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ABSTRACT 

 

This study compares the risk-adjusted performance of 10 single-factor (smart beta) 

and 75 multi-factor (advanced beta) portfolios over the period of 1992 to 2019. The 

emphasis is set on testing the performance changes achieved through illiquidity-tilts 

and ESG-tilts. Illiquidity-tilted multi-factor portfolios outperformed both single-factor 

portfolios and the general market. ESG-tilted portfolios only significantly outperformed 

in the subperiod after 2007. I attribute the lack of outperformance before 2007 to the 

limited ESG data availability, which substantially restricted the investable universe for 

ESG-based funds. 

The difference in the risk-adjusted performance between single- and multi-factor 

portfolios across all simulated portfolios was statistically significant. However, the 

benefits of further diversification diminished with the number of factors a portfolio was 

already tilted towards. The two portfolios with the highest Sharpe Ratios were tilted 

towards four factors. However, in general, little to no improvement could be observed 

beyond three factor-tilts. 

Robustness tests showed that the benefits of adding a factor-tilt was greater the more 

specialised the initial portfolio was. In the main part of the thesis, the portfolios were 

value-weighted and used a breakpoint of 0.8. However, the performance 

improvements, through additional factor tilts was stronger for equal-weighted portfolios 

and portfolios with a higher breakpoint. Overall, the results of this thesis show a 

superior risk-adjusted performance for advanced beta funds than for smart beta funds. 

 

 

KEY WORDS: Multi-Factor, Single-Factor, Advanced Beta, Smart Beta, ESG-

Investing, Liquidity Investing, Factor-Tilts. 

 

 

 

 

 

 

 

 

 



RESUMO  

 

Este estudo compara o desempenho ajustado ao risco de 10 carteiras de fator único 

(smart beta) e 75 carteiras de fator múltiplo (advanced beta) durante o período de 

1992 a 2019. A ênfase é colocada em testar as mudanças de desempenho alcançadas 

através de illiquidity-tilts e ESG-tilts. As carteiras de multi-fator de illiquidity superaram 

o desempenho tanto das carteiras de fator único quanto do mercado em geral. As 

carteiras com ESG só tiveram um desempenho significativamente melhor do que o 

desempenho no subperíodo após 2007. Atribuo a falta de desempenho antes de 2007 

à limitada disponibilidade de dados da ESG, o que restringiu substancialmente o 

universo de investimento para fundos baseados na ESG. 

A diferença no desempenho ajustado ao risco entre as carteiras de um e vários fatores 

em todas as carteiras simuladas foi estatisticamente significativa. Entretanto, os 

benefícios de uma maior diversificação diminuíram com o número de fatores para os 

quais uma carteira já estava inclinada. As duas carteiras com os maiores Sharpe 

Ratios foram inclinadas para quatro fatores. Entretanto, em geral, pouca ou nenhuma 

melhoria pôde ser observada além de três fatores -tilts. 

Testes de robustez mostraram que os benefícios de adicionar um fator-tilha era maior 

quanto mais especializada era a carteira inicial. Na parte principal da tese, as carteiras 

foram ponderadas pelo valor e usaram um ponto de quebra de 0,8. No entanto, as 

melhorias de desempenho, através de inclinações adicionais de fatores, foram mais 

fortes para carteiras ponderadas por igual e carteiras com um ponto de quebra mais 

alto. No geral, os resultados desta tese mostram um desempenho ajustado ao risco 

superior para fundos advanced beta do que para fundos smart beta. 

 

PALAVRAS CHAVE: Multi-Factor, Single-Factor, Advanced Beta, Smart Beta, ESG-

Investing, Liquidity Investing, Factor-Tilts. 
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1 Introduction

Over the past decades, exchange-traded funds (ETFs) have grown to be a force in the stock

market. They allow investors to be diversified across the market at very low costs. In their

simplest form, they aim to mirror a benchmark index such as the S&P 500. As of 2015, ETFs

accounted for more than 30% of the American stock market (Glushkov, 2016, p.50). In the U.S.

alone, they had more than 4.4 trillion USD in assets under management (AUM), as of 2019

(ICI, 2020, p.83). Both academics and practitioners found that investing in stocks that share

certain attributes can outperform the market. In the ETF-universe such funds are commonly

referred to as smart beta funds. A more sober name would be factor funds or style funds. While

the naming might primarily be marketing (Cazalet et al., 2014), the idea behind smart beta

funds is based on a great body of research, including Fama and French’s (1992, 2015) seminal

work on factor models and Sharpe’s (1978, 1992) seminal work on investment styles. Fama and

French (1992) found, for example, that small-cap stocks outperform large-cap stocks. Investors

are rewarded a systemic risk premium for investing in such anomalies (Stambaugh et al., 2015).

Harvey et al. (2016) have summarised that at least 316 such factors and styles, based on

anomalies, have been proposed. Smart beta funds aim to achieve higher risk-adjusted returns

than the average market by tilting their portfolio towards these styles. In a sense, smart beta

funds try to combine the advantages of passively and actively managed portfolios (Kahn &

Lemmon, 2016, p.16). Passive funds that automatically follow an index, such as the basic

ETFs, can be offered very cheaply. The active component of smart beta funds makes them

more expensive. In 2016, after years of decreasing fees, the cheapest ETFs had expense ra-

tios of 0.07%, compared to 0.20% for the cheapest smart beta fund (Johnson et al., 2016).

Similarly to ETFs, smart beta funds follow clear rules that are understandable by investors.

The rules-based trading means their exposures are less opaque than those of actively managed

funds. The large inflow of money corroborates their advantages. By the end of 2019, smart

beta funds in the U.S. had a collective 960 billion USD in AUM, up from 150 billion USD in

2011 (Bryan et al., 2020, p.5). Size, value, growth, quality, low investment, dividend yield, low

volatility, and momentum are among the most popular styles/factors (Kahn & Lemmon, 2016,

p.16). At least since Pástor and Stambaugh’s (2003) seminal paper on the illiquidity premium,

illiquidity has become another popular investment style. However, it remains under-researched

(Subrahmanyam, 2010, p.37).

Another term that has become very fashionable in recent years is ESG1. The term itself is

relatively new, but the philosophy behind it is not. Before the 2000s it was referred to as Corpo-

rate Social Responsibility (CSR) or Socially Responsible Investing (SRI) depending on context.

The idea is that corporations should behave responsibly. They should consider other stake-

holders apart from their shareholders. While the initial goal was to benefit other stakeholders,

there has been an extensive debate about whether ESG can also benefit shareholders (Matos,

2020). The main argument is that performing poorly in ESG opens firms up to litigation and

reputational risks which will eventually harm investors. Initial studies were sceptical, but most

1Acronym derived from the three ESG pillars: Environment, Social, and Governance

10



1 INTRODUCTION

of the more recent studies find ESG is associated with better risk-adjusted returns (Friede et

al., 2015). Financial markets still seem to underprice the value of ESG (Giese et al.,2019).

One shortfall of ESG is that it is not as clearly defined as other factors, and even less easily

measureable (Dorfleitner et al., 2015). Nevertheless, it is becoming increasingly popular among

investors. One reason is the promotion of ESG by state and multilateral actors. For example,

the United Nation’s Principles for Responsible Investment (UNPRI) was initiated in 2005 to

promote institutional investors taking ESG concerns into account. As of September 2020, the

UNPRI has more than 3,000 signatories whose combined AUM exceed two trillion USD2. In the

U.S. alone, at least 300 billion USD are invested in funds that follow ESG criteria (ICI, 2020,

p.52). In Europe, the European Union has been fostering ESG investing by mandating firms

and asset managers to disclose their environmental exposure. Hence, this paper gives extra

consideration to ESG and illiquidity as a style besides the most popular styles named above.

Fund managers and researchers did not stop at tilting portfolios towards only one style.

They started to combine factors into so-called multi-factor or advanced beta portfolios. These

portfolios are tilted towards more than one factor at the same time. Under Markowitz’s (1952)

mean-variance framework the low covariance of the different factors means that portfolios com-

bining factors should have a better risk-adjusted performance compared to single-factor port-

folios. The growing amount of AUM by advanced beta funds shows growing popularity of

advanced beta funds, despite the higher fees they charge. By 2018 advanced beta funds had

at least 75 billion USD in AUM, compared to just 2.5 billion 10 years prior (Boyadzhiev et al.,

2018).

There has been a relatively small amount of research into multi-factor portfolios. Evidence

for them offering better risk-adjusted performance is limited but growing. Most research has

focused on individual, particularly suited combinations of factors. Another associated research

topic is how to best construct advanced beta portfolios (Chow et al., 2018). This is especially

important as the exact exposures multi-factor portfolios create are often obscure. This makes

it difficult to assess the benefit of integrating additional factors (Dopfel & Lester, 2018). The

fact that there are still many inadequately answered questions means there is space for more

research. This paper aims to shed light on some of these questions. The central research ques-

tion is: “Do multi-factor portfolios offer a better risk-adjusted performance than single-factor

portfolios?” In other words, are the advanced beta portfolios just another marketing term or

is it actually financially beneficial for investors to diversify their exposure across multiple fac-

tors? Put more colloquially, is the advanced beta portfolio worth more than the sum of its parts?

The research question is ambitious. It cannot be conclusively answered by a single paper. I

therefore set my focus on the two previously mentioned factors of ESG and liquidity that are

less established in research. In the main part of this thesis I test how the addition of an ESG-tilt

and of an illiquidity-tilt improves the performance of single and multi-factor portfolios. The

hypothesis is that multi-factor portfolios offer improved risk-adjusted returns over single-factor

2https://www.unpri.org/pri/about-the-pri
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1 INTRODUCTION

portfolios based on the premise that they are better diversified. This diversification benefit

should be stronger for more specialised input portfolios. The multi-factor portfolios should pri-

marily improve their risk-adjusted performs through a reduction in risk rather than an increase

in return.

I believe this paper contributes to the current multi-factor research in three ways. First, I

expand the current literature by simulating illiquidity-tilted multi-factor portfolios. To the best

of my knowledge, nobody has undertaken this so far. By using illiquidity in the multi-factor

setting, I expand on Ibbotson et al. (2013), who advocate illiquidity-based single-factor port-

folios. Secondly, I expand prior research on ESG as a single-factor by Pollard et al. (2018).

The only previous research that incorporated and ESG-tilt in multi-factor portfolios is Melas

et al. (2016). However, I study a larger number of portfolios and over a much longer period.

Thirdly, the large number of multi-factor portfolios I simulate, allows me to test whether the

performance difference between single- and multi-factor portfolios is statistically significant.

To answer the research question, I use a cross-section of all stocks listed on NYSE, Amex,

and NASDAQ, as provided by the Center for Research in Security Prices (CRSP), from 1992

to 2019. This timeframe contains at least two full business cycles including the dotcom boom

and bust around 2000 and the financial crisis of 2008. With this data, quarterly rebalancing

multi-factor portfolios are created and their performance is compared. In total, I simulate 10

single-factor and 75 multi-factor portfolios. The methodology used to create and analyse these

portfolios is based on Blitz (2016), Alonso and Barnes (2016), Chow et al. (2018), and Amenc et

al. (2016). The performance metrics used for comparison of the portfolios follow Bender et al.

(2014). Besides risk and return, the main metrics for measuring the risk-adjusted performance

are the Sharpe Ratio (SR), the Treynor Ratio (TR), the Information Ratio (IR), and Jensen’s

Alpha (JA). I also use the Tracking Error (TE) versus the market portfolio . Lastly, I use the

Turnover Rate (TO) of stocks in the portfolios as a proxy for trading costs.

My analysis finds that multi-factor portfolios did improve the risk-adjusted performance.

The improvement was particularly strong when the input portfolios were more specialised. The

improvement was diminishing with the number of factors a portfolio already had explicit ex-

posure to. Beyond three factors, there seemed to be little potential for further improvements

through untargeted diversification. The ESG-tilt improved the risk-adjusted performance across

the entire period for single-factor portfolios (however, the sample size was too small to detect

a statistical difference), but not for multi-factor. In fact, the SR of the multi-factor portfolios

decreased on average (again statistically insignificantly). I attribute this to the limited ESG

data availability over the first half of the sample. In a separate analysis, I only test the subpe-

riod from 2007 until 2019, where I find that the ESG-tilt improved both single and multi-factor

portfolios significantly. Surprisingly, the improvement stemmed from higher return rather than

lower risk.

The illiquidity-tilt reduced the risk of all portfolios that I tested. In most cases this resulted

in an improved risk-adjusted performance. Across the entire time-series, the improvement in

12



1 INTRODUCTION

both single and multi-factor portfolios was statistically significant. My findings support the

implementation of factor-tilted funds, in particular funds with illiquidity-tilts.

Before looking at the structure of the paper, it is important to note that, broadly speaking,

there are two strands in the risk factor research. On one side, there is the research that aims to

explain stock market returns using factor models. This strand was spearheaded by the likes of

Lintner (1964), Fama and French (1992, 2015), and Carhart (1997). On the other hand, there

is the strand that is more concerned with how funds can best exploit such anomalies. This

strand was popularised by Sharpe (1978, 1992). The two strands are strongly interconnected.

While the former generally speaks of factors (and by extension beta), the latter uses the term

“style”. Smart beta is just different terminology for a style that is automatically implemented

by a fund. Style and factor are usually used interchangeably during the course of this paper.

The remainder of this paper is structured as follows. Firstly, in the literature review previous

research into the single and multi-factor portfolios is discussed. The next section describes the

data and methodology employed. In the results and discussion section, I first address the results

for the single-factor portfolios. This is followed by the general results for multi-factor portfolios

and specific results for ESG and illiquidity-tilted portfolios. Lastly, I address a number of

concerns and test three assumptions for their robustness before the conclusion.

13



2 LITERATURE REVIEW

2 Literature Review

In this section, I discuss the present state of the relevant literature. The section is structured as

follows: First, the most common investment styles and their underlying anomalies are discussed.

This is followed by a more in-depth discussion of the research regarding the focuses of this paper.

Lastly, research regarding multi-factor portfolios is summarised.

2.1 Anomalies, Styles, and Smart Beta

Sharpe (1978, 1992, 1994) has popularised the idea of investment styles. As the way to im-

plement a style, Sharpe (1994) stated that an anomaly is exploited by tilting a value-weighted

portfolio towards higher exposure to the anomaly. Sharpe (1992) distinguished between growth,

value, and different size-dependent styles. However, research has developed over 300 other styles.

According to Ibbotson et al. (2013, p.30), styles should be “identifiable before the fact“, “not

easily beaten”, “a viable alternative “, and “low in cost”. This thesis is limited to the eight

factors presented in this chapter plus the ESG and the illiquidity factors which are discussed

more in-depth in the two subsequent chapters.

Banz (1981) found that smaller firms, as determined by the market value of equity (ME),

outperform larger firms on a risk-adjusted basis. One explanation is, that investors lack cer-

tainty about the characteristics of smaller firms and will thus avoid holding their shares because

of a higher perceived risk. Another explanation is that the higher ME might not always be

justified and it is thus better to invest in “cheaper” firms. This anomaly has been coined the

size effect. To exploit the size effect portfolios are tilted towards small-cap stocks. Sceptics

include DeBondt and Thaler (1987) who argue that the outperformance of small firms can be

attributed to behavioural biases such as overreaction. Investor overreaction causes firms to

become smaller than they should be. When they revert to their actual size, investors earn an

abnormal return. Sorensen and Lancetti (2020) find that small-caps have underperformed over

the last 20 years, nevertheless, the style remains among the most popular.

Two styles are derived from the book equity (BE) to ME (book-to-price or book-to-market)

ratio. The higher this ratio, the cheaper or better value the firm is relative to its BE. Investing in

such firms is therefore called value style investing. Rosenberg et al. (1985) found that a strat-

egy that invested in high value stock yielded excess returns. Fama and French (1992) also found

that high book-to-market firms outperform the market. They argue that the value premium is

compensation for a firm’s distress. Lakonishok et al. (1994) acknowledge the excess returns of

value investing, but attribute it to suboptimal investor behaviour. Black (1993) is more radical

and attributes the ”success” of factor investing to data mining biases in the research. The

opposite style from value is called growth. The growth style buys firms that have small book-

to-price ratios. A low ratio indicates success in the past but also increases the risk of buying

stocks at high relative prices. These prices, however, can be justified, for example, due to intan-

gible assets that are not be properly represented in the book assets (Ung & Luk, 2016). Growth

firms are also associated with faster future growth and higher profitability (Cohen et al., 2003).

14



2.1 Anomalies, Styles, and Smart Beta 2 LITERATURE REVIEW

Litzenberger and Ramswamy (1982) found that high dividend stocks tend to achieve excess

returns. They argue that the anomaly is attributable to either due to tax effects or unknown

effects. Arnott et al. (2005) and Fama and French (1998) find that dividend yield outperforms

for the same reason as the value style. Generally, older, larger, and more profitable firms tend

to pay dividends. Dividends also have a strong signalling effect (Williams, 1988). Over the

past decades, share buybacks have risen in popularity compared to dividends. Hence, a high

dividend portfolio might not perform as well as it used to anymore and not all asset managers

appropriately account for this in their investment decisions (Hartzmark & Solomon, 2019). Tilt-

ing the portfolio towards stocks that have paid out high dividends in the past is called (high)

dividends or income style investing.

Jegadeesh and Titman (1993) found that buying stocks that overperformed in the past and

selling stocks that underperformed generates a significant positive return for holding periods

of three to twelve months. Hendricks et al. (1993) exclude that the outperformance can be

attributed to the commonly accepted market, value, and size risk factors. Fama and French

(1996) acknowledge this anomaly as missing in their three-factor model. Carhart (1997) coins

the term momentum effect. The momentum style (mom) buys stocks that have outperformed

over the past (usually) year. Alighanbari and Chia (2016) find it to be the most successful

style. De Bondt and Thaler (1987), on the other hand, attribute the outperformance to in-

vestor overreaction. Moreover, Daniel et al. (1998) find that momentum can be attributed to

behavioural biases, in particular self-attribution and overconfidence. In essence, momentum is

short-lag positive autocorrelation. If a longer lag is used or a longer investment horizon, then

the short-run outperformance turns into an underperformance. This indicates that an overre-

action is causing the high returns. This does not keep investors from exploiting the anomaly

in the short run. The biggest hurdle for momentum investors is the high stock turnover, which

incurs prohibitive trading costs (Malkiel, 2003). However, Asness et al. (2014) refute most of

the criticism directed at the momentum style.

Another investment style is (low) investment. A firms earnings can either be paid out

or they can be invested. Stock prices tend to react favourably to announcements of capital

investments. However, if the investments are financed by raising equity, rather than from cash

flow, the stock market tends to react negatively (Loughran & Ritter, 1995). On the other hand,

if cash flow is used for stock repurchases or dividends rather than investments the stock market

reacts positively (Ikenberry et al., 1995). Corporate governance research finds that there are

incentive issues with management’s decisions on how to invest earnings (Noe & Rebello, 1996).

Titman et al. (2004) suggest that investors underreact to the empire-building implications of

increased investment expenditures. Cooper et al. (2008) found that total asset growth is the

most useful proxy to measure investment as it already incorporates all of the mentioned effects

pulling the stock price in different directions. They further found it to be the most successful

style investment in their analysis. Xing (2008) and Fama and French (2015) show that higher

past investment predicts lower future returns. Hence the (low) investment style invests in firms

whose total assets have been increasing the least or even decreased over the previous 12 months.
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The second last style is called (high) profitability. Basu (1983) found that firms with a

higher earnings-to-price ratio outperform even after controlling for size, while the reverse did not

hold true. Novy-Marx (2013) concluded that profitability is a good predictor of stock market

returns. Fama and French (2015) supported this finding. More profitable firms offer investors

higher returns in the future. Such firms are of higher quality and are considered safer in case of

a crisis. Blitz (2016) found that the quality style is strongly exposed to the profitability factor.

Asness et al. (2019) use profitability as their singular quality proxy. This study follows their

approach by using profitability as the proxy for quality.

The last style discussed in this chapter is low volatility (vola). Volatility is the most com-

mon risk measure in financial research. A lower volatility stock is considered less risky. Baker

et al. (2014) find that low volatility stocks have higher SRs. Black (1993) finds that low-beta

(another risk proxy) stocks may be underpriced and high-beta stocks overpriced. Frazzini and

Pedersen (2014) attribute this to investors bidding up high beta assets excessively. Low volatil-

ity investments are particularly suited for investors with lower risk tolerance.

Among the more than 317 factors that Harvey et al. (2016) found, others such as leverage

(Bhandari, 1988) or low beta (Baker et al. 2014) are also common in practice. However, they

were excluded from this study for the purpose of conciseness. Instead, the discussion will move

on to how styles are actually implemented by smart beta funds. In theory, smart beta funds

could exploit the anomalies better using long-short portfolios (Blitz, 2016). Long-only portfolio

are exposed to other factors, especially to the market risk factor. However, in practice, smart

beta funds are usually long-only (Dopfel & Lester, 2018). One reason for this is that it is still

simpler to buy a stock than to short it (Stambaugh et al., 2015). Another point to consider

is the rebalancing frequency. The rebalancing frequency varies in both practice and research

(Boyadzhiev et al., 2018). It is a trade-off between tracking the desired factors closely and

keeping trading costs low. Unlike basic ETFs, smart beta funds need to not only rebalance

due to market-value changes but also due to changes in the exposure of firms to the desired

factor-tilt. This causes smart beta funds to have higher fees. Academic research uses proxies

to account for the rebalancing costs. One popular and simple proxy is stock turnover (Baker et

al., 2014). Kacperczyk et al. (2005) find median annual stock TO for U.S. mutual funds to be

65% and mean TO to be 88%.

Most research finds evidence in favour of smart beta funds. Malkiel (2014), on the other

hand, finds that they underperform the market and one would better invest in a basic ETF.

Another concern is that a tilt towards one factor also raises undesired exposures to other factors

(Hunstad & Dekhayser, 2015). It is important to be aware of the exposures of one’s investments.

Amenc and Goltz (2013) argue that separating the stock selection and the stock weighting can

help investors avoid such biases. For example, the investor can negatively screen exposure they

do not like. Not only the stock selection but also the best method to weigh stocks in the port-

folio is disputed.
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Lastly, Sharpe (1992) argued that styles should be value-weighted (according to market

capitalisation). However, research has since found that a market-capitalisation based weighting

approach leads to an (undesired) tilt towards large firms and not necessarily to a well-diversified

portfolio. Amenc et al. (2016) found that equal-weighting improved SRs but also increased stock

TO marginally. Hsu (2006) and Chang and Kruger (2015) report similar findings. Aked and

Moroz (2015) found that equal-weighted portfolios incurred higher trading costs. The diver-

sification problem of capitalisation-weighting can also be addressed by increasing the number

of stocks in the portfolio. Amenc et al. (2016) found that smaller, more concentrated portfo-

lios have higher returns but also more risk associated with them. This study tries to account

for these findings by testing for equal-weighting and different portfolio sizes in the robustness

chapter.

2.2 ESG as a Factor

According to Auer (2016), the non-financial benefits of ESG are undisputed, but what about

the financial benefits? There is no conclusive answer at this time. ESG investment research

is a new, but rapidly growing field of research (Pollard et al., 2018). Obstacles regarding data

availability and accessibility persist. This can cause problems with the implementation of ESG

strategies by asset managers. Kotsantonis et al. (2016) found that ESG ratings had not been

well integrated into investment strategies. A higher ESG rating indicates a better-managed

firm that is less at risk of adverse reputational effects and legal exposures. Hence, the longer

the holding period, the more likely adverse effects become for low ESG firms.

Studies before the year 2000 generally found that ESG investing underperformed the mar-

ket (Kotsantonis et al., 2016, p.10). After 2000, research has provided more conflicting results.

Hong and Kacperczysk (2009) found that “sin” stocks (such as gambling and tobacco) ex-

perience higher returns. They hypothesized that sin stocks were neglected by (institutional)

investors and analysts due to a societal norm against funding such activities. Lioui (2018) found

that investing in U.S. stocks with a low ESG rating and going short stocks with a high ESG

rating achieved a positive alpha over the period from 1992 to 2015. Statman (2006) found

no statistical performance difference between “normal” stocks and high ESG stocks. Mănescu

(2011) also found no significant difference in risk-adjusted performance between ESG screened

and conventional portfolios between 1992 and 2008. Lastly, Auer and Schumacher (2016) found

no benefit in an ESG-tilt in a sample from 2004 to 2014.

After 2000, numerous studies have provided results in favour of ESG-investing. Kempf and

Osthoff (2007) found that someone investing in (high) ESG stocks can achieve abnormal returns

of up to 8.7% per year using long-short portfolios. Even after controlling for the size, value,

and momentum factors excess return remained. The returns varied depending on the screening

approach. Generally, a combination of factors and ESG pillars worked best. Auer (2016) found

that ESG investments outperformed in Europe between 2004 and 2012, especially the gover-

nance pillar significantly increased performance. The (corporate) governance pillar has long

been a topic of financial research and has been associated with improved shareholder returns
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(Matos, 2020, p.14). Giese et al. (2019) found that in most regions around the world selecting

a portfolio based on ESG criteria reduced risk exposure between 2010 and 2017, but the effect

on return varied. In the U.S., for example, the ESG portfolio underperformed as it tended to

exclude large-cap tech firms that significantly outperformed the market towards the end of the

period.

Nagy et al. (2016) analysed two different ESG strategies. They called one ESG-tilt. This

strategy invested in high ESG stocks. They called the other strategy ESG-momentum. It in-

vested in stocks that have been increasing their ESG rating. Both outperformed the benchmark.

Part of this outperformance could indirectly be attributed to ESG signals after controlling for

other risk factors. Friede et al. (2015), in a meta-study of over 2,200 individual studies on

the relation between ESG and financial performance, found that the majority of studies found

a positive relationship between the two. Most of the studies were conducted after the year 2000.

The probably strongest call for a bigger role of ESG in asset management came from Pol-

lard et al. (2018). In their analysis, they concluded that ESG is an independent systemic risk

factor. They argued that future factor models should include an ESG factor. There has been

a debate on whether ESG should be considered a subcomponent of the quality factor. Both

factors aim to capture the quality of management. However, Bender et al. (2017) rejected this

idea as they found that the correlation between ESG and quality was low to negative. Melas

et al. (2016) and Giese et al. (2016) support smart beta portfolios based on an ESG style.

They found that ESG-tilted portfolios offer financial value to investors just as the previously

discussed traditional styles do.

There are several possible explanations for the diverging findings of researchers. Results vary

from market to market (Pollard et al., 2018). The screening approach can also differ. Nagy

et al. (2016) for example used ESG-momentum, others might simply use ESG to negatively

screen some firms. Some funds implement ESG as a best-in-class approach, which accounts

for the industry a firm is in (Statman, 2006). However, the likely biggest driver behind the

different results is the difficulty of measuring ESG. Dorfleitner et al. (2015), Semenova and

Hassel (2015), and Gibson et al. (2019) all found that different ESG data providers give vastly

different ESG ratings. Portfolios following different data providers would thus naturally result

in different performances. A popular choice among academics, especially due to its longitudinal

extent, is the KLD3 database. This thesis uses a popular method introduced by Kempf and

Osthoff (2007) to process the data points provided by the KLD database into ESG ratings. For

more information on this process and the reasoning behind the choice of the KLD database

consult Appendix A.

2.3 Liquidity as a Factor

The last risk factor, discussed in this paper, is (il)-liquidity. Illiquidity is the risk an investor

faces of not being able to readily sell a security they are holding (Keene & Peterson, 2007,

3Acronym for Kinder, Lyndenberg, Domini & Co. KLD has been acquired by MSCI in 2010.
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p.91). Moreover, illiquidity is also associated with higher trading costs (Ibbotson et al., 2013).

Liquidity is especially important for investors trying to sell larger positions without crashing the

stock price (Yan, 2008). All of this has made liquidity become an important consideration for

portfolio managers. This in turn has attracted the attention of academic research for liquidity

as a systemic risk factor and investment style.

Amihud and Mendelson (1986) found a significant positive relation between illiquidity and

returns. In their sample, the expected return was an increasing and concave function of a

stocks bid-ask spread. In other terms, investors were rewarded for holding illiquid securities.

Amihud and Mendelson (1986) used the bid-ask spread as the proxy for liquidity in a 20 year

sample period. The bid-ask spread can be thought of as representing the cost for the immediate

execution of a trade. Amihud and Mendelson (1986) also found that small-cap stocks are less

liquid. They conclude that low liquidity securities are not suited for frequent traders, but they

are attractive for investors with longer investment horizons.

Eleswarapu and Reinganum (1993) found that with an extended, 30 year sample period the

relation between liquidity and stock returns was only significant for the month of January and

attribute the illiquidity premium to the “the January effect”. Brennan and Subrahmanyam’s

(1996) findings, on hte other hand, support the initial findings of Amihud and Mendelson (1986).

Fama and French (1992), on the other hand, chose not to include liquidity as a factor in the

Fama-French 3-factor model, arguing the market, size, and value premia offered enough ex-

planatory power. Chordia et al. (2001) even found a positive and significant relation between

liquidity and return. In contrast, Amihud (2002) found that even after controlling for Fama-

French three-factor model, the market liquidity had a significant negative effect on expected

returns.

