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Abstract 
The following paper uses a dataset free of survivorship bias in the period of 2009 - 

2017. The purpose of this research is to investigate the performance of open end 

Norwegian global mutual funds. We start by first applying tracking error and R2 to 

measure the activeness, and the results indicate that 22.73 % of the funds are closet 

indexers. Secondly, we evaluate their performance in subject to their benchmark by 

looking at the alpha generated from various factor models. We find that some 

managers are able to beat their benchmark gross of fees, but we find no significant 

evidence of outperformance net of fees. To be able to distinguish skill from luck we 

utilize a bootstrap procedure where we evaluate the distribution of the cross section of 

alpha if every fund had zero true alpha by construction. We find that on average fund 

managers are not able to deliver alpha, but that there exists some evidence of a 

nonzero true alpha in the extreme left and right tails when using gross returns.    
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1.0 Introduction 

 
Individual investors that do not have the time, skill or resources to generate excess 

return in financial markets, have the opportunity to utilize economies of scale if they 

let professionals manage their money. When investors want to invest in mutual funds, 

perhaps the biggest question they must consider is whether they ought to invest their 

money into passive index funds or to pay the extra dollar for someone to actively 

manage their money. Advocates of passive portfolio management believe that the 

market is efficient, meaning that a manager that continuously tries to beat the market 

will fail as the market already has incorporated all available information that is 

needed to obtain an edge. On the other side, we find advocates of active portfolio 

management. Being active means that they believe markets are not efficient, and that 

deviating from the passive management strategy would generate superior returns. 

While a passive strategy will only be able to generate the market return of the 

investment before costs, the active strategy must generate a higher return than the 

benchmark for the investor to obtain a better trade-off (Sharpe, 1991). This is a result 

of the compensation the managers require, both for the time they use to locate 

winning strategies, and other fees in regard to being an active fund. In many cases the 

trade-off between cost and return does not lean in favor of an active management 

strategy.   

In this paper we examine the performance of Norwegian based global mutual 

funds with portfolios that primarily consist of international equities. These funds are 

what is known as global funds and provide investors with different risk profiles and 

investment strategies as opposed to domestic funds. An investors choice to invest in 

global funds could be many, but the main mindset of every investor is obviously to 

maximize returns, given the risk they are willing to undertake. By investing globally, 

they could seek out different ways to earn high returns, as well as benefit from the 

global diversification they get with it. According to the Norwegian Fund and Asset 

Management Association, as of 2016 the total capital under management in 

Norwegian global mutual funds amounted to NOK 210 Billion - an amount nearly 

twice the size of mutual funds that solely consists of Norwegian securities. We find 

this to be an intriguing fact and will therefore study Norwegian based global funds. 
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We also see this as our contribution to the literature, as there to our knowledge have 

not been conducted any extensive research on the performance of Norwegian global 

mutual funds to date. 

A recent study conducted by S&P Dow Jones Indices in 2016, showed that 85 

to 90 percent of all actively managed funds in the US and funds that invest globally, 

persistently failed to beat their benchmark index targets over one-year, five-year and 

ten-year periods. Using alpha, we will evaluate if this is also the case in Norwegian 

based mutual funds over a time period ranging from the start of 2009 until the end of 

2017. We will answer this question in two parts. Firstly, we generate an equally 

weighted portfolio of all funds in our sample to account for survivorship bias, and to 

figure out what multifactor model that will produce the most reliable results. 

Secondly, we evaluate the performance of each fund individually by conducting a 

series of time-series regressions on each fund, before and after fees. By doing this we 

are able to evaluate and compare the alpha generated from each fund with each other, 

and finally rank the funds from best to worst.   

In recent years it has come to light that numerous of funds that claim to be 

actively managed in fact only invest in accordance to the benchmark index. This is 

known as “closet indexing”, and is a tool that funds use to lure money from 

customers as they charge high operating expenses for “actively managing” their 

money, when in fact they are not.  This is a topic that is of current interest in Norway 

today as Norway's largest bank, DNB, was in late 2017 targeted by a class action on 

behalf of 180,000 customers, accused of not actively managing their funds.1 As a 

consequence of this, we want to investigate whether Norwegian based global mutual 

funds are being as actively managed as they claim to be. We examine this by 

evaluating each fund’s respective R2, and by applying the modified standard 

deviation measure; Tracking Error. We decided to solely look at funds that are 

categorized as active in their prospectus, hence omitting all passive mutual funds and 

index funds from our analysis.   

A key issue when accessing mutual fund performance is to distinguish 

whether their ability to beat the market is due to skill or luck, or consequently those 

that cannot generate abnormal return is due to bad luck or lack of skills in general. 
                                                
1 DNB was in the end not found guilty, as the court felt that the Shareholders did not have any legal 
claim to any higher degree of active management than they had already received. (www.E24.no). 
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We examine this by performing 10,000 bootstrap simulations, using the same 

methodology as Kosowski et al. (2006) and Fama and French (2010). This enable us 

to distinguish managers skill level from luck in the cross-section of alpha. 

From our analysis, we find that closet indexing do in fact exist among 

Norwegian based global mutual funds. When studying performance of an equally-

weighted portfolio, we find that on average, Norwegian mutual fund managers are not 

able to outperform their benchmark when applying the Fama and French (2014) five-

factor model. The results hold both before, and after fees are incorporated. The results 

are similar when we study individual fund performance, but it shows that some 

managers are able to beat their benchmark gross of fees. The bootstrap analysis show 

that the average mutual fund investor does not have enough skills to be able to 

generate abnormal risk-adjusted returns both net and gross of fees.  

The rest of the thesis is organized as follows: Section 2 provides a review of 

prior research on similar studies while section 3 presents related theory. Section 4 and 

5 describes the methodology and data used. Section 6 provides the empirical results 

and interpretation. Section 7 concludes the study. 

2.0 Literature review  
The question whether active portfolio managers have the ability to outperform the 

benchmark has been a widely discussed topic for a long time, and have generated a 

lot of controversy over the years. There is a lot of prior research, and the results are 

mixed. In this section we will present prior research that is of relevance to our 

research questions.   

In his paper “The performance of mutual funds in the period 1945 - 1964”, 

Michael C. Jensen (1968) introduced alpha as a measure of mutual funds’ 

performance. By using alpha, he was able to measure the difference in performance 

of a mutual fund compared to a passive benchmark with the same risk. 115 mutual 

funds were included in his investigation, and he concluded that those funds on 

average were not able to outperform the market index. The results show that his 

conclusion holds both before and after management expenses.  

Malkiel (1995) studied mutual fund returns from 1971 to 1991. After 

analyzing returns from all funds, Malkiel concluded that mutual funds 
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underperformed the market, both before and after management expenses. He was able 

to obtain measures of survivorship bias, which is the bias you get from only including 

surviving funds, and estimated it to be more substantial than previously noted. 

Malkiel further suggests that previous studies who found active management to be 

superior, were likely to be influenced by survivorship bias. 

Daniel, Grinblatt, Titman and Wermers (1997) conducted a study that 

measured whether mutual fund managers pick stocks that outperform simple 

mechanical strategies, such as book-to-market and momentum. They included a new 

measure that matched the characteristics of the component shares in the funds under 

evaluation. Their results suggest that some mutual funds were able to identify over-

performing stocks, but that the outperformance was approximately equal to the 

management fees. They also found that more risky funds that invest in growth stocks, 

have the highest performance, but also the highest cost. This is consistent with the 

findings of Grossman and Stiglitz (1980) who found that informed investors only 

outperform the market to the degree that they are able to earn back their fees.    

