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The objective of this research is to examine the performance of value and growth strategies 

by constructing portfolios with k-means clustering algorithm in the Nordic equity markets 

in 2005-2025. The empirical part of the research was conducted using quantitative research 

methods. All data was obtained from LSEG Workspace database. A total of 70 portfolios 

were constructed based on all possible combinations of three valuation multiples from the 

seven multiples, which were E/P, B/P, S/P, CF/P, dividend yield, ROE and EBITDA/EV. 35 

value and 35 growth portfolios were analysed from 1st of May 2005 to 1st of May 2025. The 

optimal number of clusters was defined as two using the silhouette method. The performance 

of the strategies was assessed with raw returns, Sharpe ratio, Treynor Index and Jensen’s 

alpha. Furthermore, this thesis aimed to answer how k-means clustering has been used in 

stock market research, and which valuation multiples have been the best performing in the 

earlier value anomaly research. 

According to the empirical results, growth stocks consistently outperformed value stocks 

and the MSCI Nordic Countries market index in the Nordic equity markets during 2005-

2025. The best seven growth portfolios achieved 3.51-4.12% excess returns, Sharpe ratios 

between 0.5178-0.5509 and Treynor indexes between 0.1219-0.1299. The positive excess 

returns of the best growth portfolios were statistically significant at the 5% significance 

level. 12 out of 35 value portfolios underperformed the market at the 1% significance level. 

Value and growth portfolios had lower standard deviation than the market index. The results 

are contrary to traditional value anomaly research but aligned with recent poor performance 

of value premium in the literature. K-means algorithm’s ability to form low volatility 

portfolios is aligned with the prior academic literature. 
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Tämän tutkimuksen tavoite on tutkia arvo- ja kasvusijoitusstrategioiden suoriutumista 

muodostamalla portfoliot k-means klusterointialgoritmilla Pohjoismaisilla 

osakemarkkinoilla 2005–2025. Tutkimuksen empiirinen osuus toteutettiin kvantitatiivisilla 

tutkimusmenetelmillä. Kaikki data hankittiin LSEG Workspace -tietokannasta. Yhteensä 70 

portfoliota muodostettiin perustuen kaikkiin kolmen tunnusluvun yhdistelmiin seitsemästä 

tunnusluvusta, jotka olivat E/P, B/P, S/P, CF/P, osinkotuotto, ROE ja EBITDA/EV. 35 arvo- 

ja 35 kasvuportfoliota analysoitiin 1.5.2005-1.5.2025. Optimaaliseksi klusterimääräksi 

määritettiin silhouette-menetelmällä kaksi. Strategioiden suoriutumista arvioitiin tuotoilla, 

Sharpe luvulla, Treynor indeksillä ja Jensenin alfalla. Lisäksi tämä tutkimus pyrki 

vastaamaan kuinka k-means klusterointia on käytetty osakemarkkinatutkimuksessa ja mitkä 

tunnusluvut ovat olleet parhaita suoriutumaan aikaisemmassa arvoanomalia tutkimuksessa. 

Tulosten perusteella kasvuosakkeet voittivat johdonmukaisesti arvo-osakkeet ja MSCI 

Nordic Countries -indeksin Pohjoismaisilla osakemarkkinoilla 2005–2025. Parhaat 

seitsemän kasvuportfoliota saavuttivat 3,51–4,12 % ylituoton, Sharpe luvut 0,5178–0,5509 

ja Treynorin indeksit 0,1219–0,1299. Parhaiden kasvuporfolioiden ylituotot olivat 

tilastollisesti merkitseviä 5 % merkitsevyystasolla. 12 arvoportfoliota 35:stä hävisi 

markkinalle 1 % merkitsevyystasolla. Arvo- ja kasvuportfolioilla oli alhaisempi 

keskihajonta kuin markkinaindeksillä. Tulokset ovat päinvastaisia perinteisen 

arvoanomaliatutkimuksen kanssa, mutta linjassa arvopreemion viimeaikaisen heikon 

suoriutumisen kanssa. K-means-algoritmin kyky muodostaa alhaisen volatiliteetin 

portfolioita on linjassa aikaisemman akateemisen kirjallisuuden kanssa. 
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1  Introduction 

Valuation multiples are utilized to standardize the value of a company relative to some metric 

like book value, sales or earnings. These ratios can be used to value a company relative to 

other firms. (Damodaran 2018, 105, 109) Academics and individual investors have 

constantly aimed to utilize different valuation multiples to identify value stocks to gain 

excess risk-adjusted returns compared to market index and growth stocks. According to 

efficient market hypothesis, stock prices follow random walk phenomena, which implies 

that excess returns cannot be made compared to randomly constructed portfolio (Malkiel 

2003). Therefore, it should not be possible to use valuation multiples in portfolio 

construction to outperform the market constantly if the efficient market hypothesis holds in 

practice. Anomalies also should vanish after discovery and usage, which motivates investors 

and academics to find different methods to exploit them. According to Pätäri & Leivo’s 

(2017) literature review, the best performing key valuation multiples to identify value stocks 

depends on the market and varies over time. 

Nanda, Mahanty & Tiwari (2010) reported that clustering methods could be used to group 

similar stocks together in portfolio construction. This raises a question whether it would be 

possible to utilize clustering approach to group value stocks together by combining different 

financial ratios to achieve risk-adjusted excess returns instead of using individual valuation 

multiple to classify value stocks. This thesis aims to contribute to value anomaly research 

by constructing value and growth portfolios with k-means clustering approach based on 

composite value measures in Nordic equity markets in 2005-2025. This study examines can 

this method achieve excess risk-adjusted returns for value portfolios compared to market 

return and growth portfolios in the Nordic equity markets in the abovementioned period. 

Additionally, the objective is to examine the prior results of academic literature on value 

anomaly and the application of k-means clustering in stock market research. 

1.1  Background and motivation 

The value anomaly research is a widely researched topic and has been examined for decades. 

According to Bird & Whitaker (2003, 221-223), different valuation multiples have been used 
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to rank stocks to construct value portfolio containing relatively cheap stocks to find 

mispriced stocks. Value stocks are typically companies that have not performed well in the 

recent past, and a value investor aims to benefit from the temporary mispricing of such stocks 

(Pätäri & Leivo 2017, 79-80; Bird & Whitaker 2003, 221-223). Traditional value investing, 

which is based on the ranking of the stocks by valuation multiples, has found that low P/E 

stocks perform better than high P/E stocks in terms of absolute returns and risk-adjusted 

returns (Basu 1977, 663, 680-681). Barbee, Jeong & Mukherji (2008, 7-9) found that low 

P/S was the only valuation multiple that outperformed growth stocks in a relatively 

consistent basis in the US stock market. Moreover, Barbee et al. (2008, 7-9) got similar 

results indicating that low P/B and P/CF multiples perform better than high P/B and P/CF. 

However, Leivo & Pätäri (2009, 84-85) found that S/P and B/P were the worst multiples for 

value portfolios and D/P was the best value portfolio in the Finnish stock market. The 

utilization of different valuation multiples and the combinations of the multiples to earn 

excess returns is not in line with both the efficient market hypothesis and the principle that 

anomalies should disappear after discovery and utilization. 

However, recent evidence has challenged the value premium. Bevanda, Zaimovic & Arnaut-

Berilo (2021, 268) explored that growth stocks have performed better than value stocks after 

the financial crisis in 2008, which might be caused by the low-interest rate environment or 

the strong performance of technology industry. Similar results of growth stocks performing 

better than value stocks were discovered after covid-19 pandemic (Monge, Lazcano & 

Parada 2023, 10-11). The underperformance of value portfolios is addressed by Arnott, 

Harvey, Kalesnik & Linnainmaa (2021) who adjusted the traditional B/P with intangible 

assets. After accounting of intangibles, the adjusted measure outperformed the traditional 

B/P measure (Arnott et al. 2021, 44, 61). This raises a question of whether the recent poor 

performance of value stocks is caused by the increasing significance of intangible assets in 

today’s business. Moreover, the recent underperformance of value raises another question 

that are the traditional methods already explored and have these methods been applied too 

frequently to generate excess returns. This would be aligned with the definition of anomaly. 

Hence, it supports the hypothesis that more complex methods might have to be exploited to 

capture the value anomaly. 

Elze (2010, 537) found that value stocks performed better than growth stocks in general in 

the European stock markets for both individual valuation multiple based portfolios and 
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composite value portfolios. Moreover, when capital return variables such as ROE were 

combined with valuation multiples the statistical significance of the value portfolio’s 

outperformance of growth stocks was even stronger without increasing the level of risk. 

(Elze 2010, 527,536-537) Similarly, Leivo & Pätäri (2009, 84-85) found that composite 

value measures and individual D/P portfolios were the best performing value portfolios in 

the Finnish stock market. This reinforces the hypothesis whether investors should use more 

complex information to better identify value stocks rather than individual valuation multiples 

since simple valuation multiples have been used for a long-time in academia and practice. 

Clustering is a technique which can be used to reveal structures in the data. The method 

divides the data to different clusters where similar observations are clustered together, and 

dissimilar observations are divided to other clusters. (Nanda et al. 2010, 8793) Nanda et al. 

(2010, 8793, 8798) observed that k-means clustering method was the best clustering method 

to form clusters based on Indian stock market valuation multiple and price data. The 

methodology has also been used in portfolio optimization research. Boloș, Rusu, Leordeanu, 

Sabău-Popa, Perțicaș & Crișan (2025, 1, 25-27) used k-means clustering algorithm to 

construct portfolios based on profitability, liquidity and solvency measures, which considers 

investors risk tolerance. (Bolos et al. 2025, 1, 25-27) A method that classifies items based 

on similarity, can be used to identify value stocks based on different valuation multiples. 

The algorithm is machine learning based which indicates that it notices patterns between 

input variables that are or could be impossible for a regular investor to recognize. Therefore, 

its applicability in value portfolio formation is reasonable to research in the context of 

Northern European stock markets. Moreover, Gu, Kelly & Xiu (2020, 2269-2270) 

demonstrate that machine learning methods detect nonlinear interactions that traditional 

linear based models ignore. K-means is a machine learning technique, which can be used to 

recognize patterns from the data and learn relationships among variables. Moreover, 

different machine learning methods are increasingly important in today’s world of finance. 

(Aslam, Bhuiyan & Zhang 2023, 1-2) This observation further supports the use of k-means 

clustering in value stock identification since it can recognize patterns from the input data. 

This thesis fills the research gap on the implementation of k-means clustering approach in 

the Nordic stock markets with a new and wide timespan from 2005 to 2025. The wide time 

period ensures that value anomaly is properly researched with k-means in different economic 

cycles and during different crisis periods. This is especially interesting since Bevanda et al. 
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(2023) and Monge et al. (2021) have acquired results about the recent poor performance of 

value after different crises and during low-interest rate period. Therefore, this thesis aims to 

update the information of the value anomaly’s risk-adjusted performance in the Nordic stock 

market in 2005-2025. Moreover, this thesis aims to increase the knowledge of the utilization 

of unsupervised machine learning method k-means clustering in terms of risk-adjusted 

performance in value anomaly research in the Northern Europe. Most of the academic 

research on the application of k-means in portfolio construction is conducted based on Asian, 

American or Middle Eastern data as explained in more detail later in chapter 3.2. Traditional 

value anomaly research is more widespread to Northern America, Europe and Asia as is 

demonstrated in chapter 3.1. According to Pätäri & Leivo’s (2017, 144-154) literature 

review, composite valuation ratio research has used different methods such as average 

ranking and linear models to build portfolios based on combinations of valuation multiples. 

Hence, this research also contributes to the existing academic literature by employing k-

means clustering approach to construct the portfolios based on combinations of several 

selected valuation multiples rather than using traditional linear or average ranking-based 

approaches in composite value portfolio research in the Nordic equity markets. 

1.2  Research objective and research questions 

The aim of this research is to examine the performance of k-means clustering approach in 

the Nordic equity markets in 2005-2025. The performance is measured in terms of absolute 

returns and risk-adjusted return measures. The objective is to find out whether excess risk-

adjusted return can be achieved with value stocks compared to market index and growth 

stocks by applying k-means clustering in the portfolio formation based on the Nordic equity 

market data in 2005-2025. These research objectives are answered with two main research 

questions. The first research question (i) is shown below: 

i) Which key valuation ratios have been identified as the best performing indicators in earlier 

value anomaly research, and how k-means clustering method has been utilized in stock 

market research according to previous academic literature? 

The first research question aims to identify the earlier findings of the academic literature 

regarding the use of k-means clustering in stock market research and the findings of the 

earlier value anomaly research. Moreover, it provides insight, which valuation multiples 
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have been best performing according to earlier academic research. It is used to justify the 

empirical framework for the second research question (ii) and to summarize the findings of 

earlier research. The second research question is presented below: 

ii) How stock portfolios constructed using the k-means clustering algorithm perform in terms 

of risk-adjusted returns and which key valuation ratio combinations would have yielded the 

best risk-adjusted returns in the Nordic equity markets in 2005-2025 based on the data? 

The second research question aims to examine the risk-adjusted performance of the value 

and growth portfolios constructed with k-means clustering based on the Nordic equity 

market data in 2005-2025. Additionally, the second research question provides insight which 

combinations of valuation multiples form the best risk-adjusted performance of the 

portfolios compared to market index in Nordic equity market in 2005-2025. Moreover, the 

value and growth portfolios are compared between each other. The above-mentioned 

research questions are used to address the objectives of this master’s thesis and contribute to 

the existing value anomaly research from the Finnish investors point of view. 

1.3  Data and methodology 

This thesis applies quantitative research methods to fulfil the research objectives and answer 

the research questions. The study period of the research is 1.5.2005-1.5.2025, which was 

selected to capture different economic trends and crises in the data. The time period contains 

crises such as the global financial crisis in 2008, euro crisis, covid-19 pandemic and the 

Russia-Ukraine war. Wide timespan increases reliability of the results since the performance 

of the portfolios is measured in different macroeconomic situations and crises. All of the 

quantitative data used in this thesis was obtained from LSEG Workspace database. Firstly, 

the data was partly pre-processed in Microsoft Excel after which it went under further 

preprocessing and was analysed in Python in Jupyter Notebook environment. 

The data consists of different selected valuation multiples and stock price data from Nordic 

equity markets. The financial ratio data is used to perform the clustering of the stocks into 

value and growth portfolios based on the valuation ratios. The valuation multiples employed 

in this thesis are E/P, B/P, S/P, CF/P, D/P, ROE, EBITDA/EV. The data of the key financial 

ratios is used as an input data for the k-means clustering algorithm, which divides the stocks 
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into value and growth stock portfolios. 70 portfolios are constructed by assessing all different 

combinations of three valuation multiples from the seven multiples mentioned earlier. The 

stock price data is used to calculate the absolute return and risk-adjusted return measures for 

the constructed portfolios. Moreover, the MSCI Nordic Countries Index serves as a 

benchmark market index for the value and growth portfolios in this thesis and 1-year Euribor 

is used as a risk-free rate. MSCI Nordic Countries Index contains stocks from Sweden, 

Denmark, Finland and Norway (MSCI 2026). Moreover, all of the data used in this thesis 

are denominated in euros since the study is conducted from the viewpoint of a Finnish 

investor. 

After all the required data is collected, the data is pre-processed in Python before performing 

the k-means clustering. The k-means clustering algorithm is used to divide the Nordic stocks 

to value and growth portfolios, which are compared between each other and to market index. 

The portfolios are also rebalanced once a year. Daily stock price data is used for calculating 

the returns and risk-adjusted returns of the portfolios, which are used to answer to research 

questions. K-means clustering method is used in this thesis following the observation of 

Nanda et al. (2010), who discovered that K-means clustering forms clusters in a more 

compact way compared to self organizing maps (SOM) and fuzzy c-means methods in the 

context of stock clustering. The risk-adjusted return measures applied in this thesis are 

Treynor index, Sharpe ratio and Jensen’s alpha. Chapter 4 provides a more throughout and 

detailed view of the data, descriptive statistics of the data and methodology of the empirical 

part. 

Some key limitations must be acknowledged regarding the empirical part of this research. 

The reliability and quality of the quantitative data obtained in this master’s thesis depends 

on LSEG Workspace’s data quality. Simplifications related to the currency denomination 

are required in order to construct portfolios containing stocks from all Nordic countries 

simultaneously. Thus, the data in this thesis is euro denominated since the study is conducted 

from the Finnish investor point of view. This thesis excludes the stock market of Iceland 

from the sample following Grobys & Huhta-Halkola’s (2019) research because of low 

number of stocks and low volume of trading. This thesis does not consider transaction costs 

following Boloș et al. (2025) research. Additionally, taxes are not considered and dual listing 

were excluded. Following Grobys & Huhta-Halkola (2019) financial companies are 

excluded from the sample and the data is denominated in euros. The size of the companies 
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included in the sample was not controlled, which may influence the results. The optimal 

number of clusters was defined as 2, which is discussed in more detail in chapter 4.2. Lastly, 

the portfolio assessment period is 1.5.2005-1.5.2025 but valuation multiple data is gathered 

from 1.5.2004-1.5.2025 to avoid look-ahead bias.  

1.4  Structure of the research 

The first chapter of this master’s thesis introduces the research topic, research objectives and 

research questions, which are used to fulfil the research objectives. Moreover, the first 

chapter gives reasoning why this research is important and briefly introduces the limitations, 

data and methodology, and the structure of this thesis. Second chapter presents the 

theoretical background related to value investing multiples, risk-adjusted return measures 

and k-means clustering. Third chapter contains a literature review of the value anomaly 

research conducted in the academic literature and the use of k-means clustering in stock 

market research. Third chapter summarizes the results of the literature review into two tables 

which depicts the most important findings from the previous academic research. Fourth 

chapter of this thesis discusses the data and its descriptive statistics in more detail. 

Additionally, the fourth chapter introduces the methodology in more detail. Fifth chapter 

introduces the results of the empirical part in detail. Firstly, general and average results of 

the portfolios are discussed after which the value and growth strategies are compared to 

market benchmark and between each other. Furthermore, the top performing portfolios are 

discussed, and the results are compared to previous findings of the academic literature in the 

end of chapter 5. Lastly, the conclusions and summary are made based on the results. In 

chapter 6, the research questions are answered, both possible limitations and further research 

topics are discussed.  
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2  Theoretical background 

This chapter introduces the theoretical background of this thesis. Firstly, the theory behind 

different valuation multiples applied in value investing is discussed. Secondly, the theory 

background of the risk-adjusted returns is introduced. Thirdly, the logical framework of k-

means clustering method is discussed in more detail. 

2.1  Valuation multiples in value anomaly research 

Value investor has to use some method to assess the value of the stocks he might be 

interested to invest. One of the possible methods is to employ different valuation multiples 

that indicate the relative value of the firm. Value anomaly investment strategies typically 

utilize various valuation multiples to rank stocks based on which the investment portfolios 

are constructed by preferring the inexpensive common stocks (value stocks) relative to 

expensive (growth stocks) ones (Bird & Whitaker 2003, 222-223). This chapter 2.1 briefly 

discusses the theory behind the valuation multiples that are used in the empirical part of this 

thesis, which is described more in detail in chapter 4. The valuation multiples are P/E, P/B, 

P/S, P/CF, P/D, EV/EBITDA and ROE. In the empirical part the valuation multiples are 

converted to yield format, which is justified in chapter 4. This chapter briefly explains the 

pros and cons of the valuation multiples used in the empirical part. 

2.1.1  Price-to-earnings ratio (P/E) 

Price-to-earnings ratio (P/E) is one of the most used variables in value anomaly research. It 

can be calculated either by dividing the current market price of the stock with earnings per 

share (EPS) or by dividing the market capitalization by net income. The ratio describes the 

relative market-based valuation of the firm based on reported earnings. According to 

Damodaran (2018, 109-112), utilizing earnings per share based on the last four quarters is 

used to calculate a trailing P/E and incorporating expected earnings per share in the 

calculation is called forward P/E. The formula for current P/E is shown below: 
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𝑃

𝐸
=

𝑃𝑟𝑖𝑐𝑒 𝑜𝑓 𝑎 𝑠𝑡𝑜𝑐𝑘

𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑝𝑒𝑟 𝑠ℎ𝑎𝑟𝑒 (𝐸𝑃𝑆)
 

Typically, high past earnings growth results to higher P/E values (Nezlobin, Rajan & 

Reichelstein 2016, 442). Price-to-earnings ratio has also drawbacks. Firstly, it cannot be 

defined for companies that have negative earnings (Damodaran 2018, 117). Moreover, one 

is not able to compute the P/E ratio if the earnings are zero since the ratio is discontinuous 

(Nezlobin et al. 2016, 463). However, the problem related to negative earnings can be 

avoided by using the inverse of P/E ratio, which is also known as E/P or earnings yield 

(Damodaran 2018, 118). Another problem with P/E ratio is that the multiple is prone to 

earnings management since it is based on EPS or net income. Moreover, it does not consider 

the amount of debt. Value stocks typically have low (high) P/E (E/P) and growth stocks have 

high (low) P/E (E/P). According to Damodaran (2018, 122), risk level of the company 

decreases the P/E multiple and expected growth increases it. 

