
 

Abnormal Returns of Swedish Equity 
Funds 
Are Managers Skilled or Lucky? 

Authors: Tom-Filip Johansson 
 Tommi Määttä 

Supervisor: Rickard Olsson 
 

Student 
Umeå School of Business and Economics 
Spring semester 2012 
Degree project, 30 hp 



II 
 
 

Summary 

The fund market has grown substantially during the past decades and the majority of 
Swedish citizens are invested in funds directly or through pension savings. There is mixed 
evidence on the performance of Swedish equity funds depending on the method employed 
and the time period studied. In this study, we set out to estimate abnormal performance 
using acknowledged methods during a time-period that is both longer and more recent than 
previous studies. 

Our sample is survivorship-free and consists of 150 mutual equity funds during January 
1993 to December 2011. We use a four-factor model to estimate abnormal performance 
compared to an index and additional risk factors. We find that the average performance is 
neutral net of costs and that funds outperform with 1.7 percent before costs, the difference 
is approximately the average management fee. Over time, we find that the average 
abnormal performance and the share of funds that have significant outperformance have 
decreased while the share of significant underperformance has increased. 

Since the study of fund performance started in the 1960's the twin questions has been; does 
funds outperform the market and is this a result of pure chance or are managers skilled? 
Since we observe funds with significant positive and negative abnormal performance, we 
want to know if the results can attributed to luck or skill. We employ the latest technique, a 
bootstrap simulation, to test for skill or luck. This is the first study to employ the bootstrap 
to distinguish skill from luck in sample of Swedish funds. By ranking funds on 
performance after costs, we find that the performance of the majority of funds can be 
attributed to skill or "bad skill". The evidence is strongest in the top 95th percentile and 
above, and from the bottom 50th percentile and below. 
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1 Introduction 

Assume a Swedish individual who is looking to invest a sum of money. This individual has 
a range of alternatives, but is drawn the possibility of high returns on the stock market and 
is willing to tolerate the risk involved. Since this particular investor is familiar with the 
benefits of a diversified portfolio, she decides between buying either a number of stocks 
directly on the market and investing her money in an already diversified mutual equity fund. 
She gives some thought to her options and concludes that, surely, active managers of equity 
funds must have superior stock-picking abilities since they are professionals. Satisfied with 
her choice, she consults the web page of Morningstar, an independent publisher of 
information about securities, to guide her decision. She discovers that there is a vast supply 
of mutual equity funds and a tremendous amount of information. She finds that among top 
rated funds, there are both actively managed funds and passively managed index funds. She 
also finds out that funds have different costs and different historical returns. Based on this, 
she realizes that she does not have sufficient knowledge to distinguish relevant from 
irrelevant information. Since she is an enterprising individual and determined to make an 
informed decision, she consults a textbook on investments. After finishing the book, she 
concludes that returns should be measured after costs, compared to a relevant index and 
adjusted for risk. She wants to invest in a fund that can outperform a comparable index; 
otherwise it would be unnecessary to invest in an actively managed fund and she would 
choose an index fund. She also wants the return of the fund to be risk-adjusted, since she is 
looking for a fund that can outperform by picking superior stocks, not only by taking on 
added risk. From the textbook she learns that a fund that is outperforming its index, net of 
cost and on a risk-adjusted basis, is earning abnormal returns. The abnormal returns are 
measured by the intercept or “alpha” in a regression model. She concludes that alphas are 
not readily available information but the estimation of alphas might be rewarding. However, 
the real crux of the matter is whether or not her investment decision can be based on 
historical alphas. For this to be possible, positive alphas must exist and persist. In other 
words, positive abnormal returns must be a result of skilled management and not a result of 
luck, otherwise they would soon disappear. After going through all this trouble she is richer 
only by the experience and no closer to making a decision. Investing in funds is not as 
carefree as she first anticipated. She ends up feeling perplexed by the popularity of funds as 
an investment vehicle since it is obvious that making an informed decision is challenging, 
to say the least. 

1.1 The Swedish Fund Market 

The development of the Swedish fund market has been dramatic during the last 30 years.  
In 2008, 98 percent of the Swedish population ages 18-74, saved in funds. If premium 
pension funds are excluded 74 percent of the population owns shares in a fund. In 
comparison, the corresponding figure was approximately 50 percent in the 1990’s. During 
this time period, the portion of assets that were invested in mutual equity funds has 
represented 50-70 percent of the total amount invested in funds. In 1979, the total fund 
assets amounted to SEK 1 billion and at the end of 2011 the total assets amounted to SEK 
1,819 billion. The first fund was started in 1958 and since then the number has grown to 
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1,415 at the end of 2011 (Petterson et al., (2010, pp. 3-6). Figure 1 shows that both assets 
and number of funds (all categories of funds are included) has increased tremendously 
beginning since the 1990’s with the exception of three shorter periods of decline. 

 

Figure 1. Total Fund Assets in Sweden 1986-2012 and Number of Funds 1991-2011. 
Source: Swedish Investment Fund Association (2011a) 

In a report published by the Swedish Investment Fund Association1, Petterson et al. (2010) 
describes the development of the Swedish fund market. The market for funds was 
practically non-existent until 1978 when tax-save funds were introduced. The deposits in 
the tax-save funds were deductible against income and the realized capital gains were tax-
free. In 1984 the Allemans funds were introduced. They were similar to the tax-save funds 
but deposits were not deductible while capital gains were still tax-free. The tax subsidy was 
removed in 1998, but the increase in total fund assets persisted (Pettersson et al., 2010, pp. 
10-12).  After 2000, both the amount of capital invested in funds and the number of funds 
increased rapidly. The reasons being increased investments of pension savings in funds and 
the emergence of marketplaces for funds that facilitate entry of new players. In this period 
the number of funds grew remarkably, as can be viewed in Figure 1. Before 1990 it was 
only possible to invest in funds directly. During the 1990’s insurance-based funds, also 
called unit-linked funds, were introduced. With the unit-linked funds it became possible to 

                                                
1 The Swedish Fund Association is an organization that promotes a healthy market for fund companies and 
fund savers. Their main objective is to monitor legislative work and act as a referral body on issues related to 
the fund market. See http://fondbolagen.se/en/ for more information. 
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move money between funds without tax on realized capital gains, instead an annual tax 
based on the total holdings was levied. The Individual Pension Saving (IPS) program was 
introduced in 1994 and enabled investing of pension savings in funds without the above-
mentioned insurance link. The IPS program made it possible for individuals to invest their 
pension savings in securities, deposits in bank accounts or in funds. In 2008, 90 percent 
was invested in funds. Since 2000, employees pay 2.5 percent of their salary into a 
premium pension account and individuals are free to choose in which funds the money 
should be invested. As a consequence of the development of the pension system in Sweden, 
pension savings makes up the largest part of investments in funds (Pettersson et al., 2010, 
pp. 15-16). Figure 2 shows the asset values by type of fund. The majority of assets invested, 
are invested in equity funds. Equity funds are required to invest at least 85 percent of their 
assets in equity or equity related instruments2 (Pettersson et al., 2010, p. 26). These funds 
have represented between approximately 45 and 72 percent of total assets values during 
1986-2011. In 2011 they represented 51.8 percent. 

 

Figure 2. Asset Values by Type of Fund, SEK billion 
Source: Swedish Investment Fund Association (2011a) 

Figure 3 shows the different categories of investors in equity funds. The category Other 

                                                
2 Hedge funds are less restricted than equity funds and can chose their own investment objective and risk-
exposure. Balanced funds invest in both interest-bearing securities and equity; the mix differs depending on 
the strategy of the fund. A fixed income fund invests all their assets in interest-bearing securities (2004). 
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consists of municipalities, county council, interests groups, foreign companies and 
individuals. Swedish Companies consists of financial, non-financial and state-controlled 
companies. Households (Non-Profit Organizations) consists of political parties, employee 
and employer organizations. Premium Pension, Unit-Linked, IPS and Households are self-
explanatory. Individuals represent, directly or indirectly, approximately 78 percent of total 
investments in equity funds in 2011. 

 

Figure 3. Investment in Equity Funds by Category, SEK billion 
Source: Swedish Investment Fund Association (2011b) 

To summarize, investments in funds has grown substantially during the last decades and the 
growth is largely attributed to the pension system in Sweden. The most popular choice 
among investors is equity funds. Almost every Swede owns funds and invests both directly 
and indirectly. 

1.2 Theoretical Point of Departure and Empirical Evidence 

It would seem evident that Swedes generally considers mutual equity funds to be a viable 
investment alternative. But from a theoretical viewpoint it might not be so. When studying 
funds it is common to take a theoretical departure in The Efficient Market Hypothesis 
(EMH) developed by Eugene Fama (1970). The theory describes a fully efficient capital 
market as being able to provide stock prices that fully reflect all information at any given 
moment. This means that the market interprets new information correctly and consequently 
adjusts prices to reflect the information. Even though individual investors may act irrational 
or interpret information inaccurately, the market as a whole will interpret information 
accurately and act rational. From a mutual fund perspective, a market in which prices adjust 
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to all new insider and public information would be impossible to outperform since no price 
anomalies exist at any given time. 

According to the EMH, a market can be categorized as efficient in three different forms, 
weak, semi-strong and strong form. The weak form of efficiency incorporates historical 
prices into present prices. This means that predictions based on past prices will be without 
merit. The semi-strong form asserts that all publicly available information is reflected in 
present prices. The semi-strong form makes fundamental analysis difficult. It is not enough 
to use publicly available information to identify under-valued securities, since the analysis 
is fruitless if other investors have reached to same conclusion. Therefore, an investor must 
have insider information in order to produce superior returns. In the strong form of 
efficiency, all public and insider information is incorporated into present prices. This 
assumption is quite extreme since it is hard to believe that all information is available to all 
market participants and also interpreted to reach the same conclusions (Fama, 1970, p. 383). 
Increased market efficiency leads to decreased chances of outperforming the market. In 
turn, this leads to decreased incentives for mutual funds to engage in active management. 

Sharpe (1991) proved by simple means of arithmetic mathematics that the average returns 
of active management will be equal to the average returns of passive management. Sharpe 
described that a passive investor will hold a portfolio of securities that replicates the total 
holdings of the market. By contrast, an active investor will engage in trading activities and 
hold a portfolio different from that of the passive investor. The active investor will try to 
identify mispriced securities and incur costs related to transactions and analysis. The 
passive investor will incur less transaction costs and no costs for analysis. The market 
return is the weighted average return of all the securities on the market and each passive 
investor will receive exactly the market return. As a result, the average return of active 
management must equal the market return since the market return is the weighted average 
of both passive and active investors. In other words, since the market consists of both active 
and passive investors their combined return must also equal the market return. Measured 
before costs, the passive investor will have zero abnormal returns or an alpha of zero. The 
aggregate abnormal returns for active management will also be zero before costs and 
negative net of costs. This conclusion concerns active management in aggregate, individual 
managers may still outperform the market but at the expense of other active managers. In 
the aggregate and net of costs, active management will be negative sum game (Sharpe, 
1991, p. 7). 

As a counterweight to Sharpe (1991), Berk & Green (2004) suggested a rational model 
characterized by positive alphas before costs and zero alphas net of costs. The brief 
explanation to Berk & Green’s model is that cash flows into and out of funds stems from 
rational decisions made by investors. Superior funds will experience cash inflow and 
inferior funds will experience cash outflow. Performance of funds is measured by risk-
adjusted abnormal returns. The ability of fund managers is characterized by diminishing 
returns to scale since the possibility to identify positive net present value investments is in 
scarce supply. Diminishing returns to scale coupled with increased cash inflow leads to 
erosion of abnormal returns over time. In equilibrium, inferior funds are eliminated and 
superior funds have zero alphas net of costs and positive alphas before costs. 
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Measuring mutual fund performance is most commonly concerned with fund returns in 
comparison with benchmark(s). Several models have been developed to explain the returns 
of securities. These models can also be used to measure the performance of mutual funds. 
The most acknowledged models in this area include the Capital Asset Pricing Model 
(CAPM) that was introduced in the 1960’s, Fama and French’s three-factor model (1993) 
and Carhart’s four-factor model (1997). All of these models include risk factors constructed 
to capture the lemma that risk should equal return. 

The CAPM is a single factor model developed by several independent authors and builds 
on the behavior of a rational investor in Harry Markowitz’s modern portfolio theory. The 
model includes one factor, the beta, which captures the covariance between asset and 
market returns (Lintner, 1965a, 1965b; Markowitz & M., 1952; Mossin, 1966; Sharpe, 
1964; Treynor, 1961). The model builds on the relation between risk and return. The 
specification of CAPM follows below. 

 
 
E Ri( ) = Rf + βi E Rm( )− Rf( )  (1) 

Where, E ( R i ) is the expected return of a capital asset, R f  is the risk-free rate of return, 
( E ( R m )−R f ) is the market premium and β i  is as previously stated the covariance in return 
between the asset and market returns. Since we are concerned with returns ex-post, we 
employ the index model that is a reformulated version of the CAPM. This model reflects 
observed returns rather than expected and includes an intercept (α) that captures abnormal 
return.  

 Rit − RFt =α i + βi RMt − RFt( ) + ε it      (2) 

Where !! is the intercept of the regression and ε i  is the error term. The intercept,!!!, is a 
generally accepted way of measuring excess return for mutual funds and captures the return 
that is unexplained by β i (Rm -R f ) . Jensen (1968) was the first to measure fund 
performance in terms of alpha, therefore it is commonly known as Jensen’s alpha. 

Fama and French (1993) extended the model with additional two additional risk factors 
(size and value) and subsequently Carhart (1997) added a momentum factor. We will 
explain these models and factors in more detail in later chapters. 

The two questions of whether managers can generate abnormal returns and if abnormal 
returns persist have been widely researched since the 1960’s. The empirical evaluation of 
fund performance began with Sharpe (1966) and Jensen (1968) who found that funds 
underperform with the amount of expenses they incur. Since then, numerous studies have 
been conducted with varying results depending on the time period and region studied. 
There has also been advancement in the measurement technologies employed to evaluate 
performance of funds. Most studies have been conducted in the US and recent contributions 
include Fama & French (2010) and Barras et al. (2010). Fama & French studies the years 
1962-2006 and find that actively managed funds in the aggregate underperform with 0.8 
percent per year net of costs. They also conclude that most fund managers do not have 
sufficient skill to create returns that cover costs. Barras et al. studies the years 1975-2006 
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and estimate that 0.6 percent of funds outperform, 75.4 percent have neutral performance 
and 24 percent underperform net of costs. They discover two interesting trends; the number 
of funds has steadily increased while the proportions of funds that exhibit positive alpha 
have decreased, before 1996 there was a significant proportion of with significant positive 
alphas and in 2006 almost none. 

In Sweden, the topic is far less researched. The published articles include Dahlquist et al. 
(2000) and Engström (2004). Dahlquist et al. studies the period of 1992-1997. They find 
that the average actively managed equity fund outperforms by 0.5 percent annually and that 
there is no evidence of persistence of performance of equity funds. Persistence exists if 
funds sustain their abnormal performance in subsequent time-periods. Engström studies 
Swedish actively managed mutual equity funds between 1996-2000 and finds that the 
average Small Cap fund outperforms by 3.23 percent p.a. and the Sweden funds 
outperforms by 1.74 percent. 

1.3 Purpose, Limitation and Contribution 

We will estimate the alphas of actively managed mutual equity funds on the Swedish 
market to examine whether funds underperform, outperform or have neutral performance 
compared to the market and adjusted for risk. What is relevant for investors is the source of 
the alphas, because by pure chance, some actively managed funds will outperform the 
market. This outperformance will not persist if it stems from luck rather than skill. 
Therefore, we will examine whether the estimated alphas can be attributed to skill or luck. 
The traditional way to examine this is to test whether past winners continue to outperform, 
and losers continue to underperform, with a so-called persistence test. Examples of these 
types of studies include Grinblatt and Titman (1992) and Carhart (1997). According to 
Fama and French (2010, p. 1916) the results of these types of studies can be questioned 
since they rank funds on short-term performance, the allocation of winners and losers is 
largely based on noise or unexplained variation. They suggest a so-called bootstrap 
technique where a simulated distribution is created based on zero alpha, this gives a 
distribution of fund returns with zero abnormal returns. This simulated distribution is then 
compared to the observed distribution in order to make inference about the skill or luck of 
active managers. In this study, we replicate the method of Fama & French (2010) in order 
to provide evidence on the Swedish market for equity funds. 

The purpose of this thesis is therefore to estimate abnormal performance of actively 
managed equity funds on the Swedish market and to determine whether it stems from luck 
or skill, using a bootstrap technique. The research question is thus defined as: 

Do Swedish mutual equity funds produce abnormal returns after adjusting for costs and 
risk, and if so, does the results stem from luck or skill? 

We have two additional objectives. First, how has the abnormal return developed over time? 
Second, how does the estimate of abnormal returns change when we measure return before 
costs? 

We limit our study to examining mutual equity funds based in Sweden. This limitation 
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means that we do not have to consider different tax levels across different countries. It also 
means that we exclude passive index funds, balanced funds and hedge funds since the 
objectives and regulations differ from equity funds. Consequently, they are not directly 
comparable3. Further we limit our study to the time period January 1993 to December 2011 
for two reasons. First, few funds existed in the early 1990's. Second, the market return 
index, which is adjusted for the legal restriction on funds, does not exist before January 
1993. Given these limitations we will include both dead and active funds that have existed 
during this time period to avoid survivor bias, which could lead to overestimated alphas. 

Since few studies have been conducted on the Swedish market, we are able to make both 
practical and theoretical contributions. We make four important contributions to existing 
theory. First, by studying the Swedish market we provide evidence for a market that is less 
studied. We provide out-of-sample evidence using the same techniques as studies made in 
the US. Second, we study the time period 1993-2011 which is both longer and more recent 
than previous studies. Third, we will differentiate between skill and luck in persistence 
utilizing the latest development in measurement technologies. Finally, we contribute to 
academia by calculating the Fama & French (1993) risk factors and the momentum factor 
of Carhart (1997) for a longer time-period than previous studies4. We make two important 
practical contributions for investors in mutual equity funds. First, by estimating alphas we 
will provide information regarding the funds performance compared to a relevant index, 
adjusted for risk. Second, we will examine if the estimated alphas are based on skill or luck. 
If abnormal performance is attributed to skill an investor can earn superior risk adjusted 
returns compared to an index, based on alphas. However, if abnormal returns are due to 
luck it is unrewarding to identify alphas since they will not persist.  

                                                
3 Even though index fund are not in focus in this study, we will make the alpha estimates including index 
funds in addition to our main results. 
4 The factors are available upon request. 
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2 Methodology and Method 

Ryan et al. (2002, p. 8) state that when research is considered to lack in technique or 
method it can be considered defective, weak or misapplied and when a methodological 
dispute is involved the research is simply considered to make no sense. In this chapter, we 
will demonstrate how we have conducted the study and what underlying principles that 
guide us, in order to avoid that the study be characterized as defective or nonsensical. 

2.1 Methodology 

2.1.1 The Mainstream Approach to Research Within Finance 

Since we want to provide out-of-sample evidence for previous research, we follow the 
method of previous studies in order for the results to be fruitful and comparable. If we 
follow the method of previous studies, specifically Fama & French (2010), we think it is 
crucial to adhere to the dominant methodology within finance as well. However, we agree 
with Ryan et al. (2002, p. 24) who holds that a plurality of methodological approaches is 
needed in order for the finance area to be explored fully. In this section we will attempt to 
dissect the mainstream methodological approach of finance so that the reader may grasp 
our considerations regarding the role of theory, epistemology, ontology and evaluation 
criteria. 

Ryan et al. (2002) identify a dominant or mainstream methodological approach in research 
within finance that very few published researchers deviate from. They identify this 
mainstream approach implicitly rather than explicitly and we understand why; in none of 
the finance literature that we have studied has there been a discussion of the philosophical 
considerations (the exception being theses written by business students). Schmidt (1982, pp. 
391-392) gives three reasons as to why financial economists may be reluctant to enter into a 
methodological discussion: (1) good research is being conducted without methodological 
considerations and to make these considerations is a waste of time, (2) methodological 
concepts developed by the science of philosophy is inadequate for finance, (3) there is a 
fear that explicit methodological arguments might be critical of established theory. It seems 
to us that research within finance have such a homogenous approach that a methodological 
discussion is superfluous. Even though we will follow the mainstream approach, we think it 
is a mistake not to analyze the potential shortcomings of a chosen approach. 

