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Abstract 

 

Style investing (or factor investing) is one of the most wildly discussed topics in the modern financial 

world. It is considered as a paradigm which provides new vision of objects and mechanisms of 

investing. The purpose of style investing is to capture risk premia, which are associated with some 

specific risks which shows up with the diversifying of systematic risks of a classical asset portfolio. In 

this thesis, six different style, such as Value, Size, Momentum, Quality, High dividend yield, and 

Volatility, were used for asset allocations. The broad academic research of factors features shows high 

diversification benefits from applying style instead of classical asset classes. 

 

The asset allocation approach also plays a critical role in constructing an effective portfolio. Five 

different risk-based allocation methods, such as the inverse volatility, the equally risk contributed, the 

alpha risk parity, the maximum diversification, and the diversified risk parity, are applied to construct 

style portfolios. 

 

The study also highlights the existence of risk-on and risk-off regimes in assets returns. The regime 

shifting statistical model can be used for showing the comovements over time between the portfolio 

returns and stages of the economic cycle or some financial policies. The first insight in the regime-

switching approaches was done by Hamilton (1989). He asserted that the model is governed by an 

unobservable regime variable which regulates the regime switching mechanism and follows Markov 

process, which based on a one-step autoregression without assuming how the previous state was 

achieved. 

 

The results of the research supported the idea that the portfolio with regime switching mechanism 

outperforms the best risk-based portfolio and the benchmark. However, this result is found just for the 

portfolio in a long-run. 
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1 INTRODUCTION 

Portfolio construction procedures are some of the most wildly discussed topics in 

contemporary finance. The main reason of the never-ending interest to these topics is 

the recognition that portfolio construction techniques are improved, but that the 

output of these techniques still does not satisfy. A last financial crisis was a shock 

and adversity for a lot of investors and asset managers when they found out that 

assets performed absolutely in a different way that they had expected. 

Portfolio construction evolution went through numerous stages in its history and 

adapted a lot of changes. In 50s the burgeoning portfolio theory used simple returns 

for asset allocations. Then in 60s Sharpe and Lintner created a capital asset pricing 

model (CAPM) which helped investors got an opportunity to evaluate risks of their 

investments with a usage of a portfolio beta. In 90s the Fama-French-Carhart factor 

model gave investors an explanation of value, size and momentum factors, which 

could help to clarify some extra risks rather than the market one. Ten years later the 

rapid increase in using alternative asset classes and index funds led to recognition of 

a new opportunities to capture a portfolio return. The abrupt changes in financial 

markets in 2008-2009 demonstrated that theoretically uncorrelated asset classes in 

practice show similar behaviors to classical asset classes. Understanding that risks 

are more attractable for investing caused to a new round of developing portfolio 

construction approaches which is based on style and index investing.  

This paper represents six different tradable styles, such as Values, Size, Momentum, 

Quality, High dividend yield, and Volatility, which are applied to construct 

investment portfolios based on heuristic-established weighted strategies. The elegant 

methodologies of risk- based (or risk-parity) portfolios, such as a diversified risk 

parity, maximum diversification, or equal risk parity allocations, have become more 

and more promoted by both academics and practitioners. Furthermore, the return of 

assets is checking for regime shifting components. Ang (2011) states that the 

advantage of regime switching models can be their ability to link the behavior of 

financial variables, such as return, to behavior of financial markets.  
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The thesis manuscript is organized as follows. The introduction is the first part of the 

paper. The literature review is presented in a second section of the thesis. There are 

shown historical stages of portfolio construction methods, starting with Markowitz 

portfolio approach, through the asset allocation to explaining some basic concepts of 

factors investing. In the third part, there are shown research questions which will be 

considered in the paper. The forth section describes data and methods which are used 

in the research. Fifth section shows the results of the research. The last section is 

conclusions.  

A primary purpose of this paper is to question theoretical and practical evidence that 

risk-based factor investing produces better diversification than other existed 

strategies. The variety of factors which are used in good and bad conditions using 

different advanced portfolio allocation techniques seems a topic in a high demand. 

The other important goal is to assert regimes presence in assets returns and compare 

their performance with risk-based approaches.  
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2 LITERATURE REVIEW  

Ang (2014) states that the risk of a security consists of two components: the 

systematic risk, the risk which cannot be completely avoid and investors are 

compensated for taking this risk by return premium, and the idiosyncratic risk, the 

risk which is asset specific and can be diversify away. The systematic risk can also 

be split into several types of risks depends on a management and purposes of the 

investment. Mesomeris at el. (2012) describes the portfolio risk as a combination of 

an asset class beta risk, a systematic beta risk and an alpha risk. Mesomeris at el. 

(2012) asserts that the systematic beta risk can also be explained by the systematic 

strategic beta risk and the systematic factor beta risk which is expressed through 

different style factors.  

One of the key purposes of a portfolio construction process involves capturing 

systematic risk premia. The long-term history of a portfolio construction is 

subdivided in several generations by asset managers and researches which helps to 

indicate the development of portfolio management techniques over time. 

2.1 First and second generations of asset allocation 

The first generation of an asset allocation is usually attributed to the Markowitz 

equity-bond weighted portfolio. Markowitz was among the first who tried to 

implement the diversification mechanisms in investments. In his article "Portfolio 

selection", Markowitz (1952) emphasizes that wealth should be diversified in such a 

way that the maximum of expected return is reached while the portfolio variance of 

return is minimized. Investors have used this model of asset diversification for long-

time investment purposes, although, practically it does not show the sufficient level 

of efficiency.  

One of special cases of a mean-variance portfolio is a “60/40 portfolio” with 60 

percent of equity and 40 percent of fixed income. Main problem of any mean-

variance based portfolio lies in an unstable risk contribution and unexpected positive 

correlation between stocks and bonds during the periods of market stresses, while 
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these values are assumed to be relatively stable and negative in any conditions. The 

popular “60/40 portfolio” framework does not provide an adequate level of a 

diversification which because of different risk contributions of different asset classes. 

According to the Deutsche bank research (2012), the equity's 60 percent of shares 

implies 93 percent of portfolio's risks. Ang et al. (2014) admit that investors depends 

too much on procyclical behaviors of securities, especially in a short-term period, 

which leads to probable losses of the portfolio and makes it ineffective. At the same 

time, Markowitz asset allocation model is a classical financial tool which helps to 

understand basic principles of modern financial theory. Main outputs of mean-

variance paradigm involve the idea of a vital importance of diversification for an 

efficient portfolio, and that just taking more risk can bring higher expected returns 

(Ang et al., 2009). 

However, a formidable failure of the mean-variance portfolio in providing risk 

control resulted in appearance of a new generation of portfolio creating techniques. 

Trying to increase the diversification of portfolios and thereafter reduce risks, 

investors added new assets into their portfolios. This tendency led to an application 

of alternative asset classes, such as commodities, currency, private equity, hedge 

funds, real estate etc., as new investment instruments. 

Ang (2014) speculates that alternative asset classes earn risk premium because they 

are exposed to non-conventional factor risks. One of the most famous allocation 

approaches is Yale endowment portfolio. It works with a significant percentage of 

alternative asset classes. The portfolio consists of 82 percent of illiquid assets, 

including private equity, hedge funds, and real assets (real estate and different natural 

resources, such as oil). The inventor of the portfolio, David Swensen, notices that 

everyday rebalancing of a liquid part of the portfolio plays an important role in 

protecting the portfolio from risks. Wilson at el. (2005) maintain that adding real 

estate to an investment portfolio helps to provide hedge against inflation and other 

systematic risks than stock's and bond's ones. Cazalet and Zheng (2013) argue that 

hedge funds perform better than any other asset class during crisis periods. They 

state that hedge funds falls are less significant even when equities and bonds lose a 

lot. Merk investment LLL (2015) asserts in their white paper that currency as an 

asset class displays low correlation to equity and fixed income assets. These features 
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of currency asset class attract investors and motivate them to add the currency 

component in their portfolios to protect them against downside risk.  

Unfortunately, this strategic allocation is not so unambiguous and still creates 

different diversification questions. According to Cazalet and Roncalli (2014) main 

problems of asset allocation approaches are a complexity of estimating risk premia; 

unstable asset classes correlations which varies over time; no one knows if the level 

of asset aggregation is a right one. 

For example, private equity may provide diversification in a case when portfolios 

consist of uncorrelated high alpha funds, but the real return of private equity highly 

correlates to equity and fixed income market returns (Briand et al., 2009). Moreover, 

Briand et al state that most hedge funds correspond to long-short equity funds and 

their performance relate straightforward to the equity market changes.  

At the same time, it is noticed that risks are more predictable because of their relative 

stability comparing to returns. Moreover, a definite disclosure of risks in different 

asset classes and a lower level of correlation between risk factors provide a platform 

to use risk factors as a basis for a portfolio construction. This new approach of asset 

allocation is called "factor investing" (Ang, 2014). It is also known as the “investing 

styles” technique. Factor investing is an alternative way to invest not to asset classes 

directly, but to “styles” which drive risks and returns. 

Ang (2014) notices that risk factors provide risk premiums to compensate investors 

for bearing losses during bad times. But there are also some other criteria which 

determine the factor's justifiability (Deutchebank paper, 2015): 

— understandability, or the existence of a factor which has a strong basis and, at the 

same time, is unique and identifiable;   

— validity, or an ability to be academically established;  

— attractiveness, or the positive excess return which exists in a long-run and has a 

potential to continue at the same manner; 
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— persistence, or a reason for a positive factor risk premium in the prospective 

future; 

— accessibility, or the adequate level of cost of the factor comparable to the factor 

premium. 

Mesomeris et al. (2012) adds up such criteria as a simplicity. This principle can be a 

basis for other criteria, such as an attractiveness and accessibility.  

 While switching between factors, asset managers try to generate an excess return. 

The bunch of investing styles can be beginning with a market factor. The market 

style is one of the longtime known factors that were basically used to explain the 

excess equity return which some securities brought. The main output of the 

investigation of this factor was done by Sharpe (1964) and Lintner (1965). The factor 

can be pointed up with the Capital Asset Pricing Model which has a form: 

𝐸(𝑅𝑖) −  𝑅𝑓 =  𝛽𝑖 (𝐸[𝑅𝑚] −  𝑅𝑓)                                  (1) 

where 𝐸(𝑅𝑖) is an expected return of a stock i, 𝑅𝑓 is a risk-free rate, 𝐸(𝑅𝑚) is a 

market return, 𝛽𝑖 is a riskiness measure.  

