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Abstract: The “technology bubble” in the late 1990s, the financial crisis in 2007/2008, and the
Eurozone crisis generated significant losses across several asset classes. The objective of this paper is
to investigate risk premia factors such as size, value, momentum, carry, quality, and low volatility
and their time-variant behavior. The time-variant behavior of these risk premia baskets has been
analyzed based on different financial conditions: The business cycle, the yield curve, equity market
momentum, and different risk conditions. Factor calculations are based on the MSCI World universe.
The monthly data set ranges from January 1995 to September 2017. The results underpin the prevalent
observation that equity risk factors consistently outperform the broad market and therefore generate
significant alpha. However, the paper shows that a dynamic allocation of risk factors can achieve
an attractive return—risk relation. The study shows very clearly how different risk factors behave
in different financial conditions and that an allocation to more offensive or more conservative risk

factors can outperform a diversified, equally-weighted portfolio.

Keywords: dynamic factor allocation; portfolio construction; risk premia

1. Introduction

Uncertainty and unforeseen market movements are not unusual in financial markets.
The “technology bubble” in the late 1990s, the financial crisis of 2007/2008, and the Eu-
rozone crisis are three recent examples. These crises generated dramatic losses in equity
value and ultimately leads to doubts about the benefits of equity risk factor diversification.
This leads to the question whether dynamic factor allocation generates an outperformance
compared to an equally weighted factor portfolio?

Dynamic factor allocation or “factor timing” is an area of academic and practical
research. The objective of this paper is to present the risk drivers behind equities and to
demonstrate that equities earn risk premiums because they are exposed to underlying risk
factors and asset classes are bundles of those factor risks. The final focus will be on the
construction of risk factor portfolios.

In addition, the work assesses the robustness and the field of application of equity
risk premia in portfolio management. This paper builds on conclusions drawn by current
academic research. This research makes the following contributions: Firstly, by using
a dynamic risk premium approach, it will be illustrated that the previously static- and
diversification-based academic papers should be expanded by a dynamic component.
Secondly, it focuses on six risk premia strategies namely size, value, momentum, carry,
quality, and low volatility, and the risk and return characteristics of these risk premia have
been investigated. Thirdly, factor timing strategies concerning the business cycle, interest
rate cycle and risk environment have been developed accordingly. Furthermore, behavioral
finance and neo-classical explanations are shown in the Table 1.
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Table 1. Behavioral finance and neo-classical explanations.

Economic Explanation

Equity Risk Factor

Behavioral- and Neo-Classical Rationales

Value

Equities whose prices can be classified as “undervalued” concerning their economic value are
referred to as value stocks. These deliver an excess return in the medium to long term. Economic or
fundamental value is determined based on various valuation factors and models. Empirical capital
market research cites higher default risk, overreaction to new information, index migration, and
“forced selling” as reasons. (Graham and Dodd 1934; Basu 1977, Basu 1977; Zhakanova Isiksal and
Jung 2019).

Quality

Equities of companies with high economic quality are referred to as quality equities. “Quality” is
defined by various key figures in the balance sheet, income statement, and cash flow statement.
Quality stocks prove superior to those with lower quality in the long run from a return/risk
perspective. Empirical capital market research identifies the overvaluation and “lottery effect” as
well as beta and leverage constraints on the investor side as reasons for this. (Ohlson 1980; Piotroski
2000; Asness et al. 2013).

Size

The size effect is the finding that small-capitalized companies generate an excess return over
large-capitalized companies in the medium- to long-term. The empirical literature suggests higher
default risks, liquidity risks, and index migration as reasons. (Banz 1981; Fama and French 1992;
Asness et al. 2015).

Carry

The carry effect refers to equities of companies that provide shareholders with long-term consistent
yield through stable and steady earnings growth, stable returns to shareholders through dividends,
and share repurchases. Research papers cite low dispersion in earnings estimates and underreaction
to new information as reasons for the excess returns of such equities (Daniel and Moskowitz 2013).

Momentum

Stocks with stronger price momentum deliver higher returns over time. Researchers from different
research directions found overreaction and underreaction to new information as the rationale.
(Jegadeesh and Titman 1993)

Low Risk

Equities with lower volatility have historically proven superior to equities with high volatility from a
return/risk perspective and are referred to as low risk. The observation is contrary to general capital
market theory and is attributed to overvaluation, “lottery effect”, beta, leverage, and short
constraints. (Haugen and Baker 1991; Blitz and Vliet 2008; Cowan and Wilderman 2011).

The robustness of these style allocation methods has been empirically examined by economic cycles (business
cycles and yield curve strategy) and market cycles (Momentum strategy and risk strategy).

