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We use almost 21,000 equity mutual funds worldwide returns to provide
evidence that investors can make significant profits if they invest in
persistence strategies. Our regressions results are mixed and show some
funds managers are better in picking stocks. We show that investors would
have been delivered Annualized Sharpe Ratios up to 0.81. We also test our
strategies under different economic environments and conclude that in
expansion periods, our strategies outperform both S&P500 and MSCI. We
also find our results still hold after deducting funds’ redemption fees,
especially for holding periods longer than 3 months.

Supervisor: Professor José Faias

Dissertation submitted in partial fulfilment of requirements for the degree of Master of
Science in Finance, at Universidade Catolica Portuguesa, September 2015



Acknowledgments

I am very grateful to several different people. | am using this space to make sure all of them

are mentioned.

Firstly, 1 would like Professor José Faias for all the time he spent helping me going through
the process of completing this thesis.

Secondly, but surely more important, | want to thank my parents and my family for all the
support they gave during my life. I want not only to thank them but also to dedicate this thesis
to them.

I want also to mention my friends, with whom | experienced most of the best and worst

moments of my life. | also want to thank Fundacéo para a Ciéncia e Tecnologia



Table of Contents

I INEFOTUCTION .ttt et e e 1
1. Data & MethodolOgy ........ccooiiiiiiiiieiee s 4
HE INVESTMENT STFATEQY ...veiiiiiiiiiie ittt 12
IV, RESUILS ..ot bbb 15
V. REAEMPLION FEES ...ttt et te e enre s 29
VI.  Conclusions and Further RESEArCH ... 29

RETEIENCES ...ttt bbbttt 31



Index of Tables

Table I: Returns Serial Correlation ..........ccooooeiiiieiiesiee e 6
Table 11: SUMMArY STATISTICS ......cooiiiiiiie s 7
Table 111: Regression COeffiCIENTS ........ccciveiiiii i 11
Table 1V: Strategy based on Past Returns Results ...........ccccoveiviieiciicce e 17
Table V: Strategy based on Past Sharpe Ratio...........ccccccocveveiieiieie i 20
Table VI: Strategy based on Past Certainty Equivalent .............ccccocooeviiiiic e, 21
Table VI: Performance vs Passive Benchmarks...........ccccooviiiiiiiicinncee e 28

Index of Figures

Figure I: INVESTMENT STrateQY .....ccveeveiieiice et 11
Figure 11: Investment Strategy with Different Estimation Periods ............cc.ccooennee, 24
Figure 111: Investment Strategy Results with Different Criteria............c.ccoovvevveieinennn, 25
Figure 1V: Impact of Redemption Fees in Strategies Performance...........cc.cccceveneen. 29



l. Introduction

The Efficient Market Hypothesis (EMH) claims that, in strong-form efficient markets, all the
information related to the effects of future events in stocks’ prices is already incorporated in
today’s price (Roberts, 1967). In Fama’s (1970) words, efficient markets are those in which
“prices always ‘fully reflect’ available information”. According to the EMH, returns should,
therefore, be unpredictable, at least in strong-form efficient markets. Changes in securities’
prices should only be attributable to new information that no one was aware of. In that sense,
researchers should only study which factors explain prices’ changes. Trying to predict
securities’ returns should be pointless. However, not everything is explained by the Efficient
Market Hypothesis. Two major unanswered questions arise from EMH. The first one is what
can be considered “all available information”. The second is how can one measure or ensure

that all information is already reflected in securities prices.

The fact that there are no clear answers for both questions has led to several studies on
investment strategies profitability and returns’ predictability. As far as we know, we use the
biggest mutual fund sample to study whether or not returns are predictable and if investors
can make profits taking into account the fact that returns do present some degree of
predictability. Moreover, we implement almost 400 persistence strategies using ranking

criteria we did not find in previous studies.

In Campbell and Shiller (1998), the authors use Vector Autoregressive Models (VAR) and
conclude log dividend price ratios do have predictive power over future discount rates, and
therefore, future stock prices. These results are supported by those of Fama and French
(1988), who conclude not only dividend yields do predict future stock prices, but also that
predictive power increases with return horizon. Hodrick (1992) uses VAR models and states
these tests “provide strong evidence of the predictive power of one-month-ahead returns at
least for the sample from 1952 to 1987 ”. Predictability in stock returns is studied in several
different ways. In Gencay (1998), the author finds nonlinear predictability in stock market
returns, when conducting a study based on the performance of technical analysis strategies.
However, consensus on returns predictability is not easy to find. Even assuming Goyal and
Welch (2008) proposition that there is some publication bias in favor of significant results,
one can find some studies that found there is, at most, little prediction power of prices and
returns. In Stambaugh (1999), the author states regressions some authors use to study returns

predictability deliver up warded biased results and when corrections are made, results tend to



become insignificant. Goyal and Welch (2008) conduct a study in which previously used
models are reviewed and find no robust returns’ predictor. Moreover, they claim prediction
power erodes over time. Ang and Bekaert (2007) results contradict those of Fama and French
(1988), since they claim that, even though dividend yields have some predictive power in the

short-term, it disappears in the long-term.

Every actively managed investment strategy relies on the assumption that future prices are, at
some level, predictable. The hardest challenge has ever been to discover what drives returns.
In the literature one can find some examples of market anomalies that can help investors to
make extra profits. Anomalies are from now on defined as events that allow investors to make
additional profits without bearing huge extra levels of risk and happen repeatedly. In Rozeff
and Kinney (1976), authors found New York Stock Exchange returns are seasonal and tend to
be higher in January. This anomaly is now commonly mentioned as the January effect and is
sometimes explained by the willingness to pay less tax. When analyzing daily returns of
American Stocks, French (1980) reported negative average returns on Mondays and positive
in all the other four days of the week. French’s (1980) are supported by those of Agrawal and
Tandon (1994), in which five seasonal effects are studied. In their paper, the authors find
significant negative returns on Mondays in nine countries. As in many other Finance related
fields, consensus does not exist. In Steeley (2001) is concluded that, at least for the UK, the
weekend effect disappears during the 1990°s. Other effects were identified throughout the
years. Harris and Gurel (1986) conduct a study to understand whether or not stock additions
to the Standard & Poor’s Index have an impact on shareholders wealth. In their study, the
authors conclude additions may cause a significant increase in securities prices up to 3
percent, due to shifts in demand. These results are in accordance with those of Shleifer (1986)
which states stocks to be added to the Standard & Poor’s earned a positive and significant
abnormal return at the announcement date. Moreover, stock returns are persistent up to 10
days. There are other market anomalies. We do not mention all of them in this thesis.
Examples of anomalies are given because it is our intention to study the existence of one

additional anomaly and to understand if investors can profitably exploit such anomaly.

One of EMH implications is that it should be indifferent to invest money in actively or
passively managed strategies, since, at least in strong-form efficient markets, all available
information is already incorporated in today’s securities prices. As shown before, there are
several market anomalies that may imply EMH, in some moments, does not hold. In this

thesis, we use mutual funds to study the existence of equity mutual funds managers’ ability to
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pick stocks and beat benchmarks. In order to do so, we want to take advantage of returns
persistence, measured by serial correlation. Once again, consensus does not exist. Whereas Lo
and Mackinlay (1988) find positive serial correlation in weekly and monthly returns
Jegadeesh (1990) report negative and highly significant serial correlation in stocks’ monthly
returns and positive for longer lags. In this thesis, we intent to study serial correlation of
equity mutual funds returns’ and, if possible, implement investment strategies that take

advantage of such feature.

If EMH and its implications are true, it is arguable that persistence strategies in mutual funds
should not deliver investors any abnormal return, or positive alpha. However, amongst other
authors, Grinblatt and Titman (1992) found a relationship between past and future
performance of mutual funds. The authors clearly state “we can assert that the past
performance of a fund provides useful information for investors who are considering an
investment in mutual funds”. Hendricks et. al. (1993) provides evidence of returns’
persistence in mutual funds, especially in the short term, when analyzing a sample of
quarterly returns of mutual funds, during the period of 1974-88. Performance persistence is,
however, not consensual. Even though some authors state it exists, one can also find several
studies arguing there is no benefit in using past performance as predictor of future returns.
Jensen (1969) found no evidence of a relevant relationship between past and future
performance of mutual funds and therefore claims that “mutual funds managers on the
average are unable to forecast future security prices”. In Fama and French (2010), the
authors conclude that if there is any stock picking ability in funds managers to generate
“benchmark-adjusted expected returns that cover costs, their tracks are hidden in the
aggregate results by the performance of managers with insufficient skill”. Therefore, authors
found no evidence of the possibility of investors taking advantage of the skills of funds

managers.

