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 I 

Abstract  

Throughout this thesis we have investigated the American and Norwegian mutual 

funds’ performance by employing Jensen’s alpha (1968), Fama and French’s Three-

factor model (1993), Carhart’s Four-factor model (1997), Fama and French’s Five-

factor model (2015), and further ran a bootstrap simulation similar to that of 

Kosowski et al. (2006) and Fama and French (2010). The purpose of this thesis is 

to examine how actively managed equity mutual funds have performed during the 

Covid-19 pandemic, which in this thesis is defined as the period between January 

2019 to January 2021, compared to the 2008 financial crisis. Thus, we have 

evaluated performance on both the entire sample period consisting of data from 

2007-2021, as well as sub-periods representing the two different crises where the 

market was in recession and a control period where the market was in expansion. 

 

We do not find evidence that U.S. mutual funds on average are able to generate 

abnormal returns in any of the time periods, nor possess the sufficient skills to cover 

their cost in the full period, the control period, or during the Covid-19 pandemic. 

However, during the financial crisis, we did find an increase of alpha in all models 

with evidence of some good skill among the fund managers. The alphas are only 

statistically significant with regards to the total period and the control period. 

 

We found, nevertheless, the opposite results in Norway. Our findings indicate that 

the alpha is significantly positive in the total period, and positive even during the 

financial crisis and the control period. In these periods the mutual fund managers 

did show evidence of skill after adjusting for luck. Despite this, the alpha is 

observed as negative through the Covid-19 pandemic, and our simulation indicates 

that this is due to poor skill. 
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1.0 INTRODUCTION 

Equity mutual funds are well-known to underperform passive benchmarks (Jensen, 

1968; Carhart, 1997; Fama and French, 2010). For example, Carhart (1997) 

discovered that the more actively a mutual fund manager trades, the lower the 

benchmark-adjusted net returns are. There is no such thing as a “free lunch” even 

in financial theory, which translates that changing one’s asset distribution will not 

result in higher projected returns without raising risk (assuming no mispricing). 

Nevertheless, the mutual fund market continues to grow. 

 

The financial crisis had its start in 2008 and there was only one mutual fund that 

turned a profit in 2008 according to Morningstar Data (Papagiannis, 2010) relative 

to the S&P 500 index which fell 38,5% (Steverman, 2009). During the Covid-19 

pandemic, S&P 500 shed 34% of its value over a five week period from February 

19 in 2020, which is the steepest decline in recorded history, before it rose by 52% 

to a new record high in 2020 (Statista, 2021b) and the S&P 500 continues to set 

new record highs into June 2021 (Ostroff, 2021).  

 

One popular hypothesis is that active funds outperform passive funds in market 

recessions when investors value performance as the most important factor. Based 

on this, and previous research on mutual fund performance, made us want to 

investigate if an investor gets what she pays for when investing in an actively 

managed fund, or if you are better off by investing in an index fund during a crisis. 

 

Throughout this master thesis, we will analyse the performance of American and 

Norwegian actively managed mutual funds’ performance during recessions and 

expansions from January 2007 to January 2021. The performance of mutual funds 

has previously been extensively studied, with divided findings on whether mutual 

funds actually do outperform the market. However, the Norwegian mutual fund 

industry has only been studied by a few researchers. We cannot rule out that there 

is a greater probability of abnormal returns in the Norwegian market due to a less 

competitive and efficient market, in comparison to, for example, the American 

market (Dyck et al., 2013). Hence, we chose both the Norwegian and American 

markets in our paper, to investigate if there exist any significant differences. 
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Our data consists of 25 Norwegian open-ended mutual equity funds and 30 

American open-ended mutual equity funds, both collected and based on the highest 

fund size in each market. We selected the funds based on the highest fund size in 

both countries as this provides a better basis for comparison. This also increases the 

chance for a fund to survive both recessions.  

 

The main purpose of this paper is to evaluate the performance of mutual funds 

during the ongoing Covid-19 pandemic in comparison to the 2008 financial crisis, 

and further to disclose whether the performance is due to skill or luck. The financial 

market has naturally and consequently reacted to the global pandemic we are 

currently amid. This situation offers a unique opportunity to conduct research, and 

apply financial theories and models to explore how the financial market has 

responded to the global Covid-19 pandemic compared to the financial crisis in 

2008. Hence, we can examine whether previous findings on mutual fund 

performance during recessions are consistent or not. As a result, we aim to 

contribute to the existing research on mutual fund performance and to add value by 

investigating this into the context of the new and ongoing crisis; the Covid-19 

pandemic. 

 

To discover whether fund performance differs during recessions and expansions, 

we have divided the full-time series of monthly net returns into three sub-samples. 

We have defined the years 2007-2010 as the financial crisis. The definition of the 

period 2011-2018 is named the control period, as this period is signified by a market 

under relative control and in a state of general expansion, and the period 2019-2021 

is defined by the ongoing Covid-19 pandemic. 

 

We perform individual fund regressions and an equal-weighted portfolio regression 

by single- and multifactor models using the CAPM, Fama and French Three-factor 

model (1993), Carhart Four-factor model (1997), and Fama and French Five-factor 

model (2015). Finally, we apply the bootstrapping method developed by Kosowski 

et al. (2006) with the modifications made by Fama & French (2010) as several 

studies, such as Berk & Van Binsbergen (2015), stress that alpha alone cannot be 

considered a measure of skill. The methodology applied is employed to answer the 

following hypothesis: 
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We do not find evidence that U.S. mutual funds, on average, are able to generate 

abnormal returns in any of the periods, nor possess the sufficient skills to cover their 

cost in all periods except the control period. Our findings are consistent with 

previous research by Jensen (1969), Elton et al. (1993), Malkiel (1995) and Fama 

& French (2010) who all found evidence of negative alphas in the U.S. 

 

The results differ for the Norwegian mutual funds. In the full period from 2007-

2021, the financial crisis and the control period, the alpha is positive, however only 

statistically significant positive during the full period. The outperformance is 

assessed due to manager skill, and the poor performing funds are performing poorly 

due to bad luck. Our findings of skill among the top performers are in line with 

previous research of Gallefoss et al. (2015), however, Gallefoss et al. (2015) found 

evidence of poor skill among the worst performers which contradicts our results. 

Our findings also contradict the research of Sørensen’s (2009), who found lack of 

skill in the Norwegian mutual fund industry. It is our initial assessment that the 

discrepancy in results occurs as the role of luck can differ across different time 

horizons. During the Covid-19 pandemic, the fund managers lack skills and produce 

a negative alpha.  

 

Considering that we are investigating 55 mutual funds, we cannot state if our results 

and conclusion are valid for all American and Norwegian mutual funds. However, 

our study’s purpose is to provide a probable assessment of how the American and 

Norwegian fund managers have performed in two quite different crises, and if the 

underperformance/overperformance is due to luck or skill. As we include various 

economic cycles, bull and bear markets, we assess that this paper serves its purpose 

of providing a general picture of the market. 

 

It is important to express that this thesis is not intended to include investment 

advice. We advise against individual investors using this research as a guide to 

select the best mutual fund. It is only intended to be a broad examination of the 
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industry. Therefore, we have not paid particular attention to transaction costs nor 

taxes, as these would vary greatly between entities. 

 

The remainder of this paper is organized as follows. Section 2 provides previous 

literature on mutual fund performance. Section 3 presents an overview of the 

methodology we will use to analyse mutual fund performance. Section 4 presents 

an overview of the data used in this thesis and potential biases. Section 5 contains 

the empirical results from our tests described in section 3. The last section concludes 

this thesis. 

 

 

2.0 LITERATURE REVIEW 

In this chapter, we will review past studies and research on the performance of 

mutual funds. Through reviewing what we assess as the most important research on 

the topic of mutual fund performance, this chapter intends to inform the readers 

about the ideas and expertise built on content similar to ours. 

 

One of the most relevant questions is whether actively managed funds outperform 

passive funds. The efficient market hypothesis states; beating the market should be 

a zero-sum game on average, since all current rates represent all available 

information, and therefore, outperforming the market will be a question of luck, not 

skill (Fama, 1970). The belief that actively managed funds have the expertise to 

outperform the market is contradicted by the efficient markets and several previous 

researchers. 

 

2.1 Capital Asset Pricing Model 

The Capital Asset Pricing Model (CAPM) is essentially the foundation for our 

topic, and most of the other models we use in our thesis are built on this model. A 

fundamental question in finance is how the risk of investments affects the expected 

return. CAPM was one of the first models created to answer this question. The 

model was introduced by Treynor (1961), Sharpe (1964), Lintner (1965), and 

Mossin (1966) in the early 1960s, built on the work of Markowitz (1952). The 

model states that the return of an investment should equal its cost of capital and that 

beta is the only relevant measure of risk. A graphical representation of the CAPM 
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is called the Security Market Line (SML). It is important to note that the SML 

applies to both efficient portfolios as well as individual assets. 

 

Figure 1: Security Market Line 

 

The CAPM model is a straightforward model that was found by logic, but some of 

its predictions are unrealistic. For example, the model assumes that all information 

is free of charge, investors hold diversified portfolios, and that no processing costs 

exist (Bodie et al., 2018). Hence, the CAPM’s validity has been doubted. 

 

2.2 Jensen 

Jensen’s alpha was developed by Michael Jensen in 1968 and is derived from the 

CAPM. Provided the portfolio’s beta and the expected market return, Jensen’s alpha 

is the average excess return that is earned above the excess return of an asset with 

similar risk (Jensen, 1968). Thus, the model tries to explain if an investment has 

performed better or worse than its beta would imply. If Jensen’s alpha is positive, 

then the portfolio is earning excess return and the fund manager has beat the market 

by picking good assets (Jensen, 1968). This measure is widely used, but it has been 

subject to criticism. The alpha is sensitive to the choice of benchmark (Murthi et 

al., 1997), does not allow for portfolios with varying risk thresholds to be compared 

(Cogneau & Hubner, 2009), and does not reflect the managers market timing skills. 

Jensen (1968) found that mutual funds were unable to generate excess return net of 

costs on average. These findings were consistent with the efficient market 

hypothesis (Fama, 1970).  

 

In contrast to Jensen’s results, Ippolito (1989) found that mutual funds’ net of fees 

and expenses outperform index funds. However, the findings of Ippolito (1989) 

were assessed as unrepresentative by Elton et al. (1993), as the benchmark was 

chosen incorrectly. Elton et al. (1993) demonstrated that Ippolito’s (1989) 
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outperformance was due to the funds in his study invested heavily in small stocks 

not listed in the S&P 500 benchmark, which outperformed the S&P 500 

substantially during the period. When Elton et al. (1993) adjusted the benchmark, 

Jensen’s alpha became negative. Multifactor models were developed in response to 

the problem of selecting a suitable benchmark.  

 

2.3 Fama and French 

The most well-known multifactor models are the Three-factor model developed by 

Fama and French (1993) and the Four-factor model by Carhart (1997). Several 

researchers, including Banz (1981), Keim (1983), and Fama and French (1993) 

found evidence of anomalies when using the CAPM. Funds focusing on low betas, 

small firms and value stocks often produce positive abnormal returns when 

compared to the CAPM forecasts. This is even if the fund managers lacked stock-

picking skills. Thus, Fama and French included two new factors in addition to the 

market, the value- and size factor. This was on the basis that they found evidence 

that value stocks tend to outperform growth stocks and small-cap stocks tend to 

outperform large-cap stocks. Hence, the Three-factor model consists of the excess 

return on the market, returns of a size portfolio (SMB), and book-to-market values 

(HML). Fama and French (1993) argue that these factors may capture sensitivity to 

risk factors in the macroeconomy, and they also found evidence of positive ratios 

between return and other factors, such as debt ratio and the Price/Earnings ratio. 