In this regard, the major finding is a close link between the business cycle and the
prevalent risk regime, where economic expansion coincides with decreasing risk aversion
and economic downturns lead to increased risk aversion. However, the business cycle
strategy exhibits by far the most attractive return—risk relation.

The structure of this article is as follows: Section 1 presents the introduction, Section 2
introduces the literature review, Section 3 presents the data and methodology, Section 4
presents the results and discussions, and Section 5 concludes the paper.

2. Literature Review of Dynamic Factor Allocation

A large body of academic research has supported the dynamic allocation between
different asset classes—the asset allocation decision. Asset allocation is understood as the
efficient and optimal allocation of different asset classes considering the investor’s utility
function, or risk and return preferences. Asset allocation is the investment in different
asset classes across market regimes and across time. Giigi (1996) took the view that both
practice and academic literature distinguish between strategic, tactical, and dynamic asset
allocation. However, the allocation between different equity risk factors has not yet been
investigated satisfactorily. According to Schneeweis et al. (2010), the goal of tactical asset
allocation (TAA) is to generate a long-term alpha and a short-term improvement of the
risk-return characteristics of the portfolio compared to the strategic asset allocation by
changing allocations within and between asset classes. More specifically, this means that,
following Schneeweis et al. (2010), the investor has to assess the expected return of asset
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class E (R; 4+1), the current macro-economic changes AMS; as well as fundamental changes
AFS;:
E (Ri,t_}rl) — f(AMSt, AFSt)

TAA is, therefore, proactive and anticipates the behavior of markets. Dynamic factor
timing should be understood as being analogous to the tactical asset allocation process.
Harvey (1989) showed that equity risk premia are higher at business cycle troughs and lower
at peaks. Cochrane and Piazzesi (2005) found that term premia vary over time and show
countercyclical movements, which is also valid for exchange rate risk premia, according to
Lustig and Verdelhan (2007). According to Campbell and Cochrane (1999) as well as Bansal
and Yaron (2004), the two most well-known asset pricing models attribute this variation to
countercyclical changes in risk aversion and the volatility of the consumption process. The
research that equity risk premia vary over time is to be understood as legitimization for the
tactical asset allocation and dynamic risk factor timing. As Bender et al. (2017) stated, factor
premia are compensation for exposure to risk and the components are highly time-varying,
which explains the time-variance for factor premia. Examples of this are quality (high ROE
and ROA with low debt) and low volatility stocks, which were the best performing factors
in the last 5 years, but the worst performers in the bull market until 2008. Bender et al.
(2017) findings show that sentiment is closely related to financial conditions and the general
economic environment. Additionally, the US term spread can be used as an indicator for
weakening economic conditions. The steepest yield curve can be usually found during a
recession in which investors require higher compensation for risk-seeking assets. Therefore,
defensive assets are likely to underperform when approaching a recession. It is important
to note the time horizon for the different predictors. For example, unit-output growths,
personal savings rate, CPI and PPI, have strong correlations with value and investment
factors at 1-year horizons. The TED spread and term spread are strong predictors for
horizons greater than 6 months, particularly for the factor’s value, profitability, investment,
and momentum.

Additionally, the researchers also found a significant problem with those predictors,
as they have time-varying relationships. For example, widening credit spreads preceded a
good performance of the value factor in 2000-2001, but a poor performance in 2008-2009.
These findings indicate that predictors that were accurate in the past might not be accurate
in the future due to changes in other variables in the economy. A similar finding was
shown by Dai (2017), who conducted a multivariate regression analysis using different
bond yields and size, value, and profitability premiums. The resulting R2 (a measure of
explanatory power) was close to zero, which led Dai (2017) to conclude that there is no
robust relationship between interest rate changes and the size, value, and profitability
premiums.

The researchers did not specify the predicting explanatory variables that should be
used but referred to those in the existing literature (e.g., Federal Reserve discount-rate
changes Jensen et al. 1996) or the ratio of book value to the market value of common
equity (Chan et al. 1998). This asset allocation included the four Russel indexes and
other asset classes such as bonds. Within the model, they derived the probability that a
particular style index will outperform another index. Based on these probabilities, they
weighted the indexes or other asset classes in their portfolio, following several trading
strategies (both single style and mixed style). After making further improvements to their
trading strategies, by implementing probability thresholds, the best strategies were able to
significantly outperform the S&P 500.