Pástor and Stambaugh (2003) found that liquidity explains almost half of the abnormal

return of the momentum strategy. Their findings also indicate that aggregate market liquidity

is an important determinant of returns. Liu (2006) found that a two-factor model, consisting

only of the market and liquidity factors has high explanatory power and can also explain the

value premium. Despite strong evidence since 1986 for the existence of a liquidity premium,

it has rarely been included as a control variable in academic studies (Subrahmanyam, 2010,

p.37). Ibbotson et al. (2013) analysed whether liquidity is a valid investment style in its own

right, sufficiently different from other styles, and fits all the style criteria laid out by Sharpe

(1992). They concluded that it is an independent style. It outperformed all styles except value

in their 27 year sample. They also showed that it is relatively cheap to implement as the rel-

ative liquidity of stocks stays quite constant. Ibbotson et al. (2013) argued that unlike most

of the other risk factors, conceptually, the liquidity premium has a very straightforward expla-

nation. Investors want to have liquid portfolios and are hence willing to pay a premium for them.

While the idea behind liquidity is simple, to measure liquidity is not (Amihud, 2002, p.33).

Different studies use different proxies. This could be one explanation for the conflicting results

of Chordia et al. (2001). Popular proxies are the relative bid-ask spread (Amihud & Mendelson,
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1986; Eleswarapu & Reinganum, 1993), the relative trading volume (Haugen & Baker, 1996;

Ibbotson et al. 2013), and the price sensitivity of orders (Brennan & Subrahmanyam, 1996;

Lee & Swaminathan, 2000; Yan, 2008). Several studies use more than one measure to improve

the robustness of their findings. This paper uses two different measures: The relative bid-ask

spread and the relative trading volume. These measures are best combinable with the quarterly

frequency of rebalancing in this thesis.

2.4 Multi-Factor Portfolios and Advanced Beta Funds

Fund managers and researchers started to combine multiple factors into so-called multi-factor

or advanced beta portfolios. They are supposed to offer a better risk-adjusted performance.

Advanced beta funds are recommended by many analysts (Dopfel & Lester, 2018). There is

also a growing body of research in support of multi-factor portfolios.

Amenc and Gotz (2013), as well as Ung and Luk (2016), found that a single style can un-

derperform significantly during certain periods. During the dotcom-bubble, the value factor

performed terribly and momentum performed very well. In the financial crisis, the reverse

occurred. Hence, combining the two styles can yield reduced risk over the individual styles

while preserving their returns (Asness et al. 2014). Overall, the combination outperformed its

constituents in terms of SR thanks to the low covariance of the two factors (Fitzgibbons et al.,

2017). Bender and Wang (2016) and Wahal (2019) found a similar effect for the quality and

value combination. Moreover, Ung and Luk (2016) found that the dividend and growth and the

dividend and momentum combinations perform well.

More complex multi-factor portfolios have been tested too. Bender et al. (2014) combined

value, low volatility, and quality and find evidence of beneficial effects of diversification. The

advantages were especially pronounced for shorter investment horizons. Asness et al. (2019)

record similar findings. Barber et al. (2015) successfully combined value, momentum, quality,

and low volatility into a 4-factor portfolio. Chow et al. (2018) added low investment to the

4-factor portfolio and found the resulting 5-factor portfolio outperformed all individual factors

in terms of SR. Amenc et al. (2017) combined six factors and find that depending on the setting,

the 6-factor portfolio strongly outperformed its individual constituents. Bender et al. (2014)

offer a great overview of some additional popular combinations and the rationale behind them.

Despite these findings, not everyone is convinced of the merits of multi-factor investments.

Amenc et al. (2018), criticise that findings from backtesting portfolios are biased. Huang et al.

(2020), in a recent working paper, find that both smart and advanced beta funds underperform.

They attribute research findings of high excess returns to backtesting and data mining issues.

They thus follow Black’s (1993) general criticism of risk factor premia. Lastly, Chen and Chi

(2018) found that timing factors, like smart beta and advanced beta essentially aim to do, only

works well for less developed financial markets such as China.
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Another topic of research is how to best combine risk factors. There are two fundamental

methods of creating multi-factor portfolios. First, there is the mixed approach, wherein portfo-

lios are first created for each factor individually. Subsequently, the single-factor portfolios are

merged to create mixed exposures. Chow et al. (2018, p.47) found that this approach works

well thanks to its diversification potential and easier implementation. This approach can also

be characterized as top-down. Secondly, there is the integrating approach, in which the multi-

factor portfolios select stocks that have exposure to all the desired factors. Fitzgibbons et al.

(2017,) for example, found that integrating avoids stocks offsetting each other’s exposures. It

worked particularly well when combining styles with lower covariance. Integrating reduces risk

and can achieve returns in excess of the two input styles.

Amenc et al. (2017, p.101) make the case that an integrated (they call it bottom-up) ap-

proach works better. Bender and Wang (2017) also find that such a bottom-up integration of

factors achieves better results. Integrating from the bottom-up allows moves in one factor to

be offset by another factor in what Fitzgibbons et al. (2017) called turnover netting. They find

multi-factor portfolios to be more stable with lower TO and thus lower trading costs. Amenc

and al. (2018) on the other hand criticise the bottom-up approach as being prone to overfitting

and testing biases.

Research has generally found the integrating approach to work better, while investors seem

to increasingly prefer the mixing approach (Chow et al. 2018). Some academics, such as Clarke

et al. (2016), even use mean-variance to optimize combinations of factor portfolios for their

SR. However, their approach risks falling trap to in-sample optimisation and is also difficult

to implement in a long-only setting, which is the norm for multi-factor portfolios (Amenc et

al., 2016). This paper, therefore, uses the by academia preferred bottom-up approach to create

long-only multi-factor portfolios. This approach is consistent with the findings and approaches

of Fitzgibbons et al. (2017), Bender and Wang (2016), and Amenc et al. (2016).
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3 Data and Methodology

This section is divided into three chapters. The first chapter describes the data and the factor

calculation. The second chapter describes the descriptive statistics of the factors. The third

chapter describes the portfolio construction process.

3.1 Data Description and Factor Calculation

I collect data from four different sources. Firstly, the CRSP database provided monthly market

data such as price, dividends, shares outstanding, trading volumes, and the total market return.

Secondly, the Compustat database provided quarterly fundamental data, such as total assets,

revenues, and costs of goods sold. Thirdly, the KLD database provided annual ESG data in the

form of strength and weakness dummy variables. The CRSP, Compustat, and KLD database

were all accessed through Wharton Research Data Services (WRDS). Lastly, monthly T-Bill

returns were downloaded from Kenneth French’s website4.

The dataset covers the period from January 1991 until December 2019. This timeframe was

chosen based on data availability. The ESG data is only available from 1991 onwards. The most

recent CRSP monthly return data is from December 2019. The datasets vary in scope. Com-

pustat and CRSP generally cover all NYSE, NASDAQ, and AMEX listed stocks. The KLD

dataset starts with a smaller scope. In 1991 KLD covers only around 600 American stocks.

This number grows to around 1,000 in the year 2000 and to 3,000 by the year 2005, with the

inclusion of the complete Russell 3000 index. In comparison, the CRSP dataset varies between

around 6,500 and 9,000 securities. In total, the US KLD dataset has 52,000 entries (each entry

representing one firm for one year) and the CRSP dataset has 2,800,000 (each representing one

firm for one month). I merged the CRSP and Compustat merged using the CRSPCompus-

tatLink provided by WRDS. Subsequently, I concatenated the KLD data with the CRSP and

Compoustat data by using the “CUSIP” identifier (after manual adjustment of the CUSIP due

to inconsistencies across databases).

In the next step, I calculated the ten factors for each stock for every quarter subject to

data availability. The ten factors are (small) size, value, growth, (il)-liquidity, dividends or

income, momentum, ESG, (low) investment, profitability or quality, and (low) volatility. For

this I follow the approaches from the research discussed in the literature review. The factors are

delayed to avoid hindsight bias. The delay varies from factor to factor. The exact methods for

calculating each factor along with its delay are described in Appendix A. I also calculated the

monthly total return for each stock from the CRSP price and dividend data. When calculating

the returns I account for exogenous changes such as stock issues or delistings.

I imposed minimum firm size and stock liquidity requirements that each stock had to fulfil

to be investible at a given time. Firms with market equity (ME) of below 3 Million USD or

book equity (BE) of less than 1 USD at the time of portfolio construction were not investable

4https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/index.html
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for the portfolios. Further, stocks that were little traded over the previous year were also ex-

cluded. This means stocks with a volatility value of exactly zero or an annual trading volume

of less than two percent of all outstanding shares were excluded. These measures were taken to

ensure that the stocks invested in by the portfolios were actually tradeable. Such restrictions

are common in research. Ibbotson et al. (2013) for example, exclude all firms with a ME below

5 million from and Cici et al. (2010) exclude untraded stocks from their sample.

Lastly, in case a stock missed the data for one factor, it became no longer purchasable for all

portfolios based on that factor. However, it remained purchasable for all other portfolios. The

investable total number of stocks per factor are presented in the descriptive statistics table.

3.2 Descriptive Statistics

This section describes the factor data that forms the basis for the stock selection process for

the portfolios. Table 1 presents the average number of firms for which valid observations exist

for every factor. It also presents the average values for these factors at the 0.01, 0.2, 0.5, 0.8,

and 0.99 percentile points. These average observations and percentiles were calculated from the

quarterly data that is used to create the portfolios.

Table 1: Descriptive Statistics for the Factors

This table shows the average value for the factors at the 0.01, 0.2, 0.5, 0.8, and 0.99 percentile
points. The table is split into the subperiods from 1992 until 2006 and from 2007 until 2019.
It also shows the average number of firms that had data available for each factor. For a
description of the factors please refer to Appendix A. 1Size is indicated in million USD,
2Book-to-market represents both the value and growth styles.

Subperiod 1992-2006
Breakpoint 0.01 0.2 0.5 0.8 0.99 # of Firms
Size1 5 35 158 863 27550 7637
Book-to-market2 0.04 0.26 0.56 1.09 25.07 6192
Liquidity 0.05 0.31 0.78 1.82 8.32 7058
Dividends 0.0% 0.0% 0.0% 3.0% 17.8% 7058
Momentum -0.75 -0.22 0.11 0.59 4.84 6926
ESG 34.9 52.0 58.3 61.7 72.2 1066
Investment -0.50 -0.05 0.08 0.33 4.34 5789
Profitability -77.4% -0.8% 5.0% 9.9% 52.6% 3347
Volatility 0.04 0.13 0.24 0.60 7.32 6990

Subperiod 2007-2019
Breakpoint 0.01 0.2 0.5 0.8 0.99 # of Firms
Size1 5 61 360 2327 59100 6847
Book-to-market2 0.03 0.28 0.63 1.25 32.54 4504
Liquidity 0.08 0.60 1.51 3.21 36.05 6456
Dividends 0.0% 0.0% 0.9% 4.2% 21.7% 6456
Momentum -0.74 -0.20 0.08 0.45 5.08 6361
ESG 40.7 51.7 54.6 57.9 71.3 2500
Investment -0.48 -0.05 0.05 0.21 2.36 4349
Profitability -66.2% -0.2% 4.4% 9.0% 69.2% 2838
Volatility 0.02 0.10 0.20 0.45 3.95 6406
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ESG is the only factor where more firms had valid observations in the second half of the

sample than in the first. In particular, the number of observations for the book-to-market and

the investment factors shrink by around 25%. Table 1 also shows that the ESG rating distribu-

tion, which is normalised to a scale of 0 to 100 is heavily concentrated around the mean value.

Apparently, firms that performed poorly with regards to one of the three ESG pillars were able

to compensate with the other two pillars.

The average liquidity at all percentiles increased substantially in the second half of the sam-

ple compared to the first half. This may be attributable to the effects of quantitative easing

and could have an impact on the performance of the liquidity based-portfolios. Simultaneously,

the average firm size also grew. Because the floor for firm size in the sample was 3 million USD,

there was obviously no movement for the smallest firms.

The average volatility decreased over the sample period. The volatility might be particularly

high in the first half of the sample as the dotcom boom and the subsequent bust caused elevated

levels of volatility for a long time. The last point I want to highlight is the profitability of the top

percentile increased substantially in the second half of the time period, while the profitability of

the less profitable firms stayed approximately the same. In Appendix C two correlation matrices

for the factors are provided (Tables C1 and C2).

3.3 Portfolio Construction

Once the factors are calculated, the portfolio construction is straightforward. Each single-factor

portfolio contains all the firms, which were above the threshold for that factor at the time of

the portfolio creation/rebalancing. Like in Bender and Wang (2016), the threshold I use is

0.8 (respectively, 0.2 for the factors use the bottom quantile). In the robustness section, I

also present results for thresholds of 0.7 (0.3) and 0.9 (0.1). For the multi-factor portfolios

the respective, individual factors are normalised and then added up. This method follows the

bottom-up approach of Chow et al. (2018). For the multi-factor portfolios, like in the case of

the single-factor portfolios, the firms whose normalised sum of factors are above the threshold

0.8 (0.2) are selected.

Due to the quarterly reporting of fundamental data by firms and the cost trade-off of fre-

quent rebalancing, the rebalancing frequency for the portfolio is quarterly. The rebalancing

months are January, April, July, and October. As is common practice in academia, at the

rebalancing the data from (at least) the previous month is used to avoid hindsight bias. The

first portfolios were only implemented in July 1992, as the calculation of the factors required

observations of up to 18 previous months.

After the stocks in a portfolio were selected, they also had to be weighted. In the main

part of the thesis, all the portfolios are value-weighted. Each stock selected for the portfolio is

purchased according to its market value relative to the sum of the market values of all portfolio

stocks at the closing of the previous month. This approach is in line with most of the literature
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on style portfolios (Alonso & Barnes, 2016; Blitz, 2016; Chow et al., 2018; Ibbotson et al., 2013).

However, as part of the literature advocates that equal-weighting is superior, such a weighting

approach is also tested in the robustness section.

Once a portfolio is constructed, it is held for three months until the next rebalancing. In

case a stock inside a portfolio is delisted during the holding period, its delisting value will be

reinvested at the 1-month T-bill rate for the remainder of the holding period. Dividends are

reinvested. The return for the portfolios used for further analysis is the monthly, continuous

total return. Albeit, in the outputs, they are annualised for a more intuitive understanding.

The risk-adjusted performance measures used to assess the portfolios are described in Appendix

B. They are similar to the measures used by Bender et al. (2014). Lastly, the two statistical

tests used to find a difference in distribution of these performance are the Mann-Whitney-U

(M-W) test and the Kolmogorov-Smirnov (K-S) test. These tests are also quickly addressed in

Appendix B.
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4 Results and Discussion

I present the results and discussion section in five chapters. First, in chapter 4.1, I analyse the

single-factor portfolio results with a focus on the robustness of the ESG and liquidity factors.

Then, in chapter 4.2, I analyse the multi-factor portfolios on aggregate and the multi-factor

portfolios described in chapter 2.4 individually. In chapters 4.3 and 4.4, I analyse the effects of

ESG and illiquidity- tilts on single and multi-factor portfolios. Lastly, in chapter 4.5, I address

a number of concerns and conduct three robustness tests.

4.1 Single-Factor Portfolios

In subchapter 4.1.1, I analyse the 10 style portfolios and compare them to the market. In

subchapter 4.1.2, this is followed by testing the performance of portfolios created from different

measures for ESG and liquidity.

4.1.1 Style Portfolios

The performance metrics for the 10 single-factor portfolios alongside the performance metrics

of the market are presented in Table 2. Low investment and quality had the highest annualised

returns at more than 12%. Illiquidity, quality, and low volatility were the safest portfolios.

Size and value underperformed with regards to both measures. Their SRs are thus low at less

than 0.31. This compares to the SR of the market of 0.50. The momentum style also slightly

underperformed the market, but all other styles outperformed it. The two best-performing

styles were quality and low volatility with a SR of 0.73.

Table 2: Style Portfolios

This table shows the average performance metrics of the 10 style portfolios and that of market. The
performance metrics represent the (average) performance across the entire sample period from 1992 until
2019. All performance metrics are annualised. For a more detailed explanation of the performance metrics
refer to Appendix B. ** indicate that the return was larger than 0 at the 95% significance level according
to a 2-tailed t-test. *** indicate a 99% significance level.

Style Return Risk SR TE IR TR JA TO

Size 5.3% ** 19.3% 0.15 3.9% -0.33 0.031 -2.4% 50.2%
Value 8.6% *** 20.4% 0.30 2.9% -0.10 0.051 -0.6% 85.0%
Growth 10.2% *** 15.5% 0.50 1.3% 0.11 0.084 2.6% 75.4%
Illiquidity 9.9% *** 14.0% 0.54 2.2% 0.03 0.091 2.9% 44.1%
High Dividends 10.5% *** 14.8% 0.55 2.6% 0.09 0.100 3.6% 35.4%
Momentum 11.1% *** 18.0% 0.48 2.6% 0.16 0.086 3.0% 144.1%
ESG 11.0% *** 15.8% 0.54 1.8% 0.22 0.093 3.4% 36.6%
Low Investment 12.5% *** 17.8% 0.57 2.4% 0.35 0.097 4.3% 115.2%
Quality 12.3% *** 13.5% 0.73 1.5% 0.51 0.121 5.3% 130.8%
Low Volatility 10.2% *** 10.7% 0.73 2.2% 0.07 0.131 4.4% 59.6%

Market 9.7% *** 14.7% 0.50 N/A N/A 0.073 0% N/A

The TR gives the same relative results as the SR did. Quality and low volatility had the best

performance, while the size and value portfolios had the worst. Another risk-adjusted return

measure in this paper is the IR. It uses TE instead of volatility as its risk measure. Therefore,

the low volatility portfolio with a low IR performs poorly. The two highest return portfolios,
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quality and low investment, also had the highest IR. Size and value actually had negative IRs,

because their average return was below the market.

The JA metric shows that low investment, quality, and low volatility have the highest re-

turns after controlling for the market risk premium. Lastly, the TO varied substantially. For

the momentum, low investment, and quality portfolios, it was on average above 100% over an

entire year. The dividends and ESG portfolios on the other hand had annual TOs of less than

40%. The low TO for ESG stocks can be explained by the fact that the ratings are realised on

an annual basis. Therefore, the ESG portfolio only experience major rebalancing once per year.

During the other three rebalancing occasions, rebalancing only occurs, if firms in the portfolio

ceased to be in the sample, for example because they went private or bankrupt. TO as a proxy

for transaction costs can also be deceiving. For example, the illiquidity portfolio has a low TO,

but the illiquid stocks will be costlier to trade than more liquid stocks in other portfolios.

Table 2 showed the performance metrics over a 27 year period. However, not all portfolios

performed the same over the entire sample. In particular, the performance during crises diverges.

Therefore, the rolling return volatility and the rolling active return over the entire sample are

plotted in Figure 1. The plot only starts in 1995 as both measures have a rolling window of 36

months.

Figure 1: Return and Volatility Styles

This figure shows the 36-months rolling averages of the annualised active returns, respectively of the volatility
of the monthly returns, for the 10 style portfolios. The active return is the portfolio return minus the market
return. Hence, the active return of the market is per definition always zero. The market return volatility is
included in Figure 1B.
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Figure 1A depicts the rolling active return of each single-factor style. There are a few points

I would like to highlight. The most important takeaway is that after 2012, no portfolio was able

to significantly outperform the market. Only from 2018 onwards, did the quality and growth

portfolios start to outperform again. At the same time value and size underperformed. These

developments were likely driven by the large-cap tech companies that were responsible for a

large share of total stock returns during this period. The quality and growth portfolios bought

into the tech stock while the value and small-cap (size) portfolio avoided them. The size portfo-

lio is also interesting, because it underperformed until 2000, then outperformed, before starting

to underperform again in 2007.

Another point of interest is the momentum portfolio. It performed well in the boom phase

just before the dotcom bust and the financial crisis of 2008 and then it started to underperform

during both crises. This is in line with the expectations of the momentum style. Interestingly

its movements were often in the opposite direction of those of the dividends portfolio.

Low investment, quality, and low volatility on the other hand often co-move. Especially,

low volatility performed well in the immediate aftermath of the two crises while never severely

underperforming the market. Figure 1B shows that low volatility was the least volatile portfolio

throughout the entire sample. Value, size, momentum, and low investment on the other hand

were volatile around the crises. The remaining portfolios had similar volatility levels to those

of the market. In particular, the two focus styles of ESG and illiquidity were quite defensive

and should therefore be able to decrease the riskiness of other portfolios through factor tilts.

However, first, alternative ways for measuring ESG and liquidity will be tested in chapter 4.1.2.

4.1.2 ESG and Illiquidity Styles

As the ESG and illiquidity factors are the focus of this paper, I tested one alternative measure

for liquidity and six alternative measures for ESG. The results for the portfolios, created from

these alternative measures are presented in Table 3 and Figure 2 and compared to the perfor-

mance of the portfolios created from the respective measure used throughout the rest of the

paper. For an explanation of the differences between the different ESG and liquidity measures

refer to Appendix A.

When comparing the performance metrics of the two different liquidity portfolios it is evident

that liquidityVol (which is the standard in this thesis and thus referred to as just illiquidity in

other parts of the paper) performed better. It outperformed liquiditySpread in every metric.

The probable cause for this difference is the monthly data frequency. Taking the bid-ask spread

only at the end of the months is probably too infrequent. However, monthly data is still more

frequent than Amihud and Mendelson (1986, p.45), who use the bid-ask spread from only

the last trading day of the year. The monthly data frequency does not adversely affect the

liquidityVol measure as the monthly data is just the aggregate of the daily or weekly trading

volumes.
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Table 3: Liquidity and ESG Style Portfolios

This table shows the performance metrics of two different ways to measure liquidity and seven different
ways to measure ESG. The performance metrics represent the (average) performance across the entire
sample period from 1992 until 2019. All performance metrics are annualised. For an explanation of the two
liquidity and the seven ESG measures consult Appendix A.

Style Return Risk SR TE IR TR JA TO

LiquidityVol 9.9% 14.0% 0.54 2.2% 0.03 0.091 2.9% 43.6%
LiquiditySpread 9.8% 15.9% 0.47 1.1% 0.04 0.076 1.9% 48.0%
ESG 11.0% 15.8% 0.54 1.8% 0.22 0.093 3.4% 37.2%
ESG ex 10.4% 16.0% 0.50 1.7% 0.13 0.086 2.8% 33.2%
ESG eq 10.3% 15.4% 0.52 1.2% 0.16 0.086 2.7% 36.8%
ESG eqex 10.1% 15.8% 0.48 1.4% 0.08 0.081 2.4% 32.8%
ENV 10.2% 15.9% 0.49 1.9% 0.09 0.085 2.7% 20.0%
GOV 11.0% 15.4% 0.56 2.3% 0.17 0.101 3.8% 35.6%
SOC 9.7% 15.4% 0.48 1.3% 0.01 0.079 2.1% 27.6%

Market 9.7% 14.7% 0.50 N/A N/A 0.073 0% N/A

Figure 2A shows that the returns of both liquidity measures usually moved together. For

most of the sample, liquidityVol’s return was higher, except for the period between 2001 and

2007. Meanwhile, the liquidityVol portfolio had low volatility during the dotcom bubble and up

to 2008, but high volatility during the financial crisis. On average, the illiquidity style based on

the liquidityVol measure clearly performed better. However, the underperformance of liquidi-

tySpread as a style does not mean that it will perform poorly when it is combined with other

factors in the following chapters.

For the ESG measure, I tested seven different ways of combining the KLD data to get an

ESG rating to build the portfolios from. The results presented in Table 3 show that all the

seven ESG portfolios performed similarly. All had SRs between 0.48 and 0.56 and TRs between

0.080 and 0.101. One finding is that penalizing “vices” firms in the portfolio selection decreased

the risk-adjusted performance measures. Both ESG and ESG eq performed better than the

portfolios based on the same weighting scheme but without a penalty for vices firms (ESG ex

and ESG eqex respectively).

Interestingly, the portfolio built from only the governance pillar of ESG (GOV) performed

the best among all the ESG portfolios. This result is in line with the findings of Auer (2016).

The social pillar of ESG (SOC) performed poorly, which probably caused the combination of all

three pillars to perform slightly worse than the portfolio only based on the GOV pillar. Figure

2A shows that the better average performance for GOV (versus the other ESG measures) is

primarily attributable to its outperformance between 2000 and 2006. Since 2012, GOV has in

fact been underperforming. The returns of the other ESG measures move almost concurrent

throughout the sample. In terms of volatility, as can be seen in Figure 2B, the GOV portfolio

was the only outlier among the ESG portfolio. GOV was less volatile during times of crisis and

more volatile than the other ESG measures in bull markets.
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Figure 2: Return and Volatility of Liquidity and ESG Styles

This figure shows the 36-months rolling averages of the annualised active returns (2A), respectively of the
volatility of the monthly returns (2B), for two liquidity and seven ESG portfolios. For an explanation of
the two liquidity and seven ESG measures consult Appendix A. The active return is the portfolio return
minus the market return. Hence, the active return of the market is per definition always zero. The market
volatility is included in Figure 2B.

The last point I would like to address with regards to ESG measures, is the limited cross-

section of the data, especially before 2004, where only around 500 firms had an ESG rating.

This is a problem for all ESG research. ESG data has historically been tilted towards large-cap

firms, as large-cap firms were the only firms disclosing ESG data. This means the universe of

ESG stocks is bound to move similarly as the (value-weighted) market. For this reason, the TE

of all the ESG measures is low (as shown in Table 3). The limited universe could also be partly

responsible for the small performance differences between the different ESG combinations in

this subchapter. There is no way of overcoming this data limitation aside from only sampling

after 2004. An approach that will be undertaken for the multi-factor portfolios in chapter 4.3.

4.2 Multi-Factor Portfolios

Chapter 4.2 is split into two subchapters. The first one analyses the aggregate performance of

all single- and multi-factor portfolios simulated throughout this thesis. The second subchapter

backtests the portfolios that researchers found to offer improved risk-adjusted performance

(from chapter 2.4). I analyse ESG-tilted and illiquidity-tilted portfolios separately and in more

depth in chapter 4.3 and 4.4 respectively.
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4.2.1 Single- vs. Multi-Factor Portfolios

In this subchapter, I compare all the simulated single and multi-factor portfolios. This is un-

dertaken in two ways. First, all the portfolios are plotted on a risk-return matrix. Secondly, I

use statistical tests to assess whether the performance metrics of single and multi-factor port-

folios follow the same distribution. In total, the sample contains 10 single-factor, 29 two-factor,

25 three-factor and 21 four and more-factor portfolios. Out of the multi-factor portfolios, 27

have an ESG-tilt and 30 have an illiquidity-tilt. For details on the performance of individual

portfolios consult Table D1 in Appendix D.

Figure 3 plots all simulated portfolios in a risk and return matrix. The colour indicates the

number of factor-tilts a portfolio has. At the lowest return and the zero-risk level, the “risk-

free” 1-month T-Bill portfolio can be found. The market portfolio is the labelled green dot. The

market portfolio was a sub-optimal investment from both a risk and return perspective. Most

of the single-factor portfolios are in the higher risk and lower return part of the plot. These

portfolios are not attractive for investors. Only the labelled low volatility portfolio could be

interesting for investors looking for a low-risk equity portfolio.

Figure 3: Return and Risk Matrix all Portfolios

This figure shows all the simulated portfolios plotted according to their average return and risk/volatility
from 1992 until 2019. The portfolios are grouped by the number of factors they are tilted towards. For
the data on individual portfolios consult Table D1. Moreover the average return and risk for market, the
risk-free 1-month T-Bill are also plotted. They are labelled along with four well performing portfolio.

The two-factor portfolios are more clustered towards the middle. However, five two-factor

portfolios are among the riskiest portfolios without offering adequate return compensation. The

labelled size-quality portfolio had the second highest return of all portfolios at 14.4%. It was

also among the riskiest portfolios. The portfolio could be interesting for investors that are more

concerned with return than risk.
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Almost all of the three and four and more-factor portfolios were among the group of portfolios

with the best risk-return performance. The illiquidity-value-size-vola and the illiquidity-value-

size-mom portfolios were the two positive outliers. They offered substantially higher returns

than other portfolios for their level of risk. The risk-return trade-off plot indicates the general

supremacy of multi-factor portfolios, especially of those with three or more factors. In the re-

mainder of this subchapter, I will test whether the difference is statistically significant.

I use the M-W and K-S test to conduct two different comparisons of groups. First, the

distributions of the performance metrics of the single-factor and multi-factor are tested. Each

performance metric is tested independently of the other performance metrics. This comparison

and its results are presented in Panel A of Table 4. To statistically verify the indication from

Figure 3 that the portfolios consisting of three and more factors performed particularly well, the

distribution of the performance metrics of the portfolios consisting of three and more factors

are compared with the distribution of the performance metrics of the portfolios with less than

three factors. This second comparison has the advantage that it allows for greater statistical

certainty as the distributions are better defined with both sample groups having more than 30

observations. The results of the second comparison are presented in Panel B of Table 4.

Table 4, apart from the p-values of the statistical tests, also shows the mean and the stan-

dard deviation of the groups that are tested. With the exception of IR in Panel A as well as

TE and TO in both panels, the group of portfolios that consist of more factors always had the

higher mean and a lower standard deviation. This affirms the impressions from Figure 3. But

what about the statistical significance of these differences?

In Panel A of Table 4 the distributions of SR, TR, and JA all improved with more than

99% confidence according to both the M-W and the K-S tests. Risk and return also improved

with more than 90% confidence. The IR improved but only the M-W test assigns a certainty of

above 90% to the improvement. The TE was on average approximately the same for the single

and the multi-factor portfolios. Overall, these results verify statistically the outperformance of

the multi-factor portfolios over the single-factor portfolios.

Panel B shows the same trend of the portfolios with more factors outperforming. The portfo-

lios with three and more factors significantly outperformed those with fewer than three factors.

