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Abstract

This thesis examines the relation between MSCI iMiumh Volatility indices performance and
underlying risk factors during the 2001-2011 peridde majority of minimum volatility indices
outperforms its capitalization weighted benchmarierms of Carhart four-factor risk-adjusted
return. However, a large share of this outperforeeais attributed to a bundle of risk sources.
This implies the return premium on these indicepis$ a compensation for risk. The findings
indicate minimum volatility portfolios are biased tow-beta stocks. Also, it is shown that
concentration risk and absence of implied protectituring extreme market events partly
explain the Carhart four-factor outperformance. sThitudy adds to existing literature by
examining these risk sources into detail. Afteruatipg for all risk factors, the outperformance
of the global minimum volatility portfolio compardd its capitalization weighted benchmark
turns out to be statistically insignificant.
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1. Introduction

“Matching the market is an inefficient investmetnategy”
(Haugen & Baker, 1991, p.35)

Haugen and Baker (1991) can be seen as pioneargroiip of scholars that potentially initiated
a paradigm shift in the asset management induisttyaditional finance, investors are assumed
to be rational. The latter implies the utility léwa investors is only determined by return and
risk and hence funds should be invested in thefgartwith the highest Sharpe ratio. This
portfolio is easy to identify if a set of assumpsadholds. Namely, all investors agree about risk-
return profiles of all securities (i); there arestwrt selling restrictions (ii); there are no s
investment return (iii) and the investment oppoitiufor all investors is equal to the securities
in the cap weighted index (iv). In this ideal wqrla market capitalization weighted (MCW)
portfolio is Sharpe efficient (Haugen & Baker, 199However, as these conditions are very
unlikely to be met, it is of great importance tendify a more efficient strategy.

1.1 Research problem

As mentioned, following Haugen and Baker (1991)nhynacholars attempted to identify an
alternative for MCW portfolios. Among several aftatives for MCW, the minimum volatility
(MV) weighting strategy is probably the most intheg option. The weights in a MV index are
determined by minimizing ex-ante portfolio volayli These portfolios historically outperformed
MCW portfolios in terms of Sharpe ratio (Arnott, l€anik, Moghtader & Scholl, 2010; Baker,
Bradley & Wurgler, 2011; Chow, Hsu, Kalesnik & L&t 2011; Clarke, Silva & Thorley, 2006;
Geiger & Plagge, 2007; Melas, Briand & Urwin; 20Niglsen & Aylursubramanian, 2008;
Scherer, 2010). The latter implies the excess megbar unit of variance is higher than that of
MCW portfolios. Most scholars found both a higheturn and a lower variance for MV
portfolios compared to MCW portfolios. The performea of MV portfolios relative to MCW
portfolios is graphically presented in Figure 1.cAaing to Markowitz (1952) portfolio theory,
investors should invest in the risky asset poufttiat has the highest Sharpe ratio: the tangency
portfolio. Subsequently investors should use leyerto arrive at the preferred level on the
Capital Market Line (CML). According to traditionéihance theory, rational investors should
hold a combination of the MCW portfolio and thekrisee asset. However, empirical findings
suggest a combination of the MV portfolio and tis&free asset is more optimal.
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Figure 1: Risk-return profile of various portfolio. MV and MKT indicate the theoretical positions oetMV and MCW
portfolio, whereas MV’ and MCW’ indicate the empii positions. (Abbreviations: E[R] = expected ratan the portfoliop =
standard deviation of the portfolio returns; CMlapital Market Line)

Previous research suggests the Sharpe ratio ootpemice of MV portfolios is consistent over
time and space. However, it is of great interedin out whether this is an anomaly or whether
there are other reasons that justify a ‘CAPM-oudtperance’. Arnot et al. (2010) argue the
outperformance of a global MV portfolio is also geat when adjusting for exposures to
generally accepted risk based pricing anomaliesdergtified by Fama and French (1992) and
Carhart (1997). Chow et al. (2011) and Scherer@®@isagree with this position. However, the
approach they use to come to their stance canitigizad. Scherer only examined American
stocks. Scholars who studied the returns on MV fplos for a broader cross section of
countries, showed the Sharpe ratio outperformare® larger in other regions than in the US
(Geiger & Plagge, 2007). Therefore, the finding$Soherer (2010) cannot be generalized. Chow
et al. (2011) created a global MV portfolio and ridua positive, but statistically insignificant
risk-adjusted return. Arnot et al. (2010) showed Bftfolios outperform MCW portfolios after
adjusting for the four Carhart (1997) factors. Swuanging, findings are inconsistent and seem to
depend on the region. The link between the extraarg performance of MV portfolios and
potential exposure to other risk factors, is anenegposed research area. This thesis will shed
light on this subject.

MV investors aim to hold the equity portfolio withe lowest volatility. Hence, the optimal
allocation is determined by the complete covariamegrix. Individual betas are calculated by
dividing covariance with the market portfolio byetkariance of the market portfolio (Hamilton,
1994). Hence, the information that is requireddetermining the allocation of MV portfolios is
reflected in betas. As the goal is to minimize tibtg, MV portfolios are expected to be
dominated by low-beta stocks. The latter is conddnby Scherer (2010), who showed MV
portfolios indeed hold low-beta stocks. In an earfitudy by Black, Jensen and Scholes (1972),
the expected excess returns are not linearly celaiebeta. This finding has been used as a
starting point by several scholars in the 2000st{B van Vliet, 2007; Baker, Bradley &
Wurgler, 2011; Frazzini & Pedersen, 2010). Theyfalind risk-adjusted returns on low-beta




assets are significantly higher than those on bigga assets. The betting against beta (BAB)
factor, a portfolio that is long in low-beta andsahin high-beta stocks and levered to a beta of
one, captures the return difference. Frazzini ardePsen (2010) argue the anomaly exists
because some investors have leverage constrainaseolimited by margin requirements. In
short, leverage constrained investors who woulel iikbuy market exposure can only implicitly
lever up their portfolio. The market exposure tisabbtained per euro investment, is highest for
high-beta stocks. Therefore leverage constraineesiors prefer high-beta assets over low-beta
assets, which increases demand. As a result, #tesks became overvalued. If a stock is
overvalued at present, risk-adjusted returns averdan the future. Exactly the opposite holds for
low-beta stocks. Hence, for investors that arelen¢rage constrained, the return premium on
low-beta stocks seems to be a ‘free lunch’. Howethare are reasons to assume the BAB factor
actually captures a bundle of risk sources. To gineexample, in a recent paper, Cowan and
Wilderman (2011) claim the implied protection elema high-beta assets justifies a premium
on low-beta assets. This will be discussed intaitlet the next section.

Summarizing, MV portfolios outperformed their MCVeérichmark in Sharpe ratio terms. Also, a
possible relation exists between the beta anomadlythis outperformance. It is not clear yet
whether MV portfolios also outperform when adjusteda broader set of risk sources. The next
paragraph clarifies which topics are studied.

1.2 Research aim

The aim of this thesis is to find out whether MVrtpalios actually outperform on a risk-
adjusted basis, or whether this is a compensatonother risk factors. The latter will be
examined for the MSCI MV indices, which are a senécommercially successful MV indices.
In order to gain a better understanding of thessesiies and underlying risk factors, also other
portfolios will be constructed and used as an idieation tool. After measuring the Carhart
(1997) four-factor outperformance, the relationwesn MV performance and BAB returns is
clarified. Some potential risk sources, such asrgge constraints, are assumed to be completely
captured by the BAB factor. As the link between B#AB factor and leverage constraints is well
documented by Frazzini and Pedersen (2010), theerdustudy will not elaborate on this.
Underexposed risk sources that might affect MV fpbd returns either directly or through the
BAB factor, are scrutinized. Besides the BAB ridle other two risk factors that are studied are
concentration risk and the absence of implied ptae.

1.3 Relevance

This study on MV strategies addresses issues fiatindn academic as a practical point of view.
Scherer (2010) links the performance of MV porteliwith the hypothesized bias to low-beta
stocks, but solely American stocks are investigafedprevious studies showed the MV strategy
has been even more profitable in other regions thahe US, it is relevant to investigate this




topic from a global perspective. New insights, sastthe implied protection in high-beta stocks
(Cowan & Wilderman, 2011), have not been investéidgain a MV context yet. Also an
examination of the role of concentration risk, atlexisting literature.

This study is relevant for practitioners in the edssranagement industry as well. As stock
markets have been extremely volatile during themedecade, institutional investors such as
pension funds became increasingly interested intye@irategies that generate less volatile
returns. As MV strategies minimize volatility pegfohition, but also seem to be Sharpe efficient,
a switch to a MV benchmark instead of a MCW bendknmseems appealing. Compared to
MCW indices, the MV indices might be exposed td figctors by different magnitudes. It is

also possible that MV portfolios are exposed tdedént risk factors. This would have major

implications for risk management. As MV portfolios fact can only be protected by buying

hedging instruments on MCW indices, a better urideding of underlying risk factors is key to

risk managers.

1.4 Research question
This study addressed the following research questio

To what extent can the Sharpe ratio outperformariddV indices be explained by exposure to
risk factors?

1.5 Structure of the thesis

In order to answer the research question, the patersk factors need to be identified first.
Section 2 provides an overview of previous stuadiasMV portfolios. Also, risk factors that
potentially provide an explanation for the outpemiance of MV indices are included. In
Section 3, the hypotheses that follow from therditere review are presented. An overview of
the used data is given in Section 4. SubsequeBdgtion 5 deals with the methodology. Next,
the findings are summarized in Section 6. Lastlgpaclusion, discussion and suggestions for
future research are provided in Section 7 and Ge&




2. Theoretical framework

In this section an overview of relevant literatisgresented. First, traditional finance theory is
discussed, as it is important to understand howfgdar performance is evaluated. As a side
note, the advantages and disadvantages of MCWaeisdidll be explained as it is important to

understand why MCW indices became the standardhipesud in the investment industry. After

this background information has been provided, ubsection 2.3 existing literature on MV

indices is shown.

2.1 Portfolio performance evaluation

Traditional finance is based on the concepts oéstar rationality (Miller & Modigliani, 1961)
and market efficiency (Fama, 1970). If these cotscépld, this implies that a higher portfolio
return can only be obtained by taking more systenmk (Markowitz, 1952; 1959). Based on
these theorems, the Capital Asset Pricing ModelRMAhas been developed by Sharpe (1964),
Lintner (1965) and Black (1972). According to thARM, the expected return on each security
(E[R;]) can be modeled in terms of expected market rettifR,,]) and the risk-free ratgR).
The beta coefficien{s;) is an indicator of the sensitivity of the secuetycess returns to market
excess returns.

E[R] = Rs + Bi (E[Rn] — Rf) 1)
When allowing for an intercept term;{), Equation 1 can be rewritten as:
E[R]-Rs = a; + B; (E[Rm] — Ry) (2)

As all securities together form the market portipthe intercept term, or Jensen’s alpha (1968),
will be zero on average. According to the CAPM “tinearket portfolio’ is mean variance
optimal” (Arnott, Hsu & Moore, 2005, p.83). This joies rational investors should allocate their
investment portfolio only to the market portfoliacathe risk-free asset. They should determine
their position on the CML (see Figure 1) in suctvay that their preferences regarding return
and risk are satisfied.