Carhart (1997) use a dataset free of survivorship bias that includes all 

diversified equity funds in the period from January 1962 to December 1993 to 

examine the persistence in mutual fund performance. In his study he expanded the 

already established 3-factor model by Fama & French (1993) by adding the 

momentum effect of stocks as an explanatory variable by Jegadeesh and Titman 

(1993), an effect based on that high performers probably will be high performers in 

the near future. He concludes that the profit gained by following a momentum 

strategy will be covered by the transaction costs for most mutual funds, excluding the 

top- decile that overperform and the bottom- decile that underperform. He also finds 

very slim evidence that funds with high 4-factor alpha have over-average high alpha 

and expected return in subsequent periods, so that there would exist short term 

persistence explained by skilled, or informed mutual fund managers.    

Bogle (2002) states that in most cases the benchmark index will perform 

better than actively managed portfolios. In his paper “An Index Fund 

Fundamentalist” from 2002, he looked at the fund performance in all the 

“Morningstar style boxes”, a matrix that consist of small, mid and large-capitalization 

on the y-axis and value, growth and blend-composition on the x-axis. Here he showed 
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to a previous study he conducted over a 5-year period from 1992 to 1996, where he 

found that in terms of risk-adjusted return, index funds were superior in all except 

small-cap growth stocks. He then went on to conduct the same study but now for a 

ten-year period ending in 2001. The result was according to him not surprisingly 

nearly the same, whereas now not just the eight boxes, but instead all of the nine style 

boxes provided superior returns in favor of index funds. 

Looking into studies related to the performance of global mutual funds; 

Cumby and Glen (1990) conducted a study of global mutual fund performance in the 

U.S, with a goal to evaluate how well U.S. global mutual funds performed in 

comparison to domestic and global benchmark indices. 15 U.S. based global funds 

were used in their analysis, with The Morgan Stanley World Index and the Morgan 

Stanley U.S. Index used as comparable benchmarks. They used alpha to measure 

portfolio performance from 1982 to 1988. An interesting finding from their study 

were that fund managers in general are timing perverse, i.e. that they take on more 

risk when the markets are falling and decrease their risk exposure when the markets 

are rising. The main takeaway from their analysis, however, is that US global funds 

overall did not manage to outperform their respective benchmark over the six-year 

period. Droms and Walker (1994) increased their sample of funds and the time period 

evaluated from previous studies with a goal to obtain more reliable results. They 

implemented a cross-sectional/time-series regression approach, where they found the 

alpha in global mutual funds to not be significantly different from zero. On the other 

hand, they found evidence that global funds do provide benefits from global 

diversification, where an international portfolio’s rate of return commensurate with 

their exposure to risk.  

Shukla and Singh (1997) wanted to evaluate the performance of U.S based 

global funds as opposed to U.S based domestic funds. Their findings suggest that the 

U.S. based global fund performance is superior to the global benchmark (MSCI). 

However, their findings further suggest that an U.S based investor would get even 

better off by investing domestically, as it provides better risk adjusted returns. On the 

other hand, they set forth that if you are able to forecast in which months that the U.S 

domestic market will perform poorly, one can benefit, as global funds predominantly 

did provide superior returns during these months.  
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In more recent years Amihud and Goyenko (2013) conducted an analysis that 

introduced R2 as an alternative performance measure that does not rely on holding 

data. They use both the factor models of Fama & French (1993) and Carhart (1997) to 

evaluate whether R2 is able to predict alpha. They emphasize on how well R2 is able 

to include several risk factors, and find support for their hypothesis that R2 in fact is a 

sufficiently good predictor of performance.  

Petajisto (2013) use active share and tracking error to sort mutual funds into 

various categories of active management. Petajisto find that the most active stock 

pickers outperform their benchmark indices even after fees, while the closet indexers 

underperformed. He further finds that closet indexing has increased in popularity 

since 2007, and as of 2013 it accounts for about one-third of all mutual funds in the 

US. 

  Kosowski et. al (2006) performed a new bootstrapping technique in order to 

distinguish whether those fund managers that are able to provide abnormal return are 

doing so as a result of skill or pure luck. They examine the performance of U.S. open-

end, domestic equity mutual funds over the time-period 1975 - 2002. Their findings 

suggest that the majority of fund managers are not able to provide sufficient returns to 

cover cost. Conversely, their findings differ from previous studies in showing that a 

sizable minority of the fund managers’ superior alpha actually persist.  

Fama and French (2010) conducted a similar study to Kosowski et al. (2006) 

comprising of U.S. mutual funds in the time-period 1984 - 2006. Their aim was also 

to measure skill versus luck, but instead of simulating each fund’s return 

independently, they modified the procedure to jointly sample fund returns instead. 

The main motivation of their study was to answer the question of what distribution of 

the cross section of alpha in active funds that would be expected if the true alpha is 

zero in every fund. This was done as opposed to Kosowski et al. (2006) both net and 

gross of fees. Net of fees they find little evidence that supports that fund managers are 

able to generate returns sufficient to cover their costs. On the other hand, looking at 

the results from the bootstrapping procedure, gross of fees, there is evidence of 

inferior and superior performance, hence a nonzero true alpha estimate.   

Sørensen (2009) conducted a study on all mutual funds that have existed on 

the Oslo Stock Exchange between 1982 and 2008. His dataset therefore ended up 
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being free of survivorship bias, where his result shows a statistically significant 

difference in active return on -3.1 % by funds that ceased to exist and those active in 

2009. He finds the alpha to be indistinguishable from zero in actively managed funds. 

He therefore concludes that there is little to no evidence of any abnormal performance 

of actively managed funds in respect to benchmark returns, using the Fama and 

French (1992) three-factor model. 

Most of the prior research on mutual fund performance is conducted on U.S. 

mutual funds, while in more recent years some have studied the Norwegian fund 

market. There is no prior research on Norwegian based global funds, which is the 

scope of this thesis. However, we expect to get similar findings as the studies 

conducted abroad. Even though results from prior research are mixed, the research in 

favor of a passive strategy outweighs the research in favor of an active strategy. 

Based on previous literature we also expect closet indexing to exist among 

Norwegian based global funds. 

 

3.0 Theory  
Modern portfolio theory (MPT) was introduced by Harry Markowitz (1952). 

According to MTP, it is possible to construct an efficient frontier which is a 

combination of individual assets that maximize return for a given level of risk. MPT 

assumes investors are risk-averse, meaning that they for a given level of return prefer 

a less risky portfolio to a riskier one. 

 
Figure 1: Efficient Frontier 
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The tangency line or the capital market line (CML) graphs risk premiums of efficient 

portfolios as a function of standard deviation. CML is defined as: 

 

𝑟" = 𝑟$ + 𝜎"
'()'*
+(

      (1) 

 

The equation says that the return of a portfolio is equal to the risk-free rate plus a risk 

premium.  

The capital asset pricing model (CAPM) by Sharpe (1964) and Lintner (1956) 

is an extension of MPT, and describes the relationship between risk and return for a 

given asset. While MPT is only able to price a portfolio, CAPM can price any asset. 

The CAPM equation is defined as: 

𝑟, = 𝑟$ + 𝛽.	(	𝑟. − 𝑟$)     (2) 
 

The equation implies that the expected return for an asset is equal to the risk-free rate 

plus the market premium times the beta, which is given by: 

𝛽. = 345	('6	,'()
+8(	'(	)

      (3) 

 

Beta is the sensitivity of the asset to the market and indicates how much the asset is 

exposed to market risk. Higher value of beta indicates higher volatility.  

