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Abstract
We estimate the proportions of skilled, unskilled, and zero-alpha funds preva-
lent in the mutual Funds population easily accessible by Czech Investors. We
estimate alphas from a regression against a concise set of Exchange Traded
Funds and control for luck using False Discovery rate. We design a straight-
forward ETF selection algorithm and find that if investors adhere to simple
diversification rules, they can outperform a large proportion of mutual funds.
We further document a negative relationship between the performance of mu-
tual funds and its Total Expense ratio, suggesting that portfolio managers are
on average unable to compensate their costs with better performance.

JEL Classification C12, C20, G12, G23
Keywords Mutual Funds, Exchange Traded Funds, Perfor-

mance evaluation
Title Do mutual funds offered in Czech Republic add

value to investors?

Abstrakt
Našim cílem je zjistit, jak velká část fondů je schopná generovat nadprůměrné
výnosy a jak velká část nadprůměrné zhodnocení schopná přinést není. Výkon-
nost podílových fondů reprezentujeme pomocí alphy odhadnuté z regrese vůči
několika vybraným ETF. Výsledky dále kontrolujeme o efekt štěstí pomocí
pokročilé statistické metodologie zvané Míra falešných objevů (False Discov-
ery Rate). Navrhli jsem přímočarý algoritmus vybírající ETF a zjistili, že
pokud se investoři budou držet jednoduchých pravidel diverzifikace, tak mo-
hou dosáhnout vyššího výnosu než velká část podílových fondů. Dále jsme
našli negativní vztah mezi výkonností fondu a celkového poměru nákladů který
naznačuje že manažeři portfolií nejsou schopni vykompenzovat jejich náklady
vyšším výnosem jejich portfolia.
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Motivation Historically, open-end mutual funds represented a fair value for money
proposition. For a reasonable fee, they enabled average investors to hold a large
and diversified portfolio that would otherwise be too costly to be constructed by
themselves individually. Even then, many academics raised the question that for
most investors holding the market is likely the best investment strategy, see Cowles
(1933). But at that time holding the market was not an option.

However, since then the situation has changed dramatically. The significant im-
provements in computer technology led to the introduction of digital trading systems
that together with increased market liquidity resulted in a significant decrease in
trading costs. And with the introduction of low-cost index funds and ETFs now any-
body has the affordable opportunity to invest in the broad market of his/her choice.
Hence suddenly, the original reason for providing access to a diversified portfolio that
justified the presence of actively managed mutual funds disappeared. The existence
of these funds, which are now considered expensive, makes sense only if they provide
market-beating returns that are large enough to compensate investors for the extra
cost in the form of the high fees. There are several studies Sharpe (1966), Fama
French (2010) indicating that in the US mutual funds are unable to deliver on their
promise to reliably outperform their benchmarks. But even though there is a large
body of literature written on the performance of US mutual funds, similar studies for
the European region are much scarcer and Otten Bams (2002) even reported that
mutual funds on aggregate outperformed in 4 out of 5 studied European countries.
However, according to our knowledge, there is a gap for comprehensive research of
mutual fund performance in the Czech Republic that we attempt to fulfill with this
study.

Further, as documented by Cavalcante Filho et al. (2021), the performance of
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mutual funds might be replicable to a sufficient degree with a portfolio of low-cost
ETFs which would provide similar exposures and similar performance, but impor-
tantly, for a much lower price. This approach may possibly provide Czech investors
with an affordable alternative to widely used mutual funds.

Hypotheses

Hypothesis #1: Do mutual funds in Czech Republic add value to the investors?

Hypothesis #2: : Is there a relationship between the size of the fee and fund’s
performance?

Hypothesis #3: Can the performance of these funds be replicated using low-
cost ETFs?

Methodology We plan to construct a dataset that would approximately reflect
the opportunity set that faces investors in the Czech Republic when considering
investment into mutual funds. To achieve this goal, we attempt to collect ISINs
of mutual funds offered by major providers. For these ISINs, we obtain relevant
information from the Refinitive Lipper Fund Research Database which is available
to the IES students. If the respective fund is not present in the Lipper database we
collect the information manually directly from the provider.

Using this dataset, we evaluate the performance of Czech mutual funds with
the aspiration to determine whether the fund managers do have an investment skill
that materializes as abnormal returns which are high enough to compensate for the
fees paid by fund investors. We are particularly interested in the fund’s alphas,
as described in Jensen (1968) which should represent the added value of the active
management. Particularly in the case of replicating the fund’s performance with
a portfolio of ETFs the ability of active management to outperform the passive
alternative could be analyzed with the following regression.

ri,t = αi + βiETFt + ϵi,t (1)

Where t ∈ {1, ..., T}, ETFt is a vector of P ETFs and βi is the vector of weights
to respective ETFs. The statistical significance of α would be then the indication of
skilled management in case of α > 0 and of unskilled management when α < 0.

Finally, we evaluate alpha in a more theoretical setting when controlling for sev-
eral risk factors as in Fama French (2010). Also, we want to rate the performance
of mutual funds by the ranking system described in Treynor (2007) which is based
on the fund’s characteristic line and portfolio choice theory. Ultimately, the relation-
ship between the management fee of mutual funds and their performance would be
analyzed by standard econometric methods.
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Expected Contribution Mutual funds are still one of the most frequently used
investment instruments by Czech investors despite having cheaper alternatives in
the form of low-cost index funds and ETFs readily available. The results of this
study may then have normative implications on the selection process of investment
instruments of Czech investors.

Outline

1. Introduction: The goal of this section will be to position the thesis into a
broader context.

2. Literature review: I will briefly describe the most important literature which
addresses the analysis of mutual fund performance.

3. Theory: In this section, I will introduce the main theoretical concepts which
are needed to understand the methodology part.

4. Methodology: The detailed description of the methods used for evaluating
mutual fund performance.

5. Data: I will provide a description of the data collection process and its main
characteristics.

6. Empirical results: In this part, I will describe the results that I obtained for
the ability of mutual fund managers to outperform the market and the degree
to which these returns can be approximated by the portfolios of ETFs.

7. Conclusion: A summary of the results and the practical implication for the
Czech investors will be provided in this section.
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Chapter 1

Introduction

Despite the relative consensus of academic literature that mutual funds fail to
beat the market, they are still among the most popular forms of investments
in the Czech Republic. This sparks an important question - are Czech mu-
tual funds (implicitly their managers) exceptionally good in capturing excess
returns? Or rather, are Czech investors just unaware of the suboptimality of
their investments?

In this thesis, we conduct the performance evaluation of mutual funds avail-
able to Czech investors. We use a regression setting to examine their perfor-
mance side-by-side with Exchange Traded Funds. Our primary contributions
are at least twofold. Firstly, we find that mutual funds offered in the Czech
Republic are no different from their international counterparts and struggle to
beat the cost-efficiency of passive investing. We conclude that their popularity
is not justified from the investment perspective and has a different cause.1 Sec-
ondly, as the viewpoint of retail investors is of our prime interest, we investigate
whether these investors can leverage Exchange Traded Funds to outperform
mutual funds with only limited knowledge. For that purpose, we devised a
Naive ETF selection algorithm which demonstrates that if investors adhere to
simple principles of diversification, they can perform significantly better than
the large proportion of mutual funds. Lastly, we investigate the relationship be-
tween the fund’s performance and the Total Expense Ratio. Economic theory
would suggest a positive relationship while the arithmetic of active investing
described in Sharpe (1991) predicts a negative link. We document a negative

1We speculate that the source of such popularity may be a legacy of the historical develop-
ment of the Czech personal finance market driven by the many financial advisory companies.
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relationship, thus providing further evidence for Sharpe’s theory.

Throughout this thesis, we assume that a population of all mutual funds can
be divided into three distinct groups based on their performance and that the
performance can be captured by a fund’s alpha estimated from the following
regression model against a given set of ETFs.

ri,t = αi + βiET Ft + ϵi,t

Where t = 1, ..., T , ET F t is a vector of P ETFs and βi is the vector of weights
to respective ETFs. The sign of alpha is then what separates the three groups.
The negative alpha (α < 0) determines the "Unskilled funds", positive alpha
(α > 0) is an characteristic of "Skilled funds" and α = 0 determines "Zero-alpha
funds". Further, to give the mutual funds the benefit of the doubt, we consider
all funds to be zero-alpha until the alpha is statistically different from zero.
However, as the hypothesis about fund’s alphas is evaluated for a large number
of mutual funds simultaneously, it leads to multiple hypotheses test setting,
and some approach to properly account for false-positive observations is neces-
sary. Several statistical approaches were developed to address the problem of
multiple comparisons. Classical methods dealing with Family-Wise-Error-Rate
were devised by Bonferroni (1936) or Šidák (1967). However, these approaches
are overly strict and might not be accurate enough. We hence employ the False
Discovery Rate methodology devised in Barras et al. (2010) which is designed
to control for luck when evaluating mutual fund performance. Our main goal
is to estimate true proportions of zero, positive and negative alpha funds in
the population. This result is important because it reveals the average odds
investors face when choosing a mutual fund "at random"; hence, it is of atheir
prime interest.

If we think about the evaluation of mutual fund performance as a horse
race between the active (mutual funds) and passive (Exchange Traded Funds)
investment approaches. We could pit the realized performance of a mutual
fund against a sparse set of ETFs to which investors could have placed money
instead. However, the question is, which ETFs to choose? It turns out that
the answer to this question matters a lot because the results depend signif-
icantly on this choice, as shown in Cavalcante Filho et al. (2021). In this
thesis, we analyze three main approaches. Firstly, We implement a Random
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Selection algorithm that randomly chooses a set of ETFs and estimates the
skilled proportions. With a bootstrap procedure on top of that, we can ex-
amine the average outperforming capacity of ETFs. Secondly, we propose a
straightforward adjustment to this Random selection procedure that enforces
simple diversification rules, which helps us answer a question to what extent
retail investors are capable of outperforming Mutual Funds. Thirdly, we check
what a sophisticated investor can achieve with a guided selection algorithm. In
addition, we examine the skill proportions against ETFs that track well-known
stock indices, and we also apply the standard factor regression.

The literature on return predictability is quite extensive, Fama (1970) pro-
posed the Efficient Market Hypothesis, which implies that beating the market
should be impossible. Subsequently, other academics found some predictability
in the stock returns can be exploited in order to generate market-beating re-
turns, see Campbell & Shiller (1988) or Jegadeesh & Titman (1993). Still, this
predictability seems to be unstable and works poorly out-of-sample as shown in
Welch & Goyal (2008). McLean & Pontiff (2016) points out that the discovered
anomalies tend to be traded away following their publication because sophis-
ticated funds attempt to exploit them. So the current state of the literature
on return predictability is that it could be theoretically possible to beat the
market, but it is very difficult. It then leads to a question of what percentage
of mutual funds is capable of fulfilling their promise of outperforming market
averages, which we analyze in this thesis.

The thesis is structured as follows. In the following chapter, we present
a summary of academic literature on the topic of Mutual funds performance.
Chapter 3 introduces the main theoretical concepts that this thesis is built
upon. Chapter 4 provides a comprehensive description of the methodology
which we apply to our dataset. This dataset is detailed in Chapter 5. Then the
summary of the results is provided in Chapter 6 and the conclusion is given in
the final chapter.



