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The applicability of K-means clustering for the U.S. growth stock portfolio selection 

over the period 2012-2022 

 

The purpose of this study is to examine the efficacy of a clustering technique for the selection 

of growth stock portfolio. The employed clustering data consists of three valuation ratios 

(P/E, P/CF and P/B) of the S&P 500 constituent stocks. The methodology relies on 

combining the three valuation ratios vía K-means clustering. The K-means method generates 

five different clusters, from which the cluster with the the stocks with highest valuation ratios 

forms the growth portfolio. The performance of the growth portfolio is compared to the S&P 

500 Growth Index. 

During the sample period 2012–2022, the clustered growth portfolio was able to some extent 

challenge the S&P 500 Growth Index with an annual return of 9,47%, although the S&P 500 

Growth Index’s return was slightly higher at 9,87% p.a. However, the impact of trading 

costs, which were not controlled in this thesis, would widen the real-world return difference 

in favor of the S&P 500 Growth Index portfolio. 
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K-means klusteroinnin sovellettavuus Yhdysvaltojen kasvuosakkeiden salkun 

valintaan vuosina 2012–2022 

 

Tämän tutkielman tarkoituksena on tutkia klusterointitekniikan soveltuvuutta kasvuyhtiöistä 

koostuvan osakesalkun valintaan. K-means –klusterointi toteutetaan S&P 500-indeksiin 

kuuluvien osakkeiden kolmen arvostuskertoimen (P/E, P/CF ja P/B) perusteella. Menetelmä 

luo viisi arvostuskertoimiin perustuvaa klusteria, joista suhteellisesti korkeimmalle 

arvostetut osakkeet muodostavat kasvuosakeportfolion. Tämän portfolion tuottoa verrataan 

S&P 500 Growth Index’iin. 

 

Tutkimusperiodilla 2012–2022 klusterointimenetelmään perustuva kasvuosakesalkku pystyi 

jossain määrin haastamaan S&P 500 Growth Indexin 9,47 %:n vuotuisella tuotollaan, 

vaikkakin S&P 500 Growth Indexin vuosituotto (9,87 %) oli hieman korkeampi. 

Kaupankäyntikulujen vaikutus, mitä ei tässä opinnäytetyössä kontrolloitu, kuitenkin 

leventäisi reaalimaailmassa tuottoeroa S&P 500 Growth Index -salkun eduksi. 
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1  Introduction 

Growth investing has been a cornerstone of equity portfolio strategies, where investors try 

to identify companies that are trying to reach above-average revenue, earnings, or market 

share expansion. Unlike value investing, which focuses on undervalued securities based on 

intrinsic worth, growth investing emphasizes future potential over current fundamentals. As 

markets have become increasingly complex and data-rich, the analytical tools used to 

evaluate investment strategies have similarly evolved. Clustering is a tool for analysis, where 

unsupervised machine learning allows for the segmentation of financial assets based on 

shared characteristics. Over the past decade, the performance of growth investing has varied 

considerably, influenced by economic cycles, interest rate environments, and 

macroeconomic shocks, including the aftermath of the 2008 financial crisis, the COVID-19 

pandemic, and the subsequent market recoveries. The S&P 500, a widely used benchmark 

for U.S. equities, presents a robust dataset for examining the dynamics of growth investing 

due to its sectoral diversity and inclusion of both high-growth and mature companies. 

 

Recent research has started to incorporate machine learning into financial decision-making, 

with clustering methods becoming a popular tool for improving how portfolios are built, 

risks are managed, and stocks are selected. Methods such as K-means, Fuzzy C-means, and 

hierarchical clustering have proven effective in identifying stock groupings with similar 

performance patterns or financial ratios, enabling more nuanced investment strategies 

(Nanda et al., 2010; Bini and Mathew, 2016; Cheong et al., 2017). These techniques offer 

significant potential when applied to the evaluation of growth investing strategies, 

particularly in the context of a large and dynamic index like the S&P 500. 

 

This study aims to do the performance evaluation of the growth investing strategy in the 

S&P 500 over the period 2012-2022, applying clustering techniques to identify and evaluate 

growth stocks based on key financial metrics. By incorporating machine learning into 

traditional investment analysis, this research seeks to provide a comprehensive perspective 
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on whether growth investing has consistently outperformed broader market returns over the 

past decade and how clustering can enhance strategy formulation. 

1.1  Background of the study 

Growth investing has long been favored for its focus on companies with strong earnings 

potential and market expansion. Over the past decade, particularly from 2012 to 2022, the 

S&P 500 experienced significant structural changes driven by low interest rates, the rise of 

tech firms, and macroeconomic shocks like COVID-19. These shifts created a unique 

environment for evaluating whether growth investing remains effective. Traditional methods 

of selecting growth stocks often rely on fixed financial ratios, which may overlook nuanced 

patterns in firm performance. On the other hand, clustering techniques provide a more data-

driven approach to grouping stocks with similar financial characteristics, which can help 

build more focused and efficient portfolios (Nanda et al., 2010; Bini and Mathew, 2016). 

Despite these methods’ potential, they are still not widely used in research on growth 

investing, especially in mature markets like the U.S. This study looks to bridge that gap by 

exploring how clustering can enhance the process of identifying growth stocks and improve 

overall portfolio performance, offering value to both researchers and investors.  

K-means clustering adds value to the research. It's interesting to see what kind of insights or 

outcomes it can generate. The timeframe chosen for the study is also an interesting variable. 

Many events and developments have occurred in the world between 2012 and 2022. In this 

study, we will see how they have affected stocks and whether k-means clustering can predict 

their effects.  

 

1.2  Research questions 

The purpose of this thesis is to determine whether K-means clustering with three key figures 

can produce a more productive portfolio than the S&P 500 growth index. The research 

questions are:  
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RQ1: How effective is a growth investing strategy, formed using clustering 

techniques, in generating returns compared to the S&P 500 Growth Index between 

2012 and 2022? 

 

RQ2: Can clustering based on selected financial indicators (P/E, P/B, and P/CF) 

consistently identify distinct groups of growth stocks within the S&P 500 over time? 

 

The research questions aim to promote the use of clustering in the stock market and to 

investigate whether this is possible based on this research.  