A study by Bird and Casavecchia (2008) demonstrated that macroeconomic and market
factors were able (monthly) to predict the direction of the value premium over the next
12 months. The macroeconomic indicators used here were unexpected inflation, the Baa—
Aaa bond yield spread, the dividend yield on European equities, the change in the steepness
of the yield curve (10Y-3M), and the change in the inflation-adjusted 3-month Treasury
bill. Using their regression model, they achieved a forecasting ability of 70% for the next
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12 months to switch between their value and growth portfolios. This finding supports the
hypothesis proposed by Bender et al. (2013) that time horizons do play an important role.

According to Asness et al. (2017), implementing a successful contrarian timing strategy
is harder in practice and against relevant alternatives (diversified portfolios). His studies
showed that value spreads indeed have a mean-reverting nature, which suggests that style
timing would be possible. However, closer examination of the nature of style valuation
reveals that changes in style valuation are due to changes in portfolio positions or funda-
mentals, rather than prices. Hence, if the value style reverts to the mean, for example, this
reversion should not be expressed through changes in prices, which makes style timing un-
necessary. When exploring the timing for multi-style portfolios, it is important to recognize
that the correlations between the different styles may contradict each other. An increase
in the performance of momentum should usually occur at the expense of the value style,
as assets will have improved in price. Having a negative correlation, Asness et al. (2017)
compared the performance of a multi-style portfolio (combining value and momentum)
with and without value timing. They used the z-score of the book-to-price spread for each
style as a timing signal. The comparison showed no significant performance improvement
in that regard.

Asness et al. (2000) showed that expected return premiums can vary through time
as a consequence of rational or irrational forces. To achieve that, they used the following
valuation measures: earnings-to-price, book-to-price, and sales-to-price. After adjusting
those measures for different industries, they ranked the stocks for each measure and
weighted them based on their average rank. As a measure for growth, they used the IBES
median long-term EPS growth forecast at time t. The spreads of these measures (between
growth and value) were used to forecast returns. In the course of a regression, between
the actual returns and the predicted returns, R? had a low value, which indicates that the
model has low explanation power.

Arnott et al. (2017) described “smart beta” timing as “easy” and even implied that
the majority of market participants already do it without realizing it. The underlying
methodology to that hypothesis is a comparison between “trend-chasing” smart beta
strategies (the best performers in the recent time periods) and contrarian strategies (worst
performers of the recent time periods). The strategies consisted of 7 indexes (each index
included a set of 1000 US stocks) representing different factors or styles. The results showed
the relative outperformance of the contrarian strategies against the trend-chasing strategies
with the same volatility over the time horizons from 1, 3, 5, and 10 years. This supports the
thesis of Asness et al. (2017) that styles or factors do indeed have a mean-reverting nature.

Finally, it can be concluded that there are models that can predict future premia and
can therefore help the timing of certain factors. A definite disadvantage is that there will
always be some uncertainty since indicators that have worked in the past (and therefore also
models) might not be accurate predictors for the future. Some studies have demonstrated
that factor timing is possible for a given time horizon. These models are mostly reliant on
macroeconomic data and use already existing indexes in their portfolios.

Empirical Evidence on Risk Premia Factors

The most well-known factors among investors are market, size, value, and momentum.
Fama and French (1992) documented value and size, whereas Jegadeesh and Titman (1993)
and Carhart (2012) investigated momentum. These factors were documented by Ang et al.
(2009); Blitz and Vliet (2008); Huji and Verbeek (2009). However, these articles investigated
size, value, and momentum factors, as well as market factors. Ilmanen (2016) studied
value, momentum, carry, and quality. Bender et al. (2013) investigated the same six factors
(size, value, momentum, carry, quality, and low volatility) to measure the attractiveness of
one individual stock concerning a specific factor. All these factors consistently provided
positive returns. Thus, the equity premium is documented by the empirical evidence (e.g.,
Dimson et al. 2016). This study focuses on six factors following Bender et al. (2013).
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De Bondt and Thaler (1985, 1987) documented that long-term past losers would
outperform long-term past winners. Jegadeesh (1990) and Lehmann (1990) stated that
stocks selected based on the previous week’s or month’s return tend to outperform others.
Moskowitz and Grinblatt (1999) documented momentum effects at the industrial level.
Daniel and Moskowitz (2013) found so-called “momentum crashes” and documented a
high tail risk in momentum strategies, which was a sign that momentum could be defined
as a risk factor. Pastor and Stambaugh (2003) explained the momentum returns with
liquidity risk and Asness et al. (2013) showed a strong correlation among momentum
stocks and interpreted this as a common source of a risk factor. Barberis et al. (1998) as
well as Hong and Stein (1999) investigated the underreaction phenomenon and justified
momentum with the short-term underreaction of market participants when processing
information. Hirshleifer (2001) and Barberis and Thaler (2003) explained the anomaly by
an underreaction to earnings announcements and news or a delayed reaction Backhaus
and Isiksal (2016). Momentum would continue as a “pervasive phenomenon” until there
would be large deviations from the fundamental price as a result of market reversals and
this confirmed the existence of the value factor (Vayanos and Woolley 2013).

