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ABSTRACT 

 

This thesis is concerned with factor investing and the prevalence of the Quality minus junk (QMJ) factor 

in the Danish mutual fund industry. The Quality minus junk factor was created by Asness, Frazzini, & 

Pedersen (2013) and utilized in the paper “Buffett’s alpha” (Frazzini, Kabiller, & Pedersen, 2013). The 

Quality minus junk factor is considered to be a hedge-factor, where it had substantial loading during 

bad times. In fact, it exhibited market timing characteristics showing investors’ flight to quality during 

these times. The factor displayed a considerable premium through the years in the original study.  

The analysis of this study is in three parts. First, we consider the distribution of returns and 

performance of mutual funds in our sample. Second, we perform regression analysis to determine the 

significance of the QMJ-factor in our sample. Third, we conduct style analysis of the funds’ investment 

strategies.  

We find correlation between the distribution statistics and performance of a fund, and its QMJ-

coefficient. In general, the higher the QMJ-coefficient of a fund, the better its distribution statistics 

and performance. Furthermore, we observe evidence of QMJ’s presence in the Danish mutual fund 

industry. However, the evidence is not conclusive and needs further research.  In addition, we did not 

observe market timing with regards to the QMJ-factor.  

When conducting the style analysis, we tried to replicate each fund’s returns. In doing so, we 

managed to outperform the actual returns of the funds by applying their investment strategy to 

Exchange-traded-funds. The findings would suggest that investors are better off investing in passive 

index funds rather than active mutual funds. 
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1. INTRODUCTION 

Factor models have been the subject of many studies through the years. These models are econometric 

models designed to explain investment funds’ returns. It all started when Fama and French (1993) saw 

that the market beta was insufficient in explaining the returns. Their research pointed to two other 

factors that helped further explain the returns. The literature is now full of other factors that have 

been able to explain the returns of investment companies. 

In addition to being a tool to explain and analyse investment companies’ returns, factor 

models are also used by investors as an investment strategy. Specifically, the factors carry a certain 

premium that investors seek to utilize. Indeed, many investment funds have developed trading 

strategies based on factor investing, such as AQR and MSCI (AQR Funds, 2016; MSCI Inc., 2018). 

However, these premiums are there for a reason, as the factors go through periods of time where they 

lose and even underperform the market. Consequently, the premiums are there to compensate the 

investor for taking the risk. Investors are constantly trying to predict market performance and use 

hedging tools to minimize their losses. If they perceive bad times ahead, they switch to a more 

conservative strategy and likely increase their hedge. 

Recently, Asness, Frazzini, & Pedersen (2013) introduced a new factor called Quality minus 

junk (QMJ). They argued that the factor presented a premium for its hedging properties. That is, it did 

not have a risk-premium like with other factors, but in a sense, a hedge-premium. Furthermore, they 

applied this factor in a regression where Berkshire Hathaway’s returns were the dependent variable 

(Frazzini et al., 2013). The results intrigued us, and we wondered whether this factor was prevalent in 

Denmark as well. Moreover, we speculated whether the factor acted more as a hedging tool than a 

risk-factor. 

If the QMJ-factor is indeed present in Denmark, and if fund managers make use of the factor 

as a hedging tool, then it begs the question whether the funds that portray these characteristics the 

most, achieve the best performance. Now that we have presented the scope of the study, we turn to 

the specific research questions the study is meant to answer. 

1.1. Delimitations 
Factor-investing has a long history and many factors have been developed. The study is not meant to 

cover all these factors to decipher which one has the best predictive qualities. Instead, we include the 

same factors that were used in the article “Buffett’s alpha” (Frazzini et al., 2013) as this is the only 

article we know of that includes the QMJ-factor in the regression model.  
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We focus only on Danish funds to further limit the focus. If the QMJ-factor is a robust factor, 

it should exist for Danish funds as well as for Berkshire Hathaway, which is located in the US. The scope 

of the study is not to include all geographical markets as this would be too excessive and time-

consuming given the thesis guidelines.  

The sample in this study is small and insufficient to determine any coherent relationship 

between the QMJ-factor and the performance of the funds. However, hopefully we observe a trend 

that merits further research into the matter. Including a larger sample goes beyond the workload 

expected for the thesis. 

Finally, we focus only on the best-performing Danish mutual funds, according to Morningstar. 

Our reason for doing so is further explained in section 4.1.1, but the gist of it is due to availability of 

data for mutual funds in Denmark, whilst information on other investment funds are difficult to gather.  

1.2. Research question 
As discussed above, we consider whether the QMJ-factor is present in Denmark and in what form. Our 

main research question is therefore: 

1) What significance does the quality factor have on predicting rate of return on 

Danish mutual funds? 

In addition, there are three sub-questions that concern the QMJ-factor and the funds’ 

investment strategy. To determine if and how the funds utilize the QMJ-factor premium, we apply the 

methodologies of style analysis. As a by-product of this analysis, we can determine whether we are 

able to replicate the funds’ investment strategies using a factor-dataset and exchange traded funds 

(ETFs) as the benchmark.  By applying the style-analysis, we conduct an out-of-sample analysis which 

minimizes the data-mining bias which gives more robust results. Specifically, we seek to answer the 

following sub-questions: 

2) Is there any indication that the QMJ factor is a good measurement for the 

performance of a fund? 

3.1) How is the QMJ-factor utilized with respect to market timing? 

3.2) How do the mutual funds’ actual returns compare to the theoretical factor- 

and ETF mimicking portfolio returns? 

The QMJ-factor is quite novel, and it has not been studied extensively. Therefore, this study’s 

main contribution to the literature is to verify its robustness across markets (Question 1). In addition, 
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we examine whether the QMJ-factor has any relationship to the performance of the fund. If so, our 

theory is that it may be used in the future to assess the manager’s skill in picking quality-stocks and 

consequently, contribute to the literature of performance measures (Question 2). Finally, we want to 

research whether we can observe market timing with regards to the QMJ-factor by creating a 

systematic investment strategy of a fund and using its past returns and factor-modelling. A by-product 

of this analysis shows whether we can further support the use of style analysis as a viable investment 

strategy (Questions 3.1 and 3.2). 
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2. MUTUAL FUNDS: HISTORY AND DEVELOPMENT 

Blackwell’s (Seguin, 2005) definition of a mutual fund is:  

“Mutual funds are equity claims against prespecified assets held by investment companies 

(firms that professionally manage pools of assets). Thus, a share of a mutual fund is an equity 

claim, typically held by an individual, against a professionally managed pool of assets.”  

In layman’s terms, this translates to a company that manages large amounts of assets, namely 

securities. Investors can buy a share of this company and get exposure to a collection of other 

companies in return. As the quote mentions, the investor is usually an individual as opposed to an 

institution. The reason is that individuals have difficulties in getting the exposure that mutual funds 

can offer. The individual investor can hold a diversified portfolio by buying only one share, avoiding 

multiple transaction costs and other purchase relating costs. However, the investor has to pay for the 

transaction cost of that particular share, in addition to a management fee, which is usually a proportion 

of the mutual fund’s Net Asset Value (NAV). Additionally, mutual funds are managed by professional 

investors which means that the average Joe can invest his money professionally at a relatively low 

price. Lastly, transaction costs are usually not proportional to the dollar value, i.e. it experiences 

economies of scale. Therefore, managing large pools of assets gives them an edge over the individual 

investor who has limited capital as the transaction costs are proportionally lower for the mutual funds. 

Due to these reasons, along with other administration cost-efficiencies, the mutual fund is a popular 

investment vehicle among individual investors (Seguin, 2005). 

Mutual funds have two different legal structures: closed-end funds and open-end funds. 

Closed-end funds have a fixed number of shares. Once the shares are issued, their number is not 

increased or decreased. Therefore, if the investor wants to redeem her share, she needs to find a 

counterparty willing to buy it. Consequently, closed-end funds are listed on stock exchanges. In 

contrast, shares of open-ended funds vary constantly and are commerced at the stated NAV (i.e. the 

current market value, the NAV, divided by shares outstanding). In this scenario, the investor does not 

need to find a willing buyer as the investment company itself buys and sells the shares, resulting in 

shares being created and terminated (Seguin, 2005). 

Since mutual funds are tailored to the amateur investor, they are subject to regulations 

designed to protect the public. In the US, the Investment Company Act of 1940 is a regulatory 

framework of investment companies (mutual funds included) with access to funding from amateur 

investors. In Europe, a similar framework exists called Undertakings for the Collective Investment of 
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Transferable Securities (UCITS) adopted first in 1985 (European Parliment and the Council of the 

European Union, 2009). Both frameworks exist to protect the amateur investor or “the little guy” 

against manipulation from professional managers. For instance, before the Act of 1940 the investment 

companies would literally receive money from investors and put it in their pockets; basically, a legal 

robbery (Ang, 2014, p. 522). These regulatory frameworks keep investment companies in line and give 

relevant authorities power to prosecute companies that go against the framework. In addition, it seeks 

to minimize conflicts of interests that can surface when the manager’s interests do not align with those 

of the investors. In both regions, this is accomplished by mandating investment companies that are 

subject to these regulations to publish information about the company; a prospectus which includes 

the company’s investment objectives, market value, risk, etc. This will allow the investor to make an 

informed decision about their investments. However, it cannot guarantee that it will be the right 

decision (Ang, 2014, p. 523). 

All mutual funds, closed-end funds, unit investment trusts (UITs) and ETFs are subject to the 

Investment Company Act of 1940 in the US. Conversely, not all European mutual funds are subject to 

the UCITS requirements. The UCITS framework’s objective is to create a Pan-EU investment market, 

which gives any investor situated in any EU country the opportunity to invest in any common fund 

within EU with minimal red tape. Therefore, a mutual fund can decide if it wants to adhere to the UCITS 

requirements, and as a result, would open a larger market than if it were a country-specific fund 

adhering to the country-specific regulations. 

The mutual fund industry is by far the largest of the four investment vehicles mentioned above 

(closed-end funds, UITs and ETFs). However, the industry is shrinking which is likely due to the increase 

of index-funds and ETFs. To demonstrate, the US ETF market increased from less than 1% of the total 

market value of investment companies in 2000 to more than 8% in 2011. ETFs are similar to mutual 

funds in that they do not have fixed shares. However, ETFs are traded on exchanges, therefore, their 

share price is not subject to the fund’s NAV (Ang, 2014, p. 525). 

The Act of 1940 also stipulates several requirements for mutual funds, besides the disclosing 

of information. Chiefly, the board of directors which govern the funds need to be at least 40% 

independent, the fund is held up to a fiduciary standard (i.e. acting in the best interest of their clients) 

and it has limitations on compensations. However, these requirements do not always do what they 

are set out to do, since the fund is a separate legal entity from the investment company and it is often 

difficult to hold the investment company responsible for the actions of the fund (Ang, 2014, p. 527). 
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Academic research has consistently showed that mutual funds underperform the market when 

taking into account the management fees. For instance, Russ Wermer (2000) found that mutual funds 

underperformed the S&P 500 by 1% after costs, and found an alpha of -1,2%, adjusted for market risk, 

size, value and momentum. Fama and French (2010) found similar results as Wermer where the mutual 

funds underperformed the market, the Fama-French three-factor, and Carhart’s four-factor 

benchmarks, by about the costs in expense ratios. Kenneth French (2008) even suggests that amateur 

investors should switch to passive market portfolios instead of investing in active management funds. 

He concludes that under reasonable assumptions, the average investor would benefit by 67 basis 

points in the average annual return if she would switch to passive indexes. It is worth mentioning that 

these studies were conducted on US-based firms and that in most scenarios, portfolio managers 

overperformed the market in gross returns, i.e. returns before fees. 

The fact that portfolio managers do overperform the market if fees are not included suggests 

that these managers exhibit some skill. Berk and van Binsbergen (2013) find that the average mutual 

fund uses skill to generate about $2 million per year. In addition, they demonstrate that investors 

recognize skill and reward it by investing their capital in better performing funds. Furthermore, Berk 

and Binsbergen (2013) confirm that investors recognize skilful managers and invest in their funds. The 

authors continue to develop a model to explain why mutual funds rarely outperform the market after 

fees. The mathematical derivation of the model is complex but the intuition is simple: investors 

recognize skilful managers by viewing past performance and invest in their funds, the fund grows larger 

because of the increased investments and it experiences decreasing return to scale1, making the 

investor move its capital to another fund that has shown better performance and that fund 

experiences the same process as before. This loop continues until there are no funds that show 

overperformance with respect to the market. The implication of the model is that the investor does 

not gain from active investments due to competition and agency costs. To put it simply, fund managers 

get all the gain from increased fees (agency costs) when the fund’s assets increase, as the investors 

experience decreased return (competition effect). 

There are some mutual funds that manage to outperform the benchmark and deliver robust 

returns to their investors (Ang, 2014, p. 535). However, these funds are rare and often their investment 

strategies are more suitable for institutional investors, rather than individuals (Hulbert, 2005).  

                                                           
1 Good investment ideas are hard to scale as they are often in more illiquid segments of the market (Chen et 
al., 2004). Warren Buffett himself mentions this fact in Berkshire Hathaway’s 2010 shareholder letter 
(Berkshire Hathaway, 2010, p. 4). 
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The above description of the mutual fund industry suggests that this business model is not 

sustainable. This materializes when Ang (2014, p. 540) looks into the development of fees. He discovers 

that the fees are trending downwards. He suggests that the reason for the downward trend is due to 

increased competition from low-cost index funds and ETFs as they are more liquid, more tax efficient, 

more transparent and companies can take short positions in them. We further consider the particulars 

of the Danish mutual fund industry. 

2.1. Danish mutual funds 
Danish mutual funds are like other mutual funds in the way that they are open-ended. However, most 

Danish funds are traded on an exchange, unlike US-based mutual funds. Therefore, investors can either 

buy certificate of ownership on the market, or ask the mutual fund to issue a new certificate. 

The vast majority of Danish mutual funds adhere to the UCITS requirements discussed above. 

For instance, in our sample of Danish mutual funds, only one was listed as non-UCITS fund (BLS Invest 

Globale Aktier KL). Consequently, they are subject to several limitations and constraints not observed 

in, for example, Berkshire Hathaway. Most of the mutual funds located within the EU are UCITS, 

specifically, 77% of the total value of EU funds (Ramos, 2009). 

UCITS funds must adhere to the so-called 5/10/40 diversification rule. This states that a UCITS 

fund may only invest 5% of its NAV in the same issuer. This can be extended to 10% if the domicile 

country wishes, which is the case in Denmark. However, the largest five holdings of the fund are not 

allowed to exceed 40% of the fund’s portfolio’s market value. The exception to this rule is if the fund 

is mimicking an index, then it can have 20% of its NAV in one asset.  

Additionally, the funds’ risk exposure to a counterparty in an OTC derivative transaction is 

limited. Specifically: 

“(a) 10 % of its assets when the counterparty is a credit institution referred to in Article 

50(1)(f); or (b) 5 % of its assets, in other cases” 

(European Parliment and the Council of the European Union, 2009, para. 52). 

The use of leverage is also prohibited for investment purposes. UCITS common funds and 

investment companies are not allowed to borrow in general but are able to get an exception 

temporarily, or in special cases, e.g. acquisition of immovable property. In these instances the funds 

are allowed to borrow up to 10% of their NAV respectively, or 15% in total if both instances apply 

(European Parliment and the Council of the European Union, 2009, para. 83). In addition, a UCITS fund 
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may not let its global exposure relating to derivative instruments exceed its total NAV (European 

Parliment and the Council of the European Union, 2009, para. 51, sub. 3).  

The prohibition of borrowing also extends to shares, i.e. taking short positions. However, the 

funds can create synthetic shorts by using financial derivatives subject to the maximum global 

exposure mentioned above. Nevertheless, buying financial derivatives can be costly and may defeat 

the purpose of shorting (Swallow, 2014).  

The UCITS framework has a great deal of potential to create a single functioning mutual fund 

market within the EU, but there are still some difficulties. Particularly, there are difficulties relating to 

different regulatory environments within each country and each country’s interpretation of the UCITS 

directive. For instance, it is relatively easy to set up a UCITS fund in Luxembourg, whilst it can be a long 

and expensive process to do so in Italy. This results in many Italian companies creating Luxembourg-

based mutual funds to bypass the tedious process in Italy. Consequently, there are several 

inconsistencies among EU nations when it comes to the UCITS directives which can create a skewed 

picture of the market (Fisher & Harindranath, 2004). 
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3. LITERATURE REVIEW 

In this section, we discuss the relevant theory that help us answer the research questions. First, we 

consider the performance measures to discuss the difference between them and mention their 

qualities and limitations. This helps us further determine which mutual fund performs the best, which 

subsequently helps us determine whether there are any similarities between the QMJ-factor and the 

performance measures. Second, we examine the literature on factor models. Recall that this is not a 

complete review of all factors, but rather a review of the factors used in “Buffett’s alpha” (Frazzini et 

al., 2013). Doing so, will help us to interpret our results and the limitations each factor possesses. Third, 

we discuss arbitrage pricing theory since it is the foundation for the work done on style analysis. This 

sub-chapter introduces the methodology behind style analysis and aids us in conducting the necessary 

analysis to answer the last research questions. 

3.1. Performance measures 
“Performance measurement is the process of quantifying action, where measurement is the 

process of quantification and performance is the result of action” (Fallis, 2013). 

Performance measures have been used throughout history in one form or another. As stated 

above, its usage is to quantify the performance of someone or something. For our purposes, its usage 

is to quantify the efficiency and effectiveness of a company or a fund manager.  

Asset management funds are becoming larger and larger and, consequently, the 

responsibilities of the fund manager are increasing. Asset management funds would like to attract the 

best people in asset management and offer rewards accordingly. However, first they need to recognize 

skilful managers and superior performance. Therefore, it is vital to be able to quantify performance 

accurately (Treynor, 1965). In addition, investors keep track of performance measurements of 

different funds when deciding on where to invest their capital. You only need to visit a handful of 

finance websites to see a common thread in them; each one has a special site for various performance 

measures. 

In the world of portfolio performance measurements, benchmarks are the key. You need a 

benchmark for comparison when assessing how a portfolio manager performs. We need to ask the 

question: “How well did the manager perform compared to what?”. The most widely used benchmark 

is the risk-free rate which is the bare minimum a portfolio should earn. Otherwise, the investor would 

invest its capital in treasury bills rendering the fund worthless.  
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In addition to the above question, we need to ask which benchmark is appropriate for the 

portfolio we are studying. For example, if we are considering a stock-portfolio consisting of exclusively 

Danish companies, then we need to compare it to a benchmark consisting only of Danish stocks. We 

cannot compare it to a benchmark consisting of bonds or US-stocks (Fallis, 2013). 

Equally important to selecting the appropriate benchmark is to adjust the measure for risk. 

The reason for doing so is straightforward: A manager could produce a lofty return by taking copious 

amounts of risk. For a risk-averse investor, this would be problematic.  

Now that we have explained what a reliable performance measure consists of, we can move 

onto the most widely used measures in portfolio management today.  

3.1.1. Sharpe ratio 
The Sharpe ratio is one of the most known performance measures among business people. The 

formula, so elegantly put forward by William F. Sharpe (1966), considers both the average excess 

return and the risk. The average return is excess of the appropriate risk-free interest rate and the risk 

is measured by the standard deviation. In the case of a stock, the standard deviation is a measure of 

total risk, i.e. both systematic and idiosyncratic risk. 

𝑆ℎ𝑎𝑟𝑝𝑒 𝑟𝑎𝑡𝑖𝑜 =
𝑟𝑝 − 𝑟𝑓

𝜎𝑝
 3.1 

Where 𝑟𝑝 is the rate of return on the portfolio over a pre-determined period, 𝑟𝑓 is the risk-free rate 

and 𝜎𝑝 is the standard deviation of the return of the portfolio. 

By dividing the excess return by the standard deviation, the Sharpe ratio depicts the excess 

return per unit of risk. Since investors are attentive to not only the return on their investment, but also 

the risk involved, this ratio successfully recognizes the two main attributes of a stock and allows for a 

comparison between them.  

3.1.2. Treynor ratio 
The Treynor ratio is along the same lines as the Sharpe ratio. In fact, William Sharpe based his study of 

the Sharpe ratio on the work of Jack L. Treynor. While the Sharpe ratio adjusts the excess return by the 

total risk involved, the Treynor ratio considers the systematic risk (Treynor, 1965). The assumption is 

that the investor has a well-diversified portfolio, eliminating the idiosyncratic risk. Consequently, she 

should only consider the systematic risk of the stock in question.  
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As with the Sharpe ratio, the numerator is the average excess return of the portfolio. The 

denominator, however, is the beta of the portfolio. 𝛽𝑝 is a measure of systematic risk, as will be shown 

when we discuss factors. 

𝑇𝑟𝑒𝑦𝑛𝑜𝑟 𝑟𝑎𝑡𝑖𝑜 =
𝑟𝑝 − 𝑟𝑓

𝛽𝑝
 3.2 

In other words, the Treynor ratio effectively gives us the excess return per unit of the portfolio 

beta. The benefits of doing so are the same as with the Sharpe ratio. It considers both the excess return 

and the risk involved, albeit a different source of risk.   

3.1.3. Jensen’s alpha 
Aforementioned performance measures consider the average return in excess of the risk-free rate, 

whereas Jensen’s alpha considers the risk-adjusted return in excess of the market, e.g. an S&P 500 

index fund (Jensen, 1969). By using time series database and running a CAPM regression, it is possible 

to calculate Jensen’s alpha. The alpha is the unexplained part of the regression. In other words, the 

alpha is the excess returns above and beyond what can be explained by the exposure to the market.  

The CAPM regression is: 

�̅�𝑖 = 𝑟𝑓 + 𝛽𝑖𝑚(�̅�𝑚 − 𝑟𝑓) 3.3 

The corresponding alpha value is then: 

𝛼 =
1

𝑇
∑ �̅�𝑖,𝑡 − 𝑟𝑖,𝑡

𝑇

𝑡=1

  3.4 

where there are T observations in the sample and �̅�𝑖 − 𝑟𝑖 is the excess return of stock 𝑖 at time 𝑡.  

The alpha can be calculated using different benchmarks and is often interpreted as a measure 

of performance or skill as it shows the average returns in excess of that benchmark. However, the word 

“benchmark” is crucial here. In the case of Jensen’s alpha, the benchmark is the market, e.g. S&P 500 

index. But which market index is the appropriate benchmark? As discussed above, the benchmark 

matters, and as a result, it is only possible to say that one stock performs better than another, “in 

relation to this specific benchmark” (Ang, 2014). 

3.1.4. Information ratio 
Information ratios have been in widespread use for a long time. Goodwin’s (1998) collective paper on 

information ratios supported the use of the information ratio we know today. This performance 

measure is the ratio of alpha (or the return on an investment’s return minus the benchmark’s return) 
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to tracking error. As discussed above, the alpha can be calculated using various kinds of benchmarks. 

However, for our purposes we will continue using Jensen’s alpha. The tracking error is the standard 

deviation of the excess return (see equation 3.4). It measures how disperse the manager’s returns are 

relative to the benchmark. 

𝑇𝑟𝑎𝑐𝑘𝑖𝑛𝑔 𝑒𝑟𝑟𝑜𝑟 = �̅� = 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (�̅�𝑖,𝑡 − 𝑟𝑖,𝑡) 3.5 

Where the information ratio is: 

𝐼𝑅 =
𝛼

�̅�
 3.6 

Hence, the information ratio shows excess returns per unit of risk. In larger asset management 

funds, tracking error constraints are imposed on fund managers to make sure she does not wander 

too far from the company-approved benchmark (Ang, 2014, p. 431). 

The information ratio suffers from the same faults as the Jensen’s alpha. It is difficult to argue 

which benchmark is the correct one, and it is only possible to compare information ratios using the 

same benchmark. Notwithstanding, the information ratio provides additional information to the 

Sharpe ratio as it shows how much of each stock’s return is attributable to passive market exposure 

and to excess returns respectively. 

3.2. Factor models 
The theory of a factor being able to explain the risk and return associated with stocks and portfolios 

has roots in the paper “Portfolio selection” by Markowitz (1952). He introduced techniques of portfolio 

selection that maximizes return and minimizes the risk for the investor, thus introducing the benefits 

of diversification. Using the ideas in Markowitz’s paper, the researchers Sharpe, Lintner, Mossin, and 

Treynor each developed their independent versions of a Capital Asset Pricing Model, commonly 

abbreviated CAPM. These researchers found that there was a systemic risk factor that is measurable 

by the market portfolio (C. W. French, 2003). 

In the next subchapters we will cover the CAPM along with four multi-factor models that build 

upon the CAPM. The first multi-factor model we cover is the Fama-French three-factor model. Section 

3.2.3 will cover the Carhart four factor model, where a momentum factor is introduced to the Fama-

French model. Section 3.2.4 covers the volatility or Betting against beta factor. Lastly, we will cover the 

quality factor in section 3.2.5. 
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3.2.1. The Capital Asset Pricing Model 
The CAPM makes four main assumptions: First, all investors have a single period investment horizon 

where they minimize risk and maximize return according to the Markowitz mean-variance criterion. 

Second, there are no taxes or transaction costs. Third, investors have a homogenous view of expected 

returns. Fourth, investors can borrow and lend at the risk-free rate (Black, Jensen, & Scholes, 1972). 

Since the CAPM uses the Markowitz mean-variance criterion, the criterion’s assumptions are implicit 

in the model. Markowitz ignores market imperfections, implying perfect competition (Markowitz, 

1952). The CAPM can be represented in a mathematical way, as shown in formula 3.7: 

�̅�𝑖 − 𝑟𝑓 =  𝛽𝑖𝑚 × (�̅�𝑚 − 𝑟𝑓) 3.7 

where all variables are subject to time, and: 

�̅�𝑖 =  
𝐸(𝑝𝑡)−𝐸(𝑝𝑡−1)+𝐸(𝐷𝑡)

𝑝𝑡−1
   return of asset 𝑖. 

𝑝𝑡−1, 𝑝𝑡    price of asset 𝑖 at time 𝑡 − 1 and time 𝑡. 

𝑟𝑓      risk-free asset return. 

𝛽𝑖𝑚 =  
𝐶𝑜𝑣(𝑟𝑖 ,𝑟𝑚)

𝜎2(𝑟𝑚)
     systematic risk for asset 𝑖. 

�̅�𝑚      return of the market portfolio. 

A modified version of the CAPM where an intercept, named alpha, was then created. This is 

the same alpha as mentioned in section 3.1.3. The alpha measures deviations in returns from CAPM 

predictions. The mathematical representation of the CAPM with alpha is therefore:  

�̅�𝑖 − 𝑟𝑓 =  𝛼𝑖 +  𝛽𝑖𝑚 × (�̅�𝑚 − 𝑟𝑓) 3.8 

Where all variables the same as before, with alpha added: 

𝛼𝑖    deviation from predicted returns of asset 𝑖.  