1.3  Limitations 

The study has some possible limitations. The data source used in this study is Refinitiv 

Workspace, from which all the research data has been extracted. The data cannot be 

extensively validated, so it is therefore must trust the accuracy of Refinitiv’s data. Also 

changes in index composition over the period may influence results, as some companies may 

have been added or removed from the S&P 500. The analysis is based on selected financial 

ratios commonly associated with growth investing. Other qualitative factors such as 

management effectiveness, market trends, or innovation potential are not considered, which 

may limit the comprehensiveness of growth stock identification. While clustering techniques 

(e.g., K-means) are valuable for grouping stocks with similar financial characteristics, the 

results are sensitive to parameter selection and initialization methods. Different clustering 

algorithms may yield varying outcomes, potentially impacting the overall findings. The 

timeframe analysed in this study covers major market disruptions, such as the COVID-19 

pandemic, global political instability, and changes in interest rates, all of which may have 

had an outsized effect on growth stocks. Consequently, the results may not be fully 

applicable to periods characterized by different economic or market conditions.  
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1.4  Structure of the study 

This thesis is divided into six parts. The first chapter of the study is an introduction that 

explains the reasons for the research and what it aims to achieve. It also presents key findings 

of previous studies and possible limitations. The second chapter includes the theoretical 

framework of the study. The third section consists of a literature review about growth 

investing and the use of k-means clustering in investing. In the fourth chapter, the research 

data is described in detail and presents the methodology of the research. The fifth chapter 

presents the results of the study, and the last chapter discusses the conclusions and makes 

summary.  
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2  Theoretical framework 

This section discusses the theoretical background of the thesis. This helps to understand 

important subjects regarding this thesis. This includes investment strategy that is used and 

clustering and the clustering method used. 

2.1  Investment strategy 

An investment strategy is a systematic plan designed to guide the selection of financial 

instruments in a portfolio to meet long-term financial goals. As global financial markets 

become increasingly complex, understanding the mechanisms and implications of various 

investment strategies is essential for both individual and institutional investors (Bodie, Kane, 

and Marcus, 2014). Investment strategies differ in their risk profiles, return expectations, 

and implementation methodologies, and they are shaped by both classical financial theory 

and emerging insights from behavioral economics. 

 

Previous research has explored various investment styles in relation to investor preferences, 

backgrounds, and behavioral patterns. In their study, Cronqvist, Siegel, and Yu (2015) 

identify three major influences on investment style: biological factors, hedging needs, and 

both early and later life experiences. Their analysis specifically investigates the tendency of 

investors to favor either value or growth stocks within their portfolios. Firstly, Cronqvist et 

al. (2015) demonstrate that genetic variation among individuals plays a significant role in 

explaining differences in value versus growth investment preferences. These genetic 

influences reflect not only inherent preferences, but also economic behaviors shaped by 

genetically linked characteristics. Secondly, investment styles are also shaped by individual 

traits, including hedging motivations related to human capital, behavioral biases, and 

personal life experiences. For instance, investors with greater human capital and a stronger 

inclination toward speculative behavior are more likely to favor growth-oriented strategies. 

In contrast, individuals who have lived through difficult macroeconomic periods, such as 

recessions, tend to develop more conservative, value-driven portfolios. This trend suggests 

that major life events, particularly negative economic experiences, leave a lasting impression 
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on an individual’s financial decisions. For example, individuals raised during economic 

downturns tend to construct portfolios with average or below-average price-to-earnings 

(P/E) ratios—an indicator of a value-investing orientation. 

 

Moreover, growth investing tends to become more popular in bullish markets when investor 

sentiment is high. Miwa and Ueda (2016) found that financial analysts—often regarded as 

sophisticated market participants—are particularly susceptible to market sentiment during 

such periods. Specifically, in times of elevated optimism, analysts display greater 

enthusiasm for growth stocks. Their study emphasizes that analysts’ vulnerability stems 

from the present value of a company’s anticipated growth component. During periods of 

strong sentiment, this component is perceived to be larger due to lower discount rates, 

leading analysts to issue more favorable recommendations for growth stocks. However, 

these recommendations often result in underperformance relative to the broader market, 

highlighting the consequences of sentiment-driven bias on investment decisions. 

. 

2.1.1  Growth Investing and Growth Stocks 

Growth investing is a fundamental investment approach that targets companies expected to 

grow at an above-average rate compared to their industry or the broader market. Unlike value 

investing, which focuses on undervalued companies with strong fundamentals, growth 

investing is driven by expectations of future earnings, revenue, and cash flow expansion 

(Bodie, Kane and Marcus, 2014). Growth investing involves the strategic selection of stocks 

from companies that demonstrate or are projected to demonstrate robust growth in earnings 

or sales. These companies typically operate in dynamic and innovative sectors such as 

technology, healthcare, and consumer services. Growth investors prioritize capital 

appreciation over income, often at the expense of current valuations or dividend payments 

(Damodaran, 2012). A defining characteristic of growth investing is the focus on forward-

looking metrics. Investors in this category are less concerned with current price-to-earnings 

(P/E) ratios or book value, and more focused on anticipated earnings and market expansion 

(Penman, 2013).  
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A company listed on the stock exchange that is expected to achieve above-average expansion 

is generally categorized as a growth stock. This classification implies that the firm’s 

projected growth rate surpasses the market average, resulting in higher revenue generation 

compared to its peers. Growth stocks are typically identified by elevated valuation indicators 

such as price-to-earnings (P/E), price-to-book (P/B), and price-to-cash-flow (P/CF) ratios. 

Due to their future earnings potential, these stocks are usually priced at a premium. Investors 

targeting growth stocks anticipate significant capital appreciation, with the stock price 

already factoring in optimistic future income expectations (Gagliolo and Cardullo, 2020). 

 

The distinction between growth and value stocks has been analyzed for many decades, dating 

back to the seminal work of Dodd and Graham (1934). In their influential publication, 

Security Analysis, these pioneers of investment theory laid out the core principles for 

evaluating equity securities, providing detailed methods for distinguishing between growth 

and value stock types. Their analysis became the foundational framework for assessing the 

valuation, risk, and return potential of growth stocks. Dodd and Graham (1934) emphasized 

that while investing in companies with strong growth potential can be highly rewarding, it 

also involves increased risk—particularly if a company fails to meet the high expectations 

built into its stock price. 

 

2.1.2  Efficient Market Hypothesis 

The Efficient Market Hypothesis (EMH) is a foundational theory in modern finance, 

proposing that asset prices fully reflect all available information in a well-functioning 

market. Originally formulated by Eugene Fama in his influential 1970 paper Efficient 

Capital Markets: A Review of Theory and Empirical Work, EMH challenges the notion that 

investors can consistently achieve above-average, risk-adjusted returns by exploiting market 

inefficiencies (Fama, 1970; Knüpfer and Puttonen, 2018, p. 173). 

 

Fama (1970) identified three distinct forms of market efficiency—weak, semi-strong, and 

strong—each based on the extent of information integration into stock prices: 
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1. Weak-form efficiency posits that all past trading data, such as historical stock prices 

and volumes, are already reflected in current prices. Consequently, technical analysis 

becomes ineffective, as future price movements are considered unpredictable and 

consistent with the random walk theory (Fama, 1970; Malkiel, 2003; Knüpfer and 

Puttonen, 2018, p. 173). 

