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Certain factors have been able to provide return premia in the long-term for those investing in
the stock market. However, it has also been noted that the factor returns are cyclical and depend
on the market environment. The aim of this thesis is to examine the differences in factor
performance in different economic market environments, develop a model that weights factors
based on whether they are expected to perform well in the occurring market environment, and
examine whether the dynamic factor weighting model performs better than a model using static
factor weights. The research is conducted using regime-switching models where the factor
premia and macroeconomic variables may be linearly related within a regime, but the
parameters are allowed to vary according to the regime state. Logistic smooth transition model
and a two-state Markov-switching model with time-varying transition probabilities are
considered. This thesis investigates the time-varying premia of four factors – value, momentum,
quality, and low volatility – in the context of the European stock market during 2002-2020.

The results obtained from the logistic smooth transition model indicated that value, momentum,
and quality factors were expected to perform better in the ‘low regime’, characterized by the
lower level of the regime variable, and the low volatility factor was expected to perform better
in the ‘high regime’, characterized by the higher level of the regime variable. For the Markovswitching model, results indicated that the value, momentum, and quality factors were expected
to perform better in ‘regime 2’ after adjusting for the effect of the macroeconomic variables,
while the low volatility factor was expected to perform better in ‘regime 1’. The impact of
regime-switching for factor allocation was compared to the static case, when in the regimeswitching (dynamic) case the allocation to the factor was allowed to vary according to the recent
movements in the regime variable and in the static case the allocation to the factor was held
fixed. The dynamic and static cases were compared in terms of mean return, volatility, Sharpe
ratio, and maximum drawdown. Results indicated that the model with dynamic adjustment of
factor weights did not perform as well as the model where the allocation to the factors was held
fixed - highlighting the difficulty of factor timing. However, dynamic weighting of the factors
based on individual macroeconomic variables was seen to provide some indication of the
possible benefits related to dynamic factor weighting.
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Tietyt faktorit ovat kyenneet tarjoamaan tuottopreemioita pitkällä aikavälillä osakemarkkinoille
sijoittaville. On kuitenkin myös nähty, että faktorien tuotot ovat vaihdelleet markkinasyklien
mukaan. Tämän tutkielman tavoitteena on tarkastella eroja faktorien suoriutumisessa erilaisissa
taloudellisissa ympäristöissä, kehittää malli, joka painottaa faktoreita sen mukaan odotetaanko
niiden suoriutuvan hyvin vallitsevassa markkinaympäristössä, sekä tutkia suoriutuuko
dynaamisesti faktoreita painottava malli paremmin kuin staattisesti painottava. Tutkielma on
toteutettu käyttäen regiimin vaihto -malleja, joissa faktorien ja makrotalouden indikaattorien
välinen suhde voi olla lineaarinen regiimissä, mutta parametrit voivat muuttua siirryttäessä
toiseen regiimiin. Tutkielmassa hyödynnetään logistista jatkuvan siirtymän mallia sekä
kaksitilaista Markov-mallia ajassa vaihtelevilla siirtymätodennäköisyyksillä. Tässä
tutkielmassa tarkastellaan neljän faktorin – arvon, momentumin, laadun, ja alhaisen
volatiliteetin – ajassa vaihtelevia preemioita Euroopan osakemarkkinoilla 2002-2020 aikana.

Logistisen jatkuvan siirtymän mallin tulosten perusteella arvo-, momentum- ja laatufaktoreiden
odotettiin suoriutuvan paremmin ’alhaisessa regiimissä’, jota luonnehti alhainen tilamuuttujan
arvo, kun taas alhaisen volatiliteetin faktorin odotettiin suoriutuvan paremmin ’korkeassa
regiimissä’. Markov-mallin tulokset osoittivat, että arvo-, momentum- ja laatufaktoreiden
voitiin odottaa suoriutuvan paremmin ’regiimi 2’:ssa, kun makromuuttujien vaikutus oli
huomioitu, kun taas alhaisen volatiliteetin faktorin voitiin odottaa suoriutuvan paremmin
’regiimi 1’:ssa. Regiimin vaihdon vaikutusta allokointiin faktorien välillä arvioitiin suhteessa
staattiseen tapaukseen. Regiimiä vaihtavassa (dynaamisessa) tapauksessa allokaatiota tiettyyn
faktoriin voitiin muuttaa tilamuuttujan viimeaikaisten muutosten mukaan, kun taas staattisessa
tapauksessa allokaatio faktoriin oli vakio. Dynaamista ja staattista mallia verrattiin
keskimääräisen tuoton, volatiliteetin, Sharpen luvun ja maximum drawdownin suhteen.
Tulosten nähtiin osoittavan, ettei faktorien painoja dynaamisesti säätävä malli suoriutunut yhtä
hyvin kuin malli, jossa faktorin paino oli vakio - korostaen faktorien ajoittamisen hankaluutta.
Faktorien dynaamisen painottamisen yksittäisten makromuuttujien perusteella nähtiin
kuitenkin kertovan mahdollisista hyödyistä liittyen dynaamiseen faktorien painottamiseen.
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1.

Introduction

The existence of certain equity factors having the ability to provide risk premia for investors
persistently has been widely recognized. These include factors that have been examined for a
considerable time, such as value and momentum, but also factors that have been discovered
more recently, such as quality and low volatility. (Blitz & Vidojevic 2019; Amenc, Esakia,
Goltz & Luyten 2019) However, the factor returns have been noted to exhibit cyclicality, appear
to be dependent on the economic and market cycles and seem to react in different ways to
occurring changes in market conditions (Bender, Sun, Thomas & Zdorovtsov 2018).
Considering that factors show these dependencies, it may be beneficial to gain understanding
of the behavior of different factors. Anyhow, in most cases, these differences are not exploited
as allocation to different factors is done using very simple ways – the equal weighting of factors
being the most used method (de Franco & Monnier 2019). According to de Franco and Monnier
(2019), most of the multifactor strategies that being provided commercially are static and offer
gains mainly through diversification. Since factors are not perfectly correlated with each other,
investing in several enables diversifying the possible underperformance of individual factors
and resulting in steadier returns over time (Amenc et al. 2019). This raises the question of
whether the differences in factor behavior in different market conditions could be exploited to
generate higher returns.

A vast amount of research has examined factor investing considering both single- and multifactor models, different markets, time horizons, as well as both developed and developing
markets. There has also been notable variation in how different factors are defined and
constructed. (See for example Ang, Xing & Zhang 2009; Cakici, Tang & Yan 2016; Conrad &
Yavuz 2015; Driessen, Kuiper, Nazliben & Beilo 2019; Fama & French 2012; Gulen, Xing &
Zhang 2011) The existence of for example value, momentum, quality, and low volatility premia
has been widely recognized as well as the fact that asset prices react sensitively to changes in
the surrounding market environment, for example to economic news. Yet, questions remain
regarding the cyclicality of factor returns, the possibilities of weighting different factors in
different ways as well as the possibility to decrease the length of periods of factor
underperformance by underweighting factors that are not expected to perform well.
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This thesis focuses on the returns of factor premia in different underlying economic
environments from the beginning of 2002 until the end of 2020 in the European stock market.
The aim is to exploit the differences in relationships between factor premia and macroeconomic
variables to dynamically weight factors based on whether they are expected to under- or
outperform in a certain economic environment.

1.1.

Introduction to factor investing

Factor investing has been widely adopted and examined in previous research. Factor investing
relies on so called factors referring to characteristics joining together a group of securities and
is essential when explaining the risk and return of these securities (Bender, Briand, Melas &
Subramanian 2013). Factors that have had the ability to provide risk premia in the long-term
are considered as exposures to systematic risk drivers. The term systematic refers to nondiversifiable risk, and based on this, one view explaining why certain factors have been able to
historically earn a premium considers factor returns as a compensation for bearing this risk.
Another view considers factor premia to originate from systematic errors as investors either
display behavioral biases or experience constraints related to for example time horizon or their
ability to use leverage. (Bender et al. 2013) In factor investing, the return premia are
accumulated through different factor exposures. In practice, the stocks are first ranked based on
the characteristic of interest. By buying the stocks scoring favorably with respect to that certain
characteristic, and if a long-short setting is considered, short selling the stocks scoring
unfavorably, the factor mimicking portfolios are formed. (Blitz & Vidojevic 2019)

According to Clarke, de Silva and Thorley (2016) equity investors are increasingly viewing
their portfolios not only as a collection of securities but also as a group of factor exposures
driving security returns. Research has identified several factor characteristics acting as key
determinants of expected stock returns (Blitz & Vidojevic 2019). These include for example
market capitalization (size), book-to-market (value), asset growth (investment), and past returns
(momentum). Stocks with lower market capitalizations, higher book-to-market values, higher
profitability and lower asset growth, and higher recent returns have been seen to generate higher
2

returns than those of their peers. (Blitz & Vidojevic 2019) While over the long-term, factors
have generated excess risk-adjusted returns, it has been noted that the returns of factors have
exhibited cyclicality and sensitivity to different macroeconomic and market forces, resulting in
periods of underperformance compared to the overall market. However, in many cases all
factors have not been affected by the same drivers and thus, it has been observed that the length
of the periods of underperformance can be decreased by diversifying across several factors.
(Bender, Briand, Melas & Subramanian 2013) The principal idea of diversification is related to
reducing risk by combining assets that are not perfectly correlated with one another (Amenc,
Esakia, Goltz & Luyten 2019).

In most cases the allocation to different factors is conducted in a static manner, where the
weights of different factors remain fixed over time. The static approach is seen to offer
significant results without requiring a complex framework and is also favored by the industry
(de Franco & Monnier 2019). However, as the performance of different factors has been noted
to vary through time, depend on the conditions in the market and is in addition influeced by the
occurring point of the business cycle (see for example Alinghanbari & Chia 2016; de Franco &
Monnier 2019; Sharaiha & Johansson 2014; Zhang, Hopkins, Satchell & Schwob 2009), a
factor that may perform well during one market regime might not perform as well in another.
Market regimes considered in previous research include for instance bull- and bear-markets and
a four-regime approach where the market regimes are divided into “Stagflation” characterized
by slowing economic growth and increasing inflation, “Heating up” characterized by
accelerating economic growth and rising inflation, “Goldilocks” with accelerating economic
growth and decreasing inflation, and “Slow growth” with decreasing economic growth and
decreasing inflation (Ung & Luk 2016; Gupta, Kassam, Suryanarayanan & Varga. 2014).

The interest has begun turning towards whether different factors could be combined in a
dynamically managed practice that could enhance the performance of multifactor investing
compared to the static approach. In such techniques, active management decisions based on for
example macroeconomic and financial data, and political outcomes are considered (de Franco
& Monnier 2019). According to Li & Sullivan (2011) there is a need for adaptive investment
approaches that dynamically reflect all portfolio risk exposures and not merely the ones
3

represented by ordinary market conditions and captured by static models. Since factors are
considered to carry different economic exposures, these differences could be exploited to
generate a factor model aiming to weight factors based on whether they are expected to out
underperform in different economic environments and allows the weights to vary dynamically
as there occur changes in the underlying environment.

1.2.

Objectives and research questions

Even though factor investing has acquired a considerable amount of interest, continued research
regarding dynamically changing factor weights remains relevant, as in most cases the
considered factor weights are static rather than dynamic. Additionally, while for example the
relationship between value, size, and momentum factors and different macroeconomic variables
has been studied, research considering newer factors, such as quality and low volatility, and
their relationship with the underlying economic conditions is still rather limited. In this thesis,
four factors and their relationship with various economic indicators are considered as well as
dynamically adjusting factor weights aiming to improve the efficiency of factor investing
through different economic cycles.

The objectives of this thesis are to explore the possible differences in the relationships between
factor premia and economic indicators, and to see if these differences could be exploited by
constructing a model that dynamically adjusts factor weights based on the underlying
conditions and this way improves the factor returns. The two main research questions are:

1) Do the pre-selected individual factors lead to significantly different returns in distinct
underlying economic environments?
2) Does the use of a model that adjusts factor weight dynamically according to the
prevailing stages of selected macroeconomic indicators lead to higher risk-adjusted
return compared to the use of a static factor weight?

4

These research questions are investigated in the European stock market considering the period
of 2002 to 2020.

1.3.

Limitations

In academic research, several hundreds of factors explaining the stock returns have been
proposed and discovered (Harvey & Liu 2019b). The number of factors to be considered in this
thesis is limited to four factors, which therefore represent only a minor fraction of the broad
selection of possible factors. The selected factors are Value, Momentum, Quality and Low
Volatility, which are considered being widely approved by academic research (Bender et al.
2013; Alighanbari & Chia 2016). In addition, for example Bender et al. (2018) note that these
four factors belong to the ones that have been most widely cited.

As well as the factors being considered, also the number of considered economic indicators is
limited. Various economic indicators are considered as regime variables describing the state of
the underlying environment. Note that both terms ‘regime variable’ and ‘state variable’ are
used jointly in this thesis, and they both refer to the idea of describing the state of the underlying
economic environment. There are plenty of economic indicators available, and it would not
simply be reasonable to include all of them. In addition, many indicators may have high
correlations and describe similar underlying phenomena. The number of regime variables to be
considered in this thesis is limited to eight economic indicators that have been proposed by
previous research. The Gross Domestic Product (GDP) growth, innovation in the GDP growth,
Inflation, Unexpected Inflation, Short-term Interest Rate, Volatility Index, Term Spread, and
Composite Leading Indicator (CLI) are indicators that have commonly been used when
examining the relationship between factor premia and macroeconomic variables (Zhang et al.
2009; Sarwar, Mateus & Todorovic 2017; Amenc et al. 2019). These eight economic indicators
are considered in this thesis.

The thesis is limited to consist of monthly returns between the period of January 2002 and
December 2020, yielding a total of 228 monthly observations. This period was chosen, as it is
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assumed to consist of different market cycles. The MSCI Index was chosen as a benchmark
index. By this choice, the geographical universe was limited to consist of 15 Developed Markets
countries in Europe. These included Austria, Belgium, Denmark, Finland, France, Germany,
Ireland, Italy, the Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, and the UK.
(MSCI 2021)

The possibilities of the dynamic weighting of the factors are examined for the four factors
individually, and the dynamic factor weighting is not considered in a multifactor portfolio
setting. Transaction costs, taxes and other costs related to investment activity that would occur
and possibly lead to different the results are not considered for the thesis.

1.4.

Structure of the thesis

The structure of this thesis is the following: In Chapter 2, the literature review is presented,
including a brief history of factor investing, representation of the considered factors,
examination of studies regarding factor performance in different macroeconomic environments,
and how previous studies have dynamically adjusted the weights of different factors. In Chapter
3, data considered in this thesis is presented. In Chapter 4, methodology is presented. In Chapter
5, the obtained results are presented and finally in Chapter 6, the research questions are
addressed using the results obtained in the previous section.

2.

Literature review

In figure 1, the theoretical framework regarding this thesis is presented. Based on the Capital
Asset Pricing Model (CAPM) developed by Sharpe (1964), Lintner (1965), and Black (1972),
the expected return is considered to relate linearly to the beta of the security. In 1970s, Ross
(1976) proposed an alternative model, Arbitrage Pricing Theory (APT), based on which the
expected return is related to different macroeconomic variables. In the APT, the
macroeconomic variables that should be included are not defined, thus presenting a challenge
6

that later research has aimed to respond to (Lumholdt 2018a). Later, the CAPM was extended
to concider also additional variables. One of the most well-known factor models was created in
1992 when Eugene Fama and Kenneth French proposed that the size and value factors should
be considered in addition to the market factor when explaining security returns. Today, several
factors have been commonly recognized to be systematic drivers of stock returns, and such
factors include for example value, momentum, low volatility, and quality factors (Blitz &
Vidojevic 2019). For instance, the APT already noted in the 1970s that the stock returns may
relate to different macroeconomic indicators, but recently the notion has turned towards the
cyclical nature of factor performance and their dependency to the underlying economic
environment. State-dependent models have been proposed to counter this issue, which regard
that the macroeconomic variables and factor premia can be linearly related within a regime,
while the parameters are allowed to change based on the regime state, where regimes refer to
different ‘states of the world’ (van Dijk 1999). The two main types of state-dependent models
are threshold models and Markov-switching models. (Sharaiha et al. 2014)

Figure 1. Theoretical framework of the thesis.
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Contribution of this thesis is to examine the relation of selected equity factors and different
regime variables acting as proxies for economic indicators. After gaining knowledge about the
relationship between factors and different regime variables, it is examined whether factors
could be weighted in a dynamic manner, where the weights for individual factors vary based
on how the certain factor is expected to perform in the occurring economic environment.

2.1.

Factor investing – a brief history

A generation ago, it was generally believed that the efficient market hypothesis (EMH) holds,
and the securities markets reflect information efficiently considering both the individual stocks
and the stock market. The EMH is associated with the thought of security prices fully reflecting
all available information (Fama 1970). Thus, technical analysis predicting future prices based
on the information of previous stock prices, or fundamental analysis searching for stocks trading
below their fair value would not be able to result in greater returns than the those one could
achieve by simply having a portfolio of randomly selected stocks, or at least with the risk being
comparable. (Malkiel 2003)

A market with no transaction costs associated in security trading, all available information
accessible for the ones involved, and a general agreement on how the current information
affects the current price is considered to represent an efficient market. The weak-form
efficiency only considers past price histories. As the research considered the weak-form
efficiency to hold, interest turned towards the semi-strong form. In the semi-strong form EMH,
the interest is on how fast prices adjust to other publicly available information, such as
announcements of stock splits. In the strong-form EMH, the effect of private information on
the price formation is of interest. (Fama 1970) The EMH has been challenged as many fairly
simple investment strategies have been seen to provide return premia over the market portfolio,
leading to many believing that the stock prices could be predicted at least to some extent.
However, it has also been stated that the predictability may reflect the time dependency of the
risk premia and required rates of stock returns, and not directly point to markets being
inefficient. (Malkiel 2003; Blitz & van Vliet 2007)
8

The academic research forming the base for factor investing lies in the development of the
Capital Asset Pricing Model and the Arbitrage Pricing Theory. The CAPM developed during
the 1960s-1970s (Sharpe 1964; Lintner 1965; Black 1972) is one of the oldest and also bestknown models of stocks returns. It considers the risk of an asset by its contribution to the
systematic risk of a portfolio, captured by beta, which describes how sensitive the security’s
return is to the market. Based on the CAPM, the risk-free return on securities linearly relates to
the security’s beta to the market. Thus, the CAPM may be considered as a single factor model.
(Lumholdt 2018a; Bender et al. 2013). The CAPM is of the following form:

𝐸𝑅𝑖 = 𝑅𝑓 + 𝛽𝑖 (𝐸𝑅𝑚 − 𝑅𝑓 ),

(1)

Where 𝐸𝑅𝑖 is the investment’s expected return, 𝑅𝑓 is a risk-free rate, 𝛽𝑖 is the beta of the
investment and (𝐸𝑅𝑚 − 𝑅𝑓 ) is the market risk premium. The risk-free rate refers to the interest
rate earned on an investment with no risk and is in practice commonly approximated with a 3month government Treasury bill (Corporate Finance Institute 2021a). In practice, the
explanatory power of the CAPM has generally found to be rather low (Lumholdt 2018a). The
interest has turned towards examining the ability of alternative and supplementary factors
beyond market risk to explain security returns, forming the base for factor investing (Lumholdt
2018a).

In 1976, Ross proposed another theory another theory of the drivers behind stock returns. The
Arbitrage Pricing Model (APT), where the returns are seen to relate on multiple factors and be
common to all assets and portfolios, is considered to represent the most important alternative
to the CAPM (Lumholdt 2018a). According to the APT, the expected return of an asset can be
considered as a linear function of different macroeconomic indicators. However, the APT does
not specify which factors should be considered in the model. Moreover, according to Bender et
al. (2013), both the number and nature of the factors to be included in the APT were seen to
probably change through time and different markets. Consequently, subsequent research has
9

attempted to solve the challenge of which macroeconomic factors should be included in the
APT. (Lumholdt 2018a; Bender et al. 2013)

Fama and French (1992a) extended the CAPM by including the value and size factors into the
consideration. Size – Small Minus Big (SMB) was expressed as the return difference between
small and big stocks. The value – High Minus Low (HML) was expressed as the difference in
returns between high and low book-to-value stocks. A 50% breakpoint for size was used: stocks
under this point were categorized as small (S) and above as big (B). The breakpoints of 30%
and 70% were used for value: stocks under the 30% point were categorized as low (L), the next
40% as medium (M) and the highest 30% as high (H). (Fama and French 1992a) The size and
value factors were seen to add significant explanatory power and after including the two style
factors, the explanatory power of the market factor was seen to be rather negligible. Thus, the
credibility of the CAPM was weakened, and the Fama-French three-factor model became the
norm within the finance literature. (Bender et al. 2013; Lumholdt 2018a) The model is of the
following form:

𝑟 = 𝑟𝑓 + 𝛽1 (𝑟𝑚 − 𝑟𝑓 ) + 𝛽2 (𝑆𝑀𝐵) + 𝛽3 (𝐻𝑀𝐿 ) + 𝜀 (2)

where 𝑟 represents expected rate of return, 𝑟𝑓 represents risk-free rate, 𝛽 represents the
coefficient for each factor, (𝑟𝑚 − 𝑟𝑓 ) represents the market risk premium, 𝑆𝑀𝐵 represents the
historical excess returns of small-cap companies over large-cap companies, 𝐻𝑀𝐿 represents the
historical excess returns of high book-to-price ratio companies over low book-to-price ratio
companies, and 𝜀 represents the statistical error term with a mean of zero and a variance of 𝜎𝜀𝑖2
(Lumholdt 2018a).

