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Traditional factors have played a central role in asset pricing models and factor investment
strategies for decades. However, the growing complexity and efficiency of financial
markets have raised new questions about whether these factors continue to provide excess
returns as they once did. This bachelor’s thesis investigates the long-term relevance of five
commonly studied factors that are low volatility, momentum, size, quality, and value in the
U.S. stock market.

The study applies a quantitative approach using monthly excess return data from 1993 to
2023. Long-short portfolios for each factor were obtained from the Global Factor Data
platform and the performance of these portfolios was evaluated by using annualized
returns, Sharpe ratios, and statistical significance tests. In addition to the full-period
analysis, the study compares an early period (1993—1997) and a recent period (2019-2023)
to assess how factor performance has evolved over time.

The results show that momentum has remained statistically and economically strong, while
quality has delivered solid risk-adjusted returns. In contrast, value and size failed to produce
consistent or significant excess returns, especially in recent years. Low volatility showed
weak absolute performance but offered some benefit in terms of risk-adjusted returns. The
comparison of early and recent periods reveals a clear decline in the effectiveness of several
traditional factors, likely driven by increased market efficiency and structural changes. These
findings highlight the evolving nature of factor investing and the need for continuous
evaluation of widely used factor investing strategies.
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Perinteiset faktorit ovat jo vuosikymmenten ajan olleet keskeisessd asemassa tuottoja
selittdvissd sijoitusstrategioissa. Kuitenkin rahoitusmarkkinoiden monimutkaisuus ja
kasvava tehokkuus ovat herdttineet uusia kysymyksid siitd, tuottavatko ndméi faktorit
edelleen ylimédrdistd tuottoa samalla tavalla kuin aiemmin. Tdméa kandidaatintutkielma
tarkastelee viiden yleisesti tutkitun faktorin arvon, koon, momentumin, laadun ja matalan
volatiliteetin pitkdn aikavilin preemioita Yhdysvaltain osakemarkkinoilla.

Tutkimus toteutettiin kvantitatiivisena analyysina hyddyntden kuukausittaisia preemioita
vuosilta 1993-2023. Jokaiselle faktorille muodostetut long-short-portfoliot saatiin Global
Factor Data -tietokannasta, ja niiden suoriutumista arvioitiin annualisoitujen tuottojen,
Sharpen lukujen ja tilastollisten testien avulla. Kokonaisajanjakson lisdksi tutkimuksessa
verrattiin kahden alajakson 1993—-1997 ja 2019-2023 tuloksia, jotta saataisiin selville, miten
faktoreiden tuotot ovat muuttuneet ajan myota.

Tulokset osoittavat, ettd momentum on sdilynyt sekd tilastollisesti ettd taloudellisesti
merkittdvind faktorina koko tarkastelujakson ajan. Toinen merkittdvina sdilynyt faktori on
laatu, jolla on ollut vahva riskikorjattu tuotto. Sen sijaan arvo- ja kokofaktorit eivit tuottaneet
johdonmukaisia tai tilastollisesti merkitsevid ylituottoja tutkimuksessa eri ajanjaksoilla.
Matala volatiliteetti -faktorin absoluuttiset tuotot olivat heikkoja, mutta sen riskikorjattu
tuotto oli tilastollisesti merkitsevd. Aikasarjavertailu vahvistaa havaintoa perinteisten
faktoreiden heikentyneesta tehokuudesta, mika viittaa lisddntyneeseen
markkinatehokkuuteen ~ ja  rakenteellisiin ~ muutoksiin.  Tulokset  korostavat
faktorisijoittamisen muuttuvaa luonnetta ja tarvetta sijoitusstrategioiden jatkuvaan
uudelleenarviointiin.



Table of contents

R 6313 (014 1 (015 ) o OO OO P RPN 6
1.1 Research questions and ObJECHIVES .......eeeevieeeiiiieiiiecie e 7
1.2 LAMIEATIONS .vventeiieieeieettest ettt ettt ettt ettt ettt e e et esbeenbeeaee e 8
1.3 STTUCTUTE ...ttt et sb e et e e et 8

2 Theoretical framEWOTK..........cceeiiiiiriiiieieeee e 10
2.1 Efficient Market Hypothesis ..........coooieiiiiiiiiiiieeeeeeee e 10
2.2 Capital Asset Pricing Model, CAPM ......c..ccccoiiiiiiiiniiiiiienecieccneee e 11
23 Multi Factor MOdEIS .......cc.eeiiriiiieiiiiesiieeee e s 12

2.3.1 Fama-French Three Factor Model ...........ccccovvieviiiiniiniiiieieceeeee 12
2.3.2  Fama-Frech Five Factor Model...........ccccooiiiiiiiiiiiiieee e, 13
24 Behavioral FINance............cooiiiiiiiiiiiieeeee e 14
2.5 LALETALUIE TEVICW ...eueiietienieeiiestceteeiteetee e eite st et et st et saeesbt et e estesbeetesneesseenneas 16
2.5.1  LOW VOIAtIIEY ..eeeeiiiieeiiieeeeee ettt et et 16
2.5.2  MOMENTUITL ...ouiiiiiiiiieeiieeeite ettt ettt e bt e et e e it e e seabeesnbeesaneeeeanee 18
253 QUALIEY ..ottt e 20
254 SHZE .ttt ettt a et e e ae et e e 22
255 VaAlUC oo 24

3 Data and methodOIOZY .....cc.covuiriiriiiiiiiiiicieee et 26
3.1 DIALA ..ottt et ettt e et e e eabeeeareeea 26
3.2 MEthOAOLIOZY ...t e e e e e eeaeees 27

3.2.1  Long-short portfolio .......c.eeeriieeiiieeiiecieeee e e 28
3.2.2 0N SAMPLE t-tEST..c.ueieueiieiiieiieeiie ettt e 29
3.2.3  ShAIPE’S TALIO ..eeuvieiiieiieeiie ettt ettt ettt ettt et sttt e et e s e enteesaaeenbeennnas 30

4 EmPITICAl TESULLS ....eeiiieiiiiiieiie ettt et ettt et eiae b e naeenneen 31
4.1 Full time period reSUILS........ccuiiiiiiiiiiieie et 31
4.2 Comparison between early and reCent Years........c.ceevveeeeuveercreeeniieeenieeerveeeeveens 35

5 CONCIUSIONS ...ttt et ettt ettt e bt e et e bt e e beesaae e 39
5.1 CONCIUSIONS ...ttt ettt sttt s bt et st e sbeenae e 39
52 DISCUSSION <.ttt sttt ettt et et e sbe et saeeees 41

RETETEIICES ..o e e e e e e e e e et a e e e e e e e e e eeeaaaeeeeeeeeeanas 43



Figures

Figure 1. Cumulative returns of factor portfolios 1993-2023

Tables

Table 1. Annualized mean return, annualized Sharpe’s ratio and t-tests calculated for each

factor from 1993 to 2023

Table 2. Annualized mean return, annualized Sharpe’s ratio and t-tests calculated for each

factor from 1993 to 1997

Table 3. Annualized mean return, annualized Sharpe’s ratio and t-tests calculated for each

factor from 2019 to 2023

Appendices

Appendix 1. Annual factor returns 1993-2023

Abbreviations

CAPM Capital Asset Pricing Model
EMH Efficient Market Hypothesis
GFD Global Factor Data

QMJ Quality Minus Junk



1 Introduction

The discovery of market anomalies has led to the development of factor investing, as
investors seek to exploit these inefficiencies to achieve excess returns through systematic
strategies. Factor investing provides a structured approach that allows investors to target
specific risk and return characteristics. The concept of factor investing dates back to the
groundbreaking work of Fama and French in 1992, when they introduced the three-factor
model, identifying market, size, and value as key determinants of stock returns (Fama &
French, 1992). The three-factor model competed with the Capital Asset Pricing Model
ultimately proving to be more effective in bringing higher returns to investors. Over 20 years
after their groundbreaking preliminary work and introduction of the three-factor model Fama
and French continued to examine factors and published the five-factor model, which

expanded on their earlier work by adding two new factors (Fama & French, 2015).

Despite the strong historical performance traditional factors have provided, there is doubt
surrounding their performance nowadays. As variety of factor-based strategies have gained
widespread popularity, particularly through the rise of exchange-traded funds (ETF),
questions have emerged about whether the traditional factors still offer significant premiums
in today’s market environment. This growing concern about the validity of traditional factors
has been researched by Harvey, Liu, and Zhu, who in their study argue that many of these
factors are not reliable, as their performance often results from data mining rather than
genuine market phenomena. They state that when a factor strategy becomes widely known,
market adaptation makes it predictable, causing the factor to become less effective over time.

(Harvey et al., 2016.)

While previous research has established the existence of factor premiums, much of it focuses
on earlier time periods or specific factors. Studies have comprehensively analysed how
multiple traditional factors have performed in recent decades or how they behave across
different market cycles. Moreover, the findings in recent studies are contradictory. Blitz has

conducted research stating that traditional factors continue to provide significant premiumes,



while others argue that increased market efficiency and widespread adoption of factor-based
strategies have weakened their effectiveness (Harvey et al., 2016; Blitz, 2022). This thesis
aims to fill that gap by evaluating the persistence and consistency of these factor premiums

from 1993 to 2023, offering new insights into their relevance in today’s markets.