Chapter 2

Literature review

The beginnings of the literature on performance evaluation of investment ve-
hicles date back to the 1930s. The first comprehensive analysis of investment
professionals was performed in Cowles (1933). Proper risk-adjusted metrics
were not yet discovered at that time, so the analysis revolves around the com-
parisons of average return with a Dow Jones Industrial Average index serving
as a benchmark. The results suggest that about 2/3 of financial specialists
performed worse than the benchmark, while only 1/3 outperformed. However,
while comparing the average return of a mutual fund to a broad benchmark
provides some perspective, one crucial element is still ignored – the risk. Several
decades later, Markowitz (1952), gave birth to modern portfolio theory when
presenting his solution to the mean-variance optimization problem of portfo-
lio choice. He pointed out a strong relationship between risk and return and
that the performance of investments should be evaluated side by side with risk
undertaken. The introduction of risk opened a new chapter of performance
evaluation and led to the development of performance metrics that are still
frequently used. Sharpe (1966) presented the measure linking reward to vari-
ability (nowadays called Sharpe ratio). This ratio, together with the Treynor
ratio (described in Treynor (1965)), was used to evaluate the performance of
34 mutual funds over a period from 1954 to 1963. The results suggested that
more than two-thirds of funds underperformed the Dow Jones Industrial Av-
erage during that period. Additionally, the results showed that the average
Sharpe ratio of the funds was smaller than the Sharpe ratio of DJIA by a con-
siderable margin hence indicating that mutual funds offer less return per unit
of risk. Further, Jensen (1968) introduced the innovative concept of alpha. It
is a regression-based approach that enables the evaluation of the forecasting
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ability of funds management by controlling for other risk factors. Its original
time-series form is the following:

Ri,t − Rf,t = αi + βi

[︂
RM,t − Rf,t

]︂
+ ei,t

where E[Rj] is the expected return of asset j, RF is the risk-free rate of return
for matching holding period and E[RM ] is the return of the market, and α is
a variable of interest that represents the predictive ability of the fund’s man-
ager. More details can be found in Section 3.2.3. He tested it on 115 surviving
mutual funds from 1945 to 1964 and found that 76 funds were unable to beat
the market and that only 39 funds outperformed. This again provides about
a 1-to-2 win-loss ratio. He finally concluded that, in general, the average fund
managers failed to generate alpha for their investors.

In Jensen (1968) only the market factor is used to control for the risk when
calculating alpha. However, during the 1980s and 1990s, further advances in
performance analysis were made, and prominently more factors explaining asset
returns were discovered. These findings lead to the introduction of the 3-factor
model in Fama & French (1993) as

Ri,t − Rf,t = αi + b1,iMKT + b2,iSMBt + b3,iHMLt + ei,t

where Ri,t are returns of asset i, Rf,t are returns of risk-free asset, αi is an
indication of fund’s management skill, MKT is a standard market factor and
SMB (small minus big) and HML (high minus low) are the new proposed risk
factors. Lastly, bk,i for k = 1, 2, 3 are respective factor loadings. For detailed
description refer to the Section 3.3.2. This model later became the industry
standard for performance evaluation. Fama & French (2010) utilize this model
to analyze the set of more than 3000 mutual funds over 23 years. They found
that about one-third of the funds outperformed (with the average excess re-
turn being 0.6%), and two-thirds underperformed the three-factor model (with
average excess return being -1.2%). These results provide us with the odds of
picking a mutual fund at random which leaves us with the expectation to un-
derperform the three-factor model on average by 0.6%1. However, theoretical
factors have the drawback of not including the real cost of constructing these
portfolios; hence the comparison with mutual funds, which are net of fees,
might not be completely fair. This issue was addressed in Cavalcante Filho

1Expectation = 2
3 ∗ −1.2 + 1

3 ∗ 0.6 = −0.6
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et al. (2021) by replacing theoretical factors with ETFs, which have transac-
tion costs included in the price. They conduct the following regression analysis

ri,t = αi + βiET Ft + ϵi,t (2.1)

Where t = 1, ..., T , ET F t is a vector of P ETFs and βi is the vector of
weights to respective ETFs. Conducting the hypotheses test H0 : α = 0 against
HA : α ̸= 0, the statistical significance of α would then indicate skilled manage-
ment in the case of α > 0 and unskilled management when α < 0. Insignificant
alpha would mean that the null hypothesis is true and that the fund is con-
sidered to have a zero alpha. This means that the fund’s management is just
skilful enough to cover their fees. The author’s results suggest that simple ran-
dom selection of ETFs is not well suited to outperform mutual funds. However,
with sophisticated selection methods, they estimate that 95% of fund managers
are unable to generate alpha for their investors. Additionally, many academics
realized that when evaluating the performance of mutual funds, there is a role
of luck inherently involved. The alpha then provides only an indication of
skilled management, not its direct evidence. It is because funds can be both
lucky and unlucky, and the alpha is not designed to capture this. This has
serious consequences, especially in a Multiple hypothesis test setting. There
are several statistical methodologies designed to address this issue. Bonferroni
(1936) proposed a stringent correction - dividing critical value α by a number
of tests conducted which ensures that Family-Wise-Error-Rate will be below
α. Benjamini & Hochberg (1995) devised another and less strict approach to
control for false positives, which is nowadays called False Discovery Rate. This
methodology is based on the knowledge of how p-values behave when the null
hypothesis is False (in contrast to when it is true). An extension oriented to
finance literature was described in Barras et al. (2010) where False Discovery
Rate (FDR) methodology is utilized to control for luck in estimating mutual
fund’s alphas. Andrikogiannopoulou & Papakonstantinou (2019) points out a
few limitations of the FDR procedure. Specifically, they show that the esti-
mator of zero-alpha funds can be biased when the number of observations of
individual funds is small. Barras et al. (2019) responded by acknowledging the
bias in the aforementioned condition but showed that in larger datasets, the
bias is of minor importance.

Despite the exhaustive literature written on the performance of US mu-
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tual funds, comparative studies for the European region are much scarcer and
sometimes of conflicting results. Otten & Bams (2002) reported that that the
European mutual funds, and primarily funds investing in small caps, are ca-
pable of adding value to their investors, as indicated by their positive after
cost alphas. Authors theorize a causal connection with the relatively small size
of the European mutual fund industry compared to the stock market (around
13% in 1998). They revisited this analysis almost a decade later and in Otten
& Thevissen (2011) and reported that with the size of the mutual fund’s mar-
ket almost doubling, the ability of mutual fund managers to outperform has
significantly diminished. Moreover, according to our knowledge, there is a gap
for comprehensive research of mutual fund performance in the Czech Republic.
This brings us to where our thesis lines up with the current literature. We
base our analysis on the most recent research papers – we benchmark the per-
formance of mutual funds to ETFs similarly to Cavalcante Filho et al. (2021),
and we control for lucky and unlucky funds as Barras et al. (2010). However,
we identify two main distinctive features that separate this work from what
has already been done. Firstly, we evaluate the outperforming potential of
naive selection strategies conducted by retail investors. Hence we try to find
the answer if investors are better of with this approach or the mutual funds on
aggregate provide enough value for investors that they should rather entrust
their money to them. Secondly, we analyze the mutual funds provided in the
Czech Republic, which offers a unique perspective because European markets
were overlooked in performance analysis studies.

In the following chapter, we describe the theoretical concepts that are useful
for understanding the primary substance of this thesis. After that, we move to
the core chapters covering the Methodology, Data description, and Results.



Chapter 3

Theory Recap

3.1 Investment Vehicles
In this thesis, we mainly deal with two types of Investment vehicles – Mutual
Funds and Exchange Traded Funds. These instruments are often mixed by
unacquainted investors. While having many similarities, they also differ in a
few critical aspects. Mutual Funds are the typical example of an actively man-
aged investment vehicle, while Exchange Traded Funds are nowadays synonym
with passive investing. Hopefully, we shed more light and distinguish these
instruments in this section.

Mutual Funds

A mutual fund is an investment vehicle that pools money from many investors,
which is then further invested by a professional fund manager. The fund man-
ager then uses this pooled capital to purchase securities like stocks, bonds,
commodities, or any combination of these. Every mutual fund has its own in-
vestment objectives stated in its prospectus and strives to achieve them. One
of the indisputable benefits of mutual funds is convenience. Investors can gain
exposure to a diversified portfolio by buying shares of a mutual fund. The
minimal necessary investments are very small, and practically anybody can in-
vest in them starting at about 500 CZK per month. Another advantage that
is often overlooked is liquidity. Mutual funds stand ready every day to redeem
investors shares for the current Net Asset Value (NAV); hence investors can
convert their assets to cash with relative ease. On the other hand, a remarkable
disadvantage of mutual funds is the cost associated with them. Since they are
led by professional management, mutual funds need to charge for operating
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costs, fund managers salaries, distribution costs, etc. Depending on the fund,
these charges can be significant. This makes them usually several times more
expensive than Exchange Traded Funds (ETFs).

Mutual Funds play an important role in the financial market of the Czech
Republic. They are among the most popular investments, and substantial
capital flows into them every year. There are several reasons for this. Firstly,
investments in mutual funds are heavily pushed forward by financial advisors
motivated by generous brokerage fees. Secondly, there was a relative lack of
sound investing options promoted to retail investors for a long time. There is
a system of pension funds heavily subsidised by the government. However, due
to a strict limitations1, these funds are overly conservative and deliver dismal
returns2. Nevertheless, the pool of possibilities for retail investors has grown
considerably in recent years. Among other things, Robo-advisory companies
offer seamless investments into portfolios that reflect the client’s risk profile.
But importantly, Exchange Traded Funds (ETFs) are now easily accessible
on most brokerage platforms. Some even have their web pages or investment
platforms in the Czech language. We firstly summarise the history, motivations
and purpose of Mutual Funds, and then we take a closer look at ETFs in the
next section.

3.1.1 Summary of Mutual Fund’s history

Modern portfolio theory teaches us that diversification can reduce the expected
risk without altering the expected return. When holding a diversified portfolio,
specific risks of individual constituents get vastly diversified away, and mainly
the aggregate risk of the whole market remains. Initially, providing access to
these widely diversified portfolios was a primary added value of mutual funds.
Investors paid fees to these funds, and in exchange for that, they received expo-
sure to a portfolio with less overall risk than what they would otherwise be able
to achieve by themselves. It was a fair value-for-money service, and both parties
were satisfied. Nevertheless, some academics started noticing that apart from
offering exposure to a diversified portfolio, managers of mutual funds might
not have much else to offer and suggested that holding the market could be the
most appropriate investment strategy for most investors, see Cowles (1933).

1For example so-called transformed funds must guarantee non-negative return every year.
2As reported in OECD (2021), the 15-year average annual real investment rate of return

of retirement savings plans was (-0.4%) in the Czech Republic.
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However, holding the market was not possible at that time. It changed during
the 1970s when the first index funds tracking the broad market emerged. Their
introduction represented an inflexion point in mutual fund history and forced
classical mutual funds to redefine their original purpose. Providing access to a
diversified portfolio was suddenly not enough because more cost-efficient alter-
natives in the form of index funds now existed, so the rhetoric had to change. It
shifted from offering well-diversified portfolios to beating the market by gener-
ating above-average returns. Mutual Funds pushed forward the paradigm that
the average is just not enough. They asked - "Who wants to be operated on by
an average surgeon or be advised by an average lawyer?". Not surprisingly, this
question was extensively analyzed, and as detailed in the literature review sec-
tion, the evidence suggests that consistently delivering above-average returns
is extremely hard.