In this thesis, it is our intention to study the presence of funds managers “stock picking”
ability. Even though it is not the main concern of this thesis, our final results have also an
implication on the Efficient Market Hypothesis. In order to reach conclusions about
managers’ ability to outperform benchmarks and shed some additional light on the existence
of managers’ skill to pick stocks, we build portfolios based on the past performance of almost
21,000 equity mutual funds, operating worldwide. It is of major importance to state that we do
not invest in momentum strategies. Whereas, very often, momentum strategies are zero-

investment strategies in which investors buy past winners and sell past losers, we focus only
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on the long leg of these types of strategies. Therefore, we do not study momentum, but
persistence. Developing and implementing persistence investment strategies and reporting
their results, measured by Annualized Returns, Sharpe Ratio or Certainty Equivalent has some
advantages. Firstly, final results can be easily understood not only by researchers, but also by
practitioners, due to the statistical simplicity of the portfolios’ performance measures and
building criteria. Secondly, we use funds from all over the world, which differ from most
studies that focus in funds developing their activity and implementing investment strategies in
specific countries or regions. Two main features of the strategies we use in this article should
be noticed by both private investors and funds’ managers. Whereas implementation easiness
can be very useful to private investors, simplicity can be used by funds’ managers to collect

more money and therefore increase Assets Under Management (AUM) and thus, funds’ size.

In this thesis, we use a sample of almost 21,000 equity mutual funds operating worldwide in
order to test whether or not investors can profit from using past performance as unique criteria
to invest in mutual funds. We build nine different clusters in order to understand if there are
significant differences in performance. We are able to state that, as in Hendricks et. al. (1993),
mutual funds returns are persistence in the very-short term. On the other hand, we also claim
that, in accordance with DeBondt and Thaler (1985), returns tend to revert in the long-term, as
we demonstrate further in this thesis. We then rank funds based on three main performance
measures: Past Returns, Sharpe Ratio and Certainty Equivalent. We find some funds’
managers are better in picking stocks. For the others, our results are the same as Fama and
French (2010), since we do not find any reason to claim funds managers do have stock
picking ability. However, after building portfolios of funds and measuring their performance,
we conclude investors could have been granted returns of 35.0% per year and Annualized
Sharpe Ratios of up to 0.81. We are also able to claim investing in our strategies would be
extremely risky, which is explained by Annualized Standard Deviation that can reach a value
of 46.00%

This thesis continues as follows: in Section II, we present the data and methodology we used
to pursue our final objective. Section 111 describes the mechanics of our investment strategies.
In Section 1V, one can find the results our strategies deliver to investors, without taking into
account redemption fees. In Section V, we show the impact of redemption fees in our

portfolios and Section VI concludes.



1. Data & Methodology

In order to study the existence of stock picking ability, we use a sample of 20,879 equity
mutual funds operating worldwide. Monthly prices were drawn from the Lipper Database,
from January 1991 to December of 2014 and raw returns were calculated. According to
Carhart (1997), there might be some selection bias when one uses Lipper’s data set, since it
includes less 100 mutual funds per year than other databases. However, in Malkiel (1995), the
author uses the previously mentioned data set and found almost the same mean mutual funds
return as Carhart (1997). Hence, one may argue selection bias should not be a major concern
when using Lipper Database. Moreover, by using data from 1991 onwards, we correct for the
bias mentioned by Carhart (1997). The same should not be claimed about survivorship bias.
Malkiel (1995) states survivorship bias may be very relevant not only because today’s
investors do not pay attention to returns of funds that already ceased operations but also due
to the fact that “commonly used data sets of mutual fund returns typically show the past
records of all funds currently in existence”. Since the information contained in the returns of
dead funds might be relevant to the analysis, it is of major importance to include in the sample
the returns of mutual funds that, for any reason, ceased operations and are currently not
reporting any returns. By using Lipper Database, that contains information of past returns of
already dead mutual funds we eliminate the survivorship bias problem and the consequences

it could have in our analysis.

Since we assume the possibility of finding differences across funds, we start by clustering the
mutual funds following three main criteria: type of asset invested — Small & Mid and Large
Caps; Geographical focus — European, Emerging Markets, Global, Japan and North American
Funds — and Sector Funds, from now on considered the funds within the sample that only
invest in equities of companies which operate in specific sectors. In the end, nine different
categories were taken into account in this thesis, since we also considered an All Equity

Funds cluster, which comprises all the 20,879 mutual funds.

One way one can use to study the existence of funds’ managers stock picking ability is to test
whether or not funds returns are persistent in time. If so, there might be some room for
claiming funds’ returns have a certain degree of predictability. In this thesis, we measure
persistence by the lagged serial correlation of funds’ returns. In order to compute returns’

serial correlation, we start by creating an Equally Weighted Index (EW) with every available



fund in each period and compute its return. Afterwards, we calculate the serial correlation of

returns of each cluster EW, for 1 to 12-month lags.

Table |I. Returns Serial Correlation

Serial correlation of returns for all the previously constructed clusters can be seen in this Table. We consider returns’
autocorrelation evidence of persistence and show coefficients for the 1 to 12-month lagged serial correlation of returns. The

1%, 5% and 10% statistical significance levels are denoted by the symbols*** ** and *, respectively.

Returns Serial Correlation (%)

Group
1 2 3 4 5 6 7 8 9 10 11 12
All Equity Funds 25.04*** 745 657 3.86 -1.00 -5.89 006  15.03* 8.08 426 -021 0.3
By Asset Invested
Small & Mid Caps 33.24*%** 11.32* 750 247 -2.70 -3.36 4.04  13.79** 594 196 -0.93 -3.48
Large Caps 2357 672 613 492 001 -4.33 -3.89  12.96** 487 34 080 031
By Geographic Focus:
Global 16.27*** 380 697 523 -2.76 -5.84 -0.48 8.81 720 006 -1.76  -5.28
North America 18.63*** 345 209 -0.09 -3.30 -9.67 390 17.21%** 1230** 486 -1.82  3.00
Europe Funds 26.55%** 817 9.82* 4.22 -0.42 -1.13 -450  12.32** 301 238 223 278
Japan Funds 23.03*** 742 11.02* 815 7.71 -4.73 621 9.37 157 -0.84 -519 -10.84*
Emerging Markets 25.08*** 10.45* -0.78 -3.04 -530 -12.22** -0.42 710 973* 171 -2.76  -4.34
Sector Funds 13.68** -0.45 648 6.88 -6.63 -5.86  4.14 15.39%** 1598** -121 -561  -3.27

In Table I, we present the lagged serial correlation of funds’ returns, by cluster and number of
lags, in months. We find clear evidence of persistence in returns, measured by the significant
lagged serial correlation, especially in the very short term. For all the clusters, the 1 month
lagged autocorrelation is positive and significant at the one percent level, which implies that
the last month return has a positive influence on the following month return. In that sense, our
results are accordance with those of Grinblatt and Titman (1992), who state past returns do
contain information about future performance. Our results do also support Lo and Mackinlay
(1988) claim that returns are persistent in time and present positive serial correlation in the
short term. Whereas the higher values of serial correlation can be found in the Small & Mid
Caps (33.24%), European Funds (26.55%) and Emerging Markets (25.08%) funds’ clusters,
funds included in the Sector funds’ cluster present the lowest level of 1 month serial
correlation (13.68%), which may be explained by the appearance of new funds that invest in
economic sectors that already existing funds disregard. Despite the fact that most of the
clusters’ returns tend to stop being significant at the 4-month lag, there is room to argue that,
in most of the clusters, returns are persistent up to 8 months However, it is also possible to

argue that persistence in returns tends to become negative in with time, what can be seen by



the negative values in the 12-lagged coefficients we show in Table I, which may indicate
returns tend to mean revert in the longer term. Longer term mean reversal is shown is
DeBondt and Thaler (1985), who show past losers tend to perform better than past winners, in
the mid-term. Positive and significant serial correlation may lead to the conclusion that

returns might have some degree of predictability.

In this thesis, we intend not only to provide evidence on the ability of funds’ managers to pick
stocks but also to evaluate the performance of a strategy in which the main investment criteria
is the past performance of funds. Therefore, we try to make this thesis useful for both
researchers and investors by conducting a study about the existence of a specific skill and to
assess the possibility of taking advantage of such skill. In order to proceed, we computed and
show summary statistics for the returns of the EW indices we built in every cluster we
mentioned before. Measures like Annualized Mean Returns, Standard Deviation, Annualized

Sharpe Ratio and Certainty Equivalent are shown in Table I1.

Table Il. Summary Statistics

Summary Statistics for all the clusters we mention previously are shown in this table. #Funds stands for the total number of
funds within each cluster. Mean #Funds is considered the average number of funds during the sampling period from January
1991 to December 2014. u is the annualized average return of each cluster and the annualized standard deviation of returns is
represented by c. SR represents the average annualized Sharpe Ratio delivered by the EW and CE the Certainty Equivalent
for a power-utility function with a risk aversion coefficient equal to 2. Skew and Kurt stand for Skewness and Kurtosis of the
returns’ distributions. The 1%, 5% and 10% statistical significance levels are denoted by the symbols***** and *,

respectively.