1.1 Research questions and objectives

The primary objective of this thesis is to determine whether traditional factors continue to
provide factor premiums that are both economically meaningful and statistically significant.
The traditional factors that are taken into examination are value, size, momentum, quality,
and low volatility factors. The aim is to find out if they still deliver significant factor
premiums in the U.S. stock market when the time frame is set to be from 1993 to 2023. This

study approaches the research problem by posing the following research question:

e Do traditional factors still generate significant factor premiums in the U.S. stock

market over the 1993—-2023 period?

In addition to the primary research questions, two additional sub-questions were formed to

substantiate the initial question:

e How does the performance of traditional factor premiums differ between earlier
(1993—1997) and more recent years (2019-2023)?
e What do the differences in factor performance over all three observation periods

reveal about the nature of persistent versus weakening anomalies?

The objective of this study is to provide a comprehensive evaluation of how factor premiums
have evolved over the last three decades and whether these traditional factors remain relevant
for present day’s financial markets. This research uses statistical methods and is quantitative
research. The statistical part of the thesis is conducted by constructing long-short portfolios
for each factor. The long-short portfolio method involves ranking stocks according to their
exposure to each factor and calculating the return difference between high- and low-ranked

portfolios. This difference is called factor premium, which represents the excess return



associated with each factor. By constructing portfolios for each factor, the analysis focuses
on measuring the performance of these premiums and identifying any changes across
different market conditions. After that, the aim is to examine the portfolios by calculating
key performance metrics such as annualized returns and Sharpe ratios and testing their

significance using t-tests.

The findings are intended to contribute to the broader discussion on market efficiency and
factor investing by offering insights into whether these strategies still offer opportunities for

€xcess returns.

1.2 Limitations

This research has certain constraints that help define the focus of the study. First, the study
is geographically limited to the U.S. stock market. Although factor investing is a global
phenomenon, this focus ensures consistency in data collection and analysis while capturing
the well-documented factor data from U.S. equity markets. The time frame chosen for the
research is from 1993 to 2023, which provides a broad dataset to analyse long-term trends
and observe factor performance across multiple market cycles. The data used in this thesis
1s not restricted to any specific sector, so it covers the entire U.S. stock market across various

industries. This broad approach allows for a comprehensive analysis of factor premiums.

Another constraint for this study is quantity of the factors. The analysis is restricted to five
chosen factors which are value, size, momentum, quality, and low volatility. These factors
were selected due to their strong theoretical foundation and frequent use in both academic
research and investment practice. The selection of factors was also guided by the intention

to focus specifically traditional factors in this thesis.

1.3 Structure

This thesis is divided into five main chapters. Following the introduction, the second chapter
focuses on the theoretical framework, presenting key theories and previous research related

to factor investing and market anomalies. Each chosen factor: value, size, momentum,



quality, and low volatility will be linked to its corresponding anomaly, providing a solid
foundation for understanding their historical performance and relevance in academic
literature. The third chapter outlines the methodology and data collection process. It
describes how the data is gathered from Global Factor Data and explains the portfolio
method used to calculate factor premiums. This chapter also introduces the statistical
methods applied to test the significance of these premiums, including risk-adjusted

performance metrics.

Next in this thesis, the fourth chapter presents the empirical analysis and results. The focus
is on the performance of the long-short portfolios constructed for each factor and whether
they provide statistically significant factor premiums over the selected 20-year period.
Finally, the last chapter concludes and summarizes the key findings and answers the research
questions. The last chapter also discusses the practical implications of the results for

investors, highlighting the limitations of the study.
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2 Theoretical framework

This chapter provides the theoretical framework for the study, beginning with an overview
of the Efficient Market Hypothesis (EMH) and its implications for factor investing. It then
examines the Capital Asset Pricing Model (CAPM) as a foundation for understanding asset
pricing, followed by an exploration of Fama and French’s factor models, which introduced
value and size as additional explanatory variables. Furthermore, the chapter discusses
behavioral finance, offering an alternative perspective on market anomalies and investor
behaviour. Finally, a literature review is presented, analysing the empirical findings on the
persistence and relevance of the value, size, momentum, quality, and low-volatility factors

in financial markets.

2.1 Efficient Market Hypothesis, EMH

Understanding market efficiency is crucial in order to also understand asset pricing. The
Efficient Market Hypothesis (EMH) suggests that financial markets incorporate and reflect
all available information in asset prices at any given time. Developed by Eugene Fama in
the 1960s, EMH argues that investors cannot consistently achieve excess returns over the
long run, as asset prices adjust rapidly to new information (Fama, 1970). According to the
hypothesis, publicly available information is quickly integrated into market prices, limiting
opportunities for abnormal returns through active trading or market timing. The study

demonstrates that three distinct classifications can be identified of market efficiency:

1. Weak-form efficiency implies that the past market prices are incorporated into asset
prices, meaning that historical price patterns cannot be used to predict future returns
or develop profitable trading strategies even though some minor degree of correlation

can be found between past and future prices.

2. Semi-strong-form suggests that the market rapidly absorbs the information and reacts
to the public information, making it hard for investors to outperform the market using

publicly available data unless they have some kind of insider information.
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3. Strong-form efficiency indicates that all available information, both public and
private, is reflected in asset prices. Therefore, in those situations even insider trading

does not provide an advantage. (Fama, 1970)

The Efficient Market Hypothesis has been subject to considerable criticism and debate due
to empirical evidence of persistent market anomalies. For instance, Malkiel (2003) reviews
numerous market anomalies, including momentum and value effects, concluding that
although these anomalies exist, they often diminish as they become widely recognized.
Similarly, Shiller (2003) critiques EMH from a behavioral perspective, highlighting that
psychological biases and irrational behaviours among investors often lead to significant and

persistent deviations from market efficiency.

In a recent study conducted by McLean and Pontiff (2016) they state that anomalies
substantially diminish after they become publicly documented, lending support to the semi-
strong form of EMH but also indicating that markets do not immediately incorporate all
available information. Additional anomalies, such as the quality premium identified by
Novy-Marx (2013) and the low-volatility effect documented by Frazzini and Pedersen
(2014), continue to challenge traditional conceptions of EMH. These anomalies suggest that
markets, while generally efficient, exhibit specific and persistent deviations that can be

exploited by investors under certain conditions (Fama, 2014).

2.2 Capital Asset Pricing Model, CAPM

The Capital Asset Pricing Model (CAPM) is one of the most fundamental models in the
world of finance, providing a framework for estimating the expected return of an asset based
on its exposure to systematic risk. The development of CAPM is credited to several
researchers, including Sharpe (1964), Treynor (1962), Lintner (1965), and Mossin (1966).
CAPM is classified as a single-factor model, as it relies solely on the expected excess return

of the market portfolio to determine an asset’s expected return.

The model operates under the assumption that risk and return are directly related, meaning
that higher-risk assets should offer greater potential returns to compensate investors for
bearing additional uncertainty. The key variables in CAPM include the risk-free rate, the

asset’s beta coefficient, which measures its sensitivity to market movements, and the
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expected return of the market portfolio. By incorporating these elements, CAPM provides a
theoretical foundation for asset pricing and investment decision-making. The mathematical

formulation of the capital asset pricing model is following (Equation 1):

E(R:) = Ry + Bi(E(Rm — Ry) @

where E(R:) is expected return of security, Ry is risk-free rate i is beta coefficient of

security and Rm means expected return of market portfolio.

The CAPM model has certain limitations. As noted by Fama and French (2004), one major
critique is that empirical evidence does not always support the model’s predictions,
particularly regarding the relationship between beta and expected returns. Additionally,
CAPM assumes that all investors have identical expectations and access to the same
information, which is unrealistic in real-world markets. The model also does not account for
factors such as market inefficiencies and investor behaviour, which can influence asset
prices. These limitations have motivated the creation of alternative models, such as multi

factor models that aim to provide a more comprehensive explanation of stock returns.

2.3 Multi Factor models

One of the most influential developments in asset pricing theory is the introduction of
multifactor models. Among these, the Fama-French Three Factor Model and its later
extension, the Five Factor Model, have become foundational frameworks in explaining stock
returns. In the following sections, we take a closer look at these models and their relevance

in empirical finance.

2.3.1 Fama-French Three Factor Model

Building upon their earlier work, Fama and French (1992) identified key patterns in stock
returns, observing that companies with a high book-to-market (B/M) ratio and small market
capitalization tended to generate higher-than-average returns. These findings laid the

foundation for their 1993 study, in which they introduced the Three-Factor Model, an
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extension of the traditional CAPM (Fama & French, 1993). The three-factor model
incorporates two additional factors beyond the market risk premium. The size factor reflects
the return differential between firms with small and large market capitalizations, while the
value factor measures the performance gap between stocks with high book-to-market ratios
that are classified as value stocks. The returns with low ratios are on the other hand

commonly referred to as growth stocks.

Ri— Ry = a+ Bm(Rm — Ry) + Bs X SMB + Bv x HML + ¢ 2

where Ri — Ry is the excess return of an asset over the risk-free rate, Rm — Rf and the market

risk premium. SM B captures the size premium, while HML reflects the value premium.
Bm, Bs, Bv are factor sensitivities, and € is the error term.

The introduction of these factors significantly improved the explanatory power of asset
pricing models compared to CAPM, as empirical evidence showed that small-cap and high
B/M stocks tend to outperform their counterparts (Fama & French, 1993). By considering
these systematic risk factors, the Three-Factor Model provided a more accurate way to assess

expected returns and understand market anomalies.

