well known asset pricing anomalies such as reversal, momentum, small firm, value and turn of the year (January) effects. Finally we apply newly reported, in the New York stock exchange (NYSE), portfolio optimization processes that enhance return through forming optimal mean variance efficient portfolios with huge ex-ante sharpe ratios.

Our analysis clearly rejects CAPM, a European market factor alone is unable to capture most of the variance of average European returns, in a Pan European context. We document very strong value and small firm effects, especially during the period 1999 to 2007, strong Momentum and Reversal effects as long as evidence that European returns are predictable in long horizons. A Pan European Fama-French 3 factor model can capture most of the priced risk of average European stock returns, connected with these attributes, except Momentum. Finally, we apply conditional mean variance optimization processes to a set of Fixed attribute portfolios producing “optimal” portfolios with a huge level of annualized Ex-Ante Sharpe Ratio.

PART 1

Introduction:
Since the introduction of CAPM, independently by Sharpe (1964) and Lintner (1965), asset pricing models have been an intensive topic of research. 

Capital asset pricing model (CAPM) predicts that the expected excess return of an asset or portfolio should be proportional to its beta, which quantifies an asset’s or portfolio tendency to move with a market as a whole. Under CAPM context, the only relevant risk measure is beta, so,  high betas reflects in high average returns, in order for investors to be compensated for the risk (high tendency with market) that they undertake. At the same time the random walk theory of stock prices dominated the financial world. Random walk theory implies that returns are unpredictable, like a coin flip, so expected future return cannot be forecasted. Technical analysis that tries to divine future returns from patterns of past returns is nearly useless and any apparent predictability cannot be exploited after transaction costs.

Although, Capm’s assumptions are very stylized and simplified and the use of beta as the unique source of risk is very restrictive, surprisingly the model worked succesfully in a quarter century of empirical work. Many researches in individual markets, especially in NYSE, reported a positive relation between beta and mean excess return, qualifing the success of capm to price assets. In addition the model was extended in an international context. In a fully integrated (global) market where purchasing power parity (PPP) holds Capm should price all assets (see Grauer, Litzenberger and Stehle, 1976). However global markets are not fully integrated yet, so PPP does not usually hold (see Abuaf and Jorion(1990), Froot and Roggof (1995) and Chinn (2002) ). In that case the model should entail exchange rate risk factors. Such International asset pricing models, extentions of the CAPM, were developed by Solnik (1974), Sercu (1980), Stulz (1981) and Andler and Dumas (1983).

Since then, the last 20 years has seen a revolution in the way financial economists understand the investment world. 

The failure of CAPM to price a series of effects/anomalies led to the introduction/ extentions of the model in a multifactor context. Multifactor models associate high average returns with a tendency to move with multiple risk factors (sources of risk) in addition to market beta (tendency with market factor). Furthermore now we know, that stock returns are in fact predictable at long horizons. Random walk theory still dominates short term, but there are documented variables that can predict stock returns in long periods. Moreover momentum and reversal anomalies, show that future returns can be predicted by patterns of past returns.

The last 20 years were reported several empirical contradictions of the Capital Asset Pricing Model. In all the cases, which are called anomalies, market beta is insufficient to describe the cross section of expected returns.

 The most prominent is the size effect (or small-firm effect), documented by Basu (1981). He found that market equity on US stocks (market value: a stock’s price times shares outstanding) add to the explanation of the cross-section of average returns provided by market betas. He reports a strong negative relationship between average return and size (market capitalization). Further empirical findings show a positive relation between leverage and average return (Bhandari- 1988).

 Stattman (1980) and Rosenberg, Rein and Lanstein (1985) find that average returns on Us stocks are positively related to the ratio of a firms book value of common equity, BV, to its market value, MV. That strong relationship was detected on the Japanese market as well by Lakonishok (1991). 

Any of these patterns in average stock returns could be captured by classic capm. In other words high average returns of small and value (high b/m ratio) stocks turned out not to have a high tendency with the market as capm implied. To capture these strong and persistent effects Fama and French (1992) proposed the famous 3 factor model. In their model besides the market factor, they included two zero-cost portfolios: a SMB (Small minus Big) portfolio based on the total market capitalization of the firms considered and an HML (High minus Low) portfolio which is based on the book to market value of the stocks. The SMB mimicking portfolio proxies for the size risk factor and the HML proxies for the value risk factor. In their later studies (1993, 1995, 1996), Fama and French show that their 3 factor model performs better that capm and can capture most of the variation of average excess returns, explaining most of the capm anomalies. In a latter study (1998) they provide international evidence by investigating the model in an international context. The results showed that a global 2 factor model (market, Hml factors) could capture global risk better than a global market factor (ICAPM) alone.  

Despite the good performance of their model many studies question their  approach and the interpretation of smb and hml as risk factors. Lakonishok, Shleifer and Vishny (1994) argue that size and value effects are due to mispricing (that comes through investors behaviour) rather than compensation for risk. Daniel and Titman (1997) find that rather the characteristics (MV, B/M) than the covariance structure of the returns explain the cross-section variance of the stock returns. They report that firm’s characteristics explain returns better that factor loadings from the Fama French model. Others, such as Campell (1996) and Ferson, Harvey (1993, 1994, 1999) show that incorporating conditioning information (sensitivities to economic variables) in a traditional capm also increases the ability to explain the returns. In their tests, 3 factor model fails to explain conditional expected returns. On the other hand there are numerous researches confirming the model in individual and international markets. Moreover Liew and Vasalou (2000) argue that Fama French factors predict future economic Growth in several international markets. Further research on this topic show that a domestic 3 factor model on several markets perform better than the international model, so country specific 3 factor models are more useful in describing average returns(Griffin 2002). A similar research in the Euro area shows that the country models outperform the European before the EMU, and the performance is somehow the same after the EMU ( Moerman-2005).

In this paper we extend research on asset pricing models and anomalies in the Euro area. We address the application of asset pricing models in a Pan-European context (EMU-in countries) for a Universe of European stocks. The main assumption on which our research is based is that of European markets integration.  The Euro-area forms a very integrated area by itself. Indeed Hardouvelis, Malliaropoulos and Priestley (1999), using a conditional framework, show that most of the member states of the European monetary Union become fully integrated with each other in 1997. Over the last decades a number of changes in the EMU had had a big influence. Integration process accelerated due to harmonization of monetary and policy rules. Moreover the elimination of the restrictions changed the investment opportunities considerably, especially for institutional investors, witch are the largest investors in the European market. Institutional investors are usually very restricted concerning investments in stock markets. Restrictions exist both in terms of maximum amount invested (in percentages of total assets) and especially in terms of how these investments are allowed to vary over different stock markets. Indeed is very common that investor is restricted to invest the grater part in local-currency denominated markets. During our sample period most of the restrictions has been relieved and the introduction of the common currency opened up the euro market for the institutional investors even more. Consequently the termination of the exchange risk between euro-participating countries spurred the financial integration process among these countries, and reduced home-bias in European investments. The fact that European exchanges trade under unique structures (Euronext) and moreover the presence of a large number of listed securities in each European exchange, from firms headquartered in other European countries, show a high level of financial integration in Emu countries.  So given these changes and facts  we test for the risk factors that drive European stock markets. 

We study the equity markets of the 12 EMU-in countries and apply Pan-European versions of asset pricing models over the period 01/01/1990 until 30/06/2007(204 months). The analysis is repeated for 2 sub periods of 102 months before and after the launch of EMU. In this way we can evaluate the way EMU influenced the results. All portfolios and factors are constructed from a universe of European stocks after controlling for differences in accounting standards. In addition we test for several anomalies such as momentum, reversal, small firm effect and turn of the year (January) effects. Furthermore we test for long-term predictability of European returns.  Finally we apply newly reported portfolio optimization processes-strategies that produce optimal portfolios with huge sharpe Ratios relatively to market proxy and to Fama French benchmark. 

We document strong size, value, reversal and momentum effects on European common stock average returns especially for the Post EMU period. Moreover we confirm that a Pan- European Fama-French 3 Factor model can capture most of the priced risk of all attribute sorted portfolios except Momentum. 

Finally, we confirm that European returns can be predicted by slow moving variables, in a 3 year horizon as long as we successful implemented unconditional mean variance optimization processes, documented on NYSE, to our European data, that produced high levels of performance in terms of ex-ante Sharpe Ratios.

The Rest of the paper is organized as follows: Part 2 contains the analysis of the data and the Pan European Context. In Part 3 we analyze the asset pricing models, the methodology of factor’s and portfolio’s formation and the results. In Part 4 all CAPM anomalies, predictability and new return enhancement strategies are presented. Throughout each part we report the theoretical framework of the models we’ve used, the methodology of portfolios, factors and variables we construct, the empirical results and regression’s most important information. Finally, Part 5 summarizes the main results and concludes. On the Appendix, we report Robustness Analysis.

PART 2:
Pan-European Context:
1. Introduction:

The integration movement in Western Europe is one of the most important political- economic developments of our time.

Its basic objective is the creation of an integrated super-state in which the member states retain some individual economic and political identity. The Western equity markets have responded over the last decades by becoming increasingly homogenous (Beckers, Connor and Curds-1996, Freimann-1998).

Indeed the EMU area form a very integrated area by itself especially after 1996 (Hardouvelis, Malliaropoulos and Priestley-1999).

Throughout our research, we apply tests in a Pan-European context, so we will concentrate on the consequences of the European integration process on the asset pricing.

Besides the harmonization of monetary and policy rules and legislation, that have had a big influence to EMU market’s integration, financial integration process was accelerated through 3 major changes.

Most noticeable is the elimination of exchange risk between the euro-participating countries as of 1st January 1999. The introduction of the single currency and the resulting Monetary Union, spurred the capital market’s integration process and the playing field to European investors changed considerably. 

Strictly connected to the exchange risk elimination is the second important change, that concerns the liberalization of the rules for institutional investors, who consist the largest investors in the European market. Around late 80’s all European pension funds were very restricted in their investments in stock markets. First of all, the percentage of funds in stocks were very restricted and, secondly, most of this money could only be invested in home currency-denoted stocks. During the 90’s decade, all these restrictions were relaxed substantially. Not only are investors allowed to invest more 

in stocks in general, but also to invest more in foreign stocks. Furthermore the introduction of the common currency enlarged the universe of eligible stocks for the pension funds of euro participating countries .

In other words institutional investors have increased their holdings in European stocks as a result of both the common currency and the relaxation of restrictive rules on their foreign equity position. 

The 3rd change is, the huge influence, the developments in the information technology industry, have had on stock markets in general. The availability of computers and the low cost access in the internet, had a big impact. First of all there is less information asymmetry, because information is more easily accessible and quickly available. 

Moreover electronic trading platforms, as Xetra are constructed that trade stocks from all Europe, and at the same time, Primary stock exchanges of Europe exhibit a tendency to integrate- merge through multiple alliances. Amsterdam, Brussels and Luxembourg stock exchanges trade under Euronext, from 1/1/99, by implementing direct access, and allowing dealers to trade stocks on other stock exchanges, besides their home platform. Paris/ Brussells/ Frankfurt/ Amsterdam/ Milan stock exchange’s respective new markets have been collectively called EURO NM, aiming to improve liquidity in this market segment. Lately, Zurich/ Paris/Milan stock exchanges are aiming to encourage cross membership, inter-connection of markets and clearing systems as long as harmonization rules.

In addition researches on the European markets (Moerman 2005) showed that especially after 1999, European factors seem to contribute in county’s returns, as country factors do. 

Considering all that fact, it would be interesting to investigate what factors drive European returns. So we apply Pan-European versions of asset pricing models in the Euro-Area,  that is the 12 EMU –in countries for 204 months, from 1990 to 2007, for a universe of European common stocks. The main assumption of our research is the European market integration. As it is obvious such integration is not likely to occur for the first half of our period. For that reasons the tests are repeated for 2 equal sub-periods (102 months) before and after the launch of EMU at 1/1/1999. So jointly our results are testing the hypothesis of the European market integration.

Our research, though contributes to previous research focusing in the cross section of European returns, in a different way. Especially, we are concentrated to the Fama-French 3 factor model and the debate of the presence of European factors that drive returns in European countries. Griffin (2002), shows that a domestic 3 factor model performes better than an international model for the stock markets of of USA, Canada, U.K. and Japan. Moerman (2005) applying the same methodology shows that country models outperform a European model before the EMU, but the performance of the European model ameliorates after the launch of EMU. At the same time  local industry models outperform the Euro-Area models. Rouwenhorst (1998, 1999) documents, that country effects are still prominent over industry effects, in Europe, until 1998. He finds that both beta and size play an important role but independently from each other. Beta is significant more across countries than within countries, and size vice versa, so he rejects SMB as an international risk factor. Ferson and Harvey (1999), find that EURO as international currency factor outperforms an international HML factor besides global market (similar tests with Fama-French 1998). Size and Value effects are more or less confirmed  in emerging equity markets (Barry, Goldreyer, Lockwood, Rodriguez-2001) , Japan (Chan et.al-2001), Pacific Basin Countries(Chui, Wei-1998), Australia(Faff-2004, Gaunt 2004) and in China (Cao et al.-2005), just to mention some.

Our research contributes to the subject of international/ regional asset pricing models, by applying a Pan-European version of these models. Based on evidence of the highly integration of EURO-area markets and to the prominent role of the common currency (€) in world markets, we apply CAPM and Fama-French 3 factor model to a “single” European market of the 12 EMU-in countries. This approach differs from the common practice as we construct all variables (dependent and independent variables of our tests) independently from country or industry information. So taken as given, country effects, we explore for “true” European factors that drive returns in a Pan-European context. The difference of our approach, relative to a country-value weighted approach, is straightforward: a large/small or a value/growth stock in a small/big country, may not be in a European context, so undetected “European” premiums for risk may exist.

Throughout this part we will describe the main components of the Pan-European context, in which our tests were implemented.

2. The Data: 

The Dataset consists of 4029 individual European common stocks, for all 12 EMU-in countrie’s Primary stock exchanges
. The sample selection and “cleaning” procedure is already presented at paper 1, as part of general recommendations about handling data from Thompson’s Datastream. So, in this part we will only refer to data procedures concerning specifically our research. 

Table 2.1 presents descriptive statistics, concerning the number of stocks per country and per year.

Table 2.1 Number of stocks per Country/ Year
	Country
	1990
	1991
	1992
	1993
	1994
	1995
	1996
	1997
	1998

	Austria
	38
	50
	57
	58
	62
	67
	68
	88
	92

	Belgium
	69
	74
	71
	71
	76
	80
	81
	88
	98

	Luxembourg
	0
	0
	1
	13
	11
	12
	13
	19
	22

	Finland
	31
	38
	41
	41
	42
	59
	62
	78
	91

	France
	374
	450
	462
	472
	472
	484
	487
	589
	647

	Germany
	271
	309
	331
	354
	411
	422
	439
	517
	546

	Greece
	21
	37
	58
	75
	85
	108
	113
	162
	167

	Ireland
	53
	53
	55
	52
	52
	53
	50
	55
	52

	Italy
	168
	178
	185
	188
	181
	178
	179
	189
	191

	Netherlands
	111
	132
	144
	143
	145
	151
	150
	161
	173

	Portugal
	31
	37
	39
	46
	49
	54
	57
	70
	72

	Spain
	90
	101
	105
	114
	119
	121
	122
	131
	137

	Total per year
	1257
	1459
	1549
	1627
	1705
	1789
	1821
	2147
	2288


	Country
	1999
	2000
	2001
	2002
	2003
	2004
	2005
	2006
	Total Country

	Austria
	87
	83
	90
	91
	82
	79
	74
	72
	133

	Belgium
	112
	135
	137
	134
	130
	130
	126
	130
	185

	Luxembourg
	24
	24
	25
	24
	24
	24
	24
	22
	30

	Finland
	106
	118
	123
	127
	123
	117
	115
	115
	167

	France
	717
	755
	817
	816
	783
	746
	724
	720
	1224

	Germany
	600
	697
	757
	756
	698
	679
	666
	674
	934

	Greece
	180
	221
	283
	296
	294
	292
	280
	266
	345

	Ireland
	54
	58
	57
	55
	49
	46
	45
	42
	87

	Italy
	204
	222
	263
	270
	263
	247
	249
	251
	409

	Netherlands
	184
	181
	168
	154
	147
	140
	131
	125
	235

	Portugal
	69
	64
	51
	47
	46
	44
	41
	41
	94

	Spain
	135
	135
	137
	136
	128
	120
	118
	115
	186

	Total per year
	2472
	2693
	2908
	2906
	2767
	2664
	2593
	2573
	4029


As table 2,1 presents, more than half of our 4029 European stocks come from Germany and France alone, while more than 70% comes from the 4 larger European markets: Germany, France, Italy and Netherlands. On contrary Ireland, Luxembourg and Portugal are the countries with the smaller number of stocks. The total number of stocks of the sample may increases or decreases through the years due to new listings, delistings, mergers and takeovers. 

For all 4029 stocks of our sample, we have collected monthly time series of Prices, Return Index, Market Value, Market to Book value and Dividends per share. 

Datastream reports Dividends per share in an annual basis (definition in paper 1- Table 1), so in order to be proper for use in our tests of part 4 we transform them to a monthly basis by dividing with √12 (square root of twelve). 

Moreover, throughout the paper as B/M value we use the inverse of the Market value to book value variable of Thompson’s Datastream. 

The rest of the arrangements refer to the construction of the Pan-European context, in which our tests were performed.

The main components for the construction of the Pan-European context are:

1. Synthetic Euro

2. Synthetic European Risk Free Rate (Synthetic Euribor)

3. European Market Proxy

Each subject will be analyzed separately through subsections 2.1, 2.2, 2.3. 

2.1 Synthetic Euro:
With the launch of EMU at 1/1/1999, Euro, the common currency replaced the 11 national currencies (Greece adopted Euro at 1/1/2001), at the fixed- irrevocably Euro conversion rates.

 Our sample period covers 8,5 years before and after the launch of EMU.  So, data for the pre-EMU period should be translated-converted to a common currency of denomination. It is common practice in asset pricing tests to translate all currencies either to Deutschmark (DEM) or to a, so called, “Synthetic” Euro. Both choices have advantages and disadvantages. Using DEM, implies that research is made from the point of view of a German investor that faces exchange risk when investing in other markets. So although, the choice of DEM would be more realistic, theoretically speaking, in order to be more consistent with our Pan-European models, we choose to translate all variables and returns to “Synthetic” Euro. Synthetic Euro is constructed with a similar way “real” Euro was constructed as a weighted sum of the underlying 12 curencies.

For the computation of the monthly Synthetic exchange rates for each currency we used the following formula
:

[Currency i /Synthetic Euro] t = ∑ i, j =1 12  x i * z i j *[ Currencyi / Currencyj] t   (1)

Where x i is the fixed GDP weight at the end of 1998, for the country i ,  that is the percentage of each country’s GDP to total EMU-in GDP.

z i j is the fixed bilateral exchange rate of currency j  to currency i, at 31st of December 1998 and  i,j = 1 to 12.

To compute the fixed bilateral exchange rates we use the fixed-Irrevocably 6 digid Euro conversion Rates, announced at 31/12/98, which were downloaded from the European Central Bank.

The monthly historical exchange rates, between the introduction of Euro, between the 12 European currencies were downloaded from Eurostat, and the monthly GDP data for the EMU-in countries were downloaded from OECD
 statistics database. In Table 2.2 we present the fixed six digid bilateral rates to euro, and the GDP weights for all 12 countries. 
Using formula (1), we convert all data, expressed in national currencies, to synthetic Euro. In this point, we should, again, refer to Datastream’s practice. DTS converted all historical data, for the active firms at 1st January 1999, to Euro, using the fixed-euro conversion rates. So in order to obtain the Synthetic Euro of these time-series, we multiply first by the fixed rate (of the firm’s country) and then by (1). For the case of Greece, Datastream converted the historical data using the 1/1/99 exchange rate of Greek Drachmas to Euro, which was: 328,849. For the Greek data from 1/1/99 to 31/12/2000, when Greece adopted Euro, DTS uses the exchange rate of Drachma to Euro. So, practically what we need is only the transformation of pre 1/1/99 data by multiply with 328,849 and then by (1).

Table 2.2: Fixed Euro Conversion Rates & GDP Weights
	Country
	GDP Weight
	Fixed Euro
 Conversion Rates
	National Currency

	Austria
	0,029761527
	13,7603
	Austrian Scillings (AS)

	Belgium
	0,040547364
	40,3399
	Belgian Francs (BF)

	Luxembourg
	0,003041264
	40,3399
	Finnish Markkas (FM)

	Finland
	0,019624017
	5,94573
	French Francs (FF)

	France
	0,215821517
	6,55957
	Deutch Mark (DM)

	Germany
	0,299170412
	1,95583
	Greek Drachmas (DR)

	Greece
	0,023690245
	340,75
	Irish Pount (IP)

	Ireland
	0,015994513
	0,787564
	Italian Lire (L)

	Italy
	0,179582043
	1936,27
	Luxembourg Francs (LF)

	Netherlands
	0,061839056
	2,20371
	Dutch Guilders (FL)

	Portugal
	0,018369837
	200,482
	Portuguese Escudo (PE)

	Spain
	0,092558205
	166,386
	Spanish Pesetas (SP)


Finally any conversion is made to B/M value as we use the ratio of Book value of 31st of December to Market value of 31st of December and so, it is unaffected by exchange rates. 

    2.2 Synthetic European Risk Free Rate:
As a proxy of the Riskless rate in our European time-series regressions, we use a so-called “Synthetic” short term interest Rate. The Synthetic Risk free rate is referred to the Pre-EMU period, as, for the Post-EMU period for all 12 countries the common rate is the 3 month EURIBOR. The Synthetic Risk free rate is the (31/12/1998) GDP weighted sum of the short term interest rates of the 12 countries. These weights are the same we used to construct “Synthetic” Euro, and are presented at Table 2,2. As short term interest rate of each country we adopted the recommended by the Organization for Economic Co-operation and Developpment (OECD).

Table 2.3 reports all information about the short term interest rates we used.

On the right column we report definitions provided by OECD. 

Table 2.3: Short Term Interest Rates
	Country
	  Risk Free Rate
	Definitions

	Austria
	3-Month VIBOR Rate
	Vienna Interbank Offered rate 

	Belgium
	3-m Treasury Certificate rate
	Tender Rate on 3-m Treasury Certificates

	Luxembourg
	3-m Treasury Certificate rate
	Tender Rate on 3-m Treasury Certificates

	Finland
	3-month HELIBOR Rate
	Helsinki Intrebank Offered Rate

	France
	3-month PIBOR Rate
	Paris Intrebank Offered Rate

	Germany
	3-month FIBOR Rate
	Frankfurt Intrebank Offered Rate

	Greece
	3-month Treasury Bills
	3-m Treasury bills

	Ireland
	3-m Fixed interbank Rate
	Dublin; refers to average dealing rates based on data supplied by the financial institutions operating the market.

	Italy
	3-m Interbank Deposit Rate
	Averages, weighted by the volume of transactions on the Deposit Interbank Market (MID) of daily average rates.

	Netherlands
	3-m AIBOR Rate 
	Amsterdam Intrebank Offered Rate

	Portugal
	86-96 Day Interbank Rate
	Interbank loans of 86-96 day duration

	Spain
	3-m Interbank Loans
	Average of the 3-m interbank  loan weighted by the value granted.

	EMU-1/1/99
	3-month EURIBOR
	European Interbank Offered Rate


The time series of the sort-term interest rates were downloaded from Thompson’s Datastream, and confirmed through the 12 National Banks databases of the EMU –in countries. Data for the rates were reported on an annualized basis and in percentages, so in order to transform the time series to monthly basis, we first divide with 100 and then we apply:

Rf monthly = (1+ Rf annualized)1/12 – 1                    (2).
Figure 2.1, presents the Synthetic European Risk free rate that we constructed, as long as the Synthetic 3-month Rate provided by TDS. As it is obvious the fit is perfect.
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The Synthetic rate, provided by TDS, is constructed from 1992 and onwards, so that’s the reason the line “jumps” in the figure.

2.3 European Market Proxy:
The, so called, market portfolio is a well differentiated portfolio of assets that proxies for the total wealth market portfolio. 

Following the common trend in asset pricing practice, we define as market portfolios the value and the equally weighted portfolios formed from all the European common stocks of our sample (Table 2.1).  The construction of market indices return time series goes as follows: 

We define nj as the total number of firms in our sample each year, that is j = 1 to 17. Actually nj is the bottom line of table 2.1. So for the monthly return of the value weighted index, for each year, j,we use:

Rm tj  =  ∑i = 1nj [ (MV i / ∑i = 1nj  MV i )* Ri tj  ]                   (3)
where t= 1…12 months of year j. That’s because the market portfolio is reformed on a yearly basis, each June. The weight: MV i / ∑i = 1nj  MV i is the ratio of the market value, of june, j, of stock i, to total market value of all stocks used in our sample the year j. 