2.1.2  Price-to-book ratio (P/B) 

Price-to-book ratio (P/B) is also one of the most used valuation multiples in value anomaly 

research. It can be calculated by dividing the current market price of a stock with book value 

per share or by dividing the market capitalization of the company with book value of the 

company. The P/B multiple describes the relative market valuation of the firm based on its 

book value. The common formula for P/B ratio is shown below: 

𝑃

𝐵
=

𝑃𝑟𝑖𝑐𝑒 𝑜𝑓 𝑎 𝑠𝑡𝑜𝑐𝑘

𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑝𝑒𝑟 𝑠ℎ𝑎𝑟𝑒 (𝐵𝑃𝑆)
 

According to Nezlobin et al. (2016, 439), the normal value for P/B is 1 and both future 

expectations and conservative valuation of the assets keep the ratio above 1. The P/B ratio 

of 1 also means that the market price of a stock is as valuable as its book value. If the P/B 

ratio is below 1, it means that investor can buy the company in relatively lower price than 

its book value. If P/B is above 1, the markets assume its value to be above the book value of 

the company. According to Branch, Sharma, Chawla & Tu (2014, 73-74), the market views 

the company’s future more auspicious the higher the value of the price-to-book ratio. The 

lower the value of P/B, the greater the risk of possible bankruptcy (Branch et al. 2014, 73-

74). Moreover, the expected growth increases the P/B ratio, risk decreases it and return on 

(1) 

(2) 
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equity ratio (ROE) increases it (Damodaran 2018, 122). Branch et al. (2014, 88-91) also 

confirm that based on their results, profitability variables explain the most about the P/B 

ratio’s variability. Penman & Reggiani (2013, 1021, 1046-1047) found that B/P (book-to-

price) signal the risk related to buying earnings growth. The inverse of P/B can be described 

as follows in the value anomaly context. Higher B/P indicates value stocks and lower B/P 

indicates growth stocks. 

There are also downsides to using P/B ratio. The book value is affected by accounting 

principles, which can make comparisons between different companies and markets difficult. 

Even if the companies used the same accounting standards, still the way those standards are 

applied to their accounting, can differ between companies and markets. (Damodaran 2018, 

110, 113-114) Alongside with the issue of comparability between P/B values across different 

accounting standards and markets, the intangible assets also raise an issue in interpretation 

of P/B ratio. Intangible assets are increasingly important in today’s business but all of them 

are not visible in the balance sheet. Growth companies typically have more intangible assets 

than value companies which is why P/B ratio might not be appropriate to assess their relative 

valuation. According to Arnott et al. (2021, 44, 61), the traditional book-value-to-price (B/P) 

fails to exploit the intangible assets in value anomaly research. 

2.1.3  Price-to-sales ratio (P/S) 

Price-to-sales ratio (P/S) can be calculated by dividing the current price of the share by 

revenue per share (SPS) or by dividing the market capitalization of the company with its 

revenue. This multiple describes the relative valuation of a company to its sales. The 

calculation formula for P/S ratio is shown below: 

𝑃

𝑆
=

𝑃𝑟𝑖𝑐𝑒 𝑜𝑓 𝑎 𝑠𝑡𝑜𝑐𝑘

𝑆𝑎𝑙𝑒𝑠 𝑝𝑒𝑟 𝑠ℎ𝑎𝑟𝑒 (𝑆𝑃𝑆)
 

This valuation multiple is less prone to different accounting principles compared to 

previously discussed P/E and P/B. Moreover, P/S is more comparable across industries and 

countries even though they might have different accounting principles. Revenue is also a 

robust basis for a valuation multiple because it is not inherently negative. Thus, it can be 

applied to value economically distressed and young companies. The negative side of P/S 

ratio is that it does not consider the amount of debt of the firm. Hence, a stock might seem 

(3) 
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cheap in terms of P/S and expensive or overpriced in terms of some other multiple that 

considers the debt level of the company. The net margin and expected growth increase the 

P/S ratio while risk decreases it. However, even P/S multiple cannot be used if the company 

does not have revenue, which can be the situation for very young companies. (Damodaran 

2018, 110, 113, 122, 267-268) According to Senchack & Martin (1987, 47), P/S can be used 

even if company is not profitable whereas P/E cannot be used. Moreover, sales are usually 

more forecastable and stable compared to earnings. (Senchack & Martin 1987, 47) E/P and 

B/P valuation multiples tend to have more attention among investors and analysts compared 

to S/P or CF/P multiples (Barbee et al. 2008, 2). Value stocks typically have low P/S ratio 

whereas growth stocks have high P/S. 

2.1.4  Price-to-cash-flow ratio (P/CF) 

Price-to-cash-flow ratio (P/CF) describes the relative market valuation of a company to its 

cash flows. It is calculated by dividing the price of the share by cash flow per share (CFPS). 

The price-to-cash-flow formula is shown below: 

𝑃

𝐶𝐹
=

𝑃𝑟𝑖𝑐𝑒 𝑜𝑓 𝑎 𝑠𝑡𝑜𝑐𝑘

𝐶𝑎𝑠ℎ 𝑓𝑙𝑜𝑤 𝑝𝑒𝑟 𝑠ℎ𝑎𝑟𝑒 (𝐶𝐹𝑃𝑆)
 

Cash flows tend to be less volatile and typically positive, whereas earnings can be negative 

(Lakonishok, Shleifer & Vishny 1994, 1563). Benefit of using cash flows is that cash flows 

are not prone to different accounting methods in the same way as traditional E/P and B/P 

valuation multiples (Barbee et al. 2008, 2). According to Lakonishok et al. (1994, 1548), 

high (low) CF/P has typically low (high) expected growth rate of cash flow. Additionally, 

CF/P valuation multiple has also been used to achieve larger return spreads than with high 

B/P or E/P multiple values (Barbee et al. 2008, 1). The P/CF multiple values also have 

different industry tendencies. For example, companies operating in capital intensive 

industries typically have much lower P/CF value compared to software companies 

(Morningstar 2026). Value stocks have typically low P/CF and growth stocks 

correspondingly high P/CF. 

(4) 
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2.1.5  Price-to-dividend ratio (P/D) 

Price-to-dividend ratio describes the relative valuation of the company compared to its 

dividend. It is calculated by dividing the price of the share by dividend per share (DPS). The 

formula of P/D is shown below: 

𝑃

𝐷
=

𝑃𝑟𝑖𝑐𝑒 𝑜𝑓 𝑎 𝑠𝑡𝑜𝑐𝑘

𝐷𝑖𝑣𝑖𝑑𝑒𝑛𝑑 𝑝𝑒𝑟 𝑠ℎ𝑎𝑟𝑒 (𝐷𝑃𝑆)
 

One of the drawbacks of the P/D valuation ratio is that it cannot be calculated for non-

dividend paying stocks. Thus, it assumes that companies pay a dividend, which may not be 

the case for some of the growth companies or companies that are financially distressed and 

are not able to pay a dividend currently. Hence, it considers only the companies that pay 

dividend, which might exclude stocks that other valuation multiples consider. Moreover, 

changes in the dividend policy of the company affect to this multiple. Dividends are also 

only one way to payout excess cash to shareholders since it can be done also through share 

repurchases (Grullon & Michaely 2002, 1652). Thus, P/D valuation multiple is only able to 

capture if the excess cash is distributed in dividends and not in share repurchases. This is 

one drawback of this valuation multiple. Share repurchases have tax advantages compared 

to dividends, which have resulted to increasing usage of the stock repurchases (Grullon & 

Michaely 2002, 1649-16511, 1682-1683). This might also affect to companies’ decisions 

regarding excess cash distribution methods. Share repurchases are also a way for the 

management to signal their view about the possible undervaluation of the company’s stock 

price (Koller, Goedhart & Wessels 2020, 654). 

However, in Finnish stock market it was the best individual valuation multiple in value 

portfolio formation based on Leivo and Pätäri’s (2009, 84-85) research. In general D/P 

valuation multiple has been the weakest multiple in value premium studies conducted in 

USA and the evidence supporting the use of D/P multiple in value stock investing is from 

small European national stock markets (Pätäri & Leivo 2017, 118-119). Even though P/D 

ratio has not been the best indicator of value premium, it is still reasonable to examine it in 

the Northern European context of this research. Low (High) P/D ratio values typically 

indicate value (growth) stocks. 

(5) 
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2.1.6  EV/EBITDA 

Enterprise value to EBITDA multiple compares a company’s operating earnings before 

interest, taxes, depreciation and amortization to enterprise value (EV) (Loughran & Wellman 

2011, 1629). Value (growth) stocks typically have low (high) EV/EBITDA multiples. 

According to Loughran & Wellman (2011), the formula for the EV/EBITDA multiple is: 

𝐸𝑉

𝐸𝐵𝐼𝑇𝐷𝐴
=

𝐸𝑞𝑢𝑖𝑡𝑦 𝑣𝑎𝑙𝑢𝑒 + 𝑑𝑒𝑏𝑡 + 𝑝𝑟𝑒𝑓𝑒𝑟𝑟𝑒𝑑 𝑠𝑡𝑜𝑐𝑘 − 𝑐𝑎𝑠ℎ

𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑏𝑒𝑓𝑜𝑟𝑒 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡, 𝑡𝑎𝑥𝑒𝑠, 𝑑𝑒𝑝𝑟𝑒𝑐𝑖𝑎𝑡𝑜𝑛 & 𝑎𝑚𝑜𝑟𝑡𝑖𝑧𝑎𝑡𝑖𝑜𝑛
 

One of the reasons of the popularity of the ratio is the ability to compare with companies 

with different leverage levels (Loughran & Wellman 2011, 1630). Moreover, EBITDA is 

more precise to value a company than EBIT (Lie & Lie 2002, 44, 53). It eliminates the 

financial structure of the company because EBITDA does not include taxes, interest or non-

cash expenses. Thus, it gives a clear picture about cash generation ability before considering 

leverage levels. The abovementioned is also the reason why it has received critique about 

making earnings look better than they really are after considering leverage. (Block 2010, 8-

9) According to Damodaran (2018, 122), expected growth and return of capital (ROC) 

increase EV/EBITDA multiple whereas taxes, risk and reinvestment rate decreases the ratio. 

2.1.7  Return on equity (ROE) 

Return on equity ratio (ROE) indicates the percentage proportion of net income generated 

on equity. According to Damodaran (2018, 52), the formula for return on equity is the 

following: 

𝑅𝑂𝐸 =
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒𝑡

𝐵𝑜𝑜𝑘 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦𝑡−1
 

Return on equity as a valuation multiple is used to assess the company’s ability to add value 

for the equity capital invested by its shareholders. (Yritystutkimus ry 2017, 68) Thus, it 

describes how economically profitable the business is in the investors point of view, and it 

can be assessed by comparing it to cost of equity. (Kallunki 2022, 105, 109) The Dupont 

analysis of ROE ratio in USA, Japan and Germany indicated that the most important variable 

explaining ROE is net profit margin in the manufacturing industry (Weidman, McFarland, 

(6) 

(7) 
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Meric & Meric 2019, 445, 449-450). The higher (lower) the value of ROE ratio the more 

(less) profitable the company is. Increase in ROE ratio also increases the P/B ratio and vice 

versa (Damodaran 2018, 122). 

According to Damodaran (2007, 11-12), ROE is relatively low for companies that have 

remarkable cash balances because cash earns both low and riskless returns. Moreover, ROE 

can also be negative because economically distressed companies can have negative equity 

according to balance sheet. One drawback of ROE is that it is sensitive to different 

accounting principles and different tax rates because the ratio is composed of net income 

and equity’s book value. (Damodaran 2007, 11-14) Thus, different tax rates between markets 

may affect to the comparability of ROE between different stock exchanges. However, 

despite the possible limitations ROE ratio has been used in value anomaly research. For 

example, Elze (2010, 536-537) found that when combining ROE with other valuation 

multiples, it performs better compared to constructing value and growth portfolios based on 

only ROE ratio. According to Lakonishok et al. (1994, 1576), glamour stocks have 

performed usually better in the past and are not likely to be financially distressed in short 

term future. On the other hand, value stocks have done poorly and might be facing financial 

distress in the future. (Lakonishok et al. 1994, 1576) Hence, it can be reasoned that growth 

shares typically have larger ROE than value stocks. 

2.2  Risk-adjusted return measures 

In this subchapter 2.2 the theory background of the risk-adjusted return measures is 

introduced. The risk-adjusted return measures are employed in the empirical part to assess 

the performance of the constructed value and growth portfolios. Firstly, Sharpe ratio is 

introduced, which is followed by the Treynor’s index. Lastly, Jensen’s alpha is discussed. 

2.2.1  Sharpe ratio 

Sharpe ratio is a risk-adjusted return measure introduced by Sharpe (1966). It describes the 

excess return per one risk unit, which is often annualized (Sharpe 1994, 49-52). According 

to Israelsen (2005, 423), Sharpe ratio uses volatility to adjust the performance of an 

investment to excess return. The excess return is the return over the risk-free rate, which can 
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be either positive or negative. (Israelsen 2005, 423) The formula for Sharpe ratio is shown 

below: 

𝑆ℎ𝑎𝑟𝑝𝑒 𝑟𝑎𝑡𝑖𝑜 =
𝑅𝑝 − 𝑅𝑓

𝜎𝑝
 

where 𝑅𝑝 is the return of the portfolio, 𝑅𝑓 is the risk-free rate and 𝜎𝑝 is the standard deviation 

of the portfolio. The higher the excess return (𝑅𝑝 − 𝑅𝑓) compared to risk (𝜎𝑝), the more 

favourable the portfolio seems on a risk-adjusted return basis. Sharpe ratio’s risk is based on 

both systematic and unsystematic risk, which are included in a portfolio. According to 

Mokkelbost (1971, 785), systematic risk is the portfolio’s covariation with market return 

whereas unsystematic risk is based on individual companies in a portfolio. The unsystematic 

risk can be diversified away but systematic risk is present even if the portfolio is diversified 

properly. The standard deviation includes the first and the latter risks. (Ben-Horim & Levy 

1980, 289) The standard deviation also includes the possible unsystematic risk if the 

portfolio is not properly diversified. Thus, it is a valid risk-adjustment measure since it 

considers both aspects of the mentioned risk related to portfolios. Therefore, it is a 

reasonable risk-adjustment measure for portfolio performance assessment. 

Sharpe ratio is independent of market portfolio and the capital asset pricing model (CAPM), 

which has many underlying theoretical assumptions (Pedersen & Rudholm-Alfvin 2003, 

153). However, the Sharpe ratio has also a couple of drawbacks and assumptions. First of 

all, the Sharpe ratio does not consider correlations between assets (Sharpe 1994, 57). 

Secondly, the reliability of Sharpe ratio decreases if the excess return component (𝑅𝑝 − 𝑅𝑓) 

is negative (Israelsen 2005, 423). Thirdly, the Sharpe ratio is based on historical values and 

can’t be utilized to ex post performance evaluation. The Sharpe ratio requires assumptions 

about the trade-off between risk and return and assumes both equal borrowing and lending 

rates for the investors. (Ang & Chua 1979, 361-362) Additionally, presence of 

autocorrelation and violation of normal distribution following returns and declining market 

conditions, can affect to the reliable usage of the Sharpe ratio (Ledoit & Wolf 2008, 851). 

Sharpe ratio does not compare the risk-adjusted performance to any benchmark (Chua & 

Koh 2007, 1361). Despite, the assumptions and cons the regarding the measure, it is still a 

popular tool to assess the excess return of a portfolio to its total risk captured by standard 

deviation. 

(8) 
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2.2.2  Treynor’s index 

Treynor’s index was firstly introduced in 1965 by Jack Treynor. According to Treynor 

(1965, 66), the risk of a portfolio can be divided to market fluctuation and fluctuation of an 

individual security. If the diversification is done properly, the deviation from individual 

securities tends to disappear whereas general market risk cannot be diversified. (Treynor 

1965, 66) Treynor’s index measures the risk-adjusted performance relative to undiversifiable 

systematic risk (Pedersen & Rudholm-Alfvin 2003, 154). The formula for the Treynor’s 

index is the following: 

𝑇𝑟𝑒𝑦𝑛𝑜𝑟′𝑠 𝑖𝑛𝑑𝑒𝑥 =
𝑅𝑝 − 𝑅𝑓

𝛽𝑝
 

where 𝑅𝑝 represents the return of the portfolio, 𝑅𝑓is the risk-free rate and 𝛽𝑝 is the beta 

coefficient of the portfolio. Treynor’s index indicates the excess return earned for a unit of 

systematic risk (Chua & Koh 2007, 1360). The larger the excess return per unit of systematic 

risk, the better risk-adjusted performance the portfolio has. Treynor’s index differs from 

Sharpe ratio in terms of the type of risk. The Sharpe ratio measures the excess return to the 

total risk whereas Treynor’s index measures excess return to non-diversifiable risk (Caporin, 

Jannin, Lisi & Maillet 2014, 920-922). According to Caporin et al. (2014, 922), the 

Treynor’s index assumes that the portfolio is diversified perfectly and assesses the 

performance of the portfolio solely to market risk. Moreover, the Treynor index considers 

leverage in the risk-adjusted return assessment and considers market index as a benchmark 

(Chua & Koh 2007, 1360-1361). Investor can leverage a position in a stock portfolio since 

the investor can borrow at risk-free rate and sell the risk-free bond to invest the funds back 

to the stock portfolio, which Treynor index captures (Morey & Morey 2000, 130).  

The Treynor’s index has also some limitations and it has faced critique. One of the critiques 

is the application of beta coefficient as a measure of systematic risk and the ignorance of 

unsystematic risk (Chua & Koh 2007, 1360-1361). Moreover, Treynor’s index assumes 

systematic risk is constant over time (Caporin et al. 2014, 922). However, according to 

Tofallis (2008, 1360), the beta is not constant over time. One should also notice that the 

value of beta is also dependent on the selected market index as a representation of the market 

return. Thus, it can affect to the validity of Treynor’s index interpretation if the market index 

is not chosen correctly. The Treynor index evaluates the return to systematic risk, which is 

(9) 
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why it assumes that investors diversify the portfolios before assessing the risk-adjusted 

performance of the portfolios. According to Ang & Chua (1979, 361-362), the Treynor index 

among other composite risk-adjusted return measures is biased to the fact that it assumes 

equal borrowing and lending rates to all investors. 

2.2.3  Jensen’s alpha 

The Jensen’s alpha was first introduced by Jensen (1968) in his research paper about the 

performance of mutual funds. Jensen’s alpha is a risk-adjusted return measure, which is the 

intercept of the regression for capital asset pricing model (CAPM) (Chua & Koh 2007, 

1360). Jensen’s alpha depicts the amount of excess return compared to the expected return 

based on capital asset pricing model. The higher the value of the alpha in Jensen’s formula, 

the better performing portfolio is. (Caporin et al. 2014, 925) Moreover, the Jensen’s alpha 

has also beta as a measure of systematic risk between the portfolio and market return 

(Caporin et al. 2014, 925; Pedersen & Rudholm-Alfvin 2003, 154). Jensen’s alpha can also 

be applied to calculate the amount of money, which was achieved for outperforming in risk-

adjusted terms (Pedersen & Rudholm-Alfvin 2003, 154). The formula for the Jensen’s alpha 

is the following: 

𝑅𝑝 − 𝑅𝑓 = 𝛼 + 𝛽𝑝(𝑅𝑚 − 𝑅𝑓) 

where 𝑅𝑝 is the return of the portfolio, 𝑅𝑓 is the risk-free rate, 𝛽𝑝 is portfolio beta coefficient, 

𝑅𝑚 is the market return and 𝛼 is the Jensen’s alpha, which depicts the excess return compared 

to market. The Jensen’s alpha is based on CAPM, which is why it uses the security market 

line. The security market line is used as a benchmark for the risk-adjusted excess return 

assessment. Alpha measures the distance of security market line and the portfolio’s 

performance from it. If the Jensen’s alpha for the portfolio is positive, the portfolio is 

positioned above the security market line. If the Jensen’s alpha is negative, the portfolio lies 

below the security market line. (Chua & Koh 2007, 1360) Thus, positive Jensen’s alpha 

means risk-adjusted excess return based on the CAPM as a benchmark and negative alpha 

indicates poorer performance than was expected by the CAPM. Moreover, the Jensen’s alpha 

does not consider leverage, which is why Jensen’s alpha can double if the amount of leverage 

is doubled (Chua & Koh 2007, 1360). 