2. Semi-strong-form efficiency suggests that all publicly available information, 

including earnings reports, news, and macroeconomic indicators, is already 

incorporated into stock prices. This form renders both technical and fundamental 

analysis ineffective for achieving consistent excess returns (Fama, 1970). 

3. Strong-form efficiency asserts that all information, public and private (i.e., insider 

information), is instantly reflected in stock prices. Under this condition, no investor, 

regardless of access to private data, can gain abnormal profits (Fama, 1970; Knüpfer 

and Puttonen, 2018, p. 173). 

These forms of efficiency build upon one another, with semi-strong form encompassing 

weak-form elements and strong-form encompassing both. An intuitive implication of EMH 

is that investors cannot consistently outperform the market on a risk-adjusted basis, since 

any new, price-relevant information is already embedded in stock valuations at the time of 

its release. Fama (1995) emphasized that most investors act rationally, immediately 

processing new information and adjusting asset prices accordingly. 

 

The random walk theory, closely associated with EMH, reinforces this unpredictability of 

price movements. Malkiel (1973) popularized the idea in his book A Random Walk Down 

Wall Street, arguing that stock prices follow a random path, with changes triggered solely 

by unforeseen events. According to Malkiel (2003), this implies that historical trends and 

patterns offer no reliable predictive power for future performance. 

 

Despite its strong theoretical foundation, EMH has faced substantial criticism. For instance, 

Grossman and Stiglitz (1980) contended that complete market efficiency is unrealistic due 

to real-world frictions such as transaction costs, taxes, and information asymmetries. Their 
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research suggests that markets may only reflect a portion of the available information, 

allowing well-informed investors to occasionally achieve abnormal returns. 

 

Recent empirical research continues to challenge and refine EMH. Chen, Kelly, and Wu 

(2020) found that hedge funds have increasingly contributed to market efficiency, 

particularly in the wake of declining analyst coverage caused by consolidations in the 

brokerage industry. Their aggressive trading based on proprietary research has helped drive 

stock prices toward more accurate valuations. 

 

Although EMH implies the impossibility of consistent market outperformance, anomalies 

such as the value effect and momentum investing have prompted ongoing debate. Fama 

(1970) acknowledged that anomalies may arise due to specific statistical methods or 

expectations models but argued that these do not invalidate EMH as a general framework. 

Similarly, Knüpfer and Puttonen (2018, p. 173) noted that while market imperfections exist, 

such as delayed information diffusion and behavioral biases, markets can still be largely 

efficient in aggregate. 

 

In summary, EMH remains a central paradigm in financial economics. It frames much of the 

current understanding of market behavior, investment strategy, and pricing mechanisms. 

While not immune to critique, particularly in light of observed anomalies and behavioral 

finance insights, it provides a powerful lens through which to evaluate market dynamics and 

the plausibility of consistently outperforming the market. 

 

2.2  The Capital Asset Pricing Model 

The Capital Asset Pricing Model (CAPM) stands as one of the most fundamental and 

influential models in modern financial theory. Independently developed by William Sharpe 

(1964), John Lintner (1965), and Jan Mossin (1966), the CAPM extends the principles of 
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portfolio theory proposed by Harry Markowitz (1952) and introduces a simplified yet 

powerful framework to quantify the relationship between risk and expected return.  

CAPM is predicated on the notion that an asset’s expected return is determined by its 

exposure to systematic risk, commonly referred to as market risk—rather than total risk. 

Systematic risk includes macroeconomic variables such as inflation, interest rates, and 

geopolitical events, which affect all assets in the market and cannot be diversified away 

(Knüpfer and Puttonen, 2018). Conversely, unsystematic risk, or firm-specific risk, can be 

mitigated through diversification. 

CAPM mathematically expresses this risk-return relationship as: 

 

In this formula E(Ri) is expected return of investment, Rf is risk-free rate, while E(Rm) 

indicates the projected return of the overall market. The beta coefficient, 𝛽i, measures the 

asset’s sensitivity to market movements. The term (𝑅𝑚 − 𝑅𝑓) refers to the market risk 

premium, which is the difference between the market’s expected return and the risk-free rate. 

The risk-free rate represents the compensation for deferring consumption and is often 

proxied by government bond yields (Knüpfer and Puttonen, 2018, p. 153; Kallunki et al., 

2019, p. 39). The market risk premium reflects the additional return expected from investing 

in the market over a risk-free asset. The beta coefficient (β) measures the asset’s sensitivity 

to market movements and is calculated as: 

 

This equation captures how strongly the asset's returns correlate with those of the market 

(Knüpfer and Puttonen, 2018). 

 

The Capital Asset Pricing Model offers a valuable framework for understanding the link 

between risk and return. It distinguishes between systematic and unsystematic risk and 

provides a clear formula for estimating expected returns based on an asset’s sensitivity to 

market movements. Though its assumptions are often violated in practice, and empirical tests 
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have highlighted its shortcomings, CAPM’s elegance and practicality ensure its continued 

relevance in finance. As such, it remains an essential concept in the analysis of asset 

performance, particularly when assessing growth stock investments and other risk-sensitive 

decisions. 

2.3  Clustering 

Clustering, also known as cluster analysis, is an unsupervised learning technique used to 

identify a limited number of meaningful groupings within a dataset. Its primary purpose is 

to uncover underlying patterns or structures in the data (Xu and Wunsch, 2008, p. 2; 

Giordani, Ferraro and Martella, 2020, p. 3). Through this method, a clustering algorithm 

assigns data items into several separate sets, referred to as clusters. Despite its widespread 

use, there is no single, universally accepted definition of what constitutes a "cluster" (Xu and 

Wunsch, 2008, pp. 3–4). Foss, Markatou and Ray (2019) describe an ideal cluster as a 

collection of data points that are both tightly grouped and distinctly separated from others. 

Similarly, Giordani, Ferraro and Martella (2020, p. 3) define a cluster as a coherent grouping 

in which items are alike internally but notably different from items in other clusters. Cluster 

analysis can be applied in a variety of contexts, such as forming classification systems, 

developing theoretical models for categorizing entities, uncovering new insights through 

data exploration, or validating the presence of patterns proposed by earlier hypotheses (Xu 

and Wunsch, 2008, p. 3). 

