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Tämä tutkielma käsittelee smart beta -pörssinoteerattujen rahastojen suoriutumista 

Yhdysvaltojen osakemarkkinoilla. Rahastojen suoriutumista tutkitaan käyttäen kolmea eri 

aikaperiodia; vuosia 2006–2019, laskumarkkina- sekä nousumarkkinakuukausia. Tutkimuksen 

tavoitteena on saada selville, miten rahastot ovat suoriutuneet eri markkinaolosuhteissa, ja 

ovatko rahastot onnistuneet ylisuoriutumaan markkinoihin verrattuna tuottamalla positiivista 

alfaa. Tutkimukseen valittiin vahvan akateemisen perustan pohjalta seuraavat faktorit; arvo, 

kasvu, laatu, momentum, osinko sekä alhainen volatiliteetti. Smart beta -pörssinoteeratuissa 

rahastoissa käytetty monifaktori-tyyli sekä ESG-tyyli, joka on saanut jalansijaa perinteisten 

faktoreiden joukossa, sisällytettiin myös tutkimukseen. Rahastoista muodostettiin 

tasapainotetut portfoliot, joiden suoriutumista verrattiin markkinoihin sekä teoreettisiin long-

only-faktoriportfolioihin. Portfolioiden kykyä tuottaa alfaa tutkittiin Fama-French 6-

faktorimallin sekä Hou-Mo-Xue-Zhang q-faktorimallin avulla, ja faktorikertoimia verrattiin 

Welch t-testin avulla. Suoriutumista tutkittiin myös Sharpen luvun sekä vinous- ja huipukkuus 

korjatun Sharpen luvun avulla. 

 

Tutkimuksen tulosten mukaan suurin osa portfolioista alisuoriutui markkinoihin nähden koko 

ajanjaksolla ja suoriutuminen oli myös selvästi huonompaa kuin vastaavien teoreettisten 

portfolioiden. Lasku- ja nousumarkkinoilla smart beta -portfoliot mukailivat teoreettisten 

portfolioiden suoriutumista lukuun ottamatta arvo- ja multifaktori- smart beta -portfolioita, 

joiden suorituskyky oli tilastollisesti heikompaa. Smart beta -portfolioiden faktoripainoissa oli 

myös merkittäviä eroja nousu- ja laskumarkkinakuukausien välillä. Kaiken kaikkiaan tulokset 

osoittavat, että smart beta -portfoliot eivät ole onnistuneet tuottamaan korkeampaa 

riskikorjattua tuottoa kuin markkinat. Näin ollen, sijoittajat eivät olisi kyenneet täyttämään 

akateemisen faktorikirjallisuuden perusteella asetettuja tuotto-odotuksiaan sijoittamalla smart 

beta -pörssinoteerattuihin rahastoihin.  
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This thesis examines the performance of smart beta exchange traded funds (ETFs) with 

geographical focus on the United States. The sample period ranges from 2006 to 2019 and is 

further divided into two sub-periods of bear and bull months. The objective is to see what kind 

of performance the ETFs have in different market conditions and whether they have been 

“smart” by producing significantly positive alpha and outperform the markets. Several different 

factor styles were chosen based on their strong theoretical background, including value, growth, 

quality, momentum, dividend, and low volatility. The multi-factor style used in the field of 

smart beta ETFs and ESG style, which has started to gain ground beside traditional factors, 

were also included into the analysis. The performance of equally weighted smart beta portfolios 

was compared to the markets and theoretical long-only factor portfolios. Portfolios’ ability to 

generate alpha was evaluated using the Fama-French 6-factor model and Hou-Mo-Xue-Zhang 

augmented q-factor model. The factor slopes were further compared using Welch’s t-test. The 

Sharpe ratio and skewness- and kurtosis-adjusted Sharpe ratio were also used as performance 

metrics. 

 

According to the results, most of the portfolios underperformed against the markets during the 

full sample period, and their performance was significantly worse than comparable theoretical 

portfolios’ performance. In contrast, the portfolios closely tracked the relative benchmarks in 

bear and bull months except for value and multi-factor smart beta portfolios that performed 

significantly worse. Several differences in the smart beta portfolios’ factor slopes between bear 

and bull months were also detected. The overall conclusion is that there is no evidence that the 

smart beta ETFs would have been really “smart” and outperformed the markets on a risk-

adjusted basis. By investing in smart beta ETFs, investors could not have been able to fulfill 

their return expectations set on the basis of academic literature.  
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1.  INTRODUCTION 
 

1.1 Background and motivation 
 

Over the last decade, investors have started to utilize passive investing strategies over active 

ones. In fact, passive assets such as exchange traded funds (ETFs) and index mutual funds have 

quadrupled since 2010. (O’Brien 2019) The increased popularity of ETFs has resulted from the 

2008 recession. Investors started to question their high-cost actively managed portfolios after 

their poor success compared to low-cost index funds. Thus, since the active fund managers were 

not able to avoid the massive losses that investors faced during the crisis, investors started to 

pursue ETFs that are less volatile. (Horch 2020; Flood 2020) The interest towards ETFs has 

been enormous globally, which can be observed from the fact that investors had 716 billion 

U.S. dollars in ETFs in 2008, and the number has now reached its milestone of 7 trillion U.S. 

dollars (Statista 2020b). There are many benefits in ETFs that have lured investors. ETFs track 

the underlying index and offer lower costs than active funds. They also hold multiple securities 

providing increased diversification with lower risks and create full transparency by disclosing 

their holdings every day, unlike mutual funds. (Horch 2020)  

 

Factor investing has originated from the findings that there are anomalies that cannot be 

explained using the traditional efficient market hypothesis. This type of investing strategy 

involves targeting different factors that can explain stock returns. (Ross 1976) Several different 

factors are identified in the literature that focus on specific drivers of a return across asset 

classes to improve portfolio performance, boost diversification, and decrease volatility (Bender, 

Briand, Melas & Subramanian 2013; BlackRock 2020; Swedroe 2018). For the past couple of 

decades, the concept of utilizing the well-known factors known to have produced premium has 

spread into the ETF universe and created strategies known as smart beta. Smart beta ETFs 

follow a different kind of weighting strategy; instead of using the traditional market 

capitalization like passive ETFs, they tilt towards different factors. The ultimate goal of smart-

beta ETFs’ is to, through exposure to factors, yield positive alpha similarly as active funds and 

at the same time get large exposure towards the markets similarly as passive funds. (Riedl 2020; 

Centineo & Centineo 2017)   
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Smart beta ETF is not a new innovation. In fact, the first smart beta ETF was created in 2003, 

and since then, the interest in the products has been growing substantially; there are currently 

over 780 billion dollars of assets under management in smart beta ETFs, which is almost five 

times more than ten years ago (Morningstar 2019; Fuhr 2020; Glushkov 2015). However, 

evidence on the performance of these funds has remained scarce, which is the primary 

motivation of this study. There is no clear consensus on whether the ETFs with different styles 

can perform better than the markets. Furthermore, the evidence on factors’ and especially smart 

beta products’ performance in different market conditions remain mixed, and the number of 

related studies is limited. This study aims to create answers to these questions by examining the 

smart beta ETFs’ raw and risk-adjusted returns. The performance will be compared in addition 

to the markets to theoretical long-only factor mimicking portfolios representing the expected 

factor returns based on academic literature. The study intends to contribute to the existing 

literature by widening the studied timeframe and using the most up-to-date data. Furthermore, 

the study seeks to provide new insights about the topic by utilizing a combination of multi-

factor models that have not yet been used to assess the performance of smart beta ETFs. The 

ESG factor is also included and treated as a traditional factor, which has not been done in earlier 

studies.  

 

1.2 Objectives, research questions, and limitations 
 

The main problem related to the smart beta ETF universe is the lack of knowledge associated 

with short- and long-term performance. Therefore, the main objective is to provide evidence on 

the performance in different market conditions and see whether smart beta ETFs are really 

“smart” and produce decent risk-adjusted returns. The main research question formed based on 

the objectives and problem is: 

 

How have the smart beta ETFs performed in the United States stock markets? 

 

The sub-questions which aim at answering the main question are; 

 

Have smart beta ETFs been able to outperform the markets by generating positive and 

statistically significant abnormal returns, i.e., alpha? 
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How have the smart beta portfolios performed in different market conditions? 

 

Which passive factors are the most significant in explaining the return variations, and are 

there any differences in the factor tilts between different market conditions? 

 

Evidence from the past decades shows that passive investment strategies such as ETFs beat the 

active ones for several reasons, including lower fees and better diversification (see, e.g., Malkiel 

2003). However, the passive investing strategies are usually focused on replicating the stock 

markets’ performance rather than beating it, while active portfolio managers aim to beat the 

markets by taking additional risks. Smart beta ETFs are a combination of passive and active 

investing strategies since they track an index in a low-cost manner and simultaneously exploit 

anomalies proven to create premiums resulting in outperformance relative to markets in a long 

period. (Riedl 2020; Likos 2020) Therefore, the question of whether the smart beta ETFs have 

been able to track the market index closely while creating positive alpha has been in great 

interest among investors even though the academic evidence has remained scarce.  

 

According to research (see, e.g., Jacobs & Levy 2015), factors perform differently in various 

market conditions. For example, momentum factor has proved to underperform and value factor 

to outperform in the bear market cycle (see, e.g., Lakonishok, Shleifer & Vishny 1994; Fama 

& French 1992; Stanhope 2016; Pätäri, Karell & Luukka 2016). However, evidence on the 

performance of smart beta ETFs in different market conditions remains mixed. This study aims 

to provide more evidence on the performance differences of the styles in various market 

conditions to get a wider picture of how investors could have utilized the styles to avoid 

underperformance. The objective is to see if some of the styles have performed significantly 

better than others in certain periods. Additionally, the performance will be compared to the 

long-only factor mimicking portfolios to see whether the ETFs have been able to yield at least 

the performance expected based on academic literature. 

 

Furthermore, the objective is to assess whether there is clear evidence that some passive factor 

can explain most of the portfolios’ excess returns. In general, the different smart beta style ETFs 

should be tilted towards stocks with certain factor attributes based on academics. For example, 

value style should have large tilt towards value stocks, while momentum style should have large 

exposure towards high past winner stocks. The question about the factor tilts is answered by 
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analyzing the multi-factor models’ regression slopes and their significances. Additionally, the 

Welch’s t-test is used to statistically test if significant differences between the smart beta styles’ 

slopes between bear and bull months exist.  

 

The study exhibits several limitations. The geographical focus of the research is limited to the 

U.S. stock markets due to its long history of smart beta ETFs. Several asset types are used in 

ETFs, such as bonds, commodities, and currencies, but only equity ETFs are chosen for the 

study. There are many academic factors in the literature, but this research only utilizes eight 

well-known factor styles, including growth, value, quality, momentum, low volatility, multi-

factor, dividend, and ESG. Equally weighted style portfolios are constructed, and all the ETFs 

with inception dates before 31st of December 2016 are included in the portfolios to get a robust 

dataset. The chosen sample period ranges from the start of 2006 to the end of 2019, and it is 

further divided into two sub-periods, bear months and bull months. 

 

1.3 Outline of the thesis 
 

The study is organized in the following way. First, the main concepts behind exchange traded 

funds are introduced to get an idea of the topic in general. Section 2 includes the literature 

review, which goes through factor investing and smart beta strategies, followed by descriptions 

of the most well-known factors found in academic literature. Furthermore, the multi-factor 

models used to analyze fund performance are introduced. At the end of the section, earlier 

research on smart beta strategies’ performance is presented, and the hypothesis construction is 

shown. The third section introduces the data collection process, describes the limitations, and 

then presents how the portfolios have been constructed. It then describes the used 

methodologies and the factor portfolios and benchmarks used in the models. Additionally, the 

descriptive statistics of the portfolios are presented. The fourth section illustrates the results for 

the full period and for different market conditions. Finally, the fifth section summarizes the 

results and provides answers to the research questions. It also presents the theoretical 

contributions of the study and the possible limitations. In the end, the suggestions for future 

research are presented. 

 

 



5 

 

1.4 Exchange traded funds  
 

The creation of exchange traded funds is one of the most exciting innovations since their 

development in the early 1990s. The first ETFs were launched to Canadian and U.S. exchanges, 

and for the first many years, they constituted just a minor percentage of assets under 

management in index funds. The demand for these instruments has grown significantly since 

then, as shown by Figure 1, and the total net asset value has grown from 102 billion U.S. dollars 

in 2002 to over 5 trillion U.S. dollars in 2020, making the U.S. stock exchanges’ largest ETFs 

the most actively exchanged equity instruments. (Statista 2020a; Deville 2008) The main idea 

behind the innovation is to let investors seize the entire bond or stock index’s performance with 

just a single trade (Anderson, Born & Schnusenberg 2010, 75). For example, instead of 

purchasing one share of every 500 stock in S&P 500 separately, an investor can do it more 

easily by purchasing just one ETF that tracks the S&P 500 index. In other words, purchasing or 

selling an ETF is basically the same as purchasing or selling an index (Anderson et al. 2010, 

77). The original ETFs mainly focused on imitating the broad-based stock indices. Since then, 

ETFs have improved and extended their field from indices to international markets, 

commodities, fixed-income instruments, and sectors. (Deville 2008)  

 

 

Figure 1. Exchange traded funds’ total net assets in the United States from 2002 to 2020 (in 

billion U.S. dollars). (Statista 2020a) 
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ETFs are priced throughout the day and traded just like individual stocks. They are a mix of 

closed-end funds and conventional mutual funds, and because the outstanding shares are being 

traded during the day, new shares can be redeemed or formed continuously. There are three 

ways of structuring an ETF. One is to structure it as an open-end index fund where investors 

quarterly receive the reinvested dividends through cash. Derivatives and loan securities can also 

be used in this form of ETFs. Another way is to create the ETF by using a unit investment fund. 

In this structure, the trust pays out the dividends that have not been reinvested to the investors 

quarterly via cash. The so-called Grantor trust is the final possible form in which the investors 

keep their rights to vote in the underlying included in the fund because the dividends are being 

paid out straight to the shareholders. (Anderson et al. 2010, 76)  

 

ETFs utilize either physical or synthetic strategies to realize the wanted returns. Physical ETFs 

are typical, especially in the United States, due to some regions’ restrictions on utilizing 

derivatives. These kinds of ETFs hold all or some of the assets included in the followed 

benchmark. Due to the physical replication strategy, there is greater transparency of the ETFs’ 

holdings. Synthetic ETFs use derivatives such as options, futures, forwards, or swaps to get 

synthetic exposure to the tracked benchmark. The advantages of using derivatives include better 

access to specific asset classes, decreased costs, and a higher probability of yielding the wanted 

returns. Thus, this kind of strategy can minimize tracking errors since the ETF will gain the 

same return as the underlying security. For example, if the synthetic ETF is using swaps, the 

swap counterparty has an obligation to make the holdings in the ETF as accurate as possible, 

while in the case of physical ETF, the manager has to amend the holdings whenever the index 

that is being tracked reweights the assets. Additionally, the use of synthetic ETFs might be ideal 

if it is hard to get exposure by physically replicating certain assets such as commodities. The 

disadvantages of using synthetic ETFs include increased counterparty risks resulting from the 

use of derivatives and the absence of transparency. (Kosev & Williams 2011; BlackRock 2021)   

 

ETFs are created by a sponsor who chooses the investment objective and the method of tracking 

it. ETF shares are formed on the primary markets by employing “in-kind” creation and 

redemption processes demonstrated in Figure 2. In the creation process, authorized participants 

(APs), usually market makers or large institutional investors with an agreement with the 

sponsor, create additional shares by proposing an order for a certain amount of “creation units,” 

which are large blocks ranging from 25 000 to 200 000 ETF shares. The specific number of 
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creation units will be delivered to the AP after transferring to the ETF the required stock basket, 

usually including the shares underlying the index. AP can then either sell the shares to other 

investors or its clients on the secondary markets or keep them. The redemption of the shares, 

which is selling back the shares to the ETF, reverses the creation process. The AP will obtain 

the daily redemption basket of securities or other assets when returning the creation units back 

to the ETF. Additionally, cash may be involved in the redemption and creation process if the 

funds use synthetic strategies and utilize derivatives. (Antoniewicz & Heinrichs 2014; Deville 

2008; Kosev & Williams 2011) 

 

 

Figure 2. ETF market structure. (Deville 2008) 

 

Since the ETFs market structure consists of two separate markets, primary and secondary, ETFs 

have correspondingly two different prices: the net asset value (NAV) and market price. The 

market price is based on demand and supply on the exchange, whereas the NAV is computed 

at the end of each trading date, and it is the funds’ holdings value per share. These prices may 

differ from each other if there is significantly high buying or selling pressure in the secondary 

markets. Market makers can absorb these liquidity shocks by utilizing the “in-kind” redemption 

and creation processes in which new shares are created or outstanding shares redeemed. These 

processes decrease deviations in the prices, and hence the possibility for the share price to trade 

at a discount or premium to the fund’s net asset value is minimized and arbitrage opportunities 

eliminated. (Deville 2008; Antoniewicz & Heinrichs 2014)  
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However, there is evidence that the markets are not always efficient and that the NAV and 

market price can temporarily deviate, creating mispricing resulting in arbitrage opportunities 

(Kreis & Licht 2017; Delcoure & Zhong 2007; Fulkerson & Jordan 2013). In the case where 

the NAV is higher than the market price and the ETF is trading at a discount, APs could make 

arbitrage profits by purchasing ETFs from the secondary markets, shorting the underlying index 

stocks, and then before closing the short position at a profit, acquiring the redemption of the 

ETFs for the stock basket (Deville 2008). Another shortcoming is that there might be tracking 

errors relative to the index that the funds are tracking. The tracking error is established because 

the stocks that are included in the ETF might repay dividends throughout a quarter, while the 

ETFs are only paying them out quarterly. (Anderson et al. 2010, 81) 

 

In contrast, ETFs have many advantages, which have made them as attractive as they are. The 

main benefit is their tax efficiency, which comes from the fact that ETFs generate minimal 

capital gains. ETFs will only have to sell securities to replicate the changes in the underlying 

index, and the turnover in the securities that create an index is minimal. (Anderson et al. 2010, 

80) To decrease unrealized profits, ETFs use in-kind redemptions commonly referred to as “tax 

overhang,” which means that the fund delivers low-basis securities that have been acquired 

lower than their current market value. The ETFs do not incur taxes when those low-basis 

securities are repossessed because of the transactions’ in-kind nature, which means that assets 

are traded for assets, and there is no cash involved that would create tax obligations. Therefore, 

investors will only have to pay taxes on the capital gains when selling the ETF shares. 