To demonstrate, the alpha is the deviation from the security market line (SML). Recall that the 

SML is a diagram where the beta is on the x-axis and the expected return on the y-axis. The line starts 

at the risk-free rate and the slope of the line is the Treynor ratio (see section 3.1.2). The SML shows 

the prices the CAPM predicts for assets. The two coefficients, alpha and the market beta, can be 

visualized with the SML graph (Figure 3.1) and interpreted. To explain, the assets return and volatility 

grow linearly with the market beta. If an asset deviates from the SML, it will have a positive alpha when 

above the line and negative below it. 
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Following the introduction of 

the CAPM there have been studies 

that look into the empirical evidence 

for the model. Black et al. (1972) 

found that a higher beta does not 

necessarily provide a higher average 

return. In their time series test, they 

find that after the year 1939 higher 

beta companies have negative alphas 

and lower beta companies have 

positive alphas, based on a model 

similar to the one presented in 

equation 3.8. 

With the empirical failure of the CAPM in mind, Merton introduced a revised model his article: 

An Intertemporal Capital Asset Pricing Model (1973). He shows that investors would be mean-variance 

optimizing and that the CAPM would predict correct returns if the investment universe would be 

constant. The new model introduced a stochastic investment universe, and suggested that the investor 

could hedge for changes in the investment universe. The mathematical formula for the intertemporal 

CAPM is therefore: 

�̅�𝑖 − 𝑟𝑓 =  𝛽𝑖𝑚 × (�̅�𝑚 − 𝑟𝑓) + 𝛽𝑖𝑠 × (�̅�𝑠 −  𝑟𝑓) 3.9 

where all variables the same as before, with two variables added: 

�̅�𝑠     return of the hedge-portfolio. 

𝛽𝑖𝑠 =  
𝐶𝑜𝑣(𝑟𝑖 ,𝑟𝑠)

𝜎2(𝑟𝑠)
    risk associated with a change in the investment   

    opportunity for asset 𝑖. 

The main drawback of the new model is that the hedge-portfolio may be hard to identify. 

Further research in the field has identified potential hedge-portfolio mimicking-models.  

3.2.2. Fama-French three-factor model 
Fama and French (1992) found that the market beta does not predict the average stock return. 

Furthermore, the authors found that variables such as book-to-market equity ratio (BE/ME) and size 

do a better job of capturing the average stock return. A year later, in the paper “Common risk factors 

in the returns on stocks and bonds” by Fama and French (1993), they introduce the three factor model 

Figure 3.1: The security market line 
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for analysing the risk and returns of stocks. In the paper they use the BE/ME and size as risk factors, 

ultimately having three factors in the model: the market, size, and BE/ME. The mathematical 

representation of the model is: 

�̅�𝑖 − 𝑟𝑓 =  𝛽𝑖𝑚 × (�̅�𝑚 − 𝑟𝑓) + 𝑠𝑖𝑆𝑀𝐵 +  ℎ𝑖𝐻𝑀𝐿 3.10 

where all variables are the same as before, with four new variables: 

𝑠𝑖    size risk associated with asset 𝑖. 

𝑆𝑀𝐵   returns of a portfolio of small minus big companies. 

ℎ𝑖    book-to-market risk associated with asset 𝑖. 

𝐻𝑀𝐿   returns of a portfolio of high minus low book-to-market  
    ratios. 

The two factors, size (SMB) and book-to-market (HML) are constructed by splitting stock 

returns into two classes, size and BE/ME. The size class is based on a ranking of the market 

capitalization of each stock, where top 90% has the highest market capitalization and the opposite for 

the bottom 10%. For the book-to-market class, the stock returns are funnelled into three groups based 

on their BE/ME. Stocks with the lowest 30% BE/ME comprise the value group. The next funnel, the 

neutral group, contains companies with a BE/ME within the 30%-70% range. In the final group are the 

growth companies that are in the top 30%. The components of the SMB and HML-factors are shown 

in Table 3.1 below, with the formulas for the factors shown in equations 3.11 and 3.12. 

 
Table 3.1: Fama-French factor components 

 Small Big 

Growth Small Growth (SG) Big Growth (BG) 

Neutral Small Neutral (SN) Big Neutral (BN) 

Value Small Value (SV) Big Value (BV) 

 

𝑆𝑀𝐵𝑡 =  
1

3
(𝑆𝑉𝑡−1 + 𝑆𝑁𝑡−1 + 𝑆𝐺𝑡−1)  −  

1

3
(𝐵𝑉𝑡−1 + 𝐵𝑁𝑡−1 + 𝐵𝐺𝑡−1) 3.11 

𝐻𝑀𝐿𝑡 =
1

2
(𝑆𝑉𝑡−1 + 𝐵𝑉𝑡−1) − 

1

2
(𝑆𝐺𝑡−1 + 𝐵𝐺𝑡−1) 3.12 

Fama and French (1993) provide a way to interpret the coefficients for SMB and HML. 

Specifically, the SML coefficient is large when the portfolio is heavily invested in small companies, and 

closer to zero when the portfolio is tilted towards large companies. According to their results, the SMB 

coefficient increases both the total return and the volatility. In addition, the coefficient for the HML is 
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negative for companies with a low BE/ME and near zero for those with a high ratio. A further 

conclusion is that the lower the HML coefficient, the higher the volatility of returns. Both factors are 

based on empirical evidence, from which Fama and French gather information to interpret what kind 

of risk the factors are capturing. 

In their research into the book-to-market equity ratio they find that earnings are persistently 

higher for a lower ratio and lower for a high ratio (Fama & French, 1992). The HML-factor may provide 

a hedge against a profitability factor of returns by capturing a risk factor based on relative earnings 

performance (Fama & French, 1993). The HML-factor attempts to capture the value premium found in 

equity markets. The value companies (high BE/ME) outperform growth companies (low BE/ME) in the 

long run (Ang, 2014, p. 316). 

The size factor captures the difference between the returns of small companies and large ones 

in the stock market. However, since the discovery of the size factor by Banz it has not provided returns 

and researchers have not found it significant in recent studies. The reason for the factor’s 

disappearance is most likely due to exploitation of rational investors of the premium, until it was no 

more. (Ang, 2014, pp. 228–229).  

3.2.3. Momentum 
Jegadeesh and Titman (1993) looked into momentum factors, where stocks had performed well over 

the past 3-12 months. The authors found that the performance is positive and statistically significant 

for stocks that have been increasing in price in the past 9 and 12 months. The momentum factor was 

then integrated into a four-factor model in a paper by Carhart (1997), where the formula for the model 

is: 

�̅�𝑖 − 𝑟𝑓 =  𝛽𝑖𝑚 × (�̅�𝑚 −  𝑟𝑓) + 𝑠𝑖𝑆𝑀𝐵 +  ℎ𝑖𝐻𝑀𝐿 + 𝑚𝑖𝑈𝑀𝐷 3.13 

where all variables are the same as before, with two new introduced: 

𝑚𝑖    momentum risk associated with asset 𝑖. 

𝑈𝑀𝐷   returns of a portfolio of companies that have gone up minus 
    companies that have gone down in the past 12 months. 

Creating the momentum factor involves ranking stocks based on their returns of the past 12 

months, excluding the last month, i.e. at time 𝑡 − 1. The top 10% ranked stocks are the “up group” 

and the bottom 10% ranked are the “down group”. The momentum factor is created by making a 

portfolio of stocks that goes long the stocks in the up group and short the stocks in the down group. 

Additionally, there is a monthly rebalance of the portfolio based on the change in the two groups. The 

formula for the factor is therefore simple: 
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𝑈𝑀𝐷𝑡 =  𝑈𝑃𝑡−1 − 𝐷𝑂𝑊𝑁𝑡−1 3.14 

where: 

𝑈𝑃𝑡−1    represents the 10% largest winners of the past 12 months. 

𝐷𝑂𝑊𝑁𝑡−1   represents the 10% largest losers of the past 12 months. 
 

The momentum factor has been shown to provide high returns and is observed in all asset 

classes (Ang, 2014, p. 235; Asness, Moskowitz, & Pedersen, 2017; Titman, 1993). However, the factor 

is not without risk, as during times of high volatility and market uncertainty it delivers negative returns 

for the entire period of market unrest (Daniel & Moskowitz, 2016). Empirical evidence for the 

momentum factor is therefore well established. 

The literature debate is centred around why this occurs, where both rational and behavioural 

explanations have been presented. One of the main rational explanations claims that time-varying risk 

associated with the assets causes the higher returns of a momentum strategy (Chordia & Shivakumar, 

2002). Another explanation is presented by Pástor and Stambaugh (2003) where they find that liquidity 

risk explains momentum returns. The behavioural explanations for the momentum returns are focused 

on underreaction and overreaction to news that are observed in the market. Overreaction to news 

concerning an asset would cause the price to go above the theoretical fair price. However, eventually 

it attenuates until it reaches the fair price. An underreaction materializes in a price increase, where 

the price does not reach the fair price and, consequently, continues to rise until it is reached. (Ang, 

2014, p. 238; Pedersen, 2015, p. 210). 

3.2.4. Betting against beta 
In the paper “Capital Market Equilibrium with Restricted Borrowing”, Black (1972) introduces a model 

where a risk-free asset is only an investment option and the risk-free rate on borrowing is higher for 

the investors. This results in a flatter SML line than in the traditional CAPM, meaning that higher beta 

assets will have a lower Sharpe ratio than lower beta assets. Black continues on to explain the risk 

anomaly that was heavily researched and found in the data around the year 1970 (Ang, 2014, p. 335). 

Furthermore, Ang, Chen, and Xing (2006) find that stocks with higher volatility have produced 

lower returns and will produce lower returns in the future. The high volatility stocks therefore have a 

significantly lower Sharpe ratio, making lower volatility stocks a better bet on average.  

Another angle of the low-risk anomaly is to consider the difference between high-beta stocks 

and low-beta stocks as done in the paper by Black, Jensen, and Scholes (1972). They find that high-
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beta assets produce negative alpha while low-beta assets produce a positive alpha. This suggest that 

the security market line from their analysis is in accordance with the model presented by Black (1972). 

In the article “Betting against beta” (Frazzini & Pedersen, 2014), the authors create a 

constrained CAPM similar to the one made by Black (1972). Their model has two types of investors: 

one has access to leverage while the other does not. Additionally, the model makes five predictions 

which the authors find evidence for in empirical data. First, they find that high-beta assets have lower 

alpha across multiple markets, leading to their first prediction that constrained investors will bid up 

high-beta assets. Second, they predict a betting against beta factor, where a leveraged position in a 

low-beta asset and a short position in a high-beta asset will create statistically significant higher 

returns. Third, the authors predict that agents will need to de-leverage during liquidity crises, causing 

the factor to deliver negative returns. Fourth, they predict that the betas of all assets will move towards 

one in liquidity crises. Last, the authors predict that leveraged investors will invest more in low-beta 

assets and constrained investors more in high-beta assets. 

To create the betting against beta factor, Frazzini and Pedersen (2014) calculate the betas of 

the assets, rank them according to the beta values, and create a market neutral portfolio:  

𝐵𝐴𝐵𝑡 =  
𝑟𝐿,𝑡 , 𝑟𝑓

𝛽𝐿,𝑡−1
−  

𝑟𝐻,𝑡 − 𝑟𝑓

𝛽𝐻,𝑡−1
 

3.15 

where the component variables represent: 

𝑟𝐿,𝑡 , 𝑟𝐻,𝑡  , 𝑟𝑓 return of low-beta (𝐿), high-beta (𝐻), and risk-free assets. 

𝛽𝐿,𝑡−1 , 𝛽𝐻,𝑡−1 weight of low-beta (𝐿), and high-beta (𝐻) assets at time 𝑡 − 1. 

While the authors do not introduce the variable to a factor model, it is used in the article 

“Buffett’s alpha” (Frazzini et al., 2013). In formula 3.16, we present a factor model with all the factors 

introduced so far: 

�̅�𝑖 − 𝑟𝑓 =  𝛽𝑖𝑚 × (�̅�𝑚 −  𝑟𝑓) + 𝑠𝑖𝑆𝑀𝐵 +  ℎ𝑖𝐻𝑀𝐿 + 𝑚𝑖𝑈𝑀𝐷 + 𝑏𝑖𝐵𝐴𝐵 
3.16 

where all variables are the same as before, with two new introduced: 

𝑏𝑖   momentum risk associated with asset 𝑖. 

𝐵𝐴𝐵  returns of a portfolio of long in assets with a low-beta and short  
   assets that have a high-beta. 

The betting against beta factor is not the only factor that captures this risk anomaly. A different 

implementation is introduced by Ang (2014, p. 339) where volatility is used in a similar way to the BAB-

factor. Although the cumulated returns of the two factors follow a similar path, when they are 
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regressed on the Carhart four-factor model the volatility factor has higher statistical significance. The 

coefficient of the market is 0,87 when the volatility is the dependent variable, while it is -0,17 when 

the BAB-factor is the dependent variable. Another difference is the coefficient of the SMB-factor where 

the volatility factor has a significant loading on larger companies, whilst the beta anomaly is primarily 

found in smaller companies (Ang, 2014, p. 341). 

To explain why the low-risk anomaly exists there are three possible explanations, which are 

not necessarily mutually exclusive. These are leverage constraints, agency problems, and preferences 

(Ang, 2014, pp. 341-344). The leverage constraint is an integral factor of the model put forth in Frazzini 

and Pedersen (2014), which causes constrained investors, such as mutual funds, to bid up high-beta 

assets and likely explains a part of the puzzle. The agency problems are caused by the corruption of 

incentives by shorting restrictions faced by some investors which causes the low-risk anomaly to 

persist (Ang, 2014, pp. 342-343). However, Hou and Loh (2016) researched these explanations along 

with the third explanation of the lottery preference of investors, where they seek out riskier bets due 

to a preference for higher returns. They concluded that the puzzle was at most only half explained and 

that further research on the low-risk anomaly was needed. 

3.2.5. Quality minus junk 
Lastly, we discuss the Quality minus junk (“QMJ”) factor that Asness, Frazzini, & Pedersen (2013) 

created. The QMJ-factor is based on the same framework as in the Fama-French three-factor model. 

That is to say, the factor goes long quality stocks, whilst shorting junk stocks, where junk stocks are on 

the other end of the quality spectrum. The paper is still only a working paper and has yet to be 

completed. 

However, the paper yields some interesting results, where the authors try to answer the 

question: Do the highest quality firms command the highest price so that these firms can finance their 

operations and invest? In addition, the authors investigate whether the factor has any significant 

impact on the already established factors: market (MKT), SMB, HML and UMD, in a time series 

regression. The terms “market” and “MKT” will be used interchangeably from now on. 

They define a quality stock as a stock with characteristics that investors should be willing to 

pay a higher price for, ceteris paribus. To quantify these characteristics, they apply the Gordon Growth 

formula and re-write it so: 

𝐺𝑜𝑟𝑑𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ =
𝐷𝑖𝑣𝑖𝑑𝑒𝑛𝑑

𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛 − 𝑔𝑟𝑜𝑤𝑡ℎ
= 𝑃𝑟𝑖𝑐𝑒 (𝑃) 3.17 
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𝑃𝑟𝑖𝑐𝑒 − 𝑡𝑜 − 𝑏𝑜𝑜𝑘 =
𝑃

𝐵
=

1

𝐵
∗ (

𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑

𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛 − 𝑔𝑟𝑜𝑤𝑡ℎ
) 3.18 

  

They then multiply 
𝑝𝑟𝑜𝑓𝑖𝑡

𝑝𝑟𝑜𝑓𝑖𝑡
 with 

𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑

𝐵
 and get: 

=

𝑝𝑟𝑜𝑓𝑖𝑡
𝐵

∗
𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑

𝑝𝑟𝑜𝑓𝑖𝑡

𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛 − 𝑔𝑟𝑜𝑤𝑡ℎ
 3.19 

 

They define 
𝑝𝑟𝑜𝑓𝑖𝑡

𝐵
 as profitability, which is the profits per unit of book value. In addition, 

𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑

𝑝𝑟𝑜𝑓𝑖𝑡
 is in 

effect the payout ratio and the required return is the safety-characteristic of the company, e.g. low-

risk feature. Therefore, we get the final formula for Quality: 

𝑄𝑢𝑎𝑙𝑖𝑡𝑦 =
𝑃

𝐵
=

𝑝𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 ∗ 𝑝𝑎𝑦𝑜𝑢𝑡 𝑟𝑎𝑡𝑖𝑜

𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛 − 𝑔𝑟𝑜𝑤𝑡ℎ
 3.20 

 

By including four different variables within one factor, the analysis is more robust and 

minimizes the data mining bias. In addition, within each variable of the factor, they include several 

different measurements. For example, for the profitability variable, they include gross profits over 

assets (gpoa), return on equity (roe), return on assets (roa), cash flow over assets (cfoa), gross margin 

(gmar) and the fraction of earnings composed of cash (i.e. low cash accruals, (acc)). By doing so, they 

manage to minimize the data mining bias even further. For each measurement, they rank them and 

standardize by calculating their z-score. They then take the average of each individual z-scores to end 

up with the final variable score.  

To explain further, we again consider the profitability variable and the gpoa measurement. 

The gpoa of each company within the sample is calculated and ranked. The z-score is then calculated 

by: 

𝑧𝑔𝑝𝑜𝑎 =
𝑟𝑔𝑝𝑜𝑎 − 𝜇𝑟

𝜎𝑟
 3.21 

where  

𝑧𝑔𝑝𝑜𝑎  is gpoa measurement’s z-score.  

𝑟𝑔𝑝𝑜𝑎   is the individual gpoa measurement. 

𝜇𝑟   is the cross-sectional mean of the sample. 

𝜎𝑟   is the standard deviation of the sample. 
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Then the profitability score is calculated by taking the average: 

𝑃𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑧(𝑧𝑔𝑝𝑜𝑎 + 𝑧𝑟𝑜𝑒 + 𝑧𝑟𝑜𝑎 + 𝑧𝑐𝑓𝑜𝑎 + 𝑧𝑔𝑚𝑎𝑟 + 𝑧𝑎𝑐𝑐) 3.22 

 

The authors' choice of variables is not done randomly. They substantiate their choice of 

variables with several studies on return-based anomalies (Asness, Frazzini, & Pedersen, 2017b).  

3.2.5.1. Results 

By applying their formula of quality, they demonstrate that the quality factor is persistent. Companies 

that portray quality characteristics usually do so consistently throughout the tested period. This implies 

that quality companies are stable, which iterates the common perception of a correlation between 

stableness and quality of a stock.  

When they run a cross-sectional regression of the price-to-book ratio on each stock’s overall 

quality score, they find a correlation between the two variables. This suggests that investors do, to 

some extent, put a higher price on higher quality firms. However, the explanatory power of the quality 

score was poor, implying that other factors are needed to account for the price.  

After checking for the relation between the price and the quality score, the next logical step 

was to check for a relation between return and the quality score. By sorting the stocks in 10 portfolios 

based on their quality score, they concluded that the higher the quality score, the higher the risk-

adjusted returns. These results suggest that investors expect quality firms to remain so, as they expect 

future earnings to increase. 

Next, they constructed their QMJ portfolios, where they followed the same framework of 

Fama-French three-factor model of going long the highest 30% quality firms, and going short the 

bottom 30%, i.e. junk stocks. They constructed six value-weighted portfolios where they first sorted 

on size, then on quality and then rebalanced the portfolios every month. The QMJ-factor return is then 

the average return of the two high quality portfolios minus the average return of the two low quality 

portfolios: 

𝑄𝑀𝐽 =
1

2
(𝑆𝑚𝑎𝑙𝑙 𝑄𝑢𝑎𝑙𝑖𝑡𝑦 − 𝑆𝑚𝑎𝑙𝑙 𝐽𝑢𝑛𝑘) +

1

2
(𝐵𝑖𝑔 𝑄𝑢𝑎𝑙𝑖𝑡𝑦 − 𝐵𝑖𝑔 𝐽𝑢𝑛𝑘) 3.23 

 

In their global sample, the QMJ-factor displayed an excess monthly return of 0,38% and in their 

U.S. sample, the factor displayed an excess monthly return of 0,40%. Both values were significant at 

the 5% level. Clearly, the factor displays attributes of a contender in the established factor literature. 
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Therefore, the authors turned their focus on the relationship between the QMJ-factor and the Carhart 

four-factor model. 

There is a negative correlation between QMJ and HML, i.e. the higher the value, the lower the 

quality. This makes both mathematically and intuitive sense. Mathematically speaking, value stocks 

have a low price-to-book ratio which is the fundamental basis for the quality factor. Intuitively, it makes 

sense that cheap companies have yet to grow to their full potential and exhibit unstable cash flows in 

their growth. Therefore, they are considered to be junk stocks. Nonetheless, if the investor can 

combine the quality factor with the value factor, she gets quality stocks at a reasonable price. This 

allows her to potentially evade the value trap. 

The correlation between QMJ and MKT is also negative. Indeed, QMJ constructed portfolios 

exhibited high returns in bear markets. These results imply that investors show “flight to quality” 

responses during economic downturns. That is, investors turn to high-quality assets when economic 

outlooks are poor. In particular, QMJ portfolios exhibited high returns during the financial crisis of 

2008, and poor returns during the internet bubble at the turn of the century. When dissecting the 

QMJ-factor, the authors discovered that the profitability variable was statistically significant in a 

second-order polynomial, which gave a small concavity when plotting the QMJ on market returns. 

Similarly, the QMJ-factor is negatively correlated with the SMB-factor. The intuition is that, in 

general, small companies exhibit unstable attributes whilst big companies exhibit stable attributes. 

Hence, small firms are often junk stocks and big firms are often quality stocks. This relationship impacts 

the SMB-factor significantly. The authors did several regressions where each factor was the dependent 

variable, and the others the independent. When the SMB and QMJ-factors were both on the right-

hand side of the regression, the SMB became significant and large. Namely, the SMB-factor became 

significant again, after the exposure had been eradicated after the Fama-French three-factor model 

first came out. The interpretation is that large firms are more expensive than small firms, when 

controlling for quality. Since small firms are less expensive than large firms, given the same quality 

score, it stands to reason that small firms yield higher rate of return. Although this may be true, the 

authors point out that large firms have less liquidity risk in general, and so the difference in price may 

be rational.  

In addition to the above results, the authors showed that the safety variable (required return), 

had a low price by regressing the price on the safety variable. This is consistent with the risk anomaly 

that the BAB-factor utilizes.  
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3.2.6. Additional factors 
This section on factors is not supposed to be a complete list of factors created in the literature as that 

would be excessive. For instance, Mclean & Pontiff (2016) found 97 factors in previous literature that 

managed to predict cross-sectional stock returns.  

Yet it bears to mention that Fama & French (2015) constructed a Carhart + BAB model after 

reviewing past criticism on their three-factor model. The two additional factors were profitability and 

investments. In detail, the factors were long profitable companies and short unprofitable, and long 

companies with conservative investment strategies and short companies with aggressive ones, 

respectively. Their results suggested that profitability and investments had an impact on stock returns.  

However, last year they tested this theory empirically on four different markets in the world 

and came to the conclusion that the investment factor was redundant in two out of the four tested 

markets. Conversely, the profitability factor had information about the average returns within each 

market (Fama & French, 2017). These results further confirm the Asness et al. (2013) hypothesis that 

profitability should be considered a factor when predicting returns. Even though their end-result of 

what the factor should look like differs somewhat, they have many similarities which further convinces 

us to include it in our research.   

3.3. Arbitrage pricing theory 
As discussed above, the Arbitrage Pricing Theory (APT) in combination with the factor-models, is the 

root of the style analysis. The APT was first presented by Ross (1976), where he put forth a model that 

introduced a theory of the expectations of financial returns based on no-arbitrage arguments. The 

model is based around systematic risk-factors, such as those introduced earlier. The argument of no-

arbitrage is widespread in finance and is used in the pricing of options and in examining the impact of 

the capital structure to the value of a firm (Garrett, 2005). 

The basis of the APT is that if an arbitrage portfolio exists that is uncorrelated with any 

systematic risk factors, it must have an expected return of zero. If the expected return is higher than 

zero, the investor can take as large a position in the portfolio as possible without increasing her risk 

exposure. There are five assumptions made by the theory. First, there exists an asset with limited 

liability. Second, there exists an agent that believes that returns are generated by a model of systemic 

risk factors and the returns of a risk-free asset. Third, all agents hold the same expectations and are 

risk averse. Fourth, the aggregate demand for an asset, measured as a fraction of total wealth, can 

only be greater or equal to zero. The fifth and final assumption is that the sequence of expectation is 

uniformly bounded. The mathematical representation of the APT is: 
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𝐸[𝑟𝑖] =  𝑟𝑓 + ∑ 𝑏𝑖𝑗𝐹𝑗

𝑘

𝑗=1

 3.24 

where all variables are the same as before, and: 

𝑏𝑖𝑗     sensitivity of asset 𝑖 to risk factor 𝑗 

𝐹𝑗     Vector of 𝑘 systemic risk factors 

Empirical analysis of the APT is difficult and since finding an appropriate number of systemic 

risk factors has been problematic in the past. Nevertheless, it seems that five factors have been 

sufficient. When the APT has been compared to the CAPM, it is evident that the APT has been more 

successful in explaining cross-sectional differences in asset returns along with having smaller pricing 

errors than the CAPM (Connor & Korajczyk, 1995).  

In the article “Mimicking Portfolios and Exact Arbitrage Pricing” by Huberman, Kandel, and 

Stambaugh (1987), the authors connect mimicking portfolios to the minimum variance frontier. When 

using mimicking portfolios from traded factors, rather than untraded factors, risk premiums will be 

more directly related to expected returns. More recently, the APT ideology has been used to assess 

the management style of investment funds using mimicking portfolios. Mimicking portfolios have been 

developed into analysis of investment management styles where further assumptions are applied to 

explain the difference in returns between funds.  

3.3.1. Style analysis 
Style analysis can be used in performance analysis of investment funds. In the paper “Asset Allocation: 

Management Style and Performance Measurement” by Sharpe (1992), mutual fund returns are 

explained using mimicking portfolios. Sharpe was able to explain most of the returns of mutual funds 

using a factor exposure that evolves over time, where he used factor-mimicking indices the mutual 

funds can invest in. 

In a more recent article: “Time Variation in Mutual Fund Style Exposures” by Annaert and Van 

Campenhout (2007), the authors look into the assumption of time-constant style exposures for mutual 

funds. They test for style breaks and find that all European equity funds change their style at least once 

over the testing period. Therefore, looking at the factor loadings over time may give a better 

estimation of the performance of mutual funds. 

In the paper “Evaluating Style Analysis” (ter Horst, Nijman, & de Roon, 2004), the authors 

introduced three style analysis classes. A weak style where there are no restrictions on the size or sum 

of the factors; appropriate for funds that are allowed to short and apply leverage. A semi-strong style 
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where factors must sum up to one, best for analysis of funds that can use leverage but not take short 

positions. Finally, a strong style where factors must be positive and have a total sum of one, i.e. a 

positive-weighted portfolio. The strong style is most applicable to funds that cannot apply leverage or 

short stocks, such as mutual funds and pension funds. 