Although the CAPM is a respected cornerstone iarfae, it is not difficult to create a portfolio
that yields a positive alpha return. Fama and Frgid®92) showed that firms with a small
market capitalization and those with a high bookugacompared to their market value, on
average outperform the market in terms of risk-stéjd return in a CAPM setting. However, the
higher return on these stocks is only a compensdtioadditional risk factors (Fama & French,
1993). Therefore, long-short portfolios that caettine return difference are introduced in the
asset pricing model. These are respectively thdl-smiaus-big (SMB) factor for the size effect

10




and high-minus-low (HML) factor for the book-to-rkat effect. In another study, Carhart
(1997) shows that markets overreact in the shortatier which correction follows. Stocks that
did well in the recent past are expected to comtidaing well in the near future. The same is
true for stocks that underperform. A trading sggtéhat involves buying recent winners and
selling recent losers, would contribute to genatpta positive CAPM alpha. The factor that
captures the return on this strategy is calledntbenentum (MOM) factor. Conducting a multi-
factor regression analysis that includes the factioat are discussed above, results in an output
that shows a more fair risk-adjusted return. Then@a (1997) four-factor regression equation is
presented below:

RP —R] = a+ B(R™* —R]) + s« SMB, + h+ HML, + m x MOM, 3)

Findings of studies investigating low-beta stodksagzini & Pedersen, 2010) suggest this four-
factor model should be extended with a fifth facteamely the betting-against-beta (BAB)

factor. The latter captures the beta weighted metliiference between low-beta and high-beta
assets. According to Scherer (2010), MV portfobegk exposure to this pricing anomaly. This
factor will be explained into more detail later.

To compare different investment alternatives in aywhat is consistent with the arbitrage
pricing theory (Ross, 1976), one could evaluate mhiirn on a portfolio as the sum of
compensations for different risk factors. In theRM, there is only one risk factor, market risk.
If a portfolio has a beta of 0.7, then its expeotadess return is 70% of the market excess
return. Continuing this line of reasoning, an irteesbuys ‘factor exposures’ instead of
underlying stocks. When evaluating whether low-lastsets or minimum volatility portfolios are
a good alternative for a MCW portfolio, one shopidge these after adjusting returns for factor
exposures. This is reflected in alpha returns. Mamstitutional investors do not judge
investments in this manner, but only look at retand volatility. However, when comparing
portfolios in the current study, one should asstima¢ an investor replaces a MCW portfolio by

investing approximatelz;l— in the MV portfolio. Risk-adjusted returns thaé abtained through
MV

regression analysis satisfy this prerequisite.

2.2 Market capitalization weighted indices

The finance industry has promoted the idea that M@#ites form a good proxy for the market
portfolio for decades (Arnott, Hsu & Moore, 2005rnatt et al., 2010). Many practitioners
believe that MCW indices are mean variance effici@me of the underlying reasons to stick to
this belief, might be the fact that MCW offers seleappealing advantages (Arnott, Hsu &
Moore, 2005). As MCW is a passive investment sgpatand portfolios are automatically
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rebalanced, little or no trading is required, whieBults in costs reduction. Furthermore, stocks
with a larger market capitalization are often miagaid, which further reduces transaction costs.
Also, a MCW investment strategy is a convenient whdiversifying across the equity market
as the largest portfolio weights are automaticakgigned to the largest companies. Lastly,
scalability is another important advantage of MC¥Wftimlio composition. In addition to this,
Arnott et al. (2010) state that tax consequencea MCW investment portfolio are low. As
mentioned in the introduction, the MCW index isyoefficient when four conditions are met.
The fact that this is unlikely as well as the pperformance of MCW indices compared to MV
indices, provides reasons to switch to a MV benckma

2.3 Minimum volatility indices

MV weighting is an optimization based strategy. ifss name suggests, the strategy aims to
minimize return volatility of an equity portfolidn the subsequent sections, the construction
methodology of these portfolios and findings ofyioes studies will be explained.

2.3.1 Construction

Expected stock returns and their covariance md&X{y are difficult to estimate accurately,
which is the main challenge when forming optimattfwhios. When creating a MV portfolio,
weights(w,) are chosen such that portfolio variance is mingdiZDeMiguel, Garlappi, and
Uppal, 2009, p.1924). Maximum combined portfolioigies are equal to one. This optimization
problem is presented in Equation 4.

min[w{Zw,], s.t.lyw,=1 (4)
Wi

Contrasting other portfolio optimization methodsy Mtrategies do not require return estimates.
The covariance matrix is the only determinant & weights for MV portfolios, which stresses
the importance of estimating future covariance eately (Nielsen & Aylursubramanian, 2008).
Chow et al. (2011) estimated the covariance mdyiapplying a Bayesian shrinkage method
(refer to Ledoit & Wolf, 2004) and using data of ®@nths. Subsequently, portfolio weights for
the next quarter or year are calculated by miningzortfolio variance over the previous period.
Haugen and Baker (1991) and Chow et al. (2011) osexnb such an index consisting of the
largest thousand U.S. stocks by market capitatimatin both studies, maximum weights are
constrained at industry and security level.

The MV portfolios that are developed by MSCI areoag the most well known MV
benchmarks. Nielsen and Aylursubramanian (2008 firedex provider MSCI Barra, studied
index returns of the MSCI MV World Index. MSCI Baruses the Barra Global Equity Model
covariance matrix as an input to determine the kteigf MSCI MV indices. The Barra model is
seen as the most successful commercial factor ntbdelis used to predict variance of stock

12




returns (Haugen & Baker, 1996). When applying thethod, factor returns are used to create a
covariance matrix that is more robust, as it takesrs into account that would arise from using
pure return history (Nielsen & AylursubramanianQgy

2.3.2 Performance

According to Markowitz (1952) portfolio theory, iaestors should invest in the risky asset
portfolio that has the highest Sharpe ratio: timgeéacy portfolio. Subsequently investors should
use leverage to arrive at the preferred level enGML. Traditionally, MCW are assumed to be
efficient, but scholars that studied the perfornean€ MV portfolios found that they have a

higher Sharpe ratio than a MCW benchmark (see THble

Table 1 Literature Comparison: Sharpe Ratio MV Portfolios. Only studies which also presented the Sharpe Rt
market capitalization weighted benchmark are inetud

Period Region Sharpe Benchmark
Ratio

Arnott et al. (2010) 1993-2009 Global 0.52 0.18 Wandex,

1000 stocks)
Baker, Bradley & Wurgler 1968-2008 US 0.47 Not mentioned
(2011)
Chow et al. (2011) 1987-2009 World 0.39 0.22 (MSGirld)
Chow et al. (2011) 1964-2009 US 0.49 0.26 (S&P500)
Clarke, Silva, Thorley 1968-2005 US 0.54 0.36 (MCW index
(2006) 1000 stocks)
Geiger & Plagge (2007) 2001-2007 Germany 0.34 DFX)
Geiger & Plagge (2007) 2001-2007 France 0.40 aOrs40)
Geiger & Plagge (2007) 2001-2007 Japan 0.21 0.0k ey
Geiger & Plagge (2007) 2001-2007  Switzerlar@d77 0.09 (SMI)
Geiger & Plagge (2007) 2001-2007 US -0.10 -0.29RS80)
Melas, Briand & Urwin 1988-2010 World 0.32 0.21 (MSCI World)
(2011)
Nielsen & 1995-2007 World 0.67 0.45 (MSCI World)
Aylursubramanian (2008)
Scherer (2010) 1999-2009 US 0.008 0.003 (MSCI US

Even when investors are rational and markets di@egft, MV portfolios could ‘accidently’ be
Sharpe efficient but then this portfolio shoulddzpial to the market portfolio. It is more likely
that there are other reasons for the outperformah&#Vv portfolios. These are discussed in the
next paragraphs.
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2.3.3 Traditional risk factors

Although some scholars provide empirical evidengavall as a theoretical explanation for the
outperformance of MV portfolios, the previous sectsuggests that there are other factors that
should be taken into account. First, the expostife\v portfolios to generally ‘accepted’ risk
based market anomalies is discussed.

Of the studies that are presented in Table 1, favlyscholars conducted a Carhart (1997) four-
factor regression to check whether minimum volatiiortfolios also outperform when adjusted
for exposure to the HML, SMB and MOM risk factofgnott et al. (2010) found a significantly
positive four-factor alpha. Clarke, Silva and Tlegrl(2006) found similar results, but do not
state whether the outperformance is statisticadjgiicant. Contrasting these scholars, Chow et
al. (2011) did not find significantly positive Canth (1997) four-factor alpha returns whereas
Scherer (2010) did not find significantly positirama-French (1993) three-factor alpha returns.
Findings and different methodologies are summarine@iable 2 that is presented on the next

page.

14



Table 2 Overview of studies to MV portfolios that hcluded multi-factor return regressions.

Region Period Alpha  Factors Universe Rebalancing  Method
Chowetal. US 1964-2009 0.30% 4 (MKT, CRSP largest Annually Covariance matrix from excess returrs
(2011) SMB, HML, 1000 by previous 60 months. Use shrinkage
MOM) market estimator as defined in Clarke, de Silja
capitalization and Thorley (2006)
Weights restrictions
Individual securities 0-5%
1964-1969 0.54%
1970-1979 -0.10%
1980-1989 1.68%
1990-1999 -0.66%
2000-2009 1.46%
Chow etal. Global 1987-2009 1.25% 4 (MKT, Datastream  Annually Covariance matrix from excess returns
(2011) SMB, HML, largest 1000 previous 60 months. Use shrinkage
MOM) By market estimator as defined in Clarke, de Silja
capitalization and Thorley (2006)
Weights restrictions
Individual securities 0-5%
Arnott et al. Global 1993-2009 1.81%* 4 (MKT, Proprietary Quarterly Covariance matrix based on proprietary
(2010) SMB, HML, (Lazard) Lazard Asset Management factor-
MOM) model.
Weights restrictions:
Individual securities <1.5%
Industries <20%.
Scherer us 1999-2009 -0.00% 3 (MKT, MSCI Barra  Semi-annually Covariance matrix based on propsetar
(2010) SMB, US Minimum MSCI Barra Global Equity factor-
HML). Volatility model.
Regression  Index (uses
of excess stocks from Weights restrictiongNielsen &
return MV MSCI US) Aylursubramanian, 2007):
portfolio « Individual securities: 0.05%-1.5%
w.r.t. cap and maximum of twenty times
weighted weight of security in MSCI World.
portfolio « Countries and GIC sectors: <5%
instead of deviation from benchmark.
risk-free - Barra risk index exposures <.25Sp
rate. from benchmark exposures.
¢ One-way turnover <10%.

* significant on 95% confidence level
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2.3.4 BAB factor

According to Scherer (2010), the performance of-bmta firms is an important source of risk
for the MSCI US MV Portfolio. This type of risk igflected in the BAB factor that has been
introduced earlier. The BAB factor captures the eirgd finding that low-beta assets
outperform high-beta assets. The latter is predeAggpendix A, Table 13 and Figure 10.
Frazzini and Pedersen (2010, p.3) show that “BABrrs are consistent across countries, time,
within deciles sorted by idiosyncratic risk and webto a number of specifications”. They argue
this is caused by leverage constraints. Howevessipty also other risk sources play a role. It is
possible that the impact of some of these risk sion the MV portfolios is only partially
captured by the BAB factor. Therefore the direcpatt of these particular risk sources will be
studied as well. The potential sources of fourdaelpha are explained below.

