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Abstract 

We investigate the performance of 27 domestic- and 8 global actively managed Norwegian equity 

funds during the period of January 2005 to December 2014. The study is comprehensive and 

addresses stock picking ability, timing ability, performance persistence, and disentangles 

managers’ skill from luck. Additionally, we calculate the level of active share for all the funds, and 

discuss through several analyses why active share may not suitable as regulatory measure to 

ensure mutual fund activeness. 

For the vast majority of funds, we find no evidence of outperformance when total expenses are 

considered. Three domestic - and one global fund generate a significant positive alpha net return 

across several models of equilibrium return. However, we find no evidence to suggest that the 

outperformance is due to managers’ skills. 

With regards to active share, we find no correlation between the active share and performance, 

persistence, nor skill. In addition we find that active share in the Norwegian market are as 

probable to measure the strategy of the fund, as they are to measure the activeness. 
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1 Introduction 
During the last decade, investments in both passive- and active Norwegian mutual funds have 

seen a great upswing. The number of mutual funds and the total asset under their management 

has increased substantially. Norwegian investors seek higher return on their savings and are 

willing to expose themselves to greater risk achieving it. But do they get what they pay for? What 

can Norwegian investors expect when they invest in an active mutual fund? 

Earlier, the debate on whether or not actively managed mutual funds are able to outperform their 

benchmark after expenses, mostly took place in academic papers and specialist journals. While 

recently, newspapers have taken up this debate due to several letters of critiques from 

government entities. In the start of 2015, The Financial Supervisory Authority of Norway 

criticized some of the largest active mutual funds in Norway for not being active enough, and 

thus not providing the product their costumers was promised.  The critique in large parts concern 

the products not entailing the risk investors pay to undertake. Similar critiques have been raised 

earlier by several government entities in countries as United Kingdom, Sweden and Denmark 

although the Norwegian Financial Authorities has taken the tougher stance. 

We approach the questions above by investigating the performance of several active Norwegian 

mutual funds during the last decade. Additionally, we test for persistence in managers’ 

performance and if the obtained return can be attributed managers’ skill or luck. Furthermore, we 

investigate how active the mutual funds are, in order to reveal if investors are compensated for 

management fees. In conclusion we investigate whether active share is an appropriate regulatory 

benchmark and discuss whether the Norwegian financial authorities are right in their critique. 

Also, we consider whether the financial authority’s interjections actually pay any dividend for the 

investors of the criticised funds. 

Research on performance of the Norwegian mutual funds are largely unexplored in recent years, 

and research on active share in Norwegian mutual funds is limited. The objective of this study is 

to investigate Norwegian mutual fund performance and several aspects of their level of active 

share, in order to uncover whether or not the critiques are supported by empirical evidence in the 

Norwegian active mutual fund market.  
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1.1 Problem Statement 

To investigate the validity of active mutual fund critique, we have posted the following 

hypotheses and tested them empirically.  

i Hypothesis 1: Most active Norwegian equity funds achieve significantly positive alphas 

net of expenses over the last ten years. 

i Hypothesis 2: Norwegian mutual funds show persistence in performance and the 

performances are attributable to skill. 

By testing these hypotheses, we seek to answer the following questions: 

i Can we use active share to identify superior mutual funds? 

i Do Norwegian investors get the return and product they pay for? 

i Is active share an appropriate regulatory tool for measuring mutual fund activeness? 

Our results will be compared with prior studies.  

 

1.2 Contribution 

Our study is one of the most comprehensive studies on the Norwegian mutual fund industry in 

recent years. Instead of yearly or monthly data, we apply weekly data to identify managers’ stock 

picking ability and timing ability. While earlier studies usually use one model, we apply several 

different models, both unconditional and conditional, when investigating the funds. This gives a 

subtler picture of the funds and therefore a better foundation for analyses. Additionally, doing 

tests for timing ability, stock picking ability, persistence and skill in a single study allows us to see 

the results in light of each other, which is not previously done in this market. These tests will also 

be seen in coherence with active share. Active share research on the Norwegian market has so far 

concentrated on the relation between alpha and active share. We review the findings of these 

papers and expand on it using additional measures and perspectives. Further, we seek to 

empirically demonstrate the effect on active share of operating in different markets. In addition, 

we enlighten the effects of different strategies and market perceptions on active share through 

several simulations on the monthly holdings of OSEFX and MSCI World over the last ten years. 

Using these considerations we aim to elaborate on and review the financial authorities’ procedure 

of penalizing funds based on the active share of the portfolio. 
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1.3 Delimitations 

This study only aims at actively managed equity funds that have been operational during the last 

ten years. Therefore, we focus exclusively on 35 Norwegian registered mutual funds that meet all 

of our selection criteria (presented in section five). Thus, we cannot say that our conclusion is 

valid for all Norwegian funds. Nevertheless, we believe our results are a good indicator and proxy 

for the Norwegian equity mutual fund market. Additionally, we chose to only review the 

performance in a period of ten years, from the start of 2005 until the end of 2014. With the 

financial crisis in 2008, we argue that the analysed period contains all different economic cycles. 

Although, there is a non-negligible amount of unrest that may cause some noise.  

As a domestic risk free rate we apply a three-month government bond. One could argue that 

even government bonds contain risk, and an alternative is to use the Norwegian InterBank 

Offered Rate (NIBOR). However, to some extent, there is associated risk with both of them. It 

would therefore be optimal to perform all the analyses twice. We however believe that the impact 

would be marginal, and thus the analytic gains would be minimal. Hence, we only apply the 

government bond for our domestic funds. 

As in Norway a true riskless rate does not exist in the global market. For consistency, we use 

three-month government bonds as a proxy. Consequently, the global analysis will entail the same 

shortcomings as the Norwegian in this regard. Additionally there is no global government bond, 

we therefore construct a composite rate of the largest economies represented on the MSCI 

World, that we use as the global risk free rate. This may lead to some degree of bias in results 

where the instrument is used.  

Several models in this thesis have an underlying assumption of normal distribution. Part five 

reveal a positive kurtosis (above three) in our sample. Consequently, these models understate the 

level of risk associated with investing in the equity funds. Nevertheless, we are sure that our 

analysis provides a good indication of the funds’ performance over the last ten years.  

For our eight global funds, we were not able to obtain factor loadings for the three-factor model 

of Fama & French (1993) and four-factor model of Carhart (1997) in weekly data. Both models 

are suggested improvements of the single index model, which has an underlying assumption that 

a fund’s return sufficiently, can be explained by a model where the market return is the only 

factor. However, we perform the Three-Factor model on our 27 domestic funds, which portray 

small differences from the unconditional- and conditional versions of the single index model. 

Carhart’s (1997) Four-Factor model is not applied for any funds, as we are satisfied with the 

results from the other models. 
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When testing for performance persistence, there are several choices and angles of approach. We 

chose to conduct the tests with a one-year performance period. It is therefore important to note 

the possibility that the funds may portray persistence in performances when testing over longer 

performance intervals. Secondly, in this study, we do not utilize risk-adjusted returns in the 

computations.  

Jensen’s alpha is the only model used in the bootstrap approach. It would be interesting to see 

the results from more than one model and compare them. This is not done, as we believe the 

analytical gains are marginal. 

All active share calculations is done one a monthly basis instead of weekly, because equity funds 

only reports their holdings on a monthly basis. Additionally, since we calculate the active share 

through Morningstar Direct, it is possible that ETFs reflecting the benchmark will be included in 

the active share. However, we find this issue very unlikely to occur. 

 

1.4 Structure 

Our thesis continues with an introduction of mutual funds, the Norwegian mutual fund market 

and the difference between active- and passive management. Next, we review earlier studies that 

we find relevant for our thesis. In section four we present the theoretical foundation our thesis is 

based upon. Section five describes our data and methodology. Empirical results from the 

performance evaluation, persistence test and bootstrapping analysis is presented in section six, 

while section seven contains the analyses regarding active share. Finally, we present our 

conclusion in section eight. 
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2 Mutual Funds 
In this section, we will give a short description of mutual funds, the Norwegian mutual fund 

market, regulations and active- and passive management.  

 

2.1 Defining mutual funds 

A mutual fund is a fund that manages a pool of money from many investors and invests in 

stocks, bonds, money-market instruments, other securities or even cash (U.S. Securities and 

Exchange Commission, n.d.). Thus, a mutual fund is an investment vehicle that allows investors 

to access three primary advantages: Professional money management, diversification and easy 

access to global markets. These benefits would be difficult to obtain for a single investor because 

buying enough shares to get a well-diversified portfolio (effect of spreading risk over several 

assets) would involve high transaction costs. By centralizing money management, the transaction 

costs decareses. For private investors, a mutual fund usually provides a higher return compared 

to available interest rates on regular bank deposits. 

Mutual open-end funds issue redeemable shares that private investors can purchase directly from 

the fund. When issuing new certificates the fund’s assets increase by the same amount as the 

investment. To enter, investors pay the fund’s approximate net asset value (NAV) per share. In 

addition, the fund may charge an ongoing management fee to investors to pay for their operating 

expenses (Bodie, Kane, & Marcus, 2011, p. 127). Fees reduce the net return for the investor and 

are important to consider before purchasing shares in a mutual fund. Closed-ended funds on the 

other hand, issue a fixed number of shares, which are not redeemable for the fund and are 

purchased and sold in the market. Therefore, the market determines the price per share, which 

may differ from the NAV held by the fund. In other words, the shares might be sold or 

purchased at a discount or premium (Ibid, pp. 122-123). 

An Index fund is a mutual fund whose objective is to replicate a market index by holding the 

same stocks with equal weights (U.S. Securities and Exchange Commission, n.d.). In order to 

keep equal weights in the same stocks as the index, rebalancing has to be frequent. This will, in 

addition to strain the traders, incur severe transaction costs. Therefore several asset managers, 

rather attempt to replicate the return of the index using fewer stocks that traditionally follow the 

benchmark. Put differently, an index fund follows a passive investment strategy and reflects the 

returns of the market index. 
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Equity funds primarily invest in equities in one or several markets depending on the funds 

objectives, mandates and strategies. Bond funds invest primarily in bonds or other types of debt 

securities. Both equity funds and bond funds are prone to various risks that are usually greater 

than the risk in a money market fund. Money market funds invest in government securities, 

certificates of deposit and other liquid and low-risk securities with maturity less than one year. 

Consequently, the returns on money market funds are barely greater the bank deposits. Even 

though money market funds invest in low-risk securities, they are still subject to several types of 

risk, where the primary ones are duration risk (fluctuations in interest rates), credit-risk (default-

risk), liquidity risk and operational risks. 

Exchange-traded funds (ETFs) are a closed, low-expense alternative to indexed mutual funds. 

ETFs are shares in diversified portfolios that trades on an exchange the same way regular stocks 

does (Bodie et al. 2011). While mutual funds only trade at close as the NAVs are calculated, 

investors trade ETFs throughout the trading day. In other words, ETFs are a liquid alternative to 

index funds. However, there is a possibility that ETF prices can differ from the NAV. Thus, you 

might be unfortunate and purchase shares when they are overvalued.  

 

2.2 Mutual funds in Norway 

On average, most Norwegians have the majority of their assets invested in real estate, and less 

invested in equities compared to other Scandinavian countries (Andreassen, 2014). According to 

Andreassen (2014), this is due to the tax benefit Norwegians obtain by investing their savings in 

housing instead of securities. Capital gains from your primary house are not subject for taxation 

in Norway. Gains from equities and other financial derivatives on the other hand, are subject for 

a taxation of 28 per cent (Skatteetaten, 2010). However, over the last decade, the amount 

invested in Norwegian mutual funds has more than quadrupled from 181 billion to 836 billion 

NOK (Norwegian Fund and Asset Management Association, 2015). During the last 15 years, 

GDP per capita has more than doubled, which might explain some of the expansion in the 

mutual fund investment. Figure 2.1 on the next page portrays the evolution in GDP and capital 

invested in mutual funds during the last decade. 

Another possible explanation of the exponential increase in mutual funds savings is found in the 

restructuring of the Norwegian pension system. In a process running over several years, 

Norwegian companies instigated the transferal from defined benefit to defined contribution. The 

change implies that rather than having the companies guarantee the level of pensions, the 
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pensions are now dependent on the return of the savings. Thus, the interest for mutual funds has 

expanded notably as employees now are responsible for their own pensions. 

 

 

Another attributable factor for the growth is the positive development on Oslo Stock Exchange 

and a growing number of international investors that started investing in the Norwegian market. 

From 2004 to the end of 2014, Oslo Stock Exchange Benchmark Index (OSEBX) went from 242 

to 580 basis points. As figure 2.2 illustrate, during the whole decade the majority of capital are 

held in equity funds, except from year 2008 where bond- and money market funds exceeded 

equity funds due to the huge drop in stock prices and following increasing yields in the wake of 

the financial crisis.  
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2.3 Regulations 

Most Norwegian open-end funds are subject to the European Securities and Market Authority’s 

(ESMA) “Undertaking for Collective Investment in Transferable Securities Directives” (UCITS). 

The directives arrange for collective investment schemes to operate freely in the European 

Economic Area, as long as they have an authorization in one of the member states (The Financial 

Supervisory Authority of Norway, 2009). UCITS intends to promote competition between 

mutual funds in the European market. Furthermore, the UCITS directive also aims to reduce 

hidden risks and increase transparency in the mutual funds that are offered to retail clients. 

Through a comprehensive set of rules it regulates not only which kind of securities the fund can 

invest in, but also the weight of investments. Firstly the UCITS directive stipulates that a fund 

may only invest in the following financial instruments 

- Transferable securities 

- Money market instruments 

- Deposits 

- Closed ended UCI´s 

- Open ended UCI´s  

- Financial derivative instruments 

- Ancillary assets 

While this list may not seem very restrictive, there are strict guidelines as to which products 

qualify for each category for example in terms of liquidity (DNB Wealth Management, 2015).  

In order to reduce the overall risk of portfolios and encourage diversification, a UCITS fund is 

also required to not invest more than ten per cent of their assets in transferable securities or 

money market instruments issued by the same body. However, if the security or instruments are 

issued by trustworthy public authorities or a highly credit rated credit institution, exceptions can 

be made up to 35 and 25 per cent respectively. This restriction has a huge impact on asset 

managers, and is crucial in the regulatory body´s wish of creating a diversified financial market. 

This single point is also an integral part of the directives most intrusive restriction, popularly 

called the 5/10/40 rule. The rule implies, as previously mentioned that a UCITS fund may only 

invest a maximum of ten per cent in a single body. In addition, the 5/10/40 rule states 

unequivocally that the sum of positions exceeding five per cent may not exceed 40 per cent of 

the AUM (Ibid). 

Additionally, a UCITS fund is prohibited from acquiring more than ten per cent neither of either 

the non-voting shares, nor of the debt securities or money market instruments of the same issuer. 
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These funds cannot combine debt and equity instruments in such a way that the total amount 

exceeds 20 per cent of its asset in one single body either (Ibid).  

How much an UCITS owns of the issuer is also regulated, an UCITS cannot own more than 

forty per cent of issued value if the fund itself invests over five per cent. There are even 

restrictions on investments in other UCITS. UCITS funds are not allowed to acquire more than 

twenty-five per cent of another UCITS or UCI, therefore one finds that most master funds are 

neither. Simply in order to ensure that a single share class is allowed to exceed twenty-five per 

cent (Ibid). 

Furthermore, to regulate which securities the funds are allowed to invest in, the directive stipulate 

several measures specifically targeting excessive bets. They shall for example always ensure that 

the global exposure of the portfolio never exceeds the total net value of the portfolio (Ibid). 

Elementary one might think but the financial crash of 2008 has proven the use for such rules. To 

the same extent, the compliance rules also regulate the gearing of the fund, demanding that 

UCITS is only allowed to borrow ten per cent of net value, and always on a temporary basis. 

The UCITS restrictions are very important for the computation in this study for a number of 

reasons, many of which are disregarded in similar studies. Firstly and foremost, we find that the 

rules are international and regulate most mutual funds in developed countries without any regard 

for the size of the economy. In essence, the UCITS directive influences mutual funds investing in 

a narrow mandate, for example Norwegian equity, very differently than it would an American.  

 

2.4 Introducing active- and passive asset management 

Mutual funds claiming to have an active investment strategy believe they can obtain excess return 

to their benchmark by holding a portfolio that differs from the benchmark. Active management 

rests on the assumption that some shares are mispriced, and that they can find shares that will 

perform better than the market. This requires comprehensive fundamental analysis that implies 

higher expenses for the manager and in turn, higher fees for investors. 

Opposed to active, passive management attempts holds diversified portfolios without spending 

any effort to improve performance through security analysis (Bodie et al. 2011, p. 38). By 

replicating the market portfolio, the passive fund only need to rebalance their assets when the 

index recalculates its index weights. Hence, investing in a mutual fund with passive management 

should be (and usually are) cheaper compared to mutual fund with an active strategy.  
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The majority of Norwegian mutual funds claim to act on an active investment strategy. An active 

strategy can entail a diverse array of approaches to asset management, the common denominator 

should however regardless be calculated deviations from the benchmark, and these deviations are 

often measured by the tracking error and active share. 

When we look at mutual fund size, bigger is better for index and bond funds. Since portfolio 

management is easily handled, the bigger the funds gets, the larger is the asset base to spread the 

operating expenses. Consequently this reduces the funds expense ratio. Conversely for equity 

funds with an active investment strategy, bigger is not always better. An equity fund who focuses 

on picking a small amount of stocks within a specific industry might find it difficult to invest all 

its cash without affecting the price of the stock. As a consequence, attempts to find new 

investment opportunities will accelerate costs. Thus, when a fund outgrows its own investment 

strategy it is likely to suffer. Many equity funds with an active strategy that grows (too) big 

struggle to find enough good investment opportunities and end up holding a portfolio with a 

very low deviation from the benchmark.  Investors use the term “closeted index fund” to 

describe a fund that claims to be, and charge fees as if it was actively managed but invests as a 

passive index fund. In other words, charges for the opportunity of excess return without it 

realistically being an option. 
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3 Literature Review 
In this section we will give a short presentation of some of the key contributions of the academic 

research done on mutual funds that we find relevant for this thesis. Our focus is on performance 

evaluation and active share. We have categorized the literature by country and geographical focus. 

The literature on the mutual fund industry is mainly directed towards performance evaluation. 

Most common is testing the fund performance up against the benchmarks in order to identify the 

manager’s ability to obtain excess return attributable to stock picking on historical data. Second is 

timing ability, which entails the manager’s ability to buy and sell stocks on a preferable time. In 

order to understand whether past performance can allow investors to identify the future top-

performers the literature points to persistence testing. These tests showcase the funds ability for 

recreating previous results. Lastly it is important to understand whether both superior and 

unsatisfactory results are a result of luck or skill. Throughout the time since Jensen (1968) 

introduced the Jensen´s alpha as a stock picking measure several articles has been published 

varying in depth and market focus.  

 

3.1 Research on US funds 

The American mutual fund research contains diverse and often contradictory evidence. Jensen 

(1968) analysed 115 mutual funds and found under-performance both gross and net of costs. 

Grinblatt & Titman (1989) however, found significantly positive alpha gross of costs. The out-

performance was predominately generated by aggressive growth funds and generally funds with 

limited assets under management (AUM). These top performers were interestingly also the most 

expensive. Additionally persistence was found amongst good performers. When Malkiel (1995) 

perfomed a survivorship bias controlled persistence test, he found persistence amongst both 

good and bad performers. Albeit, it must be noted that although he found persistence amongst 

good performers, these was a minority of the sample. Malkiel generally concludes that funds 

generate lower returns than benchmark portfolios, even before the deduction of costs. 

Considering the available evidence on mutual fund persistence there is a consensus that a 

persistence phenomenon is well documented (Dahlquist, Engström, & Söderlind, 2000).  

Elaborating on the Fama-French 3-factor model Carhart (1997) added a fourth factor capturing 

momentum. The momentum factor was found to be significant, especially in “bad performers”.  

Regarding timing skills, Goetzmann, Ingersoll, & Ivkovic (2000) utilize an Adjusted Henriksson – 

Merton model but find no significant timing ability. On the other hand, there is strong 

indications of timing ability being more prevalent than stock-picking abilities ( (Graham & 
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Harvey, 1996); (Wagner, C., Shellans, & Paul, 1992); (Brocanto & Chandy, 1994); (Chance & 

Hemler, 2001)) especially when correcting for macroeconomic factors (Ferson & Schadt, 1996). 

Interestingly, stocks’ being held by mutual funds does not generally outperform stocks that are 

not. Conversely, stocks mutual funds are overweight in; significantly outperform stock they 

underweight thus showing evidence of stock selection ability. It must however be stated that this 

is only the case for the first year, and that mutual funds tend to keep stocks within the portfolio 

longer than the one year. This may be due to the transaction costs of constant changes to the 

portfolio, but also due to the manager not being able to find undervalued stocks often enough. 

(Chen, Jegadeesh, & Wermers, 2000). Fama & French (2009) find that from 1984-2006, using 4-

Factor Model, that net of expenses their sample underperform by one per cent on average.  

 

3.2 Research on European funds 

Otten & Bams (2002) published an article researching the performance of mutual funds in UK, 

Italy, France, Germany and Netherlands. The sample consists of 506 mutual funds which are 

controlled for survivorship bias. The authors find that small-cap mutual funds tend to 

outperform their benchmark. Additionally, they report that all countries excluding Germany 

deliver positive aggregate alphas net of costs, however, only in the UK is the performance 

significant. Considering performance gross of costs, the French, UK, Dutch and Italian fund all 

outperform suggesting that the cost of appropriating an investing edge in the market is too costly. 

Moreover they find only weak evidence of persistence except for in the UK. Blake & 

Timmermann (1998) also researched the UK Mutual funds market and contradictory found some 

evidence of underperformance, however the sample data is not from the same period.  

One of the most comprehensive test on UK funds were conducted by Cuthertson, Nitzsche, & 

O'Sullivan, (2008) who tested a sample from 1976-2002 and also determined whether the 

performance could be attributed luck or skill. Their study found evidence of over-performance 

through a group of significantly positive alphas. They also reject the hypothesis that 

underperforming funds are simply unlucky, which means that the majority of funds demonstrate 

unsatisfactory skill. Contradictory, they find that the good performance is likely to be the result of 

luck and generally that isolating over-performing funds based on skill is extremely difficult and 

unsuitable for investment decisions.  

In Italy, Cesari & Panetta (2002) found no significant positive alpha´s net of fees, but several 

gross. These results are again suggesting that the fees are exceeding the managerial performance 

in line with Otten & Bams (2002). Cesari & Panetta also checked for timing ability amongst 
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Italian asset managers but were unable to find significant evidence neither gross nor net of 

management fees.  

According to Christensen (2003) 42 per cent of the Danish fund managers exhibited significantly 

negative performance while half exhibited neutral performance. It was however proven timing 

ability amongst 14 per cent of the funds but as only eight per cent showed out-performance, 

positive timing does not necessitate positive alpha. Additionally, there was no evidence of 

performance persistence. The Swedish market on the other hand showed significantly positive 

performance amongst small equity funds, funds with low fees and funds with an exceedingly high 

trading activity (Dahlquist, Engström, & Söderlind, 2000). Additionally the positive Swedish 

results are reinforced by Wallander (2012) who also finds significant positive performance, albeit 

no persistence.  

 

3.3 Research on Norwegian funds  

The first comprehensive performance review on Norwegian mutual funds was done by Øystein 

Gjerde & Frode Sættem (1991). In their sample, they found no evidence of superior stock-

selection. They do however conclude that some managers have significant timing skills. Building 

on the work of Gjerde & Sættem (1991), Barkousaraei & Valtmane (2008) performs a new 

performance review, now introducing persistence tests as well. They did not find any significant 

risk-adjusted outperformance; however they did only use unconditional performance measures, 

which allow us to question the robustness of the results. Once more, some funds displayed 

positive timing ability. In terms of performance persistence, neither the good nor the bad funds 

displayed any signs suggesting that previous performance can predict the results. However, 

interestingly they find that bigger fund companies displayed better results, although there is a 

general consensus that large funds generally struggle to exceed benchmark return. 

The combination of no stock-picking skills but significant timing skills is a reoccurring concept in 

many studies that transcends across markets. It seems to suggest that portfolio managers to some 

extent are able to predict general market movements but are struggling to translate the knowledge 

to over-performance. In terms of persistence, the existing research is conflicting, suggesting that 

markets are quite different in terms of persistence.  

 

3.4 Research on active share 
Cremers & Petajisto introduced active share in an article in 2009 in which they argue that it can 

be used as predicator of return. The article examines 2647 funds by three holding reports per year 

and 48354 observations. They conclude that there is a correlation between active share and 
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superior returns. Additionally that active share together with tracking error is able to predict, to 

some extent, future returns. Even though there is a correlation between active share and returns, 

the authors do not imply that one should blindly invest in whichever portfolio has the highest 

active share. 

They also found a negative correlation between fund size, liquidity and active share. This is quite 

reasonable, as an increase in fund size requires additional diversification, a diversification that has 

to go broader and broader as the fund grows. Lastly the sample is tested for performance 

persistence, which is found amongst the funds with highest active share. When calculating active 

share Cremers and Petajisto does not use the benchmark the portfolio managers believe to be 

correct, but rather the index available with the lowest active share.  

An important aspect of using active share, is how high active share constitutes the portfolio 

management to be labelled as active. The pioneering paper by Cremers & Petajisto (2009) 

suggests a cut-off at an active share of 60 per cent, which other papers have taken to heart 

(Smorgrav & Næss, 2011), (Vestergaard, 2013). However there has been, and should be, an in-

depth discussion on whether this limit is correct. In the original paper, Cremer & Petajisto admits 

to choosing 60 per cent somewhat arbitrary. In addition to this, active share severely dependent 

on the market in which the fund operates.  

As active share itself are simply an indicator of which funds can create superior returns rather 

than which funds will, it needs to be combined with something else in order to determine which 

funds will create the highest returns (Cremers & Pareek, 2014). In 2014, Cremers and Pareek, 

finds that a methodology where one first isolate the funds with the highest active share and 

consequentially invests in the fund that trades the most infrequently, are probable to result in 

superior returns. They argue that funds that trade frequently generally underperform over time, 

regardless of active share, and that a methodology that takes these two aspects into account are 

probable to be successful. It is however important to note that neither active share, nor the 

frequency of trades are in any way explicitly connected to the skill of the manager. 

Smørgrav & Ness (2011) set out to investigate the role of active share in the Norwegian asset 

management industry. They found suggestive evidence of superior performance amongst firms 

with high active share. Furthermore they found that active share increases during upwards trends 

and vice versa, which could indicate timing ability but was not tested for. In conclusion they find 

that measuring managerial activeness through two dimensions were unnecessary in such a small 

economy as the Norwegian. 