3.1.2 Exchange Traded Funds (& UCITS ETFs)

Exchange Traded Funds, or shortly, ETFs are baskets of securities that could
be bought or sold directly on a stock exchange via a brokerage firm. Similar
to mutual funds, they provide investors with diversification – investors buy a
single instrument to gain exposure to dozens of various securities. However,
unlike mutual funds, they are not managed actively. Entirely on the contrary,
they are passively managed. They follow a given protocol what to buy and
what to sell. A prime example is index tracking, where the ETF’s strategy
is to replicate a given index like the S&P 500 (or any other). Hence they
have much lower fees because they do not need to provide for their managers
and analysts. Furthermore, these reduced costs are one of the main reasons
why ETFs are considered to provide excellent value-for-money propositions on
financial markets and why they are becoming so popular among retail investors.

The cradle of ETFs is the United States. It is the largest ETF market in the
world, and it is also the most dynamic and competitive. Hence it is no surprise
that modern and progressive trends like the cryptocurrency ETFs are firstly
introduced there. The European Union takes a more protective view than the
United States on safeguarding the retail investors. So based on PRIIPs3 regula-
tion, it requires all investment vehicles to produce a Key Investors Information

3PRIIPs is short for Packaged Retail Investment and Insurance Products.
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Document (KIID) that provides investors with relevant information to evalu-
ate costs, risks, and rewards of various investment products. Many US ETFs
do not comply with this regulation, so they cannot be offered in EU markets
to retail investors4. So for an average European investor, it is safe to assume
that the set of ETFs from which he/she could choose is limited to a UCITS
(Undertakings for the Collective Investment of Transferable Securities) ETFs.
These ETFs are domiciled in Europe and fully conform to a regulation of the
European Union. The UCITS regulation represents a set of safety standards
for protecting investors from unsuitable investment instruments. It levies rules
to ensure diversification – there can be no security in a fund’s portfolio in which
market value exceeds 20% of the fund’s Net Asset Value. Also, UCITS ETF
assets must be detached from the ETF provider and overlooked by an indepen-
dent custodian. These measures protect investor’s assets in case of ETF issuer
runs into financial difficulties.

With this, we end the section describing Investment vehicles, and we follow
with the description of various metrics that are used for performance evaluation.

3.2 Standard performance evaluation metrics
In the previous section, we described the main characteristics of Mutual Funds
and Exchange Traded Funds. Analysis of mutual fund performance was a
leading research topic in finance literature in the 1960s. Academics searched
intensively for a concise measure that could determine whether a fund’s man-
agement is skillful and able to generate superior returns. At that time, several
breakthroughs in investigating risk-adjusted fund returns were made. In this
section, we provide a summary of the most important ones, which are in their
original form (or in the form of improved extensions) used by both academics
and practitioners until today. Sharpe ratio, Treynor ratio and Jensen’s alpha
are described in Sections 3.2.1, 3.2.2 and 3.2.3.

3.2.1 Sharpe Ratio

The Sharpe ratio, originally called reward-to-variability ratio in Sharpe (1966)
is a risk-adjusted performance measure that expresses how much excess return

4Some brokers enable to trade these US ETFs to so-called qualified investors. These are
typically investors with investment account larger than 500 000 EUR.
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the portfolio is expected to generate per unit of total risk represented by a
standard deviation. Mathematically,

Sp = E[Rp] − Rf

σp

where Sp is a Sharpe ratio of a portfolio p, E[Rp] is its expected return, σp

is standard deviation of its returns and Rf is a risk-free rate. Note that the
formula is derived from the slope of a Capital Market Line.

Since the Sharpe ratio takes total risk into account, it is suitable to evalu-
ate the performance of portfolios which are not entirely diversified. Also, when
considering investment into a single asset without forming a larger portfolio,
this property makes it an appropriate metric. Since it was published, it has
become an industry standard to evaluate the performance of investment ve-
hicles. The ratio is based solely on a portfolio theory and not the CAPM as
Treynor and Jensen metrics. Hence it is not relying on the relationship with
unobservable and hard to replicate market portfolio and is exempt from the
criticism in Roll (1977).

During the following years after publishing, several variations of the Sharpe
ratio were developed. They all are well summarised by their original author in
Sharpe (1994). This paper takes the calculation methodology for the ex-post
Sharpe ratio, which we utilize in this thesis. The exact procedure is described
below.

For a mutual fund i consider a sequence of monthly returns Ri,1, Ri,2, ..., Ri,T

and a sequence of monthly risk-free rates for similar periods Rf,1, Rf,2, ..., Rf,T

then the Sharpe Ratio is calculated in the following way. Firstly, we calculate
the fund’s excess return over risk-free rate as

rt = Ri,t − Rf,t

Then we calculate the average monthly excess return of a mutual fund i as

X̄ =
T∑︂

t=1
rt

Next we calculate the standard deviation of monthly excess returns as
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s =

⌜⃓⃓⎷ 1
T − 1

T∑︂
t=1

(rt − X̄)2

Finally, the annualized Sharpe ratio of a mutual fund m equals

Sm = X̄

s

√
12

Where the multiplication with
√

12 handles the annualization under the as-
sumption that the returns are independent.

3.2.2 Treynor Ratio

The Treynor ratio is a metric that captures the relationship between the excess
return of a portfolio and its systematic risk. It tells us how much excess return
the portfolio is expected to generate per unit of systematic risk, and it was
defined in Treynor (1965) as

Tp = E[Rp] − Rf

βp

where Tp is a Treynor ratio of a portfolio p, E[Rp] is its expected return, βp its
market beta and Rf is a risk-free rate. This ratio arises directly from CAPM
by dividing both sides with βp.

Unlike the Sharpe Ratio, which considers the overall risk of a portfolio, the
Treynor ratio focuses only on a systematic part of a risk expressed by market
beta. The systematic risk cannot be diversified away, and it is the only risk
that matters in a well-diversified portfolio. Hence particular usefulness of this
ratio is highlighted when evaluating the performance of a portfolio (e.g. mutual
fund), which is only a constituent of a larger portfolio of particular investors in-
vestments. However, the main drawback of this ratio is that the ratio is highly
dependent on the choice of a suitable market proxy. Furthermore, as pointed
by Roll (1977) the results can vary widely.

In this thesis we use annualized Treynor ratio which we calculate in the
following way. Denote ri = [ri,1, ..., ri,T ] monthly excess returns of mutual fund
i. Then denote rM = [rM,1, ..., rM,T ] to be monthly excess returns of a market
proxy. In our case we use Market returns are taken from Kenneth French
website. We then calculate beta of a mutual fund m as
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βm = cov(ri, rM )
var(rM )

Now the annualized Treynor ratio is calculated as

Tp = X̄ ∗ 12
βm

where X̄ is the average of monthly excess returns, β is market beta and mul-
tiplication by 12 ensures annualization.

3.2.3 Jensen’s Alpha

The theoretical backbone of Jensen’s alpha starts with Capital Asset Pricing
Model (CAPM) of Sharpe (1964), Treynor (1965), Lintner (1965) and Mossin
(1966). Under standard CAPM assumptions the model for one-period expected
return on asset j is

E[Rj] − Rf = βj

[︂
E[RM ] − Rf

]︂
where E[Rj] is the expected return of asset j, RF is the risk-free rate of return
for matching holding period, and E[RM ] is the return of the market. However,
for empirical studies, this model has one major drawback. It is described in
expectations that are inherently unobservable. But derived in Jensen (1968) it
can be rewritten to an empirically valid time-series model

Rj,t − Rf,t = βj

[︂
RM,t − Rf,t

]︂
+ ej,t

Now, if the manager has a superior forecasting skills he/she will systematically
select securities that ultimately realize ej,t > 0. Such a portfolio will generate
higher returns than expected by its risk premium. To account for the effect of
forecasting ability constant can be added to a previous model, and we arrive
to

Rj,t − Rf,t = αj + βj

[︂
RM,t − Rf,t

]︂
+ ej,t

where α is a variable of interest that represents the predictive ability of the
fund’s manager. A positive alpha indicates that the manager is making un-
usually profitable investments within his portfolio and hence earning higher
returns than we could expect given the level of riskiness of his portfolio. On
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the other end, if the alpha is negative, it means that the manager’s portfolio
is earning less than it is supposed to, given its level of risk. Since the returns
of mutual funds are reported net of fees, negative alpha can be easily obtained
due to high fees. If the manager is earning average market returns, the alpha
will be negative and about the size of the fund fees. Zero alpha means that
the manager’s portfolio selection skills are good enough to pay for fund fees.
Importantly, this model can be easily estimated by a standard Least Squares
regression model.

The true alpha of a mutual fund is unobservable and has to be estimated
as is described above. However, when we test hypotheses simultaneously for a
large group of funds, we conduct a multiple hypotheses test. Proper statistical
methodology should be implemented to account for alphas that end up signif-
icant by chance alone (meaning their true alpha is zero). We adjust for this
bias with the False Discovery rate approach described in Barras et al. (2010).
Details of this correction are described in section 4.2.2.

In the next section, we look at more complex approaches that build on the
idea of Jensen’s alpha. Then, we describe the Arbitrage Pricing Theory, go
through the prominent Fama-French Factor models, and end the theoretical
part with a concept of Multi-index models.

3.3 Asset pricing based performance evaluation
metrics

In Section 3.2 we described some performance evaluation metrics which are
based on CAPM. It is essential to realize that the model was built on a set
of very strong assumptions which might be too far from reality. Some of
the assumptions were criticized by other academics. Most importantly, Roll
(1977) points out that the CAPM model is not empirically testable since the
market index is infeasible to construct. Another particularly restrictive as-
sumption comes from the notion that the market portfolio is efficient in the
mean-variance framework. Such efficiency can be obtained only in the case of
normally distributed returns, which might not be the case in reality. Natu-
rally, the violations of model assumptions have an effect on the performance
measures, whose accuracy might then deteriorate. Search for a less restrictive
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theory resulted in Arbitrage Pricing theory which we describe in the upcom-
ing section 3.3.1. Fama-French then followed with the introduction of several
empirical factor models that we describe in Section 3.3.2. Finally, we end this
chapter with a short description of a muli-index model in Section 3.3.3.

3.3.1 Arbitrage pricing Theory

The search for a more general model with less restrictive assumptions resulted
in a stream of literature focusing on what are collectively called factor models.
The seminal model was presented in Ross (1976) as Arbitrage Pricing Theory
(APT). The APT model attempts to explain the returns of a particular asset
with several common factors. However, instead of a properly specified market
factor, it uses K undefined factors. The APT states that there is a linear
relationship between realized returns of the asset and the K common factors
in a form

Ri,t = αi +
K∑︂

k=1
βi,kFk,t + ϵi,t

where, αi is an intercept of asset i in time t, Fk,t is a factor k in time t, βi,k is
a loading of factor k with respect to asset i and ϵi,t represents an idiosyncratic
risk. The assumption that the investors are risk averse stays but the assump-
tions about Normally distributed returns and quadratic utility are levied.

APT is not specifying which factors are important, but academics have
identified several factors which seem empirically promising. The most well-
regarded and the most often used are 3-Factor and 4-Factor models, which we
define in the following section. These models can serve as a foundation for a
comprehensive performance evaluation.