(Antoniewicz & Heinrichs 2014) 

 

Since a large part of ETFs are managed passively, and ETFs do not need to sell or buy the 

underlying securities to create new shares, their expenses are relatively low (Kosev & Williams 

2011). Besides, investors can trade ETFs at a current market price at any time of the day, unlike 

traditional mutual funds which pricing is conducted only at the end of the day. This also makes 

short selling or buying on margin possible. Portfolio managers trying to follow a benchmark or 

get exposure to a specific market segment as quickly as possible profit from this constant 

pricing. (Anderson et al. 2010, 80) Moreover, intraday trading increases liquidity and gives 

investors better access to multiple asset classes and specific markets, which would otherwise 

be difficult. For example, investors might need a local bank account or a foreign investor status 

to access foreign markets. These problems could be easily prevented by purchasing an ETF 
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with a geographical focus on those specific foreign markets. (Antoniewicz & Heinrichs 2014) 

ETFs are also more transparent than mutual funds because they replicate a specific index’s 

holdings, while mutual funds only disclose their holding information semiannually (Anderson 

et al. 2010, 81).  
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2. LITERATURE REVIEW 
 

2.1 Factor investing and smart beta 
 

One of the most debated topics in financial literature is the efficient market hypothesis presented 

by Fama (1970). The hypothesis states that markets are efficient in signaling information about 

the stock markets and individual stocks since the prices reflect all available information. Hence 

there should not be opportunities to make additional profits and outperform the markets. (Fama 

1970; Rossi 2018; Burton 2003) The hypothesis was broadly accepted by economists in the 

seventies, but after a while, some economists started to argue against it by saying that stock 

prices are predictable, the markets are not always fully efficient, and that all available 

information is not always fully spread to the prices. Furthermore, these beliefs led economists 

to argue that investors can earn excess returns. This new type of view highlighting behavioral 

elements in the determination of stock prices has proved that the efficient market hypothesis 

cannot explain all the market anomalies found in academics. (Burton 2003; Yalcin 2010; Latif, 

Arshad, Fatima & Farooq 2011) This finding of the anomalies has been the foundation of factor 

investing (Swedroe 2018).  

 

The strategy of utilizing different factors has been created by modifying the well-known 

concepts used to examine the relationship between risk and return: the capital asset pricing 

model (CAPM) and the arbitrage pricing model (APT). The capital asset pricing model was 

developed individually by Sharpe (1964), Lintner (1965), and Mossin (1966), and it is the oldest 

and most used model to analyze risk-adjusted returns. The model assumes two risk factors: 

idiosyncratic risk and systematic risk that affect securities’ returns. The beta captures the 

systematic risk, and it is the risk originating from the exposure to the market. Therefore, 

investors bearing the risks are rewarded with higher returns since the systematic risks cannot 

be diversified. (Bender et al. 2013) According to the CAP model, excess returns can be assessed 

by; 

 

                                                             𝐸(𝑟𝑠) = 𝑅𝑓 − 𝛽(𝐸(𝑟𝑚) − 𝑅𝑓)                 (1) 

 

Where 𝐸(𝑟𝑚) is the expected return on the market portfolio, 𝛽 is the beta and 𝑅𝑓 is the risk-free 

rate (Rossi 2016). The equation states that a function of stocks’ beta to the markets can be used 
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to evaluate expected stock returns, and it assumes that there is only one risk factor affecting the 

returns (Bender et al. 2013). In 1976, Ross introduced a new theory about risk and return and 

established the arbitrage pricing theory (APT). According to the theory, excess stock returns 

can be modeled using a function including several macroeconomic factors. Consequently, Ross 

(1976) was the first to develop multi-factor models while familiarizing the term “factor,” 

defined as a characteristic of security that can be used to explain its risk and return. After the 

findings of Ross (1976), researchers have found several factors beyond the market factor that 

have a strong explanatory power over stock returns and are constant over time. Rosenberg and 

Marathe (1976) were one of the first to emphasize factors’ importance and developed the multi-

factor Barra risk models. At the beginning of the 1990s, Fama and French (1992) contributed 

to the existing literature by creating evidence on size and value premiums. (Bender et al. 2013) 

Additional multi-factor models have then been developed, using the CAPM as a base and 

adding other factors that have been proven to yield premiums.  

 

There are three factor categories, fundamental, macroeconomic, and statistical, discovered in 

academic literature. The fundamental factors are the most widely used since they capture stock 

characteristics such as valuation ratios and technical indicators. The most popular fundamental 

factors, including value, momentum, and size, have been researched for decades. (Bender et al. 

2013) The use of different fundamental factors to yield excess returns has been an interesting 

phenomenon also in the field of ETFs. Traditional ETFs follow a market capitalization weighted 

index, which uses stocks’ market capitalization when weighting individual components. The 

efficient market hypothesis supports this kind of weighting approach. Based on the theory, the 

capitalization weighted indices are mean variance efficient because they generate the highest 

expected returns in any level of risk. All of those portfolios that do not use the market 

capitalization weighting will not be efficient, and they will not offer wanted return/risk 

attributes if the efficient market hypothesis holds. (WisdomTree 2020) The evidence that the 

hypothesis does not always hold and the stock prices can significantly deviate from their real 

values has been the motivation behind the creation of smart beta products. These products 

utilize the anomalies to yield excess returns by tilting towards the fundamental factors with 

strong academic support instead of using traditional market capitalization weighting. (Arnott, 

Beck & Kalesnik 2016; Asness & Liew 2014) 
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Since smart beta ETFs utilize different factors, the strategy is often referred to as factor 

investing, even though it is not completely the same. The reason is that the traditional factor 

investing strategies can be long-only or long-short, while smart beta strategies are typically 

long-only. (Arnott et al. 2016) However, there is no complete consensus on which of these two 

strategies is superior and will produce higher returns. Some researchers favor the long-short 

strategies since they enable to take a long position on high expected return stocks and short 

position on low expected return stocks, which creates pure premium and makes the portfolio 

market neutral by minimizing the beta to zero (see, e.g., Jacobs & Levy 1997; Swedroe 2018). 

Furthermore, these strategies are more diversified since the correlations between different 

factors are nearly zero. They also allow investors to capture investment possibilities that would 

otherwise be unachievable. (Briere & Szafarz 2017; Ilmanen & Kizer 2012) The long-only 

constraint also increases active risks by decreasing effectiveness, inducing small stock biases, 

and limiting managers’ possibilities to use “sell” information by prohibiting short positions 

(Kahn 2001).  

 

In contrast, other researchers have argued that long-short strategies are theoretically superior, 

but after considering practical problems such as restriction of benchmarks and costs of 

implementation, the long-only strategies, including choosing the top of an asset class risk 

premium, are the ideal alternatives in practice (see, e.g., Huij, Lansdorp, Blitz & Vliet 2014; 

Blitz 2016). Blitz (2012) has even argued that long-only factor portfolios have generated high 

Sharpe ratios and CAPM alphas during 1963-2009. Interestingly, the author also found that the 

market risk factor explained over 90% of the returns. On the other hand, Malkiel (2014) has 

argued that the long-only smart beta ETFs are more like a marketing tactic since only a few of 

them have outperformed the markets. 

 

Smart beta ETFs are a combination of passive and active investing strategies, as shown in 

Figure 3. They try to replicate the market index similarly as passively managed instruments and 

simultaneously capture the alpha similarly as actively managed instruments (Centineo & 

Centineo 2017). By investing in smart beta ETFs, investors can retain many advantages of 

passive investing, such as lower fees, increased liquidity, and greater transparency. However, 

the transaction fees of smart beta ETFs are higher than traditional passive index funds but still 

much lower than active funds. Smart beta ETFs are also riskier than traditional passive index 
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funds since they target yielding high returns, and hence they might also exhibit lengthy cycles 

of underperformance. (Nath 2015)  

 

 

Figure 3. Smart beta compared to passive and active investing strategies. (Riedl 2020) 

 

Smart beta ETFs are extremely outcome-oriented since they enable investors to yield results 

that match their preferences about returns, risks, or costs (iShares 2020). Therefore, smart beta 

strategies have been further divided into three sub-categories based on the desired outcomes 

that are risk-oriented, return-oriented, and other strategies. Smart beta ETFs utilizing return-

oriented strategies focus purely on creating higher returns and include styles such as dividend 

yield, size, value, growth, quality, multi-factor, and momentum. On the other hand, risk-

oriented strategies, including low volatility and high beta styles, have an intention to improve 

the returns by either increasing or decreasing risks relative to a benchmark. Other strategies 

include a broad selection of strategies varying from multi-asset indices to untraditional 

commodities. (Boyadzhiev, Bryan, Choy, Johnson & Venkataraman 2017) Table 1 summarizes 

the most prevalent factors found in academics used to construct the smart beta ETFs, their most 

common attributes, and the main research that has created evidence about the specific factor. 
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Table 1. Factors that are used to select and weight stocks in the field of smart beta ETFs. 

(Boyadzhiev et al. 2017; Bender et al. 2013) 

 

 

Other factors have also been found in the academic categorized as smart beta, such as size, 

fundamental-weighted, buyback/shareholder yield, earnings weighted, expected returns, and 

risk-weighted, to name a few (Boyadzhiev et al. 2017). In this study, the smart beta ETFs 

utilizing the factors presented in Table 1 are used because of their strong theoretical background 

introduced in the next sub-sections. 

 

2.1.1 Dividend  

 

The dividend factor is based on the notation that high dividend yield stocks can yield higher 

returns. This anomaly has faced significant empirical and theoretical research, and there are two 

rival theories made about its descending. Brennan (1970) has introduced the tax-effect 
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hypothesis, which states that since income from dividends has higher taxes than capital gains, 

investors get higher risk-adjusted returns on stocks with higher expected dividend yields. In 

1974, Black and Scholes introduced the dividend-neutrality hypothesis proposing that 

companies would amend their dividend policy to limit the amount of dividend payouts, raise 

their share price, and decrease capital cost if investors that hold stocks with high dividend yield 

expected higher returns. However, if investors anticipate having lower returns while holding 

high dividend yield stocks, companies with the intention to maximize value would want to 

strengthen their stock price by raising their dividend payouts. Furthermore, Black and Scholes 

(1974) argued that in equilibrium, this behavior of the companies aiming to maximize value 

would result in a total supply of dividends that completely match the total dividend income 

demanded by investors that see capital gains as valuable as dividends payout. Consequently, 

this would lead to a situation that there is no relationship between dividend yield and returns. 

(Black & Scholes 1974)   

 

The results from studies focusing on the return differences between high and low dividend yield 

stocks remain mixed. In addition to Black and Scholes (1974), Miller and Scholes (1982) have 

discovered no significant empirical evidence on the relationship between expected returns and 

dividend yield. Controversially, Litzenberger and Ramaswamy (1979; 1982) and Naranjo, 

Nimalendran and Ryngaert (2002) have argued that stock returns have had a strong positive 

relationship with dividend yield in the U.S. stock markets, which has also been evidenced by 

Fama and French (1988). Additionally, Christie (1990) has proved that companies with zero 

dividend yield receive negative excess returns compared to same-sized high dividend yield 

companies supporting the dividend yield anomaly. According to Bender et al. (2013), the 

attractiveness of investing in high dividend yield stocks originates from the compounding effect 

of dividend reinvestment, which contributes to the excess returns. The authors also state that 

dividend yield or payout ratio are measures that value investors usually look for, which is why 

dividend investing is closely related to value investing.  

 

Global evidence on the premium has also been documented. According to Visscher and Filbeck 

(2003), high-dividend yield strategy has generated higher risk-adjusted returns measured by the 

Sharpe ratio in the Canadian stock markets. Rahman, Shamsuddin and Lee (2019) have 

extended the topic into the Asia Pacific and stated that the dividend yield could be used to 

explain India’s and Pakistan’s stock returns. Likewise, Rao, Aggarwal and Hiraki (1992) have 
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argued that the Tokyo stock exchange exhibits a significant dividend yield effect similar to the 

U.S stock markets. The dividend premium has also been documented in the United Kingdom 

(see, e.g., Gwilym, Morgan & Thomas 2000). Although the results are contradictory, the 

theoretical evidence supporting the dividend premium has remained strong. 

 

2.1.2 Value 

 

The value factor is by far the most exploited investment style. Investors utilizing value investing 

try to yield excess returns by finding stocks that are cheaper compared to their real fundamental 

values. (Bender et al. 2013) The interest toward the value factor has originated from the study 

by Graham and Dodd (1934). They were the first ones to identify that value stocks have 

outperformed growth stocks. Later on, Nicholson (1960) provided empirical evidence on the 

premium, stating that stocks with a low price-to-earnings ratio (P/E) can yield higher returns 

than stocks with high P/E. According to the author, the low P/E stocks had a 90% increase in 

price from 1937 to 1962, while the stocks with low P/E only faced 32% price growth. Basu 

(1983) has found similar results and argued that stocks with low earnings-to-price (E/P) ratios 

had lower risk-adjusted returns than stocks with high E/P ratios from 1962 through 1978.  

 

Fama and French (1992), as well as Lakonishok et al. (1994), have documented substantial 

value premium in the U.S. since stocks with value characteristics such as high earnings-to-price, 

high book-to-market, and high cashflow-to-price ratios were able to yield higher mean excess 

returns. Lakonishok et al. (1994) have argued that when investors overvalue growth stocks and 

undervalue value stocks, a strong value premium occurs. Value stocks yield higher returns than 

growth stocks after these inaccuracies in the pricing are being fixed. According to Fama and 

French (1992), the premium arises because the companies with high book-to-market ratios have 

more distressed fundamentals, resulting in higher risks and higher return expectations than 

growth companies. However, Fama and French (2021) have stated in their most recent study 

that the value premium has been significantly smaller from 1991 to 2019 compared to the period 

of 1963 to 1991 used in their earlier study made in 1992. Similar results have been identified 

by Linnainmaa and Roberts (2018) and Schwert (2003), who have focused on analyzing the 

post-1991 value premiums. Their results indicate that the out-of-sample value premiums are 

statistically indistinguishable from zero and significantly low. Therefore, these results suggest 

that the value premium has started to disappear in the most recent years.  



17 

 

A large number of studies have been made providing evidence on the value premium, and the 

majority of these research has focused on the U.S. stock markets (see, e.g., Stattman 1980; 

Rosenberg, Reid & Lanstein 1985; Asness, Moskowitz & Pedersen 2013; Davis, Fama & 

French 2000). In 1998 Fama and French expanded their research on international markets and 

found out that the value premium is not country-specific occurring only in the United States, 

instead it is present globally. According to Athanassakos (2009), value stocks have 

outperformed glamour stocks between 1985 and 2002 in the Canadian stock markets. 

Interestingly, the author also states that the value premium has increased over time, unlike in 

the United States. Pätäri and Leivo (2009) have discovered similar outcomes in the Finnish 

stock market from 1993 to 2008. According to their results, there is strong evidence of the value 

premium in the Finnish stock market since most of the constructed value portfolios were able 

to beat their relative glamour and market portfolios. In addition to Nordic stock markets, there 

is evidence of the presence of value premium, for example, in the Indian stock markets (See, 

e.g., Saji & Harikumar 2015; Aziz & Ansari 2014), in the Japanese stock markets (see, e.g., 

Chan, Hamao & Lakonishok 1991) as well as in the Singapore stock markets (see, e.g., Yen, 

Sun & Yan 2004). Additionally, Capaul, Rowley and Sharpe (1993) have argued that a 

substantial value premium, measured by price-to-book value per share, has been present in 

Germany, United Kingdom, France, United States, and Japan from 1981 to 1992. 

 

2.1.3 Growth 
 

The motivation behind investing in stocks with growth attributes such as historical earnings 

growth, low earnings-to-price ratio, low book-to-market ratio, or low cashflow-to-price ratio is 

to yield higher excess returns. However, there is mixed evidence on the rationale behind the 

growth factor. When comparing academic research on value and growth factors, there are 

significantly more published papers on the former. Several studies have stated that value stocks 

can yield higher returns than growth stocks, which is why the value premium has been in greater 

interest among researchers (Burton 2003). Furthermore, the growth factor has usually been seen 

as a short portfolio of the value factor, and hence if growth stocks have yielded positive excess 

returns, the value stocks must have generated negative excess returns. The growth stocks have 

also been considered the most expensive stocks, which is not entirely true. The reason is that 

backward-looking accounting measures such as earnings or sales growth can be used when 
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selecting stocks with growth characteristics that do not automatically imply that the most 

expensive stocks are being selected. (Rabener 2019a)  

 

According to Beneda (2002), growth stocks have performed significantly better than value 

stocks in the long-term period but have lagged behind the value stocks in the shorter five-year 

period. Furthermore, Smith (2020) has argued that growth stocks have performed better than 

the value stocks in 2020, mainly due to adjustments in valuations instead of pure earnings 

growth. Moreover, since growth stocks usually have more healthy balance sheets, the growth 

factor has been significantly better in economic downturns (Smith 2020). In contrast, Jagerson 

(2021) has argued that the growth stocks rocket in the bullish markets, but they tend to be the 

first to fall in bear markets because of their exaggerated prices. There is also evidence that after 

the financial crisis of 2008, when the economy started to expand, growth stocks have had the 

longest period of outperformance over value stocks which has continued until 2020 (Vanguard 

2020). This outperformance of growth over value has mainly resulted from the fact that large 

technology companies with huge opportunities and growth characteristics have dominated the 

markets over the financial stocks included in the value factor (Bell 2020; Royal 2020). The 

results remain mixed, and for instance, Rabener (2019a) has argued that growth stocks, defined 

in the study by earnings-per-share and sales per share growth, have beaten the U.S. markets 

from 1992 to 2008, but when the financial crisis hit, they started to underperform significantly. 

The academic theory about the growth premium has remained unclear since some researchers 

have argued against the premium favoring the value attributes, while others have supported it.  

 

2.1.4 Momentum 

 

The momentum effect of returns is perhaps the hardest one to explain using the traditional asset 

pricing theories (Jegadeesh & Titman 2001). Levy was first to introduce the momentum effect 

in 1967 by stating that investors can yield abnormal returns by selecting stocks that have 

historically performed strongly. However, the premium was popularized after Jegadeesh and 

Titman published their well-known paper in 1993. Jegadeesh and Titman (1993) evidenced a 

strong momentum premium in the United States from 1965 to 1989 and argued that there had 

been a trend in the stock prices since stocks that performed poorly from three to twelve months 

continued to perform weakly over the subsequent future period and vice versa. Furthermore, 

according to their results, a strategy picking stocks with good performance in the past six 
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months and holding those stocks for the following six months generated over 12% annual 

excess returns (Jegadeesh & Titman 1993). Later on, Carhart (1997) evidenced that a strategy 

that goes long on well-performed mutual funds and short on the bottom decile funds would 

have created over 8% yearly returns from 1963 to 1993.   