 
18 

4 Theory 
In this section, we present the theoretical founding of our thesis by providing an overview of the 

theories, models and measures that our analysis is based upon.  

  

4.1 The Efficient Market Hypothesis 

The efficient market hypothesis (EMH) was introduces by Eugene Fama in 1970. By definition, 

the theory claims that efficient market prices “fully reflect” all available information (Fama, 

1970). This implies that you cannot find stocks that are over- or undervalued. Fama presents 

three different states of market efficiency, each related to its level of implicit information in share 

price. 

First, the weak efficiency form states that stock prices already reflects all historical information 

that can be derived from market trading data, implying that attempts of creating excess return by 

observing historical patterns are wasted. In technical analysis, analysts assume that prices follow a 

pattern and they seek out to find trends in prices. However, if future prices are independent of 

historical prices, any possible gain in historical prices are already been reflected into the current 

stock price. 

Next, semi-strong efficiency form states that all historical and current publicly available 

information are already been accounted for in the stock price. In addition to historical prices, 

current public information includes fundamental data on the firm’s product line, quality of 

management, balance sheet compositions, earnings forecasts etc. Practitioners of technical and 

fundamental analysis will not be able to outperform the market based on publicly available 

information (Bodie et al. 2011).  

Finally, the strong efficiency form states that stock prices reflect all information relevant to the 

firm. Unlike the semi-strong form, the strong efficiency form also accounts for insider 

information. Thus, in this state it is impossible to outperform the market. For private investors 

this form of EMH would be convenient, as they know that all public stocks trades at a fair price 

and it would ensure them a balanced compensation for the risk taken. This version of EMH is 

extreme, which makes it easy to question its validity. For example the hypothesis assumes that all 

investors receives and interprets all information in the exact same time and manner. A great 

variety of methods for analysing and valuing stocks is discrediting the last form of the hypothesis. 

While one investor is searching for undervalued equities and another investor is searching for 

overvalued equities, they will already have different appraisement of the fair market value for the 
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same stock (Forbes, 2011). When investors’ value stocks differently it is impossible to verify what 

a stock should be worth under the strong efficiency form. 

Another weakness with the hypothesis is that no one will ever gain excess return. If no investors 

can outperform the market, then all investors should be profitable (Ibid). Nevertheless, this is not 

the case in reality. Some mutual funds have lost a large portion of their assets, while other has 

increased their assets significantly. Warren Buffet and Dr. Mark Mobius are examples of someone 

who have outperformed the market for years. 

Of the three different forms, the most plausible in developed financial market such as the 

Norwegian market, is the state of semi-strong efficiency (Bodie et al. 2011). The implication of 

such market efficiency is that the only information not available to the market is inside-

information, often named “non-public information”. Inside-information is illegal to act upon to 

make a profit. Therefore, semi-strong market efficiency suggests investing in an indexed mutual 

fund to be the best strategy, since investments in analysis will not lead to any superior investment 

decisions. Yet to which extent markets are efficient is of debate, and several anomalies, breaching 

with the semi strong efficiency has been uncovered. Basu (1977) tested if the Price-Earnings ratio 

(P/E) information was “fully reflected” in security prices, where his results revealed that low P/E 

securities on average, earned higher absolute and risk-adjusted rates of return compared to the 

high P/E securities. He wrote, “Securities trading at different multiples of earnings, on average, seem to have 

been inappropriately priced vis-à-vis one another and opportunities for earning abnormal returns were afforded by 

investors”. Nevertheless, Basu is not able to reject the semi strong hypothesis in his research paper, 

because the costly efforts to find these securities and take advantage of them would offset the 

abnormal gains (Ibid). 

Testing the EMH is problematic, or even impossible, because any tests for efficient markets must 

involve equilibrium asset pricing models. Ball (1978) points out that market efficiency tests are 

often joint tests of the EMH and a particular equilibrium relationship. Some of the abnormalities 

that are associated with a lack of market efficiency might as well be the result of errors in the 

specification of the pricing model (Banz, 1981). Measuring abnormal returns without expected 

returns predicted by asset pricing models is not possible. When Banz (1981) examines the 

empirical relationship between the return and the total market value of common stocks, he points 

out some errors in Basu’s conclusion; “Basu believed to have identified market inefficiency but his P/E – 

effect is just a proxy for the size effect” (Ibid). 

In 1980, Grossman and Stiglitz introduced a modified version of the EMH. Their theory implies 

that while all information is available to investors, some is costly to obtain. Therefore it is 
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possible to create a sufficient return to compensate for the cost of information gathering. The 

theory of efficient markets thusly claim that the extra resources deployed in actively managed 

funds can lead to higher compensation due to research and analysis. Later studies on fund 

performance confirm their view on financial markets (Grinblatt and Titman, (1989), and Detzler 

(1999)).  

Fama publicized a modified version of the EMH in 1991, allowing for some temporary 

mispricing in the market. He claims that professional investors can utilize their comparative 

advantages and profit from inefficiencies within shorter period until the arbitrage effect 

eliminates the inefficiencies (Fama, 1991). 

To summarize the paradox of EMH, if the markets were truly efficient, then investors would only 

buy index funds or apply passive investment strategies. However, if all investors invested 

passively, the market would not be efficient since no one would seek market information.   

 

4.2 Measuring active management 

William F. Sharpe (1991) describes an active investor as someone with a portfolio that will differ 

from a passive portfolio. To which extent they are active is difficult to measure even though there 

are several different available measures. We will mainly focus on two of them, namely active 

share and tracking error.  

 

4.2.1 Active Share 

In 2009, Martijn Cremers and Antti Petajisto introduced a measure they labelled Active Share. 

Active Share is the proportion of the portfolio that deviates from the benchmark index (Cremers 

& Petajisto, 2009). An index fund that replicates a benchmark will have an active share of zero 

per cent, while a fund holding none of the shares of the benchmark will have an active share of 

one hundred per cent. Cremers and Petajisto’s simple way to quantify active management is to 

weight each stock in the fund and the corresponding benchmark index, and calculate the 

difference between their holdings, using the following equation: 

𝐴𝑐𝑡𝑖𝑣𝑒 𝑆ℎ𝑎𝑟𝑒 =
1
2 ∑| 𝑤𝑓𝑢𝑛𝑑,𝑖 − 𝑤𝑖𝑛𝑑𝑒𝑥,𝑖 |

𝑁

𝑖=1

 

(Equation 1) 
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where 𝑤𝑓𝑢𝑛𝑑 is the weight of stock 𝑖 in the fund and 𝑤𝑖𝑛𝑑𝑒𝑥 is the weight of the same stock in 

the benchmark index. Mutual funds that never short their position and never buys on margin1 

will always have an Active Share between zero and one hundred per cent. The interpretation of 

Active Share is the proportion of the managed portfolio that does not overlap with the 

benchmark. In the following table, we have constructed an example that spotlight the concept. 

  

As evident from table 4.1, we divide the sum of the absolute differences by two, since we count 

both positive and negative differentiations. This implies that a fund that have zero overlap with 

its benchmark index gets a one hundred per cent Active Share.  

 

4.2.2 Tracking Error 

Tracking Error (TE) or Active Risk, measures the fund’s deviation in returns from its benchmark 

(Bodie et al. 2011, p. 959). In other words, TE measures the variations in the fund’s returns that 

the benchmark movements do not elucidate. A portfolio with an active strategy should have a 

higher TE compared to an index fund that mimics a benchmark. The most common way to 

measure TE is to compute the standard deviation of the difference in the fund and benchmark 

returns over time, using the formula below 

𝑇𝐸 = 𝑆𝑡𝑑𝑒𝑣[𝑅𝑓𝑢𝑛𝑑,𝑡 − 𝑅𝑖𝑛𝑑𝑒𝑥,𝑡] 

(Equation 2) 

For mutual funds with passive investment strategies, TE is a good metric to characterise the risk 

associated with the fund (Saldanha, 2013). However, for mutual funds with an active manager, 

TE is a less reliable measure of risk as it does not express much about the returns that are 

                                                           
1 Buying on margin: The concept of purchasing an asset where you only pay the margin and borrow the balance 
from a bank or broker. 

Asset W  Portfolio W  Benchmark |Difference|
Stock A 15 % 15 % 0 %
Stock B 20 % 15 % 5 %
Stock C 0 % 30 % 30 %
Stock D 30 % 15 % 15 %
Stock E 20 % 25 % 5 %
Stock F 15 % 0 % 15 %
Sum W: 100 % 100 % 70 %

35 %
Source: Compiled by authors

Active Share:

Table 4.1: Active Share Calculation
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achieved, since neither outperformance nor underperformance will be differentiated (Ibid). In 

other words, TE does not consider the quality of the returns of the actively managed fund. 

Therefore, TE considered together with other metrics is preferred when characterising the risk 

associated with an active investment strategy.  

 

4.2.3 Determining active management in two dimensions 

According to Cremers & Petajisto (2009) mutual fund managers can outperform their benchmark 

index in two distinct ways. Either by market timing, commonly known as tactical asset allocation, 

or by stock picking (A combination of both approaches is also common). Active managers hope 

to create value by picking outperforming stocks relative to the benchmark index with comparable 

exposure to non-diversifiable risk and by adjusting their holdings in terms of market predictions. 

Concerning TE, market timing and stock picking contributes differently, where the key difference 

in active management is that stock pickers may only bear non-systematic risk, while market timers 

will bear systematic risk relative to the index. This implies that market timers will generate relative 

high TE, while stock pickers can get rid of their non-systematic risk by diversifying and thereby 

reduce their TE. To put it differently, TE understates the level of active management of stock 

pickers with diversified portfolios, even when they generate excess return (Ibid). On the other 

hand, when managers only invest in a few large portfolios without any effort to pick stocks 

individually, TE overstates the level of active management.  

Cremers and Petjisto’s solution to this problem is to combine the two metrics, Active Share and 

Tracking Error. Together the two metrics covers all main types of active management and 

presents four active management approaches (Ibid). If a mutual fund claims to be an actively 

managed fund, but have a low Active Share and a low TE, investors may pay the cost of active 

management while only getting a passive index performance (Ibid). Mutual funds with low Active 

Share and a low level of TE constitutes Closet Indexing. On the opposite end, we find Concentrated 

Stock Pickers, which are mangers who combined market timing and stock picking. Usually they 

allocate money in few sectors and invest heavily in specific positions, which make their portfolio 

deviate significantly from the benchmark. Concentrated stock pickers generate high TE and high 

Active Share. Mutual funds with low TE and high Active Share tend to have a sector weighting 

similar to the benchmark, but their manager’s actively invest in stock specific positions across 

different sectors with a different position size compared to the benchmark. This management 

style have been given the name Diversified stock picks. Conversely, managers who focus on timing 

broad factor portfolios rather than specific stock positions tend to have a high TE and low 
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Active Share. Cremers and Petjisto labelled this style of active management as Factor bets. Figure 

4.1 sums up and illustrates Cremers and Petjisto two dimensions of active management. 

 

We argue that these measures are both simple and convenient since they do not require any 

assumptions regarding how the fund manager defines factor portfolios in contrast to a holding 

based approach. Furthermore, all we need to measure TE and Active Share is the portfolio, and 

benchmarks returs and holdings.  

 

4.3 Risk-adjusted performance measures 

To be able to rank funds up against each other, we need to define some performance measures. 

The measures are derived from (or is) the original Capital Asset Pricing Model (CAPM), which 

implies that the models rely on the same assumptions and thus entails many of the same 

weaknesses. Nevertheless, they differ in their comprehensiveness and often reach disparate 

conclusions.  

 

4.3.1 Capital Asset Pricing Model 

The CAPM came was established through the collective work of William Sharpe (1964), John 

Lintner (1965) and Jan Mossin (1966) (Bodie et al. 2011, p. 308). They argue that compensation is 

essential for investors to take on additional risk into their portfolios. Their model describes the 

relationship between risk and expected return and tries to explain the equilibrium prices in the 
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security market. There are three factors in the model, a risk free rate of return, a beta measure 

and the expected return of the market. Formally, the equation is defined as 

𝐸(𝑟𝑖) = 𝑟𝑓 + 𝛽𝑖[𝐸(𝑟𝑚) − 𝑟𝑓] 

(Equation 3) 
where 𝐸(𝑟𝑖) is the expected return of fund 𝑖, 𝑟𝑓 is the risk free rate, and 𝐸(𝑟𝑚) is the expected 

return on the market portfolio. 𝛽𝑖 is the beta of fund 𝑖 with respect to the market portfolio and 

are determined by the covariance between the fund and market, and the market’s volatility. A 

common expression for beta is: 𝛽𝑖 = 𝑐𝑜𝑣(𝑟𝑖,𝑟𝑚)
𝜎𝑚

2  

While 𝑟𝑓 represents the return required for investing money in a security over a period of time, 𝛽𝑖 

represent the market specific risk id est systematic risk. From the formula, we can derive the 

Security Market Line (SML), which graphs individual asset risk premiums as a function of asset 

risk. Thus, the SML provides a benchmark for evaluation of performance and provides the 

required rate of return needed to compensate investors for risk as well as the time value of 

money (Ibid). At the intercept, we find the risk free rate, whereas the slope is equal to the market 

premium, commonly known as the difference between expected return of the market portfolio 

and the risk free rate. 

 

Figure 4.2 illustrates the expected return-beta relationship, and it is given that assets plotted 

exactly on the SML are “fairly priced”, meaning that their expected returns are commensurate 

with risk (Ibid).  

Even though CAPM is one of the most commonly used asset pricing models, it has some flaws 

due to some of its rigid assumptions, which are: 
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- All investors are risk averse, and each of them are price-takers, in that they act as though 

security prices are unaffected by their own trades. In addition, all investors are mean-

variance optimizers, meaning that they all use the Markowitz portfolio selection model. 

- Every investors plan for one identical holding period and they receive the same 

information simultaneously. 

- There is unlimited capital to borrow at the risk-free rate of return, and investments are 

limited to a universe of publicity traded financial assets, ignoring non-traded assets such 

as education (human capital), private enterprises and governmentally funded assets such 

as airports. 

- Assets are infinitely divisible, implying that investors can take any position in any 

investment regardless of their size and wealth. 

- There are no transaction costs or inflation, and investors pay no taxes on returns. 

Additionally, the CAPM assumes that returns are normally distributed. These assumptions are 

unrealistic and do not hold in the real world and have been challenged by several critics (Mullins, 

1982). Most investments include transactions costs and realised returns are usually subject to 

taxation. Furthermore, critics claim that investors have different risk preferences and 

expectations to return. Likewise, the existence of zero-risk securities is heavily debated as many 

critics’ claim that not even government bonds are risk free. Similarly the linear relationship 

between a stocks return and the risk the firm is exposed to, commonly referred to as the mean-

variance criterion, has been heavily debated. The implication is that the only explanatory factor 

for return is the market performance and the risk the asset is exposed to, which allows for several 

empirical contradictions to the CAPM model. Banz (1981) addressed the size effect, which entails 

that average returns on low market equity is too high given their beta and the return on large cap 

companies is too low give their beta. Bhandari (1988) pointed out a positive relation between 

Debt-Equity ratio and average return. Leverage risk should according to CAPM be captured by 

the beta, but is rarely fully accounted for. Stattman (1980) also argue against CAPM’s validity, 

when he finds that average return on US stocks have a positive correlation with the firm’s ratio of 

book value of common equity, to its market value. All these effects cannot be explained through 

the CAPM. However, we will apply several performance measurements based on the CAPM in 

this thesis, since many experts suggest that the prescription of CAPM to a high extend is useful 

to support the main implications of the model. Nevertheless, we still keep in mind that this as 

other financial models is only a simplification of reality.  
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4.3.2 Treynor´s measure 

After the introduction of CAPM, Treynor (1965) presented his own performance measure. He 

evaluates performance through a ratio of excess return to beta. In other words, the ratio 

measures the excess retrun per unit of systematic risk. 

𝑇𝑟𝑒𝑦𝑛𝑜𝑟 =
𝑟𝑝 − 𝑟𝑓

𝛽𝑝
 

(Equation 4) 

The Traynor measure is frequently used as an indication of a portfolio’s performance in relation 

to other portfolios (Bodie et al. 2011 p. 855). Treynor’s measure is derived directly from the 

CAPM and thus contains many of the same flaws as the CAPM, as it only takes systematic risk 

into account.  

 

4.3.3 Sharpe Ratio 

A year after Treynor published his article “How to Rate Management of Investment Funds” 

(1965), William Sharpe introduced a reward-to-volatility ratio as an alternative to Treynor’s 

performance measure. Sharpe evaluates performance through a ratio of excess return to standard 

deviation. Hence, he looks at the excess return per unit of total risk. 

𝑆ℎ𝑎𝑟𝑝𝑒 =
𝑟𝑝 − 𝑟𝑓

𝜎𝑝
 

(Equation 5) 

An important issue with Sharpe ratio is that it severely penalizes less diversified portfolios 

regardless of gained return. Furthermore, it is easy for a portfolio manager to construct a 

portfolio that maximize the Sharpe ratio, but is not optimal in terms of risk and return. However, 

unlike Treynor’s measure and the CAPM, Sharpe ratio accounts for both systematic and 

unsystematic risk. This is an improvement, but the ratio still suffers an inherent problem, namely 

not being able to provide guidance on absolute performance and that it ignores financial leverage.  

  

4.3.4 Jensen’s Alpha 

Based on the theory of the pricing of capital assets by Sharpe (1964), Linter (1965) and Treynor 

(1965), Michael C. Jensen introduced a risk-adjusted performance measure now known as 

Jensen’s Alpha, that estimates how much a manger’s forecasting ability contributes to the fund’s 
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returns (Jensen, 1967). His model is rooted in the CAPM and estimates the absolute performance 

of the funds, where the risk premium of an asset (𝑟𝑖,𝑡 − 𝑟𝑓,𝑡) is a linear function of the systematic 

market risk, id est the beta of the asset, and the market risk premium(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡). Today Jensen’s 

alpha is the most widely recognised measure when estimating portfolio performance (Bodie et al. 

2011). Compared to both Treynor and Sharpe ratio, Jensen’s alpha is deemed superior because it 

is seen relatively to a benchmark and measures performance in percentage point’s excess return, 

which is more transparent than a ratio. Furthermore, the model is an asset pricing regression that 

makes it possible to test its validity statistically. It is also possible to adapt the model to other 

expected return models besides the CAPM. Jensen’s alpha model reads 

𝑟𝑖,𝑡 − 𝑟𝑓,𝑡 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝜀𝑖,𝑡 
(Equation 6) 

where 𝑟𝑖,𝑡 is the return on asset i, 𝑟𝑓,𝑡 is the risk free rate, 𝑟𝑚,𝑡 is the return on the market 

portfolio and 𝜀𝑖,𝑡 is the random error of asset i. Portfolio managers stock picking ability is 

measured through the variable 𝛼, hence the name Jensen’s alpha. Proficient managers will 

consistently achieve positive random error terms that will be included in the intercept, 𝛼𝑖. When 

alpha is positive and statistically significant, the manager has outperformed his benchmark. 

Likewise, if alpha is significantly negative, the manager has underperformed his benchmark. 

Although Jensen’s alpha is a very appealing performance evaluation method, its popularity is 

declining. The reason seems to be that even if a manager is skilful, the alpha is likely to be small, 

hence it is challenging to statistically prove that the alpha is positive. Small alphas require the 

manager to have a very low volatility in his excess return. For typical fund managers, it will be 

problematic to conclude the alpha is different from zero. In addition, researchers have proved 

that the choice of benchmark affects the results of the measure (Lehmann & Modest, 1987).  

 

4.3.5 Information ratio 

Also used for relative ranking, the information ratio measures a portfolio manger’s ability to 

generate excess return relative to a benchmark. At the same time, the information ratio tries to 

classify the consistency of the manager, where a high information ratio indicates a consistent 

portfolio manager. While the Sharpe ratio subtracts return on portfolio with the risk free rate, the 

information ratio subtracts with the return on the portfolios benchmark, and uses the tracking 

error id est the standard deviation of the excess return in the denominator (Bodie et al. 2011, p. 

850). It is important to note that no index perfectly reflects the composition of a managed 

portfolio as the choice of benchmark is crucial for accuracy measurement. Consequently, the 

information ratio may be manipulated. 
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𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 =
𝑟𝑝 − 𝑟𝑏

𝜎𝑝−𝑏
=

𝛼𝑝

𝜎𝑝−𝑏
 

(Equation 7) 

4.3.6 The Fama-French 3-factor model  

Stattman (1980), Banz (1981), Bhandari (1988) amongst others have criticised the mean-variance 

assumption of the CAPM. In 1993, Kenneth French and Eugene Fama made an extension of the 

CAPM that adds two systematic factors that help explain the anomalies the critics pointed out. 

They proposed to measure a size factor in each period, as the differential return on small firms 

versus large firms This factor is usually called SMB, which stands for “Small minus big” (Bodie et 

al. 2011, p. 447). Additionally, they proposed the HML factor, which stands for “High minus 

low”. This factor captures the return on firms with high book-to-market ratios minus stocks with 

low book-to-market ratio (Ibid). Fama & French (1993) argues that their multifactor model better 

explains the variations in returns in excess of the risk free rate compared to a single factor model 

as CAPM (Fama & French, 1993). Their model reads 

 

𝐸(𝑟𝑖,𝑡) − 𝑟𝑓,𝑡 = 𝛼𝑖 + 𝛽𝑖[𝐸(𝑟𝑚,𝑡) − 𝑟𝑓,𝑡] + 𝑠𝑖𝐸[𝑆𝑀𝐵] + ℎ𝑖𝐸[𝐻𝑀𝐿] 

(Equation 8) 

where the coefficients 𝛽𝑖, 𝑠𝑖, and ℎ𝑖 are the betas of the stock on each of the three factors, 

commonly known as factor loadings. If these factors fully explain asset returns, the alpha should 

equal zero (Bodie et al. 2011, p. 448).  Through testing on data from the United States, Fama & 

French (1993) found the model to provide considerably greater accuracy compared to the single 

factor model Jensen’s alpha. 

Both the Fama-French 3-factor model and the Jensen’s alpha model are unconditional models, 

because they assumes that fund’s risk level remains constant over time. Performance measures 

that use unconditional models, calculate abnormal performance as the difference between the 

average portfolio excess return and a beta adjusted average risk premium. Hence, if there is a 

change in the market risk premium and the performance metric does not account for this, the 

time variation in the market risk will reflect the estimate of abnormal performance. Consequently, 

a fund manager’s over- or underperformance might be misinterpreted (Sawicki & Ong, 2000).  

 

4.4 Conditional models 

In order to allow for variation in the beta, Ferson & Schadt (1996) advocates for using 

conditional models. Christopherson, Ferson, & Glassman (1998) further developed this method 

by incorporating the information variable to alpha as well. The main implication by adding 
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predetermined information variables into the model is that the market excess return is no longer 

an isolated explanatory variable. The information that is implicit in the variables allows the beta 

to change with the economic environment. Publicly available information variables proves to 

approximate variations both return and risk over time, thereby giving the model newfound 

neutrality regardless of the economic environment., resulting for a more precise estimation of 

alpha. Originally, Ferson & Schadt (1996) proposed five lagged information variables: 

 

- A lagged level of the one-month T-bill rate. 

- A lagged dividend yield. 

- A lagged measure of the slope of the term structure. 

- A lagged quality spread in the corporate bond market. 

- A dummy variable for the month January. 

 

However, hypotheses testing for relevance revealed that both the quality spread in the corporate 

bond market and the dummy variable for the month January was not able to prove significance in 

predicting beta. On the other side, the T-bill rate, dividend yield and the slope of the term 

structure proved significant. Several combinations of information variables have been used in 

sequential studies (See Appendix A for an overview). Ferson & Schadts (1996) conclusions of 

relevance are still largely intact. Hence, we will include the three first information variables in our 

analysis.  

 

4.4.1 The Conditional beta model 

When specifying the conditional model, the lagged information variables are represented by a 

vector, 𝑍𝑡−1 and assumes a linear relationship between the information variables and the 

conditional output. Thus, we denote beta as 

𝛽𝑖,𝑡 =  𝛽𝑖,0 + 𝛽𝑖
′𝑍𝑡−1 

(Equation 9) 

When adding this expression to the standard single index model, Jensen’s Conditional alpha reads 

𝑟𝑖,𝑡 − 𝑟𝑓,𝑡 = 𝛼𝑖 + 𝛽𝑖,0(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝛽𝑖
′𝑍𝑡−1(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝜀𝑖,𝑡 

(Equation 10) 

As evident from equation 10, the information vector multiplies with the excess market return. 

This calculation further enhances the models consideration of the economic environment, since 

the combination of the market excess return and the information variables conveys the market 

activity more accurately. Compared to the unconditional model, the conditional beta model has 
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proved to be superior, as time-variations in risk no longer reflects the estimation of alpha. 

Nevertheless, Sawicki & Ong (2000) find evidence that also the conditional beta model has a 

tendency to over-estimate alphas.   

 

4.4.2 The Conditional alpha-beta model 

Christopherson, Ferson, & Glassman (1998) builds on the same foundation of the conditional 

beta model, but to correct for the alpha estimation that the conditional beta model creates, they 

also assumes that there is a linear relationship between the alpha and the information variables. In 

the conditional alpha-beta model, we also incorporate information variables into alpha, 

𝛼𝑖,𝑡 = 𝛼𝑖,0 + 𝛼𝑖𝑧𝑡−1 

(Equation 11) 

Unlike equation 9, we do not multiply 𝑧𝑡−1 with the excess return on the index. However, more 

vital is the difference between 𝑍𝑡−1 from the conditional beta model and 𝑧𝑡−1 as shown from 

equation 11. From the conditional alpha, 𝑧𝑡−1 is the information variables deviation from the 

mean rather than the information variable itself. Thus, the conditional alpha-beta model reads 

𝑟𝑖,𝑡 − 𝑟𝑓,𝑡 = 𝛼𝑖,0 + 𝐴𝑖
′(𝑧𝑡−1) + 𝛽𝑖,0(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝛽𝑖

′  (𝑍𝑡−1 ∙ (𝑟𝑚,𝑡 − 𝑟𝑓,𝑡)) + 𝜀𝑡 

(Equation 12) 

When a mutual fund manager’s portfolio does not provide more information of future returns 

than the information variables, the alpha of equation 12 should equal zero. On the other hand, if 

the manger’s portfolio is predicative of future returns beyond the information variables, the alpha 

will be a function of the covariance between future returns and portfolio composition 

(Christopherson, Ferson, & Glassman, 1998). Instead of going exclusively through beta, this 

allows for an extra control for the direct dependence between the factors and alpha. 