(10) 
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The Jensen’s alpha has also received critique, and it has limitations such as aforementioned 

Treynor index and Sharpe ratio. Firstly, the assumption that the risk-free rate is constant and 

unique is not realistic for either Jensen’s alpha or Sharpe ratio (Caporin et al. 2014, 925). 

The Jensen’s alpha similarly to Treynor’s index considers only systematic risk based on beta 

coefficient (Chua & Koh 2007, 1360-1361). According to Blume (1975, 4), the CAPM 

model is biased because the lending and borrowing rates are not the same for all investors, 

which is one of the assumptions of the model. Additionally, Jensen’s alpha has a built-in 

assumption that the portfolio is diversified properly to eliminate the unsystematic risk from 

the portfolio. Hence, incorrectly selected benchmark index can affect to the reliability of the 

performance measure (Chua & Koh 2007, 1361). Moreover, Jensen’s alpha can yield 

negative values when portfolios sensitivity to systematic risk is adjusted based on the change 

in market conditions. This can lead to a situation where the investor has negative Jensen’s 

alpha even if the market was timed correctly statistically significantly. (Bunnenberg, 

Rohleder, Scholz & Wilkens 2019, 234; Caporin et al. 2014, 925) The Jensen’s alpha is still 

widely used risk-adjusted measure among investors even though it has been shown that 

multifactor models explain the variation in equity returns over time better than Jensen’s 

alpha (Breloer, Lea Hühn & Scholz 2016, 195-196). The statistical significance of the excess 

returns can be measured when p-values and t-values of the Jensen’s alpha are assessed, 

which is beneficial for assessing the validity of the results. 

2.3  K-means clustering 

Clustering is a method to split different data points into clusters, which is done by grouping 

near data points together and different data points to other clusters. It is similar to 

classification but differs in practice because clustering is an unsupervised learning method 

and classification is a supervised learning method. (Chaudhry, Shafi, Mahnoor, Vargas, 

Thompson & Ashraf 2023, 4; Han, Pei & Tong 2023b, 380-381) Unsupervised learning 

contains data with no labels and the algorithm learns different patterns based on its 

observations whereas supervised learning uses categorized labels data in training (Han et al. 

2023b, 381; Jain 2010, 651). According to Chaudhry et al. (2023, 5), clustering can be 

divided to i) hierarchical clustering, ii) density-based clustering, iii) partitioning based 

clustering and iv) grid-based clustering. Clustering can be used for example in biology, 
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business and many other industries to recognize patterns from data to gather insights. Thus, 

it may lead to discovery of unknown patterns in the data (Han et al. 2023b, 380). 

K-means clustering is a partitioning based clustering algorithm that is used to split data 

objects to clusters based on a Euclidean distance function. The observations in a cluster are 

similar between each other while at the same time dissimilar to other datapoints in other 

clusters. Moreover, the k in the algorithm indicates the number of clusters, which must be 

selected by the user. (Chaudhry et al. 2023, 5, 16; Aslam et al. 2023, 2–3) The k-means is 

one of the most widely used algorithms because it is easy to implement and its efficient. The 

objective of the k-means algorithm is to minimize the sum of squared error between the 

clusters. (Jain 2010, 653-654) According to Han et al. (2023b, 386), the sum of squared error 

is also known as within-cluster variation, and it indicates the quality of a cluster. 

The general process of the k-means algorithm is as follows. Firstly, the algorithm requires 

the user to select the number of clusters by defining the k, which is the number of clusters 

used in the algorithm. Secondly, the distance between data points and the centroids is 

calculated and the data points are assigned to nearest cluster centroid based on the Euclidean 

distance. After every datapoint is assigned to its nearest cluster, the algorithm calculates new 

centroids to each cluster based on the data points. If the cluster centroids change 

substantially, the datapoints are again divided to the nearest cluster centroids and new 

centroid values are calculated. This process is iteratively done until the cluster centres 

(centroids) no longer change. (Aslam et al. 2023, 2-3; Chaudhry et al. 2023, 16; Han et al. 

2023b, 386-387; Jain 2010, 654) According to Aslam et al. (2023, 2), the algorithm 

minimizes the inertia, which is sum of squared distances between centroids and the data 

points in a cluster. The process is summarized below: 

i) Choose the value for k to define the number of clusters 

ii) Assign data points to nearest cluster centroids 

iii) Calculate new centroids based on the data points in it 

iv) Iterate steps ii) and iii) if cluster centroid changes, otherwise the clustering is complete 

However, despite the k-means algorithm has many strengths, it has a couple of drawbacks. 

According to Chaudhry et al. (2023, 16) and Jain (2010, 654), one of the downsides is that 

the k has to be defined by the user and it is the most critical choice in the algorithm. The 
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choice of the number of the clusters (k) may affect the results of the algorithm, which is why 

there are methods using different values for k that can be utilized to assess the optimal 

number of clusters (Han et al. 2023b, 387-388; Jain 2010, 654). Approaches that can be used 

to define optimal k are for example the elbow method, silhouette score and gap statistic. The 

elbow method increases the number of k until the inertia is relatively small (Aslam et al. 

2023, 2-3). The elbow method is a visual method, where the sum of squared errors is plotted 

on y-axis and number of clusters (k) on x-axis. The k is found in a “elbow” point where the 

sum of squared error does not decrease as significantly as before the optimal k. However, it 

might be difficult to define the optimal k if the curve is smooth and has no clear “elbow”. 

(Shi, Wei, Wei, Wang, Liu & Liu 2021, 2-3) Silhouette score can be also used to define the 

k, which is based on silhouette coefficient. The coefficient gets values between -1 and 1, 

where the closer to 1 the better clustered the sample is. Moreover, it can be observed 

graphically, which shows if the data points are clearly in a cluster or between clusters. (Shi 

et al. 2021, 2-3; Rousseeuw 1987, 53) For example, the gap statistics have been found to 

outperform silhouette score in research conducted by Tibshirani, Walther & Hastie (2001, 

411, 419-420). The abovementioned methods can be utilized to derive the optimal number 

of clusters (k) in order for the k-means algorithm to perform better than selecting k randomly. 

There are also other relevant factors that have to be considered in order to apply clustering 

algorithm to achieve reliable results. Many clustering methods in general tend to be sensitive 

to missing values, outliers or unknown data (Han et al. 2023b, 382). Therefore, it is 

extremely important to do proper data preprocessing before applying the k-means algorithm. 

Moreover, one must also standardize the data before clustering because different variables 

are usually not comparable between each other when using data from real world. (Chiang & 

Mirkin 2010, 21-23) Even though k-means clustering has limitations, it has remained as 

popular tool for detecting pattern from the data (Chaudhry et al. 2023, 16). It has also several 

benefits such as easy implementation and it has scalability to large data sets (Han et al. 

2023b, 388; Jain 2010, 653). By employing the aforementioned methods to find an optimal 

number of cluster centroids (k) and proper data preprocessing, the k-means algorithm can be 

implemented more efficiently and achieve better clustering from the data. 
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3  Literature review 

This chapter discusses the results of both value anomaly and the usage of k-means clustering 

method in stock market research based on the previous academic literature. Firstly, the 

results of value anomaly research are discussed in detail, and the results are shown in a 

summary table. Secondly, the previous use of k-means clustering algorithm approach in 

stock market research is introduced, which is also summarized in a table at the end of the 

subchapter 3.2. 

The peer-reviewed journal articles in this thesis were searched mainly from Google Scholar 

and LUT Primo. The journals were found by using different keywords related to value 

investing, value stocks, k-means and clustering. The keywords were for example “value”, 

“k-means”, “clustering”, “value anomaly” etc. The keywords were used both together and 

separately. Moreover, a lot of the journals were found also by examining the reference lists 

of the journals and examining other peer-reviewed papers that had cited the originally found 

journal paper by using the tools provided by LUT primo. Some of the published papers were 

also found by searching different academic journals using the journal search function in LUT 

primo. Additionally, the peer-reviewed journals that were written in different language than 

English were excluded from the literature review. 

3.1  Value anomaly research 

Value anomaly has been researched for many decades, which this literature review attempts 

to summarize. Starting from the older research, Basu (1977) found that low P/E stocks 

achieved higher returns in both risk-adjusted and absolute measures in the US stock market, 

which he found not to be fully in line with the efficient market hypothesis. Senchack & 

Martin (1987) obtained similar results about the performance of low P/E stocks related to 

high P/E stocks. Moreover, they found that low P/E values generated better risk-adjusted 

returns compared to P/S multiple even though both valuation multiples generated better 

returns for portfolios constructed with low multiple values instead of high multiple values. 

They also found that small firm effect, which was stronger for P/S portfolios than P/E 

portfolios. (Senchack & Martin 1987, 46-47, 53-55)  
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According to Booth, Martikainen, Perttunen & Yli-Olli (1994, 404) P/E value anomaly was 

identified also in the Finnish and the US stock markets, which is in line with Basu’s (1977) 

results. In the Japanese stock markets, the small firm effect was found and both P/B and 

P/CF valuation multiples explained the returns for value strategy. Contradictory to earlier 

evidence P/E valuation multiple did not work for value strategy in Japanese stock market. 

(Chan, Hamao & Lakonishok 1991, 1739, 1760-1761) Lakonishok et al. (1994) documented 

similar results about the performance of P/B and P/CF valuation multiples.  

Fama & French (1998) researched the value premium in international markets and found 

that it is present around the world. Especially P/B valuation multiple based value anomaly 

was present in almost all of the countries in their research. They found similar results for 

P/E, P/CF, P/D in their research from emerging markets. (Fama & French 1998, 1976-1977, 

1997-1998) Similar results about the value portfolios general better performance to growth 

portfolios in international markets were documented by Bauman, Conover & Miller (1998, 

88). However, the value stocks did not outperform the growth stocks in every year. (Bauman 

et al. 1988, 88) Moreover, van der Hart, Slagter & van Dijk (2003, 129-130) found that only 

P/E, and P/B valuation multiples were able to generate positive excess returns, which were 

statistically significant in their study on 32 emerging stock markets. Moreover, Yen, Sun & 

Yan (2004, 19, 33) confirmed that value portfolios constructed by P/E, P/B, P/CF multiples 

outperformed growth portfolios in Singapore especially after two years from portfolio 

formation. More recent international evidence is offered by Hou, Karolyi & Kho (2011). 

They argue that the P/CF multiple is the strongest for value premium in global setting where 

they analyse 49 different countries. (Hou et al. 2011, 2527, 2569-2571) 

Value anomaly research has also been combined with other anomalies such as momentum. 

Bird & Whitaker (2003) researched value and momentum strategies in European stock 

market and they found that sales-to-price and book-to-market ratios were the best multiples 

in the European market to divide stocks to value and growth portfolios. Earnings-to-price 

and dividend yield were not as good performing. (Bird & Whitaker 2003, 225, 227-229, 245) 

Bird & Whitaker (2004) decided to combine the value and momentum strategies based on 

already mentioned earlier study in 2003. They decided to use P/B valuation multiple with 

price and earnings momentum variable. They found that book-to-market based value 

portfolio could be improved when combined to momentum strategy and especially to price 

momentum. (Bird & Whitaker 2004, 157-158, 160, 173-175) 
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Dhatt, Kim & Mukherji (2004) assessed the value strategy both based on individual 

valuation multiples and composite value multiples. They found that P/S multiple is the best 

performing individual value portfolio, which is aligned with the results of Senchack & 

Martin (1987). However, P/CF was the second-best individual value portfolio followed by 

P/E and P/B. Even though P/S has the highest return, P/CF value portfolio has the best risk-

return tradeoff and lowest risk. (Dhatt et al. 2004) Bird & Whitaker (2003) discussed about 

the usage of several criteria or composite criteria to form portfolios. Dhatt et al. (2004) found 

out that value portfolios based on composite measures outperformed growth portfolios 

throughout their study resulting to lower risk and higher return.  

Kyriazis & Diacogiannis (2007, 1511, 1526-1527) studied the value anomaly in the Greece 

stock market and found only evidence about the usage of dividend yield as a basis for value 

strategy in their research. Thus, their results are contradictory to the mainstream academic 

results about the usage of P/E and P/B for value strategy implementation depicted earlier. 

Barbee et al. (2008, 9) examined the US stock market and found out that only P/S multiple 

could have been used to constantly outperform growth stocks. Other multiples P/E, P/B, 

P/CF were able to outperform growth stocks only in some years and not constantly. (Barbee 

et al. 2008, 8-9) The result of Barbee et al. (2008) is not therefore in line with neither Fama 

& French (1998) or Bauman et al. (1998) international results. Barbee et al. (2008, 9) found 

also that net profit margin has the most consistent effect to P/S multiple, which indicates 

investors tend to overreact to high profitability of growth stocks and depressed profitability 

of value stocks. 

Some value anomaly studies have not identified the value premium for P/E multiple, which 

raises a question about its usability. Anderson & Brooks (2006) examined the possible 

adjustment of P/E multiple in the UK stock market. They found P/E anomaly to exist in the 

UK market with trailing P/E. However, they demonstrate that if P/E is calculated by taking 

average of earnings from the last 8 years, the value premium can be almost doubled. 

(Anderson & Brooks 2006, 1063, 1084) P/E multiple is one of the most frequently used 

multiples in value anomaly research, which raises a question whether it should be modified 

to identify value anomaly more accurately. 

Leivo & Pätäri (2009) researched the value anomaly with different individual multiples and 

composite valuation multiples for different holding periods. They found that the best 

performers were the dividend yield and all of the portfolios based on either two or three 
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composite value portfolios. Their results were interesting since typically P/S, P/B have been 

one of the best performing multiples for international data. They also examined the impact 

of holding period length between one and five years to value anomaly performance and 

found that the average value portfolio performance was quite similar in their Finnish stock 

market sample. Moreover, they tested the value anomaly for EV/EBITDA multiple, which 

was found in their sample. (Leivo & Pätäri 2009, 76-80, 84-85) Their results about the 

performance of P/S and P/B multiples are not aligned with most of the earlier presented 

research. However, Leivo & Pätäri’s (2009) observation about the performance of P/D 

multiple as a basis for value strategy was in line with Kyriazis & Diacogiannis (2007) results. 

Kyriazis & Diacogiannis (2007) argumented that value strategy’s overperformance in small 

markets, such as Greece, has little support. This argument is not in line with Leivo & Pätäri’s 

(2009) results since they discovered the value anomaly for several different valuation 

multiples including the dominant valuation multiple P/D in the Finnish stock market. 

Additionally, Elze (2010) examined the value premium in European stock markets by 

individual multiples, combination of valuation ratios and capital return variables and 

momentum factors. The results about the usage of divided yield, P/E and P/B confirmed the 

value portfolios overperformance to glamour, which is in line with earlier research. 

Combining these individual valuation multiples did not improve the performance of the 

investment and statistical significance, which lead to even smaller investment returns for 

composite measures compared to individual multiple portfolios. Moreover, combination 

portfolios based on ROE and valuation multiples achieved similar results to portfolios based 

on individual valuation ratios but better returns when compared to capital return variable-

based portfolios. Strategies where momentum and value were combined achieved even 

better statistically significant returns compared to both individual momentum and value 

strategies. (Elze 2010, 527, 536-537) These results reinforce the fact that more complex 

methods and simple methods have both outperformed the growth stocks in European markets 

generally. The usage of capital return variables and momentum with valuation multiples may 

be used to enhance the selection of value stocks. Furthermore, Leivo & Pätäri (2011, 414) 

show that combining value and price momentum in the Finnish stock market generated 

higher average returns for the investor. They found that recent winner stocks combined with 

composite valuation multiple based on P/D, P/B, EV/EBITDA was the best performing 

combination in their sample and P/D was the best performing among individual valuation 

multiples. (Leivo & Pätäri 2011, 408-409, 414-415) 
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The usage of EV/EBITDA multiple in value anomaly research is reinforced by Loughran & 

Wellman (2011) in the US stock market. They found that EV/EBITDA multiple generated 

strong value premium of over 5% per year. They also confirm the results of value premium 

for multiples P/E, P/B and P/D, which have been found in earlier academic literature as 

presented in Table 1. (Loughran & Wellman 2011, 1629, 1644, 1646, 1647-1648) According 

to their research, the performance of EV/EBITDA value portfolios is aligned with Leivo & 

Pätäri’s (2009) results. However, Leivo & Pätäri (2009) demonstrate statistically significant 

value premium for EV/EBITDA only if holding period is one or two years. 

Artmann, Finter & Kempf (2012) results about the value and momentum strategies are in 

line with results from other markets. They found that P/B and P/E were the multiples that 

explained the value premium. They argument that one reason for P/E performance might be 

the difference between accounting standards between Germany and other countries. 

Additionally, they noticed that impact of size to returns varies over time periods in Germany. 

(Artmann et al. 2012, 781-782) According to Israel & Moskowitz’s (2013, 295) research, 

value strategy’s returns tend to decrease with size and are insignificant for the largest stocks 

based on their sample in the US over 1972-2011. 

The performance of valuation multiples as basis for value portfolio construction is different 

in bear and bull markets. Gharghori, Stryjkowski & Veeraraghavan (2013) researched the 

value anomaly in Australian stock market and found a strong value premium. They found 

that P/B multiple was the best performing valuation multiple, which is consistent with the 

traditional academic research. However, they discovered that P/CF was the best valuation 

multiple for value strategy in bull markets and P/B in bear markets. They also document that 

the P/E multiple performs differently in bear and bull markets in their Australian stock 

market sample. (Gharghori et al. 2013, 393, 408, 415-416) According to Cakici, Zaremba, 

Bianchi & Pham (2021, 13, 18-21), the dividend yield anomaly has been documented in the 

Australian stock markets. The presence of dividend yield anomaly is in accordance with 

results acquired by for example Leivo & Pätäri (2011; 2009), Elze (2010) and Loughran & 

Wellman (2011). 

Cho, Shin & Byun (2012) apply FSCORE method to detect value anomaly in the South 

Korean stock market, which they find to be present based on their data. They discover that 

P/B, P/E and P/CF generate statistically significant returns by taking long position for value 

stocks and short position for growth stocks or taking long position for high FSCORE stocks 
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and short position for low FSCORE stocks. (Cho et al. 2012, 76, 79) Pätäri, Leivo & Ahmed 

(2022) showed similar results about the usage of FSCORE with value investing strategy in 

the German stock market in 2000-2015. They showed that high FSCORE combined to all 

the 12 fundamental criteria in portfolio construction improved the portfolio’s performance 

when the portfolios were rebalanced annually. They also found that results were the strongest 

for 1-year holding period, but the results hold also for 3-year holding period. (Pätäri et al. 

2022, 321, 328–330, 356–357) However, Pätäri et al. (2022) used long only strategy whereas 

Cho et al. (2012) used long position for value stocks and short for growth stocks.  

Value anomaly research has also resulted to the discussion about quality investing. Novy-

Marx (2013) found that gross profits to assets has about the same prediction power of 

average returns than traditional P/B. Value premium was found to have much better 

performance when profitability measures were considered especially for large cap stocks. 

The profitability premium and value investing tend to be negatively correlated, which 

ensures the possibility for value investor to benefit from profitability premium without 

increasing risk. These results are different to traditional explanations of value premium 

because profitable firms have lower levels of leverage, longer durations for cash flows and 

are less subject to distress. (Novy-Marx 2013, 1, 15-16) These results further explain the 

other aspects of value and the use of capital return or profit variables to sort value stocks to 

enhance the strategy’s performance. 