 

Many studies have then been made about the strategy focusing on several different markets and 

instruments. Grinblatt, Titman and Wermers (1995) have focused on mutual funds by 

examining whether they choose stocks that have succeeded well in the past and sell those that 

have not performed well. The results indicated that around 77% of the funds utilized momentum 

strategies and these funds were able to outperform the rest of the funds. Interestingly, 

momentum strategies were almost entirely driven by purchasing past winners instead of selling 

past losers. The essential outcome was that the most recent quarter’s returns were important 

determinants of portfolio selection rather than the returns realized in a more distant past. 

(Grinblatt et al. 1995) Additionally, Fama and French (2012) and Swinkels (2002) have found 

a strong momentum effect in Europe, America, and the Asia Pacific, excluding Japan. Liu and 

Lee (2001) have studied the momentum and return relationship further in Japan and concluded 

that there seems to be a reversal effect on the prices rather than a continuation. According to 

Hanauer (2014), the reason for the low momentum returns is that Japan faces different market 

dynamics than other countries.  

 

Naughton, Truong and Veeraghavan (2008) have examined the topic by focusing on Chinese 

equities. Their results stated that investors could have gained substantial profits by using 

momentum strategies from 1995 through 2005. Rouwenhorst (1998) has studied the topic by 

focusing on the European stock markets. According to the results, all twelve countries included 

in the study have exhibited return continuation from 1980 to 1995. Moreover, Forner and 

Marhuenda (2003) have evidenced the profitability of momentum strategies on Spanish stock 

markets. Interestingly, they state that positive excess returns from the momentum strategy are 

only possible when considering short-term periods. The theory of the momentum effect has 

been widely accepted among academics, but it still has yielded a widespread discussion since 

no efficient market-based theory is fully appropriate in explaining it. Additionally, critics have 

argued that the strategy might result from data mining, and there is also the risk of reversal and 

high turnover, resulting in difficulties controlling and predicting it. (Bender et al. 2013)  

 



20 

 

2.1.5 Quality 

 

The quality premium is based on the notation that investors can create excess returns by 

choosing companies with quality characteristics such as a clean balance sheet or stable profit. 

However, there is no clear consensus on why investors should invest in stocks with quality 

characteristics, mainly because the definition of quality differs, resulting in a lack of cohesive 

theory. (Boyadzhiev et al. 2017; Bender et al. 2013) One of the earliest studies concerning 

quality premium made by Sloan (1996) offered strong evidence on the negative relationship 

between stock returns and companies’ accruals. The author stated that accruals are a good proxy 

for the quality of earnings and an indication of high-quality stocks. Furthermore, if the 

company’s accruals decrease, it is a signal of high-quality earnings resulting in increased future 

returns (Chan, Chan, Jegadeesh & Lakonishok 2006). In addition to accruals, a quality of a 

company has been measured by analyzing its balance sheet, earnings growth, debt levels, 

financial and operating leverage, smoothness, profitability, and sustainability of profits (Bender 

et al. 2013). The quality premium has been stated to be based on the behavioral view, assuming 

that it originates because financial analysts handle profitability information in a non-optimal 

way, resulting from under-reaction to good news about the company (Bouchaud, Ciliberti, 

Landier, Simon & Thesmar 2016). 

 

There is much evidence supporting the quality premium. According to Asness, Frazzini and 

Pedersen (2013), the strategy of going long on high quality stocks and short on low quality 

stocks has yielded significant risk-adjusted returns globally between 1951 and 2012. Moreover, 

the authors state that the anomaly arises because quality stocks with strong fundamentals seem 

to be underpriced and exhibit low betas. Later on, Fama and French (2015) identified in their 

study on the 5-factor model that companies with high profitability can create higher excess 

returns. According to Muradoglu and Sivaprasad (2007), as well as George and Hwang (2010), 

there is a negative correlation between stock returns and a company’s leverage, while Bhandari 

(1988) has argued that there is a positive relationship between a company’s debt to equity ratio 

and stock returns. Furthermore, Hirshleifer, Hou, Teoh and Zhang (2004) have witnessed a 

negative correlation between future returns and net operating assets that have been scaled by 

total assets of the past year. Hou, Xue and Zhang (2015) have used the return on equity (ROE) 

ratio as a proxy for profitability and argued that companies with high ROEs yield better excess 

returns. Perotti and Wagenhofer (2011) have reasoned that several quality measures have a 
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relationship with excess returns, but after all, accruals have the most substantial relationship 

making it the most useful measure of quality. 

 

2.1.6 Low Volatility  

 

Strategies utilizing low volatility factor seek to create excess returns by choosing stocks with 

low historical volatility, idiosyncratic risk, or beta. The standard principles in finance, such as 

CAPM, state that higher risks are rewarded by higher returns while the low volatility premium 

is based on the opposite view. (Bender et al. 2013) Black was first to document the low volatility 

premium in 1972 by stating that constraints on leverage can lower the security market line’s 

slope, further resulting in low-beta stocks yielding higher returns than expected based on the 

CAPM. Moreover, Haugen and Heins (1972) created insight on the risk and return relationship 

by concluding that the low volatility stocks have generated higher returns than expected because 

the relationship is not positively linear as assumed. Two decades later, Fama and French (1992) 

observed that the size-adjusted correlation between returns and CAPM has been flat from 1963 

to 1990. This relationship was supported by several other academics, including Black (1993), 

Falkenstein (1994), and Haugen and Baker (1993) in the following years. They all confirmed 

the flat relation of beta and returns and even stated that the relationship is negative. 

 

Haugen and Baker (1991) have confirmed that low volatility stocks have outperformed their 

relative capitalization weighted counterparts in the United States similarly as other academics 

in later years (see, e.g., Clarke, De Silva & Thorley 2006; Jagannathan & Ma 2003; Frazzini & 

Pedersen 2014; Baker, Bradley & Wurgler 2011). According to Walkshäusl (2013), the low 

volatility premium is linked to high-quality stocks because high-quality companies have 

stronger adverse return-volatility relationships. Baker and Haugen (2012) have provided 

international evidence on the premium by stating that low-beta stocks have yielded higher 

returns in every market worldwide from 1990 to 2011. Dutt and Humphery-Jenner (2013) have 

likewise proved that the low volatility premium is present in emerging markets and developed 

markets, excluding North America. Several other researchers have found comparable results 

from the global markets (see, e.g., Poullaouec 2008; Nielsen & Subramanian 2008; Ang & 

Bekaert 2006). In contrast, Pandey and Seghal (2017) have generated mixed results by stating 

that low volatility stocks have underperformed high volatility stocks in the Indian stock 
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exchange. However, the authors were able to confirm the relationship between the volatility 

premium and the quality stocks. 

 

2.1.7 ESG 

 

Portfolios constructed based on ESG aim to create excess returns by identifying companies with 

environmental, social, and governance (ESG) attributes. The portfolios can be formed by using 

positive screening, which includes choosing companies with good ESG criteria, or negative 

screening, in which companies are excluded based on specific ESG criteria. (Duuren, Plantiga 

& Scholtens 2016) In recent years, ESG investing, which has also been specified as socially 

responsible investing (SRI), has increased rapidly. ESG has not been officially identified as a 

factor, but after the evidence that it can decrease portfolio risks and increase returns, investors 

have started to utilize it as a one (Moreolo 2018). Furthermore, researchers have argued that the 

ESG should be treated as an independent factor premium alongside traditional factors since it 

has been proven to generate excess returns and increase financial value (see, e.g., Pollard, 

Sherwood & Klobus 2018; Giese, Ossen & Bacon 2016).  

 

Controversially, Breedt, Cliliberti, Gualsi and Seager (2019) have argued that by including ESG 

information into a market-neutral portfolio, there are no additional returns since all the benefits 

from the ESG tilt are already fully captured by the other well-known factors. The findings of 

Jones, Van der Laan, Frost and Loftus (2008) support this view since the socially responsible 

investment funds seem to have underperformed in the Australian stock markets, especially in 

the first five years from 2000 to 2005. Furthermore, according to Bannier, Bofinger and Rock 

(2019), the strategy of going short on low ESG score companies and going long on high ESG 

score companies has delivered substantial negative excess returns in Europe and the United 

States due to the decreased risk levels for firms with increased ESG ratings. (Bannier et al. 

2019) 

 

Further evidence on the factor’s performance includes the study of Schröder (2004), who has 

analyzed Swiss, German, and the U.S. SRI investment funds’ performance. According to the 

results, most of the funds have generated positive but insignificant Jensen alphas suggesting 

that the funds do not significantly underperform their relative benchmarks. Thus, the funds 

perform similarly to traditional assets. In contrast, Nagy, Kassam and Lee (2015) have argued 
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that portfolios constructed using ESG tilt and momentum have outperformed the traditional 

benchmark index. Filbeck, Filbeck and Zhao (2019) have created similar evidence by stating 

that companies with high ESG scores have yielded statistically significant positive alphas and 

outperformed the market index even though not on a risk-adjusted basis. Moreover, Kempf and 

Osthoff (2007) have evidenced that strategy going long on high ESG score companies has led 

to substantial up to 8% returns per year. Besides, socially responsible mutual funds have 

outperformed conventional mutual funds partly due to lower risks during periods of market 

distress, according to Nofsinger and Varma (2014). According to Williams (2007), a socially 

responsible investment strategy is more motivated by investors’ attitudes towards the social 

objectives of companies rather than by financial returns. Besides, investors that are more 

worried about social issues seem to utilize the SRI strategy in their portfolios (Williams 2007).  

 

2.1.8 Multi-factor 

 

The multi-factor style includes a combination of the factors found in academics, and it is not a 

traditional factor but instead, a strategy used in smart beta products. Jacobs and Levy (2015) 

have stated that the shortcoming of portfolios formed based on the individual smart beta styles 

is that they are not as diversified as believed. Even though the portfolios might include many 

different stocks, focusing on a single factor can result in unintended risks such as sector biases. 

For example, the momentum strategy would have emphasized technology firms before the dot-

com bubble in 1999. Additionally, those portfolios that focus on value factor usually expose 

themselves to firms with financial distress. (Jacobs & Levy 2015) 

 

The same kind of criticism has been applied to different market conditions. Since the factors 

used in smart beta portfolios are constructed by selecting and weighting stocks based on their 

past performance, their returns will not stay constant when market conditions change. (Jacobs 

& Levy 2015) Researchers have argued that the momentum factor, which usually performs 

well, underperforms significantly in a recession (see, e.g., Cheema & Nartea 2017; Stanhope 

2016). Furthermore, according to Jagerson (2021), dividend and growth factors usually perform 

well in bull markets, but their performance falls in bear markets even though for dividend style 

to a lesser extent since the dividend payout usually remains stable. Bell (2020) has also 

supported this finding by stating that the growth factor includes large technology stocks, which 

have delivered an incredible performance in the bull period after the financial crisis. However, 
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there remains mixed evidence on the matter, and for example, Smith (2020) has stated that the 

growth stocks perform better in economic downturns due to their healthier balance sheets. 

Besides, according to Arnott (2021), dividend stocks are better in a declining market, but the 

performance lags in bullish times.  

 

Since the value style is considered the opposite of growth, its performance has been deemed to 

be better in bearish markets (see, e.g., Lakonishok et al. 1994; Fama & French 1992; Pätäri et 

al. 2016). In the bull markets, its performance lags since investors choose more expensive 

stocks with better growth opportunities (see, e.g., Lakonishok et al. 1994; Fama & French 

1992). However, the findings regarding different market conditions remain mixed, and there is 

contrarian evidence that the value style performs relatively badly in bear markets (See, e.g., 

Jagerson 2021; Yamani & Swanson 2014; Ang 2014, 231; Bell 2020). According to Riley 

(2017), low volatility stocks have provided notable protection in market crashes, while the 

performance has lagged behind the following recovery periods. Furthermore, since quality 

stocks tend to exhibit low risks, they have performed relatively well during periods of market 

distress, supporting the evidence on the interrelationship between low volatility and quality 

stocks (see, e.g., Walkshäusl 2013). Santoli (2018) has supported this view by stating that 

investors can get through tougher times by choosing quality stocks that are fundamentally 

strong and have more defensive attributes. Additionally, companies with quality characteristics 

have succeeded relatively well in the recovery phases following the crisis (George 2002; Asness 

et al. 2013). The performance of the newest factor, ESG, has been better in the bear markets 

according to Nofsinger and Varma (2014) even though the evidence remains scarce.  

 

Based on the findings, it can be a risk to invest in a portfolio focusing on just a single factor 

throughout different market conditions because of the certainty of underperformance at some 

point. Furthermore, it has been suggested to combine several factors to decrease the probability 

of underperformance in different market cycles. This could be done, for example, by combining 

factors that have negatively correlated returns, such as momentum and value. Even though it 

would be preferable to combine different factors, it is not easily done. The weighting of 

portfolios can be problematic since the stocks included in different portfolios might overlap, 

which results in enhanced risks. There might even be a case that transaction costs increase 

because a portfolio focusing on specific factors sells a security while other portfolio focusing 

on different factors buys the same security. (Jacobs & Levy 2015) Even though there might be 



25 

 

difficulties in combining various factors, multiple factors have gained interest in factor 

investing and smart beta products. The strategy utilizing multi-factor premiums aims to reduce 

risks by boosting diversification and increase excess returns using multiple factors instead of 

one (Boyadzhiev, Bryan, Dutt, Johnson & McCullough 2018).  

 

2.2 Multi-factor models 
 

As stated earlier, studies have discovered several factor premiums that have created challenges 

in using the traditional CAPM, which has resulted in the creation of multi-factor models. The 

most well-known multi-factor models that consider fundamental attributes have been developed 

by Fama and French. (Anderson & Ahmed 2005) In 1992, Fama and French stated that value 

and small-cap stocks have performed significantly better than what could have been expected 

based on the CAPM, which led to the development of the 3-factor model. Later on, Fama and 

French (1995) discovered that firms with relatively low earnings typically have positive value 

(HML) slopes and high book-to-market ratios. In contrast, strong (growth) companies with 

increased revenues, low B/M, low CF/P, low E/P, and high sales growth have negative HML 

slopes, resulting in lower expected returns. (Fama & French 1995) 

 

In later years, researchers found evidence that income statements and balance sheet measures 

also affect stock returns, resulting in improved multi-factor models. Fama and French (2015) 

enhanced their 3-factor model in 2015 and published a 5-factor model, which expanded the 

former model by considering profitability and investment factors in addition to the market, size, 

and value factors. According to the authors, profitability and investment factors also affect the 

average stock returns, a part of which the three-factor model left unexplained. Hence, the 5-

factor model explained the returns better than the three-factor model. Interestingly, the authors 

also pointed out that the HML factor turns out to be irrelevant in explaining the average returns 

when the investment and profitability factors are included in the model. 

 

The main shortcoming of the model is that it is unable to explain the low average returns of 

small-cap stocks that have similar returns with firms with aggressive investment and low 

profitability (Fama & French 2015). The study of the 5-factor model has gained several other 

criticisms among financial academists. Blitz, Hanauer, Vidojevic and Vliet (2016) have 

argumented that the model still maintains the CAPM relation between return and market beta 
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even though there has been evidence that the relationship is flat or negative (see, e.g., Fama & 

French 1992; Black 1993, Haugen & Baker 1993). This relationship conflicts with the existence 

of low-volatility premiums, which have been broadly supported in the literature. Fama and 

French (2015) disputed that the low-volatility premium had been considered in the 5-factor 

model even though the evidence that lower beta results in higher returns has remained absent. 

Additionally, the new two factors added to the model have numerous robustness concerns, and 

their economic rationale has been questioned (see, e.g., Blitz et al. 2016). Many researchers 

also questioned why Fama and French did not include the well-known momentum factor into 

the model since its reasoning has been highly supported. Consequently, after a couple of years, 

Fama and French (2018) decided to add the momentum factor into the 5-factor model, resulting 

in the 6-factor model. 

 

One of the rival models is the Hou et al. (2015) q-factor model developed because the authors 

questioned the rationale behind the 5-factor model and its factors. Based on the q-factor model, 

market, size, investment, and profitability factors can be used to explain expected stock returns. 

The most significant difference between the q-factor model and the 5-factor model is how the 

investment and profitability factors are constructed. Hou et al. (2015) questioned the reasoning 

behind the profitability and investment factors and derived them from different ratios; the q-

factor model considers monthly return on equity while the 5-factor model utilizes annual 

operating profitability. Additionally, the investment factor has been motivated by the negative 

relationship between the internal rate of return and expected investment in the Fama-French 

model, whereas Hou et al. (2015) consider this correlation to be positive. Moreover, the factors 

in the q-factor model have been constructed by taking triple sorts on size, investment, and return 

on equity, while the Fama-French model considers double sorts on size, value, investment, and 

operating profitability.  

 

Since the value factor has been proven to be redundant, the authors decided to leave it out from 

the q-factor model. Furthermore, Hou et al. (2015) evidenced that the investment factor has a 

strong correlation (0.69) with the value factor, indicating that the factor would substitute the 

value factor in the factor regressions. This correlation comes from the fact that the market-to-

book ratio is closely connected to the marginal q, which equals the marginal investment costs 

that rise with investment. Therefore, stocks with low valuation ratios, i.e., value stocks, tend to 

invest less and earn higher anticipated returns than stocks with higher valuation ratios. There is 
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also a relation between profitability and investments since more profitable companies usually 

invest more than less profitable companies. (Hou et al. 2015)  

 

The q- factor model also states that the short-term prior returns, earnings surprises, and financial 

distress are associated with profitability. Shocks to earnings have a positive relationship with 

shocks to returns which means that companies facing positive earnings shocks experience a rise 

in stock prices and vice versa. Thus, stocks with low past returns, i.e., momentum losers, should 

be less profitable and earn lower expected returns than momentum winners. Consequently, 

based on the findings that the ROE has a significant relationship with the momentum factor, 

the authors argued that the momentum factor is unnecessary in the q-factor model since the 

ROE could be used similarly to the momentum in the regressions. (Zhang 2019; Hou et al. 