In a study considering the performance of mutual funds, the Fama-French three-factor model
was expanded by Carhart (1997) to also include momentum as an additional explanatory
variable. Best performers were seen to have a positive exposure to momentum whereas the
worst performers have negative exposure to this factor. The inclusion of the momentum factor
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was seen to add considerably to the model’s explanatory power. The model is being referenced
to as the Carhart four-factor model and is presented in equation 3. (Carhart 1997; Lumholdt
2018a; Bender et al. 2013)

𝑟 = 𝑟𝑓 + 𝛽1 (𝑟𝑚 − 𝑟𝑓 ) + 𝛽2 (𝑆𝑀𝐵) + 𝛽3 (𝐻𝑀𝐿) + 𝛽4 (𝑈𝑀𝐷) + 𝜀 (3)

where 𝑈𝑀𝐷 represents the historical excess returns of previous n-month return winners over
previous n-month loser stocks. Carhart (1997) considered as winner stocks the firms with the
top 30 percent eleven-month returns with one month lagged, and as loser stocks the firms with
the bottom 30 percent eleven-month returns with one month lagged. In literature, WML –
Winner-minus-Loser - is also often used to refer to the momentum factor.

Evidence was seen to suggest that the Fama-French three-factor model was able to explain only
part of the variation in mean returns and led to Fama and French (2015) also extending their
model from considering three factors into considering five factors which, instead of the
momentum factor, introduced profitability (RMW) and investment (CMA) factors. The fivefactor model is of the following form:

𝑟 = 𝑟𝑓 + 𝛽1 (𝑟𝑚 − 𝑟𝑓 ) + 𝛽2 (𝑆𝑀𝐵) + 𝛽3 (𝐻𝑀𝐿) + 𝛽4 (𝑅𝑀𝑊 ) + 𝛽5 (𝐶𝑀𝐴) + 𝜀 (4)

where 𝑅𝑀𝑊 represents the return difference on portfolios of stocks with robust (high) and
weak (low) profitability, and 𝐶𝑀𝐴 represents the return difference on portfolios of stocks of
firms investing conservatively (low) and aggressively (high). Investment refers to the growth
in book equity. (Fama & French 2015)

During the last decades, the number of proposed factors has grown substantially, and several
hundreds of factors were being proposed. The rate of factor production in the field of academic
research has since become uncontrollable, and the situation is even being referred to as the
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“factor zoo” (see for example Feng, Giglio & Xiu 2020). Subsequently it has been seen that
many of the factors proposed by past research would be considered being significant just by
chance, and as an outcome of data mining resulting in the overall finding that several of the
factors that have been found are probably false. It has been noted that in most cases, the selected
factor depends on the test portfolios, identification is influenced by whether time-series or
cross-sectional approach is considered, and some are regarded just being “lucky” (Harvey &
Liu 2019b). To decrease the probability of a factor appearing significant only because of data
mining and of test multiplicity, prior beliefs should be included to establish a reasonable
economic foundation for the considered factor as a factor derived from economic theory less
opportunity for data mining. (Feng, Giglio & Xiu 2020; Harvey & Liu 2016; Harvey & Liu
2019a; Harvey & Liu 2019b).

2.2.

Factor selection in this study

While some of the factors discovered are considered being result of data mining, and lack an
economic foundation, there are also several factors that represent well-researched factor premia
with solid economic justifications. Such factors include Value, Momentum, Quality, and Low
Volatility. (Alighanbari & Chia 2016; Bender et al. 2013) According to Lumholdt (2018b)
explanations for why the factors have been able to provide return premia can be considered
being reward for risk-taking or relate to behavioral biases or structural limitations.

2.2.1.

Value

The aim of the value factor is to capture excess returns of stocks trading at a low price relative
to their fundamental value. The value factor is often captured by measures such as the book-toprice ratio, earnings-to-price ratio, book value, sales, earnings, cash earnings, net profit,
dividends, or cash flow (Bender et al. 2013; Ung & Luk 2016). The non-value stocks are often
referred to as growth stocks. According to Lumholdt (2018a), value is the most significant style
factor and has been the topic of most empirical research concerning factors. For instance, NYSE
stocks were broken into book-to-equity groups by Fama and French (1992b) based on the
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breakpoints for the bottom 30% (low), middle 40% (medium) and top 30% (high), and HMLfactor was constructed to mimic the risk factor associated with book-to-market equity. The
book-to-market equity was considered to proxy some dimension of risk – possibly related to
distress risk.

Many studies have documented a significant positive relationship between average returns and
the value factor. Fama and French (1992a) found value strategies to have forecasting power
over stock returns when the book-to-market value of equity (BE/ME) ratio was considered.
More recently, Fama and French (2012) examined the significance of the value premium
between 1989-2011 in North America, Europe, Japan, and Asia Pacific. Value premium was
observed in the mean stock returns for all examined regions. Cakici, Tang & Yan (2016) in turn
examined the significance of the value premium in 18 emerging markets in Asia, Latin America,
and Europe during the period of 1990-2013 and observed the value effect in all markets
excluding Brazil. In addition, the value effect was found to be robust to different periods and
market environments.

Efficient markets- based explanations have been provided for the value premium. Chen &
Zhang (1998) found value firms to be firms in distress, having higher financial leverage and
uncertainty related to earnings in the future, and therefore higher returns for value stocks were
considered as compensation for this higher risk. In addition, as value stocks have a tendency to
outperform growth stocks in expansionary environments, value premium might reflect
underlying risks related to macro-sensitivity (Lumholdt 2018b). Zhang (2005) in turn found
cost reversibility and countercyclical price of risk to reduce the flexibility of value firm to
reduce capital, resulting to value firms being considered as riskier than growth firms particularly
during bad times. Another risk-based explanation was provided by Lettau and Wachter (2007)
as they found that the timing of growth and value firms cash flows differs. Growth stocks were
found to have their cash flows weighted to the future, while value stocks have more of their
cash flows weighted to the present. Growth firms were seen to be high-duration assets and
similar to long-term bonds, while value firms were seen to be low-duration assets. Value stocks
were considered to display more variation with the fluctuations in cashflows. Explanations
related to investor behavior have also been proposed. For example, Barberis, and Huang (2001)
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saw that growth stocks have often had good prior performance, and they accumulate prior gains
to investors who then consider growth stocks less risky, while value stocks often have had poor
prior performance. Thus, value stocks are viewed as riskier, and a higher compensation is
required for holding value stocks. Asness (1997) in turn proposed that investors do not like
holding assets that have been considered as cheap by value measures and therefore investors
that are willing to hold value stocks receive a premium.

2.2.2.

Momentum

Momentum factor makes use of price trends. It rests on the tendency of stocks having performed
well in the past continue performing well, and vice versa. The momentum factor has been found
to be most prominent over a shorter time horizon (Ung & Luk 2016) and is commonly captured
by relative returns of past 3-,6- or 12-months sometimes with the last one month excluded, or
by historical alpha. (Lumholdt 2018a; Bender et al. 2013) In a case where the momentum factor
is captured by historical alpha, alpha refers to the residual between the return of a stock and the
sum of all considered factor contributions – derived via regression analysis – to the stock
returns.The factors used to explain stock returns could include for example market, value, size,
momentum, and quality factors. The portfolio then consists of a long position on high-alpha
stocks and a short position on low-alpha stocks – commonly being the stocks with the highest
and lowest total returns. (Rabener 2018)

Research has identified the existence of the momentum premium across different regions and
periods of time. De Bondt and Thaler (1985) examined NYSE stocks during 1926-1982 and
composed decile portfolios of securities having extreme high returns (winners) and extreme
low returns (losers) when compared to the market portfolio. The portfolios of prior “losers”
were noted to outperform prior “winners”, as the loser portfolios outperformed the market by
19.6% on average, while the winner portfolios underperformed the market by 5.0% on average.
Jegadeesh and Titman (1993) instead analyzed the performance of NYSE and AMEX stocks
during 1965-1989 and examined the performance of a strategy buying “winners” and selling
“losers” and found that the momentum strategy produced positive results. More recently, Fama
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and French (2012) examined the momentum returns in North America, Europe, Japan, and Asia
Pacific. The average momentum returns were found to range from .64% to .92% per month.

Most of the theories concerning the existence of the momentum are linked to behavioral finance
theories. The prices have been suggested to overreact to news related to fundamentals in the
first place, and then continue to do so (Hong, Lim & Stein 2000). Investors have also been
proposed to have a tendency to overreact to the information obtained most recently, while
accounting the past information less, leading to optimism related to positive news and
pessimism related to negative news, and further leading to stock prices deviate from their
fundamental value (De Bondt & Thaler 1985; Lumholdt 2018b). In other studies, momentum
is considered resulting from underreaction where prices are adjusting slowly to news. It has
also been suggested that investors are overconfident and tend to exaggerate how much their
private information is worth. A positive stock reaction to new information is considered to result
from their expertise while a negative reaction is considered just being back luck. As the
confidence of the investors increase, the price of outperforming stocks is pushed up. (Lumholdt
2018b) Some have also suggested a risk-based explanation for the existence of the momentum
premium (for example Conrad & Kaul 1998), but little evidence has been provided to this
explanation. Vayanos and Woolley (2013) in turn proposed that investors observe changes in
fund managers’ efficiency, which trigger outflows and result to fund selling assets they own.
Momentum was considered to arise due to moderate and uncertain outflows further causing a
decline in the price and in the expected returns. Moderate outflows in turn were considered to
originate from either investor inertia or institutional constraints.

2.2.3.

Quality

The aim of the quality factor is to capture the excess returns of stocks of firms having low debt
and stable earnings growth. The quality factor is commonly capture by for example return on
equity, earnings stability, dividend growth stability, strength of balance sheet, financial
leverage, and accruals. There is no widely agreed definition for quality, and therefore the
characteristics making a high-quality company are considered being more or less subjective.
However, there are some common characteristics and typically quality is described through
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profitability generation, earnings quality, and financial robustness. (Ung & Luk 2016; Bender
et al. 2013). Ung, Luk & Kang (2014) refer to high quality companies as companies seeking to
generate higher revenue and cash and exhibiting more stable growth than companies on
average. High-quality companies are the ones having the ability to provide stable returns in
challenging times, as their earnings are considered being less responsive to the occurring stage
of the business cycle. Hunstad (2013) sees quality company having features that appeal
especially to risk-averse investors. Asness, Frazzini and Pedersen (2018) in turn determine
quality as features that investors are ready to pay more for. According to Lumholdt (2018a),
quality could also be considered as an extension to the value factor.

Prior research has also identified the existence of the quality premium. Novy-Marx (2013)
examined non-financial firms during 1963-2010 and measured profitability by firm’s gross
profits to assets-ratio. Stocks with high profitability were found to outperform stocks with low
profitability, as they were found to earn .31% per month higher average returns. Asness,
Frazzini and Pedersen (2018) examined U.S. stocks during 1957-2016 and stocks from 24
developed markets from 1989-2016 and documented that a quality-minus-junk (QMJ) factor
going buying high-quality stocks and selling low-quality stocks generated significant riskadjusted returns. The price of quality was also documented to display variation over time.

According to Ung & Luk (2016) and Bender et al. (2013), due to the diversity of the quality
factor, there is little inclusive explanation to the existence of the factor. In addition, as the
CAPM suggests that any higher returns should be coupled with higher levels of risk, investors
appear to be getting a “free lunch” as they are rewarded for owning high-quality stocks (Ung et
al. 2014; Hunstad 2013). Hunstad (2013) suggests the investor risk preference heterogeneity as
a primary driver of the quality phenomenon. Investors seeking risk bid up the price of lowquality, more-volatile stocks up to the point they are certainly going to underperform, while
investors that are risk-averse hold high-quality, more stable stocks. Another explanation for the
quality premium has been proposed by Asness, Frazzini and Pedersen (2018), as they suggested
systematic analyst errors and mispricing as one explanation for the existence of the quality
premium. It was seen that the expectations of the analysts coincided with the impression that
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high-quality stocks would be entitled to higher prices than low-quality stocks. However, the
target prices were considered to be too low on average.

2.2.4.

Low Volatility

The aim of the low volatility factor is to capture excess returns of stocks characterized having
lower volatility than an average stock, beta, or idiosyncratic risk. The low volatility factor is
usually captured by standard deviation during the past one to three years, downside standard
deviation, standard deviation of idiosyncratic returns or beta. Similarly to the quality factor, the
idea behind the low volatility factor also conflicts the EMH and the assumptions of CAPM,
which are claiming that higher risk should be rewarded with higher returns. (Bender et al. 2013;
Ung & Luk 2016) According to Ung and Luk (2016), low volatility strategies have recently
increasingly gained popularity.

The tendency of low volatility stocks to outperform high volatility stocks has been well
documented by research. Blitz & van Vliet (2007) examined the volatility effect over the 19862006 period within the US, European and Japanese markets. Improved Sharpe ratios and
statistically significant positive alpha were found to be related to portfolios of stocks with the
lowest historical volatility. Low risk stocks were seen to earn significantly higher risk-adjust
returns relative to the market, while high risk stocks underperformed the market. Ang, Hodrick,
Xing & Zhang (2009) in turn examined global sample of developed markets during the period
of 1980-2003 and found that higher idiosyncratic volatility was associated with lower mean
returns. This relationship was seen to be significant in Canada, France, Germany, Italy, Japan,
the United States and the United Kingdom and observable also in the greater sample of 23
developed markets.

Different explanations for the low volatility premium have been proposed. Firstly, for example
Blitz & van Vliet (2007) suggested borrowing restrictions as one explanation. To fully benefit
of the returns of low volatility stocks, leverage is required and in practice there are often
restrictions when it comes to using it – many are not permitted or are not willing to apply
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leverage. Blitz & van Vliet (2007) also suggested inefficient decentralized investment approach
as another explanation. Striving for greater returns, asset managers may be incited to weight
high-volatility stocks more, which in turn may cause high-risk stocks’ price to increase and
low-risk stocks’ price to decrease. In addition, asset managers might be ready to overpay for
high volatility stocks which tend to outperform in up markets and underpay for low-volatility
stocks which tend to outperform in down markets, if the asset managers outperformance is more
desirable in up markets. According to Blitz & van Vliet (2007) and Ung & Luk (2016),
behavioral biases among private investors may cause the low volatility premium. By deviating
from risk-averse behavior, investors might overpay for risky stocks which are considered being
similar to lottery tickets. It has been observed that investors systematically overpay for highvolatility stocks while searching for a lottery-type risk/return payoff. Driessen, Kuiper,
Nazliben and Beilo (2019) in turn suggested compensation for interest rate exposure as one
explanation for the existence of the low-volatility premium. For the low-volatility stocks a
negative exposure, and for more volatile stocks a positive exposure to interest rates was found.
Adding an interest rate premium into consideration was seen to explain part of the low-volatility
anomaly.

In table 1, a summary of considered factors and their descriptions are presented.

Table 1. Summary of factors and their descriptions.
Description
Value

Aims to capture excess returns of stocks with low price relative to their
fundamental value.

Momentum

Stocks with good prior performance tend to exhibit strong returns going
forward.

Quality

Aims to capture excess returns related to stocks of firms with low debt
and stable earnings growth

Low Volatility

Aims to capture excess returns from stocks with below-average volatility.
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2.3.

Factor performance in different economic environments

As it has been observed that factor performance exhibits cyclicality and some factors may
perform better in certain underlying economic environments than others, the performance of
factors has been examined in different macroeconomic and market conditions.

2.3.1.

Previous research

The relationship between macroeconomic variables and the Fama-French size and value factors
were examined by Zhang et al. (2009). The link between the factors and macroeconomic state
variables was found to be significant. The considered macroeconomic variables were GDP
growth rate, inflation, short-term interest rate, term spread, and credit spread. Value and small
capitalization stocks were found to benefit from an environment characterized by higher GDP
growth. In addition, value stocks were found to benefit from lower unexpected inflation. It was
noted that value and smaller stocks performed better when short-term interest rates had been
low. In addition, it was seen that value stocks performed well in environments characterized by
both low and high levels of short-term interest rates, inflation, term spread, and credit spread.

Durand, Lim & Zumwalt (2011) in turn examined the relationship between investors’
expectations of market volatility captured by the VIX index and the factors of the Carhart fourfactor model. By examining the impulse response functions, changes in the VIX were seen to
cause changes in the expected factor returns, most considerably for the market risk and the
value premia. The relation between changes in the VIX with the value-growth premium as well
as with the momentum premium was found to be positive.

Amenc, Esakia, Goltz and Luyten (2019) analyzed the cyclicality of equity factors across
different macroeconomic environments in the United States during 1963-2017. The considered
factors included size, value, momentum, low risk, high profitability, and low investment
factors. The considered state variables were short-term interest rate, term spread, default spread,
aggregate dividend yield, systematic volatility, aggregate effective bid-ask spread and
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aggregate price impact. By using a first-order autoregressive process, econometric expectations
on all state variables were formed, and the model residuals were considered as the unexpected
changes or surprises. The value factor was found to perform better when the term spread
increased unexpectedly, and the low risk -stocks were found to perform relatively worse in
times of unexpected increases in the interest rates compared to high risk -stocks. The low risk
factor in turn was found to perform poorly when volatility or the dividend yield increased
unexpectedly. The relationship was found to be positive for surprises in the term spread and
value as well as between low investment. For the momentum and high profitability, the
relationship with surprises in term spread was found to be negative.

Another study including macroeconomic variables was conducted by Sarwar, Mateus and
Todorovic (2017). They examined whether GDP growth, inflation, interest rates, term structure,
credit spread, and money supply growth define the cyclical variations in UK equity return
premia. Size, value, and momentum premia were examined during the period of 1982-2014
using a Markov-switching approach. Increases in short-term interest rates were found to
increase the value premium. It was also seen that prior winners were more negatively influenced
by increases in short-term interest rates when compared to prior losers. Increases in term
structure were found to increase the value premium, however in recessions, increases in term
structure were found to decrease the value premium. Increases in term spread were found to
also decrease the momentum premium. During expansions and recessions, increases in credit
spread were found to increase the size and value premia. Increases in credit spread were found
to decrease the momentum premium in expansionary periods, referring to past losers generating
higher returns than past winners in up markets. Growth in money supply was seen to show
asymmetries with the value premium as the relationship turned from negligible in up markets
to negative during down markets.

Equity factors and time-variation in stock returns have been studied using the Markovswitching framework in other studies also. Perez-Quiros and Timmermann (2000) used the
Markov-Switching approach as they examined the firm size and cyclical variations in stock
returns. The expected stock returns of small firms were found to be more sensitive to variables
proxying credit market conditions. Small firms’ risk was found to be more strongly influenced
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by worsening conditions in the credit market – higher interest rates, lower money supply
growth, and higher default premia. Guidolin and Timmermann (2008) in turn examined size
and value premia by considering Markov-switching model with four states. The monthly returns
on US stock portfolios during 1972-2005 were examined. The mean returns, volatilities and
correlations between the size and the value portfolios were seen to relate to the underlying
regimes. Another study was conducted by Gulen, Xing and Zhang (2011), who studied the
cyclicality of expected stock returns of value and growth stocks by considering a Markovswitching model with two states. The value stocks’ expected excess returns were found to be
more affected by the economic conditions than those of growth stocks. The one-month Treasury
bill rate, the default spread, the growth in the money stock, and the dividend yield were
considered as indicators of economic conditions.

A summary concerning some of the previous studies is presented in appendix 1. In majority of
previous studies, the relationship of factor premia and different macroeconomic variables is
studied in the US markets, while research in the context of European market is far more limited.
Furthermore, research considering for example state-dependency of quality and low volatility
factor premia is considerably less existent than research considering size and value factor
premia in regard of their relationship with different macroeconomic variables. In majority of
studies, macroeconomic variables that have been studied include GDP growth, short-term
interest rates, inflation, term spread and credit spread, which represent variables that have
commonly been used in the literature of predictability of stock returns (Sarwar et al. 2017). For
this thesis, also additional variables are considered such as the VSTOXX, which is considered
as the “European VIX” (Macroption 2021), and Composite Leading Indicator, which is
considered to provide early signals of upcoming changes in business cycles (OECD 2021).

2.3.2.

