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The purpose of this thesis is to study the possibility to combine quantitative clustering of 

stocks and value investing. The feasibility of the approach is tested using Finnish market 

data over the 2005-2021 period. The used benchmark index in this thesis is the OMX 

Helsinki Growth Index. The strategy is based on the combination of P/E, P/CF and P/B ratios 

which are used as a basis of the K-means algorithm. The data is pre-processed by removing 

the stocks that have not generated positive earnings and cash flow during the previous 12 

months. The K-means algorithm assigns stocks into clusters, and the one with the lowest 

financial ratios is chosen as the value portfolio. The thesis also includes a sensitivity analysis 

of value portfolios when the initial number of clusters in the clustering phase ranges from 

three to ten. Returns of different value portfolios are compared against each other and the 

benchmark index. The goodness of results is also evaluated with the Sharpe ratio and 

Jensen’s alpha.  

 

According to the results, the highest risk-adjusted return was generated by the value portfolio 

that was constructed using nine clusters generating an annual return of 30.27 % over the 

2005 to 2021 period. The best-performing value portfolio over the 2005 to 2017 period was 

also compared against the benchmark index over the 2018-2021 period. The value portfolio 

generated an annual return of 26.05 % in the period between 2018 to 2021 while the 

corresponding return of the benchmark index was 11.74 %. 
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Tämän tutkielman tarkoituksena on yhdistää kvantitatiivinen osakkeiden klusterointi sekä 

arvosijoittaminen. Metodologian toteutettavuutta testataan Suomen osakemarkkinoilla 

vuodesta 2005 vuoteen 2021. Tämän tutkielman vertailuideksi on OMX Helsinki 

kasvuindeksi. Strategia perustuu P/E, P/CF ja P/B tunnuslukujen yhdistelmään, joita 

käytetään K-means algoritmin perustana. Data esikäsitellään poistamalla osakkeet, jotka 

eivät ole tuottaneet positiivista tulosta tai kassavirtaa edellisten 12 kuukauden aikana. K-

means algoritmi jakaa osakkeet eri klustereihin, ja arvoportoflio on se, jonka tunnusluvut 

ovat alhaisimmat. Tutkielma sisältää myös arvoportfolioiden herkkyysanalyysin, kun 

klusterien määrä vaihtelee kolmesta kymmeneen. Eri arvoportfolioiden tuottoja verrataan 

toisiinsa sekä vertailuindeksiin. Tulosten hyvyyttä arvioidaan myös Sharpen ratiolla Sekä 

Jensenin alphalla.  

 

Tulosten perusteella korkeimman riskikorjatun tuoton tuotti yhdeksästä klusterista 

muodostettu  arvoportfolio, jonka vuotuinen tuotto oli 30.27 % vuosina 2005-2021. 

Parhaiten vuosina 2005-2017 tuottanutta arvoportfolio arvoportfoliota vertailtiin myös 

vertailuindeksiin vuodesta 2018 vuoteen 2021. Arvoportfolion vuosituotto oli 26.05 % 

vuosina 2018-2021 oli, kun vertailuindeksin vastaava tuotto oli 11.74 %.   
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1. Introduction  

The world of investing can be summed up in two words, risk and return. Rational investors 

aim to achieve the greatest possible returns with the smallest possible risk. This goal is 

strongly related to one of the most famous and researched topics in financial theory and 

economics, market efficiency. Market efficiency is a term introduced by Eugene Fama in 

1970 when he presented the three stages of market efficiency: weak, semi-strong and strong 

efficiency (Fama, 1970).  Various scholars have tried to find out different anomalies in the 

stock markets that produce risk-adjusted excess returns. This thesis investigates one of them 

and it is value investing. An additional contribution of this thesis is the fact that portfolio 

construction is automated by the K-means algorithm. 

 

Value investing is an investment strategy where an investor buys stocks that have low ratios 

to different value measures, such as earnings, cash flow and book value (Bodie, Kane and 

Marcus, 2014). Value investing as a strategy according to the academic literature is to invest 

in stocks that have low P/E and P/B ratios relative to the market (Hanson, 2013). The father 

of value investing is considered to be Benjamin Graham who introduced several different 

rules and methods to evaluate companies’ financial ratios in his book Security Analysis 

(Graham and Dodd, 1934). Value investing as a strategy has been researched for a long time 

and in different markets. Often value stocks have been found to generate higher returns than 

other stocks in several studies.  

 

The first research on value anomaly was conducted by Nicholson (1960). He researched the 

U.S stock market from 1939 to 1959. He concluded that stocks with low P/E ratios had 

generated greater returns than stocks with high P/E ratios. Basu (1977) achieved similar 

results in his research that was over the period 1957 to 1971. Value anomaly has been proven 

more recently over the period 1985-2006 (Athanassakos, 2011). During the last few decades, 

however, growth investing has become more popular due to technological development and 

the strong rise of different technology companies’ stocks. Value investing has sometimes 

seemed irrational due to surging stock prices of different growth stocks. In fact, during the 
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period 2002 to 2019 growth stocks generated higher returns compared to value stocks (Miller 

and Prondzinski, 2020). This is one of the reasons why this thesis is meaningful and 

important.  

 

There is not much recent research on value investing in the Finnish markets. Leivo and Pätäri 

(2009) have done extensive research on the value anomaly in the Finnish markets. They 

concluded that the P/E anomaly was present over the period 1993-2008 when they divided 

stocks into terciles. However, Leivo and Pätäri were not able to find P/B or P/CF anomalies 

in the Finnish markets in their studies over the period 1993-2008 (Leivo and Pätäri, 2009, 

2011). In contrast, some weak evidence of the P/B anomaly was found over the period 1991-

2006 in the Finnish markets (Leivo, Pätäri and Kilpiä, 2009). Therefore, it is interesting to 

see whether the value anomaly can be found in the Helsinki Stock Exchange over the period 

2005-2021.  

 

This thesis aims to examine value anomaly and whether it has been present in the Finnish 

markets over the years 2005-2021 by applying the K-means algorithm in stock portfolio 

formation. A varying number of clusters are used and the attained results are compared 

against the benchmark index – namely OMX Helsinki Growth Index. In addition, data over 

the years 2005-2017 is used as a training dataset to obtain the optimal number of clusters. 

This optimal number of clusters is used in a test dataset that covers the years 2018 to 2021. 

The aim is to test that by choosing the optimal number of clusters in the clustering phase, 

would an investor be able to generate risk-adjusted overperformance relative to the 

benchmark index over the years 2018-2021. This setup is made to shed light on how effective 

the K-means algorithm is in stock picking within the period of interest using the selected 

financial ratios.   
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1.1. Background and motivation 

There are several reasons to conduct research concerning value investing even though it has 

been widely studied previously. One of the most interesting factors in this research is the 

target market, Helsinki Stock Exchange. Scholars like Kallunki (2000), Leivo (2012b),  and 

Pätäri and Leivo together (2009, 2011; 2009) have examined value anomalies in the Finnish 

markets. The results achieved are a bit contradictory to international samples. For example, 

the P/CF anomaly was not significant in the Finnish markets, even though there are many 

examples of substantial P/CF anomaly found in international markets (Chan, Hamao and 

Lakonishok, 1991; Fama and French, 1998; Hou, Karolyi and Kho, 2011; Lakonishok, 

Shleifer and Vishny, 1994). The same kind of conflicting results has been observed also 

when the P/B and P/E ratios have been researched.  

 

The added value of this research is the portfolio construction method. Utilizing the K-means 

algorithm automates the screening of value stocks based on P/E, P/B and P/CF ratios. The 

advantage of this approach is that when the valuation of the whole stock market fluctuates 

between years, the K-means algorithm automatically detects the stocks with the lowest 

valuation multiples in that particular year. Most academic papers examining different 

investment strategies divide stocks into portfolios based on some simple rule, for example, 

stocks are divided into tercile or quintile portfolios. In addition, the K-means algorithm has 

been found to produce excellent results in stock picking according to the literature (Affonso, 

Magela, Dias and Pinto, 2021; Bini and Mathew, 2016; Nanda, Mahanty and Tiwari, 2010) 

It is fascinating to see what kind of results this research produces. Another interesting thing 

about this research is the chosen time frame. The world has witnessed all kinds of different 

events and developments over the years 2005-2021. In the first place, it is interesting to see 

if there has been a value anomaly in the Finnish markets, but it is also intriguing to see 

whether it has appeared during certain periods.  

 

The benefits of this thesis are numerous. First of all, this thesis will show how well the K-

means algorithm chooses value stocks and how the formed portfolio performs over the 2005-

2021 period. Different initial cluster amounts are also tested, which provides valuable 
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information about the optimal number of clusters. In addition, this thesis gives insights into 

how a value-focused stock investor could have performed in the Finnish markets between 

2005 and 2021. Analyzing stocks based on financial ratios can be time-consuming. 

Therefore being able to automate the value stock picking using the K-means algorithm could 

be a huge benefit. 

 

1.2. Data and methodology 

The data used in this thesis consists of stock in the Helsinki Stock Exchange over the period 

2005-2020. This period includes many significant developments and different market 

sentiments such as the financial crisis of 2008, the European debt crisis, the China/United 

States trade war and the start of the coronavirus outbreak. A 15-year time frame is sufficient 

and should provide reliable results. Many studies on value investing have a time frame of 

10-15 years, such as Capaul, Rowley and Sharpe (1993) had in their article concluded that 

low P/B stocks were able to earn excess returns on many international markets. Dissanaike 

and Lim (2010) also had a time frame of 14 years in their study on different value strategies.  

 

Returns are measured against the benchmark index which in this case is the Helsinki Stock 

Exchange Growth Index (OMXHGI). This index includes paid dividends and is, therefore, 

an obvious choice to be the benchmark index. Portfolios are constructed based on these 

financial ratios and the k-means clustering algorithm is applied to find the stocks for the 

most optimal value portfolio. The selected approach in portfolio formation may be able to 

identify a portfolio that fixed rules could not do automatically in the context of volatile 

markets and therefore gather a better portfolio for this thesis’ purpose.  Portfolios are re-

created once a year with the most recent publicly available financial data. Stocks that have 

generated positive earnings and cash flow during the previous 12 months are considered 

viable options in the clustering phase until the day they are either delisted from the stock 

exchange or made bankrupt. This is done to ensure that the K-means algorithm can include 

only profitable companies in the value portfolio because the goal of this thesis is to construct 

high-quality value portfolios. Based on the profitability and positive cash flow restrictions, 

it is unlikely that companies in alarming financial distress end up in the value portfolio. This 
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should be considered when interpreting the results of the thesis since some survivorship bias 

is present due to formerly mentioned restrictions.  

 

In addition, a simple assumption regarding the whole thesis is made that there are no 

transactions costs. After the portfolio formation, the returns are evaluated by the Sharpe ratio 

and Jensen alpha. Evaluating returns with the Sharpe ratio and Jensen alpha is crucial since 

they provide information about the portfolio’s risk (Jensen, 1967; Sharpe, 1964). More 

reliable information about the portfolio’s risk is therefore achieved when the Sharpe ratio 

and Jensen’s alpha are used. They also increase the validity of this thesis. Returns are 

compared to the benchmark index and against other value portfolios. These comparisons 

further strengthen the validity of this thesis.  

 

1.3. Research questions 

The goal of the thesis is to combine the traditional findings of academic research on the value 

anomaly with the k-means clustering algorithm and find out whether it has been possible to 

generate risk-adjusted excess returns with this approach. Based on this goal, the background 

and motivation of this thesis lead to the following research questions: 

 

1. What kind of results has value investing strategies earned and how the K-means 

algorithm has been used in stock picking according to the literature? 