The beta disclosures the market factor. It shows the sensitivity of the stock return 

variation to the market return. The market factor tells that the excess return of 

“𝐸(𝑅𝑖) −  𝑅𝑓” is high in good market conditions, when the market return is high, and 

low in bad market conditions, when the market return is low. Ang (2014) indicates 

that the market style is a tradable factor which compensates investors' losses in a case 

of bad times. He mentions the intuitive approach of CAPM model and considers that 

beta is a measurement of “lack of diversification potential”. He states that the logic 

under the CAPM model can be generalized for the construction of multiple tradable 

factors. Breeden (1979) and Stulz(1981) offer some variations of CAPM, such as the 

Consumption CAPM model and the International CAPM model, that focus on the 

consumption beta or international investments respectively. 
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The one-factor (market) strategy and the market risk were the only approaches to 

capture the systematic risk till Ross (1976) published the Arbitrage Pricing Theory. 

He argued that the market factor did not explain the excess return entirely. He 

assumed that there were multiple of factors which influenced the size of the risk 

premium. The Arbitrage pricing theory extends the CAPM model.  

𝐸(𝑟𝑗) =  𝑟𝑓 +  𝑏𝑗1𝑅𝑃1 + ⋯ +  𝑏𝑗𝑛𝑅𝑃𝑛 +  𝛼                            (2) 

where 𝐸(𝑟𝑗) is the expected return of an asset, 𝑟𝑓 is a risk-free rate, {𝑏𝑗1,…, 𝑏𝑗𝑛} are 

weights of factors 1:n, {𝑅𝑃1, …, 𝑅𝑃𝑛} are returns of factors 1:n, 𝛼 is an alpha (return 

from unsystematic risks) of the asset return. 

The expected return of a portfolio is a sum of a risk-free rate and products of n risk 

factor returns and the weights of n factors, where n shows the number of factors 

(assets) at the model. Ang (2014) states that all factors identify some specific risks 

and capture different “bad times” which brings investors an extra risk premium. 

Moreover, the return of a portfolio can be explained through the exposure to a 

combination of risk factors. For instance, Ang et.al (2009) explain the successful 

performance of the Norwegian Oil Fund by the integration of style investing 

approaches in its investment strategy. 

2.2 Third generation. Style investing 

Roncalli and Cazalet (2014) explain that the main purpose of style investing is to 

capture a systematic risk premium. Ang (2014) asserts that the factor investing 

should be a long-term strategy. He explains, although, style investing can bring loses 

in a short run, the long-term investment strategy will reward investors with high 

factor premia. At the same time, Roncalli and Cazalet (2014) list that the length of 

the risk premia is time-varying with a cycle between 3 to 10 years length. 

The set of factors consist of tradable and not-tradable factors. Tradable factors are 

more interesting for investment purposes. The modern portfolio-construction theory 

sort out to “tradable” such investment styles as value, size, momentum, quality, etc. 
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Factors, like size and value, are known for a long time. They were disclosed in 

studies of Banz (1981), Graham and Dodd (1934), but the main unified research was 

done by Fama and French (1993,1996) and summarized in the Three-factor model. 

The value factor was studied in a variety of articles (Basu, 1977; Rosenberg et al., 

1985; Chan et al.,1991; Fama and French, 1993). Although, there are several ways to 

measure the style, primarily, it is a ratio of a fundamental (book) value to a current 

value of a security. Using this value, Fama and French (1993) conclude in their 

Three-factor model research that firms with relatively low earnings tend to have high 

book-to-market ratios, while firms with persistently strong earnings have low book-

to-market ratio. Another way to calculate the value style is to form the factor based 

on several equally weighted measures. For example, Deutsche Bank constructs the 

value strategy relies on two measures: a ratio of EBITDA (earnings before interest, 

tax, depreciation and amortization) to enterprise value (EV) and "12-month trailing 

dividend yield". These two bases are complementary to each other: yield is a 

defensive measure, while the EBITDA/EV ratio (earnings power) is a cyclical 

measure of value (Asness,2010). 

In a case when value stocks (with high book-to-market values) outperform growth 

stocks, the explanation of the value premium lays in the idea that investors wish to 

buy cheap stocks. In addition, the value strategy is not restricted just to equity asset 

classes, although, not any asset class has a measure of a book value. Asness at el 

(1997,2010) assert that there is a value factor in currency, commodities and even in 

government bonds. At the same time, Fama and French (2013) admit at their five-

factor model a value anomaly which considers the fact that the value premium is 

larger for small stocks than for the growth ones. 

The size style links with the strategy of buying stocks with a relatively small market 

capitalization in a long-term perspective. Market capitalization is calculated by 

multiplying the number of stocks outstanding and the stock price. Fama and French 

(2013) use the size as one of the foundational factors in the Three factor model. The 

systematic risk premium of the size style is explained by higher riskiness of lower 

capitalization stocks. However, Asness at el. (2013) investigate the anomaly when 
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high quality small stocks hold a significant size premium which contradicts to the 

risk-based justification of the size factor. 

Momentum phenomenon is observable in securities that are ranked by past returns 

relatively to their peers which show that past winners (portfolios with high past 

returns) continue to outperform past losers (portfolios with low past return) for some 

time in the future. Momentum is not a trend following. The momentum factor 

received a lot of attention from academics (De Bondt and Thaler, 1985; Jegadeesh 

and Titman, 1993, 1998; Lehman, 1990; Barroso and Santa-Clara, 2012; Ceczy and 

Samsonov, 2013) because its effect is relatively easy to measure.  

The origin of the momentum effect arises from different behavioral expectations, 

such as investor's overconfidence or delay reaction, and rational assumptions of 

investors, for instance, changes in the growth rate of industrial production. Jegadeesh 

and Titman (1993) investigate that the strategy of buying stocks which performed 

well over last three or twelve months and selling ones which performed bad over the 

same period brings an abnormal positive return. This abnormal return could not be 

explained by any other styles such as market, value, or size. However, despite all 

positive features of momentum factor, Daniel and Moskowitz (2014) maintain that 

momentum tends to suffer sharp reversals during stressful periods which exhibit in 

high Sharpe ratios and positive alphas during a pure momentum strategy periods, but 

also negatively skewed return streams. 

There is no a direct method to define a quality factor. It is often concerned as an 

alternative style to value because it implies a method of buying high quality assets 

without paying a premium price. Asness et al. (2013) claim that quality is a 

characteristic which involves that "an investor should be willing to pay a higher price 

for stocks that are safe, profitable, growing, and well managed". The style can be 

explained through the modified dividend discount model (the Gordon model), which 

is used to determine a stock innate value. To demark special qualities of assets with a 

high level of a quality premium, both sides of the Gordon equation should be divided 

by book value and then the right side should be multiplied and divided by profit. 

After these manipulations, the equation takes the following form:  
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𝑃𝑡

𝐵𝑡
=  

𝑃𝑟𝑜𝑓𝑖𝑡𝑡
𝐵𝑡

 ∗(𝐷𝑡 
(1+𝑔)

𝑃𝑟𝑜𝑓𝑖𝑡𝑡
)

𝑟−𝑔
 ≈ 

𝑃𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦∗𝑃𝑎𝑦𝑜𝑢𝑡 𝑟𝑎𝑡𝑖𝑜

𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛−𝐺𝑟𝑜𝑤𝑡ℎ
                        (3) 

where 𝑃𝑡 is a price of the security at time t, 𝐵𝑡 is its book value, 𝐷𝑡  is a dividend 

value, r shows a required return, g explanes a growth rate.  

As output, the quality premium can be observed for securities which bring a profit or 

for stocks with a lower required return. The behavioral explanation of a quality factor 

is also quite popular. For example, Ang (2002) states that the quality premium of a 

quality factor can appear due to a lack of investors’ attention to the different 

components of announced earnings. As consequences, stocks with high- or low - 

accrual components are over- or understate and this tendency can have a systematic 

nature. 

Although, there are a lot of contradiction around this fact, but volatility can be also 

recognized as a risk factor. It can be measured by a difference between a 

performance of low and high volatility assets. Haugen and Heins (1975) and Jensen, 

Black and Sholes (1972) are among those who studied the negative dependence 

between stocks' risks and their returns. The low beta style is a new version of a 

volatility premium. Such strategy is accomplished when investor buys low-risk and 

sells high-risk stocks. Frazzini and Pedersen (2013) constructed betting – against – 

the - beta factor and examined it among different asset classes. They demonstrate 

that portfolios of low-beta assets outperform high-beta asset ones and that the low 

beta strategy produces the Sharpe ration twice as high as the value one. 

At the same time, the low beta style is not always a favored factor of portfolio 

managers. They have a practical reason for excluding volatility as a factor from the 

portfolio constructing process, because it is not easy to combine low beta with the 

market risk factors. Pim Van Vilet (2007) admits that the market factor still brings 

higher returns for higher risk securities, while the low-volatility factor would account 

the opposite idea.  

A high dividend yield factor is used to capture the excess return of stocks that 

historically demonstrate higher-than-average stable dividend yields. The anomaly of 
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such stocks is that they outperform the market over the long run when one states that 

high dividend payout is associated with an expectation of future losses (Zhou and 

Ruland, 2006). The risk premium of a high dividend yield factor is used as a hedge 

for a “value trap”. The “value trap” means the situation when investors buy cheap 

stocks, expecting that their prices will increase in the future, but prices continue to 

decline. 

Some of the currently known factors are not established enough and do not satisfied 

all criteria of factor's justifiability. For example, they can be explained or 

supplemented by some other factors. The fact, that statistical tests are commonly 

insufficient in categorizing factors and stylized evidences, makes the process of 

adaptation of new factors quite complicated. For instance, the liquidity, the default 

risk factor, and some macroeconomic factors belong to the factors which are difficult 

to measure in advance.  

There is an argument if a single-class long-only investment is the same as a factor 

investing or it should be classified as some other approach. Podkaminer (2014) states 

that capturing risk premia from the same asset group decreases the diversification 

opportunities of portfolios because same group assets will perform similarly in crises 

situation. For instance, the correlation between equity and private equity will be high 

during a financial stagnation. Moreover, there is no an absolute clarity in 

terminology regarding style investing. Some researchers call “style investing” any 

investment to factor portfolio, when some attributes a distinctive term “smart-beta” 

to non-cap-weighted indices (Amenc et.al,2012).  

The explanation of the sources of factor’s risk premia is ambiguous. One states that 

styles’ risk premia are compensations for a systematic risk taken by investors, when 

other believes that they appear as a respond to irrational decisions of market 

participants. Someone argues that they are a combination of both factors. More 

information about the sources of risk premia can be found in Appendix 2. 

The main disadvantage of the "zoo of factors", quoting the expression of John 

Cochrane, is that they can confuse investors and make the process of portfolio 

construction more complicated. Roncalli and Cazalet (2014) states the intricacy of 
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the transformation of theoretical findings into investable product is the main issue of 

factor investing process. However, even the procedure of style investing seems quite 

sophisticated, the approach provides new measures to identify and improve the 

process of portfolio diversification. 

