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Abstract 

 

In this research we investigate the relationship between multifactor investing and Artificial 

Neural Network (ANN) and contribute to modern stock market prediction. We present the 

components for multifactor investing i.e. value, quality, size, low volatility & momentum as 

well as a methodology for ANN which provides the theory for the results. The return for the 

multifactor funds tested in this research is recorded below the benchmark used. However, the 

factors do have a dynamic relationship when testing for correlation and the multifactor 

regression analysis showed a high explanatory power (R2) for the funds. Based on the 

methodology of an ANN we establish that it is possible to use the knowledge from multifactor 

investing to train the technology with. When summarizing peer reviewed journals, we find that 

momentum have already been recurrently used in previous stock market prediction systems 

based on ANN, but the remaining factors have not. We conclude that there is an opportunity to 

use several factors to train an ANN due to their dynamic relationship and unique characteristics. 
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1.    Introduction 

The concept of having your money saved in a multifactor fund has grown exponentially over 

the last decade and new net flows have been motivating the growth. The mechanics behind this 

type of fund is based on the ever so popular notion of diversification. Structuring the fund based 

on several different factor, usually four or five, reduces the risk of being exposed to a downslope 

in just one (Bryan, Boyadzhiev, Dutt, Johnson & McCullough, 2018). There have been many 

factors identified as being predictable variables for future asset returns but there are five factor 

that as of 2018 have received considerable global acceptance and is being implemented the 

most frequently (Raebsamen, 2018). These factors are; momentum, value, quality, size and low 

volatility. All five have gone through many statistical tests and are widely believed to add value 

over the long-term (Raebsamen, 2018).  

 

But each of these factors experience their own cyclical behaviour so investing in only one is 

not the easiest, hence multifactor fund. The sales pitch for multifactor funds isn’t solely higher 

return but also a lower volatility leading to smaller and shorter periods of portfolio decline. 

Combining the characteristics of each factor will help mitigate the cyclical effect of owning just 

one and the risk of opting out during times of underperformance (Bryan et al. 2018).  

 

Today the large investment corporations have research teams that focus on investigating new 

events that will impact the way of executing trading. The majority of that time is spent on 

understanding the impact of artificial intelligence. Interpreting data in the form of news, past 

performance, financial reports etc. is very challenging and takes a lot of time. Therefore, finding 

the most efficient system to manage all that data is continuously on the top of investor’s priority 

list (Clark, 2018). What makes artificial intelligence such a hot topic is just that, its ability to 

find the most important data in mountains of it. But to be able to use this new technology 

requires you to have a large set of data at hand, well established analytical tools, and a high 

knowledge in software development giving a big comparative advantage to large financial 

institutions over individual investors. Using it wisely can provide an automation of the 

investment research and a personalized market intelligence (Bharadwaj, 2019). 

  

The combination of artificial intelligence and multifactor investing is exciting. Mathematical 

confirmations from validated theories on how the market behaves together with computational 
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financing is expected from many investors to bring a competitive advantage in stock prediction, 

portfolio management and risk profiling (Dunis, Middleton, Karathanasopoulos & Theofilatos, 

2016). 

  

Right now, a lot of what we hear about regarding improvement for our financial institutes is 

how they are becoming digitalized and basing their decision making on AI. But what this really 

means and what lies beneath the term AI is not really clear. Artificial neural network (ANN) 

and hybrid intelligence systems (HIS) are different soft computing techniques that have been 

implemented in finance. More specifically, they can help investors with deciding what stocks 

to buy/sell as well as when to do so. ANN is a brain-inspired system and a central practice used 

in machine learning. Due to its adaptive nature it can be used in dynamic circumstances such 

as forecasting, prediction and decision making (Bahrammirzaee, 2010).  

 

ANN has been widely used in forecasting stock prices and is appreciated for its strong self-

learning ability (Wang & Wang, 2015). It is a very popular technique and have been 

implemented in many business application studies. There are different versions of ANN, but 

feedforward neural network is the simplest and most common and will be the one this thesis 

will be focusing on. An extension of this version will be mentioned in the form of 

backpropagation and will be explained more in 2.4.2 (Tsai & Hsiao, 2010). Other soft 

computing techniques that will be mentioned together with ANN as a HIS are three feature 

selection techniques called Principal Component Analysis (PCA), Genetic Algorithms (GA) and 

decision tree (CART). HIS is a combination of different soft computing techniques and is used 

in different domains for problem solving. The development of this system is mainly to enhance 

existing technology and take a more multi-functional approach to its assigned problem (Dunis 

et al., 2016). 

 

1.1 Problem Discussion & Purpose  

A constant change is taking place in finance. Artificial intelligence, or machine learning, is 

continuously increasing its influence on investors’ decisions. Human attributes such as thought, 

and deliberation are getting replaced by computerized analysis and models. The technological 

advances coming about have made the financial industry larger, faster and more global than 

ever before (Lin, 2013). What this entails on a more practical level will be investigated further 

in this paper with the use of artificial neural network and hybrid intelligent system. 
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In addition to that, there is not just a change taking place in regard to technology, but in 

investment strategies as well. Investors are persistently trying to find new tactics to beat the 

market and produce excess return. A strategy that has gained a lot of momentum recently is 

multifactor investing with claims of being the new north star of investing (Bryan et al., 2018). 

As fig. 1 suggest, the demand for investing into the multifactor strategy have increased severely 

over the last couple of years. Therefore, it becomes interesting to see if there is any validity to 

back up those claims by analysing and understanding the science behind the investment 

strategy. This can be done by testing the effectiveness of the multifactor investment strategy 

compared to a more passive investment strategy such as index investing. With effectiveness in 

mind, the main focus will lie on the returns that the funds yield, risk that the investors are 

exposed to when making the investment and the ability the funds possess for predicting stock 

market movement (Bryan et al., 2018).  

 
Figure 1. The investments in Multifactor funds and ETFs are mushrooming 
 Source: (Bryan el al., 2018) 
  
Investors always seek to improve their ability to pick stocks for a portfolio that can produce 

excess return more accurately. And if it is not through a new investment strategy it is by taking 

the help from technology. ANN has been around for a long time and proven to increase the 

prediction accuracy for investors, yet it is not exercised on a consistent basis (Cavalcante, 

Brasileiro, Souza, Nobrega & Oliveira, 2016). This is mainly because investors rarely share 

their successful ANN systems and what knowledge they have used in order to train them (Cao, 

Leggio & Schniederjans, 2005). This is a problem which will be investigated in this research 



 

8 
 

by analysing and understanding the science behind multifactor investing and how that can be 

used to train an ANN.  

 

The main purpose of this thesis is to examine the possibility of bridging ANN with established 

research on factors with predictive abilities on the behaviour of the stock market. This will be 

done by first breaking down and understanding the science behind multifactor investing 

followed by evaluating the method for creating an ANN and its fitness to the financial market. 

The results and findings of this research will have the aim to confirm or discredit this as a 

modern stock market prediction strategy.  

 

By using a descriptive quantitative research, this thesis aims at trying to answer these research 

questions:   

 

1. What is the science behind multifactor investing and how well does it perform in terms 

of common financial measurements in comparison to more traditional investment 

strategies?  

 

2. Can the knowledge from multifactor investing be used to train an ANN for digitized 

stock market prediction?  

 

1.2     Limitations  
Neither author possess competence in programming so the section regarding artificial neural 

network will be completely theoretical. Empirical test results regarding ANN for stock market 

prediction will be presented but they have been executed by other authors.  

 

Furthermore, the data analysed in this research dates back to 2015 which is a relatively short 

time-span when examining time-series. This is because 7 out of the 9 funds that are presented 

in this research were launched in 2015 and had no data available before that.   

 

The following section will consist of a breakdown of multifactor investing as well as the 

methodology of an artificial neural network. The third section will present the method used to 

execute this research, i.e. the performance measures, regression analysis and influential papers 

for understanding ANN. In section 4, the results and analyses from the regression analysis and 
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performance metrics will be presented and explained together with a summary of empirical 

tests done using ANN for stock market prediction. Finally, there will be a discussion about the 

results and concluding remarks about multifactor investing and ANN in section 5.   

 

2.  Literature Review  
The authors will in this section identify previous research on which the case is based upon. A 

review of major papers regarding artificial neural network in finance and the current state of 

multifactor investing will become the foundation for this research. Starting off with covering 

the basics and then moving on to different approaches with the intent of finding relationships 

within the relevant literature and hopefully contribute to the ongoing debate.  

 

2.1   Breaking down Multifactor investing 
An interesting study made by Ang, Goetzmann and Schaefer (2009) which investigated why 

the Norwegian Global Fund had such disappointing active returns led to a quite remarkable 

discovery. It turned out that a large share of the active returns in the fund could be associated 

with systematic factors. A couple of years later, several major pension funds such as Dutch 

PFZW, Danish ATP, and Alaska Endowment Fund started implementing factor investing into 

their investment strategies (Ang et al., 2009). 

In the equity market, the term systematic factors are often divided into two subcategories; macro 

factors and style factors. Macro factors are commonly explained as the drivers of return across 

asset classes and are associated with non-diversifiable risks, for example inflation and credit. 

Style factors, however, are explained as the drivers of return and risk within asset classes. 

Within the category of style factors, the five most well-known factors will be will covered in 

this paper which are; value, size, momentum, low volatility, and quality (Ang, 2014).    

Although the factor-framework include several different types of factors, investors today 

mainly focus on the style factors as they are easier to quantify and include as return drivers. To 

be able to construct a successful factor fund, the bonds and stocks in the fund should have 

specific factor characteristics. These characteristics are there to explain performance and varies 

from investor to investor but the general rule for the factors are (Houweling & van Zundert, 

2017):  
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● Value: Include bonds and stocks who have low prices relative to their fundamental 

value.  

● Size: Should contain bonds and stocks from smaller companies, which are based on the 

market value.  

● Low volatility: Bonds and stocks should have a short maturity and a high credit rating 

to be included. 

● Momentum: The chosen bonds and stocks should have high returns in the past. 

● Quality: The companies should have high profitability and high-productive assets. 

Factor investing requires a thorough understanding of both the factors themselves and the goals 

of the fund. For example, a factor fund could implement a factor-based investment strategy with 

the goal of either improve the expected return given a certain level of risk or trying to achieve 

maximum diversification (Kess & Slager, 2016). No matter what the goal of the factor fund is, 

the importance of having a clear understanding of what the factors are and what they do makes 

the factor investment strategy work. Therefore, further investigation about the factors will be 

provided below.  

2.1.1   Value factor 

Value is defined in relative terms as the yield between an investment’s current price and 

expected future cash flow (Chee, Sloan & Usyal, 2013). Today, investing from a value 

perspective may be the most popular and enduring style of investing. But despite its popularity, 

both academic research and common approaches on value investing have evolved relatively 

little since the released work of Graham and Dodd (1934). In this ground-breaking paper, the 

authors advise value investors to focus on securities which sells for a price below what is 

justified by analysis and facts. Investors are also encouraged to concern themselves with 

intrinsic value (Graham & Dodd, 1934). Intrinsic value is said to be the fundamental value of a 

company or an asset, which is calculated using fundamental analysis and include both tangible 

and intangible factors (Kenton, 2019). The argument is that speculative factors can cause 

market prices to deviate from the intrinsic value but because there is an inherent tendency for 

the market price to correct itself and eventually reach the level of its intrinsic value there is an 

opportunity for investors to capture value (Barberis & Shleifer, 2003; Froot, Ramadorai, 2005). 

This opportunity emerges when securities and stocks are selling below their intrinsic value and 

are expected to generate a greater long-term performance (Graham & Dodd, 1934). This value 

premium is evident from almost 90 years of U.S. equity data, in more than 30 years of out-of-
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sample evidence from original studies in over 40 countries (Asness, Moskowitz & Pedersen, 

2013). There is evidence of value investing that dates back all the way to the Victorian Age in 

England (Chabot, Ghysels & Jagannathan, 2008). 

Even though Graham and Dodd (1934) covered the basis of value investing, a couple of 

interesting studies have since been made to build upon this idea of investing. The book-to-

market ratio and the earnings-to-price ratio where popularized as a measure of relative value 

after the work of Fama and French (1992) and Lakonishok, Shleifer and Vishny (1994). 

The book-to-market ratio is calculated by taking a company’s book value and dividing it by the 

market capitalization, which in this case can be associated with the market value of the 

company. 

𝐵𝑜𝑜𝑘 − 𝑡𝑜 − 𝑚𝑎𝑟𝑘𝑒𝑡 =
𝑆ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟𝑠0𝑒𝑞𝑢𝑖𝑡𝑦

𝑀𝑎𝑟𝑘𝑒𝑡	𝐶𝑎𝑝
 

If the book value is higher than the market value, the company and the stock are in most cases 

considered to be undervalued, and if the market value is higher than the book value the company 

and the stock is overvalued (Fama & French, 1992; Lakonishok et al., 1994). 

The earnings-to-price ratio, or the price-to-earnings ratio, calculates the power of the stock by 

dividing the market value per share with the earnings per share. 