Summary Statistics

Group Mean
#Funds M c SR CE(%) Skew  Kurt
# Funds
All Equity Funds 20,879 7,804 7.07** 1490 0.25 5.51 -0.54 3.68
By Asset Invested
Small & Mid Caps 738 328 11.30%** 1761  0.34 8.24 0.26 6.74
Large Caps 8,351 3,294 7.98%* 2404 024 9.64 -0.54 0.93
By Geographic Focus:
Global 6,743 2,367 8.90*** 1627 0.32 6.36 -0.48 0.62
North America 3,706 1,565 8.99%** 1658  0.30 6.22 -0.24 3.39
Europe Funds 6,066 2,463 9.40*** 1521  0.33 7.04 -0.56 4.29
Japan Funds 1,373 592 131 6350 017 4,68 -0.56 0.09
Emerging Markets 2,991 860 13.68*** 2378  0.37 7.98 -0.31 4.02
Sector Funds 870 336 8.84*** 1504 0.32 6.55 -0.43 4.14




As mentioned before, our sample consists of 20,879 equity mutual funds worldwide with a
minimum of 24 observations of monthly returns, which we computed based on the prices we
extracted from Lipper’s Database, from the period starting in January, 1991 to December of
2014. Within the sample, one can find funds with a maximum of 289 returns’ observations. In
total, our sample comprises 2,251,980 observations of funds’ monthly returns and the average
number of observations per fund is 107. One of the first conclusions one can draw when
analyzing Table 11 is that the number of funds in the All Equity funds cluster is not equal to
the sum of funds that invest in Small & Mid Caps and Large Caps, which is explained by the

fact that not every fund invests exclusively in equities based on this criteria.

As stated before, we include in our sample both live and dead funds. We do that in order to
avoid survivorship bias, which could make our results better without any relevant reason.
Within the sample are 1,598 mutual funds that, for any reason, do not report information
about prices anymore. All those funds were considered dead and represent almost 8% of the
total funds in the sample. Almost 40% of the funds included in the sample invest exclusively
in equities of large companies. After dividing the funds by geographical focus of their
investment strategy, we observe that most part of the funds invested in Global or European
equities. Table Il also provides information on annualized returns of funds’ investments. If
one decided to invest in an EW index of funds, she would almost surely be delivered positive
and significant returns year after year. Positive and significant returns range from 7.77% in
the All Equity Funds cluster to 13.68% in Emerging Markets. Even though returns are high,
risk is also very high when investing in mutual funds. At his point, we measure risk by the
Annualized Standard Deviation of returns. Investors would opt for the least risky cluster if
they invested in the All Equity Funds cluster (14.90%) and would have carried the largest
amount of risk if they allocated wealth to the Japan Funds cluster (63.5%). These levels of
risk are easily explainable. Geographical diversification of the funds included in the All
Equity Funds cluster implies a lower exposure to some types of risks, which ultimately causes
a lower level of risk. The Japanese cluster is quite different. During the sampling period,
Japan faced, at least, two major economic crises and some expansion periods, which helps
explaining the very high Annualized Standard Deviation of returns. Some of our results are
counter intuitive. For example, Large Caps clusters present an Annualized Standard Deviation
of 24.04%, which contradicts the theory that states the higher the risk, the higher should the
return be, since it delivered lower returns than the Small & Mid Caps cluster (11.30%), with

higher risk. Investors would not receive any significant return only if they had decided to



invest in funds that invested solely in Japanese equities, which can be explained by the
economic situation in Japan during the 90°s and the global economic environment from 2008
onwards. These results are positive not only due to the fact that returns are consistently
positive and significant but also because there are two economic crises within the sampling
period. The first one happened between 1999 and 2001and the second one started in 2008 and
its effects are still felt in, at least, some economies and countries worldwide. In order to assess
funds’ performance, taking into account strategies’ risk exposure; we compute Annualized
Adjusted Sharpe Ratios (SR) and Certainty Equivalent (CE), which is from now on defined as
the risk-free rate investors’ would demand in order to move from risky assets to those which
pay the risk-free rate. Whereas SR only considers the two first moments of the returns’
distributions, CE measures take into account the impact of the Skewness and Kurtosis of the
distribution. CE was calculated with an underlying assumption that utility follows a power
function with a risk aversion coefficient (y) of 2. The formula we use to compute CE (1) is

shown below.

CE = (T+[1—y)i7 -1 1)

One assumption underlying the commonly used Sharpe Ratio formula is that returns are
independent and identically distributed. In our sample, returns are serially correlated. Due to
that fact, we correct the value of annualize SR following Lo’s (2002) procedure. This method
implies that, instead of multiplying the SR by the square root of the number of periods per

year, one shall multiply the SR by the term presented in formula (2).

n(q) = J < )

a+2 31 (q-k)+p(k)

As suggested in Lo’s (2002), p(k) is the coefficient of the (g — k)significant lagged serial
correlation. Whenever there is positive serial correlation in returns, Lo’s (2002) method has a

negative impact on the Annualized Sharpe Ratio.

By observing Table 11, one can conclude the minimum Adjusted Annualized Sharpe Ratio
investors would be delivered was 0.17, if they had invested in the Japan Funds Cluster. A
maximum of 0.37 would be granted if they had put their money in funds which invested in
equities from Emerging Markets. It is important to recall that even when facing two major
crises during the sampling period, investors would be delivered a positive SR if they had
invested in funds which invest in Japanese Equities. One should also notice that six clusters

provided higher SR higher than those delivered by the S&P500, during the sampling period
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what may imply investors are rewarded when investing in mutual funds. However, at this
point, we do not compute the impact of redemption fees in mutual funds returns. Table 11 also
provides information on skewness and kurtosis of returns’ distribution of each EW index.
Most of returns’ distributions are negatively skewed, which implies that returns are, very
often, above the distributions’ average. EW returns’ distributions also tend to be leptokurtic,
which means small changes in returns are not an uncommon event. However, leptokurtic
distributions tend to present fat tails, which mean extreme events are rare, but may have a

massive impact on investors’ wealth.

In order to conduct a study which main objective is to understand whether or not it is
advantageous for investors to invest in mutual funds, we test the if mutual funds are actually
capable of consistently outperform benchmarks. More precisely, we intend to provide
additional evidence on the existence of funds’ managers “stock picking” skills. For the
purpose of this thesis, we measure this ability by computing alpha and testing its significance
using Ordinary Least Squares (OLS) regressions against the Carhart (1997) 4-Factor Model.
This model is presented in equation (3), and is constructed as the Fama and French 3-Factor
Model with an additional momentum factor.

Regw — Ry = a + By * MKT + B, * SMB + B3 * HML + 4 * WML + & 3

In this model, Rgy, — Ry is the monthly excess return of each cluster’s EW. MKT is, as
defined in Fama and French(1993), the excess return of the market portfolio over the risk-free
rate. Small minus Big (SMB) factor is considered the excess return of a portfolio of small
companies’ stocks over a portfolio which comprises stocks of big companies. The last factor
of the Fama and French 3-Factor model is High Minus Low (HML) which is computed as the
excess return of the average returns of two value portfolios and the average returns of two
growth portfolios. Carhart (1997) adds to the model a Momentum Factor (W ML) which is
calculated as the excess return of a portfolio of stocks with the highest 1-month lagged returns
over a portfolio which comprises those stocks that delivered the worst ones. To evaluate the
performance of the clusters” EW, we run Ordinary Least Square regressions against the 4-

Factor Model and assess if returns are explained only by funds’ exposure to the factors or if
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there is part of returns that is not explained by that exposure and therefore is attributable to
managers’ ability to pick stocks. We extracted all the factors from Ken French Library™.

Table lll. Regression Coefficients

This  table  presents the OLS  regression  coefficients for all the clusters in  analysis.
Ann.o. is considered the clusters” EW annualized return, in percentage, that is not explained for the model.
MKT represents the exposure to the market risk and was tested to be different than 1. Coefficients for SMB, HML and WML
are considered to be the exposure to the risk factors we previously explained in this thesis and were tested against zero. The
1%, 5% and 10% statistical significance levels are denoted by the symbols*** ** and *, respectively.

4-Factor Model Coefficients

Group
Ann. o (%) Rm-Rf SMB HML WML R-square (%)
All Equity Funds 4,01 0.21%** -0.02 -0.11 -0.06 6.00
By Asset Invested
Small & Mid Caps 6.67* 0.31%** -0.04 -0.12 -0.05 8.39
Large Caps 5.11 0.23%*=* 0.03 -0.12 -0.64 0.51
By Geographic Focus:
Global 5.30 0.19%*=* -0.36 -0.09 -0.07 423
North America 0.05 0.22%** -0.05 -0.13 -0.07 5.50
Europe Funds 5.37* 0.23%*=* 0.00 -0.62 -0.78 6.20
Japan Funds 0.05 0.24%*** 0.03 -0.45 -0.03 3.58
Emerging Markets 0.06** 0.20%* -0.01 -0.23* 0.00 3.25
Sector Funds 5.39* 0.14** -0.02 -0.05 -0.05 2.34

The first thing one can see in Table Il is that there is only one beta coefficient for each
factor in each cluster. That happens due to the fact that we regress the entire period against the
factors. The only factor that is significant for all clusters is the market factor (MKT). In that
sense, one may argue that returns are attributable to exposure to the market portfolio and
therefore, to systematic risk. Nothing can be inferred from the others. This fact can be mainly
due to two hypotheses: the first one is that, since Famma and French factors are built based on
stocks’ returns, they might not be the most appropriate to explain mutual funds returns. The
second one is simply arguing that there is no statistical reason to claim mutual funds returns
are driven by exposure to size, growth and momentum factors. Table Il also provides
information on the model fitness. In this case, the explanation power of the model is very low,
since the R-square of the regressions range from 0.51% to 8.39%. In that sense, both
hypotheses can be seen as complementary towards each other. By analyzing the first column
of the table, one can understand that only four clusters provide positive and significant alpha,

which may actually mean managers of funds included in those clusters show better “stock

! http://mba.tuck.dartmouth.edu/
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picking” ability than those who manage funds in other clusters. All in all, for five of our
clusters, results are in accordance with Famma and French (2010), who argue that if there are
funds’ managers with better “stock picking” skills, they are hidden in the group of those who
do not have this type of skill. Our results do not completely support Famma and French
(2010) due to the fact that we find positive and significant alphas that range from 0.06% to
6.67%. Our results do not have an implication on how easy is to find the best managers within
each cluster. We just provide evidence that is not necessary to try to find them. By investing

in EW indices, investors are rewarded by funds managers’ ability to pick stocks.