Penman & Reggiani (2018) offer an important observation about the value traps, which can 

be described as value stocks with uncertain risky earnings growth. They argument that based 

on P/E and P/B, the stocks might have excess returns, but it might mean buying risky 

earnings growth. (Penman & Reggiani 2018, 103, 117) Thus, as Novy-Marx (2013) noticed 

from including profitability measures, it might be wise to use some filtering variables 

alongside with traditional value multiples to enhance the performance of the value strategy 

and avoid falling to value traps. 

However, value investing has also received critique, and its performance has been poor in 

recent years compared to earlier research. Harshita, Singh & Yadav (2018) found that in 

their Indian stock market sample, the value premium ceased over time. They used P/B as 

valuation multiple for value stocks and found that period before the financial crisis in 1999-

2008 had value premium but it has vanished in 2008-2015 in the Indian stock market. 

(Harshita et al. 2018, 135, 137, 140-141) Gerakos & Linnainmaa (2018) find similar results 
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for the value premium for P/B valuation multiple in the US stock market. They found that 

not all high book-to-market companies earn value premium and some low book-to-market 

firms earn returns like value stocks. Moreover, they argument that the book-to-market factor 

disconnection with the value premium indicates new insights to search for the right 

explanation of value premium. (Gerakos & Linnainmaa 2018, 1825, 1852-1853) 

Grobys & Huhta-Halkola (2019) researched the value and momentum strategies in the 

Nordic equity markets. They discovered that value anomaly based on P/B multiple was 

present in the Nordic equity markets for their sample period when controlled by firm size. 

Thus, their results indicate that some of the value premium is driven by size effect, but size 

did not affect to momentum strategy’s performance. Combining the momentum and value 

strategies increased risk-adjusted return measures such as Sharpe ratio. (Grobys & Huhta-

Halkola 2019, 2875, 2877, 2881-2882) Their results offer important insights from the state 

of value anomaly in the Nordic equity markets. However, their results about the performance 

of P/B multiple as value anomaly indicator for example differ from the results of Harshita et 

al. (2018), Gerakos & Linnainmaa (2018), Leivo & Pätäri (2009) and Kyriazis & 

Diacogiannis (2007). Leivo & Pätäri (2009) did not find statistically significant value 

anomaly for P/B in the Finnish stock market, which differs from the more recent Nordic 

evidence provided by Grobys & Huhta-Halkola (2019). 

Ball, Gerakos, Linnainmaa & Nikolaev (2020) offer a view to which parts of book to market 

explain the returns. They find that book to market component can be divided to two parts, 

which are retained earnings and contributed capital. According to their results, retained 

earnings predicts returns since it is a sufficient proxy for earnings yield. (Ball et al. 2020, 

231, 251) 

As Harshita et al. (2018) demonstrated that the value premium has nearly disappeared in 

Indian stock markets, Fama & French (2021) show that the value premium has decreased. 

They used data from 1963 to 2019 from the US stock market to research the value premium 

based on P/B multiple. They found that when they divided the sample period to 1963-1991 

and 1991-2019, the latter period has smaller value premiums compared to first period. 

Moreover, they find that the large cap stocks have experienced larger downfall in value 

premiums compared to small cap stocks. (Fama & French 2021, 105, 112, 119-120) The 

latter periods poor performance is aligned with Harshita’s et al. (2018) results about the 

value premium’s nearly disappearance. Moreover, the results of Fama & French (2021) are 
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not similar that they obtained earlier in Fama & French (1998) where they found value stocks 

outperformed growth stocks based on book-to-market in 12 out of 13 major stock markets. 

Moreover, Asness, Frazzini, Israel & Moskowitz (2015, 43) observed better risk-adjusted 

returns for P/E, P/CF and composite measures compared to P/B based value stock factor. 

Israel, Laursen & Richardson (2021) find little empirical evidence to support the recent 

critique towards value investing. They find that fundamental information is still important 

for stock prices and there are periods in which fundamental information and prices of the 

stocks are not strongly connected. In these periods, value typically tends to underperform, 

which is mainly caused by the gap between fundamentals and stocks prices. (Israel et al. 

2021, 38, 53-59) Bevanda et al. (2021, 268) found that growth stocks have outperformed 

value stocks after the financial crisis in 2008, which is in line with the results of Harshita et 

al. (2018), Fama & French (2021) and Gerakois & Linnainmaa (2018). According to 

Bevanda et al. (2021, 280-281), the outperformance of growth stocks is statistically 

significant and present in 7 out of 10 years after the financial crisis in 2008. Value stocks 

only outperformed in 3 out of 10 years but the returns were not statistically significant. Thus, 

the value premium has disappeared for large cap stocks after the financial crisis based on 

their results. (Bevanda et al. 2021, 280-281) Bevanda et al. (2021) did not include small cap 

or mid cap stocks to their research, which has to be considered when assessing their results. 

However, Grobys & Huhta-Halkola’s (2019) results from Nordic equity markets also noticed 

that the value premium was decreasing returns when size of the stocks was accounted for. 

This size effect is aligned with earlier research such as Israel & Moskowitz (2013). 

Gagliolo & Cardullo (2020) examined the presence of value premium in the Italian stock 

market with P/B multiple and documented similar results about the performance of value 

premium after the financial crisis in 2008 as Harshita et al. (2018) and Bevanda et al. (2021). 

They found that value premium was present when inspecting the whole period from 2001 to 

2018 in the Italian stock market and especially between 2001 and 2006. However, they 

documented that during and after the financial crisis value and growth stocks returns were 

fairly aligned. Moreover, they documented the value premium to be considerably higher for 

small cap stocks compared to large cap stocks for which the performance was quite limited. 

(Gagliolo & Cardullo 2020, 7, 9, 14) 

There have been several research papers that still defend the value premium even though 

some of the abovementioned studies have documented recent poor performance for the value 



 

 

38 

premium. According to Blitz & Hanauer (2021), it is a known fact that the traditional value 

factor based on P/B has been performing poorly for decades. However, they show that the 

value premium can be revived by using more complex methods rather than generic methods. 

They showed that value premium can be observed even though its performance has also 

decreased in the most recent years, which might be caused by the increasing amount of 

different valuation multiples. They used research & development adjusted P/B, P/CF & 

EV/EBITDA in their enhanced value strategy. (Blitz & Hanauer 2021, 72-79)  

Arnott et al. (2021, 44) has argumented that the recent underperformance of the traditional 

HML factor based on P/B multiple is performing poorly because i) it is unable to capture the 

increasingly more important intangible assets in today’s business environment and ii) value 

stocks valuations have collapsed. This is in line with the earlier research by for example 

Gerakos & Linnainmaa (2018), Fama & French (2021) and Kyriazis & Diacogiannis (2007) 

who have documented the poor or non-existent performance of value strategy based on P/B 

multiple. Arnott et al. (2021, 44) capitalize intangibles to P/B in their research and document 

outperformance related to traditional P/B. They argument that the recent underperformance 

of P/B might be caused by the fact that intangible assets were not as important part of the 

economy at the time P/B as a value measure was developed. Moreover, they find that P/B 

adjusted with intangibles outperforms the traditional P/B but has also suffered after 2007. 

The authors document that P/E and P/S have been better measures of value after 2007 

compared to non-adjusted and adjusted P/B. They also argument that if mean reversion 

happens as history suggests then expected returns for value stocks in the future should be 

above historical standards since the value relative to growth is in the left tail of historical 

distribution in 2020. (Arnott et al. 2021, 44, 58, 61) Bezuidenhout & van Vuuren (2021, 20-

21) also argument that low interest rates and high government spending have favoured 

growth stocks. Value premium’s recent underperformance does not mean that it is gone 

entirely even though value premium has underperformed growth stocks since 2016. The 

value premium might be cyclical and depend on investor confidence, macroeconomic 

situation and it tends to adjust over time. (Bezuidenhout & van Vuuren 2021, 20-21) 

Monge et al. (2023) examined the performance of MSCI world growth index vs MSCI world 

value index before and after covid-19 health crisis. They found that growth has outperformed 

value stocks especially after the crisis whereas value outperformed growth before the covid-

19 crisis. (Monge et al. 2023, 1, 10-11) Moreover, Monge et al. (2023) find no evidence 
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about the mean reversion, which was discussed by Arnott et al. (2021, 61). Value tends to 

return to its long-term trend after covid, but the growth strategy’s trend has changed after 

the crisis, which implies permanent effect from the shock generated by the crisis (Monge et 

al. 2023, 10-11). More recent evidence from Tokic, Jackson & Tokic (2025), indicates that 

small cap value stocks outperformed growth from 1962 to 1989 but between 1995 and 2024 

midcap growth stocks have overperformed the small cap value stocks. They argue that the 

future years will depend on the macro environment. Small cap value would probably benefit 

from financial distress. (Tokic et al. 2025, 521)  

Cao, Chen & Datar’s (2017) research offer a view about the risk differences for value and 

growth strategies. They find that the expected return spread, risk dispersion between value 

and growth and the product of the price of the risk can explain more than 50% of the average 

return spread between high and low B/P values. The same percent is 70% if the average 

return spread is examined with E/P. Thus, it indicates value stocks to be riskier compared to 

growth stocks. Their results provide evidence that value premium is prone to changes in 

economic conditions and value tends to underperform growth during economic recession. 

(Cao et al. 2017, 50-51) The finding about the value strategy’s tendency to underperform 

growth strategy during economic recessions is aligned with the recent performance of value 

stocks documented by for example Monge et al. (2023). 

Gonçalves & Leonard (2023) find that traditional P/B is statistically insignificant for value 

premium and does not yield the value premium like it used to do before. Hence, they find 

that book equity is not a good proxy for fundamental equity. They find that fundamental 

equity, which is the present value of future cash flows, captures value premium better than 

the traditional P/B. (Gonçalves & Leonard 2023, 382, 403) These results reflect the fact that 

in order to capture value premium the traditional methods might have to be modified. 

According to Yin & Liao (2024, 15), value premium has disappeared from the Chinese stock 

market but after controlling with composite profitability measure, there are significant 

returns from value investing strategies. Their results suggest that value premium is driven 

by profitability, which encourages investors to put more emphasis on fundamental 

information instead of valuation. (Yin & Liao 2024, 15-16) 

The recent underperformance of value premium is addressed by Kim, Kim & Lee (2025) 

through industry specific adjustments to the book-to-market ratio. Kim et al. (2025) argue 

that industry adjusted P/B as basis for value premium strategy can still deliver excess returns 
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even when traditional P/B has failed to generate value premium. They find that value 

premium stays statistically significant in the past two decades when industry adjusted P/B is 

used, which suggests industry specific characteristics are more important for expected 

returns pricing in recent years. P/B adjusted with industry was utilized to earn more 

significant and larger alphas compared to traditional P/B based on sample from US stock 

market from 1962-2023. (Kim et al. 2025, 1-2, 9) Compared to earlier research this is a new 

approach to tackle the possible disappearance of value premium related to usage of P/B 

multiple. 

Bergen, Franzoni, Obrycki & Resendes (2025) offer another solution to the recent bad 

performance of value stocks based on their sample of US stocks. Bergen et al. (2025) utilizes 

more complex intrinsic value-based approach to capture value premium, and they show that 

their strategy still captures value premium when traditional value strategies have performed 

poorly. They also argue that the performance between their model and standard price 

multiples is caused by the general decline in discount rates and profitability, which the 

former cannot be captured by traditional price multiples. (Bergen et al. 2025, 67, 80, 85)  

Moreover, Chen, Huang & Jiang (2026, 19) found the value premium to be much larger for 

new value and growth stocks compared to stocks that have remained in their category. The 

new value stock means that the stock has become a value stock, and it has not been recently 

a value stock. The same logic applies for the definition of new growth stock. In their 

research, they also explore significantly high new value premium when monetary policy is 

tightening and high economic uncertainty. Monthly alphas between new value premium and 

old value premium are statistically significant. Additionally, they show that the new value 

premium is driven by across-industry effects instead of within-industry effect. (Chen, Huang 

& Jiang 2026, 19) Thus, since value premium is present for stocks that have recently become 

value stocks, the results of Chen et al. (2026) indicate that the returns for value strategy come 

from the companies that have fallen from growth stocks to value stocks. Table 1 below 

presents the summary of the academic articles that have been discussed in this literature 

review. 
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Table 1. Earlier academic literature on value anomaly summarized. 

Author(s) Year Data country 
Valuation 

multiples used 

Value anomaly 

findings  

Basu 1977 USA P/E P/E  

Senchack & Martin 1987 USA P/E, P/S P/E, P/S 

Chan, Hamao & 

Lakonishok 
1991 Japan P/E, P/B, P/CF P/B, P/CF 

Lakonishok, Shleifer & 

Vishny 
1994 USA 

P/E, P/B, P/CF, 

P/S, P/D 
P/B, P/CF 

Booth, Martikainen, 

Perttunen & Yli-Olli 
1994 Finland, USA P/E P/E 

Fama & French 1998 

USA, Australia, 

multiple 

European and far 

east countries 

P/B, P/E, P/CF, 

P/D 

P/B, P/E, P/CF, 

P/D 

Bauman, Conover & Miller 1998 
21 different 

countries 

P/E, P/B, P/CF, 

P/D 

P/E, P/B, P/CF, 

P/D 

van der Hart, Slagter & van 

Dijk 
2003 

32 emerging 

market countries 
P/E, P/B, P/D P/E, P/B 

Bird & Whitaker 2003 

France, 

Germany, Italy, 

The Netherlands, 

Spain, 

Switzerland, UK 

P/B, P/D, P/E, 

P/S 
P/B, P/S 

Bird & Whitaker 2004 

France, 

Germany, Italy, 

The Netherlands, 

Spain, 

Switzerland, UK 

P/B, earnings 

momentum, 

price momentum 

P/B combined 

with price 

momentum 

Dhatt, Kim & Mukherji 2004 USA 

P/CF, P/S, P/B, 

P/E, composite 

multiples 

P/CF, P/S, P/B, 

P/E and 

composite 

multiples 

Yen, Sun & Yan 2004 Singapore P/E, P/B, P/CF P/E, P/B, P/CF 

Anderson & Brooks 2006 UK P/E, adjusted P/E P/E, adjusted P/E 
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Author(s) Year Data country 
Valuation 

multiples used 

Value anomaly 

findings  

Kyriazis & Diacogiannis 2007 Greece P/E, P/D, P/B P/D 

Barbee, Jeong & Mukherji 2008 USA 
P/E, P/B, P/CF, 

P/S 
P/S 

Leivo & Pätäri 2009 Finland 

P/E, P/B, P/S, 

P/CF, P/D, 

EV/EBITDA, 

composite 

measures 

P/E, P/CF, P/D, 

EV/EBITDA, 

Composite 

portfolios 

Elze 2010 
European 

markets 

P/D, P/B, P/E, 

ROE, 

momentum 

P/D, P/B, P/E 

Hou, Karolyi & Kho 2011 49 countries 
P/D, P/E, P/CF, 

P/B 

P/CF, P/D, P/E, 

P/B 

Loughran & Wellman 2011 USA 
EV/EBITDA, 

P/B, P/E, P/D 

EV/EBITDA, 

P/B, P/E, P/D 

Leivo & Pätäri 2011 Finland 

P/E, 

EV/EBITDA, 

P/CF, P/D, P/B, 

P/S, composite 

multiples 

P/D, P/E 

(statistically 

significant, 

others not) 

Artmann, Finter & Kempf 2012 Germany P/B, P/E, ROA P/B, P/E 

Cho, Shin & Byun 2012 South Korea P/B, P/E, P/CF P/B, P/E, P/CF 

Gharghori, Stryjkowski & 

Veeraraghavan 
2013 Australia 

P/B, P/S, P/E, 

P/CF 

P/B, P/CF, P/E 

(mixed), P/S 

(mixed) 

Israel & Moskowitz 2013 USA 
P/E, P/B, P/D, 

P/CF 
P/E, P/CF 

Novy-Marx 2013 

Various 

countries in 

Europe, US and 

Asia 

P/B, Gross profit 

to assets 

P/B, Gross profit 

to assets 

Asness, Frazzini, Israel & 

Moskowitz 
2015 USA 

P/B, P/E, P/CF, 

P/D, composite 

P/B, P/E, P/CF, 

P/D, composite 
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Author(s) Year Data country 
Valuation 

multiples used 

Value anomaly 

findings  

Cao, Chen & Datar 2017 USA P/E, P/B P/E, P/B 

Penman & Reggiani 2018 

Data from 

Compustat 

database 1963-

2015 

P/E, P/B, ROE P/B, P/E 

Harshita, Singh & Yadav 2018 India P/B 

P/B (Yes 1999-

2008; No 2008-

2015) 

Gerakos & Linnainmaa 2018 USA P/B No 

Grobys & Huhta-Halkola 2019 

Denmark, 

Finland,  

Norway, Sweden 

P/B, momentum P/B 

Ball, Gerakos, Linnainmaa 

& Nikolaev 
2020 USA P/B P/B 

Gagliolo & Cardullo 2020 Italy P/B P/B (partly) 

Fama & French 2021 USA P/B P/B (partly) 

Israel, Laursen & 

Richardson 
2021 International 

P/E, P/B, 

Forward P/E, 

EV/S, EV/CF 

Mixed results 

Bevanda, Zaimovic & 

Arnaut-Berilo 
2021 USA P/E, P/B, PEG No 

Blitz & Hanauer 2021 Several countries 

P/B adjusted, 

EV/EBITDA, 

P/CF 

Partly 

Arnott, Harvey, Kalesnik & 

Linnainmaa 
2021 USA 

P/B, Intangible 

adjusted P/B, 

P/E, P/S 

Yes (1963-2020; 

1963-2006): P/B 

adjusted, P/E, 

P/S. No (2007-

2020) 

Bezuidenhout & van 

Vuuren 
2021 USA P/B No 
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Author(s) Year Data country 
Valuation 

multiples used 

Value anomaly 

findings  

Cakici, Zaremba, Bianchi 

& Pham 
2021 Australia 

P/D, change in 

dividend, value 

uncertainty 

P/D 

Pätäri, Leivo & Ahmed 2022 Germany 

P/B, P/E, P/S, 

P/CF, composite 

measures 

P/CF*, P/E*, P/S 

(*statistically 

significant) 

Monge, Lazcano & Parada 2023 International 

Value vs growth 

world index 

comparison 

N/A 

Gonçalves & Leonard 2023 USA 
P/B, ROE, gross 

profitability 

No: P/B, ROE. 

Yes: 

fundamental 

equity value 

ratios. 

Yin & Liao 2024 China 
P/B, profitability 

measures 

No: P/B. Yes: 

after controlling 

for profitability 

Kim, Kim & Lee 2025 USA P/B 

No: P/B Yes: 

Industry adjusted 

P/B 

Tokic, Jackson & Tokic 2025 USA P/B, P/E, P/S 
Yes: 1962-1989 

No: 1995-2024 

Bergen, Franzoni, Obrycki 

& Resendes 
2025 USA P/B 

No: P/B Yes: 

Intrinsic value 

method 

Chen, Huang & Jiang 2026 USA P/B 

Yes: “new” 

value stocks. No: 

“old” value 

stocks 

 

The results of the literature review are summarized in Table 1, from which four conclusions 

are interpreted. Firstly, value premium has been documented consistently in the academic 

literature. The value premium has been documented worldwide as is shown in the Table 1. 
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P/D multiple has received more mixed evidence compared to other multiples as it is shown 

to perform well in smaller markets as shown by Leivo & Pätäri (2011), Leivo & Pätäri (2009) 

and Kyriazis & Diacogiannis (2007). Multiples such as P/E and P/B have been the most 

studied multiples based on the literature review summary in Table 1. P/B has performed 

strongly in the earlier research but has recently seen drawbacks in identifying value premium 

as is shown by several studies such as Arnott et al. (2021), Fama & French (2021) and 

Harshita et al. (2018) to name a few. 

Secondly, based on the results in Table 1, it also can also be concluded that no single 

valuation multiple dominates across all markets and time periods. Moreover, the 

performance of different multiples might be affected by economic conditions as is 

demonstrated by Gharghori et al. (2013) whose results suggest that P/CF performed best in 

bull markets whereas P/B in bear markets. Varying results of the performance of individual 

multiples in different markets provides a clear motivation to use a composite approach in the 

empirical part of this thesis. Dhatt et al. (2004), Elze (2010) and Leivo & Pätäri (2009) have 

shown that composite measures based on several individual valuation multiples can achieve 

value premium. 