However, Fama and French (1993) argue that these became superfluous in the 

regression, as the effect of these is captured in either the value or size factor. 

 

In 2015, Fama and French extended their Three-factor model to a Five-factor 

model, to include profitability and investment. Research presented by Titman et al. 

(2004) and Novy-Marx (2012) concluded that the Three-factor model was an 

insufficient model for expected returns as it ignored a lot of the variance in average 

returns related to profitability and investment. The RMW factor is the return spread 

of the most profitable firms minus the least profitable, and the CMA factor is the 

return spread between firms that invest conservatively and aggressively.  

 

According to Fama and French (2015), the main drawback of the Five-Factor model 

is that it fails to capture low average returns on small stocks whose returns perform 

like those of firms that invest a lot despite low profitability. The model’s 
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performance is indifferent to the way its factors are determined. In addition, there 

is also some critique regarding the new model ignoring the momentum factor. 

 

It is essential to note that these models, and the other multifactor models, are based 

on the Arbitrage Pricing Theory (APT). The theory is built on the argument that 

there can be no arbitrage opportunities among well-diversified portfolios, and if a 

portfolio diverges from the Security Market Line, it is because it is exposed to a 

different systematic risk factor (Ross, 1976). APT is often associated with 

multifactor models, which is important to our study as the models we’re testing are 

indeed multifactor models with different systematic risk factors.  

 

2.4 Carhart 

Carhart (1997) further improved the Fama and French Three-factor model by 

introducing an additional factor, the momentum factor of Jegadeesh & Titman 

(1993). Jegadeesh & Titman (1993) and Fama and French (1996) find that equity 

portfolios that have performed well over the last three to 12 months will perform 

better in the coming months, whereas equities that have performed poorly in the 

same period will continue to perform poorly. The momentum factor in Carhart’s 

model measures the excess return of buying last year’s winners and selling last 

year’s losers. Carhart claims that mutual funds’ success is not a reflection of 

superior stock-picking skills, and the additional momentum factor added tends to 

describe a substantial part of the return and the managerial forecasting skills. 

 

The inherent risk of momentum is a little more difficult to decipher than the Three-

factor model, as momentum is one of the most academically researched effects with 

strong persistence. Nevertheless, some researchers have found evidence for 

momentum having the worst crashes. Even though momentum strategies, on 

average, provide high gross returns with little systematic risk, they are subject to 

infrequent but large losses (Daniel et. al, 2012). 

 

2.5 Kosowski 

Research regarding whether good/poor performance of mutual funds is due to 

skill/inability or luck/bad luck is a relatively new topic. Kosowski et. al (2006) 

examined the performance of U.S. open-ended mutual funds, where he applied a 

new statistical technique called bootstrapping. According to the authors, the 
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“bootstrap approach is necessary because the cross-section of mutual fund alphas 

has a complex non-normal distribution due to heterogeneous risk-taking by funds, 

as well as non-normalities in individual fund alpha distribution” (Kosowski et. al, 

2006, p. 1). In contrast to Carhart and earlier studies, Kosowski et al. (2006) found 

that a significant number of managers picked stocks that performed to more than 

cover their costs, and that there is a persistence of these managers' superior alphas. 

Based on the research by Kosowski et al. (2006), Fama and French (2010) studied 

“luck vs skill” on both gross and net returns and concluded that mutual fund 

managers yield net returns that underperform their benchmarks by approximately 

the same as the costs in expense ratio. Fama and French (2010), unlike Kosowski 

et al. (2006), found no sign of stock-picking ability among the top performers, but 

both studies concluded that the worst performing mutual funds are due to bad skill, 

and not bad luck. 

 

2.6 Mutual Fund Performance 

Several research papers have used the methodology previously described to 

evaluate mutual funds’ performance, such as the CAPM model, the different 

multifactor models, and the bootstrap procedure. There also exists additional 

literature which demonstrates that there is a discrepancy between the results. For 

instance, the research of Wermers (2000) found evidence of mutual funds holding 

stocks that outperformed the market by 1,3% per year, when examining the 

performance of mutual funds in the period of 1975 to 1994. However, due to 

transaction costs, the net returns showed an underperformance of 1%. 

 

Malkiel (1995) examined the performance of equity mutual funds in the period of 

1970-1991 and found evidence of underperformance compared to the market. He 

concluded that investors were better off purchasing a passive index fund compared 

to an actively managed mutual fund, as active management generally fails to 

provide excess return.  

  

Research on the performance of mutual funds is mostly conducted on the U.S. 

market, and the described literature and the developed models mainly cover the 

performance of U.S. mutual funds. Due to this fact, we assessed that it would be 

useful to also cover research conducted on the performance of Norwegian mutual 

funds since our analysis consists of both U.S. and Norwegian mutual funds. 
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There are not many studies conducted on the performance of Norwegian mutual 

funds. However, Gjerde and Sættem (1991) were the first substantial contributors 

to the study of Norwegian mutual funds. They evaluated funds from 1982 to 1990 

and found evidence of fund managers outperforming the market, but no evidence 

of superior stock-picking skills. 

 

Sørensen (2009) extended the period and examined the performance of Norwegian 

equity mutual funds between 1982 and 2008, using a dataset free of survivorship 

bias. Similar to our study on the Norwegian market, he included Norwegian mutual 

funds that invest primarily in Norwegian equities, using the modified bootstrap 

method of Fama and French (2010) to evaluate the performance. In his research he 

found no statistically significant evidence of abnormal return for the aggregate 

Norwegian mutual funds, and no evidence of skill among the top performers, only 

evidence of poor skill among the worst performers.  

Gallefoss et al. (2015) conducted a similar study as Sørensen (2009) for the period 

of 2000 to 2010, using the bootstrap method by Kosowski et al. (2006) to evaluate 

the performance of Norwegian mutual funds. They, on the other hand, found 

evidence of skill among the top performers and evidence of poor skill for the worst 

performers when using daily data. Notably, they did find evidence of 

underperformance for Norwegian mutual funds compared to the benchmark. 

The Norwegian Consumer Council (Forbrukerrådet, 2018) examined the 

performance of passive mutual funds and actively managed mutual funds for global, 

Norwegian, Scandinavian, and European mutual funds from 1998 to 2017. They 

evaluated 157 different equity funds comparing the net return to the benchmark and 

found evidence of superior performance for the Norwegian mutual funds.  

 

3.0 METHODOLOGY 

When evaluating the performance of mutual funds it is important to not only look 

at the generated returns, but certainly also the risk taken. Our evaluation of 

performance will on that basis not only look at the historical returns, but also look 

at risk-adjusted alphas, followed by the bootstrap procedure to distinguish skill 

from luck in the performance of mutual fund managers.  
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3.1 Testing alpha  

One can test performance by evaluating the alpha of different regressions, where 

the obtained alpha would indicate whether the mutual fund has performed 

better/worse than the market. This is the reason why we focus on regression 

analysis, with regressions including different factors.  

 

The hypothesis we want to test for the CAPM model, Fama and French Three-factor 

model, Carhart Four-factor model, and Fama and French Five-factor model is as 

follows: 

𝐻0: 𝑎𝑖 = 0     𝐻𝐴: 𝑎𝑖 ≠ 0 

 

where alpha is the intercept in our test regressions and will be further explained 

below. If alpha for fund i is significantly different from zero, H0 is rejected with a 

95% confidence, meaning that fund i creates a risk-adjusted return above or below 

the market and the additional factor returns.  

 

3.1.1 CAPM 

The Capital Asset Pricing Model (CAPM) is the first theory of factor risk and 

recognises that the risk of an asset does not only depend on the behaviour of the 

asset in isolation, but also in relation to the market as a whole. Based on a given 

asset's sensitivity to the market factor, this model describes the relationship between 

risk and returns.  

𝑟𝑖 = 𝑟𝑓 + 𝛽𝑖,𝑚(𝑟𝑚 − 𝑟𝑓) 

Equation 1: CAPM-model 

 

 

 

3.1.2 Jensen’s alpha 

Jensen’s alpha, also called Jensen’s measure, measures the excess return adjusted 

for systematic risk and is used to evaluate a portfolio or a fund manager's ability to 

pick stocks.  
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Jensen’s alpha is defined as: 

 

 

According to the CAPM, the return of a portfolio should be fully explained by its 

beta. By subtracting the risk-free rate, which is the constant in the CAPM, the alpha 

should be equal to zero. If Jensen’s alpha is positive, then the portfolio is earning 

excess return and the fund manager has beaten the market. Jensen’s alpha is a 

popular index of performance, but researchers have proposed that the alpha is 

sensitive to the choice of benchmark model. When testing the performance of a 

fund, one must also consider the fact that if the manager obtains positive alpha by 

investing in higher beta stocks, investing in that fund might increase the volatility 

of the overall portfolio. 

 

3.2 Multifactor models 

We will use multifactor models to evaluate whether mutual funds generate returns 

above the returns generated from the respective factor models. By running time-series 

regressions using the multifactor models we can determine how the included risk 

factors contribute to the performance, where the model captures the return not 

accounted for in the intercept (the alpha). We will hence use the Fama and French 

Three-factor model, Carhart Four-factor model and Fama and French Five-factor 

model. 

 

3.2.1 Fama and French Three-factor model 

The Fama and French (1993) Three-factor model explains asset returns with factors 

to capture a size effect and a value/growth effect in addition to the traditional CAPM 

model. The small-minus-big (SMB) factor refers to the differential returns of small 

stocks minus big stocks, where small and big refer to the market capitalization of 

the stocks. The high-minus-low (HML) expresses the returns of a portfolio of high 

book-to-market stocks minus a portfolio of low book-to-market stocks, where the 

book-to-market ratio is book value divided by market capitalization. 
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Equation 3: Fama and French Three-factor model 

 

where 𝑟𝑖,𝑡 is the excess net return of fund i, MKTt is the excess return on the market 

portfolio, SMBt is the size effect, and HMLt is the value effect. 

 

3.2.2 Carhart Four-factor model 

Carhart (1997) added a further addition to the Fama and French Three-factor model, 

a momentum return parameter. The momentum factor has different notations, such 

as winners minus losers (WML), PR1YR, and MOM, whereas we will use the 

notation MOM in our analysis. The aim is to capture an anomaly that past winners 

will continue to outperform, and past losers will continue to underperform, as 

Carhart states that greater historical returns will persist in the following years, and 

contrariwise. Carhart Four-factor model can be illustrated as follows: 

 

Equation 4: Carhart's Four-factor model 

 

The notation is the same as for equation 3, with MOMt as the momentum factor. 

The factor is the difference between the average of the highest stock returns and the 

lowest stock returns the prior year. 

 

3.2.3 Fama and French Five-factor model 

Fama and French expanded their Three-factor model with two quality factors in 2015. 

The additional factors, robust-minus-weak (RMW) and conservative-minus-

aggressive (CMA), aims to account for the increased performance of companies with 

high operating profitability and that companies with high growth in total assets tend to 

provide below average returns (Fama & French, 2015). The model can be illustrated 

as follows: 

 

Equation 5: Fama and French Five-factor model 

 

where RMWt is the average return on the two robust operating profitability portfolios 

minus the two weak operating profitability portfolios, and CMAt is the average return 
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on the two conservative investment portfolios minus the two aggressive investment 

portfolios.  