2.3.1  K-means clustering 

K-means is one of the most widely recognized and commonly applied clustering techniques 

in data analysis. It is a non-hierarchical, unsupervised learning algorithm that partitions a 

given dataset into a predefined number of clusters, denoted by K. The central objective of 

the K-means algorithm is to organize data points into groups such that items within the same 

group are similar to each other while being dissimilar to those in other groups (Hruschka and 

Ebecken, 2003; Skansi, 2018). 
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The algorithm operates by minimizing the intra-cluster variance, i.e., the sum of squared 

distances between data points and the centroid of their assigned cluster (Hartigan and Wong, 

1979). Initially, K centroids are randomly placed in the vector space. These centroids act as 

the centers of the clusters, and each data point is assigned to the nearest centroid based on 

Euclidean distance (Kubat, 2017). 

 

The K-means algorithm proceeds iteratively through two main phases: assignment and 

minimization. In the assignment step, each observation is allocated to the cluster whose 

centroid is closest to it in terms of Euclidean distance. In the minimization step, the algorithm 

recalculates the centroids by computing the mean of all points assigned to each cluster, 

thereby relocating the centroid to a new position that minimizes the within-cluster sum of 

squares. These steps are repeated until a convergence criterion is met—either the centroids 

no longer change, or a maximum number of iterations is reached (Skansi, 2018) 

The K-means algorithm proceeds iteratively through the following steps: 

1. Initialization: Randomly select K centroids in the feature space. 

2. Assignment Step: Assign each data point to the closest centroid based on Euclidean 

distance. 

3. Update Step: Recalculate each centroid as the mean of the points assigned to it. 

4. Convergence Check: Repeat steps 2 and 3 until centroids no longer change or a 

maximum number of iterations is reached. 

This iterative process continues until convergence, typically when the cluster assignments 

no longer change significantly (Kubat, 2017). 
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3  Literature review 

This chapter reviews previous research on growth investing and clustering in stock research 

in general. These previous studies make it easier to understand the background of this 

research topic. 

3.1  Growth investing 

Growth investing, as an investment philosophy, is widely attributed to Thomas Rowe Price 

Jr., often referred to as the "father of growth investing" (Rowe Price, 1973). He founded T. 

Rowe Price Associates in 1937 and emphasized investing in companies with above-average 

earnings growth potential over long periods. Rowe Price believed in paying a premium for 

quality businesses that were expected to grow significantly in the future. He articulated his 

strategy through his work and publications, particularly focusing on what he called “superior 

companies,” which demonstrated sustained innovation, strong management, and the ability 

to expand earnings consistently. According to Rowe Price (1973), growth investing was not 

about speculating on short-term price movements but about identifying firms poised for 

long-term earnings expansion and holding them through economic cycles. 

 

In the 1960s and 1970s, academic discussions around the Efficient Market Hypothesis 

(Fama, 1970) challenged the notion of consistently outperforming the market, including 

through growth strategies. However, empirical studies started to show that certain anomalies, 

such as momentum and growth premiums, could persist over time, suggesting that markets 

are not always perfectly efficient. The 1990s saw a wave of quantitative research that began 

to formalize growth investing characteristics. For example, Fama and French (1993) 

introduced a three-factor model that included size and value as risk factors, which indirectly 

challenged growth investing by showing that value stocks tend to outperform growth stocks 

over the long term. Despite this, Asness et al. (2013) later introduced profitability and 

investment factors into multifactor models, which allowed for the identification of high-

quality growth companies. This helped to renew academic and investor interest in growth 

investing as not purely speculative but as a risk-adjusted strategy tied to firm fundamentals. 
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The late 1990s and early 2000s, particularly with the rise of the tech industry, significantly 

bolstered growth investing. Firms like Amazon, Google, and Apple became case studies for 

successful growth investing, highlighting the relevance of intangible assets and innovation 

as new drivers of firm value (Brynjolfsson and McAfee, 2014). The explosion of data and 

computing power enabled investors to identify and monitor growth stocks more effectively. 

The development of machine learning and big data analytics has added layers of 

sophistication to traditional growth investing (Gu, Kelly and Xiu, 2020). More recently, 

growth investing has begun to incorporate environmental, social, and governance (ESG) 

criteria. Investors now also evaluate growth companies based on their sustainability practices 

and long-term impact, viewing strong ESG profiles as potential indicators of durable growth 

(Friede, Busch and Bassen, 2015).  

3.2  Cluster analysis in stock selection 

Clustering has become an increasingly important method in quantitative finance, particularly 

in stock selection and portfolio optimization. As Mirkin (1996) defines, clustering is a 

mathematical technique designed to uncover classification structures within real-world data. 

It aims to group data points, such as stocks with similar financial metrics, into clusters with 

high intra-class similarity and low inter-class similarity. This methodology facilitates the 

analysis of complex financial datasets, especially when applied to asset management and 

investment strategies. 

 

One of the earliest and most cited applications of clustering in stock markets is by Nanda, 

Mahanty and Tiwari (2010), who examined Indian stock market data from 2007, comprising 

106 stocks. Using valuation metrics such as P/E, P/B, P/CEPS, EV/EBITDA, and Market 

Cap/Sales, they implemented K-means, Fuzzy C-means, and SOM neural networks to form 

investment clusters. Their results indicated that the K-means algorithm formed tighter, more 

efficient clusters and could streamline portfolio construction based on Markowitz’s (1952) 

theory. The authors concluded that clustering not only reduces the burden of manual stock 

screening but also provides a systematic approach to asset selection (Nanda et al., 2010). 

Bini and Mathew (2016) extended this work in the Indian market by comparing partition-

based (K-means, Expectation Maximization), density-based (DBSCAN), and hierarchical 
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clustering methods on a dataset of 1,232 stocks. According to metrics such as the Rand index 

and Silhouette coefficient, K-means and Expectation Maximization performed the best. 

Their findings emphasized the scalability and effectiveness of K-means for stock selection, 

particularly when large datasets are involved. 

The study by Pätäri, Karell, and Luukka (2016) investigates the effectiveness of traditional 

valuation ratios in identifying undervalued stocks within the Finnish stock market from 1996 

to 2013. Their findings reveal that commonly used metrics such as Earnings-to-Price (E/P) 

and Sales-to-Price (S/P) ratios have limited discriminatory power. Instead, the EBIT-to-

Enterprise-Value (EBIT/EV) ratio, despite its rare usage in prior research, emerges as a 

superior individual selection criterion. Recognizing the influence of firm size, financial 

leverage, and industry classification on relative valuations, the authors propose an innovative 

methodology that adjusts traditional valuation ratios for these factors. By harmonizing and 

combining these adjusted scores into a single multidimensional criterion, the approach 

significantly improves portfolio performance. Portfolios constructed from the top tercile of 

these combined criteria outperform not only the overall market but also the middle and 

bottom tercile portfolios, demonstrating a robust ability to detect undervalued stocks. 

