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ACTIVE PORTFOLIO MANAGEMENT IN THE PRESENCE OF REGIME
SWITCHING: WHAT ARE THE BENEFITS OF DEFENSIVE ASSET
ALLOCATION STRATEGIES IF THE INVESTOR FACES BEAR
MARKETS?

KLAUS GROBYS

ABSTRACT. This paper studies the asset allocation decision in the presence of regime switch-
ing in stock market returns. The analysis is based on two stock indices: DJI 30 and OMX
30. The two-step optimization procedure employed points towards the usage of defensive
asset allocation strategies under bear markets and ordinary index tracking strategies under
bull markets. The out-of-sample experiments strengthen the performance of active strategies
that distinguish between different regimes. Moreover, the Sharpe ratios of portfolios based
on such strategies are higher than the ones of ordinary index tracking based portfolios.

1. INTRODUCTION AND LITERATURE REVIEW

The portfolio selection process has become an important issue of modern portfolio man-
agement. The traditional stock selection in prior related studies involves the optimization
procedure in a mean-variance framework. Based on the seminal work of Markowitz (1959),
Sharpe (1964), Black (1972) and Black and Litterman (1992) proposed a means of estimating
expected asset returns to obtain better-behaved portfolio models. The Black and Litterman
(1992) model, which is often referred to as active strategy, optimizes expected stock returns in
a mean-variance framework, constructing a portfolio in which bets are taken only on stocks for
which the portfolio management has opinions on future expected returns. Thereby, the mag-
nitude of bets in relation to the equilibrium portfolio weights depends on the confidence levels
specified by the management and on a parameter specifying the weight of the collected investor
beliefs in relation to the market equilibrium, the weight-on-views. The Black and Litterman
(1992) portfolio optimization model is widely applied, discussed and refined in the literature,
as in studies by Chow (1995), Jones et al. (2007), Martellini and Ziemann (2007). However,
Phengpis and Swanson (2011) argue that the magnitude of suggested gains that can be real-
ized after portfolio formation is questionable, as the historically optimized portfolio tends to
perform poorly out-of-sample due to the estimation error. In particular, the stocks that have
performed well tend to be overweighted in the historically optimized portfolio. Other portfolio
optimization procedures, which focus mainly on tracking indices, are often referred to as passive
strategies. In particular, optimized sampling as suggested by van Montfort, Visser and Fijn
van Draat (2008) aims to find the portfolio that has tracked the underlying index as much as
possible in the past, hoping it will track the index the same way in future periods.

According to Alexander (1999) and Alexander and Dimitriu (2005a), correlation based port-
folios can be very sensitive to the presence of outliers, non-stationarity or volatility clustering.
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Hence, they consider portfolio optimization procedures which are based on cointegration analy-
sis. The cointegration approach to portfolio modeling allows for using the entire information
set in a system of stock prices. According to Granger and Terasvirta (1993) stock prices are
long-memory processes and therefore, cointegration can explain their long-run behavior. Friesen
et al. (2009) argue that there is convincing evidence that stock prices display short-term mo-
mentum over periods of six to twelve months involving mean reversion, as already suggested
in studies by De Bondt and Thaler (1985), Chopra et al. (1992) and Jegadeesh and Titman
(1993). In contrast to correlation analysis, optimization procedures based on cointegration
analysis aim at tracking the stochastic trends cached in the stock prices. Overall, this line of
research outperforms its counterpart based on correlation analysis. Studies that investigate the
performance of portfolio optimization procedures based on cointegration analysis can be found
in Alexander and Dimitriu (2005a, b), Grobys (2010) and Phengpis and Swanson (2011).

Even though Alexander and Dimitriu (2005b) conclude that the entire abnormal return of a
cointegration based trading strategy is associated with the high volatility regime, their study
does not account for an actively selected defensive strategy in such stock market crashes. But
what is the advantage of taking actively defensive positions when the investor faces a persistent
price bust, respectively, stock market crash? Extreme positions in stocks are basically associated
with higher trading costs, but may it be that lowered losses induced by defensive positions
overcome the potentially higher trading costs' aforementioned? Boldin and Cici (2010) show
that less than half of the actively managed equity funds outperform the average S&P 500 index
fund, which suggests that more importance should be given to strategically timing the market.

Guidolin and Timmermann (2008) see mounting empirical evidence that asset returns do
not follow linear processes with stable coefficients, but a more complicated process involving
different regimes which are associated with individual return distributions. The latter is also
supported by studies of Ang and Bekaert (2002a, b), Ang and Chen (2002), Guidolin and
Timmermann (2005a, b, 2006a, b, ¢), Perez-Quiros and Timmermann (2001) and Whitelaw
(2001). Typically observed regimes in stock markets are often referred to as bull- and bear
markets or, in statistical terms, as low frequency trends which switch between persistent periods
exhibiting positive or negative returns on expectation. Traditional methods which are employed
in order to identify these trends rest typically upon an ex post assessment of the stock markets’
peaks and troughs. Gonzalez et al. (2005), Lunde and Timmermann (2004) and Pagan and
Sossounov (2003) provide such dating algorithms involving a set of rules for classification. These
approaches have in common that a turning point can only be figured out several observations
after it had occurred. Furthermore, the latent nature of low frequency trends is not accounted
for in any of these methodologies. Thus, they do not allow for statistical inference. Probability
models which can be employed for statistical inference in the presence of low frequency trends are
the Markov-Switching (MS) models for which transitions between states, respectively, regimes
are governed by a discrete parameter Markov chain (Guidolin and Timmermann, 2008, Grobys
2011).