 

3.3 Bootstrap - luck versus skill 

We will use the bootstrapping method developed by Kosowski et al. (2006) with the 

modifications made by Fama and French (2010). The method is used to distinguish 

between managerial luck and skill, and will therefore be used to evaluate the 

performance of mutual funds during the 2008 financial crisis, control period, and the 

Covid-19 pandemic. In addition, it will give us further measures to evaluate whether 

the mutual funds that achieved higher alphas made strategic choices to accomplish this, 

or whether it was due to luck.  

 

Bootstrapping by Kosowski et al. (2006) is conducted by performing independent 

simulations for each fund, while the Fama and French (2010) modifications jointly 

sample both funds and explanatory returns. This procedure will create a cross-sectional 

distribution of the alphas of the mutual funds, which allows us to assess managerial 

skill. As the procedure doesn't rely on distribution assumptions, the validity of the 

conclusion on the success of mutual funds can be greatly enhanced. 

 

The bootstrapping simulations assume that the future returns will be drawn from the 

same distribution as the historical data (McDonald, 2013, p. 806). As we evaluate fund 

performance over 14 years, we find it useful to use the bootstrap procedure to find 

evidence of persistence, as persistence tests like Carhart’s (1997) rank funds based on 

short-term past performance. Additionally, we assess that bootstrapping is particularly 

well-suited to the Norwegian market where there is a limited number of funds 

compared to the U.S. market (Kosowski et al 2006; Sørensen, 2009). 

 

Both the Fama and French Three-factor model, and the Carhart Four-factor model, 

have been widely used when running the bootstrap procedure. However, Sørensen 

(2009) reports in his paper that unlike in the U.S., the momentum factor is not 

important for understanding mutual fund returns in Norway. In addition, the Fama 

and French Three-factor model is the industry norm, and the main model used in 

the research Luck versus Skill in the Cross-Section of Mutual Fund Returns by Fama 

and French (2010), and we will therefore use this model for our bootstrap 

procedure.  
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The hypothesis we want to test is: 

𝐻0: 𝑎𝑖 = 0     𝐻𝐴: 𝑎𝑖 > 0 

 

If alpha for fund i is larger than the 5% upper-tail cut off point from the estimated 

distribution, H0 is rejected with a 95% confidence meaning that performance is due 

to skill and not luck. 

 

The first step in the bootstrap procedure is to estimate the ordinary least squares 

(OLS) coefficients of Fama and French Three-factor model (Equation 3) 

𝑟𝑖,𝑡
𝑏 = �̂�𝑖 + �̂�1,𝑖𝑀𝐾𝑇𝑡 + �̂�2,𝑖𝑆𝑀𝐵𝑡 + �̂�3,𝑖𝐻𝑀𝐿𝑡 + 𝜀�̂�,𝑡

𝑏  

which can be illustrated by: 

𝑟𝑖,𝑡
𝑒 = 𝑟𝑖,𝑡 − 𝑟𝑓,𝑡 = �̂�𝑖 + ∑ �̂�𝑖,𝑗𝑓𝑗,𝑡 + 𝜀�̂�,𝑡

𝐾

𝑗=1
 

Equation 6: Fama and French Three-factor model 

 

For each fund, we save the estimate of the alphas, betas, residuals, and the t-

statistics of alpha. We will mainly focus on the t-statistics of alpha instead of alpha, 

as both Kosowski et al. (2006) and Fama & French (2010) highlight the fact that 

alpha generates a higher variance in the distribution whereas the t-stat of alpha gives 

higher precision when comparing funds. However, for completeness we will report 

both. 

 

The next step is to create a set of simulations, for example 10.000 simulation runs. 

To do so we create a (T x 1) vector which represents a random sample of monthly 

observation data points which is drawn from a uniform distribution. T is equal to 

the number of periods in the data set (12 months * 14 years → T = 168, from the 

first observation in January 2007 to January 2021). The set of simulation runs are 

the same for each fund in order to safeguard the cross-correlation of fund returns 

and comparability between models. The (T x 1) vector is multiplied by T and 

rounded to the nearest integer to represent an ordering of monthly observation from 

the data set (Fama & French (2010); Sørensen (2009). 

�̃�𝑠 = 𝑟𝑜𝑢𝑛𝑑 (𝑇 𝑥 {𝑈𝑡(0,1)}𝑡=1
𝑇 ),    𝑠 = 1, … ,10.000 

where �̃�𝑠 is the time vector for bootstrap iteration with replacement from the 

historical distribution and 𝑈(0,1) is a uniform distribution which generates random 

values between 0 and 1. 
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The third step is to construct two matrices for the simulated time indices, �̃�𝑠. The 

factor return matrix with dimension (T x K) where K is the number of factor returns 

and a matrix consisting of the residuals for each fund in the sample, which will 

result in a (T x N) matrix where N is the number of funds in the sample. 

 

The next step is to create a time series of fund returns in excess of the risk-free rate, 

and by construction give it the property of a zero true alpha (𝛼 = 0) to test the null 

hypothesis of zero outperformance. And Equation 6 becomes: 

𝑟𝑖,𝑡
𝑒,𝑏 = ∑ �̂�𝑖,𝑗𝑓𝑗,𝑡

𝑏 + 𝜀�̂�,𝑡
𝑏

𝐾

𝑗=1
 

where 𝑟𝑖,𝑡
𝑒,𝑏

 is the bootstrapped factor return. These returns are then inserted in the 

original factor model (Equation 3) to obtain new simulated bootstrapped alphas and 

corresponding t-statistics for the 10.000 simulations. This gives rise to a matrix of 

bootstrapped alphas. Fama and French (2010) state that a fund must have at a 

minimum eight numbers of valid returns to be included. 

 

The last step is to calculate the fraction of times the simulated alpha and t(𝛼) is 

smaller or larger than actual alpha and t(𝛼) for a certain percentile to assess the 

presence of skill. The fractions can be interpreted as p-values, and they help us to 

more formally assess whether actual performance differs significantly from 

simulation performance. We rank the simulated values from the five worst, five best 

and specific percentiles, ranging from the 10th worst percentile to the 90th percent 

best. 

% (𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 < 𝐴𝑐𝑡𝑢𝑎𝑙)𝛼 =
1

𝑆
∑ 1[𝛼𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 < 𝛼𝐴𝑐𝑡𝑢𝑎𝑙]

𝑆

𝑠=1
 

% (𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 < 𝐴𝑐𝑡𝑢𝑎𝑙)𝑡(𝛼) =
1

𝑆
∑ 1[𝑡(𝛼)𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 < 𝑡(𝛼)𝐴𝑐𝑡𝑢𝑎𝑙]

𝑆

𝑠=1
 

where S is the number of bootstrap iterations, in this thesis 10.000. 

 

 

4.0 DATA 

To ensure a comprehensive study we have invested a lot of time and effort to collect 

and structure our data sample. The accuracy of our findings is naturally heavily 

dependent on whether the data are collected correctly. Our primary data source is 

Morningstar Direct and Bloomberg. 
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4.1 Data description 

According to Statistics Norway (2020), there were 398 mutual funds in Norway in 

2019 with a total net income of NOK 189 347 million. The American market is 

certainly much bigger, and according to Statista (2021a) there exist approximately 

123.000 mutual funds. We have for the purpose of this thesis collected data from 

25 Norwegian open-ended mutual equity funds and 30 American open-ended 

mutual equity funds. We chose these 55 funds based on the highest fund size in 

each market and used Morningstar Direct to screen for these funds with the 

following criteria: 

● The fund is an open-ended mutual fund 

● The fund domicile in Norway/United States 

● The fund base currency is NOK/USD 

● The fund asset allocation in equity is greater than 80% 

● The fund invests at least 80% of its assets in the Norwegian/American stock 

market 

● The fund must have existed between December 2006 to January 2021 

 

We selected the largest fund based on fund size in both countries as it provides a 

better basis for de-facto comparison. This also increases the chance for a fund to 

survive both recessions.  

 

We limited the scope of our thesis to focus on investments in the stock market. As 

a result, funds with a Norwegian or American domicile and at least 80% of their 

assets invested in Norwegian or American equity, are included. Since Morningstar 

sorts funds based on investment style we have removed all funds that have the same 

investment style as index funds or have the word “index” in it. The data spans from 

December 2006 to January 2021 as we want to examine the mutual funds’ 

performance during the Covid-19 pandemic compared to the 2008 financial crisis. 

Thus, we define the financial crisis period between January 2007 to December 

2010, the control period between January 2011 to December 2018, and the Covid-

19 period between January 2019 to January 2021. 
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Fund returns retrieved from Bloomberg are based on monthly Net Asset Value 

(NAV), hence management fees are included in the returns. The monthly fund 

returns are defined as the change in NAV between time t and t-1: 

 

We have chosen to use monthly returns. This is because it corresponds best with 

the factor portfolios that are rebalanced each month. At the same time, we would 

have too few observations or high variance if we had used annual or daily 

observations respectively.  

 

4.2 Descriptive statistics 

 
Table 1: Descriptive statistics on the funds return in the U.S. in the period between 2007-2021 
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Table 2: Descriptive statistics on the funds return in Norway in the period between 2007-2021 

 

 

Table 1 and table 2 show descriptive statistics on the funds’ returns. All calculations 

are made on monthly data.  

 

In the U.S., JHancock Fundamental Large Cap Core A has the highest average 

return and Oakmark Investor has the highest maximum return with its 17,88%. At 

the other end of the scale, we have Pioneer A with a negative average return and 

Invesco Main Street A which has the lowest minimum return with -23,88%. 

 

Alfred Berg Gambak has the highest average return in Norway and ODIN Norge C 

has the lowest average return, but still positive at 0,42%. Pareto Investment Fund 

A has the highest maximum return with 20,69%, while KLP AksjeNorge has the 

lowest minimum return with -29,77%. 

 

4.3 Benchmark indices 

Benchmark indices are important as we use them to compare the returns of the 

different mutual funds. The goal of an index is to offer insight into the overall trends 

and developments in the financial market toward a stock or set of stocks 

representing certain sectors, categories, or geographies. Grinblatt and Titman 

(1989) argue that the choice of benchmark is likely to influence the performance 
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results. Thus, it is important to choose the appropriate benchmarks to avoid biased 

results.  

 

For the actively managed Norwegian mutual funds there are several different 

indexes one could use as our benchmark. Oslo Stock Exchange Benchmark Index 

(OSEBX) is the most used index in Norway and consists of the shares mostly 

traded. However, this index does not consider the legislation forcing diversification 

that Norwegian mutual funds are subject to, which the Oslo Stock Exchange Mutual 

Fund Index (OSEFX) does. We therefore find it more appropriate to use the OSEFX 

as our benchmark for the Norwegian market. In addition, all the chosen Norwegian 

mutual funds have stated that they use OSEFX as their benchmark. 

 

There are also several indexes useful for the American market, however, the 

actively managed mutual funds on the American market in our sample all use the 

Standards & Poor 500 (S&P 500) as their benchmark. The mutual funds only invest 

in the U.S. market, making the MSCI World index less appropriate. We will 

therefore use the S&P 500 benchmark for the American market, as this would best 

capture the variations in the funds’ returns.  

 

4.4 Risk-free rate of return 

Since we will employ the asset pricing models, we need a proxy for the risk-free 

rates. We will use the 1-month NIBOR as the risk-free rate when evaluating the 

Norwegian funds. NIBOR for the period of December 2006 to November 2013 is 

obtained from the Norwegian Central Bank, and the remaining sample period is 

collected from Oslo Stock Exchange as the Norwegian Central Bank stopped 

reporting NIBOR after November 2013. As a proxy for the U.S. mutual funds, we 

will use the 1-month risk-free rate collected from Kenneth R. French Data Library 

(2021). We choose to use monthly frequency as this is the approach both Fama and 

French (1993) and Carhart (1997) suggest, and our dataset is based on monthly 

returns.  