Graham and Dodd (1934) set the foundations of value investing with their book

“Security Analysis”. Asness et al. (2015) demonstrated that higher risk-adjusted returns are

the result of leverage constraints regarding value. Zhang (2005) argued that companies
with low valuations are unable to respond to flexibly unforeseen environmental trends as
companies with a high valuation. Therefore, investors need an additional premium as a
form of risk compensation. Koijen et al. (2017) showed that value premium is compensation
for macroeconomic risk.

Historically, under normal market conditions, low volatility stocks have performed in
line with high volatility stocks; however, during market crises, investors seek safer assets
and low volatility stocks tend to outperform as a result. Option-like behavior is often cited
as a reason for the premium, and hence, the outperformance of low volatility stocks. The
robustness of the volatility premium was confirmed by Chan et al. (1999); Jagannathan
and Ma (2003); Clarke et al. (2006). The low beta premium reveals that low beta stocks
outperform high beta stocks (Baker et al. 2011). Frazzini and Pedersen (2014) confirmed the
low beta phenomenon.

Koijen et al. (2017) found that the carry strategy was not correlated with value and
momentum strategies. Additionally, carry predicts returns in cross-sectional and time-
series data for different asset classes such as equities, bonds, and commodities. Koijen et al.
(2017) defined the carry of a futures contract as the expected return if the spot price does
not change over the holding period. Israel and Maloney (2014) showed that higher-yielding
assets provide higher returns than lower-yielding assets and supported the risk hypothesis
which contradicts the pure expectation and uncovered interest rate parity hypothesis.
Based on historical data analysis, carry strategies suffer from large drawdowns in periods
of market distress and liquidity risk and exhibit tail risks (Roncalli 2017). Binsbergen et al.
(2012) and Ahmerkamp and Grant (2013) demonstrated that variables known to be related
to the business cycle such as default spread, term spread, and T-bill yield could predict
carry returns. These findings and the vast amount of empirical research regarding currency
carry trades, such as Brunnermeier et al. (2008), have shown that carry returns are related
to the business cycle and to recession and expansion periods, which confirms that carry
returns are a compensation for time-varying risk premia. Pastor and Stambaugh (2003)
detected the liquidity risk inherent in carry strategies. Bansal et al. (2014) showed the
volatility risk of carry trades and Lettau et al. (2014) showed the downside risk exposure.
Overall, carry strategies are affected by different risk factors, and therefore the assumption
of the risk premium theory holds.

Quality is similar to value investing, according to Graham (1949). Graham (1949)
selected low volatility stocks from companies with low leverage and stable earnings (quality
companies). Based on the Barra style model, Goldberg et al. (2015) posited that the quality
factor loads positively affect earnings yield and negatively on beta, residual volatility,
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and leverage factors. These findings were consistent with the profile of quality investing
(Goldberg et al. 2015). Asness et al. (2015) defined quality as stocks that were safe, profitable,
growing, and well-managed. Piotroski (2000) considered three dimensions of quality:
profitability, leverage/liquidity, and operating efficiency. Norges Bank’s (2015) empirical
evidence exhibited that high-quality stocks generated superior returns and they stated that
it was unclear whether the quality premium was compensation for non-diversifiable risk.

Bali et al. (2016) examined the relationship between small-cap companies and expected
stock returns and found that small-cap stocks strongly outperformed large caps. They
demonstrated that the excess return was mainly driven by small-cap stocks.
Leledakis et al. (2004) exhibited the excess return of small-sized companies in the UK
market. Winkelmann et al. (2013) showed a higher sensitivity of small-cap stocks to
economic shocks than large caps. Therefore, the premium was compensation for macroeco-
nomic risk.

3. Empirical Investigation

Each factor reflects a distinct risk premium and has a clear economic rationale. We
define six factors according to the following characteristics:

Size: market cap, = Py*ny¢ 1)

where P; and n; describe the stock price and the number of stocks outstanding at time £,
respectively. This factor is referred to as the “small firm effect”, as smaller firms tend to
outperform larger ones on a long-term horizon.
. Py

Value: price — to — book = B, (2)
where B; represents the book value per share, P; is a price per share. There are other value
measures such as price-to-earnings, price-to-cash-flow, price-to-sales, etc. This study aims
to search for a simple and transparent way of measuring risk premia. For this reason, the
most popular version of the value measure was chosen, and individual stocks were ranked
on a price-to-book basis.