The lower p-values show that the difference between the two tested distributions in Panel B is

statistically more certain than it was in Panel A. This should not be interpreted as that the

performance differences between the two groups are bigger in this case. Rather the two distri-

butions are more clearly defined because there is no distribution with a very low observation

count. This allows the tests to give more statistically significant results. Overall, the results in

Panel B of Table 4 shows that diversification to portfolios tilted towards at least three factors

is advisable from a risk-adjusted return perspective.

The only metric that clearly performed worse for the multi-factor portfolios was TO. The

difference was only significant in Panel B of Table 4. I, therefore, find no evidence of turnover
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Table 4: Statistical Comparisons all Portfolios

This table is split into two panels. All data in both panels is based on data of the entire sample from 1992
until 2019. In Panel A, the average performance metrics of the 10 single-factor portfolios are compared
with those of the 75 multi-factor portfolios. In Panel B, the average performance metrics of the 46 1 and
2-factor portfolios are compared to those of the 39 portfolios with 3 and more factors. Both panels present
the mean and standard deviation (Std. Dev.) of the performance metrics of the two groups in comparison.
They also include the p-value for the two tests which give the probability that the distribution of the two
groups performance metrics is the same. For more information see Appendix B.

Return Risk SR TE IR TR JA TO
Panel A: Single versus Multi-Factor Portfolios

Single-Factor Mean 10.1% 16.0% 0.51 2.3% 0.11 0.089 2.6% 77.6%
Portfolios (n=10) Std. Dev. 2.1% 2.9% 0.18 0.7% 0.23 0.030 2.4% 66.6%

Multi-Factor Mean 11.4% 13.8% 0.67 2.2% 0.23 0.119 4.7% 92.9%
Portfolios (n=75) Std. Dev. 1.2% 2.2% 0.11 0.5% 0.13 0.023 1.3% 33.6%

M-W test p-value 0.037 0.015 0.003 0.775 0.058 0.001 0.002 0.181
K-S test p-value 0.074 0.03 0 0.858 0.101 0.001 0.004 0.201

Panel B: 1-and-2 versus 3+ - Factor Portfolios

1 and 2-Factor Mean 10.8% 14.8% 0.59 2.2% 0.17 0.102 3.6% 82.2%
Portfolios (n=46) Std. Dev. 1.4% 2.8% 0.13 0.6% 0.17 0.024 1.6% 37.1%

3+-Factors Mean 11.7% 13.3% 0.71 2.3% 0.25 0.127 5.2% 98.7%
Portfolios (n=39) Std. Dev. 1.1% 1.7% 0.10 0.3% 0.13 0.021 1.1% 30.5%

M-W test p-value 0.001 0.015 0.000 0.156 0.011 0.000 0.000 0.034
K-S test p-value 0.003 0.015 0 0.021 0.005 0 0 0.019

netting for multi-factor portfolios. If anything, the multi-factor portfolios across the entire sam-

ple had higher stock turnovers. This is contrary to the results of Fitzgibbons et al. (2017).

Overall, to summarise, the results are as expected. The metrics that were expected to im-

prove have indeed improved. The single-factor portfolios average performance was significantly

lower than that of the multi-factor portfolios. The multi-factor portfolios also performed more

consistently. There is a potential bias towards well-performing multi-factor portfolios as a total

of 39 out of the 75 multi-factor portfolios are based on factor combinations that have already

been found to perform well by prior research. 26 of these 39 portfolios and most of the remain-

ing 36 multi-factor portfolios include either ESG or illiquidity-tilts. These latter 36 portfolios

should be less biased. To have unbiased results all possible combinations would need to be

tested. This was not undertaken due to the excessive amount of possible combinations. The 10

single-factors allow for 720 three-factor portfolios and more than 5,000 four-factor portfolios.

The statistical testing could also be extended. For example, Huberman and Kandel’s (1987)

mean-variance spanning test could be performed to analyse whether the new portfolios improved

the efficient frontier. The structure of this paper is, however, not ideal for this analysis. I thus

refrained from undertaken a spanning test. It could be interesting to set-up similar research for

mean-variance spanning in the future. Overall, the results of this subchapter affirm statistically

the hypothesis that multi-factor portfolios offer better risk-adjusted returns. This subchapter

analysed all the portfolios on aggregate. The following (sub-)chapters will look at the portfolios

on the individual level.
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4.2.2 Backtesting Multi-Factor Portfolios

In this subchapter, the multi-factor portfolios that have already been found to offer improved

risk-adjusted returns by prior research are tested. These are the portfolios that Bender et al.

(2014) document or that were explicitly discussed in Chapter 2.4 of this thesis. These portfolios

are also important for the remainder of the paper as I will test whether they (along with the

single-factor portfolios) can be further improved through ESG and illiquidity-tilts.

Table 5 shows, that all the multi-factor portfolios had a SR of more than 0.5 and offered

a return of more than 10% per year. This means they all outperformed the market (compare

Table 2). In terms of risk, most multi-factor portfolios had risk/volatility levels of below 15%.

However, none had a risk level below the low volatility portfolio. Nevertheless, all but three

portfolios offered better SR and all but two offered a better TR than any of their constituent

portfolios. Only the quality-value combination had a substantially lower SR, TR, and JA than

its best constituent portfolio (quality). This was likely due to the poor performance of the other

constituent portfolio (value). The combined portfolio’s performance was between that of the

two portfolios. Hence, overall there was no successful diversification effect for this portfolio, but

that means there is more room for improvement through ESG or illiquidity-tilts.

Table 5: Multi-Factor Portfolios

This table shows the average performance metrics of the 13 multi-factor portfolios that were derived
from previous research in chapter 2.4. The performance metrics represent the (average) performance
across the entire sample period from 1992 until 2019. All performance metrics are annualised. For
a more detailed explanation of the performance metrics refer to Appendix B. 1Value-Mom-Size-Vola,
2Value-Mom-Size-Vola-Investment, 3Value-Mom-Size-Vola-Investment-Size.

Factor Combination Return Risk SR TE IR TR JA TO

Quality-Value 11.7% 18.2% 0.51 2.8% 0.21 0.09 3.3% 148.3%
Quality-Vola 12.3% 12.3% 0.81 1.5% 0.50 0.13 5.7% 110.8%
Mom-Value 10.6% 15.0% 0.55 2.0% 0.15 0.09 3.2% 132.0%
Dividends-Growth 10.6% 13.2% 0.62 1.0% 0.27 0.10 3.5% 45.0%
Dividends-Mom 10.6% 13.1% 0.63 2.0% 0.13 0.11 3.8% 100.3%
Value-Mom-Size 13.5% 16.8% 0.66 2.7% 0.41 0.11 5.6% 97.3%
Value-Size-Vola 12.7% 12.1% 0.86 2.3% 0.38 0.15 6.3% 61.2%
Value-Quality-Vola 11.2% 12.1% 0.73 2.2% 0.20 0.13 5.0% 115.5%
Value-Mom-Vola 11.6% 12.0% 0.77 2.2% 0.25 0.14 5.4% 110.7%
Value-Mom-Quality 13.0% 16.2% 0.66 2.4% 0.40 0.11 5.4% 160.8%
4-Factor Portfolio1 12.4% 12.9% 0.78 2.1% 0.37 0.13 5.8% 149.8%
5-Factor Portfolio2 12.4% 12.2% 0.83 2.1% 0.39 0.14 6.0% 145.5%
6-Factor Portfolio3 13.1% 14.0% 0.77 2.8% 0.36 0.15 6.6% 133.7%

The best performing multi-factor portfolios achieved SRs above 0.8, better than the best

single-factor portfolios at 0.73. The IR on the other hand decreased for most multi-factor

portfolios compared to their best constituent. Hence, the increases in return could not fully

compensate for the increased TE of the multi-factor portfolios. Lastly, the TO increased for all

portfolios when compared to that of the lowest TO constituent. Most multi-factor portfolios

have annual TOs above 100%. At each quarterly rebalancing, on average, they thus sell more

than 25% of their holdings. The multi-factor portfolios will therefore incur higher trading costs.
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To conclude this subchapter, most multi-factor portfolios tested offer a clear risk-adjusted-

performance improvement over their constituent factors single-factor portfolios. They are more

than the sum of their parts. This finding offers additional evidence in support of multi-factor

portfolios. At the same time, it means it will be more difficult for the ESG and illiquidity-tilts

to further improve these already well-performing multi-factor portfolios in the coming chapters.

4.3 ESG-Tilted Portfolios

In this chapter, the addition of an ESG-tilt to single and multi-factor portfolios is considered.

The ESG-tilt is tested on all single-style portfolios and on the multi-factor portfolios that were

derived from literature in chapter 2.4 and further analysed in the previous subchapter 4.2.2.

First, the ESG-tilts are tested for the entire sample period, then for a subperiod and lastly for

a stock universe that is restricted to only stocks with ESG-ratings.

Table 6 displays the absolute changes in the performance metrics from the portfolios without

the ESG-tilt to the portfolio with the ESG-tilt. For example, the 5.2% for the return of the size

portfolio indicates that the return of the ESG-size portfolio was 5.2 percentage points higher

than the return of just the size portfolio. Obviously in the cases of risk, TE, and TO a decrease in

the metric indicates an improvement. Table 6 is split into Panel A which displays the results for

the single-factor portfolios and Panel B which displays the results for the multi-factor portfolios.

Panel A shows that the ESG-tilt improved six out of nine single-factor portfolios in terms

of SR and TR and five out of nine in terms of IR and JA. The improvements were particu-

larly large for the value and size portfolios that performed poorly as single-factor portfolios.

Only the quality and the vola portfolios became riskier after the ESG-tilt. These were the best

performing single-factor portfolios and the portfolios whose SR decreased the most from the

ESG-tilt. TE and TO also improved for most portfolios. The overall results indicate a slight

but inconclusive improvement for the ESG-tilted single-factor portfolios.

In Panel B, all but three multi-factor portfolios had a lower SR and higher volatility/risk

after the ESG-tilt. The 6-factor portfolio’s SR could be improved by 0.01 with the ESG-tilt.

The only portfolio that improved across all metrics was the quality-value portfolios. The last

portfolio whose SR improved was the value-mom portfolio. The latter two performed poorly on

their own and thus had a lot of room for improvement.

It is surprising that most portfolios became riskier after the ESG-tilt. This result goes

against the notion that the diversifying across factors reduces risk. The likely explanation is

that most of these portfolios were already well-diversified. Another issue that was already raised

in the previous chapters is the limited cross-section of ESG data. Especially before 2004, the

ESG-tilt unintentionally biased the portfolio towards the larger firms with ESG data and away

from the firms that had stronger exposure to the other constituent factors of the portfolios. This

could have led to a decrease in the performance that should not be attributed to the ESG-tilt.

To try and measure whether this is the reason behind the decreased performance of ESG-tilts,

35



4.3 ESG-Tilted Portfolios 4 RESULTS AND DISCUSSION

Table 6: ESG-Tilt Performance Difference

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the ESG-tilt from 1992 until 2019. The after the ESG-tilt portfolio is tilted towards ESG plus all
factors listed in the ”Portfolio before Tilt”-column. For the absolute performance metrics of the portfolios
refer to Table D1. The performance metrics are annualised. For a more detailed explanation of the
performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size 5.2% 0.0% 0.27 -1.36% 0.42 0.042 4.2% 2.1%
Value 2.6% -2.2% 0.18 -0.13% 0.27 0.039 4.0% -22.4%
Growth 1.0% -0.2% 0.07 0.18% 0.17 0.013 1.1% -14.5%
Illiquidity 0.5% -0.9% 0.07 -0.48% 0.08 0.014 0.8% 5.5%
Dividends -0.4% 0.0% -0.03 -0.93% -0.02 -0.011 -0.7% 5.0%
Mom -0.5% -2.7% 0.05 -0.73% -0.02 0.006 0.2% -21.9%
Investment -0.7% -1.8% 0.02 -0.46% -0.02 0.005 0.0% -22.4%
Quality -0.4% 2.2% -0.13 0.58% -0.20 -0.014 -0.8% -36.8%
Vola 0.5% 2.8% -0.12 -0.39% 0.09 -0.024 -0.5% 2.1%

Panel B: Multi-Factor Portfolios

Quality-Value 1.0% -3.2% 0.18 -0.56% 0.19 0.035 2.3% -39.2%
Quality-Vola -1.7% 1.2% -0.20 0.44% -0.36 -0.026 -1.8% -20.8%
Mom-Value 1.2% 1.7% 0.02 0.27% 0.14 0.008 0.9% -35.3%
Dividends-Growth 0.3% 1.2% -0.03 0.41% -0.01 0.000 0.1% 5.9%
Dividends-Mom 0.6% 1.1% -0.01 -0.29% 0.12 0.000 0.3% -5.2%
Value-Mom-Size -1.8% 0.5% -0.12 -0.18% -0.17 -0.015 -1.6% -7.7%
Value-Size-Vola -0.8% 2.3% -0.19 0.47% -0.15 -0.012 -0.8% -6.3%
Value-Quality-Vola 1.0% 3.4% -0.10 0.65% 0.06 -0.004 0.4% -23.6%
Value-Mom-Vola -0.6% 2.3% -0.17 0.03% -0.08 -0.026 -1.2% -16.6%
Value-Mom-Quality -0.9% -0.3% -0.04 -0.07% -0.09 -0.002 -0.5% -30.6%
4-Factor Portfolio1 0.2% 1.3% -0.06 0.10% 0.01 -0.004 0.0% -28.7%
5-Factor Portfolio2 -0.4% 1.7% -0.13 0.40% -0.11 -0.012 -0.6% -15.6%
6-Factor Portfolio3 -0.3% -0.4% 0.01 -0.23% 0.00 0.003 -0.1% -9.5%

I will conduct the same analysis for the second half of the total sample period, from 2007 until

2019. During this 13-year period, on average more than 2,500 ESG-rated firms are available for

investment.

The results of this analysis are presented in Table 7. The portfolio compositions and struc-

ture of the table are the same as in Table 6. In Panel A of Table 7, all but two portfolios

improved their risk, return, SR, TR, and JA metrics. Notably, the performance metrics in-

crease stronger than over the full sample period. In this subperiod, the case for adding an

ESG-tilt to single-factor portfolios is thus significantly stronger.

Like the single-factor portfolios, the multi-factor portfolios benefitted from the ESG-tilt

during this subperiod (Table 7 Panel B). All but 1 out of 13 portfolios improved their return,

IR, TE, TR, and JA. The SR increased in all but two cases. However, the improvements were

smaller than for the single-factor portfolios. Only risk did not improve in the majority of the

portfolios. This is the same as over the entire sample period and indicates that the overall
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Table 7: ESG-Tilt Performance Difference (2007-2019)

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the ESG-tilt from 2007 until 2019. The after the ESG-tilt portfolio is tilted towards ESG plus all
factors listed in the ”Portfolio before Tilt”-column. For the absolute performance metrics of the portfolios
refer to Table D3. The performance metrics are annualised. For a more detailed explanation of the
performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size 9.7% 2.1% 0.49 -0.71% 0.95 0.090 8.8% -9.5%
Value 2.2% -0.9% 0.11 0.14% 0.24 0.026 3.1% 20.2%
Growth -0.3% -0.4% -0.01 -0.33% 0.08 -0.002 -0.3% -5.5%
Illiquidity 4.6% -3.0% 0.41 -0.46% 0.82 0.074 5.6% 12.8%
Dividends 2.4% -2.7% 0.22 -1.36% 0.30 0.035 2.9% 3.7%
Mom 2.5% -2.3% 0.22 -1.12% 0.39 0.035 2.9% -17.6%
Investment 1.8% -3.8% 0.20 -0.79% 0.36 0.037 3.0% -16.8%
Quality -0.7% 0.0% -0.05 -0.05% -0.17 -0.006 -0.7% -29.2%
Vola 2.3% 2.5% 0.07 -0.94% 0.37 0.006 1.3% 6.0%

Panel B: Multi-Factor Portfolios

Quality-Value 1.9% -4.3% 0.23 -1.29% 0.42 0.039 3.2% -28.0%
Quality-Vola -0.2% 0.6% -0.05 -0.06% -0.03 -0.007 -0.3% -15.0%
Mom-Value 3.2% -0.2% 0.20 -0.19% 0.57 0.036 3.4% -24.6%
Dividends-Growth 0.8% 0.6% 0.03 -0.01% 0.26 0.007 0.7% 13.2%
Dividends-Mom 3.5% -0.1% 0.25 -0.81% 0.59 0.042 3.4% -7.7%
Value-Mom-Size 2.2% -0.3% 0.12 -0.23% 0.23 0.024 2.6% 9.7%
Value-Size-Vola 1.0% 2.3% 0.00 0.42% 0.21 0.010 0.9% 5.5%
Value-Quality-Vola 1.1% 1.1% 0.03 -0.35% 0.31 0.005 0.8% -20.7%
Value-Mom-Vola 1.5% 0.5% 0.09 -0.24% 0.22 0.017 1.3% -9.9%
Value-Mom-Quality 1.6% -1.6% 0.16 -0.68% 0.34 0.026 2.0% -25.6%
4-Factor Portfolio 1.1% 0.4% 0.06 -0.27% 0.24 0.011 1.0% -28.4%
5-Factor Portfolio 1.2% 0.1% 0.09 -0.18% 0.26 0.015 1.2% -19.2%
6-Factor Portfolio 2.3% -0.4% 0.19 -0.70% 0.38 0.028 2.2% -2.8%

performance improvement from the ESG-tilt was achieved through the return lever rather than

the risk lever. This does not take away from the clear risk-adjusted-performance improvement

that the ESG-tilt caused in the portfolios during this subperiod.

It is uncertain whether the performance improvements can only be attributed to the larger

ESG data sample in this subperiod or if it should be attributed to variations of the stock mar-

ket performance in time. To assess this, I conduct one last test. In this test, the investable

stock universe is restricted to only stocks that have ESG-ratings. This means that the change

in performance is no longer attributable to the different investment universe for the portfolios

before and after the ESG-tilt. However, one major drawback of this approach is that it in-

troduces a strong bias towards larger firms for the portfolios before the tilt. Considering the

focus of the test is to assess the benefits of ESG-tilts this should not constitute a major problem.

Table 8 shows how the ESG-tilt changed the performance of portfolios when all portfolios

are only constructed from firms that had valid ESG ratings. The results from Panel A of Table
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8 look similar to the results from Panel A of Table 6. The main difference is that the changes in

the metrics are now smaller. This is no surprise as the composition of the portfolios before and

after the tilt was bound to be more similar. The value and the size portfolios were less improved

by the ESG-tilt in this setup as their single-factor performance was already substantially better

compared to the full sample.

Table 8: ESG-Tilt Performance Difference only ESG-rated stocks

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the ESG-tilt from 1992-2019. All portfolios in this sample were limited to stocks with ESG data,
even the portfolios before the ESG-tilt. The after the ESG-tilt portfolio is tilted towards ESG plus
all factors listed in the ”Portfolio before Tilt”-column. The performance metrics are annualised. For
a more detailed explanation of the performance metrics refer to Appendix B. 1Value-Mom-Size-Vola,
2Value-Mom-Size-Vola-Investment, 3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size -0.9% -3.4% 0.04 -0.82% -0.01 0.007 0.1% 0.1%
Value 0.0% -3.8% 0.09 -1.04% 0.04 0.015 1.0% -11.0%
Growth 0.1% 0.8% -0.02 -0.07% 0.03 -0.005 -0.2% 6.4%
Illiquidity 1.3% 0.9% 0.05 -0.35% 0.18 0.003 0.7% 1.5%
Dividends -0.1% -0.5% 0.01 -0.52% 0.03 -0.003 -0.2% -2.5%
Mom -0.4% -0.9% 0.01 -0.40% -0.02 -0.001 -0.2% -31.5%
Investment 0.4% -0.7% 0.05 -0.30% 0.10 0.009 0.7% -21.7%
Quality -0.5% 1.2% -0.10 -0.18% -0.05 -0.020 -1.0% -16.5%
Vola 0.8% 1.3% -0.01 -0.62% 0.15 -0.014 0.0% -8.3%

Panel B: Multi-Factor Portfolios

Quality-Value 0.3% -2.6% 0.12 -0.47% 0.09 0.022 1.2% -32.9%
Quality-Vola -1.3% 1.1% -0.17 0.01% -0.19 -0.027 -1.6% -12.5%
Mom-Value 0.4% 1.0% -0.01 0.07% 0.04 -0.002 0.1% -24.8%
Dividends-Growth -0.2% 1.3% -0.08 -0.69% 0.04 -0.021 -0.9% 8.1%
Dividends-Mom 0.2% 0.9% -0.03 -0.42% 0.08 -0.009 -0.2% -17.5%
Value-Mom-Size -0.7% -1.4% 0.00 -0.17% -0.06 0.003 -0.2% -9.2%
Value-Size-Vola 0.2% -0.4% 0.04 -0.06% 0.03 0.009 0.4% -0.6%
Value-Quality-Vola 1.3% 0.7% 0.05 -0.10% 0.17 0.009 1.0% -13.8%
Value-Mom-Vola 0.1% 0.8% -0.03 -0.09% 0.02 -0.008 -0.2% -9.3%
Value-Mom-Quality 0.6% 0.1% 0.04 -0.12% 0.10 0.008 0.7% -27.9%
4-Factor Portfolio1 0.7% 1.0% 0.00 0.02% 0.09 0.002 0.5% -25.4%
5-Factor Portfolio2 0.3% 0.7% -0.02 -0.11% 0.05 -0.003 0.1% -14.7%
6-Factor Portfolio3 1.3% -0.1% 0.10 0.11% 0.13 0.024 1.5% -12.2%

Among the multi-factor portfolios in Panel B of Table 8, seven improved their SR, mostly

thanks to higher returns. This also meant that the IR improved for a11 of the portfolios. Seven

portfolios improved their TR and eight their JA. Overall, the ESG-tilt performed better in this

restricted setting than in the unrestricted setting. Despite this, the results in Table 8 remain

inconclusive. Interesting is that the TE decreased for most portfolios. In a value-weighted

environment, the TE is very dependent on large-cap firms. A lower TE can thus indicates that

a portfolio has more large-cap stocks as they resemble the market more strongly. Hence, the

lower TEs could indicate that larger firms performed better at ESG or that at least they were

better at reporting it (positively).
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For the last analysis in this chapter, I test whether the ESG-tilts results in different per-

formance metric distributions using the M-W and K-S tests. Because the ESG-tilt only visibly

improved both single and multi-factor portfolios in the subperiod from 2007 until 2019, I limit

the presentation of the test results in Table 9 to that setup. I also conducted the tests for the

other two setups in this chapter. the results showed no significant difference was achieved with

the ESG-tilt in terms of almost all metrics for those setups. Table 9 is split into two panels.

Each one for a different comparison of groups. In Panel A, the performance metrics of all the

portfolios before and after the ESG-tilt are compared.

Table 9: Statistical Comparison ESG-tilts

This table is split into two panels. All data in both panels comes from the full sample of stocks in the
subperiod from 2007 until 2019. In Panel A, the performance metrics are compared for groups of all 22
portfolios before and after the ESG-tilt. In Panel B, the performance metrics of the nine single-factor
portfolios before and after the ESG-tilt are compared. Both panels present the mean and standard deviation
(Std. Dev.) of the performance metrics of the two groups in comparison. They also include the p-value for
the two tests which give the probability that the distribution of the two groups performance metrics is the
same. For more information see Appendix B.

Return Risk SR TE IR TR JA TO

Panel A: All Portfolios

Before Tilt- Mean 7.1% 15.4% 0.43 1.9% -0.17 0.075 1.7% 97.6%
Portfolios(n=22) Std. Dev. 2.6% 2.7% 0.20 0.5% 0.38 0.035 2.9% 39.9%

After Tilt- Mean 9.2% 15.0% 0.57 1.4% 0.17 0.099 3.9% 86.7%
Portfolios(n=22) Std. Dev. 1.2% 2.1% 0.12 0.5% 0.24 0.019 1.4% 29.8%

M-W test p-value 0.002 0.742 0.026 0.002 0.001 0.014 0.008 0.372
K-S test p-value 0.001 0.29 0.028 0 0 0.011 0.011 0.29

Panel B: Only Single-Factor Portfolios

Before Tilt- Mean 6.6% 16.6% 0.37 2.0% -0.17 0.064 0.9% 77.0%
Portfolios(n=9) Std. Dev. 3.4% 2.9% 0.24 0.6% 0.49 0.042 3.7% 38.2%

After Tilt- Mean 9.5% 15.7% 0.55 1.5% 0.21 0.096 3.8% 69.4%
Portfolios(n=9) Std. Dev. 1.0% 2.5% 0.11 0.6% 0.22 0.017 1.3% 26.9%

M-W test p-value 0.058 0.310 0.102 0.047 0.031 0.085 0.070 0.965
K-S test p-value 0.019 0.239 0.075 0.075 0.004 0.075 0.019 0.96

Both test statistics in Panel A confirm that across the group of all 22 portfolios the ESG-tilt

improved the return with more than 99% confidence. There was no significant effect on the risk

of the portfolios, but the SR still improved with more than 95% confidence. Particularly inter-

esting is that the average IR before the tilts was negative. This means the active returns were

negative on average for this period. This can be attributed to the strong relative performance

of the market during this timeframe. The TE and JA both improved with a confidence level of

more than 95%.

In Panel B of Table 9 only the change for the single-factor portfolios is considered. This

means both groups only have nine observations. This results in lower confidence levels for both

tests, despite the bigger absolute differences in the mean in Panel B compared to Panel A. The

return, the IR, the TR, and the JA increases were still significant, at least at the 90% confidence

level. The improvement of the SR was just below the 90% confidence level for the M-W test,

but it was significant according to the K-S test.
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Table 9 confirms statistically the benefits of the ESG-tilt for the period from 2007 until

2019. In case of the single-factor portfolios, the benefit was not large enough in all performance

metrics to be significant. This should be attributed to the small sample size that makes statis-

tical tests difficult.

In summary, this chapter showed the limitations of ESG research due to data availability.

The ESG-tilt only performed well and statistically significant in the subperiod from 2007 until

2019, where the ESG data availability was the broadest. However, I was unable to establish

with certainty that the limitations in data availability was the reason why the ESG-tilt did not

perform well in the other two setups. Surprisingly, the ESG-tilt increased returns in most port-

folios rather than decreasing risk. The analysis also showed that, when restricting the investable

universe to only stocks with ESG-rating, the ESG-tilt was more successful than without this

restriction, but the improvements were still insignificant. Both robustness tests indicate that if

there were no data constraints, the ESG-tilt results would show stronger performance improve-

ment. The single-factor portfolios benefited from the ESG-tilt across all three setups despite

the data limitations. But the benefits were not always significant as the sample size of only nine

was too small for a high degree of confidence. Overall, the results show that ESG-tilts likely

improve performance, but the results are not conclusive. Improving ESG coverage (Pollard et

al., 2018) will allow future research to come to more conclusive findings.

4.4 Illiquidity-Tilted Portfolios

In this chapter, the merits of adding an (il)-liquidity-tilt to portfolios are tested. The struc-

ture is the same as in the previous chapter. The illiquidity-tilts based on liquidityVol measure

are tested over the entire sample and over the first and second half separately. Subsequently,

illiquidity-tilts based on the liquiditySpread measure are tested only for the entire period. Un-

like ESG data, liquidity data is available for almost all firms in the sample, hence there should

be no problems with data limitations or unwanted tilts.

Panel A of Table 10 shows that adding an illiquidity-tilt reduced the risk of all single-factor

portfolios. In six out of nine cases the reduction of risk was associated with a reduction in

return. Overall, eight portfolios had a higher SR and all portfolios improved their TR. Only in

terms of the IR did the performance decrease as returns decreased and TE increased for most

portfolios.

For the multi-factor portfolios in Panel B the change was similar. All portfolios became

less risky while most also reduced their return. This again meant that in terms of IR only four

portfolios increased their performance, while nine decreased it. In terms of TR all but three and

in terms of SR all but six portfolios improved their performance. The stock turnover decreased

for all but one portfolio. This corroborates Baker et al. (2014) who find that illiquidity-based

strategies are affordable to implement.
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Table 10: Illiquidity-Tilt Performance Difference

This table shows the absolute difference of the average performance metrics of the portfolios before and after
the Illiquidity-tilt from 1992 until 2019. The after the illiquidity-tilt portfolio is tilted towards illiquidity
plus all factors listed in the ”Portfolio before Tilt”-column. For the absolute performance metrics of the
portfolios refer to Table D1. The performance metrics are annualised. For a more detailed explanation of
the performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size 6.7% -7.2% 0.64 -0.97% 0.56 0.126 8.5% -5.4%
Value 1.5% -5.7% 0.22 -0.48% 0.16 0.041 3.6% -24.8%
Growth 0.0% -3.4% 0.15 0.37% -0.02 0.027 1.3% -5.5%
Dividends -0.1% -1.5% 0.05 -0.20% -0.01 0.005 0.2% -7.5%
Mom -0.6% -5.0% 0.14 -0.68% -0.03 0.019 0.7% -25.6%
ESG -0.6% -2.8% 0.07 0.01% -0.10 0.012 0.3% 13.0%
Investment -1.7% -3.1% 0.01 0.30% -0.22 0.010 -0.3% -24.1%
Quality -1.4% -2.1% 0.02 0.73% -0.34 0.016 -0.3% -22.9%
Vola -0.3% -0.1% -0.02 0.28% -0.04 0.001 -0.1% -11.5%

Panel B: Multi-Factor Portfolios

Quality-Value 1.5% -4.2% 0.26 -0.10% 0.17 0.053 3.2% -40.0%
Quality-Vola -1.1% -1.1% -0.02 0.59% -0.29 0.007 -0.5% -16.1%
Mom-Value -0.9% -1.4% -0.01 0.28% -0.14 0.002 -0.3% -39.9%
Dividends-Growth -0.3% -1.2% 0.03 0.76% -0.17 0.012 0.4% 2.3%
Dividends-Mom -0.2% -0.8% 0.02 0.12% -0.04 0.004 0.1% -25.7%
Value-Mom-Size 1.3% -3.2% 0.25 -0.07% 0.15 0.054 2.6% -26.5%
Value-Size-Vola 1.0% -1.0% 0.17 0.29% 0.07 0.048 1.7% -12.4%
Value-Quality-Vola -0.6% -0.8% 0.00 0.23% -0.09 0.004 -0.2% -23.3%
Value-Mom-Vola -0.6% -0.4% -0.03 0.22% -0.10 0.000 -0.4% -25.3%
Value-Mom-Quality -1.2% -2.7% 0.04 0.17% -0.16 0.015 -0.1% -32.2%
4-Factor Portfolio1 -1.5% -1.4% -0.04 0.32% -0.22 -0.001 -0.9% -30.9%
5-Factor Portfolio2 -1.6% -0.8% -0.08 0.36% -0.24 -0.006 -1.1% -21.2%
6-Factor Portfolio3 0.2% -1.7% 0.12 0.10% 0.01 0.027 0.8% -26.3%

The most striking result in Table 10 is the performance of the illiquidity-size combination.