Ryan et al. (2002) gives an excellent account of how the methodology has developed 
within research in finance, the authors identify key philosophical threads of what they argue 
to be the dominant view of how research should be conducted within the area of finance. 
Historically, research within finance has been committed to “objective” research that is 
carried out by the construction of precise theories and validated through accurate tests using 
unbiased samples. This positivist position has become dominant within finance (Ryan et al., 
2002, pp. 8-9). This position accepts the distinction between theory and empirics and an 
implicit acceptance of the “double language model” developed by Nagel (1961). This 
model provides “correspondence rules” by which observations are linked to theory. In our 
case we can estimate abnormal returns (a theoretical property) in order to determine the 
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performance of a fund (the objective property) relative to a chosen standard (the 
measurement standard, in this case a regression analysis). There is also recognition of 
“models” as theoretical abstractions of reality. These models are developed through a 
process validation and alternation, this development of the research program is therefore 
Lakatosian (Ryan et al., 2002, p. 27). Lakatos (1970) hold that a research life cycle goes 
through phases of innovation, progression and degeneration. Each research program has a 
set of core terms such as the rational behavior of investors within economics and finance. 
Over time, researchers form a “protective belt” around the core with supporting 
experimental evidence and theoretical adjustments; this is called “positive heuristics”. 
Although Lakatos focus on theory as the driver of research, the area of finance generally 
substitutes theories with models. Throughout the life cycle the research program can either 
progress if the predictive power is increased or degenerate if it is decreased (Ryan et al., 
2002, p. 22). Financial methodology deviates from Lakatos in the respect of the connection 
between theory and observation. Keuzenkamp (2000, p. 17) argues that the Lakatosian 
approach is nearly anti-empirical and Lakatos has gone so far as to call statistical methods 
pseudo-intellectual garbage. Lakatos holds that empirical data cannot be used for testing or 
building theories since observation is “theory laden” (Ryan et al., 2002, p. 21). This 
approach is very different from how research is conducted in finance where there is a clear 
link between observations and theory. However, the observational data can be interpreted 
differently from various theoretical standpoints even if there is agreement of the legitimacy 
of the observations itself. For example, the same dataset can lead two different scientists to 
support conflicting theories. This can lead to false claims of theoretical connection to 
observation. However, this can be remedied by replication that filters out those claims 
(Ryan et al., 2002, p. 25).  

In the development of models within finance research, some assumptions are judged as 
more important than others. For example, the assumption of rationality is regarded as 
crucial whereas other assumptions are used only as instruments and are more easily 
abandoned (Ryan et al., 2002, p. 27). In our case, the rationality assumption is a powerful 
abstraction since it allows us to study general behavior on the fund market; we do not have 
to become entangled in the psyche of the individual fund manager to analyze their 
investment decision. We think that this is the proper approach given the research question 
of this study. However, the assumption of rationality can be questioned. The area of 
behavioral finance stems from rejecting rational behavior and questions the currently 
dominating neoclassical models such as the CAPM. Even though the rationality assumption 
can be questioned, Ryan et al. (2002, p. 52) argues that if these assumptions were 
abandoned it would alleviate some problems, but a considerable body of knowledge would 
be lost. Schmidt (1982) also argues that the traditional methodological approach in finance 
is better suited than a behavioral approach. 

Similar to the natural sciences, models constitute the core of the development within 
finance. The core model needs to have the following characteristics to succeed (Ryan et al., 
2002, pp. 28-29): 

• It must be possible to construct theory from which observational predictions are 
drawn.  

• The assumptions must be internally consistent and as simple as possible. 
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• The model should be corresponding to empirical facts within the specific domain. 
• The model itself defines the model’s scope. For example, the CAPM forms an 

individual research program.  
• The combinations of models that cover the same empirical area together with 

reports of observation form the literary domain of a research program. 

When the model is formulated, researchers occupy themselves with the following activities: 

• The core model is continually revisited and researchers strive to reformulate it to 
yield the same conclusions but with fewer assumptions made, this is known as the 
application of Occam’s razor5. 

• Empirical research is conducted to test the implications of the model. Tests can 
either result in confirmation of the model or weaken the status of the model. The 
latter may speed up the generation of alternatives. 

• Theoretical research attempts to generate competing and superior models, which 
relies on fewer assumptions. This is the “positive heuristics” of Lakatos (1970). 

• Indirect areas of implication are generated by the formalization of assumptions. For 
example, information efficiency, information costs and transaction costs has an 
interconnectivity that has become an area of research. 

2.1.2 Epistemology, Ontology and the “Functionalist” Paradigm 

The principal issue of epistemology is to decide how we regard knowledge or what Plato 
defined as a justified true belief 6. This definition generates three problems: the nature of 
belief, the basis of truth and the problem of justification. 

Audi (2010) describes six different natures of belief: perceptual, memorial, introspective, a 
priori or rational, inductive and testimonial beliefs. Ryan et al. (2002) identifies two 
distinct sources; beliefs grounded in us as subjects (a priori) and beliefs grounded in the 
object (perceptual). These distinctions can be traced back to Plato and Aristotle, the former 
would hold that we can acquire knowledge a priori and solely by the use of reason can we 
know. In other words, we do not have to look beyond ourselves to form a justified true 
belief about the world. In finance, an example of a Platonic abstraction or ideal form is the 
notion of perfect markets. A perfect market is according to the Platonian epistemology a 
real entity even though it does not exists in neither space nor time but can be understood 
and reflected upon by the use of reason (Ryan et al., 2002, p. 11). Aristotle opposed this 
and argued that we acquire knowledge by perceiving, that is by observing and categorizing. 
A perfect market is not a real entity until we have observed reoccurring characteristics of 
markets and classified these to understand a general class of a market. In other words, we 
                                                
5 Occams’s Razor or the Law of Parsimony states that: other things being equal, simpler theories are better. 
For a definition see http://www.merriam-webster.com/dictionary/occams%20razor and for a discussion see 
http://plato.stanford.edu/entries/simplicity/. 
6 In the Theaetetus, Plato argues that belief is differentiated from knowledge on account of justification. See a 
summary and interpretation at http://plato.stanford.edu/entries/plato-theaetetus/#SecDefD2KnoTruJud187201. 
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cannot know unless we perceive (Ryan et al., 2002, p. 12). The Platonian and Aristotelian 
view of knowledge came to be known as rationalism and empiricism. Empiricism denotes 
the approach that we can only acquire knowledge by experience, using our senses (Bryman 
& Bell, 2007, p. 10). Therefore, our beliefs can only be justified by our experience. Beliefs 
that are not justified by experience or by logical implications of experience are meaningless 
and beliefs cannot be justified by reason alone. In other words, science should be “value-
free”. Empiricism has led to positivism that, as mention above, is the dominant position in 
finance research (Ryan et al., 2002, p. 13). According to Bryman & Bell (2007, p. 16), 
positivism entails five principles: (1) genuine knowledge is confirmed by the senses, (2) the 
purpose of theory is to generate hypotheses, (3) facts provides the basis for laws, (4) 
science must be value-free and (5) there is a clear distinction between scientific and 
normative statements. We have covered principle one and four. Principle two is known as 
deductivism and is what we conform to in this study. We deduce hypotheses on the basis of 
what is known and use empirical data as criteria for rejecting or failing to reject the 
hypotheses. Principle three is known as inductivism and is not our aim in this study, but it 
is how the theories employed in this study were developed. Principle five is the distinction 
between positive and normative statements or “what is” and “what ought to be”. Keynes 
(1891) was one of the early proponents of this distinction: 

The function of political economy7 is to investigate facts and discover truths about them, not to 
prescribe rules of life. Economic laws are theorems of fact, not practical precepts. Political 
economy is, in other words, a science, not an art or a department of ethical enquiry…It 
furnishes information as to probable consequences of given lines of action, but does not itself 
pass moral judgment, or pronounce what ought or what ought not to be (pp. 12-13). 

This leads us to our ontological considerations, or what we consider to be “real”. In its most 
distilled form, there are two opposing views. Reality can either exist in objects independent 
of social actors or in the mind of the subjects and created by social actors, this distinction is 
classified as realism and idealism Ryan et al. (2002, p. 8). Our approach is realistic; we 
believe that when we describe something, that thing has a reality independent of our 
perception of it. Closely related to our epistemological and ontological considerations is the 
relationship between human beings and their environment. Burrell & Morgan (1985, p. 2) 
describes the two extremes of human nature; determinism and free will. If we assume that 
the behavior of human beings is predictable given the situations they encounter, our 
approach is deterministic. In other words, we are all products of our environment. The 
opposite approach is that humans are the controllers, not the controlled. Humans create 
their environment. We make the assumption that investors behave rational. Therefore, our 
view is that humans act deterministically. The three approaches has implications for the 
method employed, (Burrell & Morgan, 1985) describes the method used given the our 
approach:  

…the scientific endeavor is likely to focus upon an analysis of relationships and regularities 
between the various elements which it comprises. The concern, therefore, is with the 

                                                
7 The term political economy is what we now know as economics. 
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identification and definition of these elements and with the discovery of ways in which these 
relationships can be expressed. The methodological issues of importance are thus the concepts 
themselves, their measurement and the identification of underlying themes. This perspective 
expresses itself most forcefully in a search for universal laws which explain and govern the 
reality which is being observed (p. 3). 

Our approach to ontology, epistemology, human nature and method puts us on the 
“objective” side of the subjective-objective dimension of Burrell & Morgan. This is the 
first dimension in their classification of research. The second dimension concerns the 
purpose of research, the two opposite approaches are those that focus on explaining the 
nature of social order and equilibrium versus those that focus on problems of change, 
conflict and coercion in social structures (Burrell & Morgan, 1985, p. 10). We believe that 
this is similar to the distinction between normative and positive statements discussed above. 
Regulation suggests that research should describe phenomena and refrain from making 
judgments, whereas radical change suggests that judgments about how things ought to be 
is the purpose of research. The overall aim of the regulatory approach is to provide rational 
explanation for social phenomena (Burrell & Morgan, 1985, p. 26). With these two 
dimensions, Burrell & Morgan construct four paradigms of research. 

 RADICAL CHANGE  

SUBJECTIVE 

‘Radical 
humanist’ 

‘Radical 
structuralist’ 

OBJECTIVE 

‘Interpretive’ ‘Functionalist’ 

 REGULATION  

Figure 4. Four Paradigms of Research within Social Sciences 
Source: Adaptation from Burrell & Morgan (1985, p. 22) 

According to their taxonomy, the traditional research method in finance and our approach 
in this study would fall under functionalism. 

2.1.3 Philosophical Issues 

The position we assume has the approach that true belief is grounded in what we perceive 
and our perception derives from an independent reality that is free of value. Meaningful 
statements are statements that can be verified by observation. According to (Ryan et al., 
2002, pp. 17-18) this approach poses three problems. First, can we really be “value-free”? 
Second, can we verify statements by observation? The third problem is the approach to 
theory and theoretical terms. How can something which we cannot perceive be real and can 
theoretical terms by defined only by observation? Positivists argue that we can be free of 
value in scientific enquiry because we can verify what we perceive by observation; this is 
known as the “verification principle” and is similar to the “correspondence theory of truth” 
discussed above. This principle breaks down in the case of theory and laws; they cannot be 
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true in all instances since they express generalizations. Thus, they are unobservable and 
exist in our minds (Ryan et al., 2002, p. 17). Moreover, since we have not selected our 
topic of enquiry randomly, but on the basis of what we find interesting, we must have made 
some valuation of what we believe is a pursuit worth investing time in. From this 
perspective, we cannot state that our enquiry is completely value-free. Bryman & Bell 
(2007, p. 30) suggest the practice of reflexivity as a mitigation for the acknowledgement of 
values in positivistic research. This is because prior knowledge, experience and attitudes 
might influence how we see things and what we see. Therefore, we will try to be 
transparent and describe our background to the reader (see Section 2.1.4). 

Theoretical terms creates a problem when we try to define them by observation, Ryan et al. 
(2002, p. 18) highlights the example of the term “value”. An asset can be both over- and 
undervalued, even though we cannot observe its true value. It is also possible to measure 
value in a number of different ways, we can estimate the value of an asset by its historic 
cost, replacement cost it realizable value etc. Friedman (1953) tried to resolve the 
ontological status of theory and theoretical terms by assuming an instrumentalist approach. 
He argued that a theory should not be judged by how it objectively describes reality but 
rather it should be judged by its “simplicity” and “fruitfulness”. A theory that is simpler 
needs less initial knowledge to make a prediction. A theory is fruitful if it yields more 
precise and wider predictions and suggests further research (Friedman, 1953, p. 10). From 
this it follows that it does not matter if theory is unrealistic or if we cannot define 
theoretical terms, as long as it works in practice and can be verified with observations. If a 
theory does not serve its purpose, we can abandon it for a more suitable theory. Friedman 
argued for a positivist and instrumentalist methodology for economics and this approach 
has had a profound effect on the development of economics and finance as well (Ryan et al., 
2002, p. 17). 

Popper (referred to in Schmidt 1982, p. 394) attempted to solve the role of observation in 
theory testing through a “falsification” principle; this approach is also called “critical 
realism”. According to the critical realist, science is a social institution and a human 
activity. Theories can never be proven to be true; therefore, scientists should occupy 
themselves with eliminating statements that are proven to be false. The neoclassical style of 
economic reasoning is not “good science” from this point of view since theories cannot be 
rejected because they contain ceteris paribus clauses. If empirical evidence does not 
support the theory, stating that other things were not equal can defend it (Schmidt, 1982, p. 
394). 

Lakato’s (1970) “research programmes methodology” builds on work of Popper. Schmidt 
(1982, p. 398) illustrates the Lakatosian methodology in the setting of research within 
finance. Every research program has a “hard core”, which are characteristics shared by all 
theories within the program. Scientists within the research program are unwilling to refute 
the core of the program and if evidence contracting of the core appears, a “protective belt” 
is built around the core by modifying less essential elements of the theory. Successful 
research programs must be able to defend their cores and be able to generate new scientific 
problems, to which future research can be focused. A research program is successful when 
applications of the core are extended to include new areas of analysis; Lakatos (1970, p. 
118) calls this a  “progressive problem shifts”. According to Schmidt (1982), the 
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development of the CAPM demonstrates these progressive problem shifts (we will 
elaborate on the development of the CAPM in later sections). 

The methodology of the critical realists is not suitable for financial research and inadequate 
in three ways according to Schmidt (1982, p. 401): (1) They are so strict that theory cannot 
possibly meet them. (2) They ignore that present theories are only intermediate steps 
between past and future. (3) In order for an explanation to be satisfactory, it must not only 
say something about reality, but we also want to learn something important. Schmidt holds 
that there is a conflict between both observability and testability, and “importance” and 
“depth”. 

Schmidt (1982, p. 402) presents three methodological strategies to deal with these problems: 
naive realism, positivism and instrumentalism and patient realism. Naive realism ignores 
the conflict and strives for better theories. There is a belief that better theories will not raise 
fundamental problems of observability, in this sense they are naive to the conflict. 
Positivism and instrumentalism is the approach of Friedman (1953) who holds that the 
realism of assumptions does not matter. However, Schmidt is critical towards this and holds 
that this is naive as well and that the realism of assumptions does matter. With this 
approach, we can say something about reality but not learn something important. In other 
words, we can predict phenomena but not explain what cause the phenomena. Patient 
realism considers theories as intermediate steps on the way to future theories, which will 
hopefully meet the standards of “good theories to a greater extent. Theories should have a 
“hard core”, a “protective belt” and “positive heuristics”. The implication is that we should 
live with some theories because of their “growth potential”, they would however be 
considered “bad theories” if they were final. This approach combines realistic assumptions 
with a moderate claim of present applicability. Schmidt (1982) does admit that this 
approach does not provide much prescriptive elements that can be used in actual research. 
However, he holds that: 

This position can be expected to be welcomed by financial economists for two reasons. It gives 
methodological support for their work, or in other words, the intuitive feeling that financial 
economists do good work can now be 'rationally reconstructed' in methodological terms. And 
besides, it protects their work from short-sighted grumbling with a pretended backing from 
philosophy of science (p. 403). 

To conclude, Schmidt (1982, p. 402) finds no fault in the methodological practice in 
finance, except that instrumentalism is flawed because this position is naïve and researchers 
should cling to realism. Schmidt (1982, p. 407) distinguishes financial economics and 
business finance and holds that what he calls the economic approach, as opposed to a 
behavioral approach, is better suited for market-oriented analyses and comes to the 
conclusion that it is better suited for business finance as well. This is because a research 
program is most promising when it has a “hard core”. 

In this study, we set out to estimate the abnormal returns among Swedish equity funds and 
to determine whether these returns can be attributed to luck or skill. In this endeavor, we 
know only one way of determining these returns: through quantitative analysis. We are not 
interested in what motivates individuals or how they interpret the social world and we 
cannot explain individual behavior using our methodology and methods. We are simply 
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interested in measuring an aggregate behavior and presenting it in the most “value-free” 
fashion. We believe that we can connect theory with observation using the linking language 
of statistics, and by doing this we can arrive at true knowledge. We do not attempt to 
describe how things ought to be; we will describe what is. We want to enhance the 
understanding of a general pattern of economic behavior, not how individuals behave or 
should behave. Further, we do not attempt to create new theory based on the empirical 
evidence; rather we want to test existing theories. Finally, we view the theories that form 
the underpinnings of this study as the “hard core” of the research program. We realize that 
these theories are not perfect but applicable and they can generate testable hypotheses. To 
conclude, we adopt the “traditional approach” to research within finance as it is described 
by Ryan et al. (2002). 

2.1.4 Background and Preconceptions 

We are both students at the International Business Program and this degree projects 
concludes our studies at Umeå School of Business and Economics. The majority of the 
program consists of courses in business administration and we have chosen to specialize in 
finance. Besides courses in business administration we have studied introductory level 
statistics, law, economic history and economics. We found economics especially interesting 
and we chose to continue our studies in this area. We recently finished our bachelor’s thesis 
and we are now eligible to receive a bachelor’s degree in economics. Given our background 
and interest in finance and economics we think that it can affect the unbiasedness of the 
study in two ways. First, the traditional or neoclassical approach is deeply rooted in our 
thinking and understanding. This can make us oblivious to alternative theories that may or 
may not explain the phenomena in a better way. Therefore, we have explored other theories 
outside the scope of our education. However, we have chosen a mainstream approach since 
we think that is the appropriate way to answer the research question and compare our 
results with previous research. Second, we share a preconception that it is possible to 
identify undervalued securities using methods of security valuation and thus earn abnormal 
returns. At the same time, earning these returns is not an easy task since they are eroded 
when more investors try to achieve the same goal. That is, undervalued securities are in 
scarce supply. We believe that the setting for mutual funds is that they can earn abnormal 
returns, but it is a challenging task. Therefore, we believe that a minority of funds earns 
abnormal returns and we want to investigate if this can be supported by empirical evidence. 

Even though we have previous knowledge and preconceptions that may make us biased, we 
believe that we can undertake an objective study since we have no incentive to present a 
specific result. Quite on the contrary, this degree project is judged on how well we can 
achieve an objective result and this is the underlying principle guiding our study. 

2.1.5 Evaluation Criteria 

We have described in general terms how we know what is true and what knowledge is. We 
now move on to describe in more specific terms how we can achieve valid results using 
hypotheses testing. Ryan et al. (2002, p. 92) describe how validity can be achieved using 
research designs specific to the empirical research in the domain of finance, they 
specifically discuss internal and external validity. Internal validity is a measure of how well 
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we can explain phenomena and external validity a measure of how well we can use the 
results to predict phenomena. Generally, increasing validity in one dimension will decrease 
validity in the other dimension. 

Internal validity 

Internal validity is achieved if changes in the dependent variable is an effect (mainly) of 
changes in the independent variable(s) and not by changes in other factors. That is, the 
results are achieved by the relationship between the variables and not by the research 
design itself. If a study has internal validity, we can draw valid conclusions from it. Biased 
samples, omission of relevant variables, mis-specified functional relationship and 
measurement errors are phenomena that can lead to low validity (Ryan et al., 2002, pp. 
122-123). 

A sample that differs systematically from the population is biased. Because it is does not 
represent the population, it gives a distorted image of reality and we cannot draw valid 
conclusions from the sample (Studenmund, 2005, p. 548). The bias often discussed when 
studying abnormal returns of funds is survivorship bias. This type of bias occurs when 
“dead” funds are not included in the sample. This can make the estimates of alphas seem 
more positive than they really are since these funds usually does not exists anymore 
because they did not deliver returns large enough. The remedy for this is to include dead 
funds as well as funds that is still active. We face a trade-off between including dead funds 
that have few observations and excluding funds that may make the sample biased. 
Dahlquist et al. (2000) estimate that the survivorship bias is small in the sample of Swedish 
funds between the years 1992-1997, based on their conclusions we could exclude dead 
funds and hope that it would not have a large effect. However, we think it is important to 
take survivorship bias into account since it might have changed during the succeeding years. 
Fama & French (2010) excludes funds that have not existed for more than eight months and 
we will follow their approach. Using their rules of exclusion, we can keep a large portion of 
the sample while at the same time excluding funds with few observations. 

The omission of relevant variables can force the estimated value of a coefficient in a 
regression away from the true value of the population coefficient, in other words give 
misleading results and incorrect interpretation of the results (Studenmund, 2005, p. 163). 
The remedy is obviously to include the omitted variable or if it is not possible, a proxy 
representing the omitted variable. In our study, we will use the three-factor and four-factor 
models (explained in later sections) that are commonly used in these types of studies. It is 
possible that these models have omitted relevant variables, but since many published 
authors have employed them over a long time-period we accept that risk. 