  

4.5 Market Timing 

In its simplest form, we can describe market timing as a strategy of choosing the right moment to 

invest (Škrinjarić, 2013). After predicting a bull or bear market, mutual fund managers shape their 

portfolio in accordance with their predictions and market movements. Put differently, portfolio 

managers’ tries to outwit the market most of the time, by forecasting the direction of future 

market trends (Ibid). Prigent (2007) defines market timing as a strategy linked to beta from the 

CAPM, where managers increase volatility before an upturn and consequently reduce volatility 

prior to a downturn.  
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4.5.1 The Unconditional Treynor - Mazuy model 

Based on the linear single index model, Treynor & Mazuy (1966) elaborated a performance 

measurement model to assess manager’s timing ability. Their model incorporates a quadratic 

factor multiplied with a gamma parameter and reads 

𝑟𝑖,𝑡 − 𝑟𝑓,𝑡 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝛾𝑖(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡)2 + 𝜀𝑡 

(Equation 13) 

where the 𝛾𝑖 will be positive for correct market predictions and consequently the characteristic 

line (see figure 5) will become steeper as the excess return of the market will increase and vice 

versa. When 𝛾𝑖 is negative the line will be flatter. Figure 5 illustrates the impact of the 

characteristic line if a portfolio manager outguesses the market concerning market timing 

 
 

4.5.2 The Conditional Treynor-Mazuy model 

In addition to Jensen’s alpha, Ferson & Schadt (1996) argue to elaborate the Treynor - Mazuy 

regression. They add the same information variables to Treynor - Mazuy’s timing model as they 

do to Jensen’s alpha. Thus, the conditional Treynor - Mazuy model reads 

𝑟𝑖,𝑡 − 𝑟𝑟,𝑓𝑡 = 𝛼𝑖 + 𝛽𝑖,0(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝛽𝑖𝑍𝑡−1(𝑟𝑚𝑡, − 𝑟𝑓,𝑡) + 𝛾𝑖(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡)2 + 𝜀𝑡 

(Equation 14) 

where 𝛾𝑖 still indicates the timing ability. As well as capturing manager’s prediction in changes in 

the excess market return, we also capture the managers’ response to changes in important 
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predictive economic variables through the beta coefficient of the variables (Ferson & Schadt, 

1996).  

 

4.6 Performance persistence  

Performance persistence is an important aspect of mutual fund management. Even though asset 

managers generally are tremendously particular in notifying investors that historic return are no 

guarantee of future returns, the truth is that most investors have little else to go by.  The 

following approaches are widely regarded as effective, however very susceptible for changes in 

criteria, and variations in calculation (Otten & Bams, 2002). 

In order to uncover the existence of performance persistence, we chose to make use of two 

different models with two different criteria. Both measures have certain elements in common. 

Following the work of Malkiel (1995), Goetzmann and Ibbotson (1994, 1998), Otten & Bams 

(2002) and Blake and Timmerman (1998), we begin by ranking the results within the given year. 

Then the models, estimate the probability of a fund in a sample to recreate the prior year’s result 

in the following. On this sample we will use two different criteria in order to rank the funds that 

will both give valuable insight into the possible persistence amongst Norwegian fund managers 

but also show the importance of the ranking measure in similar studies. The two criteria used in 

this study will be the return and the median of the sample. Meaning that the fund will be tested 

with a definition of good as “return over benchmark” and as “return over the median of the 

sample”. This is an interesting perspective, often overlooked, as the median will enable to 

enlighten a manager’s ability to consistently outperform peers, while the benchmark simply 

speaks of the ability to consistently outperform the market. The norm of persistence tests so far 

has been to use the alphas from accompanied auto regressions in order to rank the funds; we 

however, feel that the information is better with real returns rather than alphas that in most cases 

are indistinguishable from zero. However, we concede that one could question testing for 

persistence using non-risk adjusted measures.  

 

4.6.1 Cross Product Ratio tests 

Our first model to examine follows the work of Malkiel (1995) and Goetzmann & Ibbotson 

(1994). In these studies, they argued that persistence in returns could be unveiled by categorizing 

the funds on a yearly basis by whether their return was surpassing or below the median of the 

sample. As mentioned, this study will conduct this model on both median and benchmark 

criteria, however the workings of the model remains the same. As the return of the funds are 
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categorized for each year as a winner or a loser, one then categorizes all the funds according to 

which category it falls to in the coming year. Therefore, the possibilities are winner-winner (WW), 

winner-loser (WL), loser-winner (LW) and loser-loser (LL), for each fund, each year. Malkiel 

(1995) then proceeds to test if the likelihood of a fund continuing to be a winner or loser exceeds 

50 per cent on a 5 per cent significance level, which we will test accordingly. However, the focus 

will be on the continuation of the winner-winner methodology, namely the cross product ratio.  

As we are uncertain with regards to the normality of the distribution of observations we chose to 

test for persistence with a cross product ratio test. The cross product ratio test is a non-

parametric test that does not imply any assumptions with regards to the normality but does not 

take the magnitude of the performance into consideration, simply whether it’s a winner or a loser 

(Brown & Goetzmann, 1995). The funds are divided in the four categories both on a yearly basis 

and on the back of the entire period. When testing for persistence of the entire period we simply 

sum the observations from each year. The Cross Product ratio is denoted as follows 

𝐶𝑟𝑜𝑠𝑠 𝑃𝑟𝑜𝑑𝑢𝑐𝑡 𝑅𝑎𝑡𝑖𝑜 (𝐶𝑃𝑅) =
𝑁𝑊𝑊 × 𝑁𝐿𝐿

𝑁𝑊𝐿 × 𝑁𝑊
 

(Equation 15) 

The numerator of WW and LL counts the return sequences, which show performance 

persistence while the denominator of WL and LW contains the count of return sequences that 

does not.  In a large sample, persistence-free returns should imply that each class contains 25 per 

cent of the observations. Implicating that under performance persistence, the ratio will exceed 

one. Cohesively, a CPR lower than one implies a negative relationship.   

In order to test the significance of the ratio we will firstly utilize a standard z – test by taking the 

natural logarithm of the CPR and dividing by its standard error. The z test, unlike the CPR itself, 

assumes normality in the distributions, implying significance on a five per cent level where the z-

statistic is higher than or equal to 1,96. 

𝑍 − 𝑆𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 =
ln (𝐶𝑃𝑅)
𝜎ln(𝐶𝑃𝑅)

 

(Equation 16) 

in which  

𝜎ln (𝐶𝑃𝑅) = √ 1
𝑊𝑊 +

1
𝑊𝐿 +

1
𝐿𝑊 +

1
𝐿𝐿 



 
34 

(Equation 17) 

This sample is certain to contain some level of survivorship bias as we have only incorporated 

funds still in existence. Therefore, we have chosen to also apply a second statistic, namely the 𝑥2- 

statistic (Chi-squared statistics). 𝑥2 has been argued to be more robust with regards to 

survivorship bias compared to the z-test (Carpenter & Lynch, 1999). In order to conclude on 

significance the test compares the distribution between the categories with the expected 

observations.  In order to indicate performance persistence, the 𝑥2needs to exceed 3.84 but is 

also dependent on a positive z-test. If the 𝑥2 exceeds the threshold, but the z-test is negative, the 

interpretation is evidence of inverse performance persistence. 

𝑥2 =
(𝑁𝑊𝑊 − 𝐷1)2

𝐷1 +
(𝑁𝑊𝐿 − 𝐷2)2

𝐷2 +
(𝑁𝐿𝑊 − 𝐷3)2

𝐷3 +
(𝑁𝐿𝐿 − 𝐷4)2

𝐷4  

(Equation 18) 

In which 

𝐷1 = (𝑁𝑊𝑊+𝑁𝑊𝐿) ×
𝑁𝑊𝑊 − 𝑁𝐿𝑊

𝑁  

𝐷2 = (𝑁𝑊𝑊+𝑁𝑊𝐿) ×
𝑁𝑊𝐿 − 𝑁𝐿𝐿

𝑁  

𝐷3 = (𝑁𝐿𝑊+𝑁𝐿𝐿) ×
𝑁𝑊𝑊 − 𝑁𝐿𝑊

𝑁  

𝐷4 = (𝑁𝐿𝑊+𝑁𝐿𝐿) ×
𝑁𝑊𝐿 − 𝑁𝐿𝐿

𝑁  

 

4.6.2“Good” Portfolio, “Bad” Portfolio 

Otten & Bams (2002) suggest a different approach to persistence testing while building on the 

same winner-winner methodology foundation. Here it is suggested that in order to find 

persistence on a large sample, the most efficient way is to create two portfolios. 

The first portfolio consists of the best performers from the previous year and the second 

contains of the worst. As with the CPR, the classification as either good or bad depends on 

whether the fund has beaten its benchmark in one run, and return exceeding the median in the 

other. After classifying each funds return each year after these criteria, we place the “good” funds 

in one portfolio and the “bad funds in another. We then collect the return of the funds in the 
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following year, weigh them equally and compute the return of the two portfolios. This process is 

repeated each year, id est the good and the bad portfolio is rebalanced each year in order to always 

reflect the highest and lowest scoring performers of the previous year. If there was any truth to 

the notion that performance is repeated one will find that the “good” portfolio significantly 

outperforms the “bad” portfolio. In order to see test the results for significance we will regress 

the returns of the “good” portfolio with the bad portfolio as the benchmark and search for 

significant alphas.  

 

4.7 Distinguish skill from luck 

Many mutual fund managers are able to beat their benchmark, but is this due to skill or luck? 

Recently, several studies have focused on distinguishing skill from luck, by shifting focus from 

performance consistency alone, to the cause of the performance. In 2006 Kosowski, 

Timmermann, Wermers, and White used a bootstrap statistical technique to examine the 

performance of the U.S open-end, domestic equity mutual funds industry. Their bootstrap 

approach finds that a sizable minority of managers pick stocks well enough to generate excess 

return after management fees are deducted (Kosowski, Timmermann, Wermers, & White, 2006). 

One year later Cuthertson, Nitzsche, and O’Sullivan apply a similar bootstrap approach. They 

conclude that most of the UK mutual funds demonstrate “bad skills”. For the majority of funds 

with superior performance, they conclude that this can be attributed to “good luck”. Thus based 

on track records, it is difficult for the average investor to identify mutual funds that demonstrate 

genuine skills. To simply explain the bootstrapping technique they use, consider an estimated 

model of equilibrium return in the following form: 𝑟𝑖,𝑡 = �̂�𝑖 + �̂�𝑖
′𝑋𝑡 + 𝑒𝑖,𝑡 where 𝑟𝑖,𝑡 is the excess 

return, 𝑇𝑖 is the number of observaitions for each fund 𝑖, 𝑋𝑡 is the matix of risk factors and 𝑒𝑖,𝑡 is 

the residuals. The first step is to estimate the model for a mutual fund and save the estimated 

beta vectors and residuals. Then they draw a random sample from the residuals (with 

replacement) with the same lengh as the original dataset (Ibid). By retaining the original 

chronological ordering of the matrix of risk factors, they use the resampled bootstrap residuals to 

generate simulated excess returns for each fund, under the null hypothesis that the excess return 

(alpha) is equal to zero (Ibid). Next, they estimate the performance model using the simulated 

returns to obtain a new alpha value (Ibid). The above process is repated 1000 times, and the new 

alpha values for each of the fund represent a sampling variation around a true value of zero (by 

construction). This gives them a separate “luck distribution” for each of the ordered funds in the 

performance distribution, all of which are exclusively due to luck (Ibid). Hence, they can now 
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compare the original alpha estimate with its appropriate “luck distribuition”. If the original alpha 

is greater than the five per cent upper tail cut off point from the simulated luck distribuition, they 

reject the null that the performance is due to luck and accept the alternative hypothesis that the 

fund manger has skills (Ibid). 

In 2009, Fama and French apply the same bootstrapping technique (with some modifications) on 

U.S equity mutual funds and find no evidence that any managers have enough skill to cover fees 

they impose on investors (Fama & French, 2009). They show that there are less managers 

producing excessivly returns than would be expected on the basis of luck. Also, the historical top 

performance funds is determined to be approximately what should be expected from the 

extremely lucky funds in a world where the true alpha is equal to zero for all funds. Fama and 

French conclude that their estimate of true alpha is close to zero, even for the top three 

percentiles of historical performaners.  

For the Norwegian market, Lars Qvigstad Sørensen examine the performance and persistence of 

all Norwegian equity mutual funds that have been listed on the Oslo Stock Exchange between 

1982 and 2008 (Sørensen, 2009). He concludes that there is no evidence for risk-adjusted 

abnormal performance for an equal-wieghted portfolio of mutual funds (Ibid). Furthemore, he 

finds several inferior fund products in the left tail of the corss-sectional distributions of alphas. 

Finaly, he only finds weak signs of skills in the right tail. 

  



 
37 

5 Data and methodology 
We have collected the funds weekly historical net asset values (NAV’s) through Morningstar 

Direct and calculated each funds geometric return with the following equation 

 

𝐺𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑅𝑒𝑡𝑢𝑟𝑛 = ln (
𝑁𝐴𝑉𝑡

𝑁𝐴𝑉𝑡−1
) 

(Equation 19) 

where 𝑙𝑛 is the natural logarithm. Geometric return gives more conservative estimates than 

arithmetic returns and is therefore preferred for this study. The funds were selected by several 

criteria. Firstly, we chose to focus on both domestically and globally oriented funds. As Cesari 

and Panetta (2002) notes, funds need to be classified into a homogenous category, in order to 

make meaningful studies. Therefore, the global and domestic funds will be treated as two 

independent research questions. Including both global and domestic mutual funds is however 

important as it allows our thesis examine the effect of benchmark size on active share. 

Additionally it enables us to examine whether asset managers perform better when given more 

freedom.  Secondly, we only consider mutual funds managed by Norwegian asset managers. 

The initial list consists of several feeder funds, or fund-of-funds. A feeder fund is characterized 

by that all of its assets are invested in the master fund, which is the fund actually being managed. 

Accordingly is a single master fund probable to contain several feeders, and each of the feeders 

have different fees in accordance with the different minimum buy-in and whether the fund is 

retail or institutional. Obviously, we exclude the institutional feeders, as it is the investments of 

the regular consumer we are concerned with. The real consideration lies in whether to include all 

the retail feeders and if not all, which? Gross of costs the results will be equal, net results will 

however differ substantially. Share classes typically display an array of different minimum 

subscriptions and with that, different management fees. Funds with substantial minimum 

subscriptions are generally marketed as institutional funds but some are regardless offered to the 

retail market. In our selection process we will include these but be vary of the low costs being 

depended on taking additional risks in committing more money to the investment. 

Many Norwegian domestic funds have mandates to invest a proportion of the portfolio globally, 

typically up to 20 per cent. We have found that, as long as the fund is benchmarked against the 

OSEFX, the fund is unlikely to utilize the opportunity. Additionally we argue that funds get these 

freedoms in its prospectus arbitrarily. Therefore, we include these funds as well. 

Although it would be interesting to observe the correlation between the tracking error and the 

cost of passive management, we exclude the passive funds. Also, the list entailed some charitable 
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funds. Charitable funds typically deduct a percentage of the AUM each year for charitable 

donations, but the investment strategy is also typically affected. While a different investment 

strategy would be no reason to exclude a fund from this investigation, the deductions from AUM 

are sure to affect the NAV and therefore corrupt the results on the managerial performance. 

Large cap versus Small cap is a discussion with quite significance when considering active share. 

Especially on a stock exchange as Oslo Stock Exchange, that is truly dominated by a few big 

players. Small cap companies will regardless of investment policy be positioned to have a much 

higher active share than mutual funds investing in large cap. However, in order to illuminate the 

difference, we include Norwegian small-cap. 

While the remaining sample is quite homogenous, there are some discrepancies that one would 

be wise to remember. Firstly, the sample contains some funds utilizing performance-based fees in 

addition to the managerial fixed fees. These are guaranteed to vary on a yearly basis and our 

assumption of level TERs are probable to not be accurate for these. 

From an initial list of 283 mutual funds, we ended up with 27 domestic mutual funds and eight 

global mutual funds that got through our selection criteria. All 35 mutual funds are presented in 

table 5.1 below.  
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5.1 Benchmark 

The benchmark chosen to evaluate the funds against is imperative, because it is likely to influence 

the performance results, as well as the calculation of active share (Grinblatt & Titman 1994). 

When calculating active share, the choice of methodology comprises two schools of thoughts. 

Most commonly, researchers compute active share against the stated prospectus benchmark. One 

of the prevailing arguments is that the stated benchmark is probable to influence the investment 

Table 5.1: Selected  mutual funds for our thesis

Fund Name ISIN Inception date Manager(s) Name AUM €
Turnover 
Ratio Benckmark

Alfred Berg Aktiv NO0010089444 29.12.1995 Petter Tusvik & Leif Eriksröd 55 421 295€             40,00 % OSEFX
Alfred Berg Gambak NO0010105489 01.11.1990 Leif Eriksröd 161 916 234€           40,00 % OSEFX
Alfred Berg Humanfond NO0010032055 15.12.1999 Petter Tusvik & Leif Eriksröd 10 861 246€             30,00 % OSEFX
Alfred Berg Norge Classic NO0010089402 01.10.1990 Petter Tusvik & Leif Eriksröd 124 302 695€           30,00 % OSEFX
Atlas Norge NO0010241508 24.02.1998 Carsten Winger 10 241 909€             45,00 % OSEFX
Carnegie Aksje Norge NO0008001476 07.07.1995 Pernille Skarstein Christensen 60 572 160€             46,70 % OSEFX

Danske Invest Norge I NO0008000577 03.01.1994
Håkon Persen Søderstrøm & Lars 
Erik Moen 65 954 770€             200,00 % OSEFX

Danske Invest Norge Vekst NO0008000486 03.01.1994 Lars Erik Moen 42 738 715€             175,00 % OSEFX
Delphi Norge NO0010039688 03.06.1994 Håkon H. Sætre 106 132 217€           100,00 % OSEFX
DNB Barnefond NO0010336977 17.02.1997 Kjartan Farestveit 67 839 138€             65,86 % OSEFX

DNB Norge NO0010338064 25.11.2002

Odd Einar Lillebostad, Dag 
Hammer, Eirik Torbjørn Hauge, 
Bjarne Liseth,Thomas & Alexander 
Vogt

 €       1 148 832 566 65,73 % OSEFX

DNB Norge Selektiv NO0010336951 13.06.1994 Thomas Alexander Vogt 479 440 029€           48,37 % OSEBX

DNB SMB NO0010337819 16.03.2001
Thomas Alexander Vogt & Bjarne 
Liseth 76 764 601€             62,64 % OSESX

Eika Norge NO0010199086 08.09.2003 Knut Harald Gjellestad 168 536 960€           25,00 % OSEFX
Fondsfinans Spar NO0010165764 16.12.2002 Odd Hellem & Lasse Halvorsen 243 077 752€           53,00 % OSEFX

Holberg Norge NO0010073224 28.12.2000
Hogne I. Tyssöy, Jann Molnes & 
Robert Lie Olsen 86 615 077€             48,00 % OSEFX

KLP AksjeNorge NO0010272388 12.03.1999
Jon Harald Henriksen & Niklas 
Hallberg 599 475 038€           20,00 % OSEFX

Nordea Avkastning NO0010325699 01.02.1981 Jakob Vossgård 355 853 259€           30,00 % OSEFX
Nordea Kapital NO0010325715 01.01.1995 Jakob Vossgård 511 752 526€           30,00 % OSEFX
Nordea Norge Verdi NO0010325731 02.02.1996 Robert Næss 382 352 942€           80,00 % OSEFX
ODIN Norge NO0008000379 26.06.1992 Jarle Sjo 632 528 563€           12,00 % OSEFX
Omega Investment Fund NO0010040496 03.01.1985 Tore Været 59 904 368€             83,00 % OSEFX

Pareto Aksje Norge NO0010110968 06.09.2001
Einar Lövoll, Emil Bull,Torbjørn 
Frønningen & Besim Zekiri

337 445 622€           17,00 % OSEFX

Pareto Aktiv NO0010160575 09.09.2002
Einar Lövoll, Emil Bull,Torbjørn 
Frønningen & Besim Zekiri

195 899 317€           15,00 % OSEFX

Storebrand Aksje Innland NO0008000940 01.07.1996 Alf Inge Gjerde 161 603 481€           52,00 % OSEBX
Storebrand Norge NO0008000783 14.09.1983 Merete Opedal 46 069 505€             65,00 % OSEFX
Storebrand Optima Norge NO0010080815 28.12.2000 Andreas Berdal Lorentzen 63 381 988€             94,00 % OSEBX
Alfred Berg Global Quant NO0010089501 31.10.1994 Stig Arild Syrdal 33 065 410€             170,00 % MSCI World 

DNB Global Etisk (V) NO0010337538 18.12.2001
Filip Boman, Widar Kirkeby & 
Einar Johansen

220 016 061€           70,70 % MSCI World 

DNB Global Selektiv (II) NO0010337553 20.09.2004
Filip Boman, Widar Kirkeby & 
Einar Johansen

2 281 658 499€        74,56 % MSCI World 

DNB Global (I) NO0008002102 13.07.1987
Einar Johansen, Filip Boman & 
Widar Kirkeby

378 163 588€           6,27 % MSCI World 

Eika Global NO0010075476 01.06.2001 Jens Haavardsen 109 804 725€           37,00 % MSCI World 

Holberg Global NO0010073232 13.12.2000
Leif Anders Frönningen & Harald 
Jeremiassen

112 419 267€           31,00 % MSCI World 

ODIN Global NO0010028988 15.11.1999 Oddbjørn Dybvad 275 625 164€           58,00 % MSCI World 
Storebrand AksjeSpar NO0008000767 01.07.1981 Olav Chen 100 999 231€           64,00 % MSCI World 
Soruce: Morningstar Direct | Compiled by authors
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policy and will therefore give the most accurate results. Cremers & Petajisto (2009) however 

choose to calculate the funds active share over a range of benchmarks and choose the one with 

the lowest. Only in marginal cases will the stated benchmark not yield the lowest active share, but 

it is not a necessity. Additionally, using the prospectus benchmark does open the study up for 

opportunistic benchmark setting by asset managers. However, we find this risk negligible 

therefore will we use the stated benchmark.   

 

For the Norwegian large and middle cap domestic funds, the stated benchmark is commonly the 

OSEFX. The OSEFX is a weight and dividend adjusted OSEBX incorporating the regulations of 

the UCITS directive. That the index is following the UCITS directive is essential as OSEBX is 

severely “top heavy”. At OSEBX the four largest companies amount for almost 60 per cent of 

the values. This means that for a UCITS compliant fund, it will be near impossible to beat the 

OSEBX if the four biggest companies deliver exceeding returns. Regardless the OSEBX is the 

stated prospectus benchmark for DNB Norge Selektiv, Storebrand Askje Innland and Storebrand 

Optima Norge and will therefore be used in that instance. The OSEBX is a case of corporate 

domestic market dominance, and while reduced when using OSEFX, it is nevertheless a factor 

both approaches. In order to properly evaluate the performance of the small cap fund in the 

sample, we will benchmark DNB SMB up against OSESX. 

 

With regards to the global funds, the MSCI World is the stated index for the funds. The MSCI is 

an intricate index, which comprises a vast array of companies, but limited to developed countries. 

As the global funds are able and given the opportunity to invest outside of the developed world, 

this may cause some skewness, but the noise is considered marginal and not severe enough to 

warrant another benchmark. As alternatives to MSCI World, we will consider the MXWO. 

MXWO is a price index based on the MSCI World where the dividend is added ex post. This 

may have severe consequences as there is a danger of inaccurate accrual estimates. There are 

however, alternatives; the NDDUWI is the total return index on the MSCI World. Using this 

gives the correct accrual on dividends but also adjusts for withholding taxes, which is why we 

believe it to be a more relevant comparison for mutual funds and additionally, a more precise 

rendition of the MSCI World (DNB Asset Management, 2014). Now, our selections of global 

funds are all share classes denominated in the Norwegian krone (NOK). However as these invest 

globally, they hold assets in USD/EUR/JAP but the NAV is calculated in NOK on the basis of 

currency exchange rates at close. This means that these funds entail an incremental currency risk, 

in addition to the risk taken by the portfolio manager. In response, we will first and foremost 
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have to recalculate the USD denominated benchmark. This implies that we assume managers to 

value stocks in their local currency.  Therefore, DNB supplied weekly time equals OSEFX-close 

currency rates for USD/NOK that we then used to find MSCI World NOK values. Mainly the 

implication of this procedure is that the benchmark performance will not be influenced by 

currency fluctuations and these fluctuations will not be misinterpreted as managerial under or 

over performance. However, we should specify that the managers’ decision to place investments 

in other-than-USD denominated securities will still be a factor in the performance of the fund.  

 

5.2 Timeframe 

The sample will be evaluated over a ten-year period using weekly close NAV from 07/01/2005 

to 26/12/2014. This period contains both a bear and bull market. That said, a study that isolated 

performance in both bull and bear markets could be interesting, especially seen relative to the 

benchmark. However, there is a drawback of a shorter period, a drawback that is also the reason 

why most performance evaluations are performed on longer samples. The reason is a fear of 

statistical skewness and noise, which can severely corrupt the results in short-term evaluations. 

On the same basis and in line with existing research, we chose not to include a shorter period 

than the ten-year used. Additionally one might argue that in order to expose luck vs. skill 

sufficiently, a longer period would be required. Although there is some truth to such a critique, 

there are few Norwegian funds operating over such lengths and additionally would a longer 

period increase the survivorship bias exponentially. 

 

While identifying significant results may be more probable in a longer sample, it would also entail 

significant challenges to the robustness of the evaluation. The Norwegian asset management 

market is comparably young with regards to the UK and US. Therefore, the available sample of a 

longer timeframe could prove insignificant as only a marginal portion of the market was 

considered. Another aspect that would compromise the robustness is the issue of survivorship 

bias. The longer we prolong the sample without accounting for survivor bias, the more influential 

the bias grows.  

 

Below we illustrate the development in our four benchmarks during the last ten years. This is 

done by indexing all four indexes from the starting date 07/01/2005. When the financial crisis hit 

we can see that all three Norwegian indexes decreases severely. With regards to MSCI it seems to 

be less volatile than the Norwegian indexes. We can here see the effect of diversification, where 
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the index containing less stocks has the greatest volatility while the index containing most stocks 

are less volatile.  

  
 

5.3 Risk Free-Rate 

In order for this study to illuminate the applicability and reliability of active share as a predicator 

of performance but also as indicator of the risk and possibilities of excess return, it is crucial that 

the preliminary evaluation yields reliable results. Whether or not the results are reliable is to a 

large extent dependent on the applicability of the risk free rate. A risk free rate is used in every 

performance measure and is therefore of grave importance. In choosing risk free rates, one are 

not spoilt for choice, but there is two essentially equally suited alternatives. Applying the three-

month Norwegian government bond is one alternative, the one month NIBOR is the other. A 

government bond rate is the interest received on a three-month Norwegian government bond. 