Ang and Bekaert (2002a) introduce regime switching into a dynamic international asset
allocation setting. Thereby, they investigate a U.S. investor with constant relative risk aversion
maximizing the expected end-of-period utility and dynamically rebalancing the portfolio. While
estimating regime-switching models on U.S., U.K., and German equity, their findings give
evidence of a high-volatility, high-correlation regime which tends to coincide with a bear market.
The main result of the study is that the high volatility regime mostly induces a switch toward
the lower volatility assets, which are cash (if available), U.S. equity, and also German equity,
if available. The statistical model employed by Ang and Bekaert (2002a) is a two-state regime

If a portfolio manager takes extreme positions in stocks to take advantage of momentum effects, the positions
have to be changed, respectively, rebalanced more frequently in comparison to a portfolio that is constructed for
ordinary index replication, only. This may be a matter of the momentum effects, as the latter can be seen as
stochastic short-run movements requiring highly frequented rebalancing and, as a consequence, higher trading
costs (see also section “Discussion of the Results”).
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switching model in which the states are assumed to be observable as mentioned by Guidolin
and Timmermann (2008).

Guidolin and Timmermann (2008) study the asset allocation decision in the presence of
regime switching in asset returns and their model involves four states: crash, slow growth, bull
and recovery. In contrast to Ang and Bekaert (2002a), Guidolin and Timmermann (2008) and
Grobys (2011) treat the regime switching variable as unobservable. Guidolin and Timmermann
(2008) investigate the optimal asset allocation of an US investor between bonds, stocks and cash.
Against Barberis’ (2000) suggestion that the weight on stocks should increase as a function of
the investor’s horizon, Guidolin and Timmermann (2008) find that this is no longer the case
when change in regimes may occur, as the weight on stocks increases in the investment horizon
only when investor faces the crash state at the time when the investment decision is made.
Against this, the optimal allocation to stocks declines as a function of the investment horizon
when the investors face a bull market, slow growth or recovery state. However, Guidolin and
Timmermann (2008) underline that investors are supposed to adjust their portfolio weights as
new information arrives.

This contribution takes the presence of stock market regimes as a starting point and proceeds
to characterizing asset allocation implications for the equity portfolio management. The mod-
eling approach can be divided in two parts: in the first step, the current stock market regime is
estimated and this approach is closely related to Ang and Bekaert (2002a, b) and in particular
Guidolin and Timmermann (2008) and Grobys (2011). The second step presents the optimiza-
tion procedure which is dependent on the current regime. Thereby, the cointegration approach
in accordance to Alexander (1999) and Alexander and Dimitriu (2005a, b) is employed in order
to exploit stock markets’ short-term momentum. There are no studies available that take into
account both features at the same time, namely a multiple asset allocation procedure embedded
in a two-step approach whereby the optimization procedure is dependent on the current state
of the system. This contribution which belongs to the literature of active portfolio management
remedies this current gap.

The next section provides an overview about the statistical methodology including statistical
tests to assess the model selection. Afterwards, the results of the study are discussed. The last
section concludes and identifies possible areas of future research.

2. ECONOMETRIC METHODOLOGY

The section describes a multiple asset allocation strategy with portfolios that aim at tracking
the underlying stock indices. Two strategies will be compared with each other. The first
strategy will be referred to as ordinary index-tracking strategy and considered as a passive
asset allocation strategy where the tracking-portfolio will be rebalanced regularly, irrespective
if the investor faces a bull- or bear-market. The second strategy will be referred to as defensive
strategy and considered as an active asset allocation strategy where the tracked index switches
between the ordinary index and an artificial index. The latter will be referred to as defensive
index. In doing so, the current regime can either be a bull-market where the investor expects
positive returns in the middle-run, or a bear-market where negative returns are expected.

Following Guidolin and Timmermann (2008), it will be supposed that the stock markets’
mean and covariances in returns are driven by a common state variable, S,,, that takes integer
values 1, ..., K:

p
'm = Mg, + Z Qq,S,, " Tm—j + Em (1)
j=1
T1im H18,, D Tim—j €1m
= s | | (2)
Jj=1
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In equation (1) p1, denotes the expectation of the respective stock-market and ry, denotes the
corresponding stock-market return at time mwhere the index m = 1, ..., Mindicates a monthly
frequency series of log-returns. The parameters a1 s,,, .-, ap s,, and the mean pg depend on the
current state S,,. In Equation (2), (S1s,,,...,Sns,, ) is the expectation of the vector of returns
(r1,,,-,7N,, ) and it is state-dependent. Furthermore, (g1, ,...,en,, ) G N(0,> g, )where N
denotes the number of stock markets. If k£ = 1.0, equation (1) will be in line with Guidolin and
Timmermann (2008) simplified to a standard vector-autoregression.