2. What kind of results does the value investing strategy produce in comparison to the 

benchmark index when the value stocks are identified by clustering when using data 

of OMXH companies during the years 2005-2021? 

 

This thesis includes six chapters. The first chapter is an introduction where the background, 

motivation and research topic are introduced to the reader. The second chapter includes the 

theoretical framework to clarify certain subjects such as the utilized financial ratios, efficient 

market hypothesis and methods to evaluate risk-adjusted returns. The third chapter consists 

of the literature review about value investing and the use of clustering methods in investing. 
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The fourth chapter presents the data used and the methodology of the thesis. The fifth chapter 

consists of the results obtained and the final chapter summarizes the thesis, draws 

conclusions about the subject and suggests further research topics around the subject. 
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2. Theoretical framework 

The second chapter of this thesis helps to understand certain crucial subjects regarding this 

thesis. This chapter consists of seven subchapters that each gives a brief introduction to 

important subjects in this thesis. The first subchapter introduces crucial financial ratios in 

value investing. Next, Fama’s (1970) efficient market hypothesis and its’ logic are presented. 

The third subchapter consists of the modern portfolio theory, which was invented by 

Markovitz (1952). The fourth subchapter introduces a familiar model that describes expected 

returns and risk’s relationship, the CAPM. Subchapters five and six tell how the methods to 

measure risk-adjusted returns (Sharpe ratio and Jensen’s alpha) are calculated. The final 

subchapter informs how the k-means clustering algorithm works. 

 

2.1.  Financial ratios 

This subchapter introduces the P/E, P/B and P/CF ratios to the reader. All three mentioned 

ratios are used in this thesis to determine the optimal value portfolio. A brief introduction of 

each ratio is given in the following subchapters.  

 

2.1.1. P/E 

The price-to-earnings ratio represents the ratio between the current stock price and earnings 

the company generated during the last accounting year. Another way to interpret the P/E 

ratio is how much an investor needs to pay for a euro of the company’s earnings. The P/E 

ratio is calculated by dividing the stock price by earnings per share. Therefore, it cannot be 

calculated for companies that do not generate positive EPS. Typically, companies operating 

in different industries have vastly different P/E ratios. For example, many biotechnology 

stocks have large P/E ratios whereas banks and other financial institutions have smaller P/E 

ratios. This is due to expected growth rates. A Higher P/E ratio indicates that the market 

thinks these stocks have better growth prospects than stocks with lower P/E ratios. Academic 
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literature has proven that stocks with low P/E ratios tend to generate higher returns than high 

P/E stocks. (Bodie et al., 2014.) 

 

2.1.2. P/B 

The price-to-book ratio describes the ratio between the stock price and the book value of 

equity per stock.  The P/B ratio is calculated by dividing the stock price by the stock’s book 

value of equity. Another possibility is to divide the company’s market capitalization with 

the total book value of equity. The P/B ratio is considered a good proxy for value and often 

it is low when the stock’s valuation is moderate. On the other hand, many growth companies 

have can have huge P/B ratios because their business’ value is expected to grow substantially 

in the future (Bodie et al., 2014). Academic literature has reported results that indicate low 

P/B stocks often generate higher risk-adjusted returns than high P/B stocks. The P/B 

anomaly has been proven to be especially effective during expansive monetary periods 

(Jensen, Johnson and Mercer, 1997). 

 

2.1.3. P/CF 

The price to cash flow ratio describes the ratio between the stock price and operating cash 

flow per share. The P/CF ratio is calculated by dividing the stock price by operating cash 

flow per stock. Generally, a smaller P/CF ratio indicates a good value for an investor’s 

capital because a low P/CF ratio can be a sign of undervalued stock. Cash flow as a 

denominator can be seen as a more reliable figure than earnings per share. This is because 

accounting variables like depreciation and amortizations affect companies’ earnings and 

those can be modified to some extent by the companies’ management (Bodie et al., 2014). 

In essence, cash flow represents the amount of money that the company generates and uses, 

which can intuitively seem more reliable than accounting earnings that can be modified. 
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2.2. Efficient market hypothesis 

The efficient market hypothesis is a theory that suggests that stock prices mirror all the 

available information and future expectations. The theory became famous after Eugene 

Fama’s (1970) article “Efficient Capital Markets: A Review of Theory and Empirical Work”. 

In his article, Fama introduced the three stages of market efficiency: weak, semi-strong and 

strong. The stages are based on information transmission and availability. 

1. Weak form: All past information about stock prices is mirrored in the current stock 

price. Therefore, it is not possible to forecast a stock’s future price based on historical 

information. 

2. Semi-strong form: All past and publicly available information, such as news and 

financial statements, is reflected in current stock prices. This form suggests that an 

investor using fundamental analysis cannot achieve abnormal returns. 

3. Strong form: All possible information, both public and insider information is 

reflected in current stock prices. When markets are efficient according to strong 

forms requirements, no one can achieve abnormal returns. 

The semi-strong form includes weak form conditions and the strong form contains the 

conditions of the former two stages conditions. (Fama, 1970.)  

 

An intuitive explanation of the efficient market hypothesis is that investors are not able to 

achieve risk-adjusted excessive returns, since they cannot have any information that is not 

already mirrored in current stock prices. The efficient market hypothesis has faced some 

criticism. Grossman and Stiglitz (1980) noted that for example trading costs and taxes, cause 

the fact that real-life markets cannot be fully efficient. Their research suggested that the stock 

prices do not reflect all possible information, rather just some of the information. They 

argued that sophisticated investors with access to information can generate risk-adjusted 

excess returns. (Grossman and Stiglitz, 1980.)  

 

Random walk is an important term when discussing the efficient market hypothesis. 

Essentially, random walk means that all changes in stock prices are unpredictable and 
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random. When stocks are under-or overvalued, sophisticated investors act accordingly and 

prices get back to their right level, which is called the intrinsic value. (Bodie et al., 2014). 

The random walk theory was popularized by Malkiel (1973) in his notorious book “A 

Random Walk Down Wall Street”. According to Malkiel, stock prices follow a random walk. 

Therefore, forecasting stock prices is impossible. The theory indicates that only new 

information can affect stock prices and all available information is reflected in stock prices. 

Fama (1995) has concluded that most investors in the stock market behave rationally and 

aim to earn the highest possible returns. They try to find new and relevant information that 

can affect stock prices and thus compete. When new information is announced, investors act 

rationally and stock prices change. Therefore, historical stock price movements are 

unconnected and past price changes do not affect future stock prices.  

 

More recent research on the efficient market hypothesis has been presented by Chen, Kelly 

and Wu (2020). According to the results, hedge funds’ role in market efficiency has 

increased due to weakening analyst coverage after closures and mergers in the brokerage 

industry. Hedge funds have focused heavily on their research and traded aggressively. The 

effect of their trades has reflected in stock prices and therefore increased market efficiency. 

The efficient market hypothesis is strongly linked to this thesis since the main goal is to find 

out whether a value portfolio can achieve abnormal returns. The literature review in the third 

chapter of this thesis introduces several studies where abnormal returns were achieved in 

different periods utilizing the value anomaly.  

 

2.3. Modern portfolio theory 

Modern portfolio theory is a method to effectively diversify investors’ portfolios according 

to their risk preferences. One cornerstone of finance is the trade-off between risk and return 

and a modern portfolio helps an investor to create a portfolio that suits his risk preference. 

Modern portfolio theory was formed by Markovitz (1952). His idea behind the theory was 

to construct a portfolio that consists of different assets that are not highly correlated. That 

enables an investor to choose assets that are well-suited for his investment style. Risk-averse 

investors can choose to invest in stocks that have lower risk and lower returns, whereas more 
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aggressive investors can construct a riskier portfolio that can generate more returns. 

(Markowitz, 1952.) 

 

The ground-breaking finding that Markovitz introduced was the importance of 

diversification in investors’ portfolios. He also stated that it is important to focus on the 

whole portfolio and different variations of it. By this, he meant that an investor should 

compare how stock weights in a portfolio affect the total return and standard deviation of 

the whole portfolio. (Markowitz, 1952.) By utilizing the modern portfolio theory, an investor 

can achieve the same returns but with lower volatility. Diversification to different assets that 

are not highly correlated helps an investor to build the optimal portfolio because varying 

volatilities and returns offer a chance to reduce volatility. (Kallunki, Martikainen and 

Niemelä, 2019). 

 

The optimal ratio of expected return and volatility is called an efficient frontier. Figure 1 

represents the efficient frontier and capital market line. A capital market line includes 

portfolios that combine optimally the risk-free return and market index return (Bodie et al., 

2014). In Figure 1, E(r) represents the expected return, Rf represents the risk-free return and 

σP is the portfolio’s volatility.  
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Figure 1: The Efficient Frontier and the Capital Market Line 

 

The optimal point in Figure 1 is the point in the middle of the capital market line crossing 

the efficient frontier. This is because this point provides the optimal return-to-risk ratio. If 

an investor wanted larger returns, his risk would also increase. Correspondingly, at the 

optimal point risk cannot be reduced without reducing the returns. Points below the efficient 

frontier are suboptimal. This is because it is not possible to achieve larger returns without 

increased volatility or reduced risk without declining returns. (Knüpfer and Puttonen, 2018) 

Based on investors' risk and return preferences, they can pick the optimal portfolio from the 

efficient frontier that best suits their investing style (Francis and Dongcheol, 2013).  

 

2.4. Capital asset pricing model 

The capital asset pricing model is a model that describes the relationship between risk and 

return. Sharpe was the first one to introduce the CAPM (1964). However, Lintner (1965) 

and Black (1972) further developed the model. The major insight introduced in CAPM is 

the relationship between risk and return. 

 

E(r)

σP

Efficient Frontier Capital Market Line

R
f
 



18 

 

In financial theory, the risk is divided into systematic and unsystematic risk. Systematic risk 

is the risk that affects whole markets and its’ effect cannot be diversified away. It is called 

the market risk and it includes different variables that affect the global economy such as 

interest rates, geopolitical events, inflation and exchange rates. In CAPM, the beta factor 

which represents systematic risk describes the stock price’s sensitivity in relation to the 

market’s price changes.  (Knüpfer and Puttonen, 2018) 

 

Figure 2 demonstrates the relationship between the number of assets in a portfolio and 

portfolio variance. Portfolio’s diversification into different assets decreases the whole 

portfolio’s variance, thus reducing the unsystematic risk (Knüpfer and Puttonen, 2018).  

 

 

Figure 2: Risks 

 

The CAPM consists of a risk-free rate, beta-factor and market risk premium. Sharpe (1964) 

defined the expected return of investment by the following formula: 

𝐸(𝑅𝑖) = 𝑅𝑓 + 𝛽𝑖 ∗  𝐸(𝑅𝑚 − 𝑅𝑓) 

Where 𝐸(𝑅𝑖) represents the expected return of asset i. 𝑅𝑓 is the risk-free rate, whereas 𝐸(𝑅𝑚) 

is the expected return of the market. 𝛽𝑖 is the asset’s beta-factor. The term (𝑅𝑚 −  𝑅𝑓) 

V
ar

ia
n
ce

Number of assets in portfolio

Unsystematic risk Systematic risk
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represents the market risk premium where the risk-free rate is subtracted from the expected 

market return. Stock’s beta-factor is calculated with the formula presented below (Knüpfer 

and Puttonen, 2018): 

𝛽𝑖 =
𝑐𝑜𝑣(𝑅𝑖 , 𝑅𝑚)

𝑣𝑎𝑟(𝑅𝑚)
  

In the formula above 𝑐𝑜𝑣(𝑅𝑖 , 𝑅𝑚) represents the covariance between the market’s return 

and asset i's return. The denominator 𝑣𝑎𝑟(𝑅𝑚) is the market’s variance.  