2.3 Risk parity techniques 

Portfolio allocation can be based on allocation of weights, returns, and risks of 

portfolio components. The risks allocation technique is a more dynamic way of a 

portfolio construction which makes it very popular in the last few decades. Among 

main risk-based portfolio allocation techniques are Inverse Volatility, Equal Risk 

Contribution, Alpha-Risk Parity, Maximum Diversification, and Diversified Risk 

Parity which principal features will be described further.  

The basic idea of risk-based methods is to spread a risk budget equally or according 

to some risk drivers across different risk determinants. The term risk parity was 

implemented by Quin E. (2006), who determined the concept of a risk contribution to 

a risk budget of the portfolio. Mesomeris at al. (2012) asserts that, although, the risk-

based allocation works efficiently for classical assets’ portfolios in general, it can be 

even more beneficial to apply these approaches to assets which were previously split 

into risk factors. Some risk parity methodologies are simple heuristic-based weighing 

methods when other use more complicated optimization-based approaches. Roncalli 

(2013) that the main difference between risk-based and classical optimized portfolio, 

is that the first one does not depend from the maximization of utility function.  

The Inverse Volatility method is based on the idea that weights of elements of 

portfolio should be inversed to their volatilities and rescaled in a way that they give 

totally in sum one. In other words, the same volatility budget is allocated to each 

asset which leads that assets with high volatility will have lower weights in a 

portfolio and vice versa. Inverse volatility approach is considered as the simplest one 

between other risk-parity techniques. It is sometimes called naïve risk parity or 

volatility parity. The main disadvantage of the method consists in its concentration 

on smoothing the assets’ volatilities, even in a case when the correlation between 
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assets is negative which reduces the diversification benefits, and in its targeting 

discrimination of assets with a high volatility. 

The Equal Risk Contribution is also known as the original risk parity. The approach 

of equally-weighted risk contributions portfolios was first formalized by Maillard et 

al. (2010). It is based on the allocation of components of a portfolio in a way that 

their risk budgets contribute equally to overall portfolio risk. The marginal 

contribution-to-risk across portfolio components should be the same. The approach 

considers the correlation between different portfolio constituents. The risk budget of 

a portfolio component is the product of the weight of the asset, the standard deviation 

of the portfolio, and the correlation between the asset and the portfolio. It is 

important to notice that the efficiency of the equal risk contribution technique 

depends on the number of assets and rolling window estimation. This method 

essentially minimizes the variance of the risk contributions. Roncalli et al. (2016) 

also mention that this allocation method is not efficient when it is applied to “assets 

which present a high jump risk”.  

Describing some of the features of the equal risk contribution and inverse volatility 

approaches, both methods do not explain the process of treatment for excess returns 

in a model.  

The Alpha Risk Parity technique is some sort of variety of equally risk contribution 

one. It uses “alpha” of portfolio components as a basis for the risk allocation. 

Mesomeris et al. (2012) state that alpha can be any signal which investors want to tilt 

to.  

The Maximum Diversification technique is used to increase a diversification 

potential of the portfolio through maximizing the diversification ratio between the 

weighted-average portfolio components’ volatilities and the total portfolio volatility. 

It allocates more weight to uncorrelated assets and maximizes the portfolio Sharpe 

ratio. Roncalli (2013) states that the primary purpose of diversification is to optimize 

or decrease the risk level of portfolio. The risk contributions of portfolio constituents 

are not equal but proportional to their expected returns. Schoen (2013) states that 
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maximum diversification can be achieved just in a case when all assets in portfolio 

have equal correlations and equal Sharpe ratios. 

The Diversified Risk Parity method is also based on improving the diversification of 

portfolio components. It involves two stages. The first stage represents the process of 

finding a set of N uncorrelated principal portfolios with uncorrelated returns by 

applying a principal component analysis. The second stage maximizes the 

diversification distribution by constructing the ultimate portfolio out of the principal 

portfolios. The idea is grounded on the statement that well-diversified principal 

portfolios contribute the equal risk budgets to the ultimate one (Meucci 2009, Lohre 

et al. 2011). Lohre et al. (2011) imply that diversified risk parity method achieves 

maximum diversification due to “a built-in mechanism for tracking the prevailing 

risk structure”. 

An application of the risk-based investment strategies is a complicated process 

because the real-time implementation needs an accurate prediction of the out-of-

sample covariations of portfolio assets (Schoen, 2013). Lohre at el. (2011) assert that 

evaluating risk-based portfolio strategies by means of Sharpe ratios is hard because 

of the evidence that "returns are not entering their respective objective function in the 

first place". Clarce (2013) states that, although, most of risk-based allocation 

techniques show their efficiency, they have many limitations, such as the long-only 

format, the detailed specification of the risk model, or some investment position 

limits.  

2.4 Regime switching strategy 

The other way to conduct the riskiness of the portfolio is to investigate the equity’s 

behaviors in different existing circumstances of economic. Abrupt changes in 

financial markets make the process of capturing the stocks behaviors quite arduous. 

Different regime-switching models are among techniques which work well to 

analyze the shift moments from the downturn to upturn (or vice versa) in the 

financial market. These statistical models can be used for showing the comovements 

over time between the examined values and stages of the economic cycle, financial 

cries, changes of policy or other significant events.  
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The first insight in the regime-switching approaches was done by Hamilton (1989) 

who identified changes in regimes in US real GNP, using discrete-state Markov 

model, and connected them to economic business cycle. Hamilton offered the model 

with two independent unobservable components, where one was described a one-step 

autoregressive process, when second follows a random walk (Kim, 1994). A crucial 

feature of the regime- switching model is the unobservable regime variable which 

regulates the model’s switching mechanism and matches a first-order Markov chain. 

Ang and Bekaert (2004) detect that the all-equity portfolio, constructed with regime 

switching allocation, performs better than the classic static mean-variance portfolio 

due to a possibility to capture better returns at different stages of financial markets, 

such as bull and bear. The regime-switching approach is considered as a tactical asset 

allocation strategy. At the same time, Ang et.al (2002) states that the correlation 

between global stocks returns is more tangible during bear markets than during bull 

ones, which makes the process of applying regime switching models more effective. 

The regime is identifying through various statistical filtering procedures using 

Markov process. In general, Markov process is a process which based on a one-step 

autoregression without assuming how the previous state was achieved. 

(Autoregressive dependence is a dependence when the output value contingents 

linearly to some extent on its previous values). This feature provides more 

randomness to the model. However, some research of general regime-switching 

models with no one-step autoregressive elements were done by Quandt (1972) and 

Baum et.al (1980). 

The Markov switching model allows to explain the pattern through several 

interrelated models, instead of the common way to use one model of conditional 

means of the dataset. A simple switching model is comprised of two stationary 

autoregressive specifications AR (1) with distinct means. For simple models, it 

supposes that regimes are known so the model switches from one specification to 

another when some specific 𝑠𝑡 is reached. In our case, the process of regime-

switching is determined by the transitional probabilities (Hamilton, 1989). The state 

𝑠𝑡 is unobservable, so the conditional probabilities of being in one regime or another 

specify the regime. 



21 

Various side factors can influence the performance of the portfolio, such as 

transaction costs, etc. Jian et.al. (2015) show that the portfolio of international ETFs 

performs better using Markov regime switching strategy allocation that the one 

constructed with the mean-variance strategy, considering the influence of transaction 

costs. 

It is difficult to make an accurate estimation of a model with a multiple-state 

transitions that makes the two-state model a most probably efficient one. In the 

paper, the regimes are unobservable. The factor model is probed in two states 𝑠𝑡, 

such as a good state (for instance, low volatility regime) and a bad state (for instance, 

high volatility state), which are estimated based on given distribution. However, any 

model can have the number of regimes which is specified according to researched 

values. Such model inevitably has a problem that each regime has its own 

limitations.  

The research window plays an essential role in the risk-on/-off modeling because a 

short rolling window can give unstable estimates for a model, when a long one can 

make the estimation intractable. The Markov regime-switching model is a dynamic 

way to evade the influence of the assumption of normal distribution of returns. 

Although, the returns of each separate regime must be normally distributed, but the 

combined distribution of the returns gives some level of freedom in this limitation.  

2.4.1 Regime variables 

The regime variable is a main determinant of the regime. There are several groups of 

regime variables which can be used for defining the states. The main groups of such 

variables are broad market indices (S&P500, the VSTOXX index, the VIX index), 

some fundamental country (industry) factors (GDP, inflation rate), or some 

purposefully constructed stochastic discount factor. For instant, Ang (2011) asserts 

that regimes in equities correspond to moments of high and low volatility in the 

market. Mesomeris et.al. (2012) propose to construct a sentiment index, based on 

market data and rates, such as the VIX Index, the variance risk premium, the 

financial sector risk, etc., and identify risk states according to this index. Chang et.al. 

(2016) represents the model where the state of the sample depended on the 
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autoregressive latent factor. The position of the factor over or lower some threshold 

value defines the switching of the mean return and volatility between two regimes. 

The regime variable of the paper research is a first component of a principal 

component analysis (PCA) of the six indices factor model. The primary purpose of 

PCA is to reduce the number of factors which are used for explaining a return. It 

helps to define the main sources of risks and eliminates the most common types of 

changes in the dataset. The PCA method is extremely useful in models with highly 

correlated variables. The first principal component represents the common trend in 

investigated variables. 
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3 RESEARCH QUESTIONS 

An unexpectedly bad performance of mean-variance asset allocation and asset class 

allocation techniques in extreme moments, such as recession, forced to develop and 

applied new portfolio construction approaches based on risk diversification. A new 

tendency in asset allocation helps investors to construct portfolios in accordance with 

their level of risk attitudes.  

The idea of this paper is to explore the efficiency of five different risk-based 

portfolio allocation approaches, such as the inverse volatility, the equal risk 

contribution, the alpha –risk parity, the maximum diversification, the diversified risk 

parity in the contest of different styles. Furthermore, the purpose of this study is to 

apply the frameworks in a multi-factor allocation conditions at different financial 

regimes. 

Research question 1: Do risk - parity portfolios perform better than a benchmark? 

Research question 2: Are there regimes in financial asset returns?  

Research question 3: Does the risk-on/risk-off strategy perform better the risk-parity 

allocations? 

To examine the first problem, styles, which are analyzed in the section 5.1, are 

allocated by 5 risk-parity approaches into portfolios. Such return-risk characteristics, 

such as the mean return, volatility, maximum drawdown, the Sharpe ration, and the 

Information ratio are used to compare results from constructed portfolios. To 

examine the second problem, there is done a special test for regimes in data samples. 

The Markov regime-switching portfolio is constructed to receive an answer for the 

research question 3.  
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4. DATA AND METHODOLOGY 

In this section, there are presented data, methods, and biases of the research. 

4.1 Data 

The main sample period is the19 years period from January 1999 to December 2017. 

The short sample period covers the 5-year period from January 2013 to December 

2017. The data are the monthly returns of Morgan Stanley Capital International 

Europe Factor  – MSCI EUROPE Factor INDEXES (EUR) – for six different styles 

for a total of 288 monthly return observations. They are collected from the MSCI 

official website. The data are captured on the last day of each month.  