2.3.2 Fama-Frech Five Factor Model

As financial research evolved, Fama and French (2015) extended their Three-Factor Model
by incorporating two additional factors to better explain variations in stock returns. The
motivation behind this development stemmed from the limitations of the Three-Factor
Model, particularly its inability to fully account for the performance of stocks with extreme
characteristics in terms of profitability and investment strategies. While the Three-Factor
Model significantly improved asset pricing theory by considering the size and value effects,
empirical evidence suggested that additional factors played a crucial role in explaining return
differences across stocks. The Five-Factor Model introduced profitability and investment
factors alongside the existing factors. With the new factors, the formulation of the model is

following:
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RL—Rf:(X+Bm(Rm—Rf)+BsXSMB+[3vXHML+[3rXRMW+BCXCMA+€

©))

where R: is the return on an individual security or portfolio, Ry represents the risk-free rate,
and Rm denotes the return of the market portfolio. The coefficients Sm, Bs, Bv, Br, Bc capture
the sensitivities to the respective risk factors: market premium, size premium (SMB), value
premium (HML), profitability factor (RMW), and investment factor (CMA). The error term

€ accounts for unexplained variations.

Empirical testing has demonstrated that the Five-Factor Model outperforms its predecessor,
especially in addressing anomalies that the Three-Factor Model failed to capture (Fama &
French, 2015). Research has shown that firms with higher profitability and conservative
investment approaches tend to generate higher returns, reinforcing the importance of these
additional factors in asset pricing. However, despite its improvements, the Five-Factor
Model is not without its limitations. Some studies argue that it still lacks a factor accounting
for momentum effects, a widely recognized anomaly in financial markets. (Hou, Xue &
Zhang, 2015) Nevertheless, the model remains one of the most widely used frameworks in
factor investing, offering a more comprehensive understanding of systematic risk and stock

return behaviour.

2.4 Behavioral Finance

According to theories of traditional finance, investors make logical decisions and revise their
beliefs correctly when presented with new data. In contrast, behavioral finance has grown
into a central area of financial research, offering perspectives rooted in psychology and
sociology that directly contradict the core tenets of market efficiency. In the 1990s, the focus
of financial research began shifting away from traditional time-series econometric analysis
toward a deeper understanding of human behavior in financial markets. Scholars
increasingly questioned the assumptions of the efficient market theory, as a growing number
of market anomalies could not be explained by conventional models. This led to the

emergence of behavioral finance. (Shiller, 2013)

Behavioral finance is an academic discipline that combines concepts from psychology,

sociology, and economics to examine how individuals and groups behave in financial
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decision-making contexts. Unlike traditional financial theories that assume rationality,
behavioral finance highlights the impact of cognitive biases, emotional influences, and social
dynamics, which may result in deviations from optimal decision-making. It seeks to explain
not only how markets operate, but also why investors often behave in ways that contradict
the predictions of standard models. Through this perspective, it offers explanations for
various recurring phenomena in financial markets, such as calendar anomalies, speculative
bubbles, and historical market crashes. These events challenge the theories of fully efficient
markets and suggest that psychological factors may play a larger role in asset pricing than

previously assumed. (Ricciardi & Simon, 2000)

One of the most important contributions to behavioral finance research is prospect theory
developed by Kahneman ja Tversky (1979). Prospect theory challenges the assumptions of
expected utility theory by proposing that individuals evaluate potential outcomes not based
on final wealth, but on gains and losses relative to a reference point, which is usually the
current state of wealth. The theory identifies two consistent patterns in decision-making
under risk. One of these is the certainty effect, where individuals overweight outcomes that
are perceived as certain compared to merely probable ones. The other one is called reflection
effect, which refers to the observation that individuals tend to reverse their risk preferences
depending on whether the outcomes are framed as gains or losses. According to the theory,
people tend to be risk-averse when dealing with potential gains, but risk-seeking when facing
potential losses of similar magnitude. The theory suggests that people exhibit loss aversion,
which means that the losses feel more painful than equivalent gains of wealth would feel

pleasurable. (Kahneman & Tversky 1979)

While traditional finance often attributes the existence of factor premiums to systematic risk,
behavioral finance suggests that many such anomalies arise from psychological biases and
limitations in arbitrage. Barberis and Thaler (2002) emphasize two foundational concepts
that explain the persistence of such anomalies. First, the role of psychological factors,
including overconfidence, loss aversion, and representativeness bias, in shaping investor
expectations and behavior and second, the presence of limits to arbitrage, which prevent
rational traders from fully correcting mispricing caused by less rational market participants.
These insights help explain why certain factor-based strategies, such as those focused on
value or momentum, may continue to generate excess returns despite being well-known. The

very existence of these anomalies challenges the assumption of fully efficient markets and
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highlights the need to incorporate behavioral elements when assessing the long-term

performance and persistence of traditional factor premiums (Barberis & Thaler, 2002).

2.5 Literature review

According to William Schwert (2003) anomalies in financial markets are empirical
deviations that challenge the explanatory power of conventional asset pricing models. Their
existence may imply that markets do not fully incorporate available information into prices,
or alternatively, that the theoretical models applied fail to capture the complexities of real-
world pricing behavior. Over time, many anomalies have been formalized into factors;
measurable characteristics that aim to systematically explain differences in asset returns.
(Cochrane, 2011) This literature review focuses on five well-established factors commonly

linked to historical anomalies and former studies conducted about them.

2.5.1 Low volatility

One of the earliest studies to challenge the predictions of the Capital Asset Pricing Model
was conducted by Black, Jensen, and Scholes (1972), who found that low-beta stocks tended
to earn higher average returns than the capital asset pricing model would suggest, while high-
beta stocks earned less. Although the study did not yet identify “low volatility” as a separate
factor by name, it provided early empirical evidence that contradicted the linear relationship
between risk and return assumed by the CAPM. Their results indicated that the traditional
model systematically underestimates the returns of low-risk securities and overestimates the
returns of high-risk ones, thereby laying the foundation for what would later be formalized

as the low volatility anomaly. (Black, Jensen & Scholes, 1972)

Further support for this unexpected relationship between risk and return was provided by
Haugen and Heins (1975), who argued that the trade-off between risk and return is not
necessarily positive or linear. Their results suggested that stocks with lower return variability
could produce higher average returns than riskier alternatives. Reinforcing the earlier
findings by Black et al., this study offered additional evidence that the empirical data did not
align with the assumptions of conventional asset pricing models. (Haugen & Heins, 1975).

Together, these two early studies provided some of the first indications that low-volatility
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stocks may systematically outperform their higher-risk counterparts, challenging the

fundamental premise that investors must accept higher risk to achieve higher returns.

A significant turning point in the empirical study of the low volatility anomaly came with
the work of Ang, Hodrick, Xing, and Zhang (2006), who provided comprehensive evidence
that stocks with higher idiosyncratic volatility tend to earn considerably lower average
returns. In their study, the authors constructed portfolios of U.S. equities sorted by both total
and idiosyncratic volatility and analysed the return differences between them. Contrary to
theoretical expectations, they found that stocks with the highest firm-specific volatility
underperformed those with lower volatility by more than one percent per month on average.
This negative relationship persisted across different time periods, market conditions, and
remained robust even after controlling for common risk factors such as size, value,
momentum, and liquidity. The consistent underperformance of high-volatility stocks found
in the study contributed to the recognition of low volatility as a distinct and measurable
return factor, ultimately solidifying its role in the empirical asset pricing literature. In a
subsequent study, Ang, Hodrick, Xing, and Zhang (2009) extended their analysis by
examining the same relationship in both international markets and an updated U.S. sample.
Their results confirmed that the negative return—volatility relationship was not limited to the
U.S. market but also held across developed economies globally. Stocks with high
idiosyncratic volatility systematically underperformed in nearly all countries included in the
study. Moreover, the authors showed that this effect was particularly strong during periods
of market stress when traditional factor models continued to fail in explaining the low returns

of these high-volatility stocks. (Ang. et al, 2009)

Since being recognized as a distinct risk factor, the low volatility anomaly has been the
subject of extensive empirical investigation. Chow, Hsu, Kuo, and Li (2014) examined the
performance and construction methods of low-volatility portfolios across different markets.
Their research confirmed that the low volatility effect is persistent over time and observable
across countries, supporting its status as a robust and reliable return factor. The authors found
that various portfolio construction approaches produced comparable results in terms of
return and risk, indicating that the anomaly is not dependent on a specific implementation
technique. Moreover, their findings showed that low-volatility strategies tend to derive their
returns from exposure to other risk factors such as value, duration, and particularly the

Betting Against Beta factor.
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One of the most recent studies evaluating the performance of the low volatility factor as an
individual strategy is conducted by Van der Linden, Soebhag and van Vliet (2024). In their
analysis, the authors construct a traditional low-volatility portfolio by selecting the least
volatile stocks from a broad universe of U.S. equities. This portfolio served as a benchmark
for the rest of the study. The results demonstrate that even in its simplest form, the low
volatility factor performs well relative to the broader market. The findings indicate that the
strategy delivers strong risk-adjusted returns without the need for additional factors or
leverage. (Linden, Soebhag & Vliet, 2024) Although the authors explore several more
advanced implementations of low volatility factor in other parts of the paper, the evidence

clearly supports the effectiveness of the low volatility factor on a stand-alone basis.