 

4.5 Multifactor models 

The remaining factors used in this thesis, SMB, HML, MOM, RMW, and CMA are 

retrieved from Kenneth R. French Data Library (2021). For the U.S. mutual funds, 

we have used the factors for the U.S. Research Returns Data, and for the Norwegian 
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mutual funds, we have used the Developed Markets Factors and Returns for the 

European Market. 

 

For further research on the Norwegian market it would be most appropriate to use 

similar factors constructed exclusively for the Norwegian market. Bernt Arne 

Ødegaard has made asset pricing factors for the Oslo Stock Exchange similar to 

those developed by Fama and French. However, these factors are only covering the 

period between 1980-2019 and consequently do not cover the necessary timeframe 

we need to conduct our analysis. Additionally, we find it more appropriate to use 

the factors developed by Fama and French for both the U.S. market and the 

Norwegian market as this would give us a better basis of comparison.   

 

4.6 Biases 

4.6.1 Survivorship bias 

It is important to address survivorship bias because evidence shows that funds do 

not spontaneously leave the sample study. Alternatively, it is the worst performing 

funds that become defunct (Sørensen, 2009). Survivorship bias causes bond fund 

performance to appear better than it actually is (Blake & Gruber, 1993). For 

example, if liquidated funds are removed from the test sample, it could lead to 

overoptimistic returns. In addition, a stock can be dropped from a market index if 

defunct, so this is something we must keep in mind when gathering data from our 

benchmarks. Thus, by removing mutual funds that are not active at the end date, 

one risks ending up with a data set that contains only the best performing funds, 

while the worst performing funds are ignored. 

 

It is difficult for our thesis to avoid survivorship bias as the Covid-19 pandemic is 

still an ongoing crisis, and to best compare how a mutual fund has performed during 

Covid-19 compared to the 2008 financial crisis, we decided to use funds that have 

been active through both periods. Hence, as we are looking at funds that are not 

discontinued, our results might be biased. It is important for us to highlight that we 

have chosen the funds with the highest fund size in both countries to provide the 

best possible basis for comparison, and there is a greater chance that the funds will 

survive times of recession. This in turn will decrease the likelihood of survivorship 

bias and we assess that the role of survivorship bias is minimal. 
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4.6.2 Incubation bias 

Incubation bias might occur when returns of companies who operate several funds 

but only open their top performing fund to the public, is a part of the sample (Evans, 

2010). This can lead to an upward bias, as only the returns of the best fund will be 

available in our sample. Evans (2010) states that a common approach to addressing 

the incubation bias is to remove funds below a certain size, as this would remove 

several of incubated funds. However, he further states that this will not eliminate 

the bias. 

 

In our sample of mutual funds, we have selected the largest funds based on fund 

size in both countries, which will therefore decrease the number of incubated funds 

if present. Considering we have chosen to examine open-end funds we are not able 

to determine if there is an incubation bias in our sample.   

 

 

5.0 RESULTS AND ANALYSIS 

5.1 Multifactor models 

We have performed time-series regressions for the CAPM, Fama and French Three-

factor model, Carhart’s Four-factor model, and Fama and French Five-factor model 

on all the active funds to evaluate whether the funds manage to create returns above 

their respective benchmark and the broad market. To get an overview of the overall 

performance, we have also created an equal-weighted (EW) portfolio for all actively 

managed mutual funds in both the U.S. and Norway.  

 

In our regressions we have used the appropriate benchmarks as a proxy for the 

market, with the OSEFX as the benchmark for the Norwegian mutual funds and the 

S&P 500 as the benchmark for the U.S. mutual funds. The excess return of the 

individual funds and the excess return of the EW portfolio are used as the dependent 

variable in the regressions. To test for significance, we have tested on a 5% level as 

this is the most common practice.  

  

5.1.1 Results from U.S. mutual funds 

Table 3 shows the results from the time-series regressions on the U.S. EW portfolio, 

where we report the results from the CAPM model, Fama and French Three-factor 
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model, Carhart’s Four-factor model, and Fama and French Five-factor model for 

the total period and the three different sub-periods.  

 

From the total period, we do not find signs of superior performance for the actively 

managed funds in the U.S., but we do find evidence of underperformance. The 

results from the regressions show statistically significant negative alphas for all 

models during the total period. Our findings are consistent with previous research 

by Jensen (1969), Elton et al. (1993), Malkiel (1995), and Fama & French (2010) 

who all found evidence of negative alphas in the U.S.  

 

Comparing the average fund performance of the total period with the three sub-

periods, our results indicate that the average fund performed best under the 2008 

financial crisis. During the total period, all four models give an alpha between -

0,22% to -0,24%, whereas under the financial crisis the alphas are higher ranging 

from 0,00% to -0,03%. A monthly alpha of -0,22% would result in an annual 

underperformance of -2,67% compared to the benchmark return. However, the 

alphas during the financial crisis are statistically insignificant and therefore we 

cannot say if there is evidence of an increased performance compared to the market. 

On the other hand, we find evidence of underperformance during the control period 

where the market is in expansion. The alphas are slightly lower ranging from -

0,35% to -0,36%, where all alphas are statistically significant. This would result in 

an annual underperformance ranging from 4,28% to 4,41%. This is in line with 

previous research by Moskowitz (2000) and Kosowski (2011) where both conclude 

that mutual fund alpha in recessions excels those in expansion.  

 

The EW portfolio shows a high exposure towards the market, where the systematic 

risk (beta) is above 0.93 and close to 1 for all models. This is expected as the EW 

portfolio is considered a well-diversified portfolio. A high correlation with the 

market also indicates a passive investment strategy. There is however not a single 

significant value for any of the additional factors (SMB, HML, MOM, RMW, and 

CMA) besides the market beta. 

 

One interesting observation to be noted is that one would expect the size factor 

(SMB) to be negative in times of recession, and positive in times of expansion, as 

during economic downturns investors flee from risky stocks and seek quality 
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companies. However, our analysis shows a positive size factor in all periods. This 

indicates that the fund managers favour small-cap stocks, indifferent to the market 

conditions. Elton et al. (2011) studied a universe of mutual funds and concluded 

that there was a general inclination for the funds to hold small-cap stocks as the 

mean SMB coefficient of the funds in the universe was positive 0.1628.  

 

The value factor (HML) on the other hand is negative in all periods. There is a 

general perception that value stocks are riskier than growth stocks in bad times, 

implying that investors will turn from riskier investments to safer ones (Jagannathan 

& Wang,1996; Zhang, 2005; Chen et al., 2008). Hence, as the value factor is 

negative it means that the mutual fund managers are more invested in growth stocks, 

which generally have lower returns than value companies, and this could explain 

some of the reasons why the American managers underperform. 

 

The momentum factor (MOM) is negative and insignificant, and the alphas decrease 

when adding the momentum factor. A negative slope on the positive momentum 

factor should give an increase in alpha from the Fama and French Three-factor 

model to Carhart's Four-factor model, but this only occurs during the control period 

and the effect is minimal. Negative alpha contradicts Ippolito’s (1989) findings that 

mutual fund managers outperform indexes, but is in line with the findings of e.g 

Jensen (1968), Elton et al. (1993), and the efficient market hypothesis (Fama, 1970). 

Comparing the momentum factor with the size- and value factors there is little 

difference. In recessions there are few stocks that are cheap and outperforming, and 

we would expect the momentum factor to be lower in those periods. 

 

The RMW-coefficients are positive in all periods except period 1 (2007-2010), 

where we find a negative beta coefficient. The CMA-coefficient is however 

consistently negative in all periods. As previously stated, the RMW and CMA 

factors are not statistically significant. The negative alpha in the EW portfolio is 

worse under the Five-factor model than for the Four-factor model in all periods 

except during the Covid-19 period, but the decrease in alpha is minimal and we 

cannot tell if the Five-factor model attributes less of the returns to the management 

ability than the Four-factor model does. 
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Table 3: Regression results of various models’ specifications for the equal-weighted 

portfolio of actively managed U.S. mutual funds 

The table shows results for time series regressions for the CAPM model, Fama-French 3-factor model, Carharts 

4-factor model and Fama-French 5-factor model on net returns of an equal-weighted portfolio of the actively 

managed U.S. mutual funds in our sample. The regressions are run on the total period (2007-2021) and divided 

into three time periods; period 1 (2007-2010), period 2 (2011-2018), and period 3 (2019-2021). Explanatory 

variables used are the benchmark as a proxy for the market excess return (S&P), a size factor (SMB), a 

value/growth factor (HML), a momentum factor (MOM), a profitability factor (RMW), and an investment 

factor (CMA) (see section 3 for descriptions of the factors). Results from the regressions that are shown are the 

intercept and coefficient estimates with corresponding t-statistics and the regression adjusted R2. The t-statistics 

are corrected according to Newey and West (1987) adjusted standard errors. The null hypothesis is alpha equal 

to zero, and significant values are in bold font. 

 

 

It is important to note that the results from the EW portfolio can be misleading as 

they are an average of all mutual funds in our sample. Hence, we also report the 

results from the regressions run on all mutual funds in the appendix. The EW 

portfolio indicates that the additional factors from the different models are 

insignificant. However, as Fama and French (1993) found evidence of other factors 

than the market to matter empirically, and we still find evidence of the factors being 
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statistically significant for several of the individual mutual funds, we find it 

appropriate to report the results from different factor models and not omit these 

variables.  

 

Table A1 in the appendix shows the results from the time series regressions for the 

CAPM of all mutual funds in the U.S. in the total period and the three sub-periods. 

We found that only two out of 30 mutual funds have an intercept equal to or above 

zero during the total period. However, these are not significant. 13 out of 30 funds 

have a significant alpha below zero, indicating that mutual funds in the U.S. do not 

outperform the market as promised, but rather underperforms compared to their 

benchmark. Nevertheless, these results differ during the different sub-periods. 

During the sub-periods where the market is in distress, the number of significant 

values has a notable decrease. During the financial crisis, two funds have a 

significant positive alpha, and only one fund has a significant negative alpha, while 

during the Covid-19 pandemic there is only one significant negative alpha.  

 

In contrast, the number of significant alphas during the control period from 2011-

2018 shows an increase, where 14 out of 30 funds have a significant negative alpha. 

These results indicate that mutual funds in the U.S. perform better during times of 

distress than in a normal market environment, although still worse than their 

benchmark. We also observe that all funds have a beta significantly different from 

1. During the control period, more than half of the funds (21 of 30) have a beta 

above 1 which means they are overexposed to market risk. During period 1 and 2, 

there are significantly fewer. 

 

Looking at the results for the Three-factor model (Table A2), the Four-factor model 

(Table A3), and the Five-factor model (Table A4) we do not find a significant 

difference in the results from the CAPM model of the EW portfolio. One thing we 

noticed that differs from the EW portfolio, is that we find more significant factors 

during the full period, financial crisis and the Covid-19 pandemic in all of the 

multifactor models. This indicates that the expanding market in the control period 

affects the funds’ ability to deliver abnormal returns. 

 

The findings from the individual fund regressions are in line with the results with 

the EW portfolio, increasing the validity of the average performance of the actively 
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managed mutual funds in our sample. However, from the regressions of all mutual 

funds we find that Hartford Core Equity Y is consistently among the top three 

performing funds in the total period, period 2 and period 3, but not among the top 

three during the financial crisis where we find that the average mutual funds 

perform better. Hartford Core Equity Y still manages to have a persistently positive 

alpha through all periods, although not statistically significant. We have explored 

to see if there exists a pattern among the funds that perform best and those who 

perform worst by looking at rating, investment style, fee levels, etc. We have found 

few, but interesting patterns, such as the funds who have performed best have a 

Morningstar rating between 3 and 5, whereas the worst performing funds have a 

rating between 2 and 5, where 5 is the highest possible rating. We also looked at 

the longest manager tenure. Here we found evidence that the funds who have 

performed best have a shorter manager tenure, apart from the financial crisis where 

the managers had a longer tenure. This is particularly interesting as our analysis 

shows that the average fund performed best during the 2008 financial crisis. 