2015) In 2020, Hou, Mo, Xue and Zhang modified the q-factor model by adding the excepted 

investment growth factor because the investment theory states that companies with higher 

expected investment growth can earn higher expected returns than companies with lower 

expected investment growth. According to the authors, the augmented q-factor model has strong 

explanatory power over the cross-sections, and it is capable of outperforming the Fama-French 

6-factor model. Hence, the model is better than the original q-factor model when the additional 

factor has been added. (Hou et al. 2020) 

 

2.3 Earlier studies on the performance of smart beta strategies 
 

Glushkov (2015) has made one of the most comprehensive studies about the performance of 

the U.S. smart beta ETFs over the period from 2003 to 2014. By incorporating a sample of 164 

ETFs that were further categorized into 15 groups based on common factors, Glushkov (2015) 

examined whether the ETFs are capable of outperforming their benchmarks. The results 

indicate that about 60% of the smart beta style categories could outperform their raw 

benchmarks on a total return basis, while there was no significant evidence that the funds would 

beat their risk-adjusted benchmarks. The risk-adjusted performance analysis revealed that only 

value and volatility portfolios were capable of outperforming their benchmarks. Interestingly, 

dividend portfolio substantially underperformed by having a significantly lower Sharpe ratio 

than its corresponding benchmark. Smart beta portfolios were also unable to outperform the 

risk-adjusted blended benchmark, which was constructed by combining cap-weighted funds 

that provide exposure to value, size, and market factors. (Glushkov 2015) 
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Glushkov (2015) also examined how these smart beta categories have performed during 

different market cycles. According to the results, the volatility and dividend categories 

outperformed their raw benchmarks during bad times, but they could not beat their risk-adjusted 

benchmarks. The momentum style significantly underperformed in bear markets, while there 

was no evidence of its outperformance on a raw or risk-adjusted basis during 2003-2014. In 

bull markets, volatility and dividend categories significantly underperformed while multi-

factor, equal weight, and revenue weighted ETFs created higher excess returns than their 

passive benchmarks but performed in line with the risk-adjusted benchmarks. When testing the 

factor exposures of the ETFs, most styles except for dividend were tilted positively towards the 

size factor, indicating that the ETFs hold small-cap stocks. Similarly, most style ETFs showed 

a negative tilt towards the value factor. (Glushkov 2015) In addition to Glushkov (2015), 

Mateus, Mateus, and Soggiu (2020) have studied the risk-adjusted performance and persistence 

of U.S. smart beta ETFs using a blend, growth, and value factors. Using the Carhart 4-factor 

model, the authors discovered that around 40% of the studied smart beta ETFs performed better 

than their relative traditional ETFs during 2000-2017. The most successful were growth and 

small-cap ETFs, while value and large-cap ETFs underperformed their counterparts. 

Furthermore, the performance persistence analysis revealed that winners’ and losers’ 

performance persisted the following year. (Mateus et al. 2020) 

 

In addition to traditional market cap-weighted benchmarks, Rabener (2019c) has argued that 

long-only factor mimicking portfolios could be utilized as benchmarks for smart beta ETFs. He 

constructed the factor portfolios by including the most favorable stocks based on certain factors, 

including momentum, value, quality, growth, and low volatility. The results indicated that the 

growth style has performed worse than the markets during 2000-2007. The theoretical portfolio 

has outperformed in most recent years, while the smart beta ETF index has remained lagging. 

Since the value factor represents the inverse of growth, it has outperformed the markets from 

2000 to 2007, and when compared to the theoretical portfolio, the author found large 

discrepancies in the performance. The results indicated that the low volatility smart beta ETF 

index and the theoretical portfolio have performed worse than markets except in periods of 

market distress. Furthermore, the smart beta ETF index has had quite similar performance as 

the theoretical portfolio. When considering the momentum factor, the author states that the 

smart beta ETF index and theoretical benchmark have closely tracked the market’s 

performance. Finally, the results for the quality factor proved that the smart beta ETF index has 
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closely followed the theoretical portfolio from 2009 to 2017 but yet having underperformed 

since 2017. Moreover, the smart beta ETF index has underperformed the markets since 2009. 

(Rabener 2019c)  

 

Research focusing on individual smart beta style has also been published to some extent. For 

example, Kanuri, Malhotra and McLeod (2017) analyzed dividend ETFs’ performance 

compared to the U.S. markets. According to the results, the dividend ETFs have performed 

slightly better than the U.S. market proxy S&P 500 ETF when examining the full period from 

2004 to 2014. During the bull market period from 2009 to 2014, the ETFs have outperformed 

the market ETF, whereas in the bear market period of 2007 to 2009, they have performed worse. 

(Kanuri et al. 2017) De Jong and Rhee (2008) analyzed the performance of momentum ETF 

portfolios providing evidence that these portfolios have succeeded in generating abnormal and 

statistically significant results for several holding and formation periods. The annualized returns 

were documented to be as high as 13,5% when utilizing the 20-week formation and holding 

periods. (De Jong & Rhee 2008) Rabener (2019b) assessed the performance of the equally 

weighted multi-factor ETF index and evidenced that it has faced similar performance as the 

U.S. markets from 2013 to 2016, but after that, it has significantly underperformed. Moreover, 

Sabbaghi (2011) compared the performance of an equally weighted portfolio of green index 

funds to the S&P 500 equity index and found that the green portfolio has performed better than 

the S&P 500 before the financial crisis. However, the portfolio exhibited high volatility and 

underperformance in the following years (Sabbaghi 2011).  

 

Bender et al. (2013) have examined the smart beta field by analyzing different factor indices’ 

performance from 1988 to 2013. The authors collected data from seven different indices that 

give access to small size, low volatility, value, quality, high yield, quality, momentum factors, 

and from one parent index. The results indicated that the momentum and quality indices have 

yielded the highest historical returns while equal-weighted, minimum volatile, and value factor 

indices generated the lowest returns. Thus, all of the indices have performed better than indices 

that used market capitalization weighting. Similar results were conducted by Martellini and 

Milhau (2018), who examined the performance of different smart beta indices from 1970 to 

2018. According to their results, the indices utilizing value, momentum, low volatility, high 

profitability, and low investment factors have outperformed their related cap-weighted 

counterparts in terms of the Sharpe ratio. 
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In addition to the performance evaluation of smart beta ETFs and indices, some research has 

been done focusing solely on their factor exposures. Blitz (2017) has examined whether ETFs 

that invest in U.S. equities have been able to harvest factor premiums from 2011 to 2015. Multi-

factor models including market, size, momentum, value, and low volatility factors indicated 

that in total smart beta ETFs have positive tilts towards all of these factors. The smart beta ETFs 

were tilted most significantly towards the size factor, while exposure towards low-volatility and 

value factors were substantially smaller. Furthermore, the only factor providing statistically 

insignificant exposure was the momentum factor. (Blizt 2017) Likewise, Amenc, Goltz and 

Martellini (2013) have approached the topic by examining smart beta indices’ factor exposures 

during 2002-2012. According to the results, the chosen indices have had factor exposures 

towards all the Carhart 4-factor model factors. All indices except low volatility had positive 

exposure to the size factor, while they all exhibited negative exposures to the momentum factor. 

Furthermore, the authors state that the smart beta indices can outperform relative cap-weighted 

indices in the long run, but the indices can perform worse than markets for specific short 

periods. Table 1 in Appendix 1 summarizes studies made about smart beta ETFs and their main 

findings. As can be noticed, there is scarce literature about the topic, and most of the former 

research has focused on the U.S. stock markets.  

 

2.4 Hypothesis construction 
 

The hypotheses regarding the expected performance of different styles in different market 

conditions are constructed individually for every smart beta style using the findings presented 

in the earlier chapters. However, since the earlier studies have mainly used bear and bull market 

periods instead of months, the findings are not directly comparable, and hence the formed 

hypotheses are just indicative. This study is mainly motivated by Glushkov’s (2015) research 

since it is the most comprehensive work focusing on smart beta ETFs made so far. Therefore, 

the main zero hypothesis is that the smart beta portfolios have not outperformed their 

benchmarks on a risk-adjusted basis, as also assumed by Glushkov (2015). Furthermore, since 

the benchmark construction is more like Rabener (2019c), the hypotheses for several individual 

smart beta styles are constructed using the author’s findings. Next, the main findings that are 

used to form the hypotheses shown in Table 2 are summarized. 
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Table 2. Hypotheses for the smart beta style portfolios. 

 

 

According to the literature, the performance of the value style is usually rather good in market 

distress even though there is opposite evidence, especially from the financial crisis of 2008 

(See, e.g., Ang 2014, 231; Yamani & Swanson 2014). Rabener (2019c) has stated that the value 

smart beta ETF index has outperformed markets from 2000 to 2007 while there have been wide 

disparities in the performance between theoretical value portfolio and smart beta ETF index. 

Glushkov (2015) has found similar results stating that the value ETFs have outperformed their 

benchmarks on a risk-adjusted basis. Controversially, Mateus et al. (2020) have shown that the 

value ETFs have underperformed their traditional counterparts between 2000 and 2017.  

 

As pointed out in the literature review, there seems to be a strong relationship between dividend 

yield and returns. The performance of the factor has been usually rather good in bullish markets, 

while in bearish markets, the performance is quite stable and sinks to a less extent compared to 

the growth factor (Jagerson 2021). The results remain mixed since Glushkov (2015) has stated 

that the dividend ETF portfolio has significantly underperformed in terms of total returns its 

risk-adjusted benchmarks from 2003 to 2014. However, the portfolio has outperformed its raw 

benchmark in bear markets and underperformed in bull markets (Glushkov 2015). Furthermore, 

Arnott (2021) has stated that dividend stocks’ performance lags in bullish times while these 

stocks perform better in declining markets. On the other hand, Kanuri et al. (2017) have argued 

that dividend ETFs have performed slightly better than markets from 2001 to 2014. However, 

they have underperformed against the markets in bear markets and outperformed in bull markets 

(Kanuri et al. 2017).  
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Based on earlier research, there is no clear consensus on the profitability of the growth factor. 

Some researchers have stated that the factor has outperformed the value factor in the most recent 

years (see, e.g., Bell 2020; Vanguard 2020; Royal 2020) due to the significant tilt towards tech 

stocks, while many other researchers have argued against it. Jagerson (2021) has stated that the 

factor usually performs well in bull markets while the performance sinks in bear markets due 

to the overstated stock prices and since the stocks do not pay dividends. However, according to 

Smith (2020), growth stocks perform better in economic downturns due to healthier balance 

sheets. Mateus et al. (2020) have stated that growth ETFs have outperformed their relative 

traditional ETFs from 2000 to 2017, while Glushkov (2015) has not found any significant 

evidence of the outperformance in either bull or bear markets. According to Rabener (2019c), 

growth ETF index has underperformed the markets from 2000 to 2007, while the performance 

has been quite similar with theoretical growth portfolio indicating that the fund managers have 

been able to construct the ETF index similarly to the academic growth factor.  

 

There is strong academic evidence supporting the momentum premium (see, e.g., Jegadeesh & 

Titman 1993; Grinblatt et al. 1995; Fama & French 2012; Swinkels 2002). Researchers have 

argued that momentum faces periods of underperformance, especially in the bear market 

periods (see, e.g., Stanhope 2016; Cheema & Nartea 2017). This finding is further supported 

by Glushkov (2015), who stated that the smart beta momentum ETFs have significantly 

underperformed in bear markets while there is no evidence of their outperformance on either 

raw or risk-adjusted basis from 2003 to 2014. On the other hand, De Jong and Ree (2008) have 

evidenced that the style has outperformed from 1996 to 2005. Similarly, Bender et al. (2013) 

have argued that momentum indices have yielded the highest historical returns and beaten the 

relative market cap-weighted indices. Rabener’s (2019c) findings show that the momentum 

smart beta ETF index has performed similarly to the markets and theoretical momentum 

portfolio since 2003.  

 

Based on findings regarding the quality factor, the style usually performs well in bear markets 

due to its lower beta and strong fundamentals (See, e.g., Asness et al. 2013; Santoli 2018), but 

there is also evidence on its outperformance in bull markets as well (see, e.g., Asness et al. 

2013; George 2002). According to Bender et al. (2013) quality smart beta indices have 

outperformed their market cap-weighted counterparts and yielded high historical returns from 

1988 to 2013. Glushkov (2015) stated that the quality ETFs perform well on a total return basis 
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in times of market distress while underperform in stable market situations. Rabener (2019c) 

confirmed that the performance between the smart beta quality ETF index and the theoretical 

long-only quality portfolio has been similar from 2009 to 2017, but after that, the smart beta 

ETF index has underperformed. Moreover, the author states that the quality style has performed 

worse than the markets from 2000 to 2017.  

 

The majority of earlier research support the evidence provided on the low volatility premium. 

The style has usually performed well in bear markets and underperformed in the subsequent 

recovery phase (Riley 2017). Rabener (2019c) has supported this view by stating that low 

volatility smart beta ETF index has underperformed against the markets except in times of 

market drawdowns. Moreover, according to the author, the smart beta ETF index has performed 

quite similarly to the theoretical low volatility portfolio. Controversially, Glushkov (2015) has 

stated that low volatility ETFs beat their benchmarks on a total return basis during bull markets. 

Bender et al. (2013) have argued that low volatility indices have had low returns from 1988 to 

2013, but they still have outperformed their market cap-weighted counterparts, which matches 

with the result of Martellini and Milhau (2018).  

 

Earlier research focusing on the ESG factor has created mixed evidence on the premium, and 

the studies focusing on solely green ETFs and different market conditions remain limited. 

Nofsinger and Varma (2014) have confirmed that socially responsible mutual funds have 

outperformed conventional mutual funds during periods of market distress, mainly due to their 

lower risks. However, Sabbaghi (2011) has stated that green index funds have performed better 

than the S&P 500 index before the financial crisis, but after that, they have underperformed.  

 

The multi-factor style has generated a significant interest after the evidence on different smart 

beta factors’ cyclicality. According to Jacob and Levy (2015), multiple different factors should 

be included in the portfolio to avoid periods of underperformance. Glushkov (2015) argued that 

the multi-factor ETFs have yielded higher excess returns in bull markets than their passive 

benchmarks while performing in line with their risk-adjusted benchmarks. Rabener (2019b) 

stated that multi-factor ETF index has performed similarly to markets from 2013 to 2016 but 

faced underperformance after that.  
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3. DATA AND METHODOLOGY 
 

3.1 Data collection 
 

The data collection process was initiated using Thomson Reuters Eikon’s fund screener, in 

which several constraints were applied. Those ETFs with a geographical focus and that are 

being exchanged in the U.S. were selected. This limitation was initially made because the 

United States has a long history of smart beta ETFs and there are significantly more smart beta 

ETFs than in any other country. In addition to the geographical focus, the data was restricted to 

equity smart beta ETFs. Therefore, leveraged, bond, commodity, and currency ETFs, as well 

as exchange-traded notes (ETN), were excluded from the sample. When all the necessary 

restrictions were applied, the list of 521 smart beta ETFs was imported from the Thomson 

Reuters Eikon.  

 

All the ETFs that had less than 36 months of observations were excluded from the sample in 

order to get as robust dataset as possible, and therefore, only the ETFs that have an inception 

date before the 31st of December 2016 were selected for the research. Furthermore, according 

to Glushkov (2015), the first smart beta ETF developed is Invesco S&P 500 Equal Weight ETF, 

created in 2003. Therefore, all the other so-called smart beta ETFs created before 2003 are not 

considered smart beta and are excluded from the sample. The reason is that these ETFs are 

passive-style funds, and their expense ratios are significantly smaller than the active smart beta 

ETFs which indicates that they should not be treated as smart beta (Glushkov 2015). 

Additionally, other passive funds categorized as smart beta using market capitalization to 

weight the stocks are excluded; however, the ETFs that track indices that first screen stocks for 

specific factor attribute such as dividends and then weight by market capitalization are included 

in the sample because they use more active stock selection approach.  

 

After getting the list of the smart beta ETFs, the funds were then categorized into style 

categories using the ETFb websites and Thomson Reuters Eikon. All ETFs that use sectors 

instead of pure factors such as banking, health, energy, gas, insurance, or utilities were excluded 

from the sample. Then, the data of liquidated ETFs was collected to minimize the survivorship 

bias, which means that only active ETFs are being selected. There were 33 equity smart beta 

ETFs with non-active status, in which thirteen were chosen based on their smart beta category. 
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However, after analyzing the funds’ inception dates, only two ETFs had more than 36 months 

of observations. Therefore, one liquidated multi-factor and one value style ETF were taken into 

the final analysis. Eventually, a total of 180 ETFs and eight style categories were chosen to be 

used in this study based on strong academic background. 

 

Table 1 in Appendix 2 illustrates the evolution of different smart beta style ETFs from 2003 to 

2016. It can be noticed that the multi-factor category has the greatest number of funds while 

there are only six quality ETFs listed during the sample period. Interestingly, the number of 

ETFs formed based on momentum is rather low even though there is plenty of academic 

evidence on the superiority of the premium, and in fact, there are almost as many ESG ETFs 

launched, which highlights the increased popularity of the style. Dividend seems to be the most 

popular single factor style while value style is closely behind. Regardless of the scarce evidence 

on the growth factor, there is no significant difference in the amount between growth and value 

ETFs. The low volatility style does not have many ETFs on the markets, and there is only one 

ETF listed in 2006, and the next ones were launched as late as 2011. Furthermore, according to 

academics (see, e.g., Edwards, Lazzara & Preston 2018; Kerzerho 2020), the first low volatility 

ETF would have been launched in 2011, but similarly to Glushkov (2015), the Invesco 

defensive equity ETF launched in 2006 is considered to be low volatility ETF in this thesis. The 

ETF follows an Invesco defensive equity index which selects companies with superior return-

risk profiles during bear market cycles (Invesco 2021). 

 

The chosen sample period ranges from the start of 2006 to the end of 2019, and it is further 

divided into two sub-periods, bear and bull months, using the method by Fuller and Goldstein 

(2004). This method divides the dataset to bear months based on the negative excess returns of 

markets and bull months, defined as the months with positive excess market returns. The bear 

sample includes 54 months of observations and the bull sample 114 months. However, since 

the low volatility portfolio does not have return data for the full period, it has 52 months of bear 

returns and 104 months of bull returns. The reason for using the Fuller and Goldstein (2004) 

method instead of choosing a sample of continuous data is the shortness of the aggregate bearish 

period within the full sample period. Hence, by choosing the individual bear months, the length 

of the bearish sample is more than tripled. After the smart beta ETFs were chosen, the adjusted 

monthly closing prices for the selected period of the 14-year sample were collected from 

Thomson Reuters Eikon. The main reason for using the adjusted prices is that they account for 
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dividends and possible corporate action. The performance analysis is done by using simple 

returns defined as; 

 

            𝑟𝑡 =
𝑝𝑡−𝑝𝑡−1

𝑝𝑡−1
                (2) 

 

Where 𝑝𝑡 is price in time t, and 𝑝𝑡−1 price in time t-1. Furthermore, since the study’s objective 

is to compare the smart beta ETF’s performances, equally weighted portfolios of each style are 

constructed and balanced monthly. This way, the interpretation of the results is more 

straightforward and informative. The equally weighted portfolios are constructed by; 

 

           𝑅𝑡 = ∑
1

𝑛
∗ 𝑅𝑖𝑡                                      (3) 

 

Where n is the number of funds in a certain period and 𝑅𝑖𝑡 is the excess returns of the ETFs in 

time t.  