𝑃𝑟𝑖𝑐𝑒 − 𝑡𝑜 − 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 =
𝑀𝑎𝑟𝑘𝑒𝑡	𝑣𝑎𝑙𝑢𝑒	𝑝𝑒𝑟	𝑠ℎ𝑎𝑟𝑒
𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠	𝑝𝑒𝑟	𝑠ℎ𝑎𝑟𝑒

 

The idea is that if a company doesn’t have the earnings to back up the level of price it currently 

sells at, the stock will eventually fall down to the price-level that really represents the earnings 

(Fama & French, 1992; Lakonishok et al., 1994). 

In addition to the two ratios above, another popular way to measure intrinsic value of an 

investment is to use the dividend discounting valuation model (Ohlson, 1995). 

𝑉@ =A
𝐸@[𝑑@Ct]
(1 + 𝑟)t

I

tJK
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Vt symbolizes the intrinsic value of the investment at the end of period t. Et is the expected value 

and is based upon information given at the end of period t. The dividends, or the net cash 

distribution paid by the investment at the end of period t, is symbolized using dt. And r stands 

as the discount rate appropriate for the investment (Ohlson, 1995). Discounted cash flow 

models like the dividend discounting model can be traced all the way back to the 1930’s 

(Williams, 1934). The use of dividends as a valuation method of an investment is justified by 

representing the cash flows that goes to the investors. By calculating the present value of these 

cash flows, the real value per share can be calculated (Ohlson, 1995). 

2.1.2   Size factor 

The size factor or the “size effect’’ is often referred to mid- and small cap companies which 

have market capitalization up to $10 billion. The main idea is that these smaller stocks 

outperform the large-cap stocks in general, and yield a higher average risk adjusted return. 

There are several important academic researches about size, and most well-known is perhaps 

the paper of Fama and French (1992). This paper came to the conclusion that over 90% of a 

stock’s returns can be connected to the size, the exposure to the market and the previously 

mentioned value factor, book-to-market ratio of the company in question (Fama & French, 

1992). Another paper about the size effect in investing is the paper written by Banz (1981). The 

findings suggest that the market equity of a company is what differentiates small cap from large 

cap. The market equity is the shares outstanding times the stock price for a company which 

means that small cap companies often have a lower market equity while large cap companies 

have a higher (Banz, 1981). The author argues that the main effect can be seen in very small 

companies and concludes that the average return for small cap companies are higher than their 

expected estimates and the average return on large cap companies are lower than their expected 

estimates (Banz, 1981).  

The “size effect” may not only cover the average return but other important features as well 

that can decide if a mid- and small cap company will grow and keep deliver high returns. Lin, 

Lin and Wang (2012) argues that when analysing the firm size, not only does it affect the 

average return, but it also shows a stronger interaction between their financing, investments and 

hedging decisions. Their studies suggest that that the smaller the firm the stronger the 

interaction (Lin et al., 2012). Further arguments for investing into smaller firms is that smaller 

firms tend to have debt-financing as the major source of investment, and thus make a better use 
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of their leverage to be able to increase the investment in research and development and create 

growth opportunities (Ho, Tjahjapranata & Yap, 2006). 

But there are also critics of these studies which contradicts what the researchers before them 

have found, e.g. Hovakimian, Hovakimian and Tehranian (2004) suggest that the opposite can 

be found, meaning that there is a negative relationship between firm size and financing 

decisions. Furthermore, Chahine, Filatotchev and Piesse (2007) argues that there is a negative 

relationship between small firms and the financing and investment in research and 

development. Despite the arguments for what the “size effect” actually does for a company it 

is clear that mid- and small cap companies have a larger room for future development and 

growth. 

2.1.3   Quality factor 

The term “quality” is often referred to a company’s assets and the idea is that firms with a high 

profitability and high-productive assets should in practice yield higher average returns than 

firms with a lower profitability and less-productive assets (Frazzini, Isreal, Moskowitz & Novy-

Marx, 2013). For example, if two firms are priced equally but one of the firms have a higher 

profitability than the other the logical reasoning would be that investors require a higher 

expected return to buy and hold the more profitable firm. Recent studies have shown that 

strategies which are based upon a stock’s quality are just as successful as other more traditional 

measures, such as the previously mentioned value factor (Frazzini et al., 2013). 

When measuring the quality factor, there are several quality/profitability measures worth 

considering; gross margins, free cash flow over assets, and total profit over asset are among the 

most common approaches to use when trying to capture the quality within a company. Instead 

of using just a single quality measure it is advised that the investor use several measures so that 

all the different aspects of a company’s profitability is incorporated. This will increase the 

reliability and performance when applying the quality factor (Frazzini et al., 2013). Some 

researchers measure and define quality as a concept called “QARP” (Quality at a Reasonable 

Price) and have found that quality stock have on average a higher price and higher risk-adjusted 

return (Asness, Frazzini & Moskowitz, 2013). 

QARP is according to the researchers a perfect framework for incorporating quality into 

investment portfolios. However, there are arguments against this concept for not being valid as 

a quality-factor since it tends to be influenced by other factors such as volatility and beta 
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(Hanson & Dhanuka, 2015). In the case of a multifactor fund, the analysis later in this thesis is 

looking for what each factor can do on a “stand alone” basis to be able to see the effect it brings 

to the fund. Therefore, the concept of “QARP” become irrelevant to this study.  

Combining quality or profitability with the value factor, can give you the best results. Quality 

helps value-investors to distinguish undervalued stocks from value traps, which are cheap 

stocks that are cheap for a reason. And value or price help quality-investors avoid good stocks 

which are already true to their fundamental price. Frazzini et al. (2013) studied the performance 

of a combined strategy using the value- and quality factor and found out that the two factors 

work as a hedge against each other because quality tends to perform well when value have some 

downs and vice versa. The strategies which take advantage of both these factors tend to generate 

steadier returns than strategies which only uses one (Frazzini et al., 2013).  

2.1.4    Low volatility factor 

The application of the low volatility factor dates back to the 1970s and witnessed an increase 

after the financial crisis in 2008. The main idea behind the low volatility factor, is that when 

included into the portfolio, it protects the capital during turbulent periods. The low volatility 

factor with its defensive characteristics has through history delivered higher returns and 

outperformed the market during downturns and crises (Alighanbari, Doole & Shankar, 2016). 

Previous research often suggests that there is a positive linear relationship between risk and 

return, i.e. when a stock is exposed to a higher risk it often yields a higher expected return in 

compensation. The capital asset pricing model (CAPM) is a model which explains this 

relationship very well with a beta value as the risk factor (Walkshäusl & Lobe, 2014). This 

expectation is what influences risk-seeking investors to gamble and buy a large number of 

volatile stocks in hope of becoming rich fast, an effect often called “the lottery-ticket effect” 

(van Vliet, 2011). 

But there has always been a lot of debate over the legitimacy regarding the inclusion of the 

relationship in the capital asset pricing model. Fama and French (1992) concluded that higher 

expected returns are not necessarily associated with higher beta measures, while Black (1972) 

indicated that the proportion between the average returns and the betas associated to the stock 

is not strict. Studies have recently uncovered that instead of the original relationship between 

risk and expected return there exists an inverse relationship between the two factors (Baker & 

Haugen, 2012). This inverse risk-return relation is when low-risk portfolios outperform high-
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risk portfolios by a large margin which have been documented from equity markets all around 

the world (Baker & Haugen, 2012). 

No matter what model you follow, a low volatility investment can be based on several different 

strategies. There are two key ways to construct a low volatility strategy; an optimization-based 

approach, as most factor funds use, or a purely ranking-based (heuristic) approach (Alighanbari 

et al., 2016). Optimization-based approaches accounts for both volatility and correlation and 

most of these approaches originates from the covariance matrix estimation. The covariance 

matrix is created easiest by taking the historical returns from each stock and calculate the 

historical volatility and correlations for them (Alighanbari et al., 2016). But a more common 

way and the way many factor-based funds use is to create a fundamental factor model. A 

fundamental factor model allows for factors such as economic intuition to get a more realistic 

estimation of the volatility and the correlation. The result of this is a more stable, timely and 

robust covariance matrix (Alighanbari et al., 2016). 

2.1.5   Momentum factor 

Momentum investing is the idea where you only invest in stocks and assets which have 

performed well relative to other securities in the market. The “momentum effect” will help the 

stocks continue to outperform the market while stocks which have underperformed will 

continue to do so as well (Asness, Frazzini, Isreal & Moskowitz, 2014). The existence of 

momentum as an investing strategy have been studied frequently throughout the years and is 

today a well-established fact, with equity data from United States of America that dates back to 

the beginning of the 1800 century proving the existence of the return premium generated by the 

momentum effect (Geczy & Samonov, 2016).  

The profitability from the momentum effect often occurs when investors overreact or underreact 

to different news and other specific events (Moerloose & Giot, 2011). Hong and Stein (1999) 

believed that this type of trading is a result of public information not being reflected into the 

prices of the securities fast enough, leading the more uninformed investor to push prices beyond 

their fundamental values which eventually gets exploited by the informed investor. Other 

researchers believe momentum trading comes from the biased self-attribution and 

overconfidence of investors (Daniel, Hirshleifer & Subrahmanyam, 1998). This means that 

investors overweight their private signals, e.g. only acquire stocks when positive news can 

confirm their own positive signal for the stock but does not sell the stock when their own 
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negative signal is contradicted with positive news (Daniel, Hirshleifer & Subrahmanyam, 

1998). 

There is a statement that say momentum is not worthy to make up as a factor in a multifactor 

investment strategy but is instead only useful as a mare screen for your investment strategy. 

The argument is that factors like value are superior to momentum when influencing the decision 

whether a stock is worth investing in or not (Chordia & Shivakumar, 2006). A stock screener 

is a tool which helps the investor to “screen out” irrelevant and poor stocks from the selection, 

whereas factors help the investor in the decision making of the investments. But the statement 

can be proven wrong due to the fact that momentum is in most cases profitable after trading 

costs and is very strong when working with both large- and small cap stocks (Asness et al., 

2014). This fact is empirically proven by Frazzini et al. (2013), which states that a factor-based 

approach for momentum is superior to a screen-based.  

2.2     The importance of Time series analysis  
A time series is a set of data points presented in a successive, most often chronological, order. 

In finance it can for example present the price of a stock over time or several stocks as is the 

case of the indices so often referred to around the world. There is no restriction for a maximum 

or minimum amount of time that can be used but is instead dependent on what the interest is 

for whoever seeks the information (Kenton, 2018). This information naturally transitions over 

to time-series analysis which is a popular tool for investor and traders, especially for technical 

analysis like momentum and volatility related to this research, as it studies historical prices in 

order to predict future movements. Time series analysis is fundamental in finding patterns of 

peaks and troughs for a stock or a certain type of stocks. It can also help with prediction by 

finding correlated leading indicators. A leading indicator for investors is an economic factor 

that moves before the rest of the economy moves (Kenton, 2018). Blackman (2009) found that 

P/E ratio historically has been a very effective indicator of when to stay out of the market as it 

enters a less profitable period. Looking at fig. 2 in the next section it demonstrates how the 

metrics that is about to be mentioned can be used together with an ANN.  

 

Identifying the turning points i.e. the peaks and troughs, is a segmentation technique commonly 

used to handle financial time series. This means pre-processing the data into a smaller set 

reducing the dimensionality making it easier to analyse. The purpose of segmentation is to find 

the most important data points that represents the fluctuations and patterns best. These data 
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points can then be used to train an AI system to model and predict future movements 

(Cavalcante et al., 2016). Li, Deng and Luo (2009) trained an ANN with backpropagation and 

proved that it can be successfully implemented to find turning points in the Dow Jones 

Industrial Index.  

 

Using a moving average is widely applied in time series analysis to smooth out price 

fluctuations and reduce the noise of short-term price-action. Two moving average methods 

commonly seen are simple moving average and exponential moving average. Simple moving 

average is the arithmetic mean of a security over a specific period of time. Exponential moving 

average uses weights to give more recent prices a stronger impact (Hayes, 2019).  

   

Stochastic oscillator is a technical indicator used to identify existing momentum for a stock. 

The numbers for the oscillator ranges from 0-100 and identifies if the stock is overbought or 

oversold. It compares a specific closing price of a security to previous prices over a specific 

period. The formula looks like this (Hayes, 2019): 

 

%𝐾 = N
𝐶 − 𝐿(𝑥)

𝐻(𝑥) − 𝐿(𝑥)
R × 100 

 

C= the most recent closing price 

 L(x) = the lowest price of the x previous trading sessions 

H(x) = the highest price of the x previous trading sessions 

%K= the current value of the stochastic oscillator  

 

The current value of the stochastic oscillator is then compared to %D which is an x-period 

moving average of %K and transaction signals take place when %K overlaps %D. The 

reasoning of using a stochastic oscillator is, as presented in section 2.1.4, because there is a 

momentum effect in the stock market. The intersection of the two indicators means that there 

is a shift in momentum and gives traders a heads up regarding bullish or bearish signs (Hayes, 

2019).  

 

Relative strength index is another very popular and useful momentum oscillator. It compares 

the magnitude of a stock’s recent increase to its recent decrease and quantify that into a number 

between 0-100. Readings close to 100 indicates an overbought market (i.e. a sell signal) and 
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readings close to 0 indicates an oversold market (i.e. a buy-signal). The function is as follows: 

Set Ui= Up-closes; Di= Down-closes over the chosen time period; and It,p to define the index 

set (Chiang, Lin, Chen & Lin, 2016).  