  

5.1.2 Results from Norwegian mutual funds 

Table 4 shows the results from the time-series regressions on the Norwegian EW 

portfolio, where we report the results from the CAPM model, Fama and French 

Three-factor model, Carhart’s Four-factor model, and Fama and French Five-factor 

model for the total period and the three different sub-periods.  

 

From the total period, we find evidence of superior performance for the Fama and 

French Three-factor model and the Carhart Four-factor model with an alpha of 

0,13% for both models. This would result in an annual outperformance of 1,57% 

compared to the benchmark return and the broad market. In contrast to the U.S. EW 

portfolio results, the alphas are positive for the total period and sub-period 1 and 2. 

Similar to the U.S. actively managed mutual funds, the Norwegian mutual funds 

also performed better during the financial crisis. The alphas show an increase in 

positive values with the alpha ranging between 0,20% to 0,25% for the different 

models in period 2, although not statistically significant. 

 

Our findings are in line with previous research of Gjerde and Sættem (1991), who 

found evidence for the Norwegian funds in their sample to consistently outperform 

the market. However, the results differ during the Covid-19 pandemic, where 
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Norwegian actively managed mutual funds had a negative performance compared 

to the broad market. This is in line with Kapital’s (Framstad & Fyksen, 2020) 

review of 417 funds in the Norwegian market where 94% of the funds delivered a 

negative return in the crisis month of March 2020, and 88% of the funds had a 

negative return since the turn of the year 2020. As none of the sub-periods creates 

a significantly positive alpha, the EW portfolio is not able to create abnormal 

returns. 

 

The market beta is significant in all four test periods for all four models in the EW 

portfolio. Beta is lowest during the financial crisis where it is approximately 0,89, 

whereas during the Covid-19 pandemic all betas are above 1. It is our assessment 

that this is an indication of the managers being more risk-averse during the financial 

crisis, but still managed to provide positive alphas. 

 

The Fama and French Three-factor model give positive exposure to the size factor 

(SMB) in Norway, similar to the U.S. The positive slope of SMB indicates that fund 

returns are driven relatively more by small-cap equities. This can, as previously 

mentioned, be due to the general inclination for the funds to hold small-cap stocks. 

In the control period, there is a negative exposure to the value factor (HML) 

whereas the value factor is positive during recessions. Thus, the funds preferred 

growth stocks, which generally have lower returns and lower risk compared to value 

stocks in the control period, but not during the two crises. 

 

Our analysis shows that the momentum factor (MOM) is higher in Norway than in 

the U.S. Generally, Norway has consistently had a lower cumulative return than 

other regions (Kenneth R. French Data Library). Adding the momentum factor 

makes no difference in alphas, but the t-values decrease. One would expect the 

alpha to decrease as well when there are more risk factors to consider. Grundy and 

Martin (2001) argue that momentum has significant negative beta following bear 

markets and positive after bull markets. This is surprising, as our results show the 

opposite. 

 

The RMW- coefficients are positive in all periods except period 2, where we find a 

negative beta coefficient. The CMA-coefficient is however negative in all periods 

except period 2, where we find a positive beta coefficient. Neither factors are 
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statistically significant in any of the periods. We find the opposite results in Norway 

compared to the U.S., where the EW alpha is higher for the Five-factor model than 

for the Four-factor model for all periods except during the Covid-19 pandemic. 

However, as the increase in alpha is minimal, we cannot tell if the Five-factor model 

attributes more of the returns to the management ability than the Four-factor model 

does. 

 

We observe that the adjusted R2 increases going from the CAPM to the Fama and 

French Three-factor model for all time periods except for period 3, because during 

the total period, period 1 and period 2 the SMB factor is statistically significant. 

During the total period, the SMB coefficient is also significantly higher ranging 

from 0,1830 to 0,900 for the Norwegian EW portfolio, compared to 0,0277 to 

0,0411 for the U.S. EW portfolio. This indicates that the Norwegian mutual funds 

are more exposed to small companies compared to the U.S. mutual funds. However, 

considering the U.S. mutual funds all use the S&P 500 as their benchmark, which 

is a market-capitalization-weighted index of the 500 largest publicly traded 

companies in the U.S., this is less surprising. There is no increase/decrease in 

adjusted R2 from the Fama and French Three-factor model to Carhart's Four-factor 

model. However, Sørensen (2009) found that momentum does not appear to be a 

significant risk factor in the cross-section of equities on the Oslo Stock Exchange. 

 

 

Table 4: Regression results of various models’ specifications for the equal-weighted 

portfolio of actively managed Norwegian mutual funds 

The Table shows results for time series regressions for the CAPM model, Fama-French 3-factor model, Carharts 

4-factor model, and Fama-French 5-factor model on net returns of an equal-weighted portfolio of the actively 

managed Norwegian mutual funds in our sample. The regressions are run on the total period (2007-2021) and 

divided into three time periods; period 1 (2007-2010), period 2 (2011-2018), and period 3 (2019-2021). 

Explanatory variables used are the benchmark as a proxy for the market excess return (S&P), a size factor 

(SMB), a value/growth factor (HML), a momentum factor (MOM), a profitability factor (RMW), and an 

investment factor (CMA) (see section 3 for descriptions of the factors). Results from the regressions that are 

shown are the intercept and coefficient estimates with corresponding t-statistics and the regression adjusted R2. 

The t-statistics are corrected according to Newey and West (1987) adjusted standard errors. The null hypothesis 

is alpha equal to zero, and significant values are in bold font. 
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Table A5 in the appendix shows the results from the time series regressions for the 

CAPM of all mutual funds in Norway in the total period and the three sub-periods. 

Looking at the results from the CAPM regression only two funds have a significant 

alpha during the total period, whereas these are both positive. During the financial 

crisis, this number increased to seven significant positive alphas, but no alphas are 

significant during the control period. However, we find three significant alphas 

during the Covid-19 pandemic, where two out of three are negative.  

 

All funds have significant betas different than 1 in all periods. During the 2008 

financial crisis, there were no funds with a beta higher than 1. This means that all 

funds are neutral or underexposed to market risk. In the control period only five of 

25 funds have beta above 1, but during the Covid-19 pandemic over half of the 

funds (16 of 25) funds have beta above 1. Hence, higher risk and overexposure to 

the market in this period did not pay off for the Norwegian mutual fund managers. 

 

Similar to the U.S. mutual funds, we do not find a significant difference from the 

CAPM model to the Three-factor model (Table A6), Four-factor model (Table A7), 
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and the Five-factor model (Table A8). We still find the different factors significant 

for several of the Norwegian mutual funds and find it appropriate to not omit these 

variables. The findings of the individual mutual funds are also in line with the EW 

portfolio. 

 

For the Norwegian mutual funds, we do not find any specific fund that is 

consistently among the top three performing funds during the different periods, but 

we observed two funds that consistently are among the bottom three. ODIN Norge 

C is among the bottom three funds for the total period, period 1 and period 2 for all 

models, while Alfred Berg Humanfond is among the bottom three for the total 

period, period 1 and period 3 for all models except the CAPM model. 

 

We have also tried to check whether there exists a pattern among the best or worst 

performing mutual funds in Norway. Generally, the top performing funds have a 

higher Morningstar rating ranging from 3 to 5, whereas the worst performing funds 

have a rating between 1 and 4. Regarding management tenure, we find an opposite 

pattern in Norway compared to the U.S. The best performing funds have a higher 

manager tenure than the worst performing funds, except for the Covid-19 period 

where the worst performing funds had a higher tenure than the best performing 

funds. There is a perception of the longer the management tenure is, the stronger is 

the correlation for a fund not underperforming. Hence, we find these results 

particularly interesting as the Norwegian mutual funds had a negative performance 

during the Covid-19 pandemic. 

 

To summarise, the results indicate that the value of active management for the 

investor differs between the two countries. Active equity mutual funds are known 

to underperform their benchmark, net of fees (Jensen 1968; Elton et al. 1993; Fama 

& French 2010; and others). Notably, one popular hypothesis is that investors are 

willing to tolerate this underperformance as the mutual funds outperform in periods 

that are important to investors - recessions. Our results somewhat contradict this, as 

the mutual funds in the U.S. perform better during recessions than in an expanding 

market, but do not beat their benchmark. In Norway, the managers have 

outperformed their benchmark during the financial crisis and control period, but not 

during the Covid-19 pandemic.  
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The performance of active management on an international level has been 

previously researched, and our findings are not surprising as it is in line with 

previous literature. Dyck et al. (2013) conclude in their research paper that active 

management outperforms in less competitive and efficient markets. They found that 

in very efficient markets, like U.S. equities, the average abnormal returns are offset 

by costs and fees, ultimately yielding negative average return after fees and costs. 

However, in developed markets of Europe they found evidence that active 

management outperforms the market.  

  

5.2 Bootstrap results 

The results from our previous analyses indicate that mutual fund managers are 

performing better during the 2008 financial crisis than in the control period, but 

worse during the Covid-19 pandemic. In the U.S., the funds are underperforming 

their benchmark in all periods, whereas in Norway the managers are able to provide 

higher returns than the respective benchmark in period 1 and 2. However, this might 

not eliminate the likelihood that certain managers possess skill. We apply the 

bootstrap procedure described in section 3.3 and create a distribution of cross-

sectional draws of alpha and their t-statistics. Hence, we can distinguish skill from 

luck. 

 

Panel A is based on the funds alpha and can be found in the appendix (Table A9), 

whereas Panel B is based on the funds t-statistics of alpha. According to Sørensen 

(2009) and Fama & French (2010), it is better to rank the fund based on t-statistics 

rather than alpha as the precision of the alpha estimation increases with the 

historical length of return history and the degree of diversification. Another benefit 

of using t-statistics is that it accounts for variations in risk-taking, making risk 

having less of an effect on the outcomes (Kosowski et al., 2006). Thus, our focus 

will be on Panel B. The results are presented in ascending order given ranks and 

percentiles, where the percentiles are based on interpolations between the ranks 

closest to the given percentile. 

 

The first column, Actual, in Table 5 shows the results from the benchmark 

regression based on the Fama and French Three-factor model. These are the same 

numbers as in Table A2 and Table A6. The second column, simulated average, is 

the average of 𝛼 or t(𝛼) based on the average of 10.000 bootstrap simulations. The 
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last column provides the fraction of simulations yielding a lower result than the 

actual fund return observations and can be interpreted as a p-value.  

 

When it comes to evaluating the success of active management performance, it is 

critical to recognize the role that luck can play across different time horizons. Given 

the ad hoc nature of global economies, there will often be a handful of managers 

who outperform a given benchmark by chance (Fama & French, 2010). 

 

In the U.S. full-time period, the actual t(𝛼) for the 10th percentile is -3,23 which 

means that 10% of funds have t(𝛼) below -3,23. The average value corresponding 

to the same percentile from the bootstrap simulation is -0,89. Thus, the actual fund 

returns are lower than the average value. The last column reveals that only 0,01% 

of the simulated values are lower than the actual value for the 10th percentile funds, 

and for the worst performing fund the simulated t(𝛼) is greater than actual in 100% 

of the draws. This indicates extremely bad skill. In the U.S. we observe that the 

simulated values are above the actual values in all of the simulation runs in the full 

period, 2011-2018 and 2019-2021. This indicates “bad skill” or value destruction 

by the fund managers and we can reject a null hypothesis that poor performance is 

due to bad luck. 