Furthermore, ter Horst et. al (2004) concluded that using strong style analysis provided more 

accurate return predictions. In addition, they found that the intercept of the strong style analysis may 

be interpreted as Jensen’s alpha when one of the benchmark assets is the risk-free asset. An important 

caveat to mention, is that positive-weighted portfolio of factors did not necessarily provide a better 

prediction of future returns when the factors are highly correlated. 
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4. METHODOLOGY 

In this section, we discuss the methodology of our research and how we conducted it. The study is an 

empirical one, making use of the OLS regression along with time-series data. The section is structured 

in the following way: First, we discuss the data collection; where we gathered the data for the 

regression variables and how we did so. Second, we discuss the treatment of the data; how it was 

processed and why we did so. Third, we consider possible data quality issues, i.e. biases and other 

issues that may affect the results.  

4.1. Data collection 

Our reference point when collecting the data was from the paper “Buffett’s alpha”(Frazzini et al., 

2013). To the extent of our knowledge, that paper includes the only return-predicting regression with 

the QMJ-factor as one of the independent variables. Seeing that our focus is on the significance of the 

QMJ-factor in predicting returns, it stands to reason to base our approach on that of Frazzini et. al. 

(2013).  

The primary regression model of this study consists of seven variables. They are: 

• Mutual fund of interest 

• Market factor 

• Small minus big factor 

• High minus low factor 

• Momentum factor 

• Betting against beta factor 

• Quality minus junk factor 

 
The first variable, “Mutual fund of interest”, is the dependent variable of the regression model 

which is on the left-hand-side of the model. All the other variables are the independent variables which 

are on the right-hand-side of the model. Specifically, we will discuss data collection on the dependent 

variable on the one hand, and the independent variables collectively on the other.  

4.1.1. Dependent variable data collection 

The dependent variable of the original study was the time-series of the rate of return of Berkshire 

Hathaway. As discussed above, Berkshire Hathaway is run by Warren Buffett who is often called the 

ultimate value-investor (Frazzini et al., 2013). Since factor-modelling is a tool to determine, amongst 

other things, manager’s investment strategy, the original study analysed the performance of a value-

tilted strategy. However, in this study we want to do more of a broad analysis and include several, 

different investment strategies. Many investment strategies have been introduced in the factor 

literature (Mclean & Pontiff, 2016) but the analysis of those would be outside the scope of this study. 
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Therefore, we focus on the single most documented factor that has shown to give excess returns, and 

that is the Value-minus-Growth (HML) factor from Fama-French three-factor model (Ang, 2014; 

Asness, Moskowitz, et al., 2017; Fama & French, 1993). Namely, we will assess the total spectrum from 

a high-value strategy to a low-value strategy (Growth). 

As mentioned in the Introduction, the purpose of the study is to find a connection between 

the quality factor and the prediction of rate of returns of Danish mutual funds. The original study 

focused on Berkshire, which is officially classified as an insurance company (Bureau van Djik, 2018). To 

the extent of our knowledge, there are not many insurance companies in Denmark that manage 

portfolios of stocks in an analogous manner as Berkshire does. However, the objective of this study is 

not to replicate the results from the original study to its fullest degree. As the objective is to find a 

general connection between the quality factor and the effect on rate of return, focusing on any 

companies that engage in active management of assets suffices our needs. Having said that, these 

companies need to have data available for our study.   

There are many asset management funds listed in Denmark. The foremost types of funds are 

hedge funds, mutual funds, and pension funds. Hedge funds are often mysterious and there is a 

definite lack of data concerning their rate of return due to backfill and survivorship biases (Pedersen, 

2015). Many pension funds are not listed on an exchange, resulting in lack of data. Many mutual funds 

are publicly listed companies, and as such, need to divulge certain information to the public. 

Consequently, mutual funds are the most suitable candidate for our research.   

We focus on Danish companies due to simplicity and homogeneity. Indeed, including more 

than one country of residence in our sample will introduce currency differences, implied currency 

hedging, etc. that needs to be adjusted for. The scope of the study is not meant to check for country 

robustness, similarities, and differences, but rather to find an indication of a connection between the 

investment strategy of a firm and the prediction of its returns.  

Another point of interest is the type of security in which the fund invests. Most of the Danish 

mutual funds invest either in equity, bonds, or both. Since the literature on factor-models is most 

developed for equities, we decide to focus on mutual funds that only invest in equities which is the 

same focus of Frazzini et al. (2013) on Berkshire’s holdings.  

Finally, we only consider Danish mutual funds that have global holdings. One could argue that 

a mutual fund with global holdings has a more diversified portfolio than that of a fund which has only 

Danish holdings. These global funds should also experience more opportunities to develop their 
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investment strategy. Therefore, in theory, the analysis of these funds should provide less idiosyncratic 

risk and more interesting results.  

To summarize, the objects of our study are Danish mutual funds that focus on being either a 

value-, mixed- or a growth-investor, with global holdings of stocks.  

The last step is to choose the individual mutual funds for the analysis that fit the above criteria. 

We then turn to Morningstar Danmark and their website, www.morningstar.dk. The website uses 

ingenious ways of sorting the mutual funds in Denmark that we can use for the purposes of this study. 

First, they give each mutual fund a grade, ranging from one star to five stars. Second, they sort each 

mutual fund into a 3x3 matrix, where they characterize the investment strategy of the mutual fund. 

To clarify, one axis is the HML-factor, whilst the other is the SMB-factor.   

The grading system is a quantitative assessment of the fund’s past performance, where it takes 

both return and risk into account. The system is based on expected utility theory which states that 

investors value losses more than gains. That is to say, investors’ marginal utility is higher with losses 

than gains, which make investors risk-averse. Therefore, investors are willing to give up a part of their 

returns to get a more stable outcome. In addition, the grading system is a cross-sectional analysis that 

takes into account the age of the fund, sales charges, loads and redemption fees (Morningstar, 2010). 

The outcome of this system is given by the following scale: 

 
Figure 4.1: The Morningstar™ Rating for Funds (Morningstar, 2010) 

Seeing that mutual funds are notorious for poor performances (Ang, 2014, p. 532; Cumby & 

Glen, 1990; Fama & French, 2010), we pick the best performing mutual funds, i.e. funds with the rating 

four or five stars, to get the best results for our study. 

The characterization of the investment strategy in a 3x3 matrix mentioned earlier classifies 

securities according to market capitalization, and the value and growth factors. See below for an 

example: 

 

 

http://www.morningstar.dk/
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Figure 4.2: Morningstar™ Style box 

 
We chose nine funds that fit our criteria and were equally dispersed among the top row, which 

then gave us three “Value-funds”, three “Core-funds” and three “Growth-funds”. “Core” is a borrowed 

terminology from Morningstar which essentially means a mix of a value- and growth-style. We 

discovered that very few mutual funds that met our criteria engaged in investment styles of small and 

medium cap stocks. This makes intuitive sense since one of the criteria is that the fund engages in 

global investments, and most companies that are selected in a global strategy are on the larger end of 

the spectrum. Consequently, all the mutual funds selected were in the top row of the Morningstar 

Style box.  

Morningstar evaluates each individual stock and its investment style in the database. Each 

stock is evaluated against other stocks on a geographical basis, i.e. within the same region. When 

determining whether a stock is a value-stock or not, Morningstar uses different methodologies besides 

the straightforward one of book-to-market ratio. To demonstrate, here is an excerpt taking directly 

from Morningstar’s website (Morningstar, n.d.): 

“The scores for a stock's value and growth characteristics determine its horizontal placement:

Value Score Components and Weights 

• Forward looking measures 50.0% 

o Price/Prospective Earnings. 

• Historical based measures 50.0% 

o Price/book 12.5%  

o Price/sales 12.5%  

o Price/cash flow 12.5%  

o Dividend yield 12.5% 

Growth Score Components and Weights 

• Forward looking measures 50.0% 

o Long-term projected earnings growth 

• Historical-based measures 50.0% 

o Historical earnings growth 12.5%  

o Sales growth 12.5%  

o Cash flow growth 12.5%  

o Book value growth 12.5% 
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Growth and value characteristics for each individual stock are compared to those of other 

stocks within the same capitalization band and are scored from zero to 100 for both value 

and growth. To determine the overall style score, the value score is subtracted from the 

growth score.” 

We also need to consider the age of the fund to get the minimum amount of observations for 

robust results to decrease multicollinearity and reduce the variance of the coefficients (Studenmund, 

2017, p. 238). Preferably, the fund needs to have experienced the ups and downs of the business cycle, 

i.e. the booms and recessions, to get clearer results (Ang, 2014, p. 98). However, the mutual fund 

industry in Denmark is quite young in comparison to that of the United States. The mutual fund 

industry in Denmark we see today was radically different 25 years ago. To demonstrate, from 1992 to 

2002 the market value of the Danish mutual fund industry increased 34% on a yearly basis, whilst the 

market value of the European Union countries as a whole increased only by 18% (Christensen, 2003). 

Consequently, “old” Danish mutual funds are difficult to come by, especially considering our criteria 

set for this study. Nevertheless, we managed to find nine Danish mutual funds that met our criteria 

and existed in the last recession. Moreover, eight out of nine of the chosen mutual funds experienced 

the 2008 financial crisis which began internationally with the fall of Lehman Brothers on September 15 

(Farndale, 2008). A summary of our final sample may be found in Table 4.1 below. 

Table 4.1: Summary of Danish mutual fund sample2 

Fund name Fund ticker ISIN 
Investment 

strategy 
Morningstar 

grade 
Year of 

inception 

NAV per 
share 
(DKK) 

BankInvest 
Basis Globale 
Aktier A 

BAIBGAKL DK0015773873 Core 4 stars 2002 310,39 

BLS Invest 
Globale 
Aktier KL 

BLKGA DK0060189041 Growth 5 stars 2009 1947,36 

Handelsinvest 
Verden Udb 

HAIVER DK0010157296 Growth 4 stars 2000 259,70 

Maj Invest 
Value Aktier 

MAJVAL DK0060005338 Core 5 stars 2005 147,82 

MS Invest 
Value Aktier 

MSIVAK DK0060120863 Value 4 stars 2008 123,63 

Nordea Invest 
Stabile Aktier 
Udb 

NDISTABA DK0060048304 Value 4 stars 2007 106,18 

                                                           
2 Information collected 26.03.2018 
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Sparinvest 
Momentum 
Aktier Akk KL 
A 

SPIMAAKL DK0060012896 Growth 4 stars 2006 180,94 

Sydinvest 
Verden 
Ligevægt & 
Value A DKK 

SYIVLVADKK DK0010101740 Value 4 stars 2000 74,93 

ValueInvest 
Global A 

VAIGLOKL DK0010246396 Core 5 stars 2000 209,39 

 

For simplicity, we will refer to each fund by its parent company name. Data for these nine 

mutual funds was then retrieved from Datastream to get the adjusted closing price. However, 

BankInvest did not have the adjusted close price before 2011, even though its year of inception was in 

2002. After a preliminary search on their website, we concluded that there was no information 

published on the fund before 2011. We searched for another mutual fund that fit the criteria, but none 

had a longer time period than BankInvest. Therefore, we decided to include it and do two regressions: 

one with only the adjusted closing price from 2011 and onwards, and another where we inserted the 

simple closing price from Nasdaq OMX Nordics’ website, www.nasdaqomxnordic.com. The results 

from the latter regression should therefore be taken with a grain of salt as the closing price might differ 

from the adjusted closing price. In addition, the funds’ info was gathered including, but limited to, 

relative weight of industries invested in, top 10 largest positions, and relative weights of the stocks’ 

countries.  

4.1.2. Independent variable data collection 

A factor dataset already exists of all the variables on the right-hand side of the regression. This is the 

same factor dataset used in the article “Buffett’s alpha” (Frazzini et al., 2013) and was retrieved from 

AQR’s website. However, the variables were not in the same file and, therefore, we had to retrieve 

two sets: “Betting Against Beta Equity Factors Monthly” (Asness, Frazzini, & Pedersen, 2017a) and 

“Quality Minus Junk Factors Monthly” (Asness, Frazzini, et al., 2017b). Both datasets included the four 

other factors besides BAB and QMJ: “Market returns in excess of treasury bills” (MKT), “Small Minus 

Big” (SMB), “High Minus Low” (HML) and “Up Minus Down” (UMD) factors. 

To calculate the MKT, the authors took all the available stocks in each MSCI Developed country, 

value-weighted the return, and subtracted the one-month US-Treasury bill rate. Subsequently, they 

value-weighted each country’s portfolio by its lagged market capitalization to compute the global 

portfolios. The MSCI Developed countries were 20 in the construction of the BAB-factor (Frazzini & 

http://www.nasdaqomxnordic.com/
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Pedersen, 2014) and 24 in the construction of the QMJ-factor (Asness et al., 2013). However, both 

datasets have been updated to 24 countries but have yet to exclude Greece, as it is no longer listed as 

an MSCI Developed country (Dunkley, 2013). 

The universe of AQR’s factor-portfolio does not include all the countries in the holdings of the 

mutual funds in the sample. This can pose a problem as the co-movement between the mutual funds 

and the factor-portfolio may be skewed as there is some movement in the holdings of the mutual funds 

outside the scope of the factor-portfolio. To demonstrate, if the mutual funds’ holdings in countries 

that are included in the MSCI Developed Markets are summed up (i.e. USA, Canada, UK, EU-countries, 

Japan, Australasia), we find that it ranges from 75,38% - 81,68% of the total portfolio. Not all EU-

countries are included in the MSCI Developed Markets (MSCI INC., 2018), but these countries are part 

of the European single market and should have a high correlation with the market movements. 

Additionally, if we also include holdings in European countries outside the EU, the range becomes 

81,68% - 100%.  

Even so, a sizeable portion of the universe is unaccounted for. Therefore, we conduct a 

statistical test on the difference between the marketing betas of the mutual funds with both the 

marketing factor in AQR’s factor-portfolio, and the MSCI ACWI Index, which is an All Country World 

Index. The summary of the test may be found below: 

Table 4.2: Comparison of MKT coefficients between AQR and MSCI ACWI 

 AQR MKT (1) MSCI ACWI MKT (2) Standard error (3) T-test (2 - 1) / 3 

BankInvest 0,580 0,591 0,050 0,22 

ValueInvest 0,379 0,381 0,049 0,0408 

Maj Invest 0,509 0,519 0,071 0,1408 

BLS Invest 0,495 0,504 0,067 0,1343 

Sparinvest 0,724 0,728 0,049 0,0816 

Handelsinvest 0,713 0,738 0,042 0,5952 

Nordea Invest 0,329 0,335 0,052 0,1154 

MS Invest 0,331 0,338 0,071 0,0986 

Sydinvest 0,577 0,584 0,059 0,1186 

 

The first two columns display the MKT coefficients for each index. The third column displays 

the standard error of the coefficient. Note that there was negligible difference between the standard 

errors of the coefficients for each mutual fund. Therefore, it was unnecessary to display both standard 

errors, as the t-test would deliver the same results (see Appendix B). The last column displays the t-
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statistic that is calculated according to equation 4.7 in section 4.2.1.4. According to the t-tests, none 

of the coefficients are statistically different from each other as they do not reach 1,96. This would 

suggest that the benchmark used for the study is suitable for the sample in question. 

The methodology applied for the calculation of SMB, HML and UMD is the same as described 

in the literature review above. However, there are certain differences that are worth mentioning. First, 

the sorting of the Fama-French factors is different. Whilst Fama and French do an independent sorting, 

Asness, Frazzini and Pedersen (2017a, 2017b) did a conditional sorting to “ensure a balanced number 

of securities in each portfolio”. Second, they cannot guarantee that the universe is the same, even 

though they used the same data sources as French (CRSP and XF) and applied filters to get close to 

French’s universe. Last, historically AQR has not refreshed the entire history each month, just added 

the last month to the time series. However, they started to do so in July 2014. Having said that, it bears 

mentioning that the cut-offs for the SMB-factor are the same between parties, and they use the same 

risk-free rate, which is the monthly US-Treasury Bill rate.  

Since the four factors (MKT, SMB, HML and UMD) have been covered multiple times in the 

literature, and are explained in the literature review above, we see no need of reviewing them again. 

However, as the factors BAB and QMJ are relatively new and have not been covered as extensively as 

the other four, we present the following methodology on how they were created, beyond that which 

was discussed in the literature review.  

The BAB-factor was created by Frazzini and Pedersen (2014) after reviewing several articles on 

the subject. The creation of the factor is based on the framework of Fama-French where Frazzini and 

Pedersen go long low-beta stocks, and short high-beta stocks. In their study, they created a set of 

portfolios for the countries corresponding to the MSCI World Developed Index at that time, and 

subsequently, computed global portfolios by weighting each country’s portfolio by the country’s 

lagged market capitalization. Each security is ranked based on its estimated beta and is then allocated 

to either the low-beta portfolio or the high-beta portfolio, where the median is the differentiator. By 

using matrix calculation, they manage to weight each security in a way that the lowest beta security 

has a higher weight in the low-beta portfolio. The same is then done for the high-beta securities in the 

high-beta portfolios. The outcome is equation 3.15. 

The QMJ-factor was created by Asness, Frazzini, & Pedersen (2013) and was also based on the 

same framework of Fama-French where they go long in high-quality stocks, and short low-quality 

stocks. This factor stands out from the rest as it is created by the authors from multiple components 

and might be subject to data-mining biases. However, as described in the literature review, they make 
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an effort in minimizing this bias by using several different performance measures for each component. 

Analogous to the BAB-factor, they computed global portfolios by weighting each country’s portfolio 

by the country’s lagged market capitalization. Recall that the factors are constructed as six value-

weighted portfolios, where the intersection is the conditional sort of size and quality. The total QMJ 

return is then the average return of the big and small, high-quality portfolios, minus the average return 

of the big and small, low-quality portfolios (see equation 3.23). 

Note that the medium-sized portfolios are excluded in the calculation of the return, leaving 

four portfolios. The datasets of these factors are maintained and updated monthly by AQR Capital 

Management.  

4.1.3. Exchange-Traded Funds 
In the section on mimicking portfolios, we investigate the systematic style regarding both the factor-

dataset and ETFs. Investigating the mutual funds’ style apropos of the ETFs adds a realistic touch to 

our study as the investment style is implementable. However, ETFs are rarely a perfect substitute for 

the theoretical factor-dataset due to practical issues, such as transaction costs, regulations, etc. 

Therefore, selecting an appropriate ETF can be difficult and is not an exact science. Rather, it 

demonstrates what an implementable search strategy could look like and what it would yield. Given 

the practical issues at hand, one would expect that substituting investable ETFs for the theoretical 

factor-dataset should yield lower returns.  

As discussed in section 2.1, most Danish mutual funds are subject to UCITS requirements when 

implementing their investment strategies. These requirements make choosing appropriate ETFs both 

easier and harder than if it were a non-UCITS fund. It is easier because it narrows our sample of ETFs 

to choose from making it quick work. It is harder because the sample of ETFs is much smaller than if 

we would consider the entire world. Nevertheless, for a pragmatic touch, we choose UCITS ETFs only. 

We used Datastream as our source of UCITS ETFs. We accessed the ETF page of the database 

and used the “Advanced search” function. There, we searched for UCITS in the primary field and added 

the following words in the secondary field separately: 

• S&P 500. Proxy for MKT. 

• Value: Proxy for HML. 

• Small: Proxy for SMB. 

• Momentum: Proxy for UMD. 

• Volatility: Proxy for BAB. 

• Quality: Proxy for QMJ. 
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Afterwards, we assessed whether the ETFs were truly UCITS by checking the name of the ETF. 

If it had UCITS in the name, we inferred that it was an UCITS ETF and consequently, should not be a 

problem for the Danish mutual fund to invest in. The ETF does not need to have UCITS in its name for 

UCITS fund to be allowed to invest. However, it saves time and energy in searching for different criteria 

of other ETFs that fall under the UCITS requirements. Thereafter, we assessed the ETFs available with 

respect to age and objective. We required “old” ETFs to give us more robust results. Therefore, we 

started with the oldest ETF and worked our way to the other end of the spectrum. Finally, we 

considered the currency of the ETF as we only wanted ETFs that were denominated in EUR. The reason 

being that the DKK is pegged to the EUR so there should be no currency-specific returns and other 

differences, implicit in the different currencies, are minimized, e.g. different inflation and interest 

rates. However, we convert the prices from EUR to DKK using end of month exchange rates from 

Danmark Statistik’s website (see Appendix E). When we found a candidate, we checked its investment 

objective on www.morningstar.co.uk or the ETFs own website. If the objective coincided mostly with 

the relevant factor, then we chose that ETF.  

This process resulted in the following six ETFs: 

Table 4.3: Summary of chosen ETFs 

ETF name Proxy for ISIN Year of initiation TER3 

Standard and Poor’s Depository 
Receipt MSCI ACWI ETF 

MKT IE00B44Z5B48 2011 0,40% 

Russell 2000 United States Small 
(AMS) Cap Go Ucits ETF 

SML IE00B3CNHJ55 2008 0,46% 

SPDR Portfolio S&P 500 Value ETF HML US78464A5083 2009 0,04% 

Powershares DQA Nasdaq 
Momentum (Berlin) Portfolio ETF 

UMD US73935X2036 2011 0,50%4 

SPDR S&P 500 Low Volatility 
UCITS ETF 

BAB IE00B802KR88 2012 0,35% 

Lyxor SG Global Quality Income 
NTR Ucits ETF – Dist 

QMJ LU0832436512 2012 0,45% 

 

As discussed above, the ETFs are not perfect substitutes for the factor-dataset. The first four 

ETFs are suitable substitutes for the corresponding theoretical factors, but the last two are fairly 

different. The proxy for the BAB-factor is the SPDR S&P 500 Low Volatility UCITS ETF. This ETF’s 

objective is to: 

                                                           
3 As of 17.4.2018 
4 Ongoing charge not displayed. This value is the Max Annual Management Charge from 
www.morningstar.co.uk 

http://www.morningstar.co.uk/
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“track the equity market performance of large US companies which historically have 

exhibited low volatility characteristics. It aims to do this by tracking the S&P 500 Low Volatility 

Index as closely as possible” (Morningstar, 2018c).  

The similarities between the BAB-factor and the Low-Volatility ETF are mainly the use of 

standard deviation in determining their variables. Volatility is usually measured by the security’s 

standard deviation, and the BAB-factor uses the security’s beta to determine whether to go long or 

short the security. Since the beta is highly influenced by the security’s standard deviation, one would 

expect that the volatility moves in sync with the beta of the security. However, this need not be the 

case. Ang (2014, p. 340) created a volatility factor, similar to the BAB-factor from Frazzini and Pedersen 

(2014). He determined that the two factors are largely comparable, except for the correlation. 

Apparently the two factors have low correlation of only -9%. These anomalies are therefore distinct. 

Ang continues to suggest that these factors are complementary and should be used together when 

determining an investment strategy. However, since we are unable to invest in a specific BAB ETF, we 

choose the most comparable factor ETF which is a form of a volatility ETF, i.e. the SPDR S&P 500 Low 

Volatility UCITS ETF.  

The quality ETF, Lyxor SG Global Quality Income NTR Ucits ETF – Dist, has the objective to: 

“…track the benchmark index SG Global Quality Income NTR. The SG Global Quality Income 

NTR Index tracks companies with attractive and sustainable dividends recognizing that in the 

long run, dividends have dominated equity returns while higher risk has not provided higher 

rewards. In that respect, the index methodology defines an investment universe of non 

financial companies having a free float adjusted market capitalization of at least US$ 3bn 

from developed countries (Morningstar, 2018a).” 

Clearly, this is not the exact same factor as the Quality factor from Asness et al. (2013). 

However, they do share some of the characteristics, such as the dividend and the low-risk variables. 

The Quality factor includes the payout ratio of dividends and considers the low-risk part, which 

materializes in the required return variable of the Quality factor.  

There are many ways to perform this study and by no account is our implementation the only 

correct way. As mentioned above, it is only meant to demonstrate how these investment strategies 

can be implemented in reality, and whether this particular investment strategy will compare to the 

actual returns of the Danish mutual funds.  
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4.2. Treatment of data 

In this subchapter, we explain how the gathered data will be processed. All the data was inserted into 

R-studio, a free statistical software with an open-source platform so users are able to program 

different packages which others can benefit from (RStudio Team, 2016). The following R-packages 

were used for the statistical analysis. 

• PerformanceAnalytics (Peterson & Carl, 2014) 

• quantmod (Ryan & Ulrich, 2017) 

• car (Fox & Weisberg, 2011) 

• lsei (Wang, Lawson, & Hanson, 2017) 

• ggplot2 (Wickham, 2009) 

• ggcorrplot (Kassambara, 2016) 

• GGally (Schloerke et al., 2017) 

• stargazer (Marek, 2015) 

4.2.1. Methodology for the factor model 

Before it is possible to do the analysis, the data needs to be manipulated in a way that R-studio can 

read and process it, e.g. formatting the date, naming the columns etc. As some of the manipulation is 

standard formatting and unnecessary to describe in this section, we refer to Appendix A for full 

description of the code. Conversely, we explain what we consider to be the essential parts of our data 

analysis in R-studio here. 

First, we considered the dependent variables, i.e. our sample of Danish mutual funds. For 

simplicity, we demonstrate the data processing using BankInvest Basis Globale Aktier A (datatype 

“bankinv”) as an example. We used the same methodology and did the same steps for the other eight 

mutual funds. The mutual funds were divided into three separate categories, according to their 

investment style, i.e. Core-, Growth-, and Value-funds. 

Next, we adjusted the frequency of the data-points from daily to monthly closing prices. This 

method was also applied in Buffett’s alpha (Frazzini et al., 2013), mostly due to volatility issues as daily 

data is much more volatile than monthly data and can give a skewed picture of the dataset (Viens, 

Mariani, & Florescu, 2012, p. 212). This was accomplished by writing bankinvest_xts <- 

bankinvest[endpoints(bankinvest_xts, on = "months")]. Finally, we calculated the returns by using the 

“Delt” function: bankinvest_returns <- Delt(bankinvest_xts). The “Delt” function calculates the k-

period percent difference (Ryan & Ulrich, 2017). This final variable, bankinvest_return, was then used 

in the regressions concerning BankInvest Basis Globale Aktier A. This process was repeated for the 

other mutual funds, and their corresponding datatypes used in the regressions may be found in Table 

4.4 below. 
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Table 4.4: Fund datatypes in R-studio 

Fund name Datatype 

BankInvest Basis Globale Aktier A 
bankinvest_returns only for adjusted closing prices 
bankinvest_long_returns for the whole period 

BLS Invest Globale Aktier KL blsinvest_returns 

Handelsinvest Verden Udb handelsinvest_returns 

Maj Invest Value Aktier majinvest_returns 

MS Invest Value Aktier msinvest_returns 

Nordea Invest Stabile Aktier Udb nordeainvest_returns 

Sparinvest Momentum Aktier Akk KL A sparinvest_returns 

Sydinvest Verden Ligevægt & Value A DKK sydinvest_returns 

ValueInvest Global A valueinvest_returns 

 

The factor-dataset was copied from the AQR website (Asness, Frazzini, et al., 2017a, 2017b) 

and merged so it could be imported directly to R-studio (datatype “factors_xts”). As the factors 

already included the returns at each point in time, no other manipulation of the data was required. 

4.2.1.1. Descriptive statistics 

Next, we consider codes to portray descriptive statistics of each mutual fund and the factors. The 

mutual funds are divided into three different groups according to their investment style in the 

Morningstar Style box. In cases where using time-series data of the risk-free rate was not possible, we 

calculated the average risk-free rate and inserted it. It is made explicit when this average rate is used, 

otherwise the time-series of the risk-free rate is used where appropriate. The average risk-free rate is 

calculated as the mean of the US-Treasury bill rate (datatype “risk_free_rate”), which resulted in 2,9% 

for the total time period. 