Expected relationships between factors and regime variables

Based on previous research considering different factors and macroeconomic regime variables,
hypotheses of the expected relationships between value, momentum, quality and low volatility
factors and different macroeconomic indicators are constructed. These are displayed in table 2.
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Table 2. Expected relationship between the factors and regime variables.
Value

Momentum

Quality

Low Volatility

GDP growth

+

+

+/-

-

Inflation

+

+

-

+

Unexpected inflation

+

-

+

+

Interest rate, 3m

-

-

-

-

+/-

+/-

+

+/-

Term Spread

+

+

+

+

CLI

+

+

+/-

-

VSTOXX

Real economic growth is typically seen to coincide with increasing investment opportunities
for distressed firms and indicate real economic growth (Zhang et al. 2009; Sarwar et al. 2017).
Increases in the GDP growth rate are expected to increase the value and momentum premia.
Gupta et al. (2014) noted that in an environment of slowing growth, quality factor has generally
outperformed. However, for example Ung & Luk (2016) noted that quality stocks performed
well in both expansionary and contractionary periods. Thus, either a positive or a negative
relationship is expected. As low volatility factor is considered to display economic cycle
countercyclicality (Ung & Luk 2016), negative relationship is expected between GDP growth
rate and low volatility.

Increases in inflation are seen to refer to upcoming increases in the nominal risk-free rate and
the discount rate, thus signaling a tightening policy (Black, Mao & McMillan 2008). In addition,
Gupta et al. (2014) note that higher inflation typically decreases the future real GDP growth in
the long-term. Increases in inflation are expected to increase the value and momentum premia.
Sarwar et al. (2018) note that based on Fisher’s theory if stocks are hedged against inflation,
increases in inflation would be expected to increase the stock returns. According to Gupta et al.
(2014), increases in inflation are expected to decrease the quality premium as quality is
commonly characterized as having stable nominal cash-flows and higher inflation will affect
negatively on quality firm’s real cashflows and returns. Increases in inflation are expected to
increase the low volatility premium, as for example Gupta et al. (2014) found that low volatility
stocks performed well in an environment of rising inflation.
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High unexpected inflation is seen to refer to higher uncertainty in the market and indicate that
the interest rates are likely to rise in the future, and this way investment in longer-duration firms
would be discouraged. (Zhang et al. 2009). As discussed in 2.2.1., for example Lettau and
Wachter (2007) found that growth firms have more of their cashflows in the future, analogous
to long-term bonds, and thus they were seen to be high-duration assets. Value firms in turn were
found to have more of their cashflows weighted to the present, and thus they were seen to be
low-duration assets. In addition, value firms usually pay higher dividends and are good
investments in the short-term, while growth firms pay lower dividends and retain most of their
profits to be reinvested (Sarwar et al. 2017). Increases in unexpected inflation are expected to
increase the value premium. For the momentum premium, increases in unexpected inflation are
expected to decrease it. (Sarwar et al. 2017). Fama & French (2001) for example note that
profitable companies exhibit higher probability of paying (higher) dividends, and thus,
increases in unexpected inflation are expected to increase the quality premium. According to
Driessen, Kuiper, Nazliben, and Beilo (2019) low volatility companies are generally
characterized being large, profitable and have relatively low growth opportunities, and therefore
increases in unexpected inflation are expected to increase the low volatility premium.

Rising interest rates are considered to imply worsening credit market conditions and are likely
to have a decreasing effect on the stock market returns (Sarwar et al. 2017). As value firms are
often low-duration firms with high leverage and uncertain cashflows (Zhang et al. 2009),
increases in short-term interest rates are expected to decrease the value premium. Increases in
short-term interest rate are also expected to decrease the momentum premium (Sarwar et al.
2017), and the quality premium. As low-volatility companies are generally seen to be large and
profitable, having relatively low growth opportunities and paying dividends frequently, their
cashflows are considered being rather predictable (Driessen et al. 2019). Thus, increases in
short-term interest rates are expected to decrease the low volatility premium.

VIX indicates the expected market volatility of the S&P 500 over the next month and is also
referred to as the “investor fear gauge” (Li & Piqueira 2019). In this thesis, Euro Stoxx 50
Volatility (VSTOXX) index is used instead of CBOE VIX to proxy the European market
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volatility. However, similar relationship between the factors and the VSTOXX is expected as
would be for the factors and the VIX. Li & Piqueira (2019) found increasing value premium in
a state characterized by low VIX values and a negative value premium in a state characterized
by high VIX values. Ung & Luk (2016) in turn found that value stocks were outperforming
growth stocks when VIX was high. Thus, increases in the VSTOXX are expected to either
increase or decrease the value premium. According to MSCI (2019), lower VIX has historically
favored pro-cyclical factors, such as momentum and value, while defensive factors, such as
quality and volatility outperformed during higher levels of VIX. However, for example Ung
and Luk (2016) found that momentum outperformed when VIX was either high or neutral. This
would indicate a negative or a positive relationship between momentum and VSTOXX as well
as value and VSTOXX, and a positive relationship between quality and VSTOXX as well as
between low volatility and VSTOXX.

Term spread decreases in economic upturn and increases in an economic downturn, and it can
be considered to provide indication of the economic activity. (Sarwar et al. 2017) Firms
depending on long-end duration will be more adversely affected by the increases in long-term
interest rates (Zhang et al. 2009). Increases in term spread are expected to increase the value
premium, and the momentum premium also (Sarwar et al. 2017). According to Lucas, van Dijk
and Kloek (2002), the term spread may have an effect on the expected stock returns by affecting
the expected company earnings, and thus in periods of small term spread, small and rapidly
growing firms display higher returns due to higher and better quality earnings expectations.
Thus, increases in term spread are expected to increase both the quality and the low volatility
premia.

Composite Leading Indicator is designed to signal upcoming turning points in business cycles
(OECD 2021), and therefore similar relationship as between factor premia and gross domestic
product growth is expected. Increases in CLI are expected to increase both the value and the
momentum premia. For the quality premium, either a positive or negative relationship with CLI
is expected. Lastly, increases in CLI are expected to decrease the low volatility premium.
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2.4.

Dynamic factor weighting

Historical data has shown that years of outperformance in a single factor may be followed by
rather long periods of underperformance during certain market environments (Lumholdt 2018b,
Bender & Wang 2016). For example, quality and low volatility factors are commonly
considered being more defensive in their nature and are expected to perform well in an
environment of low or declining growth, while for example value factor is considered being
pro-cyclical (Lumholdt 2018b). According to Kalesnik (2018), the risks related to factor
investing are usually understated while the benefits arising from diversification tend to be
overstated, as it is not considered that the correlations between factors change over time and in
addition same underlying risk drivers may affect the factors. Thus, benefits might be related to
adjusting the weights of different factors with regards to how a certain factor is expected to
perform in a certain market environment. Previous research related to weighting factors in
response to changing market environments is presented below.

Sharaiha & Johansson (2014) examined the time-varying state-dependent value premium and
considered a model where the factor exposures were allowed vary based on one or more state
variables. Examined state variables included distress risk proxied with credit spread, VIX, term
spread, and a systemic risk index. A logistic smooth transition regression methodology was
considered when studying the relationship between factor premium and macroeconomic
variables. A model allocating weights dynamically to a value overlay portfolio conditioned on
regime function was also presented. The returns of the portfolio were improved in the dynamic
case when compared to the static one.

Miller, Li, Zhou & Giamouridis (2015) in turn developed a framework for dynamic factor
weighting designed to accommodate sudden changes in factor predictability by quantifying the
effect of risk and other factor portfolio characteristics with a classification-tree analysis.
Significant economic benefits were found to relate to dynamic factor weighting. Considered
variables included micro- and macro/market-oriented variables including for instance credit
spread, oil price, and short-term interest rates. Factor weights varied according to a model of
factor predictability. The multi-factor portfolio constructed with a classification-tree model was
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seen to generate a considerably higher reward-to-risk ratio than of a static approach. The
benefits of classification tree approach were seen to be particularly present in macro-driven
environment with vulnerable markets.

Dynamic adjustments of factor weights were examined by Alighanbari & Chia (2016) in the
context multifactor index strategies. Altogether nine multifactor index strategies were
examined, out of which eight included dynamic adjustment of factor weights. Factors included
size, value, quality, momentum, low volatility, and yield. Three fundamentals-based
approaches were seen to deliver higher active returns against simple diversification. Among the
dynamic strategies analyzed, the Blended Factors strategy index -strategy, which weighted each
factor index in the strategy based on the strength of fundamental signals, provided the strongest
return, outpacing the simple diversification strategy without a significant increase in risk and
with an improved information ratio.

The effect of different market regimes on allocation between the factors of the Carhart fourfactor model was studied by Ammann and Verhofen (2006) using Markov Chain Monte Carlo
methods. Two regimes having different average returns, volatilities and correlations were
found. In the regime characterized by high-variance, only value stocks were found to perform
well, while in the regime characterized by low-variance, the market portfolio and momentum
stocks performed best. Thus, value investing was seen to be a convenient strategy in the regime
characterized by high-variance and momentum investing in the regime characterized by lowvolatility. This switching strategy was evaluated by an empirical out-of-sample back test, which
indicated the possible profitability of the strategy. However, the forecasting power for the
model was seen to be poor.

Some of the studies discussed in chapter 2.3.1. included an examination of the economic value
of the model. In the study of Sarwar, Mateus & Todorovic (2017) it was examined whether
certain economic indicators determine the cyclical variations in size, value, and momentum
premia using Markov-switching approach. The factor portfolio returns were forecasted, and a
switching strategy based on the sign of the forecast was applied, alternating between the
considered factor portfolio and the risk-free asset. The switching-strategy was found to perform
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better relative to a corresponding buy-and-hold benchmark. In the study of Perez-Quiros and
Timmermann (2000) the Markov-Switching approach was considered when examining the
time-varying size premium. A simple strategy was considered: either a long position on the
equity portfolio would be taken or one-month Treasury bill would be hold depending on
whether the excess return of an equity portfolio was forecasted to be positive or not. During
expansions, the Sharpe ratios of the switching portfolios were equal to or even lower than those
generated by the buy-and-hold strategy. In recessions, the switching portfolios obtained far
higher Sharpe ratios than the buy-and-hold portfolios. In the study of Gulen, Xing and Zhang
(2011) in turn a two-state Markov-switching model was considered when examining the timevarying expected returns of value and growth stocks. A similar allocation rule as in the paper
of Perez-Quiros & Timmermann (2000) was considered. For the value decile, the switching
portfolio was found to underperform the buy-and-hold portfolio in mean returns, and the growth
decile was found to outperform the buy-and-hold portfolio only slightly when considering the
mean returns. Thus, the economic significance was considered to be close to nonexistent.

According to Gerniglia and Fabozzi (2018), the possibility to increase and decrease the
allocation to certain factors based on their expected returns is an ongoing discussion. Even
though the potential returns to a successful strategy could be large, timing the factors is
challenging and the difficulty related to timing factors has been well-documented (Gerniglia &
Fabozzi 2018; Bender et al. 2017). In addition, as noted by Bender et al. (2017), there is a “long
leap” between the correlations that have been sometimes significant historically and the
successful application of a model timing factors. Moreover, it should also be considered that
randomness alone may explain some of the relationships that have been observed. Bender et al.
(2017) identify some main challenges related to building a factor model and these include for
example the time-varying relationships between indicators and factors, and the restating of
macroeconomic data series after the initial estimate has been reported.
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3.

Data

The factor mimicking portfolios – HML, WML, QMJ, and LOWVOL - are constructed for the
value, momentum, quality, and low volatility factors in the context of the European stock
market. The data required for the construction of the factors are acquired from the S&P Capital
IQ. The data for the factors are gathered for the period of 2002-2020, as it is assumed to consist
of different market regimes. Multiple economic indicators are considered as regime variables
to describe the occurring market environment, and these include Gross Domestic Product
growth, innovation in the Gross Domestic Product growth, realized and unexpected inflation,
short-term interest rate, VSTOXX, term spread and Composite Leading Indicator. Data for
VSTOXX, Germany 10-year bond yield, Euro Area Harmonized Index of Consumer Prices,
and Euro Area Gross Domestic Product are acquired from the MacroBond database
(MacroBond 2021). In addition, data for the short-term interest rate (3-month interest rate) is
gathered from the database of the Federal Reserve Bank of St. Louis (FRED 2021a), and data
for the Composite Leading Indicator is acquired from the database of the Organization for
Economic Co-operation and Development (OECD 2021). Data regarding the state variables are
gathered for the period of 2001-2020, to have access also to the lagged values of the selected
state variables. Analysis is carried out with RStudio.

3.1.

Selected Index

The selected index is the MSCI Europe Index, including large and mid-market capitalization
representation across 15 Developed Markets countries in Europe. On 29.1.2021, the median
market capitalization of the constituents was 11,220.64 USD Millions, smallest was 2,305.57
USD Millions, and the largest was 323,982.96 USD Millions. The countries included are the
following: Austria, Belgium, Denmark, Finland, France, Germany, Ireland, Italy, the
Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, and the UK. On 29.1.2021, the
index had 432 constituents, and thus the index covered approximately 85% of the free floatadjusted market capitalization across the European Developed Markets equity universe. (MSCI
2021) The free float refers to the shares of a company that can be publicly traded and are not
for example held by insiders (CFI 2021). The top 10 constituents (on 31.3.2021) of the MSCI
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Europe Index are presented in table 3, where the market cap is the float-adjusted market
capitalization in USD Billions.

Table 3. Top 10 Constituents of MSCI Europe Index (on 31.3.2021). Source: MSCI 2021.
Country

Market Cap

Index weight, %

NESTLE

CH

322.46

3.15

ASML HLDG

NL

258.64

2.53

ROCHE HOLDING GENUSS

CH

228.02

2.23

NOVARTIS

CH

190.55

1.86

LVMH MOET HENNESSY

FR

185.36

1.81

UNILEVER PLC (GB)

GB

147.13

1.44

ASTRAZENECA

GB

131.21

1.28

SAP

DE

128.15

1.25

SIEMENS

DE

125.87

1.23

HSBC HOLDINGS (GB)

GB

118.92

1.16

1,836.33

17.94

Total

3.2.

Construction of the factors

The factor portfolios are constructed for value, momentum, quality, and low volatility. All of
these are market capitalization weighted – that is, the securities are weighted proportionally to
their market capitalization.

Value. For this thesis, the book-to-price ratio is considered to construct the value factor. The
book-to-price ratio is defined as the book value per share divided by the daily closing price
(B/P) of the stock. Negative sign is assigned to the B/P. Therefore, the value measure is defined
as follows:
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𝑉𝑎𝑙𝑢𝑒 = −

𝐵𝑜𝑜𝑘 𝑉𝑎𝑙𝑢𝑒 𝑝𝑒𝑟 𝑆ℎ𝑎𝑟𝑒
𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒

(5)

The stocks are sorted based on the value measure and assigned to three quantiles. The stocks
with the lowest (most negative) measure can be considered as value stocks, and they are
assigned to the high B/P portfolio (D1). The stocks with the highest (least negative) measure
can be considered as growth stocks and they are assigned to the low B/P portfolio (D3). The
value factor portfolio is the difference between the returns on these portfolios (D1-D3). The
process of constructing the value-mimicking factor portfolio is presented in figure 2.

1

𝑟𝑡𝐻𝑀𝐿 = 3 (𝑉𝑎𝑙𝑢𝑒 𝑠𝑡𝑜𝑐𝑘𝑠) −

1
3

(𝐺𝑟𝑜𝑤𝑡ℎ 𝑠𝑡𝑜𝑐𝑘𝑠)

(6)

Figure 2. Construction of the Value factor.

Momentum. For this thesis, momentum factor is constructed using the prior (2-12 months)
returns. Momentum is measured based on the lagged one-year return with the most recent
month omitted in order to decrease the impact of bid-ask bounces and short-term reversals in
the returns, which is a common practice. The bid-ask bounces refer to a phenomenon where the
prices fluctuate in between the ask and bid quotes inducing return reversals (Jegadeesh &
Titman 1995). The return reversals in turn refer to a phenomenon where original winners
become relative losers and original losers become relative winners (Conrad & Yavuz 2015).
The momentum is defined as follows:

30

𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚 =

𝑝𝑡−1 −𝑝𝑡−12
𝑝𝑡−12

(7)

where 𝑝𝑡−1 is the dividend adjusted closing price one month ago and 𝑝𝑡−12 is the dividend
adjusted closing price 12 months ago. The stocks with the highest past return comprise winner
portfolio (D1) and the stocks with the lowest past return comprise loser portfolio (D3). The
momentum factor portfolio is the difference between the returns on winner portfolio (D1) and
loser portfolio (D3). The process of constructing the momentum-mimicking factor portfolio is
presented in figure 3.

1

𝑟𝑡𝑊𝑀𝐿 = 3 (𝑊𝑖𝑛𝑛𝑒𝑟 𝑠𝑡𝑜𝑐𝑘𝑠) −

1
3

(𝐿𝑜𝑠𝑒𝑟 𝑠𝑡𝑜𝑐𝑘𝑠)

(8)

Figure 3. Construction of the Momentum factor.

Quality. The construction of the quality factor closely follows the paper of Asness, Frazzini &
Pedersen (2018). To compute a total quality score, three quality – profitability, growth, and
safety - components are averaged. To combine the measures, the variables are transformed into
ranks and standardized to obtain a z-score. The z-score is obtained by subtracting the sample
mean from the value to be standardized and then dividing this by the standard deviation of the
sample (Glen, S. 2021a). The quality measures are constructed as follows:

𝑃𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑧(𝑧𝐺𝑃𝑂𝐴 + 𝑧𝑅𝑂𝐸 + 𝑧𝑅𝑂𝐴 + 𝑧𝐶𝐹𝑂𝐴 + 𝑧𝐺𝑀𝐴𝑅 + 𝑧𝐴𝐶𝐶 )

(9)
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Where GPOA stands for gross profits over assets, ROE for return on equity, ROA for return on
assets, CFOA for cash flow over assets, GMAR for gross margin, and ACC for the fraction of
earnings composed of cash (i.e., minus accruals) (Asness, Frazzini & Pedersen 2018).
According to Asness, Frazzini & Pedersen (2018), it has been proposed by theory that when
examining profitability, it should be considered as the sustainable part of profits with respect to
book value, accommodating for accruals.

𝐺𝑟𝑜𝑤𝑡ℎ = 𝑧(𝑧∆𝐺𝑃𝑂𝐴 + 𝑧∆𝑅𝑂𝐸 + 𝑧∆𝑅𝑂𝐴 + 𝑧∆𝐶𝐹𝑂𝐴 + 𝑧∆𝐺𝑀𝐴𝑅 + 𝑧∆𝐴𝐶𝐶 )

(10)

Growth is measured as the growth in residual per-share profitability measures (excluding
accruals), averaged across six measures, where ∆ denotes the five-year change in the measures
(Asness, Frazzini & Pedersen 2018).

𝑆𝑎𝑓𝑒𝑡𝑦 = 𝑧(𝑧𝐵𝐴𝐵 + 𝑧𝐿𝐸𝑉 + 𝑧𝑧 + 𝑧𝐸𝑉𝑂𝐿 )

(11)

Safe securities are defined as companies with low beta (BAB), low leverage (LEV), and low
bankruptcy risk (Z-Score), and low ROE volatility (EVOL). BAB is equal to minus market beta
-β, where betas are approximated by multiplying the rolling one-year daily standard deviation
and the rolling five-year three-day correlations. LEV is minus total debt over total assets. Z is
the Altman’s Z-score. EVOL is the standard deviation of quarterly ROE over the prior 60
quarters. (Asness, Frazzini & Pedersen 2018) The construction of Altman’s Z-Score is
presented in appendix 2. Finally, the three measures are combined into a single quality score:

𝑄𝑢𝑎𝑙𝑖𝑡𝑦 = 𝑧(𝑃𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 + 𝐺𝑟𝑜𝑤𝑡ℎ + 𝑆𝑎𝑓𝑒𝑡𝑦) (12)

Quality-sorted portfolios are formed by assigning stocks to three quality-sorted portfolios. The
Quality factor portfolio is the return difference on high-quality stocks (D1) and low-quality
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stocks (D3), also referred to as “Junk stocks” (Asness, Frazzini & Pedersen 2018). The process
of constructing the quality-mimicking factor portfolio is presented in figure 4.

1

𝑟𝑡𝑄𝑀𝐽 = 3 (𝑄𝑢𝑎𝑙𝑖𝑡𝑦 𝑠𝑡𝑜𝑐𝑘𝑠) −

1
3

("𝐽𝑢𝑛𝑘" 𝑠𝑡𝑜𝑐𝑘𝑠)

(13)

Figure 4. Construction of the Quality factor.

Low Volatility. The construction of low volatility-factor follows the paper of Blitz and van Vliet
(2007). The returns are log-transformed. By ranking stocks on the past 3-year volatility of
weekly returns, the portfolios are constructed. For the volatility measure, as stocks with the
lowest scores are preferred, negative sign is assigned to the past 3-year volatility measure. The
stocks with the lowest volatility scores comprise the low-volatility portfolio (D1) and stocks
with the highest volatility scores comprise the high-volatility portfolio (D3). The low volatility
factor portfolio is the return difference between the low-volatility portfolio (D1) and highvolatility portfolio (D3). The process of constructing the low volatility-mimicking factor
portfolio is presented in figure 5.