The risk associated with this security is marginal. Using the one-month NIBOR is also an 

alternative and is the interbank rate of which Norwegian banks lend to each other. Unfortunately 

are both flawed in terms of the applicability as the riskless rate is probable to realistically be 

somewhere in between the two. While the government bond is probable to contain some 

convenience yield, the NIBOR is probable to contain some credit risk, thus placing the probable 

real riskless rate somewhere in between the two. In summation, there is a risk of corrupting the 

results by using either of the two rates. During the course of research we will use the ST1X id est 

the Norwegian government bond rate which is in line with previous research. 

Considering the globally managed mutual funds, this assessment is made much more difficult. 

Firstly, the funds index is global and should be accompanied by a global riskless rate. In order to 
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ensure consistency with the domestic funds, we would ideally use a global government bond. 

Unfortunately, such figure does not exist. Therefore, we have gathered the government bonds 

and treasury bills from the leading three economies in which a global fund is able to invest. These 

are the Eurozone, Japan and the United States. In order to create a single riskless rate we will 

weigh their government bond (Eurozone and Japan) and T-bill (United States) by size of 

economies. The implication is that size of economy is used as a proxy of the economies financial 

impact. Additionally, the government bond and T-bill is used as an information variable in the 

conditional models. In this matter it is essential that the benchmark and riskless rate have a 

relative relationship. Hence, we must consider the economies that the government bond and T-

bill does not include while the benchmark does. Most notable amongst these we find such 

economies as Australia, Canada and Norway, but these are probable to be on the receiving side 

of causality rather than the opposite. In summation we find that the Norwegian government 

bond and the composition of US T-bill with ECB and Japan government bond to be good 

approximations of the riskless rates in the respective markets and therefore the global risk free 

rate will be the weighed GECU3M (ECB), GJTB3MO (JAP) and USGG3M (US). Our global risk 

free rate are computed in the following way 

 

𝑟𝑓𝐺𝑙𝑜𝑏𝑎𝑙 =
𝑆𝑈𝑆

𝑆𝑈𝑆+𝐽𝐴𝑃+𝐸𝐶𝐵
∙ 𝑈𝑆𝐺𝐺3𝑀 +

𝑆𝐸𝐶𝐵

𝑆𝑈𝑆+𝐽𝐴𝑃+𝐸𝐶𝐵
∙ 𝐺𝐸𝐶𝑈3𝑀 +

𝑆𝐽𝐴𝑃

𝑆𝑈𝑆+𝐽𝐴𝑃+𝐸𝐶𝐵
∙ 𝐺𝐽𝑇𝐵3𝑀𝑂 

(Equation 20) 

DNB Asset Management provided all interbank, government bonds and Treasury bill rates.  

 

5.3 Fund Expenses 

When evaluating mutual fund performance it is essential to consider the return in two different 

manners. First, we need to distinguish between gross returns and net returns. Gross return is the 

total return the manager is able to create, calculated before management fees. Net returns are the 

returns of investment calculated after management fees. Investors are of course, mainly interested 

in net return, which is the income they receive from their investment in the fund. Management 

fees represent the price of the expertise of the asset manager as well as the transaction costs of 

trading. Total Expense-Ratio (TER) reflects all costs connected with investing in the fund. In 

addition to the management and transactions costs, the TER accounts for additional costs as 

entry and exit fees. There is no guarantee that the funds with the highest fees will provide the 

best results, even though the asset managers that are more expensive should, in theory, have 

either a larger active share or managers that are simply more skilled. 
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Morningstar provided total expenses, and the average TER for our Norwegian mutual funds is 

1.51 per cent in 2015, while the average TER for our global mutual funds is 1.74 per cent. 

Additionally, there is a substantial difference between the highest and lowest management fee, 

even within the category of active management. With regards to the calculations of gross 

performance, we assume that the total expense ratio has been constant over the entire time-

period. All the expenses are subtracted from each fund´s NAV, and therefore no adjustments had 

to be made when we calculate the net return for the funds. The performance measures are done 

both for gross and net returns, to detect the impact of the fund expenses. Also, this allows for 

two different perspectives on the performance, while the regression on net returns tells us 

whether the manager is able to add value for the customer, it does not speak of whether the 

manager beats the market. Our regressions on gross returns will therefore allow us to consider 

the performance of the manager in light of market efficiency, and speak of the manager’s 

investment strategies.  

 

5.4 Information Variables 

In order to ensure that our study is able to estimate alpha with the highest accuracy possible, the 

information variables are essential. As information variables, we have chosen the government 

bond rate, the slope of the term structure and the dividend yield in addition to the market return. 

We select these due to their proven ability in predicting short term returns (Sawicki & Ong, 

2000). Ferson and Schadt (1996), calculate the slope of the term structure as the difference 

between the yield of the ten-year government bond and the three-month government bond. 

Since there is not a ten-year Norwegian government bonds, we settle for using the yield of the 

ST5X (5 year duration) and the ST1X (3 month duration) both gathered by DNB Asset 

Management. 

𝑇𝑒𝑟𝑚 𝑆𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑜𝑓 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑟𝑎𝑡𝑒𝑠 (𝑁𝑜𝑟𝑤𝑒𝑔𝑖𝑎𝑛 𝑑𝑜𝑚𝑒𝑠𝑡𝑖𝑐) = 𝑆𝑇5𝑋 − 𝑆𝑇1𝑋 

(Equation 21) 

 

The dividend yield is the twelve-month rolling gross dividend yield of the OSEFX. One could 

argue that the dividend yield of the OSEBX could be a better representation of the dividend yield 

on Oslo Stock Exchange as OSEBX are not subject to the restrictions of investments as OSEFX. 

However, for the sake of consistency we chose to use the dividend yield of OSEFX as the 

OSEFX is used as the benchmark as well. For the lagged market return, the OSEFX index has 
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been used in order to provide consistency with the benchmark. DNB Asset Management has also 

provided dividend yields for OSEFX along with government bond rates. 

 

With regards to Fama-French’s Three-Factor model we need data for the SML and HML factors. 

Professor Bernt Arne Ødegaard have gather and calculated SML- and HML factors for Oslo 

Stock Exchange. We extracted daily data from BI Norwegian Business’ school webpage2 and 

converted the dataset into weekly data. Unfortunately, there is no such data available that match 

our requirements with regards to our eight global funds. Kenneth R. French’s website3 contains 

several data sets with factor loadings for the U.S market and developed economies. However, 

while these are monthly data, we apply weekly for all our regressions. We could convert our 

weekly returns into monthly for this model, but for the sake of consistency, we choose to not do 

this. Thus, the Fama-French Three-factor model will only be applied for the domestic mutual 

funds. 

 

Throughout the tests on the global funds, the same information variables will be required. 

Finding variables that representatively reflect the economic environment globally, or at least the 

economies that are included in the benchmark index, is an imperative task in order to accurately 

determine portfolio performance. 

For our first information variable we will consider is the government bonds, which has already 

been discussed, as it is also used as the riskless rate. Our second information variable will be the 

dividend yield on the NDDUWI, which was, once again provided by DNB Asset Management. 

Thirdly, we consider the term structure of interest rates. As a measure of consistency, the 

combination of three-month and five-year government bonds is chosen for the calculation. As 

with the riskless rate, the three- month is the weighed-by-economies GECU3M (ECB), 

GJTB3MO (JAP) and the USGG3M (US) and the chosen five-year bonds is the GECU5YR 

(ECB), GJGB5 (JAP) and the USGG5YR (US). The term structure is therefore calculated as: 
 

𝑇𝑒𝑟𝑚 𝑆𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑟𝑎𝑡𝑒𝑠 (𝑔𝑙𝑜𝑏𝑎𝑙) = 

    
𝑆𝑈𝑆

𝑆𝑈𝑆+𝐽𝐴𝑃+𝐸𝐶𝐵
∙ (𝑈𝑆𝐺𝐺5𝑌𝑅 − 𝑈𝑆𝐺𝐺3𝑀) +

𝑆𝐸𝐶𝐵

𝑆𝑈𝑆+𝐽𝐴𝑃+𝐸𝐶𝐵
∙ (𝐺𝐸𝐶𝑈5𝑌𝑅 − 𝐺𝐸𝐶𝑈3𝑀) +

𝑆𝐽𝐴𝑃

𝑆𝑈𝑆+𝐽𝐴𝑃+𝐸𝐶𝐵

∙ (𝐺𝐽𝐺𝐵5 − 𝐺𝐽𝑇𝐵3𝑀𝑂) 

(Equation 22) 

                                                           
2 http://finance.bi.no/~bernt/financial_data/ose_asset_pricing_data/index.html 
3 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html 
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5.5 Survivorship Bias 

The sample only includes funds that have been in existence for the entire ten-year period. Since 

the relevant funds has been discontinued, either due to changes in market outlook, reorganizing 

or unsatisfying performance, there is a survivorship bias. This bias can corrupt the averages of 

the study undeservingly upwards. Carhart, Lynch, & Musto (2002) made several important 

observations about the dangers of survivorship bias in performance evaluation. Firstly, the 

survivorship bias is most prominent when testing for persistence. Secondly, it was shown that the 

length of the evaluation is important, the bias is considerably less impactful in a one year 

evaluation, compared to one of fifteen.  

Patel et al. (1991) also investigated the role of survivorship bias in performance evaluation, but 

reached contradicting results. They find that the survivorship bias is unimportant in performance 

evaluation. When estimating the role of the bias in this study, we conclude that it is marginal. 

Because the exclusion of the worst performers may very well be damaging for the accuracy of 

averages of estimation (the average may be elevated), which is perceived to be the consensus of 

the academic community that it does (Malkiel, 1995). It does not influence the performance 

figures of the individual fund, which is what we, in coherence with active share, is mostly 

interested in. The survivorship bias should however have a non-negligible impact on 

performance persistence.  

 

5.6 Active Share 

Calculations of active share have been done through the Morningstar Direct tool. Morningstar 

Direct utilizes the formula stated in section 4.2.1, with no deviations. In order to make these 

calculations, Morningstar direct is dependent on all underlying stocks both for the benchmarks 

but also the funds, per month. While Morningstar already has the data on individual portfolios 

ranging back the last ten years, they have not gathered the underlying stocks of OSEFX, OSEBX, 

or OSESX of the last ten-years. DNB Asset management therefore supplied us with all 

underlying monthly positions of these benchmarks. These were then imported onto the 

Morningstar database. During this process, there were several positions that Morningstar did not 

have tracked or recognized within their system. In majority these positions were not found by 

Morningstar due to a removal from the market or changes in name or ISIN. These anomalies 

were consequently plotted manually along with price observations and connected to the 

corresponding posts found in the portfolio holdings. Although most stocks allowed to be 

mapped manually, there were some that did not. In the calculations, this implicates that the active 
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share is probable to be inflated. However, not significantly as these posts were around 0.2 per 

cent of the AUM combined.  

 

5.7 Hypothesis testing 

This study will in order to conclude with respect to active share, test the mutual funds for stock-

picking and timing ability, as well as the performance persistence and whether the results are due 

to luck or skills. Our regressions will show if the estimated coefficients are equal to zero or not. 

As each of the tests can only result in two different results, we utilize the two-sided t-test. This 

entails that while the null-hypothesis states that the coefficient is equal to zero, the alternative 

hypothesis states that the coefficient is significantly different from zero. The implication of the 

formulation is that if the coefficient significantly differs from zero, we reject the null-hypothesis 

and accept the alternative hypothesis. Consequently, if the coefficient is not significantly different 

from zero, we accept the null-hypothesis. As is the norm of similar studies, we apply a five per 

cent confidence level throughout the analysis, which means that the rejection region in each tail 

of the distribution is the outer 2.5 per cent. It is also important to note that we might reject 

correct null-hypothesis’. The probability of such an event is equal to the significance level id est 

five per cent (Korner & Wahlgren, 2006 ). Out of our 27 domestic and eight global funds, it is 

probable that approximately two null-hypothesis is wrongly rejected. We will also test whether 

the inclusion of information variables in the conditional models adds explanatory power 

compared to their unconditional counterpart.  

 

5.8 Robustness check 

In our analysis, we use the Ordinary Least Square (OLS) estimator to estimate the parameters 

that minimizes the sum of squared vertical distances between the observed returns and those 

predicted by the linear regression. The model provides estimated parameters that ensure the least 

variance possible for observed error terms. R2 measures the proportion of the variation in the 

dependent variable explained by the independent variable(s). Since we are comparing several 

models, we apply the adjusted R2. 

To obtain unbiased estimates, several assumptions must hold for the OLS estimator to be the 

best linear unbiased estimator (BLUE). However, the performance measurements are not equally 

critical, where the two most critical is homoscedasticity and no autocorrelation. Both 

autocorrelation and heteroscedasticity (opposite of homoscedasticity) might lead to incorrect 

standard errors, which have an effect on the t-statistic and thus the p-value. 
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Heteroscedasticity does not change the unbiasedness and consistency properties of the OLS 

estimator, but the OLS estimator will no longer be of minimum variance or efficient (Gujarati, 

2011). Consequently, both t- and F-tests based under the standard assumptions may not be 

reliable. This can result in wrong conclusions regarding the statistical significance of the estimated 

regression coefficients (Ibid). 

Another assumption for the OLS estimator to be BLUE is that the error terms are uncorrelated. 

If the error term at time 𝑡 correlates with the error term at time (𝑡 − 1) or any other term in the 

past, the OLS estimator is no longer efficient. On the other side, the OLS estimator are still 

unbiased and consistent, and still normally distributed in large samples (Ibid). 

 

5.8.1 Durbin-Watson test for autocorrelation 

To test for autocorrelation we apply the Durbin-Watson d test, developed by J. Durbin and G.S 

Watson in 1950. It is by far the most commonly used test for autocorrelation and reads 

𝑑 =
∑ (𝑒𝑡 − 𝑒𝑡−1)2𝑇

𝑡=2
∑ 𝑒𝑡

2𝑇
𝑡=1

 

(Equation 23) 

where 𝑇 is the number of observations and 𝑒𝑡 is the residual associated with the observation at 

time 𝑡. Further, the d-statistic always lies between zero and four, where the value of d is close to 

two if the errors are uncorrelated. A d-value close to zero indicates a high degree of positive 

autocorrelation and a d-value close to four indicates a high degree of negative autocorrelation. 

From a Durbin-Watson statistics table, we find upper 𝑑𝑈,𝛼 and lower 𝑑𝐿,𝛼 critical values for the 

d-statistic based on our number of observations, explanatory variables and significance level. 

Then we check if the computed d-value lies below the lower limit or above the upper limit, or in 

between the two limits to decide if we have autocorrelation or not (Ibid). The decision rules are 

as follows: 

1. If 𝑑 < 𝑑𝐿,𝛼, there probably is evidence of positive autocorrelation. 

2. If 𝑑 > 𝑑𝑈,𝛼 , there probably is no evidence of positive autocorrelation. 

3. If 𝑑𝐿,𝛼 < 𝑑 < 𝑑𝑈,𝛼 , no definite conclusion about positive autocorrelation may be made. 

4. If 𝑑𝑈,𝛼 < 𝑑 < (4 − 𝑑𝑈,𝛼), there is probably no evidence of positive or negative 

autocorrelation. 
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5. If (4 − 𝑑𝑈,𝛼) < 𝑑 < (4 − 𝑑𝐿,𝛼), no definite conclusion about negative autocorrelation 

may be made. 

6. If (4 − 𝑑𝐿,𝛼) < 𝑑 < 4, there probably is evidence of negative autocorrelation. 

Table 5.2 summarizes the results from the domestic mutual funds. Out of 27 funds, only one has 

positive autocorrelation. Positive autocorrelation tends to make the estimate of error variance to 

small, resulting in a greater t-statistic and thus an increased probability for incorrectly rejecting of 

a true null hypothesis (Type 1 error). On the other side, negative autocorrelation tends to make 

the estimate of the errors variance to large, resulting in smaller t-statistics. We have 11 domestic 

mutual funds with evidence of negative autocorrelation, indicating that their standard errors 

might be biased. Furthermore, we find evidence in table 5.3 for negative autocorrelation in all 

eight global funds. Negative autocorrelation implies that if a particular value is below the average 

value, the next is more likely to be above the average value.  

 

 

Table 5.2: Durbin-Watson test for autocorrelation Norwegian Mutual Funds

Fund Name d-stat (4-d) d < dL d > dU dL < d < dU dU < d < (4-dU) (4-dU) < d < (4-dL) (4-dL) < d < 4)

Alfred Berg Aktiv 2,008 1,992 X X
Alfred Berg Gambak 1,888 2,112 X X
Alfred Berg Humanfond 2,108 1,892 X X
Alfred Berg Norge Classic 2,133 1,867 X X

Atlas Norge3 2,377 1,623 X X

Carnegie Aksje Norge3 2,421 1,579 X X

Danske Invest Norge I3 2,304 1,696 X X

Danske Invest Norge Vekst3 2,121 1,879 X X

Delphi Norge3 2,244 1,756 X X

DNB Barnefond3 2,785 1,215 X X
DNB Norge (IV) 2,100 1,9 X X

DNB Norge Selektiv (III)2 2,075 1,925 X X

DNB Smb1,3 2,174 1,826 X X

Eika Norge3 2,079 1,921 X X
Fondsfinans Spar 2,142 1,858 X X

Holberg Norge3 1,813 2,187 X

KLP Aksje Norge3 2,269 1,731 X X

Nordea Avkastning3 2,269 1,731 X X

Nordea Kapital3 2,241 1,759 X X

Nordea Norge Verdi3 2,090 1,91 X X

Odin Norge3 2,113 1,887 X X

Omega Investment Fund3 2,172 1,828 X X
Pareto Aksje Norge 2,068 1,932 X X
Pareto Aktiv 2,066 1,934 X X

Storebrand Aksje Innland2,3 1,888 2,112 X X

Storebrand Norge3 2,826 1,174 X X
Storebrand Optima Norge2 2,129 1,871 X X
Source: Compiled by authors based on Durbin-Watson test result

Probably evidence 
for negative 

autocorrelation

Probably no 
evidence for 

autocorrelation

No evidence for 
negative 

autocorrelation

Inconclusive 
about postivie 
autocorrelation

Evidence for 
positive 

autocorrelation

No evidence 
for positive 

autocorrelation
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5.8.2 Homoscedasticity 

For the OLS estimator to be BLUE, there need to be a constant variance of the residuals, which 

characterize as homoscedasticity (Ibid). When there is unequal variance in the error term across 

observations, we have heteroscedasticity. As with autocorrelation, the consequence of 

heteroscedasticity are biased standard errors. These can be above or below the true or population 

variance, resulting in erroneous conclusions regarding the statistical significance of the estimated 

regression coefficients (Ibid). 

To test for heteroscedasticity, we apply White’s test of heteroscedasticity. The test does not rely 

on the assumption of normality and the test statistics is distributed, 𝜒2(𝑘 − 1), where 𝑘, is the 

number of regressors (including the intercept). 𝑃𝑟𝑜𝑏 > 𝜒2 is the test value and should be greater 

than 0.05 to confirm that there is homoscedasticity. If the test value is less than 0.05, we conclude 

that heteroscedasticity is present, and the OLS estimator is no longer BLUE, but simply a linear 

unbiased estimator (Ibid). Table 5.4 and table 5.5 present the results of White’s test of 

heteroscedasticity. 

Table 5.3: Durbin-Watson test for autocorrelation Global Mutual Funds

Fund Name d-stat (4-d) d < dL d > dU dL < d < dU dU < d < (4-dU) (4-dU) < d < (4-dL) (4-dL) < d < 4)
Alfred Berg Global Quant 2,811 1,189 X X
DNB Global Etisk (V) 2,901 1,099 X X
DNB Global Selektiv (II) 2,923 1,077 X X
DNB Global (I) 2,943 1,057 X X
Eika Global 2,383 1,617 X X
Holberg Global 2,285 1,715 X X
ODIN Global 2,2 1,8 X X
Storebrand AksjeSpar 2,351 1,649 X X
Source: Compiled by authors based on Durbin-Watson test result

Probably no 
evidence for 

autocorrelation

No evidence for 
negative 

autocorrelation

Probably evidence 
for negative 

autocorrelation

Evidence for 
positive 

autocorrelation

No evidence 
for positive 

autocorrelation

Inconclusive 
about postivie 
autocorrelation
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As the tables above shows, we have ten domestic- and one global mutual funds where 

heteroscedasticity is present. When considering the timeframe of the analysis it is not surprising 

that we find heteroscedasticity. In the start of our period there is a bull market leading up to the 

financial crisis of 2008, where the market is bear before it starts recovering. Hence, it is certain 

that the market has not been homogeneous in the analysed period. Consequently, we assume 

there are some extreme values in our dataset that probably is the source for heteroscedasticity. 

There are several methods to deal with heteroscedasticity and autocorrelation. When one or both 

are present, General Least Squares (GLS) is the BLUE estimator. However, we will not apply this 

estimator because in large samples, the efficiency gain is likely to be minimal. Furthermore, it is 

empirically challenging and it often yields incorrect estimates. For those reasons, we will still 

apply the OLS estimator and correct for heteroscedasticity and autocorrelation with the Newey-

Fund Name Prob>χ2 (Prob>χ2) > 0.05 Fund Name Prob>χ2 (Prob>χ2) > 0.05
Alfred Berg Aktiv 0,2476 No Alfred Berg Global Quant 0,0575 No
Alfred Berg Gambak 0,2674 No DNB Global Etisk (V) 0,1421 No
Alfred Berg Humanfond 0,0888 No DNB Global Selektiv (II) 0,1185 No
Alfred Berg Norge Classic 0,3894 No DNB Global (I) 0,2049 No
Atlas Norge3 0,2237 No Eika Global 0,234 No
Carnegie Aksje Norge3 0,2204 No Holberg Global 0,0327 Yes
Danske Invest Norge I3 0,0274 Yes ODIN Global 0,2278 No
Danske Invest Norge Vekst3 0,0095 Yes Storebrand AksjeSpar 0,0853 No
Delphi Norge3 0,0073 Yes
DNB Barnefond3 0,3559 No
DNB Norge (IV) 0,0601 No
DNB Norge Selektiv (III)2 0,1404 No
DNB Smb1,3 0,0128 Yes
Eika Norge3 0,0148 Yes
Fondsfinans Spar 0,095 No
Holberg Norge3 0,0574 No
KLP Aksje Norge3 0,0444 Yes
Nordea Avkastning3 0,0175 Yes
Nordea Kapital3 0,0764 No
Nordea Norge Verdi3 0,0267 Yes
Odin Norge3 0,0304 Yes
Omega Investment Fund3 0,0699 No
Pareto Aksje Norge 0,062 No
Pareto Aktiv 0,0647 No
Storebrand Aksje Innland2,3 0,0198 Yes
Storebrand Norge3 0,05439 No
Storebrand Optima Norge2 0,0924 No

Evidence of 
Heteroscedasticity

Evidence of 
Heteroscedasticity

Table 5.4: White test for heteroscedasticity

Source: Compiled by authors based on White test result

Table 5.5: White test for heteroscedasticity

Source: Compiled by authors based on White test result
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West procedure, developed by Whitney K. Newey and Kenneth D. West. This procedure only 

changes the standard errors, and thus the t-statistics and their p-values (Newey & West, 1987). 
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6 Empirical findings 
This section presents the hypotheses and empirical test results. We will start with descriptive 

statistics before we turn our attention to performance measures and regression outputs. 

Thereafter we sum up the most important findings. Next, we perform a persistence test and 

finally we try to distinguish skill from luck. 

 

6.1 Descriptive statistics  

In the following table we present the Norwegian mutual funds descriptive statistics and TER. 

Note that DNB SMB have OSESX as the benchmark, DNB Norge Selektiv, Storebrand Aksje Innland 

and Storebrand Optima Norge have OSEBX as benchmark while all the other Norwegian funds 

utilizes OSEFX. This applies to all the analyses in this thesis. 

 

Annually

Fund Name
Alfred Berg Aktiv 0,20668% ** 0,15689% 0,0336217 -20,3646% 13,8955% -1,0858509 5,55741 1,5 %
Alfred Berg Gambak 0,25107% * 0,20128% 0,0328759 -18,0115% 12,7775% -1,0720121 4,59416 1,8 %
Alfred Berg Humanfond 0,14339% 0,09360% 0,0345197 -24,0331% 14,6863% -1,2697014 7,87518 1,8 %
Alfred Berg Norge Classic 0,21411% ** 0,16432% 0,0331373 -20,8067% 14,0278% -1,1606911 6,21397 1,2 %
Atlas Norge 0,18196% ** 0,13217% 0,0352148 -19,6843% 16,7047% -0,8530707 5,08531 0,8 %
Carnegie Aksje Norge 0,19536% * 0,14557% 0,0362886 -21,7069% 16,5506% -1,0327429 6,03981 1,2 %
Danske Invest Norge I 0,19875% ** 0,14896% 0,0332014 -23,7153% 15,3594% -1,2766772 8,33273 2,0 %
Danske Invest Norge Vekst 0,13233% 0,08254% 0,029739 -17,5962% 13,2852% -0,9713527 4,93750 1,8 %
Delphi Norge 0,21518% ** 0,16539% 0,0353285 -24,3410% 14,6647% -1,3422429 8,48903 2,0 %
DNB Barnefond 0,17201% ** 0,12222% 0,0320594 -22,4410% 14,2136% -1,2612026 8,52683 1,8 %
DNB Norge 0,17724% ** 0,12745% 0,0343743 -22,8127% 14,9210% -1,1487655 7,02753 1,8 %
DNB Norge Selektiv2 0,18042% ** 0,13063% 0,0346572 -22,9507% 15,1104% -1,0986051 6,85716 2,0 %
DNB Smb1 0,19450% ** 0,14471% 0,0321799 -19,9887% 10,8022% -1,3542784 5,35756 2,0 %
Eika Norge 0,18234% ** 0,13255% 0,0323802 -22,7721% 14,0187% -1,2419634 8,39445 2,1 %
Fondsfinans Spar 0,24960% ** 0,19981% 0,0354508 -22,3542% 16,7200% -0,8864882 7,30249 1,0 %
Holberg Norge 0,15802% 0,10823% 0,0289709 -17,5932% 12,8214% -0,9774471 5,33024 2,0 %
KLP Aksje Norge 0,19017% ** 0,14038% 0,034235 -22,4092% 15,5663% -0,9865878 7,33947 1,5 %
Nordea Avkastning 0,16754% ** 0,11775% 0,0342887 -23,5552% 15,9834% -1,1625215 7,74579 0,8 %
Nordea Kapital 0,18630% ** 0,13651% 0,0341599 -22,9006% 16,3056% -1,1172503 7,57458 2,0 %
Nordea Norge Verdi 0,19137% ** 0,14158% 0,0263609 -19,4822% 11,3275% -1,4660006 10,15179 1,0 %
Odin Norge 0,11618% 0,06639% 0,0256881 -15,7426% 7,5739% -1,2136633 4,67374 1,5 %
Omega Investment Fund 0,19379% ** 0,14400% 0,034746 -21,9853% 18,9912% -0,9878226 7,55675 1,8 %
Pareto Aksje Norge 0,19441% ** 0,14462% 0,0289396 -18,1012% 13,8072% -1,1949686 6,18096 0,5 %
Pareto Aktiv 0,16461% ** 0,11482% 0,0281886 -17,7511% 13,8006% -1,2077512 6,61338 1,8 %
Storebrand Aksje Innland2 0,15767% 0,10788% 0,0352158 -23,2669% 15,7210% -1,3152443 8,28430 0,6 %
Storebrand Norge 0,19654% * 0,14675% 0,0377937 -23,1132% 18,9465% -0,8050892 8,33997 1,5 %
Storebrand Optima Norge2 0,16899% 0,11920% 0,0357892 -23,4572% 16,7195% -1,3812476 9,13035 1,0 %
OSEFX 0,16458% 0,11479% 0,0358797 -25,4036% 17,2856% -1,2604720 8,56013
OSESX1 0,12964% 0,07985% 0,0276564 -16,8238% 7,5822% -1,3022636 4,98378
OSEBX2 0,1731 % 0,1234 % 3,47241 % -24,7156 % 15,5395 % -1,3028024 8,39919
ST1X | Risk-free rate 0,04979% 0,000361 -0,1518% 0,2927% 1,7811594 10,14756
*Higher average excess return compared to benchmark
**Higher excess return and lower standard deviation compared to benchmark
Source: Compiled by authors

Mean
Excess 
Return

Standard 
Deviation

Minimum 
return

Expense 
Ratio

Table 6.1: Descriptive Statistics of the Norwegian Mutual Funds 
Weekly

Maximum 
return

Skewness Kurtosis
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First, notice that the weekly mean for all 27 funds is positive over the last ten years. When we 

subtract the risk free rate from the mean, we can see that Odin Norge has the lowest excess return 

and correspondingly the smallest standard deviation. On the other hand, Alfred Berg Gambak has 

the greatest excess return, which is more than three times as high as Odin Norge. Likewise, it is 

also more volatile than Odin Norge. This corresponds well with basic financial theory where 

investors are compensated for taking on higher risk into their portfolios. However, according to 

the total expense ratio, Odin Norge is not the cheapest fund and Alfred Berg Gambak is not the 

most expensive, indicating that expenses do not necessarily correlate with better performance.  