For the construction of the equally weighted index we use the same methodology, but weighting each stock equally using in (3) the weight: 1 / nj .
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Figure 2.2 presents the Cumulative returns on Synthetic Euro of all 12 country value weighted market indices and European value weighted market index, which is the bolt yellow line. We should note that all market indices are adjusted in order to have the same standard deviation with the value weighted European Index. That is we adjust, Ri, , where i =1 to 12 Countries, with the following adjustment: 

(Rit )adjusted= [σ(vw RmEurope)/ σ(Ri,)]* (Rit )unadjusted                (4)

Moreover, the figure presents simple Returns and not excess returns, as our purpose is to show the tendency between the proxies to move together especially after July 2001. Typically it shows the value of one synthetic euro invested in each market index at the start of the sample period. The arrows through the figure mark the date of significant events for the integration of European Markets.

Figure 2.3, present the case of the equally weighted index. For this case hold exactly the same adjustments and considerations as figure 2.2. Equally weighted index emphasizes small stocks, as, it weights equal all stocks.

In this figure, the same tendency seems to exist.
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Comparing the 2 figures, it is obvious how the small stock under perform the big stocks in almost each country, until 2002, while from July 2002 and onwards the small stock seem to earn a high premium especially in France and Ireland. 
In Addition Table 2.4 presents the summary statistics between the 12 country’s value weighted market indices. We present analytically statistics only for the value weighted index because it is market proxy we mainly use in our tests. Although, for illustrative purposes, we included, only the European equally weighted market index’s statistics.

      Table 2.3: Summary Statistics for 12 Countries.

            Table reports the means and standard deviation of the returns of the value weighted index 
of each Country and of Europe. 
         Panel 1: Period 1990-2007                                  Panel 2: Pre EMU Period         
	County  Value Weighted Market Proxy
	Mean
	Standart
Deviation

	Austria
	0,00692
	0,05248

	Belgium
	0,008327
	0,044018

	Belgium+Luxembourg
	0,008597
	0,042916

	Finland
	0,010605
	0,100017

	France
	0,007747
	0,049918

	Germany
	0,006684
	0,051888

	Greece
	0,006614
	0,090235

	Ireland
	0,009227
	0,056771

	Italy
	0,005207
	0,065363

	Luxembourg
	0,008436
	0,054688

	Netherlands
	0,009261
	0,050829

	Portugal
	0,006344
	0,052495

	Spain
	0,009538
	0,057935

	Vw Europe
	0,007318
	0,04774

	Ew Europe
	0,009001
	0,03908

	County  Value Weighted Market Proxy
	Mean
	Standart

Deviation

	Austria
	0,000394
	0,065068

	Belgium
	0,012287
	0,04393

	Belgium+Luxembourg
	0,012692
	0,043039

	Finland
	0,010621
	0,101211

	France
	0,00925
	0,052227

	Germany
	0,007645
	0,047687

	Greece
	0,006994
	0,102066

	Ireland
	0,012912
	0,057295

	Italy
	0,005816
	0,078968

	Luxembourg
	0,010622
	0,052678

	Netherlands
	0,014065
	0,045648

	Portugal
	0,007449
	0,060465

	Spain
	0,011646
	0,068087

	Vw Europe
	0,008948
	0,047887

	Ew Europe
	0,006279
	0,03937


         Panel 3: Post EMU Period

	County  Value Weighted Market Proxy
	Mean
	Standart

Deviation

	 Austria
	0,013446
	0,035255

	Belgium
	0,004367
	0,044183

	Belgium+Luxembourg
	0,004502
	0,042823

	Finland
	0,010589
	0,099806

	France
	0,006244
	0,047967

	Germany
	0,005723
	0,056233

	Greece
	0,006234
	0,077641

	Ireland
	0,005543
	0,056565

	Italy
	0,004597
	0,048914

	Luxembourg
	0,00625
	0,057064

	Netherlands
	0,004457
	0,05557

	Portugal
	0,00524
	0,043676

	Spain
	0,00743
	0,046202

	Vw Europe
	0,005688
	0,048009

	Ew Europe
	0,011724
	0,038804


Comparing the Country indexes, we can see that in the Pre EMU Period the poorest performed stock exchange was of Vienna and Athens, while the best performing Dublin and Belgium. For the post EMU period, on contrary, Vienna is one of the best performing. Another interesting remark is that in both periods Athens and Helsinki stock exchanges are by far the best volatile. 
Table 2.4: Correlations of the Market Indices.
	1990-2007
	AUS
	BGL
	FIN
	FR
	GER
	GR
	IR
	ITA
	NETH
	PORT
	SP
	EUR

	Austria
	1
	0,6191
	0,314
	0,572
	0,6117
	0,4428
	0,4505
	0,4593
	0,5481
	0,4437
	0,541
	0,636

	Belgium+Lux.
	0,6191
	1
	0,387
	0,778
	0,755
	0,4988
	0,6448
	0,5917
	0,7694
	0,5859
	0,672
	0,815

	Finland
	0,3144
	0,3868
	1
	0,553
	0,5568
	0,3246
	0,4424
	0,5675
	0,5248
	0,4372
	0,526
	0,642

	France
	0,5718
	0,7781
	0,553
	1
	0,8619
	0,5089
	0,6357
	0,6356
	0,848
	0,6783
	0,768
	0,95

	Germany
	0,6117
	0,755
	0,557
	0,862
	1
	0,4934
	0,5938
	0,6296
	0,8524
	0,6026
	0,733
	0,944

	Greece
	0,4428
	0,4988
	0,325
	0,509
	0,4934
	1
	0,4279
	0,4155
	0,4496
	0,4862
	0,47
	0,552

	Ireland
	0,4505
	0,6448
	0,442
	0,636
	0,5938
	0,4279
	1
	0,4729
	0,6421
	0,4982
	0,662
	0,678

	Italy
	0,4593
	0,5917
	0,568
	0,636
	0,6296
	0,4155
	0,4729
	1
	0,5922
	0,5076
	0,664
	0,752

	Netherlands
	0,5481
	0,7694
	0,525
	0,848
	0,8524
	0,4496
	0,6421
	0,5922
	1
	0,5893
	0,709
	0,899

	Portugal
	0,4437
	0,5859
	0,437
	0,678
	0,6026
	0,4862
	0,4982
	0,5076
	0,5893
	1
	0,644
	0,691

	Spain
	0,5408
	0,672
	0,526
	0,768
	0,733
	0,4697
	0,6618
	0,6642
	0,7085
	0,6441
	1
	0,839

	Europe
	0,6357
	0,8149
	0,642
	0,95
	0,9441
	0,5523
	0,6778
	0,7518
	0,8987
	0,6911
	0,839
	1


In Table 2.4, we present the correlations of the Country Market Portfolios for the period July 1990 to June 2007. The correlation is often used as evidence, not a so reliable though, of the integration among capital markets. Although, the correlation among some countries is relatively low, especially in the case of small, in terms of capitalization, countries like Greece and Finland, the Big European countries exhibit a high level. The correlation between Germany, France, and Netherlands is in all cases higher than 85%, between the first 3 and Italy around 62% and with Belgium 76%. 

This is evidence that, in any case, support our tests and the main Assumption of a Pan-European market, we have adopted. These 5 countries constitute more than 80% of the total EMU capitalization. In our sample France, Netherlands and Germany constitute more of the 70% on average of the total capitalization of our market index.

Thus, the fact that these countries are highly correlated during our sample period straightens the power of our assumptions.

2.4 Accounting Standards Differentials:
The final subject concerning our sample data, is the fact that differences in accounting standards between countries may affect the empirical performance of financial pricing models (Joos, Lang-1994, King and Langli-1998). Differences in accounting Standards may lead to inaccurate stock market valuations especially for Earnings and Book Value when using data from more than one country (Arce and Mora-2001). Moreover there are indications that the 3 Factor model is “accountings-Specific” (Biscarri and Espinosa-2007) and for that reason it favors the local versions, in comparison with regional or international versions, where the data are more homogenous in terms of accounting standards.

Although there is an agreement of mutual recognition, in the European stock markets, of financial statements adapted to the directives, differences among data caused by accounting diversity, could possible exist in our sample. The only variable we use in our tests and it can be affected by such diversity is B/M ratio. Since we use B/M ratio of firms Headquartered in different countries, accounting standards differentials could influenced the rankings of stocks based on this attribute. Moreover the Pan-European approach we adopted could multiply such problems disturbing the properties of the 3 factor model. For that reason to estimate the possible impact of such a problem,
 we adopt the following methodology (Lewellen-1999, Crombez-2000): 

Whenever a B/M ranking occurs in our research, we re-rank all stocks after substracting the mean B/M ratio of their home country. We find that the average rank correlation between the original series and the deviations from the country mean is 0,9301, with a high of 0,99 and a low of 0,8599) indicating that the difference in accounting standards should not have a large impact on the calculation of the B/M portfolios.
Part 3: Pan-European Asset Pricing Models
A. The Capital Asset Pricing Model (CAPM):

Framework: 

The Capital asset pricing model – CAPM- that was introduced independently by Sharpe (1964) and Lintner (1965) marks the birth of asset pricing theory
.

The CAPM proved stunningly successful in a quarter century of empirical work and is still used in a lot of applications such as estimating the cost of capital of firms and evaluating the performance of capital portfolios.

The CAPM builds on the model of portfolio choice developed by Markovich (1959). The main assumption of the model is that the risk averse investors, only care about the mean and standard deviation of their portfolios. Thus, they always choose “mean variance-efficient” portfolios, that is, combinations of assets that lie on the mean variance efficient frontier. In other words choose assets in order to minimize portfolio’s variance, given expected return and vice versa. 

CAPM, adds two key assumptions to Markovitch’s mean-variance model. Firstly that asset prices clear all markets, at time t-1, and investors using all available information, have the same expectations about the joint distributions of asset returns from t-1 to t. Secondly, that there is borrowing and lending at a risk free rate, which is the same for all investors and does not depend on the amount borrowed or lent. Thus, under CAPM’s  concept, risk averse investors choose optimal combinations of mean-variance efficient portfolios and risk free rate. That is known as the celebrated 2 fund separation theorem (Tobin-1958). All investors must hold combinations of market portfolio and risk free asset. Market portfolio is defined as a well-differentiated portfolio that contains optimal combinations of all risky assets and proxies the total wealth market portfolio. 

Under this context the only source of priced risk (risk factor) is beta, that is the sensitivity of the asset’s return to the market’s return. So as long as a risk-free borrowing and lending exists, mean excess return of all assets/portfolios should be propositional to its beta. 
In mathematical form this means that:

E( Ri) – Rf = [ E( Rm) – Rf ] bi  , i= 1,……,N.          (1)

Capm’s equation (1) implies that any apparent premium (relative to market) to each asset’s mean excess return should be proportional to its beta, in other words should be explained by loadings on market factor.

Testing procedure: 

CAPM is tested using a time series OLS regression

(Ri t - Rf t) = ai + βi (Rm t - Rf t) + εit. ,                           (2)
Where ( Rm t - Rf t) is the monthly excess return to the market proxy over monthly Risk free Rate, ai  is the pricing error (Jensen’s alpha) and bi is the asset’s or portfolio’s beta (tendency to move with the market). Under CAPM context the only source of risk is tendency to move with the market, that is market beta. So in order CAPM to capture variation in excess returns, equation (1) must hold. This practically means that the beta estimates of equation (2) should be positively related to mean excess returns. So portfolios with high average returns, during test period, should have high betas too. Moreover in equation 2, the pricing errors should not be reliably different from zero.

 Although CAPM’s equation stands both for individual assets and portfolios, it is common practice in asset-pricing tests to use portfolios for 2 main reasons. Firstly, the estimates of beta for individual assets are imprecise, creating measurement error problems when used to explain average returns. Secondly, the regression residuals have common sources of variation, so positive correlation in the residuals produces downward bias in the usual OLS estimates of the standard errors of the cross-section regressions slopes. So using diversified portfolios leads to improvement in the precision of estimated betas (Blume-1970, Friend and Bloom-1970, Black, Jensen and Scholes-1972). Moreover, portfolios that contain assets, sorted based on characteristics mitigate problems that arise from grouping stocks on portfolios. That is, grouping assets on portfolios, shrinks the range of betas and reduces statistical power. So in order to avoid these problems in our tests of CAPM we used portfolios of European stocks sorted based on size (MV) and B/M value ratios as long as portfolios double sorted on these characteristics. We decided to use these specific characteristics because both are considered to be associated with stock’s average returns. 

We test CAPM in a Pan-European framework in 204 months from July 1990 to June 2007. The tests are also repeated for 2 equal sub periods of 102 months, before and after the launch of EMU. That is sub-period 1, from July 1990 to December 1998, is defined as the pre-EMU period and sub-period 2, from January 1999 to June 2007, as the post-EMU period. Thus, sub-period analysis gives us the opportunity not only to check the robustness of results during different sample periods, but also to evaluate if and how the launch of EMU affects the results. 

CAPM is tested using equation 2. The dependent variables to our regressions consists of the excess return of 10 portfolios sorted by size and 10 portfolios sorted by Book value to market value ratio. We extend more the analysis using different number of portfolios in order to see the robustness of the results as the number of stocks in each portfolio change. The results from forming 5 portfolios sorted on size, 5 on B/M and 20 on size, had the exactly relevant results with the cases we present in this section.

 The independent variable is the excess return of the market portfolio over monthly Synthetic risk free rate. As market total wealth portfolio proxy we use the value and the equally weighted portfolio of all European common stocks of our sample
.
 The methodology for the construction of portfolios goes as follows: Each June of year, t, all stocks are allocated to 10 portfolios, each containing 10% of all stocks, sorted based on their size, and independently to 10 deciles based on their B/M ratio.  Size of stock is defined as its market capitalization, that is, its market value for the June of year, t. Market value is measured as the product of price and the number of shares. B/M value is the inverse of the Market Book value variable provided by TDS. B/M ratio divides the Book value with the Market value of stock. Book value is defined as the Net Tangible assets. Net tangible assets are total assets, excluding intangible assets, less total liabilities, minority interest and preference stock. Practically this is the ordinary shareholder’s equity less tangible assets. We use the B/M ratio of December of t-1, that is, six months before the portfolio formation month, June, in order to ensure that the Book value is known to investors. The reason is that most European firms publish their balance sheets at the end of the year. Finally, each year we exclude all firms with negative B/M value. Portfolios are reformed on an annual basis, each June, and monthly value weighted returns on all portfolios are calculated from July of year, t, to June of year t+1. In all portfolio cases, either in this section or generally throughout the research, portfolio 1 indicates the portfolio with the highest ranked stocks (on any attribute).

Empirical Results : 

The Figures 3.A.1 and 3.A.2, present evaluations of CAPM in the case of 10 portfolios sorted by size for the period July 1990 to June 2007.

 The figures present mean excess return versus beta for the 10 size portfolios, using the value (version 1) and the equally weighted market proxy (version 2) respectively. In other words each point in the figure represents each portfolio’s average excess return against its beta during the sample period. The beta estimates are obtained through using the OLS time series regression of equation (2).
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The blue line in the figures, is the 45o line. CAPM’ s equation, that is equation (1), implies that all points should lie on this line, if CAPM stands, portfolio’s mean excess return should be proportional to its beta. In other words, the direct market premium, that is, CAPM’s predictions by fitting the market proxy and Synthetic risk free rate exactly should fall 45o line. This line is drown relative to capm’s predictions that do not appear to this figure
. Deviations from the blue (colored) line reveal miss pricing by the model.

The black line, show CAPM’s predictions by fitting an OLS cross-sectional regression to the displayed data points, that is a second pass or cross-sectional regression on portfolio’s monthly average returns against its beta. So, its slope shows the relation between average excess return and betas, which must be positive in order for CAPM to hold. At the left-bottom of each figure we estimate the equation and R2, obtained through the cross-sectional regression on monthly average returns, (Ri – Rf ), against betas, (bi):

(Ri – Rf ) =  γi bi +  δi                                      (3)
Its slope is the coefficient of b (γi). On the boxes, below each figure, we present its statistics and significance. The adjusted R2, R2 adjusted for degrees of freedom,actually shows how much of the variation on average excess returns of the portfolios, is explained by the variation on its betas. Thus, in order for CAPM to hold we should expect intercepts not reliably different from zero, in addition with a positive and statistically significant coefficient-slope.

Figure 3.A.1, shows that CAPM does not hold in our sample period. On contrary, the slope of the fitted market premium line, black line, is negative but not statistically significant though. That practically means that there is any statistically significant relation between mean excess return and betas, actually, as R square implies, only 7,2% of the variation to mean excess returns can be explained by its betas. The main reason for that are the small firm portfolios (p10 & p9). As we can see the miss-pricing of CAPM against the smallest size portfolio, p10, which is measured by the absolute distance of the point-p10 from the 45o line (blue line), is very large. In addition small size portfolios earn a very large premium relative to big or medium size portfolios, while having, at the same time, the lowest tendency to move with the market (lowest beta). These two facts, seam to disturb the positive, in general terms, pattern between betas and return that seem to exist if we focus only in the other 8 portfolios (p1 to p8).  

The impact of the small size portfolios is more prominent in figure 3.A.2, using the equally weighted index, which emphasizes small stocks. In this case the negative relation between beta and average excess return is statistically significant, and R square arises to 67,3%.  In any case, the results indicate that CAPM does not hold for the sample period.  Figures 3.A.3 to 3.A.6, present the results for the 2 subperiods of 102 months, already defined as the Pre and Post the launch of EMU, at 1/1/1999, periods
. 
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Figures 3.4.3 and 3.4.4 show the results for the 2 versions of CAPM for the Pre-EMU period. In version 1, using the value-weighted market index, we estimate a positive relation between average returns and betas, which is not statistically significant, though. As we can see, from the figure, CAPM overestimates almost all portfolios
, producing high and significant pricing errors, as all estimations lie in a far distance, below the 45 degrees line. The low adjusted R square can verify a poor performance of CAPM.
In Figure 3.A.4, Version 2, the impact of the small firms is larger, and the relation between beta and return is negative but insignificant. The model produces high pricing errors in the cases of p1, p2 and p10 by fitting exactly the market premium. That is the average return of the equally weighted index is negative during this period, so by equation 1, CAPM, predicts negative average returns for all ten portfolios and the high positive premium of these portfolios cannot be explained and disturb the results. 
The Figures 3.A.5 and 3.A.6 present the results for the Post EMU period.
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During this period we document, a total failure of CAPM. The relation of average returns and betas is negative and statistically significant with multiples time larger adjusted R squares in the cross-sectional regressions. Moreover all CAPM’s predictions produce high and statistically significant pricing errors and low R square adjusted.Comparing the 2 sub-periods it is clear that CAPM performs better in the Pre EMU period. The launch of EMU does not seem to affect, model’s performance. On contrary CAPM’s performance seems to be connected with the firm’s size. Small Firm portfolios have very low betas relative both to their premiums and to the other portfolio’s betas, especially in the Post EMU period. That leads to rejection of CAPM. On the contrary in the Pre EMU such a premium is not detected and CAPM do better.  

In Figures 3.A.7 and 3.A.8, we present the results against CAPM for 10 B/M portfolios for the sample period that is 1990 to 2007. As it is obvious from the figures the 10 B/M portfolios produce a wide variation on average returns but a small range in betas. As we can see in version 1, average monthly returns vary from 0,0082 to -0,003, while the range of betas is from 0,75 to 1. That is even more obvious in version 2 where the range of betas shrinks from 1 to 1,01. On contrary, the results reveal a straightforward connection between B/M and average returns. As it is obvious firms with High B/M ratios (portfolios 1 to 3) have high average monthly premiums and low B/M portfolios (p8 to p10) have low average returns. This is the celebrated “value-effect”. [image: image11.emf]Figures 3.A.7: CAPM- 10 Portfolios B/M

Mean Excess Return vs. beta

Version 1- vw market Index

Period 90-07

p3

p8

p9

p10

p2

p1

CAPM Fit:

E(R-Rf)= 0,0049xb - 0,0011

R2 = 0,0374

-0,004

-0,002

0

0,002

0,004

0,006

0,008

0,01

0 0,5 1 1,5

vw beta

Mean Excess Return

Mean- beta

Fitted Market

Premium

[image: image12.emf]Figures 3.A.8: CAPM- 10 Portfolios B/M

Mean Excess Return vs. beta

Version 2- ew market Index

Period 90-07

p10

p1



CAPM Fit:

E(R-Rf)= 0,0084b - 0,0057

R2 = 0,0258

-0,004

-0,002

0

0,002

0,004

0,006

0,008

0,01

0 0,5 1 1,5

ew beta

Mean Excess Return

Mean-beta

Fitted Market

Premium


	Version 1

CAPM Fit
	
	t (.)
	
	Version 2

CAPM Fit
	
	t (.)

	Coefficient
	0,0049
	0,558

(sign:0,592)
	
	Coefficient
	0,0084
	0,460

(sign:0,658)

	Intercept
	-0,0011
	-0,140

(sign:0,892)
	
	Intercept
	-0,0057
	-0,295

(sign:0,776)

	Adjusted R2
	0,0350
	
	Adjusted R2
	0,0248


Capm produces high pricing errors, overestimating low value portfolios and underestimating high value. The cross sectional regressions shoe that only 3,5% and 2,4%, in version 1 and 2 respectively, of the variation of average monthly excess returns can be explained by betas, thus CAPM fails to price these portfolios.

In Figures 3.A.9 to 3.A.12 we present the results for the 2 sub periods. We’ll concentrate our analysis to versions 1, using the value weighted market proxies, because these cases produce a wider range of betas.

[image: image13.emf]Figures 3.A.9: CAPM- 10 Portfolios B/M

Mean Excess Return vs. beta

Version 1- vw market Index

Pre EMU Period

p10

p1

CAPM Fit:

E(R-Rf)= 0,02b - 0,0175

R2 = 0,7573

-0,006

-0,004

-0,002

0

0,002

0,004

0,006

0 0,5 1 1,5

vw beta

Mean Excess Return

Mean- beta

Fitted Market

Premium

[image: image14.emf]Figures 3.A.10: CAPM- 10 Portfolios B/M

Mean Excess Return vs. beta

Version 2- ew market Index

Pre EMU Period 

p10

p1



CAPM Fit:

E(R-Rf)= 0,0191b - 0,0204

R2 = 0,3424

-0,006

-0,005

-0,004

-0,003

-0,002

-0,001

0

0,001

0,002

0,003

0,004

0,005

0 0,5 1 1,5

ew beta

Mean Excess Return

Mean-beta

Fitted Market

Premium


	Version 1

CAPM Fit
	
	       t (.)
	
	Version 2

CAPM Fit
	
	    t (.)

	Coefficient
	0,02
	4,997

(sign:0,001)
	
	Coefficient
	0,0191
	2,041

(sign:0,076)

	Intercept
	-0,0175
	-4,735

(sign:0,001)
	
	Intercept
	-0,0204
	1,960

(sign:0,086)

	Adjusted R2
	0,727
	
	Adjusted R2
	0,260


For the Pre EMU Period, figure 3.A.9 reveals a high and statistically significant positive relation between beta and average returns, The adjusted R square show that betas can explain more than 70% of the return’s variation. That is not enough, though, for CAPM to stand. As we can see from the cross sectional test (beta vs. return) results on the box, an also high and statistical significant measurement (pricing) error occurs. That, in the figure, is translated to high deviations of CAPM’s predictions relative to actual average returns. So the positive relation is far more flat that CAPM implies in order to generate accurate predictions.

Although the model performs well in capture the High B/M performance, it underestimates by far the low B/M portfolios and generally 5 portfolios, producing high  and statistically significant pricing errors.
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	Version 1

CAPM Fit
	
	t (.)
	
	Version 2

CAPM Fit
	
	t (.)

	Coefficient
	-0,015
	1,814

(sign:0,107)
	
	Coefficient
	-0,0214
	-1,856

(sign:0,101)

	Intercept
	0,0181
	2,560

(sign:0,034)
	
	Intercept
	0,0276
	2,309

(sign:0,050)

	Adjusted R2
	0,203
	
	Adjusted R2
	0,214


In the second sub period, Figures 3.A.11 & 12, it is again apparent that CAPM fails to price the B/M sorted portfolios. The average returns, seem to be connected more with different B/M categories rather than betas. Once again CAPM produces high pricing errors and returns are negatively related to betas. This result is not statistically significant though, and the low R square adjusted indicated that this relation is very week. 