Source 1 Leverage constraints

Both Blitz and Van Vliet (2007) and Frazzini anddBesen (2010) argue real world investors
face borrowing constraints and hence require ardave& premium on high-beta stocks. The
latter is explained in the example on the next page

Example 1

Suppose the investment universe consists of tlsmedsa Wal-Mart stockg (= 1), Apple
stocks(f = 2), and three month treasury bills. Assume the equigmium equals 6%
and the risk-free rate is 2%. There are two inviesta pension fund and a hedge fund.
The pension fund has two billion dollar to investdaequires a beta exposure of one.
The hedge fund has 1 billion dollar to invest, riees a beta exposure of two and can
borrow at 4%. The hedge fund manager can either:

l. Invest one billion dollar in Apple. Expected profid0 million dollar. (Implicitly
levered portfolio)

Il. Borrow one billion at 4%. Invest two billion dollan Wal-Mart. Expected profit:
120 million dollar. (Explicitly levered portfolio)

The two alternatives imply similar market riskst the first strategy generates a higher
return, as it offers the opportunity to use imglidverage against the risk-free rate.
Hence, the hedge fund manager will choose alteradtiNow the options for the pension
fund are evaluated. The pension fund can either:

l. Invest two billion dollar in Wal-Mart. Expected gito 160 million dollar.
Il. Invest one billion dollar in Apple, and the remaigipart in three month treasuries.
Expected profit: 160 million dollar.
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As many leverage constrained investors face the seadeoff as the hedge fund, demand
for Apple increases after which expected returnstioa asset go down. The price of
Apple will continue to increase as long as alteivat is more attractive than alternative
Il. As this cannot be explained by the CAPM, thiuces risk-adjusted returiia) to be
negative. As a result, the low-beta stock will eutprm. For the pension fund,
alternative | will become relatively more attracticompared to alternative II.

Hence, one would expect negative risk-adjustedmston low-beta assets during periods with
low liquidity because investors de-lever and conspém by buying high-beta assets. The TED
spread proxies for tightness of the credit constsa{Frazzini & Pedersen, 2010). The TED
spread is the premium on interbank loans over €&stiry bills. As the TED spread turns out to
be a predictor of BAB returns, leverage constraares considered as one of the reasons that
justify outperformance of low-beta assets. Theti@hghip between leverage constraints and the
BAB factor is well documented by Frazzini and Pedar(2010). Please refer to their study for
more information about this relation.

Source 2 Implied protection

Besides leverage, high-beta stocks offer protedfiamng extreme circumstances, which might
also justify lower returns. In short, high-betact® have less negative returns during extreme
circumstances, than what their beta would predikis relation between high-beta stock returns
and market returns, implies that high-beta invastoe to some extent protected during extreme
market events (referred to as ‘implied protectil@m here onwards) (Cowan & Wilderman,
2011). As MV indices are expected to be biasedwsheta assets which do not have the implied
protection feature, a premium is required. The idehlind this is illustrated in the example
below, which is based on the idea of Cowan and &vilchn (2011).

Example 2

Although the arguments in Example 1 seem reasontitddank charges four percent on
a loan to the hedge fund for other reasons thangypial agent problems. The loan to the
hedge fund has the same risk characteristics asul@rdinated loan to Apple, as
illustrated in Figure 2. The bank loan is referréal as ‘equity owned by bank’. This
Figure shows that the only difference between ioit@ind explicit leverage is the person
who bears the risk. This becomes clear during ex¢revents. When markets decline by
50%, Wal-Mart shares = 1) will drop by the same amount if the CAPM holdse T
hedge fund can sell its shares and repay the ldawever, when equity markets drop by
70%, Wall-Mart would survive but the hedge fund gét a margin call and only be able
to repay 60% of the loan. The problem is that thenlis valued by the CAPM as if it is
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risk-free. Note that in Figure 3, the debt/equilyK) ratio of Apple is higher than that of
Wal-Mart. This often holds for high-beta firms rila@ to firms with a lower beta, but
even equal D/E-ratios would not justify to ‘prigeplicit leverage at the risk-free rate’.

Apple betap=2 NN

X Debt
B Subordinated debt

wal-Martp=1 WM equity ‘owned by bank

m Equity

0% 20% 40% 60% 80% 100%

Firm Value

Figure 2 Hypothetical financing of low-beta versusigh-beta stocks.

The extreme losses used in the example above aplyem in extreme circumstances. Suppose
one of the companies instantly becomes suspectofl fand faces the threat of bankruptcy. If
the pension fund chooses the second alternative Ezample 1), total loss is limited to one
billion dollar compared to two billion dollar fohe first alternative. In other words, investing in
high-beta stocks is a safe way to buy market exjgosis a minimum investment per unit of beta
is required. Hence, the maximum loss per unit ¢4 lealso lower than for low-beta stocks. The
implied protection feature of high-beta stocks lees more appealing during extreme
circumstances. As a consequence, demand for thides s expected to increase and the stock
price diminishes by a lower amount than what thestorical beta predicts. According to Merton
(1974), equity can be seen as a call option on ¥Waie. Continuing this line of reasoning high-
beta stocks simply have a higher relative strikegprDuring bear markets, high-beta stocks get
closer to the strike price in an early stage. Tasifies an implicitly levered investment has a
similar upside potential, but less downside po#ntihan an explicitly levered investment.
Hypothetically, this feature is priced and therefanvestors in low-beta stocks receive a
premium that is reflected in alpha.

The alternative explanation for a premium on MVtfwios that is discussed above is in line
with a paper written by Cowan and Wilderman (20Mhen analyzing historical data, Cowan
and Wilderman (2011) find that high-beta stock mesuhave a convex relation with market
returns, whereas low-beta returns are a concawdifunof market returns. As a consequence,
high-beta stocks have a lower beta during down-ptarknd a higher beta during up-markets,
relative to their long term beta. Exactly the opfss true for low-beta stocks. Hence, betas of
low and high-beta stocks converge to one duringeex¢ events (see Appendix A, Figure 11). In
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other words, when stock markets collapse, evergtgimes down irrespective of historical beta.
This relation is very unfavorable for low-beta #t®cThese characteristics justify the option
approach as an explanation for positive risk-aggiseturns for low-beta stocks. In other words,
the premium on low-beta stocks is a compensatiothis asymmetric payoff structure (Cowan
& Wilderman, 2011).

The above is graphically presented in Figure 3.eP#&nshows the return on the low-beta
portfolio. According to the CAPM, the slope of theturn relation should be equal to beta.
However, the beta depends on market conditiongnéstioned, returns on low-beta portfolios,
and hence MV indices, are expected to be more negdtan what its CAPM-beta suggests
when market returns are very negative. As thisrmetelation is unfavorable, investors are
compensated by alpha. The opposite holds for hegh-lassets (panel B). When no extreme
events occur, this seems to be a risk free retdomever, it is a compensation for risk. Suppose
firm value of all companies in the world decreabgdifty percent today. Equity of both low-
beta and high-beta stocks will be worth zero. Hoavelow-beta investors need to hold a much
larger equity portfolio than high-beta investorsdiotain the same amount of beta exposure.
Therefore these investors lose a higher amountiménf beta.

(A)

R jaw —bota — Ry
o
[
5
i
4
B

4
=
m
o

Bpm = Beapsr = Bume

LowBets Actual Return === | owBeta CAPM Return

High Bets Actual Return === High Beta CAPM Return

Figure 3 Asymmetric payoff. The payoff structure of the MV portfolio and lowthestocks is presented in panel A. The payoff
structure of high-beta assets is presented in n€he market return is presented on the horizants whereas the portfolio
return is presented on the vertical axis.

The type of risk that has been used in Example idigsyncratic, but it cannot be completely
eliminated by diversifying through buying a portéobf low-beta stocks. The consequences of
extreme events per unit of beta exposure will Ibgelafor low-beta stocks. Also, there will be
some systematic tail risk for which the impact peit of beta increases for low-beta portfolios.
This is reinforced by the fact that low-beta pditfe are biased towards certain industries, such
as utilities (Melas, Briand & Urwin, 2011). In arteeme event, such as the 2011 earthquake in
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Japan, it is likely that an implicitly levered potto of Japanese stocks outperforms an explicitly
levered portfolio of Japanese stocks (Rubing, 2@%zited in De Vos, 2012).

Source 3 Concentration risk

As volatility varies over industries and MV indicesinimize volatilities, it is likely that these
indices are biased towards certain industries. cdiglh MSCI imposes constraints on the
maximum deviation from MCW industry weights for MV portfolios, concentration risk most
likely will not be eliminated completely. If a silggindustry outperforms on a risk-adjusted
basis, this will probably not be eliminated by &ndoge as many financial market participants do
not want to deviate from a MCW benchmark. Hypottaly, the Carhart (1997) four-factor
outperformance of MV portfolios is partially obtanh by investing a relatively large amount in
industries that have exposures to risk factors @ahatnot included in the model. The remaining
risk might be industry specific and could have gate impact on stock returns. Hence, a
positive alpha return is required to compensatettir additional risk. The impact of industry
concentration risk will be measured.

Source 4 Behavioral biases

Behavioral biases might cause private investorshtmw risk-seeking behavior and hence they
overpay for high-beta stocks (Blitz & Van Vliet, @0. Baker, Bradley and Wurgler (2011)
mention preference for lotteries, representativera@sl overconfidence as major reasons for the
overvaluation of volatile stocks. The former indsicevestors to overpay stocks with lottery like
characteristics (low probability, high possible @i The second aspect causes investors to
believe that extremely successful examples of sfmcking (like participating in the IPO of
Microsoft in the eighties) are representative foreistments the whole section of startups and
other volatile stocks. The latter, overconfiderntajses investors to overestimate their accuracy
of estimating future stock prices. Logically, tlesulting errors will be larger for volatile stocks
and the range of all investors’ estimations widabe larger. As optimistic people are more
likely to participate in the stock market (BakeraBley & Wurgler, 2010), volatile stocks are
overpaid. As it is impossible to measure the immddhe effect of behavioral biases, this will
not be studied here.

Source 5 Fund manager incentives

Although it is clear that investors could have ped reasons to prefer volatile stocks over less
volatile stocks (Source 4), it is not clear whycpriinconsistencies are not locked in by
arbitrageurs. According to Baker, Bradley and Wer@P011) this is due to benchmarking. The
latter is elaborated on in a report by Goldman Sg@010) in which it is stated that equity

portfolio managers are evaluated based on relggvirmance compared to a benchmark. As a
result, these portfolio managers treat deviatioosmfbenchmark weights as a “series of relative
bets” (Goldman Sachs, 2010, p.2). The latter camsestment professionals to focus on relative
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performance instead of on their clients’ needs. fHoe that institutional investors became more
dominant over the recent decades (Baker, BradleyW&rgler, 2011) reinforces the
consequences of limits to arbitrage for the sizéheflow volatility pricing anomaly. Further, a
decentralized investment approach also createstimes to invest in high-beta stocks as
outperformance during bull markets is more attv@cthan outperformance during bear markets
(Blitz & Van Vliet, 2007; Karceski, 2002). An exaihepgs presented below.

Example 3

Suppose the management team of mutual fund Xesckve percent of the mutual fund
return as a bonus on their yearly salary. Of coutisis bonus cannot be negative. This
bonus structure does not provide incentives totlioeses whereas it pays to seek large
gains. As a result, the demand for high-beta stookeseases, which causes prices to
surge and subsequent period returns to decrease.