In order to reach valid conclusions, the correct functional form must be specified. The 
functional form is the relationship between each of the independent variables and the 
dependent variable. The default approach is that the functional form is linear, but other 
forms are of course possible; the relationship could be curved in any number of ways. Mis-
specification could lead to insignificant variables or variables with unexpected signs 
(Studenmund, 2005, p. 203). Theory should prescribe the relationship and according to the 
CAPM, the three- and four-factor-models, the functional form is linear. 
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Measurement error occurs if there is a difference between the actual value and the value 
obtained by a measurement. The values we use in this study are returns of mutual funds, 
individual stock prices, stock indices and the risk-free rate. There is a risk that funds report 
incorrect NAV (which would lead to measurement error) and in order to minimize this risk, 
we cross-referenced the data from Morningstar with data from DataStream. Of the funds 
that we sampled, we found no data errors. 

Besides the phenomena already mentioned, irrelevant variables, wrong assumption about 
the distribution, multicollinearity, serial correlation and heteroskedasticity could decrease 
the internal validity (Studenmund, 2005, pp. 392-394). These can all lead to a weaker OLS 
estimation. We will test for multicollinearity in the independent variables. However, tests 
for serial correlation and heteroskedasticity are difficult to interpret since we are running 
166 individual regressions. An observant reader might regard the lack of tests for 
autocorrelation as a weakness of this study. However, we have good reasons to believe that 
severe autocorrelation is not present in the sample. First, there is no evidence that equity 
funds have persistence of performance (Dahlquist et al., 2000). In other words, we cannot 
predict which funds that will continue to out- or underperform the market based on 
previous performance. Second, we include a momentum factor which can account for this 
problem, if we find that the momentum factor is significantly correlated with the fund 
returns, the fund returns would be possible to predict by observing the returns of the last 
twelve months "winners" on the stock market. Third, the literature on autocorrelation of 
fund returns indicates that this is a "minor problem" (Fama & French, 2010, p. 1925). 

External validity 

The results from a study that has external validity are generalizable. That is, they can apply 
to another setting. If results are generalizable, they are also possible to predict. Ryan et al. 
(2002, pp. 123-124) identifies three groups of threats to the external validity. First, are we 
drawing inference from the target population or an experimentally accessible population? 
We want to generalize the results from the sample to our target population. The 
generalizability is compromised if the data studied does not include a representative sample 
for the population. In this study, the sample represents a large proportion of the population. 
However, being listed on Morningstar is not mandatory and there might be unlisted funds 
that are a part of the population but does not show up in the sample. There is no data on 
how many mutual equity funds that do not report their NAV. However, the Swedish 
Investment Fund association estimates that the majority of funds report their NAV (Hård af 
Segerstad, 2012). Second, can the results from one point in time be generalized to another 
point in time, i.e. does the study have time validity? If structural changes that affect the 
relationship between variables, the study has low time validity. We are studying a quite 
long time period and it is possible that there are some effects that were present in earlier 
periods are not present in later years and vice versa. We will attempt to identify structural 
changes by presenting results in different time periods, rather than only presenting the 
average over the whole period. It is our opinion that the time validity of the study will be 
high since we will cover a longer period. That is, to the extent that we do not identify any 
structural changes in the variables. Third, how well can the results be generalized across 
settings, i.e. does the study have environmental validity? International generalization can be 
a problem in financial studies. This why we want to replicate the study of Fama & French 
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(2010). They draw inference for the U.S. population of funds, we want to generate evidence 
using the same method but another sample and thus provide out-of-sample evidence. In 
answering our research question, we will at the same time provide supporting or opposing 
evidence for the environmental validity Fama & French (2010). 

Our primary aim is to optimize the internal validity of the study. Therefore, we will focus 
on the statistical robustness of the study. 

 

2.2 Method 

We begin our enquiry by estimating alphas using statistical tools. This will be performed 
using Carhart’s four-factor model with calculated risk factors and an ordinary least squares 
(OLS) regression to estimate alphas. Alphas will be estimated both net and gross of fees. 
Since the fees reported annually, each fee is divided by 12 and then added back to each 
month of fund returns. When the alphas are estimated we will proceed to determine 
whether they stem from luck or skill. This is done by a bootstrapping technique where all 
funds are given neutral performance i.e. zero alphas. After that we will simulate mutual 
fund returns by randomly drawing months of returns from the “neutral” sample, which 
means that the returns in the new sample are solely based on chance. This will be repeated 
10,000 times. We then estimate the alpha and their respective t-values. The t-values that 
stems from chance will then be compared to the actual t-values to determine if they can be 
attributed to skill or luck. 

2.2.1 Alpha Estimation 

We will replicate the performance measurement method used by several previous studies 
such as Fama and French (2010) and Carhart (1997). The model is shown in Equation 3. 

  Rit − RFt =α i + βi RMt − RFt( ) + siSMBt + hi HMLt + mi MOMt + ε it   (3) 

Where Ri t  −RF t  is the observed mutual fund return less the risk free rate for time period t, 
in our paper Rf  is the Swedish one-month SSVX rate. RM t  is the return on SIX PRX for 
time period t, H M L t  (high minus low) and SMBt  (small minus big) are the growth and size 
risk factors of Fama & French (1993, pp. 9-10). Finally, the MOMt  is the momentum factor 
introduced by Carhart (1997). !!, si  , h i  and mi  are the coefficients of their corresponding 
risk factor. !! is the intercept of the equation and the return that is not accounted for by the 
factors. SMB , HML  and MOM  will be constructed manually from stock return data on the 
Swedish market. We will also estimate alpha using the three-factor and CAPM models. The 
three-factor is Equation (3) excluding MOMt . The CAPM or single index model is given 
by excluding H M L t , SMBt  and MOMt  from Equation (3). 

The interpretations of the risk factors are as follows. The beta is as previously stated, a 
coefficient that captures the relation of volatility in returns for a certain fund compared to 
the market return. HML  is related to the book-to-market ratio (BE/ME) where a high ratio 
means that a stock has a high book value of equity in relation to the market price of equity 
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and vice versa. This ratio captures market beliefs about a certain stocks earning power in 
relation to their current book value. If a stock has a high BE/ME ratio it signals that the 
market does not expect good returns in relation to their current book value of equity, this 
means that the risk of financial distress is greater than in a company with low BE/ME ratio. 
Size is also a factor that can be related to profitability. For example, in times of economic 
downturn, big companies tend to manage the environment better than small firms, which 
mean that small firms are closer to financial distress depending on the business 
environment. Thus SMB  is a valid risk factor to include (Fama & French, 1993, p. 8). 

The HML  and SMB  factors are less straightforward to motivate from a theoretical 
perspective. However, these factors have been observed to have empirical strength and 
might be proxies for yet unknown factors (Bodie & Kane, 2011, pp. 424-425). 

Jegadeesh and Titman (1993) show that by following a momentum investing strategy one 
can earn superior returns by buying past winner and selling past losers. The momentum 
factor was formally introduced in return measurement by Carhart (1997). Carhart finds that 
much of what seemed to be persistence in performance can actually be attributed to naive 
momentum investing strategies. According to Rouwenhorst (1998) there is no evidence of a 
momentum factor on the Swedish market between the years 1980-1995. However, since 
this factor is present in other markets we include it to ensure that we are not omitting 
relevant variables. It is also possible that changes have occurred over time. 

We will estimate alphas using an OLS regression8. The choice of using an OLS regression 
is based on three important arguments. First, OLS is a straightforward technique to use. 
Other techniques involve more complicated procedures and often build on the OLS 
technique. Second, the goal of OLS is to minimize the sum of squared residuals. The 
residuals are the difference between the observed dependent variable, in our case Ri –  Rf  , 
and the estimated dependent variable produced by the equation, in our case the four-factor 
model. Another way to view the residuals is that they capture what the equation cannot 
explain. This is an appropriate goal from a theoretical point of view since we want the 
equation to fit the data. The residuals then squared and summed. If they were not squared, 
positive and negative residuals might cancel each other out leading us to believe that a 
faulty equation is actually valid because of the low summed residuals. The final reason for 
using OLS is that it has useful characteristics from a statistical viewpoint. First, the 
estimated regression line runs through the means of the independent and dependent 
variables. This means that we can substitute the estimated variables generated by OLS into 
the theoretical equation. Second, the distribution of residuals has a mean of zero which 
means that the regression line runs at the shortest vertical distance from observed data. 
Finally, OLS is the best estimator given a set of assumptions (Studenmund, 2005, pp. 35-
37). Further it is the statistical tool chosen by Fama & French (2010) to estimate alphas in 
their study. 

                                                
8 We will describe why we use OLS, but not formally describe the method. For a presentation of OLS please 
consult a textbook on the subject e.g. Keller (Pettersson et al., 2010, p. 26) or Studenmund (2008). 
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The assumptions of the OLS are (Studenmund, 2005, p. 89):  

1. The regression model is linear, is correctly specified, and has an additive error term. 
2. The error term has zero population mean. 
3. All explanatory variables are uncorrelated with the error term. 
4. Observations of the error term are uncorrelated with each other. 
5. The error term has a constant variance (no heteroskedasticity). 
6. No explanatory variable is a perfect linear function of any other explanatory 

variable (no perfect multicollinearity). 
7. The error term is normally distributed (this assumption is optional but usually 

invoked). 

Constructing the risk factors 

We construct the SMB  and HML  risk factors by forming six value-weighted portfolios that 
are based on size and market-to-book value. Stocks are then sorted into Small Value, Small 
Neutral, Small Growth, Big Value, Big Neutral and Big Growth. Value stocks are the ones 
that are below the 30th percentile based on BE/ME ratio, growth stocks are above the 70th 
percentile and neutral stocks are in between. The distinction between small and big stocks 
is the median of market capitalization for each time period. Using these portfolios we 
calculate the risk factors. 

SMB  (small minus big), is calculated for each time period using the following equation: 

  
SMB = 1

3
Small Value + Small Neutral + Small Growth( ) − 1

3
Big Value + Big Neutral + Big Growth( )   (4) 

HML  (high minus low book value), is calculated for each time period using the following 
equation: 

  
HML = 1

2
Small Value + Big Value( ) − 1

2
Small Growth + Big Growth( )                (5) 

This results in the six portfolios in Table 1. 

           Table 1. The Portfolios of the SMB- and HML-factors 

 Median Market Equity 

70th BE/ME Percentile Small Value Big Value 

Small Neutral Big Neutral 
30th BE/ME Percentile 

Small Growth Big Growth 
 

The momentum factor can be specified in different ways depending on what prior time 
period momentum we want to include. We have chosen to follow Fama and French (2010) 
since we want our results to be comparable. The momentum factor is constructed by 
forming six portfolios based on size and the prior 12-month returns. This factor is updated 
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monthly and the portfolios will be divided into Small and Big where the breaking point is 
the median stock sorted on market equity. The portfolios will also be sorted on returns 
where high returns are those above the 70th percentile and low returns are below the 30th 
percentile.  

After the portfolios are formed the momentum factor is calculated by the equation below: 

  
MOM = 1

2
Small High + Big High( ) − 1

2
Small Low + Big Low( )                (6) 

Table 2. The Portfolios of the MOM-factor 

 Median Market Equity 

70th Return Percentile 
Small High Big High 

Small Neutral Big Neutral 
30th Return Percentile 

Small Low Big Low 
 

These factors have been constructed in accordance with the guidelines of Fama & French 
(2010) and the process described in more detail in Appendix 1. 

2.2.2 Bootstrap Simulations 

We are interested in identifying superior and inferior funds but it is not enough to estimate 
fund alphas. As previously stated, this is often done with persistence tests where funds are 
ranked according to previous performance. The fund performance is then evaluated to see if 
it persists. Such tests have an important weakness, that funds are ranked into winner and 
loser portfolios based on short-term past performance. This means that funds may be 
allocated to portfolios based on noise (Fama & French, 2010, p. 1916). In the same manner 
as Fama & French (2010), we use long histories of fund returns and draw inference about 
luck and skill by comparing t-statistics of actual fund alphas to those generated by chance 
in simulation runs. A great advantage with the bootstrap approach is that it is possible to 
identify skill without identifying some characteristics that may or may not be associated 
with skill such as past returns, past alphas or Morningstar rating (Cochrane, 2012, p. 165). 

When the alphas have been estimated for all funds we proceed to perform the bootstrap. 
First, we subtract the estimated alphas of each funds monthly return to generate a new 
sample of returns where funds have zero alpha. Second, we randomly draw months of 
returns from the new sample that add up to a full sample of returns, in our case 228 returns 
(months). For every month that is drawn, all fund returns in that month are included. By 
resampling the month of returns for all funds, we keep the correlated returns across funds 
but the effects of autocorrelation are lost (Fama & French, 2010, p. 1925). The four-factor 
model parameters are kept to their respective month. We then regress this new set of returns, 
which might generate a positive or negative alpha for a given fund depending on the 
random draw of months. Finally, we sort each fund into percentiles by their bootstrapped t-
value of alpha. If we were to look only at the distribution of alphas we might observe some 
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funds that have lived shorter or have larger tracking errors. These funds are more likely 
than others to achieve big alphas by chance. If we analyzed the distribution of alpha instead 
of the distribution of the t-values, we would have to take short-lived funds and large 
tracking error into account (Cochrane, 2012, p. 165). Therefore, the t-values have more 
attractive attributes than the alphas themselves. This procedure is repeated 10,000 times for 
returns before and after management fees. We then calculate the average t-values of all 
simulation runs and rank them into percentiles. The percentiles of bootstrapped t-values are 
then compared to the corresponding percentiles of t-values from the actual returns. 

A possible issue with resampling months is over- or under-sampling a specific fund. That is, 
the bootstrapped number of months might be different from the actual number of return 
observations for any given fund. However, this effect should balance out in 10,000 runs, 
every run should be roughly balanced as well with some funds being over-sampled and 
others under-sampled (Fama & French, 2010, p. 1925). 

2.2.3 Data 

The data on mutual fund returns and fees is collected from Morningstar’s database. 
Morningstar collects their data directly from the funds or from trusted suppliers like NAV-
center Sweden9. This makes Morningstar a credible source of data but they do not take 
responsibility for any flaws in the data since it is ultimately the funds that are liable for 
reporting correct data (Morningstar, 2012). 

The data collected from Morningstar includes 202 mutual equity funds that mainly invest in 
Swedish stocks. The sample is not entirely homogeneous since funds have different 
investment objectives. However, the main investment objective of all funds is the Swedish 
equity market. These funds represent the entire collection of funds that has been operating 
during the time period 1990-2011. From the original set of data we have excluded 36 funds 
because they have less than eight months of return observations which is the same rule 
followed by Fama & French (2010). Most of the funds that were excluded had zero 
observations so in reality they were not part of the original data set. Only five funds had 
observations less than eight, these were excluded. Three individual observations were 
removed since it was obvious that they were erroneous. The funds in question had zero 
return for a number of months and suddenly the return staggered to more than 100 percent 
for one month. Aside from these observations, we found no further data errors. After we 
made the above adjustments, the sample included 150 mutual equity funds and 16 index 
funds with a total of 20,540 observations. Unfortunately, we were unable to obtain time-
series data for the management fees. Instead we use the reported maximum management 
fees for each fund which represent a static "snapshot" that include costs associated with 
management, administration, information and distribution (Swedish Investment Fund 
Association, 2009). The maximum management fee is the maximum percentage cost that 
                                                
9 NAV-center Sweden is owned by the Swedish Investment Fund Association (Fondbolagens Förening) and 
operated by Stadsporten Citygate AB. 
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the fund will charge. Thus, this cost measure might exceed the actual management fee but 
since transaction costs are not included, this measure is still a good proxy for the actual 
costs incurred by the funds. Ideally, we would like to have time series data that includes all 
costs that the funds incur, including transaction costs and brokerage fees. 

The data on Swedish stock returns was gathered from Thomson Reuters DataStream (2012). 
The purpose of collecting this data is for us to be able to construct the risk factors that are 
included in the four-factor model. When constructing these portfolios we have included all 
stocks that existed at some point between 1993 to the end of 2011, which minimizes 
survivorship bias. Some stocks have been omitted from certain portfolios because of lack of 
data. Stocks that lack market equity data and/or positive book equity data for a given time 
period cannot be sorted in to their corresponding portfolio and was therefore also excluded. 
Finally, stocks that had no return observations after the formation of a portfolio were 
excluded since they do not affect the given factor portfolio. For a detailed account of the 
steps we took in handling the stocks dataset see Appendix 1. The market return represented 
by the SIXPRX index, was also collected from DataStream. The risk-free rate represented 
by the one-month Treasury bill (Statsskuldväxlar, SSVX) was collected from the webpage 
of the Swedish Central Bank (The Riksbank, 2012). 
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3 Theoretical Framework 

3.1 The Efficient Market Hypothesis (EMH) 

We have briefly described the EMH in the introductory chapter. As previously stated, the 
form of efficiency a market is characterized by provides the setting for mutual funds i.e. 
how difficult it will be to earn abnormal returns. In the mid-1970s, the EMH had enough 
empirical evidence to make it almost irrefutable. During the following years however, 
contradicting evidence emerged (Dupernex, 2007, p. 167). Today there is evidence that 
supports and rejects the EMH and as we will discuss, it is not likely that the matter will be 
settled. To gain a further understanding of EMH we will outline the different forms of 
efficiency in more detail and highlight the implications for fund managers given the 
different forms of markets. The three different forms of market efficiency in the EMH 
include weak, semi-strong and strong. 

The weak form of efficiency incorporates historical prices into current ones (Fama, 1970, p. 
388). Therefore, information regarding past prices and trading volume is already reflected 
in current prices. This form of efficiency would render technical analysis useless but 
fundamental analysis could still prove to be fruitful since investors would not have the 
same information and the information would be interpreted differently (Bodie & Kane, 
2011, p. 375). 

In the semi-strong form both historical prices and all current publicly available information 
is incorporated into prices. That is, new information is on aggregate homogenously 
interpreted by the investors (Fama, 1970, p. 388). If investors have access to information 
regarding the outlook for a firm and the information is interpreted in the same way, it 
implies that it is impossible to generate abnormal returns for investors that are applying 
either fundamental or technical analysis. The only way left to generate superior returns is 
by acting on information that is not publicly available. It can of course be questioned if it is 
reasonable to assume that enough investors interprets the information exactly in the same 
manner to render fundamental analysis unrewarding. If some investors makes superior 
analysis compared to their competitors, they could realize abnormal returns even though all 
public information is readily available (Bodie & Kane, 2011, p. 351). 

In the strong form efficiency, all prices at every time period fully reflect all information 
would render all attempts to outperform the market futile. Fama (1970, pp. 387-388) 
describes that this could be achieved in a capital market with no transaction costs, all 
information is costless and available to all market participants and all investors agree on the 
current price and the implications that new information has on the price. Strong form 
efficiency can however be reached with more reasonable assumptions than above. Even 
though there are transaction cost this does not imply that prices do not fully reflect all 
information, it is possible that efficient prices can be observed if enough investors have 
enough information and agree on the interpretation (Fama, 1970, pp. 387-388). In reality, 
there is some measure of transaction costs, information asymmetry and different 
interpretations of information that makes it more unlikely to observe a market characterized 
by strong efficiency. This form of efficiency is described by Fama as “an extreme null 
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hypothesis” (Fama, 1970, p. 388) and that “the strong from is surely false” (Fama, 1991, p. 
1575). 

In a market with no efficiency it will be possible to predict future prices solely based on 
historical prices and earn superior returns based on that information. Basing analysis on 
previous prices is a practice performed by technical analysts with the aim to earn superior 
returns based on chart diagram formation and timing. Technical analysis is the analysis of 
the market and the basis for prediction of future prices are historical prices, timing and 
volume. It is an analysis of the behavior of the market and technical analysts believe that 
what happened yesterday gives a hint of what will happen tomorrow (Bernhardsson, 2009, 
pp. 242-243). This type of analysis does not take any fundamental factors of value into 
account, but merely that fluctuations would signal some sort of price driving information. 
The view of technical analysis in academia is summarized by Lo et al. (2000, p. 1705): “It 
has been argued that the difference between fundamental analysis and technical analysis is 
not unlike the difference between astronomy and astrology.” However, there is some 
evidence that would support the practice of technical analysis but the majority of empirical 
findings oppose it10. The arguments by the opponents and proponents are based whether or 
not a market follows a “random-walk” 11. That is, prices of stocks are random and non-
predictable. If prices follow a random-walk, it would support the weak form of market 
efficiency. However, it does not support the EMH fully since it says nothing about other 
forms of efficiency and rational behavior (Dupernex, 2007, p. 168). If technical analysis is 
possible, neither of the forms of the EMH exists and markets are not characterized within 
the scope of the EMH. We refer to this market form as “no efficiency”, this category is 
implicit rather than explicit and we use it in order to enable a fruitful comparison. 

Table 3. An Overview of Efficiency and the Implications for Abnormal returns. 

 Assumption Implications for Abnormal Returns 

No Efficiency No specific assumption about what 
information is incorporated in current prices. 

Abnormal returns can be achieved by 
technical and fundamental analysis. 

Weak Efficiency Historical prices are incorporated in current 
prices. 

Abnormal returns can be achieved by 
fundamental analysis and insider 

information. 

Semi-strong 
Efficiency 

Historical prices and all publicly available 
information are incorporated in current 

prices. 

Abnormal returns can be made only with 
information not available to the public. 

Strong efficiency All information is incorporated in current 
prices. Abnormal returns cannot be achieved. 

Source: Our presentation and interpretation of Fama (1970) with the addition of the category “no efficiency”. 