 

2.5. Sharpe ratio 

Perhaps the most famous method to measure a portfolio’s risk-adjusted performance is called 

the Sharpe Ratio. Economist Willian F. Sharpe introduced the theory in his article “Mutual 

Fund Performance in 1966. It describes the ratio between investment’s returns and 

investment’s standard deviation (Sharpe, 1966). The higher the Sharpe ratio, the better the 

investment is relative to its’ risks. It is calculated by dividing the risk premium of an 

investment by its’ standard deviation (Bodie et al., 2014). The formula for the Sharpe ratio 

is the following: 

𝑆ℎ𝑎𝑟𝑝𝑒 𝑟𝑎𝑡𝑖𝑜 =   
𝑟𝑖 − 𝑟𝑓

𝜎𝑖
 

In the formula above, 𝑟𝑓 is the risk-free rate. Correspondingly, 𝑟𝑖 is the portfolio’s return and  

𝜎𝑖 is portfolio’s standard deviation (Sharpe, 1966). Sharpe ratio is perhaps the most famous 

performance measure due to its strong theoretical framework and understandability (Eling, 

2008).  

 

2.6. Jensen’s alpha 

Jensen’s alpha is a method to measure a portfolio’s risk-adjusted-performance. It was 

introduced by Michael Jensen (1967). Jensen’s alpha is based on the capital asset pricing 

model introduced earlier. According to the CAMP, higher returns lead to higher risk levels. 

Jensen’s alpha is interpreted so that values over zero mean a better portfolio return than the 
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risk levels would suggest. Correspondingly, values below zero indicate weaker performance 

and the value of zero means that the returns are the same that would be expected by the risk 

level.  The calculation formula Jensen (1967) introduced was the following: 

𝛼𝑖 = (𝑟𝑖 − 𝑟𝑓) −  𝛽𝑖(𝑟𝑚 − 𝑟𝑓) 

Where 𝛼𝑖 represent the alpha, which is the excess return compared to CAPM’s return. 

Portfolio return is 𝑟𝑖 and the risk-free return is 𝑟𝑓. Correspondingly, market return is the 𝑟𝑚 

variable. 𝛽𝑖 represents the portfolio’s systematic risk (beta). (Jensen, 1967.) 

 

2.7. K-means clustering 

The K-means is an unsupervised learning algorithm. It is a simple and effective method to 

observe clusters from the data. The goal of clustering is to get clusters where observations 

are similar to each other and dissimilar to observations in other clusters. The “K” in the name 

indicates the number of initial clusters and it is determined by the user. The K-means 

algorithm consists of two phases, assigning and minimizing. Assigning means that 

observations are assigned to the closest centroid to them according to Euclidean distance. In 

the minimizing phase, the centroids’ location changes so that the sum of observations’ 

distance to centroids is minimized. This process is repeated until every observation is 

assigned to the cluster that minimizes the sum of Euclidean distances to it. (Skansi, 2018.) 

 

 The K-means algorithm consists of four steps which are introduced below: 

1. K number of initial clusters are formed with centroids that are placed randomly. Each 

observation’s average values are calculated by the coordinates. The cluster x has a 

centroid that is the average of its members' coordinates.  

2. Observation y is chosen and its distances from different cluster centroids are 

calculated. If y is closer to cluster x than cluster z, y is assigned to cluster x.  

3. After observations change clusters, new cluster centroids are calculated. This is done 

by minimizing distances to observations that belong to that cluster. 

4. The stopping criterion has been satisfied and the clusters are formed. 
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The K-means algorithm repeats steps 2 and 3 until the stopping criterion is fulfilled. Then 

all the observations belong to clusters that are closest to them. (Kubat, 2017.)  
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3. Literature review 

The value anomaly is relatively common research in the field of finance. Therefore, it is easy 

to find previous research about the topic. Commonly used financial ratios in value investing 

literature are P/E, P/B, P/CF, D/P and EV/EBITDA as Leivo has listed in his doctoral 

dissertation  (2012a). As previously mentioned, this thesis focuses on P/E, P/B and P/CF 

ratios. This chapter goes through the main findings on value investing with these financial 

ratios. The first subchapter is about the P/E anomaly. Subsequent subchapters summarize 

the literature on P/B anomaly, P/CF anomaly and clustering in stock picking. 

 

3.1. P/E anomaly 

The first academic evidence of the P/E anomaly was presented by Nicholson (1960). He 

investigated the returns of the U.S stocks from 1939 to 1959 with a sample size of 100 stocks. 

He tested different holding periods from 3 years to 20 years and concluded that companies 

with low P/E ratios generated higher returns than companies that had high P/E ratios. It is 

worth noticing that the lowest P/E quintile portfolio generated higher returns than the lowest 

P/E quintile in all holding periods included in the study. However, Nicholson did not include 

any risk-adjusted return measures in his article.  

 

Basu (1977) also researched the P/E anomaly and he was able to report risk-adjusted excess 

returns. According to the results, two low P/E ratio portfolios generated average returns of 

13.5 % and 16.3 % per annum, respectively. In contrast, two high P/E portfolios generated 

9.3-9.5 % per annum. Basu also reported that when moving from low P/E portfolios to high 

P/E portfolios, the returns declined monotonically. The research proved that the excess 

returns generated by low P/E portfolios were statistically significant at a 5 % confidence 

level. The returns exceeded the CAPM’s implied returns which led Basu to doubt the 

markets’ efficiency. In addition, the Sharpe ratios of low P/E portfolios were better than their 

counterparts. (Basu, 1977.) Basu continued his work on the P/E anomaly. In 1983 he released 

an article where he proved that the P/E anomaly was present even when the differences in 
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companies’ sizes were controlled (Basu, 1983). The article concluded that the P/E ratio was 

significant in explaining excess returns and the size of the firm did not matter, which gave 

further proof for the P/E anomaly.  

 

Cook and Rozeff (1984) also researched the P/E anomaly. Their research was conducted 

over the 1964-1981 period and the chosen market was NYSE. The research was conducted 

after Basu (1983) had achieved contradictory results compared to Banz (1981) and 

Reinganum (1981). Banz and Reinganum achieved results that gestured the P/E anomaly to 

be irrelevant since the excess returns were explained by the company size. The results 

indicated that the P/E anomaly was not in fact real, but the size anomaly was. However, 

Cook and Rozeff (1984) argued that the methodology used by Reinganum (1981) was the 

reason behind the fact that he did not find the E/P anomaly in his research. Their results 

indicate that the P/E anomaly was significant and the size of the company was also partly 

responsible for the generated excess returns. The fascinating result of the study was also the 

fact that a large share of the excess returns was generated in January.  (1984.) Findings of 

Basu (1983), Reinganum (1981) were differing. In addition, Banz and Breen (1986) did not 

find the P/E anomaly to be present in their study. Jaffe, Keim and Westerfield (1989) 

criticized the estimation techniques used in these studies and tried to resolve the differing 

opinions and findings. According to their results, the P/E anomaly occurred every month, 

but the size anomaly was significant only in January.  

 

The E/P anomaly has also been researched in other markets. Chan, Hamao and Lakonishok 

(1993) studied the Japanese markets over the period 1971 to 1988. According to their results, 

Japanese markets had substantial P/CF and P/B anomalies. However, the authors could not 

find any evidence of the P/E anomaly. Dhatt, Kim and Mukherji (1999) investigated value 

premiums from 1979 to 1999 in the Russell 2000 index. According to their results, the P/E 

ratio generated the smallest returns out compared to price-to-sales and market-to-book ratios. 

However, low P/E stocks generated more returns than the corresponding stocks with high 

P/E ratios. It is also worth noticing, that this study focused only on stocks with small market 

capitalizations. (Dhat, Kim and Mukherji, 1999.) 
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There has been also evidence of the P/E anomaly in the German markets. Artmann, Finter 

and Kempf (2012) studied stocks listed on the Frankfurt Stock Exchange from 1963 to 2006. 

Their sample consisted of 955 companies and according to the results, P/E and P/B were 

both significant at explaining excess returns. The authors also found out that the size of the 

company did not have significance in explaining the returns (Artmann et al., 2012). Bauman, 

Conover and Miller (1998) studied companies from 21 developed countries over the period 

1986 to 1990. Their sample consisted of 28 000 annual stock returns and they combined 

stocks to portfolios based on their P/E ratio. According to the results, portfolios consisting 

of low P/E stocks generally outperformed the ones that had high P/E stocks. That did not 

happen every year, but when the value portfolios outperformed, they did it by a wide margin. 

The authors also suggested that the cause of the P/E anomaly was investors’ and analysts’ 

tendency to overreact to historical earnings and neglect the presence of earnings’ mean-

reversion. (Bauman et al., 1998.) 

 

Fama and French have done extensive research on different value anomalies. They argued 

that the effect of the P/E anomaly is captured by book-to-price and size ratios and decided 

to leave the P/E ratio out of their notorious 3-factor model (Fama and French, 1992). 

However, in the German markets, the 3-factor model did not have great explanatory power 

over the period 1963 to 2006 as Artmann et al. argued (2012). According to their results, the 

returns were better explained when they replaced the size factor with the earnings-to-price 

factor. Chen and Zang (2007) studied how the accounting factors explain stock returns over 

the period 1983-2001. Their results indicate that the earnings yield (inverse of P/E ratio) still 

had explanatory power over stock returns even though the other variables were more 

significant (Chen and Zhang, 2007). 

 

Anderson and Brooks (2006) argued that when calculating the P/E ratio, one should include 

the earnings factor of multiple previous years. Their research was based on the London Stock 

Exchange over the period 1975-2003. They included earnings from the previous one to eight 

years intending to find out did adding years increase returns. Their results indicate that stocks 

with the lowest P/E ratios generated excess returns and that using earnings from the previous 

eight years and then calculating the P/E ratio was twice as effective at explaining returns 
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than a simple P/E of the previous year’s earnings. The authors also noted that the two value 

deciles with low P/E ratios had a great Sharpe ratio and had one-year returns of 21.1-28.9 % 

depending on the number of years used to calculate the P/E ratio. (Anderson and Brooks, 

2006.) 

 

The P/E anomaly has also been studied recently. Athanassakos (2011) conducted a study 

over the years 1985-2006 where he included stocks from AMEX, NASDAQ and NYSE. 

According to his results, stocks with low P/E ratios generated better returns on average than 

stocks with high P/E ratios. The interesting finding of the study was also the fact that the 

value portfolios with low P/E and P/B ratio stocks declined less during bearish markets than 

their growth portfolio counterparts. (Athanassakos, 2011.) Fama and French have also 

extended their previous research (1998) to the 21st century. They examined stocks from 

November 1989 to March 2011 across 23 countries in North America, Europe, Japan and 

Asia Pacific region. They concluded that value premium occurred in every market. The value 

ratios they used were CF/P, E/P, B/P and D/P. (Fama and French, 2012.) Houmes and Chira 

(2015) found an interesting fact about the P/E anomaly in their research over the years 1995-

2012. According to their results, stocks with low P/E ratios and high inside ownership 

generated fewer returns than low P/E ratios with lower inside ownership. They argued that 

high inside ownership leads to boards' ineffectiveness to make changes to the companies’ 

leadership. Therefore, the companies with high insider ownership were not able to create 

value and generated fewer returns. (Houmes and Chira, 2015.) 