 

3.2 Methodology  
 

Multi-factor models have been widely used among researchers to study mutual fund 

performance, and in recent years, they have also been applied to study the performance of smart 

beta ETFs. Therefore, quantitative models, including Fama-French 6-factor model and Hou et 

al. (2020) augmented q-factor model, will be used to analyze ETF performance in this study. 

The augmented q-factor model has not been implemented as much as the Fama-French multi-

factor models to examine fund performance, and in fact, there is no evidence on how well it can 

explain the returns of smart beta ETFs. Both of these multi-factor models will be introduced in 

more detail in the following sub-sections.  

 

In addition to the multi-factor models, other risk-adjusted measures have been widely utilized 

to evaluate returns while considering the risk levels. The main techniques found in the 

academics are the Treynor ratio, Sharpe ratio, Jensen’s alpha, and Modigliani and Modigliani. 

(Samarakoon & Hasan 2005) The most commonly used measure of risk-adjusted performance, 

the Sharpe ratio, will be employed in the study. Furthermore, because of the shortcomings of 

the traditional Sharpe ratio, the skewness- and kurtosis-adjusted Sharpe ratio (SKASR) 
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introduced by Pätäri (2011) will be employed. RStudio, Matlab as well as Excel are used to 

perform the quantitative tests.  

 

3.2.1 Fama-French 6-factor model 

 

In the 6-factor model of Fama and French (2018), the excess returns of a portfolio can be 

explained with the market, size, value, profitability, investment, and momentum factors with 

the following equation;  

 

                         𝑅𝑥 − 𝑅𝑓 =  𝛼𝑥 + 𝛽𝑥(𝑅𝑚 − 𝑅𝑓) + 𝑠𝑥(𝑆𝑀𝐵) + ℎ𝑥(𝐻𝑀𝐿) + 𝑟𝑥(𝑅𝑀𝑊)                          (4)   

                                               +𝑐𝑥(𝐶𝑀𝐴)+ 𝑚𝑥(𝑈𝑀𝐷)𝑢𝑡 

 

Where (𝑅𝑚 − 𝑅𝑓) is the market risk premium, which is the excess return on the market 

portfolio, SMB (small minus big) indicates the difference between the returns of small-cap 

stocks and large-cap stocks, HML (high minus low) is the difference between returns of high 

and low book-to-market stocks, RMW (robust minus weak) is the return difference between 

robust- and weak -profitability stocks, CMA (conservative minus aggressive) denotes the return 

difference between conservative and aggressive investment stocks and UMD (up minus down) 

is the return difference between past winner and past loser stocks. (Fama & French 2018) The 

values for the factors are collected from French’s data library.  

 

3.2.2 Hou et al. augmented q-factor model 

 

Hou et al. (2015) developed a q-factor model which is based on the neoclassical q-theory of 

investment. The model states that the expected returns over the risk-free rate can be explained 

with four different factors, which are the expected premiums: market, size, investment, and 

profitability. In 2020, Hou et al. (2020) added expected investment growth factor into the model 

creating the augmented q-factor model in which the excess returns are assessed by; 

 

                 𝑅 𝑥 − 𝑅𝑓 =  𝛼𝑥 + 𝛽
𝑥
(𝑅𝑚 − 𝑅𝑓) + 𝑠𝑥(𝑅𝑀𝐸) + ℎ𝑥(𝑅 𝐼

𝐴

) + 𝑚𝑥(𝑅𝑅𝑂𝐸) + 𝑘𝑥(𝑅𝐸𝑔)         (5)   

              

Where the market risk (𝑅𝑚 − 𝑅𝑓), is the excess return on the market portfolio, 𝑅𝑀𝐸  represents 

the difference between the returns of small- and large-cap stocks, 𝑅𝐼/𝐴 refers to the difference 
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between returns of low- and high- investment stocks, 𝑅𝑅𝑂𝐸  is the return difference between 

high- and low- ROE stocks, and 𝑅𝐸𝑔 is the return difference between high- and low- expected 

investment growth stocks. (Hou et al. 2015; Hou et al. 2020) Similarly, as in the 6-factor model, 

the alpha measures the portfolio’s abnormal performance, and the coefficients are the factor 

sensitivities. 

 

3.2.3 The Sharpe Ratio 

 

Sharpe (1964) has developed the most popular risk-adjusted measure called the Sharpe ratio, 

which can be used to examine investment fund and portfolio performance. The ratio gives 

investors insight into how well risks match up with the returns of investment, and it can also be 

used to rank different mutual funds. (Schmid & Schmidt 2010) The ratio is specified by: 

 

                   𝑆𝑅 =
(𝑅𝑝−𝑅𝑓)

𝜎
(

𝐸𝑅
|𝐸𝑅|)

)
                    (6) 

 

Where 𝑅𝑝 denotes the return of the portfolio, 𝑅𝑓 is the monthly risk-free rate, 𝜎 is standard 

deviation of the excess returns and ER is the excess returns of the portfolio (Eling & 

Schuhmacher 2007). The ratio’s main logic is that when investors compare different funds with 

the same benchmark, the one with the greater Sharpe ratio produces higher returns while 

bearing an equal extent of risk (Schmid and Schmidt 2010). The Sharpe ratio has faced some 

criticism, such as using the ratio to compare funds that do not have a normal distribution (Kao 

2002). Asymmetric return distributions and fat tails are neither taken into account in the ratio, 

leading to the danger of overestimating performance while underestimating standard risks (Kat 

2003). Furthermore, one of the shortcomings is the definition of risk. In traditional financial 

theories, the risk is usually measured by volatility, which somewhat originates from the basic 

theory of normal distribution for returns. The distribution is exclusively described by variance 

and mean. However, investors are more worried about extreme adverse events rather than small 

deviations around the mean resulting in the fact that variations are non-normally distributed. 

Thus, volatility cannot seize these extreme negative outcomes, and consequently, the Sharpe 

ratio will be tantamount whatever the kurtosis and skewness of the distribution are. Therefore, 

instead of seizing the unpleasant events, volatility can provide a negative skewness of the 



39 

 

distribution. (Lemperiere, Deremble, Nguyen, Seager, Potters & Bouchaud 2016; Maillard 

2018) 

 

3.2.4 Skewness- and kurtosis-adjusted Sharpe Ratio (SKASR) 

 

The traditional Sharpe Ratio has kept its position as one of the primary and most commonly 

used measure of performance even though it has some shortcomings. After the evidence of 

oversimplified notation of risk leading to problems when examining the performance of a 

portfolio that lacks normal distribution, many new alternative concepts of risks have been 

employed in financial literature. One of these new models using different risk measure is the 

skewness- and kurtosis-adjusted Sharpe ratio (SKASR) introduced by Pätäri (2011), which is a 

modified version of the Sharpe ratio. In the SKASR, the return distribution’s third and fourth 

moments have been captured by the risk factors, and consequently, the skewness and kurtosis 

of the distribution have been accounted for. When calculating the SKASR, the first determinant 

is the adjusted Z-value (𝑍𝐶𝐹) which relates to the normal distribution’s Z-value. (Pätäri 2011) 

To calculate the Z-value, fourth-order Cornish-Fisher (1937) expansion have been employed 

by the following equation: 

 

            𝑍𝐶𝐹 = 𝑍𝑐 + 1/6(𝑍𝑐
2 − 1)𝑆 + 1/24(𝑍𝑐

3 − 3𝑍𝐶)𝐾 − 1/36 (2𝑍𝑐
3 − 5𝑍𝐶)𝑆2                 (7) 

 

Where 𝑍𝑐 corresponds to the critical value for probability derived from a normal distribution, 

K indicates kurtosis and S skewness of the distribution of returns (Pätäri 2011). 

Correspondingly, the skewness and kurtosis values are calculated by:  

 

                                                            𝑆 =
1

𝑁
∑  (

𝑟𝑖𝑡−𝑟𝑖

𝜎
 )𝑁

𝑖=1

3

                                                                   (8) 

        𝐾 =
1

𝑁
∑  (

𝑟𝑖𝑡−𝑟𝑖

𝜎
 )𝑁

𝑖=1

4

− 3                   (9) 

 

Where 𝑟𝑖 is the mean return, and N is the number of outcomes. The skewness- and kurtosis-

adjusted deviation (SKAD) is formatted by multiplying the ratio 𝑍𝐶𝐹/𝑍𝑐 by standard deviation. 

Finally, the Sharpe ratio is being modified by substituting the standard deviation with the 

SKAD, which leads to the formation of the SKASR. (Pätäri 2011) The SKASR, which is able 
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to overcome the problems originating from negative excess returns, and which is analogous to 

Israelsen’s (2005) refinement process, is defined as;  

 

                                   𝑆𝐾𝐴𝑆𝑅 =  
𝑟𝑝− 𝑟𝑓

𝑆𝐾𝐴𝐷𝑝

(
𝐸𝑅

|𝐸𝑅|)

                                                           (10) 

 

Where 𝑟𝑝 denotes the return of the portfolio, 𝑟𝑓 is the risk-free rate, SKAD corresponds to 

portfolio’s skewness- and kurtosis-adjusted deviation of monthly excess returns and ER is the 

mean excess returns of the portfolio. All of the distributional return asymmetries that skewness 

and kurtosis can uncover are being taken into consideration by the SKASR. SKAD is 

comparable with standard deviation, and if the latter is lower than the former, investors face 

unfavorable distributional deviations from the normality. This modified version of the Sharpe 

ratio can be used, especially if investors want to make sure that there is no bias when comparing 

the performances of portfolios with different return distributions. (Pätäri 2011)  

 

3.3 Hypothesis of the linear regression models 
 

Since this study aims to examine whether the smart beta ETFs have been able to beat the 

markets by using multi-factor models in the form of linear regressions, the significance of alpha 

is of great interest. Therefore, the tested hypothesis will be:  

 

                                 𝐻0: 𝛼𝑗 = 0                                                                    (11) 

                                  𝐻1: 𝛼𝑗 ≠ 0                                                                   (12) 

 

The null hypothesis is the one that is being tested, and in this case, alpha is assumed to be zero, 

while the alternative hypothesis corresponds to the remaining outcomes. If the alpha is close to 

zero and statistically insignificant, the factor exposures can seize all the changes in expected 

returns, which indicates that the fund manager has been able to track the chosen benchmark 

perfectly without adding or losing additional value. If the alpha gets significant positive or 

negative value, it indicates that there are returns of a specific portfolio that the asset pricing 

model cannot completely capture. (Fama & French 1995; Fama & French 2015; Meziani 2016, 

149) 
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3.4 Welch’s t-test 
 

Welch’s (1947) t-test is used to statistically test whether there are significant differences 

between the means of two samples. The traditional student’s t-test assumes that the variances 

are homoscedastic, and the data is normally distributed. Furthermore, if the sample sizes differ 

and the variances are not equal, the student’s t-test can lead to invalid results. Hence, since the 

Welch’s t-test does not include these assumptions, it is more accurate when using financial data. 

(Delacre, Lakens & Leys 2017) Welch’s test is computed by first calculating the variance t-test 

with Equation 13. 

 

                                                                 𝑡 =
𝑋1−𝑋2

√
𝑆1

2

𝑛1
+

𝑆2
2

𝑛2

                                                               (13) 

 

Where the mean difference between the two samples 𝑋1 and 𝑋2 is divided by an unpooled error 

term which includes the variance estimates, 𝑆1
2 and 𝑆2

2 , and the sample sizes 𝑛1 and 𝑛2 for each 

group. After the t-test, the degrees of freedom v are calculated according to Equation 14. 

(Delacre et al. 2017) 

              𝑣 =  
 (

𝑆1
2

𝑛1
+

𝑆2
2

𝑛2
)

2

(
𝑆1

2

𝑛1
)

𝑛1−1

2

+
(

𝑆2
2

𝑛2
)

𝑛2−1

2                                            (14) 

 

Where the variables are the same as in the t-stat equation. The overall null hypothesis of the 

Welch’s t-test is that there is no difference between the means of the two samples (Leivo & 

Pätäri 2009). 

 

3.5 Factor portfolio and benchmark construction 
 

The data for the factors used in the regressions are imported from the French’s data library and 

the Hou-Xue-Zhang q-factor data library. The 𝑅𝑚 − 𝑅𝑓 which is the excess returns on the market 

used in both models, is conducted by value-weighting the returns of U.S. CRSP firms listed on 

NYSE, AMEX, or NASDAQ (French 2021; Hou, Xue & Zhang 2021). In addition to the market 

factor, the Fama-French 6-factor model utilizes six value-weighted portfolios formed on size 

and book-to-market, six portfolios constructed on size and operating profitability, six portfolios 
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constructed on size and investment and six portfolios formed on size and prior past returns. 

Fama and French have constructed the size factor SMB in Equation 18 by using Equations 15, 

16, and 17. In Equation 15 the portfolio is formed by taking intersections of three portfolios of 

book equity to market equity ratio (BE/ME) and two portfolios of size. The size portfolios are 

constructed by dividing firms into small and big and the splitting is made by using NYSE 

median market equity as a breakpoint. The book-to-market portfolios are produced by dividing 

firms into three groups based on their book equity divided by market equity using 30th and 70th 

BE/ME percentiles as breakpoints. (French 2021) 

 

The portfolio in Equation 16 is formed by taking intersections of three profitability portfolios 

formed by subtracting interest expenses, cost of sold goods, and administrative costs from 

annual revenues divided by values of last year’s book equity and two portfolios formed on size. 

The breakpoint for size portfolios is again the median market equity, and the breakpoints for 

operating profitability portfolios are the 30th and 70th percentiles of operating profitability. The 

portfolio in Equation 17 is formed by taking intersections of three investment portfolios and 

two size portfolios. Size portfolios are constructed similarly as previously, and the investment 

portfolios are formed by taking the change in total assets from time t-2 to t-1 and dividing it by 

total assets of t-2 using 30th and 70th percentile breakpoints. The final proxy for the size factor 

is calculated by subtracting nine large stock portfolios’ mean returns from the mean returns of 

nine small stock portfolios displayed in Equation 18. (French 2021) 

 

                      SMB(
𝐵

𝑀
)=1/3(Small Value + Small Neutral + Small Growth)                                 (15) 

−  1/3(Big Value + Big Neutral + Big Growth) 

 

                            SMB (OP)=1/3(Small Robust + Small Neutral + Small Weak)                 (16) 
 −  1/3(Big Robust + Big Neutral + Big Weak) 

 

                  SMB (INV)=1/3(Small Conservative + Small Neutral + Small Aggressive)                 (17) 

     − 1/3 (Big Conservative + Big Neutral + Big Aggressive) 

 

                                SMB = 1/3(SMB ( 
B

M
 ) +SMB(Op)+SMB(INV))                (18) 
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The value factor, HML, in the 6-factor model is formulated using four value-weighted 

portfolios. These portfolios are constructed by subtracting the average return of the two growth 

portfolios with low BE/ME ratios from the average return of the two value portfolios with high 

BE/ME ratios. (French 2021) The proxy of the value factor is: 

 

                    HML=1/2(Small Value + Big Value) − 1/2(Small Growth + Big Growth)               (19) 

 

The operating profitability factor, RMW, is formulated by subtracting two weak profitability 

portfolios’ mean returns from the mean returns of two robust profitability portfolios as in 

Equation 20 (French 2021). 

 

               RMW = 1/2 (Small Robust + Big Robust) − 1/2(Small Weak + Big Weak)              (20) 

 

The investment factor, CMA, is conducted by deducting the mean returns of two aggressive 

investment portfolios from the mean returns of two conservative investment portfolios (French 

2021). The proxy for the investment CMA factor takes the formula shown in Equation 21; 

  

    CMA = 1/2(Small Conservative + Big Conservative)                                            (21)  

− 1/2(Small Aggressive + Big Aggressive) 

 

Lastly, the momentum factor, UMD, is formed using six value weighted portfolios based on 

size and past returns. At first, all the U.S. firms are divided into two portfolios based on their 

size by using NYSE median market equity as the breakpoint. Subsequently, the other three 

portfolios are constructed based on past 2- to 12-month returns using 30th and 70th percentiles 

as breakpoints. The final six portfolios are then formed by taking the two size and three past 

return portfolios’ intersections. (French 2021) The proxy for the momentum factor is conducted 

by subtracting the average returns of two low past return portfolios from the returns of two high 

past return portfolio as presented in Equation 22. 

 

UMD=1/2 (Small High + Big High) − 1/2(Small Low + Big Low)             (22) 

 

The q-factor model considers eighteen portfolios which have been formed taking the 

intersections of two size, three I/A and three ROE groups. The following equations show the 
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formal construction of the factors which have been formed in a way that  R𝑖𝑗𝑘 stands for i =1, 

2 and j, k = 1, 2, 3, which denote the eighteen benchmark portfolios that take the intersections 

from the triple shorts, in which i is the index for the two size groups, j is the index for the three 

I/A groups and k is the index for the three ROE groups. (Hou, Mo, Xue & Zhang 2019) The 

size factor (ME) in the q-factor model has been constructed parallel to the SMB of Fama and 

French since it is also built on market equity. The stocks have been split into small and big 

groups using the median NYSE size, which is the stock price per share multiplied with shares 

outstanding from CRSP, as the breakpoint (Hou et al. 2019). The size factor in Equation 23 is 

formed by subtracting the average returns of nine large size portfolios from the average returns 

of nine small size portfolios; 

   

                                     RMe=1/9(∑ ∑ R1𝑗𝑘
3
𝑘=1

3
𝑗=1 ) − 1/9(∑ ∑ R2𝑗𝑘

3
𝑘=1

3
𝑗=1 )                                       (23) 

 

The investment factor (I/A) is the annual change in total assets dividend by one quarter lagged 

book equity. The q-factor is built by grouping stocks into three investment groups using the low 

30%, middle 40%, and high 30% of ranked I/A values as breakpoints. The investment factor in 

Equation 24 is formed by deducting the mean returns of six high investment portfolios from the 

mean returns of six low investment portfolios (Hou et al. 2019).  