Interpreting the results-Concluding Remarks: 

Based on all empirical results, our tests clearly reject CAPM. In all of the cases the model produces high and statistically significant pricing errors. In addition, the low adjusted R squares estimates, show that the market factor can only capture a small portion of the variance of average monthly excess returns.

In most of the cases, we were unable to detect a statistical significant relation between betas and return, or even when a positive relation occurred, it was way far flatter than CAPM implies.

On the one hand, these findings differ, somehow with previous NYSE findings. 

In NYSE, variation in Size produces a variation in average returns that is positively related to variation in betas (Fama-French-1992, Cochrane 1999-figures 1&2)), while the exact opposite occurs in the case of B/M sorted portfolios (Fama-French, 2004-figure 3).

In our tests we were not able to document these relations. As we already explained, all of our tests resulted to insignificant relation for both cases. On contrary our findings, clearly confirm that both size and B/M characteristics are connected with average returns. 

On the other hand, the negative cross-sectional relationship we document is in line with findings from the German market (Schlag and Wohlschieb-1997,Oertemann-1994, Stehle 1997). Results showed a negative relation to beta and size while at the same time small firms earned high premiums. That is very important if we consider that Germany itself constitute more than 30% of our sample total market capitalization. Positive but too flat, though, relations among beta and average return were reported for France also (Souad Ajili 2006).

Overall, it is obvious that our Pan-European context, probably, does not favor classic-CAPM tests, especially for size-sorted portfolios. In such an aggregate level the differences on size categories are so huge between big and small firms, leading to high betas for high size firms and low beta for small firm portfolios.

Practically, our results, as long as with the most classic CAPM test’s results, lead to rejection of CAPM as an adequate model to price European assets/ portfolios. Market beta does not seem to contribute to European returns, capturing its variations. 

Theoretically, though, that is not the right interpretation of the results. The relation between expected return and market beta, that CAPM implies, is just the minimum variance condition that holds in any efficient portfolio, applied to the market portfolio. Thus tests of CAPM are, jointly, testing whether our market proxy lies in the mean variance efficient frontier. Roll (1977) emphasizes that CAPM has never been tested, in a true basis, and probably will never be. The problem is that the market portfolio at the heart of the model is theoretically and empirically elusive. It is not clear, yet, which assets should be included or excluded from the market portfolio in order to be efficient. So, researches are typically using the same market proxies, the value and equally weighted portfolios of common stocks, that lead to mass rejections of the model in empirical tests. 

Moreover, tests that tried to expand the market proxy in order to include different types of equities- not only common stocks- and bond (Stambaugh-1982) or international assets (Fama-French-1998) have failed to ameliorate CAPM’s performance.

The efficiency of market portfolio is based on many unrealistic assumptions of CAPM as the complete agreement of investors about return distribution’s expectations or unrestricted risk free borrowing and lending. That actually means that the market portfolios are not typically efficient, so CAPM can not stand.

Thus, reevaluating our results, under this concept, it is obvious that  in a pan European level, our market proxies is far to be consider as a mean variance efficient in the sets of size and B/M attribute portfolios, in order to capture the variances of average return that these attribute portfolios produce. On contrary, country factors are more relative efficient against size, so in intra country tests CAPM works better in pricing size portfolios. So this is probably the main reason we were unable to detect that positive relation between size and average returns. 

In any case, dividing between theory and practice, CAPM should be rejected as a practical tool for investors, as it leads to inaccurate estimations. 

Moreover, our tests revealed that the characteristics of size and B/M value, contribute to average returns in a Pan-European level. This relation is stronger in the B/M sorted portfolio’s case. As it is obvious from all figures the high B/M portfolios (p1 to p3) are connected with high monthly premiums while the Low B/M portfolios with low average monthly excess returns. This pattern is stable throughout all periods, and seems to contribute more with average returns, rather than do, betas. That is, in most cases the B/M sorted portfolios don’t produce a wide range of betas, and the most of the variation of average returns is connected with different categories/ levels of B/M. 

In the case of portfolios sorted on size, a more complicated pattern exists. First of all portfolio’s betas seem to be connected with its size. Throughout all periods, the smallest size portfolios (p7 to p10) have low beta and big firms (p1 to p4) have high betas. This relation seems to influence our cross-sectional results of returns against beta. More precise, in the Pre-EMU period, where the big firms earn higher premiums, CAPM works better, while in the post EMU period and especially after 2003, when small firms outperform the big firms, we document a negative relation between beta and return. This relation seems to drive results and to be stable throughout all periods. 

Overall, big and very small firms seem to earn high premiums and medium size firms very low and that has no connection with portfolio’s betas. More stable though is the performance of the “extra small” firms (decile 10) which in all periods earn a high premium.

All these attribute contributions have nothing to do with market beta, that is market factor cannot capture these relations. These relations will be analyzed in the next section, through the Fama-French 3 Factor model context, where CAPM is tested on double sorted portfolios on these characteristics, and these relations can better be illustrated.

B: Fama- French’s 3 Factor Model :
Introduction- Framework: 

Since its introduction in 1964, independently by Sharpe and Lintner, CAPM performed successful over a decade in the early tests on NYSE. Early 70’s cross-sectional tests on beta against average return, documented a positive and significant relation between mean excess returns and betas, but way too flater, than CAPM implied. Through the time-series regression tests, that is translated to statistically significant pricing errors that led to firmly rejections of Sharpe-Lintner’s CAPM. That was due to its unrealistic and simplified assumptions we already reported in the previous section.  A more advanced version of CAPM was proposed by Black (1972). Black tried to unbound CAPM by the unrealistic assumption of unrestricted borrowing and lending on the risk free rate. So, this version of CAPM  imply, that investors obtain the mean variance efficient market portfolio not through combinations with risk free asset but allowing for unrestricted short sales of risky asset. Although, its assumptions were, still, unrealistic, it seemed to perform well.

Starting in the late 70’s, many empirical contradictions challenge all versions of CAPM. Banz (1983) documented a size effect. When portfolios were sorted based on their market capitalization, average returns on small stocks are higher than CAPM predicts. In this case variation in size produces a variation in average returns that is positively related to market betas. Moreover the small firm portfolios earn an unexplained premium relative to CAPM,  that is higher average return than its betas imply. This is the well known small-firm effect.

In addition the variation in average returns on portfolios sorted on ratios, which involve stock prices seemed to be totally unexplained by variation in betas. Basu (1977) show evidence that High E/P ratios are connected with future returns, higher that CAPM can predict. Bhandary (1988) documents that high leverage
 is associated with high returns unexplained relative to CAPM. Finally Statman (1980) and Rosenberg, Reid and Lanstein (1985) documented that stocks with high B/M ratios have higher future average returns, unexplained by its betas. In all those cases it was obvious that prices including price ratios contain information about expected future returns, missed by market betas. That can be easily interpreted. A stock’s price is depended not only on the expected cash flows it will provide but also on the expected returns that discount cash flows back to the present. Thus, generally, the cross section of prices has information about the cross section of expected returns. More precise the variation in B/M ratios produce a variation in average returns that is negatively related to variation in market betas. This was known as the “value effect”. Moreover this effect was very strong, with average return to increase almost monotonically from low to high B/M portfolios. The same pattern was identified to all different types of price ratios (Fama and French-1996). These two effects constitute the value-size puzzle and consist two of the most famous contradictions again CAPM. Actually, small-cap stocks (small size), value stocks (high B/M) are associated with higher future returns relative to large (big size) stocks and growth stocks (low B/M). 
There is a great controversy for the explanation on these effects. On the one hand, the behavioralist’s point of view explains these contradictions as irrational pricing due to investor’s behavior. Under this concept stocks with high B/M, are typically firms that have fallen on bad times. Sorting firms on B/M ratios exposes investor’s overreaction to good and bad times. So investors overextrapolate past performance, resulting in stock prices that are too high for growth firms (so low B/M ratio), and too low for distressed-value (so, high B/M ratio) firms. When the overreaction is corrected the result is the value effect (DeBondt and Thaler-1987, Lakonishok Shleifer and Vishny-1994, and Haugen-1995). 

On the other hand, rationalists interpret these strong effects on stocks average returns as additional sources of risk, relative to the market factor, pointing the need for a multifactor asset pricing model. Under this concept CAPM assumptions are very unrealistic. Actually, investors don’t care only about their portfolios average returns but also on its covariance with state variables such as labor income and future investment opportunities. So CAPM does not capture these important dimensions of risk. 

Under this point of view Fama-French introduced the famous 3 factor model adding 2 additional risk factors besides the market factor.

 Their model builds up on Merton’s ICAPM (Intertemporal CAPM). This model differentiates one of the most important assumptions of classic CAPM. The investors are not concerned only on their end of period’s payoff, but also on the opportunities they’ll have to invest or consume it. So, when they select their portfolios take into account both its expected return and its covariance with state variables as labor income, prices of consumption goods or investment opportunities, forming expectations about them. That implies that ICAP is multifactor efficient. 

Under this concept Fama and French introduced SMB and HML as additional risk factor besides Market. They argue that SMB and HML reflect unidentified state variables that produce undiversifiable risks in returns that are not captured by the market return and are priced separately from market betas. Evidence for this fact is that small stock returns tend to covary more with each other rather than with the returns of large stocks, and value stocks do the same relative to growth stocks. Similar patterns are detected in the covariation of fundamentals like earnings and sales (Fama-French-1995). 

So based on all these evidence, Fama and French (1992,1993,1996) proposed the 3 factor model for the expected returns:

E (Rit ) – Rft= βiΜ  [Ε (Rmt) – Rft ] + Si  Ε (SMBt) +  Hi (HMLt)       (4)

In 3 factor models equation (4), the SMBt (Small minus Big) factor, is measured as the difference between the returns of diversified portfolios of small and big stocks, while the HMLt (High minus Low), is measured as the difference between the returns of diversified portfolios of high and low B/M ratio. The coefficients βi , Si, Hi, are the slopes of the multiple regression of (Rit – Rft ) on (Rmt – Rft ), SMBt  and HMLt respectively.    
Fama-French (1996), documented that the 3 factor model can capture most in the variation on portfolios sorted on size, B/M equity and all others price ratios that caused problems relative to CAPM.  Actually 3 factor model performs better and can explain all effects counted as “anomalies” except of the “momentum effect” (Jegadeesh and Titman-1993). These effects are analysed and tested in the next part of our research.  In a latter study (1998) Fama and French provide international evidence by investigating the model in an international context. The results showed that a global 2 factor model (market, Hml factors) could capture global risk better than a global market factor (International CAPM) alone.  The 3 Factor model was confirmed through a lot of tests in independent and international markets, as a successful asset pricing model and tests revealed that the additional SMB and HML factors contribute in explaining most of the variation of expected returns. 

Testing procedure: 
Fama- French 3 Factor model is tested through the OLS monthly time series regression:

(Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit         (5),

Where the  (Rmt – Rft ) is the monthly excess return to the value weighted market proxy over monthly Synthetic Risk free rate, that is market factor, and  SMB, HML, are the monthly returns of the 2 zero-cost mimicking portfolios that proxy for the size and value risk factors respectively. ai is the pricing error that measures abnormal return relative to the 3 factor model and bi , si, hi are the betas against the 3 factors that is tendency of the dependent variable to move with each of the factors dependent variables. In order 3 factor model to predict average returns, equation (4) should hold. That practically implies that the pricing errors, ai  , in 3 factor model regressions (5), should not be reliable different from zero, and moreover the estimated adjusted R2 of the regression to be high. 

In this section we apply a Pan-European version of Fama-French’s 3 factor model for a universe of European stocks for 204 months from July 1990 to the end of June 2007. 

In our tests we apply the same methodology that Fama-French used to test their model in the NYSE.

Independent variables:

The market factor, (Rmt – Rft ), is the monthly excess return of the value weighted market portfolio, of all European stocks in our sample, over monthly Synthetic Risk Free rate, Synthetic Euribor. The construction of the monthly return to the value weighted European market portfolio, as long as the construction of the Synthetic Risk free have been already analyzed in part 2 of the paper. 

Following Fama-French methodology, the European SMB and HML risk factors are constructed out of a set of six portfolios double sorted based on size and B/M value. For the construction of the six double sorted portfolios we use all European stocks of our sample, that is all stocks that our market proxies include, excluding each year stocks with negative B/M ratios. The methodology goes as follows:

In June of each year, t, all European common stocks of our sample, are ranked based on their size of June t. (market value
). We use the median size to split European stocks into two groups, small and big (S and B).  At the same time (June, t), all European stocks are also ranked based on their B/M value of December t-1. We use B/M ratios of December t-1, that is six months before portfolio formation, June t, in order to insure that these values are known, by certainty, to investors. The reason for that is that the majority of European firms report their balance sheets in the end of the fiscal year, December. The B/M ranked stocks are then allocated to 3 B/M groups Low, Medium and High (L, M and H). The breakpoints for the 3 groups are the following: the Low group contains the bottom 30%, the Medium the middle 40% and the High the top 30% of all B/M ranked stocks. The decision of sorting common stocks into 3 B/M  and 2 size stocks is due to the evidence, provided by Fama-French in 1992, that B/M ratio has a stronger impact on average stock returns relative to size.
We construct 6 portfolios from the intersection of the 2 size and 3 value (B/M) categories (2x3). These portfolios are defined as: S/L, S/M, S/H, B/L, B/M, B/H. For example the S/L portfolio contains stocks that are in the Small (S) size category (small stocks) and also in the Low (L) value category (growth stocks). The 6 portfolios are reformed in an annual basis, each June, and value weighted returns are calculated from 1st of July t to the end of June t+1. We use this set of 6 portfolios to construct the 2 Risk factors. The reason we constructed portfolios using value-weighted returns is that it results to mimicking portfolios that capture the different return behaviors of small and big stocks or high and low B/M stocks, in a way that corresponds to realistic investment opportunities.

The SMB (Small minus Big) portfolio, meant to mimic the risk factor in returns related to size, is the difference, each month, between the simple average of the returns on the three small stock portfolios (S/L, S/M, S/H) and the simple average of the returns on the three big-stock portfolios (B/L, B/M, B/H). Thus, SMB is the difference between the returns on small and big stock portfolios with about the same weighted average book to market equity. This difference should be largely free of the influence of B/M, focusing instead on the different return behaviors of small and big stocks.
The HML (High minus Low) portfolio, meant to mimic the risk factor in returns related to B/M equity is defined similarly. So, HML is the difference, each month, between the simple average of the returns on the 2 High B/M portfolios (S/H, B/H) and the simple average of the returns on the 2 Low B/M portfolios (S/L, B/L). The two components of HML are returns on High and Low B/M with about the same weighted average size. So the differences of returns should be largely free of the size factor in returns, focusing instead on the different return behavior of high and low B/M stocks. In order to insure for the success of this simple procedure, we check the correlation between mimicking returns for the size and B/M factors. The correlation of the SMB and HML during our sample period from July 1990 to June 2007 is only 0,0124. The relative correlation for Fama-French’s NYSE sample was -0,08 from 1963 to 1991. 

In order to distinguish these factors from the more complicated ones we construct in part 4 of our paper, we’ll refer to them as the SMB(2x3) and HML(2x3) as they are constructed out of a set of 6 portfolios from the intersection of 2 and 3 size and value categories. In table 3.B.1 we present Descriptive statistics for the 6 portfolios, constructed from the intersection of 2x3 size and value categories, as long as all three risk factors.

Table 3.B.1: Descriptive Statistics (in Percent %)

 6 portfolios,double sorted on size and B/M, and Risk Factors.
Panel 1-Period: 1990-2007
	Factors
	Mean
	Standard Deviation

	Value Weighted Market Proxy
	0,298
	4,82

	SMB-2x3
	-0,243
	2,62

	HML-2x3
	0,683
	2,51

	 
	 
	 

	Portfolio
	Mean
	Standard Deviation

	B/H
	1,156
	5,35

	B/M
	0,828
	4,76

	B/L
	0,586
	4,98

	S/H
	1,04
	4,16

	S/M
	0,557
	3,97

	S/L
	0,243
	4,43


       Panel 2: Pre EMU Period                            Panel 3: Post EMU Period
	 Pre EMU 
	Mean 
	St. Dev.

	vw market
	0,281
	4,833

	SMB-2x3
	-0,463
	2,596

	HML-2x3
	0,232
	2,31

	B/H
	1,054
	5,733

	B/M
	0,8918
	5,017

	B/L
	0,8803
	4,528

	S/H
	0,6979
	4,582

	S/M
	0,3322
	3,835

	S/L
	0,4077
	3,446

	 Post EMU
	Mean 
	St. Dev.

	vw market
	0,3157
	4,844

	SMB-2x3
	-0,024
	2,645

	HML-2x3
	1,1348
	2,648

	B/H
	1,2594
	4,968

	B/M
	0,7645
	4,527

	B/L
	0,2933
	5,408

	S/H
	1,3834
	3,683

	S/M
	0,7834
	4,118

	S/L
	0,0799
	5,259


Dependent variables:

As dependent variables in 3 factor models time series regressions we use the excess returns in 16 portfolios double sorted on size and B/M value. We use such portfolios because we seek to determine whether the mimicking portfolios SMB and HML capture common factors in stock returns related to these specific attributes. 

The 16 size-B/M portfolios were formed much like the 6 portfolios we used to construct the SMB(2X3) and HML(2X3). The methodology goes as follows:

Each June of year, t, all stocks are sorted based on their size and independently based on their B/M equity. Again, we use the market value of June t for the size sortings and the B/M of December t-1. In this case all sorted stocks are allocated to 4 size quartiles (S, Mb, Ma, B) and 4 B/M quartiles (L, Mb, Ma, H). 

We construct 16 portfolios through the intersection of the 4 size and 4 B/M quartiles. That is S/L, S/Mb, S/Ma, S/H, Mb/L, Mb/Mb, Mb/Ma, Mb/H, Ma/L, Ma/Mb, Ma/Ma, Ma/H, B/L, B/Mb, B/Ma, B/B. The 16 portfolios are reformed in an annual basis, each June, and value weighted monthly returns are calculated from the 1st of July of year t to the end of June of year t+1. We use the excess returns of these portfolios over monthly synthetic risk free rates, as the dependent variables of the 3 factor model time series regressions in equation (2). In Table 3.B.2 we present Descriptive statistics for the 16 portfolios, constructed from the intersection of 4x4 size and value quartiles for the sample period 1990 to 2007 as long as the 2 sub periods , the Pre and the Post EMU period.

Table 3.B.2: Descriptive Statistics (in Percent %)

16 portfolios,double sorted on size and B/M-Panel 1-Period: 1990-2007
	Portfolio
	Mean
	Standart Deviation

	1.S/H
	0,94
	4,002

	2.S/MA
	0,616
	3,867

	3.S/MB
	0,2
	4,284

	4.S/L
	0,187
	3,967

	5.MB/H
	0,534
	4,522

	6.MB/MA
	0,289
	4,097

	7.MB/MB
	-0,082
	4,257

	8.MB/L
	-0,277
	4,755

	9.MA/H
	0,682
	4,658

	10.MA/MA
	0,435
	4,058

	11.MA/MB
	0,101
	4,099

	12.MA/L
	-0,256
	4,844

	13.B/H
	0,769
	5,737

	14.B/MA
	0,522
	4,982

	15.B/MB
	0,393
	4,986

	16.B/L
	0,108
	5,039


	Portfolio
	Mean
	Standart Deviation

	1.S/H
	1,643
	3,88

	2.S/MA
	1,2
	4,04

	3.S/MB
	0,582
	4,83

	4.S/L
	0,292
	4,57

	5.MB/H
	1,049
	3,83

	6.MB/MA
	0,696
	4,01

	7.MB/MB
	0,231
	4,51

	8.MB/L
	-0,3
	5,66

	9.MA/H
	1,186
	3,48

	10.MA/MA
	1,033
	3,38

	11.MA/MB
	0,48
	3,95

	12.MA/L
	-0,16
	5,5

	13.B/H
	1,118
	5,66

	14.B/MA
	0,708
	4,49

	15.B/MB
	0,444
	4,91

	16.B/L
	-0,11
	5,44


           Panel 2: Pre EMU Period                                      Panel 3: Post EMU Period
	Portfolio
	Mean
	Standart Deviation

	1.S/H
	0,238
	4,014

	2.S/MA
	0,033
	3,608

	3.S/MB
	-0,181
	3,642

	4.S/L
	0,082
	3,272

	5.MB/H
	0,02
	5,091

	6.MB/MA
	-0,119
	4,159

	7.MB/MB
	-0,396
	3,99

	8.MB/L
	-0,252
	3,658

	9.MA/H
	0,178
	5,563

	10.MA/MA
	-0,162
	4,575

	11.MA/MB
	-0,277
	4,225

	12.MA/L
	-0,352
	4,116

	13.B/H
	0,419
	5,817

	14.B/MA
	0,335
	5,443

	15.B/MB
	0,341
	5,085

	16.B/L
	0,326
	4,626


We will refer to both tables 3.B.1 and 3.B.2 during next section, empirical results, where their underlying results will be analyzed. 

Empirical Results: 
1. CAPM Tests on Fama-French Portfolios :
In the section A of this part, we tested independently sorted on Size and B/M portfolios against CAPM. Recalling the results, we found, in both cases that the variation on average returns had no significant relation with portfolio’s betas and CAPM could not stand. Moreover, there were identified patterns in the attribute portfolios that drove returns, having almost nothing to do with their betas. In size deciles, the “extra small” firms and the big firms seem to be connected with high returns while the medium firms with very low. The result for the big firms does not seem to be stable through periods though. In the B/M deciles we documented a linearly positive connection between return and B/M category, while at the same time the range of betas was small.

We start our analysis by testing the 16 double sorted on size and B/M portfolios against CAPM. That will gives us the opportunity not only to compare the 2 models (CAPM, 3 Factor Model), but to motivate more clear our results and the joint impact of the size and B/M in European stock returns during our sample period.
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   Panel 1: Cross sectional regressions                   Panel 2: CAPM regressions
	Period 

90-07
CAPM Fit
	Cross Sectional

Regressions
	t (.)

	Coefficient
	-0,0002
	0,757

(sign:0,462)

	Intercept
	0,0033
	-0,028

 (sign: 0,978)

	Adjusted R2
	0,000

	Period 

90-07

	CAPM 

Time series

Regressions

	Average Absolute 

ai
	0,002954

	Average

Adjusted R2
	0,667

	S (e)
	0,024


Figure 3.B.1 presents average excess returns versus market beta from the time series regressions of the 16 double sorted portfolios againt CAPM.
The panels present the results both for the CAPM regressions of equation (2) as long as the cross sectional regression between beta and average returns of equation (3).

The value-size puzzle is even more prominent in this case relative to size or value single-sorted portfolios. The 16 double sorted portfolios produce a wide range of average returns from 0,94 to -0,277 (Table 3.B.2). This variation, though, has nothing to do with market betas. That is obvious from the results of the cross sectional tests: the R square adjusted is 0%, that is betas cannot explain any of the variation to average returns. This is easily interpreted from the figure also. Notice that portfolios that have about the same beta, produce a wide range of average returns. As we should expected CAPM fails to explain the average returns of these portfolios, producing high and statistically significant pricing errors (average absolute pricing error around 0,296%) and a relative low average adjusted R square. This is illustrated also in the figure, almost all points lie at a far distance from the 45o line, the blue line, indicating a poor performance of the model. 

In order to explore the way each attribute affects stock returns we present Figures 3.B.2 and 3.B.3. The points in the figures 3.B.2 and 3.B.3 are exactly the same with figure 3.B.1., and the lines connect portfolios as size- B/m varies within the same B/M- size category respectively. 

Focusing on figure 3.B.2, each line represents a level of B/M value. Each point through the line is different levels of size within the same B/M level. Size’s variation show, that he smallest and biggest size levels earn high premiums, while the 2 medium levels earn lower premiums. More precisely the small portfolio earn a 0,35% premium from the worst performing Mb category, while large portfolios about 0,30%. This result is stable through all the B/M categories and that’s the reason why the lines have the same shape. The slope of the lines, show the relation between variation in size and variation to returns relative to betas. As we should expect from the results in the previous section of this part, the slopes are almost totally flat, except of the Mb value category line that is positive, and no significant relation can be detected.
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In Figure 3.B.3 on contrary, the lines represent different levels of Size. So each line connects different levels of B/M within each size category. 
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The figure presents a very strong value effect in European returns. The average return increases linearly as we move from the lowest to the highest level of B/M.

Moreover this pattern is stable throughout all the size categories. Actually the difference between the highest and the lowest B/M level within each size category is about 0,8% each month, except within the big size category where the premium is around 0,7%. The slopes of the lines are almost vertical indicating that betas can’t explain the variation in returns produced by different levels of B/M value. On contrary as the B/M varies within each size category beta is almost stable.