We create charts of cumulative returns, monthly returns and drawdowns by writing:  

# Plotting the cumulative returns, monthly return and drawdown 
charts.PerformanceSummary(bankinvest_returns, wealth.index = 1, legend.loc 
      = "topleft", main = "BankInvest Performance") 

which is from the PerformanceAnalytics package. Furthermore, we display the interquartile range of 

the returns by simply writing summary(bankinvest_returns). The same process was repeated for the 

other mutual funds and all the factors. 

We then turn to distribution statistics which will show us whether the returns are skewed on 

either side of zero or if they are relatively stable or not. We considered the skewness and kurtosis. In 

addition, we used the UpsideFrequency function to calculate the upside frequency with a minimum 
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acceptable return above the risk-free rate. Finally, we considered the value-at-risk measurement to 

quantify the level of risk at a given confidence level. In our case, we utilized the 95% confidence level. 

That is, which return accounted as a threshold for the bottom 5% of the mutual fund’s distribution. 

For the Core group of mutual funds, the code is written as:  

core_dist_summary <- lapply(core_fund_list, function(x) rbind( 
  Skewness = skewness(x), Kurtosis = kurtosis(x), 
  UpsideFrequency(x, MAR = 0) 
  VaR(x, p = 0.95))) 

the same process was repeated for the other groups of mutual funds and all the factors.  

We performed additional analysis which was factor-specific. First, we created a correlation 

matrix for the factors. This was done by calculating the correlation (datatype “factorcorrelation”) and 

the probability of the correlation being zero (datatype “global_pmat”) where we used the functions 

“cor” and “cor_pmat” respectively. Second, we created the plot itself by writing:  

ggcorrplot(factorcorrelation, lab =T, outline.col = "white", type = "upper
, 
           show.diag = T, lab_col = "gray25", colors = c("red4", "white", 
  "royalblue4"), p.mat = global_pmat) 

Alongside these distribution statistics, we used a boxplot with whiskers. This is accomplished 

by using the “boxplot” function from R (RStudio Team, 2016). The plot displays a box that shows where 

50% of the values are located and the whiskers show where the most extreme values would be, if the 

fund follows a normal distribution with the same skewness and kurtosis. Furthermore, separate circles 

show observed outliers. 

4.2.1.2. Performance measures 

Finally, we considered the performance measures of each mutual fund and the factors. The mutual 

funds are grouped together according to their investment style as before. In addition to showing the 

standard measures of annualized return and standard deviation over each mutual fund’s life-cycle, we 

presented the annualized Sharpe ratio, information ratio, Jensen’s alpha and the Treynor ratio. For the 

Core group of mutual funds, the code is written as: 

# Creating a summary table of the Core-funds 
core_summary <- lapply(core_fund_list,function (x) rbind( 
  "Annualized Return" = Return.annualized(x),  
  "Annualized Standard Deviation" = StdDev.annualized(x), 
  Sharpe = SharpeRatio.annualized(x,geometric = FALSE), 
  "Information Ratio" = InformationRatio(x, factors_xts[,2]), 
  "Jensen's alpha" = CAPM.alpha(x, factors_xts[,2]), 
  "Treynor Ratio" = TreynorRatio(x, factors_xts[,2]))) 
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the same process was repeated for the other groups of mutual funds and all factors. 

4.2.1.3. The regression models 

Time-series regressions were performed for each mutual fund with the factor-dataset from AQR 

Capital Management as the benchmark (Asness, Frazzini, et al., 2017a, 2017b). We made use of the 

Ordinary Least Squares estimation (OLS-model). The OLS-model is by far the most prevalent regression 

model in econometric analyses done today (Nikolopoulos, 2004, p. 117). Moreover, it was used by 

Frazzini et al. (2013) in their study of Buffett’s alpha. The OLS-model estimates a regression line that 

is as close to the observed value as possible. It calculates the distance between the observed value and 

a theoretical regression line, takes the square of that number to get rid of the negative values, and 

subsequently sums these distances together. The line that produces the minimum sum of distances is 

the estimated regression line (Nikolopoulos, 2004, p. 114). In our example of a complete Six-factor 

model, we have a regression line in this format:  

𝐸[𝑟𝑖] − 𝑟𝑓 = 𝛼 + 𝛽𝑖𝑚 × (𝐸[𝑟𝑚] −  𝑟𝑓) + 𝑠𝑖𝑆𝑀𝐵 +  ℎ𝑖𝐻𝑀𝐿 + 𝑚𝑖𝑈𝑀𝐷 + 𝑏𝑖𝐵𝐴𝐵 + 𝑞𝑖𝑄𝑀𝐽 + 𝜖𝑖 4.1 

where 𝜖 is the error term and is estimated to be zero (𝐸(𝜖) = 0). However, in reality, 𝜖 is a positive 

number as it is the difference between the observed value and the estimated regression line, a number 

which the OLS estimated regression line seeks to minimize. More formally: 

𝜖𝑖 = (𝐸[𝑟𝑖] − 𝑟𝑓) − (𝛼 + 𝛽𝑖𝑚 × (𝐸[𝑟𝑚] −  𝑟𝑓) + 𝑠𝑖𝑆𝑀𝐵 

+ ℎ𝑖𝐻𝑀𝐿 + 𝑚𝑖𝑈𝑀𝐷 + 𝑏𝑖𝐵𝐴𝐵 + 𝑞𝑖𝑄𝑀𝐽) 
4.2 

 

where we minimize the sum of squares: 

∑(𝐸[𝑟𝑖] − 𝑟𝑓) − (
𝛼 + 𝛽𝑖𝑚 × (𝐸[𝑟𝑚] −  𝑟𝑓) + 𝑠𝑖𝑆𝑀𝐵

+ ℎ𝑖𝐻𝑀𝐿 + 𝑚𝑖𝑈𝑀𝐷 + 𝑏𝑖𝐵𝐴𝐵 + 𝑞𝑖𝑄𝑀𝐽
)

𝑛

𝑖=1

2

 4.3 

 

In addition to the above complete, Six-factor model, we did a series of other regressions to get 

a better picture of each factor’s effect. First, we regressed each mutual fund’s excess return on the 

global market portfolio to decipher the mutual funds’ beta (MKT). Second, we regressed each mutual 

fund’s excess return on the three factors of the Fama-French model (MKT + SMB + HML). Third, we 

regressed each mutual fund’s excess return on the market and momentum, Betting against beta, 

Quality minus junk respectively (MKT + UMD; MKT + BAB; MKT + QMJ). Fourth, we looked at the 

interplay between the Fama-French three-factor model and the momentum, Betting against beta and 



43 
 

Quality minus junk respectively (MKT + SMB + HML + UMD; MKT + SMB + HML + BAB; MKT + SMB + 

HML + QMJ). Finally, we considered the interplay between Carhart’s four-factor model (1997) and 

Betting against beta on one hand, and Quality minus junk on the other (MKT + SMB + HML + UMD + 

BAB, MKT + SMB + HML + UMD + QMJ).  

In R-studio, we wrote a code in a generic list-format of all regressions as follows:  

# Creating the list of regressions we will use 
list_reg <- list(Return_RF~Market,  
                 Return_RF~Market + SMB + HML,  
                 Return_RF~Market + UMD, 
                 Return_RF~Market + BAB, 
                 Return_RF~Market + QMJ, 
                 Return_RF~Market + SMB + HML + BAB, 
                 Return_RF~Market + SMB + HML + QMJ, 
                 Return_RF~Market + SMB + HML + UMD,  
                 Return_RF~Market + SMB + HML + UMD + QMJ, 
                 Return_RF~Market + SMB + HML + UMD + BAB,  
                 Return_RF~Market + SMB + HML + UMD + BAB + QMJ) 

This generic list-format can be applied to all of the mutual funds individually. However, first we needed 

to merge each dataset, i.e. the fund’s excess return and the factor-returns. We turn again to the 

example of BankInvest and we merge the datasets by writing the following:  

# Creating the data for the regression 
bankinv_reg <- merge(bankinvest_long_returns,factors_xts, join = "outer") 
# Moving return values to factors end-of-month dates 
bankinv_reg[,1] <- na.locf(bankinv_reg[,1]) 
# removing NA values 
bankinv_reg <- na.omit(bankinv_reg) 
# Creating the return minus risk free rate 
bankinv_reg <- transform(bankinv_reg, Return_RF = Return - RF) 

Thereafter, we applied the generic list-format to the merged dataset (bankinv_reg) and used the 

“stargazer” function to create a regression table by writing:  

# Creating the model for the global factors 
model_bankinv <- lapply(list_reg, function(x) lm(x, data = bankinv_reg)) 
# Stargazer text output of the regression tables 
stargazer(model_bankinv[1:2], type = "text",single.row = TRUE, 
          title = "BankInvest", column.labels = list_reg_names) 

The process was repeated for all the other mutual funds.  
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4.2.1.4. Hypothesis testing 

There are three main hypothesis tests that we performed for the primary regressions. First, the 

significance of the alpha for each regression is tested. The null hypothesis is that the alpha is not 

statistically different from zero against the two-sided hypothesis that it is. Specifically: 

𝐻0: 𝛼𝑖 = 0 

𝐻1: 𝛼𝑖 ≠ 0 
4.4 

  

where the subscript 𝑖 refers to each individual fund. If the alpha is insignificant then we can infer that 

the factors within the relevant regression model explain the returns sufficiently, given the applied 

benchmark.  

Second, the null hypothesis that each coefficient of the factors is insignificant against the two-

sided alternative that it is not. Specifically: 

𝐻0: 𝛽𝑖,𝑗 = 𝛽𝑖,0 

𝐻1: 𝛽𝑖,𝑗 ≠ 𝛽𝑖,0 

 

4.5 

where the subscript 𝑗 refers to each factor. If 𝛽𝑖,𝑗 is statistically significant (i.e. statistically different 

from zero), we can infer that the factor has predictive properties with regards to the return.  

Third, the joint hypothesis that the alphas and betas across the mutual funds are insignificant. 

Specifically: 

𝐻0: 𝛽𝑀𝐾𝑇,𝑖
𝑎𝑣𝑔

= 0, 𝛽𝑆𝑀𝐵,𝑖
𝑎𝑣𝑔

= 0, 𝛽𝐻𝑀𝐿,𝑖
𝑎𝑣𝑔

= 0, 𝛽𝑈𝑀𝐷,𝑖
𝑎𝑣𝑔

= 0, 𝛽𝐵𝐴𝐵,𝑖
𝑎𝑣𝑔

= 0, 𝛽𝑄𝑀𝐽,𝑖
𝑎𝑣𝑔

= 0 

𝐻1: 𝛽𝑗,𝑖 ≠ 0, 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑗, 𝑗 = 𝑀𝐾𝑇, … , 𝑄𝑀𝐽. 
4.6 

  

For hypotheses one and two, we utilized the t-test to determine the significance. The t-test 

calculates the range of standard errors the value is likely to land in. The minimum amount of t-value 

required by most academics is 1,96, which gives the probability of 95% that the value lands within the 

specified range. The t-test is calculated so: 

𝑡 =
�̂�𝑗 − 𝛽𝑗,0

𝑆𝐸(�̂�𝑗)
 4.7 

 

where �̂�𝑗 is the estimated coefficient and 𝛽𝑗,0 is the value which the coefficient is tested against. 

𝑆𝐸(�̂�𝑗) is the standard error of the estimated coefficient. Consequently, if the absolute value of the t-

statistic is 1,96 or larger, we reject 𝐻0. The t-test is also used to determine whether the beta coefficient 
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of the MSCI Developed World Index is statistically different from the beta coefficient of the MSCI ACWI 

Index in section 4.1.2. 

For the third hypothesis, we utilized the homoscedastic-only F-statistic to determine the 

significance. The F-statistic tests a joint hypothesis on the coefficients. The formula is integrated in R-

studio, however, for the sake of consistency, we present the formula here: 

𝐹 =

𝑆𝑆𝑅𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 − 𝑆𝑆𝑅𝑢𝑛𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑
𝑞

𝑆𝑆𝑅𝑢𝑛𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑
𝑛 − 𝑘𝑢𝑛𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 − 1

 4.8 

 

where we have two regressions, a restricted and unrestricted. The restricted regression forces the null 

hypothesis to be true, whilst the unrestricted allows the alternative hypothesis to be true. 𝑆𝑆𝑅 is then 

the sum of squared residuals for each regression and 𝑞 is the number of restrictions and 𝑘𝑢𝑛𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 

is the number of regressors in the unrestricted regression (Nikolopoulos, 2004, pp. 221–225).  

To determine the amount of predictability that the factors have on the returns, we utilized the 

adjusted R-squared, or �̅�2. The adjusted R-squared, as the name implies, adjusts R-squared 

downwards because R-squared usually increases when a new regressor is added to the mix and gives 

an upward biased estimate. The formula for the simple R-squared is: 

𝑅2 =
𝐸𝑆𝑆

𝑇𝑆𝑆
= 1 −

𝑆𝑆𝑅

𝑇𝑆𝑆
 4.9 

 

where  

𝐸𝑆𝑆 = ∑ (�̂�𝑖 − �̅�)
2𝑛

𝑖=1   𝐸𝑆𝑆 is the explained sum of squares and �̂�𝑖  is the estimated 

     value and �̅� is the average. 

𝑇𝑆𝑆 =  ∑ (𝑌𝑖 − �̅�)2𝑛
𝑖=1     𝑇𝑆𝑆 is the total sum of squares and 𝑌𝑖  is the observed value. 

 

When adding a new regressor, the SSR always either decreases or stays the same. If the 

regressor has absolutely no explanatory power, then SSR stays the same. However, if it has some 

explanatory power, SSR decreases and the R-squared increases. The adjusted R-squared adds the 

following adjustment-factor to the original formula: 

𝑛 − 1

𝑛 − 𝑘 − 1
 4.10 
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where the end result is: 

�̅�2 = 1 −
𝑛 − 1

𝑛 − 𝑘 − 1
∗

𝑆𝑆𝑅

𝑇𝑆𝑆
 4.11 

 

This factor now adjusts for the regressors where the 𝑘 indicates the number of regressors. On 

the one hand, the adjusted R-squared increases due to the SSR effects, but on the other, it decreases 

by 𝑘. Therefore, the effect of adding one more regressor (decrease SSR) needs to be stronger than the 

effect of the adjustment-factor (increase 
𝑛−1

𝑛−𝑘−1
) (Nikolopoulos, 2004, p. 193). 

When checking for multicollinearity in the model, we examined the correlation between our 

factor variables. When the absolute value of correlation between factors is high, there is increased risk 

of multicollinearity. Additionally, in models with more than two variables, the interplay between the 

factors may cause multicollinearity problems (Studenmund, 2017, p. 233). A measure of the severity 

of multicollinearity is the variance inflation factor (VIF). The VIF measures how much the variance of a 

coefficient increases due to multicollinearity. We used the “vif” function from the car package (Fox & 

Weisberg, 2011), to check for multicollinearity in the different factor models. As implied by the name, 

the function measures how inflated the variance of a factor’s coefficient is. A rule of thumb VIF-value 

cited for possible multicollinearity problems is above five. However, this number should increase when 

new factors are introduced (Studenmund, 2017, p. 234). 

4.2.2. Methodology for mimicking portfolios 

A mimicking portfolio is a portfolio that mimics a company’s investment strategy and seeks to recreate 

the company’s returns by applying the strategy to indices or ETFs. A mimicking portfolio is also termed 

as “style analysis”, i.e. “a factor benchmark where the factor exposures evolve through time” (Ang, 

2014, p. 323). 

Frazzini et al. (2013) created a systematic investment strategy using mimicking portfolios in 

their article on Buffett’s alpha. First, they conducted a univariate regression of excess returns on the 

market portfolio to isolate the beta. Next, they moved the beta on the left-hand-side of the regression 

and regressed on the remaining five factors to capture the factor tilts. Thereafter they scaled the tilts, 

so they matched Berkshire Hathaway’s idiosyncratic risk to simulate the use of leverage. The final 

regression looked like this: 

𝑟𝑡
𝐵𝑢𝑓𝑓𝑒𝑡 𝑠𝑡𝑦𝑙𝑒

= 𝑟𝑡
𝑓

+ 𝛽𝐵𝑢𝑓𝑓𝑒𝑡𝑡𝑀𝐾𝑇𝑡 + 𝑟𝑡
𝐴𝑐𝑡𝑖𝑣𝑒 4.12 
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where 𝑟𝑡
𝐴𝑐𝑡𝑖𝑣𝑒 are the risk-adjusted factor tilts of the other Carhart + BABs. They used 60 months to 

determine the factor tilts at time 𝑡 and rolled it on a monthly basis. Therefore, the portfolio was 

rebalanced every month to correspond to the investment strategy for the past 60 months. 

The results were comparable to Buffett’s actual return. However, the systematic investment 

strategy did not account for transaction costs and other costs and should therefore be discounted. The 

reason behind conducting the systematic investment strategy is to observe the covariation between 

the actual returns and the mimicking portfolios. That is to say, it may be possible to recreate Buffett’s 

returns by implementing a simple factor-strategy. However, the benchmark was a theoretical factor-

portfolio that is not implementable.  

Ang (2014, p. 324) seeks to rectify the shortcomings of not being able to trade on the 

investment strategy by using ETFs that represent the Fama-French factors. He uses SPY: SPDR S&P 500 

ETF to mimic the market factor; SPYV: SPDR S&P 500 Value ETF to mimic the value factor; and SPYG: 

SPDR S&P 500 Growth ETF to mimic the growth factor. 

In addition, Ang (2014, p. 325) imposed restrictions on the regression. These restrictions were 

the same ones discussed in section 3.3.1. Namely, a restriction that forces the coefficients to sum up 

to one so there is no leverage allowed, and a restriction that forces the coefficients to be positive to 

prohibit shorting resulting in a positive-weighted portfolio. Ang also used the previous 60 months to 

determine the factor loadings. As UCITS funds are not allowed direct shorting (only synthetic) and have 

limited leverage allowances, we decided to use Ang’s method of style analysis.  

First, we conducted a theoretical systematic investment strategy using AQR’s factor portfolio. 

Then, we created an implementable investment strategy using ETFs selected in section 4.1.3. The same 

code was used for both scenarios, with only a change in the independent variable.  

As in the examples of Ang (2014, p. 325) and Frazzini et al. (2013), we used t-60 months to 

create the weights at time 𝑡. However, for the ETFs this period was reduced to 18 months since most 

of them were quite new. To calculate the factor/ETF weights at each time, we applied a loop function 

in R-studio with the “lsei” regression-function (Wang et al., 2017). The “lsei” function allows for 

constraints in the regression where we can apply the no-shorting and no-leverage constraints.   

In the example of BankInvest with factor weights, the following loop function was used:  

# We use Least Squares Solution under Equality and Inequality Constraints 
for (i in window.len:bankinv_dates){ 
  # We create an index for what data points to use 
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  window.index = (i - window.len + 1) : i 
  cc <- t(rep(1,6)) 
  dd <- 1 
   
  # The first iteration initiates the variable 
  if (i == window.len){ 
    # We use a lsei function to find the portfolio weights 
    lsei_mimic_bankinv = rbind(lsei(a = bankinv_reg[window.index,3:8], 
                                    b = bankinv_reg[window.index,9], 
                                    c = cc, d = dd, lower = 0)) 
    # We skip to the next iteration 
    next} 
   
  # In the rest of the iterations we create the next variables 
  lsei_mimic_bankinv = rbind(lsei_mimic_bankinv, 
                             lsei(a = bankinv_reg[window.index,3:8], 
                                  b = bankinv_reg[window.index,9], 
                                  c = cc, d = dd, lower = 0))} 

where bankinv_dates is the number of rows of the dataset.  

We then converted the dataset to an “xts” format. Subsequently, we had a dataset 

(lsei_mim_bankinv.xts) with factor weights at each point in time (i.e. monthly), starting from 

30.11.2007. The next step was to multiply observed factor weights at time 𝑡, with the corresponding 

factor returns at time 𝑡 + 1 and sum them all together to get the total return at time 𝑡 + 1. The next 

iteration then took factor weights at time 𝑡 + 1 and multiplied them with returns at time 𝑡 + 2 and so 

on.  To do this, we applied another loop function so:  

# Calculating the returns of the mimicking portfolio with a for loop 
for (i in 1:(length(lsei_mim_bankinv_xts[,1])-1)){ 
  # The first iteration initiates the variable 
  if (i == 1){mimic_returns_bankinv <- rbind( 
    lsei_mim_bankinv_xts[i]%*%as.vector(bankinv_reg[(60+i), 3:8])) 
  # We skip to the following iteration 
  next} 
   
  # The rest of the iterations calculate the rest of the returns 
  mimic_returns_bankinv <- rbind( 
    mimic_returns_bankinv, 
    lsei_mim_bankinv_xts[i]%*%as.vector(bankinv_reg[(60+i), 3:8]))} 

# Naming the column of the mimicking portfolio returns 
colnames(mimic_returns_bankinv) <- c("Factor Returns") 
# We create a xts object using the same dates as before 
mimic_returns_bankinv_xts <- xts(mimic_returns_bankinv, 
  order.by = index(bankinv_reg[61:bankinv_dates])) 
mimic_returns_bankinv_xts <- merge(mimic_returns_bankinv_xts,  
                                   factors_xts[,2], join = "outer") 
mimic_returns_bankinv_xts <- na.locf(mimic_returns_bankinv_xts) 



49 
 

mimic_returns_bankinv_xts <- na.omit(mimic_returns_bankinv_xts) 
mimic_returns_bankinv_xts <- (mimic_returns_bankinv_xts[,1] 
                              - mimic_returns_bankinv_xts[,2]) 

Finally, we have the total excess returns within the dataset mimic_returns_bankinv_xts. We 

applied the same codes as in the previous section where we calculated distribution and performance 

measures. The whole process was then repeated for the other eight mutual funds, and again with 

regards to the ETFs. 

Note that the alpha was not added to the returns at each point in time as Ang (2014, p. 325) 

did. However, as shown in our results, we did not observe a significant alpha in our regressions. 

Therefore, the impact of excluding the alpha from our calculations should be insignificant. 

Additionally, note that Ang (2014, p. 325) included a growth-ETF to account for the HML-factor. 

We chose not to do so, as ETFs that cover all of the short-components of the factors do not exist, e.g. 

a junk-ETF for the QMJ-factor. It would be possible to replicate a tradable Fama-French three-factor 

model using value, growth, small cap and large cap ETFs. However, considering that the UCITS universe 

is long-only, we chose not to do so. An implication of using only the long spectrums of the factors is 

that it is more difficult to measure the manager’s skill in market timing. That is, when the factors 

experience bad times, the manager switches tactics to go long the other short-component of the 

spectrum. An example of this can be found in Ang’s (2014, p. 326) study on Berkshire Hathaway, where 

Buffett switched to a growth strategy during the financial crisis. In addition, this may come to a 

disadvantage for the Growth-funds, as their growth-tilted strategies will not be directly observable, 

both for the factors and ETFs. 

4.3. Data quality 

When performing these types of studies, biases and other data quality issues may surface. Not all of 

these biases and data quality issues can be mitigated (Pedersen, 2015, p. 49). Nevertheless, we seek 

to minimize the biases and mention them, so the reader can make an educated inference of the 

results’ robustness. 

4.3.1. Survivorship- and selection bias 

It is important to mention that our sample of data might experience survivorship- and selection bias. 

Our selection process is strict and excludes a great deal of good mutual funds. However, it is necessary 

to achieve the required number of observations and get the best results possible. As mentioned earlier, 

many academics have studied the performance of mutual funds and have found them 

underperforming (Ang, 2014, p. 532; Cumby & Glen, 1990; Fama & French, 2010). Seeing as our 
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research is to study the alpha, i.e. excess returns, of Danish mutual funds, we require the best 

performing mutual funds within Denmark to do so. Therefore, with this study, we seek to depict the 

best-case scenario of Danish mutual funds’ performance. Consequently, mutual funds that have 

disappeared through the process of mergers or dissolution due to poor performance are not included; 

giving rise to survivorship bias. In addition, the funds’ reported performance may be overstated as it 

may not account for previous funds that the company ran. Carhart et al. (2002) found that the 

difference in risk-adjusted returns between alive funds and dead funds was 3,7%.  

This brings up another question concerning whether the Morningstar Rating is an appropriate 

measure of Danish mutual funds’ performance. Performance can be measured in numerous ways, as 

described in section 3.1, and it is difficult to determine which performance measure is the “best” one. 

In reality, performance of a fund manager is relative, specifically to that of the investor. Investors have 

different desires for their investments, and a good result from a performance measure can be terrific 

news for one investor, whilst being unwelcome for another. The most mentioned characteristic of an 

investor is her risk-averseness, and as a consequence, most performance measures include risk-

adjustment. Nevertheless, there are other investor traits that needs to be accounted for; such as want 

for ethical investments, sustainable investments and simple personal eccentricities (Lewis & 

Mackenzie, 2000). This is impractical to do. Nonetheless, it demonstrates the fact that no performance 

measure is universally correct. 

4.3.2. Time period 

The tested time period of the mutual funds is not as long as we would have wanted. We search for 

mutual funds that have long time periods, whilst not jeopardizing the performance aspect of the search 

criteria. As discussed above, the Danish mutual fund industry is quite young in comparison to the US, 

which is where the studies we base our research on were performed (Carhart, 1997; Fama & French, 

1993; Frazzini et al., 2013; Frazzini & Pedersen, 2014). We managed to find nine mutual funds that had 

a time period of around 10 years or more.  

Most of the mutual funds do not experience the irrational behaviour during the internet 

bubble that occurred around the millennia, and some do not experience the boom following the 

recovery of the internet bubble which peaked in 2007. Regardless, having data with a longer period 

than 10 years does not necessarily provide desirable results, i.e. an observable alpha. When Ang (2014, 

p. 324) studied Berkshire’s excess returns with data from 1990 versus 2001, he found that the alpha 

measured with the data from 2001 was insignificant, contrary to the alpha calculated with the data 
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from 1990. He then mentions that “Detecting statistical significance of outperformance is hard, even 

in samples of more than ten years”. 

4.3.3. Data mining bias 

Data mining bias is a credible threat to factor-research. By observing past data and looking for patterns, 

we are either intentionally or unintentionally displaying data mining biases. These patterns may be 

there by chance and not as a “natural” construct or law. Furthermore, some patterns disappear when 

realized. The SMB-factor is an excellent sample of a pattern that disappeared when it was discovered.  

Investors realized that there was a size-premium and they utilized it until the premium was no more 

(Ang, 2014, p. 229).  

To mitigate this data mining bias, it is recommended to perform an out-of-sample study 

(Pedersen, 2015, p. 50; Studenmund, 2017, p. 172). In our example, this means to create mimicking 

portfolios that use the patterns discovered at time t, to predict the returns at time t+1. The strategy is 

implemented on a contemporaneous basis, which mitigates the hindsight bias of the investment 

strategy and backtests it appropriately (Pedersen, 2015, p. 49). For further description of the 

methodology for the mimicking portfolios, please refer to section 4.2.2. 