1

𝑟𝑡𝐿𝑂𝑊𝑉𝑂𝐿 = 3 (𝐿𝑜𝑤 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 𝑠𝑡𝑜𝑐𝑘𝑠) −

1
3

(𝐻𝑖𝑔ℎ 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 𝑠𝑡𝑜𝑐𝑘𝑠)

(14)
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Figure 5. Construction of the Low Volatility factor.

The cumulative monthly returns of the four factor portfolios and the cumulative monthly return
of the MSCI Europe Index are presented in figure 6. In the long term, investing in these four
factors has been beneficial as the cumulative returns of all are positive. However, it can also be
noted that there are periods where some factors have performed better than others. For instance,
it can be noted until around 2011, low volatility has outperformed quality and value factor
returns, while after that quality and later also value has outperformed low volatility. It can also
be observed that momentum has performed rather well during the considered period, generating
the highest cumulative returns.

Figure 6. Cumulative monthly returns of the factor portfolios.

Table 4 displays summary statistics regarding the factor-mimicking portfolio returns. In the
table, the Jarque-Bera test is a test for normality, with the null hypothesis of the data being
normally distributed (Glen, S. 2021b), the Ljung-Box test is a test for serial autocorrelation,
with the null hypothesis of the autocorrelations for the residuals being zero (Glen, S. 2021c),
and the Augmented Dickey-Fuller test is a unit root test for stationarity, with the null hypothesis
that there is a unit root (Glen, S. 2021d). The value, momentum, quality, and low volatility
portfolios achieve positive average returns. The mean monthly return of the momentum
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portfolio is the highest, .7% with a volatility of 4.7%, while the mean monthly return of the low
volatility portfolio is the lowest, .2% with a volatility of 3.1%. The momentum portfolio
displays the lowest minimum and highest maximum monthly return, -21.2% and 22.8%. The
Jarque-Bera test shows that factor-mimicking portfolio returns are not normally distributed. The
correlation of value, momentum, quality, and low volatility portfolio returns with the market
portfolio return is moderate and negative. The correlation between value and quality is high,
.850, and the correlation between value and momentum is also rather high, .752. The correlation
between value and low volatility in turn is lower, .484. The correlation of momentum and
quality as well as the correlation of momentum and low volatility is moderate, .625 and .536.
The correlation of quality and low volatility is rather low, .390. Thus, it can be noted that the
correlations of value, momentum, quality, and low volatility are positive, while the correlation
of these factor returns with the market return are negative.
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Table 4. Descriptive statistics regarding monthly factor returns.

Value

Momentum

Quality

Low Volatility

MSCI Europe

Min

Max

Mean

Std

Median

-.133

.178

.004

.037

.002

-.212

.228

.007

.047

.004

-.111

.141

.004

.028

.002

-.147

.135

.002

.031

.001

-.145

.125

.003

.044

.010
Momentum

T-stat

Skewness

Kurtosis

.471

7.422

-.034

7.964

.650

6.860

1.052

.689

8.777

.965

-.499

4.231

1.681
(*)
2.210
(**)
2.334
(**)

Quality

JB
194.190
(***)
234.120
(***)
157.650
(***)
335.120
(***)
23.840
(***)

Correlations

Value

Low Volatility

Value

1.000

Momentum

.752

1.000

Quality

.850

.625

1.000

Low Volatility

.484

.536

.390

1.000

MSCI Europe

-.601

-.600

-.462

-.545

LB

ADF
-6.082

.380

(***)
-6.263

.031

(***)

2.677

-6.339
(***)
-6.468

.044

(***)

2.312

-5.547
(***)

MSCI Europe

1.000
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3.3.

Regime variables

Amenc et al. (2019) suggest that assure that results are not purely sample specific, a plausible
theoretical rationale for a macro regime variable to affect factor returns should be required. In
addition, requiring that a link between the macroeconomic variable and equity factor returns
has been identified in the finance literature allows to avoid including an arbitrary number of
candidate variables, which would lead to data-mining risks. Variables that have commonly been
considered when examining the predictability of stock returns include for example GDP
growth, inflation, interest rate and term spread (Sarwar et al. 2017). Stock prices can be
considered as expected discounted future cashflows, and therefore any systematic variable that
affects either the future cashflow or the discount rate will also affect the stock prices (Zhang et
al. 2009).

GDP Growth Rate reflects the investment opportunities and measures the growth-pace of the
economy. GDP growth rate can be considered as one of the most important factors affecting
cashflows (Zhang et al. 2009). The GDP growth rate for the period of 2002 to 2020 is presented
in appendix 3. In this study, quarterly growth rates of seasonally adjusted real GDP are
considered. For the gross domestic product measure, total Gross Domestic Product for Euro
Area, with year 2015 as reference year and market prices in EUR, is considered. GDP growth
rate is calculated as the difference between logarithm of GDP at time 𝑡 and logarithm of GDP
three quarters earlier, as was defined by Zhang et al. (2009):

𝐺𝐷𝑃 𝑔𝑟𝑜𝑤𝑡ℎ𝑡 = ln(𝐺𝐷𝑃𝑡 ) − ln (𝐺𝐷𝑃𝑡−3 )

(15)

Innovation in the GDP growth rate. Zhang et al. (2009) suggest that as unanticipated
innovations – or unanticipated changes - in macroeconomic variables can provide some
indication regarding the uncertainty of the investment opportunities in the future, it would be
reasonable to consider the time-series dynamics of the variables. Therefore, they suggest that
the next quarter’s GDP growth rate would be an appropriate factor to consider. The innovation
in the GDP growth rate for the period of 2002 to 2020 is presented in appendix 4. As in the
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paper of Zhang et al. (2009), the innovation in the GDP growth rate is considered as the GDP
growth rate’s moving average in the prior four quarters subtracted from the GDP growth rate at
time 𝑡:

𝐼𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑡ℎ𝑒 𝐺𝐷𝑃𝑔𝑟𝑜𝑤𝑡ℎ𝑡 = 𝐺𝐷𝑃𝑡 − ∑4𝑗=1 𝐺𝐷𝑃𝑡−𝑗

(16)

Inflation. Inflation is typically approximated with Consumer Price Index, CPI. For the thesis,
inflation is proxied with Harmonized Index of Consumer Prices (HICP), measuring consumer
price inflation in the Euro area (European Central Bank 2021). According to Zhang et al. (2009),
nominal expected cashflow and the nominal interest rate are affected by changing expected
inflation, while the relative price is affected by changes in unexpected inflation considered to
have a systematic effect more probably. Both the realized and unexpected inflation are included
in the analysis. The realized and unexpected inflation for the period of 2002 to 2020 is presented
in appendix 5 and 6. The realized and unexpected inflation are calculated following the paper
of Zhang et al. (2009), where realized inflation is the monthly first difference in the logarithm
of the HICP, expected inflation is the difference between the current short-term interest rate
(denoted by IR) and its 12-month moving average, and unexpected inflation is the difference
between the realized and expected inflation:

𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐼𝑡 = ln(𝐻𝐼𝐶𝑃𝑡 ) − ln (𝐻𝐼𝐶𝑃𝑡−12 )

(17)

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐼𝑡 = 𝐼𝑅𝑡 − ∑12
𝑗=1 𝐼𝑅𝑡−𝑗

(18)

𝑈𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐼𝑡 = 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐼𝑡 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐼𝑡

(19)

Short-Term Interest Rate. Short-term interest rates are considered to affect the cashflows. In
many previous studies (see for example Zhang et al. 2009, Sarwar et al. 2017), the 3-month
Treasury Bill rate is used to proxy short-term interest rate. In this thesis, the 3-month interbank
rates for the Euro Area are considered. The 3-month interbank rate for the Euro Area during the
period of 2002 to 2020 is presented in appendix 7.
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Volatility Index. CBOE VIX is a commonly used proxy used to measure market risk and it is
also known as the “investor fear gauge”, measuring the expected volatility of the S&P 500 index
over the upcoming month (Durand, Lim & Zumwalt 2011). Ung & Luk (2016) for example
found that as investor sentiment regime changes more often than the market and business cycle
regimes, it might be helpful to include investor sentiment regime analysis into consideration.
In this thesis, Euro Stoxx 50 Volatility (VSTOXX) index is used instead of CBOE VIX to proxy
the European market volatility. VSTOXX is considered being the most followed European
volatility index and it measures the implied volatility of the near term EuroStoxx 50 options
(Macroption 2021). The VSTOXX for the period of 2002 to 2020 is presented in appendix 8.

Term Spread. Term spread measures the slope of the yield curve and is commonly determined
as the difference between the 10-year government bond and the 3-month interest rates, see for
example Zhang et al. (2009) and Sarwar et al (2017). For the term spread, the 10-year bond
yield of Germany and the above-mentioned short-term interest rate are considered. The term
spread for the period of 2002 to 2020 is presented in appendix 9.

Composite Leading Indicator. As noted for example by Amenc et al. (2019), realized economic
quantities like GDP growth and inflation might not be appropriate as they are slow moving.
Therefore, it may be unlikely that returns to equity factors react to such slow moving realized
economic fundamentals because asset prices are considered to incorporate information fast. In
addition, data on macroeconomic fundamentals are published with a lag and are subject to ex
post revisions and thus might be a poor proxy for real time expectations. For this reason,
OECD’s Composite Leading Indicator (CLI) is also considered as it is considered to signal
turning points in business cycles (OECD 2021). The Composite Leading Indicator for the period
of 2002 to 2020 is presented in appendix 10.

In table 5, descriptive statistics regarding the state variables are displayed. In table 6,
correlations between the state variables are presented and in table 7, correlations between the
state variables and factor returns are presented. The average values of the state variables are
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positive for all expect for innovation in the GDP growth. The Jarque-Bera test is rejected for
all state variables except for realized inflation and term spread, indicating that majority of the
state variables are characterized by deviation from normality. From table 7 it can be noted that
the correlation of the value portfolio return is highest with VSTOXX, .238, and lowest with
CLI, -.002. The correlation of the momentum portfolio return is also highest with VSTOXX,
.164, and lowest with GDP growth, -.009. The correlation of the quality portfolio return is also
highest with VSTOXX, .299, and lowest with short-term interest rate, .046. For the low
volatility portfolio, the correlation is highest with realized inflation, .180, and lowest with CLI,
-.002. For the market portfolio return, the correlation is highest with VSTOXX, -.286, and
lowest with innovation in the GDP growth, .015.
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Table 5. Descriptive statistics regarding the state variables.

GDPG

GDPG_I

INF

INF_U

IR

VSTOXX

TERM

CLI

Min

Max

Mean

Std

Median

Skewness

Kurtosis

JB

LB

ADF

-.160

.028

.006

.025

.012

-4.263

26.980

6153.600

175.950

-2.214

(***)

(***)

5886.200

146.930

-3.441

(***)

(***)

(**)

4.829

211.190

-3.475

(*)

(***)

(**)

708.120

215.090

-4.017

(***)

(***)

(***)

23.566

226.46

-2.969

(***)

(***)

174.710

167.050

(***)

(***)

4.829

219.470

(*)

(***)

150.870

207.630

-3.308

(***)

(***)

(*)

-.158

-.006

-.726

-1.067

12.230

-.958

91.180

.047

.040

2.387

4.245

63.270

2.877

103.100

-.003

.016

.122

.906

23.480

1.028

99.930

.023

.010

.493

1.612

9.680

.859

1.718

-.001

.018

.044

.219

21.570

.929

100.060

-3.762

-.256

2.274

.719

1.625

.159

-1.106

26.728

2.503

10.338

2.359

5.799

2.362

6.314

-3.133

-2.864

Here GDPG is the Gross Domestic Product growth rate, GDPG_I is the innovation in the Gross Domestic Product growth rate, INF is the realized inflation, INF_U is the unexpected inflation,
IR is the short-term interest rate, VSTOXX is the Euro Stoxx 50 Volatility, TERM is the term spread, and CLI is the Composite Leading Indicator.
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Table 6. Correlations between the state variables.
Correlations

GDPG

GDPG_I

INF

INF_U

IR

VSTOXX

TERM

GDPG

1.000

GDPG_I

.790

1.000

INF

.062

.009

1.000

INF_U

-.411

-.139

-.042

1.000

IR

.161

-.064

.097

-.173

1.000

VSTOXX

-.402

-.317

-.011

.392

.264

1.000

TERM

.107

.319

.035

.418

-.054

.041

1.000

CLI

.787

.510

.079

-.688

.131

-.536

-.124

CLI

1.000

Table 7. Correlations between the state variables and the factor returns.
Correlations

Value

Momentum

Quality

Low Volatility

MSCI Europe

GDPG

-.048

-.009

-.075

.079

-.076

GDPG_I

-.128

-.088

-.128

-.043

.015

INF

.070

.134

.082

.180

-.210

INF_U

-.135

-.169

-.053

-.041

.082

IR

.016

.105

.046

.132

-.176

VSTOXX

.238

.164

.299

.114

-.286

TERM

-.181

-.104

-.139

.003

.107

CLI

-.001

.018

-.068

-.002

-.037
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4.

Methodology

The objective is to examine the possible benefits of dynamically varying factor weights. The
process of dynamic factor weighting is described in figure 7. The weighting process begins with
defining factors – that is defining how the factor scores for individual stocks are calculated and continues to calculating the factor scores. Next, the weights for different factors need to be
defined. After defining how the factor scores are calculated and how the different factors are
weighted, a total score for each stock could be calculated as a total sum of different factor scores
multiplied by the factor weights, and finally create a multifactor portfolio by over- and
underweighting stocks based on their total score. Based on changes in the underlaying economic
environment, an under- or over-weight may be assigned to a certain factor based on how it is
expected to perform in a certain economic environment. By under- or overweighting a factor,
the exposure to that certain factor is increased or decreased. However, in this thesis the focus is
on examining the benefits related to dynamic weighting of individual factors. Thus, only the
first three steps of the process presented in figure 7 are considered.

Figure 7. Dynamic factor weighting-process.

The factor definitions were presented in chapter 3.2. for the value, momentum, quality, and low
volatility mimicking factor portfolios. To dynamically weight a factor based on how that certain
factor is expected to perform in the underlying economic environment, it is essential to first
consider the relationship between the different macroeconomic environments and the factor
premia. To do this, a logistic smooth transition regression model and a two-state Markov43

switching model are considered. After gaining knowledge regarding possible differences in
factor performance in economic regimes, obtained results are applied to dynamic factor
weighting based on the occurring economic environment.

4.1.

Factor premia and regime variables

Economic time series can be modelled by specifying separate states of the world - regimes and allowing the behavior of the economic variables to relate on the prevailing regime (van
Dijk 1999). Regime-switching assume that the factor premia and macroeconomic variables can
be linearly related when in certain regime, but the parameters can also change based on the
regime states (Sharaiha et al. 2014). According to van Dijk (1999) these regime-switching
models can be thought of as a set of linear models, where each model corresponds to a certain
regime. The main difference in regime-switching models is related to how the relevant regimes
are determined and how the transitions or changes in the regimes are characterized (Sharaiha et
al. 2014). For instance, research has traditionally distinguished two regimes by focusing on the
differences in behavior of different macroeconomic variables during expansionary and
recessionary periods (van Dijk 1999).

Threshold models and Markov-switching models are commonly used approaches to regimeswitching models (Sharaiha et al. 2014). In the case of threshold models, observable variables
- such as the term spread - are considered when determining the relevant regimes, while when
considering Markov-switching models, unobservable variables determine the regimes
(Sharaiha et al. 2014; van Dijk 1999). One often used approach for threshold models is the
smooth transition model where regimes are determined by observable variables, and the regime
transitions are considered to follow a continuous function (Sharaiha et al. 2014). For Markovswitching models, maximum likelihood (MLE) and Expectation Maximization (EM)
algorithms, or Markov Chain Monte Carlo (MCMC) are often used (Sharaiha et al. 2014). MLE
refers to an estimation method where the values for the model parameters are obtained in a way
that they maximize the probability that the process described by the model produces the data
(Brooks-Bartlett 2018). EM algorithms in turn represent a general approach for performing
MLE when latent variables are present, by first estimating the values of the missing variables
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and then optimizing the model, until convergence (Brownlee 2019a). MCMC combines two
techniques: Monte Carlo – a technique for randomly sampling a probability distribution – and
Markov Chain – a technique for generating a chain of random variables where the occurring
value depends on a probabilistic way on the previous variable’s value and can be considered
when sampling probability distributions in high-dimensions (Brownlee 2019b). In the Markovswitching models, transitions from one regime to another are possible, and the model provides
probabilities for these. In addition, Markov-switching models account for certain kinds of nonstationarity common in financial time series data. (Sarwar et al. 2017)

4.1.1.

Logistic smooth transition regression

Basic smooth transition autoregressive (STAR) model enables to consider two distinct regimes,
where the regime transition is smooth, as the model parameters change gradually (van Dijk
1999). The regimes are associated with extreme values of the transition function,
𝐺 (𝑠𝑡−1 ; 𝛾; 𝑐 ) = 0 and 𝐺 (𝑠𝑡−1 ; 𝛾; 𝑐 ) = 1. The regime occurring at time 𝑡 can be specified by the
state variable 𝑠𝑡−1 and the value of the regime function 𝐺 (𝑠𝑡−1 ; 𝛾; 𝑐 ) associated with it. (van
Dijk 1999) The general functional form of the STAR model is the following:

𝑦𝑡 = 𝜙1 𝑥𝑡 (1 − 𝐺 (𝑠𝑡 ; 𝛾; 𝑐 )) + 𝜙2 𝑥𝑡 𝐺 (𝑠𝑡 ; 𝛾; 𝑐 ) + 𝜀𝑡 , 𝑡 = 1, … , 𝑇, (20)

where 𝑥𝑡 is a vector composing of lagged endogenous and exogenous variables, 𝑥𝑡 = (1, 𝑥̃𝑡 )
with 𝑥̃𝑡 = (𝑦𝑡−1 , … 𝑦𝑡−𝑝 , 𝑧1𝑡 , … , 𝑧𝑘𝑡 ), 𝜙𝑖 = (𝜙𝑖,0 , 𝜙𝑖,1 , … , 𝜙𝑖,𝑚 ), 𝑖 = 1,2 represent the parameters
in regime 𝑖, with 𝑚 = 𝑝 + 𝑘 and 𝜀𝑡 is the error term. The transition function 𝐺 (𝑠𝑡 ; 𝛾; 𝑐 ) is
continuous and receives values from 0 to 1. A logistic function is often considered as the
transition function (van Dijk 1999):

𝐺 (𝑠𝑡 ; 𝛾; 𝑐 ) =

1
1+exp (−𝛾(𝑠𝑡 −𝑐))

(21)
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The resulting model is referred to as the logistic STAR (LSTAR) model. The parameter 𝑐 is the
threshold between the two regimes corresponding to 𝐺 (𝑠𝑡−1 ; 𝛾; 𝑐 ) = 0 and 𝐺 (𝑠𝑡−1 ; 𝛾; 𝑐 ) = 1
such that the logistic function changes from 0 to 1 as the state variable 𝑠𝑡−1 increases. The
parameter 𝛾 specifies how steeply the value of the logistic function changes. According to van
Dijk (1999) this type of regime-switching can be useful for modeling i.e., business cycles to
separate expansionary and recessionary periods. Since many macroeconomic variables do not
exhibit sudden changes, a smooth transition approach may be beneficial. (van Dijk 1999)

Following the paper of Sharaiha et al. (2014), the logistic smooth transition regression
methodology is considered for the value, momentum, quality, and low volatility premia. The
model is used to examine how factor premia can change over time depending on the
corresponding regime. The factor premium (𝑟) is modelled as a function of a constant (𝛼𝑠 ),
stock market return (𝑀𝐾𝑇𝑡 ), 1-month lagged stock market return (𝑀𝐾𝑇𝑡−1 ), and 1-month
lagged factor premium (𝑟𝑡−1 ), where the stock market return is excess of 3-month Euribor and
the stock market portfolio consists of all stocks in the universe of MSCI Europe Index and is
market-capitalization weighted:

𝑟 = 𝛼𝑠 + 𝛽1,𝑠 𝑀𝐾𝑇𝑡 + 𝛽2,𝑠 𝑀𝐾𝑇𝑡−1 + 𝛽3,𝑠 𝑟𝑡−1 + 𝜀𝑡

(22)

In this model, the intercept (𝛼𝑠 ) and the slope coefficients (𝛽1,𝑠 , 𝛽2,𝑠 , 𝛽3,𝑠 ) are allowed to change
based on the regime defined by the regime variables as indicated by 𝑠, while within a regime
the relationship is linear. The regime function 𝐺 (𝑠𝑡−1 ) is a logistic function:

𝐺 (𝑠𝑡−1 ) =

1
1+exp (−𝛾(𝑠𝑡−1−𝑐))

(23)

where 𝑐 is the central location and the parameter 𝛾 determines the steepness of the regime
transitions. (van Dijk 1999) The resulting model is of the following form:
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𝑟𝑡 = [1 − 𝐺 (𝑠𝑡−1 )]𝛽1 𝑥𝑡 + 𝐺 (𝑠𝑡−1 )𝛽2 𝑥𝑡 + 𝜀𝑡

(24)

where 𝑟𝑡 (the factor premium) is a function of the considered explanatory variables 𝑥𝑡 =
{𝑀𝐾𝑇𝑡 , 𝑀𝐾𝑇𝑡−1 , 𝑟𝑡−1 , 𝛼 }, and the regime variable 𝑠𝑡−1 . The parameters (𝑐, 𝛾) are given by the
logistic function, and (𝛽1 , 𝛽2 ) are the regression coefficients. In a case where 𝛽1 = 𝛽2 , the
model can be considered as a (one regime) standard linear regression. (Sharaiha et al. 2014)

The logistic function (equation 23) is used to combine the macroeconomic variables into one
regime variable. By combining the macroeconomic variables into one regime variable, the
comparison of the logistic smooth transition model and the Markov-switching model is more
useful, as the Markov-switching model includes all the macroeconomic variables. To combine
the macroeconomic variables, they are pushed through the logit-function after which they
receive a value from 0 to 1. The resulting variables are then squared and summed together. By
squaring the resulting variables, the values are pushed more towards 0 or 1, instead of
circulating just around 0.5 - meaning a 50% probability of being in the high regime, and 50%
probability of being the low regime. However, the macroeconomic variables – GDP growth,
innovation in the GDP growth, realized and unexpected inflation, short-term interest rate,
VSTOXX, term spread, and CLI – are also considered separately as the regime variable.