 

However, in the period around the financial crisis (2007-2010) the actual t(𝛼) 

estimates are above the simulated average from the 30th percentile to the best 

ranked fund. Hence, there exists some skill among the fund managers and we can 

reject a null hypothesis that good performance is only due to luck. This is in line 

with the findings of Ferson and Schadt (1996) and Kosowski (2011) which state 

that cash-holdings within a fund will be high in a recession, and that funds lower 

the market beta loading. We also observe that it applies in more than half of the 

simulation runs from the same percentile.  

 

The results in Norway are quite different. We observe that the actual t(𝛼) values are 

above the simulated average in all of the periods, except for under the Covid-19 

pandemic. When the actual t(𝛼) is greater than the simulated average for all ranks 

and percentiles it suggests evidence of skill rather than luck. Hence, the null 

hypothesis is not rejected. For the worst funds the negative excess return must be 

due to bad luck. In both the full-time and 2008 financial crisis period, over half of 
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the funds have actual t(𝛼) above simulated in 95% of the times which indicate that 

the fund managers have abnormal skills. These results are especially interesting as 

Sørensens’s (2009) research concluded that skills were lacking in the Norwegian 

Mutual fund industry. During the Covid-19 pandemic however, the simulated 

average returns are above the actual value even for the best fund. 60% of the 

simulation runs produce higher values of t(𝛼) than from the actual fund returns for 

the best fund. This indicates that the fund managers in Norway lack skills during 

this period. On the other hand, it is only for the worst and second worst fund where 

the findings are significant. 

 

One thing to note in this context is that the funds just below the best performing 

fund have a higher percentage of simulated values that are lower than the actual 

value. This is due to the relative performance among funds, meaning that the third 

or fourth best fund does exceptionally well among the third or fourth best fund. 

 

 

Table 5: Rank and percentiles of t(𝛼) for actual and simulated mutual fund returns 

based on the Fama and French 3-factor model 

Panel B shows actual mutual fund returns (Actual) for different ranks and percentiles, simulated average 

estimation estimated by 10.000 bootstrap simulations (Simulated average) and percentage of simulation runs 

that produce lower values of t(𝛼) at a given rank and percentile than the ones from the actual fund returns (% 

< Actual). The estimates are based on the Fama and French 3-factor model, where the explanatory variables 

are the market excess return, a size factor (SMB), and a value factor (HML). We use OLS estimation and 

standard errors corrected for heteroscedasticity and autocorrelation with the Newey and West (1986) method.  
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Figure 2 provides a visualization of the distributions of our observations. 

Cuthbertson et al. (2008) used this approach to determine how many funds are likely 

to produce a given degree of alpha by chance alone, as well as the number of funds 

that actually realized that level of alpha. The dotted line depicts the simulated t(𝛼) 

distribution if performance is solely due to luck, while the solid line depicts the 

actual t(𝛼) distribution. Our focus is still on the t-statistics. One of the most 

remarkable observations is the difference between the two countries we analyse. 

 

In the U.S. the actual t(𝛼) distribution is overpopulated in the left-tail, compared to 

the simulated line (luck-distribution). This implies that fund managers cannot use 

bad luck as an explanation for poor performance, and indicate bad skill. The 

differences in the tail are larger on the left-hand side than on the right. On the 

extreme right tail, we observe that the luck-distribution line lies outside of the actual 

t(𝛼). This observation indicates that outperformance is due to luck. The difference 

is smaller during the 2008 financial crisis, which is in line with our previous 

findings. In addition, as the actual distributions are left-tailed this implies that the 

actual mean is lower than the simulated mean. This can be explained by fees.  

 

In Norway the simulated line (luck-distribution) lies over the actual line on the left-

hand side in the full period, 2007-2010 and 2011-2018 period. This implies that 

poor performance is due to bad luck. On the right tail, the actual t(𝛼) distribution 

lies outside the simulated line, which gives evidence for good performance is not 
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solely due to luck and signal presence of some outperforming funds. During the 

Covid-19 pandemic, the actual t(𝛼) distribution is overpopulated in the left-tail. 

Thus, the fund managers cannot use bad luck to explain poor performance in this 

period. Generally in Norway, the actual distributions are right-tailed which 

indicates that the actual mean is higher than the simulated mean in all periods. 

 

Figure 2: Kernel density estimates of actual and simulated t(𝛼) fund returns 

The figure shows actual and simulated t-statistics of alpha estimates based on the kernel smoothing density 

function (KSDF). The panel is based on the actual and simulated t(𝛼) values from table 5. We have used the 

standard bandwidth optimal for normal densities. 
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To summarise the bootstrap results, the mutual fund managers in the U.S. have bad 

skills during the full period, 2011-2018 and 2019-2021 and cannot use bad luck as 

an explanation. During the control period they show evidence of skill, and this is 

not solely due to luck. Our findings are in line with Fama and French (2010) 

findings who analysed 3516 actively managed funds from 1984 to 2006 who also 

concluded that most active fund managers do worse than expected by random 

chance. Huang et al. (2020) re-estimated Fama and French’s fund performance over 

a longer time to include data up to the year-end of 2018 and had the same conclusion 

of poor performance. 

 

In Norway, our results show evidence of skill in all periods except for the 2019-

2021 period. In all periods, except for 2019-2021, the poor performance is due to 

bad luck, but during 2019-2021 the fund managers cannot use bad luck to explain 

the poor performance. Our findings of skill among top performers are in line with 

the research of Gallefoss et al. (2015). However, they found evidence of poor skill 

for the worst performers which contradicts our results. Although, it is important to 

note that Gallefoss et al. (2015) examined the performance over the period of 1982-

1990, and as previously stated the role of luck can differ across different time 

horizons. This could therefore explain the discrepancy in the results.  
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6.0 CONCLUSION 

In this paper we have investigated the performance of actively managed mutual 

funds’ performance during recessions and expansions from January 2007 to January 

2021 in Norway and in the U.S. The main purpose of the selected time period is to 

evaluate the performance of the ongoing Covid-19 pandemic during 2019-2021 in 

comparison to the financial crisis in 2007-2010 while using the period of 2011-2018 

as our control period where the market is in a state of general expansion and 

signified under relative control. 

 

Our sample consists of 30 actively managed mutual funds in the U.S. and 25 in 

Norway. We replicate the methodology of Jensen (1968), Carhart (1997), Fama and 

French (1993; 2015) and the bootstrapping method developed by Kosowski et. 

al.(2006) with the modifications made by Fama & French (2010).  

 

We do not find evidence that U.S. mutual funds on average are able to generate 

abnormal returns in any of the time periods, nor possess the sufficient skills to cover 

their cost in the full period, the period of 2011-2018 and 2019-2021. This is in line 

with previous research where active equity mutual funds are found to have 

underperformed their benchmark, net of fees (Jensen 1968; Elton et.al. 1993, Fama 

and French 2010). However, during the financial crises we found an increase of 

alpha for all models, though not statistically significant. There is also evidence for 

some skill among the fund managers in this period and we can reject a null 

hypothesis that good performance is only due to luck. Hence, actively managed 

American mutual funds are not able to successfully pick stocks to outperform their 

benchmark and the broad market, and the null hypothesis we aim to answer in this 

thesis is not rejected. 

 

The results differ for the Norwegian mutual funds, where the alpha is positive in all 

periods except 2019-2021, and we found evidence of abnormal return for the full 

period using the Fama and French Three-factor model and Carhart Four-factor 

model. During 2019-2021 the alpha is negative for all models, though not 

statistically significant. There is also evidence of the mutual fund managers 

possessing abnormal skills in all periods except for 2019-2021, and the worst 

performing funds are performing poorly due to bad luck. In the latter period, the 

fund managers cannot use bad luck to explain poor performance and we find 
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evidence of bad skill. Our findings during the Covid-19 pandemic are in line with 

research made by Pastor & Vorsatz (2020). They analysed daily returns from 3626 

equity funds between February 20 and April 30 in 2020 and discovered that a vast 

number of actively managed funds underperformed their respective benchmark 

indices. As a result, the null hypothesis this thesis aims to address is rejected for the 

full period, 2007-2010 and 2011-2018 and not rejected in the period between 2019-

2021. 

 

Our research is somewhat limited regarding the time period, considering the fact 

that we are currently amid the Covid-19 pandemic. We will therefore recommend 

further research in the future of the performance of mutual funds during the Covid-

19 pandemic, including a longer time period covering the period after January 2021. 

As some of our findings contradict previous research, it can be interesting and 

valuable to investigate whether the results will be different post-Covid. Another 

important improvement could be to extend the dataset by including more funds as 

we have only studied the funds with the highest fund size in each market. This will 

improve the validity of the research. 

 

When examining management skill, we propose looking at whether it is attributed 

to the fund manager's market forecasting or stock-picking skills (or both), as some 

U.S.-based evidence, such as Kacperczyk et al. (2014), suggests. 

 

 

 

 

 

 

 

 

 

 

09879570986351GRA 19703



 

 40 

7.0 BIBLIOGRAPHY 

Ang, A. (2014). Asset Management: A Systematic Approach to Factor Investing. 

Oxford University Press. 

Banz, Rolf W. (1981). "The relationship between return and market value of 

common stocks." Journal of Financial Economics 9(1), 3-18. 

https://doi.org/10.1016/0304-405X(81)90018-0 

Berk, J. B., & van Binsbergen, J. H. (2015). Measuring skill in the mutual fund 

industry. Journal of Financial Economics, 118(1), 1-20. 

https://doi.org/10.1016/j.jfineco.2015.05.002 

Black, F. (1972). Capital Market Equilibrium with Restricted Borrowing. The 

Journal of Business, 45(3), 444-455. 

https://www.jstor.org/stable/pdf/2351499.pdf?refreqid=excelsior%3A6f3e

6b00fb2686547515c96af7fc163d 

Blake, C. R., Elton, E. J., & Gruber, M. J. (1993). The Performance of Bond 

Mutual Funds. The Journal of Business (Chicago, Ill.), 66(3), 371–

403.https://doi.org/10.1086/296609 

Bodie, Z., Kane, A., & Marcus, A. J. (2018). Investments (11th ed.). McGraw-

Hill. 

Carhart, M. M. (1997). On Persistence in Mutual Fund Performance. The Journal 

of Finance, 52 (1): 57-82. https://doi.org/10.1111/j.1540-

6261.1997.tb03808.x 

Chen, L., Petkova, R., & Zhang, L. (2008). The expected value premium. Journal 

of Financial Economics, 87(2), 269–280. 

https://doi.org/10.1016/j.jfineco.2007.04.001 

Cogneau, P., & Hubner, G. (2009). The (more than) 100 Ways to Measure 

Portfolio Performance—Part 1: Standardized Risk-Adjusted Measures. 

Journal of Performance Measurement, 13, 56-71. 