The figures 3.B.4 to 3.B.6 present the results for the Pre EMU period from 1990 to 1998.
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   Panel 1: Cross sectional regressions                   Panel 2: CAPM regressions
	Pre EMU

90-98
CAPM Fit
	Cross Sectional

Regressions
	t (.)

	Coefficient
	0,0072
	2,459

(sign:0,028)

	Intercept
	-0,0055
	-2,323

 (sign: 0,036)

	Adjusted R2
	0,252

	Pre EMU
90-98
	CAPM 

Time series

Regressions

	Average Absolute 

ai
	0,002466

	Average

Adjusted R2
	0,729

	S (e)
	0,020794


As we can see from both Figure 3.B.4 and the underlying panels 1 and 2, CAPM’S performance is better during the Pre EMU Period. Betas are positively correlated with average returns and moreover the coefficient of the cross- sectional regression is positive and statistically significant. This relation though, is very weak. Only 25% of the variation of average returns is explained by betas. Moreover, CAPM produces statistically significant pricing errors for more than half of the independent variables, that is the 16 size-B/M portfolios. The absolute average pricing error is 0,24%, and it underestimates by far 9 of 16 portfolios. 
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In Figure 3.B.5, changing the size level within each B/M category, we identify the same pattern on average excess returns relative to size. That is the very small firms and the big earn higher premiums than the medium size quartiles. Though, during the Pre EMU period the big 
portfolios (large size) outperform the small ones. In absolute terms the small portfolio premium relative to the medium levels is around 25%, while the big firm premium relative to the medium levels around 43% within each B/M category. 
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So, although the same pattern exists, the premium is smaller for small portfolios and larger for the big portfolios. Again no statistical relation exists between average return on size portfolios and their betas.

In Figure 3.B.6, we see that value effect is also attenuated this period. The premium between high and Low B/M portfolios within each size of category is around 0,25% with the exception of the big size category, which is about 10%. Moreover, in most cases the premium is not linearly increasing as the Low B/M categories do better than Mb levels.

Finally, this period the variation in B/M produces a variation in average returns that is positively related to betas. This relation is though, weak and not significant.


Finally the tables 3.B.7 to 3.B.9 present the results for the Post EMU period from January 1999 to the end of June 2007.
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   Panel 1: Cross sectional regressions                   Panel 2: CAPM regressions
	Post EMU

99-07
CAPM Fit
	Cross Sectional

Regressions
	t (.)

	Coefficient
	-0,018
	2,896

(sign:0,012)

	Intercept
	0,0199
	4,116

 (sign: 0,001)

	Adjusted R2
	0,330

	Post EMU
99-07
	CAPM 

Time series

Regressions

	Average Absolute 

ai
	0,005822

	Average

Adjusted R2
	0,630

	S (e)
	0,02593


In the Post EMU Period the 16 Size-B/M portfolios produce a variation of average rreturns that is negately related to market betas. Moreover in this case the relation is statistically significant but relatively weak as the cross sectional regressions, presented in panel 1, produce high and significant pricing errors. Capm has a very bad performance as indicated, in panel 2, by the high average absolute pricing errors pricing errors, low average adjusted R square and its standard error. 

Similarly with the previous cases we present figures 3.B.8, 3.B.9 in order to test for relations between size and B/M attributes and monthly average portfolio’s returns.
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In Figure 3.B.8, we document a strong small firm effect as in this period the small stocks outperform the big within each B/M category. Actually the large stocks are doing very bad this period so small stocks outperform them by an average 0,40% premium within each B/M category.

In Figure 3.B.9 we document an extremely strong value effect also. It is apparent that as B/M varies within each of the size categories the average return increases completely linearly as we move from the lowest to the highest B/M portfolio. [image: image25.emf]Figure 3.B.9- 16 Fama-French Portfolios
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Within each size category, the highest B/M portfolios outperform the lowest at almost exactly 1,3% per month
. Moreover it is apparent a clear negative relationship between beta and average return of B/M portfolios. 

2. Fama-French’ s 3 Factor Model Regressions:

Fama- French 3 Factor model is tested through the OLS monthly time series regression:

(Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit         (5).

Table 3.B.3 presents analytically the results of the regressions of the monthly excess returns of the 16, double sorted on size and B/M, portfolios, on the market factor (excess return of the value weighted market portfolio) and the SMB & HML factors (mimicking zero-cost portfolios that proxy for size and B/M risk) from 1990 to 2007. Table E.B.3 reports all coefficients as long as their t-statistics, R2 and adjusted R2 (Rsquare adjusted for degrees of freedom). Beside each t-statistic , t (.), in the parenthesis we include its significance. 
Table 3.B.3:

3 Factor model regressions of monthly excess returns 16 portfolios double sorted on Size and B/M Equity.

Period: 07/1990-06/2007, 204 Months.
	
	Book to Market (B/M) quartile

	Size quartiles
	Low   
	Medium B   
	Medium A   
	High
	Low  
	Medium B
	Medium A
	High

	3Factor Model Regressions :    Rit– Rft  = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit

	
	ai
	t (ai )

	Small
	0,00279
	0,001886
	0,00399
	0,0049
	1,64(0,100)
	1,451(0,148)
	3,054(0,005)
	4,429(0,00)

	Medium B
	-0,001
	-0,002
	-0,001
	0,00009
	-0,76(0,44)
	-2,02(0,07)
	-0,767(0,44)
	0,125(0,900)

	Medium A
	-0,0018
	-0,002
	0,000054
	0,0001
	-1,746(0,1)
	-1,923(0,1)
	-0,062(0,95)
	0,119(0,906)

	Big
	0,00074
	0,0001813
	-0,00006
	0,000
	1,12(0,264)
	0,269(0,788)
	-0,072(0,94)
	-0,35(0,73)

	
	bi
	t (bi)

	Small
	0,800                                                  
	0,979
	0,833
	0,894
	19,455(0,0)
	31,05(0,00)
	23,892(0,00)
	35,2(0,000)

	Medium B
	1,111
	1,023
	0,972
	1,038
	42,757(0,0)
	46,453(0,00)
	53,806(0,0)
	57,415(0,0)

	Medium A
	1,125
	0,956
	0,919
	0,975
	40,590(0,0)
	42,865(0,00)
	43,059(0,00)
	35,698(0,0)

	Big
	0,971
	0,978
	0,976
	1,130
	60,515(0,0)
	59,796(0,0)
	44,304(0,00)
	34,422(0,0)

	
	si
	t (si )

	Small
	0,913                                                          
	1,135
	0,882
	0,997
	12,06(0,00)
	19,576(0,00)
	13,424(0,00)
	21,37(0,00)

	Medium B
	1,220
	1,000
	0,861
	0,980
	25,535(0,0)
	24,712(0,00)
	26,557(0,00)
	29,475(0,00)

	Medium A
	0,918
	0,725
	0,695
	0,623
	18,010(0,0)
	17,673(0,00)
	17,713(0,00)
	12,406(0,00)

	Big
	-0,086
	-0,119
	-0,048
	0,234
	-2,931(0,004)
	-3,950(0,00)
	-1,82(0,237)
	3,875(0,00)

	
	hi
	t (hi )

	Small
	-0,160
	-0,006
	0,201
	0,509
	-2,469(0,01)
	-0,128(0,89)
	3,658(0,00)
	12,72(0,00)

	Medium B
	-0,338
	0,151
	0,396
	0,664
	-8,239(0,00)
	4,347(0,00)
	13,904(0,0)
	23,277(0,0)

	Medium A
	-0,246
	0,274
	0,491
	0,775
	-5,636(0,00)
	7,804(0,00)
	14,591(0,0)
	17,996(0,0)

	Big
	-0,405
	0,07861
	0,330
	0,785
	-16,016(0,0)
	3,047(0,003)
	9,489(0,00)
	15,156(0,0)

	
	R2
	Adjusted R2

	Small
	0,900                                            
	0,899
	0,873
	0,843
	0,896
	0,827
	0,871
	0,839

	Medium B
	0,906
	0,916
	0,939
	0,950
	0,904
	0,914
	0,938
	0,949

	Medium A
	0,897
	0,907
	0,913
	0,892
	0,895
	0,905
	0,911
	0,890

	Big
	0,968
	0,966
	0,938
	0,897
	0,968
	0,966
	0,937
	0,895

	Average R2:            0,913
	Average Adjusted  R2:     0,907

	Average Absolute ai:   0,0014
	Average S(e):    0,014


As we can see from the results the Fama-French 3 Factor model does a great job, capturing most of the variation of the average returns of European portfolios. 3 Factor Model’s average R square is above 0,91 and average R square adjusted above 0,90. Moreover, the pricing errors are not reliably different from zero except portfolio S/H. That is all pricing errors are insignificant (at 5% confidence level for S/MA), except for portfolio S/H.   The variation of average returns can be explained by varying loadings (betas) on the SMB and HML factors. Clearly, both mimicking returns for the size and the B/M factors capture shared variation in stock returns that is missed by the market factor.  Comparing the results CAPM produced a more than 2 times larger average absolute pricing error (0,29%) and statistically significant for 10 out of 16 portfolios, while in Fama-French the statistically significant pricing error occurs only in the S/H case. Moreover the R square (adjusted) increased by 50% (from 66% to 91%) and the average Standard error of the estimates is lower by around 1,7 times (0,0024 and 0,0014 for CAPM and 3FM respectively). It is interesting to see how the model succeeds in capturing the variation of portfolios returns through loadings to the additional factors. The slopes (coefficients) on SMB and HML are systematically related to size and B/M. Notice that in every B/M category the slopes of SMB (si ), decrease monotonically from smaller to bigger size quartiles (except of the S/L that has an already low value) . Similarly the HML slopes (hi ), in every size quintile increase monotonically from strong negative values for the Low quartile, to strong positive values in the highest B/M quartile. So returns can be explained as (double sorted) small-value portfolios (small and relative distressed) load more both on SMB and HML and the loadings decrease monotonically as we move to the large-growth portfolio categories.

 A final interesting result, concerns the market slopes. As we already explained, in the CAPM regressions the big firms tended to have high betas, while the small too low. It is obvious from the table that adding, the SMB and HML factors to the regressions, collapses betas towards 1.0. That is low betas tend to rise while high betas to fall. This behavior is due to correlation of the SMB and HML factors with the market. We have already explained that an evidence to the interpretation of SMB and Hml as risk factors was that both small and value stocks had the tendency to move together (small with small, value with value) rather than with others. That implies, as we already confirmed in our sample, a very low correlation among 2 Factors. In our sample correlation was only 0,012. We have not though referred to the correlation of 2 factors with the market, that is -0,45 and -0,035 for SMB and HML respectively. For the NYSE sample of Fama-French the correlations were: -0,08 (SMB-HML), 0,32 and -0,38 (SMB and HML with market)
. The very low correlation of the market with HML relative to the quite high with SMB, shows that the market factor could not capture even a small portion of the variance in average returns associated with B/M.

To illustrate the success of the 3 factor model to capture the risk associated with the 16 size-B/M European portfolios, we present figures 3.B.10 and 3.B.11. The Figures present the 3Factor’s model’s performance against the size and H/B portfolios, that is they plot the Actual versus predicted return as size- B/M varies within B/M- size categories. In both Figures, the vertical axis is the actual average return of the 16 size-B/M portfolios. The horizontal axis is 3factor model predictions. The predictions are obtained through 3 factor model’s equation (4), by fitting all factors premiums exactly. So, the performance of the model is measured as absolute distance of its predictions by the 450 line that equalizes the actual and the predicted, by the 3FF, average excess returns.
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As it is obvious, from both figures, we can see how perfectly the 3 Factor model fits in our European portfolios. The only significant deviations occur only for the S/H portfolio, and the S/Ma which is, though, insignificant at 5% confidence level, where 3 factor model underestimates these portfolios.
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Table 3.B.4 presents the results for sub-periods. We’ll present, though only the descriptive average statistics from these regressions as the implications on factor loadings are the same as the whole period.
Table 3.B.4:

3 Factor model regressions of monthly excess returns 16 portfolios double sorted on Size and B/M Equity.

Subperiods: Pre EMU-Post EMU, 102 months each.
   Panel 1: Pre-EMU Period                                    Panel 2: Post Emu Period
	Pre EMU

90-98
	3 Factor Model

Regressions

	Average Absolute Pricing Error (ai)
	0,0012

	Average R2
	0,922

	Average

Adjusted R2
	0,918

	S (e)
	0,0119

	Post EMU
99-07
	3 Factor Model

Regressions

	Average Absolute
Pricing Error (ai)
	0,00207

	Average R2
	0,895

	Average

Adjusted R2
	0,890

	S (e)
	0,0151


            Panel 3: Pre-EMU period                                     Panel 3: Post-EMU period

         Coefficients-Factor Loadings                              Coefficients-Factor Loadings

	bi
	si
	hi
	Portfolio

	0,861
	1,0197
	0,518
	1.S/H

	0,907
	0,9154
	-0,067
	2.S/MA

	0,953
	1,0885
	-0,166
	3.S/MB

	0,71
	0,656
	-0,224
	4.S/L

	1,068
	1,0777
	0,76
	5.MB/H

	1,017
	0,8862
	0,191
	6.MB/MA

	1,038
	0,955
	-0,016
	7.MB/MB

	1,005
	0,9861
	-0,268
	8.MB/L

	1,103
	0,7259
	0,746
	9.MA/H

	1,055
	0,7698
	0,305
	10.MA/MA

	1,013
	0,6849
	0,101
	11.MA/MB

	1,052
	0,7684
	-0,136
	12.MA/L

	0,95
	-0,009
	0,81
	13.B/H

	1,041
	-0,115
	0,106
	14.B/MA

	0,989
	-0,163
	-0,048
	15.B/MB

	0,992
	-0,024
	-0,361
	16.B/L

	bi
	si
	hi
	Portfolio

	0,92

0,9475

0,52

0,864

0,8554

0,35

1,079

1,192

0,183

0,903

1,128

-0,023

0,97

0,8848

0,543

1,016

0,9283

0,55

1,078

1,076
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As we could expect, at the Pre EMU period, where both size and B/M effects were attenuated, the 3 Factor model works even better. The adjusted average R square raises to 0,918, average standard error of the estimate is decreasing, and the average absolute pricing error is lower. Actually in this period all pricing errors are insignificant at a confidence level 5%, except from the Mb/Mb, Ma/Mb which are insignificant at 2%. As we already documented during this period the premium to small firms is much lower, relative to the next period, while the premium to big firms is very high. 3 Factor model does not seem to face any problem in capturing all premiums. As we could see from panel 3, the linear patterns, on loadings to SMB/HML factors from size-B/M portfolios, are even more stable during this period and the model exhibits an excellent performance.

During the Post-EMU Period, we documented very strong small firm and value effects while, at the same time the premium to Big firms disappears. That reflected in a clear rejection of CAPM. On contrary,the 3 Factor model performs again very well.

 Although the very high premiums of small-relative distressed firms distort the results, average R square is near 90% and the increase to the average absolute pricing errors (from 0,0012 to 0,0020) is associated only with the S/H portfolio, which has the only st. significant pricing error at 5%. (MB/MB, MB/ML is also insignificant only at 2%). As we can see from panel 4, the same patterns on how the 16 portfolios load risk premiums from FF factors, can be verified.
The Figures 3.B.12, 3.B.13 and the figures 3.B.14, 3.B.15   illustrate the results for the Pre-EMU and the Post EMU period respectively. [image: image28.emf]Figure 3.B.12- 16 Fama-French Portfolios
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It is apparent that in both periods the model performs really well, in exception of the slightly underestimates for the S/H portfolio (its pricing error is statistically significant). 

Fama-French (1993), in their sample, report a significant underestimation,also, but concerned growth portfolios.

There exist, though, some “sample specific” reasons that explain this small firm portfolios behavior. As we already explained in paper 1, of our research, in the Pan European sample, we included all firms that met the criteria, even the smallest-ones. So the 10th size-decile contains a lot of firms, consider as “extra small”, which prices are below 1€. For such small firms, an “upward bias” arises concerning their returns, as explained in the paper 1. At the same time, these firms do not trade as often as others, having zero returns throughout their time series. This facts, in addition with the dramatic decrease of the European market from 1999 to 2003 (Post EMU period) can possibly be an explanation of such high unexplained premiums. 

In any case despite the slight significant error, the R square of their regressions is more than 85% (in sub periods, in the whole period is around 84%), so in general the model can capture their variation.

Based on the overall evidence, we confirm the presence of a premium associated with small size and value stocks during our sample period, especially in the Post EMU period. 

Fama and French, based on similar evidence into their NYSE sample from 1947 to 1995, they relate these premiums with financial distress. Financial distress drives down the prices of the typical value stock. Though, the stocks of firms on the verge of bankruptcy have recovered more often than not, which generates the high average returns in this strategy (HML).

In Figures 3.B.16, 3.B.17 and 3.B.18 we present the cumulative returns on market portfolios and HML, SMB strategies (based on FF factors) for the sample period, as long as for the 2 subperiods. The HML and SMB strategies are actually zero-costs portfolio consisting of taking each year
, a long position on high B/M- Small Size portfolio and an equal short position on the low B/M- Big size portfolio.

 In all figures the HML and SMB are adjusted in the following way
:

R(HML)t  = Rft   +   a (HML) t                 (6)

where,     a =  σ(RM T - Rft) / σ(HML), RM T - Rft      is the excess return of the value weighted market proxy, and σ denotes the standard deviation. Thus, firstly we adjust all factors-strategies to have the same standard deviation with the market proxy. Standard deviation measures risk, by this adjustment, cumulative returns can be compared on the same risk basis. Secondly HML and SMB monthly returns are adjusted by adding the monthly synthetic risk free rate. In this way both become returns that can be cumulated rather than zero-cost portfolios yielding profits. For comparison purposes the figures include the equally weighted market proxy as well, which is adjusted, also, in order to have the same level of the value weighted proxy’s risk (standard deviation). 

In all figures, the vertical axis is the log, base 2, of the cumulative return, which can be interpreted as the value of 1€ invested at the beginning of the sample period. So each time, in the figures, a line increases by one unit, the value doubles.
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Figure 3.b.16 shows that HML strategy is associated with gigantic cumulative returns relative to the market portfolios. Precisely,  HML strategy from July 1990 to June 2007, yields around 18,75 and 18,12 than the value and the equally weighted market proxies respectively. At the same time, the SMB strategy underperforms by half the market.

It seems that both SMB and HML factors have no essential correlation with the market. Moreover especially HML tend to move inversely with large market declines or increase. That is apparent especially from July 2000 to January 2003 where the European market decreases dramatically. The opposite, is apparent from July 99 to July 00, where, when the market increases the HML suffers large looses. 

On contrary, SMB seem to be a lot more stable but having also, a tendency to move inversely with the market, not though at periods when market declines or increases.

 Similar patterns are identified in the NYSE sample also (Cochrane 1999-Figure 6).

Based on all figures, we can verify the fact that both small size effects and value effects are attenuated during the Pre-EMU period, from July 1990 to the end of 1998. Actually, during this period, the small firm effects completely disappear. That is apparent on Figure 3.B.17 focusing on the value and equally weighted indexes. The value weighted index during this period yields 2 times the equally weighted, which emphasizes small stocks. We already documented that, during the Pre EMU period, big firms earn very high premiums relative to small and medium. Moreover we saw that a value effect still exists but relatively low. Actually the figure shows that HML yields a 2,29 and 4,5 relative to value and equally weighted indexes while the SMB underperforms the market by 0,58. In addition, focusing on the period after July 97 we can clearly see that SMB decreases while both HML and market increases. That is evidence that during this period much of the, low in relative to other periods, value premium comes from big distressed firms. Another interesting implication is the tendency of the SMB factor to move with the equally weighted index, as both are influenced more by small firms.
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The results from this period are in line with the previus findings. Schwert (2003-table 1), Cochrane (2001), James Montier (investor’s insight 2007) document in NYSE that the small firm premium is almost completely disappear from 1982 to 2002, and value premium is very attenuated during 1994 to 2002. A lot of European researches confirm these results for the 90’s period in Italy (Beltratti and Massimo-2002), Montier shoes that the size effect declined by half a decade after it was publiced-198 and in any case size seem not to be stable through periods. Focusing on the 2 sub-period’s figures 
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we can verify this result. Small firms under perform big firms, during all period from 1990 to 1998, and are not before 2003, that start to earn very high premiums. Though, we do not have a benchmark, for the last 5 years, from NYSE to compare the results. Moreover, in the Post EMU period, we document a huge increasing of the HML also, probably been affected by small firms especially after 2004. Recall, during this period we documented very large premiums for the small distressed stocks.

This period, HML yield cumulative return over 7,67 times the market’s. Moreover the equally weighted index yields 2 times more than the value weighted confirming the rebound of the small stocks the last 5 years. That is also apparent focusing on SMB, as in that period he yields 0,90 times the value weighted index, which is almost double than the previous period’s performance.

Negative Average Excess Returns: 

Looking at all the figures of this part, concerning both CAPM and 3 Factor model, we can notice the presence of negative mean excess returns. In theoretical words that could not stand. Negative excess returns over risk free rate, typically implies that a risky asset yields lower average return than a riskless asset as the Risk free rate. That is clearly inconsistent with asset pricing models and models of capital market equilibrium in general. That is already documented in other European researches, though, in the German stock market (Elsas, El-Shaer, Theissen-2002), as long as in the French (Souad Ajili-2007). That is an inconsistent with the theory and lowers the power of the tests. Though a common explication to this finding is that the portfolios ex-ante average return is indeed positive, but the realization in the sample period is non-positive by chance. 

In our paper, though, this is not the case. This inconsistent is rather technical and comes through the use of the Synthetic Risk free rate, and the general use of the short term interest rates as risk free rates. The “problem” is easy to interpret: the synthetic risk free rate is a value weighted sum of the interest rates of different countries.  At the first years of our sample the synthetic risk free rate is too high for some countries. So in the way we applied our tests using portfolios totally free of country information makes the lowest returns of portfolios with firms from these countries, turn to negative. Moreover short term interest rates, probably, is not the best proxy of risk free. Despite this fact, applying a lower and more appropriate risk free rate, the inconsistency will disappear. At the same time the change of the risk free rate, does not affect the regressions properties and the relative differences between returns of the different categories of portfolios, so the results and implications of our research still holds. On the same time though, is short of evidence that the single European market that our research is based on, is an unrealistic assumption at least for the first years of the sample. The figure, illustrates the problem clearly, the interest rates are too high to count as risk free rates. We estimate that none of the results of our research will change by applying lower rates, probably a long term government bond, the problem could be corrected and the data will remain unaffected. 
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Part 4:

A. Anomalies:

Anomalies are empirical results that seem to be inconsistent with maintained theories of asset-pricing behavior. They indicate either market inefficiency (profits opportunities) or inadequacies in the underlying asset-pricing model.

At a fundamental level, anomalies can only be defined relative to a model of “normal” return behavior. Fama (1970) noted that tests of market efficiency also jointly test a maintained hypothesis about equilibrium expected asset returns. Thus, whenever someone concludes that a finding seems to indicate market inefficiency, it may also be evidence that the underlining asset pricing model is inadequate. Finally it is also important to consider the economic relevance of a presumed anomaly. Jensen (1978) stressed the importance of trading profitability in assessing market efficiency. In particular if an abnormal return behavior is not definitive enough for an efficient trader to make money trading on it, then it is not economically significant. 

Abnormal Return, relatively to an asset pricing model is measured by Jensen’s alpha (1968). Jensen's alpha, ai , is the intercept of the regression  and it measures 
the average difference between the actual excess return of an asset or portfolio and the return predicted by the model. If a model have predictive power then we are expecting very small and statistically insignificant alphas-intercepts (which means that actually alphas is not reliably different from zero), and statistically significant betas. On contrary if an anomaly exists, we expect alphas reliably different from zero. Although it is not the appropriate statistic to evaluate and compare models, R2 is useful in testing model’s performance. R square measures how much of the variance of the dependent variables is explained by the model, more precisely by the factors-independent variables. So, despite the fact that pricing error, alpha, is a more reliable performance measure, we will present adjusted R2 also
.
An interesting issue that arises with anomalies, in the New York stock exchange, is the fact that in most cases the market inefficiencies/anomalies seem to disappear after they’re documented and published. Thus, it is not clear if anomalies/ inefficiencies really existed or just had been a product of sample selection bias. In the first case, if an economically significant anomaly existed, then its publication, attract practitioners who trade, so that profitable transactions vanish. In the latter, there is a possibility that anomaly does not existed and it came, as a by-product of the publication process, through researcher’s behavior. Researchers tend to focus on findings that challenge existing theories, so anomalies can be a result of a “sample selection bias”.  

Although the answer is not yet clear, the key factor is testing the persistence of anomalies in new, independent samples and to other markets.