The combination achieved a SR of 0.79 (0.64 better than the pure size style). More importantly,

the strong performance can be found in all portfolios that the size-illiquidity combination is a

part of. In fact, the four best performing illiquidity-tilted portfolios in absolute terms also

include a size-tilt (Appendix D Table D1). Even the 6-factor portfolio benefitted from the

illiquidity-tilt with an SR increase of 0.12 and a TR increase of 0.027. The illiquidity-size com-

bination is thus of particular concern for the other tests in this chapter.

Figure 4 shows all the portfolios presented in Table 10 in the risk and return space. The

bulge group of portfolios with risk below 15% and return above 10%, is clearly dominated by

the portfolios after the illiquidity-tilt (grey). It also contains a number of multi-factor portfolios

before the tilt. However, the two (positive) outliers are the illiquidity-value-size-vola and the

illiquidity-value-momentum-size portfolios. Both contain the previously discussed illiquidity-

size combination. Overall, the visualisation shows why investors should prefer multi-factor
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portfolios, especially ones with illiquidity-tilts. However, is the difference that can be observed

in Figure 4 large enough to be statistically significant?

Figure 4: Return and Risk Matrix Illiquidity-Tilts

This figure shows all the portfolios from Table 10 before and after the tilt according to their average return
and risk/volatility from 1992 until 2019. For the data on individual portfolios consult Table D1. Moreover,
the average return and risk for market, the risk-free 1-month T-Bill are also plotted. They are labelled along
with two well performing portfolio.

The results for the statistical tests are shown in Table 11. They are split into one com-

parison of the distribution of all portfolios before and after the illiquidity-tilt in Panel A and

a comparison of the distribution of only the nine single-factor portfolios before and after the

illiquidity-tilt in Panel B.

The risk could be reduced with more than 99% certainty across all portfolios (Panel A)

and also across only the single-factor portfolios in both statistical tests (Panel B). The increase

in SR was insignificant across all portfolios. Only in the case of the single-factor portfolios

was the difference significant. The likely reason why the difference was insignificant across all

portfolios is that, there were already well-performing multi-factor portfolios in the group before

the illiquidity-tilt. These portfolios skewed the distribution and make it look more similar to

the after the tilt distribution. In terms of TR, the difference was again significant for all the tests.

The IR difference was also significant at the 90% confidence level for all portfolios in the

M-W test. However, the M-W test is two-sided. In this case, the portfolios after the illiquidity-

tilt performed worse. Lastly, the illiquidity-tilt reduced the TO significantly for all portfolios.

Overall, the tests show the illiquidity-tilted portfolios, especially when created from the single-

factor portfolio, are significantly better.
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Table 11: Statistical Comparison Illiquidity-Tilts

This table is split into two panels. All data in both panels comes from the all stocks from 1992 until
2019. In Panel A the performance metrics are compared for groups of all 22 portfolios before and after
the illiqudity-tilt. In Panel B the performance metrics of the nine single-factor portfolios before and after
the illiquidity-tilt are compared. Both panels present the mean and standard deviation (Std. Dev.) of the
performance metrics of the two groups in comparison. They also include the p-value for the two tests which
give the probability that the distribution of the two groups performance metrics is the same. For more
information see Appendix B.

Return Risk SR TE IR TR JA TO
Panel A: All portfolios

Before Tilt- Mean 11.2% 14.8% 0.62 2.2% 0.23 0.108 4.1% 102.0%
Portfolios(n=22) Std. Dev. 1.8% 2.7% 0.17 0.6% 0.20 0.030 2.2% 40.2%

After Tilt- Mean 11.2% 12.5% 0.71 2.4% 0.17 0.128 4.8% 80.7%
Portfolios(n=22) Std. Dev. 1.4% 1.2% 0.13 0.3% 0.14 0.027 1.5% 30.3%

M-W test p-value 0.324 0.002 0.133 0.348 0.091 0.039 0.385 0.064
K-S test p-value 0.146 0.004 0.146 0.517 0.146 0.067 0.146 0.067

Panel B: Only Single-Factor Portfolios

Before Tilt- Mean 10.2% 16.2% 0.51 2.3% 0.12 0.088 2.6% 81.4%
Portfolios(n=9) Std. Dev. 2.2% 3.0% 0.19 0.8% 0.24 0.031 2.5% 40.5%

After Tilt- Mean 10.5% 12.9% 0.64 2.3% 0.10 0.114 4.0% 66.2%
Portfolios(n=9) Std. Dev. 0.6% 1.4% 0.09 0.4% 0.06 0.021 0.9% 30.1%

M-W test p-value 0.757 0.007 0.038 0.965 0.825 0.024 0.145 0.508
K-S test p-value 0.593 0.004 0.019 0.96 0.96 0.019 0.075 0.96

In the subsequent test, the entire sample period is split into two (approximately) halves

to assess whether the improvements in risk-adjusted performance are present throughout the

sample. The results for the first half of the sample from July 1992 until December 2006 are pre-

sented in Table 12. Overall, the performance changes from the illiquidity-tilts are very similar

to those of the full sample. All portfolios became less risky. The same portfolios improved their

TR. The movements in terms of return, SR, and JA are also very similar. Only in the case of

the IR and TE is there some divergence. Now four out of nine single-factor portfolios could be

improved, while all but two multi-factor portfolios decreased their IR.

The illiquidity-size combination performed even better in this subperiod than in the full

sample. Again all four portfolios containing these two factor-tilts are among the best perform-

ing portfolios with regard to TR and SR. The illiquidity-size portfolio itself had an absolute SR

of 1.34 (Table D2 in Appendix D), the highest in the sample and 1.01 higher than the size style

portfolio by itself. These results indicate that the outperformance of illiquidity-size cannot be

as strong in the second half of the sample.

Table 13 shows the results of the illiquidity-tilt from January 2007 until December 2019.

Again, all portfolios became less risky. But in this subperiod a majority of portfolios also

achieved higher returns. This resulted in an increase of the SR in all but four portfolios. Only

3 out of the 22 portfolios had a lower TR after the tilt. The IR increased in eight portfolios,

more than over the entire sample period. The portfolios with a size-tilt were again the biggest
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Table 12: Illiquidity-Tilt Performance Difference (1992-2006)

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the illiquidity-tilt. The after the illiquidity-tilt portfolio is tilted towards illiquidity plus all factors
listed in the ”Portfolio before Tilt”-column. For the absolute performance metrics of the portfolios
refer to TableD2. The performance metrics are annualised. For a more detailed explanation of the
performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size 6.8% -10.5% 1.01 -1.19% 0.60 0.229 9.8% -45.3%
Value 4.1% -7.6% 0.59 -0.36% 0.44 0.118 7.3% 11.0%
Growth 0.7% -4.0% 0.19 0.43% 0.16 0.034 2.4% -13.4%
Dividends -0.7% -1.2% 0.04 0.00% -0.07 0.006 -0.3% -5.1%
Mom -0.8% -6.5% 0.25 -0.71% 0.04 0.037 1.3% -27.5%
ESG -1.4% -3.6% 0.04 -0.15% -0.17 0.007 0.0% 12.2%
Investment -2.3% -4.3% 0.09 0.17% -0.27 0.032 -0.5% -22.5%
Quality -1.6% -1.7% -0.03 0.90% -0.32 0.020 -0.3% -30.6%
Vola -0.6% -0.2% -0.04 0.45% -0.11 0.010 -0.2% -14.9%

Panel B: Multi-Factor Portfolios

Quality-Value 2.5% -5.2% 0.49 -0.04% 0.24 0.111 4.8% -48.3%
Quality-Vola -1.6% -1.2% -0.04 0.74% -0.35 0.013 -0.6% -23.2%
Mom-Value -0.3% -1.9% 0.12 0.42% -0.14 0.037 0.8% -39.0%
Dividends-Growth -0.7% -1.2% 0.01 0.98% -0.30 0.014 0.3% -5.8%
Dividends-Mom -0.6% -0.9% 0.02 0.36% -0.17 0.012 -0.1% -26.0%
Value-Mom-Size 0.3% -3.0% 0.35 0.22% -0.06 0.098 1.8% -27.5%
Value-Size-Vola -0.3% -1.3% 0.17 0.41% -0.13 0.088 0.7% -12.6%
Value-Quality-Vola -0.7% -0.8% -0.01 0.15% -0.09 0.003 -0.3% -25.4%
Value-Mom-Vola -1.1% -0.3% -0.07 0.18% -0.16 -0.005 -0.9% -26.6%
Value-Mom-Quality -2.5% -3.3% 0.02 0.22% -0.29 0.016 -1.0% -33.6%
4-Factor Portfolio1 -2.6% -1.7% -0.09 0.39% -0.34 -0.004 -1.7% -29.8%
5-Factor Portfolio2 -2.0% -1.0% -0.10 0.42% -0.29 -0.001 -1.3% -12.1%
6-Factor Portfolio3 0.7% -2.5% 0.28 0.01% 0.06 0.064 1.7% -24.0%

beneficiaries of the illiquidity-tilt. However, from 2007 until 2019, the size style had a negative

average return (Table D3 in Appendix D). Likely due to this, the portfolios with a size-tilt still

performed poorly in absolute terms. None of the portfolios with a size-tilt had a higher SR

than the market in this subperiod.

For the last illiquidity-tilt test setup, the portfolios were tilted towards the illiquidity factor

that is proxied by the bid-ask spread instead of the trading volume. As a single-factor portfolio,

the illiquidity-spread portfolio underperformed the illiquidity-volume portfolio, but it is possible

that it has stronger synergies with other portfolios. The results of this analysis are presented

in Table 14. This illiquidity-tilt no longer lowers risk in most cases. However, it does improve

the return more often now. Overall, this results in an improvement of the SR in six out of nine

cases in Panel A and only 3 out of 13 cases in Panel B. JA and TR improved for four portfolios

in Panel A and three, respectively two in Panel B. The only risk-adjusted return measure which

performed better with the liquiditySpread measure than the liquidityVol measure was the IR.

This improvement can be attributed to the lower TEs and higher returns.
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Table 13: Illiquidity-Tilt Performance Difference (2006-2019)

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the Illiquidity-tilt. The after the illiquidity-tilt portfolio is tilted towards illiquidity plus all factors
listed in the ”Portfolio before Tilt”-column. For the absolute performance metrics of the portfolios
refer to TableD3. The performance metrics are annualised. For a more detailed explanation of the
performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size 6.5% -3.9% 0.45 -0.69% 0.55 0.085 7.5% -34.1%
Value -1.4% -4.2% -0.03 -0.73% -0.34 -0.005 0.0% 7.9%
Growth -0.7% -2.8% 0.09 0.31% -0.23 0.018 0.2% 2.3%
Dividends 0.5% -1.7% 0.07 -0.48% 0.01 0.008 0.7% -10.2%
Mom -0.3% -3.3% 0.06 -0.64% -0.15 0.007 0.4% -23.5%
ESG 0.2% -1.8% 0.09 0.38% -0.04 0.019 0.8% 15.8%
Investment -1.0% -2.1% -0.01 0.51% -0.09 0.004 0.1% -26.6%
Quality -1.1% -2.5% 0.06 0.48% -0.41 0.015 -0.2% -16.4%
Vola 0.0% 0.0% 0.00 0.04% 0.01 0.001 0.0% -7.6%

Panel B: Multi-Factor Portfolios

Quality-Value 0.4% -3.4% 0.11 -0.23% 0.05 0.021 1.6% -30.9%
Quality-Vola -0.6% -1.0% 0.01 0.36% -0.19 0.005 -0.2% -8.2%
Mom-Value -1.6% -1.0% -0.09 0.06% -0.26 -0.015 -1.3% -40.9%
Dividends-Growth 0.1% -1.1% 0.06 0.46% 0.00 0.013 0.5% 11.1%
Dividends-Mom 0.2% -0.6% 0.03 -0.18% -0.02 0.004 0.3% -25.3%
Value-Mom-Size 2.4% -3.4% 0.19 -0.48% 0.22 0.036 3.5% -25.4%
Value-Size-Vola 2.5% -0.7% 0.21 0.16% 0.43 0.044 2.9% -12.2%
Value-Quality-Vola -0.5% -0.8% 0.00 0.40% -0.09 0.006 -0.1% -20.9%
Value-Mom-Vola -0.1% -0.5% 0.00 0.33% 0.08 0.003 0.1% -23.8%
Value-Mom-Quality 0.2% -2.1% 0.08 0.12% 0.03 0.020 1.0% -30.6%
4-Factor Portfolio1 -0.3% -1.0% 0.03 0.25% -0.04 0.008 0.1% -29.5%
5-Factor Portfolio2 -1.0% -0.6% -0.05 0.29% -0.17 -0.006 -0.7% -20.2%
6-Factor Portfolio3 -0.4% -0.8% 0.00 0.22% -0.03 0.002 -0.1% -28.8%

Overall, the illiquidity-tilt, when based on the liquiditySpread measure, did not improve

factor portfolios. Neither the single, nor the multi-factor portfolios were visibly improved on

a risk-adjusted basis. It would need to be tested whether a liquidity measure based on more

frequent bid-ask spreads data points would yield better results. The measure as it is used in

this paper is not suited to construct successful multi-factor portfolios.

To conclude this chapter this paragraph offers a short summary of the most important find-

ings. Illiquidity-tilts based on the liquidityVol measure significantly improved risk-adjusted per-

formance for single-factor portfolios. For multi-factor portfolios, the improvement was smaller

and no longer statistically significant in terms of the SR, but still significant in terms of the

TR. A risk reduction for all portfolio through the illiquidity-tilt was the driving force behind

the improved risk-adjusted returns. The returns themselves did not significantly change. The

illiquidity-tilt also decreased stock turnover significantly, indicating lower trading costs. These

findings hold true in both the first and the second half of the sample period. But the difference

between the portfolios performance before and after the illiquidity-tilt was bigger in the first
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Table 14: LiquiditySpread-Tilt Performance Difference

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the Illiquidity-tilt from 1992 until 2019. In this table the illiquidity-tilt is based of the LiquiditySpread
measure. The after the illiquidity-tilt portfolio is tilted towards illiquidity plus all factors listed in the
”Portfolio before Tilt”-column. The performance metrics are annualised. For a more detailed explanation
of the performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size 4.8% 1.5% 0.22 -0.74% 0.37 0.036 3.5% 35.6%
Value 0.3% -2.9% 0.07 -0.98% -0.01 0.011 1.2% -11.0%
Growth 0.2% 0.1% 0.01 -0.14% 0.06 0.000 0.1% -22.8%
Dividends -0.3% -1.0% 0.02 -1.36% 0.04 -0.009 -0.5% 6.1%
Mom -0.9% -2.5% 0.02 -1.13% -0.06 -0.003 -0.5% -34.7%
ESG -0.8% 1.6% -0.10 0.61% -0.15 -0.011 -1.0% 15.3%
Investment -0.6% -3.6% 0.10 -1.13% 0.18 0.013 0.4% -19.3%
Quality -0.8% 1.3% -0.12 -0.25% -0.09 -0.020 -1.3% -45.0%
Vola 0.9% 2.6% -0.08 -1.09% 0.29 -0.025 -0.4% 0.7%

Panel B: Multi-Factor Portfolios

Quality-Value 0.3% -3.2% 0.13 -1.25% 0.24 0.019 1.2% -28.9%
Quality-Vola -0.7% 1.5% -0.14 -0.25% -0.07 -0.023 -1.2% -26.4%
Mom-Value -0.7% 1.5% -0.09 -0.31% -0.09 -0.015 -1.2% -18.7%
Dividends-Growth -0.1% 1.6% -0.07 -0.12% 0.01 -0.010 -0.6% -0.1%
Dividends-Mom 0.3% 0.9% -0.02 -0.76% 0.15 -0.008 -0.2% -11.3%
Value-Mom-Size -1.7% -1.0% -0.06 -0.69% -0.10 -0.013 -1.5% 33.1%
Value-Size-Vola -1.4% 1.0% -0.17 0.06% -0.18 -0.023 -1.5% 9.1%
Value-Quality-Vola 0.9% 0.9% 0.02 -0.64% 0.23 -0.004 0.3% -21.8%
Value-Mom-Vola 0.0% 1.4% -0.08 -0.62% 0.10 -0.020 -0.6% -8.5%
Value-Mom-Quality -1.2% -1.3% -0.03 -0.70% -0.04 -0.007 -0.9% -25.2%
4-Factor Portfolio1 0.2% 0.6% -0.03 -0.40% 0.11 -0.006 -0.1% -26.4%
5-Factor Portfolio2 0.1% 0.8% -0.05 -0.17% 0.04 -0.006 -0.1% -18.2%
6-Factor Portfolio3 0.2% -1.3% 0.09 -0.55% 0.11 0.006 0.3% 9.8%

half of the sample from 1992 until 2006. In many cases, the illiquidity-tilted portfolio outper-

formed any of its constituent factor portfolios. The alternative liquiditySpread measure did not

perform well, but that measure could likely be refined further or other liquidity measures could

be used in future research. The next chapter addresses some of the concerns for the findings of

this paper and tests them for their robustness.

4.5 Robustness and Concerns

This chapter is dedicated to discussing some potential problems and concerns that could not

be addressed in the previous chapters. Initial robustness tests for different ESG and liquidity

measures were already undertaken in subchapter 4.1.2. In this chapter, three additional tests

will be conducted. First, the exclusion of financial firms, utility firms, and non-ordinary stocks

from the sample will be tested. Then, different breakpoints for the portfolios will be tested.

Lastly, the ESG and illiquidity-tilts for equal-weighted instead of value-weighted portfolios will

be tested. But before looking into these tests, some other concerns for the assumptions and

findings in this thesis are discussed.
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One simplifying assumption is that the portfolios are implemented at the opening price of

month t and then adjusted at the closing price of month t+3. This disregards the possibility of

price changes between the closing of one month and the opening of the next. It also assumes

that the fund is a price taker. This might not hold in the case of a large fund or the smallest

or most illiquid stocks. An effort was taken to limit this problem by excluding the smallest and

most illiquid stocks. No assumption was taken for the fund size. But in the case of a large

fund rebalancing, it could incur substantial transaction costs, especially for small-cap and low

liquidity portfolios. In the value-weighted portfolios, this should be a smaller concern as they

are by design more balanced towards the large-cap firms.

Transaction costs are not directly considered. Instead, the proxy of stock turnover is used.

This approach is common in smart beta research. The turnover proxy in this study only covers

rebalancing due to changes in the portfolio selection. Hence, turnover only occurs if a firm drops

below or rises above the threshold of the portfolio. This does not account for rebalancing due to

the changes in market-capitalisation. This is the only rebalancing that traditional market-cap

based ETFs actually need to undertake. Therefore the measured TO could be thought of as

the excess turnover a smart beta fund has in excess of an ETF.

In the case of equal-weighting, the TO measure is better suited because there is no rebal-

ancing for changes in market capitalisation. However, it still disregards that not all stocks have

the same trading costs associated. Especially stocks that are smaller or less liquid will have

higher transaction costs. This is exacerbated in the case of equal-weighting portfolios that buy

more small-cap stocks relative to the value-weighted portfolios. The point is, the TO is just a

broad proxy that gives an idea on what the impact of adding a tilt could be on the transaction

costs. It allows for the comparison of the relative costs of two portfolios, but offers no strong

indication of the absolute costs without further assumptions.

Another simplification is that the algorithm employed to assign stocks to the portfolios only

has the fundamental data and price data described in chapter 3.1. Even a passively-managed

fund might have additional input. An overseeing fund manager might exclude the fund from

buying some stocks, for example due to scandals with a high risk of default or due Chapter

11 protection. This paper only addressed this issue by keeping the fund from buying firms

with negative BE or with market equity of less than 3 million USD. However, a firm can be in

bankruptcy protection and still be traded above this threshold.

This paper does not use any type of active optimisation. The portfolios are not optimised

to perform well in-sample and then fail out-of-sample. This is contrary to for example Dopfel

and Lester (2018), who employ mean-variance optimisation to blend factors together. Still, the

findings of this paper could not hold in a different sample. Even across the sample period of

this study, there were apparent changes in the success of individual styles (see Figure 1). In

the future different factors might drive stock returns. The results are also likely to be different

across different geographical areas.
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Most of these concerns discussed in this chapter are the result of abstraction. They are

common in research and should have a minor impact on the results of this thesis. But they do

limit the scope of where the findings of this thesis can be applied to and they could represent

topics for future research.

4.5.1 Restricted Stock Universe

In the main part of this thesis, any stock could be purchased if it fulfilled minimal liquidity

and market-capitalisation requirements. This included non-ordinary stocks such as American

Depositary Receipts (ADR) and Real Estate Investment Trusts (REIT). In this chapter, I will

test whether the results of the previous chapters are robust to restrictions in the investable

universe to ordinary stocks, where the fundamental data should not be misleading. Concretely,

this means only shares with a CRSP share code of 10 or 11 are now investable. Moreover,

the fundamental data of utilities (SICCD 4900 to 4999) and financial (SICCD 6000-6990) firms

can also be misleading. Hence, firms affiliated with either utilities or the financial industry,

according to their SICCD, were also excluded from the investable universe. This limitation

of the investable universe is in line with Fama and French (1992) and Ibbotson et al. (2013).

I limit the analysis to test the effect these exclusions have on the ESG and illiquidity-tilted

portfolios from chapters 4.3 and 4.4. However, results for all portfolios can be found in Tabble

D4 in Annex D.

Table 15 shows the results for the ESG-tilts. In case of the single-factor portfolios in Panel

A, the ESG-tilt improved the IR, the TR, and JA for four portfolios. It also improved the

SR in five cases. All the portfolios that worsened with the investable stock universe also wors-

ened in this setting. In addition, the ESG-tilt decreased the risk-adjusted performance of the

(low) investment portfolio. Overall, the benefits of the ESG-tilt have become smaller for the

single-factor portfolios. This can likely be attributed to the better absolute performance of the

single-factor portfolios after the exclusions. Hence, there was less room for improvement for the

ESG-tilt.

The ESG ratings were only available for ordinary shares. Therefore, the ESG-tilted port-

folios were not affected by this exclusion, but they were likely affected by the exclusion of

financials firms that in some cases had high ESG ratings. The before tilt portfolios were af-

fected by both exclusions. The exclusion of non-ordinary shares made the before the ESG-tilt

portfolios’ investable universe more similar to that of the ESG-tilted portfolios.

The multi-factor portfolios in Panel B of Table 15 were similarly affected by the ESG-tilt as

those in chapter 4.3. The risk-adjusted return ratios decreased for a majority of the portfolios.

In the unrestricted investable stock universe sample a clear improvement was only observable

in a separate test of the second half of the sample period, but not over the entire timeframe.

Hence, overall, the results for the ESG-tilts appear robust to the limitations of the investable

stock universe in this chapter.
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Table 15: Restricted Universe ESG-Tilt Performance Difference

This table shows the absolute difference of the average performance metrics of the portfolios before and after
the ESG-tilt from 1992 until 2019. Portfolios could only invest in ordinary stocks and they could not invest
in firms affiliated with the financial or utilities industries. The after the ESG-tilt portfolio is tilted towards
ESG plus all factors listed in the ”Portfolio before Tilt”-column. For the absolute performance metrics of
the portfolios refer to Table D4. The performance metrics are annualised. For a more detailed explanation
of the performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size 8.4% -4.6% 0.44 -2.07% 0.57 0.079 8.6% 2.8%
Value 4.2% -5.1% 0.29 -1.49% 0.40 0.047 5.2% -12.0%
Growth 1.0% -0.3% 0.07 0.19% 0.15 0.014 1.2% -22.0%
Illiquidity 0.2% -0.4% 0.03 -0.45% 0.05 0.002 0.1% 2.8%
Dividends -0.6% 2.7% -0.17 0.43% -0.15 -0.022 -1.2% 12.6%
Mom -1.7% -4.6% 0.04 -1.33% -0.08 0.000 -0.7% -33.2%
Investment -1.4% -1.9% -0.02 -0.43% -0.11 -0.003 -0.7% -23.8%
Quality -0.7% 2.4% -0.16 0.59% -0.24 -0.019 -1.1% -34.9%
Vola -0.4% 2.3% -0.16 0.39% -0.12 -0.020 -0.9% -17.9%

Panel B: Multi-Factor Portfolios

Quality-Value 0.4% -2.9% 0.13 -0.40% 0.10 0.027 1.4% -43.9%
Quality-Vola -1.9% 1.4% -0.22 0.49% -0.38 -0.030 -2.1% -18.4%
Mom-Value 2.3% 0.3% 0.12 0.49% 0.21 0.028 2.6% -29.3%
Dividends-Growth 0.8% 0.6% 0.03 0.52% 0.06 0.009 0.8% -2.6%
Dividends-Mom -0.7% 1.5% -0.12 0.39% -0.19 -0.014 -1.0% -5.2%
Value-Mom-Size -2.6% -1.4% -0.09 -0.83% -0.16 -0.025 -2.6% -1.1%
Value-Size-Vola 0.4% 0.3% 0.01 -0.09% 0.05 0.001 0.2% 3.0%
Value-Quality-Vola 1.1% 3.5% -0.09 0.74% 0.05 -0.002 0.6% -19.1%
Value-Mom-Vola 0.0% 1.9% -0.10 0.63% -0.13 -0.006 -0.2% -11.8%
Value-Mom-Quality -2.4% -1.0% -0.11 -0.16% -0.25 -0.017 -2.0% -31.2%
4-Factor Portfolio1 -0.2% 1.1% -0.08 0.13% -0.05 -0.010 -0.5% -26.7%
5-Factor Portfolio2 0.1% 2.1% -0.11 0.52% -0.06 -0.007 -0.2% -15.4%
6-Factor Portfolio3 -1.1% -1.0% -0.02 -0.20% -0.09 -0.003 -0.7% -5.6%

Table 16 shows the results for the illiquidity-tilts in the exclusion setting. Just as in chapter

4.4, the illiquidity-tilt reduced the risk of all portfolios while also reducing the return of most

portfolios. This resulted again in a better risk-adjusted return for all single-factor portfolios,

except in the case of the vola portfolio. Most of the multi-factor portfolios improved their risk-

adjusted returns as well. The performance changes from the illiquidity-tilt after the limitation

of the investable universe were very similar to those before the limitation. Hence, the findings

from chapter 4.4 are robust to the limitations tested here.