Next, out of 27 mutual funds, 18 of them have a greater excess return and a smaller standard 

deviation compared with their benchmark. This is a good indicator that the given funds are able 

to create value. When evaluating these results, it is important to note that returns may not be the 

most important factor. Even though 18 funds has a higher return as well as lower standard 

deviation, simply lower standard deviation may be a result worth noticing by itself. For many 

clients of asset management, who is risk-averse with their investments, the index can be viewed 

as to volatile. Such clients highly appreciate mutual fund with low volatility. 

Further, we find it interesting that none of the funds has a minimum return that is lower than the 

corresponding benchmark. Our interpretation is that managers are able to eliminate the biggest 

losers from the benchmark portfolio.  

All the Norwegian mutual funds and their corresponding benchmarks have a negative skewness. 

This implies a long left tail in the distribution, which infers a greater chance of extreme negative 

returns. We believe the financial crisis in 2008 is to blame for the negative skewness. In addition 

to negative skewness, all the Norwegian funds and benchmarks have a positive kurtosis that is 

greater than three. A kurtosis greater than three indicates fat tails and a more peaked distribution. 

Thus, there is a higher probability of extreme values and values near the mean compared to a 

series with a normal distribution. Hence, models and measures based on a normal distribution 

will understate risk when the kurtosis is greater than three.  

From table 6.2 we can see the descriptive statistics for our global mutual funds. 
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None of the global funds has a smaller standard deviation and higher excess return compared to 

the benchmark. However, DNB Global Etisk (V) and DNB Global Selektiv (II) are the top two 

global funds and they both have a greater excess return compared to the index. In addition to 

having the highest standard deviation, DNB Global (I) also have the highest return obtained 

during one week. Correspondingly, Alfred Berg Global Quant have the smallest standard deviation 

and lowest maximum return obtained in one week. Once again, we can see evidence from classic 

financial theory that investors are compensated for taking on risk. 

As with the domestic funds, the global mutual funds also have a negative skewness and positive 

kurtosis greater than three. Thus, the same conclusion applies for the global funds. Therefore, 

relative performance measures will understate the actual risk associated with investing in the 

funds.    

 

6.2 Relative Performance measures 

The use of relative performance measure disfranchises many factors that may be important to 

clients in asset management. It is important to view the results and ultimate rankings of these 

measures with that in mind. Beyond being used as a ranking tool, these measures can provide 

very good analytic insight. As the different measures to varying extent takes different risks into 

consideration, the rankings are probable to exemplify the strategies. 

Since both the Sharpe ratio and Treynor measure are variations on the CAPM formula, these 

three measures can be expected to provide comparable results. The measures differ in terms of 

how they account for the risk of the portfolio. Since the Treynor measure simply accounts for the 

beta of the portfolio, it tends to over-estimate funds with an overweight/underweight sector 

allocation strategy. Such funds typically achieve a higher beta but, compared to the benchmark a 

Anually

Fund Name
Alfred Berg Global Quant 0,11883 % 0,0943 % 0,0214889 -18,067 % 9,169 % -1,1146989 10,3371350 1,60 %
DNB Global Etisk (V) 0,16756 % * 0,1430 % 0,0234187 -20,055 % 9,270 % -1,1721388 11,3979130 0,50 %
DNB Global Selektiv (II) 0,16445 % * 0,1399 % 0,0231755 -19,619 % 9,379 % -1,1355245 10,8382089 0,50 %
DNB Global (I) 0,12270 % 0,0982 % 0,0249273 -18,411 % 12,897 % -1,2748975 12,6902325 1,80 %
Eika Global 0,14531 % 0,1208 % 0,0235761 -21,604 % 10,998 % -1,4104632 15,6133038 4,67 %
Holberg Global 0,13846 % 0,1139 % 0,0232174 -16,078 % 10,239 % -0,8975581 6,1255355 1,00 %
ODIN Global 0,12315 % 0,0986 % 0,0245932 -16,540 % 10,638 % -0,8458858 6,8262073 2,00 %
Storebrand AksjeSpar 0,13216 % 0,1076 % 0,0238646 -18,532 % 9,832 % -1,2027946 9,0339418 1,50 %
MSCI World | NDDUWI | 0,15455 % 0,1300 % 0,02314 -18,543 % 11,417 % -0,9811232 9,8433405
Weighted Global Risk free rate 0,02452 % 0,00032485 -0,140 % 0,230 % 1,1250000 4,3500617
*Higher average excess return compared to benchmark
Source: Compiled by authors

Maximum 
return

Weekly
 Expense 

Ratio
Mean Excess 

Return
Standard 
Deviation

Minimum 
return

Skewness Kurtosis

Table 6.2: Descriptive Statistics of the Global Mutual Funds
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low standard deviation. Another strategy that may create deviations between the beta and 

standard deviation denominated measures is a small cap strategy. Small cap stocks are generally 

more volatile as companies are less researched. This will not be seen through the beta, as the 

same is true for the small cap index, which the fund is benchmarked against. Conversely will the 

volatility properly illustrate the risk and the measure provide different results than its counterpart.   

The difference between the three CAPM derived measures and the Information ratio should be 

significant across the board. This can most notably be attributed to the differences in the 

numerator. While the Sharpe ratio and Treynor measure differ in the denominator, they are equal 

in their use of excess return (𝑟𝑝 − 𝑟𝑓) in the numerator. In the case of the Information ratio, the 

active return is used (𝑟𝑝 − 𝑟𝑏).  Practically, the implication is severe and entails that only funds 

with a return that exceeds the benchmark are eligible for a positive sign to the ratio. Additionally 

is the IR different in its quantification of risk. As the only measure, IR applies TE as the factor 

which return is measured against. The fact that IR uses TE as the denominator has many 

important implications as the TE is below the separator. Given that the fund has marginal 

outperformance, the results may be severely elevated by a minimized TE, which realistically is not 

an advantage. 

This computation of IR results in return being all-important, and risk having less of an impact. IR 

will therefor drastically undervalue low risk - low return portfolios. Especially those with both 

less volatility and less return than the chosen benchmark. Not because the measure does not 

properly adjust for or quantify the risk, merely because the active return decide on sign, regardless 

of risk.  

Simply put, one could say that many strategies offer the choice on whether to take risk on the 

beta level or in the volatility. In such a small exchange as Oslo Stock Exchange, these strategies 

will not create as much of an impact as one could expect in larger markets, however we see some 

circumstantial evidence of funds utilizing them in the sample.  
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First, we recognize that the initial impression of the Norwegian domestic funds results is that the 

sample entails two funds, which seem to outperform the others. Both Alfred Berg Gambak and 

Fondsfinans Spar deliver amongst the best of the peer group, regardless of the measures deployed. 

In line with expectations, we also find severe deviations between the measures in several funds. 

Most notably in DNB SMB, which is in line with aforementioned reasoning as it is a small cap 

fund. Another fund that ranks differently across the measures is Storebrand Norge. The reason for 

the misalignment in ranking is probable due to the investment strategy. We observe that 

Storebrand Norge delivers averagely on Treynor terms as well as on the simple CAPM, this is due to 

the beta being very close to one and gives the impression of low risk (compared to benchmark) 

but substantial excessive gains. Using the Sharp ratio however we find that the fund perform 

poorly as the volatility of the fund is amongst the highest in the sample. Other aspects worth 

noting is that Alfred Berg Humanfond, Odin Norge and Storebrand aksje innland seems to be the worst 

performers across all categories. 

Table 6.4 presents the result for the eight global mutual funds.  

Fund Name Sharpe Ratio Rank Traynor Measure Rank α CAPM Rank Information Ratio Rank
Alfred Berg Aktiv 0,7247644 6 0,8932431 7 0,2706245 8 26,8514697 5
Alfred Berg Gambak 0,9593905 1 1,2108543 1 0,5306638 1 37,5773071 3
Alfred Berg Humanfond 0,4166553 27 0,5131997 26 -0,0794250 27 -18,0817404 27
Alfred Berg Norge Classic 0,7746707 5 0,9367198 5 0,3099569 4 42,5237126 2
Atlas Norge 0,5719778 20 0,7130045 19 0,1118785 18 13,4147141 12
Carnegie Aksje Norge 0,6035088 16 0,7583784 14 0,1611387 15 27,6048604 4
Danske Invest Norge I 0,7003420 9 0,8538084 8 0,2330374 9 24,0987625 7
Danske Invest Norge Vekst 0,4514012 25 0,4537348 27 0,0363928 23 0,9814593 21
Delphi Norge 0,7124486 7 0,9253361 6 0,3052205 6 21,9818591 8
DNB Barnefond 0,6032439 17 0,7462172 16 0,1271402 17 3,4829828 19
DNB Norge 0,5707460 21 0,6987535 20 0,0965670 20 12,7536881 13
DNB Norge Selektiv 0,5782332 18 0,7137835 18 0,0843604 21 8,7751245 18
DNB Smb 0,7105428 8 0,6720866 21 0,2875578 7 18,4554069 9
Eika Norge 0,6452789 11 0,7943213 12 0,1712779 13 9,1454023 17
Fondsfinans Spar 0,8564839 3 1,0890030 2 0,4694732 2 47,3493484 1
Holberg Norge 0,6131625 15 0,7384172 17 0,1078349 19 -4,2151807 24
KLP Aksje Norge 0,6322412 13 0,7823838 13 0,1730225 12 17,4909968 11
Nordea Avkastning 0,5291708 22 0,6454375 22 0,0460065 22 3,3714272 20
Nordea Kapital 0,6167006 14 0,7509135 15 0,1455502 16 24,8261253 6
Nordea Norge Verdi 0,9089091 2 1,0623948 3 0,3225525 3 9,8307523 16
Odin Norge 0,4408374 26 0,5483597 25 -0,0305883 25 -13,8691127 26
Omega Investment Fund 0,6351328 12 0,7958041 11 0,1871231 11 17,8810327 10
Pareto Aksje Norge 0,8204693 4 1,0127077 4 0,3087500 5 10,5738209 14
Pareto Aktiv 0,6746997 10 0,8267534 9 0,1659682 14 0,0091417 22
Storebrand Aksje Innland 0,4668255 24 0,5795624 24 -0,0441153 26 -10,8247278 25
Storebrand Norge 0,5736866 19 0,7961502 10 0,1909369 10 10,5563507 15
Storebrand Optima Norge 0,5040825 23 0,6422581 23 0,0165220 24 -0,5790668 23
Average 0,6405780 0,7834662 0,1742751 12,6654043
Compiled by authors

Table 6.3: Relative Performance Measures: Norwegian Mutual Funds
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When shifting our attention to the global funds, we find additional evidence of strategies 

influencing the relative measures differently. DNB Global (I) performs exceedingly well in terms 

of information ratio, but worst of the sample in every other measure. Conversely, DNB Global 

Selektiv (II) performs very well in all measures besides the information ratio. In this case, the 

information ratio highlights a important fact that the others overlook. The fund has 

underperformed compared to benchmark.  In terms of the outperformances, we find DNB Global 

Etisk, which had provided very good results, regardless of which measure used. Also performing 

well is Eika Global. With the addition of DNB Global, we find Storebrand Aksjespar and Odin Global 

amongst the worst performers. Also, we note that both asset managers Storebrand and Odin have 

funds in the bottom range of both the domestic- and global mutual funds. These results are not 

given as much weight as the following results of the absolute models, but are probable to 

illustrate the rough composition of top and bottom. Additionally, it is interesting to observe that 

CAPM predicts an negative average weekly alpha for the global funds. 

 

6.3 Stock picking ability  

In order to determine the different managers’ stock picking ability, we have executed several well-

known analyses. All of them mentioned in the theory section of the thesis and all regressions are 

conducted gross and net of fees.  

 

6.3.1 Jensen’s Alpha Unconditional Model 

Our first regression analysis is the unconditional version of Jensen’s alpha, where the null 

hypothesis and alternative hypothesis are 

𝐻0: 𝛼𝑖 = 0                𝐻1: 𝛼𝑖 ≠ 0 

Fund Name Sharpe Ratio Rank Traynor Measure Rank α CAPM Rank Information Ratio Rank
Alfred Berg Global Quant 0,7861071 5 0,5769021 6 -0,0844184 6 -19,8321676 8
DNB Global (I) 0,6778331 8 0,5418576 8 -0,1265844 8 8,1131064 1
DNB Global Etisk (V) 1,0697832 1 0,7848332 1 0,1029590 1 6,0758975 2
DNB Global Selektiv (II) 1,0605038 2 0,7781754 2 0,0953569 2 -13,6047563 6
Eika Global 0,8957006 3 0,7123141 3 0,0318459 3 -3,9525118 3
Holberg Global 0,8615229 4 0,6701467 4 -0,0053522 4 -7,3910491 4
ODIN Global 0,6929261 7 0,5732146 7 -0,0921557 7 -17,3321578 7
Storebrand AksjeSpar 0,7858932 6 0,6405240 5 -0,0311772 5 -8,9282235 5
Average 0,8537838 0,6597460 -0,0136908 -7,1064828
Compiled by authors

Table 6.4: Relative Performance Measures Global Mutual Funds
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The gross return and net return results for the Norwegian funds are presented in the table below. 

 

First, notice that for 17 of the funds, we have adjusted the standard errors through the Newey-

West procedure. Second, to reject the null hypothesis we use a 95 per cent confidence interval. In 

other words, the estimated alpha parameter has to be significant at the five per cent level, 

meaning that the t-statistic has to be equal or greater than the critical value of 1.96. 

Before total expenses are deducted, 13 of 27 funds have an alpha value that is significantly 

different from zero at the five per cent level, while six of those are at the one per cent level. This 

is a strong indication that the fund managers of these funds have outperformed their benchmark 

Table 6.5: Jensen's Alpha Unconditional Model
*** p<0.01 , ** p<0.05 , *p<0.1
Fund Name α t-stat  R2

Adj β α t-stat
Alfred Berg Aktiv 0.00080679** 2.44 0.9499 0.91335 0.00052043 1.57
Alfred Berg Gambak 0.00136*** 2.84 0.8897 0.86440 0.00102** 2.13
Alfred Berg Humanfond 0.00019039 0.75 0.9717 0.94842 -0.00015274 -0.60
Alfred Berg Norge Classic 0.00082549*** 3.64 0.9757 0.91224 0.00059607*** 2.62
Atlas Norge3 0.000359 1.33 0.9648 0.96397 0.000215 0.79
Carnegie Aksje Norge3 0.00053930** 2.47 0.9745 0.99817 0.00031 1.42
Danske Invest Norge I3 0.00082904*** 3.34 0.9609 0.90724 0.000448* 1.81
Danske Invest Norge Vekst3 0.00026 0.62 0.8915 0.783292 -0.00007 -0.18
Delphi Norge3 0.00059820 1.28 0.8906 0.92947 0.000587 1.25
DNB Barnefond3 0.000591** 2.27 0.9081 0.85173 0.000244 0.94
DNB Norge 0.00019554 0.92 0.9804 0.94854 0.00018570 0.88
DNB Norge Selektiv2 0.000468** 2,39 0.9835 0.989681 0.000085 0.44
DNB Smb1,3 0.000936** 2.47 0.9272 1,11967 0.000553 1.46
Eika Norge3 0.00072912* 1.87 0.9244 0.86777 0.000329 0.84
Fondsfinans Spar 0.00109*** 2.71 0.9329 0.95410 0.00090283** 2.24
Holberg Norge3 0.000494 1.05 0.8899 0.762228 0.000207 0.44
KLP Aksje Norge3 0.000476* 1.68 0.9557 0.93304 0.000333 1.17
Nordea Avkastning3 0.000469*** 2.98 0.9853 0.94872 0.000088 0.56
Nordea Kapital3 0.000471*** 2.97 0.9857 0.94532 0.00028* 1.77
Nordea Norge Verdi3 0.000907** 2.30 0.8869 0.69299 0.00062 1.57
Odin Norge3 0.000322 0.56 0.7705 0.62959 -0.00005883 -0.10
Omega Investment Fund3 0.000703** 2.03 0.9441 0.94098 0.00036 1.04
Pareto Aksje Norge 0.00068966 1.38 0.8458 0.74261 0.00059374 1.19
Pareto Aktiv 0.00066986 1.36 0.8431 0.72220 0.00031917 0.65
Storebrand Aksje Innland2,3 -0.00005 -0.23 0.9830 1,00538 -0.00016 -0.79
Storebrand Norge3 0.000654* 1.69 0.8283 0.95849 0.000367 0.95
Storebrand Optima Norge2 0.00015304 0.39 0.9366 0.99739 -0.00003833 -0.10
1: OSESX as benchmark. 2: OSEBX as benchmark 3: Newey-West HAC Standard Errors
Compiled by authors

Gross Return Obs.= 520 Net Return
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by demonstrating stock picking ability. Out of the 27 funds, Alfred Berg Gambak have the highest 

weekly alpha value of 0.136 per cent that is statistically significant at the one per cent level. 

Converted to an annual basis Alfred Berg Gambak generates an excess return of 7.3 per cent. 

Correspondingly, the estimated beta parameter for Alfred Berg Gambak is equal to 0.8644 

suggesting that a positive movement of one per cent in OSEFX will result in a positive 

movement 0.8644 per cent for Alfred Berg Gambak, likewise for negative values. Of the 13 funds 

with an alpha significantly different from zero, Nordea Avkastning has the lowest weekly alpha 

value equal to 0.0469 per cent, which amounts to 2.47 per cent when converted to a annual basis.  

After total expenses are deducted, we only have three mutual funds left with a positive alpha that 

is statistically significantly different from zero, suggesting that 24 out of 27 fund managers are not 

able to demonstrate a stock picking ability that compensates for the management fees. Put 

differently, the majority of the funds do not generate returns over the normal risk-compensation. 

Alfred Berg Gambak still has the highest alpha that is significantly different from zero. The weekly 

alpha value is reduced to 0.102 per cent, which is equal to an annual alpha of 5.44 per cent. 

Fondsfinans Spar and Alfred Berg Norge Classic also have a significantly positive alpha net return, 

generating an annual excess return of 4.8- and 3.15 per cent.  

All the funds have an estimated beta of less than one, except from DNB SMB who has a beta 

approximately equal to 1.12. In the estimated model, the beta parameter is a measure for 

systematic risk. A beta over one indicates more volatility than the market while a beta less than 

one indicates less volatility than the market or assets whose price movements are not very 

correlated with the market portfolio. DNB SMB has OSESX as benchmark, which consist of the 

ten per cent least capitalized shares on Oslo Stock Exchange. In other words, the fund has a 

smaller pool to pick stocks from which might make their portfolio less diversified, and thus we 

see a beta higher than one.    

Next, we look at the results from the eight global mutual funds. Since it is the same model, the 

hypothesis is the exact same as with the domestic mutual funds. Note that all standard errors are 

corrected with the Newey-West procedure, and all of the funds have the same benchmark. As the 

following table shows, none of the funds has a positive alpha that is statistically significantly 

different from zero at the five per cent level, neither gross nor net return. Eika Global is at the ten 

per cent level, but this is not satisfactory for our thesis. 
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Further notice that 𝑅𝑎𝑑𝑗
2  are generally lower in this table compared with table 6.5 containing the 

domestic mutual funds. A low 𝑅𝑎𝑑𝑗
2  indicates that the fund does not act much like the index. In 

other words, a low 𝑅𝑎𝑑𝑗
2  might indicate high unsystematic risk, which may in turn imply an 

undiversified portfolio. Obviously, the explanatory variable MSCI is not the perfect variable to 

explain the movements in these funds. This is not a surprise since the MSCI benchmark contains 

1612 stocks from 23 economies. Thus, the movements in MSCI do not have the same amount of 

impact on our global funds as OSEFX have on the domestic funds. With that in mind, we still 

believe MSCI is a relatively good explanatory variable for these funds, since all of them have a 

𝑅𝑎𝑑𝑗
2  greater than 0.7. Also, notice that all the beta values are below, but close to one.  

 

6.3.2 Fama-French Three-Factor Model 

In line with Jensen’s alpha, Fama-French Three-Factor model is also an unconditional model 

since it assumes that the funds risk remains constant over time (Kon & Jen, 1978). Compared to 

Jensen’s alpha, the Fama-French Three-Factor model should generate more accurate results due 

to the factor loadings SMB and HML. We will compare the 𝑅𝑎𝑑𝑗
2  from the two models to see if 

the Three-Factor model is more accurate. The null- and alternative hypothesis is the same as in 

the Jensen’s alpha model. Table 6.7 presents the results for the domestic mutual funds. 

Table 6.6: Jensen's Alpha Unconditional Model
*** p<0.01 , ** p<0.05 , *p<0.1

Fund Name α t-stat  R2
Adj β α t-stat

Alfred Berg Global Quant 0.00014294 0.60 0.8372 0.85015 -0.00016236 -0.68
DNB Global Etisk (V) 0.00029392 1.23 0.8766 0.94777 0.00019800 0.83
DNB Global Selektiv (II) 0.00027929 1.23 0.8713 0.93510 0.00018337 0.81
DNB Global (I) 0.0001 0.36 0.7653 0.942181 -0.00024335 -0.88
Eika Global 0.00093935* 1.86 0.7487 0.88182 0.00006123 0.12
Holberg Global 0.000443 0.41 0.7765 0.88413 -0.00001030 -0.02
ODIN Global 0.00020367 0.39 0.7092 0.89484 -0.00017723 -0.34
Storebrand AksjeSpar 0.00022640 0.44 0.7177 0.87389 -0.00005997 -0.12
Note that the Newey-West HAC Standard Errors were applied for these funds
Compiled by authors

Gross Return Obs.= 520 Net Return
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First, on gross returns notice that both Nordea Norge Verdi and Omega Investment Fund no longer 

have alphas that is statistical significantly different from zero at the five per cent level, which they 

had in the unconditional model of Jensen’s alpha. Secondly, we can see a general reduction of the 

alpha values compared to the estimates in Jensen’s alpha model. For almost all the funds, we can 

see a small increase in the 𝑅𝑎𝑑𝑗
2 .  

When we look at net returns, Fondsfinans Spar and Alfred Berg Norge Classic is the only two funds 

with positive alphas that are significant at the five per cent level. That is one less compared to the 

estimates from Jensen’s alpha model, where Alfred Berg Gambak also had an alpha significant at 

the five per cent level. Thus far, two different models estimates positive alphas for Fondsfinans 

Spar and Alfred Berg Norge. However, the estimated alpha values decreased with approximately 0.5 

per cent, for both funds, on an annual basis in the Three-Factor model. These results are in line 

with earlier studies that accuse Jensen’s alpha to overestimate the alpha value and misinterpret 

beta changes as managerial over-performance. 