So, for each anomaly, we present our tests for the European Market for 204 months from July 1990 to June 2007. Each case is tested on 2 sub periods of 102 months before and after the launch of EMU. 
 1.The small-firm effect:
The small firm effect was first documented by Banz (1981) and Reinganum (1981) that showed that small-capitalization firms on the New York Stock Exchange (NYSE) earned higher average returns than is predicted by the classic capital asset pricing model (CAPM) from 1936 to 1975. 

In Table 4.1 we present estimates for the small firm(size) effect for the period 01/07/1990 to 30/06/2007, as long as for 2 sub periods 01/07/1990- 31/12/1998 and 1/1/1999-30/06/2007. 

The methodology is as follows: Each July, t, all stocks are allocated to 10 portfolios based on their market capitalization, that is, their market value. Value weighted monthly returns are calculated for each decile. The measure of the abnormal return, relative to capm, is measured by ai , which is called Jensen’s alpha, from the following model:

(R10t - Rft) = ai + bi (Rmt - Rft) + εit. ,
Where R10t is the return of the small-firm portfolio (decile 10) in month t, Rft is the yield of our Synthetic Risk free Rate
 , and Rmt is the return of the value-weighted market portfolio of European stocks. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to the small-firm portfolio and the return predicted by the model, CAPM. 
Table 4.1

Small firm effect, monthly returns, July 1990-June 2007
(R10t - Rft) = ai + bi (Rmt - Rft) + εit. ,

Where R10t is the return of the small-firm portfolio (decile 10) in month t, Rft is the yield of our Synthetic Risk free Rate, and Rmt is the return of the value-weighted market portfolio of European stocks. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to the small-firm portfolio and the return predicted by the model, CAPM.

	Sample Period
	         ai 
	       t(ai)
	         bi
	        t(bi)
	Adjusted R2

	1990-2007
	0,007039
	3,523

Sign:  0,001
	0,519


	12,506

Sign:  0,000
	0,432

	1990-1998
	0,001607
	0,650

Sign:  0,517
	0,521
	10,113

Sign:  0,000
	0,498

	1999-2007
	0,01247
	4,093

Sign:  0,000
	0,517
	8,147

Sign:  0,000
	0,391


(similar in NYSE: Schwert 2003-table 1)
In Table 4.1 we can see that for the period 90-07 the estimated abnormal return, relative to capm is 0.7% and statistically significant, that shows that small-firm effect exists and capm fails to capture it. The results of the sub-periods analysis show that the effect can only be detected in the post-Emu period, 1999-2007. The Abnormal return is 1.2%. On contrary at the pre-EMU period 1990-1998, t-statistics show that the abnormal return, 0,16%, is not significant, that is, not reliably different from zero and  small firm effect cannot be detected. 
 2. The Turn of the year (January) effect:
Keim (1983) and Reinganum (1983) showed that much of the abnormal return to small firms (relative to CAPM), that has been presented to table 4.1, occurs during January. This anomaly became known as turn of the year effect.

Roll (1983) hypothesized that the higher volatility of small-capitalization stocks caused more of them to experience substantial short-term capital losses that investors might want to realize for income tax purposes before the end of the year. This selling pressure may reduce prices of small-cap stocks in December, leading to a rebound in January as investors repurchase these stocks to reestablish their investment positions.

In table 4.2 we show estimates of the turn of the year effect for the period 01/07/1990 to 30/06/2007, as long as for 2 sub periods 01/07/1990- 31/12/1998 and 1/1/1999-30/06/2007. The regression model is:

(R10t-R1t) = a0 + aj Januaryt + εt .

Each July, t, all stocks are allocated to 10 portfolios based on their size (market capitalization, MV). The dependent variable is the difference in monthly return to the big-firm portfolio (decile 10) and the return to the small firm portfolio (decile 1), (R10t-R1t). The independent variable, Januaryt, is a dummy variable that equals one when the monthly return occurs on January, and zero otherwise. Thus, the coefficient   aj measures the difference between the average monthly return on January and the rest of the year. If small firms earn higher average returns than large firms during January, then we expect aj to be reliable positive, and at the same time a0 not to be reliable different from zero.
Table 4.2

Turn of the year effect, monthly returns, July 1990-June 2007
(R10t-R1t) = a0 + aj Januaryt + εt .    Each year, allocate all stocks to 10 size-sorted portfolios, R10t is the monthly return of the small-firm portfolio (decile 10) and R1t is the monthly return of the large-firm portfolio (decile 1). Januaryt is a dummy variable, so Januaryt = 1 when the monthly return occurs during January, and zero otherwise. The coefficient of January (aj) measures the difference in average return between small and large portfolios during January versus other months in the year.
	Sample Period
	         a0 
	       t(a0)
	         aj
	        t(aj)

	1990-2007
	0,02218
	0,766

Sign:  0,445
	0,03594


	3,584

Sign:  0,000

	1990-1998
	-0,00204
	-0,508

Sign:  0,612
	0,01235
	0,862

Sign:  0,391

	1999-2007
	0,006519
	1,622

Sign:  0,108
	0,05639
	4,167

Sign:  0,000


(similar in Nyse: Schwert 2003-table 2)

As we can see from Table 4.2 the turn-of-the-year (January) effect exists in our sample period. The estimate of the turn of the year coefficient, aj, is around 3.6% per month. The estimate is positive and statistically significant. 

The effect is even stronger for the post-EMU period 99-07, where the estimate is 5.6%.  As we could expect from the size-effect analysis, in the pre-EMU period, where no reliable miss-pricing of small firms was detected, no reliable difference between small and big firm’s monthly returns in January, is detected either.

3. The value effect:

The value-effect, was documented, in the NYSE, by Basu (1977, 1983), around the same time as early size-effects papers. Basu noted that firms with high earnings-to-price (E/P) ratios earn positive abnormal return relative to CAPM. Many subsequent papers have noted that positive abnormal returns seems to accrue to portfolios of stocks with high dividend yields (D/P) or high book to market value (B/M) ratios.

Ball (1978) pointed out that value effect was likely to indicate a fault in the Capm rather than market inefficiency. The reason, was the fact that the characteristics (B/M values) ,that would cause a trader to implement a “value” strategy, adding a firm to his portfolio, would be stable over time and easy to observe. In other words, both turnover and transaction costs as long as information collection costs would be low. Thus if such a strategy offers reliable “abnormal” returns, it would be available to a large number of potential arbitrageurs, at a very low cost. 

In Table 4.3 we present estimates of the value effect for the period 01/07/1990 to 30/06/2007, as long as for 2 sub periods 01/07/1990- 31/12/1998 and 1/1/1999-30/06/2007. 

Each July, t, we allocate all stocks to 5 portfolios based on  B/M ratios of December t-1. Stocks with negative B/M are excluded.

The regression model is:

(R1t - Rft) = ai + bi (Rmt - Rft) + εit. ,

Where R1t is the return of the high B/M portfolio (quintile 1) in month t, Rft is the yield of our Synthetic Risk free Rate , and Rmt is the return of the value-weighted market portfolio of European stocks. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to the high B/M portfolio and the return predicted by CAPM.                              
Table 4.3

Value effect, monthly returns, July 1990-June 2007
(R1t - Rft) = ai + bi (Rmt - Rft) + εit. ,

Where R1t is the return of the high B/M portfolio (quintile 1) in month t, Rft is the yield of our Synthetic Risk free Rate, and Rmt is the return of the value-weighted market portfolio of European stocks. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to the  high B/M portfolio and the return predicted by the model, CAPM.
	Sample Period
	         ai 
	       t(ai)
	         bi
	        t(bi)
	Adjusted R2

	1990-2007
	0,005184
	2,741

Sign:  0,007
	0,974
	24,841

Sign:  0,000
	0,752

	1990-1998
	0,0009945
	0,406

Sign:  0,686
	1,069
	21,007

Sign:  0,000
	0,813

	1999-2007
	0,009407
	3,388

Sign:  0,000
	0,878
	15,284

Sign:  0,000
	0,697


(Similar in NYSE: Schwert 2003-table 1)
The results, presented on Table 4.3, confirm a monthly “value” premium of 0,52%  unexplained by Capm for the period 90-07. As we can see the pricing error, ai is reliably different from zero and statistically significant. Value effect is even stronger in the post-EMU period, with an abnormal premium of 0,94%. Again, as in the small-firm effect’s case, in the pre-EMU sample, any premium can be detected, pricing error is not reliably different from zero, and CAPM explain high B/M portfolio return. Notice that adjusted R square are high, around 81%, much higher that in the other periods.

As we saw, both small-firm and value effects cannot be detected, or are at least attenuated for the pre-EMU period, that is from 1990 to the end of 1998. Schwert, 2003, reports similar tests in NYSE for the period 1993-2002. Actually size effect seems to have completely disappeared, not only this period, but after his first documentation at 1982. Value effect was, also, very attenuated. 

4. Size/Value effects-Models comparison :

The presence of the size and value effects/ anomalies, and the underlining patterns in expected stock returns that they revealed, led Fama and French to propose additional risk factors, through their 3 factor model which we have already presented and analyzed in part 2 of the paper. 

In latter papers, Fama and French (1993,1996), used their 3 factor model in order to explore several of the anomalies that have been identified, in the NYSE in earlier literature, where the test of abnormal returns is based on whether the intercept, ai, in 3 factor model’s regressions equals zero. They found that the abnormal returns from the 3 factor model, in equation: 

(Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit , 

are not reliably different from zero for portfolios sorted by: market capitalization, B/M ratios, dividend yield (D/P), Earnings to price ratios (E/P), cash flow over price (C/P) and the rank on past sales growth rates
. The results showed that the largest deviations from 3 factor model occurred in the case of low B/M stocks (growth stocks), where small-cap stocks have returns that are too low and large-cap stocks have returns that are too high, so in that cases ai > 0 . Another hard case was sales-rank portfolios, but eventually the model captured most of this pattern, largerly because these portfolios tend to behave like distressed stocks and have stronger loadings on HML factor. 

Following, Fama/French’s approach we tested the 3 factor model performance on the size and value effects and compare it with capm predictions.

In Table 4.4.a, we present estimates of the size effect, relative to Fama-French’s 3 factor model, for the same periods that were already tested against Capm. To compare the 2 models, we’ll analyze the results of Table 4.4.a relative to those of  Table 4.1. 

Although small firm portfolio still earns a 0.27% unexplained premium, it is around 61% smaller, though, from the unexplained premium of the CAPM (0.70%) for the period 90-07. Furthermore comparing the adjusted R square of the models, we can see that capm can only capture 43% of the variance of the excess return to small firm portfolio while the 3 factor model captures 89.4%.  

Table 4.4.a

Small firm effect, monthly returns, July 1990-June 2007
(Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit , 

Where R10t is the return of the small-firm portfolio (decile 10) in month t, Rft is the yield of our Synthetic Risk free Rate, and Rmt is the return of the value-weighted market portfolio of European stocks. SMB and HML are the Fama/French factors.The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to the small-firm portfolio and the return predicted by the Fama-French 3 factor model.

	  Sample Period
	Intercept/ 

Coefficients
	        t (.) 
	  Adjusted R2

	1990-2007
	ai
	0,002722
	3,052      (sign: 0,003)
	        0,894

	
	bi
	0,891
	41,214    (sign: 0,000)
	

	
	si
	0,985
	24,763    (sign: 0,000)
	

	
	hi
	0,195
	5,731      (sign: 0,000)
	

	1990-1998
	ai
	0,000333
	0,321      (sign: 0,749)
	        0,910

	
	bi
	0,863
	28,287    (sign: 0,000)
	

	
	si
	0,929
	17,771    (sign: 0,000)
	

	
	hi
	0,06864
	1,400      (sign: 0,165)
	

	1999-2007
	ai
	0.003531
	2,482      (sign: 0,015)
	        0,899

	
	bi
	0,966
	29,022    (sign: 0,000)
	

	
	si
	1,027
	18,478    (sign: 0,000)
	

	
	hi
	0,325
	6,097      (sign: 0,000)
	


Sub-period’s analysis leads to relative results. In sub-period 1, despite the fact that the miss pricing is not reliable from zero for both models, 3 factor model has higher performance in terms of adjusted R square. Again in sub-period 2 the unexplained premium is much lower (around 72% less) and the adjusted R2 much higher.

Table 4.4.b, presents the estimates for the value effect relative to Fama-French’s 3 Factor model. In this case 3 factor model’s performance is way better than in the size’s effect. As we can see, 3 factor model totally explains high value portfolio both in whole sample period as for sub-periods. The intercepts of the regressions are not reliably different from zero in any case and adjusted R squares are very high too. So the 3 factor model can capture most of the variance of value stocks. A comparison between Table 4.4.b and Table 4.3, shows in a straightforward way that 3-factor models performs better from Capm, as we can detect any miss-pricing.                            

                                              Table 4.4.b
             Value effect, monthly returns, July 1990-June 2007
                               (Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit , 5
Where R1t is the return of the high B/M portfolio (decile 1) in month t, Rft is the yield of our Synthetic Risk free Rate, Rmt is the return of the value-weighted market portfolio of European stocks and SMB, HML are the Fama-French factors. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to the high B/M portfolio and the return predicted by the Fama-French 3 factor model.

	  Sample Period
	Intercept/ 
Coefficients
	        t (.) 
	  Adjusted R2

	1990-2007
	ai
	0,0003799
	0,315     (sign: 0,753)
	        0,906

	
	bi
	1,106
	37,764   (sign: 0,000)
	

	
	si
	0,382
	7,103     (sign: 0,000)
	

	
	hi
	0,781
	16,919   (sign: 0,000)
	

	1990-1998
	ai
	0,0001574
	0,104     (sign: 0,918)
	        0,932

	
	bi
	0,966
	21,670   (sign: 0,000)
	

	
	si
	0,199
	2,599     (sign: 0,011)
	

	
	hi
	0,882
	12,308   (sign: 0,000)
	

	1999-2007
	ai
	-0,00113
	-0,585    (sign: 0,560)
	        0,885

	
	bi
	1,208
	26,808   (sign: 0,000)
	

	
	si
	0,496
	6,597     (sign: 0,000)
	

	
	hi
	0,847
	11,741   (sign: 0,000)
	


Finally, an interesting remark can be made on results. Looking at Tables 4.4.a and 4.4.b, and comparing the coefficients of the HML and SMB factors (si and hi) for small-cap stocks and value (high B/M) stocks, we can see how small  stocks have stronger loadings to the size factor (SMB), and value stocks (or distressed stocks) to the value factor (HML), so both can be captured by the model.
5. Reversal/ Momentum effects: 

Reversal and Momentum effects are presented together in the same section, because actually they consist of the exact opposite effect, in different horizons
. 
Reversal effect was documented by DeBondt and Thaler (1985). They found that  past losers, stocks with low continuously compounded returns in the past 3 to 5 years tend to have higher average future returns than past winners, stocks with high continuously compounded return in the past 3 to 5 years, which tend to have low average future returns. In other word this anomaly claims that past long-term winners tend to be future losers and past long-term losers tend to be future winners. This “contrarian” effect was called Reversal.

In contrast, Jegadeesh and Titman (1993) and Asness (1994), found that recent (short term) past winners, stocks with high continuously compounded return during the last year, outperform recent past losers. In other words, stocks that had high continuously compounded returns during the last year, winners, tend to be future winners, and short-term past losers tend to be future losers. This “continuation” effect was called Momentum.

Both of the effects, were considered as anomalies against CAPM, producing high premiums, abnormal returns, unexplained by the model. 

Fama and French (1996) tested the performance of their model against these effects in the NYSE for the period 1931 to 1993. On the one hand, based on reversal effect, they found no estimates of abnormal returns reliably different from zero. The fact that 3 factor model could explain reversal, was attributed to the fact that long term past losers tend to move with small- distressed stocks and load positively on the SMB and HML factors, so, the underlining, high average returns were predicted by the model. On contrary, long term losers tend to move with strong/growth firms (low B/M), loading negatively to hml and so are captured by the model that predicts lower average returns.

On the other hand, 3 factor model failed to capture momentum effect, and the underlining pattern that connect average future return to short term past returns. The estimates of abnormal returns were strongly positive, especially for short- term winners.

Cochrane (1999), based on Fama-French’s results, documents average monthly returns on strategies based on the two effects. He shows that a reversal strategy, that is  to buy long-term losers and sell (short) long term winners, would have raised a 1.61% for the period 1931 to 1963,and a 0.74% for 1963 to 1993. Thus, reversal effect was strong in both periods. Following the exactly opposite strategy based on Momentum, buying short-term winners and selling (shorting) short-term losers, would have raised a 0.38% and a 1.31% accordingly. Thus momentum does not seemed to be stable on all periods.

Through each of the following sub-sections, we analyze these effects in a Pan-European context based on our sample data from 1/7/1990 until 30/6/2007. In our analysis, testing period will be somehow different for the two effects. Reversal is tested for the period 1/7/1995 to 30/6/2007 (144 months), and Momentum for 1/7/1991 to 30/6/2007 (192 months). Sub-period analysis consists of 2 symmetrical periods of 72 months for reversal and 96 months for Momentum. First of all, we will analyze the performance of portfolios formed on past returns and then we will estimate Reversal and Momentum strategies in the European market. Secondly we will test the performance of the European models against momentum and Reversal, following Fama- French methodology, so that we can compare the results  (Similar in NYSE: Fama-French 1996-tables 6,7) 

5.1 Reversal effect:

Reversal effect is tested on a sample period of 144 months from 1/7/1995 to 30/6/2007. Sub-period 1 is from 1/7/1995 to 30/6/2001 and sub-period 2 is from 1/7/2001 to 30/6/2007. Again we will refer to sub-period 1 as the pre-EMU period and sub-period 2 as the post-EMU period.
Table 4.5.1.a

Average Monthly Excess Return (in Percent) on Equally-Weighted European Reversal Portfolios, Formed on continuously compounded Past Returns.
At the beginning of each month t, all European stocks with available returns for months t-60 to     t-13 are allocated to 10 Deciles (portfolios with the same number of stocks) based on their continuously compounded returns between t-60 and t-13. Decile 1 contains the stocks with the highest continuously compounded (long-term) past returns. Portfolios are reformed monthly, and  equally weighted simple returns in excess of the monthly Synthetic Risk Free Rate are calculated for the period 1/7/1990 to 30/6/2007. The table shows the averages excess monthly returns of the 10 Reversal portfolios (in percent) for the whole period, as long as for two sub-periods.
	Period
	  Portfolio 
 Formation

   Months
	Average Excess Monthly Returns (In percent)

	
	
	1

High
	2
	3
	4
	5
	6
	7
	8
	9
	10

Low

	July95-       June07
	60-13
	0,51
	0,57
	0,76
	0,93
	0,98
	0,89
	0,84
	0,98
	1,40
	1.65

	July95-         June01     
	60-13
	0,39
	0,42
	0,81
	0,93
	0,86
	0,87
	0,67
	0,98
	0,85
	1,24

	July01-              June07
	60-13
	0,62
	0,72
	0,72
	0,92
	1,1
	0,91
	1,01
	1,95
	1,95
	2,05


(Similar for NYSE: Fama-French 1996-Table 6)

Table 4.5.1.a presents average monthly excess returns (in percent) on 10 equally-weighted European stocks deciles (portfolios) formed monthly based on continuously compounded long-term past returns (60 to 13 months). The methodology goes as follows: At the beginning of each month t, all European stocks with return data for 4 years, from t-60 to t-13 months (in other words stock that existed for the last 5 years and their return data are available from 5 years ago to 1year,1 month ago prior to portfolio formation month, t.) are allocated to 10 deciles (10 portfolios with the same number of stocks) based on their continuously compounded returns between t-60 and t-13. 

For example for the first month (t=1) 1/7/1995, we compute the continuously compounded return from 1/7/1990 to 31/5/1994 for all stocks that existed in that period and have available return data. In the same way, for the second month (t=2) we compute continuously compounded returns of all stocks from 1/8/1990 to 30/6/94. The procedure continues exactly the same for the rest 142 months of the sample (that is from t=3 to t=144).
Continuously compounded return for every stock for months t-60 to t-13 is computed as follows: 

(Εquation 5.1.1)     Ri continuoust-60 to t-13 = [ Productt=1144 (1+ Ri)t ] – 1.

Each month all stocks are ranked based on their continuously compounded return obtain from equation 5.1.1 from high to bottom. After the rankings, we split all stocks to 10 deciles (portfolios with equal number of stock each), so that Decile 1 contains the stocks with highest past continuously compounded return and Decile 10, those with the lowest. The portfolios are reformed every month. The monthly excess return of each of 10 portfolios is the equally weighted sum of the monthly returns of its stocks, minus the monthly Synthetic Risk Free rate
.      
The results on Table 4.5.1.a confirm a very strong reversal effect on a Pan-European Context both in the whole sample period and for sub-periods.

It is obvious that average monthly excess return ( in %) increases, almost linearly as we move from portfolios with high long-term past returns to portfolios with low past returns. As we can see, average monthly excess return on long term past winners (deciles 1 and 2) is only 0.51% (highest portfolio 1) and 0.57% ( the second best past performing port. 2), while the average monthly excess return of long-term past losers is 1.45% (portfolio 9) and 1.65% (portfolio 10). Looking at sub-periods, in the pre-EMU period reversal effect is strong also with long-term past losers earning a 1.24% and winners 0.39%. Finally in the post-EMU period the effect is a lot more stronger relative to other periods with past losers earning 2.05% and past winners earning a 0.62%. 

In Table 4.5.1.b, are presented the monthly average premiums associated with the Reversal Strategy. A Reversal strategy implies that every month an investor take a long position on long-term past Losers and a short position on long-term past winners. That is, from the 10 portfolios formed based on long term past (60-13 months to portfolio formation) continuously compounded returns, an investor each month buys the worst past performing portfolio 10 and shorts the best past performing portfolio 1. 

Table 4.5.1.b
Average Monthly Excess Return (in Percent)

Reversal Strategy
A Reversal strategy is a zero-cost portfolio that consists of taking a long position on long-term past Losers and an equal short position on long-term past winners. That is each month buy the portfolio 10 and sell portfolio 1. Portfolios 1 and 10 are already analyzed  in previous table.

	                                                  Reversal  Strategy

	                Period
	Portfolio Formation                     Months
	Average monthly excess return (%)

	July95- June07
	                60-12
	1,14

	July95- June01
	                60-12
	0,85

	July01- June07
	                60-12
	1,43


(Similar for NYSE: Cochrane 1999-Table 2)

Such Strategy leads to high premiums especially for the post-EMU period that reversal strategy yields 1,43% monthly average excess return and the whole period, also, yielding 1,14%. Just for comparison purposes, we report that holding the value-weighted and equally-weighted market proxies, in the whole sample period yields 0,66% and 0,64% respectively. 

To illustrate the profits of a reversal strategy, in figure 4.5.1 we present the cumulative returns on 2 European market factors, the value-weighted and the equally weighted market proxies (vw Rm t - Rf t and ew Rm t - Rf t ) versus cumulative return on reversal strategy.. Actually the reversal strategy is a zero-cost portfolio, consisting of taking each month a short position in long-term losers and a long position in short term winners. So, for the 10 deciles we form each month, that is (R 10 – R1) t . In order, reversal strategy to be a return that can be cumulated rather 
      [image: image35.emf]Figure 4.5.1 Cumulative return (log;base 2)
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than a zero-cost portfolio that yield profits, it is adjusted as follows:

R f t + (a) (R 10 – R1) t ,

where R f t is the Synthetic risk free rate and (a) is an adjustment for standard deviation. (a) = σ (vw Rm t) / σ (R 10 – R1)
. Similar adjustment is made for equally weighted market proxy, as well. This adjustment equalizes the standard deviations of strategies, so we can compare their cumulative returns on the same basis of risk. The Vertical axis, in the figure 4.5.1, is the log base 2 of the cumulative return. Cumulative return is typically the value of 1 euro invested at the beginning of the sample period. Thus each time a line increases by 1 unit, the value doubles.

Figure 4.5.1 shows at a straightforward way how profitable a reversal strategy would be relative to hold the market during our sample period. Although at the first 5 years, reversal underperforms the market, by the middle of 99 to late 02, it is strictly increasing compared to European market that decrease dramatically. 

Overall, based on the figure, following a reversal strategy corresponds to cumulative returns around 23-1.5=2.72 and 23-1.20=3.5 times more the returns of holding the equally and the value weighted market proxy respectively.
Another interesting fact is that focusing on the years 95 to 99 and 03 to the end of period, reversal strategy has a more tendency to move with the equally-weighted market proxy. The equally weighted market proxy, relative to the value-weighted, emphasizes small stocks. Thus the above tendency may be evidence of the fact that reversal tends to move with the small-distressed stocks.