 
Figure 2: Security Market Line 
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The security market line (SML) graphs risk premiums of individual assets as a 

function of beta. In market equilibrium, all assets that are fairly priced will lie on the 

SML. Assets that deviates from the SML are subject to mispricing. If the asset is 

overpriced it will provide an expected return less than what the SML predicts given 

its beta, and will hence lie below the SML. CAPM also states that investors should 

only be rewarded for systematic risk, which is market risk that cannot be diversified 

away.  

Since we in this thesis will measure the performance of Norwegian based 

global mutual funds and compare it to their benchmark index, we find it necessary to 

define active and passive portfolio management. Bodie, Kane and Marcus (2014) 

defines passive portfolio management as buying a well-diversified portfolio to mirror 

a market index, without attempting to search for mispriced securities. Active 

management on the other hand is the attempt to improve performance either by 

identifying mispriced securities or by forecasting broad market trends. 

Bodie, Kane and Marcus (2014) further defines an active portfolio in the 

context of the Treynor-Black model, as a portfolio that is formed by mixing analyzed 

stocks of perceived non-zero alpha values. This portfolio is ultimately mixed with the 

passive market-index portfolio.  

When defining active and passive management styles, it must be according to 

Sharpe (1991) the case that: (1) before cost: The return on the average actively 

managed dollar will equal the return on the average passively managed dollar and (2) 

after cost, the return on the average actively managed dollar will be less that the 

return on the average passively managed dollar. Sharpe therefore categorizes the 

markets as efficient, so that the passive investment strategy would include all possible 

investment opportunities and entails that all investors have the same objectives.  

The Efficient Market Hypothesis (EMH) was first introduced by Fama (1969). 

He defined an efficient market as a market in which prices fully reflects all available 

information. The EMH is normally divided into three different forms. The weak form 

hypothesis states that stock prices already reflect all information on market trading 

data, such as the history of past prices and trading volume. The semi-strong form 

hypothesis states that stock prices reflect all publicly available information. Finally, 
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the strong form hypothesis states that stock prices reflect all information that is 

relevant to the firm, even information that is available only to company insiders. 

       “Proponents of the efficient market hypothesis believe that active management is 

largely wasted effort and unlikely to justify the expenses incurred. Therefore, they 

advocate a passive investment strategy that makes no attempt to outsmart the 

market” (Bodie, Kane & Marcus, 2014).  

        If the efficient market hypothesis holds, investors would be unable to outperform 

the market through mispriced securities. It would therefore, according to EMH, be 

more rational to invest in low cost index funds rather than actively managed mutual 

funds.  

4.0 Methodology  

4.1 Model Selection 

In this section, we discuss the different multifactor models used to explain mutual 

fund returns and to what degree they are able to evaluate performance. The main 

purpose of using factor models in the evaluation of mutual fund performance is to 

compare actual fund returns with the return generated from the respective factor 

model. By doing this you are able to determine to what degree the exposure of each 

included risk factor attributes to the performance. The return that is not accounted for 

in the model is captured in the intercept; formerly known as alpha (α). To obtain the 

alpha intercept, we run a series of time-series regression on each individual fund, as 

well as on an equally weighted portfolio of all funds that we included in the sample.   

 Alpha is today a widely used measure of fund performance, developed by 

Jensen (1968), with the purpose of evaluating whether investors are rightfully 

compensated for taking on increased volatility risk. A statistically significant alpha 

would suggest that a fund is able to generate abnormal return. The alpha equation 

from a single-factor model can be illustrated by: 

𝛼, = (𝑟, − 𝑟$) − 	𝛽. 𝑟. − 𝑟$ 	 	 	 	 		(4)	
	

where a positive α indicate that the fund delivered superior risk-adjusted return while 

a negative α indicate that the fund performed worse than the market.  
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As the alpha generated from this single-factor model is only exposed to the market 

proxy, it would not account for what has later been proven to be reliable market 

anomalies in explaining fund performance, such as book-to-market and momentum 

factors. Consequently, the factor models we chose to investigate is the well-

established Fama and French (1992) three-factor model and Carhart's (1997) four-

factor model, as well as the fairly new Fama and French (2014) five-factor model.  

4.1.1 Three-factor model  

The three-factor model by Fama and French (1992), is an extension to the well-

known CAPM, that was developed by William Sharpe (1964) and John Lintner 

(1956). It was developed because overperformance of the small minus big (SMB) and 

the high minus low (HML) factors was not accounted for in the CAPM. SMB aims to 

capture the effect of that small-cap stocks generate larger returns than the CAPM 

predicts, while HML accounts for the anomaly that firms with a high book to market 

ratio tend to outperform firms with a low book to market ratio. The Fama and French 

3-factor model can be illustrated as follows: 

 

𝑟, − 𝑟$ = 	𝛼, + 	𝛽. 𝑟. − 𝑟$ + 𝛽:;<𝑆𝑀𝐵@ + 	𝛽A;B𝐻𝑀𝐿@ + 𝜀, ,	  (5) 
 

where ri  is the return on a portfolio or security i for period t, rf  is the risk-free return, 

rm is the return on the value-weighted market portfolio, SMBt is the return on a 

diversified portfolio of small stocks minus the return on a diversified portfolio of big 

stocks, HMLt is the difference between the returns on diversified portfolios of high 

and low B/M stocks, eit is a zero-mean residual. 

4.1.2 Four-factor model   

The four-factor model developed by Carhart in 1997 is an extension to the Fama and 

French (1992) three-factor model. Carhart decided to include a momentum factor that 

aimed to capture the anomaly that past winners will continue to perform good and 

that past losers will continue to perform bad. The model can be illustrated as follows: 

 

𝑟, − 𝑟$ = 	𝛼, + 	𝛽. 𝑟. − 𝑟$ + 𝛽:;<𝑆𝑀𝐵@ + 	𝛽A;B𝐻𝑀𝐿@ + 𝛽F;B𝑊𝑀𝐿@ + 𝜀, (6) 
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where rit is the return on a portfolio in excess of the risk-free rate, and WMLt is the 

return on a diversified portfolio for one-year momentum in stock returns. 

4.1.3 Five-factor model  

In 2014 Fama and French found it reasonable to expand the three-factor model of 

Fama and French (1992), by adding two new quality factors to the equation; 

investment and profitability factors.  These two factors aim to account for the fact that 

securities of firms with high operating profitability perform better, and that securities 

of firms with a high total asset growth tend to provide below average return. The 

model can be illustrated as follows: 

 

𝑟, − 𝑟$ = 	𝛼, + 	𝛽. 𝑟. − 𝑟$ + 𝛽:;<𝑆𝑀𝐵@ +	𝛽A;B𝐻𝑀𝐿@ + 𝛽H;F𝑅𝑀𝑊@ + 𝛽3;J𝐶𝑀𝐴@ +	𝜀,  (7) 
 

where RMWt is the difference between the returns on diversified portfolios of stocks 

with robust and weak profitability, and CMAt is the difference between the returns on 

diversified portfolios of low and high investments stocks.  

4.2 Measuring the activeness of funds   

When we are going to assess if a fund is being actively managed or not, we have to 

calculate to what degree the active portfolio deviates from its comparable benchmark 

index (Sørensen, 2009). Two of the most renowned measures for this purpose is the 

R2 measure and the tracking error measure.  

4.2.1 R2 measure 

The R2 measure that ranges from 0 to 1 is the percentage of variability in fund 

performance that is explained by variability in benchmark performance. A mutual 

fund that does not deviate from the benchmark, typically an index fund, would have a 

R2 close to 1. Following this analogy, an active mutual fund would need a 

considerably lower R2 to be considered to be actively managed. The R2 measure is 

based on the following regression: 

                                           (8) 
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4.2.2 Tracking Error 

Tracking error is a measure of the volatility of the difference in return between a fund 

and its benchmark. It gives you an indication of how closely a fund follows the 

benchmark. High tracking error indicates that the portfolio deviates a lot from the 

benchmark, while low tracking error indicates that it follows the benchmark closely.  