Thirdly, the general trend for value premium has shown signs of weakening in the recent 

decades especially after the financial crisis in 2008. The weakening has been even stronger 

for large cap stocks compared to small cap stocks. As shown by several studies (e. g. Arnott 

et al. 2021; Fama & French 2021; Gerakos & Linnainmaa 2018), the weakening has affected 

especially P/B multiple. Several reasoning has been given for value stocks poor performance 

such as, the rise of intangibles, which cannot be capture by P/B (Arnott et al. 2021), the 

larger risk of value stocks (Cao et al. 2017) and macroeconomic situation (Tokic, Jackson & 

Tokic 2025). However, recent research has attempted to develop new methods to overcome 

the value strategy’s weakening as shown by Arnott et al. (2021), Kim et al. (2025), Bergen 

et al. (2025) and Yin & Liao (2024). 

Fourth, the value premium research is widespread around different continents as shown in 

Table 1. However, the research is still heavily skewed to US, central Europe and Asia rather 

than Northern Europe. Grobys & Huhta-Halkola (2019), Leivo & Pätäri (2011; 2009) and 

Booth et al. (1994) emphasize the presence of value anomaly in Nordic context. This 

geographic gap gives reasoning to conduct this thesis in the Nordic context to increase and 

update information from the Northern European value anomaly evidence to 2005-2025 
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period. Nordic characteristics in value investing are also interesting compared to 

international evidence. For example, the important role of P/D multiple documented by 

Leivo & Pätäri (2009) compared to international results. This motivates to study the value 

premium in Nordic setting. 

Overall, the most used valuation multiples in value anomaly research literature are P/E and 

P/B, but value premium has been documented also for other multiples P/S, P/CF, P/D, 

EV/EBITDA. Moreover, including the latter EV/EBITDA is especially interesting since 

Leivo & Pätäri (2011; 2009) have documented its usage in Finnish stock market for value 

anomaly research. These valuation multiples are used in the empirical part of this research 

alongside with ROE. Hence, based on the previous academic literature the valuation 

multiples P/E, P/B, P/S, P/CF, P/D, EV/EBITDA and ROE are used in the empirical part of 

this thesis. However, the reciprocal values are used for P/E, P/B, P/S, P/CF and EV/EBITDA 

in the empirical part, which is reasoned more in detail in chapter 4. 

3.2  K-means clustering in stock market research 

The application of machine learning and different clustering methods in financial markets to 

detect patterns from the data is not a completely new method. K-means clustering has been 

used in several scientific fields in the past and it was first introduced in 1955 (Jain 2010, 

651). According to Chaudhry et al. (2023, 32), clustering method is functional for anomaly 

observation for example in financial tasks and medical care. Thus, it is a valid method to 

implement in stock market anomaly detection. According to the literature review by Rusu & 

Boloș (2024, 330-331), clustering has been used in financial markets for several purposes 

such as portfolio construction, risk management, market analysis, anomaly detection and 

asset allocation related tasks. Clustering can be used to amplify the processes by decreasing 

the number of human errors or reducing the time spent on tedious repetitive tasks. (Rusu & 

Boloș 2024, 330-331) These applications give reasoning to explore the k-means clustering 

algorithm in researching the usage of financial valuation multiples in portfolio construction. 

Next, prior academic research of k-means clustering in stock market research is discussed. 

K-means clustering has been applied to group customers in the stock market into different 

groups. Shin & Sohn (2004, 27) used k-means, self-organizing map (SOM) and fuzzy k-

means in stock market to explore stock brokerage commission fees. In their research, their 
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objective was to classify different customers into multiple groups in order to suggest 

properly graded commission fees to the groups. They found that fuzzy k-means was the best 

clustering method in their customer segmentation case based on the number of trades made 

in 3-month period for 3000 customers. (Shin & Sohn 2004, 27, 29, 31) Moreover, k-means 

clustering algorithm has also been used as a part to portfolio optimization by Vijayalakshmi 

Pai & Michel (2009, 1030, 1052). They found that k-means clustering was an optimal choice 

for diversification of portfolios to form efficient frontiers from the constructed portfolios. 

They used the k-means clustering algorithm before implementing the evolutionary 

optimization algorithm to optimize the portfolios. (Vijayalakshmi Pai & Michel 2009, 1052) 

Moreover, Cheong, Kim, Byun, Oh & Kim (2017, 593, 601-602) used the k-means algorithm 

to cluster investor information to optimize portfolios with genetic algorithm (GA) in Korean 

stock market. Cheong et al. (2017, 601-602) constructed their portfolios by clustering stocks 

based on the differences in ownership distribution among foreign or institutional investors, 

after which the GA algorithm determined the optimal portfolio weights.  

In contrast to the implementation of k-means clustering to customer segmentation in stock 

markets and portfolio optimization, the k-means algorithm has also been applied in portfolio 

management and portfolio construction. Nanda et al. (2010, 8793-8794) utilized k-means, 

SOM and Fuzzy c-means clustering methods to build an efficient portfolio for stocks from 

Indian stock market based on both returns and different valuation ratios. In contrast to results 

of Shin & Sohn (2004), Nanda et al. (2010, 8798) explored that k-means algorithm was the 

best performing. Nanda et al. (2010, 8796) applied valuation ratios such as P/E, P/B, 

EV/EBITDA, P/CEPS as input variables to perform the clustering to construct portfolios. 

The research of Nanda et al. (2010) demonstrates the usage of different valuation ratios as a 

basis for portfolio construction and the k-means as a best clustering method. Additionally, 

both Nanda et al. (2010, 8793) and Vijayalakshmi Pai & Michel (2009, 1052) both agree on 

clustering as a method to minimize risk in portfolio diversification. 

Al-Augby, Majewski, Majewska & Nermend (2014, 19-22) compared fuzzy c-means and k-

means clustering methods on the stock markets of Gulf Cooperation Council. They used 

news indicator data, returns and different financial multiples (P/E, P/B, dividend yield, 

market cap, 𝛽) to perform the clustering. (Al-Augby et al. 2014, 27) Al-Augby et al. (2014, 

29) suggested to use fuzzy k-means, which is aligned with the results of Shin & Sohn (2004). 

The results of Al-Augby et al. (2014, 29) contradicted the results that were obtained by 
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Nanda et al. (2010), who discovered that traditional k-means was better clustering method 

than fuzzy c-means. The research of Al-Augby et al. (2014) had various types of input 

variables used in clustering, whereas Nanda et al. (2010) applied only valuation ratios and 

returns, not market cap, beta coefficient etc. Al-Augby et al. (2014) data was also gathered 

from various stock exchanges (Bahrain, Kuwait, Oman, Qatar, Saudi Arabia and United 

Arab Emirates) whereas Nanda et al. (2010) examined only the Indian stock market. 

Among stock portfolio construction clustering methods have been used to stock price 

prediction purposes. Bini & Mathew (2016, 1248) compared k-means, DBSCAN, 

hierarchical and expectation maximization (EM) clustering methods in prediction of stock 

prices based on multiple regression technique in the Indian stock market. Bini & Mathew 

(2016, 1254) found that k-means and EM clustering methods were the best in their study. 

The good performance of k-means is in line with Nanda et al. (2010) results. However, the 

variables selected as input for the clustering were only different price data indicators such as 

close, open, low, high, average price (Bini & Mathew 2016, 1252). Thus, the methods 

implemented by Bini & Mathew (2016) differ compared to Nanda et al. (2010). Nanda et al. 

(2010) used valuation ratios among price data and employed clustering to construct 

portfolios rather than utilizing the clustering algorithm to predict stock prices as Bini & 

Mathew (2016) did. 

Muangprathub, Intarasit, Boongasame & Phaphoom (2020, 3137, 3150-3151) employed k-

means clustering with simple moving average of price change ratios to build a stock portfolio 

that is diversified in the stock market of Thailand. They used daily price indexes for over 

300 stocks in clustering. (Muangprathub et al. 2020, 3147) Affonso, Dias & Pinto (2021, 

256) utilized k-means clustering to group stocks in different groups to predict the price of 

the assets. Affonso et al. (2021) and Bini & Mathew (2016) both implemented the k-means 

clustering before the stock price prediction. However, Affonso et al. (2021, 263) results 

confirm the usability of k-means clustering algorithm in grouping stocks, which is aligned 

with earlier presented results. The study conducted by Affonso et al. (2021) further 

reinforces the different methods to which k-means clustering can be applied. 

Zuhroh, Rofik & Echchabi (2021, 1, 8-9) applied k-means clustering method to group 

banking sector stocks together based on monthly rate of return in the Indonesian stock 

market. Thus, Zuhroh et al. (2021) use only price return data to clustering and not valuation 

ratios such as Nanda et al. (2010) or Al-Augby et al. (2014). Similarly to Al-Augby (2014) 
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who focused to banking and energy stocks, Zuhroh et al. (2021, 1, 8-9) focused to banking 

sector stocks. Zuhroh et al. (2021) relied only on price return data instead of both return data 

and financial ratios, which was done by Al-Augby et al. (2014) and Nanda et al. (2010). 

Additionally, the k-means clustering was employed only as a part of process in this study, 

after which regressions were conducted to the clustered portfolios (Zuhroh et al. 2021, 3-5).  

Wu, Wang & Wu (2022, 1, 17) employed a k-means clustering approach to group stocks 

according to different continuous trend features based on the data from the Chinese stock 

market. Aslam, Bhuiyan & Zhang (2023, 1, 3, 8) constructed portfolios with k-means 

algorithm based on three return related factors in the Malaysian stock market. They 

demonstrated the k-means algorithm usage to construct clusters and using Sharpe ratio to 

select the optimal stocks for portfolio construction in order to select the most optimistic 

stocks from the 695-stock sample. (Aslam et al. 2023, 8)  

Vásquez Sáenz, Quiroga & Bariviera (2023) employed several clustering algorithms to 

predict stock prices in their research. Compared to Affonso et al. (2021) research, Vásquez 

Sáenz et al. (2023) applied several clustering approaches to group stocks and trained the 

clusters with both ARIMA and LSTM models instead of only using the latter models. They 

found that forecasting of stock prices improved by the usage of clustering methods, which 

reinforced the importance of preprocessing the data in forecasting research. (Vásquez Sáenz 

et al. 2023) Similar to stock price prediction, Sengupta, Jana, Dutta & Mukherjee (2024) 

developed an automated system for portfolio recommendation for investors, which used k-

means clustering to extract the stocks with low similarity between each other in the Indian 

stock market. They selected beta coefficient, expected return, trading volume and risk 

measures as inputs in k-means algorithm. Moreover, the k-means algorithm achieved better 

silhouette scores compared to agglomerative clustering method used. (Sengupta et al. 2024, 

1, 7-9, 12-13) Thus, k-means algorithm plays an important role in the preprocessing steps of 

different forecasting models and automated algorithms based on the research discussed. 

Han, He & Toh (2023a) developed a trading algorithm based on different clustering 

algorithms in the US stock market, which were k-means, DBSCAN and agglomerative 

clustering. They used past return and information about the company characteristics as input 

for the clustering algorithms. The best clustering method based on risk-adjusted return 

measures was captured by agglomerative clustering approach. Moreover, firm specific 
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characteristics are important when identifying the pairs for the strategy. (Han et al. 2023a, 

931-934, 944) 

More recent evidence about the portfolio construction with k-means algorithm is conducted 

by both Aslam (2025) and Boloș et al. (2025). Aslam (2025, 3-4) utilized average stock 

price, momentum and average stock price, return-risk-ratio, removal of extreme ratio stocks 

and combination of the second and fourth factor to cluster stocks with k-means algorithm. 

They found that their strategy significantly outperformed the standard momentum strategy 

in risk-adjusted basis over the different market climates. Moreover, their strategy has lower 

transaction costs and require lower number of shares in the Malaysian stock market. (Aslam 

2025, 11) Thus, this demonstrates that the k-means clustering is useful also for momentum 

strategies. Boloș et al. (2025, 7-9, 18-19) applied k-means clustering to group S&P500 

companies with different profitability, liquidity and solvency metrics. Compared to earlier 

research, where portfolios were conducted with different return, risk and valuation multiple 

methods, Boloș et al. (2025) show that different accounting based financial ratios can be also 

used to portfolio optimization tasks through the usage of k-means clustering. 

Pooja, Kayal & Maiti (2024) combine the usage of the CAPM model and both k-means and 

agglomerative clustering to improve portfolio decisions. They used different features 

derived from the CAPM model as inputs to clustering. Moreover, they included different 

ESG metrics and some valuation multiples to clustering. K-means and agglomerative 

clustering was compared with different metrics, which provided contradictory results about 

the similarity between the results of k-means and agglomerative clustering. (Pooja et al. 

2024, 358-363, 373-377)  

Salah & Hayette (2025) conducted a meta-analysis of different unsupervised and supervised 

machine learning techniques in US stock market. They used different market-based 

valuation multiples and profitability assessment to cluster the stocks. Based on their 

conclusions, they found that hierarchical (HAC) and random forest methods were the best 

in their research to find high risk-adjusted returns. Machine learning can be employed to 

build portfolios that beat the market according to their results. (Salah & Hayette 2025, 1, 7-

8, 12) Additionally, Vo, Wang & Nguyen (2026) applied PCAK-means to cluster portfolios 

in the stock market of Vietnam, India, China, US, UK and Taiwan in order to optimize 

portfolios. They used Sharpe ratio, volatility, maximum drawdown and 3-month return as 

input variables for the clustering. (Vo et al. 2026, 33) The study of Vo et al. (2026) 
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demonstrates the role of k-means clustering as a tool to portfolio optimization tasks to 

diversify portfolios. 

Lastly, one of the most recent types of research using k-means clustering was conducted by 

Jiao & Zheng (2026). They used returns, volatility, profitability measures and valuation 

multiples to cluster stocks with k-means algorithm in the Chinese stock market. Variables 

such as P/E, P/B, ROE were employed as inputs in their study. They found that instead of 

fundamental ratios, the technical variables were the most efficient in clustering stocks in the 

Chinese stock market. Their results confirm that clustering amplifies the use of reversal 

strategies to capture mispricing of stocks in the short-term more efficiently. (Jiao & Zheng 

2026, 1, 4-5, 14) Their study is similar to earlier studies discussed since it utilizes return 

related variables with different fundamental multiples to perform the k-means clustering. 

However, the strategy they researched differs from the earlier research articles discussed in 

this literature review.  

Table 2. Earlier academic literature on the k-means clustering algorithm summarized. 

Author(s) Year 
Sample 

Size  
Data country Methods used Result 

Shin & Sohn 2004 3000 South Korea 
K-means, SOM, 

Fuzzy K-means 

Fuzzy k-means was 

the best method to 

cluster stock market 

customers 

Vijayalakshmi 

Pai & Michel 
2009 

200-

225 
India, Japan 

K-means, 

evolutionary 

optimization 

For example: k-

means is i) optimal 

diversification tool ii) 

useful before 

portfolio 

optimization 

Nanda, Mahanty 

& Tiwari 
2010 106 India 

K-means, SOM, 

Fuzzy C-means 

K-means performed 

better than SOM and 

Fuzzy c-means in 

portfolio 

construction. 
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Author(s) Year 
Sample 

Size  
Data country Methods used Result 

Al-Augby, 

Majewski, 

Majewska & 

Nermend 

2014 105 

United Arab 

Emirates, 

Kuwait, Qatar, 

Saudi Arabia, 

Bahrain, Oman 

K-means, Fuzzy 

C-means 

Fuzzy k-means is the 

better method than k-

means based on the 

results. 

Bini & Mathew 2016 1232 India 

K-means, 

DBSCAN, 

Hierarchical 

clustering, 

Expectation 

Maximization 

(EM) 

K-means and EM 

clustering perform 

better than 

hierarchical or 

DBSAN methods. 

Cheong, Kim, 

Byun, Oh & Kim 
2017 90 South Korea 

K-means, Genetic 

Algorithm (GA) 

Clustering investor 

information with k-

means can increase 

stock portfolio 

performance in the 

Korean stock market 

by using GA to 

adjust portfolio 

weights after 

clustering.  

Muangprathub, 

Intarasit, 

Boongasame, 

Phaphoom 

2020 N>300 Thailand K-means 

K-means clustering 

with simple moving 

average of price 

change ratios builds 

diversified portfolios 

the best in the 

sample. 

Affonso, Dias & 

Pinto 
2021 

3066-

3795 
USA 

K-means, Long 

Short-Term 

Memory (LSTM) 

K-means clustering 

did not affect to the 

efficiency of the 

recurrent neural 

network. 
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Author(s) Year 
Sample 

Size  
Data country Methods used Result 

Zuhroh, Rofik & 

Echchabi 
2021 28 Indonesia 

K-means, 

Generalized 

Method of 

Moment (GMM) 

Macroeconomic 

variables affect 

differently to the 

clusters generated by 

k-means clustering 

based on monthly 

returns in banking 

stocks sample. 

Wu, Wang & Wu 2022 400 China 
K-means, t-SNE, 

DELM 

K-means based on 

continuous trend 

features can be used 

to build portfolios, 

which can be trained 

to predict market 

decline, which 

reduces risk and 

increases return of 

portfolio. 

Aslam, Bhuiyan 

& Zhang 
2023 695 Malaysia K-means 

Ranking the clusters 

based on risk-

adjusted measure 

Sharpe ratio can be 

used to select 

improve stock 

selection process. 

Vásquez Sáenz, 

Quiroga & 

Bariviera 

2023 240 USA 
K-means, K-

medoids 

LSTM outperforms 

ARIMA forecast 

models. Clustering 

the data improves 

forecasting. 
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Author(s) Year 
Sample 

Size  
Data country Methods used Result 

Han, He & Toh 2023 3157 USA 

K-means, 

DBSCAN, 

Agglomerative 

Agglomerative 

clustering leads to 

best risk-adjusted 

returns in pairs 

trading strategy 

based on the US 

sample. 

Sengupta, Jana, 

Dutta & 

Mukherjee 

2024 297 India 

K-means, 

Agglomerative 

(Ward) 

Created an automated 

portfolio 

recommendation 

system for investors. 

K-means offered 

better silhouette 

score to 

agglomerative 

method. 

Pooja, Kayal & 

Maiti 
2024 50 USA 

K-means, 

Agglomerative, 

PCA 

CAPM, valuation 

multiples and ESG as 

inputs for clustering. 

Differing results 

between the 

similarity of k-means 

and agglomerative 

clustering. 

Aslam 2025 687 Malaysia K-means 

Achieved high risk-

adjusted returns 

based on momentum 

strategy clustered 

with k-means. 

Boloș, Rusu, 

Leordenau, 

Sabau-Popa, 

Perțicaș & Crișan 

2025 294 USA K-means 

Clustering can be 

used to align 

portfolio strategies to 

different risk 

tolerance levels 
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Author(s) Year 
Sample 

Size  
Data country Methods used Result 

Salah & Hayette 2025 
166-

335 
USA 

Logistic 

regression, SVM, 

Random Forest, 

KNN, K-means, 

Gaussian mixture, 

HCA, Affinity 

propagation (ag) 

HAC and Random 

Forest performed the 

best. Machine 

learning as base for 

portfolio construction 

can be used to beat 

the market 

Vo, Wang & 

Nguyen 
2026 255 

USA, UK, 

India, China, 

Taiwan, 

Vietnam 

PCA-KMeans 

PCAK-means 

clustering approach 

can be used to 

outperform on risk-

adjusted basis 

portfolios that are 

formed without it. 

Jiao & Zheng 2026 N>1500 China K-means 

K-means clustering 

before forming 

contrarian stock 

portfolios 

outperforms reversal 

approach in Chinese 

stock market. 

