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Abstract

Decisions on ass et allocations are often determined by covariance estimates
from historical market data. In this paper, we introduce a wavelet-based port-
folio algorithm, distinguishing between newly embedded news and long-run
information that has already been fully absorbed by the market. Exploiting
the wavelet decomposition into short- and long-run covariance regimes, we
introduce an approach to focus on particular covariance components. Using
generated data, we demonstrate that short-run covariance regimes comprise
the relevant information for periodical portfolio management. In an empirical
application to US stocks and other international markets for weekly, monthly,
quarterly, and yearly holding periods (and rebalancing), we present evidence
that the application of wavelet-based covariance estimates from short-run infor-
mation outperforms portfolio allocations that are based on covariance estimates
from historical data.

KEYWORDS
portfolio management, short-run trends, wavelet decomposition

1 INTRODUCTION

Capital allocation between volatile stocks is at the center
of portfolio formation decisions, and adequate estimates
of the unknown covariance matrix describe crucial infor-
mation for strategic portfolio allocations. Historical data
contain information about both short- and long-run infor-
mation, and conclusions drawn from respective covari-
ance estimates provide limited insight regarding periodical
diversification opportunities.

In this paper, we introduce a wavelet-based approach to
improve the future performance of portfolio allocations.
Employing a multi-horizon nonparametric filter—the
wavelet transformation—we develop a covariance estima-
tor to distinguish between newly embedded information
content of underlying historical market prices and news

Ramazan Gençay passed away after this manuscript had been completed.

that has been fully absorbed by the market.1 To assess
the relevance of competing information components, we
apply a simple mean-variance efficient portfolio alloca-
tion algorithm and study the out-of-sample performance
of wavelet-based covariance estimates.2

1Wavelet decomposition describes an adequate approach to filter finan-
cial time series. In comparison to alternative filtering methods—that
is, Fourier analysis—wavelet decomposition does not require periodicity
in financial time series, events can be localized, and it is applicable to
multivariate time series. For a thorough study on the advantages of the
application of wavelet transformation to financial time series, we refer to
Gençay et al. (2005), Conlon et al. (2018), and the references therein.
2The concept of mean-variance portfolio optimization, as introduced
by Markowitz (1952), represents a widely accepted approach that takes
account of the quantitative tradeoff between risk and return of an invest-
ment. As described by Kolm et al. (2004), Markowitz's portfolio diversifi-
cation has been instrumental in the development and understanding of
financial markets, whereas adequate estimates of the unknown covari-
ance matrix of the underlying assets represent crucial information that
determines strategic portfolio allocations (see DeMiguel et al., 2009;
Maillet et al., 2015).
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News arrives at markets at certain times expectedly as
proxied by analysts, but also at times it arrives unexpect-
edly. Typically, news would cause the evolution of the
historical price to deviate significantly from its long-term
average; such deviations may or may not be permanent.
Depending on the nature of such news, the historical
volatility pattern of the data, and the nature of the sea-
sonal patterns, the full extent of the news impact may not
be obvious from observing the raw data. Namely, a certain
threshold of newly embedded deviations may be blended
with long-term average features of the data, radiating an
illusion that changes are not as large, attributing short-run
changes falsely to long-term growth. Therefore, it is not
necessarily rewarding to work with raw data directly to
identify shorter term newly embedded covariances, but
to split the raw data into its short-run and long-run
components.

To identify different covariance regimes, we draw on
Berger and Gençay (2018) and Conlon et al. (2018) and
apply wavelet decomposition, which is well suited to iden-
tify short-run and long-run regimes of the underlying
return series. Initially, wavelet decomposition was intro-
duced into financial return series by Percival and Walden
(2000) and Gençay et al. (2001). Since then, the appli-
cation of signal processing techniques to financial data
triggered a growing field of research that mainly deals with
the decomposition of financial return series into short-run
and long-run trends. For instance, Gençay et al. (2010)
provide evidence for the existence of different financial
volatility regimes across different trends, and Gençay et al.
(2005) apply the capital asset pricing model (CAPM) to
deconstructed return series of international stock indices
and illustrate that fundamental risk increases for long-run
trends. Rua and Nunes (2012) confirm this finding for
emerging markets, whereas Gallegati (2012) deconstructs
return series of stock market indices of the G7 coun-
tries, Brazil, and Hong Kong to assess changing correla-
tion regimes between deconstructed return series. Conlon
et al. (2018) also study wavelet-based correlation estimates
of G7 countries and provide evidence for different pat-
terns between deconstructed return series; in particular,
dependence between long-run seasonalities appears to be
stronger than suggested by the original data.3

Moreover, as wavelet transformation does not only
allow for a deconstruction but also for a reconstruction

3Reboredo and Rivera-Castro (2014) assess dependence between decon-
structed European and US stocks and oil prices and find evidence of
increased dependence between long-run seasonalities after 2008. Dewan-
daru et al. (2015) analyze dependence between Asian stocks, Andries
et al. (2014) between interest rates, stock prices, and exchange rates,
and Tan et al. (2014) analyze dependence between US and Asian equity
markets.

