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Abstract 

The aim of this paper is to find a way to exploit booms and busts in stock markets 

to get a return which is higher than the return for a buy-and-hold strategy. The 

question that gives rise to this goal is whether stock prices follow short run trends 

during financial booms and busts. The thesis therefore start out by discussing the 

relevance of historical stock prices. It finds that historical information is fully re-

flected in prices hence historical prices cannot be used to predict future prices ac-

cording to proponents of the Efficient Market Hypothesis (Fama 1980) and (Malkiel 

1975). Opponents of EMH argue that portfolios of stocks exhibit serial correlation 

in weekly returns which means that historical stock prices can be used to predict 

future stock prices (MacKinlay 1999). The strongest evidence of autocorrelation is 

found for Nordic stock markets. It is therefore chosen to develop a New Model based 

on a filter strategy on portfolios of Nordic stocks to exploit potential autocorrelation 

in returns. Financial insights are hence uncovered to give guidance on how to find 

stocks for a portfolio and how to assign weights. It is decided to use a Naïve portfolio 

model because it is not prone to estimation errors. Each portfolio should include 18 

stocks to secure adequate diversification. The filter strategy is defined and tested 

in-sample and it is chosen to use an Y-filter of 25% and an X-filter of 16.67%. The 

empirical analysis tests the New Model on Danish, Norwegian and Swedish stocks 

and find that the expected return of the New Model is higher than the expected 

return of a buy-and-hold strategy for small cap stocks. Contrary, it finds that the 

average return is lower for the NM for portfolios of mixed, large and mid cap stocks.  
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Chapter 1 – Introduction 

A question that has left many investors wondering is simply: How to invest? What 

to invest in?, and which strategies to follow? These are all relevant questions for 

every investor. Unfortunately, these questions have no clear answers, as investors 

following the same strategy are not always equally successful. The focus in this pa-

per is investment strategies in the stock market combined with risk free invest-

ments. With interest rates close to zero percent, stocks seem to be a good asset class 

for many investors.  

Next is the question of which strategy to follow. There is an ongoing discussion 

about whether one should be a passive or active investor. This paper seeks not to 

thoroughly partake in the discussion of active or passive investing in detail, but to 

build an investment strategy that finds inspiration from both sides of the discus-

sion. A main source of inspiration is the widely known Random Walk Hypothesis, 

(RWH), (Malkiel 1975).  

This thesis accepts as a premise that daily stock returns are unpredictable, and in 

accordance with Malkiel (1975) that there is a long run positive price trend. It dif-

fers from Malkiel’s assumption because it assumes that portfolios of stock may fol-

low short run trends during booms and busts. The developed investment model 

seeks to find a way to exploit this by systematically having a risk-free position in 

times of stock price decline and alternatively a long position when prices are not 

decreasing. The overall goal of this thesis is to find an investment method that sys-

tematically generates excess returns, defined as returns superseding the return 

achieved by passively holding a portfolio 

 

1.1 Problem Statement 

As mentioned in the previous section there is an ongoing debate about whether in-

vestors should manage their investments passively or actively. Many active invest-

ment strategies involve frequent trading and more or less sophisticated approaches 

to time the market or pick overperforming assets (Malkiel 1998). The approach in 

this paper is to find a way to sell high and buy low throughout a stock market cycle. 
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The ideal model would be a model that sells stocks at the peak before prices decline 

and buy right away as prices start to increase. This would result in infrequent trad-

ing and significant gains, but it is likely hard to find such a model. Barber & Odean 

(2000) find that individual investors who actively manage their funds, i.e. has a 

portfolio turnover rate above 75% annually, underperformed the market return in 

the US from 1991 to 1996. Malkiel (1998) finds a similar conclusion for institutional 

investors where about two-thirds of the active fund managers in the US underper-

formed the S&P 500 from 1966 to 1996. This indicates that it is probably difficult 

to increase profits by actively managing investment funds, hence the stated goal of 

this thesis is bold, yet very interesting to achieve and leads to the following problem 

statement: 

 

Is it possible to build an investment strategy that exploits financial booms and 

busts to perform better than a passive investment? 

 

1.1.1 Hypotheses 

It is very hard to answer this problem statement in general terms, because an infi-

nite number of investment models could be tested. The approach in this thesis is 

therefore to develop one model, hereafter referred to as New Model or NM, that 

exploits booms and busts to perform better than a passively managed portfolio and 

test whether the model succeeds in doing so. Three hypotheses are stated below to 

specify how the NM will be tested.  

 

Main Hypothesis: 

H1: The average return for NM trading is higher than the average return for passive  

investing.  

 

Sub-hypotheses: 
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H2: The average return for NM small cap trading is higher than the average return 

for passive small cap investing.   

H3: The average return for NM mid cap index trading is higher than the average 

return for passive small cap index investing.   

H4: The average return for NM large cap trading is higher than the average return 

for passive small cap investing. 

The differences between theses hypotheses is that hypothesis one has no restriction 

on company size, which means that the hypothesis should be valid for portfolios 

with small, mid and large cap stocks combined. Small, mid and large cap as a com-

bined group is hereafter referred to as mixed cap. It has been decided to perform 

the test separately on different market cap segments because Lo & MacKinlay 

(1999) find stronger serial correlation in weekly returns for portfolios of small cap 

stocks than for mid and large cap stocks, which will be elaborated further in Chapter 

two. Secondarily Jones (2002) finds that stocks from bigger companies tend to be 

traded more often which results in more efficient price setting of larger companies. 

Smaller companies tend to be less traded with less efficient pricing as a result 

(Jones 2002). The effect of this could be that the NM yields different returns for 

different company sizes.  

 

1.1.2 Other Studies 

It should be mentioned that while this thesis may have a slightly different approach 

to finding an optimal investment strategy, many other individuals and investors 

have tried to achieve the same goal and many have failed to do so as found by 

Malkiel (1998) and Barber and Odean (2000). A range of other studies on how to 

invest can be found and especially the book “A Non-Random Walk Down Wall 

Street” by Lo and MacKinlay (1999) can be mentioned which argues against 

Malkiel’s claim that stock returns are unpredictable.  
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1.2 Methodology 

The method applied in this thesis is primarily quantitative, which means that sta-

tistical and financial analyses back up all main conclusions. An alternative ap-

proach could be qualitative studies where conclusions are based on the opinions and 

thoughts of usually small groups or individuals. A quantitative approach seems 

more appropriate when analyzing investment strategies because external and in-

ternal validity can better be ensured through quantitative analysis than qualitative 

studies (Bryman 2011) and (Sackett et al. 2012). To fully benefit from quantitative 

analysis much data is needed which luckily is no obstacle when it comes to stock 

prices, because many databases contain loads of historical stock prices. The desired 

model is normative by definition, because the goal is to create a model that gives 

insights on how to invest, as opposed to descriptive, which would be a model that 

described how stock prices evolve over time (Bryman 2011). The latter approach 

could be useful if it was possible to find a model that would perfectly describe how 

stock prices develop over time. Such a model could easily be used to generate profits. 

However, it seems even more unrealistic to come up with, than an investment model 

outperforming the market, given what the consequences of perfect stock price fore-

sight would be. It is crucial to secure a high level of internal and external validity 

in this analysis, as the positive profit have to be generated by the investment model 

and not by something else (Sackett et al. 2012). For this reason a passive investment 

strategy have been used as a benchmark model, BM, against the NM, and the same 

rebalancing strategy and tax assumptions are imposed on both models to isolate 

effects. The dataset for the empirical analysis is large so that the chance of a seren-

dipitous result is minimized which will be elaborated on in Section 3.3. 

 

1.2.1 Research Design 

This thesis contains a thorough literature review, which creates a broad basis of 

knowledge upon which it is possible make assumptions about how an investment 

model should be created to fulfill the stated goal. Hereafter, the model is applied on 

real data to test the four hypotheses. This is an example of deductive reasoning 

which helps ensure external validity. It is however not entirely deductive as the 



 
 

Page 11 of 100 
 

model is tested on in-sample data and adjusted accordingly. This is an example of 

inductive reasoning where a connection has been found and on the basis of this a 

hypothesis is created which hence is tested in general (Bryman 2011). A big risk in 

this regard is if the same data is used for fitting and testing, because a model can 

be optimized to give a good return on a given data set (Leshik & Cralle 2011). To 

omit this bias, old data will be used for the in-sample test and newer data will be 

used for the empirical analysis. This is very important, because the model has to be 

applicable to not only the sample chosen in this thesis, but also on other comparable 

samples.   

 

1.2.2 Research Model 

It has been decided to test the hypotheses on Danish, Norwegian and Swedish 

stocks because Jennergren and Korsvold (1975) find that autocorrelation in stock 

returns are more significant and positive for these countries compared to other 

countries, which will be elaborated on in Section 2.4. The research model is graph-

ically presented in Figure 1 below. 

 

Figure 1: Overview of the Research Model 

Source: Own creation 

 

1.3 Data  

It is quite easy to find reliable data on stock quotes for most companies. Many ac-

credited databases exist; for instance Bloomberg and DataStream which were both 

available for this thesis. They are widely used by professionals and monitored by 

employees who ensure good data quality. Historical stock prices are also objectively 

given and should not be subject to any kind of discussion. However, sometimes ex-

tracted stock prices do include errors. An usual error is a stock quote of zero or a 
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missing stock quote. As this is obviously an error, zeros and missing values have 

been removed from the extracted data and replaced with the average of the closing 

price from the day before and after. Even if the extracted prices deviated a bit from 

the actual prices, it would not have had a big effect on the results in this analysis 

because only big movements in stock prices cause trading signals. The frequency of 

data may impose some limitations on the analysis. For instance, intraday stock 

quotes may not exist for illiquid stocks. Even closing prices may be non-existing or 

unreliable for illiquid stocks if the stock has not been traded for more than a day. 

Most stocks on the main exchanges are however traded daily, but some have low 

trading volumes. If a hypothetical investor invested in a stock with a low volume, it 

might strongly affect the price. Therefore tests on small cap stocks may not be real-

istic because actual trades could have affected the price, and hence the result would 

have been different in real life.  

 

1.4 Delimitation 

The most important limitations are discussed in the following sections. 

 

1.4.1 Only one Trading Model is Tested 

The scope of this thesis is potentially very broad. There are countless examples of 

trading systems which could have been tested, that may have yielded better results. 

A rather simple filter trading strategy is chosen in this paper. Mainly because em-

pirical studies conclude that simple trading strategies on average perform better 

than more sophisticated trading strategies (Kaufman 2016) and secondarily be-

cause many sophisticated trading strategies require advanced programming skills 

and designated software which was not available in this analysis. It would be inter-

esting to analyze the trading strategies of equity investment funds to see which 

strategies that have been most profitable historically. This work would however 

have been too extensive.  
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1.4.2 Time Period  

New investment patterns have evolved and replaced each other throughout history. 

According to Malkiel (1972) it seems apparent that no system generates excess re-

turns in the long run, because every trading system has proved unsuccessful in the 

long run despite being very profitable in the medium to short run. It is by definition 

impossible to test whether the model found in this thesis will be profitable in the 

future. Therefore, the goal is to identify a model that would have consistently gen-

erated excess return in the period from 1/1/2004 to 12/31/2014.  

 

1.4.3 Geographical Area 

It has been decided to focus only on Danish, Norwegian and Swedish stocks listed 

on the main exchanges. The findings are therefore only relevant for stocks on these 

markets.   

 

1.4.4 Degree of Detail 

The analysis in this paper is based on about one million closing prices. Many ad-

justments could be made to improve the precision of the test results. The model 

could use intraday bid and ask instead of closing prices, it is instead assumed for 

simplicity that stocks can be bought or sold once every day at the closing price which 

implies a bid/ask spread of zero. This is obviously a rough assumption, but in prac-

tice, prices adjust every second and it would require tremendous computing power 

to handle the data required for such precision. The impact of allowing one trading 

opportunity a day is low because the trading strategy does not at all try to capture 

the very top or bottom of a price cycle. Bid and ask spreads are usually higher for 

less liquid stocks (James 2003), which means that markets with low liquidity and 

small stocks have higher bid and ask spreads. The return for each stock index is 

calculated in the respective home market’s domestic currency. An investor would 

maybe like to see the return calculated in his or her domestic currency, but it is 

irrelevant for the research in this thesis because the focus is to determine whether 

the NM generates excess returns compared to the BM. 
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1.4.5 Market Capitalization Segments 

There are no universally accepted market capitalization definitions (Bodie et al. 

2014). Denmark and Sweden use the same definitions which are currently large cap 

>1 billion EUR, mid cap 150 to 1,000 million EUR, small cap < 150 million Eur 

(nasdaqnordic.com). Norway uses slightly other rules and have no official large cap 

definition, but one could assume that it would be companies with higher market 

caps than the mid cap definition. Mid cap is defined to be companies with market 

capitalizations from 1 to 15 billion NOK and small cap is the 10% with the lowest 

market cap (Oslobors.no). These market cap definitions are floating over time due 

to inflation and that market cap segments are updated gradually. It has been de-

fined that the market cap segment that a stock belonged to at the end of a test 

period is assumed to be the market cap segment for the entire period. It would be 

lengthy to calculate the exact market caps for all companies at all times and this is 

assumed to be an assumption that does not have a big impact on the results. Be-

cause most companies are stable within their market cap segment over time. 

  

1.5 Thesis Structure 

This thesis is structured in ten chapters; Chapter one introduces the problem state-

ment, research design, limitation and structure while Chapter two contains a thor-

ough literature review that examines relevant academic papers on which this paper 

builds. Chapter three provides a statistical toolbox for the empirical analysis in 

Chapter five. A trading model is constructed in Chapter four which is applied on 

historical data in Chapter five where the four hypotheses are tested. Assumptions 

and applications of the results are discussed in Chapter six. A conclusion of the the-

sis is presented in Chapter seven after which perspectivations are made to discuss 

how the results relate to other aspects of business in Chapter eight. Chapters nine 

and ten presents the sources and appendix respectively.   
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Chapter 2 – Literature Review 

The purpose of this chapter is to provide insights upon which the NM can be con-

structed. The first topic explores whether historical stock prices can be used to pre-

dict future stocks prices. The main theory related to this is RWH, EMH and the 

practical EMH. These topics will all be discussed in-depth and possible investment 

strategies will be discussed. This gives a basic understanding of how stock prices 

develop over time and a framework for the NM. The second part of the literature 

review deals with Capital Market Theory. Risk and return is defined and relevant 

portfolio models are presented and discussed which provides an understanding of 

how to assign weights in a portfolio and which stocks to pick.  

 

2.1 Random Walk hypothesis and Market Efficiency 

The Efficient Market and Random Walk Hypotheses are two closely related hypoth-

eses about future stock prices. EMH states that efficient markets fully reflects avail-

able data. Meaning that only new information can be used to determine future stock 

prices. RWH is slightly different because it states that stock prices follow a random 

walk, which implies that historical data cannot be used to consistently outperform 

a passive investment strategy (Malkiel 1975). EMH is split into three forms; weak, 

semi-strong and strong market efficiency (Fama 1970). The EMH has a more exten-

sive theoretical foundation and will therefore be given more weight than the RWH 

in the following sections. The following Sections 2.1.1 and 2.1.2  will present the 

RWH and EMH where after arguments against those hypotheses will be presented 

in Section 2.1.3. A summary will finally be provided in Section 2.2.  

 

2.1.1 Random Walk Hypothesis 

The RWH theory was widely spread following the publication of Burton Malkiel’s 

“A Random Walk Down Wall Street” in 1973. It was described earlier by other au-

thors, which will not be elaborated further as it is outside the focus of this thesis. 

The Random Walk hypothesis claims that stocks follow a random walk. This im-
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plies, according to Malkiel (1975), that “The history of stock-price movements con-

tains no useful information that will enable an investor consistently to outperform a 

buy-and-hold strategy in managing a portfolio”. This statement is almost equivalent 

to weak-form market efficiency, which will be described in Section 2.1.3.  

Malkiel argued that stock prices follow a stochastic trend with positive drift 

(Malkiel 1975) which means that day to day stock returns are unpredictable, but 

that they will follow the general trend in the long run (Stock & Watson 2015). This 

conclusion is mainly based on empirical observations and experiments. Malkiel 

(1975) ran many experiments where he generated random price changes. A lot of 

these experiments ended up with price graphs very similar to those of real stocks 

which lead him to the conclusion that stock prices are random. His claim that his-

torical stock prices cannot be used to outperform a buy-and-hold strategy was sup-

ported by empirical research of the performance of various investment strategies. 

He found various trading strategies that all worked for a short period, but suddenly 

did not and then turned very unprofitable. As mentioned in Chapter Two, he further 

strengthened his viewpoint by stressing the fact that active fund managers more 

consistently underperform the S&P 500 than outperform it (Malkiel 1999) and 

(Malkiel 1975). These findings conclude that it should be impossible to construct a 

model that uses historical stock prices to outperform a buy-and-hold strategy and 

hence the goal of this chapter should be impossible to achieve. Because exploiting 

booms and busts means to use historical prices to predict future prices. He does 

however mostly focus on the performance of individual stock trading strategies in 

his analysis and not on strategies that trade entire portfolios of stocks, which will 

be discussed further in the following sections.  