All used MSCI Europe indices reflect specific styles of stocks across 15 Developed 

Market countries
1
. The MSCI EUROPE VALUE WEIGHTED (Value) is 

constructed based on book-value-to-price, 12-month-forward-earnings-to-price and 

dividend yield values. It is designed to demonstrate the value style characteristic of 

securities. The MSCI EUROPE MOMENTUM INDEX (Momentum) uses 6-month 

and 12-month momentum signals, such as changes in a risk-adjusted momentum 

score and an excess return, to identify the recent performance of stocks with high 

price momentum. The MSCI EUROPE RISK WEIGHTED INDEX (Volatility RW) 

helps to overweight low volatility and the smaller size effect among lower risk and 

smaller market cap stocks. Reweighting each stock of the index in a way, that risky 

securities have less weights in the index, helps to indicate a size factor’s effect of 

smaller cap stocks. Three principal variables are Return-to-Equity, Debt-to-Equity, 

and Earnings Variability. The average of Debt-to-Equity, Return-to-Equity, and 

Standard Deviation of year-over-year earnings-per-share growth over the last 5-years 

are used to form the MSCI EUROPE QUALITY INDEX (Quality), which captures 

at once quality, value, and size factors. The MSCI EUROPE HIGH DIVIDEND 

YIELD INDEX (HDY) investigates the stocks’ performance of companies with 

sustainable and persistent dividend yields and cohering dividend payments through 

                                                 
1
 To Developed Market countries are related Austria, Belgium, Denmark, Finland, France, Germany, 

Ireland, Italy, the Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, and the UK. 

https://en.wikipedia.org/wiki/Morgan_Stanley
https://en.wikipedia.org/wiki/Capital_Group_Companies
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their values of return on equity, earnings variability, debt-to-equity, and past 12-

month price performance. The MSCI EUROPE EQUALLY WEIGHTED INDEX 

(Size EW) is promoted as an index which captured low size (small cap) style by 

equally weighting stocks in the primary index which gives higher exposure to index 

constituents with a smaller capitalization. The MSCI EUROPE INDEX (Europe) is a 

parent index of all mentioned before indices, which captured stocks with large- and 

mid- market capitalization (approximately 85% of existing equity universe) in 

Europe.  

Table 3.1 Characteristics of indices 

MSCI Index 
Number of  Highest Weights (%)* 

constituents*  Sector Country 

Europe 446  Financials the UK 

Value 445  Financials the UK  

Volatility RW 446  Industrials the UK 

Momentum 124  Industrials France 

Quality 125  Consumer Staples the UK 

HDY 58  Financials the UK 

Size EW 446  Industrials the UK 

* values from the official MSCI website 

Indices represents stocks from 11 different sectors of the economy, such as Financial 

sector, Industrial sector, Energy, Information Technology, Health Care, Real Estate, 

Materials, Telecommunication Services, etc. 

All indices are replicable and investable. Main investment management companies 

launched a wide variety of financial products for the MSCI EUROPE indices, such 

as ETFs, insurance products, different futures and options, etc. The MSCI indices 

segmentation is shown in Figure2ii, Appendix 1 The list of possible products can be 

found in Appendix 4. 

EURIBOR 1-month rate (the Euro Interbank Offered Rate) is used as a risk-free rate. 

Data is collected from the “European Money Markets Institute” website.  
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4.2 Data biases 

The model can contain biases due to a short life of some indices. The factor style 

indices were launched few years ago, so "prior" values are just back-tested data. It 

can cause the differences in the back-tested results and actual results. Biases in MSCI 

data can affect an average return and book-to-market values which can cause 

reporting biases. Moreover, results have a high level of sensitivity to different crises 

periods. It leads to the situation when the probability of selection (or attrition) biases 

increases. The security universe, the choice of the weighting scheme, and the 

rebalancing frequency are the critical points in constructing factor indexes.  

4.3 Methodology 

4.3.1 Analysis of assets 

This section includes definitions of metrics which are used for analysis of indices 

historical performance. The statistical properties of six different styles will be 

examined through comparison of such values as an expected and excess return, 

volatility, the Sharpe ratio, and the maximum drawdown.  

The one-period simple return is a ratio of a difference between the price of the asset 

at time t and at time t-1 to the price of the asset at time t-1 (4). Tsay (2005) 

mentioned that the statistical properties of the natural logarithm of the simple return 

of an assets are more tractable, so the analysis of the examined indices is done using 

the ln returns (5). The expected (mean) return is the sum of simple returns at the 

investigated period which is divided by the number of periods (6).  

𝑅𝑡 =
𝑃𝑡

𝑃𝑡−1
− 1 =  

𝑃𝑡− 𝑃𝑡−1

𝑃𝑡−1
                                           (4) 

 𝑟𝑡 = ln(1 + 𝑅𝑡) = ln(𝑃𝑡) − ln (𝑃𝑡−1)                                  (5)  

𝐸𝑅 =  
1

𝑇
∑ 𝑅𝑡

𝑇
𝑡=1                                                 (6) 
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where 𝑅𝑡 is a simple return at time t, 𝑃𝑡 is a price of an asset at time t, 𝑟𝑡 is log return, 

ER is an expected (mean) return of the dataset. 

The excess return is a simple return of an asset at time t, which is corrected by a 

return of some referent asset or a riskless rate (7). The forward-looking log excess 

return is defined in (8). The expected excess return is the sum of excess returns of the 

studied period which is divided by the number of periods (9).  

𝐸𝑥𝑐𝑅𝑡 =  
𝑃𝑡− 𝑃𝑡−1

𝑃𝑡−1
− 𝑟𝑟𝑓 = 𝑅𝑡 −  𝑟𝑟𝑓,𝑡                                    (7) 

𝐸𝑥𝑐𝑟𝑡 =  𝑟𝑡 −  ln (𝑟𝑟𝑓,𝑡)                                              (8) 

𝐸𝐸𝑥𝑐𝑅 =  
1

𝑇
∑ 𝐸𝑥𝑐𝑅𝑡

𝑇
𝑡=1                                              (9) 

where 𝑅𝑡 is a simple return at time t, 𝑃𝑡 is a price of an asset at time t, 𝐸𝑥𝑐𝑅𝑡 is an 

excess return of the dataset, 𝐸𝑥𝑐𝑟𝑡 is an excess log return, 𝑟𝑟𝑓,𝑡 is a risk-free rate at 

time t, and EExcR is an expected (mean) excess return of the dataset. 

The volatility (standard deviation) of the return is a measurement of riskiness. The 

volatility is a positive square root of a variance (11), which defines to which extent 

the return values deviate from its mean one (10). The risk-free asset has a zero 

variance. 

𝑉𝑎𝑟(𝑅) = 𝜎2 =  
1

𝑇−1
∑ (𝑅𝑡 − 𝐸𝑅)2𝑇

𝑡=1                                   (10) 

𝜎 (𝑜𝑟 𝑠𝑡. 𝑑𝑒𝑣. ) =  √𝜎2                                            (11) 

where 𝑅𝑡 is a simple return at time t, ER is an expected (mean) return of the dataset, 

T is a number of periods, 𝜎2 is variance, 𝜎 is volatility. 

The Sharpe ratio is measurement of efficiency, which is calculated as ratio of an 

index excess return to a referential unit of risk (12) 
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𝑆𝑟(𝑖𝑛𝑑) =  
𝐸𝐸𝑥𝑐𝑅  

𝜎
 = 

𝑅𝑡 − 𝑟𝑟𝑓

𝜎
                                                (12) 

where Sr(ind) is a Sharpe ratio of each separate index, EExcR is an expected (mean) 

excess return of the index, and 𝜎 is volatility (standard deviation) of the index. 

Other measurements of index properties are a maximum which is the maximum 

percentage drop in the return over the considered period 

The correlation coefficient (𝜌𝑥,𝑦) between two indices is given by (13) 

𝜌𝑅𝑥,𝑅𝑦
=  

𝐶𝑜𝑣 (𝑅𝑥.𝑅𝑦)

√𝜎𝑅𝑥
2  𝜎𝑅𝑦

2
                                           (13) 

where 𝑅𝑘 is a return of the index k, 𝜎2 is variance of 𝑅𝑘, and (𝐶𝑜𝑣 (𝑅𝑥, 𝑅𝑦)) is the 

covariance of indices, which is expressed as 

𝐶𝑜𝑣 (𝑅𝑥, 𝑅𝑦) = 𝐸[(𝑅𝑥 −  𝐸𝑅𝑥)(𝑅𝑦 − 𝐸𝑅𝑦)]                       (14) 

where 𝐸𝑅𝑘 is an expected (mean) return of the index k. 

Returns are annualized to facilitate comparison with other assets. To annualize the 

Sharpe ratios, the values must be multiplied with a square root of 12. The annual 

value of the log return is just the sum of the twelve-monthly log returns. Transaction 

costs are not the focus of the research, so there is no analysis of their effect. 

4.3.2 Analysis of risk-based portfolios 

The methodology is motivated by Mesomeris et al. (2012), Roncalli and Weisag 

(2012), and Clarke et al. (2013) who analyze and develop portfolio construction 

methods using a risk-budgeting allocation. 

The expected return of the portfolio is defined as a weighted sum of the assets 

returns, with the portfolio weights at the beginning of the period. The excess return 
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of the portfolio is defined as a difference between the portfolio return and the risk-

free return. 

𝐸𝑅𝑝 = ∑ 𝑤𝑖
𝑛
𝑖=1 𝑅𝑖     or      𝑅𝑝 =  𝑤′𝑟                                  (15) 

𝐸𝑥𝑐𝑅𝑝 =  𝑅𝑝 −  𝑅𝑓                                              (16) 

where 𝑅𝑖 is the return of the asset i and 𝑤𝑖 is the weight of the asset i, or w = 

(𝑤1, … , 𝑤𝑛) and  r = (𝑅1, … , 𝑅𝑛), 𝐸𝑥𝑐𝑅𝑝 is an excess return of the portfolio, 𝑅𝑓 is a 

vector of risk-free rates. 

One of the restrictions of the allocations is that there are no short sales and all 

portfolios are fully invested at all times. It is important to mention, that log return of 

the portfolio does not equal to a sum of log assets returns multiplying by their 

weights. To calculate the portfolio return, log returns of assets should be convert to 

simple returns. Explanations of the transformations are mentioned in the Appendix 5.  

Using factors as portfolios’ assets, the next five types of risk-based portfolio 

construction techniques will be used to examine weights: the inverse volatility, the 

equally risk contribution, the alpha risk parity, the maximum diversification, and the 

diversified risk parity. 

The inverse volatility method implies that the weight of each constituent component 

of a portfolio inversely related to its volatility which is scaled to a sum of inverse 

volatilities.  