 

Table 2 above presents the summary of the earlier academic research about the utilization of 

k-means clustering in stock market research. According to the literature review, studies can 

be divided into distinct groups based on the usage of the k-means. Studies concerning 

portfolio construction or analysis based on k-means (e.g. Muangprathub et al. 2020; Cheong 

et al. 2017; Nanda et al. 2010; Vijayalakshmi Pai & Michel 2009), research on stock price 

prediction (e.g. Affonso et al. 2021; Bini & Mathew 2016), market segmentation (Shin & 

Sohn 2004), investment strategy related research (e.g. Jiao & Zheng 2026; Han et al. 2023a) 

and as a part of different machine learning models (Al-Augby et al. 2014). The previous 

academic research about k-means in stock markets is also quite recent and most of the 

research is done after 2020 based on the literature review summarized in Table 2. 
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Moreover, most of the earlier academic research has been conducted in Asia or Middle East 

(Jiao & Zheng 2026; Aslam 2025; Sengupta et al. 2024; Aslam et al. 2023; Wu et al. 2022; 

Zuhroh et al. 2021; Muangprathub et al. 2020; Cheong et al. 2017; Bini & Mathew 2016; 

Al-Augby et al. 2014; Nanda et al. 2010; Vijayalakshmi Pai & Michel 2009; Shin Sohn 

2004). Recently k-means has also been studied in the US (Vo et al. 2026; Salah & Hayette 

2025; Pooja et al. 2024; Vásquez Sáenz et al. 2023; Affonso et al. 2021). Most of the 

previous studies introduced in Table 2 also either use combinations of return, risk, valuation 

multiples and different valuation ratios to perform clustering or only some of them. For 

example, Nanda et al. (2010) apply only valuation multiples and return information whereas 

Aslam et al. (2023) employ return and risk related variables. The dataset size also varies a 

lot in the studies. According to Table 2, the sample size varies between 28 and over 300 

stocks in the academic literature discussed in this literature review. 

Thus, this research aims to fill the research gap about the usage of k-means clustering in 

portfolio construction in the Nordic equity markets since most of the previous research is 

focused outside of Europe based on the Table 2. Additionally, this research aims to increase 

knowledge about the application of k-means clustering method as a basis for value anomaly 

research by clustering stocks from Nordic equity markets based on different valuation 

multiples and evaluating the portfolios with risk-adjusted measures, of which the former was 

discussed in chapter 2.1 and the latter in chapter 2.2. 
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4  Data and methodology 

This chapter introduces the empirical part of this research. Firstly, the descriptive statistics 

of the data is presented. Secondly, the methodology of the empirical part is demonstrated in 

detail including every step of the process from the obtaining of the data to assessing the 

results based on risk-adjusted return measures. 

4.1  Data 

All data for this thesis were obtained from LSEG Workspace database. The data consisted 

of both valuation multiples and price data for the stocks included in the Nordic equity 

markets. Additionally, market index and risk-free rate data were obtained from the database. 

The Nordic equity markets consist of Denmark, Finland, Norway, Sweden and Iceland. 

However, following the research conducted by Grobys & Huhta-Halkola (2019, 2874-2875) 

in the Nordic Equity markets, Iceland was not included in the sample because it is frequently 

omitted due to low market capitalization, low trading volume and low number of stocks. 

Moreover, all data was denominated in euros since the study is conducted in the point of 

view of a Finnish investor. Thus, Danish, Norwegian and Swedish daily price data were 

converted to euros during the data collection phase in LSEG Workspace. 

The study period is 2005-2025, which is long enough to include several different economic 

cycles. Long time period also ensures that the value anomaly is properly researched since 

the anomaly has been performing poorly recently. Additionally, the time period includes 

both times when value anomaly has been detected and has received mixed results according 

to previous academic literature. The valuation multiple data were obtained from LSEG 

Workspace database between 1.5.2004-1.5.2025 in order to avoid look-ahead bias for 

valuation multiples. The valuation multiples are based on latest financial statements, which 

are typically published during spring for the latest fiscal year. 2004 valuation multiple values 

are needed to be able to construct the portfolios in 2005 for the first time. Moreover, 

following the research of Leivo & Pätäri (2009, 72), the sample includes also delisted stocks 

to avoid survivorship bias. Stock daily price data, market index data and risk-free rate data 

are obtained for 1.5.2005-1.5.2025 period when the portfolios are evaluated.  
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The valuation multiples used in this thesis were introduced in chapter 2.1, which were P/E, 

P/B, P/S, P/CF, P/D, EV/EBITDA and ROE. These valuation multiples were selected based 

on the literature review’s results in Table 1 in chapter 3.1 since these valuation multiples 

appeared frequently in earlier value anomaly research. Moreover, ROE was selected as a 

quality measure because Elze (2010) demonstrated better statistical significance level for 

value anomaly returns when capital return variables were combined with simple valuation 

ratios. The latest financial statements data is used yearly to obtain the multiples from LSEG 

Workspace. This thesis uses trailing valuation multiples, and the reciprocal values for the 

valuation ratios are used. Using the yield format is common in previous academic value 

anomaly research and it ensures that k-means algorithm functions properly for all valuation 

multiple combinations. The daily stock price data is also acquired for 1.5.2005-1.5.2025 for 

all the stocks in the already defined Nordic equity markets. The daily price data is used to 

derive daily return data for the stocks in the sample. 

The market index for this thesis is MSCI Nordic Countries index, which includes 

approximately 85% of the market capitalization in each country adjusted by free float. The 

index covers all the markets included in the sample of this thesis. Moreover, Sweden has the 

largest weight on the index. (MSCI 2026) The market index during the sample period is 

depicted below in Figure 1. The market index has approximately earned 426.80% cumulative 

return during 1.5.2005-1.5.2025 and annual return has been approximately 8.66% for Nordic 

Equity markets. The return of the market index has been quite steady during the 2005-2020 

after which the returns have increased faster during 2020-2025 according to Figure 1. 

Additionally, the effects of the financial crisis in 2008, the euro crisis, the covid-19 pandemic 

and the Russia-Ukraine war 2022 onwards, can be seen clearly as temporary bear market 

periods in the Figure 1. Additionally, the market index is denominated in euros to ensure 

comparability and validity of the empirical results. 



 

 

59 

 

Figure 1. Development of the MSCI Nordic Countries gross index (EUR) between the 

research period. 

The risk-free rate used in this thesis is 1-year Euribor, which is used because all the data is 

euro denominated as mentioned earlier. Moreover, this risk-free rate is used because the 

portfolios are constructed so that the portfolios contain stocks from multiple different stock 

markets. The risk-free rate has varied during the sample period, which is depicted below in 

the Figure 2. According to Bezuidenhout et al. (2021, 21) growth stocks have benefitted 

from lower interest rates and high government spending, which is why it is interesting to 

have different risk-free rate levels included in the sample to examine the value anomaly. The 

risk-free rate was over 5% during the financial crisis, at 0% or below zero during 2015-2022 

and approximately 4% at the beginning of the war in Ukraine in 2022 according to the Figure 

2.  

Table 3. Summary of risk-free rate (%) during 2005-2025. 
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The risk-free rate has been approximately 1.46% in average during the whole period, the 

minimum value has been -0.52%, the maximum value has been 5.53% and median has been 

1.04%. (Table 3) 

 

Figure 2. 1-Year Euribor during the study period in 1.5.2005-1.5.2025. 

The raw data imported from LSEG Workspace contains 662 stocks for the 1.5.2004-1.5.2025 

period. The raw master data table contains 10771 rows of data for each of the valuation 

multiple after removing the duplicate date and stock ticker combinations in Excel. According 

to Table 4, there are clear outliers in the raw data when maximum values for the valuation 

multiples are examined. There are no negative values for price-based-multiples, but ROE 

and EV/EBITDA have negative values when examining minimum values. (Table 4) 

Table 4. Raw master data table. 
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Moreover, the geographical breakdown of the stocks in the sample is depicted below in 

Figure 3. The highest proportion of companies are from Sweden (46%), and the lowest 

proportion is from Denmark (13%) based on the pie chart. Additionally, 23% are from 

Norway and 18% from Finland. (Figure 3) The large proportion of Swedish stocks in the 

sample is aligned with the empirical framework of Grobys & Huhta-Halkola (2019) research. 

 

Figure 3. Country distribution of the stocks in the sample. 

4.2  Methodology 

The portfolio construction starts from 1.5.2005, which is the first time k-means clustering is 

applied to construct the value and growth portfolios based on the valuation multiples. Several 

different files were downloaded from LSEG Workspace with Microsoft Excel’s LSEG 

Workspace add-in. The first file included the annual valuation multiples for the stocks in the 

sample 1.5.2004-1.5.2025. The multiples were downloaded separately for different sheets 

from which they were combined to a master data table. Data from 2004 was used in order to 

avoid look-ahead bias. The daily price data for the stocks during the period 1.5.2005-

1.5.2025 was obtained in four csv parts because of the large amount of daily price data during 

the study period. Lastly, the market index and risk-free rate data between 1.5.2005-1.5.2025 

was obtained. The data was firstly examined in Microsoft Excel where it was partly pre-

processed before exporting it to Python in csv file format. Python was used as a main 

environment for the data from pre-processing of the data to calculating portfolio 
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performance measures. Python was used in Jupyter Notebook environment provided by 

Anaconda-Navigator. Transaction costs were not included in the study following Boloș et 

al. (2025, 10) and financial companies were excluded from the sample following Grobys & 

Huhta-Halkola (2019). Additionally, taxes and dual listings were also excluded from this 

study. Below the steps of methodology are summarized in Figure 4. 

Figure 4. Simplified steps of methodological framework (modified from Boloș et al. (2025)). 

Firstly, the data containing the valuation multiples for all of the sample stocks is pre-

processed properly to ensure reliable results from the k-means clustering algorithm. The 

valuation multiples were downloaded separately after which a master raw data table was 

created in Excel. Moreover, the Excel cells that included NULL were replaced as empty and 

commas were replaced with dots before converting the valuation multiple data to csv-file 

and exporting it to Python for further preprocessing. According to Han et al. (2023b, 382) 

and Chian & Mirkin (2010, 21-23), clustering methods are sensitive to noisy data and 

variables can be incomparable between each other. Data might be missing or contain outliers 

if its noisy (Han et al. 2023b, 382). Thus, data preprocessing is done before applying 

clustering to input data.  

The valuation multiple data were converted to yield format before further preprocessing, 

which means that reciprocal values for multiples P/E, P/B, P/S, P/CF and EV/EBITDA were 

used. This was done because P/D multiple was already downloaded in dividend yield format 

and ROE is also in yield format. This was done for the k-means algorithm to work properly 

when all input variables indicate that high value (value stock) and low value (growth stock). 

Moreover, using yield format is common practice in value anomaly’s academic research. 

For example, Leivo & Pätäri (2009) use yield format for the individual and combination of 

valuation ratios in their research on the Finnish stock market. Furthermore, Elze (2010) uses 

yield format when assessing individual valuation multiples and their combinations with 

ROE. Hence, the use of yield format for valuation multiples is reasoned since it is common 

practice in academic value anomaly literature and applied with capital return variables, 

which Elze (2010) demonstrated in his study. 
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First preprocessing step was to eliminate possible missing values from the dataset. After 

removing all rows with missing data, the number of rows decreases to 6488 data rows from 

10771 rows. Hence, 45416 (6488 rows x 7 valuation multiples) datapoints are remaining 

after deleting rows that do not have all 7 multiples for a stock. 45 416 datapoints are enough 

to perform the clustering yearly. Many clustering methods in general tend to be sensitive to 

missing values, outliers or unknown data (Han et al. 2023b, 382). Thus, only rows that have 

all of the valuation multiples available were accepted to the final sample to ensure k-means 

algorithm to function properly. However, strict requirement of having data from all the seven 

multiples might cause smaller companies to fall from the sample, which may affect to the 

results. As second preprocessing step, possible duplicate values are extracted in case Excel 

did not do it correctly in the earlier phase when the valuation multiple master data table was 

constructed. No duplicates were found anymore in this phase. 

Table 5. Correlation matrix of valuation multiples. 

 

Correlation matrix is constructed among valuation multiples from which E/P, B/P, CF/P, S/P 

and dividend yield variables have high correlation between each other, but ROE and 

EBITDA/EV don’t correlate almost at all with other variables (Table 5; Appendix 1). Hence, 

there is multicollinearity between some variables. Thirdly, following the research of Boloș 

et al. (2025, 8), the data is winsorized to avoid outliers controlling the k-means algorithm’s 

Euclidean distance measure. Boloș et al. (2025) used 1st and 99th percentiles to winsorize the 

data but in this research 5th and 95th percentiles were used in order to have data set that works 

properly in the k-means algorithm. Using 1st and 99th percentiles for winsorizing were not 

enough to properly account for the outliers for this dataset. Winsorizing is applied to reduce 

the impact of extreme values such as outliers but maintaining the overall dataset structure 

(Thevapalan 2024). Hence, winsorizing was selected in order to prevent deleting more 

values from the dataset and reducing the impact of outliers. 
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The last step of data pre-processing is standardization of the variables, which is an important 

step for machine learnings algorithms (Scikit Learn 2026). Boloș et al. (2025, 8) used the 

Python’s StandardScaler library to standardize the data with z-score method. The same 

method is followed in this thesis. As a result of z-score normalization every variable has zero 

mean and standard deviation of 1 (Scikit Learn 2026). Hence, all variables can achieve 

values between -1 or 1. The standardization was done yearly for the variables. After 

standardization of the variables and all the preprocessing steps completed, the final number 

of stocks has decreased. In Figure 5 below, the number of stocks is shown before and after 

preprocessing the data. In 2004 the cleaned dataset contains approximately 200 stocks, 

which increases to approximately 400 by 2024 as the orange bars in the bar chart in Figure 

5 depict. The number of stocks is smaller because of the preprocessing and the requirement 

to have data for all the seven valuation multiples. 

Figure 5. Number of stocks before and after data preprocessing. 

After preprocessing the valuation multiple data, the k-means algorithm is used to construct 

the portfolios. The portfolios are rebalanced once a year in the beginning of May and the 

portfolios are equally weighted. The portfolios are formed based on all stocks in the Nordic 

equity market sample and not by country. The k-means algorithm uses valuation multiples 
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as an input data from which it sorts the datapoints that are similar in the same cluster and 

dissimilar datapoints to other clusters. The more detailed theoretical steps of the k-means 

algorithm are described in chapter 2.3. This chapter describes the process from obtaining the 

sample data to comparing risk-adjusted risk-measures of the portfolios.  

The optimal number of clusters for the algorithm is tested based on 2004 data. All 7 valuation 

multiples are included in the optimal k determination process. The optimal k is determined 

based on elbow, silhouette and gap statistic methods, which are also defined in chapter 2.3. 

The optimal number of clusters will be used when the portfolios are rebalanced yearly. After 

defining the proper number of clusters, the algorithm is implemented and final clusters are 

defined. The optimal number of clusters based on the elbow, silhouette method and gap 

statistic method is 2 (Appendix 2-4). The final selection was based on silhouette method 

because it gave the clearest sign about the optimal number of clusters since silhouette score 

was the highest for k=2 (Appendix 3). Elbow method might not be the best approach because 

it can be unclear if no clear “elbow” point can be detected (Boloș et al. 2025, 8-9). Thus, the 

optimal k for this thesis is the same as in Boloș et al. (2025) research but differs for example 

from Nanda et al. (2010) optimal k. According to elbow method in Appendix 2, the within 

cluster sum of squares (WCSS) begins to decrease slower at k=2 but there is no clear “elbow” 

to determine the optimal k. Hence, the final decision is based on silhouette method because 

gap statistics result is not aligned with silhouette method. Furthermore, to improve validity 

of the optimal k assumption, the same optimal k of 2 was obtained from silhouette method 

to 2004-2025 valuation multiple data (Appendix 12). 

Interpretation of elbow method might be biased to subjectivity because no objectively clear 

elbow was shown in the Appendix 2. Furthermore, optimal number of clusters was defined 

with only 2004 data since it describes the situation at the beginning of the research period 

and avoids look-ahead bias. In addition, earlier academic research has performed clustering 

for datasets consisting of stocks between 28 and over 3000 stocks based on Table 2. Thus, 

the number of stocks used to define optimal k is already larger than in study conducted by 

Nanda et al. (2010) but less than Boloș et al. (2025) (Figure 5; Table 2). 

The methodology of this thesis has many assumptions, which might affect the final results 

of the thesis. For example, the choice of forming the portfolios specifically in May might 

bias the results because of the calendar anomalies. The choice to form portfolios is done 

primarily to avoid possible look-ahead bias. Zhang & Jacobsen (2021) for example 
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demonstrate the presence of the sell in May and go away strategy around the world in their 

sample where returns are 4% when buying stocks in the beginning of November and selling 

them in the end of April. Moreover, the strict requirement of having data for all selected 

seven multiples might cause small and micro-cap companies to fall out of the final sample. 

This is important to acknowledge as a constraint when assessing the results because the value 

premium has been documented to be stronger for the small cap stocks and large cap stocks 

have especially suffered from the absence of value premium in the most recent value 

anomaly research. Lastly, the results must be interpreted by being aware of the 

methodological restrictions since the different number of clusters or comparing composite 

portfolios based on other amount of multiples was not considered in this thesis. 

In this thesis 35 equally weighted value portfolios and 35 equally weighted growth portfolios 

are constructed based on all the possible combinations of three valuation multiples that can 

be derived from the total of seven multiples. The combinations of the valuation multiples 

are created by utilizing the itertools library in Python. All of the portfolios adopt the optimal 

number of clusters k=2 and are rebalanced every year. Additionally, combinations of three 

valuation multiples are employed following the methodology of Leivo & Pätäri (2011; 2009) 

and Dhatt et al. (2004), whose research indicates that mainly two to three valuation ratios 

are needed for composite portfolios to achieve robust results. The portfolios are divided into 

value and growth portfolios as follows. The cluster with the higher average sum of z-scores 

is the value portfolio and the cluster with lower average sum of z-scores is the growth 

portfolio. This logic is followed yearly when rebalancing the portfolios. The use of the yield 

format for valuation multiples in clustering results in higher (lower) values indicating value 

(growth) stocks. The logic behind determining value and growth stocks is discussed in 

chapters 3.1 and 2.1. Thus, 70 portfolios are assessed in total during the research period. 

After portfolios are formed for every year with k-means algorithm, the returns of the stocks 

and risk-adjusted return measures are calculated for each portfolio. Daily price close data is 

used for all of the portfolios, which results to 2 302 528 rows of daily price data including 

each stock in the sample. The daily price data is also pre-processed in Python after the four 

csv files have been combined. The daily price data is denominated in euros since the study 

is done from the Finnish investors point of view. After removing the duplicates daily 

logarithmic returns are calculated yearly from 1st of May to 30th of April to avoid look-ahead 

bias. Moreover, both annual returns and standard deviations are calculated for the portfolios. 
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Lastly, the 1-year Euribor risk-free rate data and MSCI Nordic Countries market index data 

is also pre-processed and combined with the portfolio data. For example, duplicate values 

were tested but not found. Moreover, a couple of missing market index price and risk-free 

rates were found, which were forward filled before proceeding further. One date was also 

missing and the row in question was deleted. Logarithmic annual returns and standard 

deviations were calculated alongside with risk-adjusted measures for the market index. 

The value portfolios performance to growth portfolios and the market were compared with 

three risk-adjusted return measures, which were defined in chapter 2.2. Firstly, Sharpe ratios 

are calculated for the portfolios after which Treynor indexes are calculated. The Jensen’s 

alpha is calculated for the portfolios by using OLS linear regression in Python by explaining 

daily portfolio excess return with market daily excess return. Moreover, p-values and t-

values for alpha and beta were acquired from the results of the OLS regression in Python. 

The statistical significance of the excess returns was interpreted by assessing the p-value of 

the Jensen’s alpha. The portfolios were considered to be statistically significant if the 

significance level was either 5% or 1%. The portfolios are statistically significant at 5% level 

if the p-value is below 0.05. Similarly, portfolios are statistically significant at 1% level if 

the p-value is below 0.01. The final results were then collected to a summary table, which is 

depicted in Appendix 5. Lastly, the visualization of the results is done in both Python and 

Excel. 
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5  Results 

This chapter introduces the results of the empirical part of this thesis and compares them to 

prior academic literature. The results are assessed using risk-adjusted return measures, which 

were defined earlier in chapter 2.2. 

5.1  Performance overview of value and growth strategies 

Figure 6 provides a broad overview of the cumulative returns for both value and growth 

strategies in Nordic equity markets in 2005-2025. Value portfolios seem to have 

underperformed the growth portfolios during the research period in general. The spread 

amplifies after the financial crisis in 2008, after which value strategy has clearly failed to 

outperform the growth strategy based on the sample data. Growth strategies have in general 

generated excess return compared to market index MSCI Nordic countries during 2005-2025 

and value strategies have underperformed the benchmark market index by a wide margin. 