 

          𝑅𝐼/𝐴=1/6( ∑ ∑ R𝑖1𝑘  ) 3
𝑘=1

2
𝑖=1 − 1/6(∑ ∑ R𝑖3𝑘)3

𝑘=1
2
𝑖=1                                       (24) 

 

Return on Equity (ROE) is the income before extraordinary items divided by 1-quarter-lagged 

book equity. The factor has been constructed in the q-factor model by using NYSE breakpoints 

for high 30%, middle 40%, and low 30% of ranked ROE values that have then been used to 

group stocks into three groups. The ROE factor is formed by deducting the mean returns of six 

low ROE portfolios from the mean returns of six high ROE portfolios, as presented in Equation 

25. (Hou et al. 2019) 

 

                                         𝑅𝑅𝑂𝐸=1/6(∑ ∑ R𝑖𝑗3
3
𝑗=1

2
𝑖=1 ) − 1/6(∑ ∑ R𝑖𝑗1

3
𝑗=1

2
𝑖=1 )                                     (25) 

 

The expected investment growth factor (Eg) added into the q-factor model has been constructed 

similar to the factors of Fama and French by taking 2 x 3 sort on the expected one year ahead 

change of investment to assets 𝐸𝑡 [𝑑1/a] and market equity (ME). Each month, the median 
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NYSE market equity is used to divide stocks into two groups, big and small. Then stocks are 

being grouped using NYSE breakpoints for low 30%, medium 30% and high 30% of ranked 

expected investment growth. Finally, six value weighted portfolios are constructed by taking 

the intersection of the three expected growth and two size groups. Consequently, the Eg factor 

is formed by deducting the mean returns of two low expected investment growth portfolios 

from the mean returns of two high expected investment growth portfolios as presented in 

Equation 26. (Hou et al. 2020) 

 

          𝑅𝐸𝑔=1/2(𝑆𝑚𝑎𝑙𝑙 𝐻𝑖𝑔ℎ + 𝐵𝑖𝑔 𝐻𝑖𝑔ℎ) − 1/2( 𝑆𝑚𝑎𝑙𝑙 𝐿𝑜𝑤 + 𝐵𝑖𝑔 𝐿𝑜𝑤)            (26)

   

As mentioned in the literature review, Rabener (2019c) has argued that theoretical long-only 

factor portfolios can be used as smart beta ETF benchmarks in addition to the traditional passive 

market cap-weighted portfolios. Hence, the theoretical equally weighted long-only factor 

portfolios were chosen for benchmarking the smart beta portfolios in this study. The factor-

mimicking portfolios are constructed similarly to the Fama-French factor portfolios, and hence 

the data has been collected from the French’s data library. All of the benchmarks are long-only, 

equally weighted and excess of the risk-free rate. The long-only portfolios will be constructed 

by following the methodology by Blitz (2012), in which the most attractive stocks on a specific 

factor, also known as the long leg, will be considered. The motivation behind this methodology 

is that since it does not involve short-selling or investing in illiquid stocks, the factor portfolios 

are easier to implement. Furthermore, Blitz (2012) has stated that since smart beta ETFs are 

also mostly long-only, it is easier to examine how they relate to the factor portfolios.  

 

Based on the literature review, high operating profitability and low accruals are features of 

quality stocks. Therefore, the benchmark portfolio for quality style is structured by taking a 

long position using the highest 30% return quantile of the average values of profitability and 

the lowest 20% return quintile of accruals. The benchmark portfolio for the value is constructed 

by taking a long position using the highest 30% return quantiles of the average values of book-

to-market, earnings-to-price, and cashflow-to-price defined as value characteristics in the 

academic literature. Since the growth factor has been seen as the opposite of the value factor, 

the benchmark portfolio is constructed by taking a long position on the average low 30% return 

quantiles of book-to-market, earnings-to-price, and cashflow-to-price.  
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Theoretical low volatility portfolio is structured by taking a long position on the low 20% return 

quintile of variance of daily returns. Benchmark for the momentum portfolio is built using prior 

2- to 12-month return decile cutoff points and taking a long position on the highest past return 

portfolios. The theoretical dividend portfolio is formed by taking a long position on the highest 

30% return quintile of dividend yield. The French’s data library does not provide data for 

portfolios based on ESG or multiple factors. Therefore, the MSCI USA Extended ESG focus 

index is used as a benchmark for the ESG smart beta portfolio, and its monthly return data is 

collected from the MSCI websites. Benchmark for the multi-factor portfolio is constructed by 

taking the average excess values on long-only momentum, value, growth, quality, and low 

volatility factors presented previously.  

 

3.6 Descriptive Statistics 
 

After the data collection and portfolio formation processes, descriptive statistics were computed 

to get a better look at the dataset. Table 3 represents the summary statistics of the smart beta 

and theoretical factor portfolios and markets for the full sample period. 

 

Table 3. Summary statistics for the full sample period. 

 
Portfolio returns and the U.S. market returns, together with the standard deviations, are in 

annualized form. Minimum and maximum values are expressed as monthly returns. The total 

annual expense ratio is displayed in percentages and calculated as the average over each 

portfolio style. Portfolio age is calculated using each ETF’s inception dates, and the size is the 

average of each ETFs total net asset value in terms of millions of U.S. dollars.   

 

When looking at the returns in Table 3, the conclusion can be made that most smart beta 

portfolios have performed fairly modestly, and the returns vary between 5.85% and 9.87%. 
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When assessing the statistics for the theoretical portfolios, it can be noticed that all portfolios 

have performed relatively well, the lowest return being 7.62% and the highest 11.30%. When 

examining the minimum and maximum values, it can be seen that the value smart beta portfolio 

has the highest maximum returns. The style also yields the highest standard deviation of 

17.17%, and hence the deviation of the returns above and below the average is large, implying 

that the returns change a lot in time, making the investment riskier. The multi-factor portfolio 

has a surprisingly high standard deviation even though the expectation is that it is well 

diversified. In contrast, the theoretical low volatility has the lowest standard deviation of 

10.63% and the highest minimum returns, while the theoretical quality portfolio has the highest 

standard deviation of 20.46%. 

 

The statistics for the average portfolio size indicate that value and dividend smart beta portfolios 

have the highest average total net assets. Furthermore, it can be noticed that value and growth 

are the oldest styles, whereas ESG is the newest addition to the smart beta universe. According 

to the expense ratios, momentum and multi-factor styles face the largest expenses (0.38), while 

low volatility has the smallest fees (0.25). As can be noticed from Table 3, the distributions for 

all portfolios are left-skewed since the skewness values are negative while the kurtosis values 

are quite close to the neutral reference value of three.  
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4. RESULTS 
 

4.1 Absolute and relative performance 
 

Motivated by Glushkov (2015), the smart beta and benchmark portfolios annualized geometric 

returns over the three different periods were conducted to examine the raw returns. Table 4 

shows the annualized geometric returns for the smart beta portfolios and long-only benchmark 

portfolios. It also illustrates the benchmark-adjusted returns calculated by subtracting each 

year’s annualized benchmark returns from the smart beta portfolio returns. 

 

Table 4. Average geometric returns of smart beta ETF portfolios and their corresponding 

benchmarks. 

 
Benchmark adjusted returns are calculated by subtracting annualized benchmark returns from 

the smart beta portfolio returns. Red cells indicate underperformance, and green cells 

outperformance relative to the theoretical benchmark.  

 

When looking at the benchmark-adjusted results over the full 14-year period in Table 4, it can 

be concluded that around 40% of the smart beta portfolios have beaten their benchmarks 

consisting of theoretical factor-mimicking portfolios. This result is almost in line with 

Glushkov’s (2015) findings, which stated that over 60% of the smart beta ETFs have 

outperformed their raw passive benchmarks. However, Glushkov (2015) has used different time 

frames, analyzed different smart beta categories, and constructed the benchmark portfolios 

differently, which is why the results are not directly proportional to Glushkov’s findings (2015). 
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In the full period, growth has been the best performing style by yielding the highest over 9% 

returns and beating its passive benchmark by annualized 0.44%, which is, however, fairly 

modest outperformance. ESG and momentum portfolios have tracked their theoretical 

benchmarks very closely and have also outperformed to some extent, which contradicts 

Glushkov’s (2015) results, which stated that momentum style has underperformed its declared 

benchmark over the period 2003 to 2014. Furthermore, the most popular style dividend has 

performed quite poorly compared to the relative factor benchmark and to the other styles, which 

corresponds to Glushkov’s (2015) findings.  

 

Interestingly, 75% of the smart beta portfolios have performed better than their corresponding 

benchmarks in bear months. The ESG portfolio has performed the best and remarkably beaten 

its benchmark by over 12 percentage points per year, supporting Nofsinger and Varma’s 

findings (2014). Quality and momentum portfolios have also been successful since they have 

outperformed their benchmarks by over 6% based on the raw returns. In contrast, the low 

volatility smart beta portfolio has underperformed its benchmarks by over 4%, but it has yielded 

one of the lowest negative returns and ultimately outperformed the markets. In bull months, it 

seems like only ESG smart beta portfolio has created factor returns expected by academics since 

it has beaten its theoretical benchmark by over 1%. Moreover, only the growth smart beta 

portfolio has been able to earn distinctly higher returns than the markets. The worst style in 

bullish months is the low volatility which has created the lowest returns. Interestingly, 63% of 

the theoretical portfolios have been able to beat the markets and 88% of their relative smart beta 

counterparts in bull market months. Figure 4 illustrates the relative performance of the styles 

by showing the cumulative returns of the smart beta portfolios and the markets.  
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Figure 4. Cumulative returns of the smart beta portfolios and U.S. markets. 
 

Figure 4 shows that the growth portfolio has had similar performance with the markets most of 

the years. After the financial crisis, it has generated the highest cumulative returns for several 

subsequent years and has even beaten the markets supporting the academic findings (see, e.g., 

Jagerson 2021; Vanguard 2020; Bell 2020; Royal 2020). The value style, which should perform 

relatively well in bear markets, has faced the deepest drop when the markets bottomed in 

February 2009, which relates to the discoveries of Ang (2014) and Yamani and Swanson 

(2014). The performance of the style has been lagging behind the other styles, especially the 

growth style, which could be explained by the fact that the technology sector has performed 

extremely well and harvested large premiums after the financial crisis (see, e.g., Bell 2020; 

Royal 2020). This can be demonstrated when examining value and growth portfolios’ sector 

holdings from Figures 4 and 6 in Appendix 3. The largest sector in the value portfolio is 

financials (26%), while the growth portfolio is more tilted towards the technology stocks (37%). 

 

According to Figure 4, the dividend portfolio has delivered the worst cumulative returns. In 

fact, the returns have converted back to positive at the beginning of 2013, which is interesting 

because the style is one of the most popular investment styles. However, when looking at the 

sector holdings from Figure 3 in Appendix 3, the portfolio tends to include mostly financial 

stocks (23%) similar to the value style, which might be the reason for its underperformance. 
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When taking a more in-depth look into the bull market period, the multi-factor portfolio has the 

second-highest cumulative returns after the growth portfolio, supporting the evidence that 

choosing multiple different styles into a portfolio can boost diversification. This diversification 

can be partly evidenced from Figure 8 in Appendix 3, which states that the portfolio’s holdings 

have been divided equally between financial (19%) and technology sector (18%) as well as 

consumer cyclical (16%), healthcare (12%) and industrial (13%) sectors.  

 

ESG style has had a relatively good performance during the financial crisis, but its performance 

has lagged behind the other styles afterward, as shown in Figure 4. However, it has performed 

better than the portfolios with holdings on financials and based on Figure 1 in Appendix 3, the 

portfolio has a heavy technology stock weight (28%), similarly to the growth style. Figure 7 in 

Appendix 3 shows that the quality portfolio mainly includes technology stocks (26%), similar 

to the momentum portfolio (35%) according to Figure 5 in Appendix 3. Moreover, the low 

volatility portfolio has quite equal tilts towards technology (17%) and financial (20%) sectors, 

as shown in Figure 2 in appendix 3. Overall, these styles have had a quite similar pattern in 

their cumulative returns, and their performance has been fairly neutral. The sector holdings in 

Appendix 3 show the latest situation as of March 2021, and therefore, the holdings of the 

different styles could have been different during the financial crisis. However, the latest 

numbers give a good overall picture of the holdings at a more general level and provide a fast 

snapshot from that particular time-point. Additionally, the figures in Appendix 4 show the 

cumulative return performance of individual smart beta portfolios relative to theoretical factor 

portfolios and the markets.  

 

4.2 Multi-factor model results for the full sample period 
 

4.2.1 6-factor model results for the full sample period 

 

This sub-section introduces the linear regression results of the Fama-French 6-factor model. 

The regressions were made for each smart beta portfolio and benchmark factor portfolio. The 

problems stemming from heteroskedastic and autocorrelated residuals were alleviated by using 

the Newey-West standard errors in all regressions (Brooks 2008, 152). Table 5 represents the 

regression results for the portfolios. 
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Table 5. 6-factor model results for the full sample period. 

 
The regression results are corrected by using the Newey-west standard errors. Alphas are 

presented in percentages and annualized form. * denotes statistical significance at the 5 % 

significance level, and the numbers in brackets are the standard errors. The beta represents the 

market risk, HML value factor, SMB size factor, RMW profitability factor, CMA investment 

factor, and UMD momentum factor. 

 

Based on Table 5, the null hypothesis of alpha being zero is rejected for quality, momentum, 

value, dividend, multi-factor, and ESG portfolios. Even so, the alphas are negative, indicating 

that the portfolios have not been able to create wanted excess returns, and the taken risks have 

not been completely compensated. Consequently, all of these smart beta portfolios have 

underperformed against the markets. In contrast, growth and low volatility portfolios have 

neither under- nor outperformed, and hence their excess returns are completely explained by 

the risk premiums. When looking at the results for the benchmark portfolios, it can be concluded 

that the null hypothesis of alpha being zero is rejected for low volatility, ESG, and dividend 

portfolios. Theoretical ESG portfolio is the only style that has underperformed against the 

markets, while low volatility and dividend portfolios have generated significant positive 

abnormal returns. 

 

The alphas between the smart beta and relative theoretical portfolios were compared by using 

Welch’s t-test, which is used to statistically test if there are significant differences between the 
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means of the two samples. According to the t-stat of 2.65 and p-value of 0.0086 (v=258), the 

theoretical value portfolio has produced an insignificant alpha of 0.60%, which is statistically 

different from the relative smart beta portfolio’s significant alpha of -3.09%. The smart beta 

portfolio has a bit higher beta and a tilt towards high profitability stocks, which contradicts the 

usual factor slopes of the style; value stocks are considered more distressed, and hence the tilts 

are supposed to be more towards low profitability stocks. A similar outcome is conducted for 

the alphas of the multi-factor portfolios since the t-stat is 2.70 and p-value 0.0074 (v=324). 

Hence, by yielding significant alpha of -2.46%, the smart beta portfolio has significantly 

underperformed the relative benchmark that produced an insignificant alpha of 0.53%. When 

assessing the factor slopes in Table 5, it can be noticed that the theoretical portfolio’s lower 

beta and tilts towards small-cap stocks that utilize contrarian strategies have completely 

explained the return variation. The smart beta portfolio also has exposure to high profitable 

value stocks. Despite that the smart beta portfolio has been more diversified by having a wider 

range of tilts towards multiple single factors, it has not been able to generate positive alpha.  

 

The low volatility portfolios also have significant differences between their excess returns based 

on t-stat of 2.93 and p-value of 0.0037 (v=243). Consequently, the theoretical low volatility 

portfolio has outperformed the smart beta counterpart that produced insignificant alpha of -

1.17% by generating over 4% significant abnormal returns. Hence, the theoretical portfolio has 

produced significant positive alpha even after controlling the effects from the low volatility and 

size premiums. There also seem to be other aspects that have affected the returns, and for 

example, Nielson, Nielson and Barnes (2016) have argued that the superior performance of the 

style could stem from sector biases instead of pure low volatility. When the alphas of the 

dividend portfolios are compared, the difference is considered extremely significant according 

to t-stat of 3.58 and p-value of 0.0005 (v=324). Henceforth, the smart beta portfolio has 

significantly underperformed its benchmark by yielding a significant negative alpha of -3.35% 

compared to the benchmark’s significant positive alpha of 2.41%. The theoretical portfolio has 

outperformed even after the value and size premiums have been taken into consideration. 

Furthermore, the tilt towards the value factor is even higher than for the value portfolio, 

highlighting that dividend investing is closely associated with value investing.  
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4.2.2 Augmented q-factor model results for the full sample period 

 

The following sub-section goes through the regression results using the Hou et al. (2020) 

augmented q-factor model. Table 6 shows the results using the full sample period. 

 

Table 6. Augmented q-factor model results for the full sample period. 

 
The regression results are corrected by using the Newey-west standard errors. Alphas are 

presented in percentages and annualized form. * denotes statistical significance at the 5 % 

significance level, and the numbers in brackets are the standard errors. The beta represents the 

market risk, ROE is the profitability factor measured by return on equity, I/A is the investment 

factor, ME is the size factor, and Eg the expected investment growth factor. 

 

Based on the results in Table 6, none of the smart beta portfolios have been “smart” since they 

have not generated significant positive alpha and beaten the markets. Value, momentum, 

dividend, multi-factor, and ESG portfolios have produced significant negative intercepts 

resulting in the rejection of null hypothesis alpha being zero. Hence, these styles have 

diminished some value compared to the markets, and the multi-factor model has not completely 

captured the excess returns. When assessing the results for the theoretical factor portfolios, 

value, low volatility, and multi-factor styles have outperformed the markets by yielding positive 

and significant alphas. On the other hand, the ESG portfolio has been the only style 
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underperforming, and it has even produced higher negative alpha than the relative smart beta 

portfolio.  

 

Similarly, as in the 6-factor model, abnormal returns of the smart beta portfolios were compared 

with their relative benchmarks using Welch’s t-test framework. The results fully conform to the 

findings of the 6-factor model, stating that the null hypothesis of no significant difference is 

rejected for value, low volatility, dividend, and multi-factor styles at the 5% significance level. 

The t-stat of 3.50 and p-value of 0.0005 (v=302) are produced for the alphas of the value 

portfolios, indicating an extremely significant difference. Hence, the theoretical portfolio has 

performed statistically much better with a significant alpha of 2.83% than the relative smart 

beta portfolio with a significant alpha of -2.18%. The theoretical portfolio has had much higher 

tilts, especially towards low ROE and small-cap stocks with low expected investment growth. 

These slopes fully correspond to the usual slopes of the style, and interestingly the portfolio has 

generated significant abnormal returns even after the value premium has been controlled. 

 

The t-stat of 2.77 and the p-value of 0.006 (v=333) are generated for the dividend portfolios, 

indicating that the smart beta portfolio has performed worse than the relative benchmark by 

producing significant alpha of -3.46% compared to the insignificant alpha of 2.92%. Based on 

the factor slopes in Table 6, the theoretical portfolio’s excess returns are fully explained by low 

volatility, investment, and size premiums. In contrast, the smart beta portfolio has extracted 

some value, and the investment and expected investment growth premiums have not fully 

explained the returns. Moreover, Welch’s t-stat of 3.30 and p-value of 0.0011 (v=333) indicate 

a significant difference between the alphas of the multi-factor portfolios. The theoretical 

counterpart has also performed better by yielding significant positive alpha of 1.80% compared 

to the smart beta portfolio with a significant negative alpha of -1.67%. The theoretical factor 

portfolio has been constructed similarly to the value portfolio when assessing the factor slopes. 