Ideally a portfolio manager would want to have a combination of low tracking error 

and high excess return, since tracking error in some ways is a measure of excess risk, 

but a high tracking error could also mean that the portfolio has outperformed its 

benchmark. The tracking error measure can be illustrated as follows: 

 

𝑇𝐸 = 	 (HO)HP)8Q
6RS

T)U
      (9) 

 

where RP is the return of manager or fund, RB is the benchmark return and N is the 

number of return periods in the sample. 

4.2.3 Range 

The European Securities and Market Authority (ESMA) have provided a range to the 

extent of funds potentially being closet indexers. They define the term as the practice 

of fund managers that are claiming to actively manage their portfolios, when in 

reality it stays close to a benchmark. ESMA classify funds with a tracking error lower 

than 4 % and a R2 of more than 95 % as potentially being closet indexers. Funds with 

R2 above 95 % or tracking error below 4 % will therefore be classified as closet 

indexers in our analysis. 

4.3 Measuring skill vs. luck 

4.3.1 Bootstrap 

In 2006, Kosowski et al. were the first using a bootstrap method to distinguish skill 

from luck in mutual funds’ performance over time. The main advantage of the 

bootstrap approach, as opposed to traditional parametric approaches is that it does not 

require the assumption of normality to be fulfilled, and by that give you a better 

understanding of mutual funds’ performance in general.  Following a null hypothesis 
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of a zero α, a bootstrap procedure’s main purpose in this scenario is to investigate if 

there exist too many excess returns in the left and/or right tail of the distribution.  

Kosowski et al. (2006) find in their analysis that the average fund manager 

does not generate a high enough alpha to outperform the benchmark, net of fees. 

They explain that this could arise as managers with superior skill that perform better 

than the benchmark is outbalanced by the inferior managers that underperform. In 

explaining their choice of research model, and why they chose to use the bootstrap 

method, they show to the non-normality of the empirical distribution that is present in 

the residuals of most mutual funds, and how it could lead to a poorly distribution of 

alpha. 

Kosowski et al. (2006) explains that this could arise as a result of several 

factors, where they firstly refer to that single stocks within most mutual fund 

portfolios tend to have kurtosis and skewness that make them not normally 

distributed, as well as how their returns tend to be auto-correlated. Consequently, the 

Central Limit Theorem would not apply if the sample size is not sufficiently large 

enough for it to be statistically significant, and that active fund managers who aim to 

maximize return on average are less diversified with larger positions in fewer stocks. 

Secondly, by not controlling for the heterogeneous risk-taking employed by different 

mutual fund managers, and the presence of higher moments in mutual fund alphas, 

Kosowski et al (2006) show that this may produce cross-sectional alpha distributions 

with thick, or thin tails that may lead to an over/ under-rejection of the null (in the 

absence of bootstrap). The statistical significance could therefore end up providing 

better results if a non-parametric method, such as the bootstrap method were to be 

utilized.  In 2010 Fama and French provided an extension to the Kosowski et al. 

(2006) method by jointly sampling their residuals, both net and gross of fees, and thus 

gaining a significant advantage. They were then able to capture the correlated 

heteroskedasticity of mutual fund returns and the disturbances of the benchmark 

model. Motivated by their findings, we aim to perform a bootstrap simulation using 

the same methodology as both Kosowski et al. (2006) and Fama and French (2010), 

but our main focus will be on the latter as we also includes gross returns, and want to 

account for the possibility of correlation between return of factors and residuals.  
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The disadvantage of this method is that there will be some months where funds don't 

exist at all, as months are randomly sampled from the whole period.  

We have therefore decided to focus on the t-statistic of alpha (t(α)) as opposed 

to α when interpreting the results. Both Kosowski et al. (2006) and Fama and French 

(2010) explain the t(α) superiority to only using α, with its power to control for the 

differences in precision, and the reliability of the estimated α when comparing funds. 

Given a distributional assumption, the t(α) will give us a more precise result than α, 

as α generates a higher variance in the distribution. The higher variance in the 

distribution will eventually lead to more spurious outliers in the cross-section of α, 

that consequently will provide more biased results. As t(α) is normalized by the 

standard deviation, Kosowski et al. (2006) explains that the heterogeneity in risk 

taking would not bring about nonnormalities by itself, and therefore act as a better 

test-statistic.   

A disadvantage of both methods, and of bootstrapping in general is that 

random sampling of months in a simulation run would preserve the cross-correlation 

of returns, but lose all effects of autocorrelation (Fama and French 2010). Following 

in the section below is the bootstrap procedure that we implemented.   

4.3.2 Bootstrap procedure 

The first step in the bootstrap procedure2 is according to Kosowski et al. (2006) to lay 

down a model for the factor returns in order to estimate α and the corresponding t(α) 

from each fund in the sample.  Our factor model of choice for the bootstrap procedure 

is the Fama and French five-factor model (Eq.7). The general factor model in an OLS 

framework that we implemented can be illustrated by: 

 

𝑅,,@
V = 	𝑅,,@ − 	𝑅$,@ = 	 𝑎, + 	 𝛽,,X𝑓X,@ +Z

X[, 𝑒,,@       (10) 
 

where the 𝑅,,@V  is the excess return for fund i at time t, found by taking the monthly 

return 𝑅,,@ less the risk-free rate 𝑅$,@. 𝑎, is each fund’s estimated α, and the 𝛽,,X is 

estimated coefficients from the factor exposures 𝑓X,@, for K factors in the model.   

                                                
2 For a more detailed description of the bootstrap procedure, see Kosowski et al. (2006) and Fama and 
French (2010). 
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After running the regression in Eq. (10), all the estimated coefficients, α, t(α), and the 

residuals are saved for each fund i.   

In the next step Fama and French (2010) implemented their modifications to 

the procedure by jointly sampling the residuals. A (T x 1) vector is drawn from the 

uniform distribution 𝑈@ 0,1  of random data points from the 10,000 simulations, 

where T is the number of observations used in our sample of mutual funds. The (T x 

1) vector is then multiplied by T. This process is then rounded up to the nearest 

integer that will generate the following (T x 1) vector: 

 

𝑇 = 𝑟𝑜𝑢𝑛𝑑	 𝑇𝑥	 𝑈@ 0,1 @[U
f , 𝑠 = 1, … 10,000.  (11) 

 
The next step in the process is that for all the (Ts) of the factor returns estimated 

above are put into a (T x K) matrix, K being the number of factor returns. The same 

process is also done for the (Ts) of each funds residual that would generate a (T x N) 

matrix, where N is the number of mutual funds in the sample.  

The next step is to construct a pseudo time series in excess of the risk-free rate 

that have jointly sampled factor returns and residuals, and by construction giving it 

the property of a zero true alpha by removing alpha from Eq. (10).  

 

𝑅,,@
V,^ = 𝛽,,X𝑓X,@

^ + 𝜀,,@
^Z

X[U     (12) 
 
These pseudo returns are then ran on the original first - time factor model; Eq. (10) 

for each fund, keeping the random draw constant, and to obtain the newly simulated 

bootstrapped α and its corresponding t(α) for the S = 10 000 simulations. This 

generates a (1 x N) matrix of bootstrapped α.  Following the inclusion rules of Fama 

and French (2010), then a fund that fail in delivering eight valid returns will not be 

included further in the bootstrap.  