Models Performance against Reversal effect:

In Tables 4.5.1.c. and 4.5.1.d. we present the results of testing reversal effect against Capm and 3 Factor model respectively for the period july 1995 to June 2007. For the CAPM we present only the intercepts, t-statistics and r square adjusted. On contrary on 3 factor model’s table all coefficients against factors are presented because interesting inferences can be made upon them. 

Table 4.5.1.c.

CAPM Regressions for Monthly Excess Return  on Ten Equally Weighted Reversal Portfolios,

Period: July 1995-June 2007.
(Ri t - Rf t) = ai + bi (Rm t - Rf t) + εit. ,

Where Ri t is the return of each equally weighted reversal portfolios in month t, Rft is the yield of our Synthetic Risk free Rate, and Rmt is the return of the equally-weighted market portfolio of European stocks. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to reversal  portfolio and the return predicted by the model, CAPM.
	Period:

July 95- June 07
	Portfolio

	
	1

High
	2
	3
	4
	5
	6
	7
	8
	9
	10

Low

	ai
	-0,006
	-0,002
	0,0006
	0,0026
	0,0029
	0,0022
	0,0018
	0,0024
	0,00547
	0,0071

	t (ai)

(sign)
	-2,280

(0,0051)
	-1,772

(0,079)
	0,502

(0,616)
	1,925

(0,056)
	2,633

(0,000)
	1,951

(0,053)
	1.666

(0,098)
	1,798

(0,074)
	1,516

(0,132)
	3.099

(0,002)

	Adjusted R2
	0,762
	0,854
	0,796
	0,730
	0,816
	0,799
	0,798
	0,783
	0,393
	0,664


Tables, 4.5.1.c. and 4.5.1.d, in fact show that 3 factor model can capture reversal effect and at the same time CAPM’s performance is not as bad as in other anomalies. Comparing the estimates of abnormal returns of portfolios 1 and 10 it is obvious that miss-pricing is at least half  lower to the 3 factor model case relative to capm’s. Moreover the t-statistics show that in capm tests, the miss-pricing of these portfolios is statistically significant, while, at 3 factor model’s it is not, at least for a 5% confidence level. In the 3 factor model’s case the average absolute  pricing error is 0,0017272 and the average Adjusted R2 is 0,824 while in the capm’s are 0,003317 and 0,739 respectively. 
This is evidence that 3 factor model outperforms capm and moreover, by looking at t(ai) in table 4.5.1.c, that it can capture most of the variation of average returns produced by reversal portfolios. 
                                                    Table 4.5.1.d.

3 Factor Model Regressions for Monthly Excess Return  

on Ten Equally Weighted Reversal Portfolios, 

Period July 95 to June 07.
(Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit ,
Where Ri t is the return of each equally weighted reversal portfolios in month t, Rft is the yield of our Synthetic Risk free Rate, and Rmt is the return of the equally-weighted market portfolio of European stocks and HML, SMB the Fama-French factors.. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to reversal  portfolio and the return predicted by the 3 factor model for the period July95 to June 07.

	portfolio
	Ad.      R2
	ai
	bi
	si
	hi
	t(ai)
(sign)
	t(bi)
	t (si )
	t(hi)

	1
	0,791
	-0,00368
	1,123
	-0,168
	-0,26
	-1,732
(0,090)
	22,009
	-2,425
	-3,439

	2
	0,898
	-0,00264
	0,784
	-0,243
	0,05347
	-1,709
(0,090)
	33,452
	-7,622
	1,536

	3
	0,856
	-0,000836
	0,718
	-0,242
	0,133
	-0,762
(0,447)
	27,247
	-6,763
	3,403

	4
	0,752
	0,001106
	0,691
	-0,0576
	0,162
	0,78
(0,437)
	20,278
	-1,244
	3,201

	5
	0,867
	0,0006439
	0,712
	-0,107
	0,236
	0,635
(0,526)
	29,251
	-3,237
	6,53

	6
	0,852
	-0,000037
	0,693
	-0,113
	0,234
	-0,035
(0,972)
	27,414
	-3,291
	6,23

	7
	0,853
	-0,00047
	0,682
	-0,0861
	0,244
	-0,456
(0,649)
	27,541
	-2,56
	6,643

	8
	0,842
	-0,000488
	0,783
	-0,0074
	0,311
	-0,398
(0,691)
	26,596
	-0,185
	7,109

	9
	0,792
	0,003112
	0,897
	0,01807
	0,256
	0,817
(0,415)
	29,802
	0,145
	2,881

	10
	0,732
	0,004259
	1,009
	0,285
	0,331
	1,944
(0,060)
	19,167
	3,991
	4,238


(Similar for NYSE: Fama-French 1996-Table 7)

It is interesting also to see the reason why, 3 factor model succeeds. As Fama/French claimed, we can see how long-term past losers tend to move with the small relative distressed stocks by loading positively both on 2 Fama-French factors. The fact that in our case there is a small pricing error, not statistically significant for 5% though, lies in the small-size issue which already been discussed in part 3 of our research. Furthermore we can see how portfolio 1, long-term winners actually behave like strong-growth stocks (low B/M) and load negatively on HML factor.

Another way to illustrate the difference in the performance of the models is by plotting  actual mean excess returns versus predicted mean excess returns of the models as in figure 4.5.1. b
. The relative performance of models is measured in terms of how much the actual versus predicted returns (each point in the diagram)n lies across the 45o line. As it is clearly obvious Fama-French on average produce accurate predictions.

[image: image36.emf]Figure 4.5.1b Reversal predictions

0

0,002

0,004

0,006

0,008

0,01

0,012

0,014

0,016

0,018

0 0,005 0,01 0,015 0,02

Average excess predicted

actual mean exess return, E(Ri - R

f

)

CAPM predictions

 Fama-French 3 factor model

predictions



Finally ,for the sub-periods analysis, we’ll concentrate on the post-EMU period, because in that period the effect is very strong relative to post period. So it is interesting to see how the models perform. We are not going to present tables though, while results and implications are quite similar. At the post-EMU period from July 2001 to June 2007, the absolute average pricing error of the 3 factor model, is 0,002814 and the average adjusted R square is 0,832. Although the pricing errors are higher, they are not statistically significant at all (except of the case of the 10 portfolios where again is statistically significant for 5% confidence level).As for CAPM 0,780 and 0,003956 are the estimates of the average adjusted R square and the average pricing errors respectively. Moreover pricing errors are significant especially for past losers and winners (portfolios 9, 10 and 1, 2 respectively). As we could expect the stronger effect of this period leads to a worse performance of Capm, and to a better performance of 3 factor model. That could be explained in line with Fama /French’s results that the past winner’s returns, which are more accurately predicted by 3 factor model in the second sub-period, show a tendency to move even more with strong/growth stocks. That is the hml factor coefficient of portfolios 1 and 2, is more negative in portfolio 1 and turns to negative in portfolio 2 relative to the whole’s period coefficients presented in table 4.5.1.c.

Thus 3 factor model predictions are lower (because hml factor implies a strong positive premium), and closer to reality (actual returns).

Finnaly, for the pre-EMU period, results are relatively stable. Capm’s adjusted R2 is 0,742 and average absolute pricing error 0,002423, which is lower than other periods but one’s again cannot explain (pricing errors are significant) reversal portfolios 1 and 10( past winners and loosers) , even though the effect is not so strong during this period .On the other hand 3 factor model works fine. All intercepts are not reliably different from zeros for all ten portfolios and the average adjusted R square is 0,850.

5.2 Momentum effect:

Momentum effect is tested in a Pan-European context on a sample period of 192 months, from 1st July of 1991 to 30 June 2007. In this case the Pre-EMU period is define from July 1991 to June 1999 (96 months), and the Post-EMU period from July 1999 to June 2007 (96 months). 

Table 4.5.2.a
Average Monthly Excess Return (in Percent) on Equally-Weighted European Momentum Portfolios, Formed on continuously compounded Past Returns.
At the beginning of each month t, all European stocks with available returns for months t-12 to     t-2 are allocated to 10 Deciles (portfolios with the same number of stocks) based on their continuously compounded returns between t-12 and t-2. Decile 1 contains the stocks with the highest continuously compounded (long-term) past returns. Portfolios are reformed monthly and  equally weighted simple returns in excess of the monthly Synthetic Risk Free Rate are calculated for the period 1/7/1990 to 30/6/2007. The table shows averages of these excess monthly returns (in percent) for the whole period, as long as for two sub-periods.
	Period
	Portfolio

Formation

Months
	Average Excess Monthly Returns (In percent)

	
	
	1

High
	2
	3
	4
	5
	6
	7
	8
	9
	10

Low

	July91-       June07
	12-2
	1,77
	1,22
	0,85
	0,75
	0,53
	0,53
	0,24
	0,21
	0,06
	0,14

	July91-         June99     
	12-2
	1,76
	1,18
	0,55
	0,39
	0,09
	0,28
	0,03
	-0,12
	-0,18
	-0,06

	July99-              June07
	12-2
	1,77
	1,26
	1,16
	1,10
	0,96
	0,79
	0,44
	0,53
	0,31
	0,35


(Similar for NYSE: Fama-French 1996-Table 6)

Table 4.5.2.a presents average monthly excess returns (in percent) on 10 equally-weighted European stocks deciles (portfolios) formed monthly based on continuously compounded short-term past returns (12 to 2 months). The methodology is exactly the same with the construction of Reversal portfolios, except of the fact that we are based on stock’s short term continuously compounded returns, that is  12 to 2 months  prior to portfolio formation. So now portfolio 10 contains short-term past losers and portfolio 1 short term past winners. The portfolios are reformed every month. The monthly excess return of each of 10 portfolios is the equally weighted sum of the monthly returns of its stocks, minus the monthly Synthetic Risk Free rate.

The results on Table 4.5.2.a, show a strong Momentum effect on European returns. As in reversal portfolios we can see an almost  linear pattern, as average excess return(%) increases as we move from portfolio 10 and 9 (short-term losers) to portfolio 1 and 2 (short term winners). It is obvious that short term past losers (portfolio 10) have a monthly average excess return on 0.14%, while short term winners yield a 1,77 % for period 1991 to 2007. Rouwenhorst (1998), also reports strong momentum effects not only in the 12 EMU-in countries but to 15 European stock markets.

Table 4.5.2.b
Average Monthly Excess Return (in Percent)

Momentum Strategy
A Momentum strategy is a zero-cost portfolio that consists of taking a long position on short-term past Winners and an equal short position short-term past Losers. That is each month buy the portfolio 1 and sell portfolio 10. Portfolios 1 and 10 are already analyzed in previous table.

	                                                 Momentum  Strategy

	                Period
	Portfolio Formation                     Months
	Average monthly excess return (%)

	July91-June07
	12-2
	1,62

	July91-June99
	12-2
	1,82

	July99-June07
	12-2
	1,41


(Similar for NYSE: Cochrane 1999-table 2)

In Table 4.5.1.b, we present the monthly average premiums associated with the Momentum Strategy. A Momentum strategy is a zero cost portfolio consisting of a long position in portfolio 1 and a short position in portfolio 10. That is, from the 10 portfolios formed based on short term past (12-2 months to portfolio formation) continuously compounded returns, an investor each month buys the last year’s best performing portfolio 1 and shorts, equally, the last year’s worse-performing portfolio 10. It is easily interpreted that Momentum strategy is exactly the opposite strategy (we take exactly opposite positions) based on different past horizon’s continuously compounded returns. Based on table’s results its obvious that a momentum could yield a, completely cost free, 1,62% average excess premium on all sample period, and 1,82% and 1,41% on pre-EMU and post-EMU periods respectively. That premiums are huge compared with holding the equally and weighted market proxies, which for the whole sample period yield a 0,38% and 0,43% respectively. That is momentum strategy yields monthly premiums (%) around 3,8 and 4,2 times more than value and equally weighted market proxies respectively.

To illustrate these differences we present figure 4.5.2, witch is relevant with figure 4.5.1 for reversal. 
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Table shows the cumulative return from the momentum strategy versus holding the market proxies for period 1991 to 2007. The strategies are adjusted, in order to have the same standard deviation which measures risk. Furthermore momentum strategy is adjusted, in a way to be a return that can be cumulated rather than a zero-cost portfolio only yielding profits. The adjustments are the same with those analyzed for the reversal’s case. So the figure actually shows the value of one euro invested in these portfolios for the period July 1991 to June 2007.

Figure 4.5.2b shows at a straightforward way how profitable a Momentum strategy relative to market. Actually,  Momentum outperforms the market proxies in all of our sample period.

Overall, based on the figure, following a reversal strategy corresponds to cumulative returns  around 24-1.05=7.7 and 24-1=7 times more the returns of holding the equally and the value weighted market proxy respectively.

Finally, in Figure, 4.5.2.b, we present both reversal and Momentum strategies relative to markets for comparison purposes. As we have already noticed,

 the effects/anomalies were tested on different sample periods. So in order to be comparable, in figure 4.5.2b, we present both from July 1995 to June 2007.

As we can see from the Figure, both strategies outperform by far, the market indices and yield about the same cumulative return at the end of June 2007. Precisely Reversal strategy yields a small, almost unobservable premium of 0,006 (cumulative return of reversal is 7,82 while momentum’s 7,76). Both yield a premium around 2.72 and 3.5 times more than the equally and the value weighted market proxy respectively.
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Models Performance against Momentum effect:
In Tables 4.5.1.c. and 4.5.1.d. we present the results of testing momentum effect against Capm and 3 Factor model, respectively for the period July 1991 to June 2007. For the CAPM we present only the intercepts, t-statistics and r square adjusted. On contrary on 3 factor model’s table all coefficients against factors are presented. 

As we should excpected the results are once again in line, with NYSE findings. Both models fail to capture the variances of average returns produced by momentum portfolios. Overall  CAPM estimations for adjusted r squares and absolute average pricing errors are  0,768 and 0,005984 respectively, while 3 Factor Model’s estimations are 0,786 and 0,004203. Looking at the tables we can confirm that both model’s pricing errors are statistically significant especially for winners and loosers (1, 2 and 9, 10). Both models tend to underestimate winners and overestimate losers. That is apparent, noticing that all winners ( lets say generally portfolio 1 to 4) have strictly positive regression intercepts and losers strictly negative. That is evidence that momentum portfolios tend to move with distressed stocks, so that 3 factor model predicts a reversal and looses the continuation (momentum) pattern on average returns.             
Table 4.5.1.c.
CAPM Regressions for Monthly Excess Return on Ten Equally Weighted Momentum Portfolios,

 Period: July 1991-June 2007.
(Ri t - Rf t) = ai + bi (Rm t - Rf t) + εit. ,

Where Ri t is the return of each equally weighted momentum portfolios in month t, Rft is the yield of our Synthetic Risk free Rate, and Rmt is the return of the equally-weighted market portfolio of European stocks. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to momentum  portfolio and the return predicted by the model, CAPM.
	Period:

July 95- June 07
	Portfolio

	
	1

High
	2
	3
	4
	5
	6
	7
	8
	9
	10

Low

	ai
	0,0111
	0,00702
	0,00369
	0,00301
	0,00068
	0,00022
	-0,0032
	-0,0044
	-0,00704
	-0,0078

	t (ai)

(sign)
	3,820
(0,000)
	5,508
(0,000)
	3,478
(0,001)
	2,978
(0,003)
	0,530
(0,597)
	0,216
(0,829)
	-3,324
(0,001)
	-3,564
(0,000)
	-4,555
(0,000)
	-3,669
(0,000)

	Adjusted R2
	0,495


	0,761


	0,801
	0,789
	0,704
	0,822
	0,865
	0,839
	0,826
	0,785


Table 4.5.1.c.
3 Factor Model Regressions for Monthly Excess Returns on Equally Weighted Momentum Portfolios,

Period: July 91 to June 07.
(Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit ,
Where Ri t is the return of each equally weighted momentum portfolios in month t, Rft is the yield of our Synthetic Risk free Rate, and Rmt is the return of the equally-weighted market portfolio of European stocks and HML, SMB the Fama-French factors.. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to reversal  portfolio and the return predicted by the 3 factor model for the period July91 to June 07.

	portfolio
	Ad.      R2
	ai
	bi
	si
	hi
	t(ai)
(sign)
	t(bi)
	t (si )
	t(hi)

	1
	0,507
	0,01035
	1,055
	0,229
	0,157
	3,476

(0,001)
	13,815
	2,144
	1,420

	2
	0,783
	0,006012
	0,813
	-0,183
	0,103
	4,759
(0,000)
	25,096
	-4,036
	2,189

	3
	0,833
	0,002278
	0,755
	-0,165
	0,164
	2,259
(0,025)
	29,206
	-4,563
	4,380

	4
	0,831
	0,001476
	0,691
	-0,167
	0,182
	1,572
(0,118)
	28,712
	-4,972
	5,205

	5
	0,731
	-0,000717
	0,710
	-0,142
	0,168
	-0,559
(0,577)
	21,572
	-3,082
	3,523

	6
	0,833
	-0,000791
	0,806
	-0,0273
	0,128
	-0,753
(0,453)
	29,921
	-1,950
	3,281

	7
	0,868
	-0,00377
	0,891
	-0,0522
	0,06450
	-3,762
(0,000)
	34,732
	-1,454
	1,735

	8
	0,838
	-0,00459
	1,035
	-0,0344
	0,01362
	-3,536
(0,001)
	31,132
	-0,740
	0,283

	9
	0,832
	-0,00578
	1,242
	0,03186
	-0,173
	-3,664
(0,000)
	30,745
	0,564
	-2,952

	10
	0,808
	-0,00627
	1,523
	0,357
	-0,144
	-2,994
(0,003)
	28,352
	4,749
	-1,852


(Similar for NYSE: Fama-French 1996-Table 7)

As for patterns on factor loadings, we cannot make any useful remark, because for most of the portfolios the Smb and HML factors are not, jointly, statistically significant. 

To illustrate the findings, in Figure 4.5.2.c, which depicts actual mean excess returns versus models predictions, we show that both models predictions lie far from the 45o line, where predicted mean excess returns equal the actual. The pricing errors (distance of points from 45o line) are quite large and statistically significant. Loser’s predictions lie below the line which means that they are overestimated, while on contrary losers lie above it.
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The 4-Factor Model:
The fact that Momentum was apparently the only anomaly that could not be predicted by Fama- French 3 Factor model, led to the introducing of additional models. Actually, momentum stocks, in the NYSE, tended to move together, as did value and small stocks. That was interpreted as evidence that a “Momentum factor”, works in explain momentum portfolio returns (Carhart-1997).

Thus, in Table 4.5.2.d and Figure 4.5.2.d, we present regression estimates and the performance of such a four factor model. For the construction of MOM (momentum factor), we used pretty much the same methodology as in Fama-French factors. Each month, t , all European stocks are ranked based on their short term performance that is continuously compounded returns for months t-12 to t-2.

Momentum factor is the difference between the 30% highest short term past performance and the lowest 30%. Factor portfolio is rebalancing each month. 
Table 4.5.1.d.

4 Factor Model Regressions for Monthly Excess Returns on Equally Weighted Momentum Portfolios,

Period: July 91 to June 07.
(Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + mi MOM+ εit ,
Where Ri t is the return of each equally weighted momentum portfolios in month t, Rft is the yield of our Synthetic Risk free Rate, and Rmt is the return of the equally-weighted market portfolio of European stocks and HML, SMB the Fama-French factors and MOM is a momentum factor. The intercept, Jensen’s alpha, ai measures the average difference between the monthly return to reversal  portfolio and the return predicted by the 3 factor model for the period July95 to June 07.

	Period:

July 95- June 07
	Portfolio

	
	1

High
	2
	3
	4
	5
	6
	7
	8
	9
	10

Low

	ai
	-0,00035
	0,00163
	-0,0005
	-0,0002
	-0,0018
	-0,0001
	-0,0016
	-0,0003
	-0,0001
	-0,0010

	t (ai)

(sign)
	-0,182
(0,856)
	1,866
(0,064)
	-0,601
(0,549)
	-0,289
(0,773)
	-1,369
(0,173)
	-0,165
(0,869)
	-,774
(0,078)
	-0,359
(0,720)
	0,110
(0,913)
	-0,695
(0,488)

	Adjusted R2
	0,809


	0,906


	0,893
	0,858
	0,739
	0,835
	0,895
	0,920
	0,943
	0,918


As we can see a four factor model succeeds in predicting momentum. The average adjusted R square is much higher relative to other models, about 0,88 and average pricing error, 0,004 is not statistically significant.

Figure, 4.5.2.d, can illustrate better, 4 factor model’s success. It is obvious how much more accurately can predict momentum portfolios’s returns as predictions vs actual return points lie almost on 45o line. 
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Although such a 4-factor model show an excellent performance against momentum, the step of adding a such momentum factor, is obviously ad-hoc. That’s because MOM is, actually, an ATP (attribute portfolio) factor that only explains returns of portfolios organized on the same characteristics-atributtes, as the factor, rather than a proxy for macroeconomic risk. As it is easily interpreted is not so “rational” to add new factors for every anomaly. That is the reason why we choose to present 4 factor model as a subsection of Momentum effect
, and not as a completely different asset pricing model. 

Finally in the sub-periods, the results are relevant.

	Period
	Model
	Average Absolute  ai
	Average adjusted

R2

	
	
	
	

	Pre-EMU
	CAPM
	0,004479
	0,8651

	July 1990-
	3 Factor Model
	0,00431165
	0,8744

	June 1999
	4 Factor model
	0,001915
	0,9273

	
	
	
	

	
	
	
	

	Post-EMU
	CAPM
	0,006229
	0,7134

	July 1999-
	3 Factor Model
	0,0055291
	0,7301

	June 2007
	4 Factor model
	0,001914
	0,8245

	
	
	
	


As we showed, the performance of CAPM and 3 Factor model is inadequate against momentum as pricing errors are statistically significant of 8 out of ten momentum portfolios and especially winners and losers. As we expected 4 factor model has an excellent performance in all periods with pricing errors not reliably different from zero for all ten portfolios.

B. Predictability of stock Returns: 
The lasts 2 anomalies, Reversal and Momentum, and the underlining high future premiums that they imply, are strictly connected to the issue of the predictability of stock returns. Actually, Reversal and Momentum are evidence of the existence of short and long term predictability, against the Random Walk theory
 that dominated financial world. Random walk theory implies that risky asset’s returns are actually unpredictable (prices follow random walks) and any “Technical” signals as past price movements (past performance), trading volume, open interest, and so on are close to useless for forecasting short-terms gains or looses. Furthermore any strategy based on these signals, will not improve performance neither do anything for investor’s portfolios over the long run except rack up trading costs. That’s because for every strategy that sells/ buys stocks must be a contrarian investor to buy/ sell. So if one investor cannot systematically make money, one cannot systematically lose money either.

Although Random walk theory is still very successful, at describing return’s short term behavior , stock returns are in fact predictable with much of that predictability coming in long horizons and being associated with business cycles and financial distress.

Long –horizon return predictability was first documented by Schiller (1981) and LeRoy and Porter (1981). 

Actually, relative distress was connected with high future average returns. So, low prices relative to dividends, book value, earnings, sales and other divisors (all reveal that stock is relative distressed) predict higher subsequent returns.

Thus, many price ratios are used in regressions that forecasts returns (see Fama and French-1989). 

In Table 4.B.1 we present the estimates of a regression that forecasts European returns. As predictor we used P/D ratio
.

Table 4.B.1
OLS Regression of Excess Returns On Value-Weighted

Price to Dividends Ratio
(Rvw Mt →t+k  –  Rfree t →t+k)  =  ai + bi (PVW/ DVW)t + εit. ,

Where (Rvw Mt - Rft) is the excess return of the value weighted European market portfolio

and Rt →t+k indicates the k-year return.
	Period:

90-07
Horizon
	bi
	Standard

Error
	t(bi)
	Significance
	R2

	1 Year
	-0,00863
	0,001
	-7,963
	0,000
	0,250

	2 Years
	-0,0154
	0,002
	-9,249
	0,000
	0,325

	3 Years
	-0,0264
	0,002
	-12,878
	0,000
	0,500

	4 Years
	-0,0297
	0,003
	-10,424
	0,000
	0,414

	5 Years
	-0,0292
	0,004
	-7,598
	0,000
	0,289


	Period:

90-98
Horizon
	bi
	Standard

Error
	t(bi)
	Significance
	R2

	1 Year
	-0,0101
	0,002
	-4,163
	0,000
	0,148

	2 Years
	-0,0227
	0,005
	-4,341
	0,000
	0,176

	3 Years
	-0,0455
	0,006
	-7,979
	0,000
	0,437

	4 Years
	-0,0468
	0,008
	-5,683
	0,000
	0,298

	5 Years
	-0,0490
	0,009
	-5,368
	0,000
	0,292


	Period:

99-07
Horizon
	bi
	Standard

Error
	t(bi)
	Significance
	R2

	1 Year
	-0,00923
	0,001
	-7,825
	0,000
	0,410

	2 Years
	-0,0148
	0,002
	-8,929
	0,000
	0,475

	3 Years
	-0,0233
	0,002
	-12,545
	0,000
	0,657

	4 Years
	-0,0250
	0,002
	-11,480
	0,000
	0,634

	5 Years
	-0,0157
	0,002
	-6,427
	0,000
	0,373


(Similear for NYSE: Cochrane 1999- table 1)

The model is:

(Rvw Mt →t+k  –  Rfree t →t+k)  =  a + b (PVW/ DVW)t + εt+k. ,          (1)

Where (Rvw Mt - Rft) is the excess monthly return of the value weighted European    market portfolio over  Synthetic risk free rate, (PVW/ DVW)t  is the ratio at time t,  of the value-weighted price of all European stocks to the value weighted dividend per share. Rt →t+k indicates the k-year return, in other words continuously compounded return from t to t+k.