 
                                                
10 For an overview of evidence supporting technical analysis, see (2005) 
11 The term was first used in modern academia by Fama (Lo et al., 2000). Malkiel (1965) popularized the 
term with the book A Random Walk Down Wall Street. 
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Bodie & Kane gives three reasons why the debate of whether markets are efficient or not 
will probably not be settled. First, the “magnitude issue” concerns the difficulty of 
identifying abnormal returns in volatile markets. Consider a fund manager who can 
improve performance by only 0.1 percent annually. If this individual happens to manage a 
large sum of money, say 10 billion dollars, a 0.1 percent increase in performance would 
mean a contribution of 10 million dollars annually. The manager is clearly worth her salary. 
But can we statistically measure her contribution? If we could measure the abnormal 
performance exactly, we could say that markets are inefficient. However, it is difficult to 
pinpoint and precisely measure her contribution given a highly volatile market and the 
magnitude of assets under management. Second, the “selection bias issue” will to skewed 
evidence in favor of the EMH. If one could identify a strategy that generates abnormal 
returns, the question is whether this strategy should be published or not. If the strategy were 
published it would become public information and if enough number of investors 
implements the same strategy, the abnormal profits would diminish. The more likely 
scenario is that the strategy would remain secret and that its founder would reap its benefits. 
Since there are strong incentives not to publish successful strategies, it is likely that only 
rejected strategies that are in favor of the EMH would be published. Third, the “the lucky-
event issue” can support rejection of evidence against the EMH because the element of 
chance involved in investing. Given that we have a large number of investors, we will see 
some that will outperform the market by pure luck. Consider a coin flipping a contest with 
10,000 participants. The probabilities of heads or tails are 50 percent respectively but by 
pure chance some participants will flip more than 50 percent heads or tails given the 
number of trials in the contest. Statistics tells us that the numbers of contestants flipping 75 
percent or more heads would be two. However, the winners of the contest would have an 
extremely low probability of winning again if the contest were repeated. From this angle, 
all evidence against the EMH can be rejected because of lucky events in investing (2011, 
pp. 357-358). Since we aim to determine whether abnormal performance is a result of luck 
or skill, we will be able to provide evidence that supports or opposes the EMH on the 
Swedish market. 

There is a paradox to the EMH. The incentive to analyze security prices often stems from 
the desire and belief that it is possible to earn returns superior to an index by identifying 
mispriced securities. If the incentive would not exist because the market is too efficient to 
outperform then it is reasonable to believe that very few would waste time and resources on 
trying to analyze securities and instead invest in, for example, a cheap index fund. If the 
amount of investors that are critically examining securities and the information regarding 
them would decrease substantially, prices would be more sensitive to errors by the few that 
does analyze securities. There is simply a need for scrutiny of securities in order to reach 
strongly efficient markets, but if the markets are strongly efficient there is no incentive to 
scrutinize securities (Bodie & Kane, 2011, pp. 38-39). 

The empirical evidence for the Swedish market is scarce and it is not clear which form of 
efficiency, if any, the market is characterized by. Claesson (1987) conducted several tests 
of weak-form efficiency on the Swedish market during the years 1978-1984. She found that 
the market had not been entirely efficiency during these years. The existence of turn-of-the 
year, day-of-the-week and the ex-day effects provides evidence against an efficient market. 
However, Claesson holds that since she only evaluates six different types of information 
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flows, an interpretation that the Swedish market is inefficient in general is rash (Claesson, 
1987, p. 209). She concludes that the Swedish market should be considered as largely 
efficient, at least as a preliminary presumption (Claesson, 1987, p. 210). Frennberg & 
Hansson (1993) examined whether stock prices in Sweden followed a random-walk during 
the years 1919-1990. They reject the existence of a random walk and conclude that that 
returns exhibit positive serial correlation in the short-term, that is they are predictable to 
some extent. This could be in violation of the efficient market hypothesis. However, the 
coefficient of determination (R2) is low which means that the possibility profiting from this 
anomaly is limited. The long-term serial correlation is negative, which means that returns 
are reversed to the mean over longer time periods. This would support the EMH but the 
results are not robust due to low levels of significance (Frennberg & Hansson, 1993, p. 
190). 

3.2 Asset Pricing Models 

It is a generally accepted theory in economics that risk and return are related. In brief it can 
be said that investors are assumed to be risk averse, but if the expected return is sufficient 
they are willing to take on added risk. If higher expected return was possible to achieve 
without added risk the market participants would soon identify the opportunity and 
purchase the specific security until the price was no longer as attractive (Bodie & Kane, 
2011, p. 10). Harry Markowitz (1952) formally applied this reasoning into a portfolio 
selection model where investors are rational and wants to optimize their portfolios by either 
maximizing their return for a given risk, or minimizing their risk for a given return. The 
model assumes that only systematic risk is rewarded on the market because all firm-specific 
risk should be diversified away by rational investors (Bodie & Kane, 2011, p. 241). The 
behavior of an investor trying to optimize her returns, put forth by Markowitz (1952) was 
later incorporated in the CAPM that is an equilibrium model for expected returns. The 
CAPM is specified in Equation 1. CAPM is an elegant theory but not suitable for empirical 
testing since it specifies expected returns and includes a market portfolio that is 
unobservable. The CAPM also predicts zero alphas. In order to make the theory applicable, 
some adjustments are needed which leads us to the index model specified in Equation 2. 
First, we change expected returns to realized or ex-post returns. Second, since we cannot 
observe the market portfolio, an index is used as a substitute. Third, an intercept or alpha 
that estimates abnormal returns is included in the empirical specification to estimate returns 
that are not explained by the index. The drawback of this modification is that an index is 
not a perfect substitute for the market portfolio; this means some systematic risk will be 
excluded in the model. Fama & French (1996) departs in previous studies which shows that 
firm characteristics explain average return and because they are not explained by the 
CAPM they are anomalies. However, by employing the three-factor model, these anomalies 
largely disappear. They argue that many of the anomalies are related and captured by the 
three-factor model (Fama & French, 1996, p. 55). These factors are difficult to motivate 
theoretically, but are instead motivated by long-standing empirical observations. They are 
not obvious candidates for risk-factors but may act as proxies for other unknown sources of 
risk since they have good explanatory power (Bodie & Kane, 2011, p. 363). The three-
factor model have explanatory power for long-term returns, but as the CAPM it fails to 
explain short-term returns (Fama & French, 1996, p. 56) These short-term returns was first 
documented by Jegadeesh & Titman (1993) who found that the recent good or bad 
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performance of stocks continues over periods of 3 to 12 months, that is they have a 
momentum property. This momentum factor is also difficult to interpret as reflecting an 
obvious source of risk but can be related to liquidity (Bodie & Kane, 2011, p. 454). Since 
Carhart’s (1997) use of the momentum factor in estimating alphas for US funds, the four-
factor model has become a common model used for evaluating performance stock 
portfolios. What is common ground for the CAPM or the index model, Fama and French 
three-factor and Carhart’s four-factor models are that they all explain the return based on 
risk factors. 

When applying the four factor return measurement in our paper we want to find the 
abnormal returns that funds can or cannot generate while controlling for empirically proven 
factors that contribute to the absolute returns of funds. This is because we ultimately want 
to find whether fund managers are skilled or not, and not whether they employ riskier 
investing strategies than general. 

Since the return measurement model used in this paper extends the CAPM it is necessary to 
critically consider what the model includes. Roll (1977) provided a general critique of the 
asset pricing theories. More specifically, he pointed out that it is impossible to observe the 
market portfolio and that any test of the CAPM becomes ambiguous unless the market 
portfolio is exactly identified (Roll, 1977, p. 129). In this paper we use a proxy for the 
market portfolio coupled with additional factors that will enable us to estimate alphas with 
enough precision to draw inference from them. An alternative approach to asset pricing 
would be to use the Arbitrage Pricing Theory (APT). We will not elaborate on the APT, but 
merely state that this model too has it flaws. The three- and four-factor models could 
actually be interpreted both from the CAPM and the APT perspective. From the CAPM 
perspective, the factors are interpreted as firm characteristics that have returns that are 
correlated with yet unknown risk factors. From the APT they are interpreted as a deviation 
from rational equilibrium since it is not rational to prefer the specific firm characteristics of 
the models before some other characteristics. The issue remains to be solved. But the 
models still provide useful tools to evaluate performance against a set of benchmarks 
(Bodie & Kane, 2011, p. 336). Since we are interested in comparing our results to previous 
research, we motivate the use of the CAPM, three- and four-factor models with empirical 
strength and practical applicability. 

3.3 Alphas in Equilibrium 

There is no consensus of abnormal returns in equilibrium and the empirical evidence differs 
(more on this in Section 3.4). Berk & Green (2004, pp. 1272-1273) highlights that there 
have been issues in reconciling the empirical findings that flows to funds responds to past 
performance and that performance is not persistent. If investors are rational and invests in 
funds based on past performance why then would the performance not persist? They derive 
a parsimonious model that explains this problem in equilibrium. Berk & Green departs with 
the problem of why financial intermediaries are so greatly awarded when competition in the 
market is fierce and the empirical findings often provide evidence of weak ability to 
generate positive alphas. Their model shows that in equilibrium, mutual equity fund alphas 
will be positive before costs and neutral after costs. The model assumes that investors are 
rational and thus supply their capital to funds with good performance. Further, there is no 
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moral hazard and no asymmetric information. The model has three distinct features. First, 
investors provide capital to funds competitively which agrees with the first assumption. 
Second, the ability to generate abnormal returns differs among managers of different funds. 
Third, the market learns about managerial ability through studying past returns. In order to 
generate abnormal returns a manager must identify securities that are undervalued. When 
this is done the manager acquire the security without adversely affecting the price. If we 
consider a small fund this can be done without problems, however a large fund may have to 
pay bid-ask spreads that decrease the return. This poses a problem for skilled managers. If 
the market has identified a certain fund as skilled, then the fund will experience capital 
inflows and the more the fund grows the harder it will become to successfully acquire 
undervalued securities. This problem tells us one part of why funds will have zero alphas 
net of costs. That is, they experience diseconomies of scale. The other part is that investors 
learn from past returns of funds. Investors provide capital to funds to the point where the 
expected alpha of a fund is positive before costs and zero net of costs, because when the 
investors discovers that the fund cannot generate abnormal returns the capital inflow halts. 
The implication of this theory is that managers can have skill and are compensated for it. 
However, in equilibrium, the alpha of a fund will be zero after costs even with the existence 
of skilled managers. In equilibrium, the alphas will not persist because of competition. The 
final issue to address before arriving at positive alphas before costs is that of poorly 
performing funds. This issue is easily mitigated since investors are rational, learn from past 
returns and no information asymmetries exist. If a fund fails to perform adequately then it 
will ultimately go out of business and thus not affect the alphas of the equilibrium model in 
aggregate (Berk & Green, 2004, pp. 1269-1280). If the equilibrium would hold on the 
Swedish market, we would observe that all funds have zero alpha net of costs and positive 
alpha before costs. Thus, we would not observe any underperforming funds since they 
would have been eliminated by competition of superior funds combined with rational 
behavior of investors. 

Even though Berk & Green hold that the model is consistent with empirical findings and 
has reasonable assumptions, a problem appears when abnormal returns are analyzed from 
the perspective of passive and active investors. Sharpe (1991) provided a mathematical 
formulation of what the actively managed fund alphas must be given that passively 
managed funds alphas are zero before costs. To illustrate what Sharpe was proving consider 
Equation (7)12. 

   w1X + w2Y = Z  (7)   

Where X  is actively managed returns, Y is passively managed returns and Z is the market 
return. w1  and w2  are the proportions of active and passive investors, adding them should 
always equal 1 since they together constitute the market. Passively managed funds are 
assumed to acquire the same return as the market so we know that Y = Z , solving the 
                                                
12 Note that this equation is not part of Sharpe’s presentation of the arithmetic of active management but 
rather our algebraic presentation of his arguments. 
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equation yields that X  = Y  = Z.  This means that the returns are all the same before cost in 
aggregated terms. Some actively managed funds can thus perform better than the market, 
but it will be on the expense of other active funds. This means trouble for the equilibrium 
model of Berk & Green (2004). Sharpe’s assumptions are that passive managers hold every 
security in the market, in the same proportion as the market. Active managers hold a 
portfolio that differs from the passive investors at some or all times. It is also assumed that 
costs are higher for active management since more labor is required in identifying securities 
and frequent trading is more expensive than infrequent trading (Sharpe, 1991, p. 7). The 
arguments are quite simple and reasonable, and they lead to the conclusion that actively 
managed funds would in aggregate have negative alphas after costs. However, Sharpe 
critiques his formulation by stating that passive managers might not act the same way in 
practice as assumed in the model. For example, some passive funds may not hold the same 
weights for each security as the market and other passive funds may charge a high enough 
fee to bring their total cost equal or higher than that of an actively managed fund. Further, 
“active managers may not fully represent the ‘non-passive’ component of the market in 
question” (Sharpe, 1991, p. 8). This means that actively managed funds can outperform the 
market at the expense of other investors than active fund managers, for example individual 
investors. In order for this to occur, the individual investors must provide enough capital 
and underperform the market sufficiently to offset the costs of actively managed funds. 

To summarize, Berk & Green hold that alpha will be zero after costs and positive before 
costs in equilibrium. Each individual fund will have the same alpha as the aggregate. On 
the other hand, Sharpe holds that the alpha of funds will be negative with the amount of 
costs they incur; passive funds will have less negative alphas than active funds. However, 
individual actively managed funds might outperform the market at the expense of other 
active investors. 
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4 Empirical Evidence of Mutual Fund Performance 

The empirical evaluation of fund performance and persistence dates back to the 1960’s. 
Since then numerous studies has been conducted and the results have varied. During the 
decades, more sophisticated performance measurement methods has been developed and 
less biased samples are now used. However, most modern studies still use same underlying 
principles as the pioneering studies. In this chapter we cover the empirical evidence on 
mutual equity fund performance and the development of the measurement techniques. The 
empirical evidence is summarized in Table 4. 

4.1 The Development of Performance Evaluation Techniques 

The development of the Modern Portfolio Theory (MPT) and the CAPM provided the 
theoretical ground for performance measurement. Treynor (1965), Sharpe (1966) and 
Jensen (1968) were the first researchers who realized the potential of these theories for 
performance measurement of mutual funds. All three authors devised their own 
performance measurements techniques. Treynor (1965) measures return as the excess 
return of an asset over a bench-mark, divided by the beta of the fund. Sharpe (1966) 
measures excess returns as well, but divided by the standard deviation. Jensen (1968) 
developed a measurement that is based on the underlying assumptions of CAPM, that is 
investors hold a diversified portfolio thus the only risk that is rewarded is systematic risk 
and alphas are zero in equilibrium. Jensen’s measurement estimates the deviation of returns 
from equilibrium; this deviation is called Jensen’s alpha. All of the above measurements are 
still used to evaluate fund performance. Jensen’s alpha is however the technique those most 
contemporary studies are based on and is estimated as follows: 

  
Rjt − RFt =α j + β j RMt − RFt⎡⎣ ⎤⎦ + ejt   (8) 

Where Rj t  is the realized average return of j:th portfolio, Rf t  is the risk-free rate, α j  is the 
intercept, β j  is the beta coefficient, RM t is the average market return and ej t  is an error term 
with an expected value of zero. If the fund manager has an ability to forecast security prices 
the alpha (α j) will be positive. A naïve buy-and-hold strategy will yield an alpha of zero 
and if the manager does worse than a random buy-and-hold strategy, the alpha will be 
negative. The reason why the manager might do worse than random selection policy is due 
to costs incurred by the manager (Jensen, 1968, pp. 393-394). With the additional factors 
added by Fama & French (1993) and Carhart (1997) we arrive at the model that will be 
used in estimating abnormal performance in this study.  

We observe that since Jensen’s pioneering work, we are essentially still trying to answer 
the same question regarding the skill or luck of fund managers: 

However, given that we observe a positive intercept in any sample of returns on a portfolio we 
have the difficulty of judging whether or not this observation was due to mere random chance 
or to the superior forecasting ability of the portfolio manager (Jensen, 1968, p. 394). 

What Jensen refers to is whether or not abnormal performance persists. Allen et al. (2002) 
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identifies two methods of estimating performance persistence. Persistence can be measured 
by estimating the correlation between alphas from one period to the next, or by ranking 
funds into different categories based on their returns and then compare rankings of one 
period to the next (2002, pp. 6-7). A third technique is to use a bootstrap method to 
measure persistence and Kosowski et al. (2006) was the first published study that employs 
to the bootstrap in order to measure persistence. 

4.2 U.S. Empirical Findings 

Sharpe (1966) finds that the average fund has a lower Sharpe-ratio13 than the Dow Jones-
industrial index (DJII). Specifically, he finds that 11 funds outperform the DJII and 23 
underperform. The difference in performance is largely attributed to expense ratios and he 
finds that past performance explains some the difference in returns, providing weak 
evidence of persistence. He interprets these results as support for an efficient market 
(Sharpe, 1966, pp. 137-138). Jensen (1968) was the study that popularized the use of 
alpha14, he also estimates underperformance after costs with a result similar to that of 
Sharpe (1966). However, he found strong evidence that performance does not persist. His 
evidence indicated that the funds were on average unable to outperform the market, but also 
found that individual funds were unable to perform significantly better than what can be 
expected by pure chance (Jensen, 1968, p. 415). Carlson (1970) found both out- and 
underperformance and holds that the results depends to a large extent on what index the 
returns are compared to and what time period is studied, therefore he refrains from making 
conclusions based on these results (Carlson, 1970, p. 11). He found no evidence of 
persistence over periods of ten years but weak evidence for persistence over periods of five 
years (Carlson, 1970, p. 17). 

Common for the earlier studies were that they provided evidence of an efficient capital 
market where funds exhibit negative alphas net of costs and no strong evidence of 
persistence in performance. These “first generation” studies remained uncontended until the 
late 80’s when Ippolito (1989) documented significant positive alpha net of costs. Ippolito’s 
article marked a renewed interest in the measurement of mutual fund performance. 
However, his results came under criticism by succeeding authors who claimed that his 
results were caused by funds holding non-S&P 500 stocks (Otten & Bams, 2004, p. 204).  
This led to the development of alternative risk-adjusted measures that extended the single 
index model to include additional factors reflecting risk, namely the three-factor (Fama & 
French, 1993) and four-factor models (Carhart, 1997). Further, in contrast to the earlier 
evidence, studies from the early 90’s suggested that superior performance exists and that it 
persists. 

                                                
13 Called Return-to-Variability (R/V) in the study, later it became known as the “Sharpe Ratio”. It is 

calculated as 
 
si =

Ri − Rf

σ i

, where R i  is the average returns of fund i , R f  is the risk-free rate and σ i  is the 

standard deviation of fund i :s return. 
14 The alpha (α) estimated by Jensen (1968) is the intercept in equation (8). 
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Hendricks et al. (1993) was an influential study and the authors coined the term “hot-hands” 
which is widely used in fund research. In sports, “hot hands” is a streak of success that is 
likely to continue. In fund performance, it refers to persistence in the short-term. Hendricks 
et al. (1993) found that growth oriented mutual funds between 1974-1988 exhibit short-
term persistence of performance. The authors examined quarterly returns and found that 
persistence of relatively superior funds peaks at four quarters. The authors also found that 
the average alpha under the period was zero when compared to a value-weighted CRSP 
index, an index similar to the S&P 500. Elton et al. (1996) examined the returns of 188 
mutual funds during the years 1997-1993 and found that while the average fund 
underperforms, the top performing funds exhibit persistence of performance both in the 
short and long-term. Gruber (1996) tackled what he called the “puzzle of the growth of 
actively managed funds”. If mutual funds underperforms on average, why do people 
continue to invest in them? He attributes the growth of mutual funds mainly to his findings 
that future performance is in part predictable based on past performance which makes it 
possible to identify funds that outperform. Other similar studies from the same time period 
include Grinblatt & Titman (1992) and Goetzmann & Ibbotson (1994) who both finds 
persistence in returns. 

The evidence of the abovementioned studies came under critique by a number of authors 
because of two major reasons. First, the existence of survivorship bias that could cause 
appearance of persistence of abnormal returns (Brown, Goetzmann, Ibbotson, & Ross, 1992; 
Brown & Goetzmann, 1995; Malkiel, 1995). Second, momentum investing strategies could 
explain what seemed to be persistence in fund performance (Carhart, 1997). 

Survivorship bias exists if a significant proportion of dead funds are excluded in the sample. 
This will generate evidence that is biased and lead to false conclusions regarding the 
persistence of performance. Malkiel (1995) and Gruber (1996) discredited many previous 
studies because of this. Studies which use samples that are free of survivorship bias finds 
weaker evidence for persistence. Malkiel (1995) studied the years 1971-1991 and found 
that persistence of performance existed during the 1970’s but disappeared in the 1980’s. He 
also provided evidence that survivorship-bias generated higher performance of funds. After 
costs, the average fund underperformed the benchmarks in the study. Brown & Goetzmann 
(1995) also included both surviving and dead funds but contrary to Markiel (1995), they 
concluded that persistence still exists and that it is possible to outperform other funds if a 
strategy of investing in past winners is employed. However, there is only weak evidence 
that this strategy can be used to beat a benchmark (the S&P 500 was used in this study). In 
other words, they find relative persistence but no strong evidence supporting absolute 
persistence. 