Finally, to be able to evaluate the results from the bootstrap procedure we 

compute the percentage of times that the actual α and the corresponding t(α) are 

larger than the simulated values from the five best, five worst and for funds at 

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

 

%	 𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 < 𝐴𝑐𝑡𝑢𝑎𝑙 q = 	
U
:
	 1:

^[U 𝛼:,.rst@Vu < 	𝛼Jv@rts   (13) 
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%	 𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 < 𝐴𝑐𝑡𝑢𝑎𝑙 @(q) = 	

U
:
	 1:

^[U 𝑡(𝛼):,.rst@Vu < 	 𝑡(𝛼)Jv@rts            (14) 

4.4 Regression assumptions 

In order to obtain reliable and valid regression results, some regression assumptions 

need to be fulfilled. It is the two following issues that will be of most importance to 

our analysis.  

 

1. No autocorrelation of residuals. 

To test our sample for autocorrelation we used the Durbin Watson test, and the 

estimates are shown in Appendix 2. The test results indicate that 77 % of the sample 

is slightly negatively correlated, while the rest is slightly positively correlated. To 

correct for autocorrelation, we used the Newey West (1987) standard error correction. 

 

2. Homoscedasticity of residuals 

To test for heteroscedasticity, we used the Breusch - Pagan test, and the results are 

shown in Appendix 2. The null hypothesis of the test is that the data is 

homoscedastic. The results show that the null hypothesis was rejected for 8 % of the 

sample at a 5 % significance level, meaning that they are heteroscedastic. Again, we 

used the Newey West (1987) corrected standard errors which corrects for both 

autocorrelation and heteroscedasticity.  

5.0 Data collection 

5.1 Sample period and fund selection 

The sample period that we use in this paper are monthly observations that ranges 

from January 2009 to December 2017. We decided that 2009 would be the best 

starting point as we would remove extreme outliers and financial side- effects that the 

subprime crisis in 2008 could impose on the results.  

To figure out what funds to include within our fund categorization of 

Norwegian global funds, we used VFF. They provide yearly reports on all mutual 

fund activity in Norway. As of February 2018, there exists according to VFF; 102 

global mutual funds in Norway. We are going to exclude those that fall into the 
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passive management category, and those with less than 12 months of observations. 

This is because funds tend to adopt more risky strategies in its early stages of the life 

cycle. We ended up with 66 funds in our sample that were said to be actively 

managed, and that charged fees for active management. To extract the data needed for 

our analysis we used Thomson Reuters Eikon, available at BI Oslo. This is a platform 

that contains historical datasets of financial time series and cross-sectional statistics.  

5.2 Survivorship Bias  

Previous research on mutual fund performance and survivorship bias have shown to 

the importance of accounting for survivorship bias, where both surviving and non-

surviving funds should be included in order to provide the most reliable results. Elton, 

Gruber and Blake (1996) shows that delisted funds are mostly categorized by the fact 

that they have performed very poorly over a time period, and thus if we decided to 

omit those funds there would be a high probability of ending up with an 

overestimation of average performance. To the extent that survivorship bias would 

affect our results by omitting delisted funds are illustrated in Figure 4 and 5. Here the 

cumulative returns of a portfolio consisting of only surviving funds provided superior 

returns in regard to a portfolio consisting of only delisted funds. Therefore, in order to 

account for survivorship bias in our dataset, we choose to include all funds that have 

existed for the whole sample period, been delisted during the sample period and lastly 

funds that was initiated after the start of our sample period.  Kosowski et al. (2006) 

that performed a bootstrapping analysis as previously described, included only mutual 

funds that have existed for five years in their analysis, while Fama and French (2010) 

excluded funds that did not exist five years before the end of their sample period.  

5.3 Monthly return  

In calculating the monthly return for each fund, we used its historically reported net 

asset value (NAV) from Eikon. NAV is essentially the total book-value of a 

company's assets. It is calculated by taking the fund’s total assets and subtracting the 

value of intangible assets minus both short and long-term liabilities. NAV is gross of 

taxes but net of operating expenses. By using NAV, we are able to calculate the 

monthly net return that each fund provides. The calculation of net monthly return is 

illustrated in the formula below: 
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𝑟,,@ =
TJw6,x
TJw6,xyS

− 1     (15) 

 

We then went on to calculate the gross return, as it is according to Morningstar useful 

in simulating the return that investors would have received if they had not paid any 

expenses. This comes from the assumption that fees are based on ending net assets.  

 

𝐸𝐺𝑅, =
'6{U

U)
|}~
S8

− 1    (16) 

 
where EGRi is the gross return for month i, ri is the actual return for month i and ERj 

is the expense ratio for the fiscal year that covers month i.  

5.4 Expense Ratio 

The fee charged by each fund in our sample is illustrated either by the operating fee 

stated at Morningstar, or at the respective funds latest available prospectus. The 

expense ratio of a mutual fund is according to Morningstar usually comprised of three 

components: management fees, administrative fees and advertising fees. The 

management fee is the fee that the fund manager takes to “actively” manage the fund 

on a daily basis, while the administrative fee is costs not included in the management 

fee, such as staffing costs and office rental cost. The last fee; Advertising fee, also 

known as 12b-1 is the cost associated with advertising the fund to potential investors.   

To calculate gross returns, we will need to subtract the operating expenses 

from NAV since NAV is net of operating expenses. The major drawback with using 

mutual funds expense ratio in calculating gross returns is that it does not include 

trading costs. Trading costs vary over time and often with the activeness level of the 

fund. We were not able to obtain the trading costs, which in turn is unfortunate as our 

calculations of gross returns therefore is not gross of all expenses. Our tests on gross 

return will therefore be in line with the methodology of Fama and French (2010), in 

showing that a mutual fund only possess skills if estimates of α covers the trading 

costs missing from the expense ratio.  

09412750932677GRA 19502



 
 

20 

5.5 Risk free rate 

Since there are no investment instruments that guarantees an absolute risk-free rate, 

we would need to establish a proxy for that purpose. Fama and French (2010), 

Carhart (1997) and Kosowski et al. (2006) all used the one-month Treasury bill as 

their proxy for risk free rate.  We decided to use this as well, as all of our fund data is 

extracted in USD. From the Kenneth R. French Data Library, we obtained the one-

month Treasury bill in USD. As our sample consists of Norwegian mutual funds that 

primarily invests in the global market, it entails that investors are exposed to various 

exchange rate risks between the domestic (NOK) currency and foreign currency. 

Some funds employ currency hedging as part of their investments strategy, while 

other funds take on more risk to generate higher returns.  

5.6 Benchmark 

The most commonly used benchmark for global mutual funds in Norway is according 

to Morningstar the MSCI World NR USD. We therefore find it to be the most 

appropriate benchmark for the whole sample.  The MSCI World Index is a broad 

global equity benchmark that represents mid and large-cap performance across 23 

developed markets countries (www.msci.com/world). In Appendix 6, all the member 

countries are listed for reference. 
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5.7 Summary statistics 

 
Table 1: Summary of descriptive statistic of fund and benchmark returns.  

The table shows the mean, standard deviation, minimum return, maximum return, skewness and kurtosis of the benchmark index 
and different equally- weighted fund returns. The benchmark index is the MSCI total return index for the world and the equally-
weighted portfolios are; all funds that seized to exist during the full sample, funds that have been delisted during the sample and 
finally a portfolio of funds that are survivors during the whole sample. Panel A uses monthly returns net of fees, while Panel B 
uses monthly returns gross of fees.  
 

 

 

The equally weighted portfolio (EW) of net returns within all fund categories (all 

funds, delisted and alive) have a lower mean return than the Benchmark (MSCI). 

However, when looking at gross returns, we see that all funds combined, and the 

portfolio of only alive funds generated a higher mean return than MSCI. By 

investigating the Max and Min values, this becomes clear as the deviation between 

the Max values of both fund categories and the MSCI is more significant than when 

comparing Min values. Another observation to point out is that the standard deviation 

of all EW portfolios (ex EW Delisted) is higher than the MSCI both net and gross, 

which in turn would imply that the variability in the returns is larger.  
 