3.3.2 Fama-French factor models

Fama and French have carried out several empirical studies to identify the
fundamental factors that explain cross-section of asset returns and that can
complement market factor. Initially, they highlighted two important factors
that characterize a company’s risk: the book-to-market ratio and its size mea-
sured by its market capitalization.
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Three-factor model Eugene Fama conducted extensive research on the be-
havior of asset prices, and together with Kenneth French, they examined var-
ious factors that could potentially explain asset returns. In Fama & French
(1992) they distilled their research and proposed three-factor model

E(Ri) − Rf = bi,1[E(RM) − Rf ] + bi,2E(SMB) + bi,3E(HML)

where E(Ri) is the expected return of asset i, E(Rm) is the expected return
of a market portfolio, RF is a riskfree rate, and SMB (small minus big) and
HML (high minus low) are the newly proposed risk factors. SMB represents a
difference of returns of a small-cap and large-cap portfolio, and HML denotes
the difference between returns of high book-to-market ratio and low book-to-
market ratio. Lastly, bi,k for k = 1, 2, 3 are respective factor loading which are
estimated from the following equation

Ri,t − Rf,t = bi,1[RM,t − Rf,t] + bi,2SMBt + bi,3HMLt

The view of Fama and French is that financial markets are indeed quite
efficient, but that the market factor alone is not enough to explain all the risk
on its own. They consider the three-factor model to be better suited to explain
stock returns. However, they acknowledge that the list of factors might not be
complete and other risk factors might also matter.

Four-factor model This extension of Fama and French’s three-factor model
was proposed in Carhart (1997) by appending momentum factor, which is based
on the momentum anomaly found in Jegadeesh & Titman (1993). The model
in a form that could be estimated from data has a form

E(Ri) − Rf = bi,1[E(RM) − Rf ] + bi,2E(SMB) + bi,3E(HML) + bi,4E(MOM)

The model uses a similar notation as the three-factor model only MOM is
added, which denotes the difference between returns on best performing and
worst performing portfolios from the previous year. By including the Momen-
tum factor, the model becomes even better suited to explain asset returns and
serves as a benchmark in modern performance evaluation studies.
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3.3.3 Multi-index models

In the Arbitrage Pricing Theory models, returns of an asset are explained with
theoretical factors. For multi-index modeling, factors are replaced with indexes.
Build on the assumption that a set of K indexes can explain the variation of
asset returns. The general model can be represented as

Ri,t = ai +
K∑︂

k=1
bi,kIk,t + ϵi,t

where Ik,t is a return of index k during period t. In this thesis, we use ETFs
available in the Czech Republic as indexes by which we try to explain the per-
formance of mutual funds.

Having established the theoretical background of this thesis, we can move
to a Methodology section where we describe the ETF selection algorithms and
how we control for luck using the False Discovery Rate approach.



Chapter 4

Methodology

From the computational perspective, the methodology of this thesis can be
split into two parts. The first part deals with the sole estimation process of the
fund’s alphas. The second part is concerned with the correction for the luck of
obtained alphas. The former, described in the following section, is conducted
through the linear regression of the fund’s returns on a certain number of ETFs
selected based on various procedures. Random Selection, Naive Selection, and
Proposed Selection algorithms are introduced for the ETF selection procedure.
The letter adjusts for luck through False Discovery rate adjustment and is
detailed in Section 4.2.

4.1 Mutual funds to ETFs regression
We estimate the mutual fund’s alpha by fitting the following regression model

ri,t = αi + βiET Ft + ϵi,t (4.1)

Where t = 1, ..., T , ET F t is a vector of P ETFs and βi is the vector of weights
to respective ETFs. Conducting the hypotheses test H0 : α = 0 against
HA : α ̸= 0, the statistical significance of α would then be the indication
of skilled management in case of α > 0 and of unskilled management when
α < 0. Insignificant alpha would mean that the null hypothesis is true and
that the fund is considered to have a zero alpha. This means that the fund’s
management is just skillful enough to recover their fees.

We approach the evaluation of the mutual fund performance as a horse race
between the active management of a mutual fund and a passive alternative of
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ETFs. We analyze the realized performance of a mutual fund side-by-side with
a sparse set of ETFs to which investors could invest otherwise. However, as
shown in Cavalcante Filho et al. (2021), it matters how you choose the set of
ETFs. In this section, we describe several algorithms designed for this task.
First, we introduce the Random selection algorithm, which selects ETFs at
random. It represents a proxy for the average outperforming capacity of ETFs.
Next, we present our extension of Cavalcante’s Random Selection Algorithm
that adheres to simple diversification principles. We call this procedure the
Naive Selection algorithm. Finally, we outline the Proposed ETF selection
procedure, which chooses the ETF set based on their ability to outperform
mutual funds.

4.1.1 ETF selection algorithms

Random ETF selection

Imagine an investor who chooses to invest in a few ETFs (which she selects
completely arbitrarily) instead of a mutual fund. Will she be better or worse
off? We attempt to find the answer with a simulation of this scenario by se-
lecting the ET F t at random and then measuring its outperforming capacity.
If this process is repeated multiple times, we obtain the average ability of a
randomly selected set of ETFs to outperform mutual funds. We follow the
original design of the random ETF selection algorithm, which was proposed in
Cavalcante Filho et al. (2021).

As ET F t is a (P × 1) vector, the procedure starts by manually defining
the maximum number of ETFs that we want to include, P ∗. As we want to
keep the dimension of ET F t low, we set the threshold to P ∗ = 10. Then for
each P = 1, . . . , P ∗ we randomly select a b subsample from ET F t denoted
as ET F (P ),(b),t. Next, for each mutual fund i = 1, . . . , M we estimate the
following model

ri,t = αi + βiET F (P ),(b),t + ϵi,t (4.2)

We store R2
(P ),(b),i, α̂(P ),(b),i for each i = 1, . . . , M and π̂(P )(b).
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This procedure is repeated B = 500 times, so b = 1, . . . , B and finally, the
following statistics are computed

R2
(P ) = 1

BM

B∑︂
b=1

M∑︂
i=1

R2
(P ),(b),i (4.3)

α̂(P ) = 1
BM

B∑︂
b=1

M∑︂
i=1

α̂(P ),(b),i (4.4)

π̂(P ) = 1
B

B∑︂
b=1

π̂(P ),(b) (4.5)

So for a given P of the ET F t, average adjusted-R2, average alpha, and
average fund category proportion are calculated.

Naive ETF selection

A Naive ETF selection algorithm is our extension of the Random selection al-
gorithm described in Cavalcante Filho et al. (2021). The idea behind it is that
average investors do not choose ETFs at random. They instead follow simple
guidelines and rules of thumb that can be found on various investment websites
or popular books about investing. The core idea is that the investor should
choose a set of ETFs that diversifies the risks across various asset classes, ge-
ographic regions, industries, and investment styles. We enforce the asset class
diversification by requiring the set of ETFs to consist always of at least one
ETF and at least one bond.1 Furthermore, we ensure that the stock ETFs are
diversified across regions by requiring each of the following four regions (Global,
North America, Europe, Asia Pacific) to be present. The diversification across
investment styles and industries is not explicitly enforced, but as ETFs are cho-
sen at random within the described constraints, it is also marginally reflected.

The algorithm begins by randomly selecting a subsample b of 5 ETFs2 lim-
1Hence the composition of a 5 assets portfolio varies between 4 bond ETFs combined with

1 stock ETF to 1 Bond ETF combined 4 stock ETFs.
2The choice of 5 ETFs is somewhat arbitrary. However, in our view, five instruments

provide large enough diversification while at the same time it is a small and manageable
number.
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ited by the constraints described above. Next, for each mutual fund i = 1, ..., M

the following model is estimated

ri,t = αi + βiET F (b),t + ϵi,t (4.6)

From this regression R2
(b),i, α̂(b),i is stored for each i. After going over all

i = 1, . . . , M skilled proportions π̂(b) are estimated with FDR methodology
detailed in Section 4.2.

This procedure is repeated B = 500 times, so b = 1, . . . , B, and ultimately
the algorithm returns average adjusted R2 , average estimated alpha, and av-
erage skilled proportions. Mathematically,

R2
(P ) = 1

BM

B∑︂
b=1

M∑︂
i=1

R2
(b),i (4.7)

α̂(P ) = 1
BM

B∑︂
b=1

M∑︂
i=1

α̂(b),i (4.8)

π̂(P ) = 1
B

B∑︂
b=1

π̂(b) (4.9)

Proposed ETF selection

This ETF selection algorithm was also introduced in Cavalcante Filho et al.
(2021), and it selects ETFs by evaluating their ability to outperform mutual
funds (low π̂+) and to explain fund return variability (high average adjusted-R2.
The algorithm is divided into two steps where the second step runs recursively
till the finishing conditions are met.

Lets begin by defining E as the overall number of ETFs in our dataset so
ET F t = (ETF(1),t, . . . , ETF(E),t). The first step of our algorithm starts by
estimating for each e = 1, . . . , E over all mutual funds i = 1, . . . , M following
regression model:

ri,t = αi + βiETF(e),t + ϵi,t (4.10)

For each e, we calculate the average adjusted-R2 (R2
(e))3, and the estimated

3For a given e, the average adjusted-R2 over all mutual funds is calculated as R2
(e) =∑︁M

i=1
R2

(e),i

M
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skilled fund proportion (π̂(e),+). We follow by selecting a set of ETFs that
achieved R2

(e) higher than a given threshold R2(∗).

ET F R2

1,t =
{︂
e : R2

(e) ≥ R2(∗)
}︂

(4.11)

We use R2(∗) = 0.5. The first ETF is then selected as

ETF(e1),t =
{︂
e : e = argmin

e∈ET F R2
1,t

π̂(e),+
}︂

(4.12)

This concludes the first step of the algorithm. In the second step, we estimate

ri,t = αi + βi,e1ETF(e1),t + βiETF(e),t + ϵi,t (4.13)

where e = (1, . . . , E) \ {e1}. Then, the pair of ETF sets that produce a higher
adjusted R2 than that of previous ETFe1,t is chosen.4. Mathematically,

ETF R2

2,t =
{︂
e : R2

(e) ≥ R2
(e1)

}︂
(4.14)

Next, the second ETF is chosen as

ETF(e2),t =
{︂
e : e = argmin

e∈ET F R2
2,t

π̂(e),+ ∧ π̂(e),+ < π̂(e1),+
}︂

(4.15)

Now, the step two is recursively repeated until ET F R2

s,t = ∅ or ETF(es),t = ∅,
where s is the number of steps. Hence we arrive to a final selection ET F S,t =⋃︁S

s=1

{︂
ETF(es),t

}︂
.

4.1.2 Alpha adjustment procedure

For each mutual fund i, i ∈ {1, ..., M}, we estimate the multiple regression
model 4.1 for wich we choose a matrix of ETFs based on the algorithms de-
scribed in Section 4.1.1. The t-statistic for a hypothesis test H0 : αi = 0 against
HA : αi ̸= 0 is calculated by t̂i = α̂i

σ̂αi
, where σ̂αi

is a HAC estimator described
in Newey & West (1987). Determination of p-value using normal distribution
cannot be used because as stressed in Kosowski et al. (2006), the cross-section
of mutual fund alphas is not normally distributed as a result of heterogeneous
risk-taking by mutual funds managers combined with non-normalities in indi-
vidual fund alpha distributions. The aforementioned paper also introduces a
bootstrap procedure to estimate the correct p-value. We follow this approach

4During recursion of step two, this is replaced by the set of previously chosen ETFs
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in this thesis.