 

2.1.2 Efficient Market Hypothesis 

A classical view on stock markets is that they are efficient which is explained by the 

EMH. EMH is as mentioned split into three forms, weak, semi-strong and strong. 

The weak form states that all historical stock prices are fully reflected in the price 

of a stock, hence no undiscovered value exists in historical stock prices and technical 

analysis cannot consistently generate excess returns (Fama 1970). The semi-strong 
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form states that all public information and expectations are also included in the 

present price of a stock, because prices adjust very rapidly to new information, 

hence no value can be found from fundamental analysis because all information is 

already taken into account in the price. Finally, the strong form states that all in-

formation both public and private is fully reflected in the price of a stock and hence 

no one can consistently earn excess returns (Bodie et al.  2014). To analyze this in 

depth a formal model of market efficiency will be presented. It is here chosen to 

focus on a model based on expected return pricing because this is the most prevalent 

pricing theory. Other theories exist, but they will not be investigated as they are 

out of scope for this paper. 

 

2.1.2.1 Efficient Market Hypothesis as a Model 

Formally put a typical model of efficiency based on expected return is presented in 

formula 1.   

𝐸(𝑝𝑗,𝑡+1|𝜃𝑡) = [1 + 𝐸(�̃�𝑗,𝑡+1|𝜃𝑡)]𝑝𝑗,𝑡        (1) 

Which means that the expected price, 𝑝 of asset 𝑗 at time 𝑡 + 1, given the available 

data 𝜃 at time t, is equal to one plus the expected rate of return for asset 𝑗 at time 

𝑡 + 1, given the available data 𝜃 at time t, times the price of asset 𝑗 at time 𝑡. Tildes 

means that the variables are random at time 𝑡, because the price at time 𝑡 + 1 is 

unknown at time t. Although the expected price and return at time 𝑡 + 1 are un-

known and random at time 𝑡, they both fully reflect the known data at time 𝑡, 𝜃𝑡. 

This also means that no one can exploit the information given in 𝜃𝑡 to better predict 

future prices, as all of this information is already fully reflected in 𝑝𝑗,𝑡. An underly-

ing assumption behind this result, is that investors have equal information and 

equal expectations. Only new information occurring in the timespan from time 𝑡 to 

𝑡 + 1 will affect the actual return, hence at time 𝑡 + 1, 𝑝𝑗,𝑡+1 and 𝑟𝑗,𝑡+1 will no longer 

be unknown, because 𝜃𝑡+1 is now known (Fama 1970) or formally put: 

Let 𝑥𝑗,𝑡+1 express the difference between the actual price at time 𝑡 + 1, 𝑝𝑗,𝑡+1 and the 

expected price from a time 𝑡 perspective, 𝐸(�̃�𝑗,𝑡+1|𝜃𝑡) which is stated in formula 2. 
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𝑥𝑗,𝑡+1 = 𝑝𝑗,𝑡+1 − 𝐸(𝑝𝑗,𝑡+1|𝜃𝑡)         (2) 

Thus the expected value of 𝑥𝑗,𝑡+1 will be zero as stated in formula 3.  

𝐸(�̃�𝑗,𝑡+1|𝜃𝑡) = 0          (3) 

This means that the stock market is a fair game where investors should not expect 

to gain nor make a loss compared to the expected return. Another way of putting 

this is that the only way to increase the expected return is to increase the expected 

risk. Risk as a driver for return will be addressed later. 

An interesting implication of the above model can be made by adding the assump-

tion that the expected future price is higher than the present price, which is for-

mally stated in formula 4. This would be in accordance with Malkiel’s (1973) finding 

that there is an overall positive long run trend for stock prices.  

𝐴𝑠𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛: 𝐸(𝑝𝑗,𝑡+1|𝜃𝑡) ≥ 𝑝𝑗,𝑡      (4) 

This means that the expected return cannot be negative. If this is combined with 

the findings in formula 3, then the expected return conditional on 𝜃𝑡 for a trading 

system cannot be higher than the expected profit for a buy-and-hold strategy if only 

one asset is taken into account. A fair game with the above assumptions is referred 

to as a Sub-martingale Model, and it implies that no trading strategy will expect-

edly be more profitable than a simple buy-and-hold strategy. The idea behind the 

NM is to construct a model that holds a portfolio of stocks, but tries to sell it when 

prices are decreasing and buy it again when prices are increasing. This would be 

impossible if the implication of the sub-martingale model is true. 

 

2.1.2.2 Practical Implications 

Fama (1970) mentions in his analysis that transaction costs, search costs for infor-

mation, and disagreements about the implications of current information for the 

future, may lead to small degrees of inefficiency in a market. Opponents of the EMH 

has built alternatives to EMH which tries to incorporate these known aspects. 

These alternatives will be presented in Section 2.1.3. 
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.  

2.1.2.3 Empirical Evidence 

Empirical investigations are generally affirmative of the weak market efficiency ac-

cording to Fama (1970) which means that all historical stock prices are fully re-

flected in the current stock price (Fama 1988). The semi-strong market efficiency is 

also confirmed by empirical investigation according to Fama (1970), while the 

strong efficiency is harder to confirm, because some investors such as insiders obvi-

ously possess valuable knowledge, that can be used to generate expected profits ex-

ceeding those from a buy-and-hold strategy (Scholes 1969). In fact, much regulation 

is done to prevent insiders from exploiting non-public information, which could be 

seen as an argument against strong market efficiency (Constantinides 1983). A 

problem with tests of market efficiency is, that they are very dependent on the test 

method. Fama (1988) argues that tests of market efficiency are joint tests of the 

chosen market model and market efficiency which causes some uncertainty about 

the empirical evidence. 

 

2.1.3 Non-Random Walkers and the Practical EMH 

The existence of many actively managed investment funds reveals that not every-

body is convinced by Malkiel’s RWH and Fama’s EMH (Innes & Cabrer 2018). Lo 

and MacKinlay who coauthored “A Non-Random Walk Down Wall Street” in 1999 

argues against RWH and claims to have found evidence against it and EMH. 

 

2.1.3.1 Arguments Against Market Efficiency 

Intuitively Lo & MacKinlay (1999) argue that stock markets show signs of ineffi-

ciencies whenever someone are trading for other reasons than information. Some 

investors may trade because they need liquidity, to rebalance a portfolio or because 

of false information and can be categorized as noise traders (Lo and MacKinlay 

1999). These noise traders cause small deviations from the would-have-been effi-

cient market price that is constantly being corrected by arbitrageurs. Lo and 

MacKinlay (1997) therefore suggest an alternative to EMH a so called practical 
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EMH “.. in an efficient market, the only way to earn positive profits (outperform a 

buy-and-hold strategy red.) consistently is to develop a competitive advantage, in 

which case the profits may be viewed as the economic rents that accrue to this com-

petitive advantage”. Such a competitive advantage could be a trading algorithm, a 

special market insight or something that qualifies the investor to profit from noise 

traders. This means that it is possible to construct models that outperform a buy-

and-hold strategy according to Lo and Mackinlay (1999) but that it is hard to do and 

requires exceptional understanding of financial markets. The main reason is that 

investors interpret information differently. This means that even if all investors 

could access all public historical information, they would still disagree about their 

expectations. One could then question whether it is realistic to build a model within 

the framework of this thesis that predicts stock prices better than most investors. 

The answer is most likely no. On the contrary, the most profitable active traders 

are not necessarily those with the most complex trading strategies.  

 

2.1.3.2 Arguments Against the Random Walk Hypothesis 

Non-random Walkers point out that there is a difference between the two state-

ments that stock prices follow a random walk and that historical stock prices cannot 

be used to predict future stock prices (Lo and MacKinlay 1999). Malkiel (1975) 

claimed that the latter was a consequence of the former. Lo and MacKinlay (1999) 

argues that stock prices can follow a pattern, for example increased volatility under 

specific conditions that do not allow for stock price prediction, but violates the as-

sumptions of a random walk. The return on Mondays are for instance significantly 

negative on average, and the average return of the last three days of the week is 

significantly positive (Bodie et al. 2014). 

  

A Formal Model of a Random Walk 

The most restrictive version of a random walk is the following as expressed in for-

mula 5:  

𝑝𝑡 = 𝜇 + 𝑝𝑡−1 + 𝜖𝑡,        𝜖𝑡~𝐼𝐼𝐷(𝑜, 𝜎2)     (5) 
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This states that the price of a stock at time 𝑡, 𝑝𝑡, is a function of the price in the 

previous period plus, 𝜇 which is a positive drift term and an increment 𝜖𝑡 which is 

independently and identically distributed, averages zero and has a constant vari-

ance (Lo and MacKinlay 1999). These assumptions about the increment are very 

strict. As mentioned, if volatility is changing over time then increments are not 

identically distributed over time. Empirical evidence shows that increments do not 

have constant volatility (Goedhart & Mehta 2016). More interestingly, if increments 

are not independently distributed then stock prices increments would be somewhat 

predictable, hence future stock prices would be predictable. Lo and MacKinlay 

(1999) argue that this is the case because stock returns exhibit positive serial cor-

relation which they argue is a direct rejection of the Random Walk Hypothesis.   

 

2.1.3.3 Empirical Evidence Against the RWH and EMH 

Lo and MacKinlay (1999) developed a variance ratio statistical test, that yielded 

quantitative evidence against RWH and EMH in form of significant positive first 

order serial correlation in weekly and monthly returns for the equal and value 

weighted Center for Research in Security Prices, CRSP, Index. This means that 

historical stock prices can be used to predict future stock prices and is therefore 

contradictory to the EMH. It also means that stock prices do not follow a random 

walk and is therefore also contradictory to the RWH (Lo & MacKinlay 1997). The 

test was performed on data from 1962 to 1985 and in a another test performed on 

data from the CRSP index for the period 1962 to 1994 (Ibid.). The autocorrelation is 

more significant for equal weighted portfolios than for value weighted portfolios. 

This means that the return from a Naïve portfolio should exhibit a higher degree of 

autocorrelation than a market portfolio, which will be elaborated further in Section 

2.4.4.2. Lo and MacKinlay’s test is different from Malkiel’s test in that it is based 

on the return of an index instead of a single stock and because it is based on weekly 

and monthly returns instead of daily returns. Charles and Darné (2009) used the 

same variance ratio test and found significant autocorrelation in stock index returns 

for Latin American markets. Fama and French (1988), who are some of the main 

authors behind Market Efficiency, find a U-shaped pattern of autocorrelation as a 
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function of time for American individual stocks in the period 1926 to 1985. They 

find negative autocorrelation for 2-year stock holding returns and most negative 

autocorrelation for 3 to 5 year stock holding returns. Finally, on the long horizon 

autocorrelation become insignificant. These findings are most significant for the pe-

riod 1926 to 1941. Which is why they will not be given much weight in the further 

analysis.  

 

2.1.3.4 Practical Implications 

The above findings are supportive of the assumption in Chapter one, that stock re-

turns are somewhat predictable and follows cycles. Because a positive serial corre-

lation in weekly and monthly returns means that if a weekly (monthly) stock index 

return is negative it will likely be negative again the following week (month) and if 

it is positive it will likely be positive again the following  week (month). This could 

be exploited by selling when weekly or monthly returns are negative and buying 

when returns are positive. A trading algorithm could therefore monitor weekly or 

monthly returns and use those as buy and sell signals. It would have been interest-

ing to test the empirical data for autocorrelation to back up the assumption behind 

the trading idea, but it is out of scope for this thesis as the variance ratio test is 

complex and lengthy to perform.  

 

2.1.4 Summary 

The findings in Section 2.1.1 showed that stock prices appear to follow a random 

walk according to Malkiel (1975).  Section 2.1.2 found that there is empirical evi-

dence which shows that all public available information is fully reflected in present 

stock prices according to Fama (1980). It can be shown that if this is true then no 

trading strategy can outperform the return of a buy-and-hold strategy if prices are 

always expected to increase. This indicates that it is impossible to construct  a trad-

ing model that exploits booms and busts to outperform a buy-and-hold strategy. 

Section 2.1.3 found evidence against the RWH and EMH because non-random pat-

terns can be observed in stock prices which violates the RWH and because stock 
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indexes show positive serial correlation in weekly and monthly returns which vio-

lates both the RWH and EMH. It instead states an alternative Practical EMH which 

states that only investors with special insights are able to outperform a buy-and-

hold strategy. This means that it may be possible to construct a model that exploits 

booms and busts to outperform a passive strategy if this thesis can develop a model 

that require special insight to construct which may not be realistic. It is however 

decided to move on and try to find such a model anyway. The findings of positive 

autocorrelation in weekly and monthly index returns strengthens the belief that it 

may be possible to exploit booms and busts to outperform a passive strategy. Next 

section will therefore seek to uncover possible trading strategies that could be used 

for this purpose.  

 

 

2.2 Stock Market Forecasting and Trading Models 

Is it possible to predict future stock prices? And is there an established framework 

for doing so? Cowles (1944), found that even leading financial analysts do not do 

better at predicting the future movement of a stock index than a simple guess. He 

also found that analysts in total forecast bullish markets four times as often as they 

predict bearish markets, while in reality markets were bearish more often than 

bullish in the analyzed period from 1903 to 1943. He did however find evidence of 

inertia in the market. This means that a simple strategy of buying stocks when the 

monthly average index price is increasing and selling when it is decreasing is prof-

itable (Ibid.). It should be kept in mind that these results were found from data from 

1903 to 1943 meaning that they may not be applicable to today’s markets. If they 

are applicable then they are in accordance with Lo and MacKinlay’s findings of pos-

itive monthly serial correlation for indexes. This could explain why an investor 

could make a profit from buying when prices are increasing and selling when prices 

are decreasing. 
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2.2.1 Filter Trading 

A more elaborate version of Cowles’ trading system is filter trading. It means to buy 

when prices have increased by X% from the most recent low and hold until prices 

have decreased Y% from the most recent high and then go short. Some filter strat-

egies do not allow short positions because of the usually high costs related hereto 

(Elton et al. 2003). An extensive test of filter trading with short selling was per-

formed by Fama and Blume (1966) who tested it on all individual stocks on the Dow 

Jones from 1957 to 1962. They operated with equal X- and Y-filters and found that 

the filter system yielded a higher return than a buy-and-hold strategy before trad-

ing costs and tax for a filter of 0.5%, while it was unprofitable after tax and trading 

costs. Bigger filters up to 50% were unprofitable even before transaction costs and 

tax. Another study by Jennergren and Korsvold (1975) found that Danish, Norwe-

gian and Swedish stock markets are optimal for filter trading because individual 

stocks show high serial correlation in daily returns. They found excess returns from 

filter trading with single stocks after trading costs, but before tax. After tax returns 

were lower than for a buy-and-hold strategy. It can be concluded from the above 

that filter trading for individual stocks is usually not profitable when trading costs 

and taxes are accounted for. Fama (1988) in accordance with Lo and MacKinlay 

(1999) showed that serial correlation is higher for indexes than for individual stocks, 

which means that filter trading should work better with indexes than for individual 

stocks. It therefore seems relevant to examine whether this also holds for portfolios 

of stock, this area has yet to be uncovered as far as the writer is aware. 

 

2.2.2 Filter Trading With Indexes 

Figure 2 illustrates an example of filter trading with no short selling applied on 

OMX MidCap index with an X-filter of 0.67% and an Y-filter of 1%. A green dot 

represents a buy and a red dot represents a sale. As it can be seen the low filter 

values generate high trading activity. The index increased 44.55% in the given pe-

riod while the filter strategy returned 50.02% after transaction cost, but before tax 

considerations. It is for simplicity assumed that the index is a security that can be 

bought or sold at the closing value.  
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Figure 2: Filter Trading on OMX MidCAP 

Source: Own Creation and Bloomberg see Appendix 10.A for the code that generated it. 

This initial result shows that this may be a strategy that could outperform a buy-

and-hold strategy and even if not it would still be relevant to test how the filter 

strategy performs when applied on portfolios of stocks. The New Model will there-

fore be a filter trading model based on portfolios. As stated earlier the goal is to 

exploit booms and busts which means that filter values should probably be high 

because otherwise the model will also trade on small price deviations which are not 

caused by booms or busts. Additionally, small filters incur high trading costs and 

frequent taxation of gains which minimize compounded interest gains.  

 

2.2.3 Other Trading Models 

There are countless other trading models that could be interesting to investigate. 

For instance pairs trading which is a more sophisticated trading strategy that iden-

tifies pairs of highly correlated securities. If one of these securities underperform 
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relative to the other ,then a long position is placed in it and a short position is taken 

in the overperformer. The intuition behind this is that the pairs will return to equi-

librium in the long run and then a profit can be made (Whistler 2004). This is how-

ever not a model that exploits booms and busts. Some models try to predict stock 

market crashes and shift asset allocation before it happens. Such a model could 

have been relevant, but it is assumed that it is even harder to predict a market 

crash before it is happening than when it is happening. It is therefore decided to 

stick with the filter strategy because it seems to be a good fit for the purpose of this 

thesis.  