 

𝑈@,W = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒	𝑜𝑓	𝑈Z	𝑜𝑣𝑒𝑟	𝐼@,W	
 

𝐷@,W = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒	𝑜𝑓	𝐷Z	𝑜𝑣𝑒𝑟	𝐼@,W	
 

Then you can define Relative Strength as:  

𝑅𝑆@,W =
𝑈@,W
𝐷@,W

	
	
Finally, the RSI at time t for period p is defined as: 

 

𝑅𝑆𝐼@,W = 100 −
100

1 + 𝑅𝑆@,W
	

 

An indicator to measure volatility is the average true range. It is not as commonly applied to 

technical analysis as other standard indicators, but it does make up a good tool for deciding 

when to enter and exit trades for systematic trading (Overholser, 2000). The true range is found 

by using today’s high (H), today’s low (L) and yesterday’s close (C.1) for a stock price. By 

solving three equations the true range is represented in the highest number calculated (TR=true 

range). 

 

 1. TR = H - L 

 2. TR = H - C.1 

 3. TR = C.1 – L 

 
An exponential moving average of x days is then taken to smooth out the data and get the 

average true range. The longer timeframe used the less enter and exit signals will take place i.e. 

less trading activity (Carr, 2019).  
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2.3       A brief explanation of ANN and HIS  

The introduction mentioned that ANN and HIS are currently being used in the world of finance 

and will be evaluated in this research. But to understand and implement Artificial Neural 

Network (ANN) and Hybrid Intelligence System (HIS) in practice is of course a challenging 

task. Breaking them down will provide a deeper knowledge on how they intrinsically work and 

how they can be put to use. The techniques mentioned in this research will be briefly described 

but with the focus falling on ANN where an in-depth description of its methodology also will 

be presented.  

ANN, or, artificial neural network is a 

technique of AI that tries to mirror 

how the brain works in order to 

perform more complex and dynamic 

tasks. It is fundamentally set up in 

three different layers, the input, the 

hidden and the output layer each 

containing everything from only a 

couple- to millions of neurons 

depending on the complexity of the 

task. The number of neurons in each 

layer is of course an important step to 

consider when setting up an ANN 

(Lasfer et al., 2013). For example, 

Inthachot, Boonjing and Intakosum (2016) created an ANN system to predict SET50 stock 

index and used 44 neurons in their input layer, 100 neurons in their hidden layer and just one 

neuron in their output layer. Furthermore, there are two types of ANN, a feedforward and 

recurrent (feedback) model. In this paper the feedforward model will most often be referred to 

as it is the most popular due to simplicity and straightforwardness (Lasfer, El-Baz & 

Zualkerman, 2013). 

All these neurons (n) also comes with attached weights and biases to symbolize their 

significance which are tweaked during the training phase. The input layer has the responsibility 

to collect the information and send the data forward to the hidden layer, therefore it is also 

called feedforward neural network. The hidden layer can be a singular, as well as a series of 

Figure 2. Example of an architect for ANN 
Source: Kara et al. (2011) 
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layers and is in a way the heart of the ANN. Its job is to interpret the data and learn more about 

it as it moves from one layer to the next. Eventually the data will reach the output layer and if 

the hidden layer was designed properly it can make a decision or take an action based on the 

initial information. The learning process for ANN is basically to feed it with vast amounts of 

data related to the task you want it to perform in the future. If you want it to recognize numbers 

you continuously give it images of numbers and tweak the weights and biases in the hidden 

layer(s) until it eventually learns and the output layer produces the same result as a human 

(benchmark) (Marr, 2018). Due to its functionality and ability to identify non-linear 

relationships without requiring assumptions ANN is a very attractive tool for financial institutes 

and investors to decipher their data. But ANN tend has been found to produce local optimum 

solutions so therefore it is sometimes paired together with other soft computing techniques 

(Cavalcante et al., 2016). 

 

HIS, or, Hybrid Intelligent System is as the name suggests a combination of different AI 

techniques e.g. ANN and PCA. The three reasons for developing HIS is acquiring 

multifunctionality, enhancing the technique and meet the need for solving an array of 

application tasks rather than just one (Lertpalangsunti, 1997). Kosaka, Mizuno, Sasaki, Someya 

& Hamada (1991) were one of the first in developing a framework for applying HIS within 

portfolio management. They found that their suggested model was able to identify 65% of the 

stock movement correctly.  In this section (2.4) Principal Component Analysis (PCA), Genetic 

Algorithms (GA) and decision trees (CART) will be included as complementary techniques. 

For context, they will be described more in depth later.  

 

2.4   The methodology of ANN  
Implementing machine learning for financial time series analysis to predict future movements 

of assets is one of the most challenging and exciting problem today. The main reason for using 

AI instead of the traditional statistical models is that it can find non-linear relationships. The 

complex nature of the financial market and the noisy data that comes from it poses difficulties 

for traditional models as most of them assumes linearity of the data and aren’t particularly 

adaptable. (Cavalcante et al., 2016)  
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Vanstone and Finnie (2009) witnessed the possibilities of AI within finance but also recognized 

a problem surrounding it, the methodology. They made a paper about the methodology of 

creating an intelligent trading system because they had identified three reasons for that problem.  

1. The fact that investors who had been successful in advanced system trading before were 

resistant to sharing their process.  

2. That there was a lack of how to use a benchmark and test one’s system.  

3. The technical difficulties of accounting for real-world trading problems, e.g. transaction 

costs, within the mathematical formula.   

 

Palit and Popovic (2006) developed a general methodology for implementing soft computing 

in time-series prediction. They established four operational steps in initiating a computational 

intelligence. First is data preparation which includes acquiring, standardizing, and structuring 

the data and preparing it for the learning progression. Second step is algorithm definition which 

means choosing what soft computing technique fits best with the data at hand and how to 

architect the algorithm. The training phase makes up the third step which includes defining the 

algorithm in detail, categorize the data and identify parameters that needs to be adjusted. Last 

step is forecasting evaluation and is about finding the appropriate metrics to evaluate and 

measure the data to make predictions and/or conclusions about it.  

"When searching the domain of possible fundamental or technical variables to 

include in an ANN, it is generally advised that all variables selected be 

supported by published research”  

-Vanstone and Finnie (2009) 

Vanstone and Finnie (2009) expanded upon this methodology to make it fit the financial market. 

They introduced two more steps to the model: trading strategies and money evaluation. Trading 

strategies concerns risk control, money management and rules to enter and exit. Risk control 

means setting up a threshold to manage the downside risk of holding a stock, also known as 

stop-loss orders. But it is not as easy as just minimizing your loss by setting a stop close to the 

current price of the stock. Chande (1997) proved that having a threshold set very close to the 

current price will negatively affect the long-term performance of a holding. This is because 

smaller price fluctuations or random noise can initiate the stop-loss order even though the stock 

is on an aggregate upwards slope. The second feature, money management, is about 

determining the size of each trade with regards to the total capital available and the risk that 

comes with the investment. This will be discussed further down under the section “trading 
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strategies and money evaluation”. Lastly, rules to enter and exit depends on the strength of the 

applied AI, in this paper the ANN. The input and output variables chosen, the handling of data 

and the architecture are examples of factors influencing the strength of the AI and they will also 

be discussed further down. What comes out from the output layer will determine whether to 

enter or exit the trade (Vanstone & Finnie, 2009). 

 

The second step added, money evaluation, is the following up step. It is always important to 

evaluate the performance to see if it is above or at least the same as what is expected. This is 

needed to see if the AI is being able to perform the task in an automated fashion or something 

needs to be changed. Having relevant metrics to evaluate the profits like for example Sharpe 

ratio, annualized return and drawdown together with outside benchmarks is necessary 

(Cavalcante et al., 2016).  

2.4.1    Optimizing the input variables and pre-processing the data  

In order to understand the possibilities of combining AI with knowledge from multifactor funds 

it’s essential to understand what it can do and why it can do it. The first step in building an AI 

system with the hope to accurately choose when to buy and sell stocks is the data preparation. 

The competitive advantage doesn’t come from an “all-knowing” algorithm based on tons of 

data but rather from a more specific algorithm based on carefully picked data that gives you a 

finite answer. In other words, it comes from improvement in pre-processing available data and 

test run that through algorithms to find a perfect fit. Defining the input and output variables are 

crucial and doing this incorrectly or carelessly will destroy your chances of predicting the 

behaviour of the stock market before you have even started (Faggella, 2019). In this research 

several factors have been clarified, such as fundamental indicators (value, quality and size) and 

technical indicators (momentum and volatility) as possible features to use as input variables.   

 

But defining what variables to use to the very detail and defining the algorithms is a complex 

task and some methods have been developed for this under the umbrella term, feature selection. 

The purpose of feature selection is to reduce the burden on the computer by eliminating 

redundant information being fed into the system. Tsai and Hsiao (2010) tested three different 

feature selection techniques, namely, Principal Component Analysis (PCA), Genetic 

Algorithms (GA) and decision tree (CART) and found that a combination of them all is the best 

way to go. Using multiple features to select the most representative variables lead to better 
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prediction performances and lower error rate of forecasting stocks’ movement (Cavalcante et 

al., 2016).  

 

There are so many factors identified that influences the stock market’s movement but finding 

the right mix is now the challenging part. But just like using different factors present different 

predictions using different feature selection methods produce different results. Therefore, using 

different methods and combining the results gives a very extensive insight to what factors are 

useful and not useful. This was discussed by Tsai and Hsiao (2010) and they also described the 

three feature selection techniques that fits financial data.  

 

PCA is a statistical technique and has the purpose of reducing the dimensionality of 

interconnected variables within a dataset. A covariance matrix is created to find how the 

independent variables are related to each other and replace the highly correlated variables with 

new ones that are a combination of the old. The reason for creating new variables is to spread 

out the content of each variable, so when performing feature selection, the unique 

characteristics of one variable won’t be excluded. The variables are then ranked by their 

importance with the use of eigenvalues and eigenvectors and the least important are removed. 

After performing a PCA you should end up with a smaller number of components and a more 

efficient system (Tsai & Hsiao, 2010; Brems, 2017).  

 

GA is inspired by Darwin’s natural selection and the survival of the fittest. This means that 

different combinations of the variables are tested and the one which describes the dependent 

variables best will be chosen. The mechanics behind GA has the ability to deal with large search 

spaces lowering its risk of only finding a local equilibrium compared ANN. Basically it consists 

of five steps (Tsai & Hsiao, 2010): 

1. Initial population. “Individuals” are created within this population which are different 

combinations of the variables that are to be tested.  

2. Fitness Function. Measure how well an individual performs against the others and 

give it a fitness score. This score determines if the individual moves on to the next 

phase.  

3. Selection. Pair two different individuals together with high scores and make them 

“reproduce”.  

4. Crossover. The most important phase and concerns the reproductive operation. Chose 

a crossover point for each pair where you switch a set of variables between them.  
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5. Mutation. A final step where the new individual in step 4 will experience a low 

probability where some variable gets switched off and another might get switched on. 

This is to prevent premature convergence of the process. (Mallawaarachchi, 2017) 

 

CART has the ability to choose, from a large set of variables, the best explanatory feature in 

predicting the variability of a dependent variable. There are many versions of decision trees but 

what separates CART is its ability to build regression trees and predict real numbers making it 

more applicable in financial conditions (Rokach & Maimon, 2008). It takes the form of a tree 

as it starts off with a root node moving down through branches eventually reaching a leaf node. 

The branches are always binary and contains a condition and depending on if the tested feature 

fit or not will determine how it continuous downward. The more branches there are the longer 

and more complex this method becomes. With that said, CART is appreciated because it is 

possible to follow the reasoning behind the conclusions presented in the leaf nodes (Tsai & 

Hsiao, 2010). 

 

Traditionally a feature selection model falls into two categories, a wrapper or a filter approach. 

Filter approaches works in absence of AI influence and instead ranks the variables on their 

importance based on statistical measures. The problem with this tactic is that a feature might 

by itself be irrelevant and (therefor get a low rank by a filter approach) but can increase the 

performance significantly together with other features (Iguyon & Elisseeff, 2003). This finding 

is interesting when thinking about multifactor investing. Wrapper approaches uses machine 

learning to find the best subset of variables through techniques such as cross-testing. Previous 

studies have shown that wrapper approaches perform better but it comes with a cost in the form 

of highly complex computation required. Therefor a hybrid approach that takes advantage of 

both methods but doesn’t require the same level of complexity to perform have become popular 

(Lee, 2009). Of the techniques mentioned before PCA is the filter approach as it “filters” out 

the redundant features and give a smaller set of features for the two wrapper approaches to test. 

When starting off with PCA it reduces some pressure on the computational efforts for the 

wrapper methods. This leads to a much shorter running time for the learning algorithms of the 

GA and CART and more comprehensible results (Cavalcante et al., 2016).  

 

Selecting outputs isn’t as technical as choosing the inputs and depends more on what type of 

investor is using the soft computer. It is generally advised to choose an output that instead of 

trying to predict the exact price tries to identify and indicate the relative strength and direction 
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of future stock-price movements. Each factor presented in this paper performs differently 

depending on the type of market at place so capturing the aggregate indication of the strength 

of expected return movement is preferred. The output can then be transferred into trading 

strategies suggesting buy/hold/sell which can then be trained and tested (Vanstone & Finnie, 

2009).  