𝑤𝑖
𝐼𝑉 =  

.
1/𝜎𝑖

∑ 1/𝜎𝑖
𝑛
𝑖=1

                                               (17) 

where 𝑤𝑖
𝐼𝑉 is a weight and 𝜎𝑖 is a volatility of an i-component. 

Equal risk contribution is defined as: 
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𝑤𝑖
𝐸𝑅𝐶 = arg 𝑚𝑖𝑛𝑤  ∑ ∑ (𝑤𝑖 𝑐𝑜𝑣(𝑟𝑖, 𝑟𝑝)𝑛

𝑗=1 −  𝑤𝑗 𝑐𝑜𝑣(𝑟𝑗, 𝑟𝑝))^2   𝑛
𝑖=1         (18) 

Alpha risk parity technique. 

𝑤𝑖
𝐴𝑅𝑃 = arg 𝑚𝑖𝑛𝑤  ∑ ∑ (

𝑤𝑖 𝑐𝑜𝑣(𝑟𝑖,𝑟𝑝)

𝛼𝑖

𝑛
𝑗=1 −  

𝑤𝑗 𝑐𝑜𝑣(𝑟𝑗,𝑟𝑝)

𝛼𝑗
)^2   𝑛

𝑖=1         (19) 

Maximum diversification portfolio. 

𝑤𝑖
𝑀𝐷 = arg 𝑚𝑎𝑥𝑤  

∑ 𝑤𝑗 𝜎𝑖   𝑛
𝑖=1

√𝑤′ ∑ 𝑤
                                     (20) 

 

where 𝜎𝑖 is the vector of portfolio asset return volatilities. 

Two stages of the Diversified risk parity approach include finding uncorrelated 

factors' beta in a portfolio and a construction of a portfolio. According to the spectral 

decomposition theorem the covariance matrix Σ can be revealed in such way: 

Σ = E ⋀ E′                                                           (21) 

where Λ is a diagonal matrix consisting of ( λ1, ..., λN ), E is an eigenvector of the 

covariance matrix. The eigenvector is determined as set of N uncorrelated principal 

portfolios with a variance λi and returns �̃� which is equal to a product of transpose E 

and return.  

The diversification distribution for a portfolio construction: 

�̃�𝑖
𝐷𝑅𝑃 = arg 𝑚𝑎𝑥𝑤 exp( − ∑ 𝑝𝑖  𝑙𝑛 𝑝𝑖  )   𝑛

𝑖=1                        (22) 

where 𝑝𝑖  is a risk budget of a subprinciple portfolio, which is equal to a proportion of 

a product between squared 𝑤�̃� and volatility 𝜆𝑖  to the sum of their products. 
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The variance of the portfolio is defined as 

𝑉𝑎𝑟(𝑅𝑝) = 𝜎2 =  𝑤′ ∑ 𝑤                                          (23) 

𝜎 (𝑜𝑟 𝑠𝑡. 𝑑𝑒𝑣. ) =  √𝜎2                                            (24) 

where 𝑅𝑝 is a simple mean return of the portfolio, w’ is a vector of portfolio weights, 

∑ is covariance matrix,  𝜎2 is variance, 𝜎 is volatility 

The ex-post performance of a portfolio can be analyzed through several fundamental 

risk adjusted performance measures (RAPM), such as the Sharpe ratio and the 

Information ratio. In general, the Sharpe ratio of portfolio is the excess of the 

expected return over the return from a risk-free investment portfolio divided by the 

volatility of the portfolio returns distribution. The Information ratio shows the 

possibility of the portfolio to generate the excess return that cannot be explained by 

the market return. Alexander (2012) states that it is not necessary to correct the value 

of portfolio’s return by risk-free rate, using historical data, as these measurements are 

not evidence of future identical behaviors of a portfolio. The portfolio Sharpe ratio 

and the Information ratio are defined in this case as: 

�̂� =  
𝐸𝑥𝑐𝑅

𝜎
                                                     (25) 

𝐼𝑅 =  
�̂�

𝜎
                                                     (26) 

where ExcR is a portfolio mean excess return, �̂� is the excess-over-market return, 

and 𝜎 is the portfolio standard deviation of a return. 

The expected return of the portfolio with style indices has a next form: 

𝐸𝑅𝑖 =

 𝑟𝑓,𝑖 +  𝑤𝑣𝑎𝑙,𝑖𝑅𝑖(𝑉𝑎𝑙) +  𝑤𝑠𝑖𝑧𝑒,𝑖𝑅𝑖(𝑆𝑖𝑧𝑒) +   𝑤𝑚𝑜𝑚,𝑖𝑅𝑖(𝑀𝑜𝑚) +

     𝑤𝑞𝑢𝑎𝑙,𝑖𝑅𝑖(𝑄𝑢𝑎𝑙) +  𝑤ℎ𝑑𝑦,𝑖𝑅𝑖(𝐻𝐷𝑌) +  𝑤𝑣𝑜𝑙,𝑖𝑅𝑖(𝑉𝑜𝑙) +  𝛼          (27) 
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where 𝐸𝑅𝑖 is an expected return of the portfolio at time i, { 𝑤𝑣𝑎𝑙,𝑖, 

 𝑤𝑠𝑖𝑧𝑒,𝑖,  𝑤𝑚𝑜𝑚,𝑖,  𝑤𝑞𝑢𝑎𝑙,𝑖,  𝑤ℎ𝑑𝑦,𝑖,  𝑤𝑣𝑜𝑙,𝑖} are weights at time i of styles value, size, 

momentum, quality, high dividend yield, and volatility respectively, 𝑟𝑓,𝑖 is a risk-free 

rate at time i, {𝑅𝑖(𝑉𝑎𝑙), 𝑅𝑖(𝑆𝑖𝑧𝑒), 𝑅𝑖(𝑀𝑜𝑚), 𝑅𝑖(𝑄𝑢𝑎𝑙), 𝑅𝑖(𝐻𝐷𝑌), 𝑅𝑖(𝑉𝑜𝑙)} are 

returns at time i of styles value, size, momentum, quality, high dividend yield, and 

volatility respectively, and 𝛼 equals to zero. 

Data are also going to be evaluated for the whole sample (19-year) and for short (5-

year) period to compare portfolio performance in different economic conditions on 

different stages of economic cycle.  

4.3.3 Analysis of the risk-on / risk-off allocation 

The methodology is motivated by Kahra (2016), Ang (2002), Hamilton (2004), 

Mesomeris et al. (2014), and Alexander(2012). 

The analysis is done using the R-package MSwM v1.2, which simulates the 

Univariate autoregressive Markov Switching model for linear and generalized 

models. The function MsmFit is used to detect the existence of time-process with 

two regimes based on two components {𝑥𝑡, 𝑦𝑡−1} in the dataset. The component 

{𝑥𝑡 } denotes the regime variable, which evolution is independent of the past of y-

process. The component {𝑦𝑡−1} denotes the response variable, which shows the 

autoregressive component of y-process. 

The expectation-maximization algorithm is used to estimate the regime switching 

model (Hamilton, 1989). The construction of the portfolio is started with a test of 

each separate style return for a structural break in the response variable. The Chow 

test is done for these purposes. First, the sum of residual sums of two periods is 

calculated to receive the unrestricted residual sum of squares (RSSu). The first period 

is estimated before time t*. The second period is the period after time t*. Then, the 

whole sample is tested, and the sum of over-all-sample squared residuals forms the 

restricted residual sum of squares (RSSr). Any test for multiple linear restrictions can 

be used. The simple F test is used in this thesis, and specified as: 
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(𝑘−1)−1(𝑅𝑆𝑆𝑟−𝑅𝑆𝑆𝑢)

(𝑇−1)−1𝑅𝑆𝑆𝑢
 ~ 𝐹𝑘−1,   𝑇−𝑘                                (28) 

where (k-1) and (T-k) are degrees of freedom, where k and T are the number of 

explanatory variables (number of linear restrictions without the constant variables). 

Basically, the zero hypothesis is that there is no structural break in a sample data in a 

specified date t*. The first principal component of a principal component analysis 

over all factors is used as a regime variable so it is used at the test of a structural 

break. If there are evidence of structural breaks in a regression model, that means 

that the response variable is subject to regime shifts.  

The model, which describes the process y of changes in the behavior of has the next 

form: 

𝑦𝑡 =  {
𝛼1 +  𝜑1𝑦𝑡−1 + 𝜀𝑡

(1)
,   𝜀𝑡

(1)
 ~𝑁(0, 𝜎2), 𝑡 = 1,2, … , 𝑡∗, 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 1

        𝛼2 + 𝜑2𝑥𝑡 + 𝜀𝑡
(2)

,    𝜀𝑡
(2)

 ~𝑁(0, 𝜎2), 𝑡 = 𝑡∗ + 1,  𝑡∗ + 2, … , 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 2 
 

(29) 

where  𝑦𝑡 = (𝑌1, … , 𝑌𝑡∗)
′
, 𝜀𝑡 = (𝜀1, … , 𝜀𝑡∗)

′
. 

Let 𝑠1 and 𝑠2 denote the States 1 and State 2, respectively, at some time t. 

Alternative explanation of state 𝑠𝑡: 

𝑠𝑡 =  {
 1, 𝑖𝑓 𝑠𝑡𝑎𝑡𝑒 1 𝑔𝑜𝑣𝑒𝑟𝑛𝑠 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡
2, 𝑖𝑓 𝑠𝑡𝑎𝑡𝑒 2 𝑔𝑜𝑣𝑒𝑟𝑛𝑠 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡

                                     (30) 

The typical response variable has a strong correlation with the dataset in regime 1 

and can be describe with a basic first order autoregression. At the second regime, it 

just depends on an external variable 𝑥𝑡.  
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The principal component analysis (PCA) is applied to all factors (portfolio assets) to 

construct the external explanatory variable 𝑥𝑡, which is used to test the existence of 

structural break in a model. The variable 𝑥𝑡 is a first principal component of PCA. 

Assume that there are no country specific regimes, which allows to use the 

international equity in analysis (Ang, year2012). The univariate regime switching 

model grants every asset to have its independent regime in the same period t. 

The changes from state 1 to state 2 and vice versa are regulated by the probabilistic 

model. Permanence of the regime would be denoted by 𝑝𝑖𝑖 = 1, but it is 𝑝𝑖𝑖 < 1 in 

real situation. Any even very dramatic financial crisis cannot be eternal. The 

transition between regimes is driven by a matrix system which assumes that the 

estimated value will stay in state i or j at time t+1. The initial probability 

specification for multi-states Markov model is given as: 

Pr(𝑠𝑡 = 𝑗| 𝑠𝑡−1 = 𝑖, 𝑠𝑡−2 = 𝑘, … , 𝑦𝑡−1, 𝑦𝑡−2, … ) = Pr (Pr(𝑠𝑡 = 𝑗| 𝑠𝑡−1 = 𝑖) =  𝑝𝑖𝑗  

(31) 

There are two states in our case: 

Pr(𝑠𝑡 = 1| 𝑠𝑡−1 = 1) =  𝑝11  𝑎𝑛𝑑 Pr(𝑠𝑡 = 2| 𝑠𝑡−1 = 2) =  𝑝22                       (32) 

 Let consider that State 1 has high volatility which is also associated with high risks 

and low returns, when State 2 presents a low volatility one and has, as consequences, 

low risks and high returns, it can be calculated from the transition probabilities. 