We find there are some clusters that tend to present better managers. However, our results are
mixed, since in five clusters our results are inconclusive. These results can be attributed to
several reasons. Firstly, one can argue results might have been different if we had used mutual
funds’ factors, which we did not. The second reason is that, in fact, there is no “stock picking”
skill in some mutual funds’ managers, or at least, there is no way to identify which managers
do have that skill.

In order to study if these conclusions hold for investors, we decided to implement investment
strategies in which the only criteria to invest is past performance, measured in three different
ways: Raw Returns, Sharpe Ratio and Certainty Equivalent.

I11.  Investment Strategy

Past performance of assets has been used as main criteria of investment decisions. The belief
that assets’ past returns provide information on future ones’ has led people to invest in some
specific securities and pursue persistence investment strategies, especially on equities.
Jegadeesh and Titman (1993) demonstrate that buying past winners and selling equities of
companies that performed the worst in the past delivers positive and significant abnormal
returns. Rowenhorst (1998) demonstrates that internationally diversified portfolios consisting
of past winners outperform those which comprise past losers, at least in the mid-term, even
after correcting performance for risk. Griffin et al. (2005) study returns persistence and
conclude that price momentum strategies generate higher returns than market indices. As in
the previously mentioned paper, we study the performance of persistence strategies using a

sample of 20,879 equity mutual funds worldwide. Some advantages arise from the use of
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these types of strategies in this study and the comparison of their performance with others.
Firstly, simplicity of implementation may be very useful for investors since they can easily
understand how to make a profit without having to spend time and money to gain additional
knowledge of financial markets. Moreover, the fact that we compare the performance of
strategies which only difference can be attributable to funds managers’ skills might bring

EAN13

additional insights about the existence of funds managers’ “stock picking ability”.

As mentioned before, we do not study momentum strategies. Whereas conventional
momentum strategies imply no investment at moment zero, since one buys past winners and
sells those assets that performed the worst; we only hold long positions in funds that
performed the best during the estimation period. The investment strategies we use to conduct
our study are based in a very simple persistence criterion: invest in the mutual funds that
perform the best in the past. Therefore, we rank the funds according to their past performance.
Past performance can be measured using different variables. By using raw returns and risk-
adjusted performance measures in our analysis, namely Sharpe Ratio and Certainty
Equivalent to sort the funds, we intend to provide deeper knowledge and intuition on
persistence strategies and to take into consideration levels of risk in the funds we include in

our strategies.

Since we want to evaluate the performance of the strategies over several time horizons, we
use different estimation and holding periods. From now on, estimation period is defined as the
number of months we use to compute the value of the variable we use to rank funds in each
cluster. Holding period is the number of months an investor would hold the portfolio. Figure

I provides graphical information on how we implement our investment strategy.

Figure | shows the mechanics of our investment strategy. In the first column, one can see an
example of a sample of ten equity mutual funds of any cluster we mentioned before. During
the estimation period of n months, we compute the compounded return or Return of
Estimation Period (REP), Sharpe Ratio or Certainty Equivalent of each fund. In the end of the
estimation period (t), we rank portfolios based on the criteria we are using at that time. We
use different performance measures to rank funds during the estimation periods. However, the
methodology is always the same. In that sense, we think it is unnecessary to include figures in

this thesis to explain how the other strategies are implemented.
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Figure |. Investment Strategy

In the figure, we present the mechanics of our investment strategies based on returns persistence. We use an example in
which the sample comprises only ten equity mutual funds. This example is considering we rank funds based on Past Raw
Returns. Since the methodology we used is the same when ranking funds based on past Sharpe Ratios or Certainty Equivalent
is the same, we feel this figure is representative of all of our strategies

Investment Strategy

REP (%) Rank Invest and Hold
(t—m)tot t (t+1Dto(t+h)
Fund I 2.35 Fund 111 5.03 Fund 111 5.03
Fund 11 -1.42 Fund X 4.04
Fund 111 5.03 Fund IX 3.48
Fund IV -2.71 Fund | 2.35
Fund V -3.563 Fund VI 1.72
Fund VI 1.72 Fund V11 0.46
Fund VII 0.46 Fund VIII -0.71
Fund V111 -0.71 Fund Il -1.42
Fund IX 3.48 Fund IV -2.71
Fund X 4.04 Fund V -3.53

In Figure | one can see an example in which we use Raw Returns to estimate which funds
performed the best during the estimation period. The day after we invest in the funds included
in the top decile. In this case, we invest our money solely in Fund 11, due to the fact that it
was the fund that delivered the best compounded return amongst the ten funds in the sample.
Then, we hold the portfolio of funds for h months, which we define as the holding period.
Meanwhile, we measure the performance of funds in the sample for the next holding period.
The implementation of this strategy implies that whenever the holding period is lower than
the estimation period, there are some months that are included more than once in the
estimation window. When holding period is bigger than the estimation period, this situation
no longer occurs. As we stated before, we sort funds and build portfolios based on funds’ Raw
Returns, Sharpe Ratio and Certainty Equivalent. Whereas our estimation periods are set as 3,
6, 12, 36 and 60 months when sorting based on raw returns, we only consider estimation
periods of 12 months or longer when ranking funds based on the previously mentioned risk-
adjusted performance measures. Regarding holding periods, we consider for all variables 1, 3,
6 and 12 months, which implies we only study short-term persistence of returns. We consider
all the possible combinations of estimation and holding periods for each cluster, which results
in 20 different strategies per cluster, in the case when funds are sorted according to past
returns. We study 180 different short-term strategies, when the ranking variable is past

returns. When we rank funds based on past Sharpe Ratio or Certainty Equivalent, we conduct
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a study on more 216 investment strategies. All in all, we end up conducting a study about the
performance of 396 different investment strategies. Performance measures as Annualized
Mean Return, Standard Deviation and Sharpe Ratios are computed and presented further in
this thesis. Since we use several different holding periods, it was necessary to make some
adjustments to the factors, which we did by computing the compounded return of the factors

for a period equal to the strategies’ estimation period.

1VV. Results

As shown before, the results of our regressions are mixed. Within our clusters, there are four
clusters (Emerging Markets, Sector, European and Small & Mid Caps) that present positive
and significant alphas. However, for the others, we find no statistical reason to claim funds
managers are better or worse than others in picking stocks. In order to better assess if
investors would have any benefit in relying in funds’ managers ability to pick the better
stocks amongst those existent in the financial markets, we conduct Out-of-Sample

implementation of 396 different persistence investment strategies.

Table 1V shows Annualized Mean Returns, Standard Deviation of returns and Annualized
Sharpe Ratios for every strategy we implemented. As mentioned before, we started by
ranking funds according to their past performance, with different estimation periods. We then
build portfolios of funds by buying participation units of those funds which were included in
the top decile. In that sense, we end up holding Equally Weighted Indices of funds during the
holding period. In the end of the holding period, we sell all the participation units and buy
ones from the funds that performed the best during the estimation period. In order to take into
account risk of each fund, we rank funds not only based on past returns. We apply exactly the
same methodology we described before, but we buy funds who delivered investors the highest
Sharpe Ratio or Certainty Equivalent. In this study, we assume Certainty Equivalent can be
computed with the underlying assumption that utility follows a power-utility function with a
risk-aversion coefficient (y) of 2. When ranking funds according to the risk-adjusted
performance measures we discussed earlier, we only consider estimation periods equal or

longer than 12 months, so that we guarantee representativeness of these measures.
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We think presenting results only for the entire sampling period may disregard some important
features of our investment strategies, namely performance differences under different
economic environments. Therefore, further in this thesis, we show the results of the additional
analysis we make. We start by graphically showing performance differences for different
estimation periods. We also compare the results of the same strategy with different ranking
criteria. In order to properly compare our investment strategies with passively managed ones,
we not only compute indices that demonstrate investors would be granted higher returns if
they had invested in our strategies but we also compare risk-adjusted performance of our
strategies with the performance of the previously mentioned passively managed investment
strategies. Fees do also have a major role when studying whether or not investors would
benefit from investing in mutual funds. In our strategies, fees are very important due to the
fact that, whenever we rebalance our portfolios, we incur in extra costs. We expect investment

strategies with shorter holding periods to be jeopardized the most.