2.5.2 Momentum

The study conducted by Jagadeesh and Titman (1993) was one of the first ones to introduce
the momentum strategy. The authors examined the performance of portfolios formed by
ranking stocks based on their past returns and found that stocks with strong recent
performance tended to continue outperforming, while those with poor past performance
often underperformed in the short to medium term. This pattern was most prominent over
three- to twelve-month holding periods. Their results provided strong evidence that stock
returns exhibit short-term persistence, which runs contrary to the efficient market hypothesis.
The study argued that these abnormal returns could not be explained by conventional risk
factors or delayed reactions to market-wide news. The findings suggested that markets may
systematically underreact to firm-specific information, allowing momentum-based strategies
to generate excess returns. (Jagadeesh & Titman, 1993) This research laid the foundation for

momentum to be viewed as a distinct return factor in asset pricing.

Further empirical support for momentum as a return-driving factor was provided by Carhart
(1997), who extended the Fama-French three-factor model by adding a momentum
component. The resulting four-factor model now incorporated the following four factors:
market, size, value, and momentum factors. The model offered a more comprehensive
framework for explaining the cross-section of stock returns. Carhart's analysis demonstrated
that including the momentum factor significantly improved the model's explanatory power,

especially in accounting for the persistent return patterns observed in mutual fund
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performance. (Carhart, 1997) This development helped to formalize momentum as an
integral part of empirical asset pricing and established its relevance alongside more

traditional risk factors.

After momentum had been established as a distinct factor and formally incorporated into
multifactor models, researchers have been examining its robustness across different asset
classes and market environments. One influential study about momentum factor is by
Asness, Moskowitz, and Pedersen (2013), who investigated the performance of both value
and momentum strategies across a broad range of markets which included equities, bonds,
commodities, and currencies. Their findings confirmed that momentum, as a standalone
factor, continues to deliver positive return premiums and not only in U.S. stocks, but also
internationally and in other asset categories. The momentum effect was found to be
consistently positive across all examined markets, showing that the factor is not confined to
specific geographies or security types. These findings reinforced the idea, that momentum
captures a universal pricing anomaly rather than a localized inefficiency. (Asness,

Moskowitz & Pedersen, 2013)

Novy-Marx (2012) conducted detailed study about momentum strategy, which challenged
the conventional understanding of momentum as a continuation of recent price trends. His
study argues that the strongest and most consistent returns in momentum strategies do not
originate from stocks that performed well in the immediate past, but rather from those that
exhibited strong performance over the intermediate time period. Specifically, a time period
between twelve and seven months prior to portfolio formation. Using long-short portfolios,
the paper demonstrates that strategies based on intermediate past returns significantly
outperform those that rely on more recent performance. Momentum portfolios sorted on the
12—7-month window generate higher average returns and greater risk-adjusted performance
than those sorted on the traditional 6—2-month period. (Novy-Marx, 2012) Despite
identifying weaknesses in certain traditional momentum formulations, the study confirms
that momentum strategies continue to offer return premiums, especially when implemented

using carefully selected time horizons.

Ehsani and Linnainmaa (2019) provide empirical evidence in their study about the
momentum factor. The study supports the continued effectiveness of the momentum factor
in generating excess returns. By applying a time-series momentum approach to individual

asset pricing factors, they find that the momentum factor itself exhibits strong performance
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when used as the basis for a long-short portfolio. Their results show that the momentum
factor consistently ranks among the top-performing strategies when returns are sorted by
past performance. Furthermore, the study demonstrates that the momentum factor
contributes significantly to the profitability of factor-based momentum strategies, suggesting

that it remains a reliable factor in producing returns.

2.5.3 Quality

The quality factor is less clearly defined than many other widely studied asset pricing factors,
and its interpretation varies significantly across academic literature. Kyosev et al. (2020)
emphasize that one of the core challenges in quality investing lies in identifying which
metrics reliably predict returns. Unlike value or momentum, which have relatively consistent
definitions, quality has been measured using a wide range of accounting-based variables
such as return on equity, gross profitability, earnings variability, leverage, and accruals.
Different kinds of interpretations have received mixed empirical support from investors and
researchers. The lack of a consistent definition introduces uncertainty, since different quality
indicators vary in their ability to forecast returns. As a result, research increasingly focuses
on distinguishing between quality characteristics that are meaningful predictors of future
earnings growth and therefore expected returns. (Kyosev et al., 2020) This distinction is
crucial for understanding whether the quality factor genuinely captures a return premium or

simply reflects misclassification.

In 2013, two highly influential studies laid the foundation for the formal recognition of the
quality anomaly as a distinct and theoretically founded return factor in asset pricing. Novy-
Marx (2013) introduced the gross profitability factor, providing evidence that firms with
higher gross profits which are relative to their assets tend to earn higher average returns than
less profitable firms. This presented return premium that persists even after controlling for
traditional factors such as market, size, and value. Novy-Marx argued that profitability
captures economic fundamentals not fully reflected in book-to-market ratios, and that gross
profitability is a cleaner and more predictive measure than earnings, which can be more
easily manipulated. His findings established gross profitability as an independent and

economically meaningful factor, effectively emphasizing the "other side of value" by
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showing that highly profitable firms may command higher valuations for justifiable reasons.

(Noxy-Marx, 2013)

Another study made by Asness, Frazzini, and Pedersen (2013) helped define the quality
factor more clearly by introducing the Quality Minus Junk (QMJ) strategy. In their approach,
investors buy stocks that score high on quality that are based on measures such as
profitability, stable earnings growth, low financial risk, and shareholder-friendly payout
policies. Then the investors sell short stocks with low quality on those same dimensions.
(Asness et al., 2013) The QMJ factor showed strong and consistent excess returns in global
markets and these returns had little overlap with traditional factors like market, value, size,
or momentum. Their findings supported the idea that quality was a separate and meaningful

factor in explaining stock returns.

An important contribution to the practical implementation of the quality factor in portfolio
construction was provided by Bender and Wang (2015), who explored how rules-based
factor strategies could be extended into a long-short framework. Rather than examining
quality in isolation, the authors assessed how portfolios constructed by taking long positions
in high-quality stocks and short positions in low-quality stocks performed over time. Quality
was defined using a combination of financial metrics related to profitability, stability, and
leverage. The study found that such strategies could generate consistent excess returns,
particularly when designed to be market neutral. While outcomes differed depending on
specific portfolio constraints, the results showed that the quality factor could serve as a
reliable return driver in long-short applications when implementation and trading costs are

taken into account. (Bender & Wang, 2015)

A study conducted recently by Lepetit, Cherief, Ly, and Sekine (2021) provided a
comprehensive re-evaluation of the quality factor by adopting a multidimensional definition,
encompassing profitability, earnings quality, safety, and investment. Analysing global long-
short portfolios between the years 2003 and 2020, their study found out that the quality factor
yielded statistically significant alpha that could not be attributed to traditional equity factors
such as market, value, size, or momentum. Among the four dimensions, profitability and
earnings quality contributed most consistently to performance. The safety dimension, while
weaker in stable periods, was shown to be particularly effective during periods of market
stress, including the Global Financial Crisis and the COVID-19 pandemic. These findings

reaffirmed the robustness of the quality premium and its relevance in equity markets and
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confirmed that the quality factor continues to generate meaningful excess returns when

applied through long-short portfolio strategies.

2.5.4 Size

The size factor refers to the tendency of smaller companies to outperform larger ones in
terms of average returns. This return differential between small-cap and large-cap stocks has
been a widely studied phenomenon in asset pricing literature. One of the earliest and most
influential studies to document this effect was conducted by Banz (1981), who analysed U.S.
stock market data and found that firms with smaller market capitalizations earned higher
average returns than larger firms. This relationship persisted even after adjusting for market
risk, suggesting that the observed return premium could not be fully explained by traditional
asset pricing models. Banz’s findings challenged the notion that market beta alone could
account for differences in stock returns and provided early empirical support for the
existence of a size-related anomaly. (Banz, 1981) These results laid the foundation for the
later inclusion of size as a formal factor in multifactor asset pricing models, such as the
Fama-French three-factor model, which formalized the size effect within their three-factor
asset pricing model. In this framework, the size factor is captured through the SMB (Small
Minus Big) portfolio, which represents the return spread between small-cap and large-cap
stocks. Their results showed that the addition of SMB significantly improved the explanatory
power of asset pricing models compared to CAPM. The model demonstrated that firm size,
alongside market and value factors, accounted for a substantial portion of cross-sectional

variation in stock returns. (Fama & French 1993)

Israel and Moskowitz (2012) investigated how firm size, shorting constraints, and time affect
the persistence of well-known market anomalies, including the size premium. Their findings
showed that the size effect is mostly driven by the long side of the portfolio, which means
that the outperformance of small-cap stocks compared to large-cap stocks is primarily the
result of gains from holding smaller firms, not from shorting larger ones. However, the
magnitude and significance of this premium varied over time and were sensitive to the
method of portfolio construction. When returns were evaluated relative to market
benchmarks, the statistical strength of the size factor diminished, especially in the long-short

framework. The authors concluded that while size has historically been associated with
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excess returns, these effects are not consistently robust across all time periods or portfolio
structures, suggesting that implementation constraints and time horizon play important roles

in determining the observed profitability of the size factor. (Israel & Moskowitz, 2012)

Despite the fact that size factor has been universally accepted in asset pricing models, the
premium has been believed to be weak or even vanished in the U.S following its discovery
in the early 1980s. Although the factor has often been considered weak or inconsistent in
modern empirical finance, Asness, Frazzini, Isracl and Moskowitz provided evidence in
2018 with their study, claiming that the conclusion changes substantially when controlling
for firm quality. Their study claims that the underperformance of the size factor is largely
due to the inclusion of low-quality or so called “junk” small-cap stocks. By constructing
long-short portfolios that isolate size while adjusting for quality characteristics such as
profitability, growth, safety, and payout policies, they demonstrate that the size premium
becomes statistically significant, economically meaningful, and more stable across time and
geographies. (Asness et al., 2018) These findings suggest that the apparent disappearance of
the size effect in prior literature is, to a great extent, a result of quality-related confounding,

not the factor itself vanishing.