Py_q

-1 3
Pi_1o ©)

Momentum: Ry 1p-1 =

The last month’s return is skipped due to reversal effects at the stock level and the
momentum figure is calculated by dividing the price P at t — 1 by the stock price 12 months
ago. The concept of momentum effect is that on average, past winners tend to outperform,
while past losers keep underperforming.

Carry: dividend yield = % 4)
t
The total return of a stock investment can be divided into two components: dividend
yield and capital gains. The bird-in-hand theory states that investors prefer the certainty of
dividend payments over the possibility of substantially higher future capital gains. Thus,
stocks with high dividend payouts are sought by investors and consequently command a
higher market price.
E
Quality: ROE = B—t (5)
t
High earnings E; relative to book value B; mean higher profitability and thus, higher
future growth in sales and earnings.
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The low-volatility anomaly is the observation that portfolios of low-volatility stocks
have higher risk-adjusted returns than portfolios with high-volatility stocks.

The universe consists of all stocks from the MSCI World index. The underlying
benchmark for model backtesting will be represented by an equal-weighted factor index
(strictly speaking, every single factor has a one-sixth weight) based on MSCI World factor
indices. Rebalancing occurs at the end of each month. The stock returns and accounting
data are retrieved from Datastream and Bloomberg. The sample period is based on monthly
data starting in January 1995 and ending in September 2017. At the end of each quarter,
all securities are ranked in ascending order according to their factor measure. Based on
these rankings, ten decile portfolios are created where the stocks are equally weighted
within the top decile, the second decile, and so on. The top decile portfolio is called the
“losers” decile and the bottom decile is called the “winners” decile. Stocks in the fifth and
sixth portfolios represent the “center” of the distribution. Since the universe comprises
more than 1600 stocks in each case, each individual basket contains at least 160 securities
(companies with negative book values are excluded).

For this research, the three bottom deciles are considered to fully capture the char-
acteristics of each factor (long-only). The relevant return and risk characteristics of each
factor are found in a sample that is much larger than one decile. In the case of significant
differences between the first and subsequent portfolios, it would not be possible to conclude
that a risk premium exists that continuously declines from best to worst portfolios. The
reallocation procedure can be described as follows: every quarter, the strategy buys the
three bottom portfolios and holds this position for the next three months. After three
months, the next reallocation takes place, and a new factor portfolio is constructed that is
held for the next three months. These steps reoccur until the end of the sample period.

Each factor portfolio is assessed by the following return and risk measures: return per
annum, volatility per annum, return—risk ratio, and skewness. The skewness describes the
degree of asymmetry of returns. Skewness is defined by the following equation:

Low Volatility: 250d volatility =

v=ii(&;Rf @)

t=1

Moreover, we calculate the beta of individual strategies (these strategies will be based
on factor timing concerning price momentum, business cycle, yield curve, and risk regimes)
concerning the equal-weighted factor index and test the resulting intercept (which can
be interpreted as the factors alpha) for statistical significance. In this context, we run the
following time series regression for the entire sample period:

Rrp — Rg = o + B*(Ryv — Rg) +-€ 8)

Rgp and Ry are the monthly returns of the relevant risk premium portfolio and the
factor index, respectively. Under the null hypothesis, there is no existence (and therefore
economic significance as well) of abnormal returns concerning one individual risk premium.
In this case, the alpha, & value would barely deviate from zero. In contrast, beta 3 describes
the strength of co-movement of the factor concerning the factor index, R is a risk-free rate
and e is the error term.

To analyze the different behavior of these risk premia baskets, the return characteristics
in different market regimes have been investigated. As a starting point, market regimes
based on business cycle phases have been defined. Therefore, a business cycle indicator
has been created which captures four relevant phases of market activity. Since capital
markets lead economic indicators by 6 to 9 months, it was decided to include only market
movements into that cycle indicator.
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The single indicators are derived from different classes and regions around the world.
Their construction is based on the so-called z-score approach (one observation will be
normalized by their historical mean and standard deviation) with a trailing window of
500 business days. The main groups that form the overall indicator are equity markets, bond
markets, credit markets, and commodity markets. To obtain a comprehensive view of the
business cycle, four phases that differ in level and change are defined. An optimal measure
of change should be sufficiently fast to identify market highs and troughs immediately
after they occur but should also exhibit low fluctuations to avoid false signaling. Hence,
the 3-month change of the business cycle indicator was defined as the appropriate measure
of change. The final phases resulting from these two measures can be classified as expansion
(positive value, positive change), peak (positive value, negative change), recession (negative
value, negative change), and recovery (negative value, positive change).