We start by presenting our strategies’ performance without taking into consideration the
impact of redemption fees. Tables 1V, V, and VI show the results of our strategies. We focus
mainly on three annualized performance or risk measures: Returns, Sharpe Ratio and
Standard Deviation of returns. One can find Annualized Mean Return of each strategy, with
different estimation and holding periods. Even though return can be considered a performance
measure, investors shall not forget that information on risk is not incorporated in returns. In
order to better analyze performance, we use risk-adjusted performance measures, namely
Sharpe Ratios that measures additional return investors would be provided for each additional
unit of standard deviation they bear when investing in these momentum strategies. We use
Certainty Equivalent because it takes into consideration skewness and kurtosis of returns’
distribution. Some conclusions can be drawn from analyzing Table IV. Firstly, one can see
that, for rebalancing periods of 1 month, returns of all clusters are positive and significant.
The same happens when the rebalancing period is half a year, excepting the Japan cluster.
Furthermore, when rebalancing periods are longer, returns tend to still be positive and
significant, for short estimation periods. Whereas the top three performers in very short
rebalancing periods are Small & Mid Caps, Sector and Emerging Markets clusters, the worst
performer is the Japan cluster, for every holding and estimation periods. When comparing
performance of funds that invest in small caps with those that invest in large caps, our results
are in accordance with those of Rouwenhorst (1998), which concludes small caps returns’ are

more persistent than large caps’ ones.
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Table IV. Strategy based on Past Returns Results

Table 1V presents Annualized Returns (u1), Annualized Standard Deviation and Sharpe Ratio for every strategy of each cluster we introduced earlier in this thesis. We tested significance of

Annualized Mean Returns against zero. The 1%, 5% and 10% statistical significance levels are denoted by the symbols***,** and *, respectively

Rebalancing Period

1M 3M 6M 12M
Group Estimation H o Ann. SR H o Ann. SR H o Ann. SR H o Ann. SR
3M 6.84%** 1472 0.24%%* 7.46%**  19.30 0.21%* 8.23% 2348 021 858  26.36 0.20
6M B.75%** 1479 0.23%** 7.39%%%  10.42 0.21%* 7.25%%* 18,07 0.22 734 1867 021
Allequity Funds 12 7.25%%% 1487 0.26%** 7.87%%%  10.49 0.23%* 850%*  22.40 0.23 767 20.60 021
36M 753%* 1493 0.28%** 7.70%%* 1955 0.22%* 7.60%*  21.70 0.20 780  22.80 0.19
60M 6.74*** 1518 0.22%** 7.42%%% 2054 0.20* 7.18**  18.84 0.20 797 24.42 0.19
3M 22.39%%* 2350 0.81%** 17.12%%  29.44 0.47%%* 16.79%** 3517 0.38%* 1771 4345 0.33
6M 19.25%%%  24.80 0.64%*+ 14,065 29.14 0.37%*+ 16.33*** 3558 0.36%* 960  25.29 0.25
Small & Mid Caps  12Mm 16.78%**  22.99 0.58%** 13.03%** 2812 0.34%*+ 14.80%** 2505 0.46%** 939 286 021
36M 30.73*** 4543 0.60%** 14155  28.82 0.37%** 12.16%%*  26.62 0.33** 11.95 3322 0.26
60M 24.62*** 3091 0.69%** 16.21%** 3209 0.40%** 1251%** 2835 0.32* 1246 3331 0.27
3M 14.27%%*  18.00 0.61%** 12.33%%* 2403 0.37%%+ 13.64%** 2861 0.36%* 15.93%*  36.32 0.35
6M 11335 17.96 0.44%%% 10.58%**  23.27 0.31%*+ 10.90%%*  24.37 0.31%* 1323 321 031
Large Caps Funds  12m 11.89***  17.83 0.48*** 11.45%** 2276 0.36%** 10.36*** 2229 0.31** 10.59 26.8 0.27
36M 12.59%%*  20.16 0.46%** 13615 24.74 0.41%%* 13.02¢%% 2421 0.40%* 14.22%*  31.69 0.34
60M 14.05%** 2159 0.49%** 13.26*** 2565 0.39%** 13.22%%* 2501 0.39%* 1319 3351 0.29
3M 25.11%%%  24.40 0.29%** 23.00%%* 3230 0.24%* 8.20%** 2158 0.23 12.92%* 2935 0.33
6M 9.83***  16.62 0.39%** 8.88***  10.38 0.28%** 10.34%%  17.80 0.39%* 11.02%%*  17.56 0.44%*
Global Funds 12M 15.40%**  20.28 0.59%** 1L71%* 2161 0.39%** 11260 2011 0.39%* 11.76%%  28.02 0.30
36M 9.41%**  17.01 0.34%%+ 9.59%** 2281 0.27%* 8.75%**  20.58 0.26 965 2801 0.22
60M 9.36***  18.95 0.32%%+ 8.76%**  24.49 0.22* 9.04** 2268 0.25 9.26 3165 0.19
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Table IV (Continued) . Strategy based on Past Returns Results

Table 1V presents Annualized Returns (u1), Annualized Standard Deviation and Sharpe Ratio for every strategy of each cluster we introduced earlier in this thesis. We tested significance of

Annualized Mean Returns against zero. The 1%, 5% and 10% statistical significance levels are denoted by the symbols***,** and *, respectively

Rebalancing Period

1M 3M 6M 12M
Group Estimation H o Ann. SR H o Ann. SR H o Ann. SR H S  Ann.SR
3M 10.35%**  17.24 0.41%%% 0.43*** 21,69 0.28%** 10.57%** 2515 0.29% 10.8%*  26.40 0.28
6M 9.87***  17.56 0.37%** 9.03***  20.57 0.28%** 9.42%** 19,51 0.31** 10.42%*  22.37 0.32
North American Funds 12 11.74%%* 1849 0.45%** 1135 2264 0.35%%* 10.85%**  19.65 0.38%* 10.2%% 2327 0.29
36M 9.49%*% 17,62 0.35%** 10.73%** 222 0.33%** 9.09***  19.25 0.30* 748 2388 0.17
60M 7.93***  17.45 0.26*** 8.48***  22.43 0.23** 7.9%*  19.38 0.23 773 2457 0.18
3M 12.62%**  17.01 0.54%*% 10.89%** 2356 0.32%%% 13.83%**  28.47 0.37** 15.77**  35.26 0.35
6M 12.16***  16.46 0.53%** 12.16%**  22.19 0.40%** 12.18***  19.15 0.46%** 15.87%** 2204 0.57**
European Funds 12M 12.61%** 1650 0.56%** 12.35%*%% 2217 0.41%** 13.69%**  19.26 0.54%%* 11.51**  23.65 0.34
36M 11.13***  17.48 0.44%%% 10.86***  23.03 0.33%** 9.68%** 218 0.29% 1008  26.67 0.25
60M 9.71%**  17.89 0.35%** 10.13*** 25,03 0.27** 10.35%** 234 0.30* 10.95  28.84 0.26
3M 9.69%** 2453 0.26%** 8.31%**  31.19 0.16 766  36.18 0.12 980  45.47 0.14
6M 767 2443 0.18%** 7.73** 3054 0.14 824  40.65 0.12 714 36.00 0.1
Japan Funds 12M 7.65%**  22.80 0.19%** 8.18***  30.17 0.16 9.73 4261 0.15 1475  76.02 0.15
36M 4.72%%*  21.85 0.06 6.39**  29.35 0.10 797 417 0.11 6.61  48.29 0.07
60M 5.57***  22.84 0.10 6.26  30.35 0.10 5.66  35.18 0.07 476 43.03 0.03
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Table IV (Continued) . Strategy based on Past Returns Results

Table 1V presents Annualized Returns (u1), Annualized Standard Deviation and Sharpe Ratio for every strategy of each cluster we introduced earlier in this thesis. We tested significance of

Annualized Mean Returns against zero. The 1%, 5% and 10% statistical significance levels are denoted by the symbols***,** and *, respectively

Rebalancing Period

M 3M 6M 12M
Group Estimation H c Ann. SR H ° Ann. SR H ° Ann. SR H c Ann. SR
3M 16.14**  26.09 0.49%*=* 12.38%** 33,77 0.27** 12.38**  37.77 0.24 16.64  45.89 0.29
6M 11.47%** 27,65 0.29%** 12.06*** 3530 0.25%* 13.59**  36.85 0.28* 1416  35.31 0.31
Emerging Markets 12\ 15.25%**  27.64 0.43%** 15.79***  36.80 0.34%** 13.18***  33.78 0.29% 2025 558 0.3
36M 8.89%**  28.05 0.20%** 10.94*** 3537 0.21* 10.10  37.22 0.18 11.88  44.32 0.19
60M 14.48*** 2778 0.40%** 16.69***  37.12 0.36*** 16.91***  37.54 0.36** 20.62  50.78 0.34
3M 16.46*** 2591 0.51%*=* 8.71*** 2553 0.21** 706  26.63 0.14 18.1%*  40.11 0.37*
6M 2458*** 26,59 0.80%** 18.45%** 2724 0.55%** 18.92%** 2583 0.60%** 19.24%**  27.23 0.58**
Sector Funds 12M 23.46*** 2555 0.79%** 17.52*%**  29.00 0.49%** 16.49%**  27.45 0.48*** 13.78  37.16 0.28
36M 28.23*** 3369 0.74%* 14.39%*  31.14 0.35%*=* 13.12%**  32.49 0.30* 10.78  33.35 0.22
60M 16.86***  27.88 0.48*** 12.77*** 3575 0.26** 12.1%*  36.26 0.24 14.00  56.31 0.19
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Table V. Strategy based on Sharpe Ratio Results

Table V presents Annualized Returns (p), Annualized Standard Deviation and Sharpe Ratio for every strategy of each cluster we introduced earlier in this thesis. We tested significance of

Annualized Mean Returns against zero. The 1%, 5% and 10% statistical significance levels are denoted by the symbols***,** and *, respectively.