To summarise, the exclusions did not strongly affect the absolute performance of the portfo-

lios. It also did not strongly affect the effectiveness of the ESG and illiquidity-tilts. This means

that the results are robust to these exclusions. The findings indicate that investors should de-

cide whether they want to invest in non-ordinary shares. The exclusion of certain industries

is likely more sensible for factor models than for factor investors . However, blindly following

the fundamentals can also lead to suboptimal results. Perhaps a best-in-class approach to the
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Table 16: Restricted Universe Illiquidity-Tilt Performance Difference

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the Illiquidity-tilt from 1992 until 2019. Portfolios could only invest in ordinary stocks and they
could not invest in firms affiliated with the financial or utilities industries. The after the illiquidity-tilt
portfolio is tilted towards illiquidity plus all factors listed in the ”Portfolio before Tilt”-column. For the
absolute performance metrics of the portfolios refer to Table D4. The performance metrics are annualised.
For a more detailed explanation of the performance metrics refer to Appendix B. 1Value-Mom-Size-Vola,
2Value-Mom-Size-Vola-Investment, 3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA TO

Panel A: Single-Factor Portfolios

Size 7.3% -7.8% 0.47 -1.87% 0.45 0.093 8.9% -4.1%
Value 2.6% -7.2% 0.26 -1.50% 0.24 0.046 4.5% -22.1%
Growth 0.5% -3.6% 0.19 0.17% 0.07 0.035 1.8% -9.3%
Dividends -0.5% -0.8% 0.00 0.26% -0.13 0.005 -0.1% 5.8%
Mom -1.5% -7.1% 0.15 -1.14% -0.07 0.023 0.4% -28.4%
ESG -0.7% -2.9% 0.07 -0.02% -0.09 0.015 0.3% 17.4%
Investment 0.4% -4.8% 0.22 0.04% 0.04 0.053 2.3% -23.2%
Quality -1.5% -2.0% 0.00 0.69% -0.35 0.014 -0.4% -18.1%
Vola -1.1% -0.6% -0.06 0.50% -0.23 -0.001 -0.7% -18.9%

Panel B: Multi-Factor Portfolios

Quality-Value 1.0% -3.2% 0.19 0.06% 0.09 0.043 2.3% -48.2%
Quality-Vola -1.2% -1.0% -0.04 0.56% -0.29 0.002 -0.7% -15.9%
Mom-Value 1.9% -1.6% 0.16 0.08% 0.22 0.031 2.6% -44.5%
Dividends-Growth 0.2% -1.6% 0.10 0.56% -0.05 0.020 0.9% -0.9%
Dividends-Mom -0.3% -1.3% 0.05 0.45% -0.13 0.013 0.3% -10.3%
Value-Mom-Size 1.1% -3.9% 0.21 -0.64% 0.19 0.039 2.2% -23.3%
Value-Size-Vola -0.1% -1.1% 0.05 -0.06% 0.00 0.009 0.3% -8.5%
Value-Quality-Vola -0.9% -0.8% -0.03 0.22% -0.13 0.000 -0.5% -22.5%
Value-Mom-Vola -1.3% -1.2% -0.03 0.26% -0.24 -0.001 -0.8% -25.1%
Value-Mom-Quality -2.0% -3.4% 0.03 0.05% -0.24 0.013 -0.7% -34.1%
4-Factor Portfolio1 -1.7% -1.6% -0.04 0.34% -0.25 -0.002 -1.1% -31.7%
5-Factor Portfolio2 -1.0% -0.9% -0.02 0.35% -0.16 0.003 -0.5% -21.6%
6-Factor Portfolio3 0.8% -1.3% 0.13 0.25% 0.04 0.036 1.4% -26.1%

fundamental data and the ESG data would be a way to account for differences in industry

affiliation without arbitrary exclusions. Melas et al. (2016) pursue this idea and some investors

already follow such an approach but the amount of research is still limited.

4.5.2 Different Breakpoints

In this subchapter, I test how the threshold (or breakpoint) for the portfolios affects the effects

of the factor-tilts. I limit this robustness test again to the effects of the ESG and illiquidity-tilted

portfolios. The comparison is between 0.7, 0.8 (as used throughout the rest of the thesis), and

0.9. Fama and French (2015) create their long-short portfolios using 0.7 breakpoints. Melas et

al. (2016, p.31) test the ESG-tilt on breakpoints of 0.8 and 0.9. For the styles that rely on the

bottom quantile, the threshold is obviously adjusted to select the firms below the breakpoints

of 0.3, 0.2, and 0.1 respectively.
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Table 17 displays the average change of the portfolio performance through the ESG-tilt for

the three thresholds. Panel A looks at all 22 portfolios that were tilted towards ESG. Panel

B only shows the change for the single-factor portfolios. In Panel A, the ESG-tilt affected the

portfolios similarly at all three thresholds. In all cases, the tilt improved returns while also

increasing risk. The performance metrics hardly changed.

The ESG-tilt performed better for the single-factor portfolios. The tilt improved all the

portfolios. The improvements for the 0.7 and 0.8 thresholds were comparable and modest. The

0.9-threshold portfolios clearly profited the most from the ESG-tilt. The SR increased by 0.12

on average. This indicates that the tilt worked better on portfolios that were more specialised

towards one factor.

Table 17: Different Thresholds ESG-tilts

This table shows the average performance change from the ESG-tilt at the 0.7, 0.8, and 0.9 thresh-
old/breakpoint. The table is split into two panels. Panel A shows the average change for all 22 before
and after the tilt portfolios. Panel B only shows the average change for the single-factor portfolios. For
the absolute performance metrics of individual portfolios at the 0.7, 0.8, and 0.9 breakpoints refer to the
respective Table D5, Table D1, and Table D6.

Breakpoint Return Risk SR TE IR TR JA TO

Panel A: Single and Multi-Factor Portfolios (n=22)

0.7 0.3% 0.3% -0.01 -0.13% 0.03 0.001 0.2% -14.6%
0.8 0.2% 0.5% -0.02 -0.12% 0.01 0.000 0.2% -17.5%
0.9 0.9% 0.3% 0.01 0.00% 0.07 0.011 1.1% -19.9%

Panel B: Only Single-Factor Portfolios (n=9)

0.7 0.8% 0.0% 0.04 -0.36% 0.10 0.006 0.8% -11.9%
0.8 0.9% -0.3% 0.04 -0.44% 0.09 0.008 0.9% -14.9%
0.9 2.0% -1.0% 0.12 -0.50% 0.18 0.023 2.4% -18.0%

Table 18 displays the average change of the portfolio performance through the illiquidity-tilt

for the three thresholds. Again, Panel A displays the change for all portfolios while Panel B

shows the change of only the single-factor portfolios. The illiquidity-tilt performed better than

the ESG-tilt. On average the illiquidity-tilt increased the SR and TR for all thresholds. The

improvement was again more pronounced the higher the threshold. All metrics improve more for

the higher threshold portfolios in both Panel A and Panel B. Again, the benefits of the factor-

tilt were stronger for the single-factor portfolios. The 0.9-threshold single-factor portfolios were

the biggest beneficiaries, likely because they are the most specialised/least diversified portfolios.

The results for the ESG and illiquidity-tilts from the prior chapters are only partly robust

to changes in the thresholds. The tilts did not perform substantially different. However, a

clear trend can be observed that the benefits are stronger in more specialised portfolios. The

single-factor portfolios benefit more from the factor-tilts than the combined sample of single

and multi-factor portfolios. In addition, the higher threshold portfolios also benefitted more.

Overall, this is in line with the initial expectations, but it does mean that the results from most

of this paper are only applicable to 0.8-threshold factor portfolios.
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Table 18: Different Thresholds Illiquidity-Tilts

This table shows the average performance change from the illiquidity-tilt at the 0.7, 0.8, and 0.9
threshold/breakpoint. The table is split into two panels. Panel A shows the average change for all 22 before
and after the tilt portfolios. Panel B only shows the average change for the single-factor portfolios. For
the absolute performance metrics of individual portfolios at the 0.7, 0.8, and 0.9 breakpoints refer to the
respective Table D5, Table D1, and Table D6.

Breakpoints Return Risk SR TE IR TR JA TO

Panel A: Single and Multi-Factor Portfolios (n=22)
0.7 -0.4% -1.9% 0.05 0.19% -0.12 0.012 0.3% -18.0%
0.8 -0.1% -2.3% 0.08 0.11% -0.06 0.020 0.8% -21.3%
0.9 0.6% -2.6% 0.13 0.06% 0.03 0.031 1.6% -23.9%

Panel B: Only Single-Factor Portfolios (n=9)
0.7 0.0% -2.7% 0.09 0.03% -0.08 0.018 0.9% -12.8%
0.8 0.3% -3.3% 0.13 -0.07% -0.01 0.026 1.4% -15.1%
0.9 1.2% -4.0% 0.18 -0.31% 0.09 0.037 2.5% -16.9%

4.5.3 Different Weighting Methods

The last robustness test is dedicated to analysing the effectiveness of factor tilts for equal-

weighted portfolios. As the focus of this paper is to analyse the performance benefits of ESG and

illiquidity-tilted portfolios. Only the result for these ESG and illiquidity-tilted equal-weighted

portfolios are discussed in this section. Results for all portfolios can be found in Table D7 in

Appendix D. The portfolios contain the exact same stocks as the corresponding portfolio from

the previous sections, but the stocks inside the portfolios are now equal-weighted instead of

value-weighted.

Table 19 presents the performance change of portfolios after adding an ESG-tilt. The style

combinations are the same ones as tested in chapter 4.3. For the single-factor portfolios in Panel

A, the return, the TE, and the IR improved in all cases. Risk, SR, TR, and JA improved in most

cases. Often the improvements were larger than for the value-weighted portfolio. This makes

sense as the equal-weighted portfolios are more specialised towards their constituent factors and

away from the market.

However, Panel B of Table 19 shows that the ESG-tilt decreased the performance for most

multi-factor portfolios. This is similar to the findings from chapter 4.3, where the value-weighted

portfolios also decreased their portfolios with the ESG-tilt over the entire sample. I attributed

this to the limited data availability in the first half of the sample. In the second half of the sam-

ple period the ESG-tilt improved performance also for the multi-factor portfolios. Since this is

just a robustness test, further tests for subperiods were not pursued. Overall, the diversification

effects are robust to the two different weighting-methods for the ESG-tilt. In both weighting

schemes, over the entire sample, the performance of the single-factor portfolios increased while

the performance of the multi-factor portfolio decreased.

Table 20 shows how the illiquidity-tilt changed performance in the case of equal-weighted

portfolios. Again, he factor combinations are the same as the ones presented in chapter 4.4. All

performance metrics aside from TE improved for all single-factor portfolios. In most cases the
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Table 19: Equal-Weighted ESG-Tilt Performance Difference

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the ESG-tilt from 1992 until 2019. Both the before and after portfolios are equal-weighted instead
of value-weighted in this table. The after the ESG-tilt portfolio is tilted towards ESG plus all factors
listed in the ”Portfolio before Tilt”-column. For the absolute performance metrics of the portfolios
refer to Table D7. The performance metrics are annualised. For a more detailed explanation of the
performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA

Panel A: Single-Factor Portfolios

Size 7.3% -0.1% 0.37 -0.95% 0.56 0.063 6.4%
Value 3.5% -2.0% 0.20 -0.67% 0.28 0.038 4.1%
Growth 6.6% -6.4% 0.48 -1.76% 0.72 0.079 8.1%
Illiquidity 0.7% 3.4% -0.13 -0.35% 0.11 -0.031 -0.5%
Dividends 1.2% 3.7% -0.09 -0.13% 0.14 -0.017 0.1%
Mom 0.7% -4.3% 0.18 -1.26% 0.20 0.025 1.7%
Investment 2.3% -5.3% 0.24 -1.66% 0.31 0.037 3.4%
Quality 0.2% -0.8% 0.04 -0.05% 0.04 0.010 0.6%
Vola 1.5% 4.9% -0.23 -0.43% 0.20 -0.041 0.0%

Panel B: Multi-Factor Portfolios

Quality-Value 1.6% -0.6% 0.09 -0.33% 0.17 0.016 1.7%
Quality-Vola -1.2% 0.7% -0.13 0.18% -0.22 -0.018 -1.3%
Mom-Value -2.5% 1.2% -0.21 -0.06% -0.28 -0.036 -2.8%
Dividends-Growth 0.4% 0.7% 0.00 0.22% 0.03 0.004 0.4%
Dividends-Mom -0.4% 2.9% -0.20 -0.19% -0.03 -0.033 -1.2%
Value-Mom-Size -0.8% 1.3% -0.09 -0.34% -0.04 -0.023 -1.5%
Value-Size-Vola -0.3% 2.8% -0.13 0.04% -0.04 -0.028 -1.2%
Value-Quality-Vola 0.5% 1.2% -0.02 0.21% 0.03 0.001 0.3%
Value-Mom-Vola -3.1% 1.7% -0.35 0.01% -0.39 -0.058 -3.5%
Value-Mom-Quality -1.4% -0.8% -0.05 -0.34% -0.09 -0.010 -1.2%
4-Factor Portfolio1 -2.3% 0.5% -0.19 -0.07% -0.28 -0.031 -2.4%
5-Factor Portfolio2 -3.7% 0.6% -0.28 0.06% -0.46 -0.047 -3.8%
6-Factor Portfolio3 -3.4% 0.7% -0.25 -0.11% -0.34 -0.047 -3.7%

improvements were substantial. The SR, for example, increased by more than 0.30 in five out

of nine portfolios.

The improvements were smaller for the multi-factor portfolios in Panel B. Nevertheless, all

multi-factor portfolios improved their risk, SR, TR, and JA with the illiquidity-tilt. Only the

portfolios that already consisted of four or more factor tilts did not increase their return fur-

ther. Across both panels, the performance improvements were substantially higher than for

the value-weighted portfolios. Most of the resulting equal-weighted multi-factor portfolios out-

performed their value-weighted peers in absolute performance (compare Table D1 and Table

D7 in Appendix D). The illiquidity-size combination did not perform as well as it did in the

value-weighted setting. Overall, these results show that the findings of the advantages of the

illiquidity-tilt are robust to the weighting-method.

In summary, the main finding of this subchapter is that the benefits of diversification (or their

absence) for the ESG and illiquidity-tilt are robust to the choice of weighting approach, at least
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Table 20: Equal-Weighted Illiquidity-Tilt Performance Difference

This table shows the absolute difference of the average performance metrics of the portfolios before and
after the Illiquidity-tilt from 1992 until 2019. Both the before and after portfolios are equal-weighted
instead of value-weighted in this table. The after the illiquidity-tilt portfolio is tilted towards illiquidity
plus all factors listed in the ”Portfolio before Tilt”-column. For the absolute performance metrics of the
portfolios refer to Table D7. The performance metrics are annualised. For a more detailed explanation of
the performance metrics refer to Appendix B. 1Value-Mom-Size-Vola, 2Value-Mom-Size-Vola-Investment,
3Value-Mom-Size-Vola-Investment-Size.

Portfolio before Tilt Return Risk SR TE IR TR JA

Panel A: Single-Factor Portfolios

Size 6.3% -5.6% 0.49 -0.87% 0.47 0.103 7.7%
Value 4.2% -7.5% 0.43 -1.11% 0.39 0.087 6.6%
Growth 4.8% -8.1% 0.43 -1.40% 0.42 0.074 7.1%
Dividends 0.6% -2.1% 0.20 0.11% 0.05 0.044 1.3%
Mom 3.1% -7.7% 0.56 -0.79% 0.40 0.101 5.3%
ESG 0.3% -1.4% 0.07 0.23% 0.00 0.019 1.0%
Investment 2.7% -7.9% 0.37 -1.37% 0.31 0.073 5.0%
Quality 1.9% -3.1% 0.27 0.05% 0.22 0.051 3.1%
Vola 1.1% -0.1% 0.15 0.16% 0.11 0.036 1.3%

Panel B: Multi-Factor Portfolios

Quality-Value 1.8% -3.8% 0.22 -0.45% 0.20 0.044 3.2%
Quality-Vola 0.2% -1.3% 0.11 0.27% -0.06 0.023 0.7%
Mom-Value 0.3% -2.6% 0.19 0.14% 0.00 0.043 1.3%
Dividends-Growth 0.2% -1.9% 0.12 0.51% -0.04 0.029 1.1%
Dividends-Mom 0.3% -1.7% 0.18 0.34% -0.01 0.044 1.0%
Value-Mom-Size 1.4% -2.9% 0.23 -0.25% 0.16 0.049 2.3%
Value-Size-Vola 1.2% -1.5% 0.18 0.02% 0.12 0.040 1.8%
Value-Quality-Vola 1.1% -1.2% 0.15 0.17% 0.11 0.032 1.7%
Value-Mom-Vola 0.2% -1.3% 0.13 0.24% -0.04 0.032 0.7%
Value-Mom-Quality 1.2% -2.9% 0.22 -0.12% 0.16 0.044 2.3%
4-Factor Portfolio1 0.0% -1.3% 0.09 0.09% -0.03 0.019 0.5%
5-Factor Portfolio2 -0.5% -1.2% 0.05 0.14% -0.11 0.014 0.0%
6-Factor Portfolio3 0.0% -0.9% 0.05 0.08% -0.02 0.013 0.4%

between the two that were tested in this chapter and that are most common in practice. The

less diversified equal-weighted portfolios benefitted more from the factor tilts. The results point

to the importance of diversification for more specialised portfolios. This means diversification

was more valuable for the equal-weighted portfolios. The absolute risk-adjusted return metrics

were better for the equal-weighted portfolios than for the value-weighted portfolios. This finding

is in line with the Hsu (2006), who found that equal-weighted factor portfolios perform better.

But the results also indicate that this only held for the multi-factor portfolios and that equal-

weighting makes the single-factor portfolios by themselves riskier. Only the vola portfolio was

less risky in the equal-weighting setting, as it became less exposed to the market and more

exposed to the least volatile stocks. These findings, therefore, are also in line with Sharpe

(1992), who said (single-factor) style portfolios should be value-weighted.
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5 Conclusion

The research question was: “Do multi-factor portfolios offer a better risk-adjusted performance

than single-factor portfolios?” The general answer to this question, based on the aggregated

statistical tests in this thesis, is “yes”. Over the sample period, from 1992 until 2019, the 75

simulated multi-factor portfolios achieved significantly better risk-adjusted returns than the 10

single-factor portfolios. Most single-factor and almost all multi-factor portfolios outperformed

the market.

I set a particular focus on the ESG and illiquidity factors. Turning a single-factor portfolio

into a multi-factor portfolio, by tilting it towards ESG or illiquidity, was beneficial for most

portfolios in almost all settings. However, success was dependent on how performance is mea-

sured. Generally, performance increased with regards to the SR, the TR, and to JA, while it

often decreased with regards to the IR. The main lever by which the risk-adjusted return was

improved (especially in the case of the illiquidity-tilts), was a reduction in risk as measured

by volatility, and not an increase in returns. Because the IR uses TE as its risk measure and

because the multi-factor portfolios often had a lower TE, as they were tilted further away from

the market portfolio, the IR often decreased.

Over the entire sample period, the ESG-tilt only benefitted the single-factor portfolios. For

the multi-factor portfolios, the ESG-tilt actually decreased the risk-adjusted returns, although

insignificantly. I concluded, after conducting two additional tests, that these results are due to

the limited scope of the ESG data in the first half of the sample period. When only looking

at the period from 2007 until 2019, where the data availability was substantially better, the

ESG-tilt became beneficial to most multi-factor portfolios. A portfolio’s composition and thus

its performance is dependent on how ESG is measured and rated. I used the data provided

by KLD, which arguably provides the best historical ESG data. Other research found that the

ESG ratings from different providers diverge substantially. Hence, the ESG-tilt results are only

applicable to the KLD data.

Liquidity, just like ESG, can be measured in different ways. In line with other research, I used

the stock trading volume over the previous year. I also tested portfolios that were created from

an alternative measure using the bid-ask spread to proxy liquidity. I find that only the portfolios,

which were tilted using the liquidity trading volume-based measure improved their performance

significantly. This illiquidity-tilt resulted in reduced risk levels for all portfolios tested. Whereas

the portfolios tilted based on the bid-ask spread liquidity measures underperformed. I attribute

their underperformance to the monthly frequency of the data. More frequent data would likely

offer a better proxy, but I did not pursue this further.

The benefit of adding a tilt towards ESG or illiquidity was greater the fewer factors a port-

folio was already tilted towards. I found that there was a significant difference between the

performance of portfolios with three and more factor-tilts, compared to those with less than

three. The two best performing portfolios in the entire sample were the four-factor portfolios

that combined illiquidity-value-size-vola and illiquidity-value-size-mom. But generally, the re-

sults offer little evidence of factor-tilts beyond three factors improving portfolios further.
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In the robustness tests, I found that the results for multi-factor portfolios were robust

towards certain limitations of the purchasable stock universe, different portfolio breakpoints,

and different weighting-methods. In the first robustness test, I excluded all non-ordinary shares,

financial firms, and utility firms from the sample. Both the ESG and illiquidity-tilt affected the

portfolios very similarly to how they did in the unrestricted sample. In the robustness test for

different breakpoints, I found that the tilts improved portfolios across all tested breakpoints.

However, the improvement was stronger for portfolios with higher breakpoints and fewer factor

tilts. These portfolios were more specialised and therefore benefitted more from diversification.

In the for different weighting methods, I found that generally the same portfolios were improved

by the factor-tilt, irrespective of whether the portfolio was equal-weighted or value-weighted.

However, in most cases, the equal-weighted portfolios had a larger performance increase from

the factor-tilts than the value-weighted portfolios. The results for the last two robustness tests

are in line with the expectations. The benefits of factor-tilts should be stronger, the more

specialised the input portfolios are, as there is more potential for diversification. Overall, the

results in this paper confirm this premise.

This thesis extends the current scope of research in several ways. It is the first paper

to test either ESG or illiquidity-tilts on a large sample of single and multi-factor portfolios.

Moreover, the large number of simulated portfolios allowed to statistically show the risk-adjusted

performance differences between different numbers of factor-tilts. This affirmed statistically,

previous findings of the superior performance of multi-factor portfolios. Beyond academia, the

results for the performance of different factor combinations can have practical implications for

fund managers and investors alike.

Future research could set a stronger focus on accurately modelling trading and transaction

costs to show, whether the better performance of multi-factor persists after controlling for the

higher costs. Another way to extend and verify the findings of this thesis would be to test factor-

tilts based on additional liquidity and ESG measures. The ESG data availability in particular

is improving rapidly, which makes it an interesting area for future research. More evidence

is also needed concerning, how to best construct multi-factor portfolios. In particular, an in-

depth comparison between the performance of equal-weighted and value-weighted multi-factor

portfolios across a broad number of factor combinations is absent from the current research

literature.

In short, in this thesis I found that multi-factor portfolios offer better risk-adjusted returns

than single-factor portfolios. Illiquidity-tilts generally improved the performance of single and

multi-factor portfolios. The data availability prevented a conclusive result for the ESG-tilts,

but single-factor portfolios seemed to benefit from the ESG-tilt, while there were indications

that multi-factor portfolios also benefit. Overall, these results are in line with most prior

research and fulfil the expectation that the risk-adjusted performance of factor portfolios can

be improved beyond the sum of their parts, or more precisely, beyond their best constituent,

through diversification.

56



REFERENCES

References

Aked, M., & Moroz, M. (2015). The Market Impact of Passive Trading. The Journal of Trading,

10 (3), 5-12.

Alighanbari, M., & Chia, C. P. (2016). Multifactor indexes made simple: A review of static

and dynamic approaches. The Journal of Index Investing, 7 (2), 87-99.

Alonso, N., & Barnes, M. (2016). Efficient Smart Beta. The Journal of Investing, 25 (1),

103-115.

Amenc, N., Ducoulombier, F., Goltz, F., Lodh, A., & Sivasubramanian, S. (2016). Diversified

or concentrated factor tilts?. The Journal of Portfolio Management, 42 (2), 64-76.

Amenc, N., & Goltz, F. (2013). Smart Beta 2.0. The Journal of Index Investing, 4 (3), 15-23.

Arnott, R. D., Hsu, J., & Moore, P. (2005). Fundamental indexation. Financial Analysts

Journal, 61 (2), 83-99.

Amihud, Y. (2002). Illiquidity and stock returns: cross-section and time-series effects. Journal

of Financial Markets, 5 (1), 31-56.

Amihud, Y., & Mendelson, H. (1986). Asset pricing and the bid-ask spread. Journal of Finan-

cial Economics, 17 (2), 223-249.

Asness, C., Frazzini, A., Israel, R., & Moskowitz, T. (2014). Fact, fiction, and momentum

investing. The Journal of Portfolio Management, 40 (5), 75-92.

Asness, C. S., Frazzini, A., & Pedersen, L. H. (2019). Quality minus junk. Review of Accounting

Studies, 24 (1), 34-112.

Amenc, N., Ducoulombier, F., Esakia, M., Goltz, F., & Sivasubramanian, S. (2017). Accounting

for Cross-Factor Interactions in Multifactor Portfolios without Sacrificing Diversification and

Risk Control. The Journal of Portfolio Management, 43 (5), 99-114.

Amenc, N., Ducoulombier, F., Goltz, F., Lodh, A., & Sivasubramanian, S. (2016). Diversified

or concentrated factor tilts?. The Journal of Portfolio Management, 42 (2), 64-76.

Amenc, N., & Goltz, F. (2013). Smart Beta 2.0. The Journal of Index Investing, 4 (3), 15-23.

Amenc, N., Goltz, F., & Sivasubramanian, S. (2018). Multifactor Index Construction: A

Skeptical Appraisal of Bottom-Up Approaches. The Journal of Index Investing, 9 (1), 6-17.

Auer, B. R. (2016). Do socially responsible investment policies add or destroy European stock

portfolio value?. Journal of Business Ethics, 135 (2), 381-397.

Auer, B. R., & Schuhmacher, F. (2016). Do socially (ir) responsible investments pay? New

evidence from international ESG data. The Quarterly Review of Economics and Finance,

59, 51-62.

Baker, M., Bradley, B., & Taliaferro, R. (2014). The low-risk anomaly: A decomposition into

micro and macro effects. Financial Analysts Journal, 70 (2), 43-58.

Banz, R. W. (1981). The relationship between return and market value of common stocks.

57



REFERENCES

Journal of Financial Economics, 9 (1), 3-18.

Barber, J., Bennett, S., & Gvozdeva, E. (2015). How to Choose a Strategic Multifactor Equity

Portfolio?. The Journal of Index Investing, 6 (2), 34-45.

Basu, S. (1983). The relationship between earnings’ yield, market value and return for NYSE

common stocks: Further evidence. Journal of Financial Economics, 12 (1), 129-156.

Bender, J., Brandhorst, E., & Wang, T. (2014). The Latest Wave in Advanced Beta: Combining

Value, Low Volatility, and Quality. The Journal of Index Investing, 5 (1), 67-76.

Bender, J., Sun, X., & Wang, T. (2017). Thematic Indexing, Meet Smart Beta! Merging ESG

into Factor Portfolios. The Journal of Index Investing, 8 (3), 89-101.

Bender, J., & Wang, T. (2016). Can the whole be more than the sum of the parts? Bottom-up

versus top-down multifactor portfolio construction. The Journal of Portfolio Management,

42 (5), 39-50.

Bhandari, L. C. (1988). Debt/equity ratio and expected common stock returns: Empirical

evidence. The Journal of Finance, 43 (2), 507-528.

Black, F. (1993). Beta and Return. The Journal of Portfolio Management, 20 (1), 8-18.

Blitz, D. (2016). Factor Investing with Smart Beta Indices. The Journal of Index Investing,

7 (3), 43-48.

Boyadzhiev, D., Bryan, A., Dutt, M., Johnson, B., & McCullough, A. (2018). A Framework for

Analyzing Multifactor Funds. June 2018. Morningstar Manager Research.

Brennan, M. J., & Subrahmanyam, A. (1996). Market microstructure and asset pricing: On

the compensation for illiquidity in stock returns. Journal of Financial Economics, 41 (3),

441-464.

Bryan, A., Choy, J., Gogoi, K., Johnson, B., & Lamont, K. (2020). A Global guide to Strategic-

Beta Exchange-Traded Products. July 2020. Morningstar Manager Research.

Carhart, M. M. (1997). On persistence in mutual fund performance. The Journal of Finance,

52 (1), 57-82.

Cazalet, Z., Grison, P., & Roncalli, T. (2014). The smart beta indexing puzzle. The Journal of

Index Investing, 5 (1), 97-119.

Chang, C. E., & Krueger, T. M. (2015). Do Fundamental Index Funds Outperform Traditional

Index Funds. Journal of Financial Planning, 28 (12), 40-48.

Chen, Q., & Chi, Y. (2018). Smart beta, smart money. Journal of Empirical Finance, 49,

19-38.

Chordia, T., Subrahmanyam, A., & Anshuman, V. R. (2001). Trading activity and expected

stock returns. Journal of Financial Economics, 59 (1), 3-32.

Chow, T. M., Li, F., & Shim, Y. (2018). Smart beta multifactor construction methodology:

Mixing versus integrating. The Journal of Index Investing, 8 (4), 47-60.

58



REFERENCES

Cici, G., Kempf, A., & Puetz, A. (2010). Caught in the act: How hedge funds manipulate their

equity positions. Centre for Financial Research. (accessed 08/09)

Clarke, R., De Silva, H., & Thorley, S. (2016). Fundamentals of Efficient Factor Investing

(corrected May 2017). Financial Analysts Journal, 72 (6), 9-26.

Cohen, R. B., Polk, C., & Vuolteenaho, T. (2003). The value spread. The Journal of Finance,

58 (2), 609-641.

Cooper, M. J., Gulen, H., & Schill, M. J. (2008). Asset growth and the cross-section of stock

returns. The Journal of Finance, 63 (4), 1609-1651.

Daniel, K., Grinblatt, M., Titman, S., & Wermers, R. (1997). Measuring mutual fund perfor-

mance with characteristic-based benchmarks. The Journal of Finance, 52 (3), 1035-1058.

Daniel, K., Hirshleifer, D., & Subrahmanyam, A. (1998). Investor psychology and security

market under-and overreactions. The Journal of Finance, 53 (6), 1839-1885.

De Bondt, W. F., & Thaler, R. H. (1987). Further evidence on investor overreaction and stock

market seasonality. The Journal of Finance, 42 (3), 557-581.

Dopfel, F. E., & Lester, A. (2018). Optimal blending of smart beta and multifactor portfolios.

The Journal of Portfolio Management, 44 (4), 93-105.

Dorfleitner, G., Halbritter, G., & Nguyen, M. (2015). Measuring the level and risk of corporate

responsibility–An empirical comparison of different ESG rating approaches. Journal of Asset

Management, 16 (7), 450-466.

Eleswarapu, V. R., & Reinganum, M. R. (1993). The seasonal behavior of the liquidity premium

in asset pricing. Journal of Financial Economics, 34 (3), 373-386.

Fama, E. F., & French, K. R. (1992). The cross-section of expected stock returns. The Journal

of Finance, 47 (2), 427-465.

Fama, E. F., & French, K. R. (1996). Multifactor explanations of asset pricing anomalies. The

Journal of Finance, 51 (1), 55-84.