 

2.2.4 Which Filter Values Should be Used? 

The filter trading studies uncovered so far did all focus on single stocks and found 

the best results for relatively low filter values. This is however not desirable as 

stated in Section 2.2.2.  Kaufman (2016) argues that investors should consider 

whether there are some intuitive arguments that could apply when trading models  

are created. He further suggest that in-sample tests are performed to help adjust 

the model. This approach will be used and the filter value will be determined when 

the in-sample test is performed  

 

2.2.5 Summary 

It has now been decided that filter trading will be used in the New Model because 

it could potentially be able to exploit booms and busts especially given that there is 

positive serial correlation for stock index returns. Now insight into Capital Market 

Theory is needed to determine how to measure return and risk and how to construct 

portfolio and assign weights.   
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2.3 Finance Insights 

This section seeks to provide insights into Finance upon which it should be possible 

to get inputs for how to construct the New Model. In constructing this model 

knowledge about risk, utility and portfolio theory will be needed which will be cov-

ered in the following sections.  

 

2.3.1 Risk and Return 

According to Fama (1980), Malkiel (1975) and Lo and MacKinlay (1999) the most 

direct way to increase expected return is by increasing risk. Fama (1980) and 

Malkiel (1975) argue that expected return can only be increased by increasing risk 

with few non-consistent exceptions such as periodic arbitrage opportunities. On the 

other hand MacKinlay (1999) argues that exceptional financial insight can increase 

the expected return without increasing risk. This leads to the conclusion that even 

though the New Model is expected to outperform a passive strategy, it still have to 

balance risk and return, because risk is the main driver behind expected return. To 

make the discussion more concrete a definition of risk and expected return is needed 

which will be given in the following sections. 

 

2.3.1.1 Return 

Return measures the profitability of an investment. For stocks the return is gener-

ated by dividends and differences in buy and sell prices. It can formally be expressed 

by formula 6:  

𝑟𝑡,𝑡+∆𝑡 =
𝐷𝑡,𝑡+∆𝑡 + 𝑃𝑡+∆𝑡

𝑃𝑡
− 1                 (6) 

In this formula 𝑟𝑡,𝑡+∆𝑡, is the return for the given period from 𝑡 to ∆𝑡. 𝐷𝑡,𝑡+∆𝑡 is the 

dividend received in the period and 𝑃𝑡+∆𝑡 is the price of the asset at the end of the 

period and 𝑃𝑡 is the primo price. Many techniques exists that allows the analyst to 

calculate compounded returns, use log returns, calculate real returns and much 

more (Bodie et al. 2014). In this analysis the emphasis is to create a model that 
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generates a higher return than a buy-and-hold strategy. Therefore the main inter-

est is to compare total returns for the entire investment period for the New Model 

and the buy-and-hold strategy. Formula 6 will therefore be used to measure return 

in the empirical analysis.  

 

2.3.1.2 Risk 

A good measure of risk is the standard deviation or volatility, 𝜎𝑖, of the return, 𝑟𝑖, of 

an asset 𝑖. It can be found by calculating the square root of the variance of returns. 

The variance can be calculated from formula 7 (Munk 2016), where M is the number 

of return observations,  𝑟𝑖𝑗 is the j’th return of asset 𝑖 and 𝐸(𝑟𝑖) is the expected return 

of asset 𝑖. 

𝜎𝑖
2 = ∑

(𝑟𝑖𝑗 − E(ri))
2

𝑀
 

𝑀

𝑗=1

             (7) 

It follows from formula 7 that the more dispersion in returns the more risky an 

asset. The price for a high expected return is therefore a more unstable return.  

 

2.3.1.3 Risk Profiles 

Most investors are risk averse which means that they prefer high expected returns 

and low risk (Elton et al. 2003). The same viewpoint is applied in this thesis, and 

the model will therefore be created from the viewpoint of a risk averse investor. 

Other types of risk profiles exist, such as risk neutral and risk seeking, but they are 

not described here as most investment models assume investors are risk averse 

(Bodie et al. 2014). 
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2.3.2 Utility 

Risk profiles are closely linked to utility, and being risk averse means that an in-

vestor have decreasing marginal utility of wealth according to Arrow (1971). An 

interesting exhibit is to assume a certain model of utility that describes how indi-

viduals gain utility from wealth and use it in an optimization problem to find the 

optimal investment strategy (Arrow 1971) & (Prat 1964). Examples of utility func-

tions are quadratic risk functions and exponential risk functions, which will not be 

covered any further as the above method is not used in this thesis.  

 

2.3.2.1 Behavioral Aspects of Utility 

Behavioral Finance theory finds that most investors experience more negative util-

ity from realized losses than positive utility for an equal gain (Bruce 2010). Given 

that investors want to maximize utility it could be considered to include a no-loss 

limitation in the filter strategy, which would mean that the portfolio is only sold if 

the present price is higher than the price paid when the portfolio was bought. 

Strictly rational and in accordance with EMH historical prices should not be con-

sidered when investment decisions are taken (Bodie et al. 2014), but if it could in-

crease utility it may still be relevant to include. If the filter gives a sell signal which 

is prohibited by a negative return then the model will just imitate a buy-and-hold 

strategy which empirically is the strategy that gives the best chance of not under-

performing the market (Malkiel 1999). A no-loss limitation will therefore be in-

cluded in the NM.  

 

2.3.3 Risk of Combinations of Assets 

It is often possible to reduce the risk of a portfolio by holding more than one stock. 

This is caused by covariance because stocks may react differently to new infor-

mation and hence hedge each other (Bodie et al. 2014). Covariance between two 

variables is defined in formula 8: 

𝐶𝑜𝑣(𝑥, 𝑦) = 𝜎𝑥,𝑦 = 𝐸[(𝑥 − 𝐸[𝑥])(𝑦 − 𝐸[𝑦])]       (8) 
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For stocks this means that if a security is decreasing when another is increasing it 

will have negative covariance. If they tend to move together they have positive co-

variance (Elton et al. 2003). Covariance can be standardized by dividing by the pro-

duct of volatilities for both stocks and is then called correlation, or as formally stated 

in formula (9): 

𝐶𝑜𝑟𝑟[𝑥, 𝑦] = 𝜌𝑥,𝑦 =
𝐶𝑜𝑣(𝑥, 𝑦)

𝜎𝑥𝜎𝑦
    (9) 

 

Correlation is always between -1 and 1, where -1 means that the assets move exactly 

opposite and 1 means that they move exactly similar. If two or more assets are com-

bined in a portfolio then combined volatility, 𝜎𝑝 can be expressed by formula 10. In 

formula 10 𝑤𝑖 and 𝑤𝑗 are the weights of stock 𝑖 and 𝑗 (Ibid). 

𝜎𝑝 = √∑ 𝑤𝑖
2𝜎𝑖

2 + 2 ∑ ∑ 𝑤𝑖𝑤𝑗𝜌𝑖,𝑗𝜎𝑖𝜎𝑗

𝑁

𝑗=𝑖+1

𝑁

𝑖=1

𝑁

𝑖=1

      (10) 

 

In formula 11 is an example of formula 10 with two stocks. 

𝜎𝑝 = √𝑤𝑥
2𝜎𝑥

2 + 𝑤𝑦
2𝜎𝑦

2 + 2𝑤𝑥𝑤𝑦𝜌𝑥,𝑦𝜎𝑥𝜎𝑦      (11) 

 

This implies that volatility can always be decreased by combining two or more 

stocks in a portfolio compared to holding them individually unless the correlation is 

exactly 1 (Elton et al. 2003). A graphical representation of the impact of correlation 

on a two stock portfolio can be seen in Figure 3 on page 30. As it can be seen diver-

sification, i.e. combining assets, is more efficient when stocks have low correlation 

and it is even possible to create portfolios with zero variance when two stocks have 

a correlation of -1, which however does not exist (Munk 2016). 
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Figure 3: The Impact of Correlation on Portfolio Volatility.            

Source: Own creation with parameters:  𝑟𝑥 = 7%,  𝜎𝑥 = 20%,  𝑟𝑦 = 14 % 𝑎𝑛𝑑  𝜎𝑦 = 40% 

 

2.3.4 Diversification 

The findings of last section showed that it is a good idea for the risk averse investor 

to diversify, because diversification can increase the risk adjusted return of a port-

folio. Elton et al. (2003) argues that diversification has a bigger impact on portfolios 

with few individual stocks than on portfolios with many individual stocks. The re-

lation between the number of stocks in a portfolio and the volatility for American 

and International stocks are depicted in Figure 4, on page 32. It can be seen that 

the effect on volatility is low when there are more than 10 stocks in a portfolio, the 

effect is contrary big when there are less than 10 stocks in a portfolio. Furthermore, 

it is possible to get a lower volatility if an investor diversify internationally because 

correlation between stocks is lower across countries than within countries (Bodie et 

al. 2014). This leads to the conclusion that for the New Model a portfolio should 

always consist of at least 10 stocks and preferably 15 or more. It has been decided 
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to include 18 stocks in each portfolio for the NM because this should be sufficient 

for adequate diversification. It would be beneficial to diversify across countries, be-

cause then it would be possible to get a lower volatility which is desirable for the 

risk averse investor. However because serial correlation is higher for Scandinavian 

stock it has been chosen only to use Scandinavian stocks in the analysis. It has 

further been decided not to combine stocks from those countries, because these 

stocks markets are highly correlated and hence low additional diversification could 

be achieved by combining Danish, Norwegian and Swedish stocks. An additional 

argument against international diversification is that transaction costs are much 

higher for international stocks than for domestic stocks which could impose high 

transaction costs for a filter strategy. Moreover international diversification adds 

currency risk and exchange costs to the investment. Now it has to be examined how 

to weight the stocks in a portfolio. For this purpose different portfolio models will 

be examined in the following sections.  

Figure 4: The Effects of International and Domestic Diversification on Portfolio Vol-

atility 

 

Source: Own Creation and Elton et al. 2003.  

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

0 5 10 15 20 25 30

Number of Stocks in portfolio

Only US stocks US Asymptote Int Stocks Int Asymptote

Volatility, % 



 
 

Page 33 of 100 
 

2.4 Portfolio Models 

It has now been found that risk averse investors should diversify by holding ten or 

more stocks with the lowest possible pairwise correlation in their portfolio and pref-

erably not only domestic stocks. It has further been decided to include 18 stocks in 

the NM portfolios. The next question is how to weight stocks in a portfolio. A broad 

array of portfolio models exist and it has to be decided which ones that could be 

relevant for the New Model. Overall, portfolio models can be split into single- and 

multi-period models. Multi-period models apply a longer investment horizon and 

allows for adjustment of a portfolio over time, whereas single-period model deter-

mines the optimal portfolio to invest in initially and hold for the entire period. Some 

multi-period models include more perspectives on investment than single-period 

models, but the conclusion of many of those models are usually similar to that of a 

mean variance single period model (Bodie et al 2014). Therefore most emphasis will 

be put on single-period optimization.   

 

2.4.1 Single-period Portfolio Models 

The theoretically prevalent single-period model is the mean-variance model, upon 

which the CAPM framework has been built which provides simplified weight allo-

cation advice. A model related to CAPM is the Naïve model that gives simple advice 

on how to weight stocks in a portfolio. Other models exists such as the Treynor-

Black model, and Black Litterman model. The former is designed to combine opti-

mal asset picking with passive index investing. The goal of asset picking is to over- 

or underweight mispriced assets in a portfolio according to the investor’s expecta-

tions (Munk 2016). This process requires much analysis of the assets in considera-

tion and hence would be too lengthy for this thesis. The Black Litterman model 

seeks to apply the findings from mean-variance models and combine it with CAPM 

to mitigate some of the pitfalls of mean-variance portfolios (Bodie et al. 2014). This 

would have been interesting but it requires qualitative expectations and prefer-

ences which are used to adjust the portfolio weights. It would be too extensive to 

create expectations about all the stocks that are used in the empirical analysis. 
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2.4.2 Mean-Variance Portfolios 

Mean-variance analysis was introduced by Markowitz (1952) as a tool that deter-

mines optimal portfolio weights for risk averse investors. The main assumption is 

that investors prefer the portfolio with the lowest expected variance for a given rate 

of expected return (Munk 2016). This assumption allows the investor to solve for 

the optimal portfolio weights in an optimization problem where risk is minimized. 

A set of formal notation needed for the analysis will now be presented. The math is 

rather lengthy without matrix calculus therefore matrix notation is used in the 

presentation of mean-variance portfolios and vectors are presented in bold letters. 

Let 𝝁 represent a vector of expected rates of return, Σ the variance-covariance ma-

trix of the rates of return and 𝝅 a vector of weights in each stock in the portfolio. 

The sum of individual weights must equal 1. It can be shown that the variance and 

return of the portfolio can be expressed by formulas 12 and 13: 

 

𝜎2(𝝅) = 𝝅 ∙ Σ𝝅      (12) 

𝜇(𝝅) = 𝝅 ∙ 𝝁           (13)  

 

2.4.2.1 Only Risky Assets 

The case with only risky assets is now considered. The assumptions in the section 

above and formula 13 can be used in an optimization problem to solve for portfolio 

weights that results in the lowest variance for a given expected rate of return, �̅� 

(Markowitz 1952). The problem is formally stated below: 

 

min
𝝅

𝝅 ∙ Σ𝝅 

𝑠. 𝑡.   𝝅 ∙ 𝝁 = �̅�  

        𝝅 ∙ 𝟏 = 1 

The solution to this optimization problem is given by the formula 14 (Bodie et al. 

2014) and a portfolio with these weights is said to be mean-variance efficient. This 
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means that no portfolio with the same available assets could get the same expected 

rate of return with a lower variance of returns. The solution is given as follows: 

𝝅(�̅�) =
𝐶 �̅� − 𝐵

𝐷
Σ−𝟏𝝁 +

𝐴 − 𝐵�̅�

𝐷
Σ−𝟏𝟏    (14) 

 

Where A, B, C and D are constants that are defined as follows (Ibid.):  

𝐴 = 𝝁𝑇Σ−1𝝁 

𝐵 = 𝝁𝑇Σ−1𝟏 

𝐶 = 𝟏𝑇Σ−1𝟏 

𝐷 = 𝐴𝐶 − 𝐵2 

 

If formula (14) is solved for all values of �̅� then a line occurs that represents all 

efficient portfolios. This line is called the efficient frontier of risky assets and is 

graphically represented by a hyperbola which is presented in Figure 5. Between the 

two branches of this hyperbola lies the minimum-variance portfolio which is the 

efficient portfolio of risky assets with the lowest variance (Bodie et al. 2014). To find 

this portfolio the minimization problem has to be altered to look for the portfolio 

with the lowest possible variance or formally stated:  

min
𝝅

𝝅 ∙ Σ𝝅 

𝑠. 𝑡.   𝝅 ∙ 𝟏 = 1 

The solution to this problem is given by formula 15:  

𝝅𝑚𝑖𝑛 =
1

𝐶
Σ−1        (15) 

Note that this solution differs from the general solution in formula 14 in that only 

the variance-covariance matrix have to be known. So the minimum-variance port-

folio can be found without estimating expected returns which is an advantage that 

will be commented on later. The minimum-variance portfolio along with the effi-

cient frontier of risky assets is presented below in Figure 5. 
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Figure 5: The Mean-Variance Efficient Frontier of Risky Assets. 

Source: own creation 

 

2.4.2.2 Risky Assets and a Risk-Free Asset 

If a risk-free asset, with return 𝑟𝑓, exists then it can be used in combination with 

efficient portfolios of risky assets to form portfolios with lower variance than the 

risky assets alone (Markowitz 1952). The relation between risk and return from 

these combinations form a straight line graphically between the risk-free asset and 

the risky assets portfolio. A portfolio of special interest is the one where a straight 

line from the risk free asset is tangent to the efficient frontier. The portfolio at the 

tangent point is called the tangent portfolio. This line is the mean-variance efficient 

frontier of risky and risk-free assets combined (Bodie et al. 2014). The weights in 

the tangent portfolio can be calculated by formula 16 (Munk 2016):  

𝝅𝑡𝑎𝑛 =
1

𝐵 − 𝐶𝑟𝑓
Σ−1(𝝁 − 𝑟𝑓𝟏)       (16) 

 

An example of the efficient frontier of risky assets and the all assets along with the 

minimum-variance and tangency portfolios are presented below in Figure 6:  
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Figure 6: Overview of the Mean-Variance Efficient frontiers and specific portfolios. 

 

Source: own creation 

 

The optimal portfolio for a given investor is dependent on the degree of risk averse-

ness of that investor. The more risk averse the bigger weight in the risk-free port-

folio and the less risk averse the more weight in the tangent portfolio (Munk 2016). 

The efficient frontier of all risky assets to the right of the tangency portfolio corre-

sponds to a negative weight in the risk-free asset which means to borrow funds and 

invest in the tangent portfolio. 

 

 

2.4.2.3 Properties of Mean Variance theory 

The main problem with mean-variance theory is that some of the inputs needed to 

allocate weights are very hard to get (Bodie et al. 2014). Both variances, covariances 
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and expected returns have to be estimated and no good methods exist that can pre-

dict those inputs with low estimation error (Munk 2016). The Minimum-Variance 

portfolio does only require covariance and variance estimates and are therefore less 

prone to estimation errors.  