2.4.2    Training the System and Evaluate its Forecasting  

At this stage it is all about creating a system that is capable of predicting future movements in 

stocks and decide when to buy and when to sell. It is important to divide the data for a training 

set and a testing set, a ratio suggested by Ruggiero (1997) is an 80:20 split with the majority in 

the training set. Training and testing the system are two important distinctions and are meant to 

make sure that the model is not overfitting. Overfitting is a term used to describe a model that 

can make great predictions based on the data from the training set but when being fed new data 

from the test set (out-of-sample) its accuracy drops radically. Ruggiero (1997) also advised to 

have a much longer time-span for the training data in order to capture bull, bear and sideways 

moving markets.  

 

The heart of training an ANN is backpropagation. Backpropagation is one of the most 

commonly applied learning algorithms for a neural network. As the name suggest it works 

backwards from the last layer and tweaks each neurons weight, number and bias so that the 

squared error of the system’s actual output and the desired output reaches as close to zero as 

possible/desired. This process is continuously implemented by feeding the data over and over 

again until the desired target point is reached (Qiu, Song & Akagi, 2016). This was one of the 

first processes that showed that ANN can learn complex tasks previously limited to the human 

brain. It is confirmed to be an efficient algorithm and takes advantage of technological advances 

e.g. specialized GPUs to continue its improvement (McGonagle, Shaikouski, Williams, Hsu & 

Khim, 2019).   

 

Chiang et al. (2016) has recognized the increasing popularity of ANN and backpropagation as 

well and wrote a paper about its implementation in finance and created and tested a system of 

their own. Although their system wasn’t able to produce significant positive returns after being 

trained it still outperformed a buy and hold strategy.  

 

The last thing to consider when setting up the system is the forecasting evaluation. Example of 
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established machine learning accuracy measures are root mean square errors, mean absolute 

errors and absolute percentage error which all can be used, for example, in the backpropagation 

algorithm (Cavalcante et al., 2016). Another performance evaluation used, for example, by 

Moghaddam, Moghaddam and Esfandyari (2016) for their ANN is the coefficient of 

determination and exhibited in their paper as: (Yexp= experimental value, Ypred = predicted 

value) 

 

𝑅^ = 1 −
∑`𝑦abW.		d	𝑦Weaf.g

^

∑`𝑦abW.		d	𝑦hg
^ 	

	
2.4.3     Trading Strategies and Money Evaluation  

Trading strategies and money evaluation were added to make the methodology from Palit and 

Popovic (2006) fit the financial market. Trading strategies is commonly referred to the work 

from Chande (1997) where he developed three main components for a trading strategy namely: 

rules to enter and exit, risk control and money management (Cavalcante et al., 2016).  

 

Rules to enter and exit when using a soft computing system depends on the output signal given 

from the ANN. Depending on the output signal’s strength a trade will be either initiated or 

exited. Risk control concerns attributing predefined exit orders for open trades. And money 

management regards considering how much capital should be put in a specific market as well 

as how much money should be put in a single position. If you plan risk control and money 

management wisely you can increase the durability of your account and reduce the fluctuations 

of your portfolio (Chande, 1997).   

 

As mentioned, risk control has to do with reducing the downside risk of an investment. This is 

related to the volatility factor as a higher volatility echoes a higher downside risk. A method 

presented by Overholser (2000) for risk control with regards to volatility is volatility stops. This 

stop loss protection is related to the average true range indicator, mentioned in 2.2, which uses 

the highs and lows of a stock price, i.e. the volatility, to decide when to exit the trade. When 

constructing the exit strategy important questions to be answered are (Kuepper, 2018): How 

long am I planning to be in this trade? How much risk am I willing to take? Where do I want to 

get out?  
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The reasoning for using volatility analysis to help set the exit point is simply to not lose out on 

profits from premature exits. The main reason for premature exits is that traders do not respect 

the market noise enough. But by taking the calculated average true range and multiplying it by 

a factor of two or three, then subtracting that from the close price the stop will not be initiated 

by the noise. The type of markets that volatility stops doesn’t work well in are market with very 

high volatility or with a lack of direction as the stops will be more prone to getting hit. But 

when trading based on momentum and low volatility both of these market conditions should 

not take place and volatility stops should be effective (Hyerczyk, 2009).    

 

Common limits set by multifactor funds for money management are sector weighting, stock 

weightings and country weighting. Using these for the system’s money management can help 

with diversification and reducing risk. In order to manage and choose security weights for the 

portfolio that take all factors into account it is important to know how they interact with each 

other (Bryan et al., 2018).  

 

Ghayur, Heaney & Platt (2018) presented two techniques for long only portfolio construction 

for multifactor funds called “portfolio blending” and “signal blending”. Portfolio blending is a 

two-step process that first constructs individual portfolios based on each factor and then 

blending them together into one portfolio. Combining the individual portfolios could be done 

through risk weighting, equal weight or by an optimization process that decides the weights. 

Signal blending only contains one step and uses signals from each factor, i.e. ranks or scores, 

to form one combined signal. One way to go is to assign z-scores to each security, as it is a 

good metric for factor exposure, and then create a composite z-score for all securities.  

 

A portfolios’ level of exposure to the factors depends on a percentile threshold chosen based 

on the z-scores. An exposure of 0.5 is considered relatively low while 0.75 is relatively high. 

E.g. for a signal blending portfolio with low exposure (0.5) the top 50% of the securities 

available based on the composite z-score signal would be chosen. For portfolio blending (in 

this example, for simplicity, two factors are used) the top 25% from the two individual factor 

portfolios would be chosen and equally weighted to construct one portfolio. (Ghayur et al., 

2018).  

 

It has been debated who delivers the best risk adjusted returns but, like for so many other 

investment strategies, the answer depends. Ghayur et al. (2018) found that portfolio blending 
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performed better with a lower or moderate level of factor exposure and active risk while signal 

blending performed better with high factor exposure and active risk. One test was used by 

creating the two types of portfolios based on momentum + value and plotting their average 

factor exposure against their Information Ratios. They found that there was an intersect around 

0.84 where signal blending starts to produce a higher relative IR. But they also noticed that 

when adding quality and volatility (i.e. a four-factor portfolio) that same intersect take place 

earlier and signal blending becomes superior at around 0.53 average factor exposure.  

 

Even though signal blending somewhat outperforms portfolio blending when the number of 

factors increase there is still some advantages to portfolio blending. The possibility to link risk 

with return is more transparent for portfolio blending due to the fact that the overall portfolio 

return is linked to the underlying risk of all the individual factor portfolios. Furthermore, 

portfolio blend also enables the possibility to measure the performance attribution of different 

country market and sectors (Ghayur et al., 2018).  

 

2.5      Previous research about the factor models 
In 1993, Eugene Fama and Kenneth French uncovered the first serious approach to factor 

investing with the paper “The Cross-Section of Expected Stock Returns”. This work was meant 

to be a follow up to the already revolutionizing capital asset pricing model (CAPM) created by 

William Sharpe (1964).  

The CAPM model tried to implement a “body of positive micro-economy theory”, dealing with 

the different conditions of risk, into the prediction of behaviour of capital markets; something 

that was absent at the time (Sharpe, 1964). The CAPM model investigates the total risk of an 

asset and which part that will not be able to be diversified by investors and thus will be exposed 

to risk from the market. According to the Nobel prize-winner William Sharpe the connection 

between the given asset and the expected return is; 

 𝐸(𝑟Z) = 𝑟i	 + bZj + (𝐸(𝑟j) − 𝑟i) 

E(ri) symbolizes the expected return of the investment in question, and rf is the risk-free rate. bi 

is the beta (risk) of the investment and is multiplied with the market risk premium, which is the 

difference of the E(rm) (expected return of the market) and the risk-free rate (Sharpe, 1964). 
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The work from Sharpe (1964) was according to Fama and French insufficient and ineffective, 

so they tried to capture the patterns in U.S. average returns with another strategy. This strategy 

wanted to associate the average return with size, value and the market risk factor from the 

CAPM model, and where to be called “the three-factor model”. The three-factor model did 

indeed capture the patterns in US average returns from data post-1962 better than the previous 

CAPM model. However, as the authors state, the model’s explanation of the average returns is 

far from complete (Fama & French, 1993). This model takes into account the fact that value 

and small-cap stocks exceed the market returns regularly and by including the size- and value 

factor, the model adjusts for the tendency of this over-performance. One of the key takeaways 

from Fama and French (1993) is that investors must be more patient and be able to accept the 

short-term underperformance and volatility that could occur, and that investors should lengthen 

their investment horizon to 15 or more years to see the greatest results. The three-factor model 

is built as follow (Fama & French, 1993): 

r = Rf + β (Rm – Rf ) + βs * SMB + βv * HML + α 

The first half of the formula is the same as the formula for the CAPM model, with expected 

return, risk-free rate and the market risk factor. However, there is an addition to the formula. 

SMB, which stands for “Small Minus Big”, is the factor for market capitalization and is in this 

thesis referred to as the size factor. HML which stands for “High Minus Low” is the factor for 

book-to-market equity, one of the most used value-factors. The coefficients “βs” and “βv” are 

determined by a linear regression and then multiplied with the corresponding factor. 

“Whatever the underlying economic causes, our main result is straightforward. Two easily 

measured variables, size and book-to-market equity, provide a simple and powerful 

characterization of the cross-section of average stock returns for the 1963-1990 period” 

- Fama and French (1993) 

Whilst the CAPM-model supports the concept of a positive relationship between average return 

and market risk, the three-factor model allows for an even stronger univariate relations between 

the included factors. The findings from the research also suggest that book-to-market equity 

consistently play the strongest role in average returns (Fama & French, 1993). 

The majority of the research has been made on data from the U.S. equity market, but the three-

factor model have been tested in other countries as well. In an article about the Brazilian equity 
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market it was concluded that size and book-to-market equity both had explanatory power to the 

average return (da Silva, 2006). However, one paper that applied the model to the equity market 

in UK found that both the size factor and book-to-market equity factor had a very high 

variability in their results, and it couldn’t be confirmed that the three-factor model is doing a 

better job than the CAPM-model (Gregory & Michou, 2009).  

A couple of years later, Carhart (1997) extended the idea of a factor model. He believed that 

the work from Fama and French (1993) were missing something and wanted to include a fourth 

factor to the formula, the momentum factor. He was inspired by the work from Jegadeesh and 

Titman (1993) which studied the one-year momentum anomaly and concluded that buying last 

year’s winners is the best. Buying last year’s winner means low transaction costs, since the 

trading costs are shifted upon the long-term mutual fund holders (Carhart, 1997). 

 

R = Rf + β (Rm – Rf ) + βs * SMB + βv * HML + βp * PR1YR + α 

The formula is built around the formula of Fama and French (1993), however with addition to 

the one-year momentum in stock returns from previous year (PR1YR). 

Carhart (1997) sees a pattern between the one-year momentum effect from Jagadeesh and 

Titman (1993) and the work from Hendricks, Jayendu and Zeckhauser (1993) which studied 

the “hot potato effect” in mutual fund performance. However, Carhart argues that the reason 

there is evidence of momentum in fund performance is because mutual funds just happen to 

hold larger positions in last year’s winners, and not because the managers have implemented a 

successful momentum-strategy (Carhart, 1997).  

Compare the four-factor model and the CAPM model from Sharpe (1964), and you will see that 

the four-factor model is able to explain almost all the spread and patterns (Carhart, 1997). The 

major players for the explanation of power is the factors size (SMB) and momentum (PR1YR). 

However, the evidence from the article is only slightly consistent with skilled or informed 

mutual fund managers and the mutual funds that use the four-factor model have demonstrated 

above expected return in subsequent periods (Carhart, 1997). Carhart is however willing to 

suggest a rule of thumb for those mutual fund investors that want to maximize their wealth 

which is; funds with high returns from last year experience a higher than average expected 

return the year after but not the following years after that (Carhart, 1997). 
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Fast forward to 2015, Fama and French wanted to extend their previous model, from a three-

factor model to a five-factor model. They included two new factors to the three-factor model, 

one being the profitability factor (in other words, quality factor), and the other is a factor called 

investment. The investment factor is often related to the difference between firms which invest 

with caution and firms which invest more aggressively and their respective returns (Fama & 

French, 2015). The exclusion of the momentum factor in this model have raised some concerns 

and the former PhD student Cliff Asness of Eugene Fama have made a case of its inclusion to 

the model. He points out that the best portfolio to invest in should indeed contain the momentum 

factor for maximized performance (Asness, 2014).  

R = Rf + β (Rm – Rf ) + βs * SMB + βv * HML + βr * RMW + βc * CMA + α 

In the formula for the five-factor model, the first three factors are the same as in the three-factor 

model, i.e. the low volatility- size- and value (book-to-market equity) factor. RMW, which is 

the quality factor, is the difference in returns from portfolios with robust and weak profitability. 

CMA is the investment factor and is the difference of return in conservative and aggressive 

firms (Fama & French, 2015). 