P is called a Markov transition matrix which describes four probabilities, 

P = [
𝑝11 1 − 𝑝11

1 − 𝑝22 𝑝22
] = (𝑝𝑖𝑗)                                   (33) 

 where   𝑝11 is a probability that the tomorrow’s state remains the state 1,   

              1 −  𝑝11 is a probability that the tomorrow’s state moves to the state 2,  
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              𝑝22 is a probability that the tomorrow’s state remains the state 2, 

           1 − 𝑝22 is a probability that the tomorrow’s state moves to the state 1. 

The switching process is captured by time varying estimates of the conditional 

probability of each state and an estimate of constant matrix of state transition 

probabilities. 

The complete set of model parameters can be summarized in a vector: 

𝜃 = (𝛼1, 𝛼2, 𝜑1, 𝜑2, 𝜎1, 𝜎2, 𝑝11,𝑝22) ‘                               (34) 

All parameters θ are estimated by a two-step procedure which calls expectation-

maximization algorithm. Expectation-maximization algorithms are often used to 

estimate the regime switching model (Hamilton, 1989; Kim,1994). The expectation 

step consists of two sub-steps: filtering (for t= 1,2,…T) and smoothing (for t= T-1, 

T-2,…). Kim (1994) offers to use Kalman filter to forecast unobservable states 𝑠𝑡 

and describes the procedure of the expectation step in details for multi-state model. 

At maximization step, the parameters of the model are estimated by maximizing the 

logarithmic value of the marginal likelihood of the data 

 𝑙𝑛𝐿 (𝜃) = ∑ 𝑙𝑛𝑇
𝑡=1 𝑓𝑡(𝑦𝑡|𝑥𝑡;  𝜃)                                  (35) 

The principal component analysis is constructed for excess-over-market assets, 

which means that the mean return is reduced by market premium. Such separation 

helps to value the clear effect of styles and estimate the volatility which is produced 

by factors.  

4.4 Benchmarks 

A performance of the MSCI Europe Index is used as a benchmark for style indices. It 

shows the market behaviors and can be used for a passive index-following portfolio. 
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The return of an equally weighted portfolio is used as a benchmark for risk-parity 

portfolios. The advantage of the equally weighted portfolio is simplicity of its 

construction, when the disadvantages are the overvaluing of small assets and 

undervaluing of big one. Weights of assets in equally weighted portfolio are 

considered as ratio of one to the number of assets in the portfolio, which means to 

attribute the same weight to each portfolio style.  

𝑤𝑖  =  
1

𝑁
                                                          (36) 

∑ 𝑤𝑖
𝑁
𝑖=1 = 1                                                       (37) 

where 𝑤𝑖 is a weight of the asset i in the portfolio, and N is a number of assets in the 

portfolio. 

The performance of the portfolio with regime switching is compared to the efficiency 

of the best risk parity portfolio, equally weighted portfolio, and the MSCI Europe 

index. 
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5 RESULTS 

5.1 Analysis of assets 

The section 5.1 represents the analysis of the performance of six MSCI Europe style 

indices, such as Value, Size, Momentum, Quality, High dividend yield, and 

Volatility, which are used as assets for the further portfolio construction. The MSCI 

Europe market index is used as a benchmark. The analysis is done through the visual 

and numeric comparison of indices’ historical performance based on their basic 

statistics.  

The figure 5.1.1 compares the historical prices of seven indices in 19 years period 

from December 1998 to December 2017 with the common starting point at 100 (each 

series rebased to be 100 on December 1998), which helps visually inspect changes in 

values over time relatively to each other. 

 

 

 

 

 

 

Figure 5.1.1 Price of MSCI Europe market and six style indices 

The basic statistics of indices is reported in the table 5.1.1. Styles produced higher 

mean and mean excess returns in the last 5-years period than they did during the total 

investigated period. The mean excess returns (over the risk-free rate) are all positive  
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Table 5.1 Historical basic statistics for selected factors  

Factor exposure 
Mean return, (%) 

Mean excess 

return, (%) 

Volatility, 

(%) 
Sharpe ratio 

Information 

ratio 
Max return, % Min return, % 

Maximum DD, 

(%) 

 Panel A: Period 2013 – 2017 

Market 6.22 6.31 11.37 0.555 - 7.87 -9.08 19 

Value 5.99 6.09 12.58 0.484 -0.020 8.31 -9.77 24 

Size 7.84 7.93 11.68 0.679 0.215 7.76 -8.06 19 

Momentum 9.22 9.32 11.03 0.845 0.174 8.88 -8.28 12 

Quality 7.41 7.51 11.07 0.678 0.083 8.81 -8.79 14 

HDY 4.73 4.82 11.08 0.435 -0.139 7.69 -7.94 18 

Volatility 7.80 7.90 10.81 0.731 0.216 7.80 -7.75 16 

 Panel B: Period 1999 – 2017 

Market 1.44 -0.42 15.24 -0.028 - 12.56 -14.95 62 

Value 1.53 -0.33 16.97 -0.020 0.071 18.15 -17.31 64 

Size 3.51 1.65 17.04 0.097 0.122 18.40 -19.34 65 

Momentum 5.34 3.48 14.97 0.233 0.138 16.89 -16.68 58 

Quality 3.80 1.94 12.96 0.149 0.118 10.20 -12.78 50 

HDY 1.32 -0.54 15.69 -0.034 -0.006 18.32 -16.15 65 

Volatility 4.10 2.24 14.24 0.157 0.174 14.40 -15.44 60 

Table 5.1. shows the summary statistics for a market index and six smart-beta indices. Logarithmic return was used to calculate all values. The data in Panel A describes the 

19-year period from January 1999 to December 2017. The data in Panel B describes the 5-year period from January 2013 to December 2017.Mean, volatility, and excess 

return are annualized values. The information ratio is calculated as a ratio of an active return (mean annualized return over the mean market return) to an active risk (volatility 

of active return). Max and min returns are the percentage values of the maximum and minimum monthly returns of indices respectively during the studied period.  
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for the period from 2013 to 2017. The lowest mean excess return was generated by 

high dividend yield index (4.82%). The highest mean excess return was shown by 

Momentum index (9.32 %). This positive tendency can be explained by the 

acceleration of financial market recovery and the negative risk-free (1-month 

Euribor) rate since 2015. The volatility of indices is around 12%, which indicates 

that they have similar level of riskiness for investors. Size, Momentum, Quality, and 

Volatility indices outperform Market index with 7.93%, 9.32%, 7.51, and 7.90% to 

6.31% mean excess returns respectively. The most dramatic drawdown happened to 

Value index (24% from a peak return), although, it generates 6.03 % mean excess 

return. The Sharpe ratio of Momentum index is 0.845 and it is the highest value 

among Sharpe ratios of factors in the period from 2013 to 2017. The highest 

information ratios are demonstrated by Volatility and Size indices, 0.216 and 0.215 

respectively. 

Comparing to values of period 2013-2017, the analysis of style indices shows a more 

pessimistic scenario for the whole period from 1999 to 2017. Although, the mean 

returns of styles indices are higher that the market benchmark (except for HDY 

index), a high volatility around 15 % and a very low or even negative mean excess 

return lead to an unfavorable conclusion that investigated indices perform bad in a 

long run. The mean excess returns are negative for Value and HDY indices, -0.33% 

and -0.54% respectively. The best performance showed Momentum index, with the 

mean return 5.34% and mean excess return 3.48%. The maximum drawdowns of all 

indices were approximately from 50 to 65 % during the total period. The most 

impressive losses had happened to Value, Size, and HDY indices: each one lost 

above 65% at some point during the period. 

Figure 5.1.2 represents time series plots of logarithmic mean returns of six factor 

indices and the market benchmark in the period between 1999-2017. Plots show that 

indices had similar behaviors during the dynamic events in financial markets, for 

instance, there was a similar drop in returns around 2008-2009 and a significant raise 

afterwards. The analysis of correlations between indices proves this conclusion. 

The diversification rule intends that the higher is the portfolio diversification, the 

better is the asset allocation into the portfolio. The table 5.1.2 reports that 
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correlations between indexes are similarly high at both periods during the whole 

studied period from 1999 to 2017 and during relatively successful last 5 years from 

2013 to 2017. 
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Figure 5.1.2 Plots of indices returns for period from 1999 to 2017 

A high correlation means correspondingly good or bad performance during the same 

financial market events. The Europe (market) index is a parent index for other six 

style indices, which can explain the high correlation between them. The lowest 

correlations are 0.79 between Value and Momentum indices in 5-year period and 

0.74 between HDY and Momentum indices in 19-year period, when most of other 

factor pairs have correlation over 0.9. 

Table 5.1.2 Correlation of indices return in 5-year and 19-year period 

 Market Value Size Momentum Quality HDY Volatility  

Market 1 0.98 0.96 0.85 0.93 0.94 0.96 

1
9

-y
ear p

erio
d
 

Value 0.97 1 0.97 0.77 0.86 0.96 0.96 

Size 0.98 0.97 1 0.78 0.86 0.93 0.99 

Momentum 0.90 0.79 0.86 1 0.88 0.74 0.80 

Quality 0.93 0.82 0.89 0.93 1 0.85 0.87 

HDY 0.96 0.93 0.93 0.87 0.91 1 0.94 

Volatility 0.98 0.93 0.99 0.91 0.94 0.95 1 

                 5-year period  

Table specifies correlations of seven indices in 5-year and 19-year period. The correlation values 

range from -1 to 1. The value +1 indicates a perfect positive correlation. The value -1 indicates a 

perfect negative correlation. 

Figure 5.1.3 provides correlations between styles’spreads, which is a difference 

between the factor and market returns, in 5- and 19- year period. Spreads help to see 

the correlation between excess-over-market factors’ returns. 

 

 

 

 

 

Figure 5.1.3 Correlation between styles  spreads 

 

5-year period 19-year period 
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Spreads’ correlation shows another situation. The highly negative correlation 

between Value style and Quality and Momentum styles permits to use them as a 

possible investment opportunity both in the long- and short- run. 

5.2 Analysis of risk-parity portfolios 

The section 5.2 represent the analysis of five risk-parity portfolios and the 

benchmark equally- weighted portfolio, using the methodology from the part 4.3.2 of 

this paper. The results of the analysis are shown in the table 5.2.1. 