 

The P/E anomaly has also been studied in Finnish markets. To my knowledge, the first 

research on the P/E anomaly was published by Martikainen (1992). Martikainen found 

proved that the P/E anomaly was present in the Finnish markets. However, the presence of 

the E/P anomaly was vastly dependent on the estimation period. (Martikainen, 1992) Booth, 

Martikainen, Perttunen and Yli-Olli (1994) also investigated E/P anomaly in the US and 

Finnish markets over the period 1976-1986. The research was conducted with portfolios of 

5 stocks on the US data and the Finnish companies were investigated on a single stock level 

due to a low number of listed stocks at the time. According to the results, the P/E anomaly 

was found in both markets. (Booth et al., 1994.)  
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Leivo, Pätäri and Kilpiä (2009) researched the value anomaly in the Finnish markets from 

1991 to 2006. In the research, quintile portfolios were rebalanced every third year and they 

used the inverse of the P/E ratio as an earnings-to-price ratio. According to the results, the 

P/E anomaly was notable during the research period. High E/P quintiles had betas of 0.7074 

and 0.6342, respectively. This caused high E/P portfolios’ overperformance compared to 

growth portfolios’ and the market itself during the bearish market cycles. The best E/P 

portfolio in the study generated on average 24.94 % annually with an alpha of 12.35 % and 

had one of the lowest standard deviations observed. Therefore, the results indicate that stocks 

with high E/P ratios generated excess returns and overperformed especially during bearish 

market sentiments. (Leivo et al., 2009.) Another study regarding the P/E anomaly was 

conducted also in 2009. Pätäri and Leivo studied the Finnish market over the period 1993 to 

2008 and found out that stocks with the highest E/P ratios did not generate better returns 

compared to stocks with average E/P ratios. The high E/P tercile generated better returns 

than the low E/P portfolio, but it generated less than the middle tercile. It also had a worse 

Sharpe ratio than the middle tercile. It is worth noticing that these results remained the same 

with a holding period from one to five years. In addition, Leivo and Pätäri came to the same 

conclusions when they researched the same matter with quintile portfolios (Leivo and Pätäri, 

2011). 

 

3.2. P/B anomaly 

Stattman (1980) was the first to prove that a low P/B ratio is positively correlated with future 

returns. Research on the P/B anomaly was continued by Rosenberg, Reid and Lanstein 

(1985). Rosenberg et al. used the inverse of the P/B ratio in their research which was 

conducted over the years 1980-1984 in the US markets. The strategy utilized in this research 

bought stocks with a high B/P ratio and sell stocks that had a low B/P ratio. According to 

the results, a significant amount of B/P anomaly was found and the strategy yielded excess 

returns. (Rosenberg et al., 1985.) Fama and French (1992) had a longer time frame in their 

study which was also based in the US markets. They studied the US markets from 1963 to 

1990 and concluded that the B/P ratio had the strongest explanatory power over expected 

returns. The authors also argued that the reason behind the P/B anomaly's existence is the 
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risk included in low P/B stocks. Low P/B stocks tend to have a higher risk of bankruptcy 

since they are often highly leveraged according to the authors. (Fama and French, 1992). 

Contradictory results have been reported by Bird and Casavecchia (2007). According to their 

results, value portfolios had a smaller standard deviation than growth portfolios. In addition, 

value portfolios generated more returns. It is worth noticing that Bird and Casavecchia used 

the sales-to-price ratio as their value factor so different results are not a surprise. (Bird and 

Casavecchia, 2007.) 

 

Fisher Black (1993) argued that the P/B anomaly exists due to different data-selection biases. 

Similar results were achieved by Kothari, Shanken and Sloan (1995) two years later. They 

claimed that one reason for the P/B anomaly’s existence is the survivorship bias. The authors 

used the B/M ratio in their study that had a time period from 1927 to 1990. According to the 

results, the B/M ratio does not have a significant relation to the average stock return. The 

authors noticed that companies reporting significant earnings increases tended to have high 

B/M ratios. (Kothari et al., 1995.) On the other hand, Davis (1994) achieved results 

indicating that the book-to-market equity had undeniable explanatory power over future 

returns. His research was from July 1940 to June 1963 and the data used had no survivorship 

bias. The high B/M ratio quintile generated on average 6.8 % more annually than the 

portfolio with low B/M ratio stocks. (Davis, 1994.) Similar results of non-existent selection 

bias have been found by Chan, Jegadeesh and Lakonishok (1995). 

 

Fama and French proved in 1993 that a three-factor model consisting of beta, size and book-

to-market equity explains well the cross-section of stock returns. The study was conducted 

over the years 1963 to 1990 and had stocks from NASDAQ, NYSE and Amex. As previously 

mentioned, the E/P ratio was left out of the 3-factor model because company size and the 

BE/ME ratio used together absorbed the effect of the E/P ratio in returns. The authors also 

noted a strong positive relation between the BE/ME ratio and average return. (Fama and 

French, 1993.) The P/B anomaly has also been studied outside the U.S. Capaul, Rowley and 

Sharpe (1993) researched stocks in the European, Japanese and U.S. markets from January 

1981 to June 1992. According to their results, stocks with low P/B ratios generated risk-

adjusted excess returns in all investigated markets. The Sharpe ratios of value portfolios were 
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higher in every country and the spreads between value and growth portfolios ranged from 

1.35 to 6.41 % annually depending on the market. (Capaul et al., 1993.) The P/B ratio has 

been found to be the best criterion in terms of generated returns also by Bird and Whitaker 

(2003). According to their results, the book-to-market ratio generated the most returns 

compared to D/P, S/P and E/P ratios over the years 1990-2002. D/P represents the ratio 

between dividend and price and S/P is the ratio between the sales of a company and its stock 

price. The data used in this research consisted of companies in the United Kingdom, France, 

Germany, Italy, Switzerland, Netherlands and Spain. The authors also found out that high 

book-to-market portfolios generated increasing excess returns when the holding period was 

extended from one month up to 36 months. Bauman, Conover and Miller (1998) also 

concluded that the B/P ratio generated the largest excess returns when compared to D/P, E/P 

and CF/P ratios.  

 

Fama and French have studied the reasons behind the P/B anomaly. According to their 

previous research, the size of a company and the BE/ME ratio explained well the average 

stock returns (Fama and French, 1992). Fama and French (1993) have also concluded that 

the size of a company and the BE/ME ratio works as a proxy for sensitivity to risk factors. 

BE/ME is the ratio between a company’s book value and market equity and therefore 

represents the P/B ratio. Furthermore, Fama and French (1995) argue that the P/B anomaly 

exists because companies with high BE/ME (low P/B) accelerated their growth rate after the 

portfolios were formed. This research was conducted with stocks from NYSE, Amex and 

NASDAQ over the years 1963 to 1992. The authors state that “Specifically, the market 

understands that the vastly different earnings growth rates of low- and high-book-to-market 

stocks prior to portfolio formation tend to converge in the post-formations period.” The 

authors also noted that companies that have low P/B ratios tend to be in a less optimal 

financial situation and that these same companies are less profitable than companies with 

high P/B ratios. (Fama and French, 1995.) Chen and Zhang (1998) reached similar results in 

their research that was conducted with stocks from NYSE, Japan’s, Hong Kong’s, 

Malaysia’s, Taiwan’s and Thailand’s markets. According to the results, stocks with high 

book-to-market ratios had high leverage, financial distress and significant uncertainty about 

future earnings (Chen and Zhang, 1998).  
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One suggested reason behind the P/B anomaly is the minor amount of research conducted 

on the matter. According to results achieved by Griffin and Lemmon (2002), the book-to-

market has its’ highest effect in companies that do not have much analyst coverage and that 

are small. The return difference between high and low BE/ME stocks with low analysts 

coverage and low market capitalization was found to be 16.49 % annually compared to -2.64 

% for large market capitalization stocks with extensive analyst coverage. The authors also 

noted that companies with high financial distress tended to exhibit the largest return reversals 

during earnings announcements, which supports the arguments for the P/B anomaly 

presented by Fama and French (1995). (Griffin and Lemmon, 2002.)  

 

Doukas, Kim and Pantzalis (2005) also argued that analyst coverage affects stock returns in 

their research covering the period from 1980 to 2001. According to their results, extensive 

analyst coverage tends to lead to situations where stocks trade at prices that are not close to 

their fundamental value (Doukas et al., 2005). The same sort of results was achieved by 

Jegadeesh, Kim, Krische and Lee (2004). These results can be interpreted as one reason 

behind the P/B anomaly since by definition, high P/B ratio companies are valuated close to 

their fundamental value. High transaction costs, minor investor sophistication and high 

idiosyncratic volatility have also been suggested as reasons behind the P/B anomaly. Ali, 

Hwang and Trombey (2003) researched stocks from NYSE and Amex over the years 1976 

to 1997. The P/B ratio was found to be stronger in high volatility portfolios in 20 out of 22 

years. It is worth noticing that the highest 10 % of stocks in terms of volatility generated a 

return of 51.3 % over a three-year holding period. Corresponding stocks with the lowest 

volatility generated only 1.7 % during the same period. These findings suggest that the B/P 

anomaly is due to the market’s inability to price stocks correctly. (Ali et al., 2003.) 

 

Fama and French (2007a) found three sources for the excess returns generated by the P/B 

anomaly. They studied US-listed securities over the period 1926 to 2005. The three P/B 

anomaly sources they found are listed below: 

1. Value stocks improve their financial status by earning higher returns or getting 

acquired by another company. Therefore, they migrate into a neutral or growth 

portfolio. 
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2. Growth stocks with weak returns move to a neutral or growth portfolio 

3. Marginally higher returns by value stocks that do now move to other portfolios 

compared to corresponding growth stocks.  

According to the results, a low P/B portfolio with small market capitalization earned a 9.2 

% excess return annually which is considerably less than the corresponding 2.2 % annual 

return of the high P/B portfolio consisting of large market capitalization stocks. (Fama and 

French, 2007a.) 

 

Trecartin (2001) studied stocks from NYSE, Amex and NASDAQ from 1963 to 1997. 

According to his results, stocks’ 10-year returns and low P/B ratio were significantly 

correlated. In addition, the correlation was proven to be statistically significant. However, 

the results also indicate that the low P/B ratio portfolio could not beat the high P/B ratio 

portfolio if the investment period was short. (2001.) Penman, Richardson and Tuna (2007) 

studied the relationship between leverage and the P/B ratio in their research that had a sample 

period from 1962 to 2001. The authors divided into leverage component and the enterprise 

P/B ratio. The leverage component describes the financing risk of the company and the 

enterprise P/B ratio is associated with the company’s business operations and operating risk. 

According to the results, the leverage P/B ratio had a negative effect on future stock returns. 

However, as one might assume, the enterprise P/B ratio is positively related to future stock 

returns. (Penman et al., 2007.) These results indicate that using financial statement analysis 

when constructing portfolios can positively affect the portfolio’s returns. 