Table 2: Summary of descriptive statistics of Fama and French 5-factor returns. 
The table shows the mean, standard deviation, minimum return, maximum return, skewness and the kurtosis of the global factors 
in Fama and French 5-factor model.  
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Table 3: Correlation matrix of global factor variables 
The table shows the cross-correlation of the global four and five-factor models over the total time period. 
 

 

6.0 Results and analysis 

In this section we will present and discuss the empirical results. We will start by 

looking at fund activeness, evaluated using R2 and tracking error. Following this, we 

will evaluate the fund performance by looking at the α estimates. This is done both 

net and gross of fees from individual fund regressions, as well as an equally weighted 

portfolio. Lastly, we will provide a comparison of the different results provided from 

the Kosowski et al. (2006) bootstrap procedure, and the modified procedure by Fama 

and French (2010). 

6.1 Activeness of funds 

6.1.1 R2 

The rightmost column in table 5 shows the average R2 obtained from individual 

regressions of each fund in our sample. When applying the three-factor model gross 

of fees the average R2 is 0.8712. The average R2 increases to 0.8824 when applying 

the five-factor model gross of fees. The median R2 is 0.9119 and is represented by 

Holberg Global A. This means that the five-factor benchmark model explains 91.19 

% or more of the variations in returns for half of the sample. This indicates that more 

than 50 % of our total sample of funds are either closet indexers or close to being 

closet indexers.  

We find that the most active funds, KLP Framtid and Sektor Global Equity 

Kernel A NOK, are rather new and have only operated 12 and 24 months, with an R2 

of 0.2670 and 0.4707 respectively. The low R2 may reflect an outlier-type strategy or 

estimation error due to few observations (Amihud & Goyenko, 2013).  
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As shown in Appendix 3, 15 of the funds have R2 above 0.95 and can therefore be 

classified as closet indexers. This amounts to 22.73 % of the total sample. Another 22 

funds have an R2 somewhere between 0.90 and 0.95 and are therefore close to being 

classified as closet indexers. This is consistent with Petajisto (2013) who found that 

approximately one-third of all mutual funds were closet indexers, as well as 

Smørgrav & Næss (2011) who found that about 20 % of Norwegian mutual funds 

were closet indexers. Figure 3 below shows the R2 distribution of the funds in our 

sample. 

 
Figure 3: R2 Distribution 

The histogram shows the number of funds within different intervals of R2. The leftmost post shows the number of funds with an 

R2 higher than 95 percent, while the rightmost post shows those with an R2 lower than 80 percent.  

 

6.1.2 Tracking Error 

When we look at the activeness of fund management using tracking error, the results 

are similar to the results from using R2. 15 funds have a tracking error below 4 % and 

can hence be classified as closet indexers. This is the same amount that we found 

using R2. This indicates that tracking error and R2 yields similar ranking in terms of 

active management. Table 4 further supports this. The table shows the 10 most active 

and the 10 least active funds, ranked by both measures. When looking at the least 

active funds, the same 10 funds appears on both rankings. Out of the 10 most active 

funds, 8 of them appears on both rankings. KLP Framtid, which is the most active 

fund in terms of R2, does not appear on the tracking error top list. This is supported 

by Amihud & Goyenko (2013) who suggests that it could be due to estimation error. 
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Table 4: Fund activeness 
The table shows the 10 most active and the 10 least active funds ranked by R2 and tracking error. 

 

 

6.2 Performance  

6.2.1 Equally weighted portfolio regression results 

To obtain a fair overview of the overall performance of Norwegian global mutual 

funds, we generated an equally-weighted portfolio, consisting of the excess return of 

all the funds in our sample.  We used the portfolios excess return as the dependent 

variable against factors from the three, four and five-factor models. The results can be 

seen in table 5 below, shown for both net and gross monthly returns.  
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Table 5: Fund performance 
The table shows the different factor loadings obtained from the time-series regression of an equally weighted portfolio. Each 
coefficients t-statistic is stated in parentheses and is corrected using the Newey and West (1987) procedure. An equal-weighted 
portfolio is compared to the Fama-French 3 and 5 factor models and the Carhart 4-factor model throughout the whole sample 
from 2009-2017. Average R2 is obtained from individual fund regressions. Results are shown both net and gross of operational 
fees.  

 
 

The differences in adjusted R2 are very small among the different models, but the 

five-factor model has the highest adjusted R2 of 0.9765. This indicate that the five-

factor model is superior to the three- and four-factor models as it captures the 

variation in returns to a slightly weak, but still greater extent. We observe that all the 

factor models exhibit negative and non-significant α, gross of fees. When looking at 

monthly returns net of fees, the three- and four-factor models exhibit negative α, but 

significant at the 5 % level. The five-factor model exhibit a negative α, significant at 

the 1 % level. The α of the equally weighted portfolio, net of fees is - 0.22 % per 

month using the five-factor model. This α estimate is 2.84 standard deviations below 

zero and therefore provides strong evidence that the returns of the portfolio of all 

global funds are below the returns provided by the factor model. When adding back 

fees, the five - factor model α, gross of fees has increased to -0.12 % per month. The 

α estimate is now 1.51 standard deviations below zero, which in turn would indicate 

that even after the fees are subtracted from the returns, the average global mutual 

fund manager is not able to provide abnormal returns for the investors. Overall, these 

results provide support to a hypothesis that on average, Norwegian global mutual 

funds are not able to beat their respective benchmark before or after fees.  

We further observe significant market coefficients above 1, suggesting heavy 

loading and exposure to the market portfolio. The equal weighted portfolio has a 

positive and significant exposure to the SMB factor for all the factor models, 

indicating that the funds are more exposed to the average return of small companies 

09412750932677GRA 19502



 
 

26 

(size). The exposure to the HML factor is negative and statistically significant for the 

three- and four-factor models, but becomes positive and non-significant when moving 

to the five-factor model. The four-factor model exhibit a negative and statistically 

significant exposure towards the WML factor, while the five-factor model shows a 

positive, but non-significant exposure towards the RMW factor, and a significant 

negative exposure towards the CMA factor. 

 
Figure 4: Cumulative net fund performance 

The graph shows the equal weighted returns on all funds, delisted funds, surviving funds and the MSCI benchmark index net of 
fees in the period 2009 to 2017.  
 

 
 

Figure 5: Cumulative gross fund performance 
The graph shows the equal- weighted returns on all funds, delisted funds, surviving funds and the MSCI benchmark index gross 
of fees in the period 2009 to 2017. 
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When comparing the performance returns in terms of costs, we see from figure 4 that 

the equally weighted portfolio over the past five years on average provided returns 

lower than of the benchmark index net of fees, as opposed to the time period of 2009-

2014. This is interesting, as figure 5 illustrates that gross of fees the portfolio has 

overperformed the benchmark at every point in time during the entirety of the sample 

period. This would therefore imply from a specifically observational perspective, that 

from 2014 and forward, fund managers have not been able to provide superior returns 

in regard to its benchmark for its investors after costs. One should on the other hand 

refrain from drawing conclusions from this result, as an equally- weighted portfolio 

could impose misleading results. It could also have been interesting to look at an 

value-weighted portfolio, but this turned out to be difficult as we wanted a dataset 

free of survivorship bias. This is because delisted funds for obvious reasons do not 

provide assets under management, so including them in a value-weighted portfolio 

would provide misleading results.  