In summary, some of these biases are unavoidable, but we seek to minimize them where we 

can. However, it should not discredit our results in any way, given the scope of the study. Additionally, 

the tested period is short, but unavoidable as is justified above. However, time and further research 

will hopefully give a better estimate of factor-investments within the Danish mutual fund industry.  
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5. RESULTS 

In this chapter we present our findings with regards to the three research questions discussed in 

section 1.2. First, we analyse the descriptive statistics for the mutual funds and the factors. Second, 

we perform our primary analysis, where we determine QMJ’s significance in our sample. Finally, we 

present an in-depth analysis of the factor-loadings over time, where we apply style-analysis to the 

theoretical factor dataset and our ETF sample. 

5.1. Data descriptive statistics 

5.1.1. Distribution statistics 
At first glance, Maj Invest and Sparinvest stand out with a particularly high excess kurtosis. This 

suggests that these mutual funds display the most stable returns of the sample, since values rarely 

deviate from the mean. However, Maj Invest experiences less negative skewness than Sparinvest, 

suggesting that Maj Invest’s returns are higher than those of Sparinvest. 

The distributions of the Core-funds are shown in Figure 5.1: Core-funds excess returns boxplot. 

The funds all have very similar medians, along with upper and lower-quartiles. The three funds only 

differ slightly in medians where BankInvest has the highest value of 0,77% with a lower-quartile of  

-1,44% and upper-quartile at 2,76%. Maj Invest has a median of 0,61% with the quartiles -1.47% and 

2,99%. ValueInvest median is 0,49% and 

quartiles are -1,41% and 2,44%. 

The three funds only differ slightly in the 

average monthly return where BankInvest is 

the lowest. This occurs due to a large 

number of negative outliers in the fund’s 

returns. Maj Invest also has outliers, 

however, they are more equally distributed 

than those of BankInvest. ValueInvest is the 

most stable of the three funds where we 

observe less extreme outliers than those of the other funds. 

Table 5.1 displays distribution statistics for the Core-funds. The average skewness of the Core-

funds is -0,6053 with an upside frequency of 56,90% and an excess kurtosis of 1,3724. The Core-funds’ 

excess kurtosis is pulled up by Maj Invest’s high kurtosis value. The average median of excess returns 

for the funds is 0,62%, and the funds are fairly close to that value. The upper and lower-quartiles are 

on average 2,73% and -1,44%. Interestingly, even though Maj Invest has the highest kurtosis, it does 

Figure 5.1: Core-funds excess returns boxplot 
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not have the tightest spread between the upper and lower-quartiles. On the contrary, it exhibits the 

widest spread of the three funds, suggesting it experiences high volatility.  

Table 5.1: Distribution statistics for Core mutual funds 

 BankInvest ValueInvest Maj Invest Core average 

Skewness -0,7607 -0,4803 -0,5749 -0,6053 

Excess Kurtosis 0,9568 1,1043 2,0560 1,3724 

Upside Frequency 
(MAR = Risk free rate) 

58,01% 57,14% 55,56% 56,90% 

Excess returns distribution 

Median  0,77% 0,49% 0,61% 0,62% 

Upper-quartile 2,76% 2,44% 2,99% 2,73% 

Lower-quartile -1,44% -1,41% -1,47% -1,44% 

 
Upon examination of Table 5.1 and Figure 5.1, we see that the excess kurtosis is highest for 

Maj Invest. This means that BankInvest and ValueInvest have a return distribution that has fatter tails. 

This is confirmed in the boxplot, where a larger number of outliers suggests a wider distribution than 

the standard normal distribution. This explains the low average return of the funds and their negative 

skewness. 

Examination of the Growth-funds distribution statistics table (see Appendix C, Table 5) and 

boxplot figure (see Appendix C, Figure 2) shows a very similar distribution of the Core-funds returns. 

However, there are some differences between the group’s average. The Growth-funds have slightly 

less negative skewness and a greater median, along with a wider spread between the upper- and 

lower-quartiles. Sparinvest has the widest spread of the funds, while BLS Invest has a higher upper-

quartile, and Handelsinvest pushes the average quartile spread down with its poor lower-quartile. The 

excess kurtosis is slightly larger for the Growth-funds, caused by the extreme excess kurtosis value of 

Sparinvest. BLS Invest curtails the inflated value with its low excess kurtosis. 

From the boxplot we see that both Sparinvest and Handelsinvest have a sizeable number of 

negative outliers while the latter has wider whiskers than BLS Invest. BLS Invest exhibits more stable 

returns compared to the other Growth-funds. To summarize, the Growth-funds have a fat tailed 

distribution of returns, especially Handelsinvest. 

Finally, when we compare the Value-funds to the other groups, we observe a larger negative 

skewness and a similar excess kurtosis (see Appendix C, Table 9). However, the Value-funds have an 

excess kurtosis that is above average, when Maj Invest and Sparinvest are excluded from the other 
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groups. The Value-funds have the smallest upper-quartiles of the three groups, a higher median, and 

a further negative lower-quartile. The excess kurtosis of Sydinvest is the highest of the three funds 

while it has the largest negative skewness. When we examine the boxplot for the Value-funds (see 

Appendix C, figure 3) we see that Sydinvest has the widest distribution and the largest number of 

negative outliers. The other Value-funds have a tighter distribution with a similar amount of positive 

and negative outliers. 

BankInvest, Sparinvest and Sydinvest experience the worst skewness, meaning that it is more 

likely for these mutual funds to experience low returns. Additionally, BankInvest and Sydinvest 

experience the lowest upside frequency, suggesting that these are the worst performing funds in our 

sample. The upside frequency for the other funds are similar, with Maj Invest having the lowest and 

Handelsinvest the highest. ValueInvest exhibits the highest skewness and the second highest upside 

frequency, suggesting it is an excellent fund to invest in. However, their excess kurtosis is below 

average meaning that they may experience high volatility in returns. 

If we look at the average within each group, we can see that Growth-funds seem to exhibit the 

most stable returns with an excess kurtosis of 1,6167. In addition, it also has the lowest upside 

frequency, albeit not largely different from the other groups. However, the Growth-funds exhibit the 

smallest absolute skewness, suggesting that they have the least downside risk. To summarize, Growth-

funds seem to have the most stable investment strategy as they have relatively high skewness and 

excess kurtosis. However, this comes at a price of a lower upside frequency. 

5.1.2. Performance measures 
Below in tables 5.2 – 5.4, a summary of performance measures for each investment type group may 

be found. The Information ratio is calculated manually for the mutual funds, where we take Jensen’s 

alpha and divide it by the residual standard error. The other measures are calculated automatically by 

R-studio.  

In addition, we present a cumulative return chart that shows the comparison between the 

mutual funds. Note that Handelsinvest has the longest period by far, which may skew the comparison 

a bit. Moreover, note that all the funds experienced a significant decrease in returns in 2008. Even 

though Handelsinvest started slightly above the other funds at that point in time, it has done well since 

then. Furthermore, ValueInvest and BLS Invest perform the best besides Handelsinvest, whilst Nordea 

Invest and Sydinvest perform the worst of the sample. 
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Figure 5.2: Cumulative returns for the mutual funds 

 
By comparing the mutual funds individually, we see that BLS Invest has the highest returns of 

8,89%, and also the highest Sharpe ratio of 0,6324. Jensen’s alpha of BLS Invest is also the highest, 

reaching 0,33%. However, none of the Jensen’s alphas are statistically significant. Seeing that no 

Jensen’s alphas are significant, it is difficult to assess the information ratio. However, if we assume 

that these are the true Jensen’s alphas then we can determine that BLS Invest’s information ratio is 

the highest. 

If we look at risk-adjusted returns with the beta as the denominator (i.e. Treynor ratio), we see 

that BLS Invest has the highest risk-adjusted returns. Clearly, according to the summary below, BLS 

Invest is the best performing fund of the sample. The source for this performance seems to be its high 

returns. Its volatility is indeed slightly below the average of each group, but not by much. Additionally, 

the dispersion of its returns is very close to the average of each group. Consequently, the fund’s stock 

picking abilities seem to be better than average of this sample, as it manages to pick stocks that 

consistently achieve high returns. Indeed, its average return of 8,89% is significantly higher than the 

averages of the groups, specifically 2,53% - 5,07%.  

Interestingly, BLS Invest is the only mutual fund that is not a UCITS fund in our sample. 

Although the sample is not large enough to address this issue further, it raises the question whether 

the UCITS framework is hindering funds in achieving higher risk-adjusted returns. Note that BLS Invest 

was initiated in September 2008. Even though it had started right before the financial crisis, which was 

at its height in October 2008, it may have missed out in some decreases of the market leading up to 

the crisis. This could explain its high returns compared to the rest of the sample. Nonetheless, it is still 

an impressive performance. 
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Sydinvest exhibits annualized returns that are close to zero. This shines a poor light on this 

fund as investors could have invested in risk-free assets instead and avoided any risk. Looking at 

Sydinvest’s volatility we notice that it is in the top half of the sample, which goes against what we 

know about the CAPM and the implicit positive correlation between return and risk. Indeed, when we 

plot the returns and standard deviations of the funds, we observe a flat Capital Market Line, showing 

little to no correlation between return and risk (see Appendix C, Figure 4). 

By comparing these results to the distribution statistics observed earlier, we further confirm 

the poor performance of Sydinvest as its returns are significantly negatively skewed. Consequently, 

Sydinvest seems to be the worst performing fund of our sample. In addition, notice that ValueInvest 

displays distribution statistics that are average in almost all aspects. This materializes in the 

performance measures above average in most aspects. It has a higher average return than the 

averages of Core- and Growth-funds. When we adjust the returns to risk, we find that its Sharpe ratio 

is the second highest and the Treynor ratio is the third highest of the sample. Therefore, by combining 

the information from the distribution statistics and performance measures, we conclude that investing 

in BLS Invest will give you the highest returns but not the best stability. But then again, investing in 

ValueInvest will give you acceptable and stable returns. There is not a clear winner here as it depends 

on the risk-averseness of the investor which of these two funds she should invest in.  

The average of each investment type group is not meant to display the portfolio average, as 

these are not meant to be portfolios, rather an indication of which investment type delivers the best 

results. However, the sample is not large enough to give a robust answer to this question, but it is 

interesting nonetheless. There is a clear indication to which group delivers the best performance as 

the Growth-funds have better measures in every category. The average return of the Growth-funds is 

5,07% with Core-funds following with only 3,89%. In addition, the Growth-funds exhibit the highest 

average Sharpe-ratio of 0,3467 where Core-funds are runners-up again with a Sharpe-ratio of 0,2906. 

The most interesting result here is the fact that Value-funds deliver the worst performance of 

the three groups. Historically, academia has shown that the Value-strategy delivers the best returns 

over the long-run (Ang, 2014, p. 213; MSCI Inc., 2018). This discrepancy might be due to a selection 

bias and there may be other listed Value-funds in Denmark that deliver much better results. The poor 

performance of Sydinvest may also be skewing the average performance of Value-funds downwards 

in a similar manner of BLS Invest skewing the average performance of Growth-funds upwards. 

However, assuming that the Morningstar Grading and the Morningstar Style Box are robust selection 



57 
 

criteria, it offers the question whether Value-funds in Denmark are picking value-stocks successfully. 

Either that or value-stocks in their global holdings do not carry the famous value risk-premium. 

The Core-funds display stability in performance measures and distribution statistics which are 

on par. There are no extreme cases in the Growth- and Value-funds, and all the Core-funds perform 

relatively well. If we exclude the exceptional performance of BLS Invest and the poor performance by 

Sydinvest, then these results confirm that mixing the two strategies can yield better and more stable 

returns. 

Table 5.2: Summary of performance measures for Core-funds 

Annualized BankInvest ValueInvest Maj Invest Core average 

Excess Return 3,19% 4,08% 4,40% 3,89% 

Standard deviation 13,18% 11,72% 15,62% 13,51% 

Sharpe ratio  0,2421 0,3481 0,2816 0,2906 

Residual standard error 10,05% 10,05% 13,51% 11,20% 

Jensen’s alpha -0,18% 0,09% 0,06% -0,01% 

Information ratio -0,0179 0,0090 0,0044 -0,0015 

Treynor ratio  0,0402 0,0908 0,0630 0,0647 

 
Table 5.3: Summary of performance measures for Growth-funds 

Annualized BLS Invest Sparinvest Handelsinvest Growth average 

Excess Return 8,89% 3,20% 3,13% 5,07% 

Standard deviation 14,05% 15,41% 15,69% 15,05% 

Sharpe ratio 0,6324 0,2079 0,1997 0,3467 

Residual standard error 11,43% 9,70% 11,43% 10,85% 

Jensen’s alpha 0,33% -0,07% -0,08% 0,06% 

Information ratio 0,0289 -0,0072 -0,0070 0,0049 

Treynor ratio 0,1656 0,0275 0,0267 0,0733 

 
Table 5.4: Summary of performance measures for Value-funds 

Annualized Nordea Invest MS Invest Sydinvest Value average 

Excess Return 2,56% 4,51% 0,52% 2,53% 

Standard deviation 11,14% 13,77% 14,35% 13,09% 

Sharpe ratio 0,2301 0,3279 0,0364 0,1981 

Residual standard error 9,70% 12,82% 11,09% 11,20% 

Jensen’s alpha 0,04% 0,16% -0,3% -0,03% 

Information ratio 0,0041 0,0125 -0,0271 -0,0035 

Treynor ratio 0,0594 0,1092 -0,0092 0,0531 

 



58 
 

5.1.3. Factor statistics 
In addition to covering descriptive statistics for the mutual funds, we consider the factor portfolio to 

better observe their properties and whether they are in line with the theory. Recall that the factor-

portfolio data is from 1989 to year-end 2017. Table 5.5 and Table 5.6 display the statistics used in this 

section. 

Recall that the risk-free rate is the US-Treasury Bill. It is positively skewed, meaning that it is 

more likely that the risk-free rate is above its mean. It has a negative kurtosis, meaning it is platykurtic, 

i.e. its distribution is flat. Indeed, observing a plot of its distribution shows how the value is more likely 

to be on either side of the mean, even more so above it as the skewness specifies. Intuitively, the risk-

free rate does not display normal distribution as its values are non-random as it is decided by the FED 

at each point in time. The performance measures confirm that the risk-free rate is practically risk-free 

as its annualized standard deviation is only 0,68%. 

The market-factor is negatively skewed and has a relatively flat distribution as the kurtosis is 

rather low. This indicates that its negative tail is quite large which implies it is a risky factor. This is 

further confirmed by its high standard deviation. Indeed, it is the riskiest factor of the Six-factors when 

we compare it to the rest. This is not surprising as there is no implied hedge within the market factor 

as with the other factors. However, it provides an average upside frequency, but at a high price, as can 

be seen by its low Sharpe ratio. Consequently, the market factor is in line with the theory, stating that 

the market gives high returns, a risk-premium, to compensate investors for the large losses in bad 

times (Ang, 2014, p. 226).  

The HML-factor is consistently profitable and has been over the last fifty years (Ang, 2014, p. 

230). Indeed, the MSCI consider the value-factor to be the most profitable factor of them all over the 

long-term (MSCI Inc., 2018). Its descriptive statistics affirm this statement further. It has the highest 

skewness of the lot, meaning it is more likely the value is above its mean than below. Additionally, it 

has the second highest kurtosis, meaning it has few outliers and its values are usually close to its mean, 

implying stability of the factor. Its performance measures are moderate with a Sharpe ratio of 0.4795, 

which is neither high nor low. Therefore, it is a robust factor but with moderate returns, which can 

give it a competitive advantage over other factors over the long-term. 

The SMB-factor gives the lowest return, which results in the lowest Sharpe ratio as well. In 

addition, it has the lowest upside frequency of only 43,86% probability the value is above its mean. It 

is by far, the worst-performing factor of the lot. These statistics are in line with the theory, which states 
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that the SMB-factor has disappeared after investors utilized the premium when it was first discovered 

(Ang, 2014, p. 229).  

The UMD-factor is very profitable with the second-highest annualized return and third-highest 

Sharpe-ratio. In addition, it has the highest kurtosis of the factors. Therefore, the factor’s tails are 

extremely thin, suggesting that it is unlikely that extreme values occur and giving it a robust and stable 

picture. However, its skewness is negative, and it has the lowest recorded monthly return. 

Consequently, we can infer that the factor is typically stable and robust with high returns, but in those 

rare cases it experiences bad times, it performs extremely poorly. This is somewhat in line with the 

theory that states that the factor receives a risk-premium due to its time-varying risk and liquidity-risk 

(Chordia & Shivakumar, 2002; Pástor & Stambaugh, 2003). However, historically the momentum-factor 

has shown consistent negative returns during bad times for long periods (Daniel & Moskowitz, 2016). 

Therefore, it would be expected that the momentum-factor would display fatter tails, i.e. lower 

kurtosis in this example. 

The BAB- and QMJ-factors are new and not much has been written on them. In addition, these 

factors were constructed by the authors themselves and, therefore, discussing whether they are in line 

with the theory behind them is pointless. However, it is interesting to see how they compare to the 

other factors. These two factors have the highest Sharpe ratio of all the factors with the BAB-factor 

being the highest by far. In addition, they exhibit relatively stable returns as their kurtosis is around 

the median of the factors. It is interesting to see if these factors maintain their excellent performance 

in the future and in other geographic markets. 

Table 5.5: Distributive statistics for the factors 

 RF Market HML SMB UMD BAB QMJ 

Skewness 0,2479 -0,6607 0,5656 0,2278 -1,6593 -0,3236 0,0521 

Excess Kurtosis -1,1989 1,7237 4,7655 1,3538 10,9011 1,8402 1,2121 

Upside Frequency 
(MAR = Risk free rate) 

0% 59,36% 50,88% 43,86% 61,40% 66,08% 59,36% 

 
Table 5.6: Performance measures for the factors 

Annualized RF Market HML SMB UMD BAB QMJ 

Median 2,96% 10,42% 3,04% 0,35% 11,35% 12,08% 4,84% 

Return 2,86% 5,54% 3,70% 0,28% 7,96% 9,94% 5,54% 

Standard 
Deviation 

0,68% 15,19% 7,28% 6,57% 13,33% 9,67% 7,77% 

Sharpe Ratio 4,1776 0,1765 0,4795 0,0093 0,5448 1,0229 0,6907 
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Monthly 
Minimum 

-0,01% -20,22% -8,34% -6,65% -28,27% -9,36% -7,61% 

Monthly 
Maximum                           

0,67% 11,96% 12,12% 8,39% 14,17% 10,46% 8,08% 

 

5.2. Regression analysis 
In this chapter we will examine the results of our regressions. We begin by looking at each fund, using 

the regression tables from Appendix B. Table 5.7: BankInvest Regression results (Long period) is 

displayed as an example of the regression tables where we begin considering the CAPM model of each 

fund and end up with the Six-factor model. The main models of interest represent the last three 

columns of the regression tables, i.e. the Carhart + QMJ, Carhart + BAB and the Six-factor models. 

Thereafter, we consider observed trends across the funds’ regressions. Finally, we perform a QMJ-

specific statistical analysis.  

5.2.1. Regression results 
The regression results include over 500 different coefficients overall. Discussing and displaying each 

coefficient is excessive and beyond the scope of the thesis. Therefore, to minimize irrelevant 

information and keep a clear structure, we consider one factor at a time for each fund and discuss its 

development through the models. The terms model and regression are used interchangeably from 

now on. 

5.2.1.1. BankInvest 

Recall that there were two regressions done for BankInvest, considering that the available information 

did not include adjusted closing prices before 2011. Therefore, the long period includes both the 

unadjusted- and adjusted closing prices, whilst the short period includes only adjusted closing prices. 

We present an example of regression results in Table 5.7 which is for the long period (see Appendix B, 

Table 13 for the short period). 

Alpha 

In the CAPM, Fama-French and Carhart regressions the alpha is stable at -0,002 with standard error of 

0,002. We see a change in the alpha coefficient in the Carhart + BAB regression to -0,0004. However, 

in the Six-factor model the alpha reverts and becomes -0,001 with a standard error of 0,003. None of 

the alphas are statistically significant in any model. This is also true for the short period with only 

adjusted closing prices. 
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Market Beta 

The market factor does not change much between CAPM and Fama-French model, but increases in the 

Carhart model (0,616), increases again in the Carhart + BAB model (0,624) and reaches its highest value 

in the Six-factor model of 0,656. The market factor is a bit different in the short period where it starts 

higher in the CAPM regression (0,622) and reaches its highest point in the CAPM + QMJ model. 

Nevertheless, the second highest value is in the Six-factor model where it reaches 0,749. All the betas 

are statistically significant. 

Fama-French Factors 

The Fama-French factors are not statistically significant and the adjusted R2 is reduced to 0,427 in the 

Fama-French regression, from 0,429 in the CAPM regression. The coefficient for SMB is only 0,058 in 

the Fama-French regression and increases to 0,215 in the Six-factor model. The HML-coefficient 

changes less; going from -0.175 to -0,113 within the same models. In the short period, the HML-

coefficient becomes statistically significant at the 90% level in the Fama-French + BAB-model, where it 

displays its lowest value of -0,424. 

Momentum 

In the Carhart-model, the momentum factor coefficient is 0,087 with no statistical significance. The 

coefficient for UMD becomes statistically significant at 95% level in the Carhart + BAB model with a 

positive loading of 0,146 along with an increase in the adjusted R2. Finally, UMD has statistical 

significance at 10% in the Six-factor model with a coefficient of 0,138, along with a small decrease in 

adjusted R2. In the short period, the UMD-coefficient is never statistically significant and can be found 

on either side of zero when looking at all the models.  

Betting against beta 

The fifth factor, BAB, has only minor changes between the Carhart + BAB and Six-factor models, and is 

statistically significant at the 95% level in both, with a coefficient of -0,234 and -0,247 respectively. It 

is still statistically significant in the short period, but with more extreme loadings of -0,697 and 0,764 

in the Carhart + BAB- and Six-factor-model respectively. 

Quality minus junk 

Our main variable of interest, the QMJ, has a coefficient of 0,103 in the Six-factor model but is 

insignificant. In fact, when the variable is paired with the CAPM, Fama-French or Carhart factors, there 

is never a statistically significant QMJ-coefficient produced. We can see that in the CAPM + QMJ model, 

the factor has a lower standard error (0,160) and coefficient (0,072) than in the Six-factor model (0,223 

and 0,103 respectively). The Fama-French + QMJ model causes the model to increase the standard 



62 
 

error (0,204) while the coefficient decreases (0,066). The Carhart + QMJ model displays the largest 

change of the QMJ-factor, where the coefficient becomes negative (-0.036) with a small decrease in 

the standard error compared to the Six-factor model. The only model where the QMJ-coefficient 

becomes statistically significant is in the CAPM + QMJ-model in the short period of BankInvest. There, 

it has a positive loading of 0,413. 

BankInvest Summary 

The regression of BankInvest shows that the world market index does not sufficiently explain the 

fund’s returns as the MKT coefficient is only 0,580 and the adjusted R2 is 0,429. The Six-factor model 

does increase the adjusted R2, however, the maximum value observed is for the Carhart + BAB model 

where it reaches 0,443. Examining the regression results for the Six-factor model, we notice that the 

only factors with a statistically significant coefficient are Market, UMD and BAB. In the short period, 

the UMD-coefficient becomes insignificant, but the Market and BAB become more extreme. 

We can say with some certainty, based on the statistically significant coefficients, that the 

fund’s investment strategy focuses on high-beta companies based on the negative loading on the BAB-

factor. Conversely, the fund experiences low market beta in the long period. These contradicting facts 

suggest that the fund is indeed focusing on high-beta stocks, whilst diversifying away its market 

exposure, possibly by using other hedging instruments, e.g. options. Additionally, the fund invests in 

companies that have gone up in the past 12 months, given the positive loading on the UMD-factor in 

the long period. Looking at the insignificant coefficients, the fund’s style leans more towards investing 

in large growth-companies given Fama-French’s interpretation (see section 3.2.2). Even though the 

HML-coefficient is never significant, it is interesting to see that it is consistently negative, both in the 

long- and short period, and even becomes significant in the Fama-French + BAB model in the short 

period. Given that BankInvest is listed as a core-fund, we would have expected to see the HML-

coefficient occur on both sides of zero. An important addendum is that the effects of the quality-factor 

may only randomly occur, since some regressions show a negative loading, while others show a 

positive loading. 
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Table 5.7: BankInvest Regression results (Long period) 

 CAPM 
Fama-
French 

CAPM + 
UMD 

CAPM + 
BAB 

CAPM + 
QMJ 

Fama-French 
+ BAB 

Fama-French 
+ QMJ 

Carhart 
Carhart + 

QMJ 
Carhart + 

BAB 
Six-factor 

model 

Market 
0,580*** 
(0,050) 

0,590*** 
(0,053) 

0,613*** 
(0,054) 

0,578*** 
(0,050) 

0,610*** 
(0,082) 

0,583*** 
(0,053) 

0,612*** 
(0,088) 

0,616*** 
(0,056) 

0,605*** 
(0,088) 

0,624*** 
(0,056) 

0,656*** 
(0,090) 

SMB  0,058 
(0,150) 

   0,101 
(0,152) 

0,090 
(0,180) 

0,081 
(0,150) 

0,065 
(0,180) 

0,164 
(0,153) 

0,215 
(0,190) 

HML  -0,175 
(0,146) 

   -0,184 
(0,146) 

-0,158 
(0,156) 

-0,144 
(0,148) 

-0,152 
(0,156) 

-0,137 
(0,146) 

-0,113  
(0,155) 

UMD   0,093 
(0,063) 

    0,087 
(0,064) 

0,091 
(0,069) 

0,146** 
(0,069) 

0,138*  
(0,071) 

BAB    -0,134 
(0,095) 

 -0,149 
(0,097) 

   -0,234** 
(0,104) 

-0,247** 
(0,108) 

QMJ     0,072 
(0,160) 

 0,066 
(0,204) 

 -0,036 
(0,218) 

 0,103 
(0,223) 

Alpha 
-0,002 
(0,002) 

-0,002 
(0,002) 

-0,002 
(0,002) 

-0,0005 
(0,002) 

-0,002 
(0,002) 

-0,0001 
(0,002) 

-0,002 
(0,003) 

-0,002 
(0,002) 

-0,002 
(0,003) 

-0,0004 
(0,002) 

-0,001  
(0,003) 

Observations 181 181 181 181 181 181 181 181 181 181 181 

R2 0,432 0,437 0,439 0,438 0,433 0,444 0,437 0,443 0,443 0,458 0,459 

Adjusted R2 0,429 0,427 0,433 0,432 0,426 0,432 0,424 0,430 0,427 0,443 0,440 

Residual Std. 
Error 

0,029 
(df = 179) 

0,029 
(df = 177) 

0,029 
(df = 178) 

0,029 
(df = 178) 

0,029 
(df = 178) 

0,029 
(df = 176) 

0,029 
(df = 176) 

0,029 
(df = 176) 

0,029 
(df = 175) 

0,028 
(df = 175) 

0,028 
(df = 174) 

F Statistic 
136,189*** 
(df = 1; 179) 

45,775*** 
(df = 3;177) 

69,654*** 
(df = 2;178) 

69,473*** 
(df = 2;178) 

67,894*** 
(df = 2;178) 

35,185*** 
(df = 4; 176) 

34,184*** 
(df = 4; 176) 

34,958*** 
(df = 4;176) 

27,817*** 
(df = 5; 175) 

29,627*** 
(df = 5; 175) 

24,613*** 
(df = 6; 174) 

Note: *p<0,1; **p<0,05; ***p<0,01 
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5.2.1.2. ValueInvest5 

Alpha 

The alpha is 0,001 with a standard error of 0,002 for both the CAPM- and Fama-French regressions, 

while the alpha increases in the Carhart and Carhart + BAB regressions, reaching 0,003. In the final Six-

factor regression, we see the alpha drop to 0,002 while the standard error increases to 0,003. However, 

none of the alphas were statistically significant. 