Before analyzing the results, we should explain the theoretical back round of this regression. This regression actually shows if price to dividend ratio can explain the variation of stock returns through different horizons. In other words if this variable predicts future returns. The concept that predictability comes in long horizons is based on a single underling phenomenon. If random walk stand still, and so, day to day or month to month variations of returns are almost unpredictable, but still, very slightly predictable by a slow-moving variable, such as P/D ratio, then  predictability adds up over long horizons.

In mathematical terms we use:

(Rvw Mt +1  –  Rfree t+1)  =  a  + b (PVW / DVW)t + εt+1                            (2)
(PVW / DVW)t+1  =  c + p (PVW / DVW)t + δt+1                                     (3)

If next month’s market returns are very slightly predictable from P/D ratio, which implies very small values of b and R2 in equation (2), but a slow-moving variable, as P/D ratio, has a high value of p in equation (3), that will lead to large values of regression coefficient, b,  and R2 in equation (1), which means that returns can be predicted.

Into this context the results of Table 4.B.1 can be easily interpreted. European market returns are actually predictable, in long horizons as both coefficient and R2 are increasing as horizons is increasing from 1 to 3 yers. As we can see, daily and monthly returns are almost unpredictable but 3 years return can be predicted by P/D ratio, by 50%, 4 years return by 41,4% and 5 year return by 28,9%! The absolute value of coefficients is also large at a level of 2.6%, 2.97% and 2.92% respectively. The fact that coefficients are negative shows that there is a negative relation between the dependent and independent variable. That is high values of P/D predict negative future returns and vice versa. Actually the negative coefficients in our European sample, being in line with NYSE findings, confirms that predictability is associated with financial distress because low P/D ratios, that show relative distress, predict high future returns. Finally the fact that R2 decreases after 3 years, and b after 4 can reveal that the optimum horizon in predicting returns in Europe, through P/D ratios, is 3 years.

 The same results hold for sub-periods also. It is interesting to see that  predictability is by far higher (65.7% in a 3 years horizon and coefficients are almost doubled) in post-EMU period. We totally expected something like that, as actually by the launch of EMU, our assumptions of the Pan-European context are close to reality by the integration of 12 European markets and the elimination of exchange risk. 

Through this concept of predictability and financial distress, reversal is easily explained. Since a string of good past returns gives a high price, it is not so surprising that stocks that have high average returns for a long time (4 years in our reversal tests from t-60 to t-13) and reaches a high price, subsequently do poorly and vice versa. Actually based on these results we are pretty sure that a reversal with a 3-year horizon will yield even higher premiums (than 1.14% per month).

Momentum’s explanations lie again in the predictability issue. As we showed, and confirmed through table 4.B.1, in order for returns to be predictable at long horizons, a slightly apparent monthly predictability should exist. Running regression (2) we have the results:           
	Period:

90-07
Horizon
	bi
	Standard

Error
	t(bi)
	Significance
	R2

	 1 month


	-0,000612
	0,000
	-2,139
	0,024
	0,017


So we can see that actually in our European sample a small, although statistically significant predictability 0,017 exists. Even such a small R square (actually R squared is the squared autocorrelation) in addition with the high standard deviation of individual stocks is more than adequate to generate momentum results (1.77% monthly premium).

In Table 4.B.2 we present monthly autocorrelations of market proxies.

Table 4.B.1
Monthly First Order Autocorrelations, European Value and Equally Weighted Market Indices.
	Period
	Portfolio
	p1
	Standard

Error
	t(p1)
	Significance
	R2

	90-07
	Vw market
	0,113
	0,070
	1,611
	0,109
	0,013

	
	Ew market
	0,300
	0,067
	4,452
	0,000
	0,090

	90-98
	Vw market
	0,170
	0,099
	1,719
	0,089
	0,019

	
	Ew market
	0,354
	0,094
	3,767
	0,000
	0,117

	99-07
	Vw market
	0,06
	1,000
	0,538
	0,592
	0,008

	
	Ew market
	0,239
	0,098
	2,451
	0,016
	0,057


(Similar for NYSE: Cochrane 1999-Table 3)

In that table, it is interesting to note the very high (and statistically significant) autocorrelations of the equally weighted indices that emphasizes small stocks. The autocorrelation of the value weighted index, though, it is not statistically significant so we can make any remark on it. These results are also robust during sub-periods.

 In any way we should notice that autocorrelation of market indices is not the most adequate way to measure predictability. That is because they suffer for some upward-bias since some stocks do not trade every day, especially very small. Probably that’s the main reason for the high monthly autocorrelations, especially for the equally weighted index, that appear on Table.

As an epilogue to this part, we should highlight the fact that although predictability exists (and  it is statistically significant), has thus far failed to yield exploitable profits after taking into account transactions costs, thin trading on small stocks and high short-sale cost, especially for momentum strategy, which demands rebalancing of portfolios in a monthly basis , as most of its apparent gains come from short positions in small illiquid stocks. Indeed in a quantitative examination of this effect Carhart (1997) concludes that momentum is not exploitable after transactions costs are taken into account.
C. New Theories for Return Enhancement:

Throughout this paper we extensively analyzed how stock returns depend on attributes such as size, book to market and prior (past) returns. 

Reisman ( February 2007) noticed that since these attributes change randomly over time, the standard unconditional mean variance approach to portfolio optimization does not distinguishes between returns with different attributes. This inefficiency could be removed by applying the optimization procedure to fixed attribute portfolios, in other words, portfolios with stocks that are ranked the same on a given attribute.  Reisman documented, in the NYSE, that applying such a procedure on the 6 double sorted on size and B/M, Fama and French’s portfolios
 could produce optimal portfolios, with gigantic level of ex-ante Sharpe ratios, four times larger than that of the simple market proxy. 

Actually this theory highlights the fact that much of the attribute information, which is connected with stock returns, is “lost” when the unconditional mean variance analysis is applied on arbitrary sets of stock instead of fixed attribute portfolios. On the one hand that’s an inefficiency, as some attributes on NYSE like small size (small stocks), high B/M (value/distressed stocks), low long-term past returns(long-term losers) and high short term past returns (short-term winners) are connected with higher returns. On the other hand documented strategies based on attributes, that consist of taking opposite positions among the highest and the lowest rankings on these attributes, are taking into account only the unconditional means ignoring covariances of the fixed attribute portfolios. That is zero cost portfolios like SMB, HML, Reversal or Momentum take advantage only of the high positive average return premiums and are ignoring the unconditional covariance matrix of its components. So these theories actually imply that a huge magnitude may be obtained by taking into account both the covariance matrices, as well as the means. In addition outstanding returns may be obtained even in cases where all expected returns of the FAP’s are the same. 

Under this concept, an optimal mean variance efficient portfolio that could be constructed out of the Fama/French’s set of 6 portfolios, which form smb and hml risk factors,  it produces high pricing errors on regressions relative to Fama/French’s 3 factor model. Moreover the ex-ante Sharpe ratio of this optimal portfolio is actually larger that the one that could be obtained from the 3 factors of the model. That is evidence that most of the price risk is not spanned by Fama/French’s factors.  


In this section of the paper we test this theory in our European sample, from July 1990 to June 2007. As it would be clear from the forthcoming analysis, no sub-period analysis is possible, because 18 years (204 months) are an already relatively short period for such tests
. 

Before we analyze the methodology we used to estimate optimal portfolios, we should describe the mathematical structure/ background under which we define efficient and optimal portfolios. The analysis, obviously, will take place on matrix notation.

Let R (1xn) to be a vector of returns for n portfolios. For each portfolio Ri we define  

Zi = (Ri – Rf ), to be the excess return over the synthetic Risk Free rate, so 
Z =( z1,..., zn) is the (1xn) vector of excess returns.

Define V(z) to be the set of all linear combinations of the Z(1xn). That is Y(z) is the set of excess returns of portfolios in the Z(1xn) that can be formed without using information.

We define the unconditional Sharpe Ratio of a x є Y(z) by

SR(x) = E[x] / σ[x] ,


where E[x] and  σ[x] are the unconditional expectation and standard deviation respectively. In simple words, Sharpe ratio
 is the mean-standard deviation tradeoff, the slope of the mean variance efficient frontier, which in our case is a hyperbola.

A x* є Y(z), is then called mean variance efficient (MVE) excess return if there is no   x є Y(z) such that:

SR(x) > SR(x*).

Finally let’s define the weights of an mean variance efficient portfolio, which is actually what we will estimate.

Let µ, V be the vectors, (nx1) and (nxn),of expectations(means) and covariance matrix respectively of Z =( z1,..., zn) Т , where T stands for the transpose of a vector. Reisman and Feldman (2003) and many others imply that for every positive c, 

W =( w1,..., wn) Т , is a (nx1) vector of weights of a mean variance efficient excess return, given by:

W = c V-1 µ.

Data sets:
We focus on the 6 portfolios constructed from the intersection of sorting European stocks into 2 size and 3 B/M categories under Fama-French methodology. We are about to estimate the weights of an optimal mean variance efficient portfolio which can be obtained from that 6 portfolios, and then estimate its ex-ante annualized Sharpe- ratio. Then we are going to test if Fama-French’s 3 factor model can capture the variance of average returns of this optimal portfolio. Furthermore we are going to compare, on an annualized Sharpe ratio basis, the profits of holding  such a portfolio relative to holding the market or an optimal, in the same definition as above, Fama French benchmark (that is, portfolio we can obtain from optimal trade-offs between market, SMB and HML factors). Furthermore we extend analysis to 9, 16, 25 Fama-French portfolios and bencmarks constructed from them
, in order to check robustness of the results as the number of portfolios increases. In addition we constructed optimal reversal and momentum strategies, in order to compare them with the classic zero-cost (equall short and buy) strategies.

Testing Procedure:
The testing procedure goes as follows: 

Our sample consists of 204 months, that is from t=1 to t=204, from July 1990 to June 2007. The same procedure is applied to all cases of portfolios, Fama-French’s benchmarks or strategies.

In the beginning of each month, t (from t=103 to t=204), which we call the Test Period, we invest in a portfolio that has been ex-post mean variance efficient, in the way we define earlier, in the previous 102 months, which we call the Learning Period.

Actually under this process the test period is 102 months from 1st of January of 1999 to the end of June 2007. Thus for each month t, from t=103 to t= 204, Test Period, we estimate the means and the covariance matrix of the excess returns over Synthetic Risk free rate of each type of portfolio/benchmark/strategy based of the Learning period (102 months), that is from month t-102 to month t-1. Then we use these estimations to compute the weights of an ex-post mean variance efficient excess return and normalize it so the sum of squares of the weights to be one. We call this the “optimal” portfolio and invest in it for one month. We repeat this procedure for all 102 months of the test period and then we compute the monthly ex-post Sharpe Ratio. In order for results to be presented, in relative terms, with the NYSE findings, we present the annualized Sharpe Ratio, that is monthly SR multiplied by √12(square root of 12).

For the computation of optimal weights, as defined earlier, we used the following maximization under constraints model:

MAX (WT µ)/ √ (WT V W)

Subject to:   ∑ni=1wi2 = 1,

where W is the nx1 vector of optimal weights, µ is a nx1 vector of expected returns and V is the nxn covariance matrix of each case’s portfolios. That is (WT µ) is the expected return of optimal portfolio and √ (WT V W) its standard deviation. Thus we maximize unconditional Sharpe ratio by changing the weights. In the maximization, we allow for shorting that is weights can take negative values. The optimization was performed Micrososoft Excel 2003 using the Solver.

So as it is obvious, in the optimal portfolios we obtain, we take into account both means and covariance of the underlying portfolios relative to Fama–French’s proxies and classic zero-cost strategies, that is going to lead, as confirmed by the results, to huge enhancement of Sharpe ratios.
Empirical Results:

A. Fixed Attribute Portfolios on size and B/M ratio:
In Table 4.C.1, we report the results of the above procedure for the test period from January 1990 to June 2007. Table shows 3 types of results. In the first 2 rows we present the annualized Sharpe Ratio of the simple European market proxies, the value and equally weighted. The proxies are the simple value and equally weighted sum of all European stocks, used in the sample, and its not products of an optimality condition we analyzed. They are presented for comparison purposes. The second type is optimal portfolios that can be constructed from portfolios double-sorted on size and B/M ratio. That is the portfolios Fama-French use for the construction of SMB and HML factors. So we call optimal portfolio 2x3 the one that depends on 6 portfolios from the intersection of 2 sizes and 3 value categories. Optimal portfolios 3x3, 4x4, 5x5 are based on 9, 16, 25 portfolios constructed under the same methodology from the intersection of 3x3, 4x4, 5x5 size and value categories, respectively. These portfolios are constructed with the exactly relevant with the construction of the 16 portfolios we used as independent variables in the Fama-French analysis 

Finally the 3rd type is optimal Fama-French’s 3 factors Benchmarks. 

The classic 3 factor model consists of the market factor and 2 factors, SMB and HML, formed from the set of 6 portfolios double sorted on size and value as described in section 3. An optimal benchmark is the portfolio that can be constructed, under the same methodology, by optimal trade offs (weights) between the 3 factors. Following again the same methodology we construct more “advanced” SMB and HML factors
from 9 and 16 portfolios and compute the relevant optimal benchmarks.
                                          Table 4.C.1

Annualized Sharpe Ratios of Excess Returns on Market Portfolios and Optimal Portfolios double sorted, based on size & B/M value.
	Portfolio
	Sharpe Ratio (annualized)

	Value Weighted Market Proxy
	0,226

	Equally Weighted Market Proxy
	0,650

	Optimal Portfolio (2x3)
	1,192

	Optimal FF 3 Factor Benchmark (2x3)
	0,903

	Optimal Portfolio (3x3)
	1,825

	Optimal FF 3 Factor Benchmark (3x3)
	1,183

	Optimal Portfolio (4x4)
	1,980

	Optimal FF 3 Factor Benchmark (4x4)
	1,603

	Optimal Portfolio (5x5)
	1,440


The Results of Table 4.c.1 confirm in a straightforward way the new findings, on NYSE, on our European sample. All the optimal portfolios we constructed produce annualized Sharpe Ratios multiple times larger that that of the Value weighted indices. First of all we should note that the reason why, equally weighted index has an annualized Sharpe Ratio 2.5 times larger than the value weighted’s could be a product of some upward bias since very small stocks they are not traded every day, thus standard deviation decreases and Sharpe ratio increases
. 

Looking at the Table is obvious, that all optimal portfolios 2x3, 3x3, 4x4, 5x5 produce an annualized Sharpe ratio around 5.27, 8.08, 8.76, 6.37, respectively, times larger than that of the value weighted market and 1.84, 2.80, 3.04, 2.21 times more than that of the equally weighted index. These Sharpe ratios are huge, especially when compared to the market, and confirm that taking into account both average expect return and covariance can lead to huge amelioration of performance. Notice also that with the increase of the number of portfolios on which we are based, annualized SR of the optimal portfolio increases too. 25 portfolios produce lower SR though than 16 and 9 but still larger than the 6 portfolio’s case.

Among all, the 16 portfolios (4x4) produce the highest annualized SR slightly lower than 2. What is really surprising, is that optimal FF 3 factor benchmarks (2x3, 3x3,4x4) produce high annualized SR too, 4, 5.2 , 7 and 1.4, 1.8, 2.5 times more the value and equally weighted index respectively. Still though, applying the unconditional mean variance efficient analysis to the set of portfolios and not to benchmarks produces around 1.5 times more each case’s benchmark. That highlights the fact that simple zero-cost portfolios, like SMB and HML are not capable of generating as high performance as it can be generated using its components. The explanation lies in the portfolios and factors formation’s approaches, which concentrate only on average return and ignores the covariance of its components, results in a loss of attribute information contained on them.  

To illustrate how profitable this procedure can be, we present, in Table 4.c the cumulative returns of all optimal portfolios and Benchmarks we created relative to market proxies.
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 All cumulative returns are adjusted in order to have the same standard deviation with the value weighted European market proxy, so comparison can be made on the same risk-basis. Moreover as it is obvious the weights of optimal portfolios-Benchmarks do not sum to one. Recall that the only constraint in our optimization was the normalization, so the sum of the squares of the weights to equal the unit. 

Thus in order for the cumulative profits to be comparable, we should borrow or lend (1- ∑wi) to the risk free rate. In this way cumulative returns of all portfolios, canbe interpreted as the value of 1€ invested at the beginning of the sample period. The Vertical axis is the log base 2 of the cumulative return, thus, each time a line increases by one unit the value doubles.

The Figure clearly depicts the huge profits optimal portfolios imply. On the figure we present results on a log (base 2) basis, so the relative differences between 2 values, let’s say i and j are measured as the vertical distance between them, as follows: 2i – j. That measures how many times, say i is larger than j.

So the following box presents these differences.

	Optimal Portfolio 2x3 VS vw Market
	Optimal Portfolio 3x3 VS vw Market
	Optimal Portfolio 4x4 VS vw Market
	Optimal Portfolio 5x5 VS vw Market

	11,63
	14,71
	15,67
	11,33

	Optimal Benchmark 2x3 VS vw Market
	Optimal Benchmark 3x3 VS vw Market
	Optimal Benchmark 4x4 VS vw Market
	

	5,26
	6,37
	8,99
	

	Optimal Portfolio 2x3 VS Optimal Benchmark 2x3
	Optimal Portfolio 3x3 VS Optimal Benchmark 3x3
	Optimal Portfolio 4x4 VS Optimal Benchmark 4x4
	

	2,21
	2,31
	1,74
	


As we can see in the first 2 rows both optimal portfolios and optimal benchmarks yield cumulative returns multiple times larger than the market’s. As we can see optimal portfolios yield cumulative returns at the end of period, more than eleven times larger than market’s while optimal benchmarks more than five times. On the third row we can see that optimal portfolios yield around 2 times higher return than optimal benchmarks. That,for once again is evidence that using FF factors instead of its components leads to information’s loss and lower performance.

So based on these results, it is interesting to see if FF 3 factor model can predict the huge premiums that optimal portfolios imply.

In Table 4.C.2 we report the results from the 3 factor model regressions on optimal portfolios, so we can evaluate model’s performance against them. In order to be consistent with the whole paper’s structure we’ll report results relative to classic Fama-French 3 factor model, with FF factors formed from 2x3 categories.
Table 4.C.2 (Annualized Data)
3 Factor Model Regressions on Mean Variance efficient Portfolios Formed based Size and B/M.

Rit  = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit ,

Where Rit is the return of each of our optimal portfolios, that is 6(2X3), 9(3X3), 16(4X4), 25(5X5). All regressions are against Fama French’s benchmark where Factors are formed from the intersection o 2x3 size and B/M categories. All data presented are annualized

(except Adjusted R2).

	Portfolio
	Pricing error(ai)
	t(ai)
	Significance
	Adjusted R2

	Optimal 2x3
	0,015308
	9,463
	0,007
	0,018

	Optimal 3x3
	0,023126
	3,346
	0,001
	0,127

	Optimal 4x4
	0,030152
	4,036
	0,000
	0,084

	Optimal 5X5
	0,026507
	2,748
	0,007
	0,007


The regression of the optimal portfolios on the Fama-French 3 Factor model, as presented in the Table produces high pricing errors that range from 1,5% to 3,01% on an annual basis and are statistically significant with high t-statistics. This shows that the model captures only a small portion of the priced risk that exists in the market or even more on the same sets of double sorted on size and B/M portfolios from which factors are formed.

Furthermore the very low adjusted R2 indicates that most (95% on average) of the variance of expected returns, lies outside the span of simple Fama-French’s 3 Factor model.

In order to have an inside look about why a theory such that, leads to huge premiums, we will examine the weights of optimal portfolios. The weights could be interpreted in 2 ways. On the one hand the optimal weights, by definition, form a portfolio that was mean-variance efficient during the learning period,  that is in the past for the period t-102 to t-1. The same weights, are also, used at month, t, to invest in the present. So in order a procedure like that to yield huge profits, it demands a single condition to hold:  the joint distribution of the returns of a set of fixed attribute portfolios to be stable through time. In other words, patterns which connect different categories of attributes with different premiums, in efficient terms (SR), should be relatively stable throughout learning and test periods

In Figures 4.c.1 to 4.c.7 show the weights (optimal obviously), we used over test period of all optimal portfolios and Benchmarks we constructed.

We decided to present all of them because very useful remarks and comparisons can be made. First of all, weights seem to be quite stable over time. This result has very important implications for the patterns on stock returns and their connection with attributes. These implications are even stronger if we consider the optimality context, in terms of mean variance efficiency, that we used. 
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     [image: image43.emf]Figure 4.c.2: Weights of Optimal Portfolio 3x3
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[image: image44.emf]Figure 4.c.3:Weights of optimal portfolio 4x4
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[image: image45.emf]Figure 4.c.4: Weights of Optimal Portfolio 5x5
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[image: image46.emf]Figure 4.c.5:Weights on optimal benchmark 2x3
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[image: image47.emf]Figure 4.c.6: Weights of Optimal FF Benchmark 3x3
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[image: image48.emf]Fiugure 4.c.7: Weights of  Optimal FF Benchmark 4X4
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The relative stability of weights especially in the first 3 figures confirms that modeling joint distribution of the returns of a set of fixed attribute portfolios as being stable on time (as we did) leads to high level of performance as we already have confirmed. Through the optimal weights it is easy to see what patterns drive returns in our sample. First of all in all Figures 1 to 3 we can see that the higher and more stable weights are those of small distressed firms. 

That practically confirms that small size and relative distress is connected with high future returns. The key to interpret this result is to remember the high levels of SR we obtained based on information from learning period, and actually investing more (high weights) in the small and relative distressed firms. In other words through this process we use data from learning period to predict future returns. Thus since the data we use are fixed attribute portfolios, learning period reveals to us, through the optimal weights, the patters between the attributes and stock returns. So by the assumption that these patterns are stable through time (which proven true), we were able to generate that gigantic level of performance as presented in the previous table and figure.

Another interesting remark also, is the fact that apart from small firms that are jointly relative distressed (high levels of B/M value), small size does not seem to contribute with high returns. This is more apparent in the optimal weights for optimal benchmarks. We can clearly see that HML factor is weighted more in our optimal process, so that means that B/M attribute is more strictly connected with returns in Europe relative to size. Actually focusing on both optimal portfolio and figures we can see the trends. Value stocks (distressed) are clearly connected to high future returns while growth (low B/M) to low future returns. As for size a premium should be associated with “extra small” firms. Notice that only when we form portfolios and benchmark on 4x4 categories, then the SMB factor starts to weight more and outperform the market, and at the same time HML weights less than in 2x3 categories, so a little bit of the high premiums of the S/H portfolios should be attributed to size alone. Furthermore forming 5x5 categories, despite the fact that the weights are not so stable as the other cases
, we can see that extra small, and big firms tend to have higher return and medium firms do poorly. That may explains the fact that SMB is performing low. Another interesting finding that seems to be very stable through time is that HML weights, in all optimal benchmarks, tend to move exactly opposite that the market while SMB has a strong tendency to move with the market. 

b. Fixed Attribute Portfolios formed on past performance:
Until now, we’ve only tested the performance of optimal portfolios based on the size and Book to Market attributes. Thus, it is interesting to expand our empirical tests on FAPs formed on other attributes such as short and long-term past performance.

In other words, in this section we repeat the same procedure based on the 10 reversal and 10 momentum portfolios that  have already been constructed in previous sections of this part of the paper. The 2 cases are focusing on different sample periods, and so, are presented separately. 

For both cases, we use the same methodology and construct 2 types of optimal portfolios. The 1st type refer to an optimal portfolio by applying the unconditional optimization process to all set of 10 portfolios formed on past returns as described in the reversal/momentum sections. The 2nd type refers to optimal reversal/momentum strategies, that is, optimal combinations only on past winners and losers (portfolios 1 and 10). For comparison purposes, we will present the performances of the 2 market proxies as long as of the simple zero-cost portfolios/ strategies.