 

Chiang (2016) studied the behavior of value and growth investors over the 1999-2008 

period. According to his results, 1-year lagged P/B ratio was negatively related to stock 

returns. In turn, total asset growth rates and earnings per share changes were positively 

related to the returns. The fact that the total asset growth rate is positively related to stock 

returns indicates that investors tend to overreact to companies’ past performance which is 

the result Lakonishok et al. (1994) came up with their research. Chang also found proof for 

mean reversion of the P/B ratio which was suggested as a reason for the P/B anomaly by 

French and Fama (2007b). Fama and French achieved results that indicated low P/B stocks’ 

tendency to improve their profitability and returns, thus increasing their low P/B ratio.  
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More recent research about the P/B anomaly has been published by Gerakos and Linnainmaa 

(2018). The sample they used was from NYSE, Amex and NASDAQ from July 1963 to 

December 2016. They argued that the excess return generated by high P/B ratio stocks is 

due to changes in company size. According to their results, the book-to-market ratio does 

not have significant explanatory power over US stock returns when changes in equity’s 

market value are accounted for. (Gerakos and Linnainmaa, 2018.) Contradictory results have 

been presented by Chai, Chiah and Zhong (2020). They also reported that changes in B/P 

ratios happen because the company size changes. However, they found that the B/P ratio still 

had a significant explanatory power over Australian stock returns which is inconsistent with 

the findings of Gerakos and Linnainmaa (2018). (Chai et al., 2020.)  

 

Ball, Gerakos, Linnainmaa and Nikolaev (2020) divided equity’s book value into two parts: 

contributed capital and retained earnings. They did it because according to their research, 

the book value of equity includes diverse information about the stock returns’ cross-section. 

The authors researched stocks listed on NYSE, Amex and NASDAQ between 1964 and 

2017. Their results indicate that the retained earnings component subsumed the contributed 

capital component in terms of explanatory power over future stock returns. The retained 

earnings component of equity consists of accumulated earnings over time minus distributed 

dividends. They argue that the P/B anomaly exists because it (retained-earnings component) 

is a good proxy for future earnings yield. Therefore, they conclude that the P/B anomaly 

generates better returns because it can take advantage of suboptimal investor behavior and 

not because it has more risk. (Ball et al., 2020.) 

 

The P/B anomaly has been researched also in the Finnish markets. Pätäri and Leivo (2009) 

were not able to find the P/B anomaly in the Finnish markets over the years 1993 to 2008. 

According to the results, the middle tercile based on the P/B ratio achieved the highest 

returns on almost every holding period length from one to five years. An interesting result 

of the study was the fact that low P/B portfolios and high P/B portfolios did not significantly 

differ from each other based on returns (Pätäri and Leivo, 2009). The authors conducted 

another research about value strategies two years later and concluded that the P/B anomaly 
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was not present in the Finnish markets (Leivo and Pätäri, 2011). The same kind of results 

was also achieved by Leivo (2012b). 

 

3.3. P/CF anomaly 

Wilson (1986) researched the relationship between companies’ cash flows and 

corresponding stock returns. His sample consisted of 462 companies between the years 1981 

and 1982. The author used the difference between generated cash from business operations 

and earnings, called total accruals, in his model. According to the results, cash flow 

influenced stock earnings. In fact, cash flow had a larger effect on stock returns than 

earnings. (Wilson, 1986.) Bernard and Stober (1989) also examined how cash flow affected 

stock returns over the 1977-1984 period. According to their results, cash flow did not affect 

stock returns around the financial statement release date. They concluded that the effect of 

cash flows was already priced into the stocks before the financial statement release date 

through other channels. Another explanation was that the used model simply was not 

complicated enough to explain cash flows’ effect on stock prices. (Bernard and Stober, 

1989.) 

 

Lakonishok et al. (1994) examined the U.S markets over the 1963-1990 period in their 

research on value investing. The chosen financial ratios in this research were book-to-

market, cash-flow-to-price, earnings-to-price and sales growth. They noticed that the market 

assumed growth stocks to continue growing at a fast pace, but the reality was different. Value 

stocks increased their financial performance while growth stocks tended to decline in terms 

of financial performance. Thus, value stocks generated excess returns compared to growth 

stocks. P/CF ratio achieved the highest annual returns on average (20.1 %) out of all financial 

ratios used in this research when the holding period was five years. The corresponding 

average annual return for the high P/CF portfolio was only 5.6 %, which is a significant 

difference. The authors also proved that value stocks had less volatility while generating 

higher returns than growth stocks. (1994.) Another distinguished study concerning the P/B 

anomaly in Japanese markets was conducted by Chan, Hamao and Lakonishok (1991) with 

a sample period from 1971 to 1988. According to their results, the B/P and CF/P ratios had 
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the most substantial effect on stock returns. The B/P ratio generated slightly better returns, 

but the difference was only 0.21 % monthly. (1991.) 

 

Dhatt, Kim and Mukhreji (2004) researched the value anomaly and different composite 

measures in the US markets over the period 1980 to 1998. The investigated financial ratios 

were B/P, E/P, CF/P, S/P and the market value of equity. In addition to these ratios 

themselves, they constructed 11 different composite portfolios based on these financial 

ratios. Observed value portfolios’ overperformance compared to growth portfolios is 

consistent with previous literature. The P/CF portfolio achieved the best results in terms of 

risk-return-trade-off and it also had an excess return of 6.60 % per year (Dhatt et al., 2004.) 

Fama and French (1998) researched the value anomaly globally over the period 1975-1995. 

The sample consisted of stocks from 13 developed markets. According to their results, the 

P/CF ratio generated the best returns in Australia, Germany and Hong Kong. Excess returns 

over the T-bill from these countries ranged from 13.28 to 29.33 % annually in these markets. 

Other used value ratios (B/M, E/P and D/P) performed well and generated better returns 

when the ratios were high compared to low ratios. Thus, a significant value premium was 

proven in this study. (Fama and French, 1998.) In addition, a significant P/CF anomaly over 

the years 1980-1998 was discovered in a study focusing on accruals and value anomaly. The 

CF/P portfolio generated a return of 15.3 % annually in the US markets. (Desai, Rajglopal 

and Venkatachalam, 2004.) 

 

Dissanaike and Lim (2010) investigated different value investing strategies based on P/E, 

P/CF and P/B, the Ohlson model and the residual income model. The purpose of residual 

income and Ohlson models is to predict future earnings and their mean reversion. Therefore, 

they are more complex in terms of technical abilities and data input. The study sample 

consisted of stocks from the London Stock Exchange over the years 1987-2001. The 

surprising finding was that the basic P/CF ratio had almost the same predicting power over 

future earnings compared to more developed Ohlson and residual income models. In 

addition, the P/CF value portfolio achieved raw returns of 8.6-14.42 % depending on the test 

period year. (Dissanaike and Lim, 2010.) Hou, Karolyi and Kho (2011) studied a large 

sample of stocks from 49 countries over the years 1981 to 2003. Their goal was to find 
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variables that had explanatory power over stock returns’ cross-section. The authors used 

momentum, size and leverage factors in addition to normal P/E, P/B, D/P and P/CF ratios. 

According to the results, the P/CF ratio had the best and most reliable explanatory power 

over stock returns globally. (Hou et al., 2011.) 

 

More recently, the P/CF anomaly has also been studied in emerging markets. Akhtar and 

Rashid (2015) investigated the effect of P/B, P/E, P/CF and P/S ratios on portfolio returns 

over the period 2004-2011 in Pakistan markets. The results were contradictory compared to 

literature focusing on developed markets. The P/B and P/S ratios had a noticeable positive 

relationship with the returns. However, P/CF and P/E affected returns negatively. (Akhtar 

and Rashid, 2015.) Mostafa (2016) investigated Egyptian markets from 2002 to 2008. 

According to his results, earnings forecasted stock prices better than cash flows. However, 

the author noted that in the Egyptian markets cash flows are highly volatile and investors do 

not trust them as much as earnings. (Mostafa, 2016.) 

 

The P/CF anomaly has also been researched in the Finnish markets. Kallunki (2000) 

investigated Finnish stocks from 1975 to 1990. According to the results, the P/CF ratio had 

explanatory power over risk-adjusted stock returns even when different accounting variables 

were used to measure the riskiness of stocks. In addition, the P/E ratio lost its explanatory 

power when these accounting-based risk factors were used. Leivo and Pätäri have also 

researched the P/CF anomaly in their papers focusing on value investing. According to their 

results, the value portfolio based on the P/CF ratio performed worse than the middle portfolio 

when stocks were divided into terciles. This was the case for one-, two- and three-year 

holding periods but with four- and five-year holding periods the value P/CF portfolio 

generated slightly better results. The value P/CF portfolio generated returns of 17.40-22.30 

% annually depending on the holding period when the sample consisted of Finnish stocks 

between the years 1993 and 2008. (Leivo and Pätäri, 2009.) Leivo and Pätäri (2011) achieved 

similar results with the same sample when the portfolios were divided into quintiles. In 

addition, Leivo (2012b) conducted a study over the years 1993 to 2009. He reached similar 

results, where the third portfolio of quintiles generated the best results when the P/CF ratio 

approach was used. Altogether, the evidence of the P/CF anomaly in the Finnish markets is 
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weak because the value portfolio has rarely generated the best returns according to the 

literature. These findings conflict with the international evidence provided earlier in this 

subchapter.  

 

3.4. Table of value anomalies 

This chapter gathers the most useful information presented in earlier subchapters of the 

literature review. In this subchapter, the reader can quickly and easily summarize the most 

important finding of previous literature about value investing. In Table 1 the column 

“results” indicate whether a P/E, P/B or P/CF anomaly is present in a particular study. If the 

result is “yes/no”, it indicates that the results are not clear and can be dependent on the 

holding period or other variables that are described in the preceding subchapters.  

 

Table 1: Value anomalies in literature 

Author(s) 
Publis

hed 
Data 

P/E, P/CF 

or P/B 
Results 

Nicholson 1960 US P/E Yes 

Basu 1977 US P/E Yes 

Stattman 1980 US P/B Yes 

Banz 1981 US P/E No 

Reinganum 1981 US P/E No 

Basu 1983 US P/E Yes 

Cook and Rozeff 1984 US P/E Yes 

Rosenberg, Reid and Lanstein 1985 US P/B Yes 

Banz and Breen 1986 US P/E No 

Wilson 1986 US P/CF Yes 

Bernard and Stober 1989 US P/CF No 

Jaffe, Keim and Westerfield 1989 US P/E Yes 

Chan, Hamao and Lakonishok 1991 Japan P/CF and P/B Yes 

Martikainen 1992 Finland P/E Yes 

Fama and French 1992 US P/B Yes 

Chan, Jegadeesh and 

Lakonishok 
1992 US P/B Yes 

Black 1993 US P/B No 

Chan, Hamao and Lakonishok 1993 Japan 
P/E, P/CF and 

P/B 

P/CF and P/B 

yes, P/E no 

Fama and French 1993 US P/B Yes 

Capaul, Rowley and Sharpe 1993 
US, Japan and 

European countries 
P/B Yes 
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Booth, Martikainen, Perttunen 