Rebalancing Period

1M 3M 6M 12M
Group Estimation H o Ann. SR H o Ann. SR H o Ann. SR H o Ann. SR
12M 11.54%** 15.62 0.52%** 11.38*** 19.86 0.40*** 9.34*** 19.52 0.31** 9.42 25.29 0.24
All equity Funds 36M 8.41***  21.07 0.24%*** 9.29%** 2512 0.24%* 8.41** 2294 0.22 936 2891 0.21
60M 8.88***  20.97 0.26%*** 9.31*** 2515 0.24** 8.91** 2336 0.24 1031 30.70 0.23
12M 19.78%** 21.67 0.76*** 16.78*** 24.67 0.54*** 10.72%** 24.01 0.31** 10.37 26.18 0.27
Small & Mid Caps 36M 9.69%**  23.03 0.27*** 8.60*** 2589 0.20* 8.84** 2833 0.19 799 3244 0.14
60M 16.97*** 25.64 0.53*** 13.52%** 29.06 0.35*** 13.90%** 30.60 0.34** 12.74 38.52 0.24
12M 11.47%** 16.34 0.50*** 12.05%** 20.60 0.42*%** 10.15%** 20.59 0.33** 12.06** 26.12 0.33
Large Caps 36M 10.58*** 2230 0.32%** 11.86***  26.37 0.32%** 10.95%** 2502 0.30* 12.34 3153 0.28
60M 11.36*** 23.03 0.35%** 12.03*** 27.45 0.32%** 11.61%** 25.78 0.32* 14.18 34.24 0.32
12M 11.96*** 1502 0.57*** 11.31%**  19.12 0.42%** 10.36***  17.92 0.39** 11.17**  25.86 0.3
Global Funds 36M 12.78*** 2724 0.35%** 8.84*** 2366 0.23** 7.38** 2138 0.19 738 2874 0.14
60M 7.92%%*  21.20 0.22%** 6.50**  22.60 0.14 588 2124 0.12 587  26.02 0.10
12M 12.94%** 1850 0.52%** 11.90%**  20.45 0.42%** 10.41%**  18.42 0.38** 10.21**  22.95 0.3
North America Funds 36M 8.32%** 21.27 0.23*** 8.54*** 24.38 0.21* 7.13** 19.60 0.19 7.54 24.89 0.17
60M 8.59*** 20.70 0.25%** 8.89*** 23.80 0.23** 7.92%* 19.67 0.23 8.57 27.21 0.19
12M 10.45%** 14,90 0.48%*** 11.33*** 19,62 0.41%** 12.65***  19.66 0.47*** 11.12*%*  22.68 0.34
European Funds 36M 10.27*** 21.06 0.33*** 11.53*** 26.01 0.31*** 11.34%** 24.08 0.33** 11.62 28.71 0.29
60M 10.36*** 2094 0.33%** 11.51%**  26.10 0.31%** 11.84%** 24.6 0.34** 11.74  29.35 0.29
12M 8.8*** 2226 0.24%** 9.3g*** 2753 0.22%* 917 3723 0.16 1359  76.03 0.13
Japan Funds 36M 4.44%%* 24.19 0.04 5.55 29.79 0.07 6.08 38.10 0.07 6.44 55.00 0.06
60M 7.28*** 2560 0.15** 7.35%* 3137 0.13 8.89 4047 0.14 7.6  55.88 0.07
12M 16.90*** 25.43 0.53*** 17.80*** 31.02 0.47%** 17.55*** 32.35 0.44*** 22.77** 52.36 0.37*
Emerging Markets Funds 36M 12.24*** 31.85 0.28*** 13.81*** 36.36 0.29*** 14.66** 37.91 0.30* 17.33 49.15 0.28
60M 15.01*** 3175 0.37*** 17.24***  36.26 0.38%** 18.04***  37.08 0.40** 22.07  49.37 0.38
12M 18.17%** 18.70 0.79*** 14.98*** 23.14 0.50*** 13.87*** 21.51 0.49%** 10.52** 24.01 0.30
Sector Funds 36M 23.61*** 34.79 0.58*** 15.21%** 32.76 0.36*** 12.17** 30.85 0.29* 13.84 51.86 0.20
60M 16.41*** 3098 0.42%** 12.13*** 3347 0.26%* 1058  33.72 0.21 1303  57.38 0.17
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Table VI. Strategy based on Certainty Equivalent Results

Table VI presents Annualized Returns (1), Annualized Standard Deviation and Sharpe Ratio for every strategy of each cluster we introduced earlier in this thesis. We tested significance of

Annualized Mean Returns against zero. The 1%, 5% and 10% statistical significance levels are denoted by the symbols***,** and *, respectively.

Rebalancing Period

1M 3M 6M 12M
Group Estimation H o Ann. SR H o Ann. SR H o Ann. SR H o Ann. SR
12M 12.52%** 17.00 0.54*** 11.10%** 20.58 0.38*** 9.16%** 20.07 0.29* 10.06 27.24 0.25
All equity Funds 36M 9.20%**  17.33 0.34%** 9.73%** 2114 0.30%** 8.76%** 1952 0.28* 959  26.82 0.23
60M 9.94*** 17.82 0.37*%** 10.24*** 22.00 0.31*** 10.29*** 20.83 0.33* 9.80 27.53 0.23
12M 15.36*** 21.89 0.55%** 13.25%** 25.96 0.38*** 14.79*%* 38.73 0.30** 9.53 28.76 0.21
Small & Mid Caps 36M 35.02%**  46.18 0.69%** 16.9*** 2652 0.51%** 13.01%**  24.08 0.40%* 12.16  33.76 0.26
60M 24.31*** 29.54 0.71*%** 16.47%** 28.52 0.46*** 12.72%** 24.98 0.37** 13.12 32.62 0.30
12M 11.47%**  17.44 0.46%** 11.13***  21.02 0.37%** 10.29%**  21.61 0.32%* 10.61  27.25 0.27
Large Caps 36M 12.11%** 1950 0.45%** 13.04*** 2315 0.42%** 12.44%** 2230 0.41%* 11.77 2755 0.31
60M 13.75%**  20.91 0.50%** 12.78***  23.35 0.40%** 13.79%** 2419 0.43** 1251  28.01 0.33
12M 14.67%** 20.06 0.56*** 11.32%** 20.31 0.39*** 10.64*** 18.50 0.39** 11.19 27.39 0.29
Global Funds 36M 9.28*** 1719 0.34%** 9.27***  20.40 0.29%** 8.52%** 1849 0.28* 866  27.13 0.20
60M 8.85%** 17.96 0.31*** 9.04*** 21.46 0.26** 9.38*** 20.15 0.30* 9.17 31.49 0.18
12M 12.00%**  18.28 0.47%** 11.69***  21.08 0.39%** 10.99***  18.15 0.42%**  10.29** 2354 0.29
North America Funds 36M 8.61*** 17.11 0.31*** 10.61*** 21.90 0.33*** 9.41%** 19.28 0.31* 7.86 23.98 0.19
60M 7.84***  16.94 0.26%** 8.50%**  20.24 0.25%* 7.91%** 1758 0.26 791 2487 0.18
12M 12.5%**  16.20 0.56%** 12.37%**  20.62 0.44%** 13.4%** 1991 0.50%**  11.17**  23.92 0.33
European Funds 36M 11.63*** 16.90 0.49*** 10.80*** 20.70 0.36*** 9.26%** 19.52 0.30* 10.00 26.88 0.25
60M 9.77***  16.97 0.3g%** 10.64***  21.94 0.33%** 10.37***  20.99 0.33* 10.79  28.43 0.26
12M 8.93*** 23.15 0.24*** 8.37*** 27.65 0.18* 9.60 38.80 0.16 14.31 78.22 0.14
Japan Funds 36M 483%** 2114 0.07 541 2544 0.08 593  31.37 0.08 533 4252 0.05
60M 4.24%%* 2122 0.04 475 2552 0.05 403  29.02 0.02 377 4298 0.01
12M 15.16%**  27.23 0.43%** 16.05%** 33,61 0.3g%** 12.79%**  30.70 0.31** 19.20  53.97 0.29
Emerging Markets Funds 36M 7.40%** 26.31 0.15** 9.67*** 32.35 0.20* 7.40 32.69 0.12 9.85 41.95 0.15
60M 13.81*%** 2590 0.40%** 15.13***  31.46 0.37%** 16.33*** 32,09 0.4** 17.03 42.42 0.32
12M 21.90%** 24.82 0.75*** 17.04*** 26.57 0.51*** 15.69*** 25.15 0.49%** 12.63 33.46 0.28
Sector Funds 36M 30.52%** 3381 0.80%** 17.73***  30.72 0.47%** 14.17*** 28,58 0.38** 10.98  33.30 0.23
60M 15.83*** 24.63 0.51*** 14.14*** 29.82 0.36*** 15.28*** 31.40 0.38** 13.45 50.10 0.20
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We also reach the same conclusions as Griffin et al (2005), who finds profitable for investors
to invest in American stocks with the best past performance. One should also take into
account that investing in mutual funds do carry high levels of risk. Annualized Standard
Deviation of returns varies from a minimum of 17.0% to a maximum of almost 44.0 In terms
of risk-adjusted performance; we find that almost every strategy rewards investors with
positive and significant Sharpe Ratios. We are also able to claim the shortest the rebalancing
period, the higher the Shape Ratio tends to be. If they investors had invested in strategies as

ours, they would be granted Sharpe Ratios up to 0.81.