Market Beta 

The coefficient for the market remains very similar for the first four models: 0,379 in the CAPM, 0,382 

in the Fama-French model, 0,375 in the Carhart model, and then 0,378 in the Carhart + BAB model. In 

the Six-factor regression the market coefficient jumps up to 0,437, with an increase in the standard 

error to 0,091. Nevertheless, all betas are statistically significant.  

Fama-French Factors 

The SMB-factor is statistically insignificant in all regressions, having the coefficient 0,038 in the Fama-

French model and remains almost the same in the Carhart model. The factor becomes larger in both 

the Carhart + BAB and Six-factor models, ending at 0,205 with an increase in the standard error. The 

HML-coefficient is -0,096 in the CAPM regression, with a similar value in the Carhart model. The 

coefficient moves closer to zero in the Carhart + BAB (-0,055) and Six-factor model where it ends at  

-0,020. Nevertheless, the HML-coefficient is consistently negative. 

Momentum 

The UMD-factor is very close to zero in all regressions, thus, not reaching statistical significance in any 

model. The value of the coefficient is -0,020 in the Carhart model, increasing to 0,043 in the Carhart + 

BAB regression and finally settles at 0,026 in the Six-factor model regression. 

Betting against beta 

The BAB-coefficient is consistently negative for the fund, starting at -0,188 with a standard error of 

0,099 in the Carhart + BAB model, and decreasing even further to -0,220 with a slightly increased 

standard error of 0,107. The BAB-factor is statistically significant at the 90% level in the Carhart + BAB 

regression and at the 95% level in the Six-factor model. 

Quality minus junk 

The QMJ-factor has a value of 0,183 with a standard error of 0,221 in the Six-factor model. However, 

it is statistically insignificant across all the models. In the CAPM + QMJ-, and Fama-French + QMJ 

                                                           
5 ValueInvest‘s regression results can be found in table 14, Appendix B. 
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regressions, the factor is close to zero with a lower standard error than in the Six-factor regression. 

The Carhart + QMJ regression gives an increased standard error of 0,208 while becoming only slightly 

larger than in the CAPM + QMJ-, and Fama-French + QMJ regressions. 

ValueInvest Summary 

The regression table of ValueInvest shows that the fund is well hedged against movements in the 

market, with a market coefficient of only 0,379 in the CAPM regression. At the same time the adjusted 

R2 is only 0,239. The highest observed adjusted R2 value is for the CAPM + BAB model, with a value of 

0,248, while the Carhart + BAB model’s value is the highest of our main models, with a value of 0,240. 

ValueInvest has two statistically significant factors in the Six-factor model: Market and BAB.  

Analogous to BankInvest, ValueInvest focuses on high-beta stocks while diversifying away the 

market exposure. However, ValueInvest does not exhibit a significant loading on the UMD-factor, 

albeit still being slightly positive. Otherwise, ValueInvest exhibits the exact same strategy as 

BankInvest. 

5.2.1.3. Maj Invest6 

Alpha 

The alpha for Maj Invest does not change in the CAPM-, Fama-French- and Carhart regressions, having 

the value of 0,001 and a standard error of 0,003. A change occurs in the Carhart + BAB model where 

the alpha increases to 0,004, while the standard error remains the same. The alpha of the Six-factor 

model decreases to 0,0004 with the standard error of 0,004. Overall, none of the alphas are statistically 

significant from zero. 

Market Beta 

There is little movement on the market-coefficient. It decreases from 0,509 in the CAPM to 0,487 in 

the Carhart model. Finally, the market-coefficient increases to its all-time high of 0,675 in the Six-factor 

model. 

Fama-French Factors 

The Fama-French factors are not statistically significant in the original model. However, the SMB-

coefficient becomes statistically significant once the BAB-factor is added to the model, having a value 

of 0,417. In the Six-factor model, the SMB-factor remains significant, reaching a value of 0,696 with a 

                                                           
6 Maj Invest’s regression results can be found in table 15, Appendix B. 
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standard error of 0,288. The HML-coefficient is consistently negative but statistically insignificant with 

a value of -0,119 in the Six-factor model. 

Momentum 

The momentum-coefficient is slightly negative but not statistically significant and with a standard error 

greater than the coefficient in all cases. The coefficient becomes positive in the Carhart + BAB model 

while it becomes negative in the Six-factor model but is extremely small (-0,008). 

Betting against beta 

The BAB-coefficient is consistently negative and statistically significant in all cases. In fact, it is 

statistically significant at the 95% level in both the Carhart + BAB- and Six-factor models. The value is -

0,416 to -0,448 respectively, with the same standard error.  

Quality minus junk 

The QMJ-factor is not statistically significant but has a value of 0,547 with a high standard error of 

0,336 in the Six-factor model. When observing other models that include the QMJ-factor we still see a 

positive coefficient, although not statistically significant. The values of the coefficient go from a 

minimum value of 0,111 in the CAPM + QMJ model, up to a maximum value of 0,547 in the Six-factor 

model. 

Maj Invest Summary 

The regression results show that Maj Invest hardly follows the world market index, with a market-

coefficient of 0,509 and the adjusted R2 of only 0,262. The Six-factor model provides the highest 

adjusted R2 where it reaches 0,289. Continuing with the same model, we have three statistically 

significant factors: Market, SMB, and BAB. 

Maj Invest has a significant part of their portfolio in small companies. Similar to the other  

Core-funds, Maj Invest focuses on high-beta stocks, however, in greater proportions (apart from the 

short period of BankInvest). Consequently, it exhibits higher market beta than that of the other Core-

funds. Outside of that the strategy tends to have more exposure to growth than value. Finally, the 

strategy keeps neutral with respect to momentum stocks but exerts heavy loadings on quality stocks. 
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5.2.1.4. BLS Invest7 

Alpha 

An examination of the fund’s alpha showed that they were statistically insignificant in all regressions. 

The alpha is 0,003 with the same value for the standard error in the CAPM. The highest alpha value is 

in the Carhart + BAB model where we get closest to a statistical significance, with a coefficient of 0,005 

with no change in the standard error. We then see an increase in the alpha’s standard error after the 

QMJ-factor is introduced and a small drop in the coefficient. 

Market Beta 

All betas are statistically significant from zero. The fund’s market beta starts at 0,495 and increases to 

0,548 when the Fama-French factors are introduced. There is a miniscule decrease in the Carhart-

model, but it increases again in the Carhart + BAB model to 0,561 and ends up jumping to 0,639 in the 

Six-factor model. 

Fama-French Factors 

The Fama-French regression produces an insignificant SMB-factor with a value of 0,119, dropping 

slightly in the Carhart model, while increasing to 0,310 in the Carhart + BAB model. Finally, in the Six-

factor model the SMB-factor jumps up to 0,445 and becomes statistically significant at the 95% level, 

with a standard error of 0,282. The HML-factor is statistically significant across all regressions, having 

a negative loading of -0,519 in the Fama-French regression. It is unchanged in the Carhart model but 

increases to -0,609 in the Carhart + BAB model. In the Six-factor regression the factor becomes -0,540 

with a standard error of 0,215. 

Momentum 

The UMD-factor is statistically insignificant in all regressions. In the Carhart model we have a coefficient 

of -0,004 and a standard error of 0,090. We see an increase to 0,083 in the Carhart + BAB model and a 

decrease in the Six-factor model to 0,059. 

Betting against beta 

The BAB-factor is statistically significant at the 95% level with a substantial negative coefficient of  

-0,417 and a standard error of 0,172 in the Carhart + BAB model. The Six-factor model increases the 

absolute value of the coefficient to -0,444 whilst still being statistically significant. Interestingly, it is 

only statistically significant when the Fama-French factors are introduced.  

                                                           
7 BLS Invest‘s regression results can be found in table 16, Appendix B. 
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Quality minus junk 

The coefficient of QMJ is positive but statistically insignificant with a value of 0,270 and a standard 

error of 0,303 in the Six-factor model. When we look at the results from adding the variable to the 

other regressions, the factor fluctuates in and between 0,118 to 0,270. The coefficient is relatively 

stable across the different models, where the closest to a statistical significance occurs in the CAPM + 

QMJ model, where we have a coefficient of 0,230 and a standard error of 0,222. 

BLS Invest Summary 

The first Growth-fund we look at is the most successful of the nine funds in our sample. The regression 

table for BLS Invest shows us that the CAPM beta for the fund is relatively low. In addition, the CAPM 

regression has the lowest adjusted R2 (0,324) of all regressions, which jumps up when the Fama-French 

factors are added. The highest adjusted R2 is in the Carhart + BAB model, with a value of 0,376, while 

the Six-factor model has similar value of 0,375. The BLS Invest has a statistically significant factor 

loading on Market, SMB, HML, and BAB in the Six-factor model. 

Hypothesizing about the investment strategy of BLS Invest based on the factors, we can infer 

that the company tends to invest in high-beta stocks, based on the BAB-coefficient. The market beta 

is relatively low in all regressions, suggesting that the fund hedges against market exposure. The fund 

has an exposure to small companies, but mainly invests in large-cap. Being a Growth-fund, it is not 

surprising to see that the fund focuses on growth companies. From the statistically insignificant factors 

we see that the fund may occasionally invest in quality companies, whilst avoiding momentum 

exposure.  

5.2.1.5. Sparinvest8 

Alpha 

The alpha is consistently insignificant throughout the regressions. Nevertheless, it has a negative value 

of -0,0004 in the Six-factor- and Fama-French model. In the Carhart + BAB model the alpha becomes 

positive (0,004). 

Market Beta 

From the regression table of Sparinvest, we notice that the market beta for the fund is quite high, 

having the lowest value of 0,729 overall. In the CAPM regression, the market beta is 0,734. 

Furthermore, the market beta is at its highest in the Six-factor model, where it reaches 0,779. 

                                                           
8 Sparinvest’s regression results can be found in table 17, Appendix B. 
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Fama-French Factors 

The HML-factor has the value of -0,240 in the Fama-French model and decreases to -0,274 and -0,272 

when we add the BAB- and UMD-factors respectively. The coefficient decreases even further to -0,282 

in the Carhart + BAB model and settles at -0,251 in the Six-factor regression. The SMB-factor changes 

a bit more throughout the regressions, where the original value is 0,044 with a standard error of 0,205. 

In the last two models it increases to 0,074 and then reaches 0,135, in the Carhart + BAB- and Six-factor 

model respectively. 

Momentum 

The coefficient for UMD is very close to zero in most cases, where it is -0,047 in the Carhart model with 

a standard error of 0,075, and approaches zero even further in the Carhart + BAB model. In the Six-

factor regression we get a coefficient of -0,029. The coefficient is never statistically significant. 

Betting against beta 

For the BAB-factor we get a negative value of -0,118 with a standard error of 0,151 in the Carhart + 

BAB model and the coefficient becomes more negative in the Six-factor model, falling to -0,126. Yet, 

none of the coefficients are statistically significant.  

Quality minus junk 

The QMJ-factor fluctuates around zero in the regression, getting a coefficient of 0,139 with a standard 

error of 0,292 in the Six-factor model. The Fama-French + QMJ model displays the greatest change 

where the coefficient becomes 0,033 with a standard error of 0,267. The Fama-French + QMJ- and 

Carhart + QMJ models have similar coefficients to those of the Six-factor model. 

Sparinvest Summary 

The CAPM regression exhibits the highest adjusted R2 of 0,613 in all our regressions. The adjusted R2 

decreases when other factors are introduced, where it is at its all-time low in the Six-factor model. 

Furthermore, there are no statistically significant variables in the Six-factor model, save for the market 

beta.  

It is difficult to extrapolate anything from these results, as all but one coefficient are 

insignificant from zero. Nonetheless, the fund has high market exposure as the market beta is 

consistently high in all regressions. The factors have no additional explanatory power as the adjusted 

R2 decreases as additional factors are added. Nevertheless, we can infer that the fund invests in large 

companies, which is to be expected. Interpreting the other insignificant coefficients, we notice that 

the fund invests in growth companies but has little to no exposure to momentum. In addition, the fund 



70 
 

invests on occasion in quality companies. Finally, the BAB-coefficients further confirms that the 

company focus on high-beta stocks. 

5.2.1.6. Handelsinvest9 

Alpha 

Handelsinvest alpha has the same standard error of 0,002 in all models. Furthermore, in the CAPM 

model the coefficient is -0,001 and insignificant. The alpha becomes significant when we introduce the 

QMJ-factor. Interestingly, the Six-factor model provides an alpha of 0,005. 

Market Beta 

The fund shows a high beta of 0,713 and a standard error of 0,042 in the CAPM regression. The change 

of the market beta in the Fama-French- and Carhart models is similar, giving the values of 0,694 and 

0,688 respectively. In the Carhart + BAB model we see a continuing downtrend.  Finally, in the Six-

factor model the coefficient decreases to 0,509 with the standard error increasing to 0,058.  

Fama-French Factors 

Moving on to the Fama-French model, the coefficient for HML is -0,390 with a standard error of 0,087 

and is therefore statistically significant at the 99% level. On the other hand, the SMB-factor is only 

statistically significant at the 90% level in the Fama-French three-factor model, getting a coefficient of 

-0,172 and a standard error of 0,096. In the Carhart regression, the SMB- and HML-coefficients 

decrease slightly. Thereafter, in the Carhart + BAB model, the factors decrease where they both 

become statistically insignificant. In the Six-factor model, the coefficient for SMB more than quintuples 

in value from -0,065 to -0,355 and the HML-factor also increases from -0,124 to -0,238. 

Momentum 

Handelsinvest’s UMD-coefficient changes from -0,020 in the Carhart model to 0,124 in the Six-factor 

model where it has a standard error of 0,050. In the Carhart + BAB model, the UMD-coefficient is 0,091 

and is statistically significant at the 90% level. 

Betting against beta 

The BAB-factor is -0,416 in the Carhart + BAB model and is significant at the 99% level. Moreover, the 

coefficient decreases to -0,296 in the Six-factor model. 

                                                           
9 Handelsinvest’s regression results can be found in table 18, Appendix B. 
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Quality minus junk 

The QMJ-coefficient is -0,569 with a standard error of 0,137 in the Six-factor model and is statistically 

significant at 99% across all models. In the Fama-French + QMJ the coefficient is -0,364 and decreases 

to -0,700 in the Carhart + QMJ model. 

Handelsinvest Summary 

The CAPM-regression has an adjusted R2 of 0,465. We observe the highest value of adjusted R2 in the 

Six-factor model regression where it reaches 0,558. All the variables are statistically significant where 

there are two variables significant at the 95% level, and the other five variables at the 99% level, where 

we include the alpha. 

Contrary to Sparinvest, Handelsinvest exhibits statistically significant coefficients for each 

factor. The fund has low exposure to the market when we introduce all the factors, but still prefers 

high-beta stocks as can be seen where the BAB-coefficient is negative. Again, this suggests that the 

fund invests in high-beta stocks, but hedges against the market risk that follows. Along with that the 

company focuses on both large and growth companies. Furthermore, the fund invests in companies 

which exhibit momentum qualities. The fund then seems to systematically seek out junk rather than 

quality, showing a taste for risk. Nevertheless, the fund produces an alpha when the QMJ-factor is 

introduced. This suggests that even though the fund invests in junk-stocks, it does so in a smart way 

and manages to outperform what the model predicts. 

5.2.1.7. Nordea Invest10 

Alpha 

The fund’s alpha in the CAPM regression is 0,0004 and has a standard error of 0,002. In the Fama-

French model the alpha decreases to 0,0002 while the Carhart- and Carhart + BAB models have a 

negative alpha of -0,0001. Both the Carhart + QMJ- and Six-factor models have the same alpha value, 

-0,003, which is also the lowest observed value. 

Market Beta 

Nordea Invest has a CAPM market beta of 0,329 and a standard error of 0,052 and is therefore 

significant. The market-coefficient increases slightly across the CAPM, Fama-French, and Carhart 

model. In the Carhart + QMJ model, the value of the coefficient is 0,507 while the Six-factor model has 

a market beta of 0,510. 

                                                           
10 Nordea Invest’s regression results can be found in table 19, Appendix B. 
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Fama-French Factors 

The Fama-French factors never show statistical significance. Surprisingly, the HML-factor is persistently 

negative and has the coefficient -0,207 in the Fama-French model. There are minor changes in the 

HML-coefficient until the QMJ-factor is introduced, where the coefficient approaches zero, whereas 

the SMB-coefficient goes from -0,040 in the Fama-French model to a value closer to zero in the Carhart- 

and Carhart + BAB models. Subsequently, the Six-factor model produces an SMB-coefficient of 0,211. 

Momentum 

The momentum factor is very close to zero for the fund in all five regressions, where the UMD-

coefficient is 0,059 in the Carhart model. It approaches zero further in the Carhart + QMJ- and Six-

factor regressions.  

Betting against beta 

The BAB-factor, like the UMD-factor, has coefficients close to zero across the regressions. The 

coefficient in the Carhart + BAB regression is 0,004, while it is -0,024 in the Six-factor model. 

Quality minus junk 

The QMJ-coefficient is 0,482 with a standard error of 0,251 in the Six-factor model and is therefore 

significant at the 90% level. Additionally, the factor is statistically significant at the 95% level in the 

CAPM + QMJ and Fama-French + QMJ regressions, where the Carhart + QMJ has the same statistical 

significance as the Six-factor model. There are no drastic changes in the coefficient which moves 

slightly down to 0,403 in the CAPM + QMJ and increases to 0,490 in the Fama-French + QMJ model. 

Nordea Invest Summary 

The adjusted R2 for the CAPM regression is 0,226. The highest adjusted R2 is for the CAPM + QMJ model 

where it reaches 0,250. Of the main models, the Carhart + QMJ model has the highest adjusted R2 with 

a value of 0,239, followed by the Six-factor model’s value of 0,233. The Six-factor model has two 

statistically significant variables: Market and QMJ where QMJ is only statistically significant at the 90% 

level. 

The investment strategy of Nordea Invest is focused on companies with low betas as we see 

no significant loading on the BAB-factor and the market beta is quite low. In addition, the fund focuses 

heavily on quality investments. Looking at the statistically insignificant factors the portfolio is tilted 

towards large companies. Additionally, the fund tends to keep a neutral stance between growth and 

value stocks. Finally, it seems to avoid momentum exposure as the momentum-coefficient is 

consistently close to zero. 
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5.2.1.8. MS Invest11 

Alpha 

The alpha is never statistically significant in any of the regressions. In the CAPM-, Fama-French-, and 

Carhart regressions the alpha is 0,002. In the Carhart + BAB model the alpha is 0,004 while the Six-

factor model shifts the alpha down to -0,001. 

Market Beta 

The fund has a market beta of 0,331 in the CAPM regression and is statistically significant across all 

models. The market beta decreases in the Fama-French- and Carhart regressions to 0,306 and 0,262 

respectively. The Carhart + BAB model shows a minor increase in the market beta, yet, we see a 

substantial increase in the Six-factor model where the market beta almost doubles to a value of 0,492. 

Fama-French Factors 

Considering the Fama-French regression, we observe an SMB-coefficient of 0,144 and an HML-

coefficient of 0,146. The coefficients decrease in the Carhart model to 0,052 and 0,074 respectively. 

Conversely, the coefficients move in opposite directions in the Carhart + BAB model, where the SMB-

coefficient increases to 0,185 and the HML-coefficient decreases to -0,002. The Six-factor model 

inflates the value of both factors, where the SMB-coefficient becomes 0,532 and HML-coefficient 

0,164. Nonetheless, the coefficients are never statistically significant except for the SMB in the Six-

factor model. 

Momentum 

Moving on to the momentum factor, the value of the coefficient from the Carhart model is  

-0,144 and statistically insignificant. The coefficient decreases to -0,209 in the in the Carhart + QMJ 

model, and becomes statistically significant at the 90% level, even though there is a slight increase in 

the standard error from 0,098 to 0,103. It is also significant in the CAPM + UMD model. Conversely, it 

loses its significance in the Carhart + BAB model and the Six-factor model, where the coefficient is  

-0,081 and -0,142 respectively.  

Betting against beta 

The BAB-factor is statistically insignificant in the Carhart + BAB model with a coefficient of  

-0,275. Nevertheless, all other models provide a statistically significant coefficient, where the Six-factor 

model has the coefficient of 0,328 with a standard error of 0,185. 

                                                           
11 MS Invest’s regression results can be found in table 20, Appendix B. 
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Quality minus junk 

The QMJ-coefficient is 0,700, the highest value of all funds, with a standard error of 0,333 in the Six-

factor model, resulting in a statistical significance at the 95% level. Surprisingly, the coefficient 

becomes statistically insignificant in the CAPM + QMJ- and Fama-French + QMJ models where the 

coefficient drops to 0,090 and 0,393 respectively. The Carhart + QMJ model produces a coefficient 

closer to the Six-factor model, with an unchanged standard error and a statistical significance at the 

90% level.  

MS Invest Summary 

The adjusted R2 is low in the CAPM regression, having a value of only 0,155. The highest adjusted R2 is 

observed in the Six-factor regression where it reaches 0,190. Of the six variables of the regression, the 

Market-, SMB-, BAB-, and QMJ-coefficients have statistical significance. 

The Investment strategy based on the four statistically significant factors for MS Invest is that 

the fund invests in quality and high-beta companies, with some exposure to small companies with a 

hedge against the market exposure. The statistically insignificant coefficients display a strategy where 

the fund tends to invest in value companies that have decreased in the past 12 months. It is interesting 

to see the UMD-coefficient become significant in the CAPM + UMD-, and the Carhart + QMJ 

regressions, whilst otherwise being insignificant. 

5.2.1.9. Sydinvest12 

Alpha 

Sydinvest is the only fund with a consistent negative alpha across all regressions, albeit a statistically 

insignificant one. The alpha values remain at -0,003 for all regressions except for those where either 

the QMJ- and BAB-factors are introduced where the former factor causes the alpha to increase, and 

the opposite for the latter. Predictably, the alpha remains at -0,003 for the Six-factor model regression. 

Market Beta 

The market beta of the CAPM model is 0,577, however, it is virtually unchanged in all models, except 

for those with the QMJ-factor. Accordingly, the Six-factor regression produces a market beta of 0,640. 

Fama-French Factors 

The HML-factor has the coefficient of -0,135 in the Fama-French model where we observe immaterial 

change in the Carhart model. In the Carhart + BAB model, the coefficient increases slightly to -0,152 

but decreases substantially to -0,108 in the Six-factor model. The SMB-coefficient is 0,092 for the 

                                                           
12 Sydinvest’s regression results can be found in table 21, Appendix B. 
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Fama-French- and Carhart regressions. We see an increase in the coefficient in the Carhart + BAB and 

the Six-factor model, to the values 0,136 and 0,219 respectively. 

Momentum 

The UMD-factor has a coefficient of -0,002 in the Carhart model. The Carhart + BAB model shows a 

change in the factor to 0,020, while it reverts towards zero in the Six-factor model to a coefficient of 

0,005. 

Betting against beta 

The BAB-factor is more interesting, showing statistical insignificance in all regressions except for the 

CAPM + BAB model where we observe a statistical significance at the 99% level. The coefficient is  

-0,370 with a standard error of 0,081. For the other regressions the coefficients are closer to zero, in 

addition to having an increased standard error. The coefficient is negative across all regressions with 

the highest value occurring in the Six-factor regression where we observe the value -0,109. 

Quality minus junk 

Additionally, in the Six-factor regression the coefficient for the QMJ-factor is 0,179. The QMJ-

coefficient is positive but statistically insignificant across the regression models. 

Sydinvest Summary 

The CAPM regression has an adjusted R2 of 0,396, which is the highest of the Sydinvest regressions. 

Furthermore, the highest adjusted R2 of our main models is the Carhart + BAB with a value of 0,384. 

The only factor that has statistical significance in the Six-factor model is the Market-coefficient. 

Notwithstanding, we do observe a statistically significant BAB-coefficient of -0,370 in the CAPM + BAB 

model. 

According to the statistically significant variables, we can infer that the fund invests in large 

but relatively low-beta stocks, based on the low market exposure and the insignificance of the SMB- 

and BAB-coefficients. There is some possibility that the fund uses hedging instruments to reduce the 

market exposure of high-beta stocks in its portfolio, considering that the BAB-coefficient is consistently 

negative. Finally, the fund invests periodically in quality- and growth companies, based on the 

exposure to the QMJ- and HML-factors. 

5.2.2. Trends across fund regressions 
When we compare the development of adjusted R2 of the regressions for each fund, we observe an 

increase in the value with the CAPM regression as a starting point, for all but two funds. The exceptions 

are Sparinvest and Sydinvest. Predictably, the greater amount of statistically significant variables, the 
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higher the adjusted R2. Therefore, we can conclude that the additional factors have predictive qualities 

on most of the funds’ returns. 

In the CAPM regressions we see that five out of nine funds have a market beta below 0,55 (see 

Appendix B, Table 1), showing that the funds have a low exposure to world markets. We observe a 

similar trend in the Fama-French regression (Table 5.8). 

Analysing the funds based on the three different Morningstar style box categories (Core, Value 

and Growth) we get interesting results. With regards to the three categories, we expect Core-funds to 

exhibit an HML-coefficient close to zero, Growth-funds a negative one, and Value-funds a positive one. 

From Table 5.8 the three Core-funds all have a coefficient that is statistically insignificant from zero, 

however, they all have a negative coefficient. All the Growth-funds have a negative coefficient, yet 

only two are statistically significant. Surprisingly, two of the Value-funds exhibit a negative coefficient 

whilst only one conforms to its Morningstar investment style group. However, none of the coefficients 

are statistically significant. 

Continuing the analysis of the Morningstar-categorization of the funds, we observe that they 

all mainly invest in large-cap companies, as the SMB-coefficient does not exceed 0,3. Consequently, 

the results are consistent with Morningstar’s categorization. 

In the Carhart four-factor model (see Appendix B, Table 4) we observe no statistically 

significant coefficients for the momentum factor. The coefficients are all lower than 0,1 suggesting 

that none of the funds utilize a momentum-based strategy. Interestingly, in the regressions for MS 

Invest (see Appendix B, Table 17) we observe a statistically significant UMD-factor in the CAPM + UMD 

model, the significance disappears in the Carhart model and reappears in the Carhart + QMJ model. 

This suggests that there may be some interplay between the UMD-, Fama-French-, and QMJ-factors. 