The process starts with estimating 4.1 and storing {α̂i, βî, t̂αi
, ϵ̂i,t} where

ϵ̂i,t are estimated residuals. Next, we create B = 1000 bootstrap samples of
residuals ϵb

i.t and create pseudo excess return time series as

{︂
rb

i,t = βiET F i,t + ϵ̂b
i,t

}︂B

b=1
(4.16)

Note that this manufactured series has a zero alpha by construction. However,
when we fit this "bootstrapped" regression, we may receive positive (negative)
alpha simply by the variation in the residual bootstrap sample - during boot-
strap, we may end up choosing an unusually high number of positive (negative)
residuals by chance alone. After storing t-statistics from these "bootstrapped"
regressions, we can estimate the p-value of our original t-statistic as

p̂i = 2min

(︄
1
B

B∑︂
q=1

1(t̂b

i > t̂i),
1
B

B∑︂
q=1

1(t̂b

i < t̂i)
)︄

(4.17)

where 1(t̂b

i > t̂i) is an indicator function which equals 1 if t̂
b

i > t̂i and 0 other-
wise.

4.2 Correction for lucky and unlucky funds
In the previous section, we described various selection algorithms based on
which we choose the set of ETFs, which we then use in equation 4.1 to esti-
mate the fund’s alpha. However, if we repeat the procedure for all funds in our
sample and then simultaneously test hypotheses about their alphas, we conduct
multiple hypothesis testing. In such a situation, a straightforward count of sig-
nificant alphas does not properly account for luck in such a multiple test setting
– there will be many funds with significant estimated alphas by a mere chance.
This issue is known as the problem of multiple comparisons and is described in
more detail in section 4.2.1. One of the main pillars of this thesis is to uncover
the true proportions of zero, positive and negative alpha funds prevalent in the
mutual fund’s investment universe attainable by Czech investors. Therefore
we decided to address this issue by using the False Discovery rate procedure
developed by Barras et al. (2010) which we describe in the section 4.2.2. We
end this part with Section 4.2.3, where we demonstrate the usefulness of the
False Discovery Rate approach in a simulation.
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4.2.1 Problem of Multiple comparisons

Suppose that a hypothesis at 5% significance level about 100 parameters has to
be conducted. For the sake of argument, we can assume that the null hypothesis
is true for all of them. Hence we conduct the following series of hypothesis tests

H0,1 : θ1 = 0 , HA,1 : θ1 ̸= 0
...

H0,100 : θ100 = 0 , HA,100 : θ100 ̸= 0

Even though we know that the null hypothesis holds, provided the 5% signif-
icance level, we would expect to observe about five significant rejections by
chance alone5. These particular cases, where we reject the null hypothesis even
though it is true, are called false positives or Type I errors, and in multiple
hypothesis test setting, we should be aware of them and try to account for
them properly. Several techniques were developed to account for the inflation
caused by false positives. Early methods focused on adjusting the significance
level based on the number of comparisons made. These methods, with family-
wise error rate, put upfront, are well described in Hochberg & Tamhane (1987).
Modern approaches adjust the number of significant rejections with the num-
ber of expected false positive results. The frequently used method is called
False Discovery Rate and was pioneered in Benjamini & Hochberg (1995). Our
approach follows Barras et al. (2010) and is described in detail in the Section
4.2.2 which follows.

4.2.2 False Discovery Rate (FDR)

Our methodology strictly follows Barras et al. (2010). We start with the table,
which defines all important variables. This should be helpful for orientation in
further text.

5If we assume independence of individual tests, the probability that there would be at
least one "incorrect" rejection is approximately 99.4 % (1 − 0.95100 = 0.9941).
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Core Variables
F +

γ Proportion of false positive "lucky" funds
F −

γ Proportion of false negative "unlucky" funds
S+

γ Proportion of observed significantly positive funds
S−

γ Proportion of observed significantly negative funds
π0 True proportion of zero alpha funds
π+ True proportion of positive alpha funds
π− True proportion of negative alpha funds

Further Parameters
γ Significance level
λ Threshold to separate zero-alpha p-values

The main idea of the FDR approach is to adjust the observed significant re-
sults, S+

γ and S−
γ , which we obtain in our sample for the number of false-positive

results, F +
γ and F −

γ , that are expected to occur by chance alone. Consider that
our sample of mutual funds can be split into three distinctive groups – zero-
alpha, positive-alpha, and negative-alpha funds, denoted as π0, π+, π−. Then
for a given level of significance, γ, the expected proportion of false-positive
results can be calculated as

E(F +
γ ) = π0

γ

2 (4.18)

This is the proportion of funds that we expect will end up with significantly
positive alpha just by chance. Given p-values from a hypothesis test H0

i : αi = 0
against HA

i : αi ̸= 0 obtained as described in Section 4.1.2, we can calculate
the observed proportion of significant positive alpha funds as

Ŝ
+
γ =

∑︁
i∈Iα̂+

1(p̂i < γ
2 )

M
(4.19)

where 1(p̂i < γ
2 ) is an indicator function that yields 1 if pi < γ

2 and zero
otherwise, i ∈ Iα̂+ = {i : αi > 0} signifies that only positive alphas are
considered. Now we can estimate the expected proportion of skilled funds
prevalent in the population as

E(π+) = E(S+
γ ) − E(F +

γ ) (4.20)

So with the estimated proportion of zero-alpha funds, π̂0, and an optimal
significance level γ∗, the expected proportion of positive-alpha funds can be
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calculated as

π̂+ = Ŝ
+
γ − π̂0

γ∗

2 (4.21)

Ultimately, the proportion of negative-alpha funds is calculated leveraging
the fact that the sum of zero-alpha, positive-alpha, and negative-alpha funds
has to be equal to 1. Hence,

π̂− = 1 − π̂0 − π̂+ (4.22)

The procedure described above started with estimating π̂+ first and then
calculating π̂−. However, the whole process can be reversed and π̂− can be
calculated first by equation 4.21 and then calculate π̂+ by equation 4.22. The
direction from which to start the calculation process should be decided based
on the number of elements in sets Iα̂+ and Iα̂+− if Iα̂+ has more elements than
Iα̂− we estimate proportions by estimating π̂+ first. Otherwise, the opposite
approach is taken.

Estimating procedure for π0

The estimation process of π0 is built on the knowledge about the behavior of
the p-value when the Null hypothesis is true. In that setting, the p-value on a
continuous test static is uniformly distributed over the interval [0,1]. Mathe-
matically speaking, if the null hypothesis is true, it holds that

H0,i : αi = 0 ⇒ pi ∼ U(0, 1) (4.23)

However, in the scenario when the alternative hypothesis is true for a certain
proportion of tests, the resulting p-value distribution will have more mass on
the left tail because, in such a setting, there is a much higher likelihood that
the p-values of these observations will be small. However, we will assume that
p-values that are larger than a certain threshold λ∗ can only arise from funds
with zero-alpha. Therefore, taking into consideration the p-value empirical
distribution, we can denote that the area, W (λ∗) described by

W (λ∗) =
∑︁M

i=1 1(p̂i > λ∗)
M

(4.24)
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becomes the section of the uniform distribution of p-values originating from
zero-alpha funds on the interval [λ∗, 1]. Extrapolating this section to the whole
interval [0,1] gives us the estimator of π0. Hence,

π̂0(λ∗) = W (λ∗)
M

1
1 − λ∗ (4.25)

where the optimal threshold, λ∗, is determined by the bootstrapping method
described in the next section.

Estimating procedure for λ∗

The optimal lambda, λ∗, is estimated by bootstrap method described in Barras
et al. (2010). This approach chooses λ from the data by minimizing the Mean
Squared Error (MSE) of π̂0(λ). The procedure starts with creating a grid of
lambdas λ = (λ1, λ2, λ3, ..., λK) which we set in line with Barras et al. (2010) to
(0.3, 0.35, 0.4, ..., 0.7). Then for each value λk ∈ λ we estimate the proportion
of zero-alpha funds by equation 4.25 as π̂0(λk) =

∑︁M

i=1 1(p̂i>λk)
M

1
1−λk

. Then we
form B p-value bootstrap samples6 on which we estimate π̂b

o(λk). We denote
these as

{︂
π̂b

0(λk)
}︂B

b=1
. Lastly, we calculate the estimate of Mean Square Error

for each λk ∈ λ as follows:

ˆ︂MSE(λk) = 1
B

B∑︂
b=1

(︂
π̂b

0(λk) − min
λ

π̂0(λ)
)︂2

(4.26)

The optimal lambda is then chosen such that

λ∗ = argminλ
ˆ︂MSE(λ) (4.27)

Estimating procedure for γ∗

Similarly as we did for the estimation of λ∗, we start by creating a grid of
candidate gammas γ = (γ1, ..., γK). To conform with Cavalcante Filho et al.
(2021), we set the range to (0.05, 0.10, ..., 0.50). Then, for each γk ∈ γ we
estimate the proportion of positive alpha funds using equation 4.21 as π̂+(γk) =
S+

γk
− π̂0(λ∗)γk

2 . Then we form B bootstrap samples7 on which we estimate
6Similarly to Barras et al. (2010), we set the B = 1000
7Similarly to Barras et al. (2010), we set the B = 1000
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πb
+(γk). We denote these as

{︂
πb

+(γk)
}︂B

b=1
. Lastly, we calculate the estimate of

Mean Square Error for each λk ∈ λ as follows:

ˆ︂MSE
+

(γk) = 1
B

B∑︂
b=1

(︂
π̂b

+(γk) − max
γ

π̂+(γ)
)︂2

(4.28)

The γ+ is then determined as

γ+ = argminγ
ˆ︂MSE

+
(γ) (4.29)

The same procedure is used to estimate γ− = argminγ
ˆ︂MSE

−
(γ). Then the

optimal gamma, γ∗, is set based on which MSE of the two is smaller. Hence if
minγ

ˆ︂MSE
−

(γ) < minγ
ˆ︂MSE

+
(γ) we set γ∗ = γ−.

4.2.3 FDR Simulation Example

In this section, we would like to demonstrate that in a Multiple hypothesis set-
ting, the simple count of significant test statistics fails to control for the false
positives, while the FDR approach is able to adjust for them successfully and
provides much better estimates. Also, we want to illuminate the estimation
process of parameters π = (π− , π0 , π+) which correspond to proportions of
unskilled funds, zero-alpha funds, and skilled funds.

We generated 16000 alphas of zero-alpha funds, 3000 alphas of negative
alpha funds, and 1000 alphas of positive alpha funds. Hence, the true fund
proportions are π = (0.15 , 0.8 , 0.5) by construction. We follow by conduct-
ing hypothesis test H0

i : αi = 0 against HA
i : αi ̸= 0 for each αi where

i = 1, . . . , 20000. Nevertheless, since the alphas were generated from Nor-
mal distributions, there is still some randomness involved, and there will be
some false positives. They correspond to funds that appear to have significant
positive/negative alpha, even though they come from zero alpha distribution.
As mentioned before, these funds can be considered to be lucky/unlucky. So
as outlined in the previous section, we estimate respective p-values p̂i. Hence
now we have a whole distribution of p-values, which we can see in Figure 4.1.
Based on the estimation procedure of λ∗ described in Section 4.2.2 we find that
optimal λ∗ for our simulated dataset is 0.30.
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Figure 4.1: Figure shows density of p-values from 20000 simulated
funds. We generated 16000 alphas from zero-alpha dis-
tribution, 3000 from negative alpha distribution and 1000
from positive alpha distribution. The dark grey colour
depicts the region of p-values of zero-alpha funds. The
light grey colour corresponds to statistically significant
skilled/unskilled funds.