Table 5.2.1 Description of Risk-based Styles portfolios 

Characteristics IV ERC ARP MD DRP Benchmark EW 

 Panel A: Period 2013 – 2017 

Mean return, % 7.84 7.85 7.60 8.20 7.90 7.83 

Volatility, % 10.92 10.92 10.80 11.06 10.75 10.95 

Sharpe ratio 0.727 0.719 0.696 0.750 0.723 0.724 

Information ratio 0.719 0.720 0.338 0.921   0.549 0.749 

 Panel B: Period 1999 – 2017 

Mean return, % 4.49 4.51 4.38 4.70 4.65 4.44 

Volatility, % 14.2 14.19 14.22 14.25 13.85 14.37 

Sharpe ratio 0.183 0.184 0.175 0.198 0.194 0.178 

Information ratio 0.797 0.800 0.630 0.557 0.668 0.797 

Table 5.2.1 reports the mean return and standard deviation of five risk parity portfolios and the 

benchmark portfolio. The equally weighted portfolio is used as a benchmark. Mean return and 

standard deviation are annualized values. The simple return was used for calculations. 

The results show that risk-parity portfolios slightly outperform the benchmark 

equally weighted portfolio both in short- and long- run. IV, ERC, MD, and DRP 

portfolios have higher mean returns than the benchmark, 7.84%, 7.85%, 8.20%, 

7.90% to 7.83% respectively in the period 2013-2017. The ARP portfolio has lower 

volatility then the benchmark EW portfolio, 10.80% to 10.95% respectively. The 

similar tendency retains for the period from 1999 to 2013. The highest mean return is 

brought by MD portfolio (4.70%), when DRP portfolio has the lowest volatility 

(13.85%). The Sharpe ratios show that the best performance over risk free rate 

reported the alpha risk parity portfolio in both 5-year and 19-year periods, 0.750 and 

0.198 respectively. However, the highest Information ratio is shown by the equal risk 
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contributed portfolio in a long run (0.800) when the maximum drawdown portfolio 

shows just 0.557. Mesomeris et. al. (2012) mentions that the diversify risk parity 

portfolio achieves higher return in portfolios with uncorrelated assets, when the 

maximum diversification takes advantages of portfolios with correlated assets, what 

can be seen in this case. 

Figure 5.2.1 illustrates portfolio weights of six style indexes in risk-based portfolios. 

The significant changes in weights allocations are displayed by maximum 

diversification approach. The highest percent of the weight is allocated to value style 

(0.43%) in a 5-year period and to momentum style (0.48%) in 19-year period.  

Figure 5.2.1 Styles weights in 5-year (a) and 19-year (b) risk-parity portfolios 

Momentum, value, and high dividend yield styles take the major part of alpha risk 

parity portfolio in long and short run. Inverse volatility portfolio reports the 

approximately similar weights for all assets from 14% to 20% for all styles both in 5-

year and 19-year period. The volatility style weights dominate in diversified risk 

parity portfolios. 

The figures of cumulative return, maximum drawdown, the Sharpe ratios, and the 

Information ratios of risk-based portfolios for both periods 5- and 19- years can be 

seen in Appendix 3. 

         a)           b)  
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5.3.3 Analysis of regimes in styles 

The section 5.3 shows the existence of regime switching in style returns and reports 

the analysis of performance of the six-style-assets portfolio, constructed using 

Markov regime-switching model (MSM). 

Figure 5.3.1 shows the value of explained variances of the principal component 

analysis (PCA) of six style assets. Using the first principal component of PCA helps 

to avoid the problem of multicollinearity of analyzed indices for the purposes of 

MSM. The problem of multicollinearity occurs through the high correlation between 

portfolio assets. The analysis of variances shows that the major part of total return of 

all indices can be attributed to the first principal component 

 

 

 

Figure 5.3.1 The graph of principal components for a six-style model 

The first principal component acts as a regime variable, which was explained in 

section 4.3.3. The time series variation of the variable is shown in Figure 5.3.2. The 

first principal component demonstrates similar behaviors to style indices and to the 

market index, shown earlier in Figure 5.1.2. 

 

 

 

Figure 5.3.2 The graph of time series variation of first principal component in period 1999-2017 
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The Chow test is done separately for each style asset, considering the specific period 

of possible structural break which is designed for each style individually. Using the 

figure 5.3.3, the approximate period of the structural break can be assumed visually 

and then tested due to significant visual changes of the behaviors of the sample and 

the regime variable. The table 5.3.1 reports the results of Chow tests for each style. 

Table 5.3.1 The results of Chow tests 

**significance in 5% level 

The Table 5.3.1 reports the calculation of the Chow test. RSSr is the value of the restricted residual 

sum of squares. RSSu is the value of the unrestricted residual sum of squares. (k) and (T) are numbers 

of explanatory variables. 

The 5% critical value of the table F-value is lower than the F-values for a particular 

period for each separate style. It means that the null hypothesis, that there are no 

structural breaks in the samples, can be rejected in 5% level of significance. The 

examination of the samples for structural breaks proves that the relations between 

styles and their first principal component were not stable over the investigated time. 

The next step, after proving that there are regimes in style’s returns, is to construct a 

regime-switching model which is based on Markov regime switching procedure. 

Figures 5.3.3 a-f) show the filtered and smoothed probabilities with regimes 

specifications of six different style returns for the 19-year period from 1999 to 2017. 

The smoothed probabilities explain the sample states, using the estimated 

information 

 Value Size Momentum Quality HDY Volatility 

Time before From 

01.1999 to 

12.2008 

From 

01.1999 to 

12.2011 

From 

01.1999 to 

12.2001 

From 

01.1999 to 

12.2013 

From 

01.1999 to 

12.2009 

From 

01.1999 to 

12.2006 

Time after From 

01.2010 to 

12.2017 

From 

01.2012 to 

12.2017 

From 

01.2002 to 

12.2017 

From 

01.2014 to 

12.2017 

From 

01.2010 to 

12.2017 

From 

01.2007 to 

12.2017 

RSSr 0.0219533 0.040254 0.117758 0.044421 0.054619 0.034613 

RSSu 0.02068535 0.039515 0.109527 0.042943 0.044297 0.032701 

k 2 

T 228 

F-value 13.91** 4.25** 17.06** 7.81** 52.89** 13.27** 

The 5% 

critical 

value of 

𝐹1,226 

3.84 
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Figure 5.3.3 The plots of returns and first principal component for the period from 1999 to 2017 
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Figure 5.3.4 a) Regimes’ probabilities in value style returns                                             Figure 5.3.4 b) Regimes’ probabilities in size style returns 
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Figure 5.3.4 c) Regimes’ probabilities in momentum style returns                              Figure 5.3.4 d) Regimes’ probabilities in quality style returns 
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Figure 5.3.4 e) Regimes’ probabilities in high dividend yield style returns                                             Figure 5.3.4 f) Regimes’ probabilities in volatility  style returns 
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Table 5.3.2 presents the estimation results of Markov Switching model. The 

transitional probabilities show that styles are stable in staying at the same regime. 

Styles Value, Momentum, and High dividend yield are detected more often in regime 

1, when styles Size, Quality, and Volatility have longer duration in regime 2. The 

volatilities of conditional means of the regime variables are higher in regime 1. The 

means of conditional means are all positive in regime 2. 

Table .5.3.2 Regime switching statistics 

 

The table reports the results of regime-switching estimation. The mean and volatility are annualized 

values. The logarithmic returns of six styles were used to make the estimation. The probability 

displays the value of transitional probability to continue in current regime. The total duration of 

regimes one and two is 228 months. The estimations are done for the period from 01.1999 to 12.2017. 

The table 5.3.3 reports the mean return and the volatility of four portfolios: the 

regime-switching portfolio and three benchmarks (equally weighted, maximum 

diversification, and the market index).  

Table 5.3.1 Portfolio characteristics  

 Regime – 

switching 

portfolio 

Maximum 

diversification risk 

parity 

Equally weighted 

portfolio 

Market index 

portfolio 

 Period 1999 – 2017 

Mean return, % 5.17 4.70 4.32 1.31 

Volatility, % 14.57 14.25 14.36 15.27 

Weights for the regime-switching portfolio are received using the log returns. Mean returns and 

volatilities are annualized values. The portfolios are done for the period from 01.1999 to 12.2017. 

 Regime 1 Regime 2 

 Probability 
Mean, 

% 
𝜎, % 

Duration, 

months 
Probability 

Mean, 

% 
𝜎, % 

Duration, 

months 

Value 0.994 0.34 1.89 177 0.970 0.10 0.96 51 

Size 0.254 -2.14 5.61 20 0.813 3.43 1.10 208 

Momentum 0.973 7.94 13.50 170 0.942 2.37 11.79 58 

HDY 0.975 -1.51 0.22 148 0.965 2.16 2.45 80 

Quality 0.874 2.70 6.01 56 0.935 2.34 1.22 172 

Volatility 0.963 0.27 1.50 62 0.985 3.40 0.80 166 
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The maximum diversification portfolio is chosen because it showed the highest 

return in both long- and short- run, compare to other risk parity approaches. The 

market index portfolio represents the portfolio with the systematic source of return in 

the equity market (MSCI Market Europe index). 

The regime switching portfolio bets the benchmarks with the return 5.17%. This 

return is the highest among all returns for all portfolios which are constructed in the 

thesis. The table 5.3.1 represents the advantages of strategical allocation of passive 

investment. The regime switching, maximum diversify risk-based, and equally 

weighted portfolios provide twice higher return that the MSCI Europe index can 

offer. 

The Figure 5.3.5 plots the weights of six styles weights which were used to construct 

the regime switching portfolio in the period from 1999 to 2017. The figure reflects 

the regime switching process and displays the changes of an asset allocation strategy. 

The periods of high allocation to Value, Quality, Momentum, and HDY styles are 

replaced by periods of Volatility, Size, Momentum, and Quality factors domination. 

 

 

 

 

 

 

Figure 5.3.5 Aggregated weights in 19-year period 
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The historical performance of the portfolio with regimes in returns and benchmarks 

(the maximum diversification portfolio, equally weighted, and market index) in 5- 

year period is reported in Appendix 6. 

The As a conclusion, the Figure 5.3.4 shows the cumulative returns of four portfolios 

in the period between 1999-2017. Although, the cumulative returns have similar 

behaviors, Markov regime-switching portfolio gives an opportunity to capture the 

highest return. 

 

 

 

 

 

 

 

Figure 5.3.4 Cumulative return of RS portfolio, MD portfolio, EW portfolio, market portfolio in 

the period 1999-2017 

The regime-switching portfolio demonstrates similarly good performance during 

both moments of upturn and moments of downturn in financial markets in a long-

term period. 
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6 CONCLUSIONS 

In the master’s thesis, I propose to investigate the performance of style investing in 

portfolios with different weighting scheme. The asset allocation method plays a 

crucial role in constructing an efficient portfolio. To some extent, factor investing 

implies the risk premium investing, so applying the risk-based asset allocation 

techniques seems a very intuitive choice. I used five different risk-based allocation 

techniques, such as Inverse volatility, Equally risk contributed, Alpha risk parity, 

Maximum diversification, and Diversified risk parity.  