For similar reasons as for the fourth source, thle of this risk source is not tested. As
mentioned, the fourth and fifth resource are propalb least partially captured by the BAB
factor.
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3. Hypotheses

Previous research showed MV indices outperform M@&wfolios in terms of Sharpe ratio.
Other studies to MV indices lead to inconsistentnatosions regarding risk-adjusted
performance in a Carhart (1997) four-factor regossTherefore, this will be reexamined.

Proposition 1: Performance of MV portfolios

H§: MV portfolios do not outperform MCW portfolios terms of Carhart (1997) risk-
adjusted returns.

H{: MV portfolios outperform MCW portfolios in term$ Carhart (1997) risk-adjusted
returns.

A positive Carhart (1997) alpha performance couddsibly be explained by other risk factors.
There is evidence that MV portfolios are biasedotw-beta stocks (Scherer, 2010). Whereas
Scherer only studies American stocks, this wilbale examined for global and other regional
portfolios in this thesis.

Proposition 2: BAB factor

H?: MV portfolios do not have a significant expostog¢he BAB factor.
HP: MV portfolios have a significant positive exposti the BAB factor.

If exposure to the BAB factor is detected, it isgpéat importance to study the underlying risk
factors more closely. Frazzini and Pedersen (26t% the anomaly exists because of leverage
constraints. However, as mentioned in the previgastion, there might also be other
explanations for the outperformance of MV portfelidhese explanations, which are presented
in Figure 4, are probably partially captured by B#AB factor.

Unfortunately, two sources are impossible to idgnfihese are ‘fund manager incentives’ and

‘behavioral biases’. As mentioned, the impact eEtage constraints has been well documented
by Frazzini and Pedersen (2010). In this thesis,téé0 remaining sources, concentration risk

and implied protection in high-beta will be studimdre closely.
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All partially
reflected in
BAB

Figure 4 Potential sources of alpha for a MV portftio

As MV portfolios may underweight or overweight @nt industries within some constraints, it
is possible that portfolios are biased towards stidles with a relatively large share of risk treat i
captured by financial markets related factors.

Proposition 3: Concentration risk

H§: Adjustment for industry exposures does not re@liglea return of MV portfolios.
H{: Adjustment for industry exposures does reduckatpturn of MV portfolios.

According to Cowan and Wilderman (2011), high-bsttacks offer implied protection. As MV
portfolios are expected to be biased towards lota-ls¢ocks, this protection is absent. As a
result, MV portfolios are expected to perform risfalty poor during extreme market conditions.
Returns on low-beta portfolios, and hence MV indjcare expected to be more negative than
what its CAPM-beta suggests when market returns/ang negative. This implies MV returns
are a concave function of MCW returns.

Proposition 4: Implied protection in high-beta

H&: The payoff structure of a MV portfolio comparecatMCW index is symmetric.

H&: The payoff structure of a MV portfolio comparecatMCW index is concave.
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4. Data

In this section the data that is used is illusttatérst, an overview of the portfolio data is give
Then, the data that is required for evaluating fpbot performance is discussed and
subsequently an overview which includes all datacss is presented.

4.1 Portfolios

Daily total return index (RI) data of the MSCI M\hdex is retrieved from the Thomson
Datastream database. Total return data is favowed osing normal return data as it also
includes dividends. The dataset includes daily frata 3/12/2001 till 30/12/2011. Earlier daily

data is not available. The base currency for ogttion is US dollar. The following MSCI MV
indices are studied:

e MSCIMV World $

e« MSCIMVUSS$

e« MSCI MV Europe $

e MSCIMV EAFE $

e MSCIMV Japan $

e MSCI MV Emerging Markets $

The performance of the global MSCI MV index is dregally presented in Figure 5.
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Figure 5 Performance MSCI MV World versus MCW benchmark.
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When RI data is retrieved, logarithmic returns @leulated from this data as follows:

Rlé"") (5)

R

RMV = ln<

Unfortunately, data about the development of pbtdfallocation is not available. In order to
study the impact of weight constraints on portfgerformance, semi-annually rebalanced MV
portfolios are created from American industry palitfs. Data for these portfolios is obtained
from the website of Kenneth French. The dataseludes daily data from 20/12/1984 till
30/12/2011.

4.2 Factor data

For the assessment of the performance of MV paogpla benchmark is required. For each
regional MSCI MV portfolio, the MCW counterpart Wie used as the market return (MKT).

The other variables that are included in a Carli@®97) four-factor regression model are
discussed below.

* Risk Free RatéR:): the one-month US Treasury bills rate is usethasisk free rate.

» Size Factor(SMB): the excess return on firms with a small kearcapitalization over
firms with a large market capitalization. This factaptures the empirical finding that
small firms outperform large firms.

» Growth Factor(HML): the excess return on firms with a high beiokmarket value over
firms with a low book-to-market value. This factoaptures the empirical finding that
value firms outperform growth firms.

* Momentum Facto(MOM): the excess return on high prior return fmibs over low
prior return portfolios.

This data is directly obtained from the websitekehneth French. Unfortunately, daily data is
only available for American factor data. Althoudte tfactors capture a certain amount of factor
specific risk that is globally present, using castmade factors would have been more optimal.
However, simple constructed regional long-shortfpbos from respectively value and growth
and small cap and large cap indices did not impthbeemodel. Cremers, Petajisto and Sitzewitz
(2010) found the Carhart four-factor model assigosizero alphas to passive benchmarks.
Using factors that are constructed from traded heracks leads to different results. The latter
implies the SMB and HML factor cannot easily belicgted from popular style benchmark
portfolios such as MSCI Growth, MSCI Value, MSCI &loap and MSCI Largecap indices. In
the academic literature it is common to use thgimai methodology to construct the SMB and
HML factor. Frazzini and Pedersen (2010) also usgeAcan factors for equity portfolios of
other countries. In order to make a sound compansith other studies, using the American
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factors from the website of Kenneth French forredressions is favored over using factors that
are created from traded benchmarks.

Further, the BAB factor is used in a five-factogmession model. The returns on beta decile
portfolios are used to construct the BAB factorskistocks are ranked on beta. Subsequently,
stocks are grouped into ten portfolios. The retum$beta decile portfolios are obtained from the
CRSP database that can be accessed via WRDS. Tstrumtion methodology will be
discussed in the next section. Like the SMB, HMId &MOM factor, the BAB factor is also
calculated from American data. Frazini and Pede(26id0) found the BAB factor four-factor
alpha return in European countries, does not sagmfly differ from the worldwide average. It
is assumed customized factors for all regions wbakk been of the same magnitude and would
have captured the same risk sources in the samepiladpthat is studied in this thesis, but this is
not certain. MSCI World ‘level 1’ industry portfolidata is used to calculate industry excess
returns. MSCI creates industry portfolios on didietr levels. On the top level, they make a
distinction between ten broad industries. Returta d@r these indices is obtained from
Datastream.

4.3 Overview

A complete overview of all data that is used isspreed in Table 3.

Table 3 Data sources.

Type Symbol Frequency Source

Total return index global and ~ RMS¢’MV. Daily Thomson Datastream

regional MSCI MV indices

Total return index global and ~ RMS¢! Daily Thomson Datastream

regional MSCI MCW

benchmarks

Returns on beta decile portfolioskg Daily CRSP / Wharton Research Data
Services

One month treasury bill rate  Rf; Daily Fama-French Factors / Wharton
Research Data Services

American industry portfolio Rind Daily Website Kenneth French

returns

MSCI World level 1 industry ~ Rmsctind — Daily Thomson Datastream

portfolio returns

SMB-factor SMB, Daily Fama-French Factors / Wharton
Research Data Services

HML-factor HML, Daily Fama-French Factors / Wharton
Research Data Services

Momentum factor MOM, Daily Fama-French Factors / Wharton
Research Data Services
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5. Methodology

In order to answer the research question, MSCI Mtfplios are studied. Unfortunately, for
these indices only total return data is availalieorder to analyze the development of portfolio
allocations and the effect of changes in the canson methodology, a second type of MV
portfolios is created. The construction methodologyoth types of MV portfolios is discussed
in subsection 5.1. Subsequently, the research ignesan be answered in two steps. First, the
Carhart (1997) four-factor outperformance is meedurSecond, additional risk factors are
identified and measured if possible. The methodsdhe used are explained in subsection 5.2.

5.1 Portfolio construction

The construction methodology of the MSCI MV indi¢eglaborated on in subsection 5.1.1. The
methodology that is used to construct self-crept&tfolios is discussed in subsection 5.1.2.

5.1.1 MSCI MV portfolios

As mentioned, the composition of a MV index is fdumy minimizing portfolio variance (see
Equation 4). MSCI uses the proprietary Barra rettdr model to estimate covariance matrices.
The investment universe that is considered inclualestocks that are included in the MSCI
MCW parent index. Subsequently, certain constraamésimposed in order to ensure that the
deviation from the MCW benchmark portfolio is limit. An overview of the methodology that
is used to construct the MSCI MV indices is sumaediin Table 4.

Contrasting MCW portfolios, MV portfolios are natitamatically rebalanced in line with their
objective. As a consequence, the allocation ofaitteal portfolio might differ from the optimal
MV portfolio in between two review dates. For exdey@ stock that performed well recently,
automatically receives a larger share in the indékout taking its contribution to portfolio
volatility into account. The latter is restoredeaich review. However, rebalancing on a frequent
basis is expensive because of transaction cosesefidie MSCI MV indices are rebalanced only
twice a year.

The constraints that are imposed are not veryicdsge. The ample constraints on industry and
security level, allow a large deviation from thenblemark weights. Taking into account that
only ten industry classes are considered, the geeiradustry weight in a MCW index is ten
percent. For an industry that has a weight of tercgnt in the MCW index, the maximum
deviation of five percent point implies the MV whtgcould be fifty percent higher or lower.
The latter emphasizes that it is of great intetestxamine the role of industry concentration
risk. The maximum deviation for country weights guared to a MCW benchmark is also large.
However, only indices that include stocks of mdrant one country can benefit from this. The
maximum exposure to Barra risk factors may devia?® standard deviations from the exposure
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of the parent index. As a result, the MV portfati@y pick up risk based pricing anomalies that
are not captured by the market factor. The lageadjusted for by conducting multiple factor
regressions. The many subjective constraints otM¥iandices make it an active rather than a
passive strategy (Blitz & van Vliet, 2011). The MS@V indices were launched on 14 April
2008. Data prior to the launch date is back-tedagd (MSCI, 2012).

Table 4 Construction Methodology MSCI MV Indices.

Characteristic

Rebalancing Semi-annual

Covariance matrix Barra risk factor model

Constraint

Maximum weight index constituent 1.5% or 20 times weight of security in the
parent index.