and Yli-Olli 
1994 Finland and US P/E Yes 

Davis 1994 US P/B Yes 

Lakonishok, Shleifer and 

Vishny 
1994 US P/CF and P/B Yes 

Kothari, Shanken and Sloan 1995 US P/B No 

Fama and French 1995 US P/B Yes 

Bauman, Conover and Miller 1998 21 developed nations P/E Yes 

Chen and Zhang 1998 
US, Japan and Asian 

countries 
P/B Yes 

Fama and French 1998 
Several developed 

nations 

P/CF, P/B 

and P/E 
Yes 

Dhat, Kim and Mukherjii 1999 US P/E and P/B P/B yes, P/E no 

Kallunki 2000 Finland P/CF and P/E P/CF yes, P/E no 

Trecartin 2001 US P/B Yes/no 

Griffin and Lemmon 2002 US P/B Yes 

Bird and Whitaker 2003 European countries P/B Yes 

Desai, Rajgopal and 

Venkatachalam 
2004 US P/CF Yes 

Dhat, Kim and Mukherjii 2004 US 
P/CF, P/B 

and P/E 
Yes 

Anderson and Brooks 2006 UK P/E Yes 

Chen and Zhang 2007 US P/E Yes 

Penham, Richardson and Tuna 2007 US P/B Yes 

Gerakos and Linnainmaa 2007a US P/B Yes 

Fama and French 2007b US P/B Yes 

Pätäri and Leivo 2009 Finland P/E, P/B No 

Leivo, Pätäri and Kilpiä 2009 Finland P/E Yes 

Leivo and Pätäri 2009 Finland P/CF Yes/no 

Dissanaike and Lim 2010 UK P/CF Yes 

Leivo and Pätäri 2011 Finland P/E, PB No 

Athanassakos 2011 US P/E and P/B Yes 

Hou, Karolyi and Kho 2011 Several nations 
P/CF, P/B 

and P/E 
Yes 

Leivo and Pätäri 2011 Finland P/CF Yes/no 

Leivo 2012 Finland P/B No 

Artmann, Finter and Kempf 2012 Germany P/E and P/B Yes 

Fama and French 2012 
Several developed 

nations 

P/E, P/CF and 

P/B 
Yes 

Leivo 2012 Finland P/CF Yes 

Akhtar and Rashid 2015 Pakistan 
P/CF, P/B 

and P/E 

P/B yes, P/CF 

and P/E no 

Houmes and Chira 2015 US P/E Yes 

Zhang 2016 US P/B and P/E P/B no, P/E yes 

Mostafa 2016 Egypt P/CF and P/E P/CF no, P/E yes 

Gerakos and Linnainmaa 2018 US P/B No 

Chai, Chiah and Zhong 2020 Australia P/B Yes 

Ball, Gerakos, Linnainmaa 

and Nikolaev 
2020 US P/B Yes 
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In Table 2 literature is presented based on the anomalies. According to the literature, all of 

the anomalies have been proven to be real. The P/E anomaly is most contradictory since a 

considerable amount of research has found it not to be real. It is worth noticing that the 

results can change between different markets and time periods.  

 

Table 2: Anomalies and their existence according to the literature 

Anomaly Yes No Percentage of yes 

P/E 19 10 66 % 

P/B 27 7 79 % 

P/CF 14 3 82 % 

 

 

3.5. Clustering in stock picking 

The use of clustering in stock picking is a relatively new method. Therefore, most of the 

peer-reviewed research conducted about this subject is published in the 21st century. A 

simple and efficient definition of clustering is presented by Mirkin (1996): “Clustering is a 

mathematical technique designed for revealing classification structures in the data collected 

in the real-world phenomena.” The goal of clustering is to channel similar data points (in 

this thesis stocks with similar financial ratios) into the same clusters so that data points that 

belong to that cluster are similar within a cluster and dissimilar to data points in other 

clusters. Successful clustering produces high intra-class similarity and low inter-class 

similarity. This means that similarity is high within each cluster and low among other 

clusters.  

 

Nanda, Mahanty and Tiwari (2010) examined Indian stock over the years 2007-2008 with a 

sample size of 106 stocks. The authors classified stocks based on valuation ratios to build 

well-performing portfolios. The utilized clustering methods in this research were K-means, 

self-organizing-map (SOM) and Fuzzy C-means. The three mentioned clustering methods 

were analyzed by several validity indexes, such as Silhouette and Calinski-Harabasz. These 

methods lead to the conclusion that five or six was the optimal number of clusters for this 
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dataset. Also, the compactness of each cluster was measured by the Interclass inertia -

method, which calculates the average squared Euclidean distance between the cluster mean 

and each one of the observations.  According to the results, K-means clustering generated 

the most suitable clusters. At last, an efficient portfolio according to Markovitz’s (1952) 

model was generated. The clustering approach makes constructing an efficient portfolio 

easier since an investor can choose single stocks from clusters and does not have to go 

through large datasets. (Nanda et al., 2010.)  

 

Similar results of K-means success were achieved by Bini and Mathew (2016) in the Indian 

markets a few years later. The authors compared different partition, density-based and 

hierarchical clustering techniques in stock selection with a sample size of 1232 stocks. K-

means and Expectation Maximization algorithm were clearly the best clustering methods 

according to the results. The results were achieved when the chosen validity indexes were 

either the Rand index or the Silhouette method. The authors also pointed out that K-means 

is an effective and scalable clustering method. (Bini and Mathew, 2016) The K-means 

algorithm was successfully implemented in a study focusing on stock forecasting (2021). 

The authors clustered similar stocks into portfolios and forecasted their returns with a Long 

Short-Term Memory -model. According to the results, the K-means algorithm did not 

weaken the prediction results. The authors concluded that by using the K-means clustering 

approach, a significant amount of time can be allocated to other activities since manually 

screening similar stocks is time-consuming. (Affonso et al., 2021.) 

 

The K-means algorithm has also been used in stock selection in other emerging markets. Al-

Augby, Majewski, Majewska and Nermend (2014) examined the Gulf Cooperation Council 

(GCC) markets. The sample consists of bank and energy stocks from Bahrain, Saudi Arabia, 

Qatar, Oman and the United Arab Emirates.  The authors examined news’ effect on stock 

prices and compared how the k-means and fuzzy c-mean clustering method worked based 

on stock price reactions. The clustering was based on different financial ratios, such as P/E 

and P/B and market capitalization. According to the results, the k-means algorithm provided 

good results since the companies’ stocks in different clusters had similar reactions to the 

news. (Al-Augby, Majewski, Majewska and Nermend, 2014.)  
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Proven results of k-means clustering have also been reported from Thailand’s stock markets. 

K-means algorithm was successfully used as a method to build diversified portfolios over 

the years 2015-2017. (Muangprathub, Intarasit, Boongasame and Phaphoom, 2020.) The K-

means clustering has been applied to divide banks into clusters based on their average rate 

of return. A study by Zuhroh, Rofik and Echchabi (2021) was conducted in Malaysian 

markets over the years 2016 to 2019. The achieved results after running regressions on 

macroeconomic factors (inflation, exchange rate and interest rate), revealed unique 

characteristics of the clusters. According to the authors, the cluster with the highest rate of 

return has higher resilience to different macroeconomic factors compared to other clusters. 

The authors concluded that tolerance against changing macroeconomic situations makes 

them an attractive option for long-term investments. (Zuhroh et al., 2021.) 

 

Further evidence of the K-means algorithm’s use has been presented by Cheong, Kim, Buyn, 

Oh and Kim (2017). The research was conducted on Korean markets, and the goal was to 

divide stocks into portfolios based on available investor information. The k-means clustering 

is performed to select stocks for different kinds of (institutional, foreign, individual) 

investors. The study also utilized a genetic algorithm to determine optimal weights for stocks 

in portfolios. The use of investor information was rationalized so that similar investors would 

have similar portfolios according to their goals. According to the results, by utilizing the k-

means clustering algorithm investors can achieve better stock-picking performance, which 

improves portfolio returns.  (Cheong et al., 2017.) K-means clustering has been utilized in 

portfolio formation in another study too. El, Guennon and Hamza (2012) used K-means 

clustering to cluster stocks that are similar in terms of their value at risk (VaR) and expected 

return. The clustering helped the authors in the next step, where they applied an optimization 

algorithm that minimized the risk and maximized the expected return. The K-means 

clustering ended up with three different clusters that enabled scholars to find attractive stocks 

for their optimization algorithm. (El et al., 2012) Based on the literature introduced in this 

chapter, one can see that clustering has several uses in the field of finance. Perhaps the most 

useful way to utilize clustering is in portfolio formation, which will be done in this thesis 

too. As results indicate, the K-means algorithm has performed well in stock picking in 

previous studies (Affonso et al., 2021; Bini and Mathew, 2016; Nanda et al., 2010). 
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Table 3 represents the findings of this subchapter are presented. In every research, the K-

means algorithm was successfully implemented. The amount of research about K-means in 

stock picking has been thin and most of the research has been focused on emerging markets. 

 

Table 3: The K-means algorithm in the literature  

Author(s) Published Data 

Nanda, Mahanty and Tiwari 2010 India 

El, Guennon and Hamza 2012 Egypt 

Al Augby, Majewski, Majewska and Nermend 2014 Bahrain, Saudi Arabia, Qatar, 

Oman and United Arab Emirates 

Bini and Mathew 2016 India 

Cheong, Kim, Buyn, Oh and Kim 2017 South Korea 

Muangprathub, Intarasit, Boongasame and Phaphoom 2020 Thailand 

Affonso, Magela, Dias and Pinto 2021 US 

Zuhroh, Rofik and Echchabi 2021 Malaysia 
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4. Data and methodology 

In the fourth chapter of this thesis, data and methodology are presented. The first subchapter 

introduces the data and the second one deals with methodology. 

 

4.1. Data 

The data for this thesis covers the years 2004 to 2021. 2004 data is needed to calculate 

financial ratios for the year 2005, which is the first year that returns are calculated. The data 

contains daily returns, P/E, P/B and P/CF ratios of all Nasdaq OMX Helsinki stocks over the 

years 2005-2021. The data is gathered from the Eikon database. Calculations are done with 

Microsoft Excel and the K-means clustering is performed in RStudio. 

 

P/E, P/B and P/CF ratios are calculated by dividing the stock price on the first trading day 

of the year with the most recent 12-month data available. This means that the price of a 

particular stock is divided by its’ earnings/cash flow/book value on the first trading day of 

the year. The used denominator is based on the most recently available 12-month data so it 

does not include the preceding year's Q4 data. This is because companies usually report Q4 

data between late January and March. Adjustments for splits and dividends are taken into 

account by using the stocks’ total return index. Dividends and stock splits are taken into 

account so that those are reinvested into the same company. In addition, an assumption is 

made that there are no transactions costs throughout this thesis.  

 

In the clustering phase, only companies that have generated positive cash flow and earnings 

during the last 12 months are considered viable options. Therefore, companies that have 

negative P/E and P/CF ratios are filtered out. This is because this thesis intends to construct 

a high-quality value portfolio and companies that have negative earnings do not fit that 

criterion. Companies that are not able to generate positive earnings and cash flow are 

therefore removed from the data each year. In addition, clear outliers are removed from the 
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data. This is because the K-means clustering works much more efficiently when the data 

does not contain outliers. Observations that deviate from the mean by more than three times 

the standard deviation are left out. Figure 3 shows the initial sample by year size and the 

sample size after these modifications are made. 

 

 

Figure 3: Initial sample size and the sample size after stocks with negative P/E or P/CF ratios 

and outliers have been removed from 2005 to 2021. 

 

Average sample size during the years 2005-2021 was 132. When companies had negative 

P/E or P/CF ratios at the beginning of the year, the average sample size was 92. It is worth 

noticing that previous studies focused on value anomalies in the Finnish markets (Leivo and 

Pätäri, 2009, 2011; Leivo, 2012b; Leivo et al., 2009; Pätäri and Leivo, 2009) did not filter 

out companies that were not able to generate positive earnings and cash flow. 

 

The chosen benchmark index was the Helsinki Stock Exchange Growth Index (OMXHGI). 

This index includes dividend returns and was, therefore, the best choice for the benchmark 

index. Figure 4 describes the benchmarks index returns. 
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Figure 4: OMXHGI return from 2005 to 2021 

 

The annual return of the benchmark index over the years 2005-2021 has been 7.30 %. The 

cumulative return has been a bit over 250 % over the sample period.  