Also, Blitz, van Vliet and Baltussen (2020) examined the performance of widely used asset
pricing factors in their research over the 2010-2019 period, including the size factor. Their
analysis revealed that the Fama—French size factor, SMB, generated a negative average
return during the decade, compared to its historically positive returns. This result was not
entirely unprecedented, as a similar pattern had already occurred in the 1990s. The study
highlighted that while the size premium appeared to weaken significantly in the 2010s, this
decline was part of a broader underperformance of traditional factors that had happened to
value and investment as well. In comparison to the weakened factors, alternative or non-
standard factors like low risk, price momentum, and earnings momentum showed more
robust results. The authors concluded that the disappointing decade for the size factor
challenges its empirical reliability but does not necessarily imply its irrelevance, because
certain factor premiums may fluctuate depending on the broader market environment and

implementation constraints. (Blitz, van Vliet and Baltussen, 2020)
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2.5.5 Value

Long before the value factor was formally defined in asset pricing models, Basu (1977)
conducted one of the earliest empirical studies that revealed the return pattern later
associated with it. His research focused on the relationship between stock returns and
valuation metrics, particularly the price-to-earnings (P/E) ratio. By examining U.S. stock
data from 1957 to 1971, Basu demonstrated that firms with lower P/E ratios consistently
earned higher returns than firms with higher P/E ratios. These return differences remained
even after adjusting for traditional risk measures. The higher returns posed a challenge to the
efficient market hypothesis, which predicts that publicly available accounting information,
such as earnings and valuation ratios, should already be reflected in market prices. Although
Basu did not explicitly use the term "value" or frame his findings within a factor-based
model, his study revealed a clear pattern: investors systematically underpriced firms with

strong fundamentals relative to their market valuation (Basu, 1977).

Like other traditional factors, value was also added to the Fama and French asset pricing
framework in the early 1990s. In their 1992 study, the authors showed that the book-to-
market (B/M) ratio was a strong predictor of cross-sectional differences in stock returns.
This empirical evidence provided a foundation for the value effect, suggesting that stocks
trading at low valuations relative to their fundamentals tended to earn higher average returns.
(Fama & French, 1992) The following year, Fama and French (1993) formally incorporated
the value factor into their three-factor model, operationalized as HML (High Minus Low),
which captured the return spread between high and low B/M stocks. Together, these studies
established value as a key component in modern multifactor asset pricing models and

legitimized its use in academic research and practical portfolio construction.

Like couple other traditional asset pricing factors, value has also experienced a notable
decline in performance during the 2010-2019 period. Blitz, van Vliet, and Baltussen (2020)
found that the value factor (HML), as defined in the Fama—French framework, delivered
negative average returns over the decade, which stood in stark contrast to its historically
positive long-term performance. This disappointing outcome sparked concern that the value
premium might have disappeared permanently. However, the authors emphasized that
similar periods of underperformance have occurred before with value factor, most notably

in the 1990s, and argued that the recent results still fall within the range of expected statistical
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variation. The research also suggests that the weak performance of the value factor during

the 2010s may simply have only been reflection of a cyclical downturn. (Blitz et al., 2020)

Recent analysis by AQR Capital Management (2023) suggests that the value factor may be
entering a new phase of outperformance following a prolonged period of underperformance
between 2017 and 2020. The authors argue that the decline in value performance during this
stretch, much like during the dot-com bubble and global financial crisis, was driven by
extreme deviations between stock prices and fundamentals, as investors over-extrapolated
growth expectations. These dislocations often reverse sharply, creating unusually strong
forward-looking return potential for value strategies. The report underlines that current
valuation spreads between cheap and expensive stocks are near historical extremes, making
the long/short value factor particularly attractive. Importantly, the analysis shows that value
strategies perform well across various market environments, including recessions and
recoveries, and tend to generate strong returns during volatile periods. The research indicates
that value investing remains not only relevant but potentially poised for a strong comeback

in the current market cycle. (AQR Capital Management, 2023)
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3 Data and methodology

In this section, an overview of the data and methods used in the research is provided. The
data section describes the criteria for selecting the five key factors which are value, size,
momentum, quality, and low volatility, that are used to construct the long-short portfolios.
Each factor's methodology and relevance to asset pricing will be examined in detail.
Additionally, the section outlines the quantitative techniques applied, including statistical
tests and performance metrics such as Sharpe ratios and t-tests. These methods are crucial
for evaluating whether the factors continue to generate significant premiums and for
understanding how they contribute to explaining stock returns in the context of modern
financial markets. The data processing and methodology form the foundation for assessing

the empirical validity of the asset pricing models under study.

3.1 Data

The data used in this thesis consists of pre-calculated factor returns. The data is sourced from
the Global Factor Data (GFD) platform, which provides pre-calculated long-short factor
return series for various global equity markets. For this study, only data from the U.S. equity
market is utilized. This market offers deep liquidity, extensive historical coverage, and a
well-established basis for academic and applied investment research. The selected data spans
from January 1993 to December 2023 and consists of monthly excess return observations,

resulting in a total of 372 data points per factor.

The dataset consists of a monthly long-short excess return series, meaning the returns are
already expressed relative to the risk-free rate. These factor premiums are calculated as the
return difference between stocks with high and low exposure to each factor. Because the
returns are pre-processed and standardized, they are directly applicable for calculating risk-
adjusted performance metrics, such as the Sharpe ratio, without further adjustment. In GFD,
value weighting was chosen for the portfolios, as it is the most commonly used weighting

method.

Five widely acknowledged traditional factors were selected for the analysis: value, size,

momentum, quality, and low volatility. These factors are among the most cited in academic
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literature and have been incorporated into well-known asset pricing models, including the

Fama-French three- and five-factor models.

The value factor in GFD is constructed using the book-to-market equity ratio, where
companies with high ratios are included in the long leg of the portfolio, and those with low
ratios form the short leg. The size factor is defined using market equity, measuring the return
difference between small-cap and large-cap stocks. It is rooted in the empirical findings of

Banz (1981) and later was formalized by Fama and French (1993).

The momentum factor follows the approach of Jegadeesh and Titman (1993), using price
momentum over months t—12 to t—1. Stocks with strong recent performance are bought, and
those with weak performance are shorted. The quality factor is captured through the Quality
Minus Junk (QMJ) composite measure developed by Asness, Frazzini, and Pedersen (2013).
It incorporates profitability, stability, and leverage to differentiate between financially strong
“quality” and weak “junk” firms. Lastly, the low volatility factor uses historical return
volatility to construct portfolios that are long in low-volatility stocks and short in high-

volatility ones, consistent with the findings of Ang et al. (2006) on the low-risk anomaly.

All data was provided in Excel format and imported into Stata for statistical analysis. After
import, the time series for each factor was filtered to match the target observation window
of January 1993 to December 2023. For each factor portfolio, the annualized mean return,
the annualized Sharpe ratio, and conducted one-sample t-tests were calculated to assess the
statistical significance of both return and Sharpe-based performance. This structure ensures

methodological consistency and allows for direct comparison of factor behavior over time.

In addition to the full sample period, two sub-periods of 1993—-1997 and 2019-2023 were
analyzed to observe whether the performance of these traditional factors has changed over
time. This approach enables the evaluation of both the persistence and possible weakening

of factor premiums in modern financial markets.

3.2 Methodology

The methodology section of this paper outlines the quantitative techniques employed to
assess the effectiveness of the selected asset pricing factors. The five factors are analysed

using long-short portfolios constructed from U.S. equity data over the period from 1993 to
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2023. The performance of these portfolios is evaluated through statistical tests, including t-
tests to assess the significance of excess returns, and Sharpe ratios to evaluate risk-adjusted
performance. Additionally, two subperiods are taken into examination to test the persistence
of factor premiums across the whole timeline. This section provides a detailed explanation
of the data handling, the methods used for constructing the factor portfolios, and the
statistical techniques employed to draw conclusions about the performance of asset pricing

models.
3.2.1 Long-short portfolio

Long-short portfolios are a widely used investment strategy that enables investors to profit
from both upward and downward movements in asset prices. This approach involves taking
long positions in assets expected to rise in value and short positions in assets expected to
decline. The main advantage of the long-short strategy is its ability to generate returns in a
variety of market conditions by exploiting relative price movements between assets. While
traditional portfolios are limited to long positions, long-short portfolios offer flexibility,

allowing investors to profit from both underperforming and outperforming assets.