(Figure 6) 

 

Figure 6. Cumulative returns of all portfolios between 2005-2025. 
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The underperformance of value anomaly has been detected in recent years and therefore the 

overall trend shown in Figure 6 is aligned with results of Harshita et al. (2018) and Bevanda 

et al. (2021) who discovered the value premium’s disappearance after the financial crisis in 

2008. Moreover, Fama & French (2021) have discovered that in 1991-2019 the value 

premium has decreased significantly compared to earlier years 1963-1991. However, the 

result is contrary compared to earlier Nordic specific evidence. Booth et al. (1994) found 

value premium for P/E in Finland and USA. Moreover, Leivo & Pätäri (2009) have 

documented a value premium in the Finnish markets and Grobys & Huhta-Halkola (2019) 

also documented statistically significant value premium for the Nordic equity markets in 

1993-2017 when small cap stocks were part of the portfolio. From the Nordic specific studies 

Grobys & Huhta-Halkola (2019) examined the same Nordic markets (Denmark, Finland, 

Norway and Sweden) as this thesis. 

Comparing the average performance of the value and growth investing strategies based on 

35 value portfolios and 35 growth portfolios the results appear even more clearly. According 

to Figure 7, value strategy has on average started to underperform both the market and the 

growth strategy in the aftermath of the financial crisis in 2008, which is aligned with the 

results of Bevanda et al. (2021) and Harshita et al. (2018). The growth strategy’s 

overperformance has amplified after 2015 when the interest rates have been very low and 

governments have used quantitative easing in their fiscal policies. The European Central 

Bank (ECB) has used quantitative easing as a monetary policy implementation tool to 

address low inflation concerns when interest rates have been too close to their lower bound 

(ECB 2026; 2025). According to ECB (2026; 2025), the reinvestments under asset purchase 

program (APP) have ended during 2023. However, the recent increase in interest rates in 

2022 and onwards clearly have resulted to growth strategy’s return close to market 

benchmark in the most recent years. The average performance of growth in terms of 

cumulative returns was the highest during 2020-2021 when covid-19 pandemic was present. 

The margin compared to market index was the largest during 2020-2021. Figure 7 concludes 

the main message of this research that value anomaly has been vanished for the Nordic equity 

markets sample used in this thesis. (Figure 6; Figure 7)  
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Figure 7. Average cumulative return of growth and value strategies in 2005-2025. 

When the performance of the average strategies is compared with risk-adjusted results, the 

overperformance of growth to market index and value strategy is confirmed. According to 

Table 6, the growth strategy has overperformed both the market index and value strategy 

clearly based on the Sharpe ratio, Treynor index and Jensen’s alpha. Average value strategy 

has resulted to 0.0575 Sharpe ratio, which clearly underperforms growth strategy (0.4646) 

and market benchmark (0.3404). The same observation applies to Treynor Index, which is 

0.014 for value and 0.109 for growth. (Table 6) Hence, based on both risk-adjusted measures 

that include either the systematic and unsystematic risk or just the systematic risk, the value 

strategy clearly underperforms the market benchmark and growth strategy. 

Table 6. Summary table of average return and risk-adjusted return of value and growth 

strategies and MSCI Nordic Countries index. 

 

Based on the Jensen’s alpha, growth portfolios generate 2.56% excess return compared to 

market index on average whereas value strategy in average results to -4.48% excess return. 

(Table 6) The results are contradictory compared to earlier traditional academic research but 
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aligned with the most recent academic literature about the recent performance of value 

anomaly (Table 1). These results based on average performance of value and growth 

strategies indicate that the value anomaly was absent from the Nordic equity market’s during 

the research period when k-means algorithm was used to generate portfolios based on the 

combinations of three valuation multiples. 

5.2  Value versus growth portfolios 

When all 35 portfolios for both value and growth portfolios are compared with annual value 

premium, it is clearly visible that growth outperforms the value strategy according to Figure 

8. Value premium is calculated by subtracting the annual return of growth portfolio from 

annual return of value portfolio. Only two value portfolios out of 35 different combinations 

outperform the growth portfolios with a slight annual margin (Figure 8). Hence, only 

approximately 5.7% of the value portfolios outperform their growth portfolios. Moreover, if 

the p-values of the Jensen’s alphas of the outperforming value portfolios are inspected, the 

outperformance is not statistically significant for the portfolios (Appendix 5). The average 

value premium for the portfolios is -6.85%, which clearly demonstrates that value strategy 

underperforms the growth portfolios (Appendix 5). The two outperforming value portfolios 

are EP/DIVYIELD/ROE (2.11% p.a) and EP/ROE/EBITDAEV (0.20% p.a) (Appendix 5; 

Figure 8). Hence, there is a quality factor ROE in all of the portfolios that have a positive 

large premium. Additionally, EP/SP/ROE portfolio has almost positive value premium. The 

best growth portfolios in terms of the highest negative value premium are constructed by 

BP/SP/DIVYIELD, BP/SP/ROE and SP/DIVYIELD/ROE. Even though quality measure 

ROE is included in this thesis, it seems that it cannot capture the value premium combined 

with traditional valuation ratios. 
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Figure 8. Value premium % (p.a) for the portfolios. 

Overall, Figure 8 confirms the absence of the positive value premium for this sample. 

According to Table 6 in chapter 5.1, the average annual standard deviation is higher for the 

value portfolios (18.31%) compared to growth portfolios (17.06%). Moreover, the annual 

standard deviation is highest for the market index (20.70%). When average annual standard 

deviations are compared, the growth portfolios have a 3.64 percentage points lower volatility 

than the market. (Table 6) Thus, it has been possible to outperform value portfolios in lower 

risk, and the negative value premium is not explained by higher risk for growth stocks. 

Additionally, the value strategy has underperformed the growth and market significantly 

even though it has lower volatility on average compared to the market index. 

Bird & Whitaker (2003) argue that combining quality and value measures could potentially 

increase the value strategy performance. However, this research included return on equity as 

a quality measure and nevertheless value seems to underperform growth. Elze (2010) used 

ROE when constructing value portfolios and discovered that including ROE to individual 

valuation multiples results similar returns compared to individual multiple based value 

portfolios. Moreover, combining valuation multiples resulted to not significant and smaller 

returns (Elze 2010). Additionally, Novy-Marx (2013) argument that value strategies 

performance increase when profitability is controlled among the largest stocks. However, 

including ROE did not result to positive value premium in this thesis.  
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5.3  Value and growth portfolios compared to the MSCI Nordic Countries index 

MSCI Nordic Countries Index was used as benchmark index in this study. During the 

research period 2005-2025 it achieved annual returns of 8.05% and cumulative return of 

426.80%. Moreover, its risk-adjusted return measured by Sharpe ratio was 0.3404 and 

Treynor index was 0.0705. (Table 7) From total of 70 portfolios only 36 portfolios achieved 

excess returns compared to market index measured with Jensen’s alpha. Only, two out of 36 

excess return combinations were value portfolios. (Table 8) Hence, only 1 growth portfolio 

underperformed the market index in terms of excess return whereas 33 value portfolios lost 

to the market benchmark index. 

Table 7. Returns and risk-adjusted returns of the MSCI Nordic Countries market index.  

 

According to Table 8 and Appendix 5, neither of the value portfolios performing better than 

the market index were statistically significant in 5% significance level when p-values of the 

Jensen’s alpha were considered (p=0.5350 & p=0.8408) (Appendix 5; Table 8). Compared 

to the excess returns generated by growth portfolios, the two value portfolios achieved only 

small excess returns EP/DIVYIELD/ROE (1.24%) and EP/ROE/EBITDAEV (0.44%). 

Moreover, all of the portfolios had beta below 1 and lower standard deviation than the market 

index, which indicates that the portfolios were not outperforming the market by increasing 

risk. However, the portfolios were able to steadily achieve returns higher than the market 

even though the beta was generally below 1. (Table 8; Appendix 5) This observation further 

confirms the value anomaly’s recent underperformance that has been detected in academic 

research after the financial crisis (Bevanda et al. 2021; Harshita et al. 2018). In addition, it 

is interesing that the two best performing value portfolios have both E/P while almost none 

of the best growth portfolios have it (Figure 8; Table 8). Notably, one of the best value 

portfolios have also EBITDA/EV multiple, which was documented to have value premium 

by Leivo & Pätäri (2009) in the Finnish stock market. The only two value portfolios that 

outperformed the market and their respective growth portfolios, were constructed based on 

quality factor ROE and earnings based variables E/P and EBITDA/EV or dividend yield. 
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Table 8. All portfolios that have outperformed the MSCI Nordic Countries market index by 

positive Jensen’s alpha. 

 

However, when statistical significancy of the Jensen’s alpha is considered, there are only 15 

portfolios that have positive excess returns that are statistically significant with 10% 

significance level, only 7 when significance level is 5% and 0 when significance level is 1%. 

(Appendix 10) Thus, only 7 portfolios out of the total of 70 portfolios were able to gain 

statistically significant positive excess returns on 5% significancy level. Moreover, all of the 

portfolios that were statistically significant (⍺=5%) are growth portfolios. 
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Figure 9. Jensen’s alpha for statistically significant positive excess return portfolios. 

According to Figure 9, the highest excess return based on Jensen’s alpha was 4.12% for 

portfolio SP/DIVYIELD/ROE and the second highest was 4.11% for BP/SP/ROE. The 

lowest statistically significant excess return was 3.51% for SP/DIVYIELD/EBITDAEV 

growth portfolio. (Figure 9) Moreover, the highest Sharpe ratio for the same excess return 

portfolios was 0.5529 (BP/SP/ROE) and the lowest 0.5178 (SP/DIVYIELD/EBITDAEV). 

Similarly the highest Treynor index was 0.1299 for SP/DIVYIELD/ROE and the lowest 

0.1219 for SP/DIVYIELD/EBITDAEV. (Figure 10) Hence, the best performing portfolio 

based on statistically significant Jensen’s alpha and Treynor index was SP/DIVYIELD/ROE 

growth portfolio. Similarly to best performing value portfolio it also included dividend yield 

and ROE. Furthermore, the annual returns for these excess return growth portfolios were 

between 9.94-10.62% with annual standard deviation between 17.27-17.42%. Similarly 

cumulative portfolio returns varied between 644.84%-753.95%. (Table 8) Thus, statistically 

significant excess return portfolios had lower standard deviation compared to market 

benchmark, which indicates that the total risk of these portfolios were smaller than for the 

market. 
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Figure 10. Sharpe ratio and Treynor index for the statistically significant positive excess 

return portfolios. 

However, it is also important to asses the value portfolios. According to Table 9, twenty-one 

value portfolios underperformed the market index based on Jensen’s alpha while being 

statistically significant at 5% level and 12 value portfolios have underperformed the market 

with 1% statistical significane level. Hence, larger proportion of value portfolios 

underperformed the market than growth portfolios overperformed the market statistically 

significantly. Additionally, value strategy has portfolios that have statistically significantly 

underperformed market whereas there are no positive excess return growth portfolios with 

1% statistical signifigance level. This further confirms the general observation of this thesis 

that value anomaly seems to have underperformed the market, which is aligned with the 

recent academic literature (e.g. Bevanda et al. 2021; Harshshita et al. 2018) and contrary to 

traditional academic research (e.g. Leivo & Pätäri 2009; Chan et al. 1991; Basu 1977). 

Moreover, the annual standard deviation varies between 17.31%-19.36%, which is slightly 

higher than for the excess return growth portfolios (17.27-17.42%). Therefore, value 

portfolios are generally riskier than growth portfolios based on the results but still less risky 

compared to market benchmark index. In earlier academic literature CF/P has typically 

identified value premium for example in research conducted by Chan et al. (1991) and Fama 

& French (1998). Hence, it is interesting to observe from Table 9 that CF/P is included in 

many of the statistically significant underperforming value portfolios. However, none of the 

best growth portfolios had CF/P included, which might be caused by the fact that value stock 

companies are generally more mature and can therefore generate more stable cash flow than 

growth stock companies (Table 10).  Moreover, many of the value portfolios had B/P, which 

has been documented to perform poorly in recent academic research as discussed in chapter 

3.1. 
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Table 9. Portfolios that underperformed the MSCI Nordic Countries index statistically 

significantly. 

 

Value investing has been performing poorly in the Nordic equity market data between 2005 

and 2025 based on the k-means algorithm’s generated portfolios since most of the value 

portfolios statistically significantly underperform both the market and their equiavalent 

growth portfolios. Hence, growth strategy has performed better than value strategies and the 

market based on the Nordic equity market sample between 2005-2025.  

5.4  Performance of the best portfolios 

Total of 7 portfolios out of 70 achieved statistically significant positive excess returns on 5% 

significance level and all the best portfolios are based on growth strategy. (Table 10) These 

portfolios outperformed the market by all three risk-adjusted return metrics (Jensen’s alpha, 

Sharpe ratio and Treynor index) and raw returns. According to Table 10, the portfolios are 

SP/DIVYIELD/ROE, BP/SP/ROE, BP/SP/DIVYIELD, BP/DIVYIELD/EBITDAEV, 

EP/SP/DIVYIELD, BP/ROE/EBITDAEV and SP/DIVYIELD/EBITDAEV in best to worst 

order. These portfolios resulted to the largest cumulative returns during the research period 

varying between 644.84%-753.95% in the Nordic market based on growth strategy and 

excess returns between 3.51-4.12%. 
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Table 10. Summary statistics of the best portfolios. 

 

In 5 out of 7 of these portfolios includes dividend yield and S/P, 4 out of 7 have B/P, 3 out 

of 7 have ROE as quality measure and EBITDA/EV multiple. These multiples clearly 

dominate the winning portfolios and for example CF/P is not included in any of the best 

portfolios. Thus, based on the frequency of appearance in winning portfolios, the best 

multiples were based on S/P, B/P, DIVYIELD, ROE, which combine valuation and quality 

factors. ROE as a quality factor also seems to be able to generate excess returns for growth 

portfolios. Elze (2010) observed that including capital return variables to simple valuation 

ratios resulted to similar returns with higher statistical significance. Based on the Table 10, 

it seems that k-means algorithm has been able to combine ROE with other valuation 

multiples to identify the best performing portfolio combinations. 

Hence, performance of top portfolios indicate that the algorithm was able to capture growth 

that is also of high quality since ROE is implemented to 2/3 of the top 3 portfolios. (Table 

10) Thus, this indicates high quality growth portfolios were identified. Moreover, the 

dividend yield has played an important role in the characteristics of the winning portfolios. 

S/P valuation multiple is typically used for growth companies, which is interesting that 5/7 

of winning portfolios have it. From traditional value anomaly metrics such as B/P and E/P, 

only the latter multiple is in minor weight for the winning portfolio combinations. S/P is 

more suitable for growth companies because growth companies may not generate positive 

earnings or high earnings. This might explain why S/P is strongly presented for the best 

performing growth portfolios. In earlier value anomaly research S/P has been good at 

identifying value portfolios as demonstrated by Barbee et al. (2008) and Dhatt et al. (2004). 

The k-means algorithm was able to capture high quality growth since ROE is presented 

largely among the best growth portfolios. Moreover, the three major risk-adjusted return 
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metrics indicate strong performance compared to market for the best portfolios. The growth 

is also less risky compared to market based on the risk-adjusted metrics and annual standard 

deviations of 17.26%-17.42%, which is clearly lower than the market index annual standard 

deviation 20.70%. The betas of the growth portfolios (0.73-0.74) are also clearly below 1, 

which indicates that the algorithm was able to capture defensive growth and not include 

aggressive growth. Even though the betas and volatility of the top portfolios were low, the 

best portfolios still managed to achieve annual returns between 9.94%-10.62%, which is 

clearly above the annual market return of 8.05%. (Table 8; Table 7) Thus, the k-means 

algorithm seems to have been able to capture growth portfolios that are less risky compared 

to market but still beat market benchmark in terms of returns and risk-adjusted returns based 

on the data.  

5.5  Discussion of the results compared to prior academic literature 

One of the main observations from the results is the absence of value premium for Nordic 

equity market data in 2005-2025 based on portfolios constructed by k-means algorithm, 

which is contrary to traditional earlier value anomaly research but aligned with the most 

recent academic literature. Value anomaly has been identified across different markets by 

Fama & French (1998) and Bauman et al. (1998). Fama & French (1998) found that 

especially P/B valuation multiple has identified the value premium in almost every country 

in their international sample. The most recent literature has challenged the earlier academic 

results and found that the value premium has vanished after the financial crisis in 2008 as 

Harshita et al. (2018) and Bevanda et al. (2021) demonstrate. This is aligned with the results 

of this thesis. Based on Figures 6 & 7, the difference between value and growth has surged 

after 2008. Moreover, Fama & French (2021) have identified the value premium’s recent 

poor performance, which Arnott et al. (2021) and Gerakos & Linnainmaa (2018) have tried 

to explain to be caused by the poor performance of P/B multiple. This receives support from 

this thesis since 8 out of 12 statistically significantly underperforming value portfolios with 

1% significance level include B/P multiple. However, still 4 out of 7 best excess return 

statistically significant growth portfolios contain B/P. (Appendix 10; Appendix 11) 

Additionally, Tokic et al. (2025) observed that small cap value overperformed during 1962-

1989 but in 1995-2024 midcap growth companies have been overperforming. The results of 

this thesis are therefore aligned with the observation of growth overperformance documented 
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by Tokic et al. (2025). Similarly to Tokic et al. (2025), Israel & Moskowitz (2013) 

documented the value premium to be insignificant for their US sample data and the 

performance of value to decrease with size. 

However, the size anomaly may have affected the results of this thesis. The effect of size has 

been documented early on value anomaly research for example by Senchack & Martin 

(1987) and Israel & Moskowitz (2013). Typically, value premium has been the strongest for 

small cap stocks and weaker for large cap stocks. Thus, the results of Bevanda et al. (2021) 

about the value premium’s disappearance for large cap sample after 2008 does not account 

for small cap stock universe. Gagliolo & Cardullo (2020) also identified that value premium 

was smaller for large cap stocks in Italy and was significantly smaller after 2008 than it was 

in the beginning of the 21st century. Moreover, Grobys & Huhta-Halkola (2019) observed 

that the value premium was present in the Nordic equity markets in 1993-2017 but returns 

fell after accounting for size. Hence, since the size of the stocks in the sample of this thesis 

was not considered, it may affect the results of the performance of value portfolios. 

The recent evidence for value anomaly has been documented in a period when 

macroeconomic situation has been different as can be seen from the Figure 2 in chapter 4.1. 

This has been acknowledged in earlier research by for example Tokic et al. (2025) who argue 

that the future of value anomaly will depend on the macro environment. Tokic et al. (2025) 

argue that small cap value stocks will probably benefit in the future from a macro 

environment with more financial distress. Bevanda et al. (2021) also state that monetary 

policy with low interest rates alongside with high performance of technology industry may 

have be the reason for growth strategy’s recent overperformance. Moreover, Bezuidenhout 

& van Vuuren (2021) state that increase in government spending, and low interest rates are 

one reason why growth stocks have benefitted recently. According to Figures 6 & 7, the 

growth stocks have overperformed both the market and value stocks with large margin when 

the interest rates have been low but recent increase in interest rates have resulted the average 

growth to return near the market index. However, the impact of interest rate and macro 

environment needs further research to draw more conclusions. 