Table 6.7: Fama-French Three Factor Model
*** p<0.01 , ** p<0.05 , *p<0.1
Fund Name α t-statα β s i h i  R2

Adj α t-statα
Alfred Berg Aktiv 0.000627** 2.00 0.976337 0.131088*** .-0.0862*** 0.9556 0.000341 1,09
Alfred Berg Gambak 0.001001** 2,32 0.992376 0.260441*** .-0.15371*** 0.9119 0.000658 1,53
Alfred Berg Humanfond 0.000141 0.55 0.96633 0.032969** -0.0089 0.9719 -0.0002 -0.79
Alfred Berg Norge Classic 0.000726*** 3.29 0.94737 0.071943*** .-0.04385*** 0.9773 0.000496** 2.25
Atlas Norge3 0.000309 1,12 0.980705 0.0391** -0.03837 0.9656 0.000166 0,6
Carnegie Aksje Norge3 0.000521** 2,29 1.003749 0.016983 -0.02716 0.9746 0.000292 1,28
Danske Invest Norge I3 0.000766*** 3,12 0.932257 0.033042 0.034801* 0.9613 0.000385 1,57
Danske Invest Norge Vekst3 4,57E-03 0.01 0.876147 0.169893*** -0.04233 0.8998 -0.00033 -0.81
Delphi Norge3 0.000293 0,65 1.042334 0.193019*** -0.00253 0.8976 0.000282 0.63
DNB Barnefond3 0.000565** 2,05 0.862767 0.009884 0.032352 0.9081 0.000218 0.79
DNB Norge 0.000252 1,19 0.927298 .-0.03429** -0.00691 0.9806 0.000242 1,15
DNB Norge Selektiv2 0.000413** 2,12 1.008883 0.038265*** -0.02585** 0.9839 0.000031 0.16
DNB Smb1,3 0.00105*** 2,86 1.073475 .-0.07365** .-0.07803*** 0.9326 0.000667* 1,82
Eika Norge3 0.000438 1,22 0.976274 0.181581*** 0.012022 0.9320 0.000038 0.11
Fondsfinans Spar 0.001014** 2,50 0.9847 0.047649* 0.016285 0.9331 0.000822** 2,03
Holberg Norge3 0.000147 0,33 0.891636 0.21475*** 0.020921 0.9033 -0.00014 -0.31
KLP Aksje Norge3 0.000293 1,04 1.000563 0.118292** -0.01175 0.9585 0.000149 0,53
Nordea Avkastning3 0.000391** 2,44 0.977528 0.977528*** -0.00353 0.9857 0.00001 0.06
Nordea Kapital3 0.000414** 2,54 0.966346 0.037408*** -0.00575 0.9859 0.000223 1,36
Nordea Norge Verdi3 0.0007* 1,87 0.774002 0.110551*** 0.0998*** 0.8959 0.000413 1,10
Odin Norge3 -0.00027 -0.52 0.850706 0.367333*** 0.034309 0.8208 -0.00065 -1,26
Omega Investment Fund3 0.000635* 1,81 0.96244 0.062039* .-0.09245*** 0.9470 0.000291 0.83
Pareto Aksje Norge 0.000412 0,84 0.844853 0.178115*** -0.01414 0.8546 0.000316 0.65
Pareto Aktiv 0.000419 0,87 0.814333 0.161686*** -0.01703 0.8507 0.000069 0.14
Storebrand Aksje Innland2,3 -0.00004 -0.18 1,000555 -0.0004 -0.02791* 0.9832 -0.00015 -0.74
Storebrand Norge3 0.000598 1,57 0.978504 0.037027 -0.01062 0.8279 0.000312 0.82
Storebrand Optima Norge2 0.000073 0.19 1,023815 0.062476** -0.07223*** 0.9385 -0.00012 -0.30
1: OSESX as benchmark. 2: OSEBX as benchmark 3: Newey-West HAC Standard Errors
Compiled by authors

Net ReturnObs.= 520Gross Return
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As explained in section five, we do not have factor loadings for our global mutual funds and 

therefore cannot perform the Three-Factor analysis. We still believe that the remaining models 

will generate sufficient results for us to make a conclusion concerning the global mutual funds 

stock picking ability.  

 

6.3.3 Conditional Beta Model 

Our third regression is the conditional beta model, which we use to test two different 

hypothesises. The first one is the exact same as in the unconditional model, where we test if alpha 

is different from zero or not. Hypothesis number two tests if the explanatory variables have no 

impact on the dependent variable by testing all the slope coefficients simultaneously. In other 

words, we test if the inclusion of information variables improves the model. This hypothesis is 

tested by the F test of statistics. When the computed F value is greater than its critical value, we 

can reject the null hypothesis and conclude that at least one of the explanatory variables is 

statistically significantly different from zero. A rejection of the null hypothesis concludes that the 

conditional beta model is an improvement of the unconditional Jensen’s alpha model and will be 

preferred by the two models. On the other side, if we cannot reject the null hypothesis the 

unconditional Jensen’s alpha is the preferred model. 

 

Hypothesis 1:   𝐻0: 𝛼 = 0    𝐻1: 𝛼 ≠ 0 

Hypothesis 2:  𝐻0: 𝛽2 = 𝛽3 = 𝛽4 = 0           𝐻1: 𝛽2 ≠ 0, and/or 𝛽3 ≠ 0, and/or  𝛽4 ≠ 0 

 

Table 6.8 shows the results for the Norwegian mutual funds, measured by the conditional beta 

model. 
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The F-test display that we can reject the null in hypothesis two for all the funds and conclude that 

the conditional beta model is preferred over the unconditional Jensen’s alpha model. If we 

compare the coefficient of determination, 𝑅𝑎𝑑𝑗
2  from the unconditional model and the 

conditional model we can see that there is an increase in all funds. Keep in mind that the 𝑅𝑎𝑑𝑗
2  

only increase if the added coefficients helps improving the model more than would be expected 

by chance. 

Similarly, with Jensen’s alpha we still have 13 out of 27 funds that generates positive alphas gross 

return, that are statistically significantly different from zero at the five per cent level or better. 

However, one fund is no longer significant at the five per cent level, while another has become 

Table 6.8: Conditional Beta Model
*** p<0.01 , ** p<0.05 , *p<0.1
Fund Name α t-stat  R2

Adj β α t-stat Pr > F
Alfred Berg Aktiv 0.00068597** 2.10 0.9520 1,01298 0.00039961 1.23 <.0001
Alfred Berg Gambak 0.00131*** 2.75 0.8938 0.86836 0.00096347** 2.03 <.0001
Alfred Berg Humanfond 0.00019869 0.77 0.9719 0.93201 -0.00014444 -0.56 <.0001
Alfred Berg Norge Classic 0.00072881*** 3.33 0.9778 0.95459 0.00049939** 2.28 <.0001
Atlas Norge3 0.00014458 0.58 0.9682 1,11935 .8.78532E-7 0.00 <.0001
Carnegie Aksje Norge3 0.00038374* 1,70 0.9770 1,00593 0.00015432 0.69 <.0001
Danske Invest Norge I3 0.00069797*** 2.88 0.9626 1,05448 0.00031708 1.31 <.0001
Danske Invest Norge Vekst3 1,60E-06 0.00 0.9009 1,21887 -0.00033 -0.78 <.0001
Delphi Norge3 0.00050374 1.07 0.8934 1,09048 0.00049244 1.04 <.0001
DNB Barnefond3 0.00064622** 2.42 0.9093 0.96231 0.00029931 1.12 <.0001
DNB Norge 0.00017775 0.85 0.9812 1,04188 0.00016782 0.80 <.0001
DNB Norge Selektiv2 0.000404** 2.09 0.9841 1.080894 0.000021 0.11 <.0001
DNB Smb1,3 0.00106*** 2.65 0.9311 0.69003 0.00068139* 1.70 <.0001
Eika Norge3 0.00065533* 1.70 0.9271 0.97345 0.00025558 0.66 <.0001
Fondsfinans Spar 0.00097834** 2.47 0.9363 0.78703 0.00078697** 1.99 <.0001
Holberg Norge3 0.00032337 0.70 0.8953 1,10390 0.00003701 0.08 <.0001
KLP Aksje Norge3 0.00041965 1.45 0.9558 0.93142 0.00027594 0.95 <.0001
Nordea Avkastning3 0.00040806*** 2.59 0.9855 1,02177 0.00002717 0.17 <.0001
Nordea Kapital3 0.00039292** 2.54 0.9860 0.99001 0.00020155 1.30 <.0001
Nordea Norge Verdi3 0.00091708** 2.24 0.8897 0.68778 0.00063072 1.54 <.0001
Odin Norge3 0.00010175 0.18 0.7918 1,22898 -0.00027914 -0.50 <.0001
Omega Investment Fund3 0.00077808** 2.15 0.9444 0.85517 0.00043495 1.20 <.0001
Pareto Aksje Norge 0.00059482 1.20 0.8513 1,09327 0.00049890 1.01 <.0001
Pareto Aktiv 0.00063002 1.28 0.8458 0.96883 0.00027933 0.57 <.0001
Storebrand Aksje Innland2,3 -0.00019 -0.90 0.9847 0.826349 -0.0003 -1.47 <.0001
Storebrand Norge3 0.00087083** 2,02 0.8327 0.66548 0.00058447 1.35 <.0001
Storebrand Optima Norge2 -4,46E-03 -0.00 0.9414 0.65165 -0.00019182 -0.50 <.0001
1: OSESX as benchmark. 2: OSEBX as benchmark 3: Newey-West HAC Standard Errors
Compiled by authors

Gross Return Obs.= 520 Net Return
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significant at the five per cent level. In the unconditional Jensen’s alpha model, Carnegie Aksje 

Norge was significant at the five per cent level but has now dropped to the ten per cent level. 

Hence, we can no longer reject the null hypothesis that alpha is equal to zero for Carnegie Aksje 

Norge. Storebrand Norge on the other side has an increased t-statistic in the conditional model 

compared to the unconditional model, which allows us to reject Storebrand Norge’s null hypothesis. 

All other funds with significant alphas are the same mutual funds that had a significant alpha in 

the unconditional model. For these, we now have two (three for Alfred Berg Norge Classic and 

Fondsfinans Spar) models that confirm their ability to generate an excess return before total 

expenses are deducted.  

After total expenses are deducted there is only three funds left with a significantly positive alpha. 

These same three mutual funds had significantly positive alpha net expenses in the unconditional 

Jensen’s alpha model. Alfred Berg Gambak still has the highest alpha and Fondsfinans Spar is second. 

However, their alpha values have slightly decreased. On a weekly basis, Alfred Berg Gambak 

generated an excess return of 0.096347 per cent, which corresponds to 5.135 per cent in annual 

terms. Thus, the conditional beta model estimates an excess return for Alfred Berg Gambak that is 

0.3 per cent lower than the unconditional Jensen’s alpha model estimate on a annual basis. 

Fondsfinans Spar’s alpha is equal to 0.079 per cent on a weekly basis and 4.175 per cent in annual 

terms. For Fondsfinans Spar this is a decrease of approximately 0.3 per cent compared to the 

estimate from the Three-Factor model and a decrease of approximately 0.6 per cent compared to 

Jensen’s alpha model. Once again, we see evidence that support the theory of Jensen’s alpha 

producing too high alpha values.   

Table 6.9 portrays the results for the global mutual funds, measured by the conditional beta 

model. 

 

Table 6.9: Conditional Beta Model
*** p<0.01 , ** p<0.05 , *p<0.1

Fund Name α t-stat  R2
Adj β α t-stat Pr > F

Alfred Berg Global Quant -0.00004565 -0.17 0.8488 1,2061 -0.00035095 -1.30 <.0001
DNB Global Etisk (V) 0.00034936 1.35 0.8790 0.94391 0.00025344 0.98 <.0001
DNB Global Selektiv (II) 0.00030050 1.19 0.8734 0.97362 0.00020458 0.81 <.0001
DNB Global (I) 0.00007 0.24 0.7662 1,0162 -0.00027290 -0.92 <.0001
Eika Global 0.01128*** 4.62 0.7726 0.69338 0.00116*** 2.63 <.0001
Holberg Global 0.00053737 1.18 0.7772 0.81453 0.00034600 0.76 <.0001
ODIN Global 0.00114* 1.90 0.7231 0.69527 0.00075451 1.26 <.0001
Storebrand AksjeSpar 0.00110** 2.23 0.7300 0.76535 0.00081267* 1.65 <.0001
Note that the Newey-West HAC Standard Errors were applied for these funds
Compiled by authors

Net ReturnGross Return Obs.= 520
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As with our domestic mutual funds, we conclude that the lagged information variable improves 

the model since we can reject the null in hypothesis two for all the global funds. In addition we 

can see that the 𝑅𝑎𝑑𝑗
2  have slightly increased for all the funds.  

Before total expenses are deducted, Eika Global and Storebrand AksjeSpar have positive statistically 

significant alphas at the one- and five per cent level. Even though the t-statistic decreases when 

we look at net return, Eika Global still has a positive alpha that remains significant at the one per 

cent level. Eika Global has the greatest excess return at 0.116 per cent on weekly basis or 6.21 per 

cent in annual terms. This indicates a managerial outperformance.   

 

6.3.4 Conditional Alpha-Beta Model 

Since earlier studies such as Sawicki & Ong (2000) found evidence that also the conditional beta 

model has a tendency to over-estimate alphas, we add the conditional alpha-beta model to our 

study. The hypothesis in this model is the same as they were for the conditional beta model. 

As we can see from table 6.10 on the next page, the same 13 mutual funds have positive alpha, 

which is statistically significant at the five per cent level or better. Both the t-statistic and 𝑅𝑎𝑑𝑗
2  

have slightly increased compared to the results from the beta model. In addition, the F-statistic 

allows us to reject the null of hypothesis number two. Out of the 13 mutual funds with 

significantly alpha values, Alfred Berg Gambak still has the highest alpha value net- and gross 

return. Considering net return, the weekly alpha is equal to 0.0956 per cent, which is 

approximately 5.1 per cent on an annual basis. This is comparable to the result the conditional 

beta model provided. Fondsfinans Spar and Alfred Berg Norge Classic’s alpha values remains 

statistically significant at the five per cent level, where their weekly alpha values are 0.791 per cent 

and 0.0495 per cent. On an annual basis, this is a stock picking attributable out-performance of 

4.2- and 2.6 per cent. 

Thus far, we have four different models where three of them conclude that the same three 

mutual funds have outperformed their benchmark. According to all four models, both Fondsfinans 

Spar and Alfred Berg Norge Classic generated a stock picking attributable excess return for their 

investors. More interestingly, all four models indicates that the majority of the sample are unable 

to generate excess return through selection of stocks. Our regression results shows evidence that 

ten mutual funds significantly beat their benchmark by superior stock selection gross returns. 

However, most managers are not able to demonstrate a stock picking ability that compensates for 
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the management fees. This corresponds with the semi-strong state of the efficient market 

hypothesis and Basu’s (1977) result. 

 

For our global funds, the alpha-beta model estimates somewhat similar results as the beta-model. 

The same mutual funds have alphas that are statistically different from zero. More interestingly is 

that the alpha-beta model estimates a greater alpha for the global funds, contrary to Sawicki & 

Ong (2000) findings. 

Also in the alpha-beta model, the null of hypothesis number two is rejected for all the funds. We 

can also see from table 6.11 that the 𝑅𝑎𝑑𝑗
2  has increased for all the funds, therefore we can 

Table 6.10: Conditional Alpha-Beta Model
*** p<0.01 , ** p<0.05 , *p<0.1
Fund Name α t-stat  R2

Adj β α t-stat Pr > F
Alfred Berg Aktiv 0.00067988** 2.10 0.9526 1,02366 0.00039352 1.21 <.0001
Alfred Berg Gambak 0.00130*** 2.74 0.8942 0.87889 0.00095624** 2.02 <.0001
Alfred Berg Humanfond 0.00019478 0.76 0.9721 0.93951 -0.00014836 -0.58 <.0001
Alfred Berg Norge Classic 0.00072475*** 3.35 0.9782 0.96314 0.00049532** 2.29 <.0001
Atlas Norge3 0.00014737 0.60 0.9683 1,12315 0.00000367 0.01 <.0001
Carnegie Aksje Norge3 0.00038216* 1.66 0.9773 1,01328 0.00015274 0.66 <.0001
Danske Invest Norge I3 0.00070165*** 2.90 0.9625 1,05340 0.00032076 1.33 <.0001
Danske Invest Norge Vekst3 -0.000000000 -0.00 0.9009 1,224783 -0.00033 -0.80 <.0001
Delphi Norge3 0.00049257 1.08 0.8948 1,10726 0.00048137 1.05 <.0001
DNB Barnefond3 0.00065066** 2.42 0.9089 0.96022 0.00030375 1.13 <.0001
DNB Norge 0.00018065 0.87 0.9815 1,04645 0.00017082 0.83 <.0001
DNB Norge Selektiv2 0.000408** 2.11 0.9842 1.020382 0.000025 0.13 <.0001
DNB Smb1,3 0.00109*** 2.83 0.9324 0.66565 0.00070539* 1.84 <.0001
Eika Norge3 0.00064834* 1.80 0.0862 0.99474 0.00024860 0.69 <.0001
Fondsfinans Spar 0.00098242** 2.52 0.9381 0.79871 0.00079105** 2.03 <.0001
Holberg Norge3 0.00032939 0.74 0.8959 1,10853 0.00004303 0.10 <.0001
KLP Aksje Norge3 0.00041843 1.45 0.9559 0.93651 0.00027473 0.95 <.0001
Nordea Avkastning3 0.00040731*** 2.59 0.9855 1,02417 0.00002642 0.17 <.0001
Nordea Kapital3 0.00039305** 2.55 0.9860 0.99169 0.00020168 1.31 <.0001
Nordea Norge Verdi3 0.00090959** 2.26 0.8900 0.69065 0.00062323 1.55 <.0001
Odin Norge3 0.00009464 0.17 0.7915 1,23636 -0.00028625 -0.52 <.0001
Omega Investment Fund3 0.00078332** 2.24 0.9447 0.85470 0.00044018 1.26 <.0001
Pareto Aksje Norge 0.00058894 1.21 0.8557 1,11459 0.00049302 1.01 <.0001
Pareto Aktiv 0.00062471 1.29 0.8508 0.99044 0.00027402 0.57 <.0001
Storebrand Aksje Innland2,3 -0.00019 -0.91 0.9847 0.828832 -0.0003 -1.47 <.0001
Storebrand Norge3 0.00087844** 2.05 0.8323 0.65539 0.00059208 1.38 <.0001
Storebrand Optima Norge2 0.00000361 0.01 0.9420 0.66569 -0.00018776 -0.49 <.0001
1: OSESX as benchmark. 2: OSEBX as benchmark 3: Newey-West HAC Standard Errors
Compiled by authors

Net ReturnGross Return Obs.= 520
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conclude that the added information variables improve the model. Net return Eika Global still 

have positive alphas at the one per cent level. 

  

In summation are two out of three models showing positive alpha estimates for Eika Global, 

indicating that the manager have stock picking skills and are able to outperform the benchmark.   

 

6.4 Market Timing 

By applying the unconditional- and conditional Treynor - Mazuy model, we investigate the funds 

managers’ market timing ability.   

 

6.4.1 Treynor - Mazuy unconditional model 

The Treynor - Mazuy model estimates both market timing and stock picking ability, therefore we 

state two different hypotheses. Hypothesis one is equal to the hypothesis in Jensen’s alpha, where 

the null is that alpha is equal to zero and the alternative being that alpha is different from zero. 

Our main interest in this regression is the estimated gamma coefficient, which measures the 

manager’s timing ability. As with the alpha, we do a two-sided test when testing the significance 

of gamma, and the hypothesis reads 

 

𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 3:                             𝐻0: 𝛾 = 0  𝐻1: 𝛾 ≠ 0 

 

Table 6.12 shows the result for the Norwegian mutual funds, gross- and net returns. Starting with 

alpha gross return, we can see that only nine of the funds have a positive alpha that is statistically 

Table 6.11: Conditional Alpha-Beta Model
*** p<0.01 , ** p<0.05 , *p<0.1

Fund Name α t-stat  R2
Adj β α t-stat Pr > F

Alfred Berg Global Quant -0.00005011 -0.17 0.8494 1,18824 -0.00035541 -1.20 <.0001
DNB Global Etisk (V) 0.00041801 1.53 0.8843 0.87692 0.00032209 1.18 <.0001
DNB Global Selektiv (II) 0.00035135 1.30 0.8780 0.91073 0.00025543 0.95 <.0001
DNB Global (I) 0.000111 0.34 0.7665 0.97742 -0.00023259 -0.71 <.0001
Eika Global 0.00222*** 5.16 0.7868 0.59359 0.00135*** 3.12 <.0001
Holberg Global 0.00059947 1.34 0.7805 0.75359 0.00040810 0.91 <.0001
ODIN Global 0.00126* 1.89 0.7275 0.63036 0.00088103 1.32 <.0001
Storebrand AksjeSpar 0.00122** 2.38 0.7417 0.66327 0.00093319* 1.82 <.0001
Note that the Newey-West HAC Standard Errors were applied for these funds
Compiled by authors

Gross Return Obs.= 520 Net Return
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significant at the five per cent lever or better. Nordea Norge Verdi has the highest alpha value equal 

to 0.125 per cent on a weekly basis. That is approximately 6.71 per cent on an annual basis. Right 

behind we find Alfred Berg Gambak, which had the highest estimated excess return in Jensen’s 

alpha model.   

 

In six funds, we have positive gamma values, which is statistically significantly different from zero 

at the five per cent level or better. This indicates that these funds have some ability to predict the 

future direction of the market. However, only Nordea Avkastning has a positive significantly alpha- 

and gamma values that differs from zero. Unfortunately, this does not apply when we look at net 

return, where none of the funds has both a positive alpha- and gamma value that differs from 

zero at the five per cent level. Interestingly we have four funds that generate an excess return 

after the total expenses are deducted, where Alfred Berg Norge Classic is the only fund who have 

had this in the other regressions. The three new funds are Delphi Norge, DNB SMB and Nordea 

Table 6.12:  Unconditional Treynor-Mazuy Model
*** p<0.01 , ** p<0.05 , *p<0.1
Fund Name α t-statα  R2

Adj β γ t-statγ α t-statα
Alfred Berg Aktiv 0.00062568* 1.79 0.9500 0.91928 0.13504 1.58 0.00033932 0.97
Alfred Berg Gambak 0.00124** 2.43 0.8896 0.86851 0.09368 0.75 0.00089486* 1.76
Alfred Berg Humanfond 0.00027170 1.01 0.9717 0.94576 -0.06062 -0.92 -0.00007143 -0.26
Alfred Berg Norge Classic 0.00070508*** 2.94 0.9757 0.91619 0.08978 1.53 0.00047566** 1.98
Atlas Norge3 -0.00024876 -0.78 0.9672 0.98387 0.45304** 2.29 -0.00039246 -1.23
Carnegie Aksje Norge3 0.00016798 0.56 0.9753 1,01034 0.27686 1.37 -0.00006144 -0.20
Danske Invest Norge I3 0.00094443*** 3.24 0.9609 0.90346 -0.08603 -0.83 0.00056354* 1.93
Danske Invest Norge Vekst3 0.000104 0.21 0.8916 0.788409 0.116446 0.65 -0.00023 -0.46
Delphi Norge3 0.00097737** 1.99 0.8913 0.91704 -0.28216 -1.78 0.00096540** 1.97
DNB Barnefond3 0.00070364** 2.07 0.9080 0.84806 -0.08368 -0.60 0.00035673 1.05
DNB Norge 0.00004200 0.19 0.9805 0.95357 0.11501** 2.10 0.00003145 0.14
DNB Norge Selektiv2 0.000207 1.01 0.9839 0.998735 0.206654*** 3.80 -0.00018 -0.86
DNB Smb1,3 0.00121*** 3.10 0.9274 1,10754 -0.34755 -1.38 0.00083000** 2.12
Eika Norge3 0.00088982** 2.24 0.9245 0.86251 -0.11981 -1.08 0.00049008 1.24
Fondsfinans Spar 0.00077113* 1.81 0.9334 0.96469 0.24088** 2.31 0.00057976 1.36
Holberg Norge3 0.00027687 0.57 0.8902 0.76933 0.16169 1.54 -0.00000949 -0.02
KLP Aksje Norge3 0.00026098 0.88 0.9559 0.94010 0.16064 1.40 0.00011728 0.40
Nordea Avkastning3 0.00036002** 2.15 0.9853 0.95230 0.08153** 2.17 -0.00002087 -0.12
Nordea Kapital3 0.00029986* 1.83 0.9859 0.95094 0.12780** 2.54 0.00010849 0.66
Nordea Norge Verdi3 0.00125*** 3.03 0.8881 0.68169 .-0.25712* -1.88 0.00096515** 2.34
Odin Norge3 0.00062911 1.00 0.7713 0.61953 -0.22893 -1.46 0.00024822 0.39
Omega Investment Fund3 0.00049564 1.20 0.9442 0.94778 0.15459 0.86 0.00015251 0.37
Pareto Aksje Norge 0.00097526* 1.85 0.8463 0.73326 -0.21294 -1.64 0.00087934* 1.66
Pareto Aktiv 0.00095038* 1.83 0.8436 0.71301 -0.20916 -1.64 0.00059969 1.15
Storebrand Aksje Innland2,3 -0.00007 -0.30 0.9830 1,006309 0.021221 0.13 -0.00019 -0.76
Storebrand Norge3 0.00057682 1.25 0.8280 0.96101 0.05721 0.36 0.00029046 0.63
Storebrand Optima Norge2 0.00028396 0.68 0.9366 0.99285 -0.10363 -0.93 0.00009259 0.22
1: OSESX as benchmark. 2: OSEBX as benchmark 3: Newey-West HAC Standard Errors
Compiled by authors

Gross Return Obs.= 520 Net Return
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Norge Verdi. Delphi Norge has the highest estimated alpha at approximately 5.15 per cent in annual 

terms, while Alfred Berg Norge Classic has the smaller of approximately 2.5 per cent in annual 

terms. 

In table 6.13, we can see the results for our global funds. 

 

First, we can see that Storebrand Aksjespar that had an alpha statistically different from zero in 

both the conditional models no longer is significant at the five per cent level. However, both 

DNB Global Etisk (V) and DNB Global Selektiv (II) now have an alpha that is significant at the five 

per cent level. Eika Global still have positive alpha before total expenses are deducted, while net 

return is no longer significant at the five per cent level. Also notice that the adjusted r-squared 

has dropped compared to the conditional models for all the eight funds. More interesting is the 

fact that we have four funds with negative gamma values, which is significant at the five per cent 

level or better. This is an indication that the managers’ purchases stocks right before they drop in 

prices and sell stocks right before the price increase. Hence, their timing is quite unfortunate 

since they take a long position in the market when they should have taken a short and vice versa. 

Nevertheless, DNB Global Etisk (V) has a negative gamma value but still a positive alpha value 

when we look at net return. We suspect that it is the long-run investments who have generated 

excess return.  

6.4.2 Treynor - Mazuy Conditional Model  

Our last regression model is the Treynor - Mazuy Conditional Model. Here we test three different 

hypothesises. Hypothesis one tests if alpha is different from zero or not. Next, hypothesis 

number two test if one or more of the added information variables are different from zero, while 

the third hypothesis tests if gamma is equal to zero or not. Together they read 

𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 1:        𝐻0: 𝛼 = 0   𝐻1: 𝛼 ≠ 0 

𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 2:        𝐻0: 𝛽2 = 𝛽3 = 𝛽4 = 0            𝐻1: 𝛽2 ≠ 0, and/or 𝛽3 ≠ 0, and/or  𝛽4 ≠ 0 

Table 6.13:  Unconditional Treynor-Mazuy Model
*** p<0.01 , ** p<0.05 , *p<0.1

Fund Name α t-statα  R2
Adj β γ t-statγ α t-statα

Alfred Berg Global Quant 0.00037421 1.22 0.8380 0.84176 -0.40822 -1.54 0.00006891 0.22
DNB Global Etisk (V) 0.00060267** 2.37 0.8781 0.93656 -0.54498** -2.13 0.00050675** 1.99
DNB Global Selektiv (II) 0.00056725** 2.30 0.8726 0.92465 -0.50827** -2.22 0.00047133* 1.91
DNB Global (I) 0.000316 1,11 0.7656 0.93434 -0.38137* -1.90 -0.00002729 -0.10
Eika Global 0.00161*** 3.68 0.7561 0.85763 -1,17676** -2.41 0.00072791* 1.67
Holberg Global 0.00029941 0.65 0.7763 0.87984 -0.20888 -0.76 0.00010804 0.24
ODIN Global 0.00076123 1.50 0.7138 0.87460 -0.98415* -1.78 0.00038034 0.75
Storebrand AksjeSpar 0.00088880 1.73 0.7248 0.84985 -1,16922*** -3.61 0.00060244 1.17
Note that the Newey-West HAC Standard Errors were applied for these funds
Compiled by authors

Gross Return Obs.= 520 Net Return



 
71 

𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 3:        𝐻0: 𝛾 = 0                                  𝐻1: 𝛾 ≠ 0 

If we can reject all of them, we conclude that the funds are able to generate an excess return, that 

the added information variables improve the model and that the managers have timing skills. As 

usual, we start by looking at the domestic mutual funds. 