Both the Fama-French and Carhart models have a variance inflation factor below 1,4 (see Appendix B, 

Table 3 and 5) which is far below the rule of thumb of 5. This suggests that we likely have a long enough 

time-series data to avoid multicollinearity problems. 



77 
 

Table 5.8: Fama French Regression Results 

 Core-funds Growth-funds Value-funds 

 BankInvest ValueInvest Maj Invest BLS Invest Sparinvest Handelsinvest Nordea Invest MS Invest Sydinvest 

Market 
0,590*** 
(0,053) 

0,382*** 
(0,051) 

0,501*** 
(0,075) 

0,548*** 
(0,072) 

0,745*** 
(0,062) 

0,694*** 
(0,042) 

0,349*** 
(0,055) 

0,306*** 
(0,077) 

0,580*** 
(0,062) 

SMB 
0,058 

(0,150) 
0,038 

(0,147) 
0,279 

(0,229) 
0,119 

(0,221) 
0,044 

(0,205) 
-0,172* 
(0,096) 

-0,040 
(0,174) 

0,144 
(0,249) 

0,092 
(0,191) 

HML 
-0,175 
(0,146) 

-0,096 
(0,140) 

-0,155 
(0,214) 

-0,519*** 
(0,197) 

-0,240 
(0,177) 

-0,390*** 
(0,087) 

-0,207 
(0,159) 

0,146 
(0,215) 

-0,135 
(0,178) 

Alpha 
-0,002 
(0,002) 

0,001 
(0,002) 

0,001 
(0,003) 

0,002 
(0,003) 

-0,0004 
(0,003) 

0,001 
(0,002) 

0,0002 
(0,002) 

0,002 
(0,003) 

-0,003 
(0,003) 

Observations 181 189 144 111 103 330 133 114 147 

R2 0,437 0,245 0,277 0,372 0,623 0,501 0,243 0,169 0,403 

Adjusted R2 0,427 0,233 0,261 0,354 0,612 0,496 0,225 0,146 0,390 

Residual Std. 
Error 

0,029 
(df = 177) 

0,030 
(df = 185) 

0,039 
(df = 140) 

0,033 
(df = 107) 

0,028 
(df = 99) 

0,032 
(df = 326) 

0,028 
(df = 129) 

0,037 
(df = 110) 

0,032 
(df = 143) 

F Statistic 
45,775*** 
(df =3; 177) 

20,046*** 
(df = 3; 185) 

17,857*** 
(df = 3; 140) 

21,093*** 
(df = 3; 107) 

54,606*** 
(df = 3; 99) 

108.971*** 
(df = 3; 326) 

13,780*** 
(df = 3; 129) 

7,458*** 
(df = 3; 110) 

32,174*** 
(df = 3; 143) 

Note:       *p < 0,1; **p < 0,05; ***p < 0,01 

 

Table 5.9: Fama-French Factors Variance Inflation 

 BankInvest ValueInvest Maj Invest BLS Invest Sparinvest Handelsinvest Nordea Invest MS Invest Sydinvest 

Market 1,1199 1,0658 1,1195 1,1892 1,1673 1,0667 1,1103 1,1526 1,1199 

SMB 1,0833 1,0766 1,0662 1,0764 1,167 1,0515 1,0615 1,0791 1,0672 

HML 1,0668 1,0601 1,0660 1,1313 1,0591 1,0437 1,0729 1,0909 1,0656 
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Finally, we examine our three main models. In the Carhart + BAB model (see Appendix B, Table 

6), the BAB-factor produces significant coefficients for five funds, all of which are negative. Moreover, 

all the other funds exhibit negative coefficients, except Nordea Invest which has a coefficient of 0,004. 

These results are not surprising since this is what the literature predicts. That is, the funds seek out 

riskier investments to deliver higher returns, as they are unable to leverage up low-beta stocks to reap 

the beta-anomaly premium. In addition, introducing the BAB-factor to the Carhart model inflates all 

the UMD-coefficients, except for Nordea Invest where two of them become statistically significant. 

Three funds exhibit statistically significant QMJ-coefficients in the Carhart + QMJ model, 

however, they are not all positive. Seeing as the literature depicts a positive correlation between 

quality and returns, having a negative coefficient seems counterproductive. However, when we 

consider the other funds, only one has a negative exposure to the QMJ-factor. Like the Carhart + BAB 

model, the QMJ-factor inflates the UMD-coefficient but not to the same extent. Additionally, there 

seems to be a link between the QMJ- and the SMB-factors. When we introduce the QMJ-factor, and 

the coefficient is positive, it inflates the SMB-coefficient and vice-versa for a negative QMJ-coefficient. 

Furthermore, the extent of the inflated value of the SMB-coefficient depends on the size of the QMJ-

coefficient. This is in accordance to the results of Asness et al. (2013). 

The Six-factor model introduces both the BAB- and QMJ-factors to the Carhart model. The 

market beta is consistently statistically significant for all funds in this model. The BAB-coefficient is 

statistically significant for seven of nine funds and consistently negative for all funds. The subsequent 

most prevalent coefficient is the SMB, which is surprising given its disappearance as noted earlier. 

However, this is due to the interplay between the SMB- and QMJ-factors. Moreover, when we examine 

the combined effects of the BAB- and QMJ-factors on SMB, we find the effect to be greater than when 

we consider the effects separately, and produces more significant SMB-coefficients. Furthermore, the 

effect on the SMB-coefficient is proportional to the size of the BAB- and QMJ-coefficients. Analogous 

to the Carhart + QMJ model, the QMJ-coefficient is positive in all cases except for Handelsinvest, where 

only three funds have a statistically significant coefficient. When we consider the combined effects of 

the BAB- and QMJ on the UMD-coefficient we observe an inflated value. However, when we consider 

the effects separately in comparison, we discern no obvious trend. Finally, the QMJ-factor causes an 

increase in the Market-coefficient for all funds, except Handelsinvest. Seeing as the QMJ-factor is more 

of a hedge-factor than a risk-factor, it makes intuitive sense that when we account for the funds’ 

exposure to quality, the residual market risk increases. 
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Furthermore, in the Six-factor regression we see an increase in the VIF for the HML and UMD 

variables, possibly owing the variance inflation to the correlation with the BAB-factor. Again, this 

should not be of a great concern since the VIF values do not go above six (see section 4.2.1.4). 

Interestingly, when we compare the three highest-beta funds to the three lowest-beta funds 

in the Six-factor model, we notice that the highest-beta funds deliver worse returns than those of the 

lowest-beta funds on average. We infer that this may be due to better diversification and hedging 

among the low-beta funds.  

Finally, the fact that the Value-funds experienced negative loadings on the HML-factor is 

noteworthy. There can be many reasons why this is the case, e.g. there have not been large value-

premiums in recent years, or the funds lack the skill to locate value-stocks. Nevertheless, the most 

likely explanation is the differences in the methodology of defining a value-stock between Morningstar 

and Fama-French. Recall Fama-French methodology in section 3.2.2 and Morningstar’s in section 4.1.1. 

Morningstar’s methodology is somewhat more intricate than that of Fama-French and is more 

forward-looking. The difference between these methodologies is out of the scope of this paper and 

will not be discussed further. However, it is interesting to see whether this pattern persists if a study 

is done for all the funds included in the Morningstar database. 

5.2.3. In-depth examination of the QMJ-factor  
We perform a preliminary examination of the QMJ-factor with respect to the relevant fund’s 

distributive statistics and performance measures. This is done to examine whether there is any 

connection between the loading of the QMJ-factor and these measures. Note that this is not meant to 

be an extensive analysis and there may be other factors at play. However, hopefully this gives grounds 

for further research into the matter. We utilize the results from the Six-factor model in our observation. 

Examination of the Core-funds shows that BankInvest has the lowest coefficient of 0,103 for 

the QMJ-factor of the three funds, were ValueInvest and Maj Invest get 0,183 and 0,547 respectively. 

We observe a similar distribution of returns where BankInvest has a larger median than the other 

funds, while its annualized return and Sharpe ratio are lower. However, both Maj Invest and 

ValueInvest have a higher excess kurtosis and a smaller negative skewness. This supports the fact that 

the QMJ-factor is a hedge-factor and not a risk-factor, as it may reduce the downside risk when a fund 

focuses on investing in quality stocks based on the characteristics of these three funds. 

Observation of the Growth-funds shows that there is one fund with a statistically significant 

coefficient for the QMJ-factor, namely Handelsinvest with a negative coefficient of -0.569. For BLS 
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Invest the QMJ-factor is positive, with a value of 0,270, and the Sparinvest coefficient is 0,139. When 

we look at the distribution of the funds’ returns we see that Handelsinvest and Sparinvest have 

significantly lower medians than BLS Invest. Handelsinvest has the widest distribution of returns with 

the most extreme and highest number of negative outliers. BLS Invest has less extreme outliers and 

the tightest distribution of returns and fewer and less-extreme outliers. However, Sparinvest has the 

highest excess kurtosis of the funds while BLS Invest has a low kurtosis, making the distribution more 

spread out than for Sparinvest. The annualized returns and Sharpe ratios follow the same pattern as 

the QMJ-factor loadings. That is, the higher the QMJ-coefficient, the higher the returns and Sharpe 

ratio. In addition to having the worst performance, Handelsinvest has the largest spread of the return’s 

distribution. Seeing as it has a negative loading on the QMJ-factor, this further supports the notion 

that QMJ is a hedge-factor.  

When we look at the regression coefficient for the QMJ-factors of the three Value-funds, we 

see that Nordea Invest has a value of 0,482, MS Invest has the value 0,700 and the lowest QMJ-

coefficient 0,179 is that of Sydinvest’s. The first two coefficients were significant at the 90% and 95% 

level respectively. When we compare the distributions of the funds, we see that Nordea Invest has the 

tightest distribution with less-extreme outliers, although the fund’s median monthly return is only 

0,74%, the lowest of the three. MS Invest has a wider distribution with larger outliers and the highest 

median monthly return of the three funds with 0,86%. The widest distribution of monthly returns is 

for Sydinvest, where we see one positive outlier while a large group of significantly negative outliers is 

observed. Analogous to the Growth-funds, we observe a positive correlation between the QMJ-factor 

loadings, and the annualized returns and Sharpe ratios. However, the distribution statistics are not as 

clear to their relationship to the QMJ-factor, although Sydinvest has the worst skewness, it has the 

highest kurtosis. 

There is a definite trend between the QMJ-factor and the descriptive statistics of the funds. In 

two investment-style groups we observe a clear positive relationship between the QMJ-factor loadings 

and the corresponding performance measures. The Core-funds did not exhibit this clear relationship, 

however, the lowest QMJ-coefficient portrayed the worst performance measures. Whilst Maj Invest 

displays the highest QMJ-coefficient and annualized returns, ValueInvest has a substantially lower 

QMJ-coefficient but a higher Sharpe ratio. In addition, it is worth noting that ValueInvest does deliver 

the best skewness and the lowest standard deviation whilst not having a high QMJ-coefficient. Yet all 

things considered, there seems to be a relationship between the QMJ-factor and the descriptive 

statistics that merits further research.   
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5.2.3.1. Multicollinearity effects of QMJ 

The Quality factor does have a correlation in 

absolute value between 0,68 and 0,09 with all 

variables except the HML-factor, which is not 

statistically significant from 0. When we analyse 

the VIF values in Table 5.11, we see some 

concerning numbers where the rule of thumb is 

broken in all cases but for Handelsinvest, which 

has the longest time series of the funds we 

examine. Consequently, the Six-factor model may 

have some problems with multicollinearity. 

When examining these results, we may need to 

further analyse our factors. In Figure 5.3: Factor Correlation Plot, we see that the correlations between 

the factors in the Fama-French model are low enough. Therefore, they are not of concern. On the 

contrary, the correlation between the QMJ-factor and the other factors in the Six-factor model may be 

a cause for concern. Therefore, we include a variance inflation factor calculation for each multi-factor 

regression. 

The VIF tables are calculated for the Fama-French-, Carhart-, Carhart + BAB-, Carhart + QMJ- 

and Six-factor model. Based on the VIF, only the regressions with the QMJ variable have concerning 

results. When the QMJ-factor is introduced, we observe an inflated variance of the Market-coefficient, 

along with an alarmingly high VIF value for the QMJ-coefficient. 

One of the remedies for multicollinearity is to integrate the two variables into a new variable. 

However, we do not see any validity in combining the Market and QMJ variable since the Market-factor 

is the primary benchmark used in multiple academic studies and is well-established in the finance 

industry. The only viable remedy for the multicollinearity problem is to increase the number of 

observations. Given the scope of this study, this was unattainable due to the novelty of the mutual 

fund industry in Denmark. 

 

 

Figure 5.3: Factor Correlation Plot 
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Table 5.10: Six-factor model regression table 

 
Core-funds Growth-funds Value-funds 

BankInvest ValueInvest Maj Invest BLS Invest Sparinvest Handelsinvest Nordea Invest MS Invest Sydinvest 

Market 
0,656*** 
(0,090) 

0,437*** 
(0,091) 

0,675*** 
(0,128) 

0,639*** 
(0,116) 

0,779*** 
(0,110) 

0,509*** 
(0,058) 

0,510*** 
(0,095) 

0,492*** 
(0,128) 

0,640*** 
(0,108) 

SMB 
0,215 

(0,190) 
0,205 

(0,185) 
0,696** 
(0,288) 

0,445** 
(0,282) 

0,135 
(0,250) 

-0,355*** 
(0,115) 

0,211 
(0,223) 

0,532* 
(0,312) 

0,219 (0,246) 

HML 
-0,113 
(0,155) 

-0,020 
(0,148) 

-0,119 
(0,234) 

-0,540*** 
(0,215) 

-0,251 
(0,197) 

-0,238** 
(0,099) 

-0,050 
(0,178) 

0,164 
(0,235) 

-0,108 
(0,199) 

UMD 
0,138** 
(0,071) 

0,026 
(0,073) 

-0,008 
(0,106) 

0,059 
(0,098) 

-0,029 
(0,089) 

0,124** 
(0,050) 

0,016 
(0,081) 

-0,142 
(0,109) 

0,005 (0,090) 

BAB 
-0,247** 
(0,108) 

-0,220** 
(0,107) 

-0,448** 
(0,177) 

-0,444** 
(0,175) 

-0,126 
(0,152) 

-0,296*** 
(0,079) 

-0,024 
(0,137) 

-0,328* 
(0,185) 

-0,109 
(0,112) 

QMJ 
0,103 

(0,223) 
0,183 

(0,221) 
0,547 

(0,336) 
0,270 

(0,303) 
0,139 

(0,292) 
-0,569*** 

(0,137) 
0,482* 
(0,251) 

0,700** 
(0,333) 

0,179 (0,283) 

Alpha 
-0,001 
(0,003) 

0,002 
(0,003) 

0,0004 
(0,004) 

0,004 
(0,004) 

-0,0004 
(0,003) 

0,005*** 
(0,002) 

-0,003 
(0,003) 

-0,001 
(0,004) 

-0,003 
(0,003) 

Observations 181 189 144 111 103 330 133 114 147 

R2 0,459 0,263 0,319 0,409 0,628 0,567 0,268 0,233 0,406 

Adjusted R2 0,440 0,239 0,289 0,375 0,605 0,558 0,233 0,190 0,381 

Residual Std. 
Error 

0,028 
(df = 174) 

0,030 
(df = 182) 

0,038 
(df = 137) 

0,032 
(df = 104) 

0,028 
(df = 96) 

0,030 
(df = 323) 

0,028 
(df = 126) 

0,036 
(df = 107) 

0,033 
(df = 140) 

F Statistic 
24,613*** 

(df = 6; 174) 
10,825*** 

(df = 6; 182) 
10,696*** 

(df = 6; 137) 
12,013*** 

(df = 6; 104) 
27.014*** 

(df = 6; 96) 
70,350*** 

(df = 6; 323) 
7,694*** 

(df = 6; 126) 
5,414*** 

(df = 6; 107) 
15,980*** 

(df = 6; 140) 

Note:       *p < 0,1; **p < 0,05; ***p < 0,01 

Table 5.11: Six-factor model variance inflation 

 BankInvest ValueInvest Maj Invest BLS Invest Sparinvest Handelsinvest Nordea Invest MS Invest Sydinvest 

Market 3,3064 3,4366 3,3640 3,1892 3,5526 2,3283 3,3522 3,3917 3,3171 

SMB 1,7834 1,7289 1,7491 1,8110 1,6951 1,7429 1,7636 1,7894 1,7354 

HML 1,2284 1,1883 1,3314 1,3944 1,2944 1,5641 1,3571 1,3714 1,3161 

UMD 1,5603 1,7763 1,6853 1,8381 1,8504 1,3968 1,7639 1,8409 1,6710 

BAB 1,3127 1,6324 1,3168 1,3521 1,3665 1,7968 1,3691 1,3918 1,3162 

QMJ 5,4339 5,5895 5,4462 5,4952 5,8203 3,5233 5,3695 5,5306 5,3026 
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5.3. Mimicking portfolios 
In this section we discuss the results of our mimicking portfolios, which are applied to either the 

theoretical factor-dataset or tradeable ETFs. We compare the mimicking returns to the respective 

actual returns of the funds. The reason for doing so is to detect any covariation between the two 

returns, to see if it is possible to implement a systematic investment strategy that compares to the 

fund’s actual return. The ETFs are added to give the research a realistic aspect. From these results we 

can infer how much excess value the fund gives its investors beyond what can be achieved with cheap 

and accessible ETFs. Recall that the regressions are constrained which results in positive-weighted 

portfolios (see section 4.2.2). Further information on the distribution statistics and performance 

measures may be found in Appendix C. 

5.3.1. Theoretical factors 
It is widespread practice to compare the actual returns to a relevant benchmark in order to see the 

manager’s performance with respect to that specific benchmark. In our case, we assess the managers’ 

performance with respect to the AQR factor-dataset. However, there are certain aspects we need to 

consider. Firstly, there are no transaction costs, fees, or other costs associated with trading that are 

included in the calculation of the theoretical factors. Secondly, the period is different from the actual 

returns of the funds, due to the 60 months needed to conduct the regression. Nevertheless, the results 

should give a good indication on the performance of the managers with respect to the factor-portfolio. 

In addition, it is interesting to observe whether the mimicking factor portfolios manage to co-

move with the actual returns. That is, whether they manage to replicate the fund’s strategy to a certain 

degree. Therefore, we also consider the correlation between the two returns for each fund and discuss 

the performance between each investment-style group within the factor style analysis. 

5.3.1.1. Core-funds 

Table 5.12 displays the correlation between the actual returns of the funds, and the respective factor 

mimicking returns. BankInvest exhibits the highest correlation of 64,34%. Conversely, Maj Invest 

exhibits the lowest correlation where it does not even reach 30%. 

The distribution of the factor-portfolios is somewhat better than for the actual returns (see 

Appendix C). Both the kurtosis and the upside frequency are higher, but the skewness is worse. 

Additionally, the Sharpe ratios are better as expected since there are no costs included in the factor-

portfolios. However, the overperformance stems from a substantial decrease in the volatility, rather 

than an increase in excess rate of return. The excess rate of return only increases for Maj Invest. 
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Table 5.12: Correlation between the actual returns and the factor-mimicking returns of Core-funds 

BankInvest ValueInvest Maj Invest Average 

64,34% 46,35% 29,58% 46,76% 

 

5.3.1.2. Growth-funds 

The Growth-funds exhibit the highest correlation of the groups. The correlation does not fall under 

40%, unlike the other two groups. However, as discussed before, the Growth-funds may be at a 

disadvantage in our model since we do not allow factor loadings in the growth-factor. Consequently, 

these results may be biased as the market-factor increases due to its correlation to the growth-factor. 

Therefore, the correlations may be biased upwards. 

On average, the kurtosis and skewness is worse for the factor-mimicking portfolios. However, 

the upside frequency is higher. In addition, the Sharpe ratio is higher for the factor-mimicking 

portfolios, mainly due to the lower volatility. The excess rate of return increases by only 1,27% on 

average, but the standard deviation decreases by half; specifically, 7,08%.  

Table 5.13: Correlation between the actual returns and the factor-mimicking returns of Growth-funds 

BLS Invest Sparinvest Handelsinvest Average 

45,45% 41,39% 74,03% 53,62% 

 

5.3.1.3. Value-funds 

The Value-funds exhibit low correlations as it does not even exceed 50%. To top it off, MS Invest 

exhibits the lowest correlation of the lot, with only 23,46%. The excess kurtosis is substantially worse 

for the factor-mimicking portfolios. Indeed, MS Invest experiences negative kurtosis, meaning a 

distribution of returns wider than the normal distribution. However, the lower kurtosis is not 

problematic due to the improved skewness.  

Interestingly, the Value-funds were the worst-performing group of the three when we 

considered actual returns (see section 5.1.2). This presents the question whether there is any 

connection between poor actual returns and the corresponding correlation with a factor-mimicking 

portfolio. 

Keeping this in mind, we consider the difference between the performance measures of the 

factor-mimicking portfolios for the Value-funds, and the other two groups. The results are staggering. 

The Value-funds manage to get an average Sharpe ratio of 1,8653 which is the highest of the groups. 

Both the average excess return and the standard deviation improve, becoming higher and lower 

respectively, over the other groups.  

Table 5.14: Correlation between the actual returns and the factor-mimicking returns of Value-funds 

Nordea Invest MS Invest Sydinvest Average 

48,56% 23,46% 45,50% 39,17% 
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5.3.1.4. Chapter summary 

The results of the factor-mimicking portfolios were not as expected; especially, the examples of low 

correlation. It is difficult to say what constitutes as a high correlation as there are many variables to 

consider when we discuss different investment strategy. However, we presume that a correlation 

above 70% is a strong correlation and only one fund manages to exceed that threshold. As an example, 

in the study done on Buffett’s alpha (Frazzini et al., 2013), the correlation reached 73% between 

Buffett’s actual returns and the systematic portfolio of the public U.S. stocks. However, in that study 

the authors had a longer period to conduct their research on, which may be a significant factor in 

determining the correlation. 

There may be several reasons why the systematic portfolio differs from the actual returns. For 

instance, the fund’s investment strategy may be completely different from a factor-based strategy 

resulting in a low correlation. In addition, the results may simply be spurious and a larger sample is 

needed to explore that possibility. However, the culprit may be cross-correlations between the factors. 

ter Horst, Nijman, & de Roon (2004) discovered interesting results when they explored the style 

analysis with respect to holding-based – and return-based styles. In their example, the style estimates 

differed from the actual portfolio weights. They concluded that the difference is most likely due to the 

correlations between the benchmarks. In our case, the benchmarks are the factors and as we have 

demonstrated before (see section 5.2.3.1), there is significant correlation between some of the factors. 

In addition, the funds are not part of the same universe as the factor-portfolios, since the funds 

are not able to short and leverage up as the factors assume they should be. Indeed, ter Horst et al. 

(2004) mention that:  

“When using return-based style analysis to determine the relevant factor exposures, biased 

estimates may occur if the factor exposures are in fact not a positively weighted portfolio.” 

 Even though we conduct a constrained style analysis with the factors to minimize this bias, we cannot 

determine whether the implicit leverage and shorting in the factor-dataset, influences the results. 

5.3.2. ETFs 
In the cumulative excess returns figures, we compare the actual returns of the funds to those of ETF-

invested returns. The period in question starts in mid-2014 and continues until the end of March 2018. 

The ETF-invested returns were subtracted from the actual returns, and the cumulative returns were 

calculated from these excess returns. This means that when the solid line is above zero, i.e. the grey 
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dotted line, the fund fares better than the ETF-investment. In contrast, when it is below zero, the ETF-

investment fares better. 

It is important to note the differences in how the returns are calculated. As discussed before, 

the mutual fund’s return is calculated by using its NAV on each day. The NAV includes all costs except 

for fees (Ang, 2014, p. 524). Conversely, the ETFs are traded on exchange where there are bid-ask 

spreads. The TER shows all fees except for transaction costs (bid-ask spreads), brokerage fees or initial 

or deferred sales taxes (Morningstar Danmark A/S, 2012). Consequently, the management fees are 

excluded from the mutual funds’ returns, and the transaction costs are excluded from the ETF’s 

returns. Whether one exceeds the other will not be determined here. 

5.3.2.1. Core-funds 

Below in figures 5.4 – 5.6 are the cumulative excess returns of the Core-funds. BankInvest performs 

worst having never performed better than the ETF-investments and ends up performing 50% worse 

than the ETF-investments. ValueInvest performs somewhat better where it manages to exceed the 

ETF-investments in 2016. However, thereafter it plummets to 30% worse than the ETF-investments. 

Maj Invest fares quite well compared to the others, but still manages to perform almost 30% worse 

than the ETF-investments. 

If we look at the average excess rate of return, we find that it was 11,96% for the ETF-

investments of the Core-funds during that period, compared to 5,65% actual returns. In addition, the 

standard deviation is smaller for the ETF-investments, giving a much higher Sharpe ratio of 1,0293 

compared to 0,4020 for the actual returns. However, the kurtosis is higher for the actual returns, or 

1,9216 compared to 0, 5418. This may suggest that the fund managers are trying to minimize the 

tracking error (deviation from a benchmark) as mentioned in section 3.1.4. 

Figure 5.5: ValueInvest cumulative excess return Figure 5.4: BankInvest cumulative excess return 
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5.3.2.2. Growth-funds 

Below in figures 5.7 – 5.9 are the cumulative returns of the Growth-funds. BLS Invest never manages 

to exceed the ETF-investments and consistently underperforms. Sparinvest exhibits the best overall 

performance compared to the respective ETF-investments. However, it does not manage to 

outperform its benchmark and ends up performing around 7% worse. Handelsinvest manages to keep 

up with the corresponding ETF-investments until 2017 where it plummets to 10% underperformance. 

It manages to a little better during the year, but in 2018 it plummets again to almost 30% 

underperformance. 

When we consider the distribution statistics and the performance measures, the difference is 

not as stark as for the Core-funds. The ETF-investments managed an excess rate of return of 10,65% 

compared to 8,67% actual returns. The difference between the standard deviations was even less with 

the ETF-investments managing 11,65% volatility compared to the realized 12,01%. Consequently, the 

Sharpe ratio did not differ as much as with the Core-funds; 0,9166 for the ETFs compared to 0,7338 

for the funds. However, Sparinvest performed very poorly with an excess return of 4,99% and drags 

the average down, whilst the Core-funds exhibited stable return. Additionally, in contrast to the Core-

funds, the Growth-funds exhibited lower kurtosis than their ETF-benchmarks. 

Figure 5.6: Maj Invest cumulative excess returns 

Figure 5.7: BLS Invest cumulative excess return Figure 5.8: Sparinvest cumulative excess return 
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5.3.2.3. Value-funds 

None of the Value-funds manage to overperform their relative benchmarks at any point in time. In 

fact, all of them end up underperforming by more than 40%, which is the worst performance of the 

three groups.  

When we consider the performance measures, we notice that the funds performed extremely 

poorly compared to their ETF-benchmarks and to the Core- and Growth-funds. The Value-funds only 

managed a meagre 2,52% excess return, where the range was only 2,20% - 3,03%. This performance 

is by far the worst of the three groups. Interestingly, when we applied their investment strategy to the 

ETFs as with the others, we managed an average excess return of 11,35% and a Sharpe ratio of 0,9939. 