In the following, regime switching in the state variable S, (i.e. from*“bear market” to “bull
market” for instance) is governed by the transition probability matrix Pthat is a K?matrix
with elements

PT(Sm =1 | Sm,1 :]) :pw,wzthz,] = 1, ,K (3)

where Kdenotes the number of states that are accounted for. For K = 2the transition
probability matrix is

pll p21 pll 1—p22 ..
P= <p12 p22> - <1 —pll  p22 ) = (vij) “)
Hence, each regime is the realization of a first-order Markov chain with constant transition
probabilities. As the state variable S, is unobservable, a filtered estimate has to be computed
from the vector r,,. Thus, the model allows the return and covariances to vary across states
involving strong asset allocation implications for the active asset allocation strategy considered
here. For instance, knowing that the current state is a bear state, the management will invest
in stocks exhibiting the lowest expected losses and, thus, are expected to exhibit the most
defensive properties. Estimation will be performed by maximizing the log-likelihood function
associated with (1)-(4), respectively, (2)-(4). As S, is assumed to be unobservable, it has to
be treated as latent variable which requires the EM algorithm described in detail by Hamilton
(1989) and discussed further by Guidolin and Timmermann (2005a). In determining the market
regime the selection between univariate and multivariate models depends on the correlation
between stock markets. The latter is tested as follows: under the null hypothesis the N stock
markets considered exhibit no significant correlation. In contrast, the alternative hypothesis is
in favor of a multivariate model. Under the null hypothesis, the test statistic A is asymptotically
distributed as

N i1
A=TY > pi 0 x; (5)
i=2 1=1

where ¢ = (N — 1)N/2 degrees of freedom while T'denotes the number of observations taken
into account and p;; denotes the correlation coeflicient with ¢ # .

The active asset allocation strategy involves a frequent rebalancing of the stock weights. In
the following, the Markov switching model is updated quarterly. Quarterly rebalancing methods
are also applied in the study of van Montfort, Visser and Fijn van Draat (2008). If the regime
switches, the optimal weight allocation will be re-estimated in accordance to the regime (see
equations (6)-(12)). In bull market regimes, however, the asset allocation will be the same
as for the ordinary index-tracking portfolio. To hold the transaction costs low, the portfolio
weights are re-estimated semi-annually as long as the regime is not switching from a bull to a
bear market regime. As the duration of bear market regimes is according to Claessens et al.
(2009) empirically shorter in comparison to bull market regimes, the estimated stock weights
based on tracking an artificial index are held constant until the regime switches to a bull market
again. The latter constraint can also be considered in the light of transaction costs, as a change
from an offensive to a defensive allocation and may be associated with high transaction costs
due to extreme positions in stocks which is discussed in more detail in Alexander and Dimitriu
(2005D).
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Following Guidolin and Timmermann (2008) the current regime is estimated with Markov-
Switching models while accounting only for data from am = 1,..., M — (R — w - i) where R
denotes the overall out-of-sample period in months, @ denotes the rebalancing frequency and 7
the rebalancing time. For instance, if the first state probability forecast is estimated for January
2, 2001 the dataset includes monthly log-return data from the first observation until the latter
month. If =3, which corresponds to a quarterly rebalancing strategy, the dataset for the next
forecast will include information from the first observation until April 2, 2001 and so on. In
this manner, the current estimate will act as forecast of the respective regime that will be taken
into account concerning the asset allocation decision. A probability threshold is used as an
operational criterion instead of a statistical criterion which is also in line with Alexander and
Dimitriu (2005b), who argue that standard out-of sample testing methods are not applicable to
Markov-Switching models due to the presence of nuisance parameters. Moreover, the approach
regarding the use of the information set is also in line with Guidolin and Timmermann (2008),
who mention that the choice of the asset allocation could itself have been benefited from full-
sample information, since the approach uses no unavailable data at the time of the estimation.
Thus, the defensive strategy is employed if and only if the probability threshold is exceeded.

If the corresponding Markov-Switching model suggests that the investor faces a bear market,
the tracked artificial index and is constructed in line with Grobys (2010) as follows. A linear
trend term is added to the historical index returns that switches the direction on the day where
the local maximum of the time series in price levels is achieved such that

t t
pégdex =c+ ZR{ndex _ Z(S .1 (6)
i=1 i=1
fort =1,...,tma
t t
pggdex — pg’rziine{i + Z R{ndew _ Z 51 (7)
i=1 i=1

fort =tm>*4+1,...,T

where 0 denotes a factor that is subtracted and, respectively, added to the index uniformly
distributed over time in daily terms which is, according to Alexander and Dimitriu (2005a)
a usual approach to construct enhanced indices. R4 denotes the ordinary daily return of
the corresponding stock index and t = ¢™#* + 1,...,T denotes the in-sample data employed
in the optimization procedure. It is worth mentioning that the maximum likelihood function
employed to estimate the optimal weight allocation accounts for daily frequency data (i.e.
the second step of the procedure), whereas the maximum likelihood approach to estimate the
current regime accounts for monthly data instead (i.e. the first step of the procedure). Both
approaches are usually applied in empirical studies (Guidolin and Timmermann, 2005, Guidolin
and Timmermann, 2008, van Montefort, Visser and Fijn van Draat, 2008). Since they operate
with integrated time series, both approaches rely on cointegration and are widely used is studies
as the ones of Alexander and Dimitriu (2005a,b) and Grobys (2010)%. Equations (6) and (7)
involve that the linear trend ¢ is first subtracted from the market returns and switches the
direction at point t™#*. Subtracting a linear trend term until t™** and adding the term from
the local maximum onwards results in an artificial index that is below the corresponding stock
index until t™** and exhibiting higher returns as the underlying index from ¢t™** onwards as
the bubble (i.e. the peak of the preceding bull market) disperses (Figure 1). Furthermore,