Fama, E. F., & French, K. R. (1998). Value versus growth: The international evidence. The

Journal of Finance, 53 (6), 1975-1999.

Fama, E. F., & French, K. R. (2015). A five-factor asset pricing model. Journal of Financial

Economics, 116 (1), 1-22.

Fama, E. F., & MacBeth, J. D. (1973). Risk, return, and equilibrium: Empirical tests. Journal

of Political Economy, 81 (3), 607-636.

Filip, D. (2019). An Overview of Fund Performance and Attributes: A Preliminary Relationship

Analysis for Polish Mutual Funds. International Journal of Trade, Economics and Finance,

10 (1), 1-7.

Fitzgibbons, S., Friedman, J., Pomorski, L., & Serban, L. (2017). Long-only style investing:

Don’t just mix, integrate. The Journal of Investing, 26 (4), 153-164.

59



REFERENCES

Frazzini, A., & Pedersen, L. H. (2014). Betting against beta. Journal of Financial Economics,

111 (1), 1-25.

Friede, G., Busch, T., & Bassen, A. (2015). ESG and financial performance: aggregated evidence

from more than 2000 empirical studies. Journal of Sustainable Finance & Investment, 5 (4),

210-233.

Gibson, R., Krueger, P., Riand, N., & Schmidt, P. S. (2019). ESG rating disagreement and stock

returns. Available at SSRN: https://ssrn.com/abstract=3433728 [accessed on 08 September

2020].

Giese, G., Lee, L. E., Melas, D., Nagy, Z., & Nishikawa, L. (2019). Performance and risk

analysis of index-based ESG portfolios. The Journal of Index Investing, 9 (4), 46-57.

Giese, G., Ossen, A., & Bacon, S. (2016). ESG as a performance factor for smart beta indexes.

The Journal of Index Investing, 7 (3), 7-20.

Glushkov, D. (2016). How smart are smart beta exchange-traded funds? Analysis of relative

performance and factor exposure. Journal of Investment Consulting, 17 (1), 50-74.

Hartzmark, S. M., & Solomon, D. H. (2019). The dividend disconnect. The Journal of Finance,

74 (5), 2153-2199.

Harvey, C. R., Liu, Y., & Zhu, H. (2016). . . . and the cross-section of expected returns. The

Review of Financial Studies, 29 (1), 5-68.

Haugen, R. A., & Baker, N. L. (1996). Commonality in the determinants of expected stock

returns. Journal of Financial Economics, 41 (3), 401-439.

Hendricks, D., Patel, J., & Zeckhauser, R. (1993). Hot hands in mutual funds: Short-run

persistence of relative performance, 1974–1988. The Journal of finance, 48 (1), 93-130.

Hong, H., & Kacperczyk, M. (2009). The price of sin: The effects of social norms on markets.

Journal of Financial Economics, 93 (1), 15-36.

Hsu, J. C. (2006). Cap-weighted portfolios are sub-optimal portfolios1. Journal of Investment

Management, 4 (3), 1-10.

Huang, S., Song, Y., & Xiang, H. (2020). The Smart Beta Mirage. Available at SSRN:

https://ssrn.com/abstract=3622753 [accessed on 27 September 2020].

Huberman, G., & Kandel, S. (1987). Mean-variance spanning. The Journal of Finance, 42 (4),

873-888.

Hunstad, M., & Dekhayser, J. (2015). Evaluating the Efficiency of “Smart Beta” Indexes. The

Journal of Index Investing, 6 (1), 111-121.

Ibbotson, R. G., Chen, Z., Kim, D. Y. J., & Hu, W. Y. (2013). Liquidity as an investment

style. Financial Analysts Journal, 69 (3), 30-44.

ICI. (2020). Investment Company Fact Book (60th edition). https://www.ici.org/pdf/2020

factbook.pdf

60



REFERENCES

Ikenberry, D., Lakonishok, J., & Vermaelen, T. (1995). Market underreaction to open market

share repurchases. Journal of Financial Economics, 39 (2-3), 181-208.

Iskoz, S., & Wang, J. (2003). How to Tell If a Money Manager Knows More? (No. w9791).

National Bureau of Economic Research.

Jegadeesh, N., & Titman, S. (1993). Returns to buying winners and selling losers: Implications

for stock market efficiency. The Journal of Finance, 48 (1), 65-91.

Jensen, M. C. (1968). The performance of mutual funds in the period 1945-1964. The Journal

of Finance, 23 (2), 389-416.

Johnson, B., Bioy, H., & Boyadzhiev, D. (2016). Assessing the true cost of strategic-beta ETFs.

The Journal of Index Investing, 7 (1), 35-48.

Kacperczyk, M., Sialm, C., & Zheng, L. (2005). On the industry concentration of actively

managed equity mutual funds. The Journal of Finance, 60 (4), 1983-2011.

Kahn, R. N., & Lemmon, M. (2016). The asset manager’s dilemma: How smart beta is dis-

rupting the investment management industry. Financial Analysts Journal, 72 (1), 15-20.

Keene, M. A., & Peterson, D. R. (2007). The importance of liquidity as a factor in asset pricing.

Journal of Financial Research, 30 (1), 91-109.

Kempf, A., & Osthoff, P. (2007). The effect of socially responsible investing on portfolio per-

formance. European Financial Management, 13 (5), 908-922.

Kotsantonis, S., Pinney, C., & Serafeim, G. (2016). ESG integration in investment management:

Myths and realities. Journal of Applied Corporate Finance, 28 (2), 10-16.

Lakonishok, J., Shleifer, A., & Vishny, R. W. (1994). Contrarian investment, extrapolation,

and risk. The journal of Finance, 49 (5), 1541-1578.

Lee, C. M., & Swaminathan, B. (2000). Price momentum and trading volume. The Journal of

Finance, 55 (5), 2017-2069.

Lintner, J. (1965). Security prices, risk, and maximal gains from diversification. The Journal

of Finance, 20 (4), 587-615.

Lin, V., & Mackintosh, P. (2010). ETF mythbuster: Tracking down the truth. The Journal of

Index Investing, 1 (1), 95-106.

Lioui, A. (2018). ESG Factor Investing: Myth or Reality?. Available at SSRN: https://ssrn.com/

abstract=3272090 [accessed on 08 September 2020].

Litzenberger, R. H., & Ramaswamy, K. (1982). The effects of dividends on common stock prices

tax effects or information effects?. The Journal of Finance, 37 (2), 429-443.

Liu, W. (2006). A liquidity-augmented capital asset pricing model. Journal of Financial Eco-

nomics, 82 (3), 631-671.

Loughran, T., & Ritter, J. R. (1995). The new issues puzzle. The Journal of Finance, 50 (1),

23-51.

61



REFERENCES

Malkiel, B. G. (2003). The efficient market hypothesis and its critics. Journal of Economic

Perspectives, 17 (1), 59-82.

Malkiel, B. G. (2014). Is smart beta really smart?. The Journal of Portfolio Management,

40 (5), 127-134.
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Appendices

Appendix A Factor Descriptions

Unless otherwise specified all the data comes from CRSP. For the factors that Fama and French

(1992, 2015) use, the approach is similar to theirs although the portfolios are rebalanced quar-

terly versus annually in the case of Fama and French (1992). For the factors not used by Fama

and French additional sources are provided. All the factors are normalised before further use

for the multi-factor portfolios. t denotes the month of the creation/rebalancing of the portfolio.

Size

Size expresses the market equity at the end of month t-1, which equals the number stocks

shares outstanding multiplied by the price per share at the end of the month. This approach

is the same as that of Fama and French (1992) with the adjustment that this process is done

quarterly instead of once per year. Give source who did also quarterly. For this factor the

bottom quintile, i.e. the smallest firms, is used to create the long-only portfolios.

Value and Growth

Value is defined as the book-to-price or book-to-market ratio. Meaning the book value of

equity (BE) divided by the market value of equity (ME). Again the portfolio is recalculated

quarterly. BE is book value of stockholder’s equity plus deferred taxes and investment credit (if

applicable), minus the book value of preferred stock (if applicable). If stockholder’s equity was

not available then BE equals the book value of common equity plus the par value of preferred

stock. Should this also be unavailable then BE is approximated by the book value of assets

minus total liabilities. All of this data used to calculate BE is taken from Compustat. BE of

the firm at t-7 is divided by ME at t-1. The six month lag is due to practical reporting delays,

compare Fama and French (1992). For value the top quintile is selected. For growth the bottom

quintile is selected.

Liquidity

The liquidity factor is calculated by taking the amount of traded share between t-1 and t-13

divided by the shares outstanding at t-1. This approach is in line with Ibbotson et al. (2013).

For illiquidity the bottom quintile is used to create the long-only portfolios as these are the

most illiquid stocks. This liquidity measure used is analogous to Haugen and Baker (1996) and

Ibbotson et al. (2013).

While throughtout the paper the style is refered to as just illiquidity in subchapter 2.1.3 it

is referred to as liquidityVol in subchapter 2.1.3, to highlight the difference to the alternative

measure tested, which is named liquiditySpread. LiquiditySpread is calculated by taking the

average from t-1 to t-13 of the difference between the end of the month ask and bid price divided

by the mean of the end of the month ask and bid price. This approach is based on Amihud

& Mendelson (1986) and Eleswarapu & Reinganum (1993) who only use the year end bid-ask

spread. Cici et al. (2010), on the other hand, use daily bid-ask spreads. In all cases the least

liquid stocks, the bottom quintile are selected for the illiquidity style.
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Dividends

Dividends (or income) is given by the stocks dividends yield. It is the sum of the amount of

dividends paid over the months t-13 to t-1 divided by the market capitalisation of the firm at

t-1. The approach is based on Ung and Luk (2016). For the dividends portfolio the top quintile

is used to create the long-only portfolios.

Momentum

Momentum is the market capitalisation at t-1 plus the sum of dividends paid out between

t-13 and t-1 divided by the market capitalisation at t-13. In effect this is the total return over

the prior year lagged by 1 month. This approach is in line with Carhart (1997) and Jegadeesh

and Titman (1993). For momentum (mom) portfolio, the top quintile is used to create the

long-only portfolios.

Investment

The investment factor is defined as the growth of total assets. The total assets (provided by

Compustat) at t-1 are divided by the total assets at t-13. This approach is in line with Fama

and French (2015). The (low) investment portfolios selects the bottom quintile of stocks create

the long-only portfolios.

Profitability or Quality

Profitability is calculated at t-7 as revenues minus cost of goods sold, minus interest ex-

penses and minus selling, general and administrative expenses. This is then divided by the

BE (calculated as in the value style) at t-7. All of this data is taken from Compustat. For

profitability the top quintile is used to create the long-only portfolios.

Volatility

The volatility used in this paper is the standard deviation of the monthly returns between

t-1 and up to t-37 (36 months). But there needs to at least be return data for t-1 to t-13.

In other words over the past one to three years lagged by one month. Since in the long-only

portfolio only the 20% least volatile stocks are bought the algorithm naturally favours stocks

with longer observation periods as volatility is not linear in time. This approach is similar to

Blitz and van Vliet (2007). Amenc et al. (2016) also use 36 months rolling volatility. Some

academics even look at up to 60 months in to the past to measure volatility. The low volatility

(vola)portfolio selects the bottom quintile.

ESG

First there is a short discussion on the reasoning behind the choice of KLD as ESG data

source. Secondly, the method to obtain a rating/factor is explained. An explanations of the

different ESG measures can be found in the third and fourth paragraphs.

This paper uses the ESG data from KLD. KLD pioneered ESG data collection. The dataset

goes back to 1992 (based on the reports of 1991) with around 650 US Companies. In 2001 the
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entire Russell1000 index was added, and in 2003 Russel3000. In comparison other providers

such as Asset4 only starts in 2002 with around 1000 firms. Dorfleitner et al. (2015), Semenova

and Hassel (2015) , and Gibson et al. (2019) all compare the different ESG data providers. They

find a lack of convergence among them but none of them found a clear difference in quality.

Therefore most studies rely on KLD, in particular due to the better longitude and also scope

of the data (Dorfleitner et al., 2015, p.451). Hence, to include the longest possible this paper

uses the KLD database from 1991 to 2018.

There is an additional peculiarity, which distinguished KLD from other ESG data providers

and which should be addressed here. It does not provide a numerical rating. Instead it gives

between 70 and 80 binary data points5. The data points are split in strengths and concerns.

The existence of a strength or concern is indicated with a 1, its absence with a 0. Dorfleitner

et al. (2015) criticise that the reason why a strength/concern is present or absent is not al-

ways sufficiently explained. Each of the strengths and concerns is also assigned to one of eight

dimensions/pillars: environment, community, employees, diversity, product, human rights, gov-

ernance and vices (which only has concerns).

Kempf and Osthoff (2007) developed a method to compile these data points into a rating.

The method has been become popular among academics (Lioui, 2018; Mǎnescu, 2011). The

approach turns the concerns into strengths by taking their opposite binary value. Then for

each dimension a relative score is normalised between 0 and 100. The lowest dimension score

gets a 0 and the best a 100. There are different ways to combining these dimension scores. In

this paper all of them use equal-weighting between dimensions/pillars. For the main part of

the paper the ESG scores from the community, employees, diversity, product, human rights,

and vices dimension were equal-weighted and combined into the social pillar. The average of

this social pillar, plus the governance pillar and the environment pillar gave the final ESG rating.

In subchapter 3.2.1 additional ESG measures are tested. The ENV, SOC, and GOV port-

folios are built from the individual pillars just described above, ENV from the environment

pillar, SOC from the social pillar, and GOV from the governance pillar. ESG ex is the equal-

weighted combination of the environment, governance, and social pillar, but where the social

pillar is only comprised of the community, employees, diversity, product, and human rights

dimensions. The ESG eq portfolio is built from an equal-weighted sum of all eight ESG di-

mensions. ESG eqex is built from an equal-weighted sum of the seven dimensions that remain

after excluding the vices dimension.

The ESG data is only updated once per year after the annual reporting. To account for this

and include the reporting delays as above and in Fama and French (1992), the ESG rating used

at t is at least from t-7 but can also be older, up to t-18. There is always at least a six month

delay. The top quintile is taken for the long-only portfolios.

5Explanationofthedatapointsunder:https://www.wiso.uni-hamburg.de/bibliothek/recherche/

datenbanken/unternehmensdaten/msci-methodology-2014.pdf
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Appendix B Performance Metrics and Statistical Tests

This Appendix explains the performance metrics used throughout the paper. They are similar

to those used by Bender et al. (2014) and others. Moreover, a brief discussion of the two

statistical tests used in this paper can be found towards the end of this Appendix.

Return

The return of a portfolio (Rp) is measured as the monthly, value-weighted, continuous total

return of its constituent stocks. Total return is calculated as the change in stock-price plus

the dividends paid. All returns presented in the thesis represent the annualised average for the

respective timeframe.

Risk

The principal risk measure of a portfolio (σp) is defined as the standard deviation of the

return of a portfolio. Risk and volatility are used interchangeably, although other risk measures

such as TE and beta are also used.

Sharpe Ratio

The Sharpe Ratio (SR) is a common measure for risk-adjusted return measure. For more

information on the theory behind it see Sharpe (1994). The formula used here is:

SR =
Rp −Rf

σp

Rp −Rf is the excess return (portfolio return minus the risk-free T-Bill return).

Tracking Error

The Tracking Error (TE) measures the divergence of the return of a portfolio to its bench-

mark. In the case of this thesis the benchmark used is the market portfolio as provided by CRSP.

Mathematically the TE is the standard deviation of the portfolio return minus the benchmark

return (= active return). The TE can be expressed as:

TE = σ(Rp −Rm)

Information Ratio

The Information Ratio (IR) is another risk-adjusted return measure particularly suited for

passive funds. The IR uses a portfolio’s TE as risk measure and its active return as return

measure. It is thus expressed as:

IR =
Rp −Rm

TEp

Treynor Ratio The Treynor Ratio (TR) is also a risk-adjusted return measure. It measures

risk as the market risk of a portfolio (βp). The formula for the TR is :

TR =
Rp −Rf

βp
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Beta is derived from the Fama-MacBeth (1973) regression formula:

Rp −Rf = αp + βp(Rm −Rf ) + ε

Jensen’s Alpha

Jensen’s Alpha (JA) is the last risk-adjusted return measure in used in this thesis. It

represents the average return of an asset that is below or above the prediction of the Capital

Asset Pricing Model. Mathematically, JA is the αp (or intercept) of the Fama-MacBeth (1973)

regression formula:

Rp −Rf = αp + βp(Rm −Rf ) + ε

Turnover Rate

The Turnover Rate (TO) measures share of stocks of a portfolio that are replaced. It only

accounts for changes in the selection of stocks and not changes in the weighting of stocks. The

measure is commonly used in smart beta research (Baker et al., 2014). TO is used to proxy the

rebalancing costs of portfolios. Johnson et al (2016, p.38) found that an annual TO 20% incurs

rebalancing costs of around 0.7 basis points of the portfolios AUM, while a TO of 100% incurs

3.5 basis points. Mathematically the TO is measured as:

TR = 4
1− (B ∩ A)

min(|B|, |A|)

Wherein B represents the set of firms in the portfolio before the rebalancing and A repre-

sents the set after the rebalancing. The TR is annualised by multiplying the quarterly TR by

four (as the rebalancing occurs quarterly).

Statistical Tests

To supplement the results and give them statistical significance statistical tests are used

in this thesis. To compare the distributions of the performance metrics before and after the

tilts or to compare the distributions of the performance metrics of the single and multi-factor

portfolios two tests are used. The metrics clearly do not follow a normal distribution. The

standard deviation (and thus the variance) of the of the before and after the tilt distributions

are also unequal as can be derived from all the statistical tables. Hence a standard test for the

difference in means could not be performed. The choice fell onto two non-parametric tests that

offer robust findings in this situation. The tests are the (Wilcoxon-) Mann-Whitney U (M-W)

test and the Kolmogorov-Smirnov (K-S) test. Both test whether one distribution is statistically

different from another. The null hypothesis is that both distributions are equal. The results

are expressed as the p-value that we have to accept the null. A low p-value thus means the null

hypothesis can be rejected and there is a difference in the distribution.

Both tests are two-tailed. Both assume that the observations are independent of each

other. The dependence would mean that it becomes harder to reject the null hypothesis. The

performance metrics for the different groups are not fully independent as all stock returns share

a level of dependence. However, only the groups are only tested with their average values for

the entire periods are compared, hence the dependence should not be high. Other academics
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such as Iskoz and Wang (2003), Scherer (2004), Filip (2019) also use the K-S or M-W test in

similar situation and to test the distributions of performance metrics. For more information on

the math and logic behind the K-S6 and M-W7 tests please refer to Stata documentation.

6https://www.stata.com/manuals13/rksmirnov.pdf
7https://www.stata.com/manuals13/rranksum.pdf
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Appendix C Descriptive Statistics

Table C1: Return Correlation of Single-Factor portfolios

This table shows the correlation of the monthly returns of the single-factor portfolios and
the market.
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Size 1
Value 0.74 1
Growth 0.62 0.76 1
Liquidity 0.58 0.81 0.74 1
Dividends 0.56 0.83 0.67 0.87 1
Mom 0.65 0.67 0.86 0.70 0.58 1
ESG 0.59 0.75 0.77 0.72 0.70 0.72 1
Investment 0.67 0.84 0.76 0.80 0.80 0.71 0.73 1
Quality 0.57 0.80 0.91 0.82 0.78 0.78 0.79 0.79 1
Vola 0.49 0.73 0.77 0.83 0.83 0.72 0.73 0.78 0.83 1
Market 0.69 0.86 0.93 0.84 0.80 0.84 0.82 0.85 0.93 0.85 1

Table C2: Active Return Correlation of Single-Factor Portfolios

This table shows the correlation of the monthly active returns of the single-factor portfolio.
The active return is defined as the portfolio return minus the market return.
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Size 1
Value 0.37 1
Growth -0.08 -0.23 1
Liquidity 0.05 0.18 -0.21 1
Dividends 0.06 0.34 -0.34 0.65 1
Mom 0.18 -0.19 0.40 -0.02 -0.31 1
ESG 0.07 0.11 0.00 0.12 0.12 0.07 1
Investment 0.22 0.41 -0.16 0.25 0.35 -0.02 0.09 1
Quality -0.19 -0.10 0.32 0.34 0.25 -0.02 0.11 0.01 1
Vola -0.10 -0.20 -0.08 0.54 0.55 -0.02 0.11 0.10 0.41 1
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Appendix D Simulated Portfolios Table D1: All Portfolios 1992-2019
This Table shows the average absolute performance metrics for all 85 simulated portfolios using value-weighting and 0.8 (0.2) breakpoints from 1992 until 2019. All performance metrics are annualised.
Abbreviations are used for the factor in multi-factor portfolios: Value = Val, Liquidity = Liq, Dividends = Div, Momentum = Mom, Investment = Inv, Quality = Qual, and Volatility = Vola. The portfo-
lios are ordered by number of factor-tilts and then alphabetically. The factors within a portfolio are in the order of ESG, then Liq, and then alsp alphabetically. This order might differ from the one used in the main body.

Return Risk SR TE IR TR JA TO Return Risk SR TE IR TR JA TO
Dividends 10.5% 14.8% 0.55 2.6% 0.09 0.100 3.6% 35.4% ESGLiqsSize 10.2% 14.9% 0.52 2.2% 0.07 0.094 3.2% 51.2%
ESG 11.0% 15.8% 0.54 1.8% 0.22 0.093 3.4% 36.6% ESGMomQual 11.9% 14.8% 0.65 1.9% 0.34 0.113 4.8% 120.0%
Growth 10.2% 15.5% 0.50 1.3% 0.11 0.084 2.6% 75.4% ESGMomVal 11.9% 16.8% 0.57 2.2% 0.29 0.099 4.1% 96.7%
Investment 12.5% 17.8% 0.57 2.4% 0.35 0.097 4.3% 115.2% ESGQualVal 12.7% 15.0% 0.69 2.2% 0.40 0.123 5.6% 109.1%
Liquidity 9.9% 14.0% 0.54 2.2% 0.03 0.091 2.9% 44.1% ESGQualVola 10.6% 13.4% 0.61 2.0% 0.14 0.107 3.9% 90.0%
Momentum 11.1% 18.0% 0.48 2.6% 0.16 0.086 3.0% 144.1% LiqDivGrowth 10.2% 12.0% 0.66 1.7% 0.10 0.112 3.9% 47.3%
Quality 12.3% 13.5% 0.73 1.5% 0.51 0.121 5.3% 130.8% LiqDivMom 10.3% 12.3% 0.65 2.1% 0.09 0.110 3.9% 74.7%
Size 5.3% 19.3% 0.15 3.9% -0.33 0.031 -2.4% 50.2% LiqDivVola 9.7% 10.7% 0.69 2.5% 0.01 0.129 4.1% 32.5%
Value 8.6% 20.4% 0.30 2.9% -0.10 0.051 -0.6% 85.0% LiqGrowthVola 10.5% 11.5% 0.71 1.8% 0.14 0.121 4.4% 74.7%
Volatility 10.2% 10.7% 0.73 2.2% 0.07 0.131 4.4% 59.6% LiqInvQual 12.1% 11.8% 0.83 2.2% 0.32 0.149 6.1% 125.6%
DivGrowth 10.6% 13.2% 0.62 1.0% 0.27 0.099 3.5% 45.0% LiqMomQual 11.5% 12.6% 0.72 2.1% 0.26 0.126 5.0% 134.6%
DivMom 10.6% 13.1% 0.63 2.0% 0.13 0.106 3.8% 100.3% LiqMomVal 9.7% 13.7% 0.54 2.2% 0.01 0.093 2.9% 92.1%
DivVola 10.0% 10.7% 0.72 2.4% 0.05 0.133 4.4% 35.6% LiqQualVal 13.2% 14.0% 0.77 2.7% 0.39 0.140 6.5% 108.3%
ESGDiv 10.1% 14.8% 0.52 1.6% 0.08 0.089 2.9% 40.4% LiqQualVola 11.2% 11.1% 0.79 2.1% 0.21 0.140 5.3% 94.7%
ESGGrowth 11.1% 15.2% 0.57 1.5% 0.29 0.097 3.7% 60.9% LiqValVola 10.2% 11.9% 0.65 2.6% 0.06 0.123 4.2% 49.2%
ESGInv 11.8% 16.0% 0.59 1.9% 0.33 0.103 4.3% 92.9% MomSizeVal 13.5% 16.8% 0.66 2.7% 0.41 0.114 5.6% 97.3%
ESGLiq 10.3% 13.0% 0.61 1.8% 0.11 0.106 3.7% 49.5% QualMomVal 13.0% 16.2% 0.66 2.4% 0.40 0.113 5.4% 160.8%
ESGMom 10.5% 15.4% 0.53 1.9% 0.14 0.092 3.2% 122.2% QualSizeVola 11.2% 10.7% 0.83 2.5% 0.18 0.159 5.7% 120.0%
ESGQual 11.9% 15.7% 0.60 2.1% 0.31 0.107 4.5% 94.0% QualValVola 11.2% 12.1% 0.73 2.2% 0.20 0.129 5.0% 115.5%
ESGSize 10.4% 19.2% 0.42 2.5% 0.09 0.072 1.8% 52.4% SizeValVola 12.7% 12.1% 0.86 2.3% 0.38 0.145 6.3% 61.2%
ESGVal 11.2% 18.2% 0.49 2.8% 0.16 0.090 3.3% 62.6% ValMomVola 11.6% 12.0% 0.77 2.2% 0.25 0.136 5.4% 110.7%
ESGVola 10.7% 13.5% 0.62 1.8% 0.16 0.106 3.9% 61.6% ESGLiqQualVola 10.2% 12.6% 0.62 2.1% 0.07 0.112 3.9% 79.1%
GrowthVola 11.3% 12.9% 0.69 1.3% 0.38 0.113 4.5% 95.8% ESGMomQualVal 12.1% 16.0% 0.61 2.4% 0.30 0.111 4.8% 130.2%
InvQual 12.4% 13.0% 0.77 1.8% 0.44 0.130 5.7% 142.8% ESGMomSizeVal 11.7% 17.3% 0.54 2.5% 0.23 0.099 4.0% 89.6%
LiqDiv 10.4% 13.3% 0.60 2.4% 0.09 0.105 3.7% 28.0% ESGMomValVola 11.0% 14.3% 0.60 2.2% 0.18 0.110 4.2% 94.1%
LiqGrowth 10.2% 12.0% 0.65 1.7% 0.09 0.111 3.9% 70.0% ESGQualValVola 12.2% 15.5% 0.63 2.9% 0.25 0.124 5.4% 91.9%
LiqInv 10.8% 14.7% 0.58 2.7% 0.13 0.108 4.0% 91.1% ESGSizeValVola 11.9% 14.3% 0.67 2.8% 0.24 0.133 5.5% 54.9%
LiqMom 10.5% 13.0% 0.62 1.9% 0.12 0.105 3.8% 118.5% LiqMomQualVal 11.8% 13.5% 0.70 2.6% 0.24 0.128 5.3% 128.7%
LiqQual 10.9% 11.4% 0.75 2.2% 0.16 0.136 5.0% 107.9% LiqMomSizeVal 14.7% 13.6% 0.91 2.6% 0.56 0.168 8.2% 70.8%
LiqSize 11.9% 12.1% 0.79 2.9% 0.23 0.156 6.1% 44.9% LiqMomValVola 11.0% 11.6% 0.74 2.4% 0.16 0.136 5.0% 85.5%
LiqVal 10.1% 14.7% 0.53 2.5% 0.05 0.092 3.0% 60.2% LiqQualValVola 10.6% 11.3% 0.73 2.5% 0.11 0.133 4.7% 92.2%
LiqVola 9.9% 10.5% 0.71 2.5% 0.03 0.132 4.3% 48.1% LiqSizeValVola 13.7% 11.0% 1.03 2.6% 0.45 0.193 8.0% 48.7%
MomQual 12.1% 14.4% 0.67 1.8% 0.38 0.112 4.8% 148.4% QualSizeValVola 12.8% 13.9% 0.74 2.5% 0.36 0.128 5.8% 108.3%
MomVal 10.6% 15.0% 0.55 2.0% 0.15 0.092 3.2% 132.0% QualValMomVola 12.4% 12.9% 0.78 2.1% 0.37 0.133 5.8% 149.8%
QualSize 14.4% 19.2% 0.63 3.1% 0.44 0.112 6.0% 130.3% ESGMomQualValVola 12.6% 14.1% 0.72 2.2% 0.38 0.129 5.8% 121.0%
QualVal 11.7% 18.2% 0.51 2.8% 0.21 0.088 3.3% 148.3% InvMomQualValVola 12.4% 12.2% 0.83 2.1% 0.39 0.141 6.0% 145.5%
QualVola 12.3% 12.3% 0.81 1.5% 0.50 0.133 5.7% 110.8% LiqMomQualValVola 10.9% 11.5% 0.74 2.4% 0.14 0.133 4.9% 118.9%
SizeVal 9.2% 21.6% 0.32 4.0% -0.03 0.060 0.4% 75.4% ESGInvMomQualValVola 12.0% 13.9% 0.69 2.5% 0.27 0.129 5.4% 130.0%
ValVola 10.5% 12.8% 0.64 2.3% 0.11 0.114 4.1% 60.3% InvMomQualSizeValVola 13.1% 14.0% 0.77 2.8% 0.36 0.146 6.6% 133.7%
ESGDivGrowth 10.9% 14.3% 0.59 1.4% 0.26 0.099 3.7% 50.9% LiqInvMomQualValVola 10.9% 11.4% 0.75 2.4% 0.14 0.135 5.0% 124.3%
ESGDivMom 11.1% 14.2% 0.62 1.7% 0.25 0.106 4.1% 95.1% ESGInvMomQualSizeValVola 12.9% 13.5% 0.78 2.5% 0.36 0.149 6.5% 124.2%
ESGInvQual 12.0% 14.5% 0.66 1.9% 0.35 0.117 5.0% 114.0% LiqInvMomQualSizeValVola 13.3% 12.3% 0.89 2.9% 0.37 0.173 7.4% 107.4%
ESGLiqQual 11.4% 13.6% 0.67 1.9% 0.26 0.117 4.7% 83.4% Market 9.7% 14.7% 0.50 N/A N/A 0.073 0.0% N/A
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Table D2: All Portfolios 1992-2006
This Table shows the average absolute performance metrics for all 85 simulated portfolios using value-weighting and 0.8 (0.2) breakpoints from 1992 until 2006. All performance metrics are annualised.
Abbreviations are used for the factor in multi-factor portfolios: Value = Val, Liquidity = Liq, Dividends = Div, Momentum = Mom, Investment = Inv, Quality = Qual, and Volatility = Vola. The portfo-
lios are ordered by number of factor-tilts and then alphabetically. The factors within a portfolio are in the order of ESG, then Liq, and then alsp alphabetically. This order might differ from the one used in the main body.