Furthermore, this multidimensional approach offers enhanced downside protection during 

bearish market periods, outperforming one-dimensional valuation methods and traditional 

ratios. This research underscores the value of integrating size, leverage, and industry 

adjustments into valuation metrics, facilitating more effective value investing strategies with 

superior risk management (Pätäri, Karell and Luukka, 2016). 

Cheong et al. (2017) applied K-means in the Korean stock market (2007–2014) to cluster 

investor behavior data. Combined with a genetic algorithm for portfolio optimization, their 

method achieved superior returns and risk metrics, as measured by the Sharpe ratio. This 

approach demonstrated the utility of clustering in aligning portfolio structures with specific 

investor profiles. The work by El, Guennoun and Hamza (2012) further showcased the value 

of clustering in optimizing equity portfolios. They utilized K-means to segment stocks based 

on risk-return profiles, followed by a dynamic optimization algorithm (MinVaRMaxVaL) to 

create superior portfolios from Moroccan stock data between 2008 and 2010. Their method 

improved portfolio performance relative to non-clustered strategies. In contrast, Al-Augby 

et al. (2014) compared K-means and Fuzzy C-means in the GCC markets, analyzing 105 

stocks across banking and energy sectors. Their results favored the Fuzzy C-means algorithm 
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due to its flexibility and robustness against the rigid boundaries imposed by traditional K-

means clustering. 

Several studies have compared the performance of K-means with other clustering 

algorithms. For instance, Renugadevi et al. (2016) applied both Hierarchical Agglomerative 

Clustering and K-means to the Indian stock market and found that K-means performed better 

in selecting cluster centers, especially with smaller sample sizes. Similarly, Medellu and 

Nugraha (2021) compared K-means and K-medoids using Indonesian market data from 

2018–2020 and concluded that K-means generated more coherent clusters. Zuhroh, Rofik 

and Echchabi (2021) employed K-means on Indonesian stock data (2016–2019) to 

investigate macroeconomic sensitivities. Their dynamic panel regression revealed that 

clusters with high resilience to interest rate, inflation, and exchange rate fluctuations are 

better suited for long-term investments.  The versatility of K-means clustering has also been 

demonstrated in forecasting applications. For example, Affonso et al. (2021) used K-means 

in combination with Long Short-Term Memory (LSTM) neural networks to forecast stock 

returns. The algorithm effectively grouped similar stocks without compromising predictive 

accuracy, suggesting that it could streamline the modeling process. Lee et al. (2010) used a 

hybrid approach integrating K-means with a custom HRK algorithm to predict short-term 

stock movements in the S&P 500 (1995–2008). Their results outperformed traditional SVM 

models, reinforcing the predictive utility of clustering methods. 

 

More recently, Aslam, Bhuiyan and Zhang (2023) utilized the K-means method on 

Malaysian stock data (2010–2021) to form portfolios based on risk-adjusted returns, 

measured by the Sharpe ratio. Their strategy showed potential for higher returns compared 

to traditional approaches. Wu, Wang and Wu (2022) extended this application in the Chinese 

stock market (2001–2020), integrating K-means into a larger portfolio selection and 

weighting strategy. Their system was able to predict market trends and optimize portfolio 

performance by leveraging a vast dataset of 400 stocks with daily trading data. Additionally, 

Herman, Zsiko and Zenyves (2022) examined the impact of financial ratios such as ROS, 

ROA, and ROE on clustering efficacy using Romanian and Hungarian stock data. They 

compared K-means and K-medoid methods and found that the latter produced more balanced 

group distributions, though K-means offered broader classification capabilities. 
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Overall, clustering, particularly through the K-means algorithm, has proven effective for 

portfolio formation, forecasting, and investor profiling across diverse markets. Its 

effectiveness lies in how efficiently it runs, how well it handles large datasets, and how easily 

it fits different financial applications. Despite its limitations, K-means remains a dominant 

tool in the modern data-driven investment landscape. Below is a list of those who have used 

cluster analysis in the stock market in Table 1. 

 

Table 1. Cluster analysis used in the stock market. 

 

 

 

 

 

 

 

 

Author(s) Published Country

Lee, Lin, Kao and Chen 2010

Nanda, Mahanty and Tiwari 2010 India

El, Guennon and Hamza 2012 Egypt

Al Augby, Majewski, Majewska and Nermend 2014 Bahrain, Saudi Arabia, Qatar, Oman and United Arab Emirates

Bini and Mathew 2016 India

Renugadevi, Sujatha, Ezhilarasie and Umamakeswari 2016 India

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

Affonso, Mangela, Dias and Pinto 2021 U.S

Medellu & Nugraha 2021

Zuhroh, Rofik and Echcabi 2021 Indonesia 

Herman, Zsiko and Zenyves 2022 Hungary and Romania

Wu, Wang and Wu 2022 China

Aslam, Bhuiyan and Zhang 2023 Malesia
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4  Data and methodology 

The next section discusses the data and selected methodologies used in the study. The 

chapter also discusses data preparation and characteristics. 

 

4.1  Data 

Thesis's data consists of S&P 500 index stocks from 2012-2022. At the beginning of each 

year of the research period, the index's stock prices were retrieved from the Refinitiv 

Workspace. In addition, it was also used to retrieve general key figures for these stocks, 

which were utilized in the research. The key figures used are Price to earnings (P/E), Price 

to book (P/B) and Price to cash flow (P/CF). This study does not take into account any 

trading expenses or taxes, which would realistically reduce actual investment returns. 

Additionally, it excludes dividends, meaning that any income from dividend payments is not 

reflected in portfolio performance and was not reinvested. Calculations are done using 

Microsoft Excel and K-means clustering is performed using R Studio. The most common 

features of the key figures are presented in table 2: 

 

Table 2. Unprocessed data from Refinitiv Workspace 

. max min AVG median std sample size 

P/E 22350 0,3 55,21757 22,3 498,5955 4805 

P/B 1495,57 -2335,98 2,896746 2,92 62,06497 5221 

P/CF 2449,333 -1237,33 13,61968 11,69834 59,59119 3934 

 

The initial dataset, as illustrated in Table 1, contained a wide range of values across all 

metrics, including extreme outliers and invalid entries such as negative or missing values. 

For instance, the P/E ratio showed a maximum of 22,350 and a minimum of 0.3, with a very 

high standard deviation (498.6), indicating significant variance and potential distortion in 



25 

 

the data. Similarly, P/B and P/CF metrics included extreme negative values (e.g., P/B: -

2,335.98 and P/CF: -1,237.33). These inconsistencies and outliers could introduce 

significant noise into the clustering analysis, potentially skewing the formation of groups 

and misrepresenting the underlying financial characteristics of the stocks. 