 

 

4.2. Methodology 

The empirical part of this thesis focuses on constructing value portfolios with the K-means 

clustering algorithm and comparing returns with the benchmark index. Returns between a 

different number of clusters are also compared. The portfolio formation is described in this 

chapter.  
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Figure 5: Methodology of the thesis 

 

The first step in the research phase is the calculation of P/E, P/CF and P/B ratios for each 

stock. As previously mentioned, the financial ratios for stocks are calculated on the first 

trading day of a year. The most recent 12-month data is used as a denominator. If a stock has 

either a negative P/E or a P/CF ratio, it is removed from the sample. The next step in Figure 

5 involves the K-means algorithm. As an input each year, the K-means algorithm has the 

stocks with positive P/E, P/CF and P/B ratios. A different number of clusters is tested to see 

which one generates the best value portfolio based on risk-adjusted returns. Therefore, the k 

(number of clusters) in the algorithm has an input of three to ten. In this thesis, clustering 

performance is evaluated by the value portfolio’s returns. Nanda, Mahanty and Tawani 

(2010) measured clustering performance with different validity indexes, such as Calinski-

Harabasz and Silhouette. Also, Bini and Mathew (2016) measured clustering performance 

with the Silhouette method. So the approach of this thesis is a bit different since a different 

number of clusters are compared in terms of risk-adjusted value portfolio performance.  

 

In case the K-means algorithm produces results, that have more than one option as a value 

portfolio, the portfolio which has two out of three lowest financial ratios is chosen. For 

example, if a portfolio x has a lower P/E ratio than portfolio y and portfolio y has lower P/CF 

Analysis

Returns are evaluated on risk-adjusted-basis and compared to the benchmark index and 
between different value portfolios.

Clustering

The K-means algorithm chooses the value stocks and gathers a portfolio.

Financial ratios

Calculate P/E, P/CF and P/B ratios.
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and P/B ratios, portfolio y is chosen as a value portfolio. After the K-means algorithm has 

gathered the value portfolio, returns and performance metrics for the portfolio are calculated. 

Returns are calculated so that dividends are taken into account. Stocks are allocated to the 

value portfolio evenly so every stock has the same share in the portfolio. Sharpe ratio and 

Jensen alpha are also calculated to demonstrate risk-adjusted performance. The chosen risk-

free rate for this thesis was the 10-year German government bond. It represents the risk-free 

rate throughout Europe and was therefore chosen. Portfolio rebalancing is done at the start 

of each year from 2005 to 2021. The sample period is 17 years so it can be seen to produce 

valid and reliable results. When the value portfolios have been formed for each year, their 

performance can be compared against each other and the benchmark index.  

 

 

 

 

 

 

  



46 

 

5. Results 

The second to last chapter of this thesis introduces achieved results. In this chapter, the 

answer to the second research question is provided. Returns of different value portfolios with 

a different number of clusters are compared to each other and the benchmark index. In 

addition, previously introduced performance metrics are calculated for the portfolios. Also, 

based on the results over the sample period, the optimal number of clusters for this data is 

chosen. That number is used to measure the value portfolio’s performance against the 

benchmark index over the years 2018-2021.  

 

5.1. Value portfolios’ performance 

The subchapter of the results introduces how the value portfolios have performed over the 

sample period. In Figure 6, yearly returns of value portfolios are presented. For example, a 

number 3 means that over the years 2005 to 2021 three clusters have been constructed from 

the sample data. The one with the lowest financial ratios has been chosen as a value portfolio. 

Two years stand out in Figure 6: 2008 and 2009. In 2008, the world witnessed the subprime 

crisis that shocked financial markets all over the world and OMXHGI faced a 51 % decline 

in 2008. The following year indexes recovered from the crisis. Especially value investing 

strategy achieved great results in 2009. The average return of this thesis’ value portfolios in 

2009 was 109.41 % and the two smallest portfolios (number of clusters 9 and 10) achieved 

returns of 138.68 %.  



47 

 

 

Figure 6: Yearly returns from 2005 to 2021 of the benchmark index and value portfolios 

when 3-10 clusters are used in the clustering phase. 

 

From Figure 6 we can also see that 2011 and 2018 were poor in terms of returns. In 2011 

Europe witnessed a debt crisis when several nations especially in Souther Europe faced the 

fact that their bond rates increased significantly. This was due to increased debt levels and 

reckless economic policy by the nations. In 2018 stocks performed poorly due to Brexit and 

the trade war between the US and China to name a few reasons. In 2011 OMXHGI declined 

28 % and in 2018 it declined 4 %. 

 

Another noteworthy year for value portfolios was 2016. Portfolios that were the most 

concentrated on value stocks (portfolios constructed from 8-10 clusters) generated an 

average return of 7.54 % during 2016. Respectively, more diversified portfolios (portfolios 

constructed from 3-7 clusters) generated on average an annual return of  40.68 %.  Returns 

during other years are relatively the same. When interpreting the results, it is worth 

remembering that the sample consisted of only companies that had generated positive 

earnings and cash flow during the last 12 months.  As mentioned, the worst years for value 

portfolios were 2008, 2011 and 2018. On the other hand best years have been 2009, 2015 
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and 2021. Almost every year the bars in Figure 6 are skewed to the right which means that 

more concentrated portfolios have generated better returns. This indicates that the portfolios 

that have mostly value stocks in them, generate better returns. Annualized returns of value 

portfolios are presented in Table 4. 

 

Table 4: Annualized value portfolio returns by the number of clusters 

Clusters 3 4 5 6 7 8 9 10 

Return 19.68 % 24.22 % 25.35 % 25.78 % 28.87 % 28.79 % 30.27 % 29.38 % 

 

Based on raw returns, 7-10 initial clusters would be the best choice for a value investor. 

Differences in returns are minor when the number of clusters is 7, 8, 9 or 10. All returns have 

been high compared to previous literature on value investing in the Finnish markets. 

According to results presented by Leivo (2012), the best value portfolio generated an average 

annual return of 18.449 % over the period 1993-2009. However, it should be noticed that the 

periods are different between this thesis and Leivo’s research. One factor that certainly 

affects returns is the fact that this thesis only includes companies that have generated positive 

earnings and cash flow during the last 12 months before portfolios were constructed.  
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Figure 7: Cumulative returns from 2005 to 2021 of the benchmark index and value portfolios 

when 3-10 clusters are used in the clustering phase.  

 

When looking at the cumulative returns, the performance of the value portfolio constructed 

from 9 clusters stands out. The cumulative return of that portfolio was 8856.27 % from 2005 

to 2021. The second best portfolio was the one where 10 clusters were used in the clustering 

phase and the third used 8 clusters in the clustering phase. All value portfolios have clearly 

outperformed the benchmark index in cumulative returns. The smallest cumulative return 

was generated by the value portfolio that utilized 3 clusters and its cumulative return was 

2019.12 %. In comparison, the OMXHGI achieved a cumulative return of 255.22 %. 

 

A general trend in returns is that when the initial cluster amount is larger, returns increase. 

This is probably because the K-means algorithm is better able to detect the best value stocks 

when the amount of clusters increases. Value portfolios are then more concentrated on value 

stocks and do not include stocks with moderate financial ratios. When the k in the K-means 

clustering algorithm increases, it is better able to find stocks with low valuation multiples 

which has led to increased returns over the years 2005-2021. This is demonstrated in Figure 

8. Also, the average portfolio size decreases because the sample size is divided into a larger 

number of clusters. The interesting founding of this thesis is that the number of clusters had 
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to be relatively large to achieve the best returns. This might be explained by the fact that 

after a certain point (7 clusters in this thesis) the K-means algorithm has chosen the best 

value stocks and increasing the number of clusters does not increase returns significantly.   

 

 

Figure 8: Average portfolio size and annualized return for value portfolios during 2005-2021 

 

Furthermore, Figure 8 proves that the utilization of the K-means clustering approach was 

able to construct a well-diversified value portfolio consisting of high-quality stocks that 

generated high returns. Even a high number of initial clusters led to a situation where the 

value portfolio’s average size was 11 stocks over the 2005-2021 period. This fact reduced 

the likelihood that the value portfolio would be too centralized since 11 stocks offer a good 

diversification. Assuming that the stocks’ returns were not highly correlated, the overall risk 

of the value portfolio would decrease. It is crucial to remember that the average sample size 

during the 2005-2021 period was 92 which is relatively small. Therefore, these results could 

have been vastly different if the covered market would have been larger. 

 

Based on raw returns, a value anomaly has been present over the 2005 to 2021 period. This 

is further demonstrated in Table 5 which shows the average portfolio sizes and risk-adjusted-
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performance metrics. Based on Table 5, both the Sharpe ratio and Jensen’s alpha seem to 

increase when the value portfolio is more concentrated. This indicates that a value anomaly 

has been present in the Finnish markets over the sample period. It also indicates that by when 

a portfolio is large enough, its unsystematic risk is minimized, as suggested by the CAPM. 

 

Table 5: Portfolio sizes, Sharpe ratios and Jensen alphas by the number of clusters 

Clusters 3 4 5 6 7 8 9 10 

Portfolio size 50 45 34 27 19 16 13 11 

Sharpe ratio 0.64 0.78 0.78 0.85 0.93 0.88 0.94 0.93 

Jensen’s alpha 19.51 % 24.92 % 26.56 % 27.20 % 31.46 % 30.63 % 35.17 % 35.33 % 

 

Based on the Sharpe ratio and Jensen’s alpha the optimal number of clusters for this dataset 

would be 9 although the difference between 9 or 10 clusters is negligible. When 10 clusters 

are used, the value portfolio achieves a slightly better value for the Jensen’s alpha and a 

slightly smaller Sharpe ratio. However, annualized returns when using 9 clusters were 0.89 

% higher. Based on these findings, the optimal number of clusters has been nine for Helsinki 

Stock Exchange over the period 2005-2021 when the K-means clustering approach is 

utilized. The chosen value portfolio declined only once (2008) during the sample period. It 

was able to generate a small positive return in 2011 and 2018. This is important in terms of 

capital compounding because negative returns harm the compounding significantly. Also, in 

8/17 years this portfolio generated the best or equally good returns compared to other value 

portfolios. In Table 6, portfolios are ranked by the number of times they generated the largest 

returns during the 2005-2021 period. Portfolios constructed from 10 and 8 clusters 

performed nearly as well as the one constructed from 9 clusters. However, a value portfolio 

constructed from 9 clusters had the highest average return during the 2005-2021 period even 

though portfolios constructed from 8 and 10 clusters achieved higher returns more often. 
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Table 6: Portfolios ranked by returns during and average returns from 2005 to 2021. 

Cluster Average return in a year 

10 34.53 % 

8 33.16 % 

9 35.38 % 

7 33.28 % 

5 29.25 % 

4 28.00 % 

6 29.83 % 

3 22.80 % 

 

 

Table 7 includes the 15 most common stocks in the best-performing value portfolio over the 

years 2005-2021. The most common stock in the best value portfolio was Swedish 

teleoperator Telia, and the K-means algorithm ended up choosing Telia into the value 

portfolio almost every year. Table 7 also includes traditional industrial companies such as 

Neles and SSAB. What is common for all these stocks in Table 7 is the fact that they are 

rather cyclical in terms of their valuation. Naturally, growth companies with high valuation 

metrics are not included in Table 7 which proves that the K-means algorithm was successful 

at identifying value stocks. The frequency of the same stocks in value portfolios over the 

years is rather low since only 5 companies were in the best performing value portfolio over 

50 % of the sample period. This further elaborates the fact that the K-means algorithm was 

able to find stocks that had low valuation metrics during different years. 