Following that classification, the return characteristics of the individual risk factors
were examined as a function of the market regime. Therefore, the monthly return of each
risk premium was allocated to the phase of the business cycle, which has been measured
at the end of the prior month. Finally, the last step involves the creation of a factor
rotation strategy that selects single factors based on the current business cycle stage. At
the end of each month, the business cycle indicator determines the current phase. Based
on this observation, three out of six factors are chosen concerning their return and risk
characteristics shown in this phase. To obtain an impression of this superior selection tool,
a momentum and a yield curve strategy have also been constructed. The former ranks risk
premia according to their price momentum over a six- and nine-month horizon. The latter
picks risk premia based on their return and risk characteristics shown in different interest
rate cycles, as measured by the slope of the US yield curve. Thus, the range of yield curve
slope realizations (roughly from —50 to 300 basis points within the observation period) was
divided into four single areas.

Furthermore, we investigated style behavior among different risk regimes. The under-
lying analysis will be based on a macroeconomic risk indicator. The indicator measures
stress in traditional risk-sensitive implied volatilities for FX options, equity options, and
interest rates, three-month TED-spread, corporate CDS spreads as well as emerging market
sovereign spreads. The indicator is available in the Bloomberg information system. Ex-
change rate volatility is measured by the 3-month implied volatility of different currencies.
Equity market volatility is represented by the VIX and VSTOXX, the implied volatilities
of the US and European equity markets, respectively. Interest rate volatility is measured
by the volatility of European and US bond markets. The Ted-spread tracks the difference
between the 3-month USD LIBOR and the yield on 3-month US T-Bills. Credit default
swaps are used for European and US high yield markets. Emerging market spreads mea-
sure the premium of emerging market hard currency bonds versus US Treasury bonds. The
overall risk indicator will be determined by the so-called “percentage rank procedure” on a
single-indicator level with a trailing window of 250 business days. The respective strategy
selects risk premia according to their return behavior in the prevailing risk environment. To
remain consistent with the business cycle and yield curve classification, four phases were
defined conditional on the current risk perception, which can be described as complacency,
risk on, risk off and crash.

4. Empirical Results

Momentum (Table 2) realized an average return of 10.26% per annum and it has the
lowest skewness, which is superior to the other factors. The return-risk ratio is quite
remarkable. Small caps have the highest volatility among all factors. Value stocks have the
lowest average return and the lowest return-risk ratio. Quality stocks deliver a promising
return due to their less risky nature, whereas quality stocks exhibit smaller volatility and
thus a superior return-risk ratio. It is also noteworthy that the low volatility factor shows
the lowest volatility and the highest return-risk ratio, although it has the highest (in
absolute terms) skewness ratio among all factor strategies (—1.88). This supports the view
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that low volatility stocks (as a long-only portfolio) only deliver small positive returns amid
a rising trend. In contrast, other risk premia returns are somewhat more symmetrically
distributed, as positive returns partly offset negative returns.

Table 2. Risk Premia—Comparative Statistics.

Statistics Size Value Momentum Carry Quality Low Volatility
Return p.a. 9.59 7.79 10.26 8.35 9.32 8.69
Volatility p.a. 17.53 17.29 17.24 16.82 16.04 12.09
RR-Ratio 0.55 0.45 0.60 0.50 0.58 0.72
Skewness —1.06 —1.25 —0.92 —1.53 —1.05 —1.88

Source: Authors” own calculation.

Figures 1 and 2 present the business cycle indicators that were previously introduced.
A value above 0 indicates that the market is in an uptrend (equities and corporate bonds
are rising, as well as interest rates and commodities). In contrast, negative readings identify
falling markets and increased risk aversion. The chart clearly emphasizes several risk-on
periods (20032006, 2012-2014, 2016-today). Additionally, recessionary phases have been
also identified at an early stage. The indicator points to further expansion ahead.

To incorporate this indicator in our analysis framework, the conditional mean return
concerning the business cycle was calculated over the entire sample to obtain a clear picture
of the market dependency of individual risk premia. Table 3 summarizes these results.

| " M CAAYS
Al m ', l'

1997 2000 2003 2006 2009 2012 2015
—Business Cycle Indicator

Figure 1. (Global) business cycle indicator since 1995. Source: Authors” own calculation.
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0
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The full range of risk premia strategies can be divided into two subgroups: cyclical
strategies consisting of size and momentum which deliver superior returns in trending
markets (in most cases uptrends) and defensive strategies such as quality and low volatility,
which outperform when markets have peaked or show signs of entering a recession. The
most striking observation is the relative independence of the value factor regarding market
phases, as value is always placed at the center of the distribution (except for the peak
phase which is marked by growth/momentum outperformance). One major reason for
this behavior is its continuously changing composition of sectors. Phases have occurred
where value has been more tilted to cyclical sectors such as consumer discretionary and
financials as well as phases where value has mainly consisted of defensive stocks stemming
from telecoms and/or utilities. These mentioned sectors usually show favorable valuation
and/or high cost of equity.

r 40

- 40

2000 2003 2006 2009 2012 2015
mmExpansion == Peak = Recession == Recovery MSCI World (12M%; rhs)

Figure 2. Classification in business cycle phases and equity markets. Source: Authors” own calculation.