 

2.4.2.4 Empirical Tests of Mean-Variance Theory  

Mean-Variance portfolio models do usually not perform better than simple alloca-

tion strategies such as the Naïve model when tested empirically (DeMiguel 2009). 

Part of the reason behind this is that Mean-Variance models can assign extreme 

weights in individual stocks for instance negative weights, which are not usually 

employed by the private investor. If only few stocks are available for a portfolio, 

then weights over 100% or below -100% in a single stock can be observed (Elton et 

al. 2003). It may also only assign weights to a few of the available stocks. Therefore, 

weights are sometimes restricted to be within a certain range.  

The problem with extreme weights is that if the forecasted expected returns and 

variances are very wrong the portfolio may perform worse than the worst perform-

ing single stock (Bodie et al. 2014). Changes to expected risks and variances also 

affect portfolio weights drastically which at rebalancing lead to much adjustment. 

Rebalancing will be discussed more properly in the Section 2.4.5.2 about multi-pe-

riod models. A very important aspect of Mean-Variance theory is however that in-

vestors are assumed to be risk averse and that they strive to combine stocks in a 

way that reduce volatility instead of only focusing on expected return. This insight 

is used in the CAPM framework, that also provides insights on how to construct a 

portfolio (Munk 2016). 

 

2.4.3 Capital Asset Pricing Model 

The CAPM model is not a portfolio model, but rather a price equilibrium model, 

however its extensions can be used to provide advice on how to construct a portfolio. 

It is therefore included in this section about single-period portfolio models.  
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2.4.3.1 Assumptions 

The market portfolio is defined as a portfolio that contains all risky assets in the 

world. A risk free asset is assumed to exist, investors are assumed to be risk averse 

with no portfolio constraints and are assumed to have homogenous beliefs (Munk 

2016). The economy is assumed to be a one-period world. 

 

2.4.3.2 Main Findings from CAPM 

Given the assumptions stated above every investor should hold a portfolio that con-

sists of a combination of the market portfolio and the risk-free asset. This is quite 

similar to the findings from Mean-Variance theory. The main argument behind this 

result is that if investors wanted to weight some single assets higher than in the 

market portfolio then it would create excess demand for that asset and drive the 

price up. Secondarily if stock supply is assumed to be constant all investors have to 

hold a combination of the market portfolio and the risk-free asset on average (Elton 

et al. 2003). Therefore the market portfolio is the tangent portfolio in the CAPM 

framework. The famous formula 17 can be derived from this result (Bodie et al. 

2014)  

𝐸(𝑟𝑖) = 𝑟𝑓 + 𝛽𝑖[𝐸(𝑟𝑚) − 𝑟𝑓]                (17) 

It states that the expected return of an asset, 𝐸(𝑟𝑖), is equal to the risk-free return, 

𝑟𝑓 plus a company specific risk factor, 𝛽𝑖, times the difference between the expected 

market return, 𝐸(𝑟𝑚) and the risk-free rate, 𝑟𝑓. 𝛽𝑖 is a measure of systematic risk 

exposure and is defined in formula 18. 

𝛽𝑖 =
𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑚)

𝑉𝑎𝑟(𝑟𝑚)
    (18) 

It measures how much the return of an asset covaries with the return of the market 

portfolio. It follows from this that investors should not care about the total variance 

of the return of a single asset because variance in excess of the covariance with the 

market can be removed by diversification (Bodie et al. 2014). 
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2.4.3.3 Properties of CAPM 

If CAPM is true no investor would deviate from holding a market portfolio because 

all efficient portfolios consists of combinations of the market portfolio and the risk-

free asset. This means that investors would follow a buy-and-hold strategy in a sin-

gle-period economy. However, if a multi-period view is employed, an investor may 

think in the following period, that his or her risk preferences has changed to be 

more or less risk averse. This affect how he or she weights the market portfolio and 

the risk-free asset (Bodie et al. 2014). Given the findings above it may be relevant 

to assume that a filter trading strategy is based on the market portfolio. In this case 

if investors change risk behavior when stock prices decline then this may explain 

why some investors apply a filter trading strategy. This is because they shift their 

weights to one in the risk-free asset and zero in the market portfolio when stock 

prices decline (Kaufman 2016). It follows from the above that if a filter strategy with 

high X- and Y-filters is employed it could be in accordance with CAPM if it shifts 

between a market portfolio and a risk-free position.  

 

2.4.3.4 Real life implications of CAPM 

A problem with the CAPM model is that it is very hard to construct a market port-

folio (Bodie et al. 2014). No investor can in practice hold a position in every risky 

asset in the world as this also includes private houses for instance and many other 

assets that are not available for investment. Because of this it is impossible to test 

the advice from CAPM in practice, but by definition the return have to be the return 

of all risky assets in the world (Boodie et al. 2014). An approximation to CAPM can 

be made if an investor chooses an index that he or she wants to track and then holds 

a value-weighted portfolio of the stocks in the index (Elton et al. 2003). By doing 

this, an investor will get the return of the index that he or she is tracking. Alterna-

tively another approach to investing is needed that is attainable in the real world.  
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2.4.4 Naïve Diversification 

A simple approach to investing is the Naïve model (DeMiguel et al. 2009) or some-

times called 1/N model. It states that for a portfolio with N stocks each stock is 

assigned the weight 1/𝑁. It bears some similarities with the optimal CAPM portfolio 

in that the CAPM model assigns the same value-weighted weight to each stock in a 

portfolio. The benefit of the Naïve model is that it is possible to apply, contrary to a 

market portfolio, and is not prone to estimation errors in the same way as mean-

variance efficient portfolios. Surprisingly, as mentioned in Section 2.4.2.4, empirical 

tests by DeMiguel et al. (2009) show that the 1/N model is hard to systematically 

outperform with more sophisticated portfolio models in out-of-sample tests. DeMi-

guel et al. (2009) found that there is no significant difference in the return of Naïve 

portfolios and more sophisticated models including Mean-Variance efficient models 

and an approximated CAPM portfolio.  Another benefit of this model is that it does 

not assign negative weights, which means that it is more applicable for non-institu-

tional investors. These benefits of the Naïve model makes it more relevant to use in 

the empirical analysis than the Markowitz model and the CAPM model. It was ad-

ditionally found in Section 2.1.3.3 that autocorrelation is higher for equal-weighted 

portfolios. This means that a Naïve portfolio would be more suitable for a filter 

strategy than a value-weighted portfolio model. It has therefore been chosen to use 

the Naïve model in the NM. 

 

2.4.4.1 Imperfect Diversification 

The Naïve portfolio model does not attempt to be Mean-Variance efficient and is 

therefore most often imperfectly diversified. Empirical studies show that investors 

using the Naïve portfolio model should at least strive to pick out stocks with low 

average correlation between stock returns to compensate for the imperfect diversi-

fication (De Wit 1998). A way of doing this is to estimate correlation between stock 

returns for the available stocks. The problem with this method is however that it is 

hard to predict correlation between stock returns (DeMiguel 2007). For this reason 

a second attempt is often applied which is to pick out stocks that are exposed to 

different risk factors. This requires deep insight into the stocks in consideration and 
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this method would be too extensive for this thesis. A simplified way of identifying 

stocks with different risk drivers is to construct portfolios with stocks from different 

industries and operating areas (Bodie et al. 2014). This latter method will be applied 

in the NM. 

 

2.4.5 Multi-Period Models 

The goal of multi-period models is to provide guidance on how to invest when a 

longer investment horizon is employed. They differ from single-period models in 

that more factors are taken into account and that adjustments can be made to the 

portfolio during the investment horizon. These adjustments often serves to re-

balance the portfolio so that it still follows the rules of the chosen portfolio model 

(Munk 2016). Another purpose of adjusting a portfolio could be to realize losses, 

which could be relevant for tax purposes (Constantinides 1983). 

 

2.4.5.1 Samuelson-Merton Multi-Period Model 

Samuelson (1969) and Merton (1969, 1971) came up with a basic theory of multi-

period investments that provides portfolio advice roughly similar to the single-pe-

riod Mean-Variance framework. The math behind this result will not be expanded 

as it is outside the scope of this thesis. Another interesting outcome of the Samuel-

son-Merton model is that an investor will keep the initially optimal portfolio, mean-

ing that rebalancing will not be employed. The model will not be described in depth 

as it has the same pitfalls as the Markowitz models (Bodie et al. 2014) and because 

the Naïve portfolio model has already been chosen as the portfolio model employed.  

Still, a relevant question is whether to rebalance the portfolio or not because a Naïve 

model may include rebalancing if a multi-period perspective is employed.  

 

2.4.5.2 Rebalancing 

Rebalancing allows the investor to reset the portfolio weights in accordance with 

the portfolio model applied. The costs of rebalancing are mainly transaction costs, 

taxes and administration costs (Constantinides 1983). Transaction costs are usually 
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proportional to the traded amount and in the range of 0.015% to 0.1% (Nordnet.dk) 

which is relatively low. This also means that infrequent rebalancing does not im-

pose high transaction costs. Only very frequent rebalancing imposes high transac-

tion costs.  

Taxes does however impose high indirect costs because the tax liability from an 

unrealized capital gain generates compounded interest assuming that the investor 

is taxed on actual capital gains and not on notional gains (Møller 2016). This means 

that the tax cost of rebalancing is dependent on the size of the unrealized gain. A 

filter trading strategy realizes capital gains whenever the portfolio is sold so the 

unrealized gains are reset from time to time. A passive investor does not realize any 

capital gains unless he or she rebalances his or her portfolio so taxation costs of 

rebalancing will most likely be higher for passive investors than for filter traders 

which could make it less optimal for the passive investor to rebalance his or her 

portfolio.  

Administration costs are very low given that the portfolio model is a Naïve model, 

because weights are very easy to calculate and only the current value of the portfolio 

have to be known. These costs of rebalancing have to be weighed against the bene-

fits. The main benefit is that if portfolio weights have been skewed over time it may 

have caused unreasonable weights in the portfolio and hence less diversification 

than initially (Kaufman 2013).  

Specific for a Naïve portfolio model is that stocks will always be bought at low prices 

and sold at high prices at rebalancing relative to the prices at the initial time of 

investing. The reason for this is that stocks which performed above average for the 

portfolio have increased their weights in the portfolio and stocks that performed 

under average for the portfolio have decreased their weights in the portfolio. There-

fore, at rebalancing overperforming stocks will be sold and underperforming stocks 

will be bought (DeMiguel et al. 2009). If this is combined with Fama & French’s 

(1988) finding of mean reversion for individual stocks and portfolios consisting of 

stocks from the same industry and company size then it would make sense to re-

balance after a period of 3-5 years or not at all. No firm decision will be made about 
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rebalancing strategies, but these findings will be used as inputs when the model is 

tested in-sample.  

 

2.4.5.3 Other Aspects of Multi-period Models  

Other factors that could be taken into account for long horizon investments are la-

bour income, housing, age and other factors that affect an investor. It has however 

been chosen not to include any of these concerns in this analysis as they are deemed 

outside the scope of this thesis.  

 

2.5 Partial Conclusion 

The main theoretical argument against the goal of this thesis is the EMH, which 

states that historical stock prices cannot be used to predict future stock prices and 

in accordance with the RWH states that no one can consistently outperform a buy-

and-hold strategy by using historical stock price information. The practical EMH 

gives some hope that it may be possible to construct a model that outperforms a 

buy-and-hold strategy, but it also indicates that it may be unrealistic to do within 

the scope of this thesis.  

A system that could be employed to exploit booms and busts is filter trading. It 

would be meaningless if EMH is true but some evidence of positive autocorrelation 

for stock indexes have been found by Lo and MacKinlay (1999) and by Jennergren 

and Korsvold (1975) which indicates that filter could be profitable. However empir-

ical tests of filter trading strategies have concluded that filter trading is not profit-

able for individual stocks. It has therefore been decided to apply filter trading on 

portfolios. Jennergren and Korsvold (1975) identified the Nordic countries as the 

countries with the highest positive autocorrelation for stock returns. This indicates 

that a filter trading strategy may be profitable for portfolios of Nordic stocks. The 

approach is therefore to apply a filter trading strategy on portfolios of stocks from 

Denmark, Norway and Sweden.  

It has been chosen that the New Model will employ Naïve diversification because a 

market portfolio is unattainable and a Markowitz portfolio is prone to estimation 



 
 

Page 45 of 100 
 

errors. The portfolio should consist of at least 15 stocks from different industries 

and areas of operation and it has been decided to include 18 stocks in each portfolio. 

It will be tested in the in-sample test whether rebalancing should be included in the 

model or not. A no loss constraint has been added to filter strategy because it is 

assumed to increase expected utility.   
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Chapter 3 – Toolbox 

This chapter seeks to briefly outline and explain the statistical method used in the 

empirical analysis. The programming process and technique for the New Model 

could also be explained, but it is left out since programming is outside the scope of 

the academic field for this thesis. The code is attached in Appendix 10.A for the 

curious reader. 

 

3.1 Paired T-test 

A statistical method is needed to answer the four hypotheses raised. It need to be 

able to test if the average return for the NM is significantly higher than the average 

return from the BM. Normally, t-tests are used to test for differences in averages. 

If the two samples were independent a test for difference between two means would 

be applicable, but because the BM and NM are applied on the same data there is no 

independence between sample observations for the two models. A t-test can however 

still be applied to test for the difference in means for paired observations. In this 

method the difference between the return for the NM and BM  is calculated for each 

portfolio (Stock & Watson 2015). A normal t-test is hence applied to test whether 

the sample average of the differences is above zero. A one-sided test is relevant be-

cause the goal is to examine whether the expected return is higher for the NM than 

for the BM. A set of formal notation will be introduced below to explain how the t-

test will be applied. The four hypotheses are presented below in formal terms. 

𝐻1: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑀𝑖𝑥𝐶𝐴𝑃) > 0 

𝐻2: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝐿𝐶𝐴𝑃) > 0 

𝐻3: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑀𝐶𝐴𝑃) > 0 

𝐻4: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑆𝐶𝐴𝑃) > 0 

Where 𝐸(𝐷𝑁𝑀−𝐵𝑀,𝑀𝑖𝑥𝐶𝐴𝑃) is the expected value of the difference between the return 

from the NM and BM for mixed portfolios with stocks from small, mid and largecap 

companies. In the other hypotheses LCAP, MCAP and SCAP refers to large, mid 
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and small cap respectively. Null hypotheses and alternatives will be raised in the 

empirical analysis.  

 

3.2 T-statistics 

The t-statistic can be calculated using formula 19:  

𝑡 =
�̅� − 𝜇𝑌,0

𝑆𝐸(�̅�)
                           (19) 

Where 𝜇𝑌,0 is the assumed population mean, which in this case will be assumed to 

be zero. �̅� is the sample average and 𝑆𝐸(�̅�) is the standard error of the sample mean 

(Ibid.). 

The sample variance has to be calculated before the standard error of the sample 

mean can be calculated. The sample variance and standard error can be calculated 

from formula 20 and 21 respectively. 

𝑆𝑌
2 =

1

𝑛 − 1
∑(𝑌𝑖 − �̅�)2

𝑛

𝑖=1

          (20) 

𝑆𝑌 = √𝑆𝑌
2                                     (21) 

Where n is the number of observations in the sample and Yi is the value of obser-

vation 𝑖. 

The standard error of the sample mean can now be calculated with formula 22. 

𝑆𝐸(�̅�) = �̂�𝑌 =
𝑆𝑌

√𝑛
                   (22) 

 

The above statistics are the statistics needed for the t-test, however a discussion of 

relevant assumptions behind this test is also necessary before its use (Ibid.).  
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3.3 Assumptions Behind T-statistics 

There are five main assumptions upon which the validity of the T-test depends 

(Stock & Watson 2015) & (Keller 2008): 

1. Data have to be measured on a continuous or ordinal scale. 

2. The sample have to be obtained from simple random sampling. 

3. Data have to be normally distributed. 

4. A reasonable large sample size should be used and the t-distribution will ap-

proximate a normal distribution for large samples. 

5. The data needs to have homoscedasticity. 

 

A general discussion of whether differences in portfolio returns can be assumed to 

be normally distributed is given here. Officer (2002) found that stock returns and 

portfolio returns are more fat-tailed than a normal distribution while Fama (1964) 

found that stock returns are approximately normally distributed. If portfolio re-

turns are assumed to be normally distributed it has to be discussed whether the 

difference between stock returns are normally distributed. Keller (2008) argues that 

the difference between two normal distributions is also normally distributed if the 

two distributions are independent.  

This is not the case in this thesis because the differences are from paired observa-

tions. It is possible to test whether the sample is normally distributed with a good-

ness-of-fit test (Keller 2008), but it has been decided to only inspect the data visually 

because of the limited extent of the thesis. Keller (2008) argues that a sample size 

of 40 is reasonable in most cases, but that a larger sample size is needed if the 

distribution of the sample is not normal. It is therefore decided to use 80 sample 

observations for each country which will result in 240 observations for each t-test. 

This has been decided so that it is possible to test subsets of the sample. The re-

maining assumptions will be addressed further in context with the empirical anal-

ysis in Chapter Five.  
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3.4 Partial Conclusion 

The four hypotheses have now been formalized and it has been found that a one 

sided correlated t-test can be used for the hypothesis testing in Chapter five. The 

statistics has briefly been outlined and will be applied in the empirical analysis. 