All p-values such p̂i > λ∗ are assumed to come from zero-alpha distribution.
Extrapolation of this area to the left of λ∗ threshold, as described in equation
4.25, gives us the estimate of the proportion of zero-alpha funds in the whole
population. In our case, the estimate is 0.797 (The true proportion is 0.8).
The light grey area then represents the proportion of either skilled or unskilled
funds.

So using the FDR methodology described in Section 4.2.2, we receive the
following estimates for our simulation πF DR = (0.155 , 0.797 , 0.048). The
simple count of significant alphas without any correction results in πcount =
(0.170 , 0.7658 , 0.072). Since we do not control for the false positives, they
inflate the observed proportions of significant alphas and highlight the need
for using FDR methodology since the estimates are much closer to the actual
proportions used to generate the data. The results are summarized in Table 4.1.
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π− π0 π+
True proportions 0.15 0.8 0.5
Simple Count 0.172 0.757 0.071
FDR approach 0.155 0797 0.048

Table 4.1: Simulation results - This table summarises the proportions
of zero-alpha, skilled and unskilled funds (π− , π0 , π+). It
shows the true proportions which were used to generate
data. Then it displays the estimated proportions using
simple counts and FDR methodology.

With this demonstration of usefulness of False Discovery Rate methodology
in estimating proportions of skilled, zero-alpha and unskilled funds in multiple
hypothesis setting we conclude the methodology section. In the next section,
we provide detailed description of our Mutual Funds and Exchange Traded
Funds datasets.
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Data

As the viewpoint of Czech investors is of major interest in this thesis, we con-
struct our universe with the best effort to reflect the opportunity set they face.
To achieve this, we collect ISINs from all major providers of mutual funds in the
Czech republic. To obtain information about each ISIN, we leverage the Re-
finitive Lipper Fund Research Database available to the IES students. If some
fund is not present in the Lipper database, we get the information directly from
the provider. Data is gatherd for all major banks - ČSOB, Česká Spořitelna,
Generali, Raiffeisen and from other major providers - CONSEQ and Amundi.
Together totalling 1484 mutual funds covering a variety of asset classes, sizes,
styles and geographic focus. However, pricing data on Refinitive Lipper Fund
Research Database is not available for all funds. So after trying to download
pricing data for all funds, we end up with 1381 funds with at least one NAV
record. Furthermore, we only keep funds with at least 30 monthly observations
for our analysis. Funds with fewer observations are ignored. Although this
dataset can suffer from a survivorship bias to some degree, we believe that it
still serves as a high-quality approximation of the whole population.

Dataset of UCITS ETFs was obtained from iShares1 and it contains 521
UCITS ETFs. We decided to stick to only this provider due to the high com-
putational complexity of implemented methods. Furthermore, since iShares is
one of the largest ETF providers in the world, it has wide-ranging coverage of
ETFs, and we believe that it resembles a good approximation of the overall
ETF universe. From the 521 ETFs in our raw dataset, only 512 have pricing
data available on Thompson Reuters Eikon. We also apply the same limit of

1IShares is one of the world’s largest providers of ETFs. It is a subsidiary of BlackRock
– The world’s largest asset management company.
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at least 30 observations. We show the evolution of the number of both mutual
funds and ETFs in the Figure 5.1.

Figure 5.1: Number of Mutual Funds (grey line) and Exchange
Traded Funds (blue line) from January 1987 to Decem-
ber 2020.

The figure shows that the mutual fund’s data spans from January 1987
to December 2020, totalling 1322 mutual funds as of December 2020. It also
clearly demonstrates the stable increase in the number of funds available on the
market. As ETFs are more recent instruments than mutual funds, their pricing
data starts in May 2000 and ends in December 2020. Similarly to mutual funds,
the increasing trend in the number of ETFs is also apparent. On top of that,
it seems to be accelerating from the year 2018. As we can see, the variety of
choices that investors currently have is greater than ever. Since we will run
the regressions of Mutual funds to ETFs, we need both datasets to overlay. So
after limiting both datasets to a common window from May 2000 to December
2020, we receive our final dataset with 1241 Mutual funds and 315 ETFs. the
length of our dataset is

In Table 5.1 we present the sample statistics for both mutual funds and
ETFs dataset.
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Panel A: Mutual funds (MFs)

Mean Std. Min p05 Median p95 Max

Avg. return (%p.m.) 0.39% 0.35% -0.91% -0.03% 0.33% 0.99% 2.63%
Sharpe ratio (ex-post) 0.13 0.12 -0.45 -0.01 0.11 0.30 1.55
Time Series Length 150 72 30 42 153 248 248

Total number of Funds: 1241

Panel B: Exchange Traded Funds (ETFs)

Mean Std. Min p05 Median p95 Max

Avg. return (%p.m.) 0.45% 0.41% -0.38% -0.10% 0.38% 1.19% 2.09%
Sharpe ratio (ex-post) 0.13 0.11 -0.24 -0.02 0.13 0.31 0.53
Time Series Length 105 62 30 32 98 221 248

Total number of ETFs: 315

Table 5.1: The table shows descriptive statistics of the final dataset.
Panel A corresponds to our sample of mutual funds, Panel
B to a sample of ETFs. Statistics for average monthly
return, ex-post Sharpe Ratio and the length of our time
series are shown in both panels. For each variable, we
present Mean, Standard Deviation, Minimum, Maximum,
Median and 5th (p05) and 95th (p95) percentiles.

The table shows descriptive statistics of average monthly return, Ex-post
Sharpe ratio, and the length of a time series for both our samples. We can
see that the average monthly returns of MFs and ETFs are 0.39% and 0.45%,
respectively. They are both positive, and the average return of ETFs is slightly
higher in comparison to Mutual funds. Additionally, the average length of a
mutual fund time series is 150 months (12.5 years) against 105 months (8.75
years), reflecting that ETF is a relatively new instrument compared to Mutual
Funds. Nevertheless, this period is long enough from both econometrical and
economic perspectives. The average Sharpe ratio is similar for both MFs and
ETFs and equals 0.13. Further, the maximum Sharpe ratio of a mutual fund
is about three times higher than the maximum Sharpe ratio of an ETF. The
former being 1.55 and the letter 0.53. However, it is fair to note that the mini-
mum Sharpe ratio of a mutual fund is -0.45, which is about twice as large as the
minimum Sharpe ratio for an ETF which equals -0.24. These statistics align
with our intuition about the strategies employed by mutual funds and ETFs.
Mutual Funds are usually actively managed, and their managers aim to earn
above-average returns for their investors. They typically undertake more risks,
and sometimes it pays off (exceptionally high Sharpe ratio), and sometimes
it does not (exceptionally low Sharpe ratio). On the other hand, ETFs are
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passively managed, and they track a specific basket of securities. Sometimes
given basket is favoured by the market (high Sharpe ratio), and other times it
is not (low Sharpe ratio), but in general, the swings are much smaller because
of the less risk undertaken.

In the following section we provide a detailed description of the mutual
funds universe available to Czech investors.

5.1 Characteristics of Czech Mutual Funds Uni-
verse

To shed even more light on the variety of our mutual fund dataset, we provide
a few insights that characterise the mutual fund’s investment universe that is
easily obtainable for Czech investors.

Starting with currencies in which funds are denominated, approximately
42% of funds have a denomination in EUR, 29% in CZK and 27% in USD.
Other denominations, namely CHF, JPY, PLN, AUD, GBP and NOK, have
less than 1% of funds. Another characteristic that is of extreme importance is
fund type. This variable specifies the asset class in which the fund is investing.
A little less than half, 48%, of the funds invest mainly in stocks. 25% holds
debt securities primarily. 17% are of a "mixed type", which means that they
invest in both aforementioned asset classes – bonds and equities. Remaining
asset classes are alternatives (5%), short-term (2%), real estate (2%), com-
modities (1%). The size of the funds is also very heterogeneous. Our database
contains very small funds with several hundred thousand euros in AUM but
also humongous funds with billions of euros under management.

Moving to general characteristics of performance, histograms of ex-post
Sharpe ratios and Treynor ratios are shown in Figure 5.2.
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Figure 5.2: The figure shows histograms of annualized Sharpe ratio
and annualized Treynor ratio calculated from monthly
data.

The annualized Sharpe ratio of the market factor is 0.44, while the average
value for all funds in our sample is only 0.4. This indicates that the market
is slightly more generous in rewarding investors for a unit of total risk. Fur-
thermore, only 35% of funds have a higher Sharpe ratio than the market. The
average annualized Treynor ratio of the market factor is 0.0685, while the av-
erage value among mutual funds is 0.06466. Both values are quite similar this
time, and slightly less than 45% of mutual funds have a higher Treynor ratio
than the market.

Services of mutual funds are not free, and there are a few costs associated
with them. Firstly, there is an entry fee. Usually, it is used to pay for the
sales and distribution expenses. Then there is the management fee and the
performance fee. These fees are paid to the investment company which owns
the respective fund, and it serves to cover the costs of operating the fund -
salaries to employees, licensing costs and others. Sometimes there is also an
exit fee, but it is zero for the majority of funds. For a few funds, it is zero if
investors redeem their money only after a certain time, usually several years.
However, the measure that best reflects the actual cost of a fund is called the
Total expense ratio (TER). It is a measure of the total costs associated with
managing and operating a mutual fund and it is calculated by the following
formula

TER % = Total operating expenses in accounting currency
Average net assets in accounting currency

In plain English, this ratio equals the sum of all fees and incidental costs
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charged to the mutual fund assets on an ongoing basis taken retrospectively as
a percentage of the net assets. For example, if a mutual fund A has a TER
of 1.55%. It means that approximately 1.55% of assets were used to cover the
expanses of the operation during the previous year, and importantly, it directly
affects the investors return. If fund A generated a gross return of 8% during
the last year, the net return to the investor would only be about 6.45 %.

Figure 5.3: Densities of Total Expense Ratios (TER) of mutual funds
investing in Stocks (blue), bonds (orange), and mixed as-
sets (green). TER of ETFs is shown in red colour.