Minimum weight index constituent 0.05%

Maximum deviation country weight for countries with a +/-5% from weight in parent index

weight larger than 2.5% in the parent index

Maximum country weight for countries with a weightsmaller 3 times their weight in parent index
than 2.5% in the parent index

Maximum deviation industry weight +/- 5% from weight in parent index
(10 industries considered)

Exposure to Barra Risk factors other than the ‘voldility risk +/- 0.25 standard deviations relative to parent
factor’ index

Maximum one way turnover 10%

Source: MSCI Research (2012)

5.1.2 MV Portfolios from industry portfolios

The covariance matrix is calculated by taking tlierage of the true sample covariance matrix
and the covariance matrix that is estimated byciofamodel. This results in the following
shrinkage estimator of the covariance matrix whartks similar to the one used in Ledoit and
Wolf (2004):

Sehrink = OF + (1 — 8)S (6)

In this paper an empirical Bayes approach is u$bd. shrinkage constabtis assumed to be
equal to 0.5. The latter implies that the investterprets historical data (S) and the factor model
(F) to be equally important (Wang, 2005). Wang &08&rgues this is a reasonable assumption
when replicating methods that practitioners emphsy/ they often use the average of obtained
estimates from various models. The factors thauaesl are the market, SMB, HML and MOM
factor.

The optimal weights are calculated using portfoéiturn and factor return data over the previous
years. The weights are chosen in such a way teaidttfolio variance over the in-sample period
is minimized. Subsequently, the out-of-sample pemémce of this portfolio is calculated by
multiplying the weights vector by the industry golib returns.
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In the next section, return characteristics antbfagxposures of a standard minimum volatility
(MV) portfolio and some portfolios that deviate riiathis standard portfolio are presented. The
standard portfolio has the following charactersstic

» Data history: five years data history is used itheorto estimate covariance matrices;

» Weights constraints: weights are set to the maxinofirB.5 percent deviation from the
average weight, in a market capitalization weightsshchmark portfolio over the
analyzed period; short selling is not allowed;

* Rebalancing: portfolios are rebalanced semi-anpuall

* Weights in constituent portfolios: industry portés are market value weighted,;

* Number of constituents: 49 industry portfolios ased to construct the portfolio.

In order to study how changes in the constructi@th@dology affect the performance of MV

indices, portfolios that slightly differ from theasdard portfolio are constructed. For each
alternative portfolio only one of the parametemattis listed above is adjusted, keeping all other
factors constant. Also, a portfolio from ten indysportfolios which are comparable to the

industry classes that MSCI considers, is constdudte order to study the development of

portfolio allocation over time.

5.2 Performance measurement

In this subsection, the performance measuremeekpdained. The Sharpe ratio and Carhart
(1997) four-factor model are presented in paragéapHl. In extended pricing models, the BAB
factor is introduced. The five-factor model and stoaction methodology of the BAB factor is
presented in paragraph 5.2.2. Lastly, the testsaifeaconducted in order to evaluate the role of
concentration risk and implied protection in higktdare discussed in paragraph 5.2.3.

5.2.1 Standard measures

First, MV portfolio performance is examined by edéting the Sharpe ratio (Sharpe, 1994):

E[R, — Ry] (7)

Jvar[R, — Ry]

Next, Carhart (1997) four-factor regression anaysm alternative portfolio returns are
conducted in order to calculate risk-adjusted ret@and factor exposures.

RMSCIMV _ pf (8)
= a+ B(RT* —Rf,)+ s+ SMB, + h+« HML, + m
« MOM,

Sharpe Ratio =
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5.2.2 BAB factor

In order test whether MSCI MV portfolios and theated portfolios are biased towards low-beta
stocks, the BAB factor is constructed. This fadsocalculated from beta decile portfolio returns.

In order to calculate these returns, each year I8shand Williams (1977) betas over the

previous year are calculated for each NYSE/Amexisgc Subsequently, stocks are ranked on
its beta and grouped into equally weighted deaidfplios. This process is repeated each year.
Beta decile portfolio returns are directly obtairiexn the CRSP database.

The approach that is used to calculate the retara leetting-against-beta (BAB) factor is almost
similar to the one in Frazzini and Pedersen (20IBg only difference is that in this thesis the
eighth and third decile portfolios are used asaxyiffor respectively low and high-beta stocks.
The use of these deciles is favored over the usieeaiost extreme deciles, as a lof\sRggests
the tenth decile portfolio contains stocks that @n@bably exposed to other factors than just the
‘beta-risk’ that is investigated in this thesisg#ppendix A, Table 13 and Figure 10). The beta
of the eighth portfolio is almost equal to the betahe MV portfolios. Like the BAB factor in
Frazzini and Pedersen (2010), the factor is markatral. The latter implies its beta is equal to
zero. The return on the BAB factor is calculatedodisws:

i 9
0 = o (0 = ) = e (6 ) o

Subsequently, the following return regression tadlconducted:

RMSCIMV _ pr. 10)
= a+ B(RT —Rf,) + s+ SMB, + h« HML, + m
* MOM; + b * BAB;

Equation 10 is a Carhart (1997) four-factor moddkeeded with the BAB factor. The BAB
factor indicates whether the independent variablesrelated to the excess return of low-beta
stocks over high-beta stocks and allows to tesotigsis B. Ab greater than zero indicates the
portfolio is biased towards low-beta stocks. Inesrtb test whether the model that includes the
BAB factor significantly better fits the data, #ett is conducted.

The next step is to define the role of concentratisk and implied protection in high-beta.
These are partially captured by the BAB factor, inaly also directly influence the performance
of MV indices.
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5.2.3 Concentration risk

First, the industries that possibly have been @prasented in the MSCI MV portfolios during
the last decade need to be identified. To this &fd,portfolios similar to the ones that were
discussed in subsection 5.1.2 are used. The offgrelce is that the portfolio is constructed
from just ten industry portfolios. Then, the deymteent of the optimal portfolio allocation is
plotted. Lastly, the excess returns on the mostidamt industries are calculated.

rti — rtindustry _ Ttmkt (11)
In order to calculate exposures to industry specifks that are not captured by the BAB factor,
the following return regression will be conducted:

RYSCIMY — R, (12)
= a+ B(RT* —Rf,)+ s+ SMB, + h+ HML, + m
* MOM, + b * BAB, + 8;(RE — R %)

A positive§; indicates a bias towards that particular indusknyorder to test whether tli
variables are jointly significant, a heteroskedatstirobust F test (Wald test) is conducted.
Because of heteroskedastic standard errors, thel \fést is favored over a general F-test
(Wooldridge, 2009).

5.2.4 Implied protection

The impact of extreme events on the performandéd\oindices is difficult to measure, as these
do not occur frequently. However, a study of theeslations in the more extreme segments
offers a good view on what could happen. Hypotladific investors require an alpha return on
MV portfolios, in order to compensate for the pdi@nlarge loss in case of a catastrophe.
Namely, the maximum loss per unit of beta is highmr MV portfolios than for MCW
portfolios. If MV portfolios indeed underperform opared to MCW portfolios during extreme
circumstances, a concave relation between MV retand MCW benchmark returns exists. In
order to check this, a regression on the exceskanheeturns and squared excess market returns
is conducted (see Equation 13).

2
RUSCIMY —Rfi = a+ Bue(R T = RF) + (R T = RF,) (13)

If the B,,x:2 coefficient is significantly negative, a concawdation exists. In this case, the

CAPM:-alpha return is indeed partially a compensafar the bad performance in case extreme
events occur. Also, a one year rolling window CARMression will show what happened to the
beta of MV indices during extreme circumstances €lents that are considered include bear
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markets during the last decade in general, the roptdy of Lehman Brothers and the
earthquake in Japan.

Another way to detect whether alpha is indeed apsorsation for a type of risk that has not
been included in asset pricing model, the cumwatmodel outperformance’ (CMO) is
presented in a graph. At any point in time, theeex@d excess return on the MV World portfolio
is calculated using the regression coefficient ga&tion 12. This number at any point in time T
is calculated as follows:

T
CMO = ) ((RMSCTMY — Rf) — E[RMSC!MY — Rf,]) (14)

t=0

By adding cumulative alpha in each period, a meastirealized alpha is obtained. The latter
provides insight in when alpha returns are actuattiyained.

5.3 Relative importance

Standard regression coefficients do not directiywskhe economic impact of each of the factors.
In order to determine the relative importance, déadized beta coefficients are calculated. The
latter allows to compare the impact of independemiables, irrespective of scale. Technically,

standardized beta coefficients are calculated Iplaceng variables by their z-score and

subsequently conducting a regression analysis (Wviogie, 2009). These coefficients equal the
original betas multiplied by the ratio of standaeViation of the independent variable (i) over

the dependent variable (y), which is presentedvibelo

b, = (ﬁ> Bi 4o

Suppose the standardized beta coefficient of thd $adtor is 0.05. This implies that if the
SMB variable increases by one standard deviatiba, eéxpected excess return on the MV
portfolio is 0.05 standard deviation higher. Alss, a measure of ‘unique’ contribution to the
asset pricing model, partial and semi-parti&l \Rlues are calculated for each independent
variable. The semi-partial’Ran be interpreted as the increase dfr@&n including a variable

in the model (Shedden, 2010). It simply is theat#hce between the’ Bf the complete model
that is presented in Equation 12 extended by thareg excess market returé, and the Rof

the restricted modeRg_XL.. The restricted model is almost equal to the cotepieodel, as only

the variable for which the semi-partiaf iR calculated is excluded.

RZ—RZ_,, (16)
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The partial R indicates what share of maximum improvement is iobth by including the
variable (Shedden, 2010).

R(ZT_R?—xL- (17)
1 - RCZ‘—XL'
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6. Results

Previous research showed MV indices consistentlpertorm MCW indices in Sharpe ratio
terms. This serves as a starting point. As mentidoefore, the goal of this thesis is to determine
whether MV portfolios also outperform when adjustexda comprehensive set of risk factors. In
order to accomplish this goal, a series of commaéycisuccessful MV indices is studied.
Namely, the MSCI MV indices. In order to give a qaete view, return characteristics of all
MSCI MV indices that have at least ten years oadatailability are presented in Table 5. Not
surprisingly, both the MSCI World MV and the regabrMV portfolios outperformed their
benchmark in terms of Sharpe Ratio over the lashdie Each MV portfolio had a lower
volatility than its related benchmark. Remarkabturns of all MV portfolios were higher as
well. The latter stresses that during periods weilreme market conditions, such as the period
under study, MV indices are an attractive investiraternative. Noteworthy, MV portfolios
that invest outside the US have a relatively largetperformance compared to their MCW
benchmark. The positive CAPM alpha returns arassizlly significant, except for the US and
Japan. The findings stress that the conclusioncbef@r (2010) may not be generalizable to all
regions.

Table 5 Summary statistics MSCI MV portfolios. The returns that are presented in this table ara &2/2001 till 12/2011.
The complete dataset includes daily data from 18418l 12/2011. Standard deviations, alpha retand absolute returns are
annualized based on 252 trading days a year.