2However, Alexander (1999) and Alexander and Dimitriu (2005a, b) use an OLS-regression from the log-
stock prices on the stock index in logs in order to replicate the S&P 500 index (Alexander and Dimitriu 2005a),
whereas Grobys (2010) estimates a restricted maximum-likelihood function. Under Gaussian assumption, the
estimators should be similar.
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the integrated time series of the stocks employed to track the artificial indices are in line with
Grobys (2010) given by

T
DPht = C+ Z R+ (8)
i=1
where Ry, ; denotes the ordinary daily return of stock A at time ¢ and c is a constant term where
¢ € U4 is chosen such that pps >0V h =1,..,H and t = 1,...,¢. Then, the log- likelihood
function used to estimate the optimal weight allocation that is assumed to exhibit defensive
properties within the out-of-sample period is given by

T T 1 2
I L(6,y.6) = — log(2m) — > logo® — = Z(%) (9)
teT

H
where 8§7t = pgzd“ — 3 apt-pheand 0 = {,u; 02}. Following Alexander and Dimitriu (2005a)
h=1

and van Montfort, Visser and Fijn van Draat (2008), it is usual to impose restrictions. In the
following though it will be assumed to be sufficient to restrict the weights to sum up to one and
to be positive (i.e. prohibition of short selling) which is given by

apt>0 (10)
forh=1,..,.H

H
dani=1 (11)
h=1

The estimation procedure that is associated with defensive strategies may require allocating
high weights to stocks which exhibit defensive properties. Therefore, the only restriction which
is of importance is the positivity restriction concerning the weights. Once estimated, the weights
an,: are held constant as long as the investor faces a bear market regime which is examined
quarterly.

Once a bull market regime is ascertained equations (6) and (7) will be substituted by equation
(12) because the index which is tracked rests simply upon the integrated time series given by

t
p{ndez =c+ ZRtInde:v (12)
i=1

As long as the Markov-Switching model does not suggest a change of the regime (i.e. from
the current bull to bear market regime), the portfolio will be rebalanced semi-annually while
taking into account equations (8)-(10). In comparison to the active asset allocation strategy
described by equations (1)-(12), the strategy which does not account for equations (1)-(7) will
be referred to as passive asset allocation strategy and acts as a benchmark when the models’
performances are compared. The passive strategy is rebalanced semi-annually only, irrespective
if the investor faces a bull- or bear market regime. However, the passive strategy is supposed
to be associated with lower transaction costs. The investor may expect higher transaction costs

as the position he takes becomes more defensive, that is, the chosen factor § is larger.

3. THE DATA

The analysis is based on two stock markets (i.e. N=2), the American and the European
one, represented by the DJI 30 and the OMX 30, respectively. The source of the data is a
cost free one: www.finance.yahoo.com and www.nasdaqomxnordic.com. These indices are also
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considered in the multivariate 2-State-Markov-Switching model in Grobys’ (2011) study®. In
line with Guidolin and Timmermann (2008), monthly (i.e denoted by m) stock market data (i.e.
in log-returns) is employed to estimate the 2-State-Markov-Switching. 171 Monthly observation
from November 3, 1986 to January 2, 2001 could be employed in order to forecast the current
regime on January, 2001. The forecast concerning the next quarter though accounts for data
until April 2, 2001 and, hence, includes 174 monthly observations and so on. The regime
forecasts are repeated on a quarterly base*. For instance, if the model suggests in the first step
a bear market regime like on April 2, 2001 (see equations (1)-(4)), the optimization procedure
takes into account equations (6)-(7) in the second step. Since the market regime is estimated
to switch to a bull market regime on July 2, 2001, equation (12) is taken into account in the
optimization procedure (Table 1). However, if the investor had been situated in a bull market
in both times, equation (12) would have been employed on April 2, 2001 and the weights would
have not been updated on July 2, 2001 because the investor rebalances the portfolio weights
only every second quarter as long as he/she faces a bull market.