Data was pre-processed so that it could be analyzed using R programming. Stock price data 

was imported from Refinitiv Workspace into an Excel file, where it was formatted to be 

consistent and easier to work with. Stocks could be removed from the index annually for 

several reasons. Stocks with negative or missing values in any of the key metrics were 

excluded from the dataset for each year. The extremes of the data were very far apart, so 

before clustering, the data must be cleared from outliers. Extreme values were filtered out 

by removing stock ratios that were more than three standard deviations above or below the 

mean for each respective ratio. The threshold of three standard deviations, or three sigmas, 

was selected to exclude the most extreme outliers from the dataset. Statistically, assuming a 

normal distribution, approximately 99.7% of all data points fall within this range, meaning 

that only 0.3% of observations for each key metric were identified as outliers. It is important 

to note that the identified outliers were not always unique across all ratios, and there was 

potential for overlapping among different financial ratios. These outlier stocks were 

excluded from the clustering process. This cleaning step was performed to ensure the dataset 

was more consistent and homogeneous. Creating a more uniform dataset was intended to 

facilitate more coherent and interpretable clustering, preventing cluster centroids from being 

excessively far apart. Thus, the normalization process contributed to enhancing the quality 

and relevance of the resulting clusters. As a result, it was anticipated that portfolios formed 

from the cleaned data would exhibit greater stability and lower volatility. After pre-

processing, 4553 observations remain. Following pre-processing, the features of the key 

indicators are summarized in Table 3: 
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Table 3. Key figures after pre-processing 

 
max min avg median std sample 

size 

P/E 1330,3 0,3 30,3222 21,9 39,058 4553 

P/B 129,28 0,02 5,1015 2,99 7,514 4553 

P/CF 76,7267 0,0005 13,146 11,767 7,7311 4553 

 

This data refinement was a critical step before applying K-means clustering. Clean and 

scaled financial metrics ensure that clustering reflects genuine structural differences in stock 

valuation, rather than being influenced by errors or outliers. This process also supports the 

reliability of any derived portfolio strategies based on cluster characteristics, providing a 

strong foundation for the subsequent empirical analysis.  

 

The chosen benchmark index was the S&P 500 Growth index. Figure 1 shows the index in 

graphical form over the study period. The annual return of the S&P 500 Growth index over 

the years 2012-2022 has been 9,87% and the cumulative return has been 181 % over the 

sample period. Figure 1 shows S&P 500 Growth index returns. 

 

 

Figure 1. S&P 500 Growth index 2012-2022 
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4.2  Methodology 

This section discusses the methodology of this study. The methodology of this study includes 

the clustering process, and the returns of the portfolios created through it. 

 

4.2.1  K-means clustering process 

 

The purpose of this study was to investigate whether excess returns can be found in growth 

companies in the S&P 500 index when three different key figures are utilized. In clustering, 

the cluster with the highest cluster midpoint was selected for the portfolio. Figure 2 illustrates 

the clustering process in this study. 

 

 

Figure 2. Clustering process 

 

Download data (S&P 500 stocks for the period 
2012-2022 with price data and three key figures 
and S&P 500 Growth index)

Pre-processing data ins MS Excel and Rstudio ( 
Removing stocks of empty key figures and outliers 
removal)

Stocks selection ( Clusters with highest cluster 
midpoint)

Forming Growth portfolio of selected stocks
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The clustering process and subsequent analysis were conducted using the R programming 

language, with the source data maintained in Excel format. Prior to clustering, the dataset 

underwent a cleaning phase where all extreme values defined as those lying beyond three 

standard deviations from the mean, were excluded to enhance data reliability. The K-means 

algorithm was selected for clustering, a method well-supported in academic literature for its 

effectiveness (e.g., Medellu & Nugraha, 2021; Herman et al., 2022; Aslam et al., 2023). 

Each year was analyzed independently, using data from companies listed in the S&P 500 for 

that specific year. Three financial indicators were included in the clustering process. A 

consistent number of five clusters was used annually, aligning with prior research (e.g., 

Reinganum, 1981; Kim & Ha, 2012), which often divides data into quintiles. From these 

five clusters, those representing the highest combined scores were calculated as the vector 

sum of the three variables, were labeled as Growth clusters. The process involved placing 

five initial centroids on a coordinate plane, and then assigning each company to the nearest 

centroid based on distance. The algorithm minimized the total squared distance between 

each data point and its assigned cluster center. Once initial assignments were made, the 

centroids were updated to reflect the mean position of their assigned points, iteratively 

refining the groupings until convergence. Due to varying proximity of the data points to the 

centroids, some clusters ended up with more companies than others. This method was 

repeated for each year of the study. The cluster with the highest mean score annually was 

designated as the Growth portfolio, and its performance was tracked over time, with returns 

reinvested equally in stocks from the next year's designated Growth cluster. For each year, 

5 clusters were created, from which the highest midpoint was selected.  

 

4.2.2  Portfolio returns 

 

The portfolio return process consists of three different stages. The process for calculating 

the return of a growth portfolio is illustrated in Figure 3: 
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Figure 3. Calculation process of portfolio returns 

 

After performing the clustering process, the next step focused on analyzing the performance 

of each cluster in terms of absolute returns. Historical stock price data for the companies in 

each cluster were obtained from Refinitiv Workspace. Based on this data, equally weighted 

portfolios were constructed on the first trading day of each year using the stocks assigned to 

each cluster. Returns for each portfolio were calculated annually, and the gains from each 

year were fully reinvested into the corresponding cluster portfolio for the following year. 

This process ensured consistency in investment strategy across the entire study period from 

2012 to 2022. To identify the Growth portfolio, the cluster with the highest combined score, 

which was determined by the vector sum of the selected financial indicators (P/E, P/B, and 

P/CF ratios), was selected each year. This cluster was assumed to represent stocks with the 

strongest growth characteristics. The cumulative performance of the Growth portfolio was 

then benchmarked against the S&P 500 Growth Index to assess the relative effectiveness of 

the strategy. Year-over-year portfolio returns were compounded to calculate total 

performance across the decade. This step-by-step reallocation approach allowed for a 

dynamic portfolio that adapted annually to the new clustering outputs, reflecting changes in 

company fundamentals and market composition.  

Portfolio comparison

Annual returns of Growth portfolio is compared to the S&P500 Growth index

Return calculations

The annual returns are multiplied by each other to obtain the cumulative returns of the 
portfolios

Growth portfolios constructed

Retrieving the correct price data for the growth portfolio's stocks 



30 

 

5  RESULTS 

The following chapter analyzes the results and compares them to the S&P 500 growth index. 

The results of the chapter provide answers to the research questions of this study. 