6.2.2 Individual fund regression results  

The table in appendix 4 presents the results from regressions of monthly return net of 

fees, while the table in appendix 5 presents the results from regressions of monthly 

return gross of fees, both using the five-factor model. The tables show the top 10 

performing funds, the bottom 10 performing funds as well as the median fund ranked 

by the alpha’s t-statistic.  

Using gross returns, we see that all of the top 10 funds deliver a positive α. 

However, only the two best funds are statistically significant at the 10 % level. The 

two best funds are Storebrand Global Multifaktor and Storebrand Global Verdi and 

they provided a monthly α of 0.13 % and 0.22 % respectively. The 10 worst 

performing funds all delivers significant negative α, the nine worst statistically 

significant at the 5 % level, and the four worst even significant at the 1 % level. We 

also observe that out of the top 10 funds, nine of them have a R2 above 0.90 and six 

of them above 0.95. Looking at the worst 10, only one fund has a R2 above 0.95. This 

supports a passive investment strategy, and suggest that the more you deviate from 

the index, the more you lose. This is not in line with Petajisto (2013) who found that 

the most active stock pickers outperformed their benchmark indices even after fees, 
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while closet indexers underperformed. Using net returns, we see that all of the top 10 

funds still delivers positive α, but all of the α are now non-significant. All of the 10 

worst performing funds delivers negative α statistically significant at the 5 % level, 

and seven of them even significant at the 1 % level. The median fund is represented 

by Skagen Global II NOK and it has delivered a monthly α of -0.19 %. The results 

support many of the previous studies done, e.g. Malkiel (1995), Sørensen (2009) and 

Cumby and Glen (1990) in showing to actively managed funds being unable to 

deliver alpha net of fees. Our findings are therefore also in line with Sharpe (1991) 

who stated that the index net of cost will always outperform an actively managed 

dollar, which suggest that the market is somewhat efficient.  

Only three of the top 10 funds have existed the whole sample period, which 

means seven of them have fewer observations. KLP Framtid which is the fifth best 

have for instance only 12 months of observations. Kosowski et al. (2006) shows to 

the fact that short-lived funds’ cross-section α may be inflated due to the fact that 

they are more subject to survivorship bias and a higher dispersion than funds with 

longer longevity. Short-lived funds are often smaller funds and may therefore impose 

a more risk-taking strategy in its early life in order to gain a competitive edge. Liang, 

B (1999) provides an explanation to the over-performance seen by younger funds 

with that these managers are working harder in building the funds’ reputation that is 

required to attract capital from outside investors.  

  We also observe some differences in the exposure to the different risk factors 

between the best and worst performing funds. We find that the bottom 10 funds are 

more exposed to the market portfolio and average return of small companies than the 

top 10 performing funds.  

  Overall, the results from the individual fund regressions show weak evidence 

of abnormal fund performance. It suggests that some skilled managers are able to beat 

their benchmark index before fees, but the trade-off between good performers and 

bad performers is outweighed by the latter. This is investigated further in section 6.3. 

6.3 Bootstrap results 

In this section we will present our findings from the application of the Kosowski et al. 

(2006) bootstrap procedure, as well as the modified procedure of Fama and French 

(2010), utilizing the Fama and French (2014) five-factor model. Table 6 reports the 
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results using net returns, while Table 7 reports the results using gross returns. In both 

tables, the second and fifth column in each panel (“simulated”) shows the 

bootstrapped α-value and t(α) respectively, ranked from worst to best, while the third 

and sixth column (“Actual”) shows the simulations associated “actual” values.  The 

“actual” values used are the results from the individual fund regressions reported in 

Appendix 4 and 5.  Finally, the fourth and seventh row (“% < Actual”) in each panel 

respectively reports the percentage of times that the actual value exceeds the 

associated simulated value generated from the two different bootstrap procedures.  

 
Table 6: Bootstrap results using net returns 

The table shows the actual and the simulated α and the t(α) from both the Kosowski et al. (2006) bootstrap procedure and the 
Fama-French (2010) modified procedure. Panel A and B shows the Kosowski et al (2006) and Fama-French (2010) methods 
respectively, net of fees. The leftmost column in each panel ranks each fund in respect to both α and t(α), while the rightmost 
column lists the percentage in which the actual α and t(α) were larger than the bootstrap generated coefficients.   

 
 
In Table 6 using net returns, we see that in general the likelihood of the ability of skill 

to cover costs are scarce. Taking both the Kosowski et al. (2006) model in Panel A 

and the Fama and French (2010) model in Panel B to consideration, the overall 

consensus is that only the top 10 % of fund managers have more than 50 % of its 

actual five-factor t(α) higher than those generated from the 10,000 simulation runs. In 

perspective, these are also about the only funds that provide positive t(α). For 

example, at the 70th percentile in Panel A, the cross-section of the t(α) is -0.95, where 

only 18.20 % of the actual values are better than the simulations using the Kosowski 

et al. (2006) procedure. Looking at the same percentile in Panel B from the Fama & 

French (2010) procedure, this number have decreased to 0.37 %. From the Fama and 

French (2010) method, the disconcerting fact is that funds ranking from the worst and 

all up to the 80th percentile, the actual values are lower than the simulation values in 

98 % of the runs. This is an indication that the bad results cannot be explained by bad 

09412750932677GRA 19502



 
 

30 

luck alone, but that inferior fund managers are destroying value. The takeaway from 

both models is that a greater part of mutual fund managers are not able to produce a 

high enough α to cover costs, net of fees. However, when looking at the most extreme 

right tails, we see that the cross-section of the actual t(α) on average is higher than 

from the simulations in both models. This occurs between the 80th and the 90th 

percentile with the Kosowski et al. (2006) method and at the fifth best fund using the 

Fama and French (2010) method. Our results using net returns are therefore to some 

degree similar to the findings of Fama and French (2010), where we can show to 

evidence in the extreme right tail that explains sufficient skill to cover costs that is not 

only due to luck.  
 

Table 7: Bootstrap results using gross returns 
 
The table shows the actual and the simulated α and the t(α) from both the Kosowski et al. (2006) bootstrap procedure and the 
Fama-French (2010) modified procedure. Panel A and B shows the Kosowski et al. (2006) and Fama-French (2010) method 
respectively, gross of fees. The leftmost column in each panel ranks each fund in respect to both α and t(α), while the rightmost 
column lists the percentage in which the actual α and t(α) were larger than the bootstrap generated coefficients.  
 

 
 

Table 7 above that shows results from the bootstraps using gross returns, illustrate to 

a better ability in using skills to cover costs. This is because the bootstrap procedure 

now work in a manner that shows the ability that managers have in order to cover the 

costs missing from the expense ratio (Fama and French, 2010). Overall the likelihood 

of the cross-section of the actual t(α) being higher than the simulations is better when 

employing gross returns in opposition to using net returns, as it also should be. 

However, almost all funds at the bottom spectrum still does not provide sufficient 

skills to cover costs. From the Fama and French (2010) method in Panel B we see a 

severe increase in the t(α) estimates from the 80th to the 90th percentile. Here the 

actual gross returns that beat the simulation runs leaps from 14.64 % to 84.55%, and 
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the remaining top five funds all beat their simulation runs more than 90 % of the 

times. Conversely, looking at the Kosowski et al. (2006) method in panel A, we see a 

considerably more moderate increase when moving upwards from the 30th percentile. 

Here the top five funds beat the simulations more than at least 80 % of the times. This 

is lower than with the Fama and French (2010) method, but still high enough to 

suggest that both models enables us in using gross returns to reject the null hypothesis 

that managerial skill is due to luck only.  