Carhart (1997) made a ground-breaking study in this area. He found that the persistence 
found by earlier studies, specifically the “hot hands” phenomena can be largely attributed to 
naïve momentum investing strategies. The reason why some funds exhibit persistence is 
because they happen to hold stocks from the previous years that have had high return; the 
persistence is therefore not attributed to skill. Since this strategy is replicable by all 
investors and the returns of stocks are public information, he holds that the fund managers 
does not have superior stock-picking skill (Carhart, 1997, p. 57). Sorted on one-year 
performance, Carhart finds that funds in the top decile outperform by 2.6 percent annually 
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and funds in the second decile outperforms by 1.68 percent. The rest of the funds 
underperform. However, the outperformance is largely attributed to the momentum factor 
and can thus be attributed to luck (Carhart, 1997, p. 57). Sorted on three year performance, 
only the top decile outperforms (by 0.24 percent) and the rest underperforms (Carhart, 1997, 
p. 57). Funds that outperform exhibit persistence in the short-term, but it is attributed to 
luck. Only the funds that underperform can be attributed to skill, or rather, lack of skill. The 
factor added by Carhart to represent to momentum strategy has become widely adopted and 
is now widely used in performance studies. The four-factor model is specified in Equation 
(3). Carhart’s results are confirmed by Daniel et al. (1997) who also finds that managers do 
not have superior stock-picking skill and that persistence is attributed to momentum 
strategies. 

More recent studies show that the results of Carhart (1997) still hold. Busse et al. (2010)  
studied a sample of 4,617 US domestic equity funds between 1991-2008. They found that 
alpha is indistinguishable from zero and that there is very little persistence using the three-
factor model and no persistence using the four-factor model. Barras et al. (2010) studied a 
sample of 2,076 US domestic equity funds between 1975-2006. They separate between 
skilled, zero-alpha and unskilled funds and found that 0.6 percent of funds outperform, 75.4 
percent have neutral performance and 24 percent underperform. The 0.6 percent of funds 
that outperform are however not significantly distinguishable from zero. They discovered 
two interesting trends; the number of funds has steadily increased while the proportions of 
funds that exhibit positive alpha have decreased. Before 1996 there was a significant 
proportion of funds with significant positive alphas and in 2006 almost none (Barras et al., 
2010, p. 179). They also found persistence that is similar other authors (for example 
Hendricks et al. (1993), Elton et al. (1996), and Carhart (1997)) but they used another 
method (for the sake of brevity we will not cover this method since it is rather advanced). 
Specifically, they found that 2.4 percent of the funds have “hot hands”, i.e. their 
performance persist in the short-term (Barras et al., 2010, p. 182). 

4.3 International Empirical Findings 

There is less evidence on fund performance and persistence of European funds compared to 
US funds. However, Otten & Bams (2002) provide a comprehensive overview of funds in 
Italy, the Netherlands, Germany, France and the UK. They used a survivorship-free sample 
of 506 funds in the period 1991-1998. On the aggregate only German funds have negative 
alpha. While the other countries have positive alpha, only UK funds have significantly 
positive alphas. The authors found only weak evidence of persistence, again with the 
exception of UK fund managers who exhibited “hot hands”. This study provides evidence 
that is not in line with US evidence; European funds generally deliver positive risk-adjusted 
performance. 

Several authors confirm the evidence of persistence among UK funds. Blake & 
Timmerman (1998) studied the UK fund market between the years 1972-1995. Their 
sample included 1,402 live and 973 dead funds. They found that the average fund 
underperforms with 1.8 percent annually; they also find evidence of persistence. Allen & 
Tan (1999) used a considerably smaller sample of 131 managed funds in the period 1989-
1995. They also found evidence of persistence, but only in the long-term. 
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Ferreira et al. (2010) studied an impressive worldwide sample of 10,568 actively managed 
equity funds in 19 countries during 1999-200515. They used domestic and international 
CAPM and four-factor models. They found that the average fund underperform in most 
countries. The exceptions are Germany, Hong Kong, Sweden and Thailand that 
outperforms using the international four-factor model. When they estimated alphas using a 
domestic four-factor model, they found that Sweden has neutral performance. Overall, there 
is evidence of worldwide underperformance (Ferreira et al., 2010, p. 9). 

4.4 Empirical Evidence of Bootstrap Studies 

The latest development in the area fund performance is to determine if managers are skilled 
or lucky using bootstrap methods. The aim is essentially the same as in persistence studies 
since persistence studies try to determine if funds can continue to earn abnormal returns 
over time. If they are successful they must have stock-picking skill and their results cannot 
stem from pure chance. The main drawback of persistence studies is that funds are ranked 
on short-term performance making the allocation of winners and looser based mostly on 
noise (Fama & French, 2010, p. 1916). The bootstrap approach mitigates this problem since 
longer time-series can be used. The bootstrap has another attractive feature; the distribution 
of returns and alphas of funds has proven to be non-normal (at least in the US) that makes 
tests based on normality a poor approximation in practice (Kosowski et al., 2006, p. 2556). 
When using the bootstrap approach, no assumption of normality is necessary and the 
distribution and other statistical characteristics of fund returns remains intact. 

The first published study that applied the bootstrap approach to fund performance was 
Kosowski et al. (2006). They studied a sample of 2,118 US open-ended domestic equity 
funds during 1975-2002. They excluded funds that had less than 60 months return data. The 
bootstrap was then performed by setting the alpha to zero, making 1,000 bootstrap 
iterations and regressing the randomly drawn returns using the Carhart four-factor model. 
They then compared the t-statistics of the simulated alphas against the t-statistics of the 
actual alphas. If the t-statistics of the actual alphas are greater than the simulated t-statistics, 
they can infer that the abnormal performance of a specific fund is due to skill (or “bad 
skill”). They sort the funds into winner and losers and find that the overall performance is 
not solely due to luck. That is, managers exhibit both true skill and true bad skill. 
Specifically, they find that the top five percent of funds ranked on performance have larger 
actual t-statistics of alpha than the simulated t-statistics of alpha in 99 percent of the 
simulation runs (Kosowski et al., 2006, p. 2573). Cuthbertson et al. (2008) replicated the 
study of Kosowski et al. (2006) on a sample of 900 open-ended domestic equity funds in 
the UK during 1975-2002. They also performed the bootstrap method on individual funds 
and found results that are very similar to those of Kowsowski et al. (2006). The winners 

                                                
15  The countries studied in Ferreira. (2010) are: Austria, Belgium, France, Germany, Hong Kong, India, Italy, 
Japan, Malaysia, the Netherlands, Portugal, Singapore, South Korea, Spain, Sweden, Taiwan, Thailand, the 
UK and the USA.  
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and losers of the sample are not lucky or unlucky, they exhibit skill and bad skill. The 
performance of funds in the top 97th percentile and in the bottom 40th percentile cannot be 
attributed to luck (Cuthbertson et al., 2008, p. 614). 

Fama & French (2010) represents the latest contribution to bootstrap studies and our study 
replicates their method. Their sample includes data from 1962-2006, but they focus on fund 
returns after 1984 due to problems with the data prior to that year. They include funds that 
have at least eight months of returns history and a minimum of five million of assets under 
management (AUM). During the period the total number funds (both dead and active) are 
5,238. They estimate average abnormal underperformance of 0.92 percent per year after 
costs and outperformance of 0.39 percent before costs (using the Carhart four-factor model). 
They divide funds into $5 million, $250 million and $1 billion AUM groups. Their results 
are interpreted in the same way as previous bootstrap studies; if the t-statistic of the actual 
estimated alpha is more extreme than the simulated t-statistic of alpha, the fund exhibit skill 
or bad skill. Funds are sorted on their actual t-statistic of alpha. When they estimate alpha 
using the three-factor model and net returns, they find that all negative alphas are attributed 
to bad skill and that all the positive alphas are attributed to luck except the top 99th 
percentile of funds in the $5 million and $1 billion categories. When they estimate alpha 
using Carhart’s four-factor model and net returns, all three categories show the same results; 
all negative alphas are attributed to bad skill and all positive alphas are attributed to luck. 
However, in the 99th and 98th percentiles the t-statistics of the actual alphas are very close 
to the simulated t-statistics which suggests that some funds have enough skill to make net 
returns that cover costs (Fama & French, 2010, p. 1929). The results for gross returns are 
more positive. Even though adding back the expense ratio makes the actual t-values of 
alpha estimates higher, there is still evidence of bad skill for the underperforming funds. 
For the funds that outperform; the $5 million group have evidence of skill starting from the 
60th percentile, the $250 million at the 80th percentile and the $1 billion at the 90th 
percentile (Fama & French, 2010, p. 1929). The results of Fama & French (2010) are more 
negative than those of Kosowski et al. (2006), according to Fama & French (2010) this is 
due to two factors; differently applied bootstrap methods and fund exclusion rules. First, 
the method of Fama & French differs somewhat from that of Kowsowski et al. (2006) and 
Cuthbertson et al. (2008). They jointly sample fund returns and explanatory returns in their 
bootstrap whereas Kowsowski et al. (2006) do independent simulations for each fund and 
no random sampling for explanatory returns. The benefit of independent sampling is that 
the number of months of returns in the simulation runs always matches the actual months. 
The drawback is that neither correlation between fund alphas nor correlation between 
volatilities in the explanatory returns is taken into account. Second, Kosowski et al. (2006) 
only includes funds that have at least 60 months of returns, Fama & French (2010) includes 
funds that have at least 8 months of return and that have AUM larger than $5 million. 
Therefore, the results of Fama & French (2010) contain less survivorship bias. These two 
differences lead to more positive results for Kosowski et al. (2006) than for Fama & French 
(2010). 

4.5 Swedish Empirical Evidence 

The number of studies performed on the subject of mutual fund alphas on the Swedish 
market is as previously stated scarce and to our knowledge, no previous study applies a 
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bootstrapping method to separate luck from skill. 

Dahlquist et al. (2000) focus on the performance and characteristics of Swedish equity and 
bond funds during 1992-1997. The performance is measured by alpha in a linear regression 
using both constant and time-varying betas and several benchmark indices. For equity 
funds they use two indices; a general stock index and a small stocks index both with 
reinvested dividends. For the bond funds they also use two indices consisting of 
government bonds and mortgage bonds. The measurement of alphas is regressed against the 
fund characteristics; size, fees, trading activity and net flows. They use a Weighted Least 
Squares (WLS) regression instead of an OLS in this study. Persistence is measured with the 
alpha of the previous year as an attribute, in other words they use previous returns as an 
independent variable in the regression. They find that regular equity funds (called Equity I 
funds by the authors) outperform with an average of 0.5 percent p.a, Allemansfonder 
(Equity II) underperform with 1 percent p.a., bond funds underperform with 0.5 percent p.a. 
and money market funds underperform with 0.9 percent (Dahlquist et al., 2000, p. 415). 
They use turnover and fees to categorize a fund as active or passive. Equity I funds are 
defined as active and Equity II funds as passive. Using these criteria, they find that active 
fund outperforms passive funds (Dahlquist et al., 2000, p. 415). Persistence is measured by 
regressing the previous year’s alpha against the excess of the annual industry average; they 
include the indices mentioned above and treat last year’s performance as a fund 
characteristic. They are in effect measuring relative persistence in performance. Persistence 
is found only for money market funds (Dahlquist et al., 2000, p. 415). 

Dahlquist et al. (2000) studies a rather short period of time, which means that the results 
may not be applicable in general. Further the method applied is not the standard way of 
measuring fund alphas, which makes it hard to directly relate to studies using three- or four-
factor models. Small funds performed better on average, which is consistent with Berk & 
Green’s (2004) equilibrium theory. Finally, the finding that active funds performed better 
than passive funds could show that either the market is not very efficient or that passively 
managed funds produced large tracking errors or charged high fees. However, the 
categorization of the active and passive funds can be questioned since it is not entirely 
straightforward to separate active funds from passive. Dahlquist et al. (2000) use turnover 
and fees are measurements. Using turnover has an important drawback, as Cremers & 
Petajisto (2009, p. 3363) points out: 

Although portfolio turnover implies an action (i.e., trading) by the fund manager, turnover per 
se cannot add value to a portfolio—only holding a position does. Turnover just measures the 
frequency of revisions in the manager’s active bets (i.e., positions), but it does not measure the 
activeness of the bets themselves. These are two different kinds of activeness: either “being 
busy” with the portfolio, or holding positions that differ significantly from the benchmark and 
thus have a chance to outperform or underperform. 

Their other measure of activeness is administrative fees. Although this measure could give 
a hint to whether the fund is active or passive, it is still imperfect since a fund could have 
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high turnover (indicating that the fund is active) but low fees (indicating that the fund is 
passive). A more sophisticated measure would be the Active Share16 measurement by 
Cremers & Petajisto (2009, p. 3363). However, since this study was published nine years 
after Dahlquist et al. (2000) they could not possibly have employed it.  

Another study on the Swedish market is that of Engström (2004) who studies if active 
management creates value using a sample of 112 funds during 1996-2000. Engström uses 
an entirely different approach and measures performance by creating replicating and 
passive portfolios. The passive portfolios returns are then compared to actual fund returns, 
which means that Engström does not use any benchmark market index in evaluating 
performance. The passive portfolios weights are held until new portfolio weights are 
observed, a security ceases to exist or trading is forced due to legal restrictions on portfolio 
holdings. The results show that the average Small Cap and Sweden funds outperformed the 
benchmark (Engström, 2004, p. 22). Engström separates between tactical decisions (short-
term decisions) and strategic decisions (long-term decisions) and finds that Small Cap 
funds create positive value through tactical decisions while Sweden funds create value 
through superior strategic decisions. The conclusion is that Small Cap funds can benefit 
from short term pricing errors through acting on information asymmetries but suffer from 
inferior trading decisions when forced to trade because of legal restrictions. Sweden funds 
create tactical performance through short-term bets and rebalancing (Engstrom, 2004, p. 2).  
He finds that small stock funds outperform by 3.23 percent p.a. and that Sweden funds 
outperforms by 1.74 percent p.a. Of the alpha of 3.23 percent for small stock funds, 0.14 
percent is credited to strategic decisions and 3.16 to tactical decision. The percentage is 
3.23 percent and -1.42 percent respectively for Sweden funds (Engström, 2004, p. 26). 
Engström presents some interesting findings and adds to the understanding of active 
management creating value through short- and long-term decisions. There are however 
some issues. First, the time-period of 1996-2000 is rather short and the results might not be 
applicable to other time periods. Second, the choice of creating replicating portfolios is 
suitable to distinguish between tactical and strategic decisions but does not tell us much 
about fund performance in a traditional sense when comparing to a market index. Overall it 
is difficult to compare the study to previous findings and other markets. Engström separates 
between tactical and strategic decisions and estimates how large the contributions of these 
decisions are to the alpha of the fund. We interpret this to mean that no proportion of alpha 
can be attributed to chance, thus the abnormal performance of Engström’s study is entirely 
attributed to skill. While it might be true, we find it hard to believe that chance does not 
have any effect on the alphas. 

Since the published material of fund performance in Sweden is scarce, we have chosen to 
include evidence from student theses that cover the topic of fund performance and 
persistence. We have not found any theses or published articles that employ bootstrap 
methods on a Swedish sample of funds. Burger & Shabanli (2009), a master’s level thesis, 

                                                
16 The Active Share is the share of portfolio holdings that differ from the benchmark index holdings (Cremers 
& Petajisto (1973). 
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examine mutual fund performance in Sweden and Germany during 2000-2008. They 
estimate Jensen’s alpha to measure the abnormal returns of 1,285 funds and find that 
mutual fund alphas are negative on average, which indicates that mutual equity funds in 
Sweden and Germany underperform the market. The authors also found that Swedish funds 
were slightly better than German. Surprisingly, they find no significant difference between 
performances of high and low fee funds (Burger & Shabanli, 2009). 

Emtemark & Liu (2009), a bachelor’s level thesis, estimate the abnormal returns of 75 
Swedish actively managed mutual funds during 1998-2008. They used the estimated alpha 
of the CAPM, 3-factor and 4-factor models to measure performance. They find no evidence 
of positive alphas net of fees nor do they find evidence of performance persistence. 
However, the authors found strong evidence of positive alphas for the first two years of 
fund existence but funds are not able to earn statistically significant abnormal returns after 
this time period. They find no evidence that the coefficients of the factors SMB  and HML 
are different from zero on average. However, the coefficient of the MOM factor is positive 
and statistically significant (Emtemark & Liu, 2009). Even though their study was 
performed on a bachelor level, the findings of Emtemark & Liu are robust and provide 
important empirical findings for a sample similar to ours using the same methods of 
performance measurement. 

 

Table 4. Empirical Evidence on Fund Performance and Persistence 

Study Period 
studied Sample Method and/or 

benchmark Performance Performance 
persistence 

Sharpe 
(1966) 1954-1963 34 funds, all types, 

US. 

Sharpe Ratio 
compared to 
Dow Jones-
industrial. 

Underperformance 
on average. Some evidence. 

Jensen (1968) 1945-1964 115 funds, all 
types, US. 

Alpha, single 
index: S&P 500. 

Negative alpha after 
costs. No evidence. 

Carlson 
(1970) 1948-1967 83 funds, all types, 

US. 

Alpha, two 
indices: DJ-

industrial & S&P 
500 

No conclusions. Some evidence. 

Ippolito 
(1989) 1965-1984 143 mutual funds, 

US. Alpha, S&P 500. Outperformance on 
average. - 

Grinblatt & 
Titman 
(1992) 

1975-1984 279 mutual funds, 
US. 

Eight portfolio 
benchmark (P8) - Yes. 
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Study Period 
studied Sample Method and/or 

benchmark Performance Performance 
persistence 

Hendricks et 
al. (1993) 1974-1988 165 mutual funds, 

US. 

WVCRSP, 
EWNYSE 

indices and P8 
benchmarks. 

Neutral or 
underperformance 

depending on 
benchmark. 

Yes, short-term 
(1 year). 

Malkiel 
(1995) 1971-1991 

All mutual funds 
during the period, 

US. 

S&P 500, 
Wilshire 5000 

Underperformance 
on average. 

In the 1970s, not 
after. 

Brown & 
Goetzmann 

(1995) 
1976-1988 372 mutual funds, 

US. 

Absolute and 
relative 

benchmarks. 

Generally, 
outperform in the 
1970’s and under 

perform in the 
1980’s. 

Yes, relative to 
other funds. 

Elton et al. 
(1996) 1977-1993 188 mutual funds, 

US. 

Alpha, S&P 500, 
four-factor 

model. 

Underperformance 
on average. 

Both long and 
short-term. 

Gruber 
(1996) 1985-1994 270 mutual funds, 

US. 

Single index and 
a four-factor 

model. 

Underperformance 
on average. Yes. 

Carhart 
(1997) 1962-1993 1,892 mutual 

funds, US. 
Four-factor 

model. 

Top two deciles 
outperforms slightly, 

the rest 
underperforms. 

Yes. 
Overperfromance 

due to luck. 
Under 

performance due 
bad skill. 

Blake & 
Timmerman 

(1998) 
1972-1995 2375 all types, UK. 

Four-factor, with 
bond instead of 

MOM. 

Average 
underperformance of 

1.8 percent p.a. 
Yes, short-term. 

Allen & Tan 
(1999) 1989-1995 131 active funds, 

UK. 

CAPM, OLS and 
Spearman Rank 

Correlation 
Coefficient. 

- Yes, long-term. 

Dahlquist et 
al. (2000) 1992-1997 210 funds, all 

types, Sweden. 

Two indices for 
equity funds and 

two for bond 
funds. 

Active funds 
outperforms by 0.5 
percent p.a., the rest 
underperform with -
1 to -0.5 percent p.a. 

Persistence is 
found for money 
market funds, but 

not for other 
funds. 

Otten & 
Bams (2002) 1991-1998 

506, all types. 
Germany, the 

Netherlands, Italy, 
France and UK. 

Four-factor 
model. 

Negative alpha for 
Germany, positive 
but insignificant 

alpha for others and 
significant positive 

for UK. 

Short-term 
persistence in the 

UK, not in 
others. 
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Study Period 
studied Sample Method and/or 

benchmark Performance Performance 
persistence 

Engström et 
al. (2004) 1996-2000 

112 actively 
managed equity 
funds, Sweden. 

Constructed 
passive 

benchmark 
portfolios. 

Average 
outperformance of 
3.23 percent p.a. 
(Small Cap) and 

1.74 (Sweden 
Funds) percent p.a. 

- 

Kosowski et 
al. (2006) 1975-2002 2,118 domestic 

equity funds, US. 

Four-factor, 
bootstrap with 
individual fund 

return simulation. 

- 

Over- and 
underperformanc
e is mainly due to 
skill or bad skill. 

Cuthbertson 
et al. (2008) 1975-2002 900 domestic 

equity funds, UK. 

Four-factor, 
bootstrap with 
individual fund 

return simulation. 

- 

Over- and 
underperformanc
e is mainly due to 
skill or bad skill. 

Burger & 
Shabanli 
(2009) 

2000-2008 

1,285 mutual 
equity funds, 
Germany and 

Sweden. 