Therefore, the ETF-mimicking portfolios of this group perform almost on par with the others, even 

though the actual returns differed significantly. In addition, the excess kurtosis of the funds is 1,3994 

compared to 0,4319 of the ETFs, similar to that of the Core-funds.  

 

 

Figure 5.9: Handelsinvest cumulative excess return 

Figure 5.10: Nordea Invest cumulative excess return Figure 5.11: MS Invest cumulative excess return 
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5.3.2.4. Chapter Summary 

In general, ETFs are considered to be much cheaper than active managed funds (Carrel, 2011; 

Davidson, 2012). However, as mentioned in the beginning of this sub-chapter, the results should be 

taken with a grain of salt since there are differences in the fee structures, and how the returns are 

calculated. The returns of the ETFs need to be adjusted for transaction costs by looking up the bid-ask 

prices, observing the change in ETF-loadings and calculating the total transaction costs. In addition, the 

returns of the mutual funds need to be adjusted for any other fees not included in the fund’s NAV. It 

should be possible to look up the bid-ask prices in an appropriate database, but it is more difficult to 

find the appropriate fees of the mutual funds. These fees are difficult to isolate and have been the 

subject of many lawsuits in the US, stating that the fees were excessive. The consequence of this 

difficulty is that most cases never go to court (Ang, 2014, p. 527). This is due to the fee-structure being 

obscure and not as transparent as many like to believe (Carrel, 2011). 

Each mutual fund needs to divulge information in its prospectus as discussed earlier in Introduction. 

When we read over BankInvest’s prospectus we found a table that seems to deconstruct their total 

expense ratio (BI Management A/S, 2018, p. 100). There it seems that the total expense ratio of Basis 

Globale Aktier KL is 0,23%. However, when we consider the fund’s information on 

www.morningstar.dk, we find that the ongoing charge (“løbende omkostning”) is 1,65%13 from one 

year to the next (Morningstar, 2018b). Clearly, the fee structure is not transparent for the amateur 

investor and it is difficult to say where the allocation of costs is. However, it is interesting to see that 

BankInvest assesses its transaction costs (“handelsudgifter”) to be 0,06%, which is similar to that of 

administration fees (“administrationsomkostninger”) of 0,05%. 

                                                           
13 As of 16.2.2018 

Figure 5.12: Sydinvest cumulative excess return 

http://www.morningstar.dk/
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In addition to the differences in fee structures, there are tax implication differences. ETFs are 

more tax efficient since most mutual funds pass their capital gain tax bill onto their investors, 

decreasing their rate of return (Carrel, 2011). 

To sum, there are many different variables we need to consider when comparing the results 

of the actual returns and the ETF-investments. However, the magnitude of outperformance of the ETFs 

in this sample, and the general cheapness of the ETFs relative to active mutual funds, suggests that 

these results, and this sample, are descriptive of Danish mutual funds. 

5.3.3. Development of factor- and ETF loadings 
In this section, we explore the changes of factor- and ETF loadings for each mutual fund over the 

respective periods. This shows whether the mutual fund consistently adheres to the same investment 

strategy or if it partakes in market timing and changes its investment strategy to adapt to current 

market environment. We explore each mutual fund separately within respective investment-style 

groups. Note that the factor and ETF weights observed need not be the true weights. However, 

calculating standard errors when the factor weights vary over time is “tricky” as Ang (2014, p. 323) so 

eloquently put it. Consequently, the factor weights should be interpreted with precaution. In addition, 

recall that the factor-weights take previous 60 months as the input, while the ETF-weights take the 

previous 18 months, possibly making them more volatile. The factor loadings are on the left-side, 

whilst the ETF loadings are on the right side of each figure.  

5.3.3.1. Core-funds 

BankInvest 

The factor loadings for BankInvest do not change much over the period (see Figure 5.13). It starts with 

having 75% of its portfolio in the market. The market factor gradually diminishes but rises again around 

2014 to reach the same heights in 2018 as before. It seems to invest periodically in the SMB-factor, 

conversely, when we look at the ETF weights, we see a considerably less exposure overall. The quality 

factor seems to be substantial in both scenarios. Indeed, it starts to grow around 2015 when we 

consider the factor-weights, but it is relatively stable throughout the period for the ETF weights. An 

interesting result is the shift between the value-ETF (US.VAL) and the momentum-ETF (US.MMTM). In 

2016 it seems to go from a value-tilted strategy to a momentum-tilted one and shifting back in the end 

of 2017.  
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ValueInvest 

If we examine Figure 5.14, we see that ValueInvest is mainly a combination of the Market, HML and 

SMB-factors in the first few years. We can observe a hint of market timing when the fund decreases 

its exposure to the market-factor leading up to the financial crisis of 2008. Recently, it has increased 

its exposure to the market, adjusting to the new market environment as the economy experienced an 

upswing following the crisis. Furthermore, it has increased its exposure to the risky factor UMD, 

reducing its HML and SMB exposure. The market ETF (MSCI.ACWI) is quite volatile during this brief 

period. Additionally, the only time it engages in value-tilted investment strategy is in 2015. 

Interestingly, its portfolio is largely made up of the volatility-ETF where it reaches a peak of 75% of the 

portfolio between 2016 and 2017. In addition, the quality-factor is pronounced in 2017 and onwards, 

reaching its highest level in 2018 when it makes up the entire portfolio.  

 

 

Figure 5.13: BankInvest's factor and ETF mimicking weights 

Figure 5.14: ValueInvest's factor and ETF mimicking weights 
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Maj Invest 

As before, the market factor is quite stable and substantial when we consider the factor weights in 

Figure 5.15. A significant proportion of the portfolio is invested in the HML-factor, however, it drops 

in 2014 at the benefit of the UMD-factor. Furthermore, the QMJ-factor gradually increases from no 

exposure in 2015 to above 50% in 2017. If we consider the ETF weights, we can observe that the value-

factor is substantial in 2014 but drops to zero in late 2015, along with a brief exposure in the end of 

2017. The small-cap ETF is rather strong overall which is surprising. However, the volatility-ETF 

(US.VOL) is also considerable and is more than 50% of the portfolio at a later stage in the period. It is 

interesting to observe the correlation between the momentum-ETF (US.MMTM) and the quality-ETF 

(QUALITY). They both increase in 2016 and both decrease in 2017 with almost identical patterns.  

 

 

Core-funds summary 

An interesting result from the Core-funds is the similarities in the patterns of the value-factors. In all 

figures, the value-factor is present before 2015, but often decreases dramatically afterwards. This 

comes to no single factor’s benefit as multiple factors seem to increase around this time. However, 

the Volatility-ETF (US.VOL) seems to be negatively correlated with the value-ETF (US.VAL) in figures 

5.13 – 5.15. That is, when the value-ETF weight decreases around 2015, the volatility-ETF increases. 

This makes intuitive sense if the fund manager is expecting bad times. As the value-factor bears a risk 

premium because it has substantial negative returns in bad times, it makes sense that the fund 

manager would convert to a low-volatility strategy. Whether this is truly an example of two fund 

managers expecting bad times, we cannot determine. 

Figure 5.15: Maj Invest's factor and ETF mimicking weights 
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5.3.3.2. Growth-funds 

BLS Invest 

BLS Invest’s factor weights are quite stable. Most of its portfolio is invested in the market-factor. In 

the earlier part of the period it invests in the SMB-factor but in the later part it changes to the QMJ-

factor whilst the UMD-factor is relatively stable at 25% of the portfolio after the second quarter of 

2014. The HML-factor is non-existent which we would expect from a growth-fund, given that it is 

impossible in our regression to short the factor. The ETF figure is exactly the opposite of the factor-

weights’ stability. The loadings are constantly changing until around the beginning of 2017 when the 

market ETF skyrockets. Consequently, the other ETF weights plummet, with the exception of the 

quality ETF which gradually diminishes. However, in the beginning of 2018 we see the market ETF crash 

by 50% while the weights of the volatility and quality ETF increase.  

 

 

Sparinvest 

There are no extreme changes in Figure 5.17. The market factor is the most prominent factor in this 

fund’s portfolio, however, it gradually diminishes whilst the SMB-factor gradually increases. The UMD-

factor comes with a last-minute sprint at the end of the period and finishes in around 25% of the 

portfolio. Analogous to the factor-weights, the market-ETF is the most prominent ETF to begin with. 

However, it plummets between 2016-2017 before increasing again in the second quarter of 2017 and 

ending up as 50% of the portfolio. The momentum- and quality-ETFs increase following the decrease 

of the market-ETF. Finally, as expected, the fund does not invest in the value-ETF.  

Figure 5.16: BLS Invest's factor and ETF mimicking weights 
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Handelsinvest 

Handelsinvest has the longest time-series of the fund, starting in 1995. The fund starts with more than 

50% in the Value-factor with the Market-factor being the second largest along with a small exposure 

to the momentum-factor. The exposure of the momentum factor disappears in the beginning of 1996 

with the SMB-factor weight replacing it. Furthermore, the Market increases while the HML exposure 

reduces until it is gone in the beginning of 1997. From 1997 until late 2001 the portfolio weights consist 

only of the market- and momentum-factor, in late 2001 the portfolio only consists of the market factor. 

It gradually diminishes leading up to, during and following the financial crisis of 2008, suggesting 

market timing strategies, allowing both HML and SMB to increase. Having a stable and positive loading 

on the HML-factor is counter-intuitive for a fund that is listed as a growth-strategy fund. However, as 

we observe in Figure 5.18, we can see that the value-ETF (US.VAL) is not part of the investment 

strategy. The UMD-factor weight increases considerably in 2014 and onwards, whilst it is quite stable 

and meagre for the ETF. The quality-ETF is significant in the beginning and end of the period. It is 

interesting to see the substantial trade-off between the market-ETF on one hand, and the quality- and 

volatility-ETFs on the other at the end of the period. If we consider the nature of these factors implicit 

in the ETFs, it would seem as if the fund is moving away from high-volatility portfolio (MSCI.ACWI) to 

a more secure portfolio (US.VOL and QUALITY). 

Figure 5.17: Sparinvest's factor and ETF mimicking weights 
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Growth-funds summary 

As expected, the funds did not engage in significant value-tilted investment strategies. The market 

factor plays a substantial role in all of the figures of the Growth-mutual funds and seems to be the 

factor/ETF that drives the funds’ returns. The significance of the market factor is possibly due to the 

exclusion of a growth-element in our analysis. The reason being that the HML-factor is negatively 

correlated with the market-factor by -0,2. Consequently, low-value (growth) firms co-move with the 

market by a positive correlation of 0,2 which may materialize in an excessive exposure to the market-

factor/ETF in our analysis. Finally, we see the same pattern in Figure 5.16 & Figure 5.18 where it seems 

as both Handelsinvest and BLS Invest opt for a more secure investment strategy from 2018 and 

onwards. 

5.3.3.3. Value-funds 

Nordea Invest 

Nordea Invest seems to be well diversified when we inspect Figure 5.19. All factors are below the 

weight of 50%. The market-factor is the largest factor and most stable. Surprisingly the HML-factor 

decreases from 2012 – 2015 until it is non-existent. Given that Nordea Invest is listed as a Value-fund, 

this is unexpected. The ETF figure confirms this development as the value-ETF is strong from mid-2014 

towards the end of 2016, where it decreases to zero. A similar pattern emerges as before, where the 

fund makes a trade-off between the market-ETF and volatility- and quality-ETFs. As before, this trade-

off is observed quite recently and suggests a move to more secure investment strategies.  

Figure 5.18: Handelsinvest's factor and ETF mimicking weights 
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MS Invest 

If we consider Figure 5.20, the first thing we observe is the considerable proportion of the portfolio 

exposed to the SMB-factor. Seeing as all the mutual funds in our sample are listed as large-cap funds, 

this is surprising. The SMB-factor equivalent of an ETF is quite volatile and difficult to say if this is indeed 

a part of the fund’s strategy. However, US.SML does reach heights of 50% in 2015 and 2018. Otherwise, 

the overall portfolio with respect to the factor-weights is a combination of all the factors except BAB 

where the SMB and HML are more prominent in the beginning and UMD for a brief time in the middle, 

with the Market-factor being highest at the end of the period. In the ETF figure we see rather volatile 

loadings in the ETFs. The value-ETF seems to be the most stable and significant over the entire period 

with the market-ETF having a couple of spikes, which are negatively correlated with the value-ETF. It 

is interesting to see again the recent trade-off between risky ETFs, the value-ETF and market-ETF, and 

the more secure volatility-ETF. 

 
 

Sydinvest 

Sydinvest has relatively stable factor weights over the observed period, with the Market-factor 

remaining the largest exposure the clear majority of the time. Weirdly, it only exhibits a tilt to a value-

Figure 5.19: Nordea Invest's factor and ETF mimicking weights 

Figure 5.20: MS Invest's factor and ETF mimicking weights 
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strategy in mid-2014 till mid-2016, whilst at other times it is practically non-existent, especially after 

2016, as seen in Figure 5.21. When we consider the ETFs, we can clearly see a negative correlation 

between the market-ETF and value-ETF. The fund is mostly exposed to the market- or US.MSL-ETF. 

However, the quality-ETF has the largest exposure from early 2015 to the end of the third quarter of 

2016. Additionally, we observe an exposure to value in the end of 2016 onwards. Finally, we again 

observe a trade-off between the risky-ETFs and the secure-ETFs at the end of the period. 

 

 

Value-funds summary 

As expected, all the funds engage in value-tilted investment strategies at one point in time. However, 

it is interesting to see the decrease of the value-factors/ETFs in recent times. The evidence points to 

fund managers being risk-averse and may be expecting bad times, as they are decreasing their 

exposure to risky factors/ETFs, such as the market- and/or value-factors/ETFs. 

5.3.3.4. Summary of mimicking weight development 

We can infer many things by observing the figures above. Firstly, none of the mutual funds are exposed 

to the BAB-factor as expected. The reason being that the BAB-factor gets its premium from companies 

that are unable to leverage their portfolios and need to invest in high-beta stocks to get synthetic 

leverage. In addition, all the funds exhibited negative BAB-coefficients in the regressions. As eight of 

the nine mutual funds are UCITS funds and have limited access to leverage, they are unable to utilize 

the BAB risk-premium. Consequently, the BAB-factor is immaterial. 

Secondly, all funds except Sparinvest are exposed to the QMJ-factor at one point in time. 

Moreover, many of them have significant exposure to the QMJ-factor, predominantly at the end of the 

period. This is further confirmed by the ETF weights where all the funds exhibit quality-tilted 

investment strategies, especially in recent times. This supports Asness, et al.'s (2013) notion of the 

Figure 5.21: Sydinvest's factor and ETF mimicking weights 
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QMJ-factor being able to explain parts of companies’ investment strategy, and consequently, their 

returns. 

Thirdly, the market-factor and market-ETF are usually a significant part of the portfolio. One 

would think that the funds would have better diversification and try to lower their exposure to the 

market. However, that may be difficult for UCITS funds and other investment companies that are 

subject to certain regulations since they have access to capital from amateur investors. Consequently, 

they are unable to hedge the market risk to the same degree as a hedge fund would. Hedge funds seek 

to deliver market-neutral investment strategies by going long and short in appropriate financial assets 

(Pedersen, 2015, p. 21). This function describes factor investing, i.e. to go long certain characteristics 

of an assets while shorting the opposite. As a result, factor investing is a way to neutralize the market 

risk (Ang, 2014, p. 450). Since UCITS funds are unable to utilize these benefits of factor-investing 

completely, they experience increased exposure to the market. 

Finally, there is evidence that the funds are engaging in market timing. By observing mutual 

funds that have data going back before the financial crisis of 2008, we notice that they decreased their 

exposure to the market-factor leading up to and during the crisis; and increased their exposure in 

value-tilted strategies following the crisis. Doing so lowers the probability of extreme negative returns 

during the crisis and increases the probability of high returns by utilizing the value-factor in the 

beginning of an upswing. In addition, by observing the ETF-weights, it is obvious that nearly all the 

mutual funds are displaying flight to more secure stocks in recent times. They are decreasing their 

exposure to factor-ETFs such as value and market; and increasing their exposure to factor-ETFs such 

as low-volatility and quality. Flight to quality (or flight to safety) is a well-known phenomenon where 

investors sell risky assets and buy safe assets when they expect, or are experiencing, bad times (Ang, 

2014, pp. 292 & 357; Asness et al., 2013). As the data would suggest, this flight seems to be happening 

as we speak. 
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6. CONCLUSION AND DISCUSSION 

6.1. Performance 
The outperformer of the sample is clearly BLS Invest if we look at the performance measures of actual 

returns. When we first considered our sample of mutual funds, we did not examine whether the fund 

was listed as a UCITS fund. Therefore, BLS Invest being the only non-UCITS fund in our sample and 

performing the best is interesting to say the least. Of course, there could be other factors at play that 

cause BLS Invest to deliver the best performance. Nevertheless, the results merit further research into 

the issue, whether the UCITS framework impedes fund performance without sufficiently increasing 

investor safety.  

In contrast to BLS Invest, Sydinvest is the underperformer of the sample. In fact, it barely 

managed an excess average return above zero. Moreover, Sydinvest was part of the Value-funds group 

which performed the worst of the three groups. Even after we excluded the best performing-, and 

worst performing funds, the Value-funds were still the worst performers. In fact, the Growth-funds 

exhibited the best performance of the groups. Considering that academia and professional investor 

groups have displayed the outperformance of the value premium time and again, these results are 

somewhat contradictory.  

When we analysed the Value-funds’ investment strategy, we discovered that they did not 

engage in value-investing according to the definition of Fama and French. None of the Value-funds had 

a significant positive loading on the HML-factor. Moreover, two of the funds exhibited a consistent 

negative coefficient for the HML-factor. To be sure, Morningstar’s methodology of a value strategy is 

somewhat different from that of Fama and French, but the definition remains the same. Therefore, it 

is probable that other factors are the cause behind the lack of a value-coefficient among these funds, 

e.g. disappearance of the value premium, increased risk-awareness of investors or inability of fund 

managers to locate value-stocks.  

Furthermore, the Core-funds experience consistent negative loadings on the HML-factor. Maj 

Invest is part of this group, but it considers itself to be a value fund, given the full name of the fund: 

“Maj Invest Value Aktier”. Therefore, we are not the only ones having difficulties in observing value-

effects in Danish mutual funds, as Morningstar considers Maj Invest to be a Core-fund, rather than a 

Value-fund. Another fund that is inconsistent with its objective is Sparinvest. Recall that its full name 

is Sparinvest Momentum Aktier Akk KL A. Yet, we were unable to find any evidence that this fund 

partakes in a momentum strategy. 
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6.2. Regression 
There is a definite indication of a presence of the QMJ-factor in the Danish mutual fund industry. All 

but one fund experienced a substantial positive loading on the QMJ-factor in the Six-factor model. 

However, six of the nine funds did not have a statistically significant coefficient. Moreover, 

Handelsinvest experienced a statistically significant negative loading for the QMJ-factor, suggesting 

they rather invest in junk-stocks than quality-stocks. Consequently, there is not enough evidence to 

suggest that the quality factor has significant predictive qualities on the fund’s returns. Nevertheless, 

the results indicate that given a larger sample and longer period, the QMJ-factor could be observable 

in the Danish mutual fund industry.  

When we compared the values of the QMJ-coefficients to the corresponding performance and 

distribution statistics of the funds, we noticed a definite trend between them. In all cases but one, we 

observed that the highest QMJ-coefficient of each investment style group delivered the best 

performance. At the same time, the lowest QMJ-coefficient of each group delivered the worst 

performance. The only example where this was not the case was with the Core-funds. However, the 

two best performing Core-funds exhibited similar QMJ-coefficients, with only a small difference.  

Furthermore, when we examined the link between the distribution statistics and the QMJ-

coefficients, we discovered that the higher the QMJ-coefficient, the tighter distribution of the fund. 

This trend could be observed in all cases except for within the Value-funds. There, MS Invest exhibited 

a substantial and statistically significant loading on the QMJ-factor but did not exhibit the tightest 

distribution. Nonetheless, it did display the best skewness and upside frequency. Puzzlingly, Sydinvest 

displayed the lowest QMJ-coefficient but exhibited similar distribution to MS Invest.  

In conclusion, there is a link between the QMJ-factor and the performance of the fund. This 

merits further research into whether the QMJ-coefficient could be utilized as a performance measure, 

as it seems to be a good measurement of a performance of a fund. In addition, as noted in section 3.1, 

every valid performance measure needs to be risk-adjusted to be comparable, which the QMJ-

coefficient is when the market-factor is included in the regression. Moreover, the results support the 

fact that the QMJ-factor is more of a hedge-factor than a risk-factor, given the link between the 

distribution statistics and the QMJ-coefficients. There is less risk within the funds that exhibit high 

positive loadings. However, whether the source of lower risk stems from the manager’s ability to 

choose quality stocks is uncertain. Further research is needed where other factors are accounted for 

in order to answer that question.  
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Disappointingly, few of the funds exhibited clear investment strategies with regards to the 

significance of the regression factors. Nevertheless, the BAB-factor is clearly observable but in the 

opposite direction. That is, almost all funds experienced a significant negative loading for the BAB-

factor, contrary to Berkshire Hathaway in Buffett’s alpha (Frazzini et al., 2013). To be sure, this was 

expected as Danish mutual funds are unable to leverage up to utilize the BAB-premium. 

Finally, we observed a re-materialization of the SMB-factor as Frazzini et al. (2013) did in their 

study. Granted, this did not happen in all cases as it depended on the magnitude of the QMJ-coefficient 

of the fund. In addition to the reasons for this reappearance covered by Frazzini et al. (2013), it makes 

intuitive sense as many quality-firms are in the later phase of their life-cycle and well-established, 

whilst small firms are usually in the earlier phase. Therefore, small firms are more prominently junk-

firms. 

6.3. Style Analysis 
We examined whether the QMJ-factor was used by the funds in market timing. If there was an increase 

in the QMJ-factor loading during bad times, it would suggest flight to quality and support that QMJ 

was a hedge factor. Unfortunately, only three funds had enough data to observe the change in 

investment strategy during the crisis of 2008. Handelsinvest exhibited a slight increase in the QMJ-

factor during the crisis, but the other two did not exhibit any increase. We did observe a decrease in 

the market factor during this time, suggesting that the fund was engaged in some form of market 

timing. In addition, a trend was observed among most of the funds where the Quality-factor- and 

Quality-ETF loadings have increased in recent times. It is too soon to confirm that this is a sign of market 

timing as we have yet to observe any significant decline in market conditions. Consequently, there is 

insufficient evidence that the QMJ-factor is utilized in market timing.  

Interestingly, we managed to outperform the funds using their own investment strategies and 

applying them to the theoretical factor dataset on one hand and chosen ETFs on the other. To be sure, 

we were expecting to outperform the funds when applying the strategies to the theoretical factor 

dataset as there are no implicit fees. But, surprisingly, the ETF style analysis outperformed the funds 

as well. As discussed in section 5.3.2.4, there are implicit fees in the ETF returns, albeit not the same 

as in the actual returns of the mutual funds. In addition, mutual funds experience higher agency costs 

than ETFs (Ang, 2014, p. 549). Moreover, mutual funds have been able to outperform their respective 

benchmarks, but not after costs (Ang, 2014, pp. 532–533). Consequently, the most likely explanation 

on the outperformance of the ETFs with regards to the actual returns of the mutual funds is the 
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differences in costs and fees. However, as discussed in section 5.3.2.4, analysing the difference is 

challenging and exceeds the scope of this study. 

The ETF style analysis performed better than the theoretical factor dataset, but it is difficult to 

determine why that is as the latter has no implicit fees. We propose one theory on why it performed 

better. When analysing the ETFs, we discovered that their cross-correlation was extremely high (see 

Appendix D, Figure 2). In addition, the age of the ETFs limited us in comparing the results in different 

market situations. Namely, we were not able to include the crisis of 2008 in our ETF style analysis. The 

unanswered question is whether the ETF style analysis would perform even worse than the actual 

returns or the theoretical factor returns, due to their high cross-correlations, or if this high correlation 

would cease to exist during bad times and the ETFs would still outperform.  

Furthermore, the universe of the theoretical factor dataset allows for shorting and leveraging, 

whilst the chosen ETFs are long-only and without leverage. Considering that the style analysis we 

applied is consistent with the ETF universe, it could skew the results. That is, the results from the 

theoretical factor dataset could be biased downwards. 

6.4. Limitations 
The original study of the significance of the QMJ-factor was applied to the returns of Berkshire 

Hathaway. There, the factor was critical in explaining Buffett’s alpha (Frazzini et al., 2013). We did not 

observe the same significance in our sample. This is mainly due to the different legal frameworks 

surrounding Berkshire Hathaway and Danish mutual funds. The UCITS framework limits the fund’s 

investment strategies and they are not allowed the same freedom of choice as Warren Buffett. 

Berkshire Hathaway is listed as an insurance company and is therefore not subject to the Act of 1940. 

In addition, the company has access to cheap leverage through its insurance operations. 

The investment restrictions have substantial effects on the fund’s returns, resulting in less 

significant factors. Thus, when we apply a theoretical factor dataset that is set in a universe where 

shorting and leveraging is practiced, to a mutual fund where the universe is long-only with limited 

access to leverage, we may get skewed results. It may be more appropriate to apply long-only factors 

to analyse the returns of long-only funds. To demonstrate, including Ang’s volatility factor instead of 

the BAB-factor might be more appropriate (Ang, 2014, p. 339). 

Moreover, there is evidence that Danish mutual funds are too passive (Danmarks 

Nationalbank, 2008, p. 57). If this were the case, it would result in obscure investment strategies which 

would materialize in insignificant coefficients in our regression model. 
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The lack of data is another crucial limitation. This can be clearly seen when we examine the 

regression results of Handelsinvest where every coefficient was statistically significant. This fund had 

the highest number of observations of 330 in our sample, where the second-highest number was 189. 

Another interesting limitation concerns the theoretical factor dataset borrowed from AQR. 

When we analysed the QMJ-factor with regards to the other factors, we noticed possible 

multicollinearity effects. To mitigate this effect, we would need a longer sample, or as discussed above, 

include a long-only factor dataset. 

When we compared Morningstar’s beta estimates of the funds to our results, we noticed 

discrepancies. Upon further examination, we saw that Morningstar includes only the past 36 months 

in their estimation. In addition, it depends on the investment strategy of the fund, which benchmark 

index they apply. Furthermore, when we tried to replicate Morningstar’s results using available 

information from Morningstar’s website and Datastream, we did not get the same estimates (see 

Appendix F, Table 1). To be sure, the betas of the funds did increase when we used the same 

benchmark indices as Morningstar, but the R2 was not nearly as high.  

We did not include the same market index as Morningstar for two reasons. First, we wanted 

to apply the same factor dataset used in Buffett’s alpha. Combining different methodologies within 

the same dataset could jeopardize the analysis and results. Second, choosing a benchmark that fits the 

fund instead of choosing a fund and applying it to a benchmark, could causa a data-mining bias which 

we want to avoid. Of course, the benchmark needs to be appropriate and the sample needs to be 

included within the benchmark’s universe. 
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