In Table V, we present the results of our portfolios, which were built based on funds’ past
Sharpe Ratios. In this case, our shortest estimation period is 12 months. We only use
estimation periods of one year and longer for more accurate estimation of funds’ Sharpe
Ratios. The first conclusion one may draw form observing Table V is that, for rebalancing
periods lower than 6 months, every return is positive and almost everyone is significant at the
one percent level. Moreover, returns tend to be high, as is evidence the Annualized Returns of
18.17% investors would be granted if they had invested their money in the Sector Funds’
cluster. Returns of 19.78% or 16.90% would also be possible if one had allocated part of their
portfolio to momentum strategies which invest in the Small & Mid Cap or Emerging Markets’
clusters. On the other hand, buying funds that invest in Japanese equities would give investors
very low returns at a very high risk. The Annualized Mean Returns in the Japanese cluster are
the lowest amongst our clusters, which is mainly due to the two crises Japan went through
during the sampling period. Another conclusion that one can take by analyzing the same table
is that this type of strategies are very risky, as can be inferred by the Annualized Standard
Deviation of almost 35% in the Sector Fund cluster. However, these strategies provide
positive Annualized Sharpe Ratios that can go up to a maximum of 0.79, which is almost
three times as the one investors could achieve by investing in the Standard & Poor’s 500
Index. In that sense, there is some room to argue some of our strategies do have better risk-
adjusted performance than some passive strategies. We also claim that 30% of our strategies
based on past Sharpe Ratios deliver an Annualized Sharpe Ratio of, at least, 0.3, which
corresponds approximately to the historical S&P500 Sharpe Ratio. When analyzing Table V,
one can also conclude that there most of clusters’ returns are always significant for part of the
rebalancing periods. As examples, one can see that when the estimation period is 12 months,
returns of portfolios of funds which invest in Emerging Markets are positive and significant
up to 12 months of rebalancing period. Exceptions are the All Equity Funds, Small & Mid
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Caps and Japan clusters. Whereas returns from the later are only significant for rebalancing
periods up to 3 months, returns from the other clusters are significant until rebalancing period

reaches half an year.

In Table VI we present the results of the strategies in which the investment criteria was past
Certainty Equivalent. Results show that, for all clusters, in every estimation and holding
period, the returns of strategies based on Certainty Equivalent are positive. In the case of
rebalancing period of 1 month, these strategies achieve positive and significant returns for
every estimation period. Once again, the clusters that reward investors the most are the
Sector, Emerging Markets and Small & Mid Cap. In the case of the later, it would be possible
for investors to achieve an annualized mean return of 35% during the period starting in 1991
to the end of 2014. However, returns of this magnitude always bear huge levels of risk. In
order to achieve these returns, investors would have to face a strategy which annualized
standard deviation of returns is approximately 46% per year. As expected, the returns of the
funds that invest in Japanese equities are the smallest amongst all the clusters. The main
difference between results of strategies presented in Table V and Table VI occurs when
rebalancing periods are longer than 6 months. Whereas returns of portfolios built on past
Sharpe Ratios tend to be significant when the rebalancing period is longer than half a year,
returns provided by portfolios shown in Table VI are not significant for longer holding
periods. Exceptions are European and North American Funds’ clusters that still deliver
significant return to investors when holding period is equal to one year. One difference one
can notice in these strategies results is that whereas in Table V there is no clear trend in
returns when holding period changes from 1 to 3 months, in Table VI it is possible to state
that returns become lower with small increase in the holding period. It is also claimable that,
at least when rebalancing period is very short, portfolios tend to have better risk-adjusted
performance than those built on past Sharpe Ratio. One can argue that due to the fact that
almost 42% of the strategies presented in Table VI deliver an Annualized Sharpe Ratio
greater than the S&P500. Only 30% of the strategies built based on past Sharpe Ratio are able
to beat the Sharpe Ratio provided by the American index.

After discussing the results presented in Tables 1V, V and VI, we feel necessary to provide
additional information on some of our strategies. In order to do so, we decided to choose
Emerging Market and Sector Funds as examples for everything we will discuss further in this
thesis. Our decision is mainly due to the unique features of both clusters. Firstly, Emerging
Market cluster includes all funds that invest in equities of Emerging Markets and therefore we
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believe is the cluster that bears the highest level of risk. Our belief is supported by Tables 1V,
V and VI results. We also decided to provide additional information on Sector Funds cluster
due to the fact that different economic sectors behave differently under different economic
environments and thus might be interesting to deepen our knowledge about the performance

of the strategies within these clusters.

The first thing we want to study more in deep is the differences in performance when there are
changes in holding periods. Figure 11 shows the value of one dollar invested on April 1%,
1991, on December 31%, 2014 in each cluster, for different estimation periods and a holding

period of 3 months.

Figure Il. Investment Strategy Results with Different Estimation Periods

In the figure, we graphically show the performance of a small part of our strategies. In this figure, one can only find strategies
which building criteria is Past Return. Rebalancing period is set as 3 months and estimation periods as 3, 6, 12, 36 and 60
months. Panel A of the figure includes the results for the Sector Fund cluster and Panel B for funds which invest in equities

from Emeraina Markets.
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In Figure Il we present two examples of how our strategy performs with different estimation
periods. On Panel A, one can find the results of the Sector Funds cluster, with different
estimation periods and a rebalancing period of three months. Panel B shows the results of the
implementation of the same strategy, but using funds which invest in equities of Emerging
Markets. All the strategies suffered significant losses during the 2008 crisis. It is also clear
that Sector Funds cluster performance was less jeopardized than Emerging Markets one, what
can be explained by the fact that some Sectors perform well in bad economic environments
and therefore help sector funds to have better results. For example, investors who had
invested in Emerging Markets funds would have lost almost 50% of their money in a strategy
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with estimation period of 12 months. One can also notice that, in the case of Emerging
Markets, lower estimation periods tend to deliver investors higher returns. Best performance
is achieved when investors opt for an estimation period of 12 months, closely followed by the
estimation period of 3 months. The Sector Funds strategies performance is slightly different.
Even though the best performances are delivered in low estimation periods (6 and 12 months),

very short estimation periods like 3 months achieve the worst returns.

It is not only relevant to show how strategies perform depending on the estimation period. We
also build portfolios based on risk-adjusted performance measures, namely Sharpe Ratios and
Certainty Equivalent. Figure 111 shows results of the strategies using 12 months of estimation

period and 3 months of holding period for the same clusters one can find in Figure I1I.

Figure I11. Investment Strategies Results with Different Criteria

This figure presents differences on strategies performance when the building criteria changes. Estimation period is set as 12
months for the two panels and holding period is equal to 3 months. Panel A refers to performance of funds included in the
Sector Funds cluster and Panel B to funds that invest in equities from Emerging Markets. We also compare performance with

two equity indices: Standard & Poor’s 500 and Morgan Stanley Capital Index
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In Figure 111, we show the value of one dollar invested on January 1%, 1992 in the strategies
of Emerging Markets and Sector Funds’ clusters, based on the three performance measures
we discussed previously in this study. One can also find the strategies’ results for an
estimation period of 12 months and holding period of three months. Firstly, it is clear that
making investment decisions based on past Certainty Equivalent provides almost the same
return as if one had invested based on past Raw Returns. This result holds for every cluster we
analyze in this thesis. It is also clear that, even though the delivered returns are high almost

25



throughout the entire period, there is one negative peak in both graphs, which is due to the
2008 economic crisis. By analyzing the figure, one can also infer that strategies with Sector
Funds tend to recover faster from negative periods, which can be attributable to the fact that
there might be some sectors that perform well in bad economic environments and are easily
identifiable and thus make returns higher. Another conclusion one may draw from looking at
Figure 111 is that, whereas in Sector Funds investors would be delivered the highest returns if
they had invested based on past Sharpe Ratios, they would have yield higher returns with
Emerging Markets cluster if they decided to invest based on past Raw Returns. Nevertheless,
the minimum value an investor would have for each dollar invested would be approximately
9.8 USD in a period of 23 years. The maximum would be 24.1 USD if one had decided to

invest in the Sector Funds basing their investment decision on past Raw Returns.