Furthermore, Ang et.al. (2011) demonstrated the existence of regimes in international 

asset allocations and explained benefits of regimes for the international 

diversification. Ang states that regimes represent the presence of asset returns in 

states with high and low volatility, which made the portfolio with regime switching 

mechanism the second candidate for the research. 

Style investing means to construct portfolio investing not only in equity and bonds, 

but purposely in some specific factor risk premia. Factor investing is a very intensive 

investment strategy, which helps investors to diversify the portfolio performance 

over the investment time as styles operate differently at different conditions.  

MSCI Europe factor indices were allocated as assets to portfolios.in the period from 

January 1999 to December 2017. In general, indices did not show an impressive 

efficiency in the 19-year period. I used six different styles, such as Value Size, 

Momentum, Quality, High dividend yield, and Volatility. However, the last 5-year 

period from 2013 to 2017 shows the high results for almost each factor: the mean 

return of the period is as minimum as twice higher than the similar value for 19-year 

period, when the volatility of returns did not change significantly. Another important 

consideration is the efficient performance of styles in portfolios which were allocated 

on risk-based approaches. Furthermore, the presence of regimes in styles assets 

allowed to arrange the portfolio with the Markov regime-switching process and 

received more substantial return for styles allocation. 
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However, there is a bunch of problems which can be faced if the investors are 

planning to apply style investing in their portfolios. In this paper, I did not consider 

the influence of transaction costs, which can significantly change the performance 

results of risk factor portfolio. There are also some doubts regarding the nature of 

style investing. Melas et.al. (2011) assume that the simultaneous investing in same 

factor portfolios will lead to the diminishing of factors’ risk premia. 

Still, using styles as investment assets seems to be a good alternative approach to 

classical portfolio construction with equities and bonds. All style indices, except the 

high dividend yield one, outperformed the market index in a short-run and four out of 

six did it in the 19-year period. Moreover, using risk-based and regime shifting 

techniques, the portfolio efficiency essentially improves which makes the investment 

decisions much more valuable. 

The further research can be focused on improving the regime switching model. For 

example, it seems interesting to construct some particular regime variables, using 

global liquidity factors or some industry/country specific risk indicators. The broader 

universe of asset classes for allocations can also afford interesting results to style-

based portfolios. 
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APPENDICES 

Appendix 1 

 

 

 

 

Figure 1i Sources of portfolio returns*                                                                               Figure 2ii The MSCI Factor indices segmentation** 

*source: Deutsche Bank (2012), ** source: MSCI website 
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Appendix 2 

Table 1ii Explanation of investigated styles risk premia with regard to economic and behavioral 

viewpoints 

Risk premium 
Explanation of the risk premium 

Economic Behavioral 

Value Compensation for losses during the bad 

times Compensation for GDP sensitivity 

Investors prefer cheap stocks. 

Systematic errors made by investors 

(for example, the overreaction to 

news, wrong valuations) 

Size Compensation for higher riskiness of 

stocks with low capitalization 

Controlling for junk stocks 

Momentum Reward for business cycle risks 

 

Overreaction on some event with a 

previous slow reaction 

Overconfidence 

Following behaviors of other 

investors 

Quality Reward for capturing high-quality stocks 

over low-quality stocks. 

Positive expectations of higher cash 

flow from companies with growing 

profits 

Statistical and measurement errors, 

incorrect risk estimation 

High dividend 

yield 

Compensation for local economic and 

currency risks 

Positive expectations of higher cash 

flow at the companies with stable 

and growing dividends, High 

dividends is an evidence of good 

historical performance 

Volatility During stable time: Reward for brave 

investors, who sell volatility protection 

through derivatives, such as put option or 

volatility swaps 

During unsettled time: Compensation for 

losses/ for buying volatility protection 

Risk averse behaviors of investors 

Source: Ang(2014), Assness et.al.(2015),Mesomeries et.al(2012) 
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Appendix 3 

Risk based portfolios in 19-year period 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1iii Cumulative returns                                                                                   Figure 2iii Maximum drawdown 
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Appendix 3 (2 page) 

Risk based portfolios in 5-year period 

 

 

  

Figure 3iii Cumulative returns Figure 4iii Maximum drawdown 
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Appendix 3 (3 page) 

 

The Sharpe and Information ratios of six different risk-based portfolios  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5iii   5-year period 
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Appendix 4 

Table MSCI Indexes and corresponding products* 

 MSCI Style index Product 

1 MSCI Europe Value Weighted Index SPDR MSCI Europe Value Weighted UCITS 

ETF 

2 MSCI Europe Equal Weighted Index ICE Futures Europe MSCI Europe Equal 

Weighted (EUR/NTR) 

3 MSCI Europe Momentum Index Amundi ETF MSCI Europe Momentum 

Factor UCITS ETF 

iShares MSCI Europe Momentum Factor 

UCITS ETF 

4 MSCI Europe Quality Index Amundi ETF MSCI Europe Quality Factor 

UCITS ETF 

5 MSCI Europe High Dividend Yield Index Amundi ETF MSCI Europe High Dividend 

UCITS ETF 

Amundi ETF MSCI Europe High Dividend 

Factor UCITS ETF – D 

6 MSCI Europe Risk Weighted Top 100 

Index 

First Asset MSCI Europe Low Risk Weighted 

ETF 

The table provides information regarding existing products of investigated MSCI Style indices.  

*source: MSCI website 
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Appendix 5 

Alexander (2012) approaches that the log return is equal to the simple return is 

correct just in a case when the value of return is small one: 

ln(1 + 𝑥) ≈ 𝑥 𝑖𝑓 𝑥 𝑖𝑠 𝑠𝑚𝑎𝑙𝑙                                            (a1) 

ln (
𝑃𝑡+1

𝑃𝑡
) ≈

𝑃𝑡+1−𝑃𝑡 

𝑃𝑡
,                                                  (a2) 

where 𝑃𝑡 is a price of an asset at time t. 

 The frequency of the return measuring also plays an important role. The log return 

should be applied in cases for a very small intervals ∆𝑡 , such as daily, weakly, or 

monthly. 

The forward-looking n-period simple return is defined as: 

𝑅𝑛𝑡 =  
𝑃𝑡+1−𝑃𝑡

𝑃𝑡
=  

∆𝑛 𝑃𝑡 

𝑃𝑡
,                                         (a3) 

where ∆𝑛 is a forward difference of n periods.  

The log return of n-period is the sum of n subsequent one-period log returns. It can 

be shown through the disclosure of log asset prices in n-peiod. The log value of n-

period return is defined as: 

 

𝑟𝑛𝑡 = ln (
𝑃𝑡+1 − 𝑃𝑡

𝑃𝑡
) = ln (

𝑃𝑡+1

𝑃𝑡
) − ln(1) =  ln (

𝑃𝑡+1

𝑃𝑡
) = ln(𝑃𝑡+1) − ln(𝑃𝑡) = 

= ∆𝑛 ln(𝑃𝑡),                                                   (a4) 

or                                  ∆𝑛 ln(𝑃𝑡) =  ∑ ∆ ln(𝑃𝑡+1)𝑛−1
𝑖=0 .                                         (a5) 
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However, this rule cannot be applied to portfolio return: 

𝑟𝑝,𝑡 = ln(1 + 𝑅𝑝,𝑡) = ln(1 + ∑ 𝑤𝑖𝑅𝑖,𝑡
𝑛
𝑖=1 )  ≠  ∑ 𝑤𝑖𝑟𝑖,𝑡

𝑛
𝑖=1                   (a6) 

where 𝑟𝑖,𝑡 is a one-period log return on asset I, 𝑤𝑖 is a weight of an asset i. If the 

portfolio return is large, then 𝑅𝑝,𝑡 > 𝑟𝑝,𝑡 

For this case, the portfolio return is transformed from log version to simple one: 

𝑅𝑡 = 𝑒𝑟𝑡 − 1                                                   (a7) 
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Appendix 6 

The results of styles allocation with regime switching in the 5-year period 

Table a6.1 Regime switching statistics 

The table a6.1 reports the results of regime-switching estimation. Mean and volatility are conditional 

values. The conditional mean and conditional volatility are annualized. The logarithmic returns of six 

styles were used to make the estimation. The probability displays the value of transitional probability 

to continue in current regime. The total duration of regimes one and two is 60 months for each style. 

The estimations are done for the period from 01.2013 to 12.2017. The model does not work well in a 

short run. The low probability shows the persistence of the state 1-𝑝𝑖𝑖 .The number of observations is 

too short for estimating regimes whit persistent states. 

 

 

 

 

 

Figure a6.1 Aggregated weights in -year period 

Figure a6.1 plots weights of six styles. The figure shows that assets are regularly 

rebalanced 

 Regime 1 Regime 2 

 Probability 
Mean, 

% 
𝜎, % 

Duration, 

months 
Probability 

Mean, 

% 
𝜎, % 

Duration, 

months 

Value 0.240 1.74 1.75 36 0.001 -1.50 1.04 24 

Size 0.539 -0.67 1.12 36 0.117 4.81 0.86 24 

Momentum 0.312 6.85 3.17 26 0.559 0.57 1.04 34 

HDY 0.081 -1.48 2.76 27 0.001 -2.11 0.30 33 

Quality 0.656 1.27 0.40 31 0.479 1.33 2.65 29 

Volatility 0.715 1.74 0.36 46 0.00 -0.07 2.22 14 
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Portfolio characteristics for MSM, MD, EW, MSCI Europe for 5-year period  

Table a6.2 Portfolio characteristics  

 Regime – 

switching 

portfolio 

Maximum 

diversification risk 

parity 

Equally weighted 

portfolio 

Market index 

portfolio 

 Panel A: Period 2013 – 2017 

Mean return, % 8.16 8.36 7.98 6.99 

Volatility, % 10.98 11.06 10.95 11.37 

Table a6.2 represent the results of 5-year style allocations. Weights for the regime-switching portfolio 

are received using the log returns. Mean returns and volatilities are annualized values. The portfolios 

are done for the period from 01.2013 to 12.2017. The logarithmic returns were used for constructing 

conditions and transformed to simple return. The values of return are big which can cause the 

aberrations of values in the table .5.3.1 and the table 1vii. The portfolio with regime switching does 

not beat the risk-based portfolios in 5-year period, however, it outperforms other benchmarks, such as 

equally weighted and market index portfolios. 

The figure a6.2 displays the outperformance of the maximum diversify risk-based 

allocation in a short period from January 2013 to December 2017. 

 

Figure a6.2 Cumulative returns of regime switching portfolio and benchmarks 
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