Besides, the portfolio has produced positive alpha even after the effects from the several risk 

premiums have been excluded. 

 

Correspondingly, the t-stat of 2.26 and p-value of 0.02 (v=277) are produced for the alphas of 

the low volatility portfolios, suggesting a significant difference in the performance between the 

two portfolios. Thus, the theoretical counterpart has performed more successfully by creating a 

significant alpha of 4.14% than the relative smart beta portfolio with an insignificant 0.03% 
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alpha. When taking a closer look into the factor slopes, it can be noticed that the smart beta 

portfolio has exploited the low volatility anomaly since the beta is lower than one, and the beta 

is the only factor with a significant effect on the returns. In contrast, the theoretical portfolio 

has been able to produce positive alpha even after the effects from the investment, low volatility, 

and size premiums are controlled.  

 

4.2.3 Concluding remarks 
 

The results for the full period were very similar between the two models since both suggest that 

most smart beta portfolios have underperformed against the markets. However, to fully explain 

the return variations, the multi-factor models should yield alphas indistinguishable from zero. 

Hence, the augmented q-factor model performed a bit better by creating significant negative 

alphas for five out of eight portfolios compared to six produced by the 6-factor model. 

Consequently, there is no evidence that either one of the models would be significantly better 

at explaining the returns, and hence their performance seems to be more case-specific.  

 

Welch’s t-tests signified that half of the theoretical portfolios outperformed the relative smart 

beta portfolios, and overall, the benchmark portfolios seemed to have lower betas and higher 

tilts, especially towards small-cap stocks. The lower volatilities of the portfolios imply the 

opposite of the CAPM, which states that higher risks in efficient markets should be rewarded 

with higher returns. Thus, the results conform to Miller and Scholes (1972), who have stated 

that assets with high beta tend to produce negative alpha and vice versa. Moreover, since the 

portfolios are constructed to represent the theoretical factors, they are purer and exhibit fewer 

limitations resulting in the fact that the tilts are intuitively much higher (Ang 2014, 444). 

Besides, the exposures towards small-cap stocks are instinctive since the portfolios are equally 

weighted, giving more weight to the stocks with smaller market capitalization.  

 

When assessing the regression slopes between the models, the correlation between the 

augmented q-factor model’s I/A factor and the Fama-French 6-factor model’s HML factor is 

highly visible. However, as Hou et al. (2015) have stated, the correlation is only 0.69, which 

can also be noticed since the HML slope for dividend portfolio is insignificant even though the 

portfolio has a significant positive I/A slope as expected. Otherwise, the HML and I/A slopes 

go in the same direction supporting the evidence that the market-to-book and average q have a 
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relationship resulting in the fact that value firms tend to invest less than growth firms (see, e.g., 

Hou et al. 2015). Moreover, the CMA and I/A factors representing the investment behavior are 

mostly similar between the models suggesting that growth stocks with higher profitability get 

negative slopes since they can invest more aggressively. In contrast, the less profitable value 

stocks get positive slopes indicating conservative investment behavior. 

 

The size factors SMB and ME fully subsume each other based on the results, which makes 

sense since they have been constructed similarly using the market equity ratios. The size factor 

seems to have high importance, especially for those smart beta portfolios with beta higher than 

one supporting the evidence by Amenc et al. (2013) and Blitz (2017). These findings also 

confirm Glushkov’s (2015) and Blitz’s (2017) findings which stated that the smart beta ETFs 

have been mostly tilted towards small-cap stocks. In contrast, the slopes of profitability factors 

RMW and ROE are not that converging. The ROE factor can only explain the return variation 

of two smart beta portfolios, while the relative RMW factor has explanatory power over the 

excess returns of six portfolios. Furthermore, the slopes of the RMW factor are positive for all 

portfolios, even though financially distressed firms should be less profitable. Hence, the 

positive tilts, especially of the value and dividend portfolios, are not as intuitive. Likewise, the 

ROE should subsume the UMD factor since momentum winners tend to have higher 

profitability, and since the shocks to profitability are positively correlated with returns, these 

momentum winners should earn higher expected returns (Hou et al. 2015). This could partly be 

evidenced from the factor slopes of the theoretical portfolios, which indicate that all those styles 

with tilts towards contrarian strategies in the 6-factor model tend to get negative ROE factor 

tilts in the augmented q-factor model. However, this relationship between UMD and ROE is 

hard to justify when assessing the smart beta portfolios’ slopes.  

 

An interesting thing to highlight is that the 6-factor model is able to explain the low volatility 

anomaly, which has been one of the 5-factor model’s shortcomings (see, e.g., Blitz et al. 2016). 

Hence, the results support the findings that the return and market beta relationship can be 

negative, as several researchers have stated (see, e.g., Fama & French 1992; Black 1993, 

Haugen & Baker 1993). The empirical results also show that the 6-factor model’s HML factor 

is not always redundant, as Fama and French (2015) have evidenced since the factor gets 

significant slopes even when the CMA and RMW are added into the model. Furthermore, the 

failure to explain the returns of small-cap stocks with aggressive investment behavior and low 
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profitability, which is the main shortcoming of the 5-factor model, seems to hold also for the 6-

factor model.  

 

When assessing the factor significances, it can be concluded that the size factor is significant 

for all of the theoretical portfolios, implying it has high explanatory power in explaining the 

returns. The profitability factor of the 6-factor model has the highest explanatory power for the 

smart beta portfolios after the market risk since it is significant for five out of eight smart beta 

portfolios. In contrast, the most significant factors after the market risk in the augmented q-

factor model seem to be size and investment factors, as they are significant for five out of eight 

portfolios. The high importance of the investment factor supports the findings of Hou et al. 

(2015), who have stated that it is the main driver of the model’s performance. On the other 

hand, the newest factor expected investment growth, does not appear to increase the explanatory 

power, and hence it seems to be in some part irrelevant in explaining the return variation of the 

smart beta portfolios since it is only significant for two smart beta portfolios. This contradicts 

Hou et al. (2020), who stated that the newest addition substantially improves the traditional q-

factor model.  

 

4.3 Multi-factor model results for different market conditions 
 

4.3.1 6-factor model results for bear and bull months 

 

This sub-section goes through the bear and bull month results using the 6-factor model. Since 

the data is not continuous similarly as in the full period, the adjustment for autocorrelation is 

not appropriate. Hence, instead of using the Newey West estimator, the possible 

heteroskedasticity of the residuals is corrected by using White’s estimator in order to have 

robust standard errors (Brooks 2008, 152). Table 7 presents the 6-factor regression results for 

bear months.  
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Table 7. 6-factor model results for bear months. 

 
Robust standard errors are derived using White’s estimator. Alphas are presented in percentages 

and annualized form. * denotes statistical significance at the 5 % significance level, and the 

numbers in brackets are the standard errors. The beta represents the market risk, HML value 

factor, SMB size factor, RMW profitability factor, CMA investment factor, and UMD 

momentum factor. 

 

The alphas shown in Table 7 indicate that the low volatility smart beta portfolio has been the 

only style producing a statistically significant positive alpha of 9.81%. This supports the 

evidence that the style usually performs well during high volatility because low-risk stocks hold 

up better when the markets decline and the uncertainty increase (Nielson et al. 2016; Rabener 

2019c). When assessing the alpha values of the theoretical portfolios, over 60% of the portfolios 

have created significant positive alpha and outperformed the markets. Theoretical low volatility 

and dividend portfolios have performed extremely well by creating over 10% abnormal returns, 

along with growth, value, and multi-factor portfolios, which have also been very successful in 

terms of 6-factor alphas. 

 

The excess returns of the smart beta portfolios were compared with the theoretical counterparts’ 

returns using the Welch’s t-test framework. The null hypothesis that there is no significant 

difference between the two means is not rejected for most portfolios at the 5% significance 
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level. Value portfolios are the only ones with significant differences in their performance, based 

on Welch’s t-stat of 2.20 and a p-value of 0.03 (v=94). This indicates that the theoretical value 

portfolio has outperformed the relative smart beta portfolio by producing significant positive 

alpha of 6.80%, which is statistically higher than the smart beta portfolio’s insignificant alpha 

of -0.28%. Furthermore, the adjusted R-squares and the significances of the coefficients in 

Table 7 indicate that the passive factors in the 6-factor model have completely explained the 

smart beta portfolio’s excess returns with over 97% explanatory power. In contrast, since the 

theoretical portfolio has produced positive alpha, it has used a more active approach. The results 

for bull months are illustrated in Table 8.  

 

Table 8. 6-factor model results for bull months. 

 
Robust standard errors are derived using White’s estimator. Alphas are presented in percentages 

and annualized form. The star after the values denotes statistical significance at the 5 % 

significance level, and the numbers in brackets are the standard errors. The beta represents the 

market risk, HML value factor, SMB size factor, RMW profitability factor, CMA investment 

factor, and UMD momentum factor. 

 

Based on Table 8, most smart beta portfolios, including quality, growth, value, dividend, and 

multi-factor, have underperformed against the markets in bullish months. On the other hand, 

the theoretical low volatility portfolio has outperformed the markets by producing over 6% 
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abnormal return, while the ESG has been the least favorable style with lower than 2% negative 

abnormal returns. When the alpha values between smart beta and theoretical portfolios were 

compared using the Welch’s t-test, the null hypothesis of no difference in the alpha values was 

not rejected for any portfolios. Overall, this indicates that even though most smart beta 

portfolios have significantly underperformed against the markets, the performance does not 

statistically differ from the benchmark portfolios’ performance. Hence, the smart beta portfolios 

seem to track their theoretical benchmarks closely in bull months.  

 

The Welch’s t-test was also applied to compare whether significant differences in smart beta 

portfolios’ factor slopes between bearish and bullish months exist. Based on the results, the 

dividend has been the only smart beta portfolio with a significant difference between the alpha 

values among bearish and bullish months with the corresponding t-stat of 2.17 and p-value of 

0.03 (v=68). Consequently, the abnormal returns of the portfolio change into negative when 

shifting from bear months to bull months, supporting the academic evidence (see, e.g., Arnott 

2021). As Bell (2020) and Royal (2020) have stated, high-tech stocks with growth 

characteristics have usually performed extremely well in bullish periods. By contrast, the 

dividend stocks keep on paying the dividends in up markets, which indicates a lack of growth 

opportunities in which the money could be alternatively invested. The Welch’s t-test was also 

applied for the rest of the factor slopes. The results for the quality portfolio indicate that the 

portfolio tilts significantly towards growth stocks in bearish months, while in the bullish 

months, the value factor does not affect the return variation. This slope towards growth stocks 

seems understandable since the quality factor is usually associated with high profitability 

stocks, similar to the growth factor. Furthermore, the results indicate that the quality portfolio 

includes stocks with high profitability in bull months, supporting the academic evidence on the 

usual factor slopes (see, e.g., Bender et al. 2013). However, the tilt is statistically different in 

bear months when the slope is insignificant.  

 

The Welch’s t-test for the momentum portfolio regressions indicates that the portfolio 

significantly tilts towards low profitability stocks in bear months, which statistically differ from 

bull months’ insignificant slope. Moreover, as Hou et al. (2015) have stated, the momentum 

losers usually have negative RMW slopes, which can be seen from the results. In general, the 

negative slopes of the momentum factor are intuitive since stock prices keep declining in bear 

periods resulting in low returns and the fact that the number of momentum winners decrease. 
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However, it seems like the momentum portfolio has not been able to have the intended factor 

tilt towards the momentum winners in bear months. The results for the low volatility portfolio 

indicate that the portfolio includes growth stocks in bear months, and the slope is statistically 

different compared to the bull months’ insignificant slope. Furthermore, the low volatility 

portfolio tilts towards contrarian stocks in bear months, but it starts to get momentum 

characteristics in bull months. Additionally, the results state that the low volatility portfolio 

yields a beta of 0.94 in bear months, which is statistically higher than the bull-month beta of 

0.70. In bearish months, stock volatilities rise rapidly, but it appears that the smart beta portfolio 

has not been able to adjust for these changes by having the intended tilt towards stocks with 

low volatility.  

 

The t-test results for the dividend portfolio suggest that the portfolio tilts towards value stocks 

in bear months, which is as expected since dividend investing falls under the value investing 

regime. However, the portfolio does not seem to have value exposure in the bull months since 

the factor does not affect the return variation. Moreover, the results indicate that the multi-factor 

portfolio has almost 50% higher tilt towards small-cap stocks in bull months than in bear 

months. Additionally, the portfolio tilts towards stocks with high profitability in bull months, 

and the tilt statistically differs from the bear months’ insignificant slope. Consequently, the 

portfolio prefers small-cap stocks with high profitability over large-cap stocks with low 

profitability in bull months, and it also tilts towards value and loser stocks. Hence, the portfolio 

has been able to combine several different factor styles in the up markets, but they might not 

have been as negatively correlated as preferred. Besides, the underperformance could be due to 

the lack of growth stocks that have dominated the markets in the most recent bull periods. 

Additionally, since the portfolio only tilts towards small-cap stocks in bear months, it raises a 

question on the intended factor tilts since the portfolio should not have exposures to a single 

factor style. 

 

4.3.2 Augmented q-factor model results for bear and bull months 

 

This sub-section goes through the bear and bull month results of the augmented q-factor model. 

Table 9 introduces the bear month results for the portfolios.  
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Table 9. Augmented q-factor model results for bear months. 

 
The standard errors are corrected using White’s estimator. Alphas are presented in percentages 

and annualized form. * denotes statistical significance at the 5 % significance level, and the 

numbers in brackets are the standard errors. The beta represents the market risk, ROE is the 

profitability factor measured by return on equity, INV is the investment factor, ME is the size 

factor, and Eg is the excepted investment growth factor. 

 

The primary result is that only low volatility smart beta portfolio has produced significant 

positive alpha and beaten the markets in bear months which corresponds to the 6-factor model’s 

results. The rest of the smart beta portfolios have indifferent performance with the markets, and 

hence, they are more passive. Most theoretical factor portfolios have also performed similarly 

to the markets even though the theoretical value, dividend, and multi-factor portfolios have 

performed better than the markets based on their significant positive alphas. 

 

The Welch’s t-test was again applied to examine the differences between smart beta and relative 

benchmark portfolio alphas. The null hypothesis was only rejected for the value and multi-

factor portfolios at the 5% significance level. The value portfolios produce t-stat of 2.33 and p-

value of 0.02 (v=102), indicating that the theoretical value portfolio has performed more 

successfully than the relative smart beta portfolio since it has produced a significant positive 

alpha of 7.68%, which statistically differ from the insignificant alpha of -0.26%. Both portfolios 
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have similar slopes that are common for the value style based on Table 9. The benchmark 

portfolio also has a much higher tilt towards small-cap stocks. Similar outcomes are conducted 

for the multi-factor portfolios, which produce t-stat of 2.25 and p-value of 0.03 (v=99). 

Consequently, the theoretical portfolio has superior performance with a significant positive 

alpha of 4.67% compared to the insignificant -0.46% alpha of the relative smart beta portfolio. 

Table 10 illustrates the relative bull month results for the portfolios. 

 

Table 10. Augmented q-factor model results for bull months. 

 
The standard errors are corrected using White’s estimator. Alphas are presented in percentages 

and annualized form. * denotes statistical significance at the 5 % significance level, and the 

numbers in brackets are the standard errors. The beta represents the market risk, ROE is the 

profitability factor measured by return on equity, I/A is the investment factor, ME is the size 

factor, and Eg is the excepted investment growth factor. 

 

Table 10 indicate that value, dividend, and multi-factor smart beta portfolios have generated 

significant negative alphas resulting in rejection of the null hypothesis. The results for the value 

portfolio support the evidence from Lakonishok et al. (1994) and Fama and French (1992), who 

have argued that the style’s performance usually lags in recovery periods. When analyzing the 

results of the theoretical factor portfolios, it can be seen that quite remarkably, only the low 

volatility portfolio has produced a significant positive alpha of 7.96%, indicating 
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outperformance over the markets in the upward months. However, based on the Welch’s t-test 

results, the alpha values between smart beta and theoretical portfolios are only statistically 

different for the multi-factor style. According to the t-stat of 2.54 and p-value of 0.01 (v=222), 

the multi-factor smart beta portfolio has significantly underperformed its theoretical benchmark 

with insignificant alpha by yielding a significant negative alpha of -3.58%. 

 

The Welch’s t-test was also applied for the q-factor regression alphas to compare the alphas 

between bull and bear months. The results reveal that the dividend has been the only smart beta 

portfolio with a statistical difference between the bear- and bull-month alphas, corresponding 

to the 6-factor model’s results. Consequently, based on the t-stat of 2.21 and p-value of 0.03 

(v=68), the portfolio has generated a significant negative alpha of -3.93% in bull months, which 

statistically differs from bear months’ insignificant alpha. This supports the findings of Arnott 

(2021), who argue that dividend stocks are better in a declining market, but their performance 

lags in bullish times. Next, the Welch’s t-test results for the rest of the factor slopes are 

introduced. The results regarding the low volatility portfolio indicate significant differences in 

tilts towards the ROE factor. In bear months, the portfolio tilts towards low profitable stocks, 

while in bull months, the factor does not affect the excess returns. Furthermore, the results show 

that the portfolio prefers large-cap stocks over small-cap stocks in bear months, whereas in bull 

months, the company size does not affect the return variation. The Welch’s t-test results for the 

multi-factor portfolio indicate statistical differences in the size slopes. The portfolio has a higher 

tilt towards small-cap stocks in bull months than in bear months.  

 

The Welch’s t-test suggest that the growth portfolio has a strong tilt towards aggressive 

investment stocks in bear months since the slope is -0.56, supporting the evidence that stocks 

with higher valuation ratios tend to invest more aggressively, as Hou et al. (2015) have stated. 

However, this slope seems to statistically differ from the bull months’ slope, which is lower, -

0.15. Similarly, the momentum portfolio also tilts significantly towards aggressive investment 

stocks with a slope of -0.44 in bear months. This slope is statistically different from the bull 

months’ insignificant investment factor slope according to Welch’s t-stat. Moreover, the value 

portfolio significantly tilts towards conservative investment stocks with an I/A slope of 0.55 in 

bear months, which is statistically over 70% higher slope than in bull months. In addition to the 

alphas, the I/A slopes are also significantly different for the dividend portfolio based on the t-

stat, and the portfolio has over twice higher tilts towards conservative investment stocks in bear 
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months. Overall, these results indicate that the tilts towards the investment factor are, on 

average, significantly higher in bear months. It also appears that the investment factor is the 

most important together with the market and size factors in explaining the return variations 

when assessing the number of significances, which correspond to the findings of Hou et al. 