The construction of a long-short portfolio requires careful selection of assets that are
expected to experience differing performances. An optimal portfolio will balance long and
short positions to achieve desired risk-return characteristics. This method allows for greater
risk management by enabling investors to adjust their exposure to individual stocks or
sectors. The portfolio’s overall exposure to market risk can also be reduced or neutralized
by matching long and short positions, often referred to as beta-neutrality or market-neutrality

(Michaud & Michaud, 2008).

The mathematical formula for calculating long-short portfolios is as follows:

Rp => wWiRi— > wWjRj
ieL jes €))

Where Ry is the expected return of the portfolio, L represents the set of securities held long,

and S represents the set of securities held short. wi and w; are the weights assigned to the
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long and short positions. Ri and R; are the expected returns of the securities in the long and

short positions.

In long-short portfolio management, it is important to consider not only the expected returns
of individual securities but also the correlations between them. By combining long positions
in securities that are expected to outperform with short positions in those expected to
underperform, investors can optimize the risk-adjusted returns. This process often involves
the use of different kinds of optimization techniques, including mean-variance optimization
and other quantitative methods, to ensure that the portfolio is balanced and aligned with the

investor’s objectives (Kahn & Rudd, 2013).
3.2.2 One sample t-test

The one-sample t-test is a fundamental statistical procedure that compares the mean of a
sample against a value that is known or devised, often the population mean. This test is used
to assess whether the particular mean of of a sample is significantly different from a specified
reference value, which could be zero or any other benchmark. In a one-sample t-test, the null
hypothesis Ho states that the sample mean is equal to the hypothesized population mean,
while the alternative hypothesis Ha suggests that the sample mean differs from the
hypothesized value. The test is commonly used to determine if there is sufficient evidence
to reject the null hypothesis, implying that the sample mean is statistically different from the

hypothesized value. (Francis & Jakicic, 2022)

The one sample t-test is calculated using the following mathematical formula:

X — po
t=—%5—

N )

Where X represents the sample mean, po is the hypothesized value (often set to zero), s is

the standard deviation of the sample and n is the number of observations in the sample.

This statistical procedure assesses the degree to which a sample mean differs from a
hypothesized population mean, using the sample’s standard error as a normalization factor.
A higher t-statistic typically indicates a more substantial deviation. To determine statistical

significance, a p-value is computed, indicating the likelihood of observing such an extreme
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t-statistic if the null hypothesis holds true. When the p-value falls below a conventional
threshold (commonly 0.05), the null hypothesis is rejected, implying that the sample mean
likely does not equal the hypothesized mean. The one-sample t-test is especially useful in
cases involving small samples and data that are close to normally distributed. This test is
frequently used in areas like finance to evaluate whether, for instance, stock’s or portfolio’s

average return significantly differs from that of a risk-free asset. (Francis & Jakicic, 2022)
3.2.3 Sharpe’s ratio

The Sharpe ratio is a widely used measure in finance that assesses the performance of an
investment compared to a risk-free asset, considering the associated risk. It has become one
of the most important tools for evaluating portfolio managers and their strategies. The ratio
helps investors understand how well the return of an asset compensates them for the risk
they have taken on. (Sharpe, 1994) The Sharpe ratio is calculated using the following

formula:

Ry — Ry (6)
Op

S=R

Where Ry is the return of the portfolio or asset, Ry is the risk-free rate of return and agp is

the standard deviation of the portfolio’s returns, which is used as a measure of risk.

While the Sharpe ratio is a useful tool, it is not without limitations. One key limitation of the
Sharpe ratio is its reliance on the assumption that asset returns follow a normal distribution,
which does not always reflect the behavior of real-world financial markets. As a result, it
may produce inaccurate conclusions, particularly during periods of market stress or when
return distributions are skewed. Additionally, the Sharpe ratio does not take into account the
potential for losses exceeding the expected risk, which may be critical during periods of
market turbulence. The Sharpe ratio only measures the risk associated with total volatility
and does not distinguish between upside and downside volatility. As a result, an asset that is
highly volatile but with significant positive returns may still have a high Sharpe ratio, even
if it carries substantial risk for investors who are more concerned with downside volatility.

(Sharpe, 1994)
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4 Empirical results

This section of the thesis presents the empirical results of the factor portfolio analysis across
different time periods. The performance of five traditional equity factors which are value,
size, momentum, quality, and low volatility are evaluated using long-short portfolios
constructed from U.S. equity market data. For each factor there was calculated annualized
mean return, annualized Sharpe ratio, and their statistical significance t-tests and p-values.
This section will be reporting the results of the statistical tests and implying what they mean

for the factors’ premiums’ significance.

4.1 Full time period results

The cumulative returns figure provides a clear and informative visual representation of the
long-term performance of each factor portfolio over the approximately 30-year period from
1993 to 2023. It allows for a direct comparison of the relative strength and consistency of
different factor strategies by showing how their returns have developed over time. The
figure highlights which factors have delivered steady and meaningful returns, and which

have shown weaker or more inconsistent performance.



32

Cumulative Returns of Factor Portfolios (1993-2023)
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Figure 1. Cumulative returns of factor portfolios 1993-2023

As shown in Figure 1, the momentum and quality factor portfolios exhibit the most sustained
performance over the full 30-year sample from 1993 to 2023. The momentum strategy
displays steep upward phases in its cumulative return path, most notably during the late
1990s, after the global financial crisis, and again in the post-COVID time frame. Appendix
1 supports this trend, highlighting strong annual premiums such as 14.9% in 1993, 16.1% in
1995, and 20.3% in 1997. Over the full period, the factor produced an annualized mean
return of 3.61% with a statistically significant Sharpe ratio of 0.21 with p-value < 0.001
(Table 1). This confirms that the long-term excess returns of momentum were both
economically meaningful and statistically robust. These results are consistent with
foundational research by Jegadeesh & Titman (1993) and Carhart (1997), who documented
short- to intermediate-term return persistence, and later global validations by Asness et al.
(2013). Despite occasional drawdowns during market reversals, the results confirm that
momentum remains a statistically and economically significant source of long-term excess

returns, reinforcing its relevance as a systematic anomaly in modern factor models.
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Table 1. Annualized mean return, annualized Sharpe’s ratio and t-tests calculated for each

factor from 1993 to 2023

Factor Average Sharpe T-test P-value T-test P-value
Returns Ratio (Return)  (Return) (Sharpe)  (Sharpe)
(Ann. %)
Momentum 3,608128  0,211876  1,179673  0,238886  4,086507  5,37E-05
Quality 3,563399  0,350672  1,95246  0,051635  6,76352  5,26E-11
Size 0,381965  0,030904 0,172064 0,863481 0,596046  0,551508
Value -0,21804 -0,01715  -0,09551  0,923965  -0,33084  0,740952
Low 3,264959  0,150863 0,839969  0,401467  2,909739  0,003835
volatility

The quality factor also performs strongly, exhibiting a more consistent and gradual growth
trajectory compared to the sharper swings seen in momentum. It maintained positive annual
premiums in four out of five years between 1993 and 1997, including 10.4% in 1994 and
13.3% in 1997 (Appendix 1). This steady performance is reflected in the factor’s annualized
return of 3.56% and an even more notable Sharpe ratio of 0.35. As reported in Table 1, both
the return and risk-adjusted performance of quality are highly statistically significant, p-
value less than 0.001, which underlines its consistency across market environments. The
findings support prior academic work by Novy-Marx (2013) and Asness et al. (2013), who
introduced quality as a distinct and valuable predictor of stock returns via characteristics
such as profitability, stability, and low leverage. The results reaffirm the beliefs that quality
is one of the most reliable and empirically validated factors, delivering statistically strong

risk-adjusted returns in both absolute and relative terms.

In contrast, the value factor shows a surprisingly weak performance over the long term, with
its cumulative return line trending downward during large portions of the sample. Despite
delivering impressive early year returns such as 19.3% in 1993 and over 24% in both 1994
and 1997 it has not been able to sustain these gains (Appendix 1). Over the full period, value
generated a negative annualized return of —0.22% and a negative Sharpe ratio of —0.017,
which both are statistically insignificant (Table 1). This suggests that while the value
premium was historically well-documented, its persistence has failed in more recent decades.

Over the full 30-year period from 1993 to 2023, the value factor shows only little evidence
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of delivering consistent or statistically significant performance. Despite its central role in
foundational asset pricing models like those of Fama and French in the early 1990s, our
results indicate that the value premium has largely failed to materialize in a long-short, value-
weighted context. While earlier literature has pointed to periods of cyclical
underperformance (Blitz et al., 2020) or suggested potential for future recovery (AQR,

2023), this extended sample reveals a prolonged lack of effectiveness.

The Size factor similarly underperforms. Its cumulative return line remains flat throughout
the sample, which aligns with the negative or near-zero returns in many years, including
4.5% in 1994 and —7.4% in 1997. (Appendix 1) The t-tests confirm the statistical
insignificance of the size premium, with a insignificant annualized return of just 0.38% and
a near-zero Sharpe ratio of 0.03. Both return and Sharpe t-statistics are well below
conventional significance levels. (Table 1) These findings challenge earlier results by Banz
(1981) and Fama & French (1993), who established the small-cap premium through the SMB
factor. More recent studies like Israel & Moskowitz (2012) and Blitz et al. (2020) have
questioned the durability of the size effect, particularly in long-short frameworks and modern
market environments. While some authors argue that controlling for quality revives the size
premium, the evidence presented here suggests that the size factor has not provided reliable

excess returns or risk-adjusted performance over the past three decades.