Jensen’s Alpha. 
Average negative 

alpha in both 
countries. 

- 

Emtemark & 
Liu (2009) 1998-2008 

75 actively 
managed mutual 
funds, Sweden. 

CAPM, three- 
and four-factor 

models. 

Alpha 
indistinguishable 
from zero net of 

cost. 

No evidence. 

Busse et al. 
(2010) 1991-2008 4,617 domestic 

equity, US. 
Three- and four-
factor models. 

Indistinguishable 
from zero. 

Very little 
persistence. 

Barras et al. 
(2010) 1975-2006 2,076 domestic 

equity, US. 
False Discovery 

Rate (FDR). 

75 percent have 
neutral performance, 

24 percent 
underperform and 

0.6 percent 
outperforms. 

2.4 percent of 
funds in the 
short-term. 

Ferreira et al. 
(2010) 1999-2005 

10,568 equity 
funds, 19 
countries. 

International and 
domestic CAPM 
and four-factor 

models. 

Underperformance 
overall. Sweden has 
neutral performance 
with the domestic 
four-factor model. 

- 

Fama & 
French 
(2010) 

1962-2006 5,238 domestic 
equity funds, US. 

Four-factor, 
bootstrap with 
joint fund and 
explanatory 

return simulation. 

Underperformance 
of 1 percent p.a. net 

of cost and 0.05 
percent gross of 

costs. 

Underperformanc
e is due to bad 

skill and 
overperformance 
is almost always 

due to luck. 
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5 Results 

5.1 First Impressions 

The performance measurement models fit the data well and the factors show no indication 
of multicollinearity. In aggregate, fund returns are highly correlated to the market return, 
which is no surprise since funds should hold a large portion of the market in aggregate. 
Funds show little exposure to the momentum factor, the estimated coefficient is close to 
zero. They show a little tilt towards the small-big and high-low factors on average, even 
though it is not substantial. Net of costs, there were 27 significant alpha estimates at 5 
percent, out of which 17 were negative and 10 were positive. On average the estimated 
abnormal performance is 0.4 percent annually but indistinguishable from zero. When we 
divide the sample into four sub-samples consisting of five-year periods, we observe 
decreased estimated abnormal performance over time. The bootstrap shows that a majority 
of alphas can be attributed to skill or bad skill both gross and net of costs. All individual 
fund regression runs can be viewed in Appendix 2. 

5.2 Regression Results 

Table 5 shows the average monthly return contribution from the model factors respectively. 
The factors are interpreted as diversified passive benchmarks. On average the excess 
market return during the time period was 0.84 percent monthly. The portfolios of small-big 
stocks and momentum stocks have returned 0.04 and 0.37 percent per month respectively 
and the value-growth portfolio has returned 0.17 percent monthly. The low return and t-
value of the momentum factor is in line with Rouwenhorst (1998) who finds that a portfolio 
of past winners does not outperform a portfolio of past losers in Sweden. 

Table 5. Summary Statistics for Monthly Explanatory Returns 

 R M-R f  SMB HML MOM 

Average Return 0.84 0.04 0.37 0.17 

Standard Deviation 5.86 4.78 4.93 4.08 

t-statistic 2.16 0.13 1.13 0.64 

Notes: Time period January 1993 to December 2011 (n =228). t-values are calculated as
 

 

 

Table 6 shows the estimated intercepts (α) and coefficients of the CAPM on the first row, 
three-factor model on the second row and the four-factor model on the third row. These 
results are obtained by running a regression on an equally weighted portfolio of all active 
Swedish mutual funds' monthly returns using the three models. 

 
t = x

s n
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The market slopes are close to one and this is expected since the funds in our sample invest 
mainly in Swedish stocks. The coefficients of the SMB  and HML  factors are small but 
have high t-values. Funds show less exposure the momentum factor, the slope close to zero.  

Because funds are weighted equally each month, the estimated alpha informs us of how the 
equally-weighted portfolio of all funds performs after controlling for exposure to the risk 
factors. The estimated alpha net of costs ranges from 0.2 to 0.4 percent annually, but since 
the estimates are only 0.33 to 0.60 standard errors away from zero, they are 
indistinguishable from zero. Since the investor receives the return net of costs, they do not 
receive abnormal returns on average. 

The gross returns are calculated by adding back 1/12th of the fund's annual management fee. 
The average annual fee for the entire sample is 1.26 percent annually. The gross estimated 
alphas ranges from 1.6 to 1.7 percent annually with t-values of 2.23 to 2.68. Thus the equal-
weighted aggregate of active Swedish funds outperforms approximately with the amounts 
of costs they incur. The estimated alphas are smaller in the CAPM version of Equation (3).  

The coefficient of determination (R2) measures how much variability in the sample that is 
explained by the model. We observe that the R2 increases with added factors but there is no 
increase when we add the momentum factor. In aggregate, the estimated coefficients and 
their t-values indicate that the funds have little exposure to the risk factors. If the estimated 
coefficients were larger, funds would be tilted toward some of the investment strategies 
capture by the small-big, high-low and momentum factors. While individual funds might be 
exposed to these factors, we do not expect this exposure in the aggregate. 

Table 6. Intercepts and Slopes for an Equal-Weighted Portfolio of Active Funds Estimated 
by the CAPM, Three-Factor and Four-Factor Models 

 12*α      

 
Net Gross β s h m R2 

Coef 0.002 0.016 0.994    0.977 

t(Coef) 0.334 2.232 -0.578     

Coef 0.004 0.017 0.997 0.053 -0.047  0.981 

t(Coef) 0.601 2.680 -0.337 4.460 -4.151   

Coef 0.004 0.017 0.998 0.053 -0.048 -0.006 0.981 

t(Coef) 0.566 2.636 -0.229 4.449 -4.161 0.466  

Notes: Coefficients and t-statistics estimated on equally weighted portfolios of all funds' monthly net 

and gross returns with variants of regression (3). The t-values for β are calculated as
  

β̂i −1( )
s.e.i

. That is, 

we test whether the beta estimates are different from one. The sample includes 150 funds during 
January 1993 to December 2011, n = 228. The critical two-tailed t-value at five percent, df = 223 to 
226 is 1.97. 
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There are 16 index funds in the sample, these are included in the sample in Table 7. When 
including the index funds, the alphas decrease slightly and the R2 increases slightly. 

Table 7. The Four-Factor Model Including Index Funds 

 
12*a b s h m R2 

Coef 0.003 1.001 0.045 -0.050 -0.010 0.983 

t(Coef) 0.506 0.136 4.007 -4.630 0.770 

 Notes: Coefficients and t-statistics estimated on an equally weighted portfolio, returns are net of 
costs. There are 166 funds in the sample. The critical t-value at five percent, df = 223 is 1.97. 

 

Table 8 shows summary statistics of the 150 individual regression runs from Appendix 2. 
The median of the alpha estimate is smaller than the mean, in other words there are more 
negative observations but the positive observations are larger in absolute size. 

Table 8. Summary of Estimated Regression Statistics for Equation (3) 

    
Extreme Values 

 

  
Mean 

 
Median 

 
Min. Max. Average 

t-value 

α  *12 
Net -0.0012 -0.0053 -0.2232 0.1778 -0.275 

Gross 0.0122 0.0074 -0.2077 0.1928 0.487 

 β  1.0074 1.0199 0.4102 1.3404 0.353 

 s  0.0698 -0.0004 -0.5806 0.8153 0.871 

 h  -0.0213 -0.0205 -0.2713 0.1944 -0.901 

 m  -0.0068 0.0004 -0.2985 0.2368 0.049 

 n  127 135 8 227 - 

Notes: Monthly data with annualized alphas. 150 funds, January 1993 to December 2011. Average 
R2 of Equation (3) is 0.913. 

 

Figure 5 shows the frequency distribution of the estimated alphas. The mean value is found 
in the bin with the largest number of observations. We also observe three outliers on both 
tails. 
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Figure 5. Frequency Distribution of Estimated Abnormal Performance 
Notes: The category on the x-axis is calculated as (12 * α). Fund returns calculated net of expenses. The 

mean value is -0.002. 
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Figure 6 shows the distribution of t-values. It is difficult to interpret these since individual 
funds will have different critical t-values since the critical value is determined by the 
degrees of freedom. However, the average critical t-value at 5 percent is 2. 

 
 

Figure 6. Frequency Distribution of t-values 
Notes: The t-values of the α in Figure 5, the mean value is -0.27. 

Table 9 shows that there seems to be no signs of severe multicollinearity. The correlation 
matrix shows the simple correlation coefficient that measures the correlation between the 
factors. While there is no critical value, a value greater than 0.80 indicates that 
multicollinearity is a potential problem (Studenmund, 2005, p. 256). There is no formal 
critical value for the Variance Influence Factor (VIF) either. But as a rule of thumb, a VIF 
value greater than five is indicates severe multicollinearity (Studenmund, 2005, p. 257)17. 
The difference between the two measures is that the simple correlation coefficient measures 
the correlation between one explanatory variable at the time whereas the VIF values are 
based on the coefficient of determination (R2) that measures the correlation between one 

                                                
17 The VIFs are calculated by running an OLS that has X i  as a function of the all other explanatory variables. 

R 2  is then calculated for that regression, the VIF is then calculated as 
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explanatory variable and all the other explanatory variables. 

Table 9. Correlation Matrix and VIFs 

 R M-R f  SMB HML MOM VIF 

R M-R f  1.00    1.063 

SMB -0.10 1.00   1.074 

HML -0.04 -0.24 1.00  1.067 

MOM -0.22 0.02 0.05 1.00 1.052 

 

Table 10 shows that at the 5 percent significance level there are 27 funds with significant 
alphas, out of these 17 are negative and 10 are positive. That is, during the time period 
studied 6.7 percent of the funds have positive estimated alphas and 11.3 percent have 
negative estimated alphas. When we add back expenses, we see that the number of 
significant alphas increase at one and ten percent but decrease at five percent. A possible 
explanation for the decrease of number of significant alphas at five percent is that 
significant negative alphas become insignificant when we add back expenses.  

We test if the intercept and coefficients are different from zero with the exception of the 
beta. The interpretation of the number of significant betas differs since we test whether the 
beta is different from one rather than zero. Therefore, since there are 52 beta estimates that 
are significantly different from one at 5 percent, there are 98 estimates that are not 
significantly different from one. That is, most funds have a beta that is close to one. We can 
also see that although SMB , HML  and MOM  are not straightforward to motivate 
theoretically, there are many individual funds that are exposed to these factors. 

Table 10. Number of Significant Coefficients at 1, 5 and 10 Percent 

 α      

 Net Gross β  s  h  m  

Coefficients 
Significant at 1 % 

8 (3) 9 (8) 42 42 31 13 

Coefficients 
Significant at 5 % 

27 (10) 21 (19) 52 59 44 24 

Coefficients 
Significant at 10 % 

32 (12) 34 (29) 63 64 53 33 

Notes: Total number of funds 150. The number of positive alphas is in parenthesis. 
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Table 11 shows the development of the equally weighted portfolio of all active funds' 
returns. The estimated alpha for the first time period is 3.1 percent and significant. This 
impressive performance does not continue in subsequent periods where we observe 
insignificant alphas. This could be the result of increasingly efficient markets or increasing 
difficulty in finding profitable investment opportunities due to capital inflows.  

Table 11. Intercepts and Slopes of Equation (3) in Periods of Five Years, Equally 
Weighted Portfolios 

 12*a b s h m R2 no. of 
funds 

 January 1993 - December 1997 

Coef 0.031 0.911 0.060 -0.014 0.058 0.975 47 

t(Coef) 2.309 -4.265 2.600 -0.396 1.697 
 

 

 January 1998 - December 2002 

Coef 0.019 1.019 0.010 -0.062 0.017 0.990 94 

t(Coef) 1.543 0.922 3.435 -2.967 0.873   

 January 2003 - December 2007 

Coef -0.009 0.966 0.028 -0.026 0.029 0.982 124 

t(Coef) -0.901 -1.917 1.432 -1.033 1.104   

 January 2008 - December 2011 

Coef -0.002 1.022 0.074 0.010 -0.009 0.982 141 

t(Coef) -0.131 0.812 2.967 0.324 -0.246   

Notes: Returns are net of costs. t-value for β are calculated as , therefore we 

test if the beta estimates are different from one. All periods contain five years (60 
months) of data, however the last period contains only four years (48 months). The 
portfolios are equally weighted. Critical two-tailed t-value for df=55 is 2.00.  

 

Table 11 and Table 12 appear similar but have an important difference. Table 11 is the 
outputs of a single regression run with aggregated and equally weighted returns of all funds 
which results in only one dependent variable. Table 12 however is the average output of 
150 individual fund regression runs. In Table 11 we focus on the alpha and the t-value of 
alpha. In Table 12 we focus on the share of alphas that are significantly different from zero 
in the individual regression runs. 

Table 12 shows average regression estimates for different time periods. The average 
estimated alphas decrease over time and are slightly negative in the last two periods. The 

  

βi −1( )
s.e.i
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percentage of funds with significant and positive alphas decrease dramatically over time 
while the number of funds increase. Between 1993-1997, 14.9 percent of the alphas were 
significantly different from zero and positive, between 2008-2011 only 1.4 percent of the 
funds had significantly positive alphas. We also observe that the percentage of estimated 
alphas that are negative and significant at five percent increases over time, with the 
exception of the last period. 

Table 12. Intercepts and Slopes of Equation (3) in Periods of Five Years, Average 
Estimates 

 12*a b s h m R2 no. of 
funds 

no. of 
obs. 

% sig. 
α > 0 

% sig. 
α < 0 

 
January 1993 - December 1997 

Coef 0.023 0.978 0.143 -0.006 0.057 0.914 47 1973 14.9 % 2.1 % 

t(Coef) 0.581 -0.722 1.231 -0.080 0.474 
 

    

 January 1998 - December 2002 

Coef 0.014 1.014 0.087 -0.059 0.008 0.934 94 4730 10.6 % 3.2 % 

t(Coef) 0.385 0.247 0.384 -0.971 0.241      

 January 2003 - December 2007 

Coef -0.005 0.966 0.048 -0.030 0.027 0.904 124 6693 1.6 % 7.3 % 

t(Coef) 0.523 -0.603 0.079 -0.682 0.412      

 January 2008 - December 2011 

Coef -0.004 1.025 0.073 0.005 -0.007 0.933 141 5832 1.4 % 4.3 % 

t(Coef) -0.313 0.551 0.966 0.024 0.026      

Notes: Returns are net of costs. t-value for β are calculated as , therefore we test if the beta 

estimates are different from one. All periods contain five years (60 months) of data, however the last 
period contains only four years (48 months). The estimates are the averages of the individual 
regression runs in each period. 

 

 

  

βi −1( )
s.e.i
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5.3 Bootstrap Simulation Results 

Table 13 shows the simulated and actual t-values of alpha for net and gross returns. An 
actual t-value that is more extreme (either positive or negative) than the simulated t-value 
tells us that it is unlikely to observe this t-value by chance. Thus the out- or 
underperformance is attributed to either skill or luck depending on the relation between 
actual and simulated t-values. If a positive actual t-value in a certain percentile is greater 
than the simulated, it is unlikely that we would observe this level of performance by chance. 
The column "%<Act" tells us the percentage of times the simulated t-value is smaller than 
the actual t-value. That is, 1 less the %<Act, is interpreted similar to a p-value. For example, 
in the 95th percentile, the actual t-value is 2.12 and the average simulated t-value of 1.51. In 
91 percent of the simulation runs, the simulated t-value is smaller than the actual. In this 
case, it is highly likely that the result stems from skill. Net of costs, most of the 
performance in our sample can be attributed to skill. Funds below the 50th percentile have 
t(α) that can attributed to bad skill. However, the likelihood that the actual t(α) is more 
negative than the simulated t(α) decreases from the 40th percentile. Of the funds that 
outperform, the performance of the top 95th percentile of funds can be attributed to skill. 
Even though the funds in the 80th and 90th percentiles have t(α) that are more extreme than 
the simulated t(α), it is less likely that these results can be attributed to skill. 

For the gross returns only the 1st percentile t-values can be attributed to bad skill and the t-
values above the 40th percentile stems from skill. However, the results of the gross returns 
should be interpreted with some caution since the management fee added back to the net 
returns is static and not time series. 

The cumulative density functions (CDFs) of net and gross returns are shown in Figures 7 
and 8. Skill is observed if the positive actual t-values are to the right of the simulated t-
values and the actual negative t-values are the left of the simulated t-values. 
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Table 13. Percentiles of t(α) Estimates for Actual and Simulated Fund Returns 

  Net    Gross  

Pct Sim Actual %<Act  Sim Actual %<Act 

0.01 -2.46 -3.78 0.02  -2.46 -3.32 0.07 

0.02 -2.08 -2.80 0.08  -2.08 -1.99 0.55 

0.03 -1.89 -2.76 0.04  -1.89 -1.83 0.52 

0.04 -1.75 -2.57 0.05  -1.75 -1.61 0.60 

0.05 -1.64 -2.49 0.04  -1.63 -1.53 0.58 

0.10 -1.27 -2.12 0.03  -1.27 -1.14 0.61 

0.20 -0.84 -1.45 0.07  -0.84 -0.67 0.65 

0.30 -0.54 -1.13 0.07  -0.53 -0.21 0.79 

0.40 -0.28 -0.63 0.18  -0.27 0.14 0.85 

0.50 -0.04 -0.37 0.20  -0.03 0.49 0.91 

0.60 0.21 0.08 0.38  0.21 0.77 0.92 

0.70 0.46 0.45 0.49  0.47 1.00 0.91 

0.80 0.76 0.80 0.54  0.77 1.63 0.98 

0.90 1.18 1.38 0.69  1.18 2.16 0.98 

0.95 1.51 2.12 0.91  1.52 2.67 0.99 

0.96 1.61 2.27 0.93  1.61 2.85 0.99 

0.97 1.72 2.36 0.92  1.73 3.04 0.99 

0.98 1.87 2.46 0.89  1.88 3.25 0.99 

0.99 2.10 2.79 0.91  2.11 3.45 0.99 

Notes: Sim is the average simulated t-values. %<Act is the share of simulated t-values that are fall 
below the actual t-values. Funds with less than 18 observations are excluded.  
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Figure 7. Simulated and Actual Cumulative Density Function of Four-factor t(α) for net 

Returns 
 

 

Figure 8. Simulated and Actual Cumulative Density Function of Four-factor t(α) for Gross 
Returns  
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6 Analysis & Discussion 

In an efficient market the expected alpha of an investment is zero, which is very close to 
what we observe in our sample; the average estimated alpha net of costs is 0.4 percent 
annually and indistinguishable from zero (Table 6). In the distribution of alphas we observe 
significant out- and underperformance. If the abnormal returns would be a result of luck, 
both the alpha estimate and bootstrap results would support an efficient market. However, 
the results of the bootstrap show that most out- and underperformance is due to skill or bad 
skill. Our results differ from those of Fama & French (2010) in this respect, they find that 
almost all alphas can be attributed to luck and that the estimated alpha net of costs is -0.9 
percent annually. Therefore, the US market seems to be more efficient than the Swedish. 
Since we do not know the exact investment strategies of the individual funds, we do not 
know what the source of the abnormal performance is. Therefore, we cannot classify the 
Swedish market into a specific form of efficiency. However, the fund returns in the top five 
percentiles appear likely to stem from skill and if they do not base their investment 
decisions on insider information we can reject the strong and semi-strong form of 
efficiency for the Swedish market. A final remark on efficient markets is that the alphas 
have decreased over time, which indicates that the market has become more efficient over 
time. 

We find opposing evidence for the equilibrium state of the theory by Berk & Green (2004). 
While we cannot reject the theory based on our results, we can conclude that the Swedish 
market is not in equilibrium according to Berk & Green (2004). In the equilibrium state of 
their theory, funds have enough skill to cover their costs. That is, the alpha is zero net of 
costs. In the aggregate, this is very close to the result we find. However, Berk & Green 
predict that all funds have enough skill to produce at least zero alphas after costs and 
positive alphas before costs. This is because when a fund outperform, they receive cash 
inflow to point where they cannot find investments that generate positive alpha. Therefore, 
they will have zero alphas net of costs. Funds that underperform will by the same 
mechanism disappear because investors are rational and do not allocate funds to inferior 
funds. We observe a wide range of outperformance, underperformance and neutral 
performance. Many funds have negative estimated alphas that are a result of bad skill. In 
the theory of Berk & Green these funds would cease to exist but in our sample they 
continue to survive. Fama & French (2010) completely rejects Berk & Greens (2004) 
theory since they find negative alphas net of costs and that almost no funds exhibit positive 
alphas attributed to skill. Even though we find that the top 95th percentile of funds have 
actual t-values that can be attributed to skill, our results are still far from the equilibrium 
state predicted by Berk & Green. 