4.1.2.

Two-state Markov-Switching model

Based on the papers of Perez-Quiros & Timmermann (2000), Gulen, Xing & Zhang (2011) and
Sarwar et al. (2017), a two-state Markov-switching model is applied. Time-varying transition
probabilities based on Hamilton (1989) and Gray (1996) are considered for the model. First, to
get an indication of the relationship between the different macro variables and factor premia for
the period, four distinct OLS regressions are run:

𝑟𝑖𝑡 = 𝛼1 + 𝛽𝑖1 𝐺𝐷𝑃𝐺𝑡−1 + 𝛽𝑖2 𝐺𝐷𝑃𝐺_𝐼𝑡−1 + 𝛽𝑖3 𝐼𝑁𝐹𝑡−1 + 𝛽𝑖4 𝐼𝑁𝐹_𝑈𝑡−1 + 𝛽𝑖5 𝐼𝑅𝑡−1
+ 𝛽𝑖6 𝑇𝐸𝑅𝑀𝑡−1 + 𝛽𝑖7 𝑉𝑆𝑇𝑂𝑋𝑋𝑡−1 + 𝜀𝑖𝑡 ;
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𝑖 = (𝐻𝑀𝐿, 𝑊𝑀𝐿, 𝑄𝑀𝐽, 𝑉𝑂𝐿); 𝜀𝑖𝑡 ~𝑁(0, 𝜎𝑖𝑡2 )

(25)

where 𝑟𝑖𝑡 = (𝐻𝑀𝐿𝑡 , 𝑊𝑀𝐿𝑡 , 𝑄𝑀𝐽𝑡 , 𝑉𝑂𝐿𝑡 ). Here 𝑖 refers to the factor and 𝑟𝑖𝑡 is the return of that
factor at time 𝑡, 𝐺𝐷𝑃𝐺 is the GDP growth rate, 𝐺𝐷𝑃𝐺_𝐼 is the innovation in the GDP growth
rate, 𝐼𝑁𝐹 is the realized inflation, 𝐼𝑁𝐹_𝑈 is the unexpected inflation, 𝐼𝑅 is the 3-month
Germany government bond used as a proxy of short-term interest rate, 𝑇𝐸𝑅𝑀 is the difference
between the 10-year government bond and 3-month Government bond rate, 𝑉𝑆𝑇𝑂𝑋𝑋 is the
Euro Stoxx 50 Volatility Index considered to proxy for market volatility, and 𝜀𝑖𝑡 is a normally
distributed error term.

According to Sarwar et al. (2017), the OLS-model can provide some indication of how the
factor premia and macroeconomic variables are related, but in a case where data exhibits
asymmetries, the OLS is not a convenient model as different regimes are not considered. Thus,
the Markov-switching model is considered. Following the papers of Perez-Quiros &
Timmermann (2000) and Gulen et al. (2011), the model framework can be described as follows:

Again, 𝑟𝑡 denotes the factor portfolio return at time t and 𝑋𝑡−1 is a vector of selected
conditioning variables. For the Markov-switching model, the intercept term, slope coefficients,
and the volatility of returns are allowed to depend on the state variable, 𝑆𝑡 :

𝑟𝑡 = 𝛽0,𝑠𝑡 + 𝛽𝑠𝑡 𝑋𝑡−1 + 𝜀𝑡 with 𝜀𝑡 ~𝑁(0, 𝜎𝑠2𝑡 )

(26)

in which 𝑁(0, 𝜎𝑠2𝑡 ) is a normal distribution with a mean of zero and a variance of 𝜎𝑠2𝑡 .
Considering two separate regimes, 𝑠𝑡 = 1 or 𝑠𝑡 = 2, the slopes and variance are either
(𝛽0,1 , 𝛽1 , 𝜎12 ) or (𝛽0,2 , 𝛽2 , 𝜎22 ). Markov chains are considered when determining how the
underlaying state develops, where a Markov chain represents a mathematical system describing
state transitions according to specific probabilistic rules (Brilliant 2021). The state transition
probabilities are assumed to follow a first-order Markov chain:
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𝑃𝑡 = 𝑝𝑟𝑜𝑏(𝑠𝑡 = 1|𝑠𝑡−1 = 1, 𝑌𝑡−1 ) = 𝑃 (𝑌𝑡−1 );

(27)

1 − 𝑃𝑡 = 𝑝𝑟𝑜𝑏(𝑠𝑡 = 2|𝑠𝑡−1 = 1, 𝑌𝑡−1 ) = 1 − 𝑃(𝑌𝑡−1 );

(28)

𝑄𝑡 = 𝑝𝑟𝑜𝑏(𝑠𝑡 = 2|𝑠𝑡−1 = 2, 𝑌𝑡−1 ) = 𝑄(𝑌𝑡−1 );

(29)

1 − 𝑄𝑡 = 𝑝𝑟𝑜𝑏(𝑠𝑡 = 1|𝑠𝑡−1 = 1, 𝑌𝑡−1 ) = 1 − 𝑄(𝑌𝑡−1 );

(30)

in which 𝑌𝑡−1 is a vector consisting of variables known at time 𝑡 − 1 and affects the state
transition probabilities between periods 𝑡 − 1 and 𝑡. (Perez-Quiros & Timmermann 2000;
Gulen et al. 2011) The standard Markov-switching model assumes that these transition
probabilities remain fixed through time. However, previous studies have noted that prior
relevant information, such as the economic leading indicator, affect the transition probabilities,
and they been found to vary in time. (Perez-Quiros & Timmermann 2000)

By assuming that the data is independently and identically distributed, 𝜀𝑡 ~𝑁(0, 𝜎𝑠2𝑡 ), the model
parameters can be acquired using maximum likelihood estimation, which is an estimation
method where the values of the parameters are found in a way that they maximize the
probability that the process described by the model produces the observed data (Brooks-Bartlett
2018; Eppes 2019). Here θ denotes the vector of parameters entering the likelihood function
for the data. The density conditional on being in state j, 𝑓(𝑟𝑡 |𝑠𝑡 = 𝑗, 𝑋𝑡−1 ; θ), is assumed to be
Gaussian:

𝑓(𝑟𝑡 |Ω𝑡−1 , 𝑠𝑡 = 𝑗; θ) =

1

√2𝜋𝜎𝑗

−(𝑟𝑡 −𝛽0,𝑗−𝛽𝑗 𝑋𝑡−1 )

exp (

2𝜎𝑗

2

) (31)

for j = 1, 2, where 𝛺𝑡−1 refers to the information set containing 𝑋𝑡−1 , 𝑟𝑡−1 , 𝑌𝑡−1 , and the lagged
values: Ω𝑡−1 = {𝑋𝑡−1 , 𝑟𝑡−1 , 𝑌𝑡−1 , Ω𝑡−2 } . (Perez-Quiros & Timmermann 2000; Gulen et al.
2011) The log-likelihood function is:
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ℒ(𝑟𝑡 |Ω𝑡−1 ; θ) = ∑𝑇𝑡=1 log (𝜙(𝑟𝑡 |Ω𝑡−1 ; θ)),

(32)

in which the density, 𝜙(𝑟𝑡 |Ω𝑡−1 ; θ), can be attained as a sum of the probability-weighted state
densities, 𝑓(∙), over the two regimes:

𝜙( 𝑟𝑡 |Ω𝑡−1 ; θ) = ∑2𝑗=1 𝑓(𝑟𝑡 |Ω𝑡−1 , 𝑠𝑡 = 𝑗; θ)𝑃(𝑠𝑡 = 𝑗| Ω𝑡−1 ; θ), (33)

where 𝑟𝑡 denotes the factor premium, Ω𝑡−1 denotes the information set containing
𝑋𝑡−1 , 𝑟𝑡−1 , 𝑌𝑡−1 , and their lagged values: Ω𝑡−1 = {𝑋𝑡−1, 𝑟𝑡−1 , 𝑌𝑡−1 , Ω𝑡−2 }, 𝑗 denotes the two

possible states, and 𝑃(𝑠𝑡 = 𝑗|Ω𝑡−1 ; θ) is the conditional probability of state j at time 𝑡 given
information at time 𝑡 − 1. (Perez-Quiros & Timmermann 2000; Gulen et al. 2011) The
conditional state probabilities are obtained recursively:

𝑃 (𝑠𝑡 = 𝑗|Ω𝑡−1 ; θ) = ∑2𝑗=1 𝑃(𝑠𝑡 = 𝑖|𝑠𝑡−1 = 𝑗, Ω𝑡−1 ; θ)P(𝑠𝑡−1 = 𝑗 |Ω𝑡−1 ; θ),

(34)

where 𝑃(𝑠𝑡 = 𝑖 | 𝑠𝑡−1 = 𝑗, Ω𝑡−1 ; 𝜃) is the conditional probability of state 𝑖 at time 𝑡 given state
𝑗 at time 𝑡 − 1 and given information at time 𝑡 − 1, and 𝑃(𝑠𝑡−1 = 𝑗 |Ω𝑡−1 ; 𝜃) is the conditional
probability of state 𝑗 at time 𝑡 − 1 given information at time 𝑡 − 1. Finally, the conditional state
probabilities are obtained as:

𝑃(𝑠𝑡 = 𝑗 | Ω𝑡−1 ; θ =

𝑓(𝑟𝑡−1 | 𝑠𝑡−1=𝑗,𝑋𝑡−1,𝑌𝑡−1,Ω𝑡−2 ;θ)P(𝑠𝑡−1=𝑗 | 𝑋𝑡−1,𝑌𝑡−1 ,Ω𝑡−2 ;θ)
∑2𝑗=1 𝑓(𝑟𝑡−1 | 𝑠𝑡−1=𝑗,𝑋𝑡−1,𝑌𝑡−1,Ω𝑡−2;θ)P(𝑠𝑡−1=𝑗 | 𝑋𝑡−1,𝑌𝑡−1,Ω𝑡−2 ;θ)

(35)

where 𝑓 (𝑟𝑡−1 |𝑠𝑡−1 = 𝑗, 𝑋𝑡−1 , 𝑌𝑡−1 , Ω𝑡−2 ; 𝜃) represents the factor premium at time 𝑡 − 1 given
state 𝑗 at time 𝑡 − 1, conditioning variables at time 𝑡 − 1, and variables publicly known at time
𝑡 − 1, as well as the lagged values of these. 𝑃(𝑠𝑡−1 = 𝑗 | 𝑋𝑡−1 , 𝑌𝑡−1 , Ω𝑡−2 ; 𝜃) in turn represents
the conditional probability of state 𝑗 at time 𝑡 − 1, given conditioning variables at time 𝑡 − 1,
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variables publicly known at time 𝑡 − 1, and lagged values of these. In the denominator the
probability weighted state densities are summed for the two regimes. Following Perez-Quiros
and Timmermann (2000), to derive the state probabilities, 𝑃(𝑠𝑡 = 𝑗 | Ω𝑡−1 ; θ), and to acquire
the likelihood function’s estimated parameters, equations (34) and (35) are iterated.

The Markov-switching model is specified followingly. The factor premia for value, momentum,
quality, and low volatility are considered as a function of an intercept term (𝛼𝑖 ) and lagged
values of the GDP growth (𝐺𝐷𝑃𝐺𝑡−1 ), innovation in the GDP growth (𝐺𝐷𝑃𝐺_𝐼𝑡−1 ), realized
inflation (𝐼𝑁𝐹𝑡−1 ), unexpected inflation (𝐼𝑁𝐹_𝑈𝑡−1 ), 3-month short-term interest rate (𝐼𝑅𝑡−1 ), the
term spread (𝑇𝐸𝑅𝑀𝑡−1 ) and the volatility index (𝑉𝑆𝑇𝑂𝑋𝑋𝑡−1) as follows:

𝑟𝑖𝑡 = 𝛼𝑖 + 𝛽𝑖1,𝑆𝑡 𝐺𝐷𝑃𝐺𝑡−1 + 𝛽𝑖2,𝑆𝑡 𝐺𝐷𝑃𝐺_𝐼𝑡−1 + 𝛽𝑖3,𝑆𝑡 𝐼𝑁𝐹𝑡−1 + 𝛽𝑖4,𝑆𝑡 𝐼𝑁𝐹_𝑈𝑡−1 + 𝛽𝑖5,𝑆𝑡 𝐼𝑅𝑡−1 +
𝛽𝑖6,𝑆𝑡 𝑇𝐸𝑅𝑀𝑡−1 + 𝛽𝑖7,𝑆𝑡 𝑉𝑆𝑇𝑂𝑋𝑋𝑡−1 + 𝜀𝑖𝑡 (36)

Where 𝑟𝑖𝑡 = (𝐻𝑀𝐿𝑡 , 𝑊𝑀𝐿𝑡 , 𝑄𝑀𝐽𝑡 , 𝑉𝑂𝐿𝑡 ) are the four different factor returns, and 𝜀𝑖𝑡 is a
2
normally distributed error term with mean ‘zero’ and variance 𝜎𝑖,𝑆
, with 𝑆𝑡 = {1,2}, that is
𝑡

regime 1 and regime 2.

The transition probabilities for the model are described as:

𝑃11 = 𝑝𝑟𝑜𝑏(𝑠𝑡 = 1 | 𝑠𝑡−1 = 1, 𝑌𝑡−1 ) = Φ(𝜋0𝑖 + 𝜋1𝑖 𝐶𝐿𝐼𝑡−2 )

(37)

𝑃12 = 1 − 𝑃11 = 𝑝𝑟𝑜𝑏(𝑠𝑡 = 1 | 𝑠𝑡−1 = 2, 𝑌𝑡−1 )

(38)

𝑃22 = 𝑝𝑟𝑜𝑏(𝑠𝑡 = 2 | 𝑠𝑡−1 = 2, 𝑌𝑡−1 ) = Φ(𝜋0𝑖 + 𝜋2𝑖 𝐶𝐿𝐼𝑡−2 )

(39)

𝑃21 = 1 − 𝑃22 = 𝑝𝑟𝑜𝑏(𝑠𝑡 = 2 | 𝑠𝑡−1 = 1, 𝑌𝑡−1 )

(40)

where 𝑠𝑡 indicates the regime and Φ is the cumulative density function of standard normal
variable. The transition probability parameters are 𝜋0𝑖 , 𝜋1𝑖 , 𝜋2𝑖 , and 𝐶𝐿𝐼𝑡−2 . CLI is the OECD’s
Composite Leading Indicator, 𝜋0𝑖 is the constant, 𝜋1𝑖 and 𝜋2𝑖 are the coefficients for CLI in state
1 and state 2. Following Sarwar et al. (2017), the logarithmic lag difference of the Composite
51

Leading Indicator is used. The CLI indicator with lag of two months is applied in order to avoid
back-filling bias (as was also done in Perez-Quiros & Timmermann 2000; Gulen et al. 2011).

The construction of the Markov-switching model is represented in figure 8. The vector of
parameters θ entering the likelihood function (equation 32) for the data is first obtained by
optimizing the log-likelihood function. The negative log-likelihood is optimized by minimizing
the log-likelihood function. For the optimization, the starting values for the parameters θ are
assigned as the values obtained from the basic OLS regression (equation 25) and the initial
probability of transition from one regime to another is set to 0.5. After estimating the parameters
(θ), the data and the obtained parameters are used to estimate the probability of each regime at
each 𝑡, by using the same log-likelihood function that was used to estimate the parameters ( θ).
However, this time the obtained parameters, 𝜃̂ , are used.

Log-likelihood
function with
initial
parameters

Minimize
negative loglikelihood to
estimate the
parameters (θ)

Minimize
negative loglikelihood using
the estimated
parameters (θ)

Obtain
estimated timevarying
transition
probabilities

Figure 8. Construction of the Markov-Switching model with time-varying transition
probabilities.

4.2.

Selection of factor weights

In the paper of Sharaiha et al. (2014), an algorithm dynamically overlaying a long-short value
portfolio onto a market portfolio, where the size of the value tilt depended on the regime
function, was presented. In this thesis, the simple algorithm is considered not only for the longshort value portfolio, but also for the momentum, quality, and low volatility portfolios. This
weighting algorithm is considered for both the logistic smooth transition model and the
Markov-switching model. In this thesis, the overlay-part is considered independently and is not
added to the market portfolio (as was done by Sharaiha et al. 2014). This makes it easier to
evaluate the possibilities of the dynamic weighting of the factor relative to the static weighting,
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as the market portfolio return would have been anyhow added to the factor overlay in both the
dynamic and the static case.

The design of the factor allocation algorithm follows the paper of Sharaiha et al. (2014), and
the procedure is first described for the logistic smooth transition model. The state function 𝐺 (𝑠)
(equation 23) is first divided into four distinct regions based on turning points. Two key turning
points (𝑙 and ℎ) are obtained by obtaining the maximum/minimum points of the second
derivative of the logit function. These two points are considered with the central point 𝑐, to
define the distinct regions composing regime transitions that will allow the adjustments of the
factor weight. A priori benchmark is considered, where the factor allocation is static, and is set
to 20 per cent, as was also done in the paper of Sharaiha et al. (2014). The rules presented in
table 8 are used to adjust the weighting of the factor portfolio compared to the static benchmark.
The allocation will depend on the occurring and the previous state. The maximum absolute over
and under weights, 𝜆+ and 𝜆−, are set as ±20 per cent. The incremental one-step change ∆ is set
to 10 percentage points. The tilt size depends on the size of the change in state from one period
to another and can be considered to indicate the amount of uncertainty regarding the underlying
regime. The incremental changes are not allowed to be greater than the maximum absolute over
and under weights (𝜆+ and 𝜆−). (Sharaiha et al. 2014)

Table 8. Rules for dynamic allocation to the factors, based on the state variable 𝑠 when factor
is expected to perform better in the low regime.
State transition

From

𝑠 ≤𝑙
𝑙<𝑠<𝑐
𝑐≤𝑠<ℎ
ℎ≤𝑠

To
𝑠≤𝑙
𝜆+
+∆
+2∆
+3∆

𝑙<𝑠<𝑐
−∆
−
+∆
+2∆

𝑐≤𝑠<ℎ
−2∆
−∆
−
+∆

ℎ≤𝑠
−3∆
−2∆
−∆
𝜆−

However, when considering a case where the factor premium is expected to be greater in the
high regime, it should be overweighted for example when transitioning from ℎ ≤ 𝑠 to ℎ ≤ 𝑠.
Thus, in a case where the factor premium is expected to be greater in the high regime, the rules
presented in table 9 are applied:
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Table 9. Rules for dynamic allocation to the factors, based on the state variable 𝑠 when factor
is expected to perform better in the high regime.
State transition

From

𝑠 ≤𝑙
𝑙<𝑠<𝑐
𝑐≤𝑠<ℎ
ℎ≤𝑠

To
𝑠≤𝑙
𝜆−
−∆
−2∆
−3∆

𝑙<𝑠<𝑐
+∆
−
−∆
−2∆

𝑐≤𝑠<ℎ
+2∆
+∆
−
−∆

ℎ≤𝑠
+3∆
+2∆
+∆
𝜆+

These same rules for dynamic allocation to the factors are applied in the context of the Markovswitching framework. The inflection points are assigned directly as 30% quantile for 𝑙, 70%
quantile for ℎ and 50% quantile for 𝑐, which were considered to correspond to the turning points
obtained for the logistic smooth transition model. The regime variable is now the time-varying
probability of being in regime 1.

4.3.