Finally, the low volatility factor presents a mixed picture. While it delivered one of the
highest single year returns in 1997, which was 25.7%, it has shown to have typically a pattern
of volatility and inconsistent gains. Its cumulative return curve reflects this variability when
rising in some phases and falling in others (Appendix 1). It is shown in Table 1 that low
volatility produced a positive Sharpe ratio of 0.15, with the Sharpe t-test reaching statistical
significance with p-value of 0.004, even though its return t-test remains insignificant. This
suggests some degree of favorable risk-adjusted performance, though not necessarily strong
returns. These findings are consistent with the early observations of Black, Jensen, and
Scholes in the 1970s and Haugen and Heins shortly after, who questioned the traditional
positive relationship between risk and return. Later empirical studies provided more
systematic evidence that low-volatility stocks tend to outperform their high-risk counterparts
on a risk-adjusted basis. Chow et al. (2014) further reinforced these conclusions by
demonstrating that the effect persists across markets and portfolio construction methods. In

the context of this sample, the low volatility factor performs well in terms of Sharpe ratio,
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although its average return remains statistically insignificant. This could suggest that the
anomaly is best understood as a source of consistent, risk-adjusted returns rather than high

performance.

The analysis of Figure 1, Appendix 1, and Table 1 highlights that momentum and quality
are the only factors to have delivered consistent and statistically significant premiums over
the 1993-2023 period. By contrast, value and size have either underperformed or failed to
demonstrate robustness, calling into question their reliability as long-term return drivers

during this era.

4.2 Comparison between early and recent years

In addition to examining the thirty-year timeframe, the statistical tests were conducted to a
time period from the beginning and the end of the timeframe from 1993 to 2023. These two

time periods give us another insight into the factors’ performance in different time periods.

Table 2. Annualized mean return, annualized Sharpe’s ratio and t-tests calculated for each

factor from 1993 to1997

Factor Average Sharpe T-test P-value T-test P-value
Returns Ratio (Return) (Return) (Sharpe) (Sharpe)
(Ann. %)
Momentum 6,668752 0,712276  1,592698  0,116572  5,517267  8,05E-07
Quality -0,46022 -0,07284  -0,16288  0,871167  -0,56425  0,574726
Size -2,39656 -0,22168 -0,4957 0,621949  -1,71715  0,091198
Value 3,293739 0,424585  0,949401 0,34629  3,288821  0,001699
Low 4,789934 0,35816 0,80087 0,42642  2,774295  0,007397
volatility

During the sub-period from 1993 to 1997, the momentum factor delivered the strongest
performance. The annualized mean return was 6.67%, and the Sharpe ratio reached 0.71.
While the return was not statistically significant with a t-value of 1.59 and a p-value of 0.12,
the Sharpe ratio was highly significant, with a t-value of 5.52 and a p-value of less than 0.001
(Table 2). This indicates that although the returns were moderate, the risk-adjusted
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performance of the momentum strategy was exceptionally strong, supporting earlier findings

on its reliability during the 1990s.

The value factor also performed well, generating an annualized return of 3.29% and a Sharpe
ratio of 0.42. Although the return did not reach statistical significance (t = 0.95, p = 0.35),
the Sharpe ratio was clearly significant, with a t-test value of 3.29 and a p-value of 0.0017.
(Table 2) This suggests that value investing provided consistently favorable risk-adjusted

returns during this period, even if its absolute returns were somewhat modest.

The low volatility factor produced an annualized return of 4.79% and a Sharpe ratio of 0.36.
The return itself was not statistically significant, with a t-value of 0.80 and a p-value of 0.43,
but the Sharpe ratio was, with a t-value of 2.77 and a p-value of 0.0074 (Table 2). This
implies that the strategy delivered steady and relatively efficient performance, offering
downside protection and return consistency even in this early sub-period, in line with prior

literature questioning the traditional risk-return tradeoff.

By contrast, the size factor exhibited negative performance, with an annualized return of -
2.40% and a Sharpe ratio of —0.22. Neither measure reached statistical significance, as the
return had a t-value of —0.50 and p-value of 0.62, while the Sharpe ratio had a t-value of —
1.72 and p-value of 0.09. (Table 2) These results show that small-cap stocks underperformed

in this period, offering little support for the existence of a size premium in the mid-1990s.

The quality factor generated a slightly negative annualized return of —0.46% and a Sharpe
ratio of —0.07. Both values were statistically insignificant, with t-values of —0.16 for return
and —0.56 for Sharpe ratio, and p-values of 0.87 and 0.57 (Table 2). As reflected in Figure
1, quality-based investing failed to produce meaningful or consistent performance during the
early part of the sample. This may be attributed to less refined definitions of the quality

factor in earlier decades or to structural changes in market behavior.

Overall, the period from 1993 to 1997 reveals that momentum, value, and low volatility were
the most promising strategies based on their Sharpe ratios, while size and quality lacked
statistically meaningful evidence of performance advantages. These early results provide
insight into which factors may have been more effective before their widespread adoption in

academic and practitioner models.

The sub-period analysis of recent years focuses on the time frame between years 2019 to

2023, a volatile market environment that included the COVID-19 crisis, rapid recoveries,
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and significant macroeconomic uncertainty. This timeframe provides insight into how factor

strategies performed under modern conditions.

Table 3. Annualized mean return, annualized Sharpe’s ratio and t-tests calculated for each

factor from 2019 to2023

Factor Average Sharpe T-test P-value T-test P-value
Returns Ratio (Return)  (Return) (Sharpe)  (Sharpe)
(Ann. %)
Momentum -2,37145 -0,13854  -0,30977  0,757824  -1,07309 0,2876
Quality 1,585649  0,116808 0,261191  0,794854  0,904794  0,369255
Size -5,67963 -0,38448  -0,85972  0,393423  -2,97816  0,004203
Value -3,90537 -0,23557  -0,52674  0,600348  -1,82469  0,073112
Low 3,54392 0,166434 0,372158 0,711108  1,289194  0,202362
volatility

The Value factor, for example, delivered an annualized return of 5.76% and a Sharpe ratio
0f 0.44. These numbers are respectable from an economic perspective but are not statistically
The momentum factor delivered weak results during this period, posting a negative
annualized return of —2.37% and a Sharpe ratio of —0.14. Neither of these outcomes reached
statistical significance, with the t-test result for return at —0.31 and the p-value at 0.76, and
the Sharpe ratio t-test at —1.07 and p-value at 0.29. (Table 3) These figures suggest that
momentum-based strategies, which had historically performed strongly, struggled to deliver
in recent years, most likely due to market reversals and disruptions caused by the pandemic

and inflationary shocks.

The quality factor posted a positive annualized return of 1.59% and a Sharpe ratio of 0.12.
However, the statistical tests show that neither metric is significant, with t-values of 0.26 for
return and 0.90 for Sharpe ratio, and corresponding p-values of 0.79 and 0.37 (Table 3).
These findings imply that although quality stocks maintained a modest upward trajectory,
their performance was not strong or consistent enough to constitute a statistically meaningful

premium in this sub-period.

The size factor demonstrated notable underperformance between 2019 and 2023, recording

an annualized return of —5.68% and a Sharpe ratio of —0.38. The Sharpe ratio result was
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significant with a t-value of —2.98 and a p-value of 0.004, indicating a significantly negative
risk-adjusted return (Table 3). These findings suggest that small-cap stocks systematically
underperformed throughout the period. This result aligns with earlier studies from Blitz, van
Vliet, and Baltussen (2020), who have questioned the empirical robustness of the size effect

in recent decades, particularly under modern market conditions.

The value factor also generated a negative annualized return of —3.91%, accompanied by a
Sharpe ratio of —0.24. Neither measure was statistically significant. The t-statistic for return
was —0.53 with a p-value of 0.60, and for the Sharpe ratio —1.82 with a p-value of 0.073
(Table 3). While neither of these reached statistical significance, they reflect the continued
weakness of the value premium during the late 2010s and early 2020s. Although value may
be positioned for a turnaround in the future, its empirical support has remained weak in

recent years.

The only factor to deliver clearly positive performance was low volatility, with an annualized
return of 3.54% and a Sharpe ratio of 0.17 and no statistical significance. The t-value for
return was 0.37 with a p-value of 0.71, and the Sharpe ratio t-value was 1.29 with a p-value
of 0.20. (Table 3) The low volatility factor offered moderate gains and some downside

protection, but the results do not confirm a robust premium for this period.

In summary, the 2019-2023 period was characterized by weak or negative returns across
most factors, with size showing the only statistically significant Sharpe ratio in a negative
direction. This suggests that many traditional factors struggled to generate meaningful
excess returns during this period, reflecting both structural shifts in the market and

challenges for traditional factor strategies.
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5 Conclusions

This chapter presents the main conclusions from the research and reflects on the broader
implications of the findings. It also offers considerations for future research, aiming to

expand the understanding of factor investing and its role in modern financial markets.