Return Risk SR TE IR TR JA TO Return Risk SR TE IR TR JA TO
Dividends 14.3% 11.9% 0.90 2.7% 0.40 0.169 6.8% 34.0% ESGLiqsSize 12.0% 13.6% 0.60 2.5% 0.15 0.107 3.6% 46.6%
ESG 12.2% 16.5% 0.51 2.3% 0.21 0.086 2.5% 33.6% ESGMomQual 14.2% 9.9% 1.06 3.2% 0.33 0.228 7.7% 52.5%
Growth 9.6% 15.9% 0.37 1.4% -0.21 0.059 -0.2% 84.2% ESGMomVal 13.3% 14.7% 0.66 2.5% 0.32 0.119 4.7% 120.0%
Investment 16.9% 16.4% 0.80 2.7% 0.66 0.140 7.5% 116.9% ESGQualVal 13.9% 11.2% 0.91 2.7% 0.36 0.174 6.6% 128.6%
Liquidity 14.1% 11.6% 0.89 2.6% 0.39 0.157 6.4% 47.8% ESGQualVola 12.5% 10.6% 0.83 2.5% 0.22 0.152 5.3% 99.6%
Momentum 15.0% 18.8% 0.60 2.8% 0.45 0.102 4.6% 145.2% LiqDivGrowth 13.1% 12.2% 0.77 2.7% 0.26 0.142 5.4% 120.6%
Quality 13.2% 12.6% 0.76 1.8% 0.43 0.125 4.9% 146.2% LiqDivMom 16.9% 10.8% 1.22 2.6% 0.69 0.221 9.5% 112.2%
Size 10.3% 20.4% 0.32 4.5% -0.02 0.070 0.9% 94.6% LiqDivVola 12.5% 10.2% 0.86 2.9% 0.19 0.180 5.8% 128.0%
Value 11.6% 19.5% 0.40 3.1% 0.09 0.066 0.7% 55.7% LiqGrowthVola 15.2% 11.6% 0.98 2.6% 0.51 0.178 7.6% 95.3%
Volatility 13.2% 10.2% 0.93 2.4% 0.32 0.162 6.0% 62.1% LiqInvQual 14.9% 17.2% 0.65 2.8% 0.45 0.113 5.2% 89.2%
DivGrowth 12.1% 12.7% 0.66 1.0% 0.42 0.101 3.3% 51.8% LiqMomQual 12.7% 12.1% 0.74 2.4% 0.26 0.128 4.7% 138.7%
DivMom 15.1% 11.8% 0.96 2.0% 0.64 0.156 7.0% 100.0% LiqMomVal 17.9% 10.3% 1.38 2.7% 0.79 0.240 10.6% 65.9%
DivVola 13.2% 10.0% 0.96 2.7% 0.28 0.180 6.3% 34.3% LiqQualVal 17.6% 12.1% 1.14 3.1% 0.66 0.225 10.1% 115.4%
ESGDiv 11.4% 15.0% 0.51 2.0% 0.11 0.087 2.3% 40.1% LiqQualVola 12.0% 14.4% 0.58 1.7% 0.24 0.094 3.0% 51.0%
ESGGrowth 11.7% 15.7% 0.51 1.9% 0.17 0.083 2.2% 60.7% LiqValVola 13.0% 14.1% 0.66 2.1% 0.33 0.111 4.3% 97.1%
ESGInv 13.9% 16.5% 0.62 2.4% 0.40 0.105 4.3% 88.8% MomSizeVal 17.3% 16.0% 0.84 2.8% 0.69 0.142 7.8% 164.7%
ESGLiq 10.9% 13.0% 0.55 2.1% 0.04 0.093 2.5% 45.9% QualMomVal 14.5% 11.0% 0.99 2.4% 0.47 0.168 6.9% 74.0%
ESGMom 11.8% 15.8% 0.51 2.3% 0.14 0.088 2.5% 119.2% QualSizeVola 11.4% 11.4% 0.68 2.0% 0.12 0.115 3.7% 46.1%
ESGQual 13.1% 16.8% 0.56 2.7% 0.27 0.100 3.7% 100.8% QualValVola 11.0% 13.6% 0.54 2.5% 0.05 0.097 2.7% 96.6%
ESGSize 11.5% 18.6% 0.42 2.7% 0.10 0.069 0.9% 41.3% SizeValVola 15.3% 15.1% 0.77 2.9% 0.47 0.144 6.7% 114.3%
ESGVal 14.6% 16.0% 0.68 2.8% 0.42 0.125 5.6% 60.1% ValMomVola 13.4% 15.5% 0.62 2.3% 0.35 0.107 4.2% 121.6%
ESGVola 12.1% 13.4% 0.63 2.3% 0.19 0.109 3.7% 60.7% ESGLiqQualVola 10.4% 12.8% 0.52 2.5% -0.02 0.097 2.5% 78.8%
GrowthVola 12.6% 12.8% 0.69 1.3% 0.43 0.108 3.9% 106.0% ESGMomQualVal 14.2% 17.0% 0.61 3.0% 0.34 0.113 4.9% 129.5%
InvQual 14.1% 12.5% 0.84 2.2% 0.46 0.143 6.0% 148.9% ESGMomSizeVal 15.6% 12.7% 0.94 3.2% 0.44 0.206 8.4% 48.9%
LiqDiv 13.7% 10.7% 0.93 2.7% 0.33 0.175 6.5% 28.9% ESGMomValVola 12.4% 11.3% 0.76 2.9% 0.18 0.145 5.1% 95.1%
LiqGrowth 10.3% 11.9% 0.56 1.8% -0.05 0.093 2.3% 70.9% ESGQualValVola 15.1% 14.9% 0.76 2.8% 0.46 0.138 6.3% 143.0%
LiqInv 14.5% 12.1% 0.89 2.9% 0.39 0.172 7.0% 94.4% ESGSizeValVola 15.8% 10.5% 1.15 2.8% 0.54 0.216 8.7% 85.6%
LiqMom 14.2% 12.2% 0.85 2.1% 0.49 0.139 5.9% 117.7% LiqMomQualVal 14.8% 12.7% 0.87 3.0% 0.40 0.158 6.8% 131.0%
LiqQual 11.6% 10.9% 0.73 2.7% 0.11 0.144 4.6% 115.6% LiqMomSizeVal 13.7% 14.9% 0.67 3.2% 0.28 0.128 5.3% 121.7%
LiqSize 17.2% 10.0% 1.34 3.3% 0.58 0.299 10.7% 49.3% LiqMomValVola 18.1% 14.0% 1.02 3.1% 0.69 0.188 9.7% 131.4%
LiqVal 15.7% 12.0% 1.00 2.8% 0.52 0.184 8.0% 66.7% LiqQualValVola 13.5% 10.7% 0.91 2.9% 0.29 0.166 6.2% 118.7%
LiqVola 12.6% 10.0% 0.89 2.8% 0.21 0.172 5.8% 47.2% LiqSizeValVola 17.7% 9.0% 1.55 3.1% 0.66 0.328 11.4% 53.4%
MomQual 12.7% 14.3% 0.63 2.0% 0.30 0.100 3.5% 151.9% QualSizeValVola 22.2% 11.5% 1.60 3.1% 1.10 0.313 14.9% 74.9%
MomVal 15.5% 13.6% 0.86 2.2% 0.65 0.141 6.7% 134.3% QualValMomVola 14.5% 15.0% 0.72 2.8% 0.40 0.132 5.8% 89.6%
QualSize 20.8% 16.9% 1.01 3.4% 0.87 0.192 11.7% 141.4% ESGMomQualValVola 15.6% 11.7% 1.01 2.5% 0.58 0.167 7.6% 130.8%
QualVal 15.1% 17.3% 0.65 3.1% 0.42 0.114 5.3% 163.7% InvMomQualValVola 16.8% 12.6% 1.03 2.8% 0.63 0.179 8.7% 113.0%
QualVola 14.1% 11.8% 0.88 1.8% 0.57 0.139 5.9% 122.8% LiqMomQualValVola 15.5% 13.6% 0.86 3.2% 0.44 0.179 7.8% 115.7%
SizeVal 14.8% 20.1% 0.55 4.2% 0.29 0.109 4.9% 85.5% ESGInvMomQualValVola 15.7% 12.9% 0.92 2.5% 0.58 0.155 7.3% 150.7%
ValVola 14.5% 10.4% 1.04 2.9% 0.39 0.204 7.6% 64.5% InvMomQualSizeValVola 14.0% 17.4% 0.59 3.8% 0.26 0.125 5.3% 94.3%
ESGDivGrowth 12.8% 9.8% 0.93 2.9% 0.22 0.181 6.0% 30.4% LiqInvMomQualValVola 16.6% 16.3% 0.79 2.8% 0.63 0.145 7.5% 78.9%
ESGDivMom 21.9% 14.5% 1.25 2.8% 1.16 0.215 13.1% 102.4% ESGInvMomQualSizeValVola 13.1% 11.2% 0.83 2.9% 0.24 0.151 5.6% 120.9%
ESGInvQual 11.8% 11.2% 0.72 2.0% 0.17 0.121 4.0% 74.2% LiqInvMomQualSizeValVola 18.8% 11.5% 1.30 3.1% 0.75 0.252 11.4% 107.4%
ESGLiqQual 11.7% 13.8% 0.58 2.4% 0.13 0.105 3.4% 82.8% Market 10.6% 14.3% 0.48 N/A N/A 0.069 0.0% N/A
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Table D3: All Portfolios 2007-2019
This Table shows the average absolute performance metrics for all 85 simulated portfolios using value-weighting and 0.8 (0.2) breakpoints from 2007 until 2019. All performance metrics are annualised.
Abbreviations are used for the factor in multi-factor portfolios: Value = Val, Liquidity = Liq, Dividends = Div, Momentum = Mom, Investment = Inv, Quality = Qual, and Volatility = Vola. The portfo-
lios are ordered by number of factor-tilts and then alphabetically. The factors within a portfolio are in the order of ESG, then Liq, and then alsp alphabetically. This order might differ from the one used in the main body.

Return Risk SR TE IR TR JA TO Return Risk SR TE IR TR JA TO
Dividends 6.2% 17.4% 0.31 2.4% -0.29 0.056 0.5% 37.1% ESGLiqsSize 8.2% 16.2% 0.45 1.9% -0.06 0.084 2.9% 56.2%
ESG 9.6% 15.0% 0.58 0.9% 0.30 0.099 4.2% 37.7% ESGMomQual 5.7% 13.8% 0.35 1.7% -0.50 0.063 0.9% 45.6%
Growth 10.8% 15.0% 0.66 1.2% 0.52 0.113 5.4% 66.7% ESGMomVal 10.4% 14.3% 0.67 1.0% 0.51 0.115 5.3% 107.4%
Investment 7.7% 19.2% 0.35 1.9% -0.14 0.061 1.1% 114.1% ESGQualVal 10.1% 12.4% 0.74 1.6% 0.27 0.131 5.6% 122.3%
Liquidity 5.2% 16.1% 0.27 1.8% -0.56 0.045 -0.6% 40.7% ESGQualVola 9.7% 11.7% 0.75 1.6% 0.20 0.132 5.4% 89.4%
Momentum 6.7% 17.1% 0.34 2.3% -0.24 0.062 1.0% 142.9% LiqDivGrowth 9.0% 12.1% 0.68 1.5% 0.08 0.116 4.6% 109.9%
Quality 11.2% 14.5% 0.71 1.1% 0.69 0.119 5.9% 115.8% LiqDivMom 5.7% 13.0% 0.37 1.5% -0.54 0.066 1.0% 109.1%
Size -0.4% 17.8% -0.07 3.0% -0.86 -0.014 -6.0% 74.1% LiqDivVola 9.8% 11.2% 0.79 2.0% 0.18 0.146 5.8% 111.3%
Value 5.3% 21.4% 0.21 2.7% -0.35 0.035 -2.0% 45.1% LiqGrowthVola 3.6% 15.4% 0.18 1.7% -0.86 0.031 -1.9% 88.7%
Volatility 6.8% 11.1% 0.53 2.0% -0.26 0.098 2.8% 56.6% LiqInvQual 8.5% 16.2% 0.47 1.4% -0.03 0.082 2.8% 104.9%
DivGrowth 8.8% 13.7% 0.58 0.9% 0.07 0.097 3.7% 37.6% LiqMomQual 10.1% 13.2% 0.70 1.7% 0.27 0.125 5.4% 130.0%
DivMom 5.5% 14.3% 0.32 1.9% -0.49 0.057 0.4% 100.7% LiqMomVal 6.8% 13.6% 0.44 1.6% -0.32 0.074 1.8% 55.9%
DivVola 6.5% 11.3% 0.49 2.1% -0.30 0.092 2.5% 37.1% LiqQualVal 8.4% 15.8% 0.47 2.1% -0.03 0.084 2.9% 100.6%
ESGDiv 8.6% 14.8% 0.53 1.0% 0.01 0.092 3.4% 40.8% LiqQualVola 9.6% 14.3% 0.61 0.9% 0.33 0.105 4.4% 50.8%
ESGGrowth 10.4% 14.7% 0.65 0.9% 0.60 0.111 5.1% 61.2% LiqValVola 9.0% 14.2% 0.57 1.0% 0.10 0.099 3.9% 93.0%
ESGInv 9.5% 15.4% 0.56 1.1% 0.22 0.098 4.1% 97.3% MomSizeVal 8.3% 16.4% 0.45 2.0% -0.05 0.080 2.6% 156.6%
ESGLiq 9.8% 13.2% 0.67 1.3% 0.26 0.119 5.0% 53.5% QualMomVal 5.7% 13.6% 0.35 1.7% -0.51 0.061 0.7% 75.4%
ESGMom 9.2% 14.9% 0.56 1.2% 0.15 0.097 3.9% 125.4% QualSizeVola 8.9% 12.6% 0.64 1.4% 0.07 0.110 4.3% 48.7%
ESGQual 10.5% 14.6% 0.66 1.0% 0.52 0.113 5.2% 86.6% QualValVola 10.1% 13.3% 0.69 1.2% 0.36 0.119 5.2% 82.6%
ESGSize 9.3% 19.9% 0.42 2.3% 0.08 0.077 2.8% 64.6% SizeValVola 9.9% 14.9% 0.60 1.1% 0.34 0.103 4.5% 103.4%
ESGVal 7.5% 20.4% 0.32 2.8% -0.12 0.062 1.1% 65.4% ValMomVola 10.3% 14.0% 0.67 1.3% 0.38 0.117 5.3% 118.3%
ESGVola 9.0% 13.6% 0.60 1.1% 0.11 0.104 4.1% 62.6% ESGLiqQualVola 10.0% 12.4% 0.73 1.4% 0.27 0.129 5.5% 79.4%
GrowthVola 9.9% 13.1% 0.69 1.2% 0.31 0.117 5.0% 84.5% ESGMomQualVal 9.9% 14.8% 0.61 1.3% 0.30 0.106 4.7% 131.0%
InvQual 10.4% 13.7% 0.70 1.1% 0.47 0.118 5.4% 136.2% ESGMomSizeVal 7.8% 15.9% 0.44 2.0% -0.11 0.085 2.7% 61.4%
LiqDiv 6.7% 15.8% 0.37 1.9% -0.28 0.065 1.2% 26.9% ESGMomValVola 8.6% 11.3% 0.68 1.9% 0.00 0.122 4.5% 89.0%
LiqGrowth 10.1% 12.3% 0.75 1.5% 0.28 0.131 5.6% 69.0% ESGQualValVola 9.8% 13.2% 0.67 1.3% 0.26 0.117 5.0% 120.3%
LiqInv 6.7% 17.1% 0.34 2.4% -0.22 0.064 1.2% 87.5% ESGSizeValVola 5.6% 12.5% 0.37 1.9% -0.47 0.069 1.2% 85.3%
LiqMom 6.4% 13.8% 0.40 1.6% -0.39 0.069 1.4% 119.4% LiqMomQualVal 8.5% 14.3% 0.53 2.1% -0.02 0.099 3.7% 126.0%
LiqQual 10.1% 12.0% 0.77 1.6% 0.28 0.135 5.7% 99.4% LiqMomSizeVal 10.2% 12.7% 0.73 1.4% 0.32 0.128 5.6% 129.1%
LiqSize 6.1% 13.9% 0.37 2.3% -0.31 0.071 1.4% 40.0% LiqMomValVola 7.6% 13.8% 0.49 2.2% -0.13 0.094 3.0% 136.2%
LiqVal 3.9% 17.1% 0.18 1.9% -0.69 0.031 -2.0% 53.0% LiqQualValVola 7.9% 12.1% 0.58 1.9% -0.11 0.107 3.6% 128.1%
LiqVola 6.8% 11.1% 0.53 2.1% -0.25 0.098 2.8% 49.1% LiqSizeValVola 9.3% 12.9% 0.65 1.8% 0.11 0.118 4.8% 43.7%
MomQual 11.4% 14.7% 0.72 1.6% 0.49 0.126 6.2% 144.5% QualSizeValVola 6.4% 15.3% 0.36 1.9% -0.33 0.065 1.2% 66.3%
MomVal 5.3% 16.4% 0.27 1.6% -0.60 0.046 -0.5% 129.6% QualValMomVola 7.1% 13.5% 0.46 1.3% -0.32 0.083 2.4% 99.2%
QualSize 7.3% 21.4% 0.30 2.7% -0.13 0.053 0.2% 118.0% ESGMomQualValVola 9.0% 12.7% 0.64 1.6% 0.07 0.112 4.4% 148.3%
QualVal 7.9% 19.2% 0.37 2.4% -0.08 0.063 1.3% 131.5% InvMomQualValVola 8.3% 15.2% 0.49 1.9% -0.05 0.084 2.9% 103.2%
QualVola 10.3% 12.7% 0.74 1.2% 0.39 0.126 5.6% 97.6% LiqMomQualValVola 9.9% 13.4% 0.67 1.5% 0.25 0.122 5.2% 133.4%
SizeVal 3.0% 23.1% 0.09 3.7% -0.43 0.017 -4.3% 64.4% ESGInvMomQualValVola 8.7% 12.8% 0.61 1.6% 0.01 0.107 4.0% 148.7%
ValVola 6.0% 14.9% 0.34 1.5% -0.51 0.061 0.8% 55.7% InvMomQualSizeValVola 10.2% 13.1% 0.71 1.2% 0.39 0.121 5.4% 89.2%
ESGDivGrowth 6.4% 11.6% 0.47 2.1% -0.31 0.087 2.3% 34.9% LiqInvMomQualValVola 6.2% 18.3% 0.29 2.2% -0.32 0.054 0.2% 101.3%
ESGDivMom 4.0% 18.7% 0.17 2.4% -0.55 0.030 -2.3% 91.7% ESGInvMomQualSizeValVola 8.4% 11.8% 0.64 1.8% -0.03 0.115 4.2% 119.1%
ESGInvQual 9.1% 11.9% 0.69 1.6% 0.09 0.122 4.8% 75.2% LiqInvMomQualSizeValVola 7.2% 12.9% 0.49 2.5% -0.17 0.096 2.9% 107.5%
ESGLiqQual 11.1% 13.4% 0.76 1.2% 0.62 0.130 6.2% 84.1% Market 8.6% 15.2% 0.51 N/A N/A 0.077 0.0% N/A
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Table D4: All Portfolios Restricted Universe 1992-2019
This Table shows the average absolute performance metrics for all 85 simulated portfolios using value-weighting and 0.8 (0.2) breakpoints from 1992 until 2019. The investable universe is limited to ordinary stocks
and excludes financial and utility companies. All performance metrics are annualised. The same abbreviations as in Table D1 are used. The portfolios are ordered by number of factor-tilts and then alphabetically.
The factors within a portfolio are in the order of ESG, then Liq, and then alsp alphabetically. This order might differ from the one used in the main body.

Return Risk SR TE IR TR JA TO Return Risk SR TE IR TR JA TO
Dividends 11.6% 12.7% 0.73 1.7% 0.33 0.122 4.9% 24.1% ESGLiqsSize 12.6% 15.2% 0.67 2.7% 0.31 0.125 5.6% 54.6%
ESG 11.7% 16.3% 0.57 2.1% 0.28 0.100 4.1% 34.6% ESGMomQual 12.0% 14.6% 0.65 1.8% 0.36 0.115 4.9% 117.8%
Growth 10.2% 15.7% 0.50 1.6% 0.09 0.085 2.6% 84.6% ESGMomVala 13.1% 18.1% 0.59 2.8% 0.35 0.108 5.2% 98.8%
Investment 12.7% 18.6% 0.56 2.7% 0.33 0.099 4.5% 116.2% ESGQualVal 13.0% 15.2% 0.70 2.4% 0.41 0.128 6.0% 110.6%
Liquidity 10.8% 13.8% 0.61 2.5% 0.13 0.113 4.2% 49.2% ESGQualVola 10.4% 13.7% 0.58 2.1% 0.10 0.104 3.7% 91.4%
Momentum 12.6% 20.4% 0.50 3.4% 0.25 0.095 4.2% 152.4% LiqDivGrowth 10.7% 12.1% 0.69 1.5% 0.20 0.116 4.3% 52.2%
Quality 12.4% 13.3% 0.75 1.5% 0.52 0.125 5.5% 129.7% LiqDivMom 11.0% 11.9% 0.72 1.8% 0.21 0.123 4.7% 86.4%
Size 3.8% 24.3% 0.06 5.2% -0.33 0.013 -4.8% 52.0% LiqDivVola 11.4% 11.8% 0.77 1.9% 0.27 0.131 5.2% 40.5%
Value 9.0% 24.3% 0.27 4.3% -0.04 0.051 -0.6% 79.6% LiqGrowthVola 10.7% 12.0% 0.69 1.6% 0.18 0.118 4.4% 82.7%
Volatility 11.8% 11.9% 0.80 1.7% 0.37 0.133 5.4% 82.6% LiqInvQual 11.9% 11.5% 0.83 2.4% 0.27 0.158 6.2% 128.6%
DivGrowth 10.5% 13.6% 0.60 1.0% 0.26 0.096 3.4% 53.1% LiqMomVal 12.7% 16.2% 0.64 2.4% 0.36 0.111 5.1% 83.6%
DivMom 11.3% 13.2% 0.67 1.4% 0.34 0.110 4.3% 96.7% LiqQualMom 11.4% 12.3% 0.73 2.0% 0.25 0.128 5.0% 133.4%
DivVola 11.4% 12.3% 0.74 1.6% 0.32 0.121 4.9% 34.6% LiqQualVal 13.6% 14.9% 0.76 2.9% 0.40 0.144 6.9% 106.3%
ESGDiv 11.0% 15.4% 0.56 2.1% 0.19 0.100 3.8% 36.7% LiqQualVola 11.0% 11.3% 0.77 2.1% 0.19 0.137 5.1% 93.9%
ESGGrowth 11.2% 15.4% 0.57 1.8% 0.24 0.099 3.8% 62.6% LiqValVola 11.0% 12.6% 0.69 2.5% 0.16 0.128 4.8% 45.6%
ESGInv 11.4% 16.6% 0.54 2.3% 0.22 0.096 3.7% 92.4% MomSizeVal 14.4% 20.3% 0.59 3.6% 0.39 0.113 6.0% 89.5%
ESGLiq 11.0% 13.4% 0.64 2.1% 0.19 0.114 4.4% 52.0% MomValVola 13.0% 13.7% 0.78 1.9% 0.50 0.130 6.0% 109.9%
ESGMom 10.9% 15.8% 0.54 2.0% 0.17 0.095 3.5% 119.2% QualMomVal 14.4% 16.6% 0.73 2.5% 0.54 0.128 6.7% 159.4%
ESGQual 11.7% 15.8% 0.59 2.1% 0.28 0.106 4.4% 94.8% QualValVola 11.5% 12.4% 0.73 2.3% 0.23 0.131 5.2% 110.0%
ESGSize 12.2% 19.7% 0.50 3.1% 0.24 0.091 3.8% 54.8% QualVolaSize 11.4% 11.8% 0.76 2.4% 0.21 0.148 5.6% 117.9%
ESGVal 13.1% 19.2% 0.56 2.8% 0.35 0.098 4.6% 67.7% SizeValVola 12.9% 15.8% 0.67 2.8% 0.34 0.124 5.8% 52.9%
ESGVola 11.4% 14.1% 0.64 2.1% 0.25 0.113 4.5% 64.7% ESGLiqQualVola 10.3% 12.7% 0.63 2.1% 0.09 0.114 4.1% 78.6%
GrowthVola 11.3% 13.4% 0.67 1.3% 0.37 0.111 4.4% 99.8% ESGMomQualVal 12.0% 15.6% 0.62 2.4% 0.29 0.111 4.7% 128.3%
InvQual 12.1% 12.9% 0.76 1.9% 0.39 0.130 5.5% 142.2% ESGMomSizeVal 11.8% 18.9% 0.50 2.7% 0.23 0.088 3.4% 88.4%
LiqDiv 11.0% 11.9% 0.73 1.9% 0.21 0.127 4.8% 29.9% ESGMomValVola 13.0% 15.6% 0.68 2.5% 0.38 0.124 5.8% 98.1%
LiqGrowth 10.6% 12.1% 0.68 1.8% 0.16 0.119 4.4% 75.3% ESGQualValVola 12.6% 15.9% 0.64 3.0% 0.28 0.129 5.7% 90.9%
LiqInv 13.2% 13.8% 0.78 2.7% 0.37 0.152 6.8% 93.0% ESGSizeValVola 13.3% 16.1% 0.68 2.7% 0.39 0.125 6.0% 55.9%
LiqMom 11.1% 13.3% 0.65 2.2% 0.18 0.118 4.6% 124.1% LiqMomQualVal 12.4% 13.1% 0.76 2.6% 0.30 0.141 6.0% 125.4%
LiqQual 11.0% 11.3% 0.76 2.2% 0.17 0.139 5.1% 111.6% LiqMomSizeVal 15.5% 16.4% 0.80 2.9% 0.58 0.151 8.3% 66.2%
LiqSize 11.1% 16.5% 0.53 3.3% 0.12 0.105 4.1% 47.8% LiqMomValVola 11.7% 12.5% 0.74 2.2% 0.27 0.129 5.2% 84.7%
LiqVal 11.6% 17.1% 0.54 2.8% 0.20 0.097 3.9% 57.5% LiqQualValVola 10.5% 11.7% 0.70 2.5% 0.10 0.131 4.7% 87.5%
LiqVola 10.7% 11.3% 0.74 2.2% 0.14 0.132 4.8% 63.7% LiqSizeValVola 12.9% 14.7% 0.71 2.7% 0.34 0.133 6.0% 44.4%
MomQual 12.1% 14.1% 0.69 1.8% 0.40 0.116 5.0% 146.5% QualMomValVola 12.5% 13.1% 0.77 2.2% 0.38 0.136 5.9% 144.5%
MomVal 10.8% 17.8% 0.47 2.3% 0.15 0.080 2.5% 128.1% QualSizeValVola 13.0% 16.2% 0.66 2.9% 0.34 0.121 5.7% 101.0%
QualSize 14.4% 20.4% 0.59 3.3% 0.41 0.107 5.7% 130.7% ESGMomQualValVola 12.3% 14.3% 0.69 2.3% 0.33 0.125 5.5% 117.9%
QualVal 12.7% 18.1% 0.57 2.8% 0.31 0.101 4.6% 154.5% InvMomQualValVola 12.1% 12.3% 0.79 2.1% 0.33 0.138 5.8% 140.1%
QualVola 12.3% 12.3% 0.81 1.6% 0.48 0.134 5.7% 109.8% LiqMomQualValVola 10.8% 11.6% 0.73 2.5% 0.13 0.133 4.9% 112.8%
SizeVal 10.0% 25.8% 0.29 5.1% 0.02 0.059 0.3% 72.3% ESGInvMomQualValVola 12.2% 14.4% 0.68 2.6% 0.27 0.131 5.6% 124.7%
ValVola 11.5% 13.9% 0.65 2.1% 0.25 0.113 4.6% 55.2% InvMomQualSizeValVola 13.5% 14.9% 0.75 2.8% 0.40 0.142 6.7% 126.3%
ESGDivGrowth 11.3% 14.3% 0.63 1.5% 0.32 0.106 4.2% 50.4% LiqInvMomQualValVola 11.1% 11.4% 0.77 2.5% 0.17 0.141 5.2% 118.5%
ESGDivMom 10.6% 14.7% 0.56 1.8% 0.15 0.095 3.4% 91.6% ESGInvMomQualSizeValVola 12.4% 13.9% 0.72 2.6% 0.31 0.139 6.0% 120.7%
ESGInvQual 11.7% 14.7% 0.64 2.0% 0.30 0.114 4.7% 113.3% LiqInvMomQualSizeValVola 14.3% 13.6% 0.88 3.0% 0.44 0.178 8.1% 100.2%
ESGLiqQual 10.7% 13.4% 0.62 2.1% 0.14 0.112 4.1% 83.3% Market 9.7% 14.7% 0.50 N/A N/A 0.073 0.0% N/A

7
4



A
P

P
E

N
D

IC
E

S

Table D5: All Portfolios Threshold 0.7 1992-2019
This Table shows the average absolute performance metrics for all 85 simulated portfolios using value-weighting and 0.7 (0.3) breakpoints from 1992 until 2019. All performance metrics are annualised.
Abbreviations are used for the factor in multi-factor portfolios: Value = Val, Liquidity = Liq, Dividends = Div, Momentum = Mom, Investment = Inv, Quality = Qual, and Volatility = Vola. The portfo-
lios are ordered by number of factor-tilts and then alphabetically. The factors within a portfolio are in the order of ESG, then Liq, and then alsp alphabetically. This order might differ from the one used in the main body.