 

Table 7: 15 most common stocks in the value portfolio that was constructed from 9 clusters 

over the years 2005-2021. 

Stock Times 

TELIA COMPANY 15 

NELES 14 

CRAMO 12 

NORDEA BANK 11 

DIGIA 9 

SIEVI CAPITAL 7 

SAGA FURS 7 

ELECSTER A 6 

PKC GROUP 5 

SSAB B 5 
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YIT 4 

BOREO 4 

HONKARAKENNE B 4 

TECHNOPOLIS 4 

ALANDSBANKEN B 4 

 

 

The results introduced in this subchapter indicate that the K-means algorithm was excellent 

at choosing value stocks from Finnish markets over the years 2005-2021. In addition, the 

value anomaly seems to be persistent in the Finnish markets over the sample period. This is 

in some terms consistent with the previous literature on value investing in the Finnish 

markets (Leivo and Pätäri, 2009, 2011; Leivo, 2012b; Leivo et al., 2009; Pätäri and Leivo, 

2009). This thesis does not use any single financial ratio to construct value portfolios. P/E, 

P/CF and P/B ratios are used in combination. In addition, the number of stocks in a value 

portfolio is determined by the K-means algorithm. Many previous studies on value investing 

divide stocks into a pre-determined number of groups by financial ratios. For example, Fama 

and French (2006) divided stocks into five groups and then formed the value portfolios. 

These notes should be kept in mind when comparing results. 

 

5.2. Value portfolio’s performance against the benchmark index during 2018-2021 

This subchapter backtests how well the value portfolio has performed against OMXHGI. 

The value portfolio is constructed out of 10 clusters.  This subchapter aims to analyze how 

the K-means approach to value investing would have performed over the 2018-2021 period. 

The number of clusters was 10 since that number of clusters had generated the best risk-

adjusted returns over the 2005-2017 period. As one can see from previously presented Figure 

7, the value portfolio constructed from 10 clusters had the best cumulative return over the 

2005-2017 period. Therefore, the test data indicated that the best option for a value portfolio 

would be the one that was constructed out of 10 clusters.  

 

In Figure 9 is the value portfolio’s return and portfolio size against the benchmark index. 

The number of stocks in the value portfolio gradually increases from 7 to 13 over the 2018-
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2021 period. This is explained by the fact that the K-means algorithm was able to find more 

stocks with attractive valuation metrics during different years.  

 

 

Figure 9: Value portfolio's return against OMXHGI over the 2018 to 2021 period. 

 

Over the 2018 to 2021 period the value portfolio annualized returns of 26.05 % while the 

benchmark index generated annualized returns of 11.74 %. The corresponding portfolio sizes 

were 7, 9, 12 and 13. The most common stocks in the value portfolio over this period were 

Telia, Honkarakenne, Incap, Alandsbanken and Oma Säästöpankki.  

 

Table 8: Value portfolio’s return, Sharpe ratio and Jensen’s alpha over the years 2018-2021 

Year Return Sharpe ratio Jensen’s alpha 

2018 1.92 % 0.21 1.17 % 

2019 56.33 % 1.72 56.79 % 

2020 44.88 % 0.82 45.85 % 

2021 9.37 % 0.09 1.84 % 

 

Table 8 introduces the value portfolio’s returns, Sharpe ratios and Jensen’s alphas during 

2018-2021. Table 8 demonstrates that especially the years 2019 and 2020 were important 
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for the value portfolio. Sharpe ratios and Jensen’s alphas in those years were very good 

which helped the value portfolio to outperform OMXHGI. However, the years 2018 and 

2021 were rather poor in terms of risk-adjusted-performance. This indicates that during those 

years, value stocks performed noticeably worse and that the volatility of returns has been 

high. 

 

According to these results, using the K-means algorithm to construct a value portfolio has 

produced excellent returns. The cumulative return with this strategy from 2018 to 2021 has 

been 152.47 % while the corresponding return for OMXHGI has been 55.90 %. Also, the 

average Sharpe ratio of 0.71 and average Jensen’s alpha of 26.41 % indicate great risk-

adjusted-performance. However, the choice of the value portfolio constructed from 10 

clusters ended up being suboptimal. As Figure 7 demonstrates, the value portfolio 

constructed from 9 clusters generated superior returns during the 2018 to 2021 period. Its’ 

cumulative return over the test period would have been 267.32  % which is considerably 

higher than the one generated by the value portfolio constructed from 10 clusters. In addition, 

the best value portfolio would have had a better Sharpe Ratio (1.15) and Jensen’s alpha 

(40.88 %). All in all, the methodology utilized in this thesis has therefore produced excellent 

results. Filtering out companies that are not able to generate positive earnings and cash flow 

and then utilizing the K-means algorithm in value portfolio construction seems to work well. 

The algorithm is able to construct a portfolio that includes high-quality value companies and 

that is reflected in the results.  

 

5.3. Analysis of the results 

As previously mentioned in this thesis, value anomalies have been found in different markets 

and time periods. In terms of Finnish markets, evidence of the P/E anomaly’s presence has 

been found most often (Booth et al., 1994; Leivo et al., 2009; Martikainen, 1992). However, 

more recent research suggests that the P/E anomaly has not been present in the Finnish 

markets (Leivo and Pätäri, 2011; Pätäri and Leivo, 2009). The evidence of  P/B and P/CF 

anomalies in the Finnish markets is weak. According to Kallunki’s (2000) results, the P/CF 

anomaly was found in the Finnish markets from 1975 to 1990. Subsequent research on P/CF 
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and P/B anomalies has not found proof of either P/CF or P/B anomaly’s existence in the 

Finnish markets (Leivo and Pätäri, 2009, 2011; Leivo, 2012b; Pätäri and Leivo, 2009). All 

in all, the results provided in existing literature lead to an inconsistent view of value 

anomalies' existence in the Finnish markets.  

 

One noticeable difference between the methodology of this thesis and academic literature is 

the filtering of companies when the value portfolio is formed by the K-means algorithm. 

When the goal is to maximize risk-adjusted returns, filtering out companies that did not 

generate positive earnings or cash flow during the previous 12 months is a sensible decision. 

This simple action reduces significantly the likelihood that severely financially distressed 

companies would end up in the value portfolio. Therefore, the overall risk is lower and the 

K-means will end up choosing attractively valuated stocks into the value portfolio. Another 

advantage of this approach is the fact that the K-means algorithm has three financial ratios 

available for its’ input data. The combination of P/E, P/B and P/CF ratios enables the K-

means algorithm to identify stocks that have desirable ratios in terms of cash flows, book 

values and earnings. This reduces the probability that for example a stock that has a very 

low P/B ratio but a high P/E ratio would end up in the value portfolio. The combination of 

three financial ratios makes it easier for the K-means algorithm to identify truly cheaply 

valued stocks. As previous literature from different markets (Bini and Mathew, 2016; 

Cheong et al., 2017) has suggested, the K-means clustering algorithm produced excellent 

results in stock picking also in the Finnish markets from 2005 to 2021. 

 

Based on returns, the strategy utilized in this thesis was very successful in the Finnish 

markets over the 2005-2021 period. The best portfolio’s annualized return of 30.27 % can 

be considered as an excellent result. The Sharpe ratio of 0.94 is also a good result in terms 

of risk-adjusted returns. In addition, Jensen’s alpha of 35.17 % is an exceptional result since 

this strategy was able to produce a significant amount of alpha over the 2005-2021 period. 

The annual return of this strategy is considerably better than the return generated by the 

value portfolio in a research conducted by Leivo and Pätäri (2009). The best performing 

value portfolio in that research generated an average annual return of 22.59 % with the 

Sharpe ratio of 0.3141. This suggests that filtering out companies that did not generate 
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positive earnings or cash flow during the previous 12 months, improves the value strategy’s 

returns drastically.   
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6. Conclusions and summary 

The goal of this thesis was to construct an automated method to choose value stocks using 

the K-means algorithm and measure how the strategy performs. In addition, the value 

anomaly’s existence and clustering in stock picking were evaluated based on the existing 

literature. Both of these goals were achieved in the thesis. The third chapter of this thesis 

offers a comprehensive overall view of value investing and the use of clustering in stock 

picking. According to the literature P/E, P/B and P/CF anomalies have been found in 

different markets. Literature offers evidence of value anomalies presence and also 

contradictory results since results vary between covered periods and markets. Compelling 

evidence of value anomalies global presence was provided by Fama and French (2012) in 

their research that covered 23 developed nations from 1989 to 2011. According to their 

results, a value anomaly was discovered in each market. Furthermore, also the evidence of 

clustering methods in stock picking is compelling in the existing literature (Affonso et al., 

2021; Muangprathub et al., 2020; Nanda et al., 2010). 

 

In terms of Finnish markets, evidence of P/E, P/CF or P/B anomalies is inconsistent (Booth 

et al., 1994; Leivo and Pätäri, 2009, 2011; Leivo, 2012b; Leivo et al., 2009; Martikainen, 

1992; Pätäri and Leivo, 2009). However, this thesis offers a new approach to value investing 

and portfolio formation. Pretty much every research paper mentioned in this thesis divides 

stocks to value portfolios based on some simple rule, like dividing stocks into terciles or 

quintiles. The K-means clustering approach used in this thesis offers a flexible method to 

identify value stocks. When the whole stock market’s valuation fluctuates over the years, 

this method can choose a different number of value stocks into the value portfolio.  

 

The first research question was formulated as: “What kind of results has value investing 

strategies earned and how the K-means algorithm has been used in stock picking according 

to the literature?” Based on the results of this thesis, value anomalies seem to be present 

across different markets and time periods although some of the results are inconsistent. 

Likewise, the use of K-means in stock picking has performed well according to existing 
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literature. The second research revolved around the application of K-means into OMXH data 

during the 2005 to 2021 period. The analysis performed in this study shows that the selected 

approach provided excellent results over the research period. The strategy generated risk-

adjusted excess returns and beat the benchmark index by a wide margin. 

 

The turnover of different stocks in the value portfolio was frequent when this approach was 

used for the Finnish markets over the years 2005-2021. This suggests that this approach was 

able to choose value stocks into the portfolio when they were valued inexpensively. This led 

to a situation where different stocks’ valuation metrics increased and thus provided high 

returns. The mean-reversion of valuation metrics has been suggested as a reason for value 

anomalies' existence in the literature (Bauman et al., 1998; Chiang, 2016; Fama and French, 

2007b; Lakonishok et al., 1994). Based on this thesis’ results and the frequent turnover of 

stocks in the value portfolio, it seems that stocks’ financial ratios recovered back to their 

average levels often.  

 

The strategy is easy to implement and follow since portfolio formation is automated by the 

K-means algorithm. In addition, the value portfolio needs to be rebalanced each year. It is 

worth noticing that the returns generated by this strategy would decrease if trading costs and 

taxes would be taken into account. Despite of that, the average annual return of 30.27 % is 

excellent, and the difference between the value strategy’s return and the OMXHGI is 

significant. 

 

Further research on this topic is hoped for. It would be interesting to see what kind of results 

would occur in different markets, such as the U.S. if this exact strategy would be 

implemented. It is worth noticing that the Finnish markets are relatively small and the results 

could be noticeable different. Different financial ratios could also be used or added in 

addition to the ones used in this thesis. A fascinating addition to this strategy would be to 

combine it with price momentum. As Bird and Casavecchia (2007) concluded in their 

research, a value portfolio’s performance can be improved by including stocks’ momentum 

into the value portfolio’s formation.   
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