Additional assumptions will be addressed in connection with the test.  
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Chapter 4 – Constructing the New Model 

The goal of this chapter is to create the NM that will be used for hypothesis testing 

in Chapter Five. Kaufman (2016) have been used as inspiration and the steps taken 

to construct the model is in accordance with his guidelines as presented in Figure 

7. The first step is to find a trading idea; which inputs should be used and which 

actions should be triggered by what. This has already been done; the idea is to ex-

ploit booms and bust by selling entire portfolios when prices go down and buying 

again when prices go up. The approach used to do this is a filter system as described 

in Chapter Three. Step two was discussed briefly in Section 1.3 and will be elabo-

rated in the following section. In step three a test platform have to be found. Step 

four serves as the deductive part of creating a new model where theoretical insights 

are used to define and program the rules of a model. In step five, inductive reasoning 

is used to adjust the model by applying the deductive model on in-sample data and 

checking the results. Step five differs from step seven because the data that is being 

used for those two tests are different.  

Figure 7: Eight Step Guide to Create a Trading Model 

 

 

 

 

 

 

 

 

 

 

 

Source: Own creation and Kaufman (2016) 
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Kaufman (2016), Van Vliet (2007) and Wolberg (2000) all argue that step five is very 

critical when modelling a new trading system. Which is why it will be given addi-

tional weight. The results found in step five are evaluated in step six and adjust-

ments are made to make the model work better on real data. In this step it is crucial 

not to overoptimize the model. For instance, for a filter model there are likely many 

values of X- and Y-filters for a given data set that are profitable and many that are 

unprofitable. Testing the model on real data can maybe give a range of filter values 

in which the model is profitable or not profitable (Wolberg 2007). If the model is 

solved as an optimization problem a unique set of filter values could be found that 

generates the highest return for the given sample. However, this is generally not a 

good idea because this is likely not the optimal values for other sets of data (Kauf-

man 2016). When the model have been adjusted according to the in-sample tests 

the model is tested again on another set of historical data, which is called out-of-

sample testing which is done in Chapter Five. For the in-sample test a much smaller 

set of data can be used than for the out-of-sample test. As mentioned the in-sample-

test serves only to adjust the model, whereas the goal of the out-of-sample test is to 

simulate what would have happened if the model was employed in real life. 

 

4.1 Selecting Data 

The goal of this section is to determine which data to use for the empirical analysis 

in Chapter Five and which data to use for the in-sample testing in this chapter.  

 

4.1.1 Countries 

In Section 2.1.3.3 it was found that the Nordic Countries exhibit the highest ob-

served degree of serial correlation in weekly returns for stock indexes. Therefore 

the model will be tested on portfolios of stock from the Nordic countries. Section 

2.3.4 showed that portfolios with international stocks are superior to portfolios with 

only domestic stocks which would imply that a portfolio should consist of stocks 

from all of the Nordic countries. However as there is high correlation between the 

Nordic markets little effect can be achieved from transnational diversification. 
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Therefore the empirical analysis is run for Denmark, Norway and Sweden sepa-

rately. For the in-sample test it has been chosen only to run the model once for each 

country, because in accordance with Kaufman (2016) less data should be used for 

the in-sample analysis than for the out-of-sample analysis. No intuitive argument 

could justify that Danish, Norwegian or Swedish stocks would yield much different 

results in a filter trading system which indicates that it is not necessary to perform 

in-sample test on all market cap groups for each country.  

 

4.1.2 Company Size 

In the main hypothesis no distinction is made for company size which means that 

the NM is assumed to perform better than a passive strategy for companies regard-

less of size. The portfolios in the test will therefore consist of mixed cap companies. 

The mixed cap in-sample test will be performed on Danish stocks. It was found in 

Section 2.1.3.3 that autocorrelation is higher for small and mid cap companies than 

for large cap companies which would make it more likely to profit from a filter trad-

ing strategy with small and mid cap stocks.. Therefore the NM is secondarily tested 

separately on portfolios of small, mid and large cap companies to test hypotheses 1 

to 3. The in-sample analysis is also tested separately on small, mid and large cap 

stocks because autocorrelation is usually higher for small cap indexes which could 

affect optimal filter values. The small, mid and large cap in-sample tests will re-

spectively be performed on Swedish, Norwegian and Danish stocks. This means that 

the Danish stocks will be used twice in the in-sample test and hence maybe given 

more weight than Norwegian and Swedish stocks. It should therefore be kept in 

mind not to sub-optimize the model so that it works better on Danish stock alone.   

 

4.1.3 Time Period 

As the goal of the model is to exploit booms and busts there should be at least a full 

stock market cycle including an upswing and a following downswing. It would fur-

thermore be relevant to use as new data as possible for the empirical analysis. 

Therefore, the most recent cycle capturing the financial crisis in 2007 is used in the 
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empirical analysis and is determined to be from primo 2004 to ultimo 2014 in order 

to have both the period before and after the bubble burst. In order to use different 

data for the in-sample analysis another time period should be chosen. For this anal-

ysis the second most recent cycle from primo 1995 to ultimo 2003 could be used as 

this contains the dot com bubble that burst in 2001. 

 

4.1.4 Summary 

It has now been decided that data from Denmark, Norway and Sweden from primo 

2004 to ultimo 2014 will be employed in the empirical analysis and that a separate 

analysis will be run for portfolios consisting of  stocks from respectively small, mid 

and large cap companies. The in-sample analysis data from Denmark, Norway and 

Sweden from primo 1995 to ultimo 2003 will be employed with separate analyses 

based on company size. 

 

4.2 Finding a Test Platform 

Kaufman (2016) argues that most traders test their trading strategies on more than 

one platform, because in this way coding errors can be identified if results are not 

similar. This could have been relevant if the trading strategy was more sophisti-

cated. Given the relatively simple code and manual checks in the process it has been 

chosen to use only one test platform. Many investors or traders would use desig-

nated software from a broker, however the model will be tested in Excel and the 

rules coded in VBA because aforementioned software is unavailable. Excel is fur-

thermore more than capable of handling the data given the assumptions.  

 

4.3 Define and Program Rules 

In this section the idea have to be expanded and translated into definitions and 

rules that can be programmed in VBA. The full VBA code can be seen in Appendix 

10.A. 
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4.3.1 Assumptions 

It is assumed that the investor is fully invested at the beginning of the period. It is 

also assumed that the portfolio cannot be sold or bought in parts i.e. the investor 

has either invested all funds in the portfolio or the risk-free asset. The return from 

a risk-free position is the effective yield on a ten-year treasury bill for the country 

invested in and is calculated on a daily basis (Koller et al. 2016). Over time positive 

profits will increase investable funds. These profits are reinvested in the risk-free 

asset and reallocated when the investor invests in the portfolio again.  

The model is not adjusted for dividends. The effect of this is minor because it would 

only make a difference when the NM invests in the risk-free asset and it would most 

of the time invest in stocks. Stocks can be bought or sold in continuous parts, which 

makes weight allocation simpler and have very little effect on results. Taxes are 

paid immediately and the tax rate is assumed to be 22% which is the present com-

pany tax in Denmark and Sweden (24% in Norway) (Skat.dk). Which tax rate to use 

is very dependent on the specific investor, but here the assumption is that the in-

vestor invests through a company located in Denmark or Sweden. The investor pays 

a fee of 0.015% of the traded amount for a transaction which is the current cost for 

professional investors at Nordnet (Nordnet.dk). 

It is assumed that it is possible to buy or sell all stocks in a portfolio at the daily 

closing price. In real life this may not be possible as the closing price is the price at 

which the stock was last traded on a given day. It is however an approximation of a 

very likely achievable buy or sell price (Elton et al. 2003). This approximation has 

been made to drastically reduce the amount of data that needs to be processed. It 

will probably not have a big impact on the achieved results because the trading 

intensity should be low for the NM as it should only trade a few times for every full 

cycle. The price of a portfolio is the sum of the current prices of the stocks it consists 

of. This price is used to determine whether the filter size has been met. The BM, 

which the filter system is compared to, is a buy-and hold strategy where the exact 

same portfolio is bought initially, but not sold throughout the span of the time pe-

riod. It is however assumed that the same rebalancing strategy is applied, which 

means that the buy-and-hold strategy sells and buys minor positions to rebalance 
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portfolio weights to equal weighting. This assumption has been made to make the 

results more comparable.  

 

4.3.2 Trading Rules 

The trading rules follow the basic filter rules with a no-shorting restriction as de-

scribed in Section 2.2.1. The most recent high, MRH, is defined as the highest 

price since the portfolio was bought, and the most recent low, MRL, is defined as 

the lowest price since the portfolio was sold. This means that whenever the portfo-

lio is sold or bought MRH and MRL is reset to the current value. The size of the 

filter values will be discussed in the following section.  

 

4.3.3 Filter Values 

It was found that traders who trade frequently on average underperform a passive 

strategy. The NM should therefore aim for a low trading frequency. This is backed 

up by empirical tests that show that small filter values generate positive profits 

before transactions cost and tax, but not after. Therefore filter values should not be 

set too low, but it is hard to quantify which values exactly. If it is difficult to deter-

mine parameters Van Vliet (2007) suggests that rules should be defined loosely for 

the first in-sample test and then adjusted during the evaluation. The NM is there-

fore tested with filter values ranging from 0.5% to 50% in the in-sample test. The 

following notation NM(X,Y) is used for the New Model with an X-filter of X percent 

and an Y-filter of Y percent. The filters are usually equal in size or alternatively a 

smaller X-filter is applied (Kaufman 2016). If the Y-filter is smaller than the X-filter 

then a smaller percentagewise decrease in stock price is required to trigger a sell 

than the percentagewise decrease required for a buy. The intuition behind this is 

that investors want to sell their stocks quickly when prices are decreasing, and want 

to be sure that prices are increasing before a rebuy again. It would make sense to 

apply this same logic for the NM because the goal is mainly to avoid holding stocks 

when prices are decreasing and buy when prices are increasing. Therefore Y is as-

sumed to be 
2

3
𝑋.  
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4.4 In-Sample Test and Adjustments 

The definitions and rules in the above sections have been translated into a code in 

VBA1 that can now be applied to test the New Model. The portfolios have been con-

structed in coherence with the findings in Section 2.4.4.1 for imperfectly diversified 

portfolios and does all consist of 18 stocks. The selection processes have been left 

out as it is rather lengthy, but the portfolios can be found in Appendix 10.B. Only 

stocks that have survived until now have been picked which gives a survivorship 

bias in the selection process. One could assume that the NM would perform better 

if also stocks that were delisted or went bankrupt in the period were included. The 

reason for this is that in times of crisis these stocks might have been sold before 

they went bankrupt which could have increased returns.  

 

4.4.1 Large Cap In-Sample Test 

Figure 8 below presents the results from the in-sample test on Danish large cap 

stocks for the period primo 1995 to ultimo 2003 with different filter values. 

 

Figure 8: In-sample Test Results, Large Cap DK. 

Source: Own creation, green=NM>BM, red=NM<BM. 

                                                           
1 The code can be seen in Appendix A. 
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The average return for the filter strategy is 190.8% while it is 216.2 % for a buy-and 

hold strategy which indicates that the filter strategy is underperforming on aver-

age. The return for the filter strategy varies a lot more, from 117.2% to 273%,  than 

for the passive strategy, which varies from 187.9% to 264%. Red coloring indicates 

that the return for the filter strategy is lower than the return for the corresponding 

buy-and-hold strategy. From this it can be seen that there is a tendency for the filter 

strategy to outperform the benchmark strategy for filter values in the range from 

16% to 27.5% while it generally underperforms for lower and higher filter values. 

The BM yields the highest return for filter values in the range from 0.5% to 16%. 

Note that the filter values determines when the passive portfolio is rebalanced. A 

low filter value corresponds to more frequent rebalancing of both strategies. The 

return from a non-rebalanced passive strategy would have been 195.7%, which is 

below the average return for the passive strategy and indicates that there is a ben-

efit from rebalancing in this sample.  

These findings have some interesting implications for the empirical test. If the pas-

sive strategy is generally performing best for low filter-values and the filter strategy 

is performing best for higher filter values then a test with similar rebalancing strat-

egy may be unfair towards one of the strategies. It should therefore be decided 

whether the same rebalancing strategy should be applied for the filter strategy and 

the passive strategy or if different rebalancing strategies should be applied. This 

discussion will be elaborated on in the evaluation step. Below are given examples of 

how these results were obtained.  

 

4.4.2 Example with Low Filter Values 

The bad results for low filter values are caused by taxation and bad timing effects 

which can be seen in Figure 9 on next page. It can be seen that low filter values may 

result in a sell after a small decrease and a subsequent buy at a higher price shortly 

after which obviously is very unprofitable and not in accordance with the goal of 

exploiting booms and busts. 
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Figure 9: New Model with Low Filter Values. 

Source: Own creation 

 

4.4.3 Example with Medium Filter Values 

Below is an example of filter trading with medium filter values in Figure 10. It can 

be seen that the first trade is not profitable as the rebuy is at a price a bit higher 

than the sell price but the second rebuy is profitable because the rebuy is at a con-

siderably lower price than the sell which is the goal of the NM.  

Figure 10: New Model with Medium Filter Values. 

Source: Own creation 
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4.4.4 Example with High Filter Values 

Figure 11 depicts a filter trading strategy with an X-filter value of 36% and an Y-

filter value of 24%. As it can be seen the model performs badly, because the second 

buy is at a much higher price than the previous sell and the third buy is at a slightly 

higher price than the second sell. This indicates that filter values should not be too 

high because then the investor risks that prices have decreased too much before the 

portfolio is sold so that they will not decrease more. Similarly, the investor risks 

that the buy is executed too late when prices have stopped increasing.  

Figure 11: New Model with High Filter Values 

 

Source: Own creation 

 

4.4.5 Summary  

The first in-sample test shows that filter values should be in the range of 16% to 

27.5%. It also shows that the average return across filter values is higher for the 

BM than for the NM and leaves an open question about which rebalancing strategy 

to apply in the out-of-sample test.  
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4.4.6 Mid Cap In-Sample Test 

This in-sample test has been performed on a portfolio of Norwegian mid Cap stocks 

and the results are presented in Figure 12. These results show the tendency for the 

filter strategy to yield a higher return than the passive strategy for filter values 

ranging from 20.5% to 30.5%, which was also found for the large cap test. The aver-

age return for the filter strategy is 177.3% and 185.3% for the benchmark strategy 

and would have been 109.8% had the portfolio not been rebalanced at all. It  does 

however differ from the large cap test when it comes to the variation in returns. The 

return from the BM varies almost as much as for the filter strategy and the returns 

for the NM and BM are maximized for medium to high filter values. Whereas the 

return for the BM was highest for low filter values for the large Cap test. 

 

Figure 12: In-sample Test on Norwegian Mid Cap.  

Source: Own creation, green=NM>BM, red=NM<BM. 

 

4.4.7 Small Cap In-Sample Test 

Figure 13 shows the results from the in-sample test on Swedish small cap stocks. 

The NM performed consistently better than the benchmark for filter values ranging 

from 25% to 40% which is only partly in line with the previous observed patterns. 

It is also outperforming the BM for low filter values ranging from 5.5% to 11% which 

is contrary to the findings for large and mid cap stocks. The average return is 
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148.7% for the NM, 109.7% for the BM and it would have been 46.7% if the passive 

portfolio had not been rebalanced. The return varies almost as much for the BM as 

the NM. The return for the BM is maximized for filter values ranging from 15.5% 

to 24.5% whereas it is maximized for the filter strategy for filter values ranging 

from 25.5% to 37.5%.  

Figure 13: In-sample Test on Swedish Small Cap stocks. 

Source: Own creation 

 

The poor performance of the BM for high filter values can be explained by examin-

ing Figure 14 which shows the NM(25.5%,17%) on small cap stocks. It follows from 

the graph that the stocks soared in the end of 1999, but plummeted during the Dot-

Com bubble after which they did not increase in price. The specific portfolio em-

ployed is a little untraditional as a big part of the still existing Swedish small cap 

stocks that were listed in the entire period from primo 1995 to ultimo 2003 were 

tech stocks, which were severely hurt by the Dot-Com bubble. On the contrary many 

of those stocks exhibited extreme price gains in 1999 and the beginning of 2000 

which lead to a big profit for the filter investor that waited until late 2001 before a 

rebuy. This sample is not optimal because it is not adequately diversified which 

really hurts the passive investor. The better result on the small cap stocks could 

maybe also be explained by a higher degree of positive autocorrelation in stock re-

turns. High autocorrelation will result in clearer trends in prices. It may appear so 
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if the graph in Figure 14 for small cap companies is compared to the graph in Figure 

11 for large Cap companies. 

 

Figure 14: NM on Swedish Small Cap Stocks 

 

Source: Own Creation. 

 

4.4.8 Mixed Cap In-Sample Test 

Figure 15 on page 63 shows the results from the in-sample test on Danish mixed 

cap stocks. The returns are generally very similar for the benchmark and filter 

strategy, but there is a tendency for the NM to yield a lower return than the BM. 