“A five-factor model directed at capturing the size, value, profitability, and investment 

patterns in average stock returns performs better than the three-factor model of Fama & 

French (1993)” 

-    Fama and French (2015)  

Even though the five-factor model captures the patterns in average stock returns better than the 

three-factor model, it still fails on some aspects. The main problem for the five-factor model is 

that it fails to capture the low average return on smaller stocks whose returns behave like firms 

with low profitability but high investment activity. An earlier version of the five-factor model 

also fails to fully explain the expected returns, in a test from Gibbons, Ross and Shanken (1989). 

The result from this test were similar to the result from the three-factor model and the new five-

factor model is therefore not considered an improvement according to the test. Despite the 

failure of the test, the model does evidently capture and explain about 71% and 94% of expected 

returns (Fama & French, 2015).  

There are also concerns for the value factor in the five-factor model. With the addition of the 

profitability and investment factor, the value factor may become redundant in describing the 

average returns (Fama & French, 2015). Another paper which examined a possible four-factor 
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model decided to entirely exclude the value factor (HML) from the formula and instead run 

with the other factors from Fama and French five-factor model, i.e. only use the low-volatility, 

size, quality and investment factors (Hou, Xue & Zhang, 2012). 

2.6       Performance Metrics 
Financial data are inter-related by nature, and should be analysed using multivariate methods, 

many models exist because of the use of several financial instruments when making the analysis 

(Ensor & Koev, 2014). Regarding the performance measures for the funds and indices later in 

the empirical analysis section, there are many different measurements and ratios to choose from. 

However, this analysis will focus on the Sharpe ratio, Information ratio, and Correlation-metrics 

when comparing the different funds and benchmarks with each other.  

Sharpe ratio is one of the most commonly used ratios in financial analysis (Lo, 2003) and came 

originally from the Sharpe-Lintner Capital Asset Pricing Model. The reason for choosing the 

Sharpe ratio is the association between return and risk, i.e. risk-adjusted return (Sharpe, 1966). 

According to Sharpe (1994) when properly used, the Sharpe ratio provide a convenient 

summary of the expected added return per unit of added risk when comparing the performance 

of a fund with a relevant benchmark and could in overall improve the process of managing 

investments. 

While the Sharpe ratio can be a reliable tool for managing investments (Sharpe, 1994), there 

are those who sees its flaws. Bailey and López de Prado (2012) found out that the Sharpe ratio 

tend to be overestimated for hedge funds with shorter track records. Kaplanski, Levy, Veld and 

Veld-Merkoulova (2016) made an interesting study about the association between past realized 

returns and expected risk-adjusted return. The study showed that a higher Sharpe ratio, are 

followed by more actual stock buying. The study found out that human perception contradicts 

the old assertions of high expected return equals high risk and past returns are not correlated 

with future returns. The survey found out that last month realized returns are positively 

correlated with the investors’ perceived return for the next month. But the same study also 

showed realized return from the past had negative correlation with the perceived future risk. 

This means that the human mind of investors tends to have a slightly tilting focus on the returns 

and not the risk when using the Sharpe ratio (Kaplanski et al., 2016). 

The Information ratio (IR) is similar to the Sharpe ratio (Sharpe 1966), in terms of also being a 

measure of risk-adjusted return. The information ratio is simply put the average excess return 
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per unit of volatility in excess return (Goodwin, 1998). The IR builds on the Markowitz mean-

variance paradigm (Markowitz, 1952), which states that the mean and variance of an investment 

portfolio is alone a sufficient statistic for measuring performance. The IR seeks to summarize 

the mean-variance properties of an investment portfolio into a single number (Goodwin, 1998).  

The IR is often used in terms of measuring the skill of fund managers and the performance of 

the funds are more often than not compared to larger benchmarks, such as the S&P 500 and the 

Russell 1000 index (Grinold, Kahn, 1996). The higher the information ratio is, the better the 

manager is at delivering active returns given the amount of risk the fund was exposed to 

(Grinold, Kahn, 1996).  

However, there are some who disagree with the usefulness of IR. Le Sourd (2007) argues that 

the IR ratio is not appropriate to use when comparing the performance of well-diversified 

investment portfolio with a less-diversified one. Mainly because the IR does not take systematic 

portfolio risk into account (Le Sourd, 2007). 

Correlation is critical in risk measurement and management (Albanese, Li, Lobachevskiy & 

Meissner, 2013). Correlation and diversification are very much related and in a lot of cases it 

can be observed that an investment portfolio with low or negative correlations yield a higher 

benefit of diversification which in turn is associated with a lower risk. (Albanese et al., 2013).  

When talking about the power of low correlation investing, Stern (2003) states that the portfolio 

with low-correlating assets had an opportunity to benefit from greater returns with less risk. 

However, Ferri (2014) believed that this only belonged in the theoretical world. Ferri (2014) 

pointed out that there is not much benefit derived from low-correlation investing in the long 

run, and that correlation should solely be a tool for determining unique risk within an asset 

class.  
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3.   Method 
 
In this analysis, nine funds have been chosen which uses a trading strategy based upon a 

multifactor investment strategy. Most of these funds are mentioned as a potential profitable 

investment on the website of Forbes (“Best ETFs: Factor Funds”, 2019). For relevance it was 

important to make sure that the funds in question did base their strategies around 2 or more 

factors and had a tracking record of at least 3,5. These funds were then compared to each 

other as well as the performance of the funds chosen as benchmarks such as the Russell 1000 

index, the different factor indices created by MSCI world index and MSCI ACWI index and 

the 5 factor model created by Fama and French (2015). The funds and their use of factors that 

will be investigated in this research are found in table 1 and table 2 below. 

 

Table 1. The nine multifactor funds chosen for this analysis. 

Ticker	 Multifactor	funds	
Holding	
cost	(yr)	

Assets	
($B)	

Inception	
date	

SP-GLQUE Storebrand Global Multifactor fund 0,78% 2,48 2006-12-19 

GSLC Goldman Sachs ActiveBeta US LgCp Eq* 1,53% 3,1 2015-09-17 

DEUS Xtrackers Russell 1000 Cmprhsv Fac 2,78% 0,1 2015-11-24 

QUS SPDR MSCI USA StrategicFactors 2,81% 0,1 2015-04-16 

ROUS Hartford Multifactor US Equity 3,25% 0,1 2015-02-25 

LRGF iShares Edge MSCI Multifactor USA 3,30% 1 2015-04-28 

TILT FlexShares Mstar US Mkt Factors Tilt 4,21% 1,2 2011-09-16 

SMLF iShares Edge MSCI Mltfct USA SmCp 4,65% 0,1 2015-04-28 

JHML JHancock Multifactor Large Cap 5,81% 0,4 2015-09-28 
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Table 2. The nine funds and their respective use of factors in their investment strategy.  

Multifactor	funds	 #	factors		 Factors	Included	

SP-GLQUE	 4	 Value;	Size;	Low	Vol.;	Momentum	

GSLC	 4	 Value;	Low	Vol.;	Momentum;	Quality	

DEUS	 5	 Value;	Size;	Low	Vol.;	Momentum;	Quality	

QUS	 3	 Value;	Low	Vol.;	Quality	

ROUS	 5	 Value;	Size;	Low	Vol.;	Momentum;	Quality	

LRGF	 4	 Value;	Size;	Momentum;	Quality	

TILT	 2	 Value;	Size	

SMLF	 4	 Value;	Size;	Momentum;	Quality	

JHML	 5	 Value;	Size;	Low	Vol.;	Momentum;	Quality	

 

MSCI World & MSCI ACWI Index 

MSCI, or Morgan Stanley Capital International is the world's leading provider of equity, fixed 

income, and hedge fund indices. The MSCI indices have become of the most used 

benchmarks by institutional investors (Hau, Massa, Peress, 2010). The two largest index-

groups, the MSCI World Index and MSCI ACWI (All Country World Index) are the ones 

used in this study and can be found in table 3. In practice, using an all total market index as a 

benchmark for investing may be difficult, however, MSCI builds up their indices from 

different industry groups. This made it possible to find relevant indices for this study, such as: 

Diversified Multiple-factor index, Low-Volatility factor Index, Momentum factor Index, 

Quality factor Index, Value factor Index, and Size factor index. The MSCI indices works well 

since they often have a fair market representation and are reviewed regularly for exclusion or 

inclusion of index components (Hau et al., 2010).   

 

Russell 1000 Index 

The Russell 1000 Index is an index created by FTSE Russell which follows and tracks the 

1000 largest companies in the U.S. equity market, which is approximately 90% of the total 

market capitalization. The reason for choosing the Russell 1000 Index as a benchmark over 

the more popular indices such as S&P 500 as comparison in this analysis is solely because it 

is a broader index. The Russell 1000 Index will represent the passive index investor and will 
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be a benchmark to beat for all the funds in this analysis. A passive investor is in this case an 

investor who tries to maximize return but minimize the amount of times he or she trades. The 

most common reason for investors to use this strategy is to avoid the fees that are demanded 

by actively managed funds, such as the multifactor funds in this analysis (Light, 2017).  

 

Table 3. The indices chosen as benchmarks for this analysis. 

Indices Inception date 
MSCI World Diversified Multi-Factor 19-03-2015 
MSCI World Index Low Volatility Factor Gross Index 14-04-2008 
MSCI World Index Value Price Index 08-12-1997 
MSCI World Size Tilt Index 12-12-2014 
MSCI ACWI Momentum Factor Net Return Index 15-02-2013 
MSCI ACWI Quality Net Return Index 18-12-2012 
Russell 1000 Index  1984 

 

3.1     Data Selection 

To be able to answer the research questions of this study a quantitative research with a 

descriptive approach will be applied. Together with the help from previous work within the 

relevant fields the quantitative data that gets collected will be explored and analysed. The 

quantitative data in this research paper is the monthly returns for the funds and the benchmark 

indices that have been collected from the Thomas Reuters eikon database. The data used in the 

factor regression analysis are gathered from the Fama and French data library which can be 

entered from Kenneth R. French’s website ("Kenneth R. French - Data Library", 2019). These 

are standard factors from an independent source, which have constructed the factors in a 

thoroughly manner based upon academic literature (Bryan et al., 2018). In the data library, the 

files for Fama/French 5 factor (2x3) and the momentum factor (Mom) should be opened and 

used for the multifactor regression analysis. 
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Figure 3. Total number and year of launch of active multifactor- mutual funds and exchange 

traded funds. Source: (Bryan et al., 2018)   

The largest concern for this analysis is the relatively short sample period with data from 

November 2015 to today. The reason for this is that the majority of the multifactor presented 

launched in 2015 and do not have any available data from earlier and the same goes for the 

factor benchmarks from MSCI which can be found in table 3. This should therefore be 

considered throughout the analysis and the results may be affected from recent macroeconomic 

events and is not solely a product of a better- or worse performance. Fig. 3 explains that out of 

the total 440 active multifactor funds in 2018, 351 funds launch in the recent five years (Bryan 

et al., 2018).  

3.2     Performance metrics 

One of the performance measures that will be used in this analysis is the Sharpe ratio.  

The purpose of the Sharpe ratio is to explain whether an investment’s excess returns are due to 

good performance or if it is only a result of high risk-exposure (Sharpe, 1994). However, the 

analysis will take the previously mentioned work from Bailey and López de Prado (2012) into 

consideration when analysing the Sharpe ratio for the multifactor funds due to the short tracking 

record for all of them. The study mentioned that hedge funds with short tracking record tend to 

be overestimated, which may not directly be applicable to multifactor funds, but is still worth 

considering.     
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Even though it might be more common to present an annualized Sharpe ratio, the Sharpe ratio 

will be kept in its original monthly format with the work of Lo (2003) in mind. Lo (2003) made 

the argument that a monthly Sharpe ratio only can be annualized under very special 

circumstances and should most often be left in its original format. The reason for this is that the 

annual Sharpe ratio have a high chance of being overstated due to the presence of serial 

correlation in monthly returns (Lo, 2003). 

 

 The formula for the Sharpe ratio is (Sharpe, 1994): 

 

𝑆ℎ𝑎𝑟𝑝𝑒	𝑟𝑎𝑡𝑖𝑜 =
𝑅𝑒𝑡𝑢𝑟𝑛	𝑜𝑓	𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 − 𝑅𝑖𝑠𝑘𝑓𝑟𝑒𝑒	𝑟𝑎𝑡𝑒
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑	𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛	𝑜𝑓	𝑒𝑥𝑐𝑒𝑠𝑠	𝑟𝑒𝑡𝑢𝑟𝑛	

 

The return of portfolio and the risk-free rate is easily attained. However, to calculate the 

standard deviation of these two combined needs some work.  

Standard deviation is based upon the work of Pearson (1893), and the formula for standard 

deviation is:  

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑	𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛	 = 	kA
(𝑥 − �̅�)^

𝑛 − 1 	

 

The n symbolizes the sample size. The point of the standard deviation is to see much the data 

points differ from the mean of said data points. The greater the number is, the higher variance 

is it between the numbers, and variance is often associated with risk.  

 

Another measure is the information ratio, which can help the investor by providing quantitative 

calculations and establish how well the investment is being managed. The information ratio is 

another way to include risk into the analysis. In this analysis, the multifactor funds will be 

compared with the Russell 1000 index as a benchmark and check the information ratios and see 

if the funds achieve a desired level of consistency in their performance (Chen, 2017).  