Comparison of dynamic and static approaches

To compare the performance of dynamic factor weighting to the static one, a static and a
dynamic approach are considered. In the static approach, the allocation to the factor overlay is
held fixed. In this case, a static 20% overlay is held throughout the considered period. In the
dynamic case, the weight assigned to the certain factor varies dynamically. The allocation to
the examined factor is changed based on the observed movements in the regime variable. The
individual factors are weighted based on the logistic smooth transition and Markov-switching
models. The performance of the dynamic factor weights obtained based on the logistic smooth
transition model and the Markov-switching model are compared to the static approach by
evaluating the commonly used measures: Sharpe ratio and maximum drawdown. In addition,
average geometric and arithmetic returns are considered as well as standard deviation. A hit
ratio is considered to evaluate the dynamic models.

The Sharpe Ratio. The Sharpe Ratio is a popular measure when examining the performance of
an investment by also considering its risk (Corporate Finance Institute 2021b). Higher Sharpe
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Ratio is preferred, as the higher the investment’s return relative to the amount of risk, the better
the investment (Fernando 2021). The Sharpe Ratio is calculated as follows:

𝑆ℎ𝑎𝑟𝑝𝑒 𝑅𝑎𝑡𝑖𝑜 =

𝑅𝑝 −𝑅𝑓
𝜎𝑝

(41)

where 𝑅𝑝 is the return of the portfolio, 𝑅𝑓 is the risk-free rate and 𝜎𝑝 is the standard deviation
of the portfolio. Thus, the ratio is the return earned above the risk-free rate per unit of total risk
(Fernando 2021). For example, Treasury Bills are commonly used to proxy the risk-free rate.
As the standard deviation of returns is used in the calculation of the Sharpe ratio, the returns
are presumed to be normally distributed. However, returns in the financial markets are
commonly skewed. (Fernando 2021) Thus, there are limitations to using the Sharpe ratio.

Maximum Drawdown. Maximum Drawdown (MDD) considers the maximum observed fall in
the value of the investment and is measured as the difference between the value of the lowest
through and that of the highest peak before the trough (Corporate Finance Institute 2021c).
Maximum Drawdown can be considered to indicate downside risk over a certain period and is
expressed in percentages (Hayes 2020). A low maximum drawdown indicates that losses from
investment were small. The MDD is calculated as follows:

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝐷𝑟𝑎𝑤𝑑𝑜𝑤𝑛 =

𝑇𝑟𝑜𝑢𝑔ℎ 𝑉𝑎𝑙𝑢𝑒−𝑃𝑒𝑎𝑘 𝑉𝑎𝑙𝑢𝑒
𝑃𝑒𝑎𝑘 𝑉𝑎𝑙𝑢𝑒

(42)

Hit Ratio. A hit ratio is calculated to evaluate the performance of the weighting model. The hit
ratio is calculated in two ways: first, a hit ratio is obtained by dividing the number of months
when the dynamically weighted return was greater than the static one by the total number of
months. A hit ratio is also obtained by dividing the number of months when the dynamically
weighted return was greater or equal to the static one.
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5.

Results

In this chapter, the relationship between different macroeconomic environments and factor
premia for value, momentum, quality, and low volatility are examined. In addition, the
possibilities of dynamic weighting of the individual factors are considered.

5.1.

Factor premia and regime variables

The changes in factor premia in different regimes is examined in the context of the logistic
smooth transition model and the two-state Markov-switching model. In chapter 5.1.1., the
results for the logistic smooth transition regression model and in chapter 5.1.2., the results for
the Markov-switching model are presented. In chapter 5.2., the dynamic factor weights are then
considered.

5.1.1.

Results for the Logistic smooth transition regression

In table 10, the parameter estimates from classic OLS regression are first summarized for the
value, momentum, quality, and low volatility premia, when market return (MKT), lagged
market return (MKT(lag)), and lagged factor return (Return(lag)) are considered as the
explanatory variables. For all factor premia, the constant is positive statistically significant at
five per cent risk level for the low volatility premium and at one per cent risk level for the value,
momentum, and quality premia. The market return has a negative effect on the factor premia,
and this effect is statistically significant at one per cent risk level, indicating that increases in
the market return decrease the factor premia. Neither the lagged market return nor the lagged
factor returns have a statistically significant effect on the factor premia (except for quality
premium the lagged market return has a negative and statistically significant effect at 10 % risk
level).
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Table 10. Parameter estimates for the classic OLS regression.
OLS regression
α
MKT
MKT(lag)
Return(lag)
R-Squared

Value
.006 ***
(3.009)
-.520 ***
(-11.487)
.017
(.283)
.004
(.056)
.386

Momentum
.010 ***
(3.537)
-.606 ***
(-9.819)
-.005
(-.064)
-.060
(-.888)
.314

Quality
.006 ***
(3.239)
-.303 ***
(-7.847)
-.079 *
(-1.789)
.011
(.154)
.254

Low Volatility
.004 **
(2.066)
-.401 ***
(-10.228)
.030
(.633)
-.051
(-.753)
.330

The dependent variable 𝑟𝑖𝑡 (the factor premium) is a function of the chosen explanatory variables 𝑥𝑡 = {𝑀𝐾𝑇𝑡 , 𝑀𝐾𝑇𝑡−1 , 𝑟𝑡−1 , 1
and (𝛽1 ) are the regression coefficients. The values in the parentheses represent the t-statistics, which are used to evaluate
whether the coefficient is statistically significantly different from zero. The t-values are used with p-values, which represent
the significance of the obtained results. For example, a p-value of 5% implies that there is only a 5% chance that the results
obtained would have come up in a random distribution. In the table *** implies a significance level of 1, ** implies a
significance level of 5% and * implies a significance level of 10%.

In table 11, the parameter estimates from the logistic smooth transition regression are
summarized for the value, momentum, quality, and low volatility premia, when market return
(MKT), lagged market return (lag(MKT)), and lagged factor return (Return(lag)) are considered
as the explanatory variables and the macroeconomic variables are combined into one regime
variable with the logit-function (equation 23). The middle panel shows the model estimates for
the low regime, or 𝛽1 in (24), while the bottom panel shoes the model estimates for the high
regime, denoted by 𝛽2 . The value of the c parameter (the central location) and the value of the
𝛾 parameter (the steepness) are displayed in the top panel - Regime Function. The regime
functions for value, momentum, quality, and low volatility are presented in appendix 11-14,
from where it can be observed that the transition from low to high regime is much gentler for
value, momentum, and quality, while for low volatility the transition from ‘low regime’ to ‘high
regime’ is steeper.

Table 11. Parameter estimates for the logistic smooth transition regression.

Regime Function
γ
c
Low regime (𝜷𝟏 )

Value
Estimate

Momentum
Estimate

Quality
Estimate

Low Volatility
Estimate

2.118
3.042

1.801
2.725

1.818
2.743

3.548
5.172
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α
MKT
MKT(lag)
Return(lag)
High regime (𝜷𝟐 )
α
MKT
MKT(lag)
Return(lag)
R-Squared

.010 ***
(2.726)
-.499 ***
(-6.299)
-.122
(-1.246)
-.048
(-.443)

.011 ***
(3.266)
-.461 ***
(-6.203)
.008
(.085)
-.053
(-.585)

.006 ***
(2.626)
-.262 ***
(-4.761)
-.042
(-.644)
.082
(.870)

-.001
(-.257)
-.348 ***
(-4.975)
.051
(.589)
.034
(.209)

.004
(1.651)
-.523 ***
(-9.860)
.106
(1.470)
.036
(.389)
.402

.008
(1.624)
-.748 ***
(-7.278)
.011
(.087)
-.068
(-.649)
.341

.004
(1.530)
-.339 ***
(-6.112)
-.121 *
(-1.918)
-.079
(-.779)
.273

.005 ***
(2.748)
-.448 ***
(-9.004)
.008
(.142)
-.082
(-1.103)
.372

The estimated model is 𝑟𝑖𝑡 = [1 − 𝐺(𝑆𝑡−1 )]𝛽1 𝑥𝑡 + 𝐺(𝑆𝑡−1 )𝛽2 𝑥𝑡 + 𝜀𝑡 ,

𝐺(𝑆𝑡−1 ) =

1
1+exp (−𝛾(𝑆𝑡−1−𝑐))

Where the dependent variable 𝑟𝑖𝑡 (the factor premium) is a function of the set of chosen explanatory variables 𝑥𝑡 =
{𝑀𝐾𝑇𝑡 , 𝑀𝐾𝑇𝑡−1 , 𝑟𝑡−1 , 1} and the regime variable 𝑠𝑡−1 , the parameters (𝛾, 𝑐) are given by the choice of the logistic function,
and (𝛽1 , 𝛽2 ) are the regression coefficients. The values in the parentheses represent the t-statistics. In the table *** implies a
significance level of 1, ** implies a significance level of 5% and * implies a significance level of 10%.

It can be observed that the constant (α) in the low regime is higher for the value, momentum,
and quality premia indicating higher expected value of HML, WML, and QMJ in the low
regime after considering the effect of the market return, lagged market return, and lagged factor
return. For low volatility, the constant is higher in the ‘High regime’ than in the ‘Low regime’.
The constant is positive and statistically significant at one per cent risk level for value,
momentum, and quality premia in the ‘Low regime’ and positive and statistically significant at
one per cent risk level for the low volatility premium in the ‘High regime’. For all four factor
premia, the market return has a negative and statistically significant (at 1 % risk level) effect in
both regimes, and this negative effect is to some extent stronger in the ‘High regime’ as the
coefficient becomes greater, especially for momentum. This indicates that in both regimes,
increases in the market return decrease the value, momentum, quality, and low volatility premia.
In addition, in the ‘High regime’, the lagged market return has a negative effect on the quality
premium, and this effect is statistically significant at ten per cent risk level. The lagged factor
return is not statistically significant for any of the factors in neither of the two regimes. In
addition, it can be noted that the R-squared values obtained from the logistic smooth transition
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model are higher when compared to the R-squared values obtained from the basic OLS-model
(see table 10) for all factors.

The macroeconomic variables are also considered separately as the regime variable. Appendix
15 indicates for instance that the value factor is expected to perform better in the ‘Low regime’
than in the ‘High regime’ when realized inflation, short-term interest rate, or term spread is the
regime variable. When in turn GDP growth or CLI is the regime variable, the value factor is
expected to perform better in the ‘High regime’. These observations indicate that the value
factor would be expected to perform better when realized inflation, short-term interest rates and
the term spread are low, and when GDP growth and CLI are high. Appendix 16 indicates that
the differences in the performance of the momentum factor in the two regimes are rather small
when considering the macroeconomic variables separately as the regime variable. The
difference is most notable when short-term interest rate is the regime variable, and in this case
the momentum factor is expected to perform better in the ‘Low regime’ – indicating that the
momentum factor performs better when short-term interest rates are low. Appendix 17 indicates
for instance that the quality factor would be expected to perform better in the ‘Low regime’
when innovation on the GDP growth, realized inflation, unexpected inflation, or short-term
interest rate is the regime variable. When in turn VSTOXX is considered as the regime variable,
the results indicate that the quality factor performs better in the ‘High regime’. Appendix 18
indicates that the low volatility factor is expected to perform better in the ‘High regime’ when
GDP growth, realized inflation, unexpected inflation, short-term interest rate, term spread or
CLI is considered as the regime variable – indicating that an environment of high GDP growth,
realized and unexpected inflation, short-term interest rate, term spread and CLI would be
beneficial for the low volatility factor.

5.1.2.

Results for the two-state Markov-Switching model

Table 12 displays a summary of the relationship between the value, momentum, quality, and
low volatility premia and considered macroeconomic variables – GDP growth, innovation in
the GDP growth, realized inflation, unexpected inflation, short-term interest rate, term spread
and VSTOXX. The OLS results show no statistically significant effect of the macroeconomic
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indicators on the value and quality premia. For the momentum premium, unexpected inflation
has a negative effect, which is statistically significant at five percent risk level. For the low
volatility premium, innovation in the GDP growth has a negative and statistically significant
impact at 10 per cent risk level. In addition, VSTOXX has a negative and statistically significant
impact on the low volatility premium at one per cent risk level. According to Sarwat et al.
(2017), the OLS results can only be considered to provide some indication of how the premia
and macroeconomic variables are related, but no information is provided regarding variables
that may significantly affect across the different economic regimes. The low levels of RSquared in table 12 indicate that there are limitations related to using OLS method when there
are asymmetries in the data (descriptive statistics in table 4 and 5 illustrated that the data is not
normally distributed).

Table 12. Parameter estimates for the multiple OLS regression model.
𝜶𝟏
𝑮𝑫𝑷𝑮𝒕−𝟏
𝑮𝑫𝑷𝑮_𝑰𝒕−𝟏
𝑰𝑵𝑭𝒕−𝟏
𝑰𝑵𝑭_𝑼𝒕−𝟏
𝑰𝑹𝒕−𝟏
𝑻𝑬𝑹𝑴𝒕−𝟏
𝑽𝑺𝑻𝑶𝑿𝑿𝒕−𝟏
Standard error
R-Squared

Value
.006
(.710)
-.002
(-.011)
-.236
(-1.105)
.293
(.821)
-.011
(-1.610)
-.001
(-.650)
-.002
(-.488)
-.007
(-.358)
.036
.058

Momentum
.006
(.574)
-.104
(-.387)
-.180
(-.656)
.336
(.733)
-.018 **
(-2.067)
.001
(.399)
.002
(.416)
-.017
(-.675)
.047
.056

Quality
.000
(.046)
-.014
(-.086)
-.049
(-.289)
.335
(1.192)
-.003
(-.553)
-.001
(-.610)
-.003
(-1.032)
.009
(.562)
.028
.028

Low Volatility
.004
(.572)
.247
(1.444)
-.321 *
(-1.836)
.463
(1.584)
.008
(1.446)
.001
(.648)
.002
(.853)
-.046 ***
(-2.842)
.030
.091

This table reports the parameter estimation of multiple regression model. The estimated model is 𝑟𝑖𝑡 = 𝛼1 + 𝛽𝑖1 𝐺𝐷𝑃𝐺𝑡−1 +
𝛽𝑖2 𝐺𝐷𝑃𝐺_𝐼𝑡−1 + 𝛽𝑖3 𝐼𝑁𝐹𝑡−1 + 𝛽𝑖4 𝐼𝑁𝐹_𝑈𝑡−1 + 𝛽𝑖5 𝐼𝑅𝑡−1 + 𝛽𝑖6 𝑇𝐸𝑅𝑀𝑡−1 + 𝛽𝑖7 𝑉𝑆𝑇𝑂𝑋𝑋𝑡−1 + 𝜀𝑖𝑡 .
Here, 𝑟𝑖𝑡 is the return of value, momentum, quality, and low volatility factors. GDPG is the GDP growth rate, GDPG_I is the
innovation in the GDP growth, INF is the realized inflation, INF_U is the unexpected inflation, IR is the short-term interest
rate, TERM is the term spread and VSTOXX is the market volatility. The values in the parentheses represent the t-statistics. In
the table *** implies a significance level of 1, ** implies a significance level of 5% and * implies a significance level of 10%.
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In figures 9-12, the regime probabilities of being in regime 1 and regime 2 for value,
momentum, quality, and low volatility premia, respectively, at time t with the conditional
information at time 𝑡 − 1 are displayed. In the figures, P(S(t) = 1) and P(S(t) = 2) represent the
probability of being in regime 1 and regime 2. Red background highlights the times when the
probability indicates that the occurring regime is regime 1, and blue background highlights the
times when the probability indicates that the occurring regime is regime 2. The probabilities of
being in regime 1 and regime 2 at time 𝑡 sum up to 1. The figures show variation in the regime
probabilities of value, momentum, quality, and low volatility premia across the economic
regimes. The low volatility premium appears to display least variation during the considered
period of time. It can be observed that most times, the probability of being in ‘regime 1’ remains
low. Most variation is observed for example in the beginning of 2000s during the burst of the
Internet bubble, and around 2007-2008 during the time of the global financial crisis.

Figure 9. Time-varying probability of being in regime 1 and regime 2 for the value premium.
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Figure 10. Time-varying probability of being in regime 1 and regime 2 for the momentum
premium.

Figure 11. Time-varying probability of being in regime 1 and regime 2 for the quality
premium.
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Figure 12. Time-varying probability of being in regime 1 and regime 2 for the low volatility
premium.

Table 13 displays the estimated parameters for equation (36) using the Markov-switching
model. The constant term (𝛼1 ) in ‘regime 2’ is higher than those of ‘regime 1’ for value,
momentum, and quality premia, while the constant term in ‘regime 1’ is higher than that of
‘regime 2’ for low volatility premium. This indicates a higher expected return of the value,
momentum, and quality factor after considering the effect of the macroeconomic risk factors in
‘regime 2’ then in ‘regime 1’, and higher expected value of the low volatility factor returns in
regime 1 then in regime 2. The constant is statistically significant at ten per cent risk level only
for value and quality factor returns in ‘regime 2’. The standard deviation is also higher for value,
momentum, and quality factor returns in ‘regime 2’ then in ‘regime 1’, and for low volatility
factor returns the standard deviation is higher in ‘regime 1’ than in ‘regime 2’. Out of the seven
considered explanatory variables, innovation in the GDP growth has a negative effect, which is
statistically significant at ten per cent risk level, on the value premium in ‘regime 1’, while in
‘regime 2’ unexpected inflation has a negative and statistically significant (at five per cent risk
level) effect on the value premium. No statistically significant relationship between the
momentum premium and the macroeconomic variables is observed in ‘regime 1’, while in
‘regime 2’ unexpected inflation has a negative and statistically significant (at ten per cent risk
level) effect on the momentum premium. In ‘regime 1’, unexpected inflation has a positive and
statistically significant (at ten per cent risk level) effect on the quality premium, while term
spread has a negative effect which is statistically significant at five per cent risk level. In ‘regime
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2’, only VSTOXX has a negative and statistically significant (at ten per cent risk level) effect
on the quality premium. For the low volatility premium, only VSTOXX has a negative and
statistically significant (at five per cent risk level) effect in ‘regime 1’. In ‘regime 2’, a positive
and statistically significant relationship between low volatility and GDP growth (significant at
ten per cent risk level) and between low volatility and realized inflation (significant at five
percent risk level) is found. In addition, a negative and statistically significant relationship
between low volatility and innovations in the GDP growth (significant at ten per cent risk level)
and between low volatility and VSTOXX (significant at five per cent risk level) is observed.
From the transition probability parameters, it can be observed that the constant is statistically
significant at one per cent risk level for all four factors, while the coefficients for CLI are not
statistically significant in either regime.

Table 13. Parameter estimates for the Markov switching model.
Regime 1

𝛼1
𝐺𝐷𝑃𝐺𝑡−1
𝐺𝐷𝑃𝐺_𝐼𝑡−1
𝐼𝑁𝐹𝑡−1
𝐼𝑁𝐹_𝑈𝑡−1
𝐼𝑅𝑡−1
𝑇𝐸𝑅𝑀𝑡−1
𝑉𝑆𝑇𝑂𝑋𝑋𝑡−1

Regime 2

Standard
deviation
𝛼1
𝐺𝐷𝑃𝐺𝑡−1
𝐺𝐷𝑃𝐺_𝐼𝑡−1
𝐼𝑁𝐹𝑡−1

Value
-.010
(-.623)
.518
(.949)
-.998 *
(-1.715)
-.245
(-.636)
.003
(.145)
-.001
(-.340)
.001
(.114)
.037
(1.013)
.016

Momentum
.007
(.548)
-.155
(-.466)
-.089
(-.251)
.112
(.311)
-.013
(-.980)
-.000
(-.031)
.000
(.104)
-.012
(-.349)
.020

Quality
.015
(1.053)
.064
(.217)
-.127
(-.421)
-.026
(-.083)
.018 *
(1.838)
.001
(.478)
-.007 **
(-2.351)
-.030
(-.719)
.017

Low Volatility
.070
(1.305)
.621
(.532)
-.546
(-.473)
.373
(.208)
.002
(.071)
.008
(.728)
-.013
(-.809)
-.141 **
(-2.410)
.052

.026 *
(1.663)
-.276
(-.864)
-.063
(-.206)
-.212
(-.335)

.038
(1.398)
-.248
(-.474)
.035
(.072)
.089
(.076)

.037 *
(1.658)
-.213
(-.795)
.004
(.014)
.440
(.762)

-.001
(-.190)
.203 *
(1.821)
-.194 *
(-1.690)
.479 **
(2.529)
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𝐼𝑁𝐹_𝑈𝑡−1
𝐼𝑅𝑡−1
𝑇𝐸𝑅𝑀𝑡−1
𝑉𝑆𝑇𝑂𝑋𝑋𝑡−1

-.023 **
(-2.287)
.006
(1.392)
.002
(.333)
-.047
(-1.551)
.044

Standard
deviation
Transition probability parameters
Constant
1.705 ***
(7.247)
CLI, State 1
-.057
(NaN)
CLI, State 2
1.021
(.034)
Log likelihood value
-463.827

-.028 *
(-1.832)
.008
(1.139)
.003
(.352)
-.077
(-1.568)
.066

-.008
(-.977)
.013
(1.580)
-.005
(-.842)
-.085 *
(-1.722)
.035

.006
(1.391)
-.001
(-.876)
.003
(1.470)
-.031 **
(-2.095)
.017

1.720***
(7.621)
.559
(NaN)
-.294
(-.009)
-429.721

1.657 ***
(7.873)
.859
(NaN)
-.718
(-.020)
-510.847

1.597 ***
(8.425)
.160
(NaN)
-.316
(-.011)
-530.487

The estimated 2-state Markov switching model is 𝑟𝑖𝑡 = 𝛼𝑖 + 𝛽𝑖1,𝑆𝑡 𝐺𝐷𝑃𝐺𝑡−1 + 𝛽𝑖2,𝑆𝑡 𝐺𝐷𝑃𝐺_𝐼𝑡−1 + 𝛽𝑖3,𝑆𝑡 𝐼𝑁𝐹𝑡−1 +
𝛽𝑖4,𝑆𝑡 𝐼𝑁𝐹_𝑈𝑡−1 + 𝛽𝑖5,𝑆𝑡 𝐼𝑅𝑡−1 + 𝛽𝑖6,𝑆𝑡 𝑇𝐸𝑅𝑀𝑡−1 + 𝛽𝑖7,𝑆𝑡 𝑉𝑆𝑇𝑂𝑋𝑋𝑡−1 + 𝜀𝑖𝑡 ; i = (HML, WML, QMJ, VOL), 𝑆𝑡 = {1,2}
𝑝11 = 𝑃(𝑠𝑡 = 1 |𝑠𝑡−1 = 1, 𝑌𝑡−1 ) = Φ(𝜋0 + 𝜋1 𝐶𝐿𝐼𝑡−2 ); 𝑝12 = 1 − 𝑝11
𝑝22 = 𝑃(𝑠𝑡 = 2 |𝑠𝑡−1 = 2, 𝑌𝑡−1 ) = Φ(𝜋0 + 𝜋2 𝐶𝐿𝐼𝑡−2 ); 𝑝21 = 1 − 𝑝22
Here, 𝑟𝑖𝑡 is the return of value, momentum, quality and low volatility factors. GDPG is the GDP growth rate, GDPG_I is the
innovation in the GDP growth, INF is the realized inflation, INF_U is the unexpected inflation, IR is the short-term interest
rate, TERM is the term spread, VSTOXX is the market volatility; and CLI is the OECD’s Composite Leading Indicator. The
values in the parentheses represent the t-statistics. In the table *** implies a significance level of 1, ** implies a significance
level of 5% and * implies a significance level of 10%.