Only with filter-values ranging from 5.5% to 8.5% and 16.5% to 20.0% does the filter 

strategy outperform the BM, but the difference is very low for the latter interval. 

The average return is 94.2% for the filter strategy, 101.9% for the passive strategy 

and it would have been 89.3% if the passive portfolio had not been rebalanced. The 

return varies almost as much for the BM as for the NM. The return for the passive 
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strategy is maximized for filter values ranging from 5.5% to 8.5% whereas it is max-

imized for the filter strategy for filter-values ranging from 20.5% to 32.0%.  

 

Figure 15: In-sample test on Danish Mixed Cap stocks. 

Source: Own Creation. 

 

4.5 Evaluation 

The NM underperforms the BM generally in the in-sample tests. It does however 

sometimes outperform the BM for filter values around the range from 20% to 30%. 

This is in line with the expectations and supports the claim that it may be possible 

to exploit booms and busts to outperform a buy-and-hold strategy. A brief analysis 

of previous stock market cycles will be given in the following section to finally de-

termine which filter values to apply.  

The return of the NM seems to vary more than the return of the BM. It did appear 

for the large cap test that the BM performed best for low filter values whereas the 

NM performed best for medium filter values. This pattern was however not repeated 

in the tests of mid, small and mixed cap. It is therefore assumed that this pattern 

is not a general trend but merely a random result which will therefore not be dis-

cussed any further. It has to be decided whether the rebalancing strategy for the 

NM should be altered. It seems from the graphical examples of the NM that it trades 

infrequently with varying time spans. The portfolio is rebalanced for both the BM 
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and NM at each of the buys. It is assumed that this rebalancing implied by the 

trading activity is enough to keep portfolio weights from being too unreasonable. It 

is therefore decided to keep the rebalancing strategy as it is. It can further be ob-

served that the average return of the BM is usually higher than what it would have 

been if the portfolio has not been rebalanced.  

 

4.6 An Analysis of Recent Stock Market Cycles  

This section seeks to briefly analyze cycles in the S&P 500 since 1980 where com-

puter aided trading became widespread. The goal of this analysis is to provide in-

sight into which filter values to choose. S&P500 has been chosen because it is the 

world’s biggest and leading stock index and most stock indexes have historically 

been highly correlated with it (Malkiel 1999) and (Kaufman 2016). One could argue 

that one of the Nordic main indexes could have been analyzed instead, but it has 

been decided not to use a Nordic index because then there is a risk that the model 

would be sub-optimized for that given index. It is therefore assumed that it is better 

to use a general index that is highly correlated with most of the Nordic indexes.  The 

introduction of computer aided trading have been chosen as the starting point for 

the analysis because it dramatically changed the behavior of stock markets (Kauf-

man 2016). Computers can process data much faster than humans and therefore 

facilitate more efficient markets because prices will be adjusted faster to reflect new 

information. Hence the period before 1980 is less useful when trying to understand 

the behavior of financial markets today (Kaufman 2013).  

 

4.6.1 Four Decades of S&P 500 

Figure 16 depicts the development of the S&P 500 price index from 1980 to 2018. 

The compounded annual return in the entire period is 8.8% which means that there 

is an overall positive trend. For most of the time prices are gradually increasing, 

but as it can be seen on the graph there have been a few periods with significant 

negative returns. These periods are the main interest because the goal of the NM is 
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to sell when they occur and buy when prices are not decreasing anymore. By ana-

lyzing these periods it may be possible to get inspiration for which filter values to 

apply in the NM.  

Figure 16: S&P 500 Price Index 1980 to 2018 

Source: Own creation and Bloomberg 

 

4.6.2 Four periods of negative returns for S&P 500 

The first period of negative returns happened in November 1980 to August 1982, 

where prices gradually decreased 17.9%. This happened because increased interest 

rates from the FED caused stagflation (Malkiel 1999) and (Lo & MacKinlay 1999). 

The next significant decrease happened more rapidly on October 19th 1987, Black 

Monday, where the S&P decreased 20.5% in one day. The decrease in October 1990 

is not relevant as it is only around 10%. In 2000 the Dot-Com bubble burst and the 

index gradually fell 41.4% from October 2000 to November 2002. Another bubble 

burst in 2007 with the global financial crisis where the index gradually fell 46.7% 

from October 2007 to March 2008. Each of these periods are illustrated in Figure 

17. It can be seen that the index does not follow a clear price trend in any of the 

periods of economic decline. The price always vary from day to day, and sometimes 

appears to be increasing after which it suddenly decreases. The decrease in the 
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stagflation period was limited and a relatively low filter value would have been 

needed in order to profit from a filter strategy. Black Monday happened very fast 

which makes it very hard to incorporate into a filter strategy. 

Figure 17: Periods of Significant Negative Returns Since 1980 for S&P 500 

   Source: Own creation and Bloomberg 

 

The two most recent cycles do appear to be somewhat similar in magnitude although 

the loss seems to have happened over a longer timespan during the Dot-Com crisis. 

The total decrease were above 40% in both cases. In order to profit from this, X-

filter values should not be much above 25 %2. The filter values are therefore decided 

to be 25% X-filter and 16.67% Y-filter.  

                                                           
2 If the portfolio is sold when, market has decreased 16.67% (the Y-filter corresponding to an X-filter of 25%) 
then the value at the sell would be 83.33% of the MRH. Now the portfolio is assumed to decrease by 40% to 60% 
of the MRH. If the stock prices increase 25% of the MRL the value would hence be 75% of the MRH which is only 
slightly below the value at which the portfolio was sold.  
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4.7 Partial Conclusion 

The model has now been constructed and tested in-sample. The testrun on large, 

mid and mixed cap stocks all showed that the NM underperformed the BM in gen-

eral. It did on the contrary outperform the BM for small cap stocks in general. The 

NM did also outperform the BM for specific filter values for all tests usually in the 

range from 20% to 30%. A subsequent brief analysis of recent stock markets has led 

to the conclusion that the X-filter value should be set to 25% and the Y-filter value 

should be set to 16.67%. Bigger filters tended to yield better results which could be 

explained by the lesser trading costs and a higher compounded return from tax lia-

bilities due to the not so frequent trading pattern with high filter values. On the 

contrary, very big filters are sometimes not profitable because the stock price de-

crease too much before selling and increase so much before buying that there is no 

gain from the trades. It has been decided to use the same rebalancing strategies for 

the NM and BM and that they are rebalanced whenever the NM buys a portfolio. It 

was assumed in Section 2.1.3.3 that filter trading would work better on small cap 

portfolios which was confirmed by the in-sample test. It is therefore assumed that 

the NM cannot be optimized any further and the out-of-sample test will now be 

performed.  

 

 

 

 

 

 

 

 

 



 
 

Page 68 of 100 
 

Chapter 5 – Empirical Analysis 

The goal of this chapter is to test the New Model empirically in order to either accept 

or reject the four hypotheses. The first part of this chapter seeks to develop a way 

to generate data for the test and the second part consists of tests of all hypotheses 

after which the empirical analysis is concluded in the last section. 

 

5.1 Generating Data 

The sampling technique and its implications for the assumptions behind the t-test 

will be addressed initially because the technique is common for all of the four tests. 

The sample need to be simple random as mentioned in Section 3.3. The portfolio for 

each observation is generated in the following way: A pool of 30 different stocks from 

the same size range and country are used as a pool of data. Each portfolio is con-

structed by picking out 18 stocks at random from this pool3. Picking 18 stocks ran-

domly ensures that the sample is simple random, but it has an unwanted side effect; 

some of the portfolios may not follow the guidelines of how to construct imperfectly 

diversified portfolios if stocks with high pairwise correlation were chosen randomly. 

This effect was taken into account when picking the stocks for the data pool and 

adjustments were made to mitigate it. The sampling process is repeated 80 times 

for each country meaning that a full data set consists of 240 observations. This 

means that there have been generated 1,920 observations from which 960 differ-

ences were calculated which each refer to a specific portfolio of 18 stocks. It has been 

decided not to include these data simulations and portfolio lists in the appendix 

because they would fill out a lot of pages.4    

 

                                                           
3 There are 86,493,225 ways to combine this portfolio, 30 stocks are therefore enough to generate 80 random 
samples. 
4 They can instead be accessed through www.dropbox.com, Username: peaa14ab@student.cbs.dk, Password: 
Filtertrading 
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5.1.1 Picking Stocks for the Data Pool 

The data pool consists of stocks that were listed in the entire period from primo 

2004 to ultimo 2014. No more than one class for the same stock were included to 

mitigate the side effect of random stock picking. The reason for this is that different 

class stocks for the same company have a correlation close to one (Kaufman 2013). 

Some companies were left out deliberately if they were too similar to an already 

selected company, because similar companies will have high pairwise correlation 

(Kaufman 2013). For instance Spar Nord Bank and Jyske Bank which are two Dan-

ish large cap banks that have their main activities in Jutland. It was a bit difficult 

to get enough stocks for the data pool for Danish large cap and especially Norwegian 

mid and large cap because there are few companies in these groups and because of 

the deliberately-leave-out strategy. In these cases stocks from other size classes, 

which deviated the least from the required market cap were used as replacements. 

This methodology smudges the size class definitions, but it should be kept in mind 

that the price of most stocks varies over time which causes them to change size 

class. Therefore stocks in the upper range of mid cap could sometimes be in the 

lower range of large cap. It can overall be concluded that some adjustments needs 

to be made to ensure simple random sampling but neither of these are assumed to 

impose any biases on the sampling. The actual observations are needed before the 

remaining assumptions can be discussed. These assumptions will therefore be dis-

cussed in subsequent sections.   

 

5.2 Testing the Main Hypothesis  

Hypothesis One is the most general of the four hypotheses because it does not have 

restrictions on company size and is therefore the starting point for the empirical 

tests. A formal definition of the hypothesis is stated below. 

𝐻0: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑀𝑖𝑥𝐶𝐴𝑃) ≤ 0 

𝐻1: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑀𝑖𝑥𝐶𝐴𝑃) > 0 
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The null states that the difference between the return from the New Model and the 

Benchmark model is less than or equal to zero while the alternative states the op-

posite. The test will be conducted as a one sided correlated t-test of the null with an 

alpha level of 5%. The critical value for this alpha level is 1.65 meaning that the 

null will be rejected if the t-statistic is higher than 1.65.  

 

5.2.1 Observations for the Test 

The sample for Hypothesis One is graphically depicted in Figure 18: 

Figure 18: Differences in Returns for Mixed Cap Portfolios. 

 Source: Own Creation. 

Observations 1 to 80, 81 to 160 and 161 to 240 are respectively for portfolios of Dan-

ish, Norwegian and Swedish stocks. The average difference is -21.7% which means 

that the NM yields a 21.7 percentage point lower return than the benchmark model 

on average. A negative average will imply that the t-statistic will be negative which 

will make the test insignificant. The average difference for Danish stocks alone is 

44.1%. It may therefore be relevant to test subsets of the sample. The test will there-

fore move on even though it can already be concluded in a less formal way that it 

will be insignificant for the entire sample.   
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5.2.2 Homoscedasticity 

It follows from Figure 18 that the average difference is different for Denmark, Nor-

way and Sweden, but the variance around the mean appears to be almost equal for 

the three countries. It is hard to estimate the standard error of the mean if the 

observations does not have homoscedasticity (Keller 2008) because it may be differ-

ent for the three subsets of the sample. It may seem that the variance is slightly 

higher for Norwegian and Swedish observations than for Danish observations, but 

it is assumed not to be too extreme so the standard error of the sample can be esti-

mated without too much uncertainty. 

  

5.2.3 Normally Distributed Sample 

The difference between the returns for the NM and the benchmark model have to 

be normally distributed which could be tested statistically, but it has been left out 

due to the limited extent of this paper. Instead a qualitative discussion is given and 

the data is inspected visually. The t-distribution is however robust to non-normal 

distributions if the sample size is large (Ibid). A visual inspection of the data which 

is presented in Figure 19 reveals that the data appears to approximately follow a 

normal distribution. But it may be more fat-tailed than a normal distribution. Given 

that the data is not very non-normal distributed and the sample size is large it is 

therefore concluded that this assumption is not violated.   

Figure 19: Histogram of the Differences in Returns, Mixed Cap. 

Source: Own Creation. 
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5.2.4 Test Results 

The test results are presented in Figure 20. The variance and standard error of 𝑌𝑖 

as well as the standard error of �̅� and t-statistic have been calculated in accordance 

with the formulas given in Section 3.2.2. It follows that the t-statistic is -3.35 which 

is less than the critical value, the null can therefore not be rejected. The p-value is 

99.95% which means that there is 99.95% chance of getting a t value higher than    

-3.35. The average return of the NM is therefore not bigger than the return for a 

buy-and-hold strategy. 

Figure 20: T-statistics for Hypothesis One.   

                                                                                                                                                                                                                                                                                                                                                                                                               

                                                                                                               

                                                                                                                                                                                                                                                                    

                                                                                                                                          

 

Source: Own Creation. 
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5.2.5 Testing a Subset of Only Danish Stocks 

The t-statistics are quite different if only observations for Danish stocks are taken 

into account as can be seen in Figure 22. Figure 21 reveals that the data is not 

extremely non-normally distributed and that the variance is increasing for the sec-

ond half of the observations. In this case the p-value is 0.001% which is well below 

the level of significance. The null can therefore be rejected and it is accepted that 

the average return for the NM is higher than the average return for a buy-and-hold 

strategy for Danish stocks. It should however be kept in mind that the data does 

not appear to have homoscedasticity. 

Figure 21: Distribution and Histogram of the Sample With Only Danish Stocks.  

Source: Own Creation. 

 

Figure 22: T-statistics for Hypothesis One with only Danish stocks.  

 

 

 

                                                                                                             

 

 

 

Source: Own Creation. 
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5.3 Testing Hypothesis Two for Large Cap Stocks 

A one-sided correlated t-test on Hypothesis Two, which is stated below will now be 

conducted. 

𝐻0: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝐿𝑎𝑟𝑔𝑒𝐶𝐴𝑃) ≤ 0 

𝐻1: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝐿𝑎𝑟𝑔𝑒𝐶𝐴𝑃) > 0 

These hypotheses are similar to the main hypotheses, despite the fact that it is now 

assumed to be valid only for large cap stocks. Again, the alpha level is 5% which 

gives a critical value of 1.65.  

 

5.3.1 Observations for the Test 

The data is presented in Figure 23 in which the variance seems to be equal for Dan-

ish and Norwegian stocks, but appears to be lower for Swedish stocks. This leaves 

the assumption about homoscedasticity a little violated. 

Figure 23: Difference in Returns for Large Cap Portfolios 

Source: Own Creation. 

 

The sample distribution can be seen in Figure 24 and appears to be almost normally 
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Figure 24: Histogram of the Difference in Returns, Large Cap. 

Source: Own Creation  

5.3.2 Test Results 

The t-statistics are reported in Figure 25. The t-statistic is -7.26 which corresponds 

to a p-value of 100.00% which means that the test fails to reject the null. The return 

from the NM is therefore not higher than the return from a buy-and-hold strategy 

for large cap stocks. The variance is only 61.0% which is much lower than it was for 

mixed cap stocks which indicates that the spread between the return from the NM 

and BM varies less for large cap portfolios than for mixed cap portfolios. The sample 

did however not have homoscedasticity so the variance estimate may be unprecise, 

however the test would likely still reject the null even if the variance is higher than 

reported because it is very insignificant. The fail to reject the null is therefore valid 

despite the violated homoscedasticity assumption.  

Figure 25: T-statistics for Hypothesis Two. 

 

 

 

 

 

Source: Own Creation. 
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5.4 Testing Hypothesis Three for Mid Cap Stocks 

A one-sided correlated t-test on Hypothesis Three will now be conducted. The hy-

potheses for the t-test is formulated below: 

𝐻0: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑀𝑖𝑑𝐶𝐴𝑃) ≤ 0 

𝐻1: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑀𝑖𝑑𝐶𝐴𝑃) > 0 

Which means that the difference between the return of the NM and the BM is as-

sumed to be above zero for portfolios of mid cap stocks. Which will imply that the 

average return of the NM is higher than the average return of the BM for mid cap 

stocks. The alpha level is again 5% which gives a critical value of 1.65.  

 

5.4.1 Observations for the Test 

The pattern observed in Figure 26 corresponds to the pattern that was observed for 

large cap stocks; Danish and Norwegian stocks have almost equal variance, but 

Swedish stocks have lower variance. This violates the homoscedasticity assumption 

to a small degree. The dataset differs from the other samples in that the average 

difference seems to be highest for Swedish stocks and lowest for Danish stocks.  

 

Figure 26: Difference in Returns for Mid Cap Portfolios. 

 Source: Own Creation. 
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The distribution of the differences can be seen it Figure 27. It appears to be left-

skewed because of the appearance of few very negative observations and relatively 

few observations to the right of the mode. The distribution is however assumed not 

to be extremely non-normal and the t-test should hence still be valid. 

 

Figure 27: Histogram of the Differences in Returns, Mid Cap 

Source: Own Creation. 

 

5.4.2 Test Results 

The t-statistics for the test of Hypothesis Three are presented in Figure 28 on page 

78, from which it follows that the test is very insignificant with a t-value of -2.83, 

corresponding to a p-value of 99.74% which is far above the alpha level. The slight 

violation of the homoscedasticity assumption is therefore assumed to be irrelevant. 