Firstly, we apply the optimization process on the 10 reversal portfolios from July 1995 to June 2007. In this case, the learning period is defined from July 1995 to June 2001, and the testing period from July 2001 to June 2007.

Table 4.C.3 presents estimations of the annualized SR of the optimal reversal portfolios.

Table 4.C.3

Annualized Sharpe Ratios of Excess Returns on Market Portfolios and Optimal Portfolios formed based on Long-term Past Returns.

	Portfolio
	Sharpe Ratio (annualized)

	Value Weighted Market Proxy
	0,25

	Equally Weighted Market Proxy
	0,75

	Reversal Strategy
	1,096

	Optimal Reversal Strategy
	1,35

	Optimal Reversal Portfolio
	1,50


The optimal reversal portfolio produces annualized SR 6 and 2 times larger than the value and the equally weighted market indexes. Moreover SR of the optimal reversal portfolio is 1,36 and 1,11 times larger than the SR of a simple and optimal reversal strategy respectively. Again, though these strategies outperform by far the market. 

These results are even more surprising if we consider the relative short learning and testing period for this case. This high level of performance, though, can be explained by the documented (Table 4.5.1.b.) strong reversal effect of this period.

In Figure 4.c.8, we depict the cumulative returns on all optimal reversal portfolios/strategies versus the market. All portfolios are adjusted, in order 
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To have the same level of danger and the same value invested at the start of the sample period. The figure illustrates the huge differences in term of cumulative returns. One euro invested at the 1st of July 2001 is capable to yield a cumulative return 5,56 times more than the value weighted index in just 6 years! At the same time it yields 1,56 times more than an optimal reversal strategy.

That is again evidence that “attribute” information is lost when we apply simple zero-cost strategies than differentiate on the whole set of 10 reversal portfolios.

The explanation of this huge performance lies again in the stability of weights.

[image: image50.emf]Figure 4.C.9: Weights of Optimal Reversal Portfolio
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 [image: image51.emf]Figure 4.C.10: Weights of Optimal Reversal Strategy
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Figures 4.C.9 and 4.C.10, reveal a straightforward, and stable through time, pattern between future return and long-term past performance. 

In Figure 4.C.10, notice that the long term past winners have very stable and negative weights while long-term past losers, strictly positive. This pattern is clearly identified on figure 4.C.9 as well. The gigantic level of performance, during the test period, of the optimal portfolios, based on patterns in the learning period, confirms that high long-term past performance predicts low future returns and vice versa. 

Comparing the two figures it is easy to interpret why an optimal portfolio based on all ten attribute portfolios outperform a strategy based only on winners and losers. As we can see the middle performance portfolios (especially 5,6 and 8) play an important role in terms of weights. This “information” is lost when we focus only on winners and losers.
As we have already analyzed in section 4.5.1 of this part of the paper, 3 Factor model did a great job in capturing the variation of average excess returns produced by 10 reversal portfolios. Thus, it is interesting to evaluate its performance against optimal combinations among them.

Table 4.C.4 (Annualized Data)
3 Factor Model Regressions on Mean Variance efficient Portfolios Formed on long term past returns.

Rit  = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit ,

Where, Rit is the return on the optimal reversal portfolio. All regressions are against Fama French’s benchmark where Factors are formed from the intersection of 2x3 size and B/M categories. All data presented are annualized

( except Adjusted R2).
	Optimal Reversal Portfolio
	Coefficient


	t ( . )
	Adjusted R2

	
	Pricing error(ai)
	0,003029
	1,643

(sign: 0,105)
	0,206



	
	bi
	0,120
	3,537

(sign: 0,001)
	

	
	si
	0,222
	2,688

(sign: 0,009)
	

	
	hi
	0,242
	2,516

(sign: 0,014)
	


Surprisingly, the pricing error is not reliable different from zero, as it is statistically insignificant. Moreover the coefficients of the factors are statistically significant and large. The optimal portfolio loads positively on SMB and HML factors (both are associated with high premiums during this period) and so predicts the high returns of the optimal portfolio. The very low Adjusted R square, though, reveals that the model can only explain a small amount of its variation. So, although 3 factor models performs better than in other optimal portfolio’s cases but still most of the priced risk (80%) is not captured by the factors.

The exact methodology was used in the case of portfolios formed on short-term past performance. In this case the optimization process was tested from the 1st of July 1991 to the end of June 2007. So, learning period is defined from July 1991 to June 1999 and the testing period from July 1999 to June 2007. 

Table 4.C.5

Annualized Sharpe Ratios of Excess Returns on Market Portfolios and Optimal Portfolios formed, based on Long-term Past Returns.

	Portfolio
	Sharpe Ratio (annualized)

	Value Weighted Market Proxy
	0,177

	Equally Weighted Market Proxy
	0,614

	Momentum Strategy
	0,656

	Optimal Momentum Strategy
	0,953

	Optimal Momentum Portfolio
	0,936


The SR (annualized) estimates are presented in Table 4.C.5. 

First of all, we should note the very large SR of the equally weighted relative to the value weighted index (around 3.5). A possible explanation lies in the fact that this period small firms earn a high premium that contributes to higher SR (based on the fact that both portfolios have around the same standard deviation). During the first half this period European markets decrease dramatically, and that seems to affect big firms more, as the equally weighted index highlights small firms and the value weighted does exactly the opposite.

Moreover, although, our optimal portfolios produce annualized SR below the unit, these levels are huge, around 5,2 and 1,6 times more the value and equally weighted indexes, respectively.

All these remarks are more apparent through a cumulative return analysis on Figure 4.C.11. It is easy to see how poorly big firms performed relative to small and our optimal momentum portfolio. Actually optimal momentum portfolio and optimal momentum strategy yield a 4,10 and 3,22, respectively, times larger the value weighted index. In addition an optimal momentum strategy outperform a simple strategy (1,30 times its cumulative return) highlighting the profits of such a procedure relative to classic zero-cost strategies. As we described earlier, in the momentum effect section, the slightly apparent monthly predictability was able to generate the high performance of a simple momentum strategy. So, now applying an optimization process to all set of portfolios (or even only to winners and losers), we can take advantage of all attribute information (predictability), yielding even more profits (around 1,5 times more). On contrary, a simple strategy, focusing only on the means, “looses” part of the available information and lead to worse performance (but still high though).

A final interesting remark can be made focusing both on the Table and Figure. On the one hand the annualized SR of an optimal momentum strategy, which is based only on winners and losers (portfolios 1 and 10), is larger than that of an optimal portfolio, which weights all 10 momentum portfolios (Table). On the other hand, focusing on the figure it is clear that an optimal momentum portfolio yields more (around 1,27 times) cumulative return than the optimal strategy. This evidence highlights the fact that SR is not the most appropriate way to compare our optimal portfolios. The reason is the relative cost. As we have already explained, optimal portfolio’s weights do not sum to one, which practically means that every portfolio has a different cost. Thus only the figure can capture the differences as all portfolios/ strategies are adjusted to have the same cost (1€) and level of risk (all have the standard deviation of the value-weighted proxy).
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In Figures 4.c.12, 4.C.13 we can, again confirm a stability of optimal weights, although not so strong as in reversal case. Again we can see that the short term winners predict high future returns as portfolios 1 to 4’s  weights are strictly positive and high (especially in the 2nd half, while  short term losers (9 and 10) have negative (but low though) weights. Note that middle portfolios (5 and 7) play also a big role in term of weights, that means extra “information” we can invest on it.
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That continuation pattern is more apparent on the weights of the optimal momentum strategy. Short term winners have positive stable weights around 0,9, while short term losers negative and stable around -0,4.
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Actually Momentum was the only case/effect were the Fama & French’s 3 factor model failed to capture it. So, we do not expect that it could capture the variation of optimal portfolios returns, either.

Table 4.C.5, present the results of the 3 factor model regression on the optimal Momentum Portfolio.

Table 4.C.5 (Annualized Data)
3 Factor Model Regressions on Mean Variance efficient Portfolios Formed on short term past returns.

Rit  = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit ,

Where, Rit is the return on the optimal momentum portfolio. All regressions are against Fama French’s benchmark where Factors are formed from the intersection of 2x3 size and B/M categories. All data presented are annualized

( except Adjusted R2).

	Optimal Momentum Portfolio
	Coefficient

	t ( . )
	Adjusted R2

	
	Pricing error(ai)
	0,028
	8,456
(sign: 0,007)
	0,012


	
	bi
	-0,132
	-1,864

(sign: 0,592)
	

	
	si
	0,350
	2,830

(sign: 0,416)
	

	
	hi
	        -0,035
	-0,315

(sign: 0,928)
	


As expected, 3 factor model has its hardest time with this portfolios. Annualized pricing errors are very large (2,8%), and the model fails to capture almost all variation (98,8%) produced by this optimal portfolio, underestimating its high returns.


Concluding this section, we should note that it is debatable how exploitable the huge profits, optimal portfolios imply, especially after transactions cost are taking into account. All optimal portfolios require active trading on a monthly basis on all European stock exchanges. Thus, apparently they are very costly, and it’s a matter of research if they can systematically yield high profits.
Part 5:

Conclusions:
In this paper, we examined a series of new and old facts in finance for the Euro- area, in other words the 12 EMU in countries. 

We applied Pan-European versions of asset pricing models, well-known anomalies, strategies and optimization processes in order to examine the cross section of the European returns and the factors that drive stock returns in this area. The high integration of the European markets, at least from 1997, the elimination of the exchange risk, the prominent role of the common currency to the world markets as long as the fall of restrictions for institutional investors, constitute our basis to assume for a Pan-European market and apply tests in a Pan-European context without the use of any country information.

Our analysis rejected CAPM, as no significant relation between beta and return could be detected. Further results, though, seem to confirm the existence of “true” European factors that drive returns. First of all we document a very strong value effect in European returns, especially after the launch of EMU. At the same time, although it is not straightforward if size effects exist, “extra” small firms seem to earn a consistent premium through time. Moreover, we document very strong momentum and reversal effects. Especially momentum that is documented to be very high in all European markets (Rouwenhorst-1999), seem to adds up to an extremely high premium of 1,88% (until 1999). 

Applying a Pan-European version of Fama-French 3 Factor Model, we confirm that it can capture most of the priced risk produced by size, B/M, double sorted on size & B/M portfolios, as long as portfolios formed on long term past returns, that is reversal portfolios. Consistent with previous applications of the model in any market, our model could predict momentum, capturing a small portion of its returns variation.

In addition, we found evidence of long term predictability to European returns, as slow moving variables like price to dividend ratio, could predict returns at a three-year horizon.

Finally applying unconditional portfolio optimization processes on attribute portfolios, using a “learning” period, we were able to generate huge levels of performance, in terms of Sharpe ratio. This evidence confirmed, actually that consistent, through time, patterns between attributes and returns exist, so invest based on them can generate huge profits. 

All this, consists of evidence for the existence of factors that drive returns in a Pan-European level. The main disadvantage, though of our models are in terms of how realistic, a fully integrated European area could be during our sample period, especially in the pre-EMU period. So apparently, although such effects existed, it is debatable if an investor could take advantage of them, as capital markets are not fully integrated yet and a “true” European investor is ideal. In any way, that will be the case in the near future, so our findings can be very useful. 

APPENDIX 
Robustness Analysis- Additional Fama-French Factors:

In Part 3 of this paper, we analyzed the Fama-French 3 Factor model. As dependent variables we constructed 16 portfolios double sorted on size and B/M, from the intersection of 4 size and 4 B/M quartiles. In order to check for the robustness of the results as the number of the portfolios, used as depended variables against 3 factor model change, we additional construct 9 and 25 double sorted portfolios from the intersection of 3x3 and 5x5 size and B/M categories, respectively. The methodology for the construction of portfolios is identical to the one described in Part 3.B. 

So, the first stage of our Robustness analysis consists of testing additional portfolios (9 and 25 double sorted portfolios) against 3 Factor model, that is market factor and the SMB(2x3) and HML(2x3) Fama-French factors. The (2x3) in the 2 Fama-French factors denotes that they are constructed through the intersection of 2 size categories (50%) and 3 B/M categories (30%, 40%, 30%). The construction of the 2 factors is already described in Part 3.B. 

The decision of sorting common stocks into 3 B/M  and 2 size stocks is due to the evidence, provided by Fama-French in 1992, that B/M ratio has a stronger impact on average stock returns relative to size. So, in order to check the sensitivity of tests to this choice, we construct more complicated FF factors based on different number of B/M and size categories. These are the SMB (3X3), HML (3X3) and SMB (4x4), HML (4x4) factors constructed from the intersection of 3x3 and 4x4 size and B/M categories respectively. The methodology of its construction is identical with the construction of the (2x3) factors, analyzed in part 3.B. Thus the second stage of our Robustness analysis consists of regressing 25 on the additional Fama-French benchmarks [market factor and SMB, HML(3x3) or market factor and SMB, HML (4x4)]. In all the cases the market factor is exactly the same. 

Stage 1: Additional dependent Variables
The stage 1 of the robustness analysis consists of using additional portfolios as dependent variables in the 3 factor model time series regression
:

(Rit – Rft ) = ai + bi (Rmt – Rft ) +  si SMB (2x3) +  hi HML (2x3) + εit     

Table 1 presents the results. The results will be presented in terms of average absolute pricing error, ai  and average R2 adjusted of the regressions
. Moreover we do not include sub-period analysis in the results, as the implications are relevant. 
Table 1:

3 Factor model regressions of monthly excess returns of 9, 25  portfolios double sorted on Size and B/M Equity.

Period: 07/1990-06/2007, Sub-periods.

Rit – Rft  = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit
Where the dependent variables consists of 9 and 25 portfolios double sorted on size and B/M categories and the dependent variables consists of the value weighted market factor and the SMB (2x3), Hml (2x3) Fama-French factors. Period 1990-2007.

	Portfolio

1990-2007
	Average Absolute

 Pricing error
	R2
	Adjusted R2
	S(e)

	9 Portfolios
	0,001255
	0,931
	0,930
	0,0112

	25 Portfolios
	0,00186
	0,882
	0,880
	0,0176


In the case of 9, double sorted on size and B/M portfolios, the 3 factor model exhibits an excellent performance. The absolute pricing errors are very small and statistically insignificant except of portfolio SH- the smallest size-highest value portfolio. The adjusted R square is also very high, indicating that most of the variance in excess returns of the 9 portfolios is captured by the model. 

In the case of 25 portfolios, again, we document a good performance of the model. Almost all miss-pricing comes from the smallest quintile and only 4 out of 25 portfolios have statistically significant pricing errors. Moreover the model can capture around 88% of the variance produced by the 25 portfolios, which can be interpreted as a very good performance. 

Overall, in all cases of 9, 16, 25 portfolios, the 3 factor model exhibits a very good performance, underestimating only the small-relative distressed firms. So, as the number of categories increases, from 3x3 to 5x5, the impact of the smallest firms gets bigger, distorting the results. That is the main reason why as the number of portfolios increases, the miss-pricing becomes larger. 

Stage 2: Additional independent Variables- Factors:
Fama and French (1992) constructed their factors through the intersection of 2 size and 3 B/M categories. This, rather, arbitrarily choice was due to the fact that  B/M has a larger impact on return than size. So in order to determine the sensitivity of this choice to the results we check how the results change by using more complicated additional Fama-French factors. 
      The box, show the results for the 25 portfolios:

	Period: 1990-2007
	Average Absolute Pricing Error
	Adjusted R2
	S(e)

	25 Portfolios on 2x3
	0,00186
	0,880
	0,0176

	25 Portfolios on 3x3
	0,00198
	0,831
	0,0182

	25 Portfolios on 4x4
	0,0024
	0,830
	0,0185


As we can see from the box, the additional factors don’t seem to improve the simple (2x3) 3 Factor model. On contrary the (2x3) SMB and HML factors seam to contribute better besides the market factor in capturing variation of returns, not only of the presented 25 portfolios but in all cases.
Using the additional factors in portfolios sorted based on past returns, we found no significant change in results for momentum, while model’s performance ameliorated,
in the case of reversal portfolios. In other words, adding the additional factors to the 3 factor model, still it was unable to predict momentum, but it did better work against Reversal.

More precisely the box presents the results of using the 3 factor model with SMB, 
HML(2x3) against 3 factor model with SMB(4x4), HML (4x4) in the case of the 10 portfolios sorted on long-term past returns, that is Reversal. The 10 reversal portfolios are the same as constructed and used throughout the part 4.

	Period: 1990-2007
	Average Absolute Pricing Error
	Adjusted R2

	10 Reversal portfolios on 3FF with (2x3) factors
	0,00172
	0,824

	10 Reversal portfolios on 3FF with (4x4) factors
	0,00108
	0,834


It is obvious that using the 4x4 factors, models performance ameliorated both in terms of Adjusted R square, and of Average absolute pricing error. 

In addition, we present the results of regressions of the optimal portfolios of part 4, to the additional Fama-French’s 3 factor models. Tables 2 and 3 report the results against the 3 Factor model with the 3x3 factors and 4x4 respectively. In any case it is obvious that any Fama-French benchmark, cannot capture the huge performances of these portfolios. Comparing these versions of Fama-French with the simple one (2x3), presented in part 4,  though, the 3x3 and 4x4 versions present higher R squares and smaller intercepts.

Table 2
3 Factor Model Regressions on Mean Variance efficient Portfolios Formed based Size and B/M.

Rit  = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit ,

Where Rit is the return of each of our optimal portfolios, that is 6(2X3), 9(3X3), 16(4X4), 25(5X5). All regressions are against Fama French’s benchmark where Factors are formed from the intersection o 3x3 size and B/M categories. All data presented are annualized

(except Adjusted R2).

	Portfolio
	Pricing error(ai)
	t(ai)
	Significance
	Adjusted R2

	Optimal 2x3
	0,004
	2,288
	0,024
	0,002

	Optimal 3x3
	0,00406
	2,116
	0,037
	0,260

	Optimal 4x4
	0,006511
	3,021
	0,003
	0,164

	Optimal 5X5
	0,0052
	1,865
	0,065
	0,117


Table 3
3 Factor Model Regressions on Mean Variance efficient Portfolios Formed based Size and B/M.

Rit  = ai + bi (Rmt – Rft ) +  si SMB +  hi HML + εit ,

Where Rit is the return of each of our optimal portfolios, that is 6(2X3), 9(3X3), 16(4X4), 25(5X5). All regressions are against Fama French’s benchmark where Factors are formed from the intersection o 4x4 size and B/M categories. All data presented are annualized

(except Adjusted R2).

	Portfolio
	Pricing error(ai)
	t(ai)
	Significance
	Adjusted R2

	Optimal 2x3
	0,004
	2,159
	0,033
	0,000

	Optimal 3x3
	0,004
	1,865
	0,065
	0,250

	Optimal 4x4
	0,00609
	2,733
	0,007
	0,143

	Optimal 5X5
	0,00468
	1,620
	0,108
	0,104


Figure 1 shows the cumulative return on all different factors we constructed relative to the market. Again the factor returns are adjusted.

As it is obvious from the figure, the value effects are almost stable no matter how many categories we form. That does not hold for the size also. As we saw throughout our research a “extra small effect” seem to exist. That is apparent in the figure. When we form more size categories the very small firms affect more the return of SMB, that is increasing with the size categories.
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� MCSI market indexes,  just to give an exemple.


� At the appendix we present the whole list of  types of capital action/ changes.


� Net Tangible Assets  is defined as total assets, excluding intangible assets less total liabilities, minority interest and preference stock, that is ordinary share holder’s equity less tangible assets.


� Definitions are provided by Thompson Financial.


� We excluded also all firms with not available MVTB ratios for our research-specific reasons though, not connected with handlind TDS data in general.


� As we have already mentioned earlier, the data of TDS we used were: P, MV, MVTB, DPS, RI .


� Lately TDS was reconstructed providing relative information for Instrument type. Again though, the category equities does not contain purely common stocks.


� Both XSQ and XETRA are electronic exchanges so stocks listed on them are Duplicates, that is the prices of the stock comes from the alternate exchange


�  This table is provided by Thompson Financial in TDS Extranet.


� See Cochrane (1997) for a comprehensive review of new facts in finance.


� The catalog of the 12 Primary European stock exchanges is presented in Table 2 in paper 1.


� We follow the methodology of Ferson, Harvey (1999), which is based on Thompson’s  Datastream.


� OECD: Organization for Economic Co-operation and Development.  


� Although every asset pricing model is a capital asset pricing model, the finance profession reserves the acronym CAPM for the specific model of Sharpe (1964), Lintner (1965) and Black (1972). Thus throughout the paper we refer to the Sharpe-Lintner-Black model as CAPM.


� The sample of common European stocks, as long as the construction of the market proxies and Synthetic risk free rate is already analyzed in part 2 of the paper.


� The points are relevant though as betas are multiplied by the average excess market return as indicated in equation 1.


� The reason for the negative excess returns that appear not only in this case, but in the whole section, will be explained at the end of the part. 


� Estimations below the 45o line, show overestimations of the model, as their betas should have been smaller. On the contrary, estimations under 45 degrees line indicate underestimations.


� Ratio of book value of dept over the market value of equity is used  as a measure of leverage.


� In the previous section, we already defined the market value and the B/M ratio of stocks.


� Although these results could easily be identified by the Figure, Table 3. B. 2  provides all relevant information.


� The difference in sights is due to the fact that our SMB factor has a negative average premium in our sample period from1990 to 2007, relative to the positive premium of FF Smb in their NYSE sample.


� We form this strategies based on the SMB-HML factors constructed for our tests, where they are reformed each July. 


� We present the adjustment for the HML, the SMB is adjusted similarly.


� Adjusted  R2 ,is the regression’s R square adjusted for degrees of freedom.


� The construction of the monthly Synthetic Risk free rate is analyzed in part 2.


� This model and the formation of the Fama/French factors are already extensively analyzed in part 3 of the paper, HML - SMB factors are made through the intersection of 2 size and 3 B/M categories. 


� Such Anomalies were studied by Lakonishok, Shleifer and Vishny (1994)


� This model and the formation of the Fama/French factors are already extensively analyzed in part 3 of the paper, HML - SMB factors are made through the intersection of 2 size and 3 B/M categories. 


� Despite the fact that our sample periods for this effects are somehoe differnt, Momentum is tested from1/7/91 to 30/6/2007 and Reversal is tested from 1/7/95 to 30/6/2007.


� Comparison can only be made on theoretical, relevant terms; a straight comparison of findings would demand testing in the exact sample period and Horizons. Despite this fact, interesting remarks, about the presence of these effects and the performance of the models against them, can be made.


� The construction of our monthly Synthetic Risk free rate of the European market is already analyzed is part 2 of the paper.


�  σ (.) is the standard deviation. Actually standard deviation is the most common measure of an asset/ portfolio’s risk.


� The way average predicted excess returns are computed is the same with the relative figures presented in part 3 of the paper. 


� Later papers from Vassalou, Carhart, form different 4-factor models, where the SMB, HML, MOM factors are formed from the intersection of triple rankings on stocks every month. That is with the same methodology as Fama and French form their annual rebalancing factors. These model’s MOM, actually proxie for risk. 





� Malkiel (1990) provides a extensive introduction to random walk theory.


� Almost identical regressions for NYSE are presented by Cochrane (1991).


� The six portfolios from the intersection of 2 size and 3 B/M categories, that Fama and French used for the formation of the SMB, HML factors, that is as described in part 3 of our paper : S/L, S/M, S/H, B/L, B/M, B/H.


� Reisman’s sample in the NYSE consists of 600 months.


� We define Sharpe ratio only for excess returns. This saves as from the cumbersome handling of the minimum variance portfolio that appears in other case. Practically this means that SR for excess returns is a lower bound on the SR in other case.


� We already introduced these “advanced” factors in part 3 of this paper. Extended analysis on them can be found on the appendix “Extended Robustness Analysis”.


� Very useful instruction about “Speadsheet Modeling” can be obtain from � HYPERLINK "http://www.sreadsheetmodeling.com/portfoliooptimazation" ��www.sreadsheetmodeling.com/portfoliooptimazation�. 


� These factors are constructed with the exact methodology of the 2 factors at part 3, that we defined as SMB (2X3), HML (2X3).


� In this period, European market decreased dramatically, so small firms with constant prices due to limited trade could lead to higher average returns also, which increases sharpe ratio even more.


� The absence of a relative stability explains why this case yields lower ex-ante SR than 16 or 9 portfolio’s case.  Despite this fact, the performance of optimal 5x5 was quite large, so we can based on its weights to make remarks.


� This relation was denoted as equation (5) in Part 3.B of the paper 2. 


� The analytical results 


� Extensive results can be provided upon Requaest.
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