Table 3. Business cycle and risk premia returns.

Business Cycle Stage Size Value Momentum Carry Quality Low Volatility
Expansion Strong Moderate Strong Weak Weak Weak
Peak Weak Weak Strong Strong Moderate Moderate
Recession Weak Moderate Moderate Weak Strong Strong
Recovery Strong Moderate Moderate Moderate Weak Weak

Source: Authors” own calculation.

Likewise, the conditional (annualized) volatilities of each strategy were calculated and
ranked from risky via medium to conservative (Table 4).

Table 4. Business cycle and risk premia volatilities.

Business Cycle Stage Size Value Momentum Carry Quality Low Volatility
Expansion Risky Medium Risky Conservative Medium Conservative
Peak Risky Medium Risky Medium Medium Conservative
Recession Risky Risky Conservative Risky Medium Conservative
Recovery Risky Risky Conservative Risky Medium Conservative

Source: Authors’ own calculation.
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It is also important to note the risk behavior of individual risk premia across different
cycle regimes. Small caps show high volatility behavior, whereas low volatility stocks fluc-
tuate least. Both observations coincide with our findings shown above. Momentum shows
the typical behavior that was expected: high beta in uptrends and low beta in downtrends.
We also note that value and carry stocks seem to be highly (positively) correlated with each
other in turbulent phases. Both exhibit high volatility in recession/recovery phases, which
points to increased cyclicality. Nevertheless, during expansion phases, value maintains its
common features, whereas high dividend stocks show significantly fewer fluctuations. It
seems that carry, in this case, behaves such as quality (during “good” economic times, high
dividend payers coincide with stable dividend payers), which is also confirmed by their
similar return characteristics. Table 5 presents the final results of the return behavior of
individual risk premia across yield curve regimes.

Table 5. Yield curve and risk premia returns.

Yield Curve Size Value Momentum Carry Quality Low Volatility
Expansion Strong Moderate Strong Weak Moderate Weak
Peak Weak Moderate Strong Moderate Strong Weak
Recession Moderate Weak Moderate Weak Strong Strong
Recovery Strong Strong Weak Strong Moderate Weak

Source: Authors” own calculation.

This table emphasizes that size and momentum deliver superior returns in trending
markets (in most cases uptrends, while defensive strategies such as quality and low volatil-
ity outperform when markets have peaked or might enter turbulent periods). However, as
opposed to the business cycle analysis, momentum stocks perform poorly in recovery. This
phase (as measured by the yield curve) is usually characterized by an extremely steep yield
curve, which often coincides with a market low. As the trend direction changes quickly,
momentum (which is low-beta at this time) is set to underperform. This finally results in the
well-known momentum-crash (when looking at long-short portfolios). The performance
ranking of different risk premia concerning the risk environment is shown in Table 6.

Table 6. Risk environment and risk premia returns.

Risk Environment Size Value Momentum Carry Quality Low Volatility
Complacency Strong Moderate Strong Moderate Weak Weak
Risk On Moderate Weak Strong Strong Moderate Weak
Risk Off Moderate Moderate Weak Weak Strong Strong
Crash Weak Weak Strong Moderate Strong Moderate

Source: Authors’ own calculation.

Here, the performance picture of individual risk premia seems to be rather heteroge-
neous as compared to the business cycle or yield curve strategy. Momentum continues to
benefit in trending markets (complacency and risk on), while quality and low volatility
stocks profit in risk-off phases. Small caps only show significant behavior at the tails of the
risk distribution and carry returns are not assignable at all. Figure 3 presents the interest
rate cycle as a function of the slope.