Sharpe (1991) predicts that funds will underperform with the amount of expenses they 
incur; this would translate to an average underperformance of 1.26 percent annually in our 
sample. However, we observe approximately neutral performance net of costs and 
outperformance of 1.2 percent before costs. While we do not question the theoretical 
conclusions of Sharpe, there are a number of possible explanations for the deviation of our 
results and those predicted by Sharpe. First, we have a sample of funds that do not 
constitute the entire population of active investors which means that our sample of funds 
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can still generate abnormal performance at the expense of, for example, foreign funds 
investing in Sweden or funds that do not report their NAV to the Swedish Investment Fund 
Association. Second, we have not studied the performance of passive investors in detail so 
we cannot say if their performance mimics that of the market. While Fama & French (2010) 
find support for Sharpe's equilibrium accounting, we do not. The possible reasons for the 
difference might be that Fama & French (2010) captures the entire population and that 
foreign funds investing in the US represents a smaller portion of the fund on the US market. 

Net of costs we find that the average fund do not generate abnormal performance that is 
significantly different from zero. The majority of studies we have discussed find 
underperformance (see Table 4), thus our results are more positive. Our results are close to 
those of Busse et al. (2010) who find that the equally weighted annual alpha is 0.04 percent 
net of costs and 0.8 percent before costs. Busse et al. studies a US sample for 
approximately the same time period and use a four-factor model. The evidence we find also 
supports the results of Ferreira et al. (2010) who finds that Swedish funds on average have 
neutral performance after costs during 1999-2005. Henricks et al. (1993) finds neutral 
performance compared to a value-weighted CRSP index. However, they do not use the 
same method of estimating alphas and the time-period is 1974-1988. 

When we divide the sample in to four periods, we find tendencies similar to the results of 
Barras et al. (2010). In our sample the number of funds has increased while the share of 
funds with significant and positive estimated alphas have decreased. Barras et al., find a 
significant portion of positive alphas before 1996 but almost none by 2006. We find that 
between 1993 and 1997 the share of significant positive alphas were 14.9 percent and in the 
last period, 2008-2011 we find that only 1.4 percent of funds have significant positive 
alphas. Barras et al. also find that 75.4 percent of funds have neutral performance; in our 
sample 82 percent of funds have estimated alphas indistinguishable from zero. Barras et al. 
however, find that 24 percent of funds underperform while we find that only 11.3 percent 
underperform. We also find a larger share of positive estimated alphas, 6.7 percent 
compared to 0.6 percent. 

The returns of the explanatory variables of our study and that of Fama & French (2010) are 
quite similar with the exception of the momentum factor. We find that the momentum 
factor only generates 0.17 percent (t = 0.64) in monthly return while Fama & French find 
that the momentum factor in the US market produce a return of 0.79 percent monthly (t = 
3.01). The momentum factor has the highest return of the explanatory returns in their study. 
In our study the market premium (Rm - Rf) has the highest return at 0.84 percent (t = 2.16). 
Fama & French find that the market premium returns to 0.64 percent per month (t = 4.36).  
Similar to Fama & French we find that the small-big factor has low return and t-value; the 
average annual return in our sample is 0.04 percent (t = 1.13) and in their sample the return 
is 0.03 percent (t = 0.13). The high-low factor has a return of 0.37 percent (t = 1.13) in our 
sample compared to the 0.4 percent return (t = 3.17) in their sample. 

Compared to Fama & French (2010) our estimates of alpha are more positive, they find that 
the average estimated alpha is -0.92 percent after costs and 0.39 percent before costs. 
Compared to our results, US funds have an estimated alpha that is 0.96 percentage points 
lower after costs and 1.31 percentage points lower before costs. A possible explanation for 
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this difference is that the competition on the US market is higher and investments that earn 
abnormal returns are scarcer. That is, the US market is relatively more efficient than the 
Swedish. The difference might also be explained by the difference in the market return 
(Rm). They use a value-weighted index consisting of returns from stocks listed on the 
NYSE, Amex and NASAQ. These return series are the same as the ones used in the 
construction of the explanatory factors. Due to legal restrictions (SFS 2004:46), a Swedish 
fund cannot own a security that is weighted heavier than ten percent in their total portfolio 
holdings. Therefore, we use an index that accounts for the restrictions. However, this 
difference should not have a major effect since the index reflects the possible investment 
set for mutual equity funds on the Swedish market. 

Among the Swedish studies, only Emtemark & Liu (2009) found neutral alphas net of costs. 
They also estimated alphas using the CAPM, three-factor and four-factor models but study 
a shorter time period (1998-2008) and have fewer funds in their sample (75). We have used 
different samples and periods but the results regarding alphas are in agreement. When 
looking at specific time periods our results for 1993-1997 shows a positive alpha of 3.1 
percent p.a. while Dahlquist et al. (2000) finds average outperformance of 0.5 percent p.a. 
for 1992-1997. However, we find evidence of skill and bad skill, which contradicts 
Emtemark & Liu (2009) and Dahlquist et al. (2000) who find no persistence in 
performance. An explanation for the differing results is that we use longer return histories 
than other studies. This could mean that the evidence of no persistence found by Dahlquist 
et al. and Emtemark & Liu are based on noise since they use shorter time-series to perform 
the persistence tests. For 1998-2002 we find outperformance of 1.9 percent p.a. on average 
while Engström (2000) finds outperformance of 3.2 percent for small cap funds and 1.7 
percent for Sweden funds. These results are however not directly comparable because of 
the different models applied. 
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7 Conclusions 

For the period January 1993 to December 2011 and using sample free of survivorship bias 
we find that on average, Swedish mutual equity funds have neutral performance net of costs 
and positive abnormal performance of 1.7 percent annually before costs. The average 
management fee roughly offsets the average abnormal performance. Alphas can generally 
be attributed to skill rather than luck. The alpha estimates net of costs can be attributed to 
skill in the top five percentiles and to bad skill in the bottom 50 percentiles. When 
measured before costs only the worst percentile performance is attributed to bad skill while 
the top 50 percentiles show skill. Average abnormal performance and the number of 
significant positive alphas have decreased over time while the number of funds has steadily 
increased. 

We have contributed to existing theory by providing out of sample evidence for US and UK 
studies. We have also studied a longer time period than previous Swedish studies. Further, 
we have differentiated between skill and luck in mutual fund performance. Finally we have 
contributed by constructing the variables of the four-factor model for the Swedish market 
for the years 1993 to 201118. We have provided two practical contributions. First, we have 
estimated the abnormal performance of mutual equity funds in Sweden using a four-factor 
model. This provides investors with information regarding aggregate and individual 
performance of mutual equity funds. Second, we find that most performance is attributed to 
skill which means that investors can put greater trust in alpha estimates. 

Recall our investor from the introductory chapter. What do the results found in this study 
tell her about how she should invest on the Swedish mutual equity fund market? Since 
average estimated fund alphas are zero after costs, she cannot achieve abnormal returns by 
creating an equally weighted portfolio of Swedish funds because the management fees of 
the funds diminish the positive alpha. If she were to choose a random single fund to invest 
in, she would most likely invest in a fund with an alpha indistinguishable from zero since 
82 percent of the funds have neutral abnormal return. In other words, she has a quite large 
chance to receive a return in proportion to the risk she is willing to take on. Since 11.3 
percent of the funds have significant underperformance, she runs the risk of choosing a 
fund that produces a reward that is less than the risk she takes on. If she is lucky, she picks 
one of the 6.7 percent of funds that have significant outperformance and where the reward 
is in fact greater than the risk. However, given the results of the bootstrap, we infer that the 
top five percentiles of funds have significant outperformance and that their performance is 
probable to be a result of skill. This means that our investor could identify these top 
performers and by investing in them, earn a positive abnormal return. Even though this is a 
better investment decision than to randomly choose a fund, we are dealing with ex-post 
returns, which means that the results during the time period studied might not hold 
indefinitely. The results of our study are good news for the investor but there are dispiriting 

                                                
18 We have calculated the factors for the years 1989 to 1992 as well but these are not included in the study. 
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results as well. The share of funds that outperform has decreased while the share of funds 
that underperform have increased since the beginning of the time period. It is possible that 
identifying outperforming funds will become even more challenging in the future. 

7.1 Further Research 

Although we view our results as quite comprehensive, there are additional aspects that can 
be incorporated in future studies on the Swedish market. First, the performance 
measurement model includes factors that are constant over time, called unconditional 
factors. Further studies could explore the difference in results when applying conditional 
factors that varies over time depending the economic environment. Ferson & Schadt (1996) 
gives a complete description on how to construct these factors and Otten & Bams (2004) 
empirically tests them on US market. Another aspect touched upon in this study is active 
and passive investors. Further studies could look at the performance of passive investors. 
For example, it is often assumed that passive investors hold the market portfolio but in 
reality this might not be true. A study on passive investors includes the challenge of 
formally distinguishing between passive and active investors but also studying passive 
investor performance in detail. Cremers & Petajisto (2009) has developed a sophisticated 
measure of how active funds are. This could be a good point of departure for studies of this 
type on the Swedish market. Finally, it would be interesting to compare the results of 
different bootstrap approaches. A suggestion for further research is therefore to study the 
Swedish market using the bootstrap simulation technique used in Kosowski et al. (2006). 
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Appendix 1 – Detailed description of the Construction of the Factors 

In section 2.2 we described how to create the factors in a four-factor performance 
measurement model. We will in this appendix describe how our factors were 
constructed in detail. All operations were made in Excel and all data were downloaded 
from Datastream. The documents are available upon request. For students who want to 
construct the three- or four-factors models, we can provide the Excel-documents and 
edited lists in Datastream. 

We only want to include stocks in the portfolios. Other securities such as options, 
warrants etc. will be excluded. We also want the stocks to have data on market equity 
value, book equity value and returns including dividends. 

First, we wanted all stocks that had existed at some time between 1990-01-01 to 2011-
12-31 (the timeframe of the study was later changed to 1993-01-01 – 2011-12-31). We 
downloaded a list of these stocks by using the mnemonic codes FSWD (alive Swedish 
stocks) and DEADSD (dead Swedish stocks) in Datastream. This original list contained 
1871 securities. In this list we deleted all securities that were not categorized as equities, 
that is EQ. 

After deleting the non-equity securities we had 1736 securities left in our list. Out of the 
1736 we deleted another 205 stocks that had no start or stop date, or had existed for less 
than 360 days. This was performed to eliminate warrants and other flaws in the dataset. 
With the remaining 1531 securities we requested a return index (includes dividends) 
from Datastream, all securities with “DATA ERROR” were excluded and we had 1477 
stocks left in our list. 

After this we requested market value (MV) and deleted “DATA ERROR” leaving us 
with 1471 stocks. Finally we requested book equity (WC03501), again we deleted 
securities with no data on book value leaving us with 882 securities. From these we 
deleted two securities with a deviating currency resulting in 880 securities denominated 
in SEK. After this we deleted no further securities. 

With the final dataset (880 securities) we started modifying the data for our purposes. 
We divided book equity with 1000 to get BE in millions, this because market equity 
was expressed in millions. BE was then divided by ME to get the book to market equity. 
We then deleted single observations of BE or ME below 1, that is under one million. 

We then transformed the return index to returns by the expression (t/t-1)-1. 

The risk-free rate (1 month SSVX) and market return (SIXPRX) were requested from 
DataStream and added to the document leaving us with all relevant data to calculate the 
factors. 

When constructing the SMB and HML factor we formed all portfolios at the end of 
June each year and observed the value weighted returns for each portfolio until the end 
of June the next year when we formed new portfolios. Since the dataset includes stocks 
that are alive for different time periods during 1993-2012 all stocks will not be sorted 
into a portfolio for all time periods since they do not exist in all time periods. 
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When the portfolios are constructed it is simply a matter of arithmetic to calculate the 
factors for all time periods (months). 

When constructing the MOM factor we used the same dataset but with more frequent 
updates and new portfolios. Securities were sorted on performance in t-12 to t-2 and the 
return of month t was used in the respective portfolios. Again when all portfolios were 
created it is a simple matter to calculate the factor for all time periods. 

For further information and readily available factors visit Kenneth French’s web page: 
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/f-f_factors.html. 
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Appendix 2 - Individual Regression Runs of Equation (3) 

 β  s  h  m  α  R2  n  

Agenta Svenska 
Aktier 

0.943** 0.009 -0.011 0.028 0.000 0.966 66 

-2.011 0.352 -0.349 0.741 0.310 
  

Aktie-Ansvar 
Sverige 

0.945*** -0.011 -0.024 0.086*** 0.001 0.962 212 

-4.008 -0.636 -1.511 4.484 0.752 
  

Aktiespararna 
Topp Sverige 

(index) 

1.054*** -0.066*** -0.143*** 0.086*** -0.001 0.970 144 

3.273 -3.186 -7.572 3.861 -0.679 
  

Alfred Berg 
Småbolagsfond 

1.097 0.284** 0.088 -0.072 0.001 0.804 29 

0.806 2.334 0.870 -0.532 0.191 
  

Alfred Berg 
Sverige Plus 

1.056* -0.038 -0.095*** -0.005 -0.004** 0.923 137 

1.903 -1.078 -2.653 -0.132 -2.073 
  

AMF Aktiefond 
Småbolag 

1.092* 0.261*** 0.052 -0.018 0.002 0.878 90 

1.790 5.049 0.823 -0.248 0.807 
  

AMF Aktiefond 
Sverige 

0.999 -0.033 -0.036 0.081*** 0.003*** 0.944 155 

-0.055 -1.277 -1.576 2.937 2.760 
  

Avanza Zero 
0.974 -0.058*** -0.045* 0.041 0.000 0.983 66 

-1.270 -2.961 -1.899 1.466 0.258 
  

Awake Swedish 
Equity 

0.991 0.266*** -0.02 -0.098 -0.001 0.865 67 

-0.149 4.517 -0.280 -1.161 -0.466 
  

Banco Etisk 
Sverige Pension 

Inc 

1.049 -0.02 -0.065 -0.134*** -0.003 0.955 79 

1.509 -0.471 -1.578 -3.069 -1.461 
  

Banco Etisk 
Sverige Special 

1.126*** -0.024 -0.104*** -0.018 -0.002 0.957 147 

5.814 -0.872 -4.412 -0.614 -1.330 
  

Banco Hjälp 
1.074*** 0.001 -0.093*** -0.016 -0.002 0.942 194 

3.535 0.036 -3.904 -0.548 -1.484 
  

 β  s  h  m  α  R2  n  

Banco Human 
Pension 

1.036 -0.024 -0.053* -0.062* -0.003** 0.964 106 

1.512 -0.864 -1.703 -1.792 -2.459 
  

Banco 
Humanfonden 

1.06*** -0.021 -0.047** -0.028 -0.002** 0.958 227 

3.872 -1.080 -2.530 -1.245 -2.514 
  

Banco Ideell 
Miljö 

1.044*** -0.012 -0.046** -0.034 -0.001 0.958 227 

2.902 -0.615 -2.536 -1.570 -1.359 
  

Banco Kultur 
1.052*** -0.036 -0.039* -0.024 -0.002** 0.957 177 

2.810 -1.571 -1.865 -0.919 -2.152 
  

Banco Samarit 
Pension 

1.037 -0.025 -0.051 -0.064* -0.003** 0.965 106 

1.576 -0.882 -1.659 -1.867 -2.452 
  

Banco 
Samaritfonden 

1.048*** -0.027 -0.046** -0.033 -0.002** 0.951 210 

2.683 -1.196 -2.222 -1.316 -2.223 
  

Banco Småbolag 
1.111*** 0.434*** -0.255*** 0.053 0.001 0.797 226 

2.706 8.585 -5.226 0.908 0.488 
  

Banco Svensk 
Miljö 

1.025 0.068** -0.081*** 0.039 -0.001 0.897 204 

0.950 2.064 -2.717 1.076 -0.628 
  

Banco Sverige 
1.06*** 0.005 -0.037* -0.013 -0.002 0.960 205 

3.633 0.264 -1.947 -0.547 -1.635 
  

Banco Teknik & 
Innovation 
Pension Inc 

1.092 0.815*** -0.113 -0.086 -0.017*** 0.863 79 

1.333 9.008 -1.295 -0.921 -4.460 
  

Carlson Sweden 
A Acc 

0.916*** -0.006 -0.037 0.026 0 0.896 195 

-3.568 -0.190 -1.240 0.771 0.207 
  

Carnegie Svea 
Aktiefond 

0.934** -0.013 -0.063* 0.003 0 0.962 72 

-2.428 -0.461 -1.922 0.072 -0.090 
  

Carnegie Sverige 
1.063*** -0.015 -0.147*** -0.014 0.001 0.965 151 

3.339 -0.601 -6.370 -0.509 0.492 
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 β  s  h  m  α  R2  n  

Carnegie Sverige 
Select 

0.874*** -0.075** -0.049 -0.024 0.004** 0.966 50 

-3.962 -2.551 -1.347 -0.543 2.316 
  

Carnegie 
Sverigefond 

0.92*** -0.025 -0.057*** 0.02 0.002** 0.934 227 

-4.729 -1.192 -2.807 0.822 2.261 
  

Carnegie 
Swedish Equity 

A 

0.786*** 0.019 0.086*** -0.025 -0.003* 0.843 155 

-7.217 0.512 2.676 -0.643 -1.903 
  

Carnegie 
Swedish Large 

Cap 1A 

1.088 -0.005 -0.005 -0.04 -0.004 0.958 23 

1.547 -0.088 -0.106 -0.544 -1.304 
  

Carnegie 
Swedish Small 

Cap 1A 

1.201 0.135 0.06 -0.234 0.005 0.871 21 

1.620 0.981 0.587 -1.428 0.728 
  

Catella Reavinst 
fond 

1.147*** 0.064** -0.164*** 0.081*** 0.002 0.954 165 

6.909 2.406 -6.968 2.789 1.540 
  

Catella Sverige 
Passiv 

1.009 -0.02 0.002 0.006 0 0.987 157 

0.876 -1.597 0.217 0.446 -0.339 
  

Catella Sverige 
Select 

0.87*** 0.043 -0.124*** 0.045 0.001 0.922 165 

-6.044 1.585 -5.243 1.521 1.155 
  

Cicero Focus 
0.938 -0.041 -0.055 -0.027 0.002 0.852 56 

-0.895 -0.627 -0.681 -0.286 0.527 
  

Cicero MÖ 
Sverige 

1.026 0.042 -0.014 0.17*** -0.003 0.862 142 

0.723 0.949 -0.330 3.561 -1.527 
  

Cicero Sverige 
Fond SEK 

0.981 0.013 -0.038* 0.018 -0.001 0.968 132 

-1.085 0.650 -1.746 0.691 -0.769 
  

Cliens Relativ 
0.977 0.018 0.056 0.131** -0.002 0.918 83 

-0.574 0.461 1.166 2.292 -0.889 
  

Coeli Fonder 
Covered Call Inc 

0.661*** 0.01 -0.064 0.003 -0.007*** 0.841 60 

-7.678 0.179 -0.952 0.049 -2.743 
  

 β  s  h  m  α  R2  n  

Coeli Sverige Inc 
1.06 0.397*** -0.211** 0.1 -0.007** 0.804 95 

0.989 5.642 -2.210 1.074 -2.058 
  

Danske Invest 
SRI Sverige 

0.987 -0.002 -0.003 -0.034 -0.001 0.978 107 

-0.724 -0.074 -0.116 -1.338 -1.272 
  

Danske Invest 
Sverige 

1.008 -0.017 -0.016 0.04 0.001 0.939 165 

0.359 -0.607 -0.679 1.342 0.809 
  

Danske Invest 
Sverige Fokus 

0.947 -0.047 -0.123 -0.299*** 0 0.840 74 

-0.841 -0.749 -1.612 -3.343 0.146 
  

Danske Invest 
Sweden A 

1.033 0.001 -0.07** 0.048 0 0.919 175 

1.318 0.021 -2.495 1.372 0.039 
  

Didner & Gerge 
Aktiefond 

Sverige 

1.053* 0.061* -0.03 -0.079* 0.005*** 0.883 205 

1.803 1.653 -0.892 -1.940 3.248 
  

Didner & Gerge 
Småbolag 

1.146 0.28*** 0.059 -0.235* 0.007 0.865 35 

1.380 3.255 0.605 -1.986 1.383 
  

DNB 
Småbolagsfond 

0.97 0.288*** -0.063 -0.004 0.004** 0.814 227 

-0.926 7.214 -1.631 -0.091 2.131 
  

DNB Sverige 
Koncis 

1.012 -0.024 -0.054** 0.023 -0.001 0.956 133 

0.543 -0.954 -2.038 0.747 -0.536 
  

DNB 
Sverigefond 

0.975 -0.041 -0.003 -0.016 0.001 0.882 227 

-1.025 -1.344 -0.109 -0.464 0.868 
  

DNB Sweden 
Micro Cap 

0.95 0.463*** 0.001 0.038 0.003 0.784 174 

-1.217 9.023 0.032 0.672 1.368 
  

Eldsjäl Gåvofond 
Inc 

1.029* -0.03 -0.083*** 0.013 -0.001 0.967 179 

1.871 -1.531 -4.713 0.622 -0.577 
  

Eldsjäl 
Sverigefond Inc 

1.022 -0.032 -0.086*** 0.015 -0.001 0.966 179 

1.434 -1.609 -4.878 0.685 -0.583 
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 β  s  h  m  α  R2  n  