4. DISCUSSION OF THE RESULTS

The models are estimated for K = 2, where k = 1 denotes the bull state and & = 2 denotes
the bear state. According to the HQ-and SC-criterion, the lag order is p = 0, which is in
line with the common finding that stock market returns of developed countries do not exhibit
patterns of autocorrelation®. The statistical test for contemporaneous correlation uses 10 years
of daily frequency data running from January 2, 1991 until December 29, 2000 corresponding to
2457 observations. This time window used to estimate the correlation covers 10 years of the in-
sample window in daily terms. The correlation between the DJI 30 and the OMX 30 log-returns
is estimated to be poprx psr = 0.2910. Hence, the test statistic A = 208.02(p-value 0.0000)
shows that the null hypothesis is clearly rejected. Due to the significant correlation between DJI
30 and OMX 30, a bivariate 2-State-Markov-Switching model is used. Consequently, the current
regime is estimated simultaneously on a quarterly base (i.e. @w = 3 and 5 = 40, ..., 1), beginning
on January 2, 2001. The out-of-sample time window runs from January 2, 2001 to January 3,
2011 (i.e. R = 120). While the covariance-matrices are assumed to be constant during each
regime, the 2-State-Markov-Switching model transforms contemporaneous correlation into time-
varying covariances, as the regimes are dependent on the time m. Equations (13)-(17) show the
estimates of the 2-State-Markov model concerning equations (2)-(4) (standard errors are given
in parenthesis) and taking into account the overall sample (i.e. November 3, 1986 — January 3,
2011):

0.0062
( HDJrso,s, ) _ (0.0010) " < EDJI30,m ) (13)
HOoMX30151 0.0092 EOMX30,m
(0.0017)

for S;

3From an economical point of view it can be assessed that 3.34% of Sweden’s imported goods in 2010
were produced in the USA, whereas in the corresponding period 7.29% of all produced goods in Sweden were
exported to the USA. Consequently, the USA is apart from Germany, Norway and the United Kingdom one of
Sweden’s largest trade partners (see www.scb.se). In the present study it is assumed that such interactions are
also embedded in a simultaneous movement of the economies’ stock indices, which is sometimes referred to as
international stock market integration.

AThe strategy assumes that regimes are persistent. If the expected duration of each regime is longer than
the update of the current regime estimate (i.e. every quarter), the investor assumes here that the regime is not
changing until the next update.

5The Hannan-Quinn (HQ) and Schwarz (SC) criterion are selection criteria concerning the optimal lag-order
in a VAR- model.
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—0.0066
( KDJI30,5, ) _ | _(0.0034) n < EDJI30,m ) (14)
Mo M X 30551 —0.0127 EOMX30,m
(0.0051)
for SQ
1.90e — 04 —1.00e — 05
. | (2.00e—05)  (2.00e —05)
with ; | Z100e—05  4.30e—04 (15)
! (2.00e — 05)  (2.00e — 05)
for S
8.50e — 04 4.00e — 05
| (1.30e—04)  (1.50e — 04)
and ; ~ | 4.00e—05 1.79¢ — 03 (16)
2 (1.50e —04)  (3.10e — 04)
0.94 0.17
| (0.05)  (0.06)
e 0.83 (17)
(0.02)  (0.04)

The expected duration of the bull market regime is estimated at 16.53 months, whereas
the corresponding figure concerning the bear market regime is estimated at 5.86 months. The
covariance matrix in the Markov-Switching model is dependent on the current regime and,
hence, time-varying. Equations (15) and (16) show that the monthly covariance is estimated
to be negative across these stock markets during bull states and positive during bear states.
Estimating the quarterly updated (i.e. a rolling time window and @ = 3) 2-State-Markov model
from January 2, 2001 onwards suggests bear-market forecasts as given in figure 2. Figure 2
shows the estimated regime including the whole sample as given by equations (12) — (14) and
the forecasted bear market regime where only information until time M — (R — w - ) is taken
into account. A probability threshold of 0.90 implies that the defensive strategy is applied
only if the bear-market state probability forecast in the current quarter exceeds the threshold.
Table 1 shows the asset allocation suggested by this approach for the out-of-sample period.
The forecast covers ten years, January 2, 2001 - January 3, 2011. To estimate the maximum
likelihood function concerning equations (4)-(10), 750 days of daily frequency data is employed
which is in line with Alexander and Dimitriu (2005a). The active strategy indicates a defensive
weight allocation strategy for April 2, 2001, October 1, 2001, July 1, 2002 and July 1, 2008
(see table 1 in association with figure 2) and five different portfolios will be estimated for both
stock markets. Thereby, the factor § varies between those estimated portfolio weight allocations
where ¢ € {0.04,0.08,0.12,0.16,0.20}. Thus, portfolio 1 (i.e. for each stock market) accounts
for §; = 0.04which corresponds to the enhancing factor being added, respectively, subtracted
(see equations (6) and (7)) by 10% in annual terms.

Analogously, the enhancement factor d, = 0.08 of portfolio 2 corresponds to an active asset
allocation strategy, where the artificial index tracked deviates 20% from the ordinary index
and so on (Figure 1).Table 2 shows that defensive asset allocation strategies which suggest
deviations from the ordinary index between 40%-50% performed the best concerning strategies
related to the DJI 30. All actively managed portfolios (i.e. portfolio 1 — portfolio 5) outperform
the benchmark which is portfolio 0 (Figure 3). The latter is an ordinary index tracking portfolio
where the weights are re-estimated semi-annually, irrespective of the current regime. However,
this passive asset allocation strategy still dominates the stock index as the Sharpe ratio (i.e.
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0.28) is twice as much as the DJI 30’s Sharpe ratio which was 0.14 within the overall out-of-
sample period.