The null can therefore not be rejected and the conclusion is that the average return 

of the NM is not higher than the average return for the benchmark model on a 5% 

level of significance.  
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Figure 28: T-statistics for Hypothesis Three 

                                                                                                                                                                                                                                                                                                                                                                                                               

                                                                                                               

                                                                                                                                                                                                                                                                    

                                                                                                                                          

 

Source: Own Creation 

 

5.5 Testing Hypothesis Four 

The final test for Hypothesis Four for portfolios of small cap stocks will now be con-

ducted as a one-sided correlated t-test on the hypothesis stated below. 

𝐻0: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑆𝑚𝑎𝑙𝑙𝐶𝐴𝑃) ≤ 0 

𝐻1: 𝐸(𝐷𝑁𝑀−𝐵𝑀.𝑆𝑚𝑎𝑙𝑙𝐶𝐴𝑃) > 0 

This is similar to the previous three hypotheses, except that it is assumed to be 

valid for portfolios of small cap stocks only. The findings in Section 2.1.3.3 indicated 

that small cap stocks would be most ideal for filter trading. This may imply that 

this is the test that is most likely able to reject the null. Again, an alpha level of 5% 

is employed which corresponds to a critical value of 1.65.  

 

5.5.2 Observations for the Test 

The observations for the small cap test can be seen in Figure 29. The variance is 

lowest for Danish stocks and highest for Norwegian stocks, which leads to a slight 

violation of the homoscedasticity assumption.  
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Figure 29: Differences in Returns for Small Cap Portfolios. 

Source: Own Creation. 

The distribution of the sample can be observed in Figure 30, from which it follows 

that the distribution is left-skewed as the distribution for mid cap stocks was. The 

distribution is however not assumed to be extremely non-normal. The t-distribution 

is therefore robust towards this deviation and hence still valid. 

Figure 30: Histogram of the Differences in Returns for Small Cap. 

Source: Own Creation. 
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that hypothesis four is accepted. The mean difference is 47.7% with a standard de-
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standard deviation was two or three times as large. The t-value is 12.90 which is 

far above the critical value. The p-value is therefore very close to zero which is below 

the level of significance. The test is therefore highly significant and it can be con-

cluded that the average return for the NM is higher than the average return for the 

BM for small cap stocks despite the violated assumption of homoscedasticity.  

Figure 31: T-statistics for Hypothesis Four 

                                                                                                                       

                                                                                                                                       

                                                                                                                                                                                                                             

                                                                                                               

                                                                                                               

Source: Own Creation. 

 

5.6 Partial Conclusion 

The New Model has now been tested empirically on random sampled portfolios of 

Danish, Norwegian and Swedish stocks from mixed, large, mid and small cap com-

panies. These observations have been used to calculate the differences between the 

returns for the NM and the benchmark model. The differences have hence been used 

in one-sided correlated t-tests to test Hypotheses One through Four. The main hy-

pothesis was insignificant with a t-value of -3.35 and a p-value of 99.95%. However, 

it would have been significant with a t-value of 4.36 and a p-value of 0.001% if the 

set of Norwegian and Swedish observations were excluded from the sample. Hy-

potheses Two and Three for large and mid cap portfolios were both highly insignif-

icant with p-values close to 100% due to negative average differences. Hypothesis 

Four was however significant with a t-value of 12.90 and a p-value of 0.00%. It can 

therefore be concluded that the average return for the NM is higher than the aver-

age return of the benchmark model for portfolios of small cap stocks which is in 

accordance with the predictions and findings in Section 2.1.3.3. 
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Chapter 6 – Discussion 

This chapter seeks to discuss the findings and assumptions of empirical analysis. It 

will first discuss the assumptions and applicability of the test and provide sugges-

tions for further research.  

 

6.1 Assumptions Behind the Test 

Some of the most important assumptions behind the model will be discussed in the 

following and it will be assessed how they affect the outcome of the empirical analy-

sis. 

 

6.1.1 Tax Costs 

Most of the existing literature about filter trading do not include taxes and trans-

action costs. The tax rate is especially hard to make general assumptions about 

because it can be very different for different investors. The assumption in this paper 

was chosen to make the test more realistic, yet the results are only applicable for 

investors paying around 22% taxes of realized stock gains and interest gains. This 

is the case for most Nordic companies, but not for most private investors. The re-

sults are therefore not applicable for private investors, because they would in most 

cases have to pay a higher tax rate. They would hence get less compounded return 

making the NM less attractive. Tax is furthermore assumed to be paid immediately 

which may be unrealistic. A delay in taxation could result in a slightly higher com-

pounded return, but this effect is assumed to be minimal.  

 

6.1.2 Rebalancing 

The same rebalancing strategy is applied for the benchmark model and for the NM. 

The benefit of this is that the difference in return cannot be caused by differences 

in rebalancing strategies. The disadvantage is that it would be more realistic to 

determine the optimal rebalancing strategy for both models and then compare the 

returns from the models when optimal rebalancing strategy is applied. It is however 
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not easy to determine the optimal rebalancing strategy and such an attempt would 

likely have been too extensive for this thesis. 

 

6.1.3 Diversification 

It was decided not to diversify across countries in order to get enough observations 

for the samples, but also because the exchange rates would have complicated the 

calculation process. Transnational diversification would likely have resulted in im-

proved diversification which may have altered the results. The results are therefore 

mostly applicable for investors who only hold domestic stocks. 

 

6.1.4 Alternatives to the Risk-free Asset 

The NM assumes that an investor would invest in the risk-free asset if the portfolio 

is sold. It would be possible to instead use the funds as security for a short position 

in the portfolio. This could potentially increase the returns from the NM if the port-

folio value decreases further, but it could also decrease the returns if the portfolio 

value did not decrease. Overall, if the assumption that prices tend to follow a trend 

during booms and busts then it would probably be profitable to place a short position 

when the portfolio is sold, but it would also drastically increase the risk of the strat-

egy. It would anyway be interesting to uncover this in further research.  

 

6.2 Real-life Implications 

The test was able to verify Hypothesis Four, but rejected the first three hypotheses. 

The estimated difference was 44.7% which is the percentage point increase in the 

return of the NM compared to the BM for the 11-year holding period for small cap 

stocks. It should also be kept in mind that small cap stock may be illiquid and actual 

filter trading might affect prices and hence affect the achievable return. Addition-

ally, if an investor invests in an investment fund that uses the NM then they would 

likely charge a management fee that could decrease the actual gain for the investor. 

It was also observed that portfolios of small cap stocks in general yielded a lower 
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return than large and mid cap portfolios which would make it less attractive to in-

vest in small cap stocks. There is additionally a potential self-selection bias in the 

approach. This could be caused if filter trading was tested because recent stock price 

movements indicated that such a strategy would have been profitable. The analysis 

of the S&P500 indicated that it would have been difficult to get a profit from filter 

trading on the two financial downswings before the two most recent financial cycles.  

It would therefore be interesting to test the model on older data to see if the results 

are consistent over multiple stock market cycles. Even if it is, it may not be appli-

cable in the future which would most likely be the main interest for most investors.   

 

6.3 Risk 

The algorithm used to test the NM is constructed so that it only measures the over-

all return for the entire holding period. Most investors would also be interested in 

knowing the risk. The risk of the NM is most likely less than the risk of a buy-and-

hold strategy. This is because the NM and the benchmark model invest in the exact 

same portfolio except that the NM sometimes invests in the risk free asset instead. 

The variance of the return for the models should therefore be equal when they both 

invest in the stock portfolio, but the variance of the return is zero for the NM when 

it invests in the risk-free asset. This means that a risk averse investor may prefer 

the filter strategy even if it gives a lower return than a buy-and-hold strategy. It 

would be interesting to extend the model so that it calculated the Sharpe Ratio of 

both models which would better allow the risk averse investor to decide if the NM 

is attractive. A hypothesis for further research could hence be: The average risk-

adjusted return is higher for the New Model than for a buy-and-hold strategy.  
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Chapter 7 – Conclusion 

The goal of this thesis was to create a trading model that could outperform a passive 

investment strategy by exploiting booms and busts. It was first discussed whether 

this is possible from a theoretical perspective. The Efficient Market Hypothesis and 

the Random Walk Hypothesis both conclude that it is impossible to use historical 

stock prices to outperform a passive investment strategy. However, the Practical 

Efficient Market Hypothesis concluded that it is possible to outperform a passive 

investment strategy, but only if the investor possesses exceptional understanding 

of financial markets. One of the main arguments against the Random Walk Hypoth-

esis was the occurrence of statistically significant positive serial correlation in 

weekly and monthly stock returns which was most evident for equal-weighted port-

folios and found to be most positive for the Nordic stock markets. It was therefore 

decided to develop a model called New Model based on a filter trading strategy with  

an x-filter value of 25% and an Y-filter value of 16.67% to exploit booms and busts. 

It was hence decided that the New Model should employ Naïve diversification with 

at least 18 stocks with low pairwise correlation in order to diversify as good as pos-

sible. It was decided to test the New Model on portfolios of stocks from Denmark, 

Norway and Sweden in the period from primo 2004 to ultimo 2014 and perform 

separate tests for portfolios of mixed, large, mid and small cap portfolios. In order 

to test the model, four hypotheses were raised which state that the expected return 

of the New Model is higher than the expected return of a buy-and-hold strategy for 

respectively mixed, large, mid and small cap stocks. One-sided correlated t-tests 

were applied to test these hypotheses which found the former three to be insignifi-

cant, but verified Hypothesis Four. The test concluded that the expected return of 

the New Model is higher than the expected return of a buy-and-hold strategy for 

small cap stocks. It was in accordance with the theoretical expectations that Hy-

pothesis Four had the highest chance of being verified, yet it was a surprising result 

with the interesting implication that it is possible to build an investment strategy 

that exploits booms and busts to perform better than a passive investment.  
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Chapter 8 – Perspectivation 

This chapter seeks to put the findings of this thesis into a general business context.  

 

8.1 Active Trading Versus Passive Investing   

Trading is by many academics (Møller & Nielsen 2015) categorized as value destroy-

ing and meaningless. The conclusion of this thesis is that small cap investors could 

potentially get a higher return from trading, which is an argument for active trad-

ing. It does however only find support for small cap stocks and not for mid and large 

cap portfolios or mixed cap portfolios. An intuitive argument against active trading 

can be presented as follows: Assume there is only one stock market with all availa-

ble stocks. The average return for all investors in this market before transaction 

costs have to be equal to the overall return of the market. But the average return 

after transaction costs must be lower for the group of active traders than for the 

group of passive investors, because transaction costs have to be deducted from the 

overall return that can be split by active traders (Møller & Nielsen 2015). In other 

words whenever someone makes a profit from trading, another trader have to lose 

money on that trade. Indeed the only way to outperform the market is through ac-

tive trading because a passive market portfolio always yields the market return, 

but the only way to underperform it, is also active trading and the chance of over-

performing is much less than the risk of underperforming as the earlier empirical 

analyses have found. 

 

8.2 Performance of Active Investors 2007 to 2017 

The most recent SPIVA5 report dealt with the topic of whether to invest actively or 

invest passively. It was found that only two out of ten active Danish investment 

funds outperformed a buy-and-hold strategy in the last ten years after. Part of this 

effect is caused by the generally high fees charged by investments funds. While 20% 

may sound surprisingly low it should be added that it is affected by survivorship 
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bias. In the ten-year period only 68.6% of the initial investment funds survived 

which means that 20 % of the surviving equity funds outperformed a passive strat-

egy. It is also found that investors in general are shifting from investing in active 

investment funds to ETF (Stenvej 2018) and (Innes & Cabrer 2018). The result gets 

even more interesting when international diversification is taken into account; 

98.85% of actively managed global equity funds underperformed the S&P 1200 in-

dex from 2007 to 2017 and only 46% of the equity funds survived, which is a quite 

shocking result and means that investors would in general be better off by avoiding 

actively managed equity funds.  

 

8.3 Rise of the ETF 

Passive investing has become more popular in recent years, due to the generally 

bad performance of active investment funds. Many investors choose to invest in 

ETF’s. However, a recent article states that the growth of EFT’s has recently de-

clined due to the increased volatility of stocks and generally high stock prices. This 

may indicate that investors prefer passive investing when prices are low, but that 

they assume that when stock prices reach an all-time high it may be time to reallo-

cate asset allocations and move away from ETF’s (Borsen.dk). 

 

8.4 Rational investors 

A usual assumption in business and economics is that individuals are rational. It 

does however not seem to be rational to sell a portfolio of shares just because the 

price is decreasing. Stock prices should according to Koller et al. (2016) be deter-

mined by the fundamental value of the company which can be derived from for in-

stance DCF analysis. A thorough DCF analysis should reflect all available infor-

mation about a stock including price history. This means that only new information 

would change the appropriate value and hence price of a stock, which is in accord-

ance with the EMH. Yet, cycles can be observed where prices are driven up and 

down. 
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8.5 Buying low and selling high 

A simple advice in business is to buy low and sell high. The goal of filter trading is 

to sell relatively high before prices decrease too much and rebuy before they increase 

too much. It may in real life be more complicated than looking for a certain percent-

age of decrease or increase in price. A famous and successful investor tries instead 

to buy when people think prices will decrease and this strategy seems to be working 

for him. No thesis about stock trading without a quote from a successful investor 

who did not make his money from filter trading. 

 

 

 

 

 

 

 

 

“Be Fearful When Others Are Greedy and Greedy When Others Are Fearful” 

 

― Warren Buffett 

 

 

 

 

 

https://www.goodreads.com/author/show/756.Warren_Buffett


 
 

Page 88 of 100 
 

9. Sources 

Books and Articles: 

Barber, B. M., & Odean, T. (2000). “Trading Is Hazardous to Your Wealth: The Common Stock 

Investment Performance of Individual Investors”. Journal of Finance (2), pp. 773-806. 

Bodie, Zvi; Kane, Alex & Marcus, Alan J. (2014) “Investments” Tenth edition, McGraw 

Hill Education. 

Bruce, Brian (2010) “Handbook of Behavioral Finance” Cheltenham. 

Bryman, Alan & Bell, Emma, (2011), ”Business research methods” Oxford University Press. 

Campbell, John Y.; Lo, Andrew W. & MacKinlay, A. Craig (1997)“The Econometrics of Finan-

cial Markets” Princeton University Press.  

Charles, Amélie; Darné, Olivier (2009), “Variance ratio tests of random walk: An overview.” 

Journal of Economic Surveys, Wiley, 2009, 23 (3), pp.503-527 

Constantinides, G. M. (1986). “Capital Market Equilibrium with Transaction Costs” Journal of 

Political Economy(4), pp. 842-862. 

Constantinides, G. M. (1984). “Optimal stock trading with personal taxes: Implications for 

prices and the abnormal January returns” Journal of Financial Economics(1), pp. 65-89. 

Cowles, Alfred. (1944) “Stock Market Forecasting”, Econometrica, vol12, No 3/4, Jul -Oct 1944, 

PP. 206-214. 

DeMiguel, Victor; Garlappi, Lorenzo & Uppal, Raman; (2007) “Optimal versus naïve Diversifi-

cation: How Inefficient is the 1/N Portfolio Strategy?” Oxford University Press 

Elton, Edwin J.; Gruber, Martin J.; Brown, Stephen J.; Goetzmann, William N. (2003) “Mod-

ern Portfolio Theory and Investment Analysis”, Sixth edition, John Wiley & sons.  

Fama, Eugene F & Blume, Marshall A. (1966) “ Filter Rules and Stock-Market Trading” 

The Journal of Business, Vol. 39, No. 1, Part 2: Supplement on Security Prices (Jan., 

1966), pp. 226-241. 

Fama, Eugene F; (1964) “The Behavior of Stock Market Prices” Ph.D dissertation, Univer-

sity of Chicago.  

Fama, Eugene F; (1965) ”Tomorrow on the New York Stock Exchange” The Journal of 

Business, Vol. 38, No. 3 (Jul., 1965), pp. 285-299. 

Fama, Eugene F. (1970). “Efficient Capital Markets: A Review of Theory and Empirical 

Work”. Journal of Finance vol. 25 no. 2 pp. 383-417. 

Fama, Eugene F. & French, Kenneth R., (1988) ”Permanent and Temporary Components 

of Stock Prices” Journal of Political Economy Vol. 96, No. 2 (Apr. 1988), pp. 246-273. 

Goedhart, Marc & Mehta, Darshit (2016) “The long and the short of stock-market volatil-

ity”  McKinsey, May 2016. 



 
 

Page 89 of 100 
 

Jones, Charles M. (2002) “A Century of Stock Market Liquidity and Trading Costs” May 

23. 2002 Columbia Business School.  

Kaufman, Perry J. (2013) “Trading Systems and Methods” John Wiley & Sons, Inc. 

Kaufman, Perry J. (2016) “A guide to Creating a Sucessful Alorithmic Trading Strategy” 

John Wiley & Sons, Inc. 

Keller, Gerald; (2008) “Managerial Statistics” South-Western, Eighth edition. 

Koller, Tim; Goedhart, Marc and Wessels, David; (2016) ”Valuation: Measuring and Man-

aging the Value of Companies” McKinset & company, fifth edition.    