The formula for the Information ratio is as follows (Goodwin, 1998): 

 

𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛	𝑟𝑎𝑡𝑖𝑜 =
𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜	𝑟𝑒𝑡𝑢𝑟𝑛 − 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘	𝑟𝑒𝑡𝑢𝑟𝑛

𝑇𝑟𝑎𝑐𝑘𝑖𝑛𝑔	𝑒𝑟𝑟𝑜𝑟 	
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By taking the difference between the funds respective monthly return and the return yield by 

the Russell 1000 index it is possible to see how well or how poorly the multifactor funds have 

performed compared to the benchmark. The tracking error is the standard deviation of 

difference between the two returns and symbolizes the level of risk or volatility that is 

associated with the investment in question. The lower the tracking error the lower risk and 

volatility and higher consistency for the fund (Gou, Leung, 2014).	
 

The tracking error is often used when analysing how well a mutual fund or an exchange traded 

fund is performing against the benchmark it tries to follow and the data can according to Bryan 

et al. (2018) be interpreted as: 

Tracking Error 0 - 2,5% 2,5% - 5% 5%+ 

Active Risk Low Medium High 

 

The multifactor funds with a higher active risk tend to be more aggressive when pursuing its 

targeted factor in the strategy, and often result in a higher level of active risk and volatility 

(Bryan et al., 2018).   

 

Another part of analysing the performance is to study the correlation between the factors. In 

this analysis the factors will be tested with the Pearson’s coefficient correlation (Pearson, 1895). 

The Pearson’s correlation coefficient is the covariance between the two factors in question 

divided by respective standard deviation multiplied with each other. The correlation coefficient 

ranges from -1 to 1; a value of -1 is total negative correlation, while a value of 1 symbolises the 

total positive correlation. Should the correlation have a value of 0 is it implied that the two 

factors have no correlation with each other. Each factor comes with its own talent and 

perspective on how to predict the future stock price movement. Knowing how they interact with 

each other help diversifying effectively and gives the trader an insightful appreciation about a 

stock.  
 



 

40 
 

3.3       Regression Analysis 

The main purpose of a multifactor regression analysis is to identify any relationships between 

the variables and discover if they are closely related by using and applying techniques of 

statistical inference (Bryan et al., 2018). In this research a return-based factor regression 

analysis is performed where the monthly total returns are taken from each multifactor fund with 

the intent of measuring how significant the exposure to each factor is. The factor regression 

conducted will be mostly based upon the five-factor model created by Fama and French (2015). 

However, the momentum factor (MOM) will replace the investment factor (CAM) in the 

analysis for the sake of relevance for our multifactor funds and theoretical framework. The data 

will be collected from Fama and French database and will only include monthly returns for all 

U.S. factors; therefore, StoreBrand Global Multifactor fund will have to be excluded from the 

regression analysis. All factors will be included in the regression model except the low volatility 

factor. The reason for this exclusion is that low volatility is solely a risk-measure with its 

fundamental aim being to reduce the risk in the multifactor strategy (Bryan et al., 2018). 

However, the other four factors are all possible return enhancers and should therefore be 

included. The first coefficient which represents the beta value and the difference between the 

market return and the risk-free rate will also be included into the regression formula. 

The regression formula used in this analysis is the following (Fama & French, 2015):  

(Fund Return – Risk free) = α + β1(Rm – Rf ) + β2SMB + β3HML + β4RMW + 

β5MOM 

 

α = the alpha, which represent the fund return in which the model can’t explain 

β1(Rm – Rf ) = Coefficient of the market return subtracted with the risk free rate 

β2SMB = Coefficient of the size factor premium 

β3HML = Coefficient of the value factor premium 

β4RMW = Coefficient of the quality factor premium 

β5MOM = Coefficient of the momentum factor premium 

It is also important to realize the statistical significance of each factor in the regressions. This 

research will apply the most commonly used p-value of 0.05, i.e. if the observed relationship is 

significant it should have a p-value of 0.05 or less. The p-value of 0.05 is said to have its origin 

from Fisher (1933), whom believed that one chance out of twenty is a sufficiently low 

probability for us to risk taking the result in consideration. If the observed factor coefficient is 
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higher than 0.05, the verdict is that the fund in question have a very limited exposure to the 

factor.  

 

3.4       Developing a framework for ANN & HIS 
When searching the field of different AI techniques to use for this research the authors took the 

help from Cavalcante et al. (2016) and Bahrammirzaee (2010). Both are peer-reviewed journals 

where the first paper focuses on important areas to think about when developing an intelligent 

trading system and the second is a survey of different AI techniques used for financial 

forecasting and describes the respective technique’s unique ability. The advice and facts 

presented in the two papers led to the choice of ANN as the main technique to be evaluated.  

A methodology for an ANN was developed to see if it is even a feasible technique to use for 

stock market prediction but also to exploit what and where the possibilities are to combine the 

technique with the knowledge from multifactor investing. The methodology is mainly based on 

the work from Palit and Popovic (2006) and Vanstone and Finnie (2009) as they present an easy 

to follow, step-by-step process for developing an ANN related to the financial market. The 

methodology presented works as a bridge for the ANN and multifactor investing.  

In order to grasp an understanding of the landscape of using ANN for stock market prediction 

several peer-reviewed journal who have conducted relevant studies have been summarised. This 

was done with the purpose of finding gaps related to our second research question regarding 

combining multifactor investing and ANN. Therefore, sections with relevance to financial input 

variables were particularly interesting for the purpose of this research.  

All the peer-reviewed papers were retrieved using Primo. Keywords used was: Artificial 

Intelligence, Finance, Stock market prediction, Artificial Neural Network, Hybrid intelligent 

system, Fundamental variables, Technical variables and Feature selection.  
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4        Result & Analysis  
 
The authors will in this section present results from the empirical research represented in form 

of tables which show the results from the different analyses that have been implemented. The 

section starts off with the analysis of total and risk-adjusted return where the focus lies on the 

performance of the multifactor funds, the Russell 1000 index and the factor indices from MSCI. 

The following analysis then focus on the tracking error and the information ratio of the funds, 

factors and benchmark index. The correlation between the factors will then be interpreted to 

see if there are any performance patterns between them and investigate how they relate to each 

other. After that, the analysis will continue with the multifactor regression analysis and by the 

help of statistical measures, revealing conclusions will be drawn regarding factor exposures. 

The last part is a summary of peer reviewed journals that have tested ANN for stock market 

prediction. Here it will be observed if/how ANN has been successful for this implementation. 

Concluding remarks from the summarized papers regarding room for improvement related to 

the work of this thesis will also be presented.  

 

4.1      Total- and Risk-adjusted return 

Table 4. The total return for the sample period, the standard deviation and the monthly Sharpe 

ratio for respective multifactor fund and benchmark.  
 
 
 

Funds & 
Benchmarks 

Total 
return 

Standard 
deviation 

Monthly 
Sharpe ratio 

SP-GLQUE 23,3% 0,031 0,1559 
GSLC 35,0% 0,033 0,2197 
SMLF 33,0% 0,046 0,1599 
ROUS 28,0% 0,037 0,1622 
DEUS 31,1% 0,035 0,1890 
JHML 35,7% 0,036 0,2071 
TILT 29,4% 0,038 0,1654 
LRGF 26,4% 0,035 0,1593 
QUS 37,3% 0,033 0,2316 
Russell 1000 Index 41,4% 0,033 0,2554 
Low Volatility 30,3% 0,031 0,2048 
Momentum 49,2% 0,034 0,2872 
Quality 42,1% 0,031 0,2689 
Value 20,5% 0,030 0,1414 
Size 36,7% 0,032 0,2368 
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All the multifactor funds and benchmarks in this analysis have yielded an overall high positive 

total return between November 2015 and March 2018. However, the funds are underperforming 

in comparison to the total return-performance of Russell 1000 index. The best performer in 

terms of total return is the momentum factor (49,2%) followed by the quality factor (42,1%). 

Interestingly, the value factor (20,5%) is by far the worst performer out of the five factor indices 

which does pose questions regarding its contribution as a factor.  

 

As table 4 suggest, the Russell 1000 index yield higher monthly Sharpe ratio than all the funds 

and the only multifactor funds that come close are QUS, GSLC and JHML. This means that not 

only have the benchmark index of Russell 1000 produced higher total return than the multifactor 

funds but also a higher risk-adjusted return. However, when looking at the standard deviations 

in table 4 the risk exposure of Russell 1000 index is very similar to the risk exposure of the 

funds and the factor indices. Furthermore, the standard deviation for the factor indices are 

slightly lower than the other assets, meaning that the factor indices are exposed to lesser amount 

of risk. Therefore, the fact that multifactor investing should be considered to be a diversified 

investment strategy is questioned when judging from table 4.   
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4.2        Information ratio 

Table 5. The tracking error and information ratio for respective fund with the Russell 1000 

index as benchmark.  

Multi	factor	funds	 Tracking	error	 Information	Ratio	

SP-GLQUE	 4,52%	 -4,02	

GSLC	 4,98%	 -1,29	

SMLF	 5,73%	 -1,48	

ROUS	 5,16%	 -2,60	

DEUS	 5,03%	 -2,06	

JHML	 5,10%	 -1,12	

TILT	 5,16%	 -2,33	

LRGF	 5,03%	 -2,99	

QUS	 4,94%	 -0,83	

 

As table 5 suggest, none of the funds are able to maintain a positive information ratio. This 

means that not only does a passive investment strategy that follows the Russell 1000 index 

experience a higher total return than an active investment strategy but a higher risk-adjusted 

return as well. And if the holding cost charged by the active fund managers from table 1 was 

included, the difference in risk-adjusted return in favour of the Russell 1000 index investment 

strategy would end up being even greater.  

 

The somewhat high tracking error for all the funds in table 5 also suggest that the funds are 

exposing themselves to a high active risk when using Russell 1000 index as a benchmark.   

However, the Russell 1000 index may not be the benchmark that the funds are trying to beat so 

it became relevant to test whether or not the active multifactor funds are able to beat the factor 

indices that represent the factors included in the fund’s respective investment strategy. To make 

it as simple as possible, an equal weight is put on each factor that is represented in the strategies 

(see table 2). For example, the return from Goldman Sachs ActiveBeta US LgCp Eq* will be 
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tested against the accumulated return of the indices representing the factors value, low 

volatility, momentum and quality. Each of these factors will be given a weight of 0,25 and will 

together cover 100%. 

  

Table 6. The tracking error and information ratio for respective fund with the MSCI factor 

indices as benchmark.   

 
 

 

 

 

 

 

 

 

 

 

 

 

 

As table 6 suggest, there is still a majority of negative information ratios, meaning that the 

majority of the multifactor funds in this analysis is underperforming against the MSCI factor 

indices. However, contrary to the results from table 5, there are two funds that yields a positive 

information ratio in this one. The funds are interestingly the two funds with the smallest number 

of factors in their strategy. FlexShares Mstar US Mkt Factors Tilt (TILT) follows 2 factors, 

which are value and size and SPDR MSCI USA StrategicFactors (QUS) follows 3 factors, 

which are value, low volatility and quality. As table 6 suggest, the fund QUS is by far the best 

performer here, however, further assumptions based solely on this information cannot be made.  

 

The tracking error for the funds in table 6 can also be interpreted as much lower than in table 5 

with all funds carrying either a low- or medium active risk. Even though the majority of the 

funds were not able to produce a higher return than the benchmark the fund managers can at 

least feel consolidation over the low exposure of active risk that they achieved. However, the 

Multi	factor	funds	 Tracking	error	 Information	Ratio	

SP-GLQUE	 3,32%	 -3,28	

GSLC	 1,93%	 -0,28	

SMLF	 3,89%	 -1,06	

ROUS	 2,65%	 -2,91	

DEUS	 2,42%	 -1,94	

JHML	 2,43%	 -0,01	

TILT	 4,97%	 0,16	

LRGF	 2,75%	 -3,90	

QUS	 2,07%	 3,07	
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tracking error for the fund TILT is noticeably higher than the rest which makes the positive 

information ratio questionable to if it is only a product of a high-risk exposure or not.   

 

4.3      Correlation 
 

		 Low	Volatility	 Momentum	 Quality	 Value		 Size	

Low	Volatility	 1	 0,8657	 0,9097	 -0,0863	 -0,1045	

Momentum	 0,8657	 1	 0,9226	 -0,2166	 -0,1705	

Quality	 0,9097	 0,9226	 1	 -0,1049	 -0,1101	

Value	 -0,0863	 -0,2166	 -0,1049	 1	 0,8683	

Size	 -0,1045	 -0,1705	 -0,1101	 0,8683	 1	

Figure 4. The correlation between the five factors. 
 

Looking at the correlation matrix in fig. 4 provides a view of the relationship between the 

factors. For example, there is a negative correlation (-0.2166) between value and momentum 

while quality and volatility have experienced a very high positive correlation (0.9097) since 

2015. It was mentioned in section 2.1.3 that using value and quality have been observed to be 

a good hedging strategy (Frazzini et al., 2013). Our results contradict this as they have a fairly 

low negative correlation. The returns for the respective factors are shown to somewhat follow 

each other’s movement as well looking at fig. 5 below. However, this can be a consequence of 

the short time-span and should be investigated further. Knowing that the factors can help each 

other out when one or more are performing poorly and using them together mitigate the risk of 

opting out as opposed to if an investor is only tracking a single factor (Bryan et al., 2018).  