Enter Select 
1.04 0.068 0.063 0.008 0.001 0.925 51 

0.707 1.294 0.986 0.104 0.287 
  

Enter Select Pro 
1.037 0.065* 0.06 0.044 0.001 0.919 93 

0.953 1.678 1.272 0.809 0.446 
  

Enter Sverige 
1.02 0.03 -0.007 0.06** -0.001 0.955 143 

0.987 1.231 -0.289 2.301 -0.535 
  

Enter Sverige Pro 
1.029 0.028 -0.031 0.077*** 0.001 0.953 143 

1.425 1.127 -1.322 2.843 0.754 
  

Evli Aktieindex 
Sverige(OMX) 

1.067*** -0.091*** -0.147*** 0.086*** 0 0.971 185 

4.491 -4.816 -8.681 4.145 -0.515 
  

Evli Sverigefond 
0.999 -0.016 -0.023 0.003 -0.001 0.979 59 

-0.046 -0.694 -0.786 0.086 -0.630 
  

Evli Swedish 
Small Cap 

Selection A 

1.007 0.325*** 0.085 -0.182 0.008* 0.890 42 

0.084 4.616 0.999 -1.683 1.842 
  

Folksam Frenade 
Liv Sverige Inc 

0.998 -0.031 -0.026 0.013 0 0.967 53 

-0.060 -1.095 -0.752 0.338 -0.162 
  

Folksam LO 
Sverige 

1.03** -0.045*** 0.005 0.026* -0.001 0.984 152 

2.546 -3.142 0.412 1.674 -0.913 
  

Folksam LO 
Västfonden 

1.021* -0.039*** 0.004 0.036** 0 0.984 152 

1.824 -2.745 0.300 2.324 -0.547 
  

Folksams 
Aktiefond 

Sverige 

1.01 -0.026* 0.005 0.016 0 0.981 206 

0.974 -1.955 0.404 1.042 0.007 
  

Folksams 
Tjänstemanna 

Sverige 

1.025** -0.042*** 0.009 0.015 -0.001 0.985 143 

2.132 -2.996 0.719 0.991 -1.187 
  

Granit Småbolag 
1.214 0.123 -0.059 -0.045 0.004 0.928 11 

1.614 0.937 -0.661 -0.300 0.626 
  

 β  s  h  m  α  R2  n  

Granit Sverige 
130/30 

1.059 -0.003 -0.03 0.014 -0.002 0.938 11 

0.530 -0.023 -0.399 0.109 -0.344 
  

Guide Aktiefond 
Sverige 

1.017 0.015 0.004 -0.048 -0.001 0.945 97 

0.592 0.540 0.125 -1.178 -0.972 
  

GustaviaDavegår
dh Småbolag 

0.843 0.443*** 0.037 -0.027 0.006 0.723 35 

-1.365 4.714 0.348 -0.207 0.996 
  

GustaviaDavegår
dh Sverige 
Maximal 

0.912* 0.195*** 0.042 -0.037 -0.003 0.928 46 

-1.711 4.291 0.757 -0.532 -1.215 
  

GustaviaDavegår
dh Sverige SEK 

1.03 0.228*** 0.063 -0.066 0.001 0.879 97 

0.653 5.115 1.125 -1.018 0.432 
  

Handelsbanken 
30 i Topp Index 

1.004 -0.058*** -0.044* -0.015 -0.001 0.976 107 

0.228 -2.703 -1.848 -0.575 -1.360 
  

Handelsbanken 
AstraZeneca 

Allemans 

0.758*** -0.14*** -0.271*** 0.079 0.001 0.749 118 

-5.431 -2.740 -4.593 1.183 0.315 
  

Handelsbanken 
Mega Sverige 

Index 

1.007 0.012 0.015 0.005 -0.001 0.991 118 

0.636 1.009 1.098 0.347 -1.414 
  

Handelsbanken 
Radiohjälpsfonde

n Inc 

1.004 -0.052** -0.034* 0.02 -0.002 0.966 167 

0.235 -2.596 -1.740 0.887 -1.651 
  

Handelsbanken 
Ruotsi Selective 

A 

0.947 -0.009 -0.068 0.026 0.001 0.886 77 

-1.120 -0.192 -1.170 0.385 0.301 
  

Handelsbanken 
SBC Bofonden 

0.99 -0.075*** -0.026* -0.009 -0.002** 0.968 227 

-0.764 -4.897 -1.754 -0.498 -2.433 
  

Handelsbanken 
Svenska 

Småbolag 

1.034 0.328*** -0.015 0.048 0.002 0.826 204 

0.982 7.442 -0.373 0.979 1.154 
  

Handelsbanken 
Sverige Index 

Etisk 

1.085*** 0.023 0.01 -0.022 -0.001 0.974 77 

3.349 0.908 0.330 -0.597 -1.013 
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 β  s  h  m  α  R2  n  

Handelsbanken 
Sverigefond 

1.046*** -0.022 -0.021 -0.009 -0.001* 0.975 203 

3.555 -1.366 -1.438 -0.483 -1.818 
  

Handelsbanken 
Sverigefond 

Index 

1.008 -0.039*** 0.003 0.017 -0.001 0.983 227 

0.837 -3.462 0.323 1.295 -0.946 
  

Handelsbanken 
Sweden Shares 

0.983 0.02 -0.031 -0.066** -0.002 0.933 167 

-0.747 0.690 -1.095 -2.056 -1.456 
  

Humle 
Småbolagsfond 

1.082 0.43*** 0.09 -0.033 0.001 0.899 46 

1.101 6.552 1.132 -0.333 0.260 
  

Jyske Invest 
Swedish Equities 

1.005 0.013 -0.017 0.042** -0.001 0.973 173 

0.341 0.756 -1.122 2.256 -1.596 
  

Kaupthing 
Swedish Growth 

1.18*** 0.143** -0.26*** 0.002 0 0.857 133 

3.747 2.396 -4.708 0.037 -0.122 
  

Lannebo 
Småbolag 

0.863*** 0.215*** 0.07 -0.054 0.006*** 0.830 136 

-3.598 4.750 1.521 -1.005 2.819 
  

Lannebo Sverige 
0.963 0.07** 0.066** -0.056 0.002 0.924 136 

-1.346 2.178 2.012 -1.467 1.126 
  

Lannebo Sverige 
130/30 

1.216** 0.139** 0.043 0.007 -0.001 0.917 35 

2.646 2.086 0.571 0.082 -0.367 
  

Länsförsäkringar 
Mega Sverige Inc 

1.032** -0.087*** -0.073*** 0.017 -0.001 0.976 160 

2.191 -4.580 -4.294 0.895 -0.777 
  

Länsförsäkringar 
Småbolagsfond 

1.131*** 0.543*** -0.099** 0.073 0.003 0.844 170 

3.183 10.383 -2.138 1.286 1.126 
  

Länsförsäkringar 
Sverige Index 

1.026 -0.016 0.013 0.026 -0.002 0.983 36 

0.866 -0.683 0.451 0.770 -1.377 
  

Länsförsäkringar 
Sverigefond 

1.027 -0.035 -0.065*** 0.058** -0.001 0.947 216 

1.562 -1.541 -3.081 2.299 -1.155 
  

        

 β  s  h  m  α  R2  n  

Monyx SICAV 
Sverige Topp 30 

B 

0.924** -0.03 -0.023 0.034 -0.001 0.989 20 

-2.707 -1.029 -1.065 0.974 -0.906 
  

Nordea Etiskt 
Urval 

0.993 -0.006 0.009 -0.06** -0.001 0.955 145 

-0.347 -0.237 0.406 -2.270 -0.586 
  

Nordea 
Indexfond 

Sverige 

1.049 -0.008 -0.002 0.035 -0.001 0.980 38 

1.450 -0.314 -0.071 0.847 -0.807 
  

Nordea Inst 
Aktie Sverige 

1.093*** -0.014 -0.124*** 0.028 -0.001 0.970 163 

5.659 -0.685 -6.811 1.241 -0.544 
  

Nordea 
Portföljinvest 
Sverige Inc 

1.075*** -0.07** -0.113*** -0.007 0 0.962 95 

2.790 -2.063 -4.149 -0.226 -0.158 
  

Nordea Private 
Banking Sve 

Portflj 

1.085*** -0.009 -0.145*** -0.023 -0.001 0.952 99 

3.010 -0.265 -3.291 -0.544 -0.794 
  

Nordea Private 
Banking Sverige 

Plus 

1.259*** 0.006 0.052 0.055 -0.005 0.928 29 

3.246 0.080 0.783 0.621 -1.448 
  

Nordea Selekta 
Sverige 

1.106*** -0.011 -0.104*** -0.013 -0.001 0.942 138 

3.996 -0.359 -3.261 -0.356 -0.640 
  

Nordea 
Småbolagsfond 

Sverige 

1.17 0.261 -0.021 -0.065 0.015 0.916 9 

0.932 1.261 -0.142 -0.329 1.340 
  

Nordea 
Sverigefond 

1.016 -0.028 -0.003 -0.029 -0.004** 0.888 212 

0.609 -0.821 -0.106 -0.763 -2.504 
  

Nordea Sweden 
1.038*** -0.012 -0.02 -0.017 -0.002*** 0.967 227 

2.851 -0.751 -1.258 -0.880 -2.916 
  

Nordea-1 
Swedish Equity 

BP 

0.987 -0.019 0.027 -0.047** -0.003*** 0.966 168 

-0.869 -0.967 1.577 -2.195 -2.772 
  

Nordic Equities 
Sweden 

1.124*** -0.025 0.026 0.037 -0.004** 0.979 29 

3.334 -0.676 0.823 0.882 -2.184 
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 β  s  h  m  α  R2  n  

Nordnet 
Aktieindex 

Sverige 

0.979 -0.033** -0.004 0.03* -0.001 0.997 32 

-1.539 -2.207 -0.346 1.965 -1.196 
  

ODIN Robur 
Miljø 

0.955 0.063 0.039 0.008 -0.002 0.922 89 

-1.320 1.430 1.051 0.202 -1.015 
  

ODIN Sverige 
0.886*** 0.222*** 0.194*** 0.007 0.005** 0.748 205 

-3.012 4.685 4.528 0.129 2.414 
  

PSG Small Cap 
0.991 0.38*** 0.075 -0.185 0.012** 0.757 27 

-0.070 2.989 0.712 -1.112 2.076 
  

Remium 
Småbolag 

Sverige Inc 

0.92 0.73*** -0.028 -0.019 0.004 0.691 61 

-0.733 7.109 -0.216 -0.128 0.756 
  

Scientia Sverige 
0.868 -0.029 0.014 -0.036 0.001 0.921 13 

-1.360 -0.302 0.214 -0.341 0.150 
  

SEB Choice 
Sverigefond 1 

1.035 0.163* 0.091 0.237** -0.002 0.949 30 

0.508 2.942 0.727 2.312 -0.588 
  

SEB Choice 
Sverigefond 2 

1.019 0.116* 0.072 0.024 0.002 0.935 29 

0.230 1.709 0.469 0.195 0.501 
  

SEB Ethical 
Sweden D 

0.987 -0.029** -0.044*** -0.035** -0.001 0.979 217 

-1.179 -2.101 -3.413 -2.261 -1.164 
  

SEB PB Svensk 
Aktieportfölj 

0.986 -0.017 0.009 0.023 -0.002*** 0.982 121 

-1.054 -1.071 0.484 1.127 -2.782 
  

SEB SKF 
Allemansfond 

1.012 -0.021 0.068 0.051 -0.002 0.893 104 

0.299 -0.529 1.331 0.879 -0.854 
  

SEB 
Stiftelsefond 

Sverige 

1.048** -0.031 0.024 -0.085*** -0.001 0.936 154 

1.976 -1.047 0.893 -2.614 -0.555 
  

SEB Sverige 
Indexfond 

1.069 0.017 0.002 0.035 -0.002 0.886 37 

0.823 0.274 0.030 0.375 -0.483 
  

 β  s  h  m  α  R2  n  

SEB SverigeFd 
Småbolag 

Chans/Risk 

1.02 0.301*** -0.047 0.015 0.005** 0.824 199 

0.564 6.695 -1.164 0.311 2.388 
  

SEB Sverigefond 
0.995 -0.036*** -0.026** 0.012 -0.001** 0.980 227 

-0.521 -2.941 -2.190 0.840 -2.027 
  

SEB Sverigefond 
Chans/Risk 

1.015 -0.041** -0.073*** -0.037* 0 0.968 199 

1.013 -2.252 -4.459 -1.826 0.378 
  

SEB Sverigefond 
Småbolag 

0.946* 0.211*** -0.034 0.026 0.003* 0.826 227 

-1.798 5.723 -0.958 0.610 1.672 
  

SEB Sverigefond 
Stora bolag 

0.983 -0.049*** -0.041** -0.022 0 0.957 227 

-1.170 -2.710 -2.375 -1.069 0.422 
  

SEB Swedish 
Ethical Beta 

Fund 

1.007 -0.016 0.006 -0.063 0 0.927 66 

0.152 -0.359 0.108 -0.985 -0.170 
  

SEB Swedish 
Focus 

1.054 -0.059 0.024 -0.109 0.002 0.927 60 

1.020 -1.195 0.387 -1.500 0.883 
  

SEB Swedish 
Value 

1.055 -0.053 0.066 -0.246*** 0.002 0.912 60 

0.890 -0.922 0.921 -2.931 0.651 
  

Skandia 
Aktiefond 

Sverige 

0.968** -0.047*** -0.013 0.022 0 0.964 227 

-2.496 -2.980 -0.849 1.205 0.453 
  

Skandia 
Cancerfonden 

0.987 -0.004 -0.014 0.004 0 0.959 227 

-0.907 -0.252 -0.824 0.182 0.527 
  

Skandia 
Småbolag 
Sverige 

1.059 0.272*** -0.092** 0.069 0.004 0.832 155 

1.442 5.380 -2.074 1.252 1.646 
  

Skandia Svea 
Aktiv 

1.057 -0.007 -0.104* 0.073 -0.004 0.937 44 

1.049 -0.137 -1.790 0.984 -1.361 
  

Skandia Swedish 
Eq A 

1.027 0.054* 0.041 0.01 -0.002 0.937 134 

1.034 1.757 1.295 0.254 -1.273 
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 β  s  h  m  α  R2  n  

Skandia Swedish 
Eq I SEK 

1.34* 0.087 0.035 -0.082 -0.001 0.911 11 

2.008 0.521 0.308 -0.430 -0.113 
  

Skandia 
Världsnaturfonde

n 

0.975 -0.017 -0.021 0.006 0 0.954 227 

-1.651 -0.903 -1.210 0.277 0.484 
  

Sparbanken 
Sverige 

1.025 0.006 0.008 -0.047 -0.005* 0.947 37 

0.448 0.153 0.165 -0.770 -1.924 
  

Spiltan Aktiefond 
Dalarna 

0.918 0.137*** 0.016 -0.08 0.001 0.902 57 

-1.564 2.741 0.254 -1.130 0.316 
  

Spiltan Aktiefond 
Stabil 

0.639*** 0.142*** 0.097** -0.013 0.002 0.801 107 

-9.912 3.866 2.100 -0.258 0.866 
  

Spiltan Aktiefond 
Sverige 

0.97 0.149*** 0.101 -0.013 0 0.834 107 

-0.610 3.029 1.631 -0.187 -0.040 
  

Spiltan Småland 
0.89* 0.209*** 0.086 -0.061 0.003 0.908 41 

-1.742 3.952 1.330 -0.754 0.794 
  

SPP Aktiefond 
Sverige 

1.067*** -0.091*** -0.142*** 0.097*** -0.001 0.963 155 

3.670 -4.069 -7.205 4.006 -0.457 
  

SPP Aktiefond 
Sverige Aktiv 

1.036*** -0.042** -0.028* 0.036* 0 0.973 190 

2.655 -2.489 -1.833 1.907 0.345 
  

SSgA Sweden 
Index Equity 

Fund P 

1.11*** -0.061** -0.133*** 0.093*** -0.002 0.956 175 

5.600 -2.499 -6.014 3.448 -1.510 
  

Strand 
Småbolagsfond 

0.773*** 0.276*** 0.09 -0.041 0.002 0.739 58 

-2.858 3.634 0.956 -0.377 0.579 
  

Svenska Kyrkans 
Miljöfond Inc 

0.955 0.098** 0.028 0.016 -0.002 0.906 108 

-1.311 2.258 0.765 0.381 -1.254 
  

Swedbank Robur 
Ethica Miljö 

Sverige 

0.995 0.06** 0.063** -0.013 -0.002 0.928 165 

-0.231 2.054 2.431 -0.396 -1.583 
  

 β  s  h  m  α  R2  n  

Swedbank Robur 
Ethica Sverige 

1.071*** -0.036** -0.064*** -0.038** -0.002** 0.968 227 

5.264 -2.151 -3.954 -1.973 -2.381 
  

Swedbank Robur 
Ethica Sverige 

MEGA 

1.031* -0.012 -0.007 0 -0.001 0.979 106 

1.861 -0.731 -0.307 -0.018 -1.016 
  

Swedbank Robur 
Exportfond 

1.004 -0.024 0.173*** -0.055 -0.001 0.892 225 

0.149 -0.774 5.833 -1.522 -0.334 
  

Swedbank Robur 
Hockeyfond 

1.02 0.021 -0.014 -0.008 -0.001 0.982 102 

1.211 1.134 -0.569 -0.313 -1.403 
  

Swedbank Robur 
Indexfond 

Sverige 

1.022 -0.017 0.001 0.021 -0.001 0.987 55 

1.049 -0.878 0.046 0.742 -0.826 
  

Swedbank Robur 
Småbolagsfond 

Sverige 

1.039 0.299*** -0.045 0.018 0.002 0.823 192 

1.057 6.419 -1.067 0.348 0.962 
  

Swedbank Robur 
Stella Småbolag 

1.126*** 0.405*** -0.207*** 0.017 0.002 0.822 180 

2.915 7.397 -4.220 0.277 0.972 
  

Swedbank Robur 
Stella Sverige 

1.023 0.053 0.028 0.066 -0.002 0.889 54 

0.358 0.876 0.371 0.740 -0.651 
  

Swedbank Robur 
Svensk 

Aktieportfölj 

1.113*** 0.012 0.044 -0.05 0 0.944 90 

3.222 0.351 1.026 -0.997 -0.092 
  

Swedbank Robur 
Sverigefond 

1.009 0.017 0.05*** 0.001 -0.001 0.968 227 

0.745 1.090 3.322 0.069 -0.986 
  

Swedbank Robur 
Sverigefond 

MEGA 

1.018 0.011 0.042*** 0.019 0 0.974 192 

1.414 0.693 2.838 1.079 -0.274 
  

Swedbank Robur 
Vasaloppsfond 

1.023 0.018 -0.018 -0.007 -0.001 0.981 101 

1.421 0.941 -0.705 -0.278 -1.201 
  

Systematiska 
Covered Call 

0.564*** -0.039 -0.025 0.121* -0.004 0.813 46 

-8.231 -0.846 -0.446 1.701 -1.405 
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 β  s  h  m  α  R 2  n  

Tanglin Tangent 
1.33*** 0.605*** 0.123 -0.285* 0.013** 0.834 50 

2.792 5.509 0.915 -1.743 2.054 
  

Team Catella 
Tennisfond 

0.912** 0.097** -0.052 0.036 0 0.913 75 

-2.267 2.466 -1.087 0.646 -0.115 
  

Trevise 
Tillväxtfond Inc 

0.983 -0.023 0.007 -0.075*** 0.001 0.946 156 

-0.791 -0.835 0.302 -2.734 0.780 
  

Utdelningsfonde
n Särimner 

0.782** -0.043 -0.069 0.117 -0.004 0.857 23 

-2.743 -0.521 -1.043 1.135 -0.959 
  

Valbay Swedish 
Equity Fund 

0.41 -0.581 -0.157 0.106 -0.019 0.711 8 

-1.233 -0.659 -0.754 0.365 -0.468 
  

Västernorrlandsf
onden 

0.89*** -0.044** 0.007 -0.024 0 0.960 97 

-5.105 -2.071 0.273 -0.770 -0.389 
  

Ålandsbanken 
SICAV Swedish 

Growth A 

1.072* 0.003 0.031 -0.013 -0.001 0.944 76 

1.909 0.067 0.670 -0.245 -0.246 
  

Ålandsbanken 
Sweden 

OMXS30 

1.078*** -0.096*** -0.14*** 0.109*** -0.001 0.968 169 

4.751 -4.630 -7.678 4.879 -0.807 
  

Ålandsbanken 
Swedish Small 

Cap 

1.165*** 0.483*** -0.167*** 0.17*** -0.002 0.795 211 

3.780 8.755 -3.324 2.779 -0.895 
  

Öhman Etisk 
Index Sverige 

0.997 -0.046*** 0.002 -0.002 -0.001** 0.997 75 

-0.334 -5.943 0.177 -0.143 -2.200 
  

Öhman 
Sverigefond 

1.047*** -0.031 -0.121*** 0.071*** 0.001 0.970 188 

3.212 -1.649 -7.258 3.467 0.973   

Notes: The first row for each fund contains coefficient estimates and the second row contains t-
values. n = number of months. All estimates are monthly.  *** = significant at 10 percent, ** = 
significant at 5 percent, * = significant at 1 percent. All tests are two-tailed t-tests where df = n – k 
– 1. The total number of funds is 166 and the estimates are based on observations of returns 
during January 1993 to December 2011. 
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