 

5.1  Growth portfolio returns 

A total of 55 clusters were created in the study, of which 11 were growth clusters. Depending 

on the year, growth clusters contained 2-16 different companies, which were selected for the 

growth portfolio by the clustering process. The growth portfolio returned an average of 

9,47% per annum and the cumulative return for the period 2012-2022 was 170.68%. The 

years that stand out positively in Figure 4 in terms of returns are 2018 and 2020, when the 

portfolio's return was 33.75% and 34.22%. The most challenging years were 2016 and 2019, 

when the return was 0.86% and 2.8%. Appendix 1 shows which companies were selected 

for each year using clustering. Growth portfolios yearly return can be seen in Figure 4: 

 

 

Figure 4. Growth portfolio yearly return from 2012 to 2022. 
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The Clustering Growth Portfolio demonstrated the potential of data-driven strategies in 

navigating complex market environments. While not always outperforming the broader 

market, it delivered strong returns in years (e.g., 2018, 2020, 2022). Its performance 

highlights both the strengths and limitations of clustering as a stock selection tool.  

 

5.2  Growth portfolio’s performance against S&P 500 growth index 

The cumulative annual growth of the S&P 500 growth index during the period under review 

was 9,87%. That is above the long-term average return. The cumulative return over the entire 

period was 181.75%. The robust average growth rate can be attributed to the predominance 

of bull markets throughout the study period, with no prolonged or severe downturns. Notable 

short-term declines include the market disruption during the COVID-19 pandemic and the 

brief bear market experienced in 2022. Figure 5 shows the returns of the S&P 500 Growth 

index in different years over the period under review. 

 

 

Figure 5. S&P 500 Growth index return 2012-2022. 
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Figure 6 shows that the Clustering Growth Portfolio trailed the benchmark slightly in its 

initial years. Between 2015 and 2020, the clustering-based portfolio showed significant gains 

compared to the index in several years, most notably in 2018, when it outperformed the index 

by +8.37%, and in 2020, when it outperformed the index by +5.08%. In 2021, the S&P 500 

Growth Index delivered a strong 31.99% return, significantly outperforming the clustering 

portfolio that had 13,04 % return. This underperformance could reflect the fact that key 

drivers of index growth may have been underweighted or excluded by the clustering process, 

which treats all stocks equally. Similarly, in 2022, while both portfolios performed well, the 

benchmark maintained a lead with 6,87 % higher return. The clustering method that 

segments stocks with similar financial characteristics, might offer natural diversification 

benefits. However, its equal weighting and exclusion from certain high-performing outliers 

could hinder it in periods dominated by a few large-cap drivers. 

 

 

Figure 6. Clustering Growth portfolio returns versus S&P 500 Growth index returns in 2012-

2022. 

 

Figure 7 shows the cumulative returns of the S&P 500 Growth index and the Clustering 

Growth portfolio. The cumulative returns over the period were very close to each other. 

There were some year-on-year differences, and in the end, the S&P 500 index had a better 

total return. Despite a slightly lower terminal value, the Clustering Growth Portfolio 
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demonstrated robust performance, especially when considering the fact that it was built using 

a non-traditional, unsupervised machine learning technique without index-weighted bias.  

 

 

Figure 7. Cumulative returns on S&P 500 Growth index and Clustering Growth portfolio 

 

5.2.1  Analysis of the results 

 

While the Clustering Growth Portfolio demonstrates competitive performance relative to the 

S&P 500 Growth Index over the period analyzed, several practical and methodological 

limitations must be considered when interpreting these results. These limitations may cause 

the reported portfolio returns to diverge from what could be expected in real-world 

investment scenarios. The analysis does not account for transaction costs. In a portfolio that 

is rebalanced annually and potentially contains a large number of stocks, these costs can 

significantly erode net returns. Particularly in less liquid stocks, wider bid-ask spreads may 

have a non-trivial impact on execution prices. Capital gains taxes are another important 

factor that was not included in this study. For investors who realize gains annually due to 

portfolio rebalancing, the tax burden may substantially reduce net returns, especially in 

jurisdictions with high capital gains tax rates. If the dataset used to form clusters includes 
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only stocks that survived until the end of each calendar year, this introduces survivorship 

bias. Underperforming or delisted companies might have been excluded, leading to overly 

optimistic performance results that do not reflect the actual risks and dynamics of the broader 

market. The portfolios constructed in this study are equally weighted, meaning each stock 

receives the same capital allocation regardless of market capitalization, liquidity, or 

volatility. While this approach simplifies analysis and avoids concentration risk, it also 

deviates from realistic investment constraints. In practice, investors often consider market-

cap weighting, liquidity filters, or minimum investment thresholds. Overall while the 

Clustering Growth Portfolio shows compelling results over the 2013–2022 period, the 

absence of transaction costs, taxes, dividends, and other real-world investment frictions 

suggests that the reported performance may be somewhat overstated. Additionally, 

methodological choices such as equal weighting, data limitations, and macroeconomic 

influences should be carefully considered when generalizing these findings to practical 

investment contexts.  

 

The study’s clustering approach was limited by its exclusive use of three valuation ratios 

(P/E, P/B, and P/CF), which may oversimplify the multifaceted nature of stock performance. 

While these are commonly used valuation ratios and offer valuable insights into a company’s 

fundamentals, they do not capture the full range of variables typically considered in 

comprehensive growth investing strategies. While P/E, P/B, and P/CF ratios offer an 

objective starting point for clustering, they also restrict the analysis by overlooking other 

dimensions of a company’s financial profile. A more robust growth identification process 

might benefit from the inclusion of forward-looking and qualitative indicators that are more 

aligned with how institutional investors assess growth potential. The results of this study 

should therefore be interpreted with caution, acknowledging that the limited set of financial 

metrics may have impacted the precision and generalizability of the growth portfolio’s 

performance outcomes.  
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6  CONCLUSIONS AND SUMMARY 

The purpose of this study the effectiveness of a growth investing strategy constructed 

through clustering techniques, using historical data from the S&P 500 index over the period 

2012–2022. Looking more closely, the research focused on whether growth portfolios 

formed through K-means clustering using three financial metrics, which are price to earnings 

(P/E), price to book (P/B), and price to cash-flow (P/CF), could deliver returns competitive 

with the benchmark S&P 500 Growth Index. The following conclusions address the research 

questions posed at the outset of this study. The first research question was: 

 

RQ1: How effective is a growth investing strategy, formed using clustering techniques, in 

generating returns compared to the S&P 500 Growth Index between 2012 and 2022? 