However, the results differ concerning the Swedish stock market. The higher the deviation the
lower the Sharpe ratios when the whole out-of-sample period is considered. Here, the ordinary
index tracking portfolio (i.e. portfolio 0) dominates all active asset allocation strategies as well
as the index as its Sharpe ratio of 0.20 is higher in comparison to actively managed portfolios®.

In order to determine if the latter outcome can be traced back to the active strategy itself or if
this outcome is rather a fact of dataset limitations concerning the dataset of stocks, a sub-sample
period will be investigated. The 2-State-Markov model suggests the latest bear market from
July 1, 2008 — April 1, 2009 as shown in figure 2 and table 1. As the equity prices began to fall
already before July 1, 2008, a sample including data from October 1, 2007-March 31, 2009 will
be considered. Consequently, this time window also covers the financial crisis period in 2008.
Table 3 shows that the DJI 30 had a return of -9.33% p.a. within this period, whereas the OMX
30 exhibited a return of -8.33%. Considering the US-stock market, portfolios 4 and 5 dominate
the benchmark portfolio as the increase in return being 75.68% corresponds to a marginal
increase of 5.26% in volatility only (the corresponding figures concerning portfolio 5 are 76.62%
increase in returns associated with 7.43% increase in volatility). Considering the Swedish stock
market, the benchmark portfolio exhibits a return of -7.32% p.a. with an annual volatility of
15.43%. However, portfolio 2 exhibits 24.70% higher annual returns, associated with an increase
of 16.01% in volatility and thus dominates the benchmark portfolio’. Consequently, the reason
for differences concerning the strategies performances given different stock indices can be traced
back to dataset limitations since it was not possible to replicate stochastic processes such as
given by the defensive artificial indices being tracked. In particular, the period April 2, 2001 —
April 1, 2003 shows an underperformance of these defensive asset allocation strategies (see figure
2). The underperformance of the defensive strategies concerning the Swedish stock market can
be attributed to both the bias regarding the preselected stocks (i.e. only 17 of 30 stock could be
accounted for) and the reliability of the forecasted regime since the regime-switching model’s
forecasted regimes exhibited lower deviations from the realized regimes during the second part
of the out-of-sample window (i.e. 31% deviation on average during Jan 2001-Dec 2005 and 14%
deviation during Jan 2006-Dec 2010). Furthermore, tables 2 and 3 show that the trading costs
increase as a function of the trading volume. The more defensive the taken positions in stocks,
the higher the trading volume and, as a consequence, the higher the trading costs.

Although the common academic literature predominately takes large capitalization stock
indices into account in the context of empirical stock market analyses, it could be shown here
that also smaller European stock indices such as the Swedish stock index OMX 30 switches
contemporaneously with the US-stock market from bull to bear markets and vice versa. Thus,
the studies of Ang and Baekert (2002a) can be supported. However, the bivariate model may
account for any combination of stock markets that are highly correlated such as the German’s
leading index DAX 30, and the DJI 30 or the British’s leading index FTSE 100 and the DJI 30
or DAX 30. The bivariate DJI 30 — OMX 30 model is selected for illustration purposes and in
order to stand out from common studies. Apart from accounting for time-varying correlations
between international stock markets, under the bivariate setup the states are more persistent
for the US stock market (Table 4). However, the bivariate model does not determine which
index drives the variable that initiates switches of the states even though it may be assumed
that the US-stock index involves the hidden factor. This may be subject to future research.

The operational criterion suggests at four points of time a bear market which implies a
defensive asset allocation (Table 1). The bear market regime in the wake of the financial crisis

6Note that the 29 out of 30 stocks are accounted for when running the maximum likelihood function con-
cerning the DJI 30 index. Due to data set limitations though 17 out of 30 stocks could be taken into account
only when running the optimization procedure with respect to the OMX 30 as the access to stock data becomes
the more limited the further away the historical selected data.

"These results hold even if the net returns (i.e. after transaction costs) are taken into account.
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is estimated by far be more persistent as the stock market crash of 2001-2002. In contrast
to Alexander and Dimitriu (2005a, b), the ordinary cointegration portfolio is employed as
benchmark in order to analyze the performance differences.

In contrast to Guidolion and Timmermann (2008) in this study only two states (i.e. bull
and bear market) are taken into account which is also in line with Ang and Baekert (2002a),
as active portfolio management typically differentiates only between offensive and defensive
strategies where defensive strategies are employed when market participants face bear markets.
The present study suggests an ordinary index tracking strategy based on cointegration if the
management faces a bull market, whereas defensive strategies are employed in case of a bear
market. However, offensive strategies may also involve enhanced index tracking strategies as
suggested by Alexander and Dimitriu (2005a) or Grobys (2010). This could even improve
the overall index tracking portfolio’s performance. Alexander and Dimitriu (2005a) point out
that tracking the artificial indices by more than plus/minus 5% does not result in an equity
portfolio with higher Sharpe ratios as the portfolio’s volatility increases and the abnormal
returns become insignificant. This outcome cannot be supported in this study which takes into
account the market regime: Considering the US-stock market, table 2 shows that the Sharpe
ratios increase as ¢ increases (see also figure 4). The latter can be seen as market anomalies
which may appear due to overreactions during bear market regimes.