 

For nine of the funds we can reject the null of hypothesis number one when we look at gross 

return. Once again, Alfred Berg Gambak has the highest weekly alpha at 0.138 per cent, which is 

approximately 7.4 per cent in annual terms. Nordea Norge Verdi have the smallest alpha value that 

is significantly different from zero. Still they generate an excess return of approximately 1.76 per 

cent at an annual basis.    

Table 6.14:  Conditional Treynor-Mazuy Model
*** p<0.01 , ** p<0.05 , *p<0.1
Fund Name α t-statα R2

Adj β γ t-statγ α t-statαPr > F
Alfred Berg Aktiv 0.00071076** 2.06 0.9519 1,01225 -0.02201 -0.22 0.00042440 1.23 <.0001
Alfred Berg Gambak 0.00138*** 2.76 0.8936 0.86606 -0.06934 -0.48 0.00104** 2.08 <.0001
Alfred Berg Humanfond 0.00031812 1.17 0.9719 0.92849 -0.10601 -1.36 -0.00002501 -0.09 <.0001
Alfred Berg Norge Classic 0.00081782*** 3.54 0.9778 0.95197 -0.07901 -1.19 0.00058840** 2.55 <.0001
Atlas Norge3 -0.00019398 -0.73 0.9689 1,12931 0.30053*** 4.12 -0.00033768 -1.28 <.0001
Carnegie Aksje Norge3 0.00031088 1.38 0.9770 1,00807 0.06468 0.54 0.00008146 0.36 <.0001
Danske Invest Norge I3 0.00094063*** 3.23 0.9630 1,04734 -0.21540 -1.39 0.00055974* 1.92 <.0001
Danske Invest Norge Vekst3 0.000045 0.09 0.9007 1,217594 -0.03857 0.8688 -0.00029 -0.58 <.0001
Delphi Norge3 0.00092759* 1.89 0.8944 1,07802 -0.37624** -2.29 0.00091551* 1.87 <.0001
DNB Barnefond3 0.00062684* 1.93 0.9091 0.96288 0.01721 0.10 0.00027992 0.86 <.0001
DNB Norge 0.00001203 0.05 0.9813 1,04675 0.14710** 2.33 0.00000141 0.01 <.0001
DNB Norge Selektiv2 0.000251 1.23 0.9842 1.087828 0.145466** 2.23 0.000251 1.23 <.0001
DNB Smb1,3 0.00136*** 3.38 0.9314 0.65575 -0.45837 -1.32 0.00097507** 2.43 <.0001
Eika Norge3 0.00082709** 2.10 0.9272 0.96840 -0.15247 -1.16 0.00042735 1.08 <.0001
Fondsfinans Spar 0.00089634** 2.14 0.9362 0.78944 0.07279 0.61 0.00070497* 1.68 <.0001
Holberg Norge3 0.00015974 0.33 0.8953 1,10871 0.14526 1.23 -0.00012662 -0.26 <.0001
KLP Aksje Norge3 0.00025623 0.85 0.9559 0.93622 0.14506 0.96 0.00011252 0.37 <.0001
Nordea Avkastning3 0.00033379** 2.00 0.9855 1,02395 0.06593 1.44 -0.00004710 -0.28 <.0001
Nordea Kapital3 0.00029975* 1.84 0.9861 0.99275 0.08270* 1.76 0.00010838 0.67 <.0001
Nordea Norge Verdi3 0.00122*** 2.93 0.8906 0.67885 -0.26949 -1.24 0.00093431** 2.24 <.0001
Odin Norge3 0.00048173 0.79 0.7933 1,21781 -0.33729* -1.89 0.00010083 0.17 <.0001
Omega Investment Fund3 0.00047785 1.20 0.9449 0.86400 0.26651* 1.73 0.00013472 0.34 <.0001
Pareto Aksje Norge 0.00088560* 1.70 0.8518 1,08472 -0.25812* -1.72 0.00078968 1.51 <.0001
Pareto Aktiv 0.00088118* 1.70 0.8462 0.96144 -0.22295 -1.50 0.00053049 1.02 <.0001
Storebrand Aksje Innland2,3 0.000022 0.10 0.9850 0.816927 -0.19767* -1.78 -0.00009 -0.44 <.0001
Storebrand Norge3 0.00065273 1.30 0.8326 0.67189 0.19360 0.84 0.00036637 0.73 <.0001
Storebrand Optima Norge2 0.00032604 0.81 0.9419 0.63681 -0.31120** -2.41 0.00013467 0.33 <.0001
1: OSESX as benchmark. 2: OSEBX as benchmark 3: Newey-West HAC Standard Errors
Compiled by authors

Net ReturnGross Return Obs.= 520
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Next, we can reject the null of hypothesis number two for all of the funds, concluding that the 

additional lagged information variables improve the model. Additionally we can see that for all 

the funds the adjusted r-squared have increased. 

Concerning hypothesis number three, we can reject the null for five of the funds. Three of them 

have a positive gamma value while two of them have negative a gamma value. More interestingly 

is that none of the funds with gamma values that are statistically different from zero has 

significant alpha values, not net- nor on gross return. Hence, it seems that managers focus either 

on timing or on stock picking in order to create excess return in the long-run. When we look at 

the net return results, we can see that there is four funds who managed to generate an excess 

return. All of these are now known for us, since we have seen them with significant alphas in 

several other models. In other words, there seems to be some consistency between the models. 

The regression results from our global mutual funds are presented in table 6.15. 

 

For two funds, we can reject the null of hypothesis number one when we look at gross return. 

We have seen these same funds from earlier regressions. Next, we can establish that the null of 

hypothesis number two is rejected for all eight funds. Additionally, we can see that the adjusted r-

squared have increased for all the funds compared to the unconditional Treynor - Mazuy model. 

Hence, the conditional model is preferred. Further, we fail to reject the null of hypothesis 

number three for all eight funds. In other words, we cannot find any evidence that says these 

managers have timing ability. Finally, none of the funds has a positive alpha value statistically 

different from zero at the five per cent level after total expenses are deducted.  

 

Table 6.15:  Conditional Treynor-Mazuy Model
*** p<0.01 , ** p<0.05 , *p<0.1

Fund Name α t-statα R2
Adj β γ t-statγ α t-statαPr > F

Alfred Berg Global Quant 0.00009243 0.27 0.8488 1,21972 -0.39595 -0.58 -0.00021287 -0.62 <.0001
DNB Global Etisk (V) 0.00027852 0.96 0.8789 0.93692 0.20313 0.40 0.00018260 0.63 <.0001
DNB Global Selektiv (II) 0.00028482 1.00 0.8731 0.97207 0.04498 0.09 0.00018890 0.66 <.0001
DNB Global (I) -2.7E-7 -0.00 0.7658 1,00925 0.20216 0.29 -0.00034340 -1.02 <.0001
Eika Global 0.00158*** 3.62 0.7748 0.64824 1,31186 1.44 0.00070315 1.61 <.0001
Holberg Global 0.00054550 1.03 0.7767 0.81533 -0.02329 -0.03 0.00035413 0.67 <.0001
ODIN Global 0.00090097* 1.83 0.7232 0.67214 0.67225 0.49 0.00052007 1.06 <.0001
Storebrand AksjeSpar 0.00122** 2.33 0.7296 0.77739 -0.35005 -0.37 0.00093475* 1.78 <.0001
Note that the Newey-West HAC Standard Errors were applied for these funds
Compiled by authors

Gross Return Obs.= 520 Net Return
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6.5 Summing up Stock Picking 

Our regressions aimed at unveiling stock picking abilities amongst the sample of Norwegian asset 

managers. Throughout the results from the diverse spell of evaluation models, we find several 

themes and some evidence of good performance across models. 

The first and possibly most evident theme occurring in the sample is its input to the question of 

market efficiency. In all models for gross returns, we find an underweight of outperformance 

through significant alphas caused by superior stock picking. When converted to net returns 

through adjusting for the total expense ratio, outperformance attributable to stock picking is 

consumed by the cost of active management. This is similar with Grossman and Stiglitz (1980) 

that claims that exceeding results are possible to attain through active management. It is however 

important to maintain that in most cases, the superior return is not enough to offset the cost of 

active management. 

There are exceptions to the aforementioned conclusion and there is considerable consistencies 

between the approaches. In the most simplistic model, Jensen’s Alpha, we find three evidences of 

exceeding returns attributable to superior stock picking on net returns. These are Alfred Berg 

Gambak, Alfred Berg Norge Classic and Fondsfinans Spar. When allowing for time variations in the 

beta id est varying portfolio risk, and therefore adjusting the alpha-overestimation the same three 

funds are still significant. Fama-French’s three-factor model however reduces the count of 

significant alphas to two; the reneged fund is Alfred Berg Gambak. When applying the information 

vector to the alpha as well as the beta, we still find the initial three funds to be the source of 

outperformance in the sample. 

In Odin Norge, Alfred Berg Humanfond and Storebrand Aksje Innland, we find the negative 

contribution by stock picking across several models. Albeit, the negative contributions are not 

significant. The fact that these seems to be underperforming in terms of stock selection is hardly 

surprising as they all has provided investors with a return lower than the benchmark over the 

period. 

Globally we find a far less positive theme, in the unconditional model; we find none significantly 

positive alpha values. Luckily, the results are less grim considering the conditional models. 

Considering the information vector, Eika Global and Storebrand AksjeSpar are shown to provide 

excess return attributable to stock selection, albeit only on gross return. Considering net returns is 

the significance limited to Eika Global, which to some extent confirms the results of the domestic 

funds concerning market efficiency although the sample is too limited to speak of themes.  
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6.6 Summing up Timing ability 

Reviewing the output of the models designed to unveil the presence of timing ability amongst the 

Norwegian asset managers, we find that stock picking is far more critical factor for the 

performance of the sample as a whole. From the sample of domestic funds, we find six funds 

with significant timing ability using the unconditional Traynor – Mazuy model. Interestingly, 

there is no correlation between these and the funds presenting with significant stock selection 

skills. This is probably due to the vast difference of strategies we find amongst the fund in the 

sample. Managers focusing on correctly predict economic themes in terms of sectors and markets 

and create value by positioning the portfolio accordingly are likely to obtain positive gammas. 

However, managers focusing on stock selection are plausible to allow company-specific 

considerations overrule the economic environment. These mind-sets are difficult to combine and 

the results reinforce this view. An obvious source of noise to this view is the financial crisis, 

which play a major part in timing determination. 

Also noteworthy is that funds with negative return attributable to stock picking but positive 

return over the period compared to benchmark is evident to create the value through timing-

attributable return. 

The transfer to the conditional model and following inclusion of the information vector entails 

some changes to the significant funds. As expected, some funds find their positive timing to be 

attributable to market movements rather than the portfolio, which means that our significant 

sample is now reduced to merely four funds. These are DNB Norge Selektiv, DNB Norge, Odin 

Norge and Atlas Norge. According to the descriptive statistics is Odin Norge one of the weakest 

performers, we here found that to be, at least in part by a severely negative timing attributable 

return. Conversely, we find the explanation to the DNB Norge and DNB Norge Selektiv excess 

return over benchmark, as both did not present a significant stock picking alpha, but a 

significantly positive gamma. This is also applicable to the last fund, namely Atlas Norge. 

The unconditional Traynor- Mazuy model with regards to global funds provides us with four 

funds with significant timing skills, however they are all negative. Our previous top performers, 

Eika Global, DNB Global Etisk (V), and DNB Global Selektiv (II) now all show negative timing, 

which in coherence with their positive alpha is coherent with previous results. Additionally, it is 

important to note that when focusing on the conditional model, there are no significant evidence 

of market timing, not positive nor negative. 
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6.7 Performance persistence results 

This section presents the results from our persistence analyses. 

 

6.7.1 Cross Product Ratio – Benchmark │Domestic 

The evidence of performance persistence in Norwegian domestic mutual funds is incoherent 

across models and criteria. From table 6.16 we can see that when defining a good fund as a fund 

that delivered excess return compared to its benchmark, we find a weak indication of persistence 

in Norwegian mutual funds. Concerning the winning funds, we find that 53 per cent of funds 

that delivered excess return over benchmark in the previous one-year period did so again in the 

next. The results are however, not significant on a five per cent level, neither using 𝜒2 nor the z- 

statistic. 

  

 

6.7.2 Cross Product Ratio – Median│Domestic 

When changing the criteria from benchmark to median we find in table 6.17 the repetition of 

excessive performances decreases. Using the criterion there is only a 45 per cent chance that a 

“good” performance will be repeated which indicates an inverse relationship between managerial 

performances in successive periods. This view is further conveyed through the negative z- 

statistic. It is however interesting to see the discrepancies between the results of the two criteria’s. 

While managers that beat the index one year are more probable to do so again the following year, 

they generally struggle to maintain an edge over their peers. 

  

 

6.7.3 Model Portfolio │Domestic 

In order to further investigate persistence in the sample; we turn to the portfolio approach. Using 

the median of the sample to separate the good from the bad, we find that the good portfolio 

Table 6.16

Benchmark Winner Looser Repeat winners CPR Z Test
Period Winner 65 58 53 % 1,296 0,987 0,976

Looser 51 59
Compiled by authors

Next Year
𝑋2

Table 6.17

Median Winner Looser Repeat winners CPR Z Test
Period Winner 53 64 45 % 0,686 -1,436 2,068

Looser 64 53
Compiled by authors

Next Year
𝑋2
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would have provided a return of 38.7 per cent over a ten-year period. However, the bad portfolio 

would have granted you a return of 50.11 per cent. That is a substantial difference in return, 

which enforces the perception of inverse persistence amongst mutual funds. Interestingly, there 

have been studies in other markets suggesting the annual rebalancing as an investment strategy. 

Such efforts would be futile in Norwegian domestic funds, at least if this selection process is 

used.  

Even though the benchmark criterion indicated some measure of persistence in the cross product 

ratio, we here see the effect of the different models. Because the portfolio rebalancing approach 

takes the magnitude of losses and gains into consideration, we now see that when using the 

benchmark, the results indicate negative performance persistence. As shown in table 6.18, the 

good portfolio has yielded 38.7 per cent over the last ten years and the bad portfolio has yielded 

49 per cent, which consistent with the previous portfolio return. 

The tests for significance show that both “good” median and benchmark portfolios contain 

significant underperformance by the good portfolio and as such, evidence for inverse 

performance persistence in the sample of Norwegian domestic funds. It is evident from table 

6.18 that rebalancing from by the performance previous year is not a prudent investment strategy 

although such evidence has been found in other markets.  

 

 

6.7.4 Cross Product Ratio - Median│Global 

Applying the cross product ratio approach to the global sample, the evidence is in line with the 

findings in the domestic market. Applying the median as the ranking measure, we find a 

probability of repeating a good performance is 44 per cent. Thus, also for the global funds there 

is an indication of negative performance persistence. Albeit, the results are not significant on a 

five per cent level as seen from table 6.19 

Table 6.18
"Good" Portfolio (w/"Bad" portfolio as Benchmark)

Method of ranking Median Benchmark
Alpha -0,013700562 -0,013814648
t-stat -2,492265613 -4,536257533

Compiled by authors



 
77 

  

 

6.7.5 Cross Product Ratio – Benchmark│Global 

As a continuation of the results from applying the median as a ranking measure, the benchmark 

further indicates negative persistence. Interestingly, these results differ from those of the 

domestic market where the benchmark-based measures were more optimistic than the median 

model in terms of persistence. In table 6.20, we find the probability of repeating a good 

performance to be only 39 per cent. These results are also not significant on a five per cent level, 

but together with the median-based results, offer a strong indication of negative persistence. The 

fact that the repetition rate is lower using the benchmark compared to the median, is simply a 

reflection of that the global funds generally has underperformed the index. Meaning that there is 

an overweight of negative performances in that sample compared to the median, where the out 

and underperformances account for 50 per cent each. This is probable to cause the difference in 

domestic funds as well as their median is more difficult to beat than the benchmark. 

  

 

6.7.6 Model Portfolio│Global 

In the model portfolio approach, we find that both median and benchmark criteria models 

exhibits negative alphas. By extension, this indicates negative performance persistence that is in 

line with the results granted by the CPR approach. However, as in several of the remaining 

models the results are not significant. Beyond the alphas, using the benchmark separation, the 

“bad” portfolio yield 54 per cent while the “good” aggregates at 35 per cent. These differences 

are substantial, and interestingly larger than those found domestically. Also in median ranking, 

the difference is unmistakeable. While the “good” portfolio only has managed a 44 per cent 

return, the “bad portfolio” is able to present a 68 per cent return. 

Table 6.19

Median Winner Looser Repeat winners % CPR Z Test
Period Winner 16 20 44 0,640 -0,941 0,889

Looser 20 16
Compiled by authors

Next Year
𝑋2

Table 6.20

Benchmark Winner Looser Repeat winners % CPR Z Test
Period Winner 15 23 39 0,404 -1,872 3,567

Looser 21 13
Compiled by authors

Next Year
𝑋2
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Throughout the tests, there is a lack of significant evidence; however, there is no lack of 

suggestive factors. In all models besides one, we suspect, and find clear indications of negative 

performance persistence. Through the models using the portfolio approach, all good portfolios 

are outperformed by the bad. This could suggest that an investment strategy implying 

continuously selling the winners, while buying losers to be wise. However, none of the 

benchmark based “bad” portfolios is able to beat the benchmark. Surprisingly, as most of the 

funds in the sample does. Interestingly, this is not true for the median based “bad” portfolios as 

they return higher than the benchmark, both globally and domestically. At this point on must as 

well remember that these tests are done on non-risk adjusted returns. The implication being that 

in 2008 and 2011, every fund in the sample changes place, from good to bad and vice versa 

resulting in zero persistence in those years. 

The story is grim about the average of the sample; we do however find it important to mention 

the exemptions of the rule. Fondfinans Spar is above the median and benchmark every year except 

one, thus demonstrating persistence on its own.  

 

6.8 Distinguish skill from luck 

We have applied the bootstrapping technique used in the article by Cuthertson, Nitzsche, & 

O'Sullivan (2008) as described in section 4.7 to disentangle skill from luck. Instead of 1000 

bootstrap replications we apply 10 000, in line with Sørensen (2009).  For a model of equilibrium 

returns, we chose the unconditional model of Jensen’s alpha due to several reasons. First of all 

because of its simplicity, but also because we do not have the factor loadings for a three-factor 

model for the global mutual funds. In addition, since Sørensen (2009) used the three-factor 

model by Fama – French, we find it more interesting to use Jensen’s alpha to see if our results 

deviates from his. The estimation is net return since we are mainly interested in investors’ 

compensation to reveal if active management pay off. 

If a fund’s estimated alpha is greater than the five per cent upper tail cut of point from the luck 

distribution we can reject the null hypothesis that the performance is due to luck at 95 per cent 

Table 6.21
Global "Good" Portfolio (w/"Bad" portfolio as Benchmark)

Method of ranking Median Benchmark
Alpha -0,016309506 -0,023562716
t-stat -0,773037581 -1,682045382

Comilbed by authors



 
79 

confidence. Consequently, we infer that the fund’s manager has skills. Additionally, we compare 

mutual funds with negative alphas to the five per cent left tail cut off point from the luck 

distribution. When the estimated alpha is less than the five percentile from the luck distribution, 

we can reject the null that the fund’s performance is due to bad luck, and infer that the manager 

has bad skills.  

Table 6.22 sums up the estimated alpha and the luck distribution for each fund. This is 

conducted through 10 000 regressions for each fund, which implies that table 6.22 contains the 

results from 350 000 regressions. As table 6.22 illustrates, we cannot reject the null for any of the 

funds since none of the actual alpha values is greater than the simulated five per cent upper tail 

cut of point. In other words, we cannot find any evidence that any of the fund’s performance is 

due skills, because the obtained performance results might as well be solely due to luck.  If the 

mutual fund manager possess superior skills compared to other investors on Oslo Stock 

Exchange or MSCI World index it is charged as fees. Thus, the skills are not reflected in net 

returns. It is also worth to mention that none of the funds estimated alpha’s are less than the five 

per cent left tail cut off point. This infer that none of the funds illustrates poor skills, but that the 

poor performance is simply due to bad luck. Our results are very much in line with Sørensen’s 

(2009) results, who conclude that it is difficult to earn risk-adjusted excess returns by investing in 

Norwegian Mutual funds. 
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Table 6.22: Skill or Luck?
Actuall

Fund Name α Left tail 5% Right tail 95% Reject H0?
Alfred Berg Aktiv 0,00052043 -0,000161618 0,001215075 NO
Alfred Berg Gambak 0,00102 0,000016805 0,002037 NO
Alfred Berg Humanfond -0,00015274 -0,000685757 0,000378422 NO
Alfred Berg Norge Classic 0,00059607 0,000127186 0,001057924 NO
Atlas Norge 0,000215 -0,000378416 0,000827144 NO
Carnegie Aksje Norge 0,00031 -0,000213009 0,000840489 NO
Danske Invest Norge I 0,000448 -0,000139264 0,001053219 NO
Danske Invest Norge Vekst -0,00007 -0,001230709 0,00136908 NO
Delphi Norge 0,000587 -0,001213481 0,001368673 NO
DNB Barnefond 0,000244 -0,000636499 0,001122048 NO
DNB Norge 0,0001857 -0,000247013 0,000636858 NO
DNB Norge Selektiv 0,000085 -0,000321925 0,000491584 NO
DNB Smb 0,000553 -0,000237866 0,001349903 NO
Eika Norge 0,000329 -0,000487575 0,001142101 NO
Fondsfinans Spar 0,00090283 0,000069709 0,001735573 NO
Holberg Norge 0,000207 -0,000669549 0,001067421 NO
KLP Aksje Norge 0,000333 -0,000320803 0,000996245 NO
Nordea Avkastning 0,000088 -0,000287623 0,000463447 NO
Nordea Kapital 0,00028 -0,000088295 0,00064843 NO
Nordea Norge Verdi 0,00062 -0,000192365 0,001440893 NO
Odin Norge -0,00005883 -0,001174815 0,001066534 NO
Omega Investment Fund 0,00036 -0,000373856 0,001126855 NO
Pareto Aksje Norge 0,00059374 -0,000423079 0,001637709 NO
Pareto Aktiv 0,00031917 -0,000694016 0,001337633 NO
Storebrand Aksje Innland -0,00016 -0,000569782 0,000484934 NO
Storebrand Norge 0,000367 -0,00106358 0,001812437 NO
Storebrand Optima Norge -0,00003833 -0,000747431 0,000890282 NO
Alfred Berg Global Quant -0,00016236 -0,00095099 0,000637533 NO
DNB Global Etisk (V) 0,000198 -0,000531284 0,000952813 NO
DNB Global Selektiv (II) 0,00018337 -0,000595328 0,000938093 NO
DNB Global (I) -0,00024335 -0,001356047 0,000857118 NO
Eika Global 0,00006123 -0,001017451 0,001113552 NO
Holberg Global -0,0000103 -0,001001917 0,000989051 NO
ODIN Global -0,00017723 -0,001405427 0,001009496 NO
Storebrand AksjeSpar -0,00005997 -0,001204832 0,001119335 NO
Compiled by authors
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7 Active Share analyses 
Section seven focuses on the metric active share and contains all our analyses concerning active 

share. During the course of this section, we will investigate the relationship between active share 

and a vast array of important fund characteristics in order to uncover correlations and new 

aspects of the metric. Thereafter, we will identify influencing factors towards active share and 

illuminate their degree of influence. Consequently, we aim to provide an opinion of the financial 

authorities’ use of active share. Another topic would be to reformulate the active share matrix of 

Cremers and Petajisto in order to enlighten which levels of active share an investor should be 

able to expect, although much discussed, this is not within our scope.  

 

7.1 Individual performance 

With only 27 Norwegian- and 8 global mutual funds, we may take a closer look at each individual 

funds net performance. In figure 7.1, we illustrate the Norwegian funds estimated alpha4 net 

return together with their average level of active share during the last ten years. The variation in 

alpha is greatest for the funds with a high active share. A stippled trend line indicates that a lower 

level of active share leads to a lower level of alpha net return, the explanatory power is however, 

woefully insignificant. Consequently, we see no trend of reducing active share meaning declining 

alphas. We do however observe a substantial narrowing of results.  This is not a big surprise since 

there has to be a deviation from the benchmark to obtain alphas that deviate from zero. With a 

small deviation from benchmark, the deviated shares need to generate a correspondingly high 

excess return to outperform the index net return. 

                                                           
4 Estimated with the unconditional model of Jensen’s alpha. 
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Figure 7.1 portrays the important point that a high level of active share does not necessarily mean 

a positive alpha. Odin Norge has the highest average level of active share of 71.9 per cent the last 

decade. However, they still have a negative alpha net return. On the opposite end, we find 

Storebrand Aksje Innland with an average active share of 15 per cent and a negative alpha net 

return. Additionally we find DNB Norge who has an average active share at 22.5 per cent and a 

positive net return. Thus, even though 77 per cent of DNB Norge’s portfolio does not deviate 

from the index, the fund managers are able to invest the last 22.5 per cent in stocks that 

outperform the benchmark enough to generate a positive alpha5 net return.  

As expected, the level of active share is much higher for all the global mutual funds. 

Nevertheless, figure 7.2 does not portray any clear relationship between active share and alpha 

net return. DNB Global Selektiv (II) and DNB Global (I) both have an active share at approximately 

83 per cent, but their corresponding alpha value differs from positive to negative6. Thus, we 

conclude that active share alone cannot explain a mutual fund’s performance.    

                                                           
5 However, the alpha is not significant at the ten per cent level. 
6 Remember from part six that none of these was significant at the ten per cent level.  
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7.2 Mutual fund size 

When a fund gets a large base of asset under management it may be difficult to buy and sell 

stocks in small markets as the Norwegian without effecting the share price. Especially funds that 

outgrow their investment strategy might struggle to find enough good investment opportunities. 

Consequently, they end up with a portfolio very close to the benchmark. Figure 7.3 portrays the 

relationship between active share and size for our domestic mutual funds.  

 

The coefficient of determination is 0.0116 and we therefore conclude that AUM is not a good 

explanatory variable for the level of active share for our domestic mutual funds. From the figure, 

we can see that there is a great spread in active share for funds with approximately the same size. 