As real economic growth was considered to coincide with increasing investment opportunities
for distressed firms, increases in the GDP growth were expected to increase the value premium.
While this expected relationship holds in ‘regime 1’, the GPD growth and the value premium
are negatively related in ‘regime 2’, as was also observed by Sarwar et al. (2017), indicating
that in ‘regime 2’ increases in the GDP growth decrease the value premium. However, the
relationship is not statistically significant in either regime. The negative relationship between
GDP growth and the momentum premium in turn indicates that an increase in the GDP growth
decreases the momentum premium in both regimes. This relationship is not statistically
significant in either regime. Similar results were obtained by Sarwar et al. (2017). Based on
previous studies (see table 2 in 2.3.2), the quality factor was expected to perform well in both
expansionary and contractionary periods. However, the relationship between the quality
premium and the GDP growth is not significant in the two regimes. For the low volatility
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premium, the positive and statistically significant relationship with GDP growth in ‘regime 2’
indicates that further increases in GDP growth increase the low volatility premium. This
relationship holds also in ‘regime 1’, although the relationship is statistically not significant.

Increases in inflation were seen to signal a tightening monetary policy. As value firms were
seen as high-dividend payers relative to growth firms, a positive relationship between value
premium and realized inflation was expected, as Zhang et al. (2009) proposed. The results
indicate that the value premium and realized inflation relate negatively to each other, indicating
that increases in realized inflation decrease the value premium in both regimes. However, the
relationship is not statistically significant in either regime. A negative and not statistically
significant relationship between the value premium and inflation was also observed by Black,
Mao, and McMillan (2008). For the momentum premium and realized inflation, the expected
relationship was also positive, and while this relationship holds in both regimes, it is not
statistically significant. Higher inflation was considered to have a negative effect on the
cashflows of a quality firm (Gupta et al. 2014). However, the relationship between the quality
premium and realized inflation is found to be positive (though not statistically significant) in
both regimes, indicating that increases in realized inflation would increase the quality premium.
For the low volatility premium, a significant positive effect of realized inflation is observed in
‘regime 2’, indicating that increases in inflation increase the low volatility premium. In ‘regime
1’, this effect is also positive but not statistically significant.

High unexpected inflation was considered to imply higher market uncertainty, and the value
premium was expected to benefit from an environment of rising unexpected inflation. While a
positive relationship (though not statistically significant) between the value premium and
unexpected inflation is found in ‘regime 1’, this relationship turns negative and is statistically
significant at 5 % risk level in ‘regime 2’. This can be considered to indicate that increases in
unexpected inflation increase the value premium in ‘regime 1’ and decrease it in ‘regime 2’.
For the momentum premium, negative relationship with unexpected inflation was expected and
this relationship holds in both regimes and is statistically significant in ‘regime 2’ at ten per
cent risk level. The relationship between the unexpected inflation and the quality premium
exhibits asymmetries over the two regimes. In ‘regime 1’, the relationship between the quality
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premium and the unexpected inflation is positive and statistically significant at 10% risk level,
while in ‘regime 2’ the relationship turns negative and is no longer statistically significant. For
the low volatility premium, a positive and not statistically significant relationship with
unexpected inflation is observed in both regimes.

According to Sarwar et al. (2017), monetary tightening implies higher financial costs and
restrictions to accessing external financial and has a greater influence on firms in weaker
financial situations. The relationship between short-term interest rate and the value premium as
well as the relationship between short-term interest rate and the momentum premium exhibits
asymmetries over the two regimes. In ‘regime 1’, increases in the short-term interest rate
decrease the value and momentum premia, while in ‘regime 2’ increases in the short-term
interest rate increase the value and momentum premia. However, in either of the regimes the
relationship is not statistically significant. For the quality premium, the relationship with shortterm interest rate is positive in both regimes, indicating that increases in short-term interest rate
increase the quality premium. However, in either of the regime this relationship is not
statistically significant. In ‘regime 1’ increases in short-term interest rates increase the low
volatility premium while in ‘regime 2’ increases in short-term interest rates decrease it.
However, the relationship between short-term interest rates and the low volatility premium is
not statistically significant in either of the regimes.

Term spread decreases in economic upturn and is an indicator of economic activity. Increases
in the term spread were expected to increase the value and momentum premia, and this
relationship holds in both regimes, although it is not statistically significant. A negative
relationship between the quality premium and the term spread was expected, and this
relationship is observed in both regimes. Thus, increases in the term spread indicate decreases
in the quality premium. A negative relationship between the low volatility premium and the
term spread was also expected, and in ‘regime 1’ this relationship holds while in ‘regime 2’,
the relationship exhibits asymmetries as the coefficient for term spread turns positive –
indicating that increases in the term spread increase the low volatility premium.
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The literature suggested a contradictory relationship between VSTOXX and the value,
momentum, and low volatility premia and thus either a positive or a negative relationship was
expected. In ‘regime 1’, increases in the VSTOXX are found to increase the value premium,
and in ‘regime 2’ decrease it. However, the relationship between the VSTOXX and the value
premium is not statistically significant in either regime. For the momentum premium, increases
in the VSTOXX are found to decrease the premium in both regimes, however the effect is not
statistically significant. For the quality premium and VSTOXX, a positive relationship was
expected. However, a negative effect (though not statistically significant) of VSTOXX on the
quality premium is observed in ‘regime 1’, and in ‘regime 2’ this negative effect becomes
statistically significant at ten per cent risk level. Negative and statistically significant
relationship between the low volatility premium and VSTOXX is observed in both regimes.
However, the coefficient for VSTOXX in ‘regime 1’ is larger than in ‘regime 2’, indicating that
the negative effect of VSTOXX on the low volatility premium is stronger in ‘regime 1’.

5.2.

Dynamic weighting of the factors

Here, the results for the dynamic weighting of the value, momentum, quality, and low volatility
factors are displayed when considering the logistic smooth transition model and of the Markovswitching model. In the figures concerning the dynamic weighting of the factors (figures 1323), the top part illustrates the probability of being in ‘high regime’ in the case of the logistic
smooth transition model and the probability of being in ‘regime 1’ in the case of the Markovswitching model. The middle part displays the over- and underweight position in the factor
portfolio. In the bottom part, the effect of regime-switching for factor allocation relative to the
static case is displayed. The red line represents the static and the blue line the dynamic case. In
the static case, the long-short factor is held fixed – that is, at 20%. In the dynamic case, the
allocation to the factor varies according to the changes in the regime variable. In a case where
the factor is expected to perform well in ‘high regime’ the allocation to the factor overlay is
increased when the probability of being in ‘high regime’ is also high. In a case where the factor
is expected to perform better in ‘low regime’ the allocation to the factor overlay is decreased
when the probability of being in ‘high regime’ is high.
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5.2.1.

Logistic smooth transition model and dynamic factor weights

Figure 13 displays periods where the value exposure can be the same for a notable period, for
example during 2002-2005. In the first half of the period, the dynamic model has been able to
outperform the static when considering the cumulative returns. However, the cumulative returns
of the dynamic model can be observed to fall behind the static one when considering the whole
period. Appendix 19 indicates that in the beginning of the period, around 2003-2006, the
dynamic model has generated greater returns and a greater Sharpe ratio when compared to the
static one. However, around 2007-2015 the static model has performed better, and during 20182020 the performance of the static and dynamic models has been rather similar. When
considering the whole period, the return and Sharpe ratio of the static model are to some extent
higher than those of the dynamic one. The volatility of the dynamic model is slightly lower than
that of the static, while the maximum drawdown of the dynamic model is more negative when
compared to the static model. During 2003-2006 and in 2009, decreasing the allocation to the
value factor contributes positively to the returns of the dynamic model when compared to the
static one. However, during 2010-2012 decreasing the allocation to the value factor contributes
negatively to the returns of the dynamic model.

Figure 13. Dynamic weighting of the value factor, logistic smooth transition model.
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Figure 14 indicates that before 2013, the allocation to momentum has been mostly at -10% and
in several months at 0%, while after 2013 it has been mostly at 20%. The cumulative returns
indicate that the model with static factor weights has outperformed the model with dynamic
weights as the cumulative returns of the dynamic model remain close to zero. Appendix 20
displays several years (for example 2002, 2004, and 2007) where the Sharpe ratio of the
dynamic model has been negative, when that of the static model was positive. When considering
the whole period, the return and the Sharpe ratio of the dynamic model are lower than those of
the static one. The maximum drawdown of the static model is more negative than that of the
dynamic model. In 2003 and 2009, the decrease in the momentum factor allocation contributes
positively to the return of the dynamic model, as it obtains positive return while the return of
the static model is negative.

Figure 14. Dynamic weighting of the momentum factor, logistic smooth transition model.

Figure 15 indicates that before 2013, the allocation to the quality overlay has been negative for
a considerable amount of time. After 2013, the allocation has remained mostly at 20%. The
cumulative returns indicate that in the beginning of the period the performance of the static and
dynamic models is rather similar, but after around 2008 the performance of the model with
dynamic weights falls behind the static one. Appendix 21 indicates that the returns of the model
with dynamic weights are lower than those of the static model during 2008-2012. This can be
related to the observation that during 2008-2012, the probability of being in the ‘high regime’
fluctuates just around 50% indicating uncertainty about the underlying regime. Later, the
performance of the static and dynamic models has been rather similar. When considering the
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whole period, the return and the Sharpe ratio of the dynamic model are considerably lower than
those of the static model. The maximum drawdown of the dynamic model is much more
negative than that of the static model, caused mostly by the bad performance of the dynamic
model during 2008-2012 when compared to the static one.

Figure 15. Dynamic weighting of the quality factor, logistic smooth transition model.

Figure 16 indicates that the probability of being in the ‘high regime’ remains rather high at
majority of times. This can also be observed from the model driven over- and under-weight
position, which is at +20% majority of time as the low volatility factor was expected to perform
better in the ‘high regime’. In the end of the period the cumulative returns of the models with
static and dynamic weights reach almost the same point. From appendix 22 it can be observed
that in the yearly figures there is no major differences between the models with static and
dynamic weights for the low volatility premium. When considering the whole period, the return,
the Sharpe ratio, and the volatility of the dynamic and static models are very similar. However,
the maximum drawdown the dynamic model is more negative than that of the static. For
example, in 2008 and 2018 decreasing the allocation to the low volatility factor contributes
negatively to the return of the dynamic model, as the return of the dynamic model is negative
and that of the static model is positive.
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Figure 16. Dynamic weighting of the low volatility factor, logistic smooth transition model.

The factors were also weighted based on individual macroeconomic indicators. Here, the results
for dynamic weighting of the value factor based on the term spread, of the quality factor based
on innovations in the GDP growth, and of the low volatility factor based on CLI are presented.
In figure 17, the value factor is weighted based on the term spread. The dynamic model has
outperformed the static model 2003-2009, and after that both models have performed in a
similar manner. From appendix 23 it can be noted that the maximum drawdown, return, Sharpe
ratio and volatility of the dynamic and static models are similar. The decrease in the value factor
allocation contributes positively to the return of the dynamic model especially in 2003-2006
and 2009, as the dynamic model obtains positive returns and the static model negative.

Figure 17. Dynamic weighting of the value factor based on term spread, logistic smooth
transition model.
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In figure 18, the quality factor is weighted based on innovations in the GDP growth. The
allocation to the quality overlay has varied rather much, as the overlay percentage does not
remain the same for long. The model with static weights ends up outperforming the model with
dynamic weights, as the cumulative returns are higher. From appendix 24 it can be noted that
when considering the whole period, the return of the static model is higher than the return of
the dynamic one, while the Sharpe ratios are rather similar. The volatility of the dynamic model
is smaller than that of the static model, while the maximum drawdown of the dynamic model
is more negative than that of the static model.

Figure 18. Dynamic weighting of the quality factor based on innovation in the GDP growth,
logistic smooth transition model.

In figure 19, the dynamic weighting of the low volatility factor based on CLI is presented. The
probability of being in the ‘high regime’ remains close to 1 with a few exceptions, indicating
that the allocation to the low volatility overlay is mostly at 20%. The model with dynamic
weights outperforms the one with static weights, as the cumulative returns of the dynamic
model earn higher returns. Appendix 25 shows that when considering the whole period, the
return and the Sharpe ratio of the dynamic model are greater than those of the static model,
while the volatility is smaller. The maximum drawdown of the dynamic model is less negative
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than that of the static model. For example, in 2003, 2009, and 2020 decreasing the allocation to
the low volatility factor contributes positively to the return of the dynamic model when
compared to the static one. Especially in 2020 the differences in the returns and the Sharpe
ratios of the models are considerable.

Figure 19. Dynamic weighting of the low volatility factor based on CLI, logistic smooth
transition model.

5.2.2.

Two-state Markov-switching model and dynamic factor weights

Figure 20 shows how the allocation to the value overlay portfolio may remain the same for a
notable period (for example at -20% during 2004-2008) but can also change rather rapidly, for
example after 2015 the overlay changes quickly from -20% to 20%. The cumulative returns of
the model with dynamic weights fall behind the static one. From appendix 26 it can be seen
there are years when the model with dynamic weights has generated higher returns than the
static model, for example in years 2004-2006 and 2017, while for example in 2008, 2014-2016
and 2018 the model with the static 20% value overlay has generated higher returns. When
considering the period, the return and the Sharpe ratio of the dynamic model are lower than
those of the static model. The maximum drawdown of the dynamic model is less negative than
the maximum drawdown of the static model. The decrease in the allocation to the value factor
contributes positively to the return of the dynamic model especially in 2004-2006, while in
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2014-2016, the decrease in the allocation contributes negatively to the return of the dynamic
model when compared to the static model.

Figure 20. Dynamic weighting of the value factor, Markov-switching model.

Figure 21 in turn displays how the allocation to the momentum overlay has remained at -20%
for a considerable amount of time. As the momentum factor was expected to perform better in
‘regime 2’, it is under-weighted when the probability of being in the ‘regime 1’ is high. The
cumulative returns of the model with dynamic allocation to momentum overlay remain close to
zero, while the static approach generates positive returns. From appendix 27 it can be noted that
when considering the whole period, the return and the Sharpe ratio of the dynamic model are
considerably lower than those of the static model. In addition, the maximum drawdown of the
dynamic case is more negative than that of the static model. The decrease in the momentum
factor allocation contributes negatively to the return of the dynamic model when compared to
the static model especially in 2004-2007 and 2018.
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Figure 21. Dynamic weighting of the momentum factor, Markov-switching model.

Figure 22 displays how the overlay to the quality factor remains at -20% for a rather long period
around 2003-2008, as the probability of being in ‘regime 1’ is high. The cumulative returns
display that up until 2014, the dynamic model performs in a rather similar manner to the static
one, but after that the cumulative returns of the dynamic case fall behind the static one.
Appendix 28 shows that when considering the whole period, the return, Sharpe ratio, and
volatility of the static model are higher than those of the dynamic. Decreasing the allocation to
the quality factor contributes negatively to the return of the dynamic model for instance in 2008
and 2019, and positively for instance in 2003-2004 and 2006 when compared to the static one.

Figure 22. Dynamic weighting of the quality factor, Markov-switching model.
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Figure 23 displays how the allocation to the low volatility overlay remains mostly at -20%. The
probability of being in ‘regime 1’, where the low volatility factor was expected to perform well,
exhibits variation especially in the beginning of the period, while later the probability of being
in ‘regime 1’ is low for most of the time. At the end of the period the cumulative returns of the
dynamic and static cases reach the same point. Appendix 29 illustrates that the return, Sharpe
ratio, and volatility of the static and dynamic models are very similar. The maximum drawdown
of the model with dynamic weights is more negative than the maximum drawdown of the static
model. For instance, in 2010 and 2020 the decrease in the allocation to the low volatility factor
contributes positively, and in 2012-2014 negatively, to the return of the dynamic model when
compared to the static model.

Figure 23. Dynamic weighting of the low volatility factor, Markov-switching model.

5.3.

Dynamic weighting versus static weighting

Table 14 shows the effect of regime switching for factor allocation relative to the static case.
The table displays the mean, standard deviation, Sharpe ratio, and maximum drawdown for the
dynamic case based on the logistic smooth transition regression-model, for the dynamic case
based on the two-state Markov-switching model, and for the static model. In addition, a hit ratio
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is displayed, indicating the proportion of months where the return of the dynamic model has
been greater than (and greater than or equal to) the return of the static model.

Table 14. Effect of regime switching for factor allocation compared to the static benchmark.
Mean
return
(geom.)
Value
Logistic 0.613 %
Markov 0.359 %
Static
0.929 %
Momentum
Logistic 0.225 %
Markov 0.136 %
Static
1.526 %
Quality
Logistic 0.280 %
Markov 0.468 %
Static
1.000 %
Low Volatility
Logistic 0.343 %
Markov 0.381 %
Static
0.415 %

Mean
return
(aritm.)

Standard
deviation

Sharpe
Ratio

Hit ratio
Hit ratio
Max
(Dynamic (Dynamic
Drawdown
> Static) >= static)

0.635 %
0.385 %
0.958 %

2.156 %
2.323 %
2.481 %

.271
.149
.365

-8.187 %
-7.001 %
-8.042 %

35.242 % 65.198 %
25.551 % 70.044 %
-

0.249 %
0.173 %
1.568 %

2.241 %
2.805 %
2.998 %

.098
.044
.467

-7.783 %
-13.301 %
-8.888 %

25.551 %
27.313 %
-

0.291 %
0.479 %
1.017 %

1.581 %
1.519 %
1.969 %

.194
.268
.507

-7.322 %
-4.383 %
-4.383 %

30.837 % 70.925 %
34.361 % 66.079 %
-

0.362 %
0.401 %
0.437 %

2.045 %
2.063 %
2.216 %

.166
.193
.196

-6.937 %
-6.413 %
-4.616 %

16.300 % 84.582 %
41.850 % 55.066 %
-

66.079 %
59.031 %
-

For all four factors – value, momentum, quality, and low volatility - the static model generates
the highest average returns, highest standard deviation, and the highest Sharpe ratio. Thus, the
static model appears to outperform the dynamic models for all four factors in terms of the
average return and the Sharpe ratio. The logistic model outperforms the Markov-model for the
value factor in terms of the average return and Sharpe ratio. However, the maximum drawdown
of the Markov-model is less negative than that of the logistic model. For the momentum factor,
the logistic model outperforms the Markov-model. For the quality factor in turn, the Markovmodel outperforms the logistic model as it achieves higher average return and Sharpe ratio, and
less negative maximum drawdown when compared to those of the logistic model. For the low
volatility factor, the Markov-model slightly outperforms the logistic model in terms of the
average return and maximum drawdown. In addition, the average return, standard deviation,
and Sharpe ratio generated by the Markov-model are only slightly lower than those of the static
model.
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The hit ratios indicate for instance that in 35.2% of the months the dynamic weighting of the
value factor based on the logistic smooth transition model generated higher return than the static
approach. For the momentum factor, the dynamic weighting based on the Markov-switching
model generated higher than or equal return when compared to the static case only in 59% of
the months – that is, in 41% of the months the dynamic model generated lower returns when
compared to the static case. In addition, in only 27.3% of the months the dynamic model
generated higher returns than the static one. This can be considered to indicate that the dynamic
model was not able to dynamically weight the momentum factor very well. In addition, it can
be noted that in 84.6% of the months the dynamic weighting of the low volatility factor based
on the logistic smooth transition model generated higher than or equal return than the static
approach, while in only 16.3% the dynamic model generated higher returns than the static one
- highlighting the fact that most of the time the dynamic weight for the low volatility was at
+20%, the same as the weight of the low volatility factor in the static model.