Cuthbertson, K., Nitzsche, D., & O'Sullivan, N. (2008). UK mutual fund 

performance: Skill or luck? Journal of Empirical Finance, 15(4), 613-634. 

https://doi.org/10.1016/j.jempfin.2007.09.005 

09879570986351GRA 19703

https://doi.org/10.1016/0304-405X(81)90018-0
https://doi.org/10.1016/j.jfineco.2015.05.002
https://www.jstor.org/stable/pdf/2351499.pdf?refreqid=excelsior%3A6f3e6b00fb2686547515c96af7fc163d
https://www.jstor.org/stable/pdf/2351499.pdf?refreqid=excelsior%3A6f3e6b00fb2686547515c96af7fc163d
https://doi.org/10.1086/296609
https://doi.org/10.1111/j.1540-6261.1997.tb03808.x
https://doi.org/10.1111/j.1540-6261.1997.tb03808.x
https://doi.org/10.1016/j.jfineco.2007.04.001
https://doi.org/10.1016/j.jempfin.2007.09.005


 

 41 

Dahlquist, M., Engström, S., & Söderlind, P. (2000). Performance and 

Characteristics of Swedish Mutual Funds. Journal of Financial and 

Quantitative Analysis, 35(3), 409–423. https://doi.org/10.2307/2676211 

Daniel, K., Jagannathan, R., & Kim, S. (2012). Tail risk in momentum strategy 

returns. (NBER Working Paper No. 18169). 

https://doi.org/10.3386/w18169 

Dyck, A., Lins, K.V., & Pomorski, L. (2013). Does Active Management Pay? 

New International Evidence. Review of Asset Pricing Studies, 3(2), 200–

228. https://doi.org/10.1093/rapstu/rat005 

Elton, E. J., Gruber, M. J., Das, S., & Hlavka, M. (1993). Efficiency with Costly 

Information: A Reinterpretation of Evidence from Managed Portfolios. 

The Review of Financial Studies, 6(1), 1–22. 

https://doi.org/10.1093/rfs/6.1.1 

Elton, E. J., Gruber, M. J., & Blake, C. R. (2011). An Examination of Mutual 

Fund Timing Ability Using Monthly Holdings Data. Review of Finance, 

16(3), 619–645. https://doi.org/10.1093/rof/rfr007 

Evans, R. B. (2010). Mutual Fund Incubation. Journal of Finance (New York), 65 

(4), 1581-1611. https://doi.org/10.1111/j.1540-6261.2010.01579.x 

Fama, E. F., & French, K. R. (1992). The Cross-Section of Expected Stock 

Returns. The Journal of Finance (New York), 47(2), 427–465. 

https://doi.org/10.1111/j.1540-6261.1992.tb04398.x 

Fama, E. F, & French, K. R. (1996). Multifactor Explanations of Asset Pricing 

Anomalies. The Journal of Finance (New York), 51(1), 55–84. 

https://doi.org/10.1111/j.1540-6261.1996.tb05202.x 

Fama, E. F, & French, K. R. (2015). A five-factor asset pricing model. Journal of 

Financial Economics, 116(1), 1–22. 

https://doi.org/10.1016/j.jfineco.2014.10.010 

Fama, E. F. (1970). Efficient Capital Markets: A Review of Theory and Empirical 

Work. The Journal of Finance (New York), 25(2), 383-417. 

https://doi.org/10.2307/2325486 

09879570986351GRA 19703

https://doi.org/10.2307/2676211
https://doi.org/10.3386/w18169
https://doi.org/10.1093/rapstu/rat005
https://doi.org/10.1093/rfs/6.1.1
https://doi.org/10.1093/rof/rfr007
https://doi.org/10.1111/j.1540-6261.2010.01579.x
https://doi.org/10.1111/j.1540-6261.1992.tb04398.x
https://doi.org/10.1111/j.1540-6261.1996.tb05202.x
https://doi.org/10.1016/j.jfineco.2014.10.010
https://doi.org/10.2307/2325486


 

 42 

Fama, E. F., & French, K. R. (1993). Common risk factors in the returns on stocks 

and bonds. Journal of Financial Economics, 33(1): 3-56. 

https://doi.org/10.1016/0304-405X(93)90023-5 

Fama, E. F., & French, K. R. (2010). Luck versus Skill in the Cross-Section of 

Mutual Fund Returns. The Journal of Finance, 65(5): 1915-1947. 

https://doi.org/10.1111/j.1540-6261.2010.01598.x 

Ferson, W. E., & Schadt, R. W. (1996). Measuring Fund Strategy and 

Performance in Changing Economic Conditions. The Journal of Finance 

(New York), 51(2), 425–461. https://doi.org/10.1111/j.1540-

6261.1996.tb02690.x 

Framstad, A. P., & Fyksen, T. (2020, June 5). Coronakrisens vinnere og tapere. 

Kapital. 

https://kapital.no/reportasjer/naeringsliv/2020/06/05/7519155/coronakrisen

s-vinnere-og-tapere?fbclid=IwAR2ad9JWwa_RqpqO6dtl1ZfXaQpqBVI-

LGKdMeORvMcsQCc5EMgFzYbhk3M 

French, K. R. (2021). Kenneth R. French - Data Library. 

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html  

Gallefoss, K., Hansen, H. H., Haukaas, E. S., & Molnár, P. (2015). What daily 

data can tell us about mutual funds: Evidence from Norway. Journal of 

Banking & Finance, 55, 117–129. 

https://doi.org/10.1016/j.jbankfin.2015.02.001 

Gjerde, Ø., & Sættem, F. (1991). Performance evaluation of Norwegian Mutual 

funds. Scandinavian Journal of Management, 7(4), 297–307. 

https://doi.org/10.1016/0956-5221(91)90005-L 

Grinblatt, M., & Titman, S. (1989). Mutual Fund Performance: An Analysis of 

Quarterly Portfolio Holdings. The Journal of Business (Chicago, Ill.), 

62(3), 393–416. https://doi.org/10.1086/296468 

Grundy, B. D., and Martin, J. S. M., (2001). Understanding the Nature of the 

Risks and the Source of the Rewards to Momentum Investing. The Review 

of Financial Studies, 14(1), 29–78. https://doi.org/10.1093/rfs/14.1.29  

09879570986351GRA 19703

https://doi.org/10.1016/0304-405X(93)90023-5
https://doi.org/10.1111/j.1540-6261.2010.01598.x
https://doi.org/10.1111/j.1540-6261.1996.tb02690.x
https://doi.org/10.1111/j.1540-6261.1996.tb02690.x
https://kapital.no/reportasjer/naeringsliv/2020/06/05/7519155/coronakrisens-vinnere-og-tapere?fbclid=IwAR2ad9JWwa_RqpqO6dtl1ZfXaQpqBVI-LGKdMeORvMcsQCc5EMgFzYbhk3M
https://kapital.no/reportasjer/naeringsliv/2020/06/05/7519155/coronakrisens-vinnere-og-tapere?fbclid=IwAR2ad9JWwa_RqpqO6dtl1ZfXaQpqBVI-LGKdMeORvMcsQCc5EMgFzYbhk3M
https://kapital.no/reportasjer/naeringsliv/2020/06/05/7519155/coronakrisens-vinnere-og-tapere?fbclid=IwAR2ad9JWwa_RqpqO6dtl1ZfXaQpqBVI-LGKdMeORvMcsQCc5EMgFzYbhk3M
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://doi.org/10.1016/j.jbankfin.2015.02.001
https://doi.org/10.1016/0956-5221(91)90005-L
https://doi.org/10.1086/296468
https://doi.org/10.1093/rfs/14.1.29


 

 43 

Huang, R., Asteriou, D., & Pouliot, W. (2020). A reappraisal of luck versus skill 

in the cross-section of mutual fund returns. Journal of Economic Behavior 

& Organization, 176, 166–187. https://doi.org/10.1016/j.jebo.2020.03.032 

Ippolito, R. A. (1989). Efficiency With Costly Information: A Study of Mutual 

Fund Performance, 1965-1984. The Quarterly Journal of Economics, 

104(1), 1-23. https://doi.org/10.2307/2937832 

Jagannathan, R. & Wang, Z. (1996). The Conditional CAPM and the Cross-

Section of Expected Returns. The Journal of Finance (New York), 51(1), 

3–53. https://doi.org/10.1111/j.1540-6261.1996.tb05201.x 

Jensen, M. C. (1968). The performance of mutual funds in the period 1945-1964. 

The Journal of Finance (New York), 23(2), 389-416. 

https://doi.org/10.1111/j.1540-6261.1968.tb00815.x 

Kacperczyk, M., Van Nieuwerburgh, S., & Veldkamp, L. (2014). Time-Varying 

Fund Manager Skill. The Journal of Finance (New York), 69(4), 1455–

1484. https://doi.org/10.1111/jofi.12084 

Keim, D. B. (1983). Size-related anomalies and stock return seasonality: Further 

empirical evidence. Journal of Financial Economics 12(1), 13- 32. 

https://doi.org/10.1016/0304-405X(83)90025-9 

Kosowski, R., Timmermann, A., Wermers, R., & White, H. (2006). Can Mutual 

Fund “Stars” Really Pick Stocks? New evidence from a Bootstrap 

Analysis. The Journal of Finance (New York), 61(6), 2551-2595. 

https://doi.org/10.1111/j.1540-6261.2006.01015.x 

Kosowski, R. (2011). Do Mutual Funds Perform When It Matters Most to 

Investors? U.S. Mutual Fund Performance and Risk in Recessions and 

Expansions. The Quarterly Journal of Finance, 1(3), 607-664. 

https://doi.org/10.1142/S2010139211000146 

Lintner, J. (1965). The Valuation of Risk Assets and the Selection of Risky 

Investments in Stock Portfolios and Capital Budgets. The Review of 

Economics and Statistics, 47(1), 13–37. https://doi.org/10.2307/1924119 

09879570986351GRA 19703

https://doi.org/10.1016/j.jebo.2020.03.032
https://doi.org/10.2307/2937832
https://doi.org/10.1111/j.1540-6261.1996.tb05201.x
https://doi.org/10.1111/j.1540-6261.1968.tb00815.x
https://doi.org/10.1111/jofi.12084
https://doi.org/10.1016/0304-405X(83)90025-9
https://doi.org/10.1111/j.1540-6261.2006.01015.x
https://doi.org/10.1142/S2010139211000146
https://doi.org/10.2307/1924119


 

 44 

Malkiel, B. G. (1995). Returns from Investing in Equity Mutual Funds 1971 to 

1991. The Journal of Finance (New York), 50(2), 549–572. 

https://doi.org/10.1111/j.1540-6261.1995.tb04795.x 

Markowitz, H. (1952). Portfolio Selection. The Journal of Finance (New York), 

7(1), 77. https://doi.org/10.2307/2975974 

McDonald, R. L. (2013). Derivatives Markets. (2nd ed). Pearson Education Limited.  

Moskowitz, T. J. (2000). Mutual Fund Performance: An Empirical Decomposition 

into Stock-Picking Talent, Style, Transactions Costs, and Expenses: 

Discussion. The Journal of Finance (New York), 55(4), 1695–1703.  

Murthi, B.P.S, Choi, Y.K, & Dreisay, P. (1997). Efficiency of mutual funds and 

portfolio performance measurement: A non-parametric approach. 

European Journal of Operational Research, 98(2), 408–418. 

https://doi.org/10.1016/S0377-2217(96)00356-6 

Newey, W. K., & West, K. D. (1987).  A Simple, Positive Semi-Definite, 

Heteroskedasticity and Autocorrelation Consistent Covariance Matrix. 

Econometrica: Journal of the Econometric Society, 55(3), 703-08. 

https://doi.org/10.2307/1913610  

Novy-Marx, R. (2013). The other side of value: The gross profitability premium. 

Journal of Financial Economics, 108(1), 1–28. 

https://doi.org/10.1016/j.jfineco.2013.01.003 

Ostroff, Caitlin. (2021, June 11th). S&P 500 Sets New High, Rises for Third 

Straight Week. Wall Street Journal 

https://www.wsj.com/articles/global-stock-markets-dow-update-06-11-

2021-11623397120  

Papagiannis, N. (2010, March 3). How One Fund Stayed Positive in 2008. 