 
Figure 6: Kosowski et al. Bootstrap Kernel Density Estimate function 

This figure illustrates the t(α) in a Kernel Smoothing Density Function from the bootstrap procedure of Kosowski et al. (2006). 
The left panel uses net returns while the right panels uses gross returns. Both models are based on the five-factor model 
(Equation 1). The t-statistic values used in the left panel (right panel) corresponds to the percentage of times that the actual 
values were greater than the simulated values, as illustrated in panel A in table 6 (table 7). 

 
 

Figure 7: Fama & French Bootstrap Kernel Density Estimate function   
This figure illustrates the actual and the simulated t(α) in a Kernel Smoothing Density Function from the modified bootstrap 
procedure of Fama and French (2010). The left panel uses net returns while the right panels uses gross returns. Both models are 
based on the five-factor model (Equation 1). The t-statistic values used in the left panel (right panel) corresponds to the 
percentage of times that the actual values were greater than the simulated values, as illustrated in panel B in table 6 (table 7). 
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Figure 6 and 7 shows the Kernel density function as previously utilized by 

Cuthbertson, Nitzsche and O'Sullivan (2008), as an alternative interpretation of the 

bootstrap results. They implemented this method as a tool to identify how many funds 

that are expected to generate a given level of α by luck alone, and to compare this 

with the number of funds that actually achieved that level of α. The null hypothesis of 

the Kernel density estimations of the distribution of the actual and the bootstrapped 

t(α) entail zero outperformance, i.e. that it would lie within the “Luck distribution”.  

Figure 6 that utilize the Kosowski et al. (2006) procedure shows that net of 

fees the left tail of the actual value distribution lies mostly to the left of the 

bootstrapped distribution, which according to Cuthbertson, Nitzsche and O’Sullivan 

(2008) would entail that the poor performance is due to bad skill as opposed to bad 

luck alone. Diversely, we find the right tail of the actual values to lie outside the luck 

distribution of the bootstrap, which in turn would signal the presence of 

outperforming funds.  Looking at the rightmost graph in Figure 6, we see that gross of 

fees, the average of the actual distribution of t(α) have moved further into the center 

of the luck distribution, though the tails of the actual distribution still employ more or 

less the same properties as we saw net of fees. 

Figure 7 from the Fama and French (2010) modified procedure shows that 

both gross and net of fees, the ‘actual’ distribution lies more to the left of the 

simulations. This arise as a result of that the luck distribution has shifted to the right, 

becoming more normally distributed around a zero α.  This makes the left tail to 

contain more values (underperformers) and the right tail to have less values 

(overperformers) outside the luck distribution compared to the Kosowski et al. (2006) 

method. This could arise as a result of that the Fama and French (2010) procedure is 

more flexible in terms of the number of observations that are required (8 months) as 

opposed to the inclusion rule of 60 months in the Kosowski et al. (2006) method. This 

would according to Fama and French (2010) provide their method with less 

survivorship bias, since fewer delisted funds would be included and therefore provide 

a less extreme right tail in the distribution than the Kosowski et al. (2006) method.  
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Figure 8: Cumulative Density Function   
This figure illustrates the cumulative density distribution of the actual vs. the simulated t(α). The left panel shows the actual and 
the simulated cumulative density functions for the t(α) generated from the five-factor model net of fees, while the right panel 
shows the same, but gross of fees. The red lines represent actual values, whilst the blue line represents simulated values from the 
Fama and French (2010) modified bootstrap procedure.  

 
 

Figure 8 shows the actual and the simulated values of t(α) from the Fama and French 

(2010) bootstrap procedure in a cumulative distribution function. The leftmost panel 

shows the cumulative distribution function for five-factor returns net of cost. An 

investigation of the function shows that in the left-tailed distribution of the t(α), all 

the actual net returns are worse than the simulated values from the bootstrap. When 

investigating the US mutual fund market, Fama and French (2010) provide similar 

results, where they predict that the inferior performance possibly arise as a result of 

that net returns are absorbed by expenses. In the right tail of our distribution we see 

the same as in the left tail, although when moving up to the 95th percentile and 

above, some of the actual and simulated values are close to equal on average. Taking 

this into consideration one could partly provide evidence that there actually exists 

some managers that provide a positive true α net of fees in regard to the passive 

benchmark. These results are also consistent with the results that we saw from Table 

6 previously.  

Our findings also possess similar characteristics to those of Fama and 

French’s (2010) US fund market study, when we take the fees out of the equation and 

use gross returns. The rightmost panel in figure 8 shows that gross of fees, the left tail 

of the distribution provides evidence that there exist inferior fund managers that 

impose a negative true α in regard to the MSCI benchmark, i.e. the same result that 

net returns provided. However, when looking at the right tail of the distribution for 

gross returns it provides the opposite results to the left tail in favor of active 

management. This occurs from approximately the 85th percentile and above, where 

the actual values on average are better than the simulated. This would therefore imply 

09412750932677GRA 19502



 
 

34 

that there exist some superior managers that provide a positive true α in regard to the 

benchmark.    

7.0 Conclusion 
Using R2 and tracking error, we find that 22.73 % of Norwegian Global mutual funds 

who charge fees for active management can be classified as closet indexers, due to a 

R2 above 0.95 and tracking error below 4 %. Another 33.33 % are close to being 

closet indexers.  

The equally-weighted portfolio regression results suggest that on average, 

Norwegian global mutual funds are not able to beat their benchmark, both gross of 

fees and net of fees. The individual fund regression results suggest the same, but  

shows that some managers are able to beat their benchmark gross of fees. Our 

findings are in line with Malkiel (1995) and Sørensen (2009) who found little to no 

evidence of any abnormal performance of actively managed funds in respect to 

benchmark returns. The results differ from Petajisto (2013) who found that the most 

active stock pickers outperformed their benchmark indices even after fees, while the 

closet indexers underperformed. 

When we conducted the bootstrap procedure of Kosowski et al. (2006) and the 

modified version as proposed by Fama and French (2010), we found what seems to 

be the consensus amongst previous research, namely that the average mutual fund 

investor does not possess enough skill to generate abnormal risk-adjusted returns both 

net and gross of fees. Our results investigating Norwegian based global funds are also 

fairly consistent with the findings of Fama and French (2010) that investigates the US 

fund market, in showing to strong evidence of some fund managers among the top 

quintile that bear the skills to deliver alpha, as well as strong evidence of 

underperformance in the left-tail of the distribution.  

For further research one could investigate the same fund categorization as us, 

but implement a longer sample that includes the subprime crisis, in order to see if the 

results would hold during a recession as well. It would also be interesting to dig 

deeper into active management, using the fairly new measurement called Active 

Share to do a more thorough analysis of the activeness of Norwegian Global mutual 

funds. 
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9.0 Appendix 

Appendix 1:  
List of all the funds included in the sample, in alphabetical order. * are funds initiated after 2009M01 and ** are funds delisted 
before 20017M12 
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Appendix 2: 
Results from Durbin Watson, Breusch-Pagan and Shapiro Wilk tests, in alphabetical order. The Durbin Watson shows the 
autocorrelation, Breusch-Pagan shows heteroscedasticity and Shapiro-Wilk shows the normality. 
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Appendix 3:  
The table shows each fund’s R2 measure and tracking error measure, ranked from most active to least active. The bottom of the 
table shows the average and median from both measures. 
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Appendix 4: Net individual fund performance  
The table shows the individual fund performance from the Fama and French five-factor model, ranked by the best to worst of the 
t(α), net of fees.  
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Appendix 5: Gross individual fund performance  
The table shows the individual fund performance from the Fama and French five-factor model, ranked by best to worst of the 
t(α), gross of fees. 
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Appendix 6: Cumulative factor returns 
The graph shows the cumulative factor returns from 2009 to 2017. 

 
 

 
Appendix 7: MSCI World Index 
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