(2015).  

 

4.4 The Sharpe ratio and SKASR results for the full sample period 
 

This section presents the Sharpe ratio and skewness- and kurtosis-adjusted Sharpe ratio 

(SKASR) results for the full sample period. These two risk-adjusted measures were used to 

compare the different smart beta styles’ performance relative to markets in different market 

conditions and rank the different styles. Since the traditional Sharpe ratio retains limitations, 

more importance will be assigned to the SKASR results. Table 11 summarizes the full sample 

period Sharpe ratio and SKASR results in descending order for smart beta portfolios and 

theoretical factor portfolios separately.  

 

Table 11. The Sharpe ratio and SKASR results for the full sample period. 

 
The results are shown in descending order for both smart beta and theoretical portfolios 

separately. The significance column shows the significance values for the SKASRs and states 

whether the portfolio has had significant under- or outperformance relative to markets at the 

5% significance level.  
 

Based on Table 11, none of the smart beta portfolios have created higher risk-adjusted returns 

than markets. In contrast, the theoretical low volatility portfolio has significantly outperformed 

the markets in terms of risk-adjusted returns. The smart beta low volatility portfolio has also 

performed the best compared to the other styles even though it has underperformed against the 

markets to a small extent. The worst styles have been value and dividend, which is not 

surprising since they have the highest volatilities, as discussed in section 3.6. When assessing 

more closely the significance columns, it can be noticed that six out of eight smart beta 

portfolios have significantly underperformed against the markets. The relatively best-
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performed smart beta portfolio styles, growth, and low volatility have neither outperformed nor 

underperformed against the markets as the significance levels are worse than 5%. These results 

conform to the findings of the multi-factor models. Theoretical factor portfolios performances 

differ significantly from the smart beta portfolios performance since most styles have had an 

insignificant performance difference to the markets. Interestingly, the theoretical dividend 

portfolio has performed the second-best, raising questions about why the relative smart beta 

portfolio has performed so poorly.  

 

4.4.1 The Sharpe ratio and SKASR results for bear and bull months 

 

This sub-section goes through the Sharpe ratio and SKASR results for bearish months and 

bullish months. Table 12 introduces the bear month Sharpe ratio and SKASR results in 

descending order for smart beta portfolios and theoretical factor portfolios separately. 

 

Table 12. The Sharpe ratio and SKASR results for bear months. 

 
The results are shown in descending order for both smart beta and theoretical portfolios 

separately.  
 

Table 12 does not include the significance levels since they cannot be reliably determined when 

excess returns are negative. The results fully correspond to the multi-factor model results since 

they indicate that low volatility has been the only style outperforming the markets by having a 

more optimal risk/return relationship. The smart beta value portfolio has again produced the 

lowest ratios signaling the worst performance among the styles, which corresponds to the 

evidence that value firms are riskier, which is why they underperform during bad times (see, 

e.g., Jagerson 2021; Yamani & Swanson 2014; Ang 2014, 231). The results for the theoretical 

value portfolio support the contrary evidence published, for example, by Lakonishok et al. 

(1994), Fama and French (1992), Stanhope (2016), and Pätäri et al. (2016). Besides, theoretical 

ESG and dividend portfolios perform the poorest, which contradicts the smart beta results. 
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Moreover, growth seems to lose some of its attractiveness in the bearish months, which supports 

the findings of Jagerson (2021). Table 13 introduces the bull month Sharpe ratio and SKASR 

results in descending order for smart beta portfolios and theoretical factor portfolios separately. 

 

Table 13. The Sharpe ratio and SKASR results for bull months. 

 
The results are shown in descending order for both smart beta and theoretical portfolios 

separately. The sign. column shows the significance values for the SKASRs and states whether 

the portfolio has had significant under- or outperformance relative to markets at the 5% 

significance level.  

 

According to Table 13, none of the smart beta portfolios have beaten the markets in bull months. 

When assessing the Sharpe ratios, the momentum smart beta portfolio has been the best 

performing style, and the growth smart beta portfolio has also performed quite successfully. 

The results regarding the worst style follow the same pattern as before, affirming that value and 

dividend stocks have underperformed the most. Results for the theoretical benchmark portfolios 

suggest that the low volatility portfolio has outperformed over the markets also in bullish 

months by yielding a Sharpe ratio as high as 5.30, which contradicts with the style’s usual 

performance. Interestingly, the theoretical quality portfolio has the lowest Sharpe ratio, while 

the value portfolio has performed surprisingly well in bullish months. Furthermore, it appears 

that the smart beta portfolios have, on average, generated higher Sharpe ratios, which could be 

a result of lower risks measured by the standard deviation.  

 

The results change quite dramatically when considering the non-normal distribution of the 

portfolios. The results are equivalent to the Sharpe ratio results so that most smart beta 

portfolios have significantly underperformed the markets. However, the SKASR values for 

multi-factor and value portfolios increase significantly compared to the relative Sharpe ratios 

making them superior smart beta styles. This might be due to their significantly high kurtosis 

values resulting from heavy tails or extreme outliers. Thus, these results support the findings 

that value stocks beat the growth stocks since investors underestimate the cheap value stocks, 
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which eventually leads to their outperformance after their under-valuations are corrected 

(Lakonishok et al. 1994). The results for the theoretical factor portfolios indicate that the 

momentum portfolio is the only style with insignificant underperformance against the markets, 

which corresponds to the findings that the momentum factor generally performs well during 

economic expansion. All the rest portfolios have significantly underperformed, suggesting that 

factor investing has not been profitable in the historical bull months, corresponding to the multi-

factor models’ alphas. 

 

The Sharpe and SKASR values were also conducted for individual smart beta ETFs with 

inception dates before January 2007 to assess the smart beta performance more accurately. The 

results for the full period in table 1 in Appendix 5 show that none of the individual ETFs have 

statistically outperformed against the markets. Interestingly, the value ETFs seem to perform 

the worst since over 80% of value ETFs have statistically underperformed. On the other hand, 

low volatility, momentum, and growth are the only styles with zero insignificant 

underperformance cases against the markets. In bear months, the low volatility ETF has 

performed relatively well by generating the highest Sharpe and SKASR ratios and beating the 

markets, as shown in table 2 in Appendix 5. Additionally, two dividend ETFs have 

outperformed the markets in bear months even though 40% of the rest of the dividend ETFs 

have significantly underperformed. The bull month results in table 3 in Appendix 5 indicate 

that most of the ETFs have significantly underperformed. Furthermore, only two ETFs, one 

growth and one value ETF, have outperformed the markets, and only 7% of the ETFs have had 

indifferent performance compared to the markets. Overall, the results correspond to the findings 

of the portfolios since they indicate that the low volatility ETF has fared well in bear months 

and that the ETFs have, on average, performed pretty poorly in the other periods.  
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5. CONCLUSIONS AND DISCUSSION 
 

5.1 Key findings  
 

This study combined the popular factor investing phenomena with the newest trend of exchange 

traded funds by focusing on the smart beta ETFs. The aim was to assess how the smart beta 

ETFs have performed relative to the U.S. markets and theoretical long-only factor portfolios in 

different time periods. Since the former evidence on the subject is limited, the purpose of the 

study was to fill in the research gap and contribute to the existing literature by answering the 

research questions formed in the first chapter. The first sub-question was; 

 

“Have smart beta ETFs been able to outperform the markets by generating positive 

and statistically significant abnormal returns, i.e., alpha?” 

 

The main goal of smart beta ETFs is to earn positive alpha while getting large exposure to the 

markets by weighting the portfolio using different factors (Riedl 2020; Centineo & Centineo 

2017). The evidence on smart beta ETFs’ ability to create positive and statistically significant 

alpha is scarce. Hence, the subject was assessed by regressing the smart beta portfolios’ excess 

returns with respect to the excess returns of markets using the 6-factor model and augmented 

q-factor model. Based on the results, only low volatility portfolio has been able to generate 

positive and significant alpha in bear months. In contrast, none of the smart beta styles have 

generated positive statistically significant abnormal returns in any of the other periods. 

 

“How have the smart beta portfolios performed in different market conditions?” 

 

The second sub-question was related to the smart beta portfolios’ performance in different 

market conditions. The results for the full period indicated that most smart beta portfolios have 

significantly underperformed against the markets. In contrast, only growth and low volatility 

styles have had insignificant performance compared to markets and the risk premiums fully 

explained their excess returns. When the performance differences were analyzed with the 

Welch’s t-tests, the results revealed that value, low volatility, dividend, and multi-factor smart 

beta portfolios statistically underperformed against their relative theoretical benchmarks. 
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Hence, these style portfolios did not track their benchmarks as closely as expected (see, e.g., 

Rabener 2019c). 

 

The results regarding bear months indicated that the low volatility portfolio has been the only 

style significantly outperforming the markets, supporting the formed hypothesis. All the rest 

portfolios have performed similarly as markets, and hence most of the assumptions, including 

hypotheses for momentum, growth, quality, ESG, and value, were rejected. Moreover, the 

hypotheses that dividend and multi-factor styles perform similarly to the markets remained in 

force. The results regarding bullish months were not as converging among the different models. 

Therefore, the hypotheses for low volatility, ESG, quality, and momentum were all partly 

rejected since half of the models indicated indifferent performance relative to markets and the 

other half significant underperformance. For growth and dividend styles, the hypotheses were 

rejected since the performance was poorer than expected, and for the multi-factor portfolio, the 

results supported the hypothesis that the style faces periods of underperformance. Thus, this 

strengthens the findings of Jacobs and Levy (2015), who have highlighted the difficulties of 

combining several single factors. Lastly, the performance of the value style seemed to be 

lagging in recovery months, supporting the formed hypothesis. However, this result is partly 

due to the endogenous nature of the past financial crisis, which affected mostly the financial 

stocks in the following bull periods.  

 

“Which passive factors are the most significant in explaining the return variations, and are 

there any differences in the factor tilts between different market conditions?” 

 

The third sub-question was related to the factor tilts of the portfolios. Based on the results, the 

most important factor explaining the returns of the theoretical portfolios in addition to the 

market risk was size. All of the portfolios were significantly tilted towards small-cap stocks in 

the full period, while in bear and bull months, most portfolios utilized the size anomaly more 

or less. In contrast, the I/A and ME factors in the augmented q-factor model were the most 

important in terms of statistical significance for the smart beta portfolios in every market 

condition when excluding the market risk factor. The significance of the investment factor 

supports the findings of Hou et al. (2020), who stated that it is the main driver of the model. 

Furthermore, the findings correspond to Glushkov (2015), Amenc et al. (2013) and Blitz (2017), 

who have evidenced that smart beta ETFs and indices are most significantly tilted towards the 
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size factor. The reason could be the fact that the portfolios are equally weighted, which gives 

more weight to small-cap stocks. On the other hand, the HML was the most important factor in 

bear months for the 6-factor model, while in bull months and full period, the most significant 

factor was the RMW. Based on the Welch’s t-test results, most smart beta portfolios except for 

ESG and growth portfolios had statistical differences in their factor slopes between bear and 

bull months. The t-stats of the augmented q-factor model asserted that the smart beta portfolios 

had the most differences in their I/A slopes which were statistically much higher in bear months. 

In contrast, the results of the 6-factor model indicated that the HML and RMW slopes had, on 

average, the most statistical differences between the periods. 

 

“How have the smart beta ETFs performed in the United States stock markets?” 

 

The main research question was related to the overall performance of the smart beta ETFs. 

Based on the results, dividend and ESG have beaten the markets in bear months on a total return 

basis in addition to low volatility, which also outperformed the markets on a risk-adjusted basis. 

Hence, the low volatility portfolio has generated significant positive alpha even after the 

different premiums were taken into consideration. However, since there is no sign of risk-

adjusted outperformance in any other period, the conclusion could be made that there is no 

evidence that the smart beta ETFs would outperform the markets, which supports the zero 

hypothesis formed based on the findings of Glushkov (2015). Thus, the portfolios have been 

able to get exposure towards the markets, but they have not been “smart” by generating 

abnormal returns. Hence, as Malkiel (2014) has argued, the long-only smart beta ETFs might 

be just a marketing tactic since only a few have historically outperformed the markets. 

Moreover, based on the results, most of the portfolios have either performed similarly or worse 

than the markets, and if the expenses had been subtracted from the portfolio returns, the 

performance would likely have been more on the side of underperformance. Overall, the 

findings suggest that investors would not have been able to fulfill their factor return 

expectations established in the academic literature by investing through smart beta ETFs.  

 

5.2 Theoretical contribution 
 

Investors have utilized factor investing for decades, and the number of studies focusing on 

different factors is consequently high. In contrast, studies focusing solely on smart beta ETFs 
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are limited, and there is no clear evidence on their performance in general or in different market 

conditions, and only a couple of comprehensive studies are made on the matter, including 

Glushkov (2015) and Mateus et al. (2020). Therefore, this study contributes to the earlier 

literature by providing new evidence of the performance of smart beta ETFs that could help 

form a consensus on the matter. One of the main aspects added to the existing literature is that 

the ESG was treated as a traditional factor that has not been done in any of the earlier smart 

beta studies. Furthermore, as noticed from the literature review, this is the first study assessing 

the topic by using the Hou et al. (2020) augmented q-factor model and the Fama-French 6-

factor model and analyzing the statistical differences between the factor slopes with the Welch’s 

t-test. Interestingly, the performance of the models seems to be case-specific, and the 

performance depends on the used sample periods. Besides, neither one of the models was 

superior in explaining the smart beta excess returns. This study is also one of the first to examine 

the smart beta performance by utilizing the SKASR, which considers the non-normal 

distribution of the returns. 

 

Additionally, the process of dividing the data into sub-periods was different than in any of the 

prior research. The method by Fuller and Goldstein (2004) was used to get a larger dataset, 

making the results more reliable and the statistical significance substantially higher. 

Additionally, the studied period spanned to the end of 2019, making the data the most up-to-

date. This study also provided new findings to the smart beta literature by considering long-

only theoretical factor portfolios as benchmarks representing purer academic factors with no 

practical limitations. Overall, the findings conformed the earlier research since there was no 

evidence that the smart beta ETFs are really smart and create significant risk-adjusted returns. 

Interestingly, this study provided new evidence that most smart beta portfolios have statistically 

worse performance relative to their long-only theoretical benchmarks, especially in the full 

sample period and to some extent in different market conditions. 

 

5.3 Limitations, criticality, and further research suggestions 
 

One of the study’s limitation is that it only focuses on the eight most well-known styles, which 

is why it is hard to justify that none of the smart beta styles are able to yield positive alpha since 

there might be other styles not included in this study that could have outperformed the markets. 

Moreover, the study focuses on all ETFs in the universe, not the ETFs with the highest assets 
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under managements (AUM), known to be the best-performing funds. Therefore, choosing only 

the ETFs with the highest AUM could be a good idea for future research. Additionally, ETFs 

having a tilt towards sectors instead of pure factors were excluded from the sample, and 

therefore, for example, the performance of the growth portfolio could have been better if the 

funds focusing solely on the tech sector would have been included. It is also noteworthy that 

the expenses were not subtracted from the returns because it would have been problematic to 

construct a correct expense ratio for the theoretical portfolios. Thus, the analysis was conducted 

before fees to compare the smart beta and theoretical benchmarks performances more 

accurately.  

 

It is good to have some criticality when assessing the Sharpe ratio and SKASR results for bear 

months. As already mentioned, the results might not be as accurate as possible because of the 

negative excess returns. Due to this matter, a statistical test for the SKASR could not be 

computed. Moreover, the non-normality of the dataset was corrected by using the SKASR, but 

the multi-factor models might still suffer from non-normal distribution. However, there are 

usually significantly large outliers in the residuals of financial data, which can be the reason for 

the rejection of normality. Since all of the outliers represent important information, the removal 

of those outliers is hard to justify. Therefore, it is reasonable to stick with the OLS estimator 

even in case of non-normality. (Brooks 2008, 164) It is also good to note that the results of the 

sub-periods are not as valid as the results of the full period since they might exhibit some 

validation problems. Hence, the results regarding bullish and bearish months are just 

directional.  

 

Many further research possibilities exist that would create more insights into the smart beta 

ETF’s performance. One suggestion would be to extend the topic from equities to bonds, 

currencies, commodities, or combinations of different asset classes that have not yet been in the 

center of research. As mentioned in the literature review, most of the former research has 

focused on the U.S. stock market mainly due to the long history of the products, but it would 

be interesting to assess the topic by using emerging markets or Europe. Further research 

suggestions also include a wider examination of unintended factor tilts of the smart beta ETFs 

to see if they tilt towards other factors not included in the multi-factor models. Additionally, it 

would be interesting to assess whether it would be better to invest in a single-style ETF that 

invests in multiple styles, such as the multi-factor ETF, or combining separate single-style 
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ETFs. Furthermore, an optimization model could be constructed to see which single-style 

combinations would be the most profitable for the investors. The field of smart beta ETFs is 

extremely interesting, and it is unresearched relative to their popularity and compared to the 

traditional factors. There remain many different interesting aspects of the topic in which 

researchers could dive into and contribute to the earlier literature. 
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APPENDICES 

Appendix 1. Summary of smart beta studies  

Table 1. Summary of studies made on smart beta products. 
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Appendix 2. Evolution of smart beta ETFs 

 

Table 1. Smart beta ETFs evolution by category 

 

 

Appendix 3. Sector holdings of smart beta portfolios as of 14.3.2021 

     

                           Figure 1. ESG                         Figure 2. Low volatility 

 

     

                       Figure 3. Dividend                                        Figure 4. Value 
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Figure 5. Momentum        Figure 6. Growth 

     

                     Figure 7. Quality                 Figure 8. Multi-factor 
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Appendix 4. Cumulative returns of smart beta portfolios, theoretical factor portfolios and 

markets. 

 

 

Figure 1. Cumulative returns of ESG style portfolios 

 

Figure 2. Cumulative returns of low volatility style portfolios 
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Figure 3. Cumulative returns of dividend style portfolios 

 

Figure 4. Cumulative returns of value style portfolios 
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Figure 5. Cumulative returns of momentum style portfolios 

 

Figure 6. Cumulative returns of growth style portfolios 
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Figure 7. Cumulative returns of quality style portfolios 

 

Figure 8. Cumulative returns of multi-factor style portfolios 
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Appendix 5. The Sharpe ratio and SKASR results for individual smart beta ETFs with 

inception dates before January 2007. 

 

Table 1. The Sharpe ratio and SKASR results for individual smart beta ETFs for the full 

sample period. 
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Table 2. The Sharpe ratio and SKASR results for individual smart beta ETFs for bear months. 
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Table 3. The Sharpe ratio and SKASR results for individual smart beta ETFs for bull months. 

 

 

 

 