MSCI MV Annual Return SD Sharpe Ratio CAPM-a
MSCI World MV $ 6.94% 13.25% 0.34 3.48%*
MSCIUS MV $ 4.74% 18.09% 0.13 1.89%
MSCI Europe MV $ 9.64% 18.89% 0.38 4.92%*
MSCI EAFE MV $ 9.47% 14.11% 0.50 5.33%*
MSCI Japan MV $ 4.40% 19.36% 0.10 2.55%
MSCI Emerging Markets MV $ 16.00% 16.23% 0.83 6.39%*
Benchmark Annual Return SD Sharpe Ratio

MSCI World $ 4.22% 18.50% 0.09

MSCI US $ 3.00% 22.02% 0.05

MSCI Europe $ 5.69% 24.46% 0.13

MSCI EAFE $ 5.34% 20.21% 0.14

MSCI Japan $ 1.87% 23.66% 0.00

MSCI Emerging Markets $ 12.51% 21.75% 0.49

* alpha return significant at the 2.5% level (ttjes

The data confirms that MV indices indeed outpertedntheir MCW benchmark in Sharpe ratio
terms. The next step is to determine whether the iMlces of interest also outperform their
benchmark adjusted for other risk factors. Firsalbfthe return adjusted for a limited number of
risk factors is calculated. Besides the marketofachis set includes the SMB, HML and MOM

factor. The latter capture (risk based) market aalm® that are well documented in the
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academic literature. The Carhart (1997) four-faeipha that is obtained when these factors are
included in the regression model, is of particutderest, as it is the risk-adjusted return. In
Table 6 the results of regression analyses on Miffgdms are summarized. All MV indices,
except those of Japan and the US, have a signifygaositive four-factor alpha return. This is in
line with hypothesis A, as the global portfoliocsnsidered to be the most important one. Also
these findings indicate the conclusion of Sche2®10) should be treated with care. All MV
indices except for the MSCI MV Emerging Markets andare significantly biased towards
stocks with a large market capitalization. Thisesy remarkable, as putting too much emphasis
on market capitalization was one of the major r&sman MCW indices. The bias to firms with a
large market capitalization indicates this strategyld be applied on a larger scale as well. The
exposure to the HML and MOM factor is inconsistacitoss regions.

The adjusted &significantly increases when the pricing modeliteaded with the BAB factor.
The latter confirms this factor indeed partiallypkins the variance of MV portfolio returns. All
portfolios have a positive exposure to the BAB dactvhich is in line with hypothesis B. The
exposures are statistically significant at the 2&@mificance level. As the factor has a positive
mean this automatically implies alpha returns deseewhen adjusting for BAB risk. The
loading on the BAB-factor is about the same sizethe MSCI MV World, US, Europe and
EAFE portfolio (between 0.073 and 0.088). For th8® MV World portfolio, the remaining
alpha performance is not statistically significartie alpha returns on MV portfolios for Europe,
EAFE and emerging market stocks are still signifitapositive. As a consequence of using
American SMB, HML, MOM and BAB factors, the alpheturns for other regions are likely to
be slightly overestimated.

It is unclear why alpha returns differ across regid?ossibly, the impact of risk sources that are
not captured by the pricing model for stocks in MWwrtfolios compared to stocks in MCW
portfolios differs across regions. For example,page companies that are presented in MV
portfolios are more exposed to unobserved riskcgMrthan companies in the MCW portfolio.
If X has a larger impact in emerging markets tharnhie US, the required premium for these
stocks is larger in emerging markets. This coulddfected in alpha. However, it should be
stressed that this is just a hypothesis. Whethier riek source really exists or whether MV
investors receive a risk free alpha return in thasgons is not clear. A potential risk source
could be that shareholder rights are less protectedmerging markets than in developed
markets. As a consequence, investments that requisrge investment per unit of market
exposure, such as MV portfolios, might be priced discount.
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Table 6 Regression analysed he dataset includes daily data from 12/2001 t@0P1. Alpha returns are annualized
based on 252 trading days a year. The market fiortfeat has been used as a benchmark in eachseigneis the
general MSCI counterpart of the MV portfolio. Foenple, for the MSCI Europe MV, the MSCI Europauged as a
benchmark. Due to a lack of data availability, éagtortfolios have only American constituents. Tues are presented
in parentheses. The sample consists of 2539 oligsrga

Index a Bmkt Ssmb hhml Minom bbab adj- RZ

MSCI World MV $ 3.37%* 0.681 -0.035 0.083 0.016 0.921
(2.87)  (154.84) (-451)  (9.68) (3.12)
1.96% 0.672 -0.023 0.077 -0.005 0.088 0.926
(1.71)  (155.22)  (-2.96) (9.21) (-0.97) (12.67)

MSCI US MV $ 1.88% 0.796 -0.062 0.114  0.028 0.950
(1.48)  (194.80) (-7.28)  (12.29) (5.04)
0.71% 0.794 -0.052 0.108 0.012 0.073 0.952
(0.56)  (197.19) (-6.14)  (11.79) (2.19) (9.69)

MSCI Europe MV $ 4.76%* 0.757 -0.020 -0.051 0.055 0.947
(3.48)  (205.11) (-2.16)  (-5.10) (-9.70)
3.47%*  0.749 -0.008 0.046 0.037 0.082 0.949
(2.57)  (202.35)  (-0.94)  (4.61) (6.25) (9.82)

MSCI EAFE MV $ 5.24%* 0.668 -0.026 0.035 0.054 0.898
(3.69)  (145.87) (-2.72) (3.35) (9.25)
3.96%*  0.658 -0.015 0.029 0.036 0.081 0.902
(2.82)  (142.13) (-1.58) (2.84) (5.93) (9.35)

MSCI Japan MV $ 2.64% 0.782 -0.025 -0.011 0.033 0.914
(1.48)  (164.19) (-2.06) (-0.86) (4.53)
2.12% 0.780 -0.020 -0.014 0.027 0.033 0.914
(1.18)  (162.55)  (-1.70)  (-1.10) (3.51) (2.99)

MSCI Emerging 6.40%* 0.730 -0.008 0.000 0.008 0.954

Markets MV $ (5.82)  (222.49) (-1.09)  (0.00) (1.75)
5.74%* 0.726 -0.002 -0.003 -0.001 0.043 0.955
(5.24)  (219.27)  (-0.23)  (-0.37) (-0.28) (6.46)

* alpha return significant at the 2.5% level (ttjes

Now the relation between MV portfolios and the Bfdg&tor is clarified, underlying risk factors
will be studied into detail in subsection 6.1.

6.1 Concentration risk

In order to identify whether adjustments in the stauction methodology affect the performance

of MV indices, six different MV portfolios have beeonstructed. Summary statistics for these
portfolios are presented in Table 7. Clearly, aiijigsweights constraints has a major impact on
the performance of MV portfolios. The performaneemases when weight constraints are set
tighter. Also, changing the number of included istti@s has a significant impact, as it reduces
the possibility to shift to certain industries. Tiedings emphasize the importance of studying

the effect of concentration risk closer.
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Table 7 Summary statistics MV indices from US indusy portfolios. The dataset includes daily data from 12/2001 till
12/2011. Alpha returns are annualized based ont&iiing days a year. The standard portfolio is tegedrom 49
American industry portfolios. 2.5% benchmark dewiaton the industry level is allowed. Covariancetnnas are
calculated using a shrinkage estimator. Five ydata history is used and portfolios are rebalarsezdi-annually. For
the alternative portfolios, the methodology is athal to one specification at once.

Standard methodology Return SD Sharpe Ratio
(1) Standard 8.10% 18.70% 0.33
Alternative specifications Return SD
Weights constraints
(2) Max. 5% BM deviation 8.41% 17.06% 0.39
(3) Max. 1% BM deviation 7.38% 20.56% 0.27
(4) No constraints 10.13% 15.21% 0.55
Rebalancing & covariance history
(5) Monthly & Annually 7.65% 18.34% 0.31
Industry portfolios
(6) 12 industry portfolios, 5% BM deviation 6.17% 20.08% 0.21

In Figure 6 the composition of a MV portfolio comtizag positions in ten different industries has
been plotted. For the MV portfolio in Panel A, neights constraints have been imposed as this
offers the opportunity to examine what industryedition would be optimal. The non-durable
consumption goods, health care and utilities ingusave been dominating the optimal MV
portfolio. For the portfolio in Panel B, maximum iyets have been set at twenty percent. It
shows that the MV portfolio with weights constraimonstantly allocates the maximum amount
to utilities over the 1989-2011 period. The weighliscated to nondurable consumption goods
and health care industry have been stable at @alweuaty percent during the last decade. Clearly,
these industries are well represented in an opti\lportfolio. The MSCI MV indices are
constrained at the industry level, but since thaesestraints are not very tight, it is likely that
concentration risk still plays an essential rolegpéthetically, the nondurable consumption
goods, health care and utilities industry face stduspecific risks. Examples include potential
changes in government regulation or changes impatetection. These unobserved risk factors
might partially explain the outperformance of M\dices.
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Figure 6 Development portfolio allocation.The dataset includes daily data from 12/1984 #20aPL. The first five years of
data are needed for calculating the covarianceixnat used for the first optimization. The Amenicindustry portfolios that
are used are derived from the website of Kennethdh. The standard portfolio is created from 10 Aca@ industry portfolios.
Covariance matrices are calculated using a shrankeagimator. Five years data history is used amtfotios are rebalanced
semi-annually. Panel A: no weights constraints.ePBnmaximum weights 20%

It is not a coincidence that these industries &m¥represented in the MV portfolios. Especially
the health care and utilities industry have a et low R when conducting a CAPM or
Carhart (1997) four-factor regression (see AppemjiXable 15). The low Rindicates a large
share of industry specific risk could be present. the nondurable consumption goods industry,
a statistically significant positive alpha retusrfound.

The next step is to test whether a bias towardsicendustries explains a part of the four-factor
alpha performance. The four- and five-factor pgcmodel that have been used previously are
therefore extended by three industry factors. Thas®rs are simply the excess industry returns
compared to a broad MCW benchmark. It is assumesktfactors capture the industry specific
risk that is mentioned above. Only the industrieat tproved to be overrepresented in MV
portfolios are considered. The results are predeintélable 8. The four-factor alpha return is
reduced to 2.06% from 3.37% when adjusting for stduexposures (see specification 1 and 3).
Exposures to these industries are statisticallgiSognt on the 2.5% significance level. These
findings are in line with hypothesis C. The biasvaods certain industries is only partially
captured by the BAB factor (see specification 2 déhdwWhen adjusting for both BAB risk and
industry concentration risk, alpha performancestuced to 1.61%.

Also, the exposure to the BAB factor is lower whadjusted for industry exposure. This
indicates the BAB factor is biased. The latter ignfemed by comparing regression
specifications 5 and 6. More than twelve percerthefvariance of the BAB factor is explained
by the excess return on the three industries. Adkdt indicates these variables are not jointly
zero. A t-test shows the individual industry cogéfnts are also significant. However, the
remaining risk-adjusted return on the BAB factorsidl very large. Frazzini and Pedersen
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(2010) showed a large share of volatility in BABuras is related to liquidity. In Table 8 only
the results for the MSCI MV World portfolio has Imepresented, but comparable effects have
been found for other portfolios.

Table 8 Extended modelsThe dataset includes daily data from 12/2001 #IRD11. Alpha returns are annualized based on
252 trading days a year. For the MSCI MV World faliv, the MSCI World has been used as a benchnigik. excess
industry returns are calculated using MSCI Worlgelel industry portfolios which use a similar sfieation as Kenneth
French. For the BAB factor, the market portfoliatttis derived from the website of Kenneth French been used as a
benchmark. The excess industry returns are caézlilasing American industry returns that are derivech the website of
Kenneth French. T-values are presented betweemthases. (Abbreviations: Utils = Utilities, HC = &lh Care, ND =
Nondurable Consumption Goods/Consumer Stapleskifgiagions 1 to 6 differ in the number of indepentl variables that
have been taken into account, they do not reférggortfolios in Table 7.