6.

Conclusions

This study examined the time-varying factor premia of value, momentum, quality, and low
volatility by applying regime-switching models. The aim was to consider the possible benefits
related to dynamic weighting of the individual factor-mimicking portfolios based on how the
considered factor was expected to perform in the underlying economic environment
characterized by the selected economic indicators – GDP growth, innovation in the GDP
growth, realized and unexpected inflation, short-term interest rate, VSTOXX, term spread and
CLI. Since majority of studies related to the time-varying factor premia was conducted in the
context of the US markets, this thesis contributed by considering the behavior of the factor
premia in the European stock market. In addition, prior studies concerning factors such as
quality and low volatility, and economic indicators such as VSTOXX and CLI, were considered
being rather limited and thus this thesis contributed by including these factors and economic
indicators to the examination. A logistic smooth transition regression model and a two-state
Markov-switching model with time-varying transition probabilities were considered when
examining the time-varying factor premia and attempting to answer the first research question:
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“Do the pre-selected individual factors lead to significantly different returns in distinct
underlying economic environments?”

The results obtained from the logistic smooth transition regression model and the Markovswitching model indicated that there were differences in how the value, momentum, quality,
and low volatility factors were expected to perform in the different regimes. Based on the results
of the logistic model, the premium for value, momentum, and quality factors was expected to
be greater in the ‘low regime’ characterized by a lower value of the regime variable, while the
low volatility premium was expected to be greater in the ‘high regime’ characterized by a higher
value of the regime variable. The results of the Markov-model in turn indicated a greater
expected value, momentum, and quality premia in ‘regime 2’, and a greater expected low
volatility premium in ‘regime 1’. When considering the macroeconomic variables separately as
the regime variable in the context of the logistic smooth transition model, the expected factor
premia were considered to exhibit more notable differences between the regimes. For instance,
it was observed that the low volatility premium was considerably higher when CLI was in the
‘high regime’ rather than in the ‘low regime’. Thus, the results were seen to indicate that
different returns were associated with the individual factors in distinct underlying economic
environments.

In addition, the results obtained from the models were considered to indicate that the
relationships between the macroeconomic variables and the factor premia exhibited
asymmetries in the different regimes. For example, increases in unexpected inflation were
considered to increase the value premium in ‘regime 1’ and decrease it in ‘regime 2’. In
addition, in ‘regime 1’ no significant effect of the macroeconomic variables on the momentum
premium was observed, while in ‘regime 2’ unexpected inflation was found to have a negative
effect on the momentum premium – indicating that in ‘regime 2’ increases in unexpected
inflation decrease the momentum premium.
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The second research question was related to the benefits of dynamic weighting of the individual
factors based on how certain factor could be expected to perform in a specific economic
environment. The use of dynamic factor weight was compared to holding a static weight and
ignoring the possible differences in factor behavior in different underlying economic
environments. The second research question was the following:

“Does the use of a model that adjusts factor weight dynamically according to the prevailing
stages of selected macroeconomic indicators lead to higher risk-adjusted return compared to
the use of a static factor weight?”

For all four factors, the static model was seen to provide the highest average return and Sharpe
ratio but also the highest standard deviation when compared to the models using dynamic factor
weights – indicating the difficulty of dynamic factor weighting. Thus, the results indicate that
the use of a model that adjusts factor weight dynamically according to the prevailing stages of
selected macroeconomic indicators does not lead to higher risk-adjusted return compared to the
use of static factor weight. However, the weighting of the factors based on individual
macroeconomic variables could be considered to provide some indication of the possible
benefits of dynamic factor weighting. For example, when the low volatility factor was weighted
based on the CLI, the dynamic model appeared to perform rather well – even better than the
static model. However, special attention should be paid on how different macroeconomic
variables are combined and which indicators are included into the consideration. Even though
the examined time frame included periods where certain factors have performed better than
others, the fact that in the long-term each of the considered factors has performed relatively
well induces challenges to dynamic factor weighting when compared to the static weighting.

Some limitations regarding the study can be represented. One of limitations of the study is the
relatively short time-period, considering only years 2002-2020. As monthly factor returns are
examined, this yields a total of 228 monthly observations for each factor. A longer period might
be more useful, especially as changes in the macroeconomic indicators are typically not sudden.
As for example Amenc et al. (2019) note, it is unlikely that equity factor returns react to realized
economic fundamentals such as the GDP growth and inflation which move slowly, as asset
81

prices are considered to incorporate information fast. Thus, the inclusion of variables such as
GDP growth and inflation could be criticized. In addition, when combining the macroeconomic
variables, attention should be paid on regarding how the macroeconomic variables are
combined, for example do they all have an equal effect in determining the occurring regime
(e.g. would some economic indicator have a stronger influence than another) and how the
variables should be combined in a case where the expected relationship between the
macroeconomic variables and the factor premium differs – for example if the factor is expected
to perform well when unexpected inflation is low and CLI is high, as was considered to be the
case with the value factor. However, in this thesis, the objective of combing the macroeconomic
variables was related to making the logistic smooth transition model more comparable to the
Markov-switching model framework.

Further research possibilities that would provide more insight into the time-varying factor
premia and dynamic weighting of the factors exist. A natural extension to the thesis would be
considering the advantages of the dynamic factor weights in a multifactor portfolio setting
instead of weighting the factors separately. Another suggestion would be to consider another
index than the MSCI Europe. Other factors than the value, momentum, quality, and low
volatility could be considered such as dividend yield or the investment-factor of Fama and
French (2015). Additional or alternative state variables could also be considered, for example
credit spread or money supply to proxy the monetary environment. Moreover, alternative
variables instead of the CLI could be considered when modeling the transition probabilities of
the Markov-switching model. For example, one-month Treasury bill as well as the monthly
growth rate of industrial production were considered by Gulen, Xing and Zhang (2011), and
these could also be considered in the context of this study. Finally, as this thesis examined
regime-switching models where the relationship between the factor premia and macroeconomic
indicators was considered being linear within each regime, a non-linear model could be
investigated in the future. This might alter the results, especially as the financial markets are
commonly considered being complex and thus a non-linear model might be able to capture the
complex features better.
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APPENDICES
Appendix 1. Summary of previous studies.

Researchers
Zhang, Hopkins,
Satchell & Schwob.
2009.

Factors
Size & Value

Main Findings
➢ Value and small stocks performing best in periods of
higher GDP growth
➢ Negative relationship between unexpected inflation and
the value premium
➢ Value and smaller stocks performing better when shortterm interest rates were low
➢ Value stocks performing well during high and low
levels of short-term interest rates, inflation, term spread,
and credit spread

Durand, Lim &
Zumwalt. 2011.

Market, Size, Value
& Momentum

➢ Changes in the VIX resulting in variations in the
expected factor returns, most notably for the market risk
and value premia
➢ Positive effect of changes in VIX on the value and
momentum premia

Amenc, Esakia, Goltz
& Luyten. 2019.

Size, Value,
Momentum, Low
Risk, High
Profitability & Low
Investment

➢ Value premium higher in times of positive term spread
surprises
➢ Low risk-stocks more likely to perform relatively worse
in times of positive interest rate shocks compared to
high-risk stocks
➢ Low risk factor performing poorly when volatility or the
dividend yield increased unexpectedly
➢ Sensitivity to surprises in the term spread positive for
value and low investment, and negative for momentum
and high profitability

Sarwar, Mateus &
Todorovic. 2017.

Size, Value &
Momentum

➢ Positive relationship between the value premium and
interest rates
➢ Past winners more adversely affected by increases in
short-term interest rates than past losers
➢ Positive effect of increase in term structure on the value
premium, effect turned negative in recessions
➢ Negative relationship between the term spread and
momentum premium
➢ Positive relationship between the credit spread, size and
value premia
➢ Negative relationship between credit spread and
momentum premium in expansions
➢ Negative effect of money supply growth on value
premium during downturns

Perez-Quiros &
Timmermann. 2000.

Size

➢ Small firms most strongly affected by worsening credit
market conditions: higher interest rates, lower money
supply growth, and higher default premia
➢ Asymmetries produce sizeable variations in small
firms’ expected returns which increase rapidly during
recessions

Gulen, Xing &
Zhang. 2011.

Value

➢ Expected excess returns of value stocks more sensitive
to aggregate economic conditions than those of the
growth stocks
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Appendix 2. Altman’s Z-Score (source: Asness, Frazzini & Pedersen 2018).
𝑍 = (1.2𝑊𝐶 + 1.4 𝑅𝐸 + 3.3. 𝐸𝐵𝐼𝑇 + 0.6𝑀𝐸 + 𝑆𝐴𝐿𝐸)/𝐴𝑇
where WC is working capital, RE is retained earnings, EBIT is earnings before interest and taxes, ME
is market equity, SALE is sales, and AT is total assets.

Appendix 3. GDP growth rate 2002-2020.

Appendix 4. Innovation in the GDP growth rate 2002-2020.

Appendix 5. Realized inflation 2002-2020.
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Appendix 6. Unexpected inflation 2002-2020.

Appendix 7. Short-term interest rate 2002-2020.

Appendix 8. Euro Stoxx 50 Volatility index (VSTOXX) 2002-2020.

Appendix 9. Term spread 2002-2020.
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Appendix 10. Composite leading Indicator 2002-2020. Long-term trend =100.

Appendix 11. Regime function for the value premium.

Appendix 12. Regime function for the momentum premium.

Appendix 13. Regime function for the quality premium.
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Appendix 14. Regime function for the low volatility premium.

Appendix 15. Logistic smooth transition regression estimates for the value premium,
individual macroeconomic variables.
GDPG
Estimate
Regime Function
γ
135.417
c
.011
Low regime (𝜷𝟏)
α
.005
(1.481)
MKT
-.622 ***
(-9.456)
MKT(lag)
.129
(1.375)
Return(lag)
.117
(1.096)
High regime (𝜷𝟐)
α
.006 ***
(2.828)
MKT
-.341 ***
(-5.492)
MKT(lag)
-.081
(-1.187)
Return(lag)
-.121
(-1.288)
R-Squared
.429

GDPG_I
Estimate

INF
Estimate

INF_U
Estimate

IR
Estimate

VSTOXX
Estimate

TERM
Estimate

CLI
Estimate

195.820
-.002

196.160
.017

7.310
.026

.497
.673

.497
20.267

3.192
.873

1.518
99.998

.006 *
(1.683)
-.548 ***
(-8.198)
.063
(.712)
.038
(.363)

.009 **
(2.574)
-.583 ***
(-7.801)
-.071
(-.736)
-.018
(-.161)

.007 ***
(2.835)
-.466 ***
(-6.982)
.006
(.070)
-.074
(-.754)

.010 ***
(2.714)
-.466 ***
(-5.631)
-.069
(-.704)
-.038
(-.347)

.006 **
(2.065)
-.472 ***
(-6.276)
.001
(.009)
.029
(.235)

.010 ***
(2.631)
-.462 ***
(-6.262)
-.037
(-.408)
-.048
(-.446)

.005
(1.598)
-.622 ***
(-9.783)
.050
(.529)
.074
(.698)

.007 **
(2.482)
-.494 ***
(-7.306)
-.035
(-.423)
-.041
(-.423)
.399

.005 *
(1.967)
-.485 ***
(-8.620)
.066
(.909)
.000
(.002)
.401

.005 *
(1.669)
-.551 ***
(-8.831)
.028
(.332)
.050
(.499)
.401

.004
(1.588)
-.558 ***
(-10.568)
.065
(.890)
.028
(.298)
.404

.007 **
(2.126)
-.538 ***
(-9.058)
.020
(.265)
.002
(.018)
.400

.004
(1.642)
-.565 ***
(-10.078)
.074
(.966)
.046
(.487)
.401

.007 ***
(2.820)
-.348 ***
(-5.333)
.022
(.309)
-.096
(-.990)
.424

Appendix 16. Logistic smooth transition regression estimates for the momentum premium,
individual macroeconomic variables.
GDPG
Estimate
Regime Function
γ
123.962
c
.013
Low regime (𝜷𝟏)
α
.010 **
(2.504)
MKT
-.767 ***
(-9.598)

GDPG_I
Estimate

INF
Estimate

INF_U
Estimate

IR
Estimate

VSTOXX
Estimate

TERM
Estimate

CLI
Estimate

156.460
.810

168.639
.020

6.532
.074

1.678
1.426

.344
22.907

2.389
1.183

1.342
100.253

.010 **
(2.515)
-.692 ***
(-8.705)

.010 ***
(2.726)
-.567 ***
(-7.177)

.012 ***
(3.726)
.337 ***
(-4.611)

.013 ***
(3.997)
-.488 ***
(-6.284)

.011 ***
(4.000)
-.316 ***
(-4.324)

.011 ***
(3.195)
-.496 ***
(-6.626)

.011 ***
(2.919)
-.823 ***
(-10.583)
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MKT(lag)

.085
(.786)
Return(lag)
-.017
(-.181)
High regime (𝜷𝟐)
α
.007 ***
(2.651)
MKT
-.087
(-1.088)
MKT(lag)
-.139
(-1.791)
Return(lag)
-.098
(-.956)
R-Squared
.392

.116
(1.127)
.006
(.061)

-.040
(-.421)
.002
(.022)

-.051
(-.657)
-.060
(-.643)

-.130
(-1.451)
-.093
(-1.129)

-.116
(-1.187)
-.146
(-1.505)

.015
(.179)
-.110
(-1.256)

-.035
(-.331)
-.068
(-.763)

.009 **
(2.244)
-.401 ***
(-3.960)
-.162
(-1.536)
-.154
(-1.524)
.350

.011 **
(2.225)
-.646 ***
(-6.439)
.038
(.319)
-.110
(-1.036)
.334

.009 *
(1.739)
-.857 ***
(-8.705)
-.029
(-.215)
-.122
(-1.137)
.379

.007
(1.298)
-.729 ***
(-7.406)
.113
(.929)
-.036
(-.328)
.340

.010 *
(1.915)
-.770 ***
(-7.966)
.067
(.582)
-.015
(-.148)
.384

.011 **
(2.263)
-.755 ***
(-7.275)
-.064
(-.455)
-.046
(-.410)
.339

.010 ***
(2.987)
-.137
(-1.587)
.083
(.959)
-.133
(-1.175)
.421

Appendix 17. Logistic smooth transition regression estimates for the quality premium,
individual macroeconomic variables.
GDPG
Estimate
Regime Function
γ
125.096
c
.013
Low regime (𝜷𝟏)
α
.006 **
(2.484)
MKT
-.329 ***
(-6.621)
MKT(lag)
-.056
(-.944)
Return(lag)
.047
(.519)
High regime (𝜷𝟐)
α
.004 *
(1.975)
MKT
-.323 ***
(-3.279)
MKT(lag)
-.121 *
(-1.838)
Return(lag)
-.102
(-.965)
R-Squared
.285

GDPG_I
Estimate

INF
Estimate

INF_U
Estimate

IR
Estimate

VSTOXX
Estimate

TERM
Estimate

CLI
Estimate

159.310
.002

170.345
.019

6.596
.070

1.741
1.362

.350
22.740

.350
1.170

1.357
100.228

.007 ***
(2.775)
-.309 ***
(-6.067)
-.067
(-1.100)
-.005
(-.057)

.007 ***
(2.843)
-.340 ***
(-6.270)
-.074
(-1.125)
.004
(.047)

.007 ***
(3.106)
-.312 ***
(-5.970)
-.105 *
(-1.766)
-.005
(-.051)

.007 ***
(2.925)
-.318 ***
(-5.216)
-.081
(-1.191)
.023
(.251)

.004 *
(1.833)
-.186 ***
(-3.088)
-.112
(-1.365)
.092
(.827)

.007 ***
(2.905)
-.276 ***
(-5.281)
-.092
(-1.572)
-.036
(-.402)

.006 **
(2.454)
-.328 ***
(6.530)
-.110 *
(-1.863)
.014
(.146)

.004
(1.465)
-.277 ***
(-4.330)
-.086
(-1.297)
.020
(.201)
.274

.005 *
(1.662)
-.269 ***
(-4.752)
-.091
(-1.481)
.923
(.218)
.273

.004
(1.425)
-.292 ***
(-4.899)
-.051
(-.750)
.028
(.259)
.270

.004
(1.446)
-.300 ***
(-5.893)
-.094
(-1.561)
-.014
(-.140)
.276

.009 ***
(2.942)
-.369 ***
(-7.104)
-.064
(-1.123)
-.032
(-.349)
.286

.005 *
(1.730)
-.335 ***
(-5.690)
-.063
(-.899)
.069
(.631)
.276

.005 **
(2.173)
-.246 ***
(-3.940)
-.013
(-.192)
-.021
(-.199)
.280

Appendix 18. Logistic smooth transition regression estimates for the low volatility premium,
individual macroeconomic variables.
GDPG
Estimate
Regime Function
γ
321.720
c

-.001

Low regime (𝜷𝟏)
α
-.001
(-.313)

GDPG_I

INF

INF_U

IR

VSTOXX

TERM

CLI

Estimate

Estimate

Estimate

Estimate

Estimate

Estimate

Estimate

317.945

773.586

13.168

143.165

2.369

8.825

4.324

-.008

.006

-.153

-.308

15.581

.284

98.739

.004
(.803)

.000
(-.015)

.002
(.441)

.001
(.435)

.005
(1.530)

.004
(-1.198)

-.006 *
(-1.684)
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MKT

-.275 ***
(-3.870)
MKT(lag)
.035
(.438)
Return(lag)
-.080
(-.556)
High regime (𝜷𝟐)
α
.005 **
(2.381)
MKT
-.448 ***
(-9.619)
MKT(lag)
.015
(.254)
Return(lag)
-.055
(-.717)
R-Squared
.366

-.386 ***
(-4.201)
.078
(.679)
.023
(.149)

-.278 ***
(-4.757)
-.649
(-.891)
-.170
(-.110)

-.324 ***
(-4.206)
-.027
(-.271)
-.042
(-.249)

-.391 ***
(-5.710)
-.209 **
(-2.196)
-.213
(-1.325)

-.198 **
(-2.250)
-.028
(-.212)
-.151
(-.907)

-.408 ***
(-6.123)
-.014
(-.156)
.048
(.309)

-.302 ***
(-4.490)
.100
(1.366)
-.262 **
(-2.314)

.004 **
(2.007)
-.407 ***
(-8.828)
.002
(.042)
-.094
(-1.235)
.366

.004 **
(2.095)
-.435 ***
(-9.163)
.067
(1.177)
-.043
(-.573)
.377

.004 **
(2.151)
-.425 ***
(-9.155)
.040
(.733)
-.047
(-.636)
.372

.004 **
(2.013)
-.408 ***
(-8.943)
.071
(1.329)
-.038
(-.514)
.377

.003
(1.597)
-.420 ***
(-9.584)
.031
(.576)
-.049
(-.660)
.372

.006 ***
(2.736)
-.408 ***
(-8.557)
.035
(.625)
-.093
(-1.249)
.382

.005 ***
(2.616)
-.429 ***
(-9.512)
-.028
(-.487)
-.039
(-.492)
.399

Appendix 19. Key figures related to the dynamic weighting of the value factor, the logistic
smooth transition model.

Appendix 20. Key figures related to the dynamic weighting of the momentum factor, the
logistic smooth transition model.
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Appendix 21. Key figures related to the dynamic weighting of the quality factor, the logistic
smooth transition model.

Appendix 22. Key figures related to the dynamic weighting of the low volatility factor, the
logistic smooth transition model.

Appendix 23. Key figures related to the dynamic weighting of the value factor based on term
spread.
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Appendix 24. Key figures related to the dynamic weighting of the quality factor based on
innovation in the GDP growth.

Appendix 25. Key figures related to the dynamic weighting of the low volatility factor based
on CLI.

Appendix 26. Key figures related to the dynamic weighting of value factor, the Markovswitching model.
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Appendix 27. Key figures related to the dynamic weighting of momentum factor, the Markovswitching model.

Appendix 28. Key figures related to the dynamic weighting of the quality factor, the Markovswitching model.

Appendix 29. Key figures related to the dynamic weighting of the low volatility factor, the
Markov-switching model.
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