In figure 5.3, there is a histogram of the Total Expense Ratio for the three
main mutual fund asset class types. As we can see from the plot TER of bond
funds is generally smaller than the TER of stock or mixed funds. The average
TER of bond funds is 1.23%, while the average for mixed and stock funds is
1.82% and 1.91%, respectively. As bond funds have, on average, smaller re-
turns than stock funds, the investment companies cannot ask for such high fees
as stock funds because it would destroy the investor’s returns. To provide a
better comparison between fees of mutual funds and of ETFs, we also include
the TER of ETFs. As we can see from the plot, it is generally much smaller
than the TER of mutual funds. The average TER of ETFs from our sample
is 0.34% which is more than five times smaller than the average TER of stock
or mixed mutual funds and more than three times smaller than bond mutual
funds. This is really an enormous difference in the price that investors pay for
their instruments.
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There is one particularly interesting question regarding the fee size. One
might ask if there is a relationship between the fund skill and its fee. Is it
that the skilled fund managers ask for more money for their service, but they
generate enough excess returns that the investor still benefits? Or, on the
contrary, is the fee on average a burden for investors which drags down their
overall performance? We investigate this question in Section 6.2. However, we
first examine the proportions of skilled, zero-alpha and unskilled funds in the
following section.
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Results

In this chapter, we would like to present our results. This chapter consists of two
main parts. The first section elaborates on the central question of this thesis
- whether mutual funds on aggregate add value to the investors. The second
section is devoted to analyzing the relationship between a fund’s performance
and its Total Expense Ratio.

6.1 Analysis of Skilled funds proportions
The question we seek to answer is whether the mutual funds offered in the
Czech republic on average add value to their investors. It means that we want
to draw a conclusion about the population of mutual funds as a whole. To
accomplish this task, we work with an extensive dataset consisting of most mu-
tual funds available to Czech investors. We estimate each fund’s alpha given a
set of regressors and subsequently estimate the overall proportions of funds in
each "skill group". The conclusion is then driven by the magnitudes of propor-
tions in each skill group. We consider that mutual funds successfully deliver
value to their investors if there is a large-enough proportion with significantly
positive alpha from a regression against a set of ETFs. On the other hand, we
conclude that mutual funds fail to bring value to their investors if there is a
large-enough share with significantly negative alpha. Lastly, the scenario when
there are not many funds with significantly positive or negative alphas would
suggest that the majority of funds are "Zero-alpha", which means that they are
comparable to the ETFs and that there is not a clear winner or loser.

The estimation process of alpha is conditional on the given set of regressors.
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The choice of specific regressors enables us to draw conclusions on several lev-
els. We start by using factor models, and then we continue by applying various
approaches of ETF selection.

By applying factor models, we obtain a performance benchmark for our
other results and a comparison with other authors’ findings. We find that
unskilled funds outnumber the skilled funds for both 3-Factor and 4-Factor
models. The frequency of unskilled funds is almost ten times greater than
that of skilled funds. This predominance of unskilled funds is in line with
the results well documented throughout the literature (conducted mainly on
US data). The results for both models are almost identical, and the propor-
tions are approximately 36%, 60%, 3.8% for unskilled, zero-alpha and skilled
funds, respectively. Cavalcante Filho et al. (2021) obtained 37.86%, 60.95%,
1.19%, further suggesting that the European mutual fund market seems to be
no different from the United States. The complete results with using factors
as regressors are summarized in table 6.1.

Models π− π0 π+

4 Factor Model 36.77 % 59.48 % 3.75 %
3 Factor Model 35.46 % 60.75 % 3.80 %

MKT-RF 38.14 % 57.90 % 3.95 %
HML 0.00 % 78.53 % 22.14 %
SMB 0.27 % 31.16 % 68.57 %
MOM 0.00 % 52.38 % 47.62 %

Table 6.1: The table shows the proportions of unskilled (π−), zero-
alpha (π0) and skilled (π+) funds estimated on alphas from
a regression where Factor models or individual factors were
used as regressors. The first part of the table displays
results of using three and four-factor models, the second
part shows results with individual factors where Mkt-RF is
the Market Factor, HML (High-Minus-Low) refers to the
Value factor, SMB (Small-Minus-Big) corresponds to the
Size factor, and MOM is a Momentum Factor. Data for
these factors were obtained from Kenneth French website.

By investigating individual factors, we can see that the Market factor (Mkt-
RF) is the most important. However, one unanticipated finding was that other
factors alone are not sufficient to explain mutual funds returns. The reason
for this is not clear, but it may be related to the unique risk exposures that
are obtained by these long-short factors. These factors might be very useful in
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combination with the Market Factor because of the unique exposures that they
capture. However, in isolation, it seems that the absence of the Market Factor
leaves so much variation unexplained that they simply fail to explain returns
of mutual funds.

To sum it up, these results suggest that mutual funds fail to bring value to
investors when compared to conventional risk factors. Importantly, we highlight
that the performance of mutual funds can be replicated by having a particu-
lar tilt towards a well-regarded Market factor. Now, we want to investigate
whether similar results can not be accomplished with tradable instruments in-
stead of theoretical factors. We examine this question by employing various
ETF selection algorithms. We start by evaluating the performance with Ran-
dom Selection of ETFs, which is described in Section 4.1.1. In this case, no
guided selection methodology is employed, and the ETFs are simply sampled at
random. After conducting 500 bootstrap iterations, final average proportions
are summarized in Figure 6.2.

Number of ETFs π− π0 π+

1 0.00 % 71.46 % 28.54 %
2 4.64 % 71.83 % 23.51 %
3 7.68 % 76.13 % 16.19 %
4 7.99 % 75.57 % 16.44 %
5 8.93 % 76.73 % 14.34 %
6 6.95 % 81.84 % 11.21 %
7 9.14 % 81.24 % 9.62 %
8 5.51 % 83.38 % 11.12 %
9 5.30 % 80.51 % 14.19 %
10 6.47 % 79.86 % 13.68 %

Table 6.2: The table summarizes the results of the Random Selec-
tion algorithm, which randomly selects a given number of
ETFs (from 1 to 10) and uses them to estimate the overall
skill proportions. The procedure is repeated 500 times for
each number of ETFs, and the average proportions calcu-
lated over all runs are stored. These average proportions
of unskilled (π−), zero-alpha (π0) and skilled (π+) funds
are shown in this table.

The results show that the random selection of ETFs is unfit to outperform
mutual funds. The vast majority of the funds are zero-alpha no matter how
many ETFs are chosen. Furthermore, the proportion of skilled funds usually
exceeds the proportion of unskilled funds. If we take averages over all runs,
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we obtain that the average proportion of zero-alpha funds is around 77% and
of skilled and unskilled funds about 16% and 6%, respectively. This is inter-
esting because there are almost three times more skilled funds than unskilled
ones when benchmarking against the random selection of ETFs. It is an in-
dication that there is some skill present in the mutual fund industry because
the random selection of ETFs clearly underperforms. Although these results
are in line with Cavalcante Filho et al. (2021) they represent quite a surprise
against the conventional academic belief that passive investing is superior to
active investing. However, before drawing more conclusions, we have to pause
and think about the context of these results. The procedure simply chooses
ETFs at random. However, not all ETFs are equal at exposures they offer, and
not all exposures are convenient to outperform mutual funds. So we theorize
that these results are influenced by the fact that, unlike mutual funds, the pri-
mary purpose of ETFs is not to generate above-market returns. The purpose of
ETFs is more shifted towards providing low-cost exposure to a specific sector,
region, or risk in general. This may cause many ETFs not to be adequately
diversified from a broad market perspective and offer a suboptimal risk-reward
property. So while there are many universal ETFs like MSCI World or Global
bonds ETFs, which are well equipped to benchmark mutual funds, there is also
a large number of niche ETFs that provide unique exposures1 but are unfit to
beat mutual funds.

We explore this idea further by looking at the skill proportions obtained
from a few different ETFs. If we propose that the results from a random selec-
tion of ETFs are driven down by too specific and, importantly, not diversified
enough ETFs, we should see that general, properly diversified ETFs are signifi-
cantly better at explaining mutual fund returns and lead to a higher proportion
of unskilled funds (and a lower proportion of skilled funds). We show the results
for major indexes across the globe in Table 6.3.

1Like MSCI South Africa UCITS ETF or MSCI EM Islamic UCITS ETF.
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ETF π− π0 π+

(1.) MSCI World 32.10 % 59.79 % 8.11 %
(2.) S&P 500 52.07 % 45.46 % 2.57 %
(3.) FTSE 100 1.55 % 79.7 % 18.75 %
(4.) MSCI EM Asia 6.99 % 71.31 % 21.70 %
(2.) - (4.) Combined 26.15 % 71.45 % 2.40 %

Table 6.3: This table displays proportions of unskilled (π−), zero-
alpha (π0) and skilled (π+) funds estimated on alphas from
a regression where well-known and diversified ETFs were
used. These ETFs approximate indices from various re-
gions all around the world and can be thought of as a
representation of average returns in these regions. MSCI
World approximates the Market index, S&P 500 is the
proxy for the United States market, FTSE 100 reflects the
European market, and MSCI EM Asia proxies financial
markets of Asia.

Although there are considerable differences in skill proportions between the
ETFs from distinct regions, one common pattern can be derived – the broad
diversification pays off. If the MSCI world2 is used as a single regressor, the
proportion of unskilled funds rises to 32.10 %, and the proportion of skilled
funds drops to 8.11 %. Now the ratio completely shifted, and the prevalence
of unskilled funds is about four times higher than skilled funds. Furthermore,
there is a notable similarity between the results of the Mkt-RF factor and the
MSCI world. The former having proportions π−, π0, π+ as 38.14 %, 57.90 % ,
3.95 % and letter 32.10 % 59.79 % 8.11 %. These differences might be partly
explained by the absence of transaction costs in the case of the Market factor.

If we take a look at the individual ETFs from specific regions, we can see
that the results are proportional to how the market recently favoured the par-
ticular regions. The skill proportions obtained with S&P 500 are the most
extreme. Only 2.57 % of funds can be considered skilled, while an alarming
52 % are estimated to be unskilled. This is clearly driven by the staggering
uptrend that the stock market of the United States experienced in the last
ten years. On the other hand, ETFs from not so fortunate markets performed
poorly. FTSE 100 (European equities) and MSCI EM Asia (Asian equities)
performed similarly or even worse than the random selection. With FTSE 100,

2MSCI World comprises 1559 holdings from 23 countries covering 85% of the listed equities
in each country. Generally speaking, it is one of the most diversified ETFs available and can
be thought of as an approximation of "The Market index/factor".
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the estimated proportion of unskilled funds was 1.55% (18.75 % of skilled),
and with MSCI EM Asia, it was 6.99% (21.70 % of skilled). So as we can see,
regional diversification matters a lot. And because it is inherently difficult (or
even impossible) to predict which region will outperform others in the future, it
is probably safest to hold all of them. For example, when combining the three
previously mentioned "localized" ETFs, we obtain proportions quite similar to
what was reached with MSCI World.

This leads us to a Naive Selection algorithm that we designed to enforce
simple diversification rules. We want to investigate whether a few simple con-
straints for choosing ETFs can be enough to give average investors an edge over
mutual funds. The procedure runs 500 times and always selects five ETFs to
calculate the skill proportions. However, it enforces limits to ensure that ETFs
are diversified enough. It requires that at least one Bond ETF and one Stock
ETF are always present. Above that, it requires the portfolio to be diversi-
fied across several geographical regions. Further details are provided in Section
4.1.1. The average proportions π−, π0, π+ estimated using Naive Selection algo-
rithm are 24.82% , 68.58% and 6.26%. This is a very interesting result because
it shows that almost one-quarter of mutual funds perform significantly worse
than this naive diversification approach and that only about 6% of the funds
are able to outperform it. This is an essential result because it suggests that if
investors adhere to simple diversification rules, they can achieve better results
than about 25% of mutual funds. The importance of this result stands out in
the context of the Robo-advisory companies that recently gained considerable
popularity in the Czech Republic. These companies promote passive investing
in a transparent and easy-to-use way and are also cheaper than conventional
mutual funds.3 However, as we demonstrated with the Naive Selection algo-
rithm, only a modest diversification is enough to outperform a large portion of
mutual funds. Moreover, retail investors can achieve this diversification with
only minimal effort and importantly, compared to robo-advisors, they can cut
the average cost three times to only about 0.3%.