Furthermore, this study employs monthly stock market data for estimating the current mar-
ket regime (i.e. step one in the procedure). Such data frequency is also used in the 4-State
Markov-Switching framework suggested by Guidolion and Timmermann (2008). However, the
data set contains, due to data set limitations, fewer observations (i.e. 292 monthly observa-
tions) in comparison to the study of Guidolion and Timmermann (2008), who account for 552
monthly observations. As 14 parameters are estimated only, the data set limitations do not
delimitate the parameter estimation results. The estimated parameters are clearly significant
as provided by equations (13)-(17).

The second step of the optimization procedure, which estimates the optimal weight allocation
of the artificial index, uses linearized stock prices. It is worth observing that no excess returns
are gained if either ordinary returns, log-returns or log-prices are employed in the maximum-
likelihood function. This shows that linearized prices, as suggested by Grobys (2010), are a
useful tool in order to cache assets’ short term momentum (see De Bondt and Thaler, 1985,
Chopra et al., 1992 and Jegadeesh and Titman, 1993).

Ang and Baekert’s (2002a) findings that United States and the United Kingdom face the
same regime shifts generated by the benchmark regime-switching model can be supported in
the sense that the Swedish stock market and the US-stock market are driven by the same
stochastic variable into bull and bear market regimes. Another outcome of Ang and Baekert
(2002a), namely that in one regime the equity returns exhibit a lower conditional mean, much
higher volatility, and are more highly correlated compared to the other regime, can be supported
as well (see equations (13)-(17)). In contrast to Ang and Bekaert (2002a) though, in this study
the regime switching variable is treated as unobservable which is in line with Guidolin and
Timmermann (2008), Alexander and Dimitriu (2005b) and Grobys (2011).

5. CONCLUSION

Accounting for actively managed defensive strategies enhances the gains of the equity port-
folio. Even though passive strategies suggest an implicit market timing factor due to an equi-
librium effect (Alexander and Dimitriu, 2005b), the present study shows that when taking into
account different regimes active strategies perform better. The model for the US stock mar-
ket clearly shows that in bear markets the actively managed equity portfolios outperform the
common cointegration based portfolio by successfully capturing the stochastic short-run trends.
The maximum-likelihood function that is constructed to extract stock prices following contrary
trends to the index, pitches on stocks that exhibit defensive movements. For instance on July
1, 2008 portfolio 5 (i.e. concerning the US-market) suggests an asset allocation of 100% to the
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stock “The home Depot, Inc.” which belongs to the furniture selling industry. The higher the
deviation of the artificial index selected, the more weight is allocated to this stock®. Similar
patterns can be investigated on the Swedish stock market and the stock company “Securitas”
which provides security services. However, there remains demand for future research to deter-
mine the linkages between the asset allocation which is estimated by this maximum-likelihood
procedure and the stock price dispersion. Furthermore, the Markov-Switching model could
account for three states, for instance, where the bull- and bear market state is extended by a
state capturing a potential sideward movement of the index. The actively managed portfolio
may differentiate between strategies such as enhanced index tracking if the Markov-Switching
model predicts a bull market, defensive index tracking strategies if the investor faces a bear
market and an ordinary index tracking strategy otherwise.
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6. APPENDIX

Figure 1: Integrated DJI 30 and artificial DJI 30
from July 11, 2005 — July 1, 2008
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Note: 750 daily observations are taken into account where the local maximum was achieved
on October 9, 2007 where the DJI 30 quoted 14.165 points.

Figure 2: Bear-regime forecasts of the multivariate 2-State-Markov-Model
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Figure 3: Defensive portfolios and the OMX 30 in the out-of-sample period
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Figure 4: Defensive portfolios and the DJI 30 in the out-of-sample period
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Table 1: Active weight allocation strategies suggested by the Markov-Switching

model
Date Action Date Action
2-Jan-2001 1| 3-Jan-2006 3
2-Apr-2001 2 | 3-Apr-2006 1
2-Jul-2001 1] 3-Jul-2006 3
1-Oct-2001 2 | 2-Oct-2006 1
2-Jan-2002 1] 3-Jan-2007 3
1-Apr-2002 3| 2-Apr-2007 1
1-Jul-2002 2| 2-Jul-2007 3
1-Oct-2002 4 | 1-Oct-2007 1
2-Jan-2003 4 | 2-Jan-2008 3
1-Apr-2003 1| 1-Apr-2008 1
1-Jul-2003 3| 1-Jul-2008 2
1-Oct-2003 1| 1-Oct-2008 4
2-Jan-2004 3 | 2-Jan-2009 4
1-Apr-2004 1| 1-Apr-2009 1
1-Jul-2004 3| 1-Jul-2009 3
1-Oct-2004 1| 1-Oct-2009 1
3-Jan-2005 3 | 4-Jan-2010 3
1-Apr-2005 1| 1-Apr-2010 1
1-Jul-2005 3| 1-Jul-2010 3
3-Oct-2005 1| 1-Oct-2010 1
Asset allocation strategies:
1. The weight allocation being selected is an ordinary index-tracking strategy.
2. The weight allocation being selected is in accordance to a defensive strategy.
3. The weight allocation being selected is the ordinary index-tracking strategy which is
estimated in the previous period (i.e. the weights are held constant).
4. The weight allocation being selected is the defensive weight allocation strategy which

is estimated in the previous period (i.e. the weights are held constant).