We now turn our attention to the results that are depicted in Table 7. Our business
cycle strategy exhibits (except for the risk strategy) by far the most attractive return—risk-
relation. It delivers both the highest return and alpha over the sample period. In contrast
to the momentum strategy, which exhibits a high skewness in absolute terms, the business
cycle strategy’s skewness is even lower than that of the (equal-weighted) factor index. The
alpha reading of 0.04 seems to be relatively high and suggests a steady outperformance
over time. The momentum and yield curves are not able to compete with this, but also
show positive alpha values. The yield curve’s skewness (Table 6) of —0.98 is the lowest
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among all strategies; however, the return-risk ratio does not appear to be satisfactory.
Nevertheless, it should be noted that the strategy based on the risk indicator delivers
similar results (compared to the business cycle approach). In addition, skewness and alpha
have the same magnitude, it refers that business cycle and risk perception are interlinked:
economic expansion coincides with decreasing risk aversion, whereas economic downturns
are associated with rising risk aversion. This is one of the main findings of this paper. It
also confirms the behavior of the investors during the global financial crisis.

1 - 300
- 250
- 200
- 150
- 100
- 50
-0
0 - -50
1997 2000 2003 2006 2009 2012 2015
mm Expansion ==mPeak =@ Recession ®mRecovery US Yield Curve (10Y-2Y; rhs)
Figure 3. Classification of the interest rate cycle and US yield curve. Source: Authors’ own calculation.
Table 7. Factor Timing Strategies—Comparative Statistics.
Statistics Momentum Business Cycle Yiled Curve Risk Equal Weighted Factor Index
Return p.a. 10.36 11.87 10.51 11.65 9.17
Volatility p.a. 15.40 15.98 16.19 15.71 15.39
RR-Ratio 0.67 0.74 0.65 0.74 0.60
Skewness —1.50 -1.22 -0.98 -1.21 —1.31
Alpha 0.02 0.04 0.02 0.04 -/-
Beta 0.98 1.03 1.04 1.01 -/-

Source: Authors’ own calculation.

Thus, each strategy in Figures 4-15 (business cycle, momentum, yield curve, and
risk) outperforms the equal-weighted factor index. The business cycle strategy generates
positive alpha. The excess beta of the business cycle strategy (above one most of the time)
indicates that the strategy can successfully adapt to the current development of equity
markets. Since equities are trending higher most of the time, the strategy anticipates this
behavior by selecting factors with higher beta (which outperform in phases of rising stock
markets) on average.
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Figure 4. The relative performance of factor timing strategies (benchmark: equal-weighted factor
index). Source: Authors” own calculation.
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Figure 5. Absolute performance of factor timing strategies. Source: Authors’ own calculation.
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Figure 6. Momentum strategy vs. equal-weighted factor index. Source: Authors” own calculation.
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Figure 7. Business cycle strategy vs. equal-weighted factor index. Source: Authors” own calculation.
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Figure 8. Yield curve strategy vs. equal-weighted factor index. Source: Authors” own calculation.
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Figure 9. Risk strategy vs. equal-weighted factor index. Source: Authors” own calculation.
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Figure 10. Calendar year performance of momentum strategy. Source: Authors” own calculation.
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Figure 11. Calendar year performance of business cycle strategy. Source: Authors” own calculation.
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Figure 12. Calendar year performance of yield curve strategy. Source: Authors” own calculation.
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Figure 14. Three-year rolling alpha of risk premia timing strategies. Source: Authors’ own calculation.
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Figure 15. The three-year rolling beta of risk premia timing strategies. Source: Authors’ own
calculation.

5. Conclusions

The sample period is based on monthly data from January 1995 to September 2017.
The universe consists of all stocks from the MSCI World index. This paper focuses on six
risk premia strategies namely size, value, momentum, carry, quality, and low volatility.
The risk and return characteristics of these risk premia have been investigated and factor
timing strategies concerning the business cycle, interest rate cycle, and risk environment
have been developed accordingly.

The robustness of these style allocation methods has been empirically examined by
business cycles. In this regard, it was found that there is a close link between the business
cycle and the prevalent risk regime, where economic expansion coincides with decreasing
risk aversion and economic downturns lead to increased risk aversion. However, the
business cycle strategy exhibits by far the most attractive return-risk relation. The excess
beta of the business cycle strategy (greater than one most of the time) indicates that the
strategy can successfully adapt to the current development of equity markets. Since equities
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are trending higher most of the time, the strategy anticipates this behavior by selecting
factors with higher beta (which outperform in phases of rising stock markets) on average.
It can be concluded that these models can predict future premia and therefore support the
timing of certain factors. However, investors must be aware that indicators and models
that may have worked in the past might not be accurate predictors for future returns.

The research of this paper is valuable to include extensions. First, the business cycle
allocation scheme can be examined for further research and robustness. More precisely, it is
the applied business cycle concurrent or ahead of the official business cycles as published by
NBER (National Bureau of Economic Research), and how robust is the proposed business
cycle model in the area of inflection points. Secondly, the combination of different factors
should be examined in each case; the benefits of adding further risk factors such as ESG
factors.
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