Finally, we show the results of the Proposed Selection Algorithm. This ap-
proach chooses ETFs based on their ability to explain fund’s returns (high
adjusted R2) and its ability to outperform hence causing high proportions

3The average management fee of these robo-advisors is around 1% which is almost half
of the average management fee of a mutual fund which is about 1.9%.
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of unskilled funds (high π−). Further details of the selection procedure are
described in Section 4.1.1. After applying the algorithm on our data, three
ETFs with the following isins were chosen: IE00B3WJKG14, IE00B428Z604,
IE00BDFJYM28. The first one tracks the information technology sector of the
SP 500, the second one invests in a full range of maturities of Spain govern-
ment bonds, and the third holds a blend of bond types (mainly government
and corporate bonds) from all around the world. when applying these ETFs,
the proportions of unskilled (π−), zero-alpha (π0) and skilled (π+) are 85.60% ,
13.7%, 0.71% respectively. With this methodology, only less than 1% of mutual
funds can be considered skilled.

To wrap it up, we showed that random selection of ETFs is unfit to out-
perform mutual funds. However, as we demonstrated with the Naive Selection
approach, enforcing simple diversification rules is enough to outperform a quar-
ter of all mutual funds and that only about 6% of funds can be considered skilful
against this approach. Nevertheless, holding the single diversified ETF, such as
MSCI World, can be the best investment strategy for retail investors due to its
capacity to outperform mutual funds combined with the simplicity of holding
a single instrument.

In the next section, we examine the one thing that is often blamed as the
cause of the mutual funds’ underperformance – their high costs.

6.2 Relationship between performance and cost
In this section, we would like to present a concise analysis of the relationship
between the alpha of a fund (a proxy for managers performance) and the To-
tal Expense Ratio (a proxy for compensation of a fund’s management). As
portfolio management is the essential service provided by a funds management
and TER reflects the "price" that is paid for that service, standard economic
logic implies that in a well-functioning market, agents might be willing to pay
a higher price for service only if the provided service is more valuable. Hence it
follows that we should find a positive relationship between the fund’s estimated
alpha and its TER.
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In order to investigate this question, we estimate the following regression
model for every Mutual fund i = 1, . . . , M.

ri,t = αi + βir
MSCIW orld
t + ϵi,t (6.1)

where ri,t is a return of mutual fund i in time t, αi is the estimated alpha,
rMSCIW orld

t is a return of MSCI World ETF at time t and ϵi,t is an error term.
We store the estimated alphas for each mutual fund, and then we find the
corresponding Total Expense ratio of a respective fund. Now we can estimate
the cross-sectional regression model

α̂i = γ + β̃TERi + ϵ̃i (6.2)

where α̂i is the estimated alpha from a regression against the MSCI World, γ

is an intercept, TERi is a Total Expense Ratio of a fund i, β̃ is the coefficient
of interest which describes the relationship between fund’s alpha and its TER,
and ϵi is an error term.

To check whether there is any difference between the Mutual Funds that
invest exclusively in Stocks and the funds that invest only in bonds, we split
the funds into two respective groups and estimate the regressions separately.
Finally, the results are summarized in Table 6.4.

Panel A: Regression results for Stock Mutual Funds
coef std err z P> |z| [0.025 0.975]

TER -0.0013 0.000 -3.320 0.001 -0.002 -0.001
const 0.0006 0.001 0.880 0.379 -0.001 0.002

Panel B: Regression results for Bond Mutual Funds
coef std err z P> |z| [0.025 0.975]

TER -0.0019 0.000 -4.917 0.000 -0.003 -0.001
const 0.0029 0.001 5.643 0.000 0.002 0.004

Table 6.4: Results from regression of fund’s alpha against fund’s Total
Expense Ratio (Equation 6.3). Note that in this case al-
phas were estimated in a reggression against MSCI World.

Contrary to the original proposition, we find that the relationship between
the fund’s alpha and its Total Expense Ratio is negative for both asset classes,
suggesting that funds that charge higher fees deliver worse risk-adjusted per-
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formance to their investors. As we can see from the table, both coefficients are
negative and statistically significant (at 1% significance for Stock funds and
< 1% for Bond funds). Residuals from these regressions are relatively well-
behaved, as can be seen in the residual plot in the Figure 6.1. Their Expected
value seems to be zero for the whole range of obtained TERs with the exception
of the tails. Especially for the low values of TER in the case of bond funds, the
regression seems to be slightly underfitting. However, a lack of observations
in both tails can influence this result. Furthermore, the variance also appears
to be relatively constant for most values of TER, so the potential issue of het-
eroscedasticity seems to be relatively small.
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Figure 6.1: Figure depicts the residuals from the regression of fund’s
alphas against Total Expense Ratio (TER). The upper
sub-figure is from the regression on Stock mutual funds
exclusively, while the bottom sub-figure is from regression
on Bond funds. The original value of TER is depicted on
the x-axis, and the y-axis shows the value of a respec-
tive error term. The blacked dotted line shows the value
of 0 across the whole plot and the blue curve is a non-
parametric lowess model. In an ideal case the blue line
should overlay the dotted line.

To check the robustness of this result, we replicated this methodology by
applying factors instead of the MSCI World Exchange Traded Fund. Alphas
from factors regression are standard performance metrics, so they represent an
ideal candidate to broaden our analysis. The results are summarized in Table
6.4.
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Panel A: Regression results for Stock Mutual Funds
coef std err z P> |z| [0.025 0.975]

TER -0.0008 0.000 -2.945 0.003 -0.001 -0.000
const -0.0010 0.001 -1.832 0.067 -0.002 6.68e-05

Panel B: Regression results for Bond Mutual Funds
coef std err z P> |z| [0.025 0.975]

TER -0.0013 0.000 -4.290 0.000 -0.002 -0.001
const 0.0020 0.000 5.092 0.000 0.001 0.003

Table 6.5: Results from regression of fund’s alpha against fund’s To-
tal Expense Ratio. Note that alphas were estimated in a
regression against the 3-Factor model in this case.

We can see that the results are very similar. Even though the values of both
coefficients are a little bit weaker than in the previous case, both coefficients are
still statistically significant at 5% significance. This provides further evidence
that these results are relatively robust and that the relationship between the
fund’s performance and its Total Expense Ration is indeed negative.

Lastly, to address the possible problem of endogeneity, we extend the equa-
tion 6.3 with two more variables that may be hidden in the error term and have
an effect on the performance of the fund. Hence we include the fund’s Asset
Under Management (AUM) and standard deviation of the fund’s returns. The
equation we estimate then changes to

α̂i = γ + β̃1TERi + β̃2AUMi + β̃3STDi + ϵ̃i (6.3)

And after estimating it, we obtained the following results.
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coef std err z P> |z| [0.025 0.975]

TER -0.0007 0.000 -1.765 0.078 -0.001 7.43e-05
AUM 4.549e-15 2.71e-14 0.168 0.867 -4.86e-14 5.77e-14
STD -0.0518 0.011 -4.915 0.000 -0.072 -0.031
const 0.0019 0.001 2.418 0.016 0.000 0.003

coef std err z P> |z| [0.025 0.975]

TER -0.0025 0.001 -4.785 0.000 -0.004 -0.001
AUM -1.581e-14 3.68e-15 -4.299 0.000 -2.3e-14 -8.6e-15
STD 0.0322 0.021 1.545 0.122 -0.009 0.073
const 0.0031 0.001 5.945 0.000 0.002 0.004

Table 6.6: Results from regression of fund’s alpha against fund’s Total
Expense Ratio (TER), Assets Under Management (AUM)
and its Standard Deviation (STD). Note that in this case
alphas were estimated in a regression against MSCI World.

When we added two more variables, we obtained mixed results for TER,
and the importance of AUM and STD also seems to be unclear. Assets Under
Management appears to be relevant for bond funds but are statistically in-
significant for stock funds. Conversely, for stock funds, the standard deviation
is statistically significant at less than 1% significance, while for bond funds, it
is insignificant. Nevertheless, the TER coefficient in the case of stock mutual
funds is still negative, but it became insignificant at a 5% significance level. For
Bond mutual funds, the coefficient remained negative and significant at even
1% significance.

Although the value of the TER coefficient is not always stable, it remains
negative, and most importantly, the statistical significance holds for the major-
ity of fitted regression. Based on the original paradigm that we stated at the
beginning of this section, this result can be puzzling. However, based on the
arithmetic of active management described in Sharpe (1991), it should not be
a surprise. Sharpe shows that the before costs return on the average actively
managed dollar have to be the same as the return on the average passively
managed dollar. However, this holds only before fees. When the costs are
included, the return on average actively managed dollar will be smaller than
the return on average passively managed dollar because active managers incur
greater costs. Note that this discussion is about the "average dollar", it does
not rule out the possibility of exceptionally good funds. However, with this
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paradigm, the higher the fee, the smaller the average return is generated for
investors, which is exactly what we can see in the data. Furthermore, the re-
lationship seems to be stronger for bonds. It means that what regards bond
funds, investors should be especially aware of the fee size. Nevertheless, this
implication is similar to both stock and bond funds - retail investors should try
to keep the costs at a minimum.



Chapter 7

Conclusion

Despite the evidence from the United States indicating that mutual funds rep-
resent suboptimal investment vehicles, they are still among the most popular
investments in the Czech Republic. In this thesis, we examine whether this
popularity can be explained by the abnormal ability of local managers to out-
perform the market. Based on the alpha from a regression against a concise set
of ETFs, we estimate the overall proportions of skilled (significantly positive
alpha), zero-alpha (insignificant alpha) and unskilled (significantly negative al-
pha) that are prevalent in the population. We find that the random selection
of ETFs is unfit to outperform the mutual funds on average. However, we in-
troduced a straightforward extension that enforces simple diversification rules,
and with this selection algorithm, we estimated that the proportion of skilled
funds is only 6.26% while the proportion of unskilled funds is almost four times
larger at 24.82%. We further showed that with the proposed selection algo-
rithm, only a minimal fraction of mutual funds could be considered skilled.
So our results suggest the following. Firstly, Exchange Traded Funds can be
used to outperform a large proportion of mutual funds. And secondly, country
diversification appears to be a key factor for constructing a portfolio of ETFs
that consistently outperforms. These two findings have normative implications
for retail investors because such etf selection approach can be easily imple-
mented and, on average, beats the mutual funds. Moreover, we argue that if it
is possible to outperform mutual funds with a set of passive and less expensive
Exchange Traded Funds, a more predictable stream of returns can be achieved
since it is not susceptible to shifts in mutual funds investing strategy or possible
excessive risk-taking by a funds management.
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Lastly, we investigated the relationship between the fund’s performance and
its cost. As a proxy for the fund’s performance, we used estimated alpha, and
the cost was proxied with the Total Expense Ratio (TER). We document a neg-
ative relationship between the two suggesting that investors should be highly
cautious of the costs associated with their investments and try to minimize
them.
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