The overperformance of growth and underperformance of value especially in the Nordic 

setting is a new observation when the results of this thesis are compared to earlier Nordic 

research. For example, Booth et al. (1994), Leivo & Pätäri (2009) and Grobys & Huhta-

Halkola (2019), have identified the value premium. Booth et al. (1994) reported the value 
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premium for P/E multiple, Leivo & Pätäri (2009) for dividend yield and different 

combinations based on E/P, D/P, B/P and EBITDA/EV. Furthermore, Grobys & Huhta-

Halkola (2019) identified the value premium with B/P and Leivo & Pätäri (2009) did not 

find value premium for B/P and S/P. Thus, it is interesting that i) in general value 

underperformed the market and growth stocks ii) and the best growth portfolios were 

identified mainly based on combinations created from these multiples (Appendix 5; Table 

10). S/P multiple was part of 5 of the 7 best growth portfolios, which is contradictory since 

S/P has been one of the best value premium identifiers in earlier anomaly studies (Barbee et 

al. 2008; Dhatt et al. 2004; Bird & Whitaker 2003). However, the result of value premium’s 

absence in the light of B/P and S/P are quite aligned with the observation made by Leivo & 

Pätäri (2009) that S/P and B/P did not have statistically significant value premium in Finnish 

stock market. Grobys & Huhta-Halkola (2019) identified the value premium with B/P for 

the sample consisting of Nordic equity markets excluding Iceland. The S/P dominance for 

growth portfolio identification might be explained by the fact that growth companies may 

not have positive or large results. Moreover, growth companies have typically revenue and 

therefore S/P works better for growth strategy. This might explain the absence of E/P among 

the best 7 statistically significant growth portfolios. 

CF/P has been a multiple that has been used in the traditional value anomaly research but in 

the results of this thesis it is not part of any of the winning growth portfolios whereas it is 

present among underperforming value portfolios (Appendix 5, 10 & 11). Both dividend yield 

and return on equity are frequently presented among the winning portfolios based on the 

results. It indicates that the k-means algorithm has been able to identify growth that has been 

sorted by ROE as quality measure. Elze (2010) documented that combining capital return 

variables such as ROE to individual valuation multiples the returns of value strategy had 

higher statistical significance even though the returns remained around the same level. 

According to Novy-Marx (2013), significantly higher returns are generated by profitable 

firms compared to non-profitable companies even though the valuation multiples can be 

much higher. Thus, the results of this thesis might indicate that the k-means algorithm has 

been able to identify such portfolios that generate significantly higher returns, even though 

based on valuation ratios, the portfolios can be identified as growth portfolios. The 5 out of 

7 appearing frequency of dividend yield in the best growth portfolios supports this. However, 

including more quality measures to k-means based portfolio construction needs further 

research in the future. For example, Yin & Liao (2024) found that after controlling of 
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composite profitability premium, the value premium was identified again in the Chinese 

stock market. Furthermore, it is interesting that dividend yield is among the top performing 

portfolios since dividend yield in value anomaly research has been identified in smaller 

markets such as in Finland (Leivo & Pätäri 2009) and Greece (Kyriazis & Diacogiannis 

2007). 

According to Table 6 in subchapter 5.1, the k-means algorithm has been able to construct 

the growth and average portfolios such that their average annual standard deviation is much 

less than for the market index. The growth portfolios had 17.06% annual standard deviation 

on average whereas the value portfolios had 18.31% and the market index MSCI Nordic 

countries 20.70%. These standard deviation levels are lower than the annual standard 

deviation in Grobys & Huhta-Halkola’s (2019) research (value 20.9% p.a & growth 19.5% 

p.a) in the Nordic equity markets. Traditional value anomaly research has tried to reason 

value premium by the larger risk for value stocks. On the other hand, the results of this thesis 

show that even though value has greater risk on average in terms of standard deviation, it 

still performs poorly compared both to market and growth strategy. Furthermore, the risk-

adjusted metrics such as Sharpe ratio and Treynor index are much lower for value portfolios 

compared to growth portfolios (Appendix 5). 

Moreover, the low standard deviation and low portfolio betas (<1) indicate that the growth 

strategy’s excess performance has not been created by taking significant risks. The ability of 

k-means algorithm to find non-linear relationships between variables may affect for the 

lower standard deviation. The usability of k-means clustering algorithm in value anomaly 

research is not widely researched, which is why more future research is needed in order to 

properly evaluate the results to other studies using the same method. The earlier academic 

application of k-means algorithm in stock market research was discussed in detail in chapter 

3.2. The research of Vijayalakshmi Pai & Michel (2009) and Muangprathub et al. (2020) 

found k-means to be efficient tool for portfolio diversification, which might indicate why 

the annual standard deviation for both growth and value portfolios was lower compared to 

market based on the acquired results in this thesis. On the other hand, this research used 

larger sample size compared to earlier k-means research conducted by for example Boloș et 

al. (2025), Muangprathub et al. (2020), Cheong et al. (2017), Al-Augby et al. (2014), Nanda 

et al. (2010), Vijayalakshmi Pai & Michel’s (2009). Boloș et al. (2025) used the same k=2 

as optimal number of clusters as this thesis whereas Nanda et al. (2010) used more clusters, 
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but Nanda’s et al. (2010) sample size was much smaller than used in this thesis and Boloș et 

al. (2025) research. Moreover, Boloș et al. (2025) achieved higher Sharpe ratios than the 

results of this thesis but compared to more traditional value anomaly research conducted by 

Grobys & Huhta-Halkola (2019) the Sharpe ratios achieved for growth portfolios were 

higher in the results of this thesis. 

Recent academic literature has also discussed the usability of P/B (or B/P) valuation 

multiple. According to Arnott et al. (2021), the intangible adjusted P/B would detect value 

premium, and they argue that the traditional P/B multiple cannot capture the value premium. 

This might explain why 8 out of 12 negative excess return value portfolios with 1% 

significance level include B/P in the combination. On the other hand, 4 out of 7 best growth 

portfolios have B/P in the portfolio combination. The results of this thesis might differ if 

intangible adjusted B/P would be used or B/P would not be included at all. However, possible 

adjustments to B/P multiple requires more research on the future.  

Penman & Reggiani (2018) define a value trap, which means buying risky earnings growth 

at cheap price. They found that for example a stock with high E/P might be value trap if it 

has high B/P since the future earnings growth might not happen. (Penman & Reggiani 2018) 

Hence, the results may be affected by possible value traps because the possibility of value 

traps were not considered. The k-means algorithm considers that high (low) multiple means 

value (growth) stock. However, 4 out of 12 statistically significant negative excess return 

(⍺=1%) value portfolios have ROE as a quality measure. This indicates value strategy’s 

recent poor performance despite that ROE was used as quality measure in portfolio 

formation. 

The main finding of this master’s thesis is the poor risk-adjusted performance of value 

strategy compared to growth strategy in the Nordic equity markets in 2005-2025 based on 

the k-means clustering algorithm. The k-means clustering algorithm was able to find the 

average overperformance of growth strategy over both the value stocks and the market. 

Additionally, the k-means clustering was able to find statistically significant excess returns 

on 5% significance level for 7 growth portfolios. The top portfolios generated excess returns 

between 3.51%-4.12% annually and had lower standard deviation and better risk-adjusted 

performance than the market index MSCI Nordic countries (Table 6; Table 10). The top 

portfolios included portfolios based on either pure combination of valuation multiples or 

valuation multiples combined to quality measure ROE. The top portfolios based on returns 
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and three risk-adjusted return measures in the best to worst order were SP/DIVYIELD/ROE, 

BP/SP/ROE, BP/SP/DIVYIELD, BP/DIVYIELD/EBITDAEV, EP/SP/DIVYIELD, 

BP/ROE/EBITDAEV and SP/DIVYIELD/EBITDAEV. The main findings compared to 

literature are summarized below. 

Table 11. Main empirical results summarized considering prior academic research. 

Topic Literature* Empirical results** 

Value Anomaly 

Traditional view: value stocks 

overperform the growth stocks 

using valuation multiples to 

form portfolios. Most recent 

evidence: value anomaly has not 

been detected using the same 

methods as before. Especially 

after the 2008 financial crisis. 

Value stocks underperformed growth stocks 

based on all the risk-adjusted return metrics for 

the Nordic equity market sample in 2005-2025. 

Growth strategy’s superiority compared to 

value strategy was depicted after 2008. 

Valuation 

multiples used in 

the value 

anomaly research 

Value anomaly has been 

detected by using E/P, B/P, S/P, 

CF/P, D/P, EBITDA/EV but the 

best multiples and combinations 

of multiples vary among studies. 

E/P and B/P are the most 

researched ones. 

S/P appeared most frequently in the top growth 

portfolios. Moreover, ROE was included in 

two of the top three growth portfolios. The best 

statistically significant growth portfolios: 

SP/DIVYIELD/ROE, BP/SP/ROE, 

BP/SP/DIVYIELD, 

BP/DIVYIELD/EBITDAEV, 

EP/SP/DIVYIELD, BP/ROE/EBITDAEV and 

SP/DIVYIELD/EBITDAEV 

K-means 

clustering in 

stock market 

research 

K-means has been used for 

portfolio construction, stock 

market segmentation, portfolio 

optimization and stock price 

prediction purposes. K-means is 

a good portfolio diversification 

tool. 

K-means was able to construct growth 

portfolios that outperformed the market index 

with lower risk than the market index when 

measured with standard deviation. 

Value anomaly 

in the Nordic 

equity markets. 

Value anomaly has been 

detected in the Nordics in prior 

academic literature. 

Value portfolios were not able to earn excess 

returns and lost to both growth portfolios and 

the market index based on this sample. 

Note: * Literature column based on the results of the literature review in chapters 3.1 and 

3.2. ** Results column based on the empirical findings in chapters 5.1-5.5. 
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6  Conclusions and summary 

Objective of this master’s thesis was to examine the performance of value and growth 

strategies based on portfolios constructed with k-means clustering algorithm in the Nordic 

equity markets in 2005-2025. The performance was assessed based on both raw returns and 

risk-adjusted returns of which the latter was assessed by Sharpe ratio, Treynor Index and 

Jensen’s alpha. Thus, the objective was to examine whether risk-adjusted excess return can 

be achieved with value portfolios compared to market index MSCI Nordic countries and 

growth portfolios based on k-means constructed portfolios in Nordic equity markets in 2005-

2025 sample. 

6.1  Answering the research questions 

The first research question is answered by solely on the observations from the literature 

review whereas the second research question is answered with empirical results. The 

empirical part was conducted with quantitative research methods, which was based on the 

data obtained from LSEG workspace database. The research was conducted mainly in 

Python environment, but Microsoft Excel was used partly in data preprocessing and 

presentation of the results. The valuation multiples that were used to construct 35 value and 

35 growth portfolios were E/P, B/P, S/P, CF/P, dividend yield, ROE and EBITDA/EV. 

Following the research of Grobys & Huhta-Halkola (2019), the sample consisted of stocks 

in the stock markets of Denmark, Finland, Norway and Sweden excluding financial industry 

companies and the stock market of Iceland. Moreover, the quantitative data was 

denominated in Euros because the research is conducted from the Finnish investor’s point 

of view. The research of Boloș et al. (2025) was followed for necessary data preprocessing 

steps before implementing the k-means algorithm. Next, the first research question is 

answered. 

i) Which key valuation ratios have been identified as the best performing indicators in earlier 

value anomaly research, and how k-means clustering method has been utilized in stock 

market research according to previous academic literature? 
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The earlier academic research has examined several valuation multiples of which the E/P 

and B/P are probably the most studied ones. According to the result of the literature review, 

the best valuation ratios vary between countries and research periods. The earlier evidence 

shows the superiority of B/P multiple in value anomaly research as demonstrated by Fama 

& French (1998) and Chan et al. (1991). However, the most recent evidence shows B/P to 

perform poorly as found by Arnott et al. (2021), Bevanda et al. (2021) and Gerakos & 

Linnainmaa (2018). Earlier evidence also supports the superiority of S/P and CF/P in value 

premium research (Dhatt et al. 2004), but Nordic evidence has found composite multiples 

and dividend yield to perform best (Leivo & Pätäri 2009). Hence, the best valuation 

multiples vary by country and time period, and no unambiguously correct general answer 

can be given based on the prior academic literature. However, E/P, B/P, S/P, CF/P and 

dividend yield are probably the most used valuation multiples in value anomaly research, 

and it varies by research sample which performs the best in identifying value premium. 

Secondly k-means clustering algorithm has been used for several purposes according to 

earlier academic research, but it has not been explicitly used to examine value anomaly. 

Firstly, k-means has been used in portfolio construction in stock market research as is 

demonstrated by for example Nanda et al. (2010). K-means algorithm is employed for 

different portfolio optimization tasks, which Boloș et al. (2025) is an example. The method 

has been used as a part in stock price prediction literature (Affonso et al. 2021; Bini & 

Mathew 2016). K-means has been utilized to stock market segmentation (Shin & Sohn 2004) 

and in different investment strategy research for example conducted by Jiao & Zheng (2026). 

Most of the literature is based to Asia and Middle Eastern data but most recent research 

includes also US data (Table 2). It differs how k-means performs related to other clustering 

algorithms. For example, Nanda et al. (2010) found that k-means performs the best in their 

sample but Al-Augby et al. (2014) documented better performance for fuzzy k-means. 

Hence, k-means clustering has had wide different purposes in stock market research in 

academic literature as Table 2 in chapter 3.2 illustrates. Additionally, the input variables for 

k-means algorithm vary in the literature. Valuation multiples, prices, risk-metrics, 

profitability metrics are examples of different input data that has been used in stock market 

research. Moreover, the sample size varies in the literature. (Table 2) 



 

 

87 

ii) How stock portfolios constructed using the k-means clustering algorithm perform in terms 

of risk-adjusted returns and which key valuation ratio combinations would have yielded the 

best risk-adjusted returns in the Nordic equity markets in 2005-2025 based on the data? 

The main finding of the research was that value strategy underperformed both the growth 

strategy and the market index during 2005-2025 in the Nordic equity markets. On the other 

hand, the results are constrained to the strict methodological choices made in the chapter 4.2. 

The growth portfolios constructed by k-means algorithm were the best performers in terms 

of both returns and risk-adjusted returns when compared to market index and value strategy. 

Value portfolios did not outperform either the market benchmark MSCI Nordic countries or 

their respective growth portfolios in general. However, 36 portfolios in total of 70 portfolios 

outperformed the market index of which two were value portfolios and 34 were growth 

portfolios. 7 growth portfolios outperformed the market index statistically significantly with 

5% significance level based on all three risk-adjusted return metrics. The best portfolios 

achieved excess returns between 3.51%-4.12% based on Jensen’s alpha, Sharpe ratios 

between 0.5178-0.5529 and Treynor index between 0.1219-0.1299. The value portfolios 

underperformed the market index and growth portfolios in terms risk-adjusted returns, which 

is aligned with recent poor performance of value anomaly based on studies conducted by 

Tokic et al. (2025), Fama & French (2021), Bevanda et al. (2021) and Harshita et al. (2018). 

However, the results are contradictory to earlier Nordic evidence such as Grobys & Huhta-

Halkola (2019), Leivo & Pätäri (2009) and Booth et al. (1994) and traditional value anomaly 

research such as Elze (2010), Barbee et al. (2008), Dhatt et al. (2004), Basu (1977). On the 

other hand, the poor performance of value strategy after 2008 was aligned with Bevanda et 

al. (2021) & Harshita et al. (2018) and the results of value anomaly absence are aligned with 

Tokic et al. (2025) observation of the value anomaly underperformance after 1995.  

12 out of 35 value portfolios underperformed the market index with 1% significance level, 

which indicates the absence of value anomaly in the Nordic equity markets in 2005-2025 

data. The best 7 growth portfolios were in best to worst order SP/DIVYIELD/ROE, 

BP/SP/ROE, BP/SP/DIVYIELD, BP/DIVYIELD/EBITDAEV, EP/SP/DIVYIELD, 

BP/ROE/EBITDAEV and SP/DIVYIELD/EBITDAEV. The top-performing growth 

portfolios mainly consisted of S/P, ROE, B/P and dividend yield multiples. Thus, it can be 

concluded that k-means algorithm was able to identify growth portfolios overperformance 

over value portfolios with both valuation and quality measures. Furthermore, Leivo & Pätäri 
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(2009) documented that S/P and B/P were not able to capture value premium in Finnish stock 

market, which is aligned with the results of this thesis. On the other hand, the k-means 

clustering performed surprisingly well since it was able to generate lower standard deviation 

for both value and growth strategies on average annually compared to market benchmark. 

The observation about the diversification portfolios based on k-means clustering is aligned 

with both Muangprathub et al. (2020) and Vijayalakshmi Pai & Michel’s (2009) results 

demonstrating enhanced portfolio diversification with k-means. Thus, k-means algorithm 

was able to identify the top performing stocks efficiently with smaller risk. 

6.2  Limitations and practical implications of the results 

There are also limitations to the results of this thesis. Firstly, all data was denominated in 

euros even though most of the data was not from the Finnish equity market (Figure 3). 

Additionally, the size of the stocks in the sample was not restricted and taxes were not 

considered. Following the research of Boloș et al. (2025), transaction costs were not 

considered, and financial companies were excluded from the sample following Grobys & 

Huhta-Halkola (2019). On the other hand, the choice of the optimal number of clusters may 

influence the results. Most of the large amount of data was examined and processed in 

Python and Excel, which is why there is a chance for human error. The probability of human 

error was mitigated during the research process by performing robustness checks during the 

data processing. At the same time, the validity of the results benefits from the large number 

of portfolios constructed based on different valuation multiples in a sufficiently long time 

period to ensure the effect of different economic cycles in the sample. The research period 

included exceptionally long period of very low interest rates (Figure 2). The statistical 

significance of the risk-adjusted returns was assessed to increase both reliability and validity 

of the results. Moreover, the returns were evaluated with three different risk-adjusted return 

metrics to increase robustness of the results. The study imposed a strict prerequisite that all 

7 multiples must have data to be included in the sample, which may have decreased the 

number of small cap stocks in the dataset. According to Israel & Moskowitz (2013), value 

strategy’s performance tends to decrease with size and large cap value anomaly was 

insignificant in their sample. Hence, the decision not to control size of the stocks may have 

impacted the results. 
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The practical implications of this research offer new insights into the usability of the k-means 

algorithm in value anomaly literature. Firstly, individual investors can benefit from the 

results by updating their views about the value and growth strategies utilizing portfolios 

constructed from combinations of valuation multiples. According to the results, individual 

investors should focus more on growth and quality instead of value. This research can benefit 

portfolio managers in similar ways as individual investors and offer insights about the 

usability of k-means algorithm to create low volatility portfolios. On the other hand, the 

results offer insights for researchers about the k-means algorithm in portfolio construction 

and the value anomaly in the Nordic equity markets. Overall, the results contribute to prior 

literature by updating the state of value anomaly in Nordic equity markets based on k-means 

clustered portfolios in 2005-2025. The results also contribute to the increasing usage of 

different machine learning methods in research and practice. 

6.3  Future research possibilities 

In the future other clustering algorithms could be implemented in value anomaly research 

instead of the k-means algorithm. Value anomaly could be examined with hierarchical 

clustering methods, fuzzy c-means or self organising maps (SOM). Furthermore, different 

valuation multiples could be utilized. For example, intangible adjusted B/P multiple could 

be included to avoid the recent poor performance of B/P documented in the literature. 

Different capital return ratios and profitability financial ratios could be used alongside 

traditional valuation multiples to examine the performance of clustering in value anomaly 

context. On the other hand, instead of inspecting Nordic equity markets as a whole, the same 

study could be done separately for the Nordic equity markets. Additionally, different 

geographical samples should be researched in the future to assess the efficacy of k-means 

algorithm in portfolio construction for value anomaly research. It would be interesting to 

compare the results between both value and growth portfolios created by k-means clustering 

and using traditional methods for value anomaly portfolio formation. Value anomaly could 

also be combined with momentum anomaly in the k-means context in the future. Moreover, 

it would be interesting to see if the results would change if size was controlled, which was 

not done in this thesis. Lastly, future research could for example examine the value anomaly 

with k-means clustering for large cap, small cap and mid cap stocks separately. 
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Appendices 

Appendix 1. Correlation matrix of the valuation multiples. 

 

Appendix 2. Elbow method. 
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Appendix 3. Silhouette method. 

 

Appendix 4. Gap Statistic. 
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Appendix 5. All portfolios constructed and the summary of the portfolios. 
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Appendix 6. Value premium for each valuation multiple combination. 
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Appendix 7. Jensen’s alpha for the portfolios. 

 

Appendix 8. Sharpe Ratio for the portfolios 

 

 



 

 

 

105 

Appendix 9. Treynor’s Index for each of the portfolios. 

 

Appendix 10. Positive excess return portfolios with statistical significance level of 10% 

and 5%. 
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Appendix 11. Negative excess return portfolios with statistical significance level of 5% 

and 1%. 

 

Appendix 12. Elbow and silhouette method robustness check for 2004-2025 input data. 
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