 

The analysis showed that the clustering-based growth portfolio achieved positive and 

competitive returns over the study period, often outperforming the S&P 500 Growth Index 

in specific years such as 2018, 2019, and 2020. However, it underperformed the index in 

several other years, most notably in 2021 and 2022. Over the entire research period, the 

cumulative return of the clustering-based portfolio was slightly lower than the S&P 500 

Growth Index. While the results are encouraging, they indicate that the approach isn't yet a 

reliable replacement for conventional index investing. In conclusion, clustering offers a 

methodologically sound and repeatable framework for constructing portfolios, especially for 

investors seeking discipline and fundamental alignment. Nonetheless, further enhancement, 

such as incorporating forward growth expectations, momentum indicators, or broader 

financial variables, may be required to fully match or exceed the performance of composite 

growth indices like the S&P 500 Growth Index over diverse market cycles.  

 

RQ2. Can clustering based on selected financial indicators (P/E, P/B, and P/CF) 

consistently identify distinct groups of growth stocks within the S&P 500 over time? 
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The study showed that using clustering based on just three valuation ratios, which were in 

this study P/E, P/B, and P/CF, was effective in grouping stocks into distinct, meaningful 

categories each year. Among these, a clear "growth" cluster emerged, consistently made up 

of companies with higher average values across all three indicators. This suggests that the 

K-means clustering approach was able to successfully sort stocks by similar financial 

characteristics, and that the clusters formed did reflect real differences in performance. That 

said, the analysis also revealed some limitations. Relying on just three financial indicators, 

while useful for creating clear-cut groups, may not fully capture the complexity of what 

makes a stock attractive or classify it accurately as a "growth" stock. Important factors like 

earnings momentum, return on equity, or even industry-specific trends were left out, and 

including them might have led to even more precise clustering results. 

This research highlights that clustering techniques can offer a structured and data-driven way 

to identify potential growth stocks within the S&P 500. While the strategy did not always 

outperform the S&P 500 Growth Index, it came close in several years. That shows that 

machine learning methods like K-means clustering hold real promises for building 

investment strategies. However, the study does have its limitations. It did not factor in 

transaction costs, taxes, or dividends, which are real-world considerations that could reduce 

actual returns. Also, using just three metrics may have limited the depth of the analysis. 

Future research could expand the set of financial indicators, experiment with more flexible 

or dynamic clustering methods, and consider broader economic influences to improve both 

stock selection and overall portfolio performance. 

 

6.1  Limitations and further research 

One key limitation of this research lies in the scope of financial indicators used. The 

clustering process was based on three valuation metrics. While these indicators are 

commonly used and relevant for growth stock identification, they do not capture the full 

complexity of a company’s financial health or growth potential. Important aspects such as 

revenue growth, return on equity, debt levels, or market sentiment were not included and 

may have influenced both the composition and performance of the identified clusters. 

Another limitation is the absence of real-world trading considerations. The study did not 
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factor in transaction costs, taxes, bid-ask spreads, or liquidity constraints. These elements, 

although often excluded from academic models, can significantly impact the realized 

performance of any investment strategy, especially when portfolios are rebalanced annually.  

The K-means clustering method is straightforward and widely used, it still has its own 

limitations. It requires the number of clusters to be defined in advance and assumes that 

clusters are spherical and evenly distributed, which may not always reflect the real 

distribution of financial data. Additionally, static clustering done on a year-by-year basis 

does not capture time-series dynamics or how individual stock characteristics evolve over 

time. It is important to recognize that portfolios formed from small clusters can carry 

significantly higher risk compared to broad market indices like the S&P 500. When a 

portfolio consists of only a few stocks, it becomes much more vulnerable to individual stock 

performance. While this concentration can occasionally lead to outsized returns, it also 

exposes the portfolio to severe losses, particularly if one of the included companies 

underperforms or goes bankrupt. 

In further research, the set of financial indicators could be expanded, thus the results could 

be even more accurate and provide a more comprehensive view of company fundamentals 

and improve cluster quality. In future research, it would also be possible to use different 

clustering methods that could capture more nuanced relationships between variables and 

allow investors to take more significant risks if they wish. Including transaction costs, tax 

effects, and dividends would bring performance analysis closer to real-world investing. 

Simulating different rebalancing frequencies and portfolio weighting strategies could also 

provide more practical insights. Growth patterns often differ across sectors. Clustering 

within sectors or controlling for sector weightings may lead to more balanced and 

representative growth portfolios.  
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APPENDIX 

 

Appendix 1. Companies in the portfolio in different years of the period under review 

2012-2022. 

 

 

2012 2013 2014 2015
CAMDEN PROPERTY TST. COSTAR GP. COLGATE-PALM. YUM! BRANDS

NEWMONT GARTNER 'A' ONEOK

KINDER MORGAN IDEXX LABORATORIES HERSHEY

PROLOGIS REIT KIMBERLY-CLARK LENNOX INTL.

NXP SEMICONDUCTORS UNITED PARCEL SER.'B' KLA

ALTRIA GROUP UNITED PARCEL SER.'B'

VERISK ANALYTICS CL.A LOCKHEED MARTIN

ABBVIE ALTRIA GROUP

TEXAS PACIFIC LAND TRUST CENCORA

SHERWIN-WILLIAMS

CBOE GLOBAL MARKETS(BTS)

ABBVIE

ZOETIS A

TEXAS PACIFIC LAND TRUST

2016 2017 2018 2019
ADOBE (NAS) AMAZON.COM LIVE NATION ENTM. THE CAMPBELL S COMPANY

ALEXANDRIA REAL ESTATE EQUITIES REIT BOSTON SCIENTIFIC HILTON WORLDWIDE HDG. GARTNER 'A'

BRISTOL MYERS SQUIBB SALESFORCE UDR

ESSEX PROPERTY TST. MICROCHIP TECH. WILLIAMS

HOLOGIC UDR SERVICENOW

KELLANOVA HOWMET AEROSPACE EQUINIX REIT

ZIMMER BIOMET HDG. EQUINIX REIT WELLTOWER

TYLER TECHNOLOGIES VICI PPTYS

VULCAN MATERIALS

MONOLITHIC PWR.SYS.

AMERICAN TOWER

META PLATFORMS A

PTC

HEALTHPEAK PROPERTIES

PAYCOM SOFTWARE

FEDERAL REALTY INV.TST.

2020 2021 2022
METTLER TOLEDO INTL. ADVANCED MICRO DEVICES UDR

COLGATE-PALM. MARRIOTT INTL.'A' FIDELITY NAT.INFO.SVS.

MARRIOTT INTL.'A' CORNING AT&T

KIMBERLY-CLARK SALESFORCE EQUINIX REIT

LOWE'S COMPANIES ESTEE LAUDER COS.'A'

MASCO JABIL

NETAPP GLOBAL PAYMENTS

WATERS REGENCY CENTERS

MASTERCARD ROSS STORES

HCA HEALTHCARE WILLIAMS

LAMB WESTON HOLDINGS TJX

S&P GLOBAL KINDER MORGAN

PTC

IQVIA HOLDINGS

EQUINIX REIT

WELLTOWER