MSCI World MV $ BAB
Specification (1) (2) (3) (4) (5) (6)
a 3.37%* 1.96% 2.06%* 1.61% 15.99%* 14.1%*
(2.87) (1.71) (2.05) (1.60) (4.88) (4.66)
Bkt 0.681 0.672 0.786 0.777 0.042 0.169
(154.84) (155.22) (150.91) (142.52) (3.89 (12.90)
Somb -0.035 -0.023 -0.000 0.002 -0.145 -0.046
(-4.51) (-2.96) (-0.07) (0.27) (-6.59) (-2.20)
Ry 0.083 0.077 0.103 0.100 0.084 0.124
(9.68) (9.21) (13.55) (13.19) (3.48) (5.18)
Myom 0.016 -0.005 -0.016 -0.021 0.216 0.140
(3.12) (-0.97) (-0.97) (-4.60) (14.99) (10.00)
byap 0.088 0.032
(12.67) (4.95)
Suytits 0.088 0.077 0.246
(11.58) (9.77) (15.43)
Ouc 0.098 0.092 0.180
(12.00) (11.28) (8.37)
Snp 0.172 0.168 0.245
(16.06) (15.76) (15.43)
adj.r? 0.921 0.926 0.942 0.943 0.090 0.218

* alpha return significant at the 2.5% level (ttjes

6.2 Implied protection

According to Cowan and Wilderman (2011) high-betelss offer implied protection. Empirical
evidence shows beta and return are indeed pogitietdted for high-beta stocks and negatively
related for low-beta stocks (see Appendix A, Tal8¢. In the previous paragraphs it is shown
that MV portfolios are biased towards low-beta kfocTherefore MV investors do not profit
from this favorable characteristic of high-betack® In order to analyze the relationship
between MV excess return and MCW excess returnragkevegression analyses have been
conducted. The CAPM-model is extended by the sguararket excess returns. The results are
summarized in Table 10. Note that if the relatiopsk linear, like the CAPM suggests, the
Bmie2 COefficient would be zero. In each geographicaegexcept for Europe, the coefficient
for the squared excess returns is significantlyatieg at the 2.5% significance level. Hence, a
concave relationship between MV and MCW excesgmstaxists, which implies hypothesis D
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is confirmed. Of course, extreme events do not éagpr certain. The idea behind this theory, is
that MV investors receive a constant return premi@@pha) and ‘pay the bill when the
catastrophe occurs.

Table 9 Concavity. The dataset includes daily data from 12/2001 @i2011. The market portfolio that has been
used as a benchmark in each regression is theajevi8Cl counterpart of the MV portfolio. Regressiequation:

2 . . .
RYS‘MV —Rf, = a+ B, (R —Rf)+ B, 2(RT™ —Rf,)". The intercept term is not annualized. T-
values are presented within parentheses.

Portfolio a Bkt Bouke? adj.r? |

MSCI MV World $ 0.021% 0.684 -0.531 0.919
(4.22) (167.59 (-4.60)

MSCIUS MV $ 0.012% 0.799 -0.225 0.947
(2.22) (211.91) (-2.62)

MSCI Europe MV $ 0.021% 0.751 -0.055 0.945
(3.56) (208.95) (-0.68)

MSCI EAFE MV $ 0.028% 0.659 -0.447 0.895
(4.69) (146.16) (-3.63)

MSCI Japan MV $ 0.015% 0.782 -0.231 0.913
(1.99) (162.92) (-1.83)

MSCI Emerging Markets MV $ 0.032% 0.726 -0.701 0.954
(7.17) (226.36) (-5.09)

In order to clarify what this concave relationshigplies, the daily excess return on the MSCI

MV World portfolio has been plotted on its MCW béntark excess return in Figure 14. The

black line is the first regression equation of EalhD. Clearly, in the extreme negative events,
the MV index loses more than what a linear betaldveuggest. However, it should be noted

that the effect is weak and not very reliable dy tew observations in the extreme segment are
available.
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Figure 7 Scatter plot MSCI MV World on MSCI World. The dataset includes daily data from 12/2001 2IPD11.The fitted

value equation is equal t®S¢'MV — Rf, = 0.021% + 0.684 * (R ™ — Rf,) — 0.531 = (R "kt — th)z. The latter is
presented by the solid line. The dotted line regmesthe relation predicted by the CAPM.

The response of the stock markets on human andosgorcatastrophes such as the fall of
Lehman Brothers and the earth quake in Japan dsestun order to hypothesize what would
happen to the performance of MV in even more ex¢renents. Examples include a collapse of
capitalism or an atomic war. The maximum loss ouitggs the invested amount. Hence, in
some sense high-beta stocks offer protection adodg per unit of beta is limited. In other
words, a lower investment in stocks is requiretug the same beta exposure and the remainder
can be invested in gold, agricultural land or wiateasset class that performs well during
catastrophes. The 252-days rolling window CAPM-betgplotted in Figure 8. Clearly, the beta
moves closer to one during extreme events. If teesamts are negative, this is an undesirable
feature. Extrapolating this to even more extremenéy betas are expected to converge to one.
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Figure 8 Rolling CAPM Regression.Rolling regression analysis of MV portfolio on MSCI benchmark. A moving window
of 252 days has been used. Bear market periodshaed grey, these include the internet crisiSO@2000 - 31/03/2003),
subprime crisis (31/10/2007 - 28/02/2009) and ewre crisis (30-06-2011 - present). Window speaiftms are derived from
Melas, Briand and Urwin (2011). The bankruptcy @himan Brothers (September 2008) and earthquakepanJ(March

2011) are indicated as well.

In Figure 9, the difference between the model mtedi return and the actual return is presented
(CMO). When the alpha return is added, this israficator of realized alpha return (CMO +
alpha). The patterns in the CMO line suggest th@taaindeed depends on a type of risk. If the
return would be risk-free, a more horizontal CM@elilike in the pre-subprime crisis period
would be expected. The impact of the high betanduextreme circumstances follows from the
chart. During the subprime crisis the actual retwon the MV index were lower than the returns
that were predicted by the model. The alpha reigiearly ‘realized’ when markets are stable.
The credit crisis diminishes cumulative alpha netioy about 7 percent of. Surprisingly, the MV
index performed relatively well during the firstrpaof the euro crisis. This suggests the
performance of MV indices depends on the natutheftrisis. However, it should be noted that
euro crisis did not have a global impact that msilsir to that of the subprime crisis (see dotted
line).
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Figure 9 Difference predicted and actual returnsFirst model predicted returns are calculated ugiegnodel coefficients
that are presented in Table 8, specification 5.tNbe difference between actual returns and prediieturns are calculated
(CMO). Then, alpha’s are added (CMO + alpha).

6.3 Relative importance

Standardized regression coefficients are calculetedder to compare the relative importance
of several factors. After market risk, concentnatrcsk has the largest standardized effect. To
give an example, a one standard deviation increasiee excess return on the MSCI World
Utilities industry on the broad MSCI World indexiduces the expected excess return on the
MSCI MV World index to increase by 0.061 standaelidtions. HML-risk has a greater
standardized effect than the remaining BAB-riske Toncave shape of MV returns compared
to MCW returns did not have a very large impactimyrthe last decade. However, the
observations during the credit crisis suggest thatimpact increases when more extreme
events occur.

Table 10 Standardized Beta Coefficients MSCI MV Woald. These are the standardized beta coefficients dEtfuation

12, extended with the squared market returns fa8tandardized beta coefficients are equal to eedagta coefficients

multiplied by the ratio of the standard deviatidntlee independent variable over the standard dewiaif the dependent
variable.

ﬂmkt Ssmb hhml Myom bbab 6Utils 6HC 6ND
Standardized Beta 1.084 0.001 0.069 -0.028 0.025 0.060 0.071 0.124.018
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As mentioned, it is measured how much a variablguahy contributes to the regression model.
This is done by calculating semi-partial @d partial R The results are presented in Table 11.
When looking at the 5-factor model, the BAB facteems to add significant value to the model,
especially when compared to the SMB, HML and MOMtda. However, the BAB factor is
correlated with the industry factors. The sameyasfor the extended model gives a more clear
view. The findings indicate in the same directianthe standardized beta coefficients. After
market risk, biases to certain industries are caetbithe most important risk source. Also the
bias to value stocks is an important risk sourd¢e dther factors only have a small contribution
to the model.

Table 11 Unique contribution of factors. The semi-partial Rindicates the improvement ir°®Rhen the factor is added to a

model that already includes all other consideretofa. The partial Rndicates what share of maximuniimiprovement is
obtained by including the variable.

Extended model 5-Factor model |
Semi-partial R Partial R* Semi-partial R Partial R*
Boie 0.4543 88.90% 0.7037 90.48%
Somb 0.0000 0.00% 0.0003 0.40%
[ 0.0038 6.28% 0.0025 3.27%
Moo 0.0005 0.87% 0.0001 0.13%
Boas 0.0005 0.87% 0.0048 6.09%
Sutits 0.0022 3.74%
nc 0.0029 4.87%
Snp 0.0056 8.99%
Boc? 0.0003 0.53%
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7. Conclusion

The MSCI MV indices that are studied outperforme@W indices in Sharpe ratio terms, which
is in line with earlier findings. Carhart (1997)ufefactor regressions show that all MSCI MV
indices, except those of Japan and the US, algeedaotm when adjusted for market, SMB,
HML and MOM risk. Hence, the four-factor outperf@nte is not consistent across regions, but
is present for the global MV portfolio. The aimtbfs thesis was to provide a complete picture
of risk sources that affect the returns of MV palitfs. Therefore, also risk sources that are not
present in the Carhart four-factor model were abergid. The findings of Frazzini and Pedersen
(2010) indicate that the pricing model should beeeded by the BAB factor, which captures the
return difference between high-beta and low-betwkst Low-beta stocks are assumed to
outperform high-beta stocks in terms of four-fachgha for a number of reasons. These include
leverage constraints, concentration risk, abseridenplied protection, behavioral biases and
fund manager incentives. These affect the MV pbafeither through the BAB factor or
directly. Five-factor regressions point out thatliision of the BAB factor indeed significantly
improves the pricing model and that all MV portésliare biased to low-beta stocks. The five-
factor risk-adjusted return of the MSCI MV Worldrgolio is statistically insignificant. The
same holds for the MSCI MV Japan and US portfdlioe five-factor return for the MSCI MV
Europe, EAFE and Emerging Markets portfolios isidigantly positive.

Two risk factors that affect the returns on MV palibs were studied into detail. First,
concentration risk was examined. By creating MViged from industry portfolios, insight into
the development of MV portfolio allocation was dh&d. MV portfolios have been biased to the
health care, utilities and nondurable consumptioodg industry over the past decade. The BAB
factor is biased to the same industries, but dagscapture concentration risk completely.
Including factors that capture the outperformanicthese industries compared to a broad MCW
index, further reduces the risk-adjusted perforreasfcche MSCI MV World index. Second, the
absence of implied protection for MV portfolios cpaned to MCW portfolios was evaluated. A
CAPM regression extended with the squared excesketeaariable factor, point out that the
hypothesized concave relationship between MV retiand MCW returns is present indeed.
However, the effect during ordinary market condtisias limited. A closer look at the response
of the MSCI MV Japan index to the 2011 earthquahdicates that during extreme negative
shocks MV betas are likely to converge to one. lRet of beta, a MV investor loses more in
such a situation.

When adjusting for all these risk factors, the edfprmance of the MSCI World MV portfolio is
no longer statistically significant. Although thilgal MV portfolio is considered to be the most
important one, it should be noted the risk-adjugtetdirns are not consistent across regions.
Other risk factors than the ones that are exammeght have an impact on MV portfolio

45




returns. The impact of these risk sources mighediber region. Unfortunately, these factors
have not been identified.