There is however one outlier to the right in the figure. DNB Norge is the biggest fund and have an 

active share of 22.5 per cent, which is about half of the average active share across our funds. 
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Nevertheless, Storebrand Aksje Innland has about one-seventh of the assets compared to DNB 

Norge and their average active share the last decade is only 15 per cent. In other words, the funds 

size does not seem to be a very important factor to determine the level of active share.  

We draw the same conclusion for our eight global funds. All of them have a relative high level of 

active share, especially compared to the domestic mutual funds. Nevertheless, we cannot find any 

relationship between size and the level of active share for the global funds neither (See appendix 

B for an illustration of our global funds). 

 

7.3 Development in Active Share 

In order to increase the possibility of positive alpha, fund managers take on more risk when they 

have high confidence and reduce risk when they have difficulties identifying attractive stocks. It 

would not surprise us if the levels of confidence correlates to whether we are in a bull or bear 

market. Since active share is a measure of risk, we expect the average level of active share across 

the Norwegian funds to be higher before the financial crisis hit in 2008. Figure 7.4 illustrates the 

average level of active share for our domestic funds during the last decade. As anticipated, the 

level of active risk increases in the bull market and decrease in the bear market. Furthermore, we 

see that the average level continues at a lower level from 2009 to 2014. Even though OSEFX has 

reimbursed the drop, the level of active share is still approximately five to ten per cent lower than 

it was in 2004. More volatile and unstable markets seem to make fund managers decrease their 

risk levels. 
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For our global mutual funds, we cannot observe an equivalent drop in active share when the 

financial crisis hit, since we only have active share numbers for the last seven years. Our graph 

starts in the middle of 2008, and we can see there is a negative trend in active share until 2009. 

Then the market starts to recover and the level of active share rises. Indicatory, we may conclude 

that the average fund manager is more inclined to take on risk in bull markets and reduce risk in 

bear markets. 

 

  

7.4 Total Expense Ratio 

An increase in active share will typically entail increased bets on existing and additional positions. 

Consequently, an increased active share intuitively mean following and analysing additional 

stocks, which imply extra costs for the manager. In addition, active share is closely related to the 

possible range of returns. A range that narrows continuously along with a reduction of active 

share. Therefore, it would make sense that funds with low active share would be cheaper as the 

possible return is lesser than the funds counterparts are. 
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As seen from the figure above, there is no obvious correlation between active share and TER in 

the Norwegian asset management industry, on neither domestic nor global funds (See appendix C 

for an illustration of our global mutual funds). This implies that either, some funds are 

overcharging for their services, or believe that using additional resources on analysing companies 

and markets even more closely will offset the extra costs and provide superior performance, even 

with a low active share. For example, we see that DNB Norge follows aforementioned strategy, 

and has to some extent, success with it over the last ten years. Despite the fact that the active 

share of 22.5 per cent is dependent of creating a return of eight per cent annual, just to equal the 

management fee. On the other hand, we find Storebrand Aksje Innland with an active share of only 

15 per cent, but a corresponding management fee of 0.6 per cent that is the lowest in the sample. 

Even though the demand of value creation in this fund is much lower, we find negative alphas. In 

summation, we cannot fully attribute fees to active share with the analysis above.   

 

7.5 Active Share combined with Tracking Error 

As Cremers & Petajisto (2009) suggest, we will look at the combination of active share and 

tracking error and measure active management in two dimensions. Since both factors are a 

measure for active risk, we expect there to be correlation between the two measures. In Figure 

7.7, we use the mean of monthly data for the last ten years and regress active share on TE for our 

Norwegian mutual funds to portray the trend and connection between the metrics. One per cent 

increase in TE implies an increase of approximately seven per cent in active share.  
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Even though the coefficient of determination is low, the regression line illustrate a positive trend 

between active share and TE for our domestic mutual funds. Our most active fund is Odin Norge 

with an average active share at 71.9 per cent and a TE at 13.8 per cent. On the opposite side, we 

find amongst others DNB Norge Selektiv, Nordea Kapital and Nordea Avkastning with an active share 

on respectively 27.9, 26.3 and 26.8 per cent while they all have a monthly TE on approximately 

3.3 per cent.  

Cremers & Petajisto (2009) suggest in their article that funds with an active share lower than 60 

per cent and a TE lower than six per cent categorize as “Closet Indexer”. Mutual funds with an 

active share less than 60 per cent and a TE higher than six per cent categorize as “Factor bets”. 

“Diversified Stock Pickers” are funds with an active share higher than 60 per cent and a TE less 

than six per cent. Finally, “Concentrated Stock Pickers” are funds with an active share higher 

than 60 per cent and a TE higher than six per cent. When we divide our 27 domestic mutual 

funds into these four categories - within the limits set by Cremers & Petajisto (2009), we end up 

with eleven “Closet Indexers”, nine “Factor bets”, zero “Diversified Stock Pickers” and seven 

“Concentrated Stock Pickers”. Figure 7.8 sums up the categorization for our Norwegian funds 

according to the Cremers & Petajisto’s (2009) suggested limits.  
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From our regressions in section six, we found some consistency across the different models, 

where Alfred Berg Gambak, Alfred Berg Norge Classic and Fondsfinans Spar all outperformed their 

benchmark net return across different models. In figure 7.8 above, we can see that none of those 

funds categorize within the same strategy. Alfred Berg Gambak categorize as a concentrated stock 

picker, while Fondsfinans Spar categorize with a factor bet strategy. Most interesting is Alfred Berg 

Norge Classic who has a significant alpha net return, categorize as a closet indexer. Thus, we ask; 

are the limits set for the U.S market by Cremers & Petajisto (2009) adaptable to the Norwegian 

market? 

When we do the same categorization process for our eight global funds, all eight funds categorize 

as concentrated stock pickers. As figure 7.5 illustrated, the average active share for these funds 

has been more than 80 per cent during the period. Hence, it is not a surprise that we do not have 

any close indexers among the global funds. Nevertheless, when all eight funds categorize within 

the same strategy, it is hard to use the combination of active share and TE to identify the best 

performance. To put it differently, can we use the constellation of active share and TE to pick 

the best mutual funds? 

Figure 7.8
Diversified Stock Pickers Concentrated Stock Pickers

Alfred Berg Gambak
Danske Invest Norge Vekst
Holberg Norge
Nordea Norge Verdi
ODIN Norge
Pareto Aksje Norge
Pareto Aktiv

Closet Indexer Factor Bets
Alfred Berg Humanfond Alfred Berg Aktiv
Alfred Berg Norge Classic Delphi Norge
Atlas Norge DNB Barnefond
Carnegie Aksje Norge DNB SMB
Danske Invest Norge I Eika Norge
DNB Norge Fondsfinans Spar
DNB Norge Selektiv Omega Investment Fund
KLP AksjeNorge Storebrand Norge
Nordea Avkastning Storebrand Optima Norge
Nordea Kapital
Storebrand Aksje Innland
Compiled by authors
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7.6 Active Share Simulations 
As a tool in the discussion of which level of active share Norwegian consumers can expect from 

their asset managers, we have simulated the realistically maximum active share over the last ten 

years. The only limitation we placed on the portfolio holdings is the UCITS restrictions. We hope 

these simulations will provide an entry point for further active share discussions, as well as 

illustrate the effect different market characteristics have on the active share. 

Firstly we ensure that the funds are complying with the 5/10/40 rule, which states that no stock 

can be weighed above ten per cent of the net asset value and secondly that the sum of shares 

exceeding five per cent may not exceed 40 per cent of the portfolio. If a mutual fund violates 

these limitations, the consequences could be severe. Fines, reimbursements to investors and 

demand of improved risk management solutions are all actions taken by financial authorities in 

different countries in order to penalize funds in reoccurring breaches. These limits can place real 

restrictions on asset managers. For example, when a manager invests up to ten per cent in a 

single stock, the fund would be in breach whenever the stock price increased more than the 

average holding of the fund. Therefore, managers typically never actually invest the allowed ten 

per cent, but rather nine-point-five that allows for some fluctuations in the stock compared to 

the market. When calculating the active share, we utilize these slightly lower limits in order to 

provide a touch of realism. 

In order to compute the maximum active share we utilize the underlying monthly holdings for 

both the MSCI World and the OSEFX over the last ten years. We then rank the holdings from 

the lowest market capitalization, to the highest, within each month. From the ranked holdings, 

we assign the four lowest capitalized firms the highest possible weights, namely 9.5 per cent. 

Thereafter we assign the following thirteen companies a weight of 4.5 per cent and lastly a single 

stock at 3.5 per cent which then amounts to 100 per cent id est a full portfolio. 

By applying aforementioned approach, we disperse the AUM on the 18 lowest index-weighted 

stocks in order to maximize active share. In an investment universe compromising of 1600 

different stocks like the MSCI world, this does not account for much diversification. OSEFX 

however, is a small benchmark, compromising an average of 65 companies and dominated by 

major players. As seen below in table 7.1, the UCITS directive has a larger effect on the 

achievable active share in domestic funds, compared to the global. 
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We find that the average maximum active share is 96.6 per cent for a fund exclusive to the 

OSEFX while for the MSCI exclusive fund; the corresponding number is 99.99 per cent. These 

figures demonstrate some minor differences in the markets, and provide a small inclination as to 

why active share is so much higher for the global funds.  

Table 7.1 exemplifies which levels of active share that is the highest possible, with UCITS as the 

only restriction. However, the directive is far from the only consideration the portfolio manager 

has to account for. When calculating maximum active share, the entire fund’s AUM is invested in 

the smallest firms incorporated to the index. This approach raises questions of liquidity. While 

the UCITS rules are easily implementable to the simulation, the demand for liquidity is far less 

standardized and is therefore not part of the calculation. Normally, we find that funds aimed at 

professional long-term investors, tend to adapt leaner prospectus-stated demands of liquidity. 

Demands, or standards, of liquidity are often stated as how quickly an asset manager can liquidate 

a certain percentage of the portfolio. This is a major discrepancy between the MSCI and OSEFX 

investors. For a company to even be included in the MSCI World index, it is already a substantial 

firm with considerable trade depth. However, if a mutual fund of size invested its entire AUM in 

the smallest shares at OSEFX, it would severely increase the time needed to liquidate the 

portfolio. Furthermore, managers need to take into account that if the fund were to liquidate a 

maxed out post in a small company, they might flood the market. A 9.5 per cent post of one of 

the larger funds would be a substantial percentage of the market capitalization of the smaller 

companies. Therefore, a fund manager of the model portfolio would have a responsibility 

towards other shareholders and the company, to liquidate the portfolio without destroying value. 

This aspect of funds being able to liquidate the portfolio at a fair price, is also taken into account 

in liquidation demands and further explains that the large funds cannot concentrate the entity of 

its holdings towards small cap. Thus, resulting in a reduction in achievable active share.  

 

MSCI World OSEFX
Average 99,994181 % 96,592549 %
Max 99,997926 % 98,357974 %
Min 99,990210 % 94,020875 %
Compiled by authors

INDEX
Table 7.1: Simulation of maximum active share
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From the maximum active share on a monthly basis across the ten-year sample, shown in figure 

7.8, we find that the maximum active share generally has decreased over the period. At that, we 

find that the fall is instigated by the financial crash and the following, corresponding unrest.  

 

As the simulation model only including the lowest weighted stocks, the maximum active share 

will decrease when the lowest weighted stocks either depreciates more, or appreciates less than 

the benchmark. Consequently, large cap companies delivering superior growth following the 

financial crash can explain the reduction in achievable active share depicted in figure 7.8. Figure 

5.1 in section five corresponds well with the indication of large cap companies providing better 

returns and is therefore probable to be the cause of the maximum active share decline.  

 

From figure 7.9, we see that the maximum active share on MSCI World follows the same pattern. 

We do however; observe that the fluctuations have far less impact compared to on the OSEFX. 

This is once more because the sheer size of the index and the higher degree of diversity 

necessitates a far greater event to create a meaningful value change. Thus, indicating a general 

trend of the largest companies being less exposed to systematic risk than the smaller ones. The 

fact that active share indicates that large cap has continued to outperform its lesser counterparts 
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is somewhat counterintuitive as small cap usually has a higher beta-risk and as the markets 

generally has improved over the post financial crisis period, it would stand to reason that we 

would recognize a size effect post crisis. However, that is not the case.  

 

7.7 The effect of Strategy on Active Share 

When maximizing active share in our previous section, the procedure is also demonstrating the 

effect of a small cap strategy on the active share. Managers of the perception that the smallest 

capped companies are the ones that will provide the most substantial return would create 

portfolio with a substantial active share. Obviously, this is an extreme small cap strategy; 

however, as an extreme it provides important indications. As a continuation of that theme, we 

will now investigate the effect of a large cap strategy in both markets on active share. The 

computation is done by assigning the highest possible values, as allowed by the UCITS 5/10/40 

rule, to the highest weighted stocks on the index. The modelled strategy is therefore a reflection 

of a manager that believes that the largest capped companies will return superiorly to the smaller. 

Once again, an extreme large cap strategy without company specific financial considerations.  

 

Consulting figure 7.10, we predictably find that the active share is substantially lower for a large 

cap strategy on the MSCI World. Active share varies over the time-series between 68.5 per cent 

and 74 per cent and is the mirrored image of maximization of active share time-series. The 

implication is that the share of largest capped companies on the index grows throughout the 

sample period, indicating superior growth.  In this simulated portfolio, the fund is taking largely 

overweight positions in all the largest companies. 

As we carry out the approach on the Norwegian markets, we find substantial and influential 

differences in active share. The large cap strategy, which in the global markets gave an average 
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active share of 72 per cent, only yields an active share of 23 per cent on the OSEFX. These 

results of figure 7.11 demonstrate the impact of market size on the active share calculation. To 

blame for this, is the Norwegian markets’ substantial case of domestic market domination.  Since 

the OSEFX is simply the UCITS compliant version of the OSEBX, the largest companies are 

placed under limited cap, the same limits as we place on our portfolio. One could also note that 

the active share of the large cap strategy would be even lower, had we not incorporated a zero-

point-five percentage space for market fluctuations. 

 

From figure 7.11, we gather that OSEFX is concentrated that the UCITS rules are a substantial 

restriction to benchmark holdings. Hence, in this simulation it is impossible for an asset manager 

to be overweight in large cap Norwegian stocks.  Granted the simulated portfolio is extreme in 

terms of the fact that it is weighted by market cap, i.e. the bigger the company the better. 

Therefore, it is very improbable that an asset manager would decide to invest in such a portfolio. 

However, it does demonstrate a very important input to the Norwegian active share debate 

regarding fund strategy. More precisely, that it is extremely difficult for a fund with OSEFX as 

the benchmark, to pursue a large cap strategy while still maintaining a high active share. Hence, if 

the manager believes, and is right, in the fact that large cap will outperform small cap, it will be 

very difficult for the fund to deliver excess return if a high active share is pre-assumed. 

To such an extent, the active share measure tells equally much about strategy as of the activeness 

of the manager in the Norwegian market. From the analysis illustrated in figure 7.11, we observe 

that the market in where the fund operates and strategy of the fund, which in turn builds on the 

managers expectations of the market, are more influential in determining active share than the 

activeness itself. From this observation, we must conclude that a low active share is an indication 

of one of two things. Either the manager is of the impression that the market environment 

suggests superior return in large cap, or that the fund is an inactive closet indexer. However, in 
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such a situation are neither TE nor Active share able to provide a distinction between the two. 

Table 7.2 illustrates the difference when we simulate a large cap strategy for the MSCI World and 

OSEFX.  

 

Since it is evident that the choice of strategy has a monumental impact on which levels of active 

share the fund appropriates, additional questions can be asked. As it is clear that a high active 

share is preferable in times of superior small cap performance, and vice versa, it follows that 

active share is not equal to good performance. This is further confirmed in our performance 

analysis, and it stands to reason that variations in segmented returns may very well be why. 

Below, in figure 7.12 we find a graph showing the OSEBX minus OSESX over the last ten-years, 

together with the average active share for all the domestic funds in the sample. If the line 

representing OSEBX-OSESX is below zero, superior performance can be achieved by the fund 

through investing in small cap stocks. In such a scenario, it follows from the argumentation 

above that funds should have steered their portfolios towards a high active share. If the OSEBX-

OSESX graph is positive however, a high active share is probable to entail trailing returns 

compared to the benchmark. There is however, mid-cap included in OSEBX-OSESX that can 

create noise in this analysis. 
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From the graph, we find that Norwegian domestic asset managers generally have been quite 

successful in manoeuvring the portfolio between the small and large cap extremes. Following the 

rational of the analysis, a mirror image of these lines would indicate substantially good portfolio 

positioning. We observe that managers rightfully increased the active share prior to the financial 

crisis and reduced it after. This is in line with what the market movements retrospectively 

recommends with basis in the active portfolio. We will however take notice of the fact that the 

impact on the average active share is way less powerful compared to the ideal, which would entail 

larger impacts. It most interesting that even though large/mid cap performance has returned 

substantially more in recent years compared to small cap, funds have not increased the active 

share. Another aspect worthy of mentioning from figure 7.12 is the aspect of a very clear 

distinction in the time series. The superior small cap performance turn to neutral at the beginning 

of the financial crisis and can thusly further explain the very non-existent correlation between 

active share and performance.  

Another important aspect of active share is quite simply how it is calculated. Even though there 

is no disagreement of the technical computation of the measure. There are differences between 

countries and platforms that may have substantial impact on the final percentage point. When 

asset managers are asked to disclose their active share it has to be some level of interpretation 

concerning what should be included. For example, in Denmark a global mutual fund with the 

MSCI World as the benchmark is can hold an MSCI World-replicating EFT and report an active 

share of 100 per cent. This is due to a literate interpretation of the active share formula, as it does 

not consider different asset classes. Additionally, the only tool that allows private investors the 

opportunity to calculate active share simply, namely Morningstar, uses the same approach. This 
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means that investors in countries with such practises will have to check the total portfolio 

holdings in order to make sure that the provided number gives what it should express. In the 

Norwegian and Swedish mutual fund market, this is however, taken into account, albeit only on 

the numbers reported by the asset managers themselves. The Morningstar tool will obviously 

endure the same limitations regardless of market. 

 

7.8 Active Share as a Regulatory Measure 

An important task set to this thesis is the consideration of active share as a regulatory measure 

specifically in the Norwegian markets. As we have shown through our previous analysis, active 

share on a market as small and concentrated as the Norwegian is as likely to indicate the strategy 

as the activeness of the fund. Additionally, we conclude that there is no correlation between 

active share and the risk adjusted return. Further are there no correlations between active share, 

persistence or skill. 

The financial authorities in Norway has used active share as one measure among others to ensure 

that private investors get the risk the pay for. Implicitly this view states that risk is defined as 

deviation from the benchmark. We find that the two risk measures, namely active share and 

tracking error, harmonizes well. Smørgrav & Ness (2011) argues that in a small economy such as 

the Norwegian, only one of the measures are needed to sufficiently portray the deviation from 

benchmark.  We however find that for Storebrand Norge for example, active share alone would 

wrongly undervalue the benchmark deviation. Therefore, we conclude that the combination of 

active share and tracking error are well suited to convey whether customers acquire the risk they 

pay for.  

As we have shown, the mutual funds are dependent on the active return to increase exponentially 

in tandem with the active share decreasing to deliver value to investors. The Norwegian financial 

authorities therefore claim that since the prospectus states a wish to create excess return after 

costs, a low active share indicates that the fund cannot live up to its.  

Consequently, the problem becomes evident, since we find none real correlation between active 

share and returns. Secondly, in periods where large cap delivers excess return, a high active share 

is in opposition of creating excess return. 

Furthermore, placing restrictions on the active share of mutual funds creates other issues as well, 

more specifically with the management of the fund. If the portfolio manager predicts a downturn 

in the markets, or even severe volatility and unrest, the manager will be uncertain to how the 
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fund should be positioned, and decrease the active share of the portfolio. Either because the 

perceived downturn is expected to have less of an impact on the largest companies, or simply due 

to the stated definition of risk. Therefore will an upper limit on active share limit the portfolio 

managers’ ability to react to the perceived market environment.  

Maintaining high active share forces portfolio managers to find more undervalued stocks. This 

has in previous research, been indicated to negatively influence performance (Chen, Jegadeesh, & 

Wermers, 2000). The issue is that either there are not enough undervalued stocks on the market, 

or possible portfolio managers in general are not skilled enough to find them. Regardless, this 

enforces a view that funds with low active share may be better suited to create excess return, as 

the bets are limited to the few stocks, in which the portfolio manager has the most faith. 
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8 Conclusion 
Using a comprehensive data set for 35 Norwegian equity mutual funds, from January 2005 to 

December 2014, we use several well-known ex-post performance analyses to reveal the funds 

stock picking ability and timing ability. Furthermore, we test the managers’ performance 

persistence, and reveal if the obtained alpha is due to luck or skills through a bootstrapping 

approach. Finally, we analyse and discuss the role of active share as a regulatory measure.  

From the performance analysis, we find evidence of stock picking ability for three domestic and 

one global fund. When we look at gross return, approximately 40 per cent of the funds have a 

significant positive alpha. Alfred Berg Gambak, Alfred Berg Norge Classic, Fondsfinans Spar and Eika 

Global generates a positive alpha at the 95 per cent confidence level across several models, even 

when considering total expenses. The remaining 31 funds do not have a significant alpha value 

net return, and some of the funds have a negative estimated alpha (not significant) net return. 

This indicates that funds expenses are too high to compensate investors. For the majority of the 

funds there is no evidence of stock picking ability. Even when managers have the opportunity to 

invest in global markets, the vast majority fail to outperform the corresponding benchmark. Our 

results is not surprising as they are very much in line with earlier studies. Additionally, the results 

is in consistence with classical financial theory, who often suggest that investors should invest in 

index funds, as the effort put in to outperform the market is offset by the cost of doing so. 

Consequently, we reject hypothesis number one in our problem statement. 

Treynor – Mazuy’s unconditional- and conditional model reveal that the vast majority of our 

mutual funds do not have the ability to predict the market. Atlas Norge, DNB Norge and DNB 

Norge Selektiv have a significant gamma value in both the unconditional- and conditional model. 

In other words, for these three fund managers, there is evidence for timing ability. Nevertheless, 

we do not find any correlation between a positive significant gamma- and alpha value. Further, 

from the unconditional version, four global funds have negative gamma values that are 

significantly different from zero. Interestingly when looking at gross return, three of them have 

positive alpha values that are significantly different from zero, and one still has a significant alpha 

net return. Consequently, the stocks the funds hold on for longer periods generates the excess 

return. To summarize, the majority of the funds show no evidence of stock picking- nor timing 

ability. 
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When we investigate the existence of performance persistence in the Norwegian markets, we do 

find some. By ranking funds, both after return compared to benchmark, and concerning whether 

the managers beat their peers, we find evidence of negative performance persistence. That 

implies that funds characterized as good the previous year, are unable to replicate the 

performance. These results are calculated for the sample as a whole, and there is individual 

periods and funds that entails persistence. The results above are true for both the Norwegian 

domestic and global funds and infers luck being more prevalent than skill in Norwegian portfolio 

management. 

By applying a bootstrap methodology to distinguish between “skill” and “luck” in the ex-post 

performance, we find no evidence of either good or bad skills for any managers. In other words, 

the benchmark outperformance we see from some of our funds might be solely due to good luck. 

The same applies to those funds that have a negative estimated alpha value. Also these results are 

not surprising as they are very much in line with Sørensen’s (2009) results, who applied the same 

type of bootstrap methodology, but used Fama & French’s three-factor equilibrium model 

instead of Jensen’s alpha. Cuthbertson et al. (2009) and Fama & French (2011) comes to similar 

conclusion when they investigate the UK and US market. On this basis, we reject hypothesis 

number two in the problem statement. 

Our analyses of active share illustrates that there is no significant correlation between excess 

return and the level of active share. We saw that Odin Norge who had an average active share at 

71.9 per cent during the last ten years had a negative alpha value after total expenses. DNB Norge 

on the other side, had an average active share at on 22.5 per cent during the last ten year, and still 

achieved an excess return7. In addition, we find that AUM of the fund does not significantly 

influence the active share and that there is no lack of coherence between active share and the 

total expense ratio. 

Throughout our analyses, we find as Cremers & Petajisto (2009) claim, that the combination of 

active share and tracking error is well suited to quantify the portfolios risk. The measures are 

often coherent, but will in portfolios with specific bets, differ to such an extent that both are 

necessary. In addition, active share is a measure that is easy to understand for private investors. 

Consequently, we find that the use of active share and tracking error as a regulatory measure is 

not unfounded. 

However, by simulating different strategies on the Norwegian and global market, we found that 

while the maximum achievable active share only differed four per cent, the active share under the 
                                                           
7 Not significant at the ten per cent level. 
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same large cap strategy differed 50 per cent between the markets. Based on these simulations, we 

conclude that active share and tracking error is well suited for measure activeness of mutual 

funds operating on a market of size. However, on a small, and equally important, severely top 

dominated market like the Norwegian, active share and TE are in certain situations unable to 

distinguish strategy from activeness.  

We are sceptical of inhibiting the managers’ freedom to act in coherence with the market, in 

order to maintain a measure that is in no way connected to superior return. On this basis, we 

question the value of regulatory interjections on behalf of the investors. Although, we agree that 

investors paying for risk should not settle for a closet indexer, we must consider the managers’ 

strategy and economic outlook as well. This is demonstrated by the fact that active share 

regulations would be probable to reduce returns on funds benchmarked against the OSEFX in 

years after the financial crisis. 

Due to the measures inability to demonstrate activeness and lack of correlation to performance, 

persistence and skill, we question the use of active share as a regulatory measure. 
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9 Suggested future research 
 

There are issues of mutual fund performance and active share outside the scope of this study. It 

would be interesting to see the active share and TE matrix redefined for the Norwegian market, 

while considering our findings. In terms of other approaches, it would be interesting to see 

persistence tests using top/bottom quintiles, risk-adjusted return and different length of periods.  
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Appendices 
 

Appendix A 
 

 

 

Appendix B 

A regression with our eight global mutual funds, where Active Share is the dependent variable 

and Asset under Management is the explanatory variable. 

 

 

  

USA Sweden Europe United Kingdom

Information variables
1. Lagged T-bill yield X X X
2. Lagged dividend yield X X X X
3.

4.

5.

6. Lagged market return X
7.

X

Appendix A: Summary of previous studies choice of information variables and target markets

Lagged quality spread in the 
corporate bond market
Dummy variable for the 
month of January

Lagged long-term yield on 
consols

X

X

X

X

X

Ferson and 
Schadt (1966)

Dahlquist et al 
(2000)

Otten and 
Bams (2002)

Blake and 
Timmerman (1998)

Lagged measure of "Slope 
of the term structure
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Appendix C 

 

For our eight global funds. Active Share is the dependent variable and TER is the explanatory 

variable. 
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