As relevant as the strategies’ returns is to understand whether or not they are able to perform
well during bad times and to study if they outperform the most common benchmarks in the
financial markets. In order to do so, we present the results of the strategies in the figure
compared to returns of passive strategies such as investing in the American Index Standard &
Poor’s 500 (SPX) and in Morgan Stanley Capital Index, for the same time period. By looking
at Figure 111, one can initially conclude our strategies do reward investors with higher returns
than those they would have if they had put their money into any of the benchmarks. However,
our strategies carry a much higher level of risk, as measured by Annualized Standard
Deviation. Whereas the Annualized Standard Deviation of the SP500 and MSCI are 14.4%
and 15.1%, respectively, the same risk measure for our best strategy in the graphs is
approximately 25.5%. Comparing simply strategies’ returns or levels of risk is not enough to
clearly understand from which ones investors would benefit the most. In order to have better
comparisons, we test if our strategies’ Sharpe Rations are equal to the historical S&P500 one.
We do not present any table with the tests, but they allow us the conclusion that, in the case of
building portfolios based on Past Returns, Sharpe Ratios are higher than 0.3 in almost every
strategies in which the rebalancing period is equal to 1 month. We find no difference in
Sharpe Ratio in the other strategies but we have no strategy with lower Sharpe Ratio than the
one granted by investing in the S&P500. These results hold for all the building criteria we
have in this thesis. In that sense, one can conclude that, even though our strategies are riskier
than the passive benchmarks, we implement strategies which have a better risk-adjusted
performance than those we use to compare with ours, without taking into account the impact

redemption fees can have in our strategies performance.
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In order to test robustness of our strategies performance, we also study the returns investors
would be granted if they had allocated part of their wealth to our strategies. To do so, we
compare our strategies’ performances with the same previously mentioned benchmarks under

two different economic environments: recession and expansion.

We compute Gross Domestic Product (GDP) growth using data from the International
Monetary Fund Database for two segments we think are representative of most of the clusters
we include in our analysis: Advanced Economies and Emerging Markets. We use yearly data
for the period starting in 1991 and ending in 2014. We consider expansion periods those in
which the percentage change in GDP is positive and regression in every period that presented
negative growth. After computing GDP growth, we find five recession periods in the
Advanced Economies segment: 1996, 2000, 2008, 2011 and 2014. Recessions in Emerging
Markets occurred also five times: 1991, 1997-1998,2008 and 2014. All other years are thus

considered environments of economic expansion.

In Table VII one can see not only how investments in the Emerging Markets and Sector
Funds clusters’ would have performed in both expansion and recession periods but also how
the same investment strategies performed compared with the S&P500 and MSCI. We just
include in the same table, results for estimation periods of 3, 12 and 60 months. Holding
period is constant and set for 1 month. In Table VII one can find performance of six of our
strategies compared to those of the S&P500 and the MSCI under two different economic
environments: Expansion and Recession. First of all, one shall be able to observe that , in
expansion periods, all of our strategies perform better than the previously mentioned indices.
The strtaegy that performs the best is the Emerging Market cluster with an estimation period
of 3 months, which is slighlty different than our previous results. One can conclude that due
to the higher Sharpe Ratios our strategies would have delivered to investors. However, under
bad economic conditions, some of our strategies do performe worse thant the passive
strategies of investing in indices, as can be concluded by the the lower than indices Sharpe
Ratios some strategies would have deliver to investors. There is, however, a mixed trend.
Whereas the Sector Fund cluster performed better than both indeces for estimation periods
equal or longer than 12 months, for shorter estimation periods both clusters deliver lower
results than those investors would be granted if they had invested in the american indices, in

recession periods.
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Table VIl Performance under Different Economic Environments

Table VII presents Annualized Returns (u), Annualized Standard Deviation and Annualized Sharpe Ratio for six strategies of
two clusters we introduced earlier in this thesis. The same performance measures are included for two equities indices:
Standard& Poor’s 500 and Morgan Stanley Capital Index

Performance under Different Economic Environments

Expansion Recession
Group Estimation Period Average STDEV SR Average STDEV SR
3 23.01 2261 088 8.19 26.71 0.06
Emerging Markets 12 21.38 2125 083 3.98 26.77 -0.13
60 21.37 2436 075 8.68 26.07 0.19
3 12.52 1732 054 10.13 25.39 0.21
Sector Funds 12 16.18 1929  0.65 27.06 18.32 1.27
60 16.24 2415 055 3251 19.64 1.82
SPX 10.88 1429 050 17.79 12.43 1.12
MSCI 11.61 1558  0.50 10.67 12.21 0.45

These results are mainly attribubatble to the higher risk strategies like ours carry. In that
sense, performance like the ones presented in Table VII were expectable. Some strategies’
performance are remarkable. For example, if one had invested in Sector Funds in recession
periods, with an estimation period of 60 months, one would have been granted a Sharpe Ratio
of 1.82.

After showing our strategies performances under different economic environments, we think
IS important to test our results taking into account one more variable which is of maor
importance when investing in mutual funds: Redemption fees. Redemptions fees are due
when participation units are sold. Since we rebalance our portfolios several times, we have to
consider the impact of redemption. fees on our strategies’ results. Next section shows the
impact of redemption fees in some of our strategies. We expect performance to erode with the
inclusion of funds’ redemption fees and strategies with lower rebalancing periods to be the

ones jeopardized the most

V. Redemption fees

Every investment strategy return in which mutual funds are included must be deducted of all

fees funds charge at the moment investors sell their shares or participation units. This type of
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costs may be incurred in two different moments: when investors buy funds’ participation units
and at the selling moment. In this thesis, we only focus on fees charged at the selling moment.
We gathered fees data for all the 20,879 equity mutual we study in this thesis. Then, we
compute the average value of the fees investors would be charged in each cluster, as a
percentage of the value one would invest. Average redemption fees range from a minimum of
0.67% of the invested value for the Large Caps up to a maximum of 1.76% in the Emerging
Markets cluster. Since redemption fees are due whenever positions in funds are sold, it
becomes clear that the lower the holding period the higher the impact. One condition
investors should use before investing in mutual funds in order to understand if there is an

expected gain is shown in Equation (4)
i:;wldingperiod[l + E(Rt)] > fee (4)

Equation (4) is easy to explain. Since we consider fixed redemption fees, investors shall only
invest in portfolios whose expected return during the holding period is higher than the sum of
all the fees they will be charged in the end of the period.

Figure 1V graphically shows the impact of redemption fees in our strategies. We just show
the impact in two strategies, but the results hold for every cluster. In Panel A, we include a
strategy in which investors allocate their money to a strategy of mutual funds included in the
Sector Fund cluster with an estimation period of 12 months and a rebalancing period of 1

Figure IV. Impact of Redemption Fees in Strategies Performance

In the figure, we graphically show the impact of the inclusion of redemption fees on two strategies with different rebalancing
periods. Estimation period is set to 12 months in both Panels. In Panel A, we include a straetegy of the Sector cluster wirh 1

month rebalancing period, whereas in Panel B estimation period is set to 12 months
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month. Panel B shows the impact on a strategy which only difference is the rebalancing
period that we define as 1 year. As expected, strategies with lower rebalancing periods
returns’ are more affected by the inclusion of redemption fees due to the fact that investors
pay the fees more often. Nevertheless, after computing the impact redemption fees have in our
strategies performance, we conclude that 335 out of 396 strategies do still pay off after

deducting funds’ redemption fees.

VI. Conclusions and Further Research

After conducting a study like this, some conclusions may be drawn. Firstly, we find
theoretical evidence that returns are persistent in time and therefore investors should be able
to take advantage from information contained in mutual funds past prices or returns. This
does not hold for every cluster we analyzed in this thesis. In order to make this thesis useful
not only to researcher but also to investors, we conduct an out-of-sample analysis of 396
different investment strategies, which unique criteria to determine in which funds to invest is
persistence. We measure persistence in three different ways: Past Returns, Sharpe Ratio and
Certainty Equivalent. We conclude that most part of our strategies do perform better than
passive investment strategies, as investing in the Standard & Poor’s 500 Index and the
Morgan Stanley Capital Index. Our strategies provide not only higher returns but also higher
Sharpe Ratios, which implies a better risk-adjusted performance. It is also proven that these
strategies tend to reward more investors when they decide to estimate persistence during 12
months and hold portfolios for 3 months. However, with some exceptions, our results do also
prove that these strategies do not perform very well under bad economic environments.
Moreover, one shall not forget that investing in mutual do carry more risk than allocating
money to more standard strategies, namely passive managed strategies like trying to replicate
the S&P500. We also found that past Certainty Equivalent is the best momentum measure one
can use to build portfolios, since investors would be granted the highest Sharpe Ratios

amongst all delivered by our strategies.

The results previously discussed do not take into account all the expenses investors are
charged when investing in mutual funds. As expected, funds’ charges jeopardize more
strategies with shorter holding periods, since the funds comprised in our sample charge fees
based only on the value investors do put in the fund. Nevertheless, we provide evidence that
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for holding periods longer than 6 months, our results still hold and investors can make profits

using very simple and intuitive investment strategies that are based in only one criteria.
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