 

This also relates to the feature selection technique mentioned in 2.4.1 called PCA. There is a 

possibility of using the covariance matrix and PCA to create a concise and effective subset of 

combinations between the factors with a reduced dimensionality and use those variables to train 

the ANN.  

 

The supportive relationship among the variables can be further exhibited in fig. 5 where it is 

clear that there is not a single factor that always produces the highest total return. For example, 
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the relationship between value and momentum can be observed considering when value is 

performing well momentum is always performing bad and vice versa. Had an investor only 

followed the value factor during June 30th 2017 to June 30th 2018 it is very likely that same 

investor would have thought value was a poor predictor.  

 

Another apparent relationship observable in fig. 5 is the relationship between low volatility, 

momentum and quality as they have always moved together (with a small deviation from quality 

2016-12-31). This indicates that they have had very similar signals and performance for the 

observed period.  

 

 
Figure 5.  A semi-annual factor quilt which represents each factor’s semi-annual total return. 

 

4.4        Regression analyses 
In this section, measures of how much the multifactor funds are exposed to each factor will be 

presented. The focus will mainly be on examining the effect of a hypothetical long-only returns 

from each of the factors. The authors were not aware beforehand of the exposures of the 

different factors in the fund’s portfolio. Ideally, the factors used in the multifactor strategy of 

the fund should be part of the regression, so all factors have therefore been included in the 

regression analysis. As mentioned earlier in 3.3, the low volatility factor was excluded from the 

regression analysis due to its lack of contribution to returns. There are three multifactor funds 

chosen for interpretation and a more in-depth analysis for the regression while the rest of the 
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regression analyses will be available in the appendix. These three multifactor funds are solely 

chosen based on the performance in tables 4-6.  

Table 7. The adjusted R-square from the regression analysis 

Multifactor 
Fund 

GSLC SMLF ROUS DEUS JHML TILT LRGF QUS 

Adjusted R-
square 

0.9895 0.9326 0.9330 0.9144 0.9551 0.9870 0.9579 0.9096 

 

Table 7 show that all eight funds in the regression analyses have a strong trend of a high adjusted 

R square. The adjusted R2 is a measure which provides an insight of how well the model can 

explain the fund returns i.e. how much the factors are able to explain the fund returns. In this 

case all the factor regression models have at least 90% overall explanatory power which adds 

to the credibility of our regression analyses. This also means that the five-factor model from 

Fama and French (2015) is mostly applicable to the multifactor funds in this analysis.  

Table 7.1. Goldman Sachs ActiveBeta US LgCp Eq* (GSLC) 

Factor	 Coefficient	 P-value	

Beta	 0.98	 0.000	

Size	 -0.09	 0.003	

Value	 -0.08	 0.008	

Quality	 0.18	 0.000	

Momentum	 0.04	 0.244	

 

This regression has an adjusted R-square of 0.9895 which means that the five-factor model 

(Fama & French, 2015) is able to explain almost 99% of this fund’s return (see table 7). Table 

7.1 shows the Beta for the fund which is 0.98 and almost identical with the beta value of the 

market (1.00). Walkshäusl & Lobe (2014) explained that there exists a relationship between 

beta and risk, which in case of GSLC means that the fund is well placed when it comes to risk 
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management. The low beta may also indicate that GSLC is more invested in defensive stocks. 

All the factor coefficients had a low standard error (see appendix 7.1) and the results from the 

regression shows that the size-, value- and quality factors are all statistically significant and 

have a standard error close to zero. Value and size have both a slight negative contribution to 

the return while the opposite is true for quality. This is not surprising if looking at the correlation 

matrix in fig. 4 where value and size have a negative correlation to quality. Interestingly, despite 

being part of the fund’s investment strategy the momentum factor is not statistically significant 

in this regression. This suggest that the factor is not probable to affect the fund’s return despite 

having a positive coefficient of 0.04. In the table, it also shows that GSLC does not have a 

strong factor tilt for a single factor which means that all factors play a part. The factor tilt is 

how much the fund is “invested” into the factor and how much one unit of change in the factor 

will affect the fund’s return. The strongest case of tilt in the GSLC fund strategy is the quality 

factor tilt which is 0.18.  

Table 7.2. FlexShares Mstar US Mkt Factors Tilt (TILT) 

 

The five-factor model (Fama & French, 2015) can explain the returns for Flexshares multifactor 

fund with an adjusted R-square score of 0.9870 as clear evidence (see table 7). The beta value 

for TILT is 1.02 and is slightly higher than the market beta, which means that the fund is more 

exposed to risk than what the market is. The risk can be a result of a higher leverage ratio which 

in turn increases the volatility of the fund’s returns. All the factors had a low standard error in 

this regression (see appendix 7.6), however, only two factors are statistically significant. As 

table 7.2 suggest, the two factors are size (0.20) and momentum (-0.10) as they both have a 

Factor	 Coefficient	 P-value	

Beta	 1.02	 0.000	

Size	 0.20	 0.000	

Value	 0.07	 0.074	

Quality	 0.09	 0.099	

Momentum	 -0.10	 0.016	
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somewhat strong tilt. However, if the short sample-period of the data is considered, the 

argument for using a p-value of 0.1 instead of 0.05 could be relevant. This would make both 

the value- and quality factor statistically significant in the regression analysis. There is a small 

but positive tilt for both the value and quality factor which makes the possible inclusion of the 

two factors even more interesting. The “tilt” investment strategy for the fund is to invest into 

the small-cap (size) and value factor, however, the tilt for the size factor is the only strong tilt 

apparent in this regression. 

Table 7.3. SPDR MSCI USA StrategicFactors (QUS)  

 

In the previous analyses (tables 4-6), the QUS-fund have been the best performer off all the 

sampled multifactor funds. QUS had the highest ratio, both when it comes to Sharpe ratio and 

Information ratio. This regression did also have a strong fit, however, the regression analysis 

for QUS did get the lowest adjusted R-square (0.9096) of all the regressions performed (see 

table 7). Looking at the table 7.3 above, the Beta value of 1.00 for QUS is perfectly in line with 

the market beta which means that the fund is exposed to the same level of risk as the market. 

QUS, is following a three-factor investment strategy which include the factors; value, low 

volatility and quality. The standard errors for the coefficient estimates are also relatively small 

(see appendix 7.8). The value factor does neither have a strong tilt nor is it statistically 

significant and the low volatility factor is not present in the regression as mentioned earlier. 

The most interesting take from this regression is how strong the statistical significance for the 

quality factor (0.29) tilt is. This means that QUS have been able to collect the return which the 

Factor	 Coefficient	 P-value	

Beta	 1.00	 0.000	

Size	 -0.04	 0.616	

Value	 -0.13	 0.116	

Quality	 0.29	 0.029	

Momentum	 -0.11	 0.241	
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above-average quality factor has produced between the period from November 2015 and 

February 2019.  

4.5     Summarised ANN-Results from peer-reviewed journals  
There have been many papers published with regards to testing soft computing for financial 

analysis and stock prediction. In this section a selective amount of these results will be presented 

to evaluate if and how using factor investing can help improve the results.   

 

Chong, Han and Park (2017) wrote a comprehensive paper on the effectiveness of combining 

soft computing with stock market prediction. They tested a three-layered ANN and used, 

together with two other techniques, principal component analysis (PCA) for feature selection. 

They found that when using the training set the ANN produces superior results compared to a 

linear autoregressive model -such as the five-factor model (Fama & French, 2015) that was 

used in this regression analysis- but that most of it disappears when applied to a test set. A 

concluding remark from them was that finding factors with strong predictability for the stock 

market will likely lead to better performance. Instead of the conventional way of just dumping 

raw data on the AI system and letting it find the relationship itself it could be effective to use 

these factors as the input layer and letting the system find the relationship between them.  

 

Qui et al. (2016) implemented an ANN to try and forecast the movement of the Tokyo stock 

exchange index Nikkei 225. Their empirical results showed that the system was able to predict 

the stock returns for the index. Furthermore, they found that when adding genetic algorithms 

(GA) together with backpropagation (BP) it increased the forecasting accuracy compared to 

other models. However, they did not use input variables related to the factors presented in this 

research, but they also stated that their inputs variables are not optimal and should be further 

investigated. Qui et al. (2016) also divided their data into a 70/30 split between training and test 

data. They used a three-layered ANN with one input, hidden and output layer and they used one 

node for each of the variables as the input layer. In order to optimize the input variables, they 

used fuzzy logic. We do not mention fuzzy logic in this paper, but it is often used in HIS to 

provide clarity to variables. To train the system they ran a backpropagation algorithm 900 times 

before they saved the weights and biases recorded for the network. After that they implemented 

genetic algorithms (GA) and simulated annealing (not mentioned in this research) to improve 

the parameters.  
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In the paper by Guresen, Kayakutlu and Daim (2011) they compared the results from an ANN 

and two HIS when forecasting the exchange rates of NASDAQ from October 2008 to 2009. 

They split the data set 80/20 with the majority used for training the systems. In contrast to Qui 

et al. (2016) what was found in this paper was that the ANN performed better than the HIS. 

However, the AI techniques used together with the ANN differs from the ones mentioned in 

this paper and what was used in Qui et al. (2016). Furthermore, they stated that much of the 

variables used for training the system came from technical analysis while they later found that 

many correlated variables to the data instead came from fundamental analysis.  

 

Inthachot et al. (2016) created a HIS and used GA to pre-process their input variables that was 

made up from 11 technical indicators. When the data was processed and decided upon, they fed 

it into a three-layered ANN (1 layer for each part). They used an 80/20 split between the data 

to get a training and a testing set. Among the technical indicators stochastic oscillator, moving 

average and relative strength index described in section 2.2 was found. The variables were set 

up so that the output layer only gave a 0 or 1, zero indicating a predicted downward trend and 

one a predicted upward trend. The concluding remarks in Inthachot et al. (2016) was that their 

system saw an improvement for predicting the Thailand SET 50 stock Index compared to 

previous system constructed by the authors. However, with a 63.60% prediction accuracy the 

authors recognized room for improvement and would try combining ANN with another AI 

technique. 

 

Kara, Acar and Baykan (2011) created a three-layered ANN without a complementary 

technique to predict the closing price movement for the ISE national 100 index. Their input 

variables were made up from 10 technical indicators, very similar to that of Inthachot et al. 

(2016), and they used a 50/50 split for the training/testing data set. Backpropagation was used 

here to adjust the weights and biases for the model and the output layer only contained one 

neuron that could take a value between 0-1. A value under 0.5 represented an expected 

downward movement and a value over 0.5 represented an expected upward movement. Their 

results also proved ANN to be a useful tool for predicting stock movement with an average 

prediction performance of 75.74%. A comment made for how to improve the result was made 

up of two points. Firstly, they thought that being more thorough with setting the parameters and 

forming the model will increase the prediction accuracy. Secondly, even though the ten 

technical indicators performed relatively well adding more complementary input variables 

would help increase the performance.  
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Zhong and Enke (2017) tested ANN with three different dimension reduction techniques and 

found that ANN together with PCA produced the highest prediction accuracy for the S&P 500 

index ETF. They used technical variables and the ones chosen for the ANN depended on the 

results from the PCA as its job is to decide the most influential and important features. They 

included Exponential moving average and momentum metrics as input features. A three-layered 

ANN with backpropagation was used for the classification in this study and the system’s output 

was set up to predict an up/down movement for the index. Their conclusion was that the ANN 

+ PCA produced higher risk-adjusted return than their compared benchmarks. Furthermore, 

they also stated the importance of pre-processing the data to improve performance and reduce 

the computational pressure on the system.  

 

Vanstone, Finnie and Hahn (2011) applied ANN to time-series analysis of the Australian stock 

market and trained the system using the fundamental factors: P/E ratio, book value, ROE and 

dividend pay-out ratio relating to section 2.1 in this thesis. They used three factors as the input 

layer and had the ANN learn the relationship between them. Their output for the system was a 

strength signal indicating if there was a buy or sell opportunity ranging from 0-100; the higher 

the number, the better the deal for buying the stock is. They also used training and testing data 

sets to reduce the risk of overfitting, but the exact split is not mentioned. Concluding remarks 

from Vanstone et al. (2011) was that the results showed that the system performed very well in 

terms of profitability but that it was very volatile. They only used fundamental variables to train 

this system which focus on the internal health of a company. Further improvements were 

thought to come from including technical variables that explains the current state of the market.  

 

Tsai and Hsiao (2010) also used fundamental variables with the main focus of pre-processing 

the variables using PCA, GA and CART to see its effects. They split their data into training and 

testing sets, but their data differs from the more common approach of using just historical stock 

price. They collected their data from Taiwan Economic Journal that offers fundamental data on 

over 8000 listed stocks (FINASIA, 2019). Out of an initial set of 85 fundamental variables using 

a combination of PCA and GA reduced the number of variables to 14. These 14 variables were 

tested and proven to be the most representative for the stock market. This led them to the 

conclusion that pre-processing the data using a combination of feature selection techniques. 