Table 2: Statistical properties and performances in the out-of-sample period
Benchmark | DJI 30

Asset DJI 30 | Portfolio | Portfolio | Portfolio | Portfolio | Portfolio | Portfolio
0 1 2 3 4 5

Gross re- | 2.38% 6,20% 6,66% 8,67% 8,97% 9,51% 9,45%

turn p.a.

Volatility 17,11% | 19,61% | 18,58% | 16,68% | 16,15% | 16,48% | 16,37%
p-a.

Sharpe ra-| 0,14 0,32 0,36 0,52 0,56 0,58 0,58
tio (before

costs)

Transaction - 87% 120% 171% 190% 197% 199%
volume p.a.

Trading - 0,70% 0,96% 1,36% 1,52% 1,58% 1,59%
costs p.a.

Net return | 2,38% 5,50% 5,69% 7,30% 7,45% 7,93% 7,86%
p.a.

Sharpe ra-| 0,14 0,28 0,31 0,44 0,46 0,48 0,48
tio  (after

costs)
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Benchmark | OMX 30
Asset OMX Portfolio | Portfolio | Portfolio | Portfolio | Portfolio | Portfolio
30 0 1 2 3 4 5
Gross re- | 4,63% 6,72% 5,88% 6,12% 5,36% 3,88% 2,64%
turn p.a.
Volatility 24,31% | 30,10% | 28,94% | 29,87% | 29,77% | 28,80% | 27,75%
p.a.
Sharpe ra- 0,19 0,22 0,20 0,20 0,18 0,13 0,10
tio (before
costs)
Transaction - 79% 106% 140% 171% 188% 202%
volume p.a.
Trading - 0,63% 0,85% 1,12% 1,36% 1,51% 1,61%
costs p.a.
Net return | 4,63% 6,09% 5,03% 5,00% 4,00% 2,37% 1,03%
p.a.
Sharpe ra- 0,19 0,20 0,17 0,17 0,13 0,08 0,04
tio  (after
costs)
* Assuming 0.60% per 100% trading volume.
Table 3: Statistical properties and performances
during the financial crises period
Benchmark | DJI 30
Asset DJI 30 | Portfolio| Portfolio | Portfolio | Portfolio | Portfolio | Portfolio
0 1 2 3 4 5
Gross re- | -9,33% | -9,54% | -8,22% | -3,81% | -2,80% | -2,32% | -2,23%
turn p.a.
Volatility 10,58% | 14,27% | 12,08% | 11,31% | 13,67% | 15,02% | 15,33%
p.a.
Sharpe ra-| -0,88 -0,69 -0,68 -0,34 -0,20 -0,17 -0,15
tio (before
costs)
Transaction - 87% 124% 163% 167% 176% 178%
volume p.a.
Trading - 0,52% 0,74% 0,98% 1,00% 1,06% 1,07%
costs p.a.
Net return | -9,33% | -10,06% | -8,96% | -4,78% | -3,80% | -3,38% | -3,30%
p.a.
Sharpe ra-| -0,88 -0,70 -0,74 -0,42 -0,28 -0,23 -0,22
tio  (after
costs)
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Benchmark

OMX 30

Asset

OMX
30

Portfolio
0

Portfolio
1

Portfolio
2

Portfolio

3

Portfolio
4

Portfolio
5

Gross
turn p.a.

re-

8.12%

7,32%

-5,66%

5,34%

-5,64%

6,38%

-5,98%

Volatility
p.a.

11,23%

15,43%

17.11%

17,90%

18,90%

21,53%

21,78%

Sharpe ra-
tio (before
costs)

20,72

20,47

20,33

20,30

20,30

20,30

0,27

Transaction
volume p.a.

119%

117%

139%

155%

180%

197%

Trading
costs p.a.

0,71%

0,70%

0,83%

0,93%

1,08%

1,18%

Net return
p-a.

8,12%

8,03%

26,36%

6.17%

26,57%

7.46%

7.16%

Sharpe ra-
tio  (after
costs)

20,88

20,52

0,37

20,34

20,35

20,35

0,33

*Assuming 0.60% per 100% trading volume.

Note: The period being considered here is October 1, 2007-March 31, 2009.

Table 4: Univariate MS-models estimates for the DJI 30 and OMX 30
concerning the sample from November 3, 1986 — January 3, 2011*

Stock State-matrix Expected duration | Expected duration
Index of Bull-market of Bear-market
bion 039
DJI _ : :
DJI 30 St = 0.05 070 18.63 months 3.38 months
(0.02)  (0.09)
o0 (oD
OMX _ . : . .
OMX 30 | S}, = 0.05 092 19.53 months 13.22 months
(0.03)  (0.05)
* standard-error in parenthesis.
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