5.1 Conclusions

This thesis explored whether traditional equity factors such as value, size, momentum,
quality, and low volatility continue to generate meaningful and statistically significant
premiums in the U.S. stock market. The research was motivated by the evolving nature of
financial markets and the ongoing debate within academic and practitioner communities
regarding the persistence of these factors. As factor-based investing has become increasingly
institutionalized, with growing adoption through ETFs and quantitative strategies, questions
have emerged about whether the original return premiums associated with these factors
remain relevant in today's more efficient and competitive environment. The study adopted a
quantitative approach, leveraging long-short portfolios based on Global Factor Data
covering the period from 1993 to 2023. The purpose was not only to measure returns, but
also to evaluate the statistical significance of the factor premiums and assess their risk-
adjusted performance. In doing so, the research sought to contribute to the broader discussion

on market anomalies and the reliability of factor-based investment strategies.

While the existence of factor premiums has been widely documented in earlier academic
literature particularly in studies from the 1990s and early 2000s this thesis aimed to provide
a more up-to-date perspective by spanning three decades of U.S. stock market data. Previous
findings have highlighted the potential of factors like value, low volatility and momentum
to deliver excess returns while quality and size factors have weakened or even disappeared.
Recent contributions to the literature have suggested that even more of these effects may be

weakening or entirely disappearing due to increased market awareness.

The primary research question asked was Do traditional factors still generate significant
factor premiums in the U.S. stock market over the 1993—2023 period? The analysis revealed

that not all traditional factors continue to deliver significant premiums. Momentum and
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quality were the only factors that produced statistically significant and economically
meaningful returns over the full 30-year sample. Momentum, in particular, showed robust
risk-adjusted performance with a high Sharpe ratio and consistent gains across various
market phases. Quality also exhibited strong and stable returns, suggesting that investor

preference for profitable, low-leverage, and financially stable firms remains intact.

Conversely, the value factor, which historically formed a cornerstone of factor investing,
failed to generate positive or statistically significant returns. Despite early-year strength, its
long-term trend was marked by stagnation and eventual decline. Similarly, the size factor
was ineffective in delivering excess returns, as its performance was both inconsistent and
statistically insignificant throughout the sample. While low volatility offered some evidence
of favorable risk-adjusted performance via a statistically significant Sharpe ratio, its return

levels were not strong enough to be considered a reliable return driver on their own.

The first sub-question chosen was How does the performance of traditional factor premiums
differ between earlier (1993—1997) and more recent years (2019-2023)? The comparative
time-period analysis demonstrated that the earlier part of the sample (1993-1997) was
notably more favorable for factor investing than the recent years (2019-2023). In the earlier
period, value, momentum, and low volatility all showed strong Sharpe ratios, and
momentum was especially effective. This suggests that factors were more exploitable in the
1990s, potentially due to lower market awareness and fewer participants implementing

similar strategies.

In contrast, the period from 2019 to 2023 showed a clear weakening in the performance of
traditional factors. The size and value factors continued to underperform, and even the
quality factor, which had previously shown stable results, failed to deliver statistically
significant returns during these years. This decline can be explained by a combination of

structural changes in the market and unusual economic conditions.

A plausible explanation is that the growing efficiency of financial markets, combined with
the widespread implementation of similar factor-based strategies, may have contributed to a
temporary decline in the effectiveness of traditional factors. Also another possible
explanation in addition to factor crowding could be that the market also faced very
challenging conditions during this period. The COVID-19 pandemic caused a major global

economic shock, with extreme market volatility, sudden shifts in investor behavior and large
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policy interventions. These events often disrupted the normal functioning of markets,

making it harder for factor strategies to perform as expected.

Overall, the weaker performance of traditional factors in recent years reflects both the
growing efficiency and competitiveness of financial markets and the impact of major
disruptions like the COVID-19 pandemic. These findings suggest that factor investing is not
guaranteed to work in all environments and must be continuously evaluated and adapted to

changing market conditions.

The second sub-question asked: What do the differences in factor performance over all three
observation periods reveal about the nature of persistent versus weakening anomalies? The
divergence in factor performance over time highlights a structural shift in the landscape of
equity investing. Factors like momentum and quality have shown persistence, suggesting
that they may capture enduring behavioral biases or structural inefficiencies that are more
resistant to arbitrage. These results imply that such factors still have a valid role in portfolio

construction, especially when combined with disciplined risk management.

On the other hand, the weakening or outright disappearance of the size and value premiums
raises doubts about the long-term reliability of these factors. It appears that some anomalies
may not be truly persistent, but rather temporally exploitable phenomena influenced by
changing market dynamics, such as shifts in macroeconomic conditions, investor behavior,

or technological advancements in trading and information dissemination.

5.2 Discussion

Overall, the findings of this study provide valuable insights into the current state and long-
term evolution of traditional equity factor premiums in the U.S. stock market. The results
show that momentum has remained the most robust and statistically significant factor
throughout the 1993-2023 period. Quality also demonstrated strong risk-adjusted
performance, though with some inconsistencies. In contrast, the value and size factors failed
to deliver statistically significant or reliable returns, indicating that their historical premiums
may have weakened or disappeared entirely. Low volatility did not produce strong absolute
returns but showed statistically significant Sharpe ratios, suggesting that it may still offer

value in terms of risk-adjusted performance, especially in more defensive strategies.



42

The comparison between early (1993—1997) and recent (2019-2023) subperiods further
reinforces the interpretation that the effectiveness of several traditional factors has
diminished over time. Value and size, for example, showed relatively better performance in
the early period but delivered weak or negative returns in more recent years. Even quality,
which performed well over the full sample, lost much of its strength in the later years. Only
momentum maintained statistically significant performance across time. These trends
suggest that market efficiency, strategy crowding, and changing investor behavior may have

gradually reduced the profitability of many widely known anomalies.

The findings also raise important questions about the underlying mechanisms driving factor
performance. Momentum’s persistence could be explained by behavioral biases, such as
investor underreaction or herding, which continue to influence price trends despite increased
information availability. In contrast, the underperformance of quality and value in recent
years may reflect shifting market conditions, changes in investor preferences, or increased
competition reducing the effectiveness of fundamental-based strategies. The moderate
success of low volatility on a risk-adjusted basis points to its potential role in managing

downside risk, even if its returns are less impressive.

For investors, these results emphasize the importance of being selective and adaptive when
using factor-based strategies. Relying on outdated assumptions about persistent premiums
can lead to disappointing results, particularly with factors like size and value that no longer
appear reliable in the modern market environment. Instead, greater attention should be given
to those factors that continue to demonstrate statistical and economic relevance to those that
may offer stability in specific market regimes. Incorporating complementary information
such as macroeconomic indicators or investor sentiment may further enhance the

effectiveness of factor investing.

Future research could expand upon these findings by examining factor performance across
different asset classes or international markets, as this study was limited to U.S. equities.
Additionally, segmenting performance across distinct market regimes such as crisis periods,
recovery phases, or low interest rate environments could help identify when certain factors
are more or less effective. This would support the development of more dynamic, context-

aware factor strategies suited to today’s complex and rapidly evolving financial markets.
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Year Value Size Quality Momentum Low volatility
1993 0,00146 0,000801 -0,00175 0,002326 -0,00083
1994 -1,5E-06 -0,00056 0,000526 -4,3E-05 0,000292
1995 3,96E-05 -0,00039 0,000513 0,000555 0,000405
1996 0,000131 -0,00037 0,000601 8,81E-05 0,001299
1997 1,75E-05 -0,00069 -0,00011 0,000408 0,001225
1998 -0,00242 -0,00283 0,001468 0,001997 -0,00031
1999 -0,00329 0,000348 0,001103 0,003482 -0,00578
2000 0,002729 0,000105 3,64E-05 -0,00164 0,005783
2001 0,002162 0,003719 0,000826 0,000516 0,003835
2002 0,000806 0,000545 0,0012 0,002378 0,002574
2003 0,001269 0,002689 -0,00122 -0,00122 -0,00364
2004 0,001215 0,000663 -8,9E-05 -5,7E-05 -0,00011
2005 0,000428 -0,00013 0,000337 0,00172 -0,00057
2006 0,001078 0,000232 -0,00083 -0,00075 -6,7E-05
2007 -0,00182 -0,00138 0,002244 0,002213 -4,1E-06
2008 -0,0013 -0,00028 0,002734 0,00129 0,003266
2009 0,001942 0,002051 -0,00067 -0,00387 -0,00269
2010 0,000415 0,001332 -0,00053 0,00065 -0,00129
2011 -0,00095 -0,001 0,002035 -9,1E-05 0,002412
2012 0,000476 9,63E-05 -0,00056 -0,00019 -0,00057
2013 -5,2E-05 0,000816 -0,00052 0,000816 -0,00033
2014 -0,00037 -0,00087 0,000846 0,000382 0,000954
2015 -0,00143 -0,00075 0,000524 0,001503 0,001209
2016 0,001641 0,001081 -0,00054 -0,00167 -0,00042
2017 -0,00125 -0,00057 0,001246 0,00046 0,000392
2018 -0,00164 -0,00065 0,000846 0,001124 0,001312
2019 -0,00054 -0,00044 0,000242 -0,00034 -0,00031
2020 -0,0034 0,000633 0,000662 0,000944 -0,00175
2021 0,000779 -0,0011 0,000603 -0,00107 0,002553
2022 0,002612 -0,00091 -0,00117 0,00171 0,004026
2023 -0,0014 -0,00103 0,000459 -0,00243 -0,00275
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