However, the fundamental variables used was based on macroeconomics which is not covered 

in this research.  
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Wang and Wang (2015) put their own twist to a three-layered ANN by including a stochastic 

time strength function to generate a stock price volatility forecasting model. They used PCA to 

pre-process their data and trained their system using backpropagation. Their inputs only 

included open and closing prices and the output was the next day’s closing price. Their findings 

also showed that including PCA improved the prediction accuracy for the ANN.  

 

Table 8. A summary of studies on stock market prediction using ANN/HIS 

Article  Method Target 
Output 
 

Input 
Variables  

ANN/HIS Training Results/ 
Conclusion 

Chong, 
Han, & 
Park. 
(2017). 

Resembling 
the one 
presented in 
this paper 

Stock 
Return  

Raw Data  HIS: 
ANN & 
Feature 
Selection 

Feature 
Selection 
& 
Backpropa
gation 

Moderate pred. 
accuracy but 
proposes 
promising 
adjustments 

Qiu, 
Song, & 
Akagi. 
(2016) 

Resembling 
the one 
presented in 
this paper 

Stock 
Return 

Technical (not 
related to this 
paper) 

ANN &  
ANN + 
Feature 
Selection 
(HIS) 

Feature 
Selection 
& 
Backpropa
gation 

Adding Feature 
selection e.g. 
GA improved 
pred. accuracy 

Guresen, 
Kayakutlu
, & Daim. 
(2011). 

Lacks data 
preparation   

Exchange 
rate  

Technical (not 
related to this 
paper) 

ANN & HIS  Backpropa
gation 

Fundamental 
indicators were 
found to be 
more correlated 
to the data  

Inthachot, 
M., 
Boonjing, 
V., & 
Intakosu
m, S. 
(2016) 

Differs 
somewhat 
in training 
phase 

Upward/ 
downward 
stock price 
movement 

Technical 
(related to this 
paper) 

HIS: ANN & 
GA 

Feature 
Selection 

Moderate pred. 
accuracy. Want 
to try ANN with 
another 
technique and 
use other 
variables 

Kara, 
Acar 
Boyaciogl
u, & 
Baykan. 
(2011) 

Resembling 
the one 
presented in 
this paper 

Upward/ 
downward 
stock price 
movement 

Technical 
(related to this 
paper) 

ANN Backpropa
gation 

Good pred. 
accuracy but try 
to add new 
variables and 
have more 
detailed 
parameters 
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Zhong & 
Enke 
(2017) 

Resembling 
the one 
presented in 
this paper 

Upward/ 
downward 
stock price 
movement  

Technical 
(partially 
related to this 
paper) 

HIS: ANN + 
PCA 

Feature 
Selection 
& 
Backpropa
gation 

Their result 
exhibited the 
importance of 
pre-processing 
the data 

Vanstone, 
Finnie, & 
Hahn. 
(2011) 

Very similar 
to the one 
presented in 
this paper 

Strength 
signal of 
possible 
return 

Fundamental 
(related to this 
paper) 

ANN Backpropa
gation 

Fundamental 
variables 
performed well 
but they thought 
improvement 
could be made  

Tsai, C-F, 
& Hsiao 
Y-C 
(2010) 

Resembling 
the one 
presented in 
this paper 

Upward/ 
downward 
stock price 
movement  

Fundamental 
(not related to 
this paper)  

HIS: ANN+ 
GA+ PCA + 
CART  

Feature 
Selection 
& 
Backpropa
gation 

Using multiple 
feature selection 
techniques 
improved pred. 
accuracy 

Wang, 
Jie, & 
Wang, 
Jun. 
(2015) 

Resembling 
the one 
presented in 
this paper 

Stock 
price 

Raw data HIS : ANN+ 
PCA 

Feature 
Selection 
& 
Backpropa
gation 

Adding PCA 
improved the 
pred. accuracy  

 

The first objective with the empirical research was to identify how the multifactor investment 

strategy performs and use suitable benchmarks to compare the results. When summarizing the 

results in 4.1-4 this investment strategy has performed relatively poorly in terms of total- and 

risk-adjusted return. The performance from the benchmark index (Russell 1000) is superior in 

most of the testing compared to the funds in the analysis. This does not mean that multifactor 

investing is an inferior investment strategy at its core as it has still produced tolerable levels of 

total and risk adjusted returns, but it is still somewhat alarming. As mentioned in 2.1, Kess and 

Slager (2016) stated that each fund could have different goals for a factor-based investment 

strategy, and it could be that they are trying to achieve maximum diversification. The case for 

the funds’ diversification is strengthened by the funds’ low-to-medium active risk for tracking 

the factor indices and having almost identical beta-values to the beta-value of the market. But 

at same time, the standard deviations for the funds are all higher than the standard deviation for 

the factor benchmarks (see table 4), so it is difficult to make a final remark regarding the funds’ 

diversification and risk-exposure.  
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Bryan et al. (2018) made the claim that owning a proven factor, such as one of the five factors 

in this analysis, could have the potential to deliver higher risk-adjusted return than the market 

on a standalone basis. This claim can be neither met nor denied from this study. According to 

the data in this research there is evidence that the momentum- and quality factor have 

outperformed the Russell 1000 index whilst value, size and low volatility factors have 

underperformed in terms of total return. 

The funds underperformance against the Russell 1000 index can be argued to be a result of 

including the value factor into the investment strategy. While every fund in this analysis 

includes the value factor as part of their multifactor strategy there is no hiding from the fact that 

the value factor is in the midst of long dry spell, which have made it lag behind the performance 

of the market by a significant margin (Bryan et al., 2018). However, none of the multifactor 

funds have according to the regression analyses a strong value factor tilt.  

When the coefficient for the factors is not statistically significant in the regression analysis the 

fund is likely to have limited factor exposure. One reason for this could be that the targeted 

factor exposure partially offset. Another reason may be from the design considering if the fund 

aims for low active risk the factor exposure tends be rather low as well. Partially offsetting 

factor exposures are more likely to be observed if the fund follows a mixing approach when 

combining its factors (Berger & McCarthy, 2016). The difference between how a fund and how 

an investor defines and measures the factors can also make the factor exposure seem smaller 

than what it in reality is. It is very rare that all the fund’s factor exposures offset, however, one 

or two factors may frequently be offset. If that is the case the fund may not be as diversified as 

it first appeared to be (Berger & McCarthy, 2016).   

The second objective of the presented result was to see if the knowledge from multifactor 

investment strategies was possible to apply when training an Artificial Neural Network. It is 

very clear from the findings in table 8 that researchers/investors using ANN are very keen on 

finding a dynamic and effective set of input variables to train the system with. Close to all 

concluding remarks from the peer reviewed articles have mentioned that further improvements 

are to be expected from finding better input variables.  

Looking at the methodology and the workings of an ANN it is prominent that it is possible to 

use knowledge from multifactor investing to train the system. There is a possibility of feeding 

ANN with metrics from the factors presented in this paper and letting the system learn through 
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backpropagation how each of the factors relate to each other and the stock market. This is an 

interesting ability considering how the factors interact with each other and have been found to 

cover up for one another referring to fig. 4 and 5.  

When summarizing many of the empirical tests done for an ANN when predicting the stock 

market movement, it is evident that the momentum- and volatility factors have already, to an 

extent, been implemented. Considering that ANN is in most cases trained using historical stock 

prices it is logical that the input variables used are that of time series analysis. RSI, moving 

average and stochastic oscillator are popular technical indicators to use when analysing a time 

series in order to find patterns and make predictions from it. They were found to be used in 

many systems as input variables where they were observed to be performing relatively well 

compared to their respective benchmarks. But as the correlation for the momentum and 

volatility factors show in fig. 3-4; they “see” the same thing in the market giving the system a 

somewhat narrow view. However, surprisingly, there have been very little usage of the 

fundamental variables such as the value-, size-, and quality factor considering they have been 

around the longest. Vanstone et al. (2011) was the only study found that trained the system 

using fundamental indicators related to this study and it did produce well in terms of 

profitability.   
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5.       Conclusion & Discussion 
 
The main ambition of this research was to analyse the multifactor investment strategy and 

investigate how the strategy can be used to train an artificial neural network. For a start, this 

research has established that multifactor investing is based on a lot of published research which 

goes align with the advice given by Vanstone and Finnie (2009) regarding choosing input 

variables and from whom a lot of the methodology of an ANN presented in this thesis comes 

from. By analysing the multifactor funds’ Sharpe ratio, tracking error, information ratio and 

factor exposure we were able to conclude that multifactor investing can yield high returns with 

a relatively low risk exposure. However, the nine multifactor funds in our analysis were not 

able to beat the benchmark (Russell 1000 index) and did therefore underperform in comparison 

to the passive index investor. We can therefore not conclude that the multifactor investment 

strategy is a superior investment strategy by any means.  

The regression analysis was made to help determine how much factor exposure each fund has 

and even though the results were in line with the five-factor model (Fama & French, 2015) we 

used, we were expecting stronger factor tilts. The high adjusted R2 for the funds is however a 

good indicator that the factor model can be an efficient tool in explaining the variance of a 

stock’s movement when implemented together with an ANN. Earlier in this thesis, we wrote 

about portfolio construction and the two techniques called portfolio blending and signal 

blending (Ghayur et al., 2018). Ghayur et al. (2018) found that portfolio blending performed 

better with a lower or moderate level of factor exposure and active risk while signal blending 

performed better with high factor exposure and active risk. We did get a low- medium risk when 

using the factor indices as benchmarks and relatively low factor exposure as well for all the 

funds. However, we cannot conclude that the multifactor funds are using portfolio blending 

when constructing their funds solely based on this. Ghayur et al. (2018) mentions that signal 

blending has a tendency to outperform portfolio blending when the number of factors in the 

multifactor strategy increases but is that really the case? We find this interesting and would like 

to see further research which extend on the idea of these portfolio construction techniques. 

 

We have found traces of knowledge from factor investing already used to train an ANN. 

However, it is only information from one or two factors alone being used as input variables as 

opposed to implementing metrics from multiple factors. As seen in the results this has been 

proven to be a problem due to the cyclical behaviour of an individual factor with regard to 
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performance. But at the same time the results with regards to return does not provide a 

convincing argument for adding several factors together. Nevertheless, it is practically possible 

to use the knowledge from multifactor investing to train an ANN and considering the dynamic 

relationship found amongst the factors taking a multifactor-approach to training the system is 

still intriguing. Since metrics from momentum have been used extensively it would be 

interesting to see in future tests what happens to the performance when you include value, 

quality and size metrics as well. Suggestions that have been mentioned in 2.1 are: P/E Ratio, 

earnings-to-price ratio, dividend discounting valuation model (value), market equity (size), 

gross margin, free cash flow over assets and total profit over assets (quality).  

As been stated, the low volatility factor does not have a strong predictive power, but it has been 

found to help the system know when to exit and enter trades. We excluded low volatility from 

the regression analysis because of its inability to describe the variance in return. This means 

that there is not really any reason to include it as an input variable either since it will not help 

the prediction accuracy. We did however find that it can be used together with an ANN for the 

same purpose it is used in multifactor investing, i.e. risk control. The proposed tactic was to use 

volatility stops based on average true range to exit trades as they get too risky.  

There is pretty much an agreement that when pre-processing the data, the ANN tends to perform 

better than when left untouched. This is because when the number of irrelevant and redundant 

variables decreases, the system can learn the relationship between the remaining variables more 

efficiently. We have mentioned PCA, GA and CART as possible techniques for this where the 

first two have been successfully tested several times as feature selection techniques for an ANN. 

We know now that the different factors complement each other well and using them together 

with the mentioned techniques will enable the system to learn how the factors interact more 

efficiently. Therefore, it would be interesting to combine metrics from all factors with one (or 

several which has been proven efficient) feature selection techniques and record which ones are 

seen as efficient and representative. Important to remember is the findings from Iguyon and 

Elisseeff (2003) who said that just because a variable by itself is seen as irrelevant it might still 

increase the performance of the system when used together with other variables. Out of the 

three techniques mentioned PCA is the one running the highest risk of making this mistake. But 

this can be viewed as an opportunity as well, especially when dealing with five factors that all 

possess different qualities.  
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Even though we find the results in this research interesting and we know that the concept of 

multifactor investing is very new we do feel like the sample period for the multifactor funds 

were rather short. We would like to see future studies performed for this research when the 

funds have data available for at least a 5-10 years period. Right now, we cannot confirm this to 

be a modern stock market prediction strategy that will shape the landscape of investment in the 

coming years due to the not too impressive results from the multifactor funds. We can confirm 

that it is practically possible to bridge the two areas and we still see reasons to include 

knowledge from different factors to train the ANN with and observe the results. For investors 

looking at finding input variables to train an Artificial Neural Network with, obtaining 

knowledge from multifactor investing is something that should be explored.  
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7.     Appendix 
 

7.1    Goldman Sachs ActiveBeta US LgCp Eq* (GSLC) 
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7.3     Hartford Multifactor US Equity (ROUS) 

 

 

7.4     Xtrackers Russell 1000 Cmprhsv Fac (DEUS) 
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7.5      JHancock Multifactor Large Cap (JHML) 

 

 

7.6      FlexShares Mstar US Mkt Factors Tilt (TILT) 
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7.7      iShares Edge MSCI Multifactor USA (LRGF) 

 

 

7.8      SPDR MSCI USA StrategicFactors (QUS) 

 