Morningstar. https://www.morningstar.com/articles/328515/how-one-

fund-stayed-positive-in-2008 

Pástor, L, & Vorsatz, M. B. (2020). Mutual Fund Performance and Flows during 

the COVID-19 Crisis. The Review of Asset Pricing Studies, 10(4), 791-

833. https://doi.org/10.1093/rapstu/raaa015 

09879570986351GRA 19703

https://doi.org/10.1111/j.1540-6261.1995.tb04795.x
https://doi.org/10.2307/2975974
https://doi.org/10.1016/S0377-2217(96)00356-6
https://doi.org/10.2307/1913610
https://doi.org/10.1016/j.jfineco.2013.01.003
https://www.wsj.com/articles/global-stock-markets-dow-update-06-11-2021-11623397120
https://www.wsj.com/articles/global-stock-markets-dow-update-06-11-2021-11623397120
https://www.morningstar.com/articles/328515/how-one-fund-stayed-positive-in-2008
https://www.morningstar.com/articles/328515/how-one-fund-stayed-positive-in-2008
https://doi.org/10.1093/rapstu/raaa015


 

 45 

Ross, Stephen A. (1976). The arbitrage theory of capital asset pricing. Journal of 

Economic Theory, 13(3), 341-360. https://doi.org/10.1016/0022-

0531(76)90046-6  

Sharpe, W. F. (1966). Mutual Fund Performance. The Journal of Business, 39(1), 

119-138. http://www.jstor.org/stable/2351741 

Statista. (2021a). Number of mutual funds worldwide 2009-2019. 

https://www.statista.com/statistics/278303/number-of-mutual-funds-

worldwide/ 

Statista. (2021b). Weekly S&P 500 index performance 2021. 

https://www.statista.com/statistics/1104270/weekly-sandp-500-index-

performance/  

Statistics Norway (SSB). (2020). Mutual funds, 2019.  

https://www.ssb.no/en/bank-og-

finansmarked/statistikker/vpfond/aar/2020-09-17 

Steverman, Ben. (2009, January 1st). Stocks: A decimal year end. Bloomberg 

Economics 

https://www.bloomberg.com/news/articles/2008-12-31/stocks-a-dismal-

year-endsbusinessweek-business-news-stock-market-and-financial-advice  

Sørensen, L. Q. (2009). Mutual Fund Performance at the Oslo Stock Exchange. 

Norwegian School of Economics and Business Administration. 

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=1488745 

Titman, S., Wei, K. C. J., & Xie, F. (2004). Capital Investments and Stock 

Returns. Journal of Financial and Quantitative Analysis, 39(4), 677–700. 

https://doi.org/10.1017/S0022109000003173 

Wermers, R. (2000). Mutual Fund Performance: An Empirical Decomposition 

into Stock‐Picking Talent, Style, Transactions Costs, and Expenses.  The 

Journal of Finance (New York), 55(4), 1655-1695. 

https://doi.org/10.1111/0022-1082.00263 

Zhang, L. (2005). The value premium. The Journal of Finance (New York), 60(1), 

67–103. https://doi.org/10.1111/j.1540-6261.2005.00725.x 

09879570986351GRA 19703

https://doi.org/10.1016/0022-0531(76)90046-6
https://doi.org/10.1016/0022-0531(76)90046-6
http://www.jstor.org/stable/2351741
https://www.statista.com/statistics/278303/number-of-mutual-funds-worldwide/
https://www.statista.com/statistics/278303/number-of-mutual-funds-worldwide/
https://www.statista.com/statistics/1104270/weekly-sandp-500-index-performance/
https://www.statista.com/statistics/1104270/weekly-sandp-500-index-performance/
https://www.ssb.no/en/bank-og-finansmarked/statistikker/vpfond/aar/2020-09-17
https://www.ssb.no/en/bank-og-finansmarked/statistikker/vpfond/aar/2020-09-17
https://www.bloomberg.com/news/articles/2008-12-31/stocks-a-dismal-year-endsbusinessweek-business-news-stock-market-and-financial-advice
https://www.bloomberg.com/news/articles/2008-12-31/stocks-a-dismal-year-endsbusinessweek-business-news-stock-market-and-financial-advice
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=1488745
https://doi.org/10.1017/S0022109000003173
https://doi.org/10.1111/0022-1082.00263
https://doi.org/10.1111/j.1540-6261.2005.00725.x


 

 46 

8.0 APPENDIX 

 

Table A1: Regression results of the CAPM model of actively managed U.S. 

mutual funds 

The table shows results for time series regressions for the CAPM model on net returns of actively managed 

U.S. mutual funds in our sample. The regressions are run on the total period (2007-2021) and divided into three 

time periods; period 1 (2007-2010), period 2 (2011-2018) and period 3 (2019-2021). Explanatory variables 

used are the benchmark as a proxy for the market excess return (S&P). Results from the regressions that are 

shown are the intercept and coefficient estimates with corresponding t-statistics and the regression adjusted R2. 

The null hypothesis is alpha equal to zero, and significant values are in bold font. 
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Table A2: Regression results of the Fama-French 3-factor model of actively 

managed U.S. mutual funds 

The table shows results for time series regressions for the Fama-French 3-factor model on net returns of actively 

managed U.S. mutual funds in our sample. The regressions are run on the total period (2007-2021) and divided 

into three time periods; period 1 (2007-2010), period 2 (2011-2018) and period 3 (2019-2021). Explanatory 

variables used are the benchmark as a proxy for the market excess return (S&P), a size factor (SMB) and a 

value/growth factor (HML) (see section 3 for descriptions of the factors). Results from the regressions that are 

shown are the intercept and coefficient estimates with corresponding t-statistics and the regression adjusted R2. 

The t-statistics are corrected according to Newwy and West (1987) adjusted standard errors. The null hypothesis 

is alpha equal to zero, and significant values are in bold font. 
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Table A3: Regression results of the Carhart 4-factor model of actively 

managed U.S. mutual funds 

The table shows results for time series regressions for the Carhart 4-factor model on net returns of actively 

managed U.S. mutual funds in our sample. The regressions are run on the total period (2007-2021) and divided 

into three time periods; period 1 (2007-2010), period 2 (2011-2018) and period 3 (2019-2021). Explanatory 

variables used are the benchmark as a proxy for the market excess return (S&P), a size factor (SMB), a 

value/growth factor (HML) and  a momentum factor (MOM) (see section 3 for descriptions of the factors). 

Results from the regressions that are shown are the intercept and coefficient estimates with corresponding t-

statistics and the regression adjusted R2. The t-statistics are corrected according to Newwy and West (1987) 

adjusted standard errors. The null hypothesis is alpha equal to zero, and significant values are in bold font. 
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Table A4: Regression results of the Fama and French 5-factor model of 

actively managed U.S. mutual funds 

The table shows results for time series regressions for the Carhart 4-factor model on net returns of actively 

managed U.S. mutual funds in our sample. The regressions are run on the total period (2007-2021) and divided 

into three time periods; period 1 (2007-2010), period 2 (2011-2018) and period 3 (2019-2021). Explanatory 

variables used are the benchmark as a proxy for the market excess return (S&P), a size factor (SMB), a 

value/growth factor (HML), a profitability factor (RMW) and an investment factor (CMA) (see section 3 for 

descriptions of the factors). Results from the regressions that are shown are the intercept and coefficient 

estimates with corresponding t-statistics and the regression adjusted R2. The t-statistics are corrected according 

to Newwy and West (1987) adjusted standard errors. The null hypothesis is alpha equal to zero, and significant 

values are in bold font. 
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Table A5: Regression results of the CAPM model of actively managed 

Norwegian mutual funds 

The table shows results for time series regressions for the CAPM model on net returns of actively managed 

Norwegian mutual funds in our sample. The regressions are run on the total period (2007-2021) and divided 

into three time periods; period 1 (2007-2010), period 2 (2011-2018) and period 3 (2019-2021). Explanatory 

variables used are the benchmark as a proxy for the market excess return (OSEFX). Results from the regressions 

that are shown are the intercept and coefficient estimates with corresponding t-statistics and the regression 

adjusted R2. The null hypothesis is alpha equal to zero, and significant values are in bold font. 
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Table A6: Regression results of the Fama-French 3-factor model of actively 

managed Norwegian mutual funds 

The table shows results for time series regressions for the CAPM model, Fama-French 3-factor model, Carharts 

4-factor model and Fama-French 5-factor model on net returns of an equal weighted portfolio of the actively 

managed Norwegian mutual funds in our sample. The regressions are run on the total period (2007-2021) and 

divided into three time periods; period 1 (2007-2010), period 2 (2011-2018) and period 3 (2019-2021). 

Explanatory variables used are the benchmark as a proxy for the market excess return (OSEFX), a size factor 

(SMB) and a value/growth factor (HML) (see section 3 for descriptions of the factors). Results from the 

regressions that are shown are the intercept and coefficient estimates with corresponding t-statistics and the 

regression adjusted R2. The t-statistics are corrected according to Newwy and West (1987) adjusted standard 

errors. The null hypothesis is alpha equal to zero, and significant values are in bold font. 
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Table A7: Regression results of the Carhart 4-factor model of actively 

managed Norwegian mutual funds 

The table shows results for time series regressions for the Carhart 4-factor model on net returns of actively 

managed Norwegian mutual funds in our sample. The regressions are run on the total period (2007-2021) and 

divided into three time periods; period 1 (2007-2010), period 2 (2011-2018) and period 3 (2019-2021). 

Explanatory variables used are the benchmark as a proxy for the market excess return (OSEFX), a size factor 

(SMB), a value/growth factor (HML) and  a momentum factor (MOM) (see section 3 for descriptions of the 

factors). Results from the regressions that are shown are the intercept and coefficient estimates with 

corresponding t-statistics and the regression adjusted R2. The t-statistics are corrected according to Newwy and 

West (1987) adjusted standard errors. The null hypothesis is alpha equal to zero, and significant values are in 

bold font. 

 

09879570986351GRA 19703



 

 55 

 

 

 

 

Table A8: Regression results of the Fama and French 5-factor model of 

actively managed Norwegian mutual funds 

The table shows results for time series regressions for the Carhart 4-factor model on net returns of actively 

managed Norwegian mutual funds in our sample. The regressions are run on the total period (2007-2021) and 

divided into three time periods; period 1 (2007-2010), period 2 (2011-2018) and period 3 (2019-2021). 
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Explanatory variables used are the benchmark as a proxy for the market excess return (OSEFX), a size factor 

(SMB), a value/growth factor (HML),  a profitability factor (RMW) and an investment factor (CMA) (see 

section 3 for descriptions of the factors). Results from the regressions that are shown are the intercept and 

coefficient estimates with corresponding t-statistics and the regression adjusted R2. The t-statistics are corrected 

according to Newwy and West (1987) adjusted standard errors. The null hypothesis is alpha equal to zero, and 

significant values are in bold font. 
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Table A9: Ranks and percentiles of alpha for actual and simulated mutual 

fund returns based on the Fama and French 3-factor model 

Panel A shows actual mutual fund returns (Actual) for different ranks and percentiles, simulated average 

estimation estimated by 10.000 bootstrap simulations (Simulated average) and percentage of simulation runs 

that produce lower values of alpha at a given rank and percentile than the ones from the actual fund returns (% 

< Actual). The estimates are based on the Fama French 3-factor model, where the explanatory variables are the 

market excess return, a size factor (SMB) and a value factor (HML). We use OLS estimation and standard 

errors corrected for heteroscedasticity and autocorrelation with the Newey and West (1986) method.  
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