Although it is difficult to estimate the long imgaef risk sources with the current dataset, an
attempt to rank risk factors on relative importam@s made. As mentioned, all MV portfolios

are biased towards the BAB-factor, but concentnatisk is a more important risk factor. The

factor that seems least important under histomeatket conditions, is the absence of implied
protection. Nevertheless, it is important to ndwattthis aspect of equity portfolios might

become increasingly important in the future.

The main message for investors is that the glob@lgdrtfolio is an attractive equity portfolio,
but that the absolute outperformance is mainly mpEnsation for risk factors. In contrast to
what its name suggests, MV portfolios do not corgyeoffer the desired protection during
extreme circumstances. Investors should be awardinging that during those times,
investments in MV portfolios are not the safest i@yuy market exposure. Instead, investors
are probably better off by investing a lower amoohimoney in MCW indices, and invest the
remainder in safer asset classes.
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8. Discussion

In this section, the limitations of this thesis aliscussed. Furthermore, suggestions for future
research are provided.

8.1 Limitations

As mentioned, daily SMB, HML, MOM and BAB factortdas only available for the American
equity market. Creating global SMB and HML factérsm traded benchmarks is not a good
alternative (Cremers, Petajisto and Sitzewitz, 20d@nce, American factors have been used for
all portfolios. Due to this decision, estimatedhapeturns are probably overestimated.

The MV outperformance is hypothetically causedikg Sources. These sources are expected to
be partially captured by the BAB factor. The impatteverage constraints has been examined
by Frazzini and Pedersen (2010). In this study, tter sources are examined, namely
concentration risk and implied protection in higétda The two remaining sources, behavioral
biases and fund manager incentives, are impodssibtientify through this way of data analysis.
These latter two sources are different from fitseé sources, as for an independent rational
investor there is no real risk involved with theseirces. Hence, the share of alpha return that
can be explained by these reasons, could be seanisisadjusted return. Unlike for example
concentration risk, rational investors could bené&fom these imperfections without risk.
Therefore, it would be of great interest to meashesimpact of these factors as well. As these
cannot be detected in this study, it is impossiblstate whether they are present, or whether
they are offset by arbitrage.

Unfortunately, MSCI was not willing to cooperate dfyaring their insight in the development of
historical index compositions. Hence, an alterraatiwethod is used to find out how to detect
industry biases. This method is not ideal, but e@ssidered the best alternative. Also, in order
to make a correct comparison between MV and MCWtfgars, a good estimation of
transaction costs needs to be made. As turnovarwdas$ not available, it is not possible to do
this.

A large part of the data on MSCI MV indices is baeg&ted data. This is an important limitation,
as it implies that it is possible that the consiishave been optimized given the historical data.

Also, it is important to mention that the excell@etformance over the past decade, is the main
reason that MV strategies became popular. Thiscisally the reason that this strategy
‘survived’ and indirectly also the motivation théis topic is studied in this thesis. Therefore,
investors should take into account that it is nargatee that the MV strategy will be a winning
strategy in the next decade as well. Performaneekeavily influenced by a few major events.
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Another limitation is that the window that is stediis relatively narrow. Unfortunately, earlier
data was not available. As a consequence, the nuafilextreme events within this sample is
limited. Also, the effect of a very extreme eventifficult to capture. The type of event that is
mentioned before simply did not occur yet. Therefarris impossible to state which part of the
alpha return is a compensation for the likelihoathsan extreme event occurs. Also it is
possible that the industries to which the MV pditi® are biased and contributed to the
outperformance, will underperform in the future.

Lastly, the return that is adjusted for all consgdkrisk factors is inconsistent across regions. As
mentioned, it is possible that risk factors tha aot captured by the pricing model influence
MV returns. The impact of these risk factors migbtdifferent per region. Unfortunately, this
hypothesis cannot be tested with the current diatase

8.2 Suggestions

First of all, it would be interesting to generatager data history on MSCI MV indices using
the same approach. To do this, cooperation of MiSCéquired. When a broader window is
studied, more extreme events are included, whicitddonprove the quality of the estimates.

Further, it would be interesting to construct regibfactor data using the same approach as
Kenneth French and test whether this leads tordiftefindings. This enables to make a solid
comparison between regional portfolios. Due to ticoestraints and giving priorities to other
tests, this was not feasible within this thesiggub

Whereas this study focused on MV equity portfolibsyould be interesting to execute the same
type of research for other asset classes. Thisdvoalinteresting from both an academic as a
practical perspective. Frazzini and Pedersen (2[@b&ed at a broad universe of asset classes in
their study on the relationship between beta atarns. This implies MV portfolios of other
asset classes could be studied in a similar wayguai BAB factor. Currently, investors are
primarily focused on MV equity portfolios, but takj recent developments in sovereign debt
markets into account, it would be interesting taraine whether these strategies are beneficial
for those assets as well.

As mentioned, MV risk-adjusted returns differ saogially across regions. A study that
examines why these differences are present wowdaexisting literature.
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Appendix A: BAB factor

In Table 12, summary statistics of beta decile fpbos are presented. Low-beta portfolios
outperform high-beta portfolios in Sharpe ratiorsr

Table 12 Summary statistics beta decile portfoliosThe dataset includes daily data from 12/2001 #2QPL1. The first
decile includes stocks with the highest beta, wdethe tenth decile includes stocks with the lowesh.

Decile 1 (high beta) 19.29% 37.31% 0.45
Decile 2 15.83% 30.93% 0.43
Decile 3 15.62% 27.14% 0.48
Decile 4 13.24% 24.40% 0.44
Decile 5 14.63% 22.49% 0.54
Decile 6 15.50% 19.95% 0.65
Decile 7 15.41% 17.78% 0.73
Decile 8 14.11% 14.75% 0.79
Decile 9 10.80% 10.28% 0.81
Decile 10 (low beta) 18.93% 7.88% 2.09
BAB 16.10% 10.90% 1.25
Equally Weighted 15.11% 20.11% 0.63
Value Weighted 6.75% 21.64% 0.20

1.Equally and value weighted market portfolio dateeisieved from the CRSP database.

In Table 13 and Figure 10, the results of regressmf beta decile portfolios returns on factor
returns are presented. Risk-adjusted returns agatinely related to beta. Furthermore, the
adjusted R of stocks with the lowest beta is only 0.288, whiadicates these stocks are
exposed to other risk factors than the ones incatpd in the multifactor model. The latter also
validates using the eighth and third beta decilectinstructing the BAB factor. The Carhart
(1997) four-factor risk-adjusted return on the BA&tor is significantly positive. The BAB
factor is biased towards large caps and value stddke factor captures a momentum effect.

Table 13 Regression on beta portfolio stock 12/200112/2011.The BAB factor is long in the eight decile leverdge a
CAPM beta of one, short in the third decile ancedetaged to a CAPM beta of one.

Portfolio a Bkt Ssmb hy Mom adj. R*

Decile 1 -5.917% 1.711 0.215 -0.016 -0.189 0.951

(high beta) (-2.27) (170.66)  (11.75) (-0.82) (-16.38)

Decile 2 -5.884% 1.476 0.089 -0.004 -0.085 0.975
(-3.79) (247.32)  (8.21) (0.33) (-12.29)

Decile 3 -3.810%  1.306 0.079 -0.008 -0.056 0.979
(-3.03) (270.25)  (9.03) (-0.88) (-10.09)

Decile 4 -4.420% 1.200 0.012 -0.048 -0.025 0.982
(-4.24) (299.82)  (1.69) (-6.02) (-5.52)

Decile 5 -1.824%  1.125 0.012 -0.059 0.011 0.979
(-1.77) (284.60)  (1.69) (-7.51) (2.35)

Decile 6 0.539% 1.008 -0.040 -0.034 0.048 0.974
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(0.53) (256.84) (-5.61) (-4.37) (10.56)
Decile 7 1.978% 0.894 -0.082 -0.012 0.049 0.961
(1.79) (211.04) (-9.35) (-1.45) (10.09)
Decile 8 2.759% 0.747 -0.116 -0.003 0.093 0.917
(2.05) (144.46) (-12.26) (-0.26) (15.60)
Decile 9 3.193% 0.469 -0.129 0.004 0.082 0.711
(1.83) (69.94) (-10.52) (0.32) (10.57)
Decile 10 14.175% 0.221 -0.033 0.034 0.043 0.288
(low beta) (6.47) (27.42) (-2.27) (4.57) (4.57)
BAB 15.99% 0.042 -0.145 0.084 0.216 0.090
(4.88) (3.89) (-6.59) (3.48) (14.99)
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Figure 10 Beta decile portfolios.For each beta decile, a Carhart (1997) four-factgression has been
conductedThe dataset includes daily data from 12/2001 t@AP1. Alpha returns are annualized based on 252

trading days a year. The market portfolio that besn used as a benchmark, is obtained from theiteeaifs

Kenneth French.
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The rolling window regression that is presenteéigure 11 indicates that betas are converging
to one during extreme market circumstances (sete®éer 2008).
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Figure 11 Rolling CAPM RegressionRolling regression analysis of beta decile poidfobn a MCW benchmark. A moving
window of 252 days has been used. Bear market ger@oe shaded grey, these include the internes (84/03/2000 -
31/03/2003), subprime crisis (31/10/2007 - 28/0@@and euro zone crisis (30-06-2011 - presenthddiiv specifications are
derived from Melas, Briand and Urwin (2011). Thekaptcy of Lehman Brothers (September 2008) iscatéd as well.
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Appendix B: Industry portfolios

Simple CAPM and Carhart four-factor regressionsehdeen conducted for ten industry
portfolios. Obviously, the return regressions foe thealth care and utilities industries had
relatively low levels of R The latter indicates a large share of returnakmlity for those
industries is not explained by market related fesstors. The outperformance of nondurable
consumption goods industry compared to the MSClltMsrstatistically significant.

Table 14 Performance industry portfolios. The dataset includes daily data from 12/2001 t@0P1. Alpha returns are
annualized based on 252 trading days a year. Thieetaortfolio that has been used as a benchmagkéh regression is the
MSCI World portfolio. Due to a lack of data availétly, factor portfolios have only American consiints. T-values are
presented in parentheses. The sample consist38f&ervations.

Industr CAPM «a CAPM R? Carhart o Carhart R?

Durable consumption goods -0.25% 0.87 -0.56% 0.87
(-0.12) (-0.26)

Nondurable consumption goods 5.04% * 0.74 5.25%* 0.76
(2.40) (2.57)

Energy 5.38% 0.72 5.39% 0.75
(1.34) (1.32)

Financials -4.75% 0.87 -5.45%* 0.93
(-1.70) (-2.57)

Health Care -0.18% 0.69 0.66% 0.71
(-0.07) (0.25)

IT -3.31% 0.72 -2.46% 0.77
(-0.84) (-0.70)

Industrials 1.07% 0.92 0.74% 0.92
(0.61) (0.43)

Materials 4.98% 0.76 4.37% 0.77
(1.31) (1.19)

Utilities 3.98% 0.70 4.11% 0.72
(1.40) (1.51)

Telecom/communication -0.21% 0.71 0.83% 0.72
(-0.06) (0.26)

* alpha return significant at the 2.5% level (ttjes
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