Leshik, Edward A. & Cralle, Jane (2011), “An Introduction to algorithmic trading: basic to 

advanced strategies”, Wiley and Sons. 

Lo, Andrew W. & MacKinlay, Craig A. (1999), “A Non-Random Walk Down Wall Street”, 

Princeton University Press.   

Malkiel, Burton (1975) “A Random Walk Down Wall Street”, revised edition, W.W. Norton 

& Company Inc.  

Malkiel, Burton (1999) “A Random Walk Down Wall Street”, fourth edition, W.W. Norton 

& Company Inc.  

Munk, Claus (2016) ”Financial Markets and Investments” CBS, August 18th 2016. 

Møller, Michael; Nielsen, Niels Christian (2015) “ Din Økonomi: En bog om tid og Penge” 

Akademisk Forlag 

Officer, R. R; (1972) ”The Distribution of Stock Returns” Journal of the American Statisti-

cal Association Vol. 67, No. 340 (Dec., 1972), pp. 807-812. 

Sackett, Paul R.; Putka, Dan J. & Maccloy, Rodney A. (2012), “The Concept of Validity 

and the Process of Validation” Oxford University Press 

Scholes, Myron, (1969). “A Test of the Competitive Hypothesis: The Market for New Is-

sues and Secondary Offerings” PH.D. Thesis, Graduate School of Business, University of 

Chicago.  

Stensvej, Michael (2018), “Aktiefondenes A-kæder får store klø” Bragt i Jyllandsposten 

18. april 2018.  

Stock, James H. & Watson, Mark W. (2015) “Introduction to Econometrics” Pearson.  

Sydsæter, K., & Hammond, P. (2012). Essential Mathematics for Economic Analysis. Essex: 

Pearson. 

Van Vliet, Benjamin; (2007) “building automated trading systems with an introduction to Vis-

ualC++.NET 2005” Elsevier/Academic Press. 

Whistler, Mark; (2004) “Trading Pairs: Capturing Profits and Hedging Risk with Statisti-

cal Arbitradge Strategies” John Wiley and Sons Ltd.  



 
 

Page 90 of 100 
 

De Wit, Dirk P.M. (1998) “Naïve Diversification” Financial analyst Journal Vol. 54, No. 4. 

(Jul. -  Aug. 1998) PP 95-100. 

Wolberg, John R; (2000) “Expert trading systems: Modeling financial markets with kernel 

regression” John Wiley and Sons. 

 

Web Pages: 

Skat.dk (http://www.skm.dk/skattetal/statistik/tidsserieoversigter/centrale-skattesatser-i-skattelov-

givningen-2010-2018) visited 4/4/2018 at 11:30AM.  

Nordnet.dk (https://www.nordnet.dk/produkter/prisliste/kurtageklasser.html) visited 4/4/2018 at 

12:32AM. 

Oslobors.no (https://www.oslobors.no/ob_eng/markedsaktivitet/#/details/OSESX.OSE/ 

overview) visited 4/5/2018 at 4:28PM. 

Nasdaqnordic.com (http://www.nasdaqomxnordic.com/indeks/definitioner) visited 4/5/2018 

at 4:40PM. 

 

Borsen.dk (http://penge.borsen.dk/artikel/1/362694/store_kursudsving_faar_investo-

rerne_til_at_traekke_penge_ud_af_passive_investeringer.html?hl=YToyOnt-

pOjA7czo2OiJwYXNzaXYiO2k6MTI7czo2OiJQYXNzaXYiO30,) visited 5/13/2018 at 

5:30PM.  

  

http://www.skm.dk/skattetal/statistik/tidsserieoversigter/centrale-skattesatser-i-skattelovgivningen-2010-2018
http://www.skm.dk/skattetal/statistik/tidsserieoversigter/centrale-skattesatser-i-skattelovgivningen-2010-2018
https://www.nordnet.dk/produkter/prisliste/kurtageklasser.html


 
 

Page 91 of 100 
 

10 Appendix 

 

10.A VBA-code: 
 

An asterisk, ' , marks the beginning of a comment. 

 

Code begins: 

Option Explicit 

 

Sub NewModel() 

Application.ScreenUpdating = False 

 

'Set initial Investing, default False 

' Invested =False means that the position is a risk-free position. 

' Invested=True means that the position is in the Naive portfolio 

 

Dim MixPortfolio As Boolean 

Dim Invested As Boolean 

Dim ConstantFilter As Boolean 

 

 

Dim RebRow As Double  

Dim CurrentValue As Double  

Dim Wealth As Double 

Dim TransactionCost As Double 

Dim SalesPrice As Double 

Dim BuyPrice As Double 

Dim FilterValue As Double 

Dim RecentMaxPrice As Double 

Dim RecentMinPrice As Double 

Dim TaxRate As Double 

Dim InputRows As Double 
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Dim Pick As Byte 

Dim UpperBound As Byte 

Dim SecondPick As Byte 

 

 

Dim x As Double 

Dim Y As Double 

Dim Q As Byte 

'arbitrary variables for loops 

 

'Set  parameters including TransactionCost, default 0.015%, TaxRate, default 0.22 Set Fil-

terValue     Default 0.05 

TransactionCost = 0.00015 

TaxRate = 0.22 

FilterValue = 0.05 

MixPortfolio = True 

ConstantFilter = True 

 

Sheets("PfMixInput").Calculate ‘refreshes sheet 

InputRows = Sheets("PfMixInput").Range("AN1") ' Number of input rows in PfMixInput 

 

Sheets("Filter Trade").Select 

 

‘Now the code start altering the sheet 

For Y = 1 To 80 

Range("C21:EQT25").ClearContents ‘ reset sheet 

 

If ConstantFilter = True Then          ‘Allows the user to vary filtervalues 

FilterValue = 0.25 

Else 

FilterValue = 0.005 * Y 

End If 
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MixAgain:   ‘Generates a random sample 

If MixPortfolio = True Then 

 Sheets("PfMixInput").Select 

 Sheets("PfMixInput").Calculate 

 UpperBound = Range("AM1") 

    Range(Cells(2, 1), Cells(InputRows, 19)).Copy 

Sheets("DataInput").Cells(1, 1).PasteSpecial Paste:=xlPasteValues 

 

 For Q = 1 To 12   

    Pick = Int((UpperBound - 1) * Rnd + 1) 

    Range(Cells(2, Pick + 19), Cells(InputRows, Pick + 19)).Copy 

    SecondPick = Int((19 - 2) * Rnd + 2) 

    Sheets("DataInput").Cells(1, SecondPick).PasteSpecial Paste:=xlPasteValues 

Next 

Sheets("DataInput").Select 

 Sheets("DataInput").Calculate 

 If Sheets("DataInput").Range("W1") <> 18 Then GoTo MixAgain 

Sheets("DataInput").Range(Cells(1, 2), Cells(1, 19)).Copy 

Sheets("PortfolioList").Cells(5, 4 + Y).PasteSpecial Paste:=xlPasteValues, Transpose:=True 

End If    ‘End of MixPortfolio – the portfolio have now been created.  

 

 

Sheets("DataInput").Select 

Range("T2").Select 

    Selection.AutoFill Destination:=Range(Cells(2, 20), Cells(InputRows - 1, 20)), 

Type:=xlFillDefault 

    Calculate     

Range(Cells(2, 20), Cells(InputRows - 1, 20)).Copy 

    Sheets("Filter Trade").Select 

    Cells(26, 3).Select 

    Selection.PasteSpecial Paste:=xlPasteValues, Transpose:=True 

Sheets("DataInput").Select 

Range(Cells(2, 1), Cells(InputRows - 1, 1)).Copy 
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    Sheets("Filter Trade").Select 

    Cells(27, 3).Select 

    Selection.PasteSpecial Paste:=xlPasteValues, Transpose:=True 

    Calculate 

Invested = False 

'Set Initial Wealth, default 0 

Wealth = 0 

 

‘The NM is run on the portfolio in the code below  

 

For x = 3 To 4300 

If Cells(26, x) = 0 Then GoTo FinishCycle 

 

If Invested = False Then 

If Cells(26, x) < RecentMinPrice Then RecentMinPrice = Cells(26, x) 

RecentMaxPrice = Cells(26, x) 

End If 

' The part above tracks the Recent Minimum Price, RMNP, only Invested is false. 

' It states that if the actual price, (cells(26,x)), is lower than the most recent RMNP, then 

RMNP is equal to the current price 

'  The Recent Max price is always equal to the current price when invested equals false 

 

If Invested = True Then 

If Cells(26, x) > RecentMaxPrice Then RecentMaxPrice = Cells(26, x) 

RecentMinPrice = Cells(26, x) 

End If 

' The part above tracks the Recent Max Price, RMXP, only Invested is false. 

' It states that if the actual price, (cells(26,x)), is higher than the most recent RMXP, then 

RMXP is equal to the current price 

'  The Recent Min price is always equal to the current price when invested equals true. 

 

If Invested = True Then 
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If (Cells(26, x) * (1 - TransactionCost) > BuyPrice) * (Cells(26, x) < RecentMaxPrice * (1 - 

FilterValue / 1.5)) Then 

' This checks whether the current price minus transaction costs is higher than the price, 

the portfolio was bought for 

' And at the same time whether the current price is lower than the RMXP times one minus 

the filtervalue. 

' If so the portfolio is sold which is what happens below 

Invested = False 

 

SalesPrice = Cells(26, x) * (1 - TransactionCost) 

Wealth = Wealth + SalesPrice - BuyPrice 

'Wealth tracks the proftis that have arised from trading. 

Cells(25, x) = "SALE" 

Cells(24, x) = SalesPrice 

Cells(23, x) = BuyPrice 

Cells(22, x) = SalesPrice - BuyPrice 

Cells(21, x) = Wealth 

End If 

 

Else 

If x = 3 Then GoTo Skip 

' this means that invested is always true initially. 

 

If (Cells(26, x) > RecentMinPrice * (1 + FilterValue)) Then 

' If invested is false and it is not the first trading day then it is checked whether the current 

price is 

' higher than the RMNP times one plus the filter value. 

 

 

    RebRow = WorksheetFunction.VLookup(Sheets("Filter Trade").Cells(27, x), Sheets("Da-

taInput").Range("A1:U3000"), 21, False)  

       Sheets("DataInput").Select 

    CurrentValue = Range("T" & RebRow) 

    Cells(RebRow, 20).Select 
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    ActiveCell.FormulaR1C1 = "=(RC[-18]/R" & RebRow & "C2+RC[-17]/R" & RebRow & 

"C3+RC[-16]/R" & RebRow & "C4+RC[-15]/R" & RebRow & "C5+RC[-14]/R" & RebRow & 

"C6+RC[-13]/R" & RebRow & "C7+RC[-12]/R" & RebRow & "C8+RC[-11]/R" & RebRow & 

"C9+RC[-10]/R" & RebRow & "C10+RC[-9]/R" & RebRow & "C11+RC[-8]/R" & RebRow & 

"C12+RC[-7]/R" & RebRow & "C13+RC[-6]/R" & RebRow & "C14+RC[-5]/R" & RebRow & 

"C15+RC[-4]/R" & RebRow & "C16+RC[-3]/R" & RebRow & "C17+RC[-2]/R" & RebRow & 

"C18+RC[-1]/R" & RebRow & "C19)*" & CurrentValue / 1000 & "/18" 

    Cells(RebRow + 1, 20).Select 

    ActiveCell.FormulaR1C1 = "=(RC[-18]/R" & RebRow & "C2+RC[-17]/R" & RebRow & 

"C3+RC[-16]/R" & RebRow & "C4+RC[-15]/R" & RebRow & "C5+RC[-14]/R" & RebRow & 

"C6+RC[-13]/R" & RebRow & "C7+RC[-12]/R" & RebRow & "C8+RC[-11]/R" & RebRow & 

"C9+RC[-10]/R" & RebRow & "C10+RC[-9]/R" & RebRow & "C11+RC[-8]/R" & RebRow & 

"C12+RC[-7]/R" & RebRow & "C13+RC[-6]/R" & RebRow & "C14+RC[-5]/R" & RebRow & 

"C15+RC[-4]/R" & RebRow & "C16+RC[-3]/R" & RebRow & "C17+RC[-2]/R" & RebRow & 

"C18+RC[-1]/R" & RebRow & "C19)*R" & RebRow & "C20/18" 

     

If (RebRow + 1) = InputRows - 1 Then GoTo TradeLastDay 

    Selection.AutoFill Destination:=Range(Cells(RebRow + 1, 20), Cells(InputRows - 1, 20)), 

Type:=xlFillDefault 

    Sheets("DataInput").Calculate 

TradeLastDay: 

    Range(Cells(RebRow + 1, 20), Cells(InputRows - 1, 20)).Copy 

    Sheets("Filter Trade").Select 

    Cells(26, x + 1).Select 

    Selection.PasteSpecial Paste:=xlPasteValues, Transpose:=True 

        ' This section above rebalances portfolio weights at each buy 

         

Skip: 

' Below, the portfolio is bought. 

Invested = True 

Cells(25, x) = "BUY" 

BuyPrice = Cells(26, x) * (1 + TransactionCost) 

Cells(24, x) = SalesPrice 

Cells(23, x) = BuyPrice 

Cells(22, x) = SalesPrice - BuyPrice 

Cells(21, x) = Wealth 

End If 
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End If 

Next 

FinishCycle: 

' In the end the portfolio is sold.  

 

If Invested = True Then 

SalesPrice = Cells(26, x - 1) * (1 - TransactionCost) 

Wealth = Wealth + SalesPrice - BuyPrice 

 

Cells(25, x - 1) = "EndSale" 

Cells(24, x - 1) = SalesPrice 

Cells(23, x - 1) = BuyPrice 

Cells(22, x - 1) = SalesPrice - BuyPrice 

Cells(21, x - 1) = Wealth 

End If 

 

‘ Runs a second code which adjusts for taxes and compounding effects 

CalculateCompoundingEffectAndTax 

 

If Cells(14, x - 1) = "" Then 

Cells(14, x - 2) = "Total Period Return" 

Cells(14, x - 1) = Format(Cells(15, x - 1) / 1000000 - 1, "Percent") 

End If 

 

' This is a loop below that allows us to repeat the test with different filter values and saves 

the results from earlier runs. 

'Range("W36") = Wealth 

Range("W35") = (Cells(26, InputRows) / Range("C26") - 1) * (1 - TaxRate) 

Range("W36") = Cells(14, InputRows) 

Range("W35:W36").Copy 

Sheets("Results").Select 

Sheets("Results").Range("A5:A6").Offset(0, Y).Select 

Selection.PasteSpecial xlPasteValues 
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Sheets("Filter Trade").Select 

 

Next 

Application.ScreenUpdating = True 

End Sub 

 

 

‘ The Code CalculateCompoundingEffectAndTax is presented on the next page. 

 

 

Sub CalculateCompoundingEffectAndTax() 

 

Dim x As Double 

Dim RecentRow As Double 

Dim BuyPrice As Double 

Dim TaxRate As Double 

Dim Invested As Boolean 

 

BuyPrice = 1000000 

TaxRate = 0.22 

 

Range("C14:EQT19").ClearContents 

 

For x = 3 To 4000 

If Cells(26, x) = "" Then Exit For 

    If Cells(25, x) = "BUY" Then 

    Invested = True 

    If x = 3 Then 

  '  Cells(19, x - 1) = "Stock Amount" 

    Cells(19, x) = BuyPrice / Cells(23, x) 

    RecentRow = x 

    Else 
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    Cells(19, x) = Cells(15, x - 1) / Cells(23, x) 

    Cells(18, x) = Cells(19, x) * Cells(26, x) 

    BuyPrice = Cells(18, x) 

    RecentRow = x 

    End If 

    End If 

  

    If (Cells(25, x) = "SALE") + (Cells(25, x) = "EndSale") Then    

    Invested = False 

  '  Cells(16, x - 1) = "Cash" 

    Cells(16, x) = Cells(19, RecentRow) * Cells(24, x) 

  '  Cells(17, x - 1) = "Tax” 

    Cells(17, x) = (Cells(16, x) - BuyPrice) * TaxRate 

 '   Cells(15, x - 1) = "Investable Funds" 

    Cells(15, x) = Cells(16, x) - Cells(17, x) 

    Cells(14, x - 1) = "Total Period Return" 

    Cells(14, x) = Format(Cells(15, x) / 1000000 - 1, "Percent") 

    RecentRow = x 

    End If 

    

    If Not x = 3 Then  

        If Invested = True Then 

            If Cells(19, x) = "" Then Cells(19, x) = Cells(19, x - 1) 

            Cells(18, x) = Cells(19, x) * Cells(26, x) ' Value of portfolio 

        Else 

            If Cells(17, x) = "" Then 

            Cells(16, x) = Cells(15, x - 1) * (1 + Cells(13, x - 1)) 

            Cells(17, x) = (Cells(16, x) - Cells(15, x - 1)) * TaxRate 

            Cells(15, x) = Cells(16, x) - Cells(17, x) 

            End If 

        End If 

    End If 
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Next 

End Sub 

 

 

 

10.B Portfolios in the In-sample Test: 

 