Return Risk SR TE IR TR JA TO Return Risk SR TE IR TR JA TO
Dividends 10.7% 13.7% 0.61 2.2% 0.14 0.107 4.0% 26.0% ESGLiqsSize 10.2% 13.3% 0.59 1.8% 0.09 0.103 3.6% 43.3%
ESG 11.0% 15.3% 0.56 1.4% 0.28 0.094 3.5% 31.8% ESGMomQual 12.2% 15.0% 0.66 1.7% 0.44 0.112 4.9% 104.0%
Growth 10.5% 15.0% 0.54 0.9% 0.26 0.087 2.9% 62.6% ESGMomVala 11.4% 15.2% 0.59 1.6% 0.32 0.100 4.0% 82.3%
Investment 12.4% 16.3% 0.62 1.9% 0.41 0.103 4.5% 101.0% ESGQualVal 13.4% 15.1% 0.73 1.9% 0.56 0.126 6.1% 88.3%
Liquidity 10.3% 13.5% 0.58 2.1% 0.08 0.098 3.3% 36.8% ESGQualVola 11.4% 13.3% 0.68 1.8% 0.28 0.116 4.7% 75.8%
Momentum 11.0% 16.0% 0.54 1.9% 0.22 0.092 3.4% 127.4% LiqDivGrowth 10.4% 12.4% 0.64 1.4% 0.14 0.105 3.7% 41.3%
Quality 11.9% 13.6% 0.70 1.2% 0.55 0.112 4.8% 111.9% LiqDivMom 10.5% 12.0% 0.68 2.0% 0.12 0.114 4.1% 60.9%
Size 6.8% 18.3% 0.24 3.4% -0.24 0.047 -0.9% 37.7% LiqDivVola 10.2% 11.3% 0.69 2.1% 0.07 0.120 4.1% 29.6%
Value 9.3% 19.5% 0.35 2.8% -0.04 0.060 0.4% 71.2% LiqGrowthVola 10.7% 11.9% 0.70 1.4% 0.20 0.115 4.2% 63.7%
Volatility 10.8% 11.4% 0.74 1.8% 0.18 0.125 4.6% 53.7% LiqInvQual 11.7% 11.8% 0.79 2.1% 0.28 0.140 5.6% 103.2%
DivGrowth 10.5% 13.8% 0.59 0.7% 0.36 0.093 3.2% 47.9% LiqMomVal 10.7% 13.6% 0.62 2.0% 0.16 0.103 3.8% 74.4%
DivMom 10.7% 13.1% 0.64 1.6% 0.20 0.104 3.8% 80.0% LiqQualMom 11.4% 12.6% 0.71 1.7% 0.30 0.119 4.7% 114.9%
DivVola 10.6% 11.7% 0.71 1.8% 0.14 0.119 4.3% 29.5% LiqQualVal 12.8% 13.4% 0.78 2.4% 0.38 0.139 6.2% 90.2%
ESGDiv 10.7% 14.9% 0.56 1.6% 0.20 0.095 3.4% 34.5% LiqQualVola 11.2% 11.8% 0.75 1.7% 0.26 0.125 4.8% 79.0%
ESGGrowth 11.2% 15.2% 0.58 1.2% 0.37 0.096 3.7% 54.6% LiqValVola 10.5% 11.9% 0.69 2.4% 0.10 0.126 4.5% 42.7%
ESGInv 12.7% 15.2% 0.68 1.6% 0.53 0.115 5.3% 77.1% MomSizeVal 13.0% 16.5% 0.64 2.4% 0.39 0.108 5.1% 78.1%
ESGLiq 10.4% 13.6% 0.59 1.5% 0.15 0.100 3.5% 42.0% MomValVola 11.8% 12.5% 0.75 1.8% 0.33 0.126 5.2% 93.2%
ESGMom 10.7% 14.9% 0.56 1.5% 0.21 0.094 3.4% 100.4% QualMomVal 12.0% 15.3% 0.63 2.1% 0.33 0.107 4.6% 138.3%
ESGQual 12.2% 14.9% 0.66 1.6% 0.45 0.111 4.8% 81.6% QualValVola 11.0% 12.1% 0.71 1.9% 0.20 0.120 4.6% 96.2%
ESGSize 11.0% 17.6% 0.49 2.1% 0.19 0.083 2.8% 45.0% QualVolaSize 11.7% 11.4% 0.82 2.1% 0.28 0.146 5.7% 101.6%
ESGVal 11.7% 17.2% 0.54 2.3% 0.26 0.095 3.8% 53.2% SizeValVola 12.7% 12.3% 0.84 2.2% 0.39 0.145 6.3% 54.7%
ESGVola 10.7% 13.2% 0.63 1.5% 0.20 0.104 3.8% 54.5% ESGLiqQualVola 10.8% 12.2% 0.69 1.8% 0.18 0.118 4.4% 67.8%
GrowthVola 11.2% 13.2% 0.67 1.0% 0.45 0.107 4.2% 78.4% ESGMomQualVal 12.7% 14.8% 0.70 2.0% 0.43 0.122 5.6% 106.7%
InvQual 11.7% 12.9% 0.73 1.5% 0.40 0.119 5.0% 121.5% ESGMomSizeVal 11.7% 16.8% 0.55 2.2% 0.26 0.098 3.9% 75.7%
LiqDiv 10.4% 12.3% 0.65 2.0% 0.10 0.113 4.0% 25.7% ESGMomValVola 11.3% 13.6% 0.65 1.8% 0.27 0.112 4.5% 80.4%
LiqGrowth 10.1% 12.7% 0.61 1.3% 0.09 0.099 3.3% 58.7% ESGQualValVola 11.2% 13.8% 0.64 1.9% 0.24 0.110 4.3% 77.6%
LiqInv 10.8% 13.4% 0.64 2.0% 0.17 0.109 4.1% 75.7% ESGSizeValVola 11.2% 14.0% 0.63 2.5% 0.18 0.122 4.8% 47.3%
LiqMom 10.5% 12.6% 0.65 1.8% 0.14 0.107 3.8% 97.2% LiqMomQualVal 10.7% 12.5% 0.66 2.2% 0.13 0.115 4.2% 109.3%
LiqQual 11.1% 11.9% 0.73 1.9% 0.22 0.125 4.8% 90.4% LiqMomSizeVal 13.3% 14.9% 0.73 2.8% 0.36 0.140 6.5% 59.9%
LiqSize 11.7% 12.0% 0.77 2.6% 0.22 0.145 5.7% 36.9% LiqMomValVola 10.8% 11.7% 0.72 2.1% 0.16 0.126 4.7% 71.5%
LiqVal 9.8% 14.7% 0.51 2.2% 0.02 0.086 2.6% 51.7% LiqQualValVola 9.8% 11.4% 0.65 2.2% 0.02 0.113 3.7% 77.3%
LiqVola 9.7% 10.8% 0.68 2.1% 0.01 0.119 3.9% 42.3% LiqSizeValVola 11.4% 11.4% 0.80 2.6% 0.20 0.150 5.6% 44.0%
MomQual 12.2% 14.0% 0.70 1.4% 0.53 0.113 5.0% 122.2% QualMomValVola 12.4% 12.6% 0.79 1.7% 0.45 0.130 5.7% 122.0%
MomVal 10.9% 14.8% 0.57 1.7% 0.20 0.094 3.4% 109.4% QualSizeValVola 11.4% 14.0% 0.65 2.3% 0.22 0.111 4.5% 91.8%
QualSize 14.0% 18.6% 0.62 2.8% 0.44 0.108 5.6% 107.3% ESGMomQualValVola 13.1% 13.7% 0.78 2.0% 0.51 0.136 6.3% 102.3%
QualVal 12.2% 16.9% 0.58 2.4% 0.30 0.099 4.3% 124.0% InvMomQualValVola 12.4% 12.3% 0.82 1.8% 0.45 0.134 5.9% 121.3%
QualVola 12.1% 12.7% 0.77 1.3% 0.53 0.123 5.3% 93.6% LiqMomQualValVola 10.7% 11.4% 0.73 2.0% 0.15 0.123 4.5% 99.3%
SizeVal 10.1% 21.0% 0.37 3.6% 0.04 0.066 1.2% 62.3% ESGInvMomQualValVola 12.0% 13.5% 0.72 1.9% 0.36 0.124 5.3% 108.5%
ValVola 10.6% 12.9% 0.64 2.2% 0.13 0.112 4.1% 49.0% InvMomQualSizeValVola 13.3% 13.2% 0.83 2.3% 0.45 0.145 6.7% 114.4%
ESGDivGrowth 11.0% 13.9% 0.62 1.2% 0.33 0.102 3.9% 44.0% LiqInvMomQualValVola 12.0% 11.5% 0.84 2.1% 0.33 0.144 5.9% 103.8%
ESGDivMom 10.8% 13.8% 0.61 1.4% 0.23 0.101 3.7% 78.7% ESGInvMomQualSizeValVola 12.2% 13.8% 0.71 2.3% 0.32 0.128 5.5% 104.7%
ESGInvQual 12.5% 14.0% 0.72 1.6% 0.49 0.122 5.4% 96.6% LiqInvMomQualSizeValVola 11.9% 11.7% 0.82 2.6% 0.25 0.151 6.0% 93.4%
ESGLiqQual 11.4% 13.3% 0.68 1.6% 0.31 0.114 4.6% 72.5% Market 9.7% 14.7% 0.50 N/A N/A 0.073 0.0% N/A
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Table D6: All Portfolios Threshold 0.9 1992-2019
This Table shows the average absolute performance metrics for all 85 simulated portfolios using value-weighting and 0.9 (0.1) breakpoints from 1992 until 2019. All performance metrics are annualised.
Abbreviations are used for the factor in multi-factor portfolios: Value = Val, Liquidity = Liq, Dividends = Div, Momentum = Mom, Investment = Inv, Quality = Qual, and Volatility = Vola. The portfo-
lios are ordered by number of factor-tilts and then alphabetically. The factors within a portfolio are in the order of ESG, then Liq, and then alsp alphabetically. This order might differ from the one used in the main body.

Return Risk SR TE IR TR JA TO Return Risk SR TE IR TR JA TO
Dividends 9.7% 17.1% 0.43 3.0% 0.01 0.081 2.2% 49.0% ESGLiqsSize 12.6% 17.6% 0.58 3.4% 0.25 0.122 5.5% 58.2%
ESG 8.9% 18.6% 0.35 2.6% -0.08 0.064 0.8% 41.0% ESGMomQual 11.8% 15.9% 0.59 2.7% 0.23 0.114 4.7% 149.6%
Growth 10.2% 17.1% 0.46 2.1% 0.08 0.080 2.4% 101.8% ESGMomVala 11.2% 16.9% 0.52 2.7% 0.16 0.098 3.8% 125.9%
Investment 11.3% 20.0% 0.44 3.3% 0.14 0.081 2.7% 133.1% ESGQualVal 14.4% 17.6% 0.69 3.1% 0.45 0.135 7.0% 143.3%
Liquidity 9.9% 14.7% 0.51 2.4% 0.03 0.088 2.7% 56.1% ESGQualVola 10.2% 14.2% 0.55 2.6% 0.06 0.106 3.7% 108.7%
Momentum 10.8% 21.7% 0.39 3.8% 0.09 0.074 2.0% 163.6% LiqDivGrowth 10.1% 12.0% 0.65 2.2% 0.06 0.117 4.0% 57.7%
Quality 12.2% 13.7% 0.71 2.0% 0.37 0.123 5.3% 153.6% LiqDivMom 11.1% 13.3% 0.66 2.4% 0.17 0.118 4.6% 111.0%
Size 4.0% 21.1% 0.08 4.6% -0.36 0.017 -3.7% 78.4% LiqDivVola 10.4% 10.9% 0.74 3.1% 0.07 0.153 5.1% 36.9%
Value 8.3% 20.5% 0.29 3.3% -0.12 0.048 -1.0% 105.4% LiqGrowthVola 10.2% 11.1% 0.71 2.3% 0.07 0.133 4.5% 91.6%
Volatility 9.0% 9.5% 0.70 3.0% -0.07 0.152 4.2% 66.0% LiqInvQual 12.6% 11.9% 0.86 2.6% 0.33 0.163 6.7% 158.3%
DivGrowth 10.5% 12.7% 0.64 1.5% 0.16 0.106 3.8% 49.3% LiqMomVal 10.5% 14.4% 0.57 2.8% 0.09 0.108 3.9% 125.6%
DivMom 11.2% 13.6% 0.65 2.2% 0.20 0.113 4.4% 131.2% LiqQualMom 10.2% 13.4% 0.59 2.7% 0.06 0.114 4.0% 162.5%
DivVola 10.2% 10.4% 0.75 3.2% 0.05 0.172 5.2% 38.1% LiqQualVal 10.9% 15.4% 0.55 2.9% 0.12 0.101 3.8% 142.1%
ESGDiv 10.2% 14.4% 0.54 2.3% 0.07 0.103 3.6% 58.5% LiqQualVola 9.7% 10.7% 0.68 2.6% 0.00 0.131 4.1% 114.5%
ESGGrowth 10.9% 16.1% 0.52 2.0% 0.17 0.092 3.3% 69.0% LiqValVola 10.2% 11.7% 0.67 2.9% 0.06 0.134 4.6% 61.6%
ESGInv 12.8% 17.5% 0.60 2.6% 0.35 0.112 5.2% 118.1% MomSizeVal 14.6% 16.8% 0.72 2.9% 0.49 0.130 6.9% 136.9%
ESGLiq 11.2% 13.4% 0.66 2.5% 0.18 0.127 4.9% 59.1% MomValVola 11.7% 12.3% 0.76 2.5% 0.23 0.140 5.6% 143.2%
ESGMom 10.3% 16.3% 0.48 2.4% 0.07 0.088 2.9% 153.2% QualMomVal 10.6% 18.0% 0.46 3.0% 0.09 0.081 2.5% 189.0%
ESGQual 11.2% 15.9% 0.55 2.4% 0.19 0.102 4.0% 108.8% QualValVola 9.6% 13.0% 0.56 2.4% 0.00 0.100 3.2% 143.8%
ESGSize 12.9% 19.3% 0.54 3.2% 0.29 0.103 4.7% 66.1% QualVolaSize 16.0% 11.9% 1.15 2.8% 0.66 0.232 10.3% 144.4%
ESGVal 13.0% 19.3% 0.55 3.5% 0.28 0.109 5.2% 82.0% SizeValVola 12.0% 11.2% 0.86 2.5% 0.27 0.152 6.1% 68.8%
ESGVola 11.8% 14.5% 0.65 2.8% 0.22 0.131 5.4% 76.0% ESGLiqQualVola 11.9% 13.1% 0.73 2.9% 0.23 0.147 5.9% 95.0%
GrowthVola 11.7% 12.5% 0.75 1.7% 0.36 0.128 5.2% 117.1% ESGMomQualVal 13.1% 16.8% 0.64 3.1% 0.31 0.127 6.0% 165.5%
InvQual 13.1% 13.7% 0.79 2.0% 0.51 0.135 6.3% 173.1% ESGMomSizeVal 10.8% 17.3% 0.49 3.2% 0.10 0.100 3.7% 115.3%
LiqDiv 9.5% 14.3% 0.50 2.6% -0.02 0.086 2.5% 43.4% ESGMomValVola 9.9% 15.8% 0.48 3.2% 0.02 0.103 3.4% 116.3%
LiqGrowth 10.6% 11.9% 0.69 2.3% 0.12 0.128 4.6% 86.2% ESGQualValVola 12.4% 13.6% 0.74 2.8% 0.28 0.148 6.2% 115.5%
LiqInv 8.8% 18.1% 0.36 3.8% -0.06 0.072 1.4% 114.6% ESGSizeValVola 11.9% 14.4% 0.66 3.1% 0.21 0.143 5.8% 68.0%
LiqMom 11.1% 14.0% 0.63 2.3% 0.18 0.110 4.2% 147.3% LiqMomQualVal 12.4% 16.4% 0.61 3.4% 0.23 0.123 5.5% 158.0%
LiqQual 11.3% 11.8% 0.75 2.8% 0.17 0.152 5.6% 136.6% LiqMomSizeVal 16.7% 12.6% 1.14 2.7% 0.74 0.219 10.6% 96.8%
LiqSize 10.4% 12.5% 0.64 3.2% 0.07 0.140 4.8% 59.5% LiqMomValVola 10.7% 11.1% 0.76 2.8% 0.11 0.153 5.3% 110.1%
LiqVal 12.7% 16.1% 0.64 3.2% 0.27 0.125 5.7% 75.0% LiqQualValVola 10.5% 11.4% 0.72 2.8% 0.09 0.138 4.8% 116.6%
LiqVola 10.0% 10.7% 0.72 2.8% 0.04 0.139 4.6% 56.6% LiqSizeValVola 13.5% 10.3% 1.08 2.9% 0.39 0.216 8.2% 55.3%
MomQual 12.7% 16.3% 0.64 2.6% 0.34 0.117 5.4% 182.2% QualMomValVola 12.8% 13.8% 0.76 2.7% 0.34 0.140 6.2% 184.1%
MomVal 10.6% 15.8% 0.52 2.3% 0.12 0.088 3.0% 165.1% QualSizeValVola 12.0% 13.8% 0.70 2.7% 0.25 0.123 5.2% 135.3%
QualSize 15.2% 20.4% 0.63 3.6% 0.45 0.117 6.7% 166.3% ESGMomQualValVola 12.6% 15.7% 0.65 3.2% 0.27 0.135 6.0% 157.3%
QualVal 10.2% 18.7% 0.42 3.0% 0.05 0.072 1.7% 181.8% InvMomQualValVola 12.3% 12.9% 0.77 2.5% 0.30 0.141 6.0% 182.4%
QualVola 11.4% 11.6% 0.78 2.0% 0.25 0.135 5.2% 135.0% LiqMomQualValVola 11.6% 11.4% 0.81 2.9% 0.19 0.159 5.9% 144.1%
SizeVal 7.3% 24.2% 0.20 4.9% -0.14 0.042 -1.7% 99.5% ESGInvMomQualValVola 12.1% 13.8% 0.70 2.9% 0.24 0.144 5.9% 161.5%
ValVola 10.0% 12.4% 0.62 2.5% 0.04 0.113 3.9% 82.1% InvMomQualSizeValVola 14.4% 14.6% 0.83 3.0% 0.46 0.157 7.7% 162.6%
ESGDivGrowth 10.5% 15.4% 0.53 1.9% 0.12 0.093 3.2% 58.9% LiqInvMomQualValVola 11.0% 11.7% 0.74 3.0% 0.12 0.151 5.4% 154.3%
ESGDivMom 10.6% 15.1% 0.54 2.3% 0.12 0.099 3.5% 127.3% ESGInvMomQualSizeValVola 13.9% 14.3% 0.81 3.1% 0.39 0.170 7.7% 158.6%
ESGInvQual 11.2% 16.3% 0.54 2.6% 0.16 0.104 4.0% 139.3% LiqInvMomQualSizeValVola 15.6% 13.4% 0.99 3.0% 0.57 0.195 9.5% 133.8%
ESGLiqQual 10.5% 14.0% 0.58 2.6% 0.10 0.113 4.1% 97.6% Market 9.7% 14.7% 0.50 N/A N/A 0.073 0.0% N/A
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Table D7: All portfolios Equal-weighted 1992-2019
This Table shows the average absolute performance metrics for all 85 simulated portfolios using equal-weighting and 0.8 (0.2) breakpoints from 1992 until 2019. All performance metrics are annualised.
Abbreviations are used for the factor in multi-factor portfolios: Value = Val, Liquidity = Liq, Dividends = Div, Momentum = Mom, Investment = Inv, Quality = Qual, and Volatility = Vola. The portfo-
lios are ordered by number of factor-tilts and then alphabetically. The factors within a portfolio are in the order of ESG, then Liq, and then alsp alphabetically. This order might differ from the one used in the main body.

Return Risk SR TE IR TR JA Return Risk SR TE IR TR JA
Dividends 10.6% 12.0% 0.68 2.7% 0.10 0.129 4.6% ESGLiqsSize 12.7% 17.2% 0.60 2.8% 0.31 0.112 5.2%
ESG 12.0% 16.4% 0.59 2.2% 0.30 0.102 4.3% ESGMomQual 13.2% 15.8% 0.68 2.1% 0.49 0.116 5.6%
Growth 5.6% 22.2% 0.15 3.6% -0.32 0.027 -3.5% ESGMomVala 12.4% 16.6% 0.61 2.4% 0.33 0.109 4.9%
Investment 11.3% 23.5% 0.38 4.4% 0.11 0.074 2.2% ESGQualVal 14.3% 20.1% 0.59 3.2% 0.41 0.105 5.5%
Liquidity 11.5% 11.6% 0.78 2.8% 0.19 0.152 5.8% ESGQualVola 13.0% 14.4% 0.74 2.2% 0.45 0.129 6.0%
Momentum 11.5% 19.7% 0.46 3.3% 0.16 0.087 3.2% LiqDivGrowth 11.6% 11.8% 0.79 2.3% 0.25 0.140 5.5%
Quality 13.9% 17.6% 0.65 2.4% 0.52 0.110 5.6% LiqDivMom 12.3% 9.7% 1.03 2.7% 0.29 0.193 7.1%
Size 5.0% 19.9% 0.13 4.1% -0.32 0.029 -2.6% LiqDivVola 10.7% 8.6% 0.98 2.9% 0.11 0.192 5.9%
Value 9.3% 22.5% 0.30 4.1% -0.03 0.057 0.1% LiqGrowthVola 12.1% 11.4% 0.86 2.2% 0.32 0.153 6.2%
Volatility 10.0% 8.4% 0.91 2.7% 0.04 0.166 5.1% LiqInvQual 16.6% 15.4% 0.92 2.7% 0.74 0.166 9.4%
DivGrowth 11.4% 13.6% 0.66 1.8% 0.29 0.111 4.5% LiqMomVal 15.3% 12.8% 1.01 2.6% 0.61 0.188 9.0%
DivMom 12.1% 11.4% 0.85 2.3% 0.30 0.149 6.0% LiqQualMom 16.6% 14.7% 0.97 2.4% 0.85 0.170 9.6%
DivVola 10.1% 8.6% 0.90 2.8% 0.05 0.170 5.2% LiqQualVal 14.5% 16.9% 0.72 3.1% 0.45 0.134 7.0%
ESGDiv 11.8% 15.7% 0.60 2.6% 0.24 0.112 4.7% LiqQualVola 14.4% 12.3% 0.98 2.2% 0.61 0.170 8.1%
ESGGrowth 12.2% 15.8% 0.62 1.9% 0.40 0.106 4.6% LiqValVola 13.1% 11.3% 0.95 2.6% 0.38 0.179 7.4%
ESGInv 13.6% 18.1% 0.62 2.8% 0.42 0.111 5.6% MomSizeVal 13.4% 17.3% 0.64 3.3% 0.33 0.125 6.1%
ESGLiq 12.2% 15.0% 0.66 2.5% 0.30 0.121 5.3% MomValVola 14.4% 12.3% 0.98 2.3% 0.59 0.176 8.2%
ESGMom 12.2% 15.4% 0.64 2.1% 0.35 0.112 4.9% QualMomVal 15.4% 17.9% 0.73 2.8% 0.60 0.126 7.2%
ESGQual 14.1% 16.8% 0.70 2.3% 0.56 0.120 6.2% QualValVola 12.7% 14.6% 0.71 2.3% 0.38 0.121 5.6%
ESGSize 12.3% 19.8% 0.50 3.2% 0.24 0.091 3.8% QualVolaSize 14.7% 14.4% 0.86 2.5% 0.58 0.156 7.8%
ESGVal 12.7% 20.5% 0.51 3.5% 0.26 0.095 4.2% SizeValVola 12.6% 14.4% 0.71 2.9% 0.29 0.138 6.0%
ESGVola 11.5% 13.4% 0.68 2.2% 0.24 0.125 5.0% ESGLiqQualVola 12.7% 13.9% 0.74 2.3% 0.39 0.132 5.9%
GrowthVola 12.7% 14.8% 0.70 2.2% 0.40 0.125 5.7% ESGMomQualVal 14.0% 17.1% 0.68 2.4% 0.51 0.117 6.0%
InvQual 16.3% 17.0% 0.82 2.5% 0.78 0.141 8.4% ESGMomSizeVal 12.7% 18.7% 0.55 3.0% 0.29 0.102 4.6%
LiqDiv 11.1% 9.9% 0.88 2.8% 0.15 0.173 5.9% ESGMomValVola 11.3% 14.0% 0.64 2.4% 0.20 0.119 4.7%
LiqGrowth 10.4% 14.1% 0.57 2.2% 0.10 0.101 3.6% ESGQualValVola 13.2% 15.8% 0.69 2.5% 0.41 0.122 5.9%
LiqInv 14.0% 15.5% 0.75 3.0% 0.41 0.147 7.2% ESGSizeValVola 12.2% 17.2% 0.57 3.0% 0.25 0.110 4.8%
LiqMom 14.6% 12.0% 1.02 2.5% 0.56 0.188 8.5% LiqMomQualVal 16.7% 15.0% 0.95 2.6% 0.76 0.170 9.5%
LiqQual 15.8% 14.6% 0.92 2.4% 0.74 0.161 8.7% LiqMomSizeVal 14.8% 14.4% 0.86 3.1% 0.48 0.174 8.4%
LiqSize 11.4% 14.3% 0.63 3.3% 0.15 0.132 5.2% LiqMomValVola 14.6% 11.0% 1.11 2.6% 0.55 0.208 8.9%
LiqVal 13.4% 15.1% 0.73 3.0% 0.36 0.144 6.7% LiqQualValVola 13.9% 13.4% 0.86 2.5% 0.49 0.153 7.3%
LiqVola 11.1% 8.3% 1.06 2.8% 0.15 0.202 6.3% LiqSizeValVola 13.8% 12.9% 0.88 3.0% 0.41 0.178 7.8%
MomQual 15.2% 17.3% 0.74 2.4% 0.66 0.128 7.2% QualMomValVola 15.4% 14.4% 0.91 2.3% 0.72 0.156 8.3%
MomVal 15.0% 15.4% 0.82 2.5% 0.61 0.145 7.7% QualSizeValVola 13.9% 16.3% 0.71 3.0% 0.41 0.130 6.5%
QualSize 14.1% 19.1% 0.61 3.4% 0.38 0.115 6.0% ESGMomQualValVola 13.1% 14.9% 0.72 2.2% 0.44 0.126 5.9%
QualVal 12.7% 20.7% 0.50 3.6% 0.24 0.089 3.8% InvMomQualValVola 16.6% 14.6% 0.97 2.3% 0.86 0.169 9.5%
QualVola 14.2% 13.6% 0.87 2.0% 0.67 0.147 7.3% LiqMomQualValVola 15.4% 13.1% 0.99 2.4% 0.69 0.176 8.8%
SizeVal 9.6% 21.6% 0.33 4.3% 0.00 0.068 1.3% ESGInvMomQualValVola 12.9% 15.2% 0.69 2.4% 0.39 0.122 5.7%
ValVola 12.5% 11.9% 0.85 2.3% 0.36 0.151 6.4% InvMomQualSizeValVola 16.5% 15.6% 0.90 2.8% 0.71 0.166 9.3%
ESGDivGrowth 11.8% 14.3% 0.66 2.0% 0.32 0.115 4.8% LiqInvMomQualValVola 16.1% 13.4% 1.02 2.5% 0.75 0.183 9.5%
ESGDivMom 11.7% 14.3% 0.65 2.1% 0.27 0.116 4.8% ESGInvMomQualSizeValVola 13.1% 16.3% 0.66 2.7% 0.37 0.118 5.6%
ESGInvQual 14.5% 17.2% 0.71 2.5% 0.57 0.123 6.6% LiqInvMomQualSizeValVola 16.5% 14.8% 0.95 2.8% 0.69 0.179 9.7%
ESGLiqQual 13.6% 15.6% 0.72 2.4% 0.48 0.126 6.2% Market 9.7% 14.7% 0.50 N/A N/A 0.073 0.0%
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