of a deconstructed financial return series, Berger and
Gençay (2018) present a novel approach which allows
the investor to reconstruct deconstructed financial return
series by excluding particular information components of
the underlying data. Also, Conlon et al. (2018) reconstruct
financial return series to assess correlation estimates. In
this study, we add to this literature and empirically study
the out-of-sample performance of portfolios that consider
covariance estimates of deconstructed return series. In
contrast to the growing field of literature that deals with
dependence between denoised long-run trends of financial
data, our results provide evidence that it is the covariance
of short-run regimes that describes the relevant informa-
tion for out-of-sample portfolio performances.4

Specifically, we expand the analysis of univariate return
series by Berger and Gençay (2018) and apply a wavelet
filter to deconstruct return series into different covari-
ance regimes and reconstruct the return series by taking
either short-run, middle-run, or long-run regimes into
account. Furthermore, based on the reconstructed ver-
sions of the original return series, we discuss simple
mean-variance efficient portfolio optimization and assess
its out-of-sample performance. Analogous to DeMiguel
et al. (2009) and Maillet et al. (2015) we evaluate the
risk-adjusted performance of competing portfolio alloca-
tions and the setup of the assessment will be twofold.

First, we set up a simulation analysis, and simulate
return series which are described by different patterns of
long-memory effects to assess the relevance of short- and
long-run memory of a return series on portfolio alloca-
tions. By investigating reconstructed return series that take
either short-run or long-run memory into account, we
shed light on the relevant information for applied portfo-
lio management in the presence of incomplete information
on the underlying market conditions.

Second, we assess the out-of-sample performance of
mean-variance efficient portfolios that are based on recon-
structed return series and compare the performance with
the mean-variance efficient portfolio allocations based on
daily raw data. To take account of different market sizes
and regimes, we assess stocks that are listed at leading
indices of both developed and emerging stock markets.
We also take account of different holding periods and
assess daily, weekly, monthly, quarterly, and yearly portfo-
lio rebalancing. The results indicate that middle-run and
long-run covariance regimes should be excluded from the
original time series, as it impacts the out-of-sample perfor-
mance of daily portfolio management.

The findings add to the results of Berger and Gençay
(2018) and Conlon et al. (2018), and to papers on covari-

4See Gallegati (2012), Berger and Uddin (2016), and the references
therein.
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ance estimates that help improve mean-variance opti-
mization problems.5 We demonstrate the identification of
relevant covariance regimes for periodical mean-variance
portfolio optimization and present an innovative applica-
tion of wavelet-based portfolio optimization. The intro-
duced approach allows the investor to extract short-run
regimes of financial return series in order to improve
out-of-sample performance metrics.

The paper is structured as follows. Section 2 describes
the relevant methodology, and the empirical portfolio
analysis is presented in Section 3. Results regarding the
simulation study are given in Section 4, and Section 5
concludes.

2 METHODOLOGY

In this section, we present a methodological approach of
wavelet filtering that enables us to deconstruct and recon-
struct the short-run component of the underlying return
series. In addition, we introduce the portfolio allocation
algorithm, which will be applied to the reconstructed
return series and quality criteria of our analysis.

2.1 Maximal overlap discrete wavelet
transform
We introduce the maximal overlap discrete wavelet trans-
form (MODWT) as described by Gençay et al. (2001)
and Percival and Walden (2000).6 The MODWT approach
describes an expansion of the classical approach of discrete
wavelet transformation (DWT; see ; Zhu et al., 2014). As
the number of observations remains constant at each level
of decomposition and is characterized by shift invariance,
the MODWT approach is predestined for a rolling window
out-of-sample analysis.7

As presented by Gençay et al. (2001), the choice of
wavelet filter is directly linked to a scaling filter and
describes the core of wavelet decomposition. Let h𝑗,l be the

5For example, Maillet et al. (2015) assess financial data and present a
two-step algorithm based on least squares regressions to achieve robust
portfolio allocations with respect to parameter uncertainty. Palczewski
and Palczewski (2014) study the impact of sampling frequency and
covariance error on mean-variance portfolio allocation and find that
the estimation error of covariance matrices is market specific. Also,
Harvey et al. (2010) incorporate higher moments of the return distribu-
tions to improve robustness of portfolio optimization and conclude that
information on skewness and kurtosis helps improve the out-of-sample
performance of mean-variance efficient portfolios. Levy and Kaplanski
(2015) assume that financial returns can be described by different volatil-
ity regimes and demonstrate the costs of ignoring this fact within the
mean-variance framework.
6In contrast to Fourier analysis, the decomposition of a return series via
wavelet approach events can be localized throughout the decompositions.
7Due to boundary conditions, only the observations at the beginning of
each series are reduced.

DWT wavelet filter, with l = 1, … ,L describing the length
of the filter and 𝑗 = 1, … , J the level of decomposition,
then the corresponding scaling filter is determined by g𝑗,l.8.

Further, as the MODWT filter describes an expansion of
the DWT concept, the MODWT wavelet and scaling filter
are directly obtained from DWT filters by

h̃𝑗,l = h𝑗,l∕2𝑗∕2 (1)

and
g̃𝑗,l = g𝑗,l∕2𝑗∕2. (2)

In this vein, as the underlying data of this study are
described by daily return series, r = {rt, t = 1, 2, … ,N},
to deconstruct the series into J frequencies, wavelet coef-
ficients of level 𝑗 are achieved by the convolution of r and
the MODWT filters (see Percival & Walden, 2000):

W̃𝑗,t =
L𝑗−1∑
l=0

h̃𝑗,lrt−l mod N (3)

and

Ṽ𝑗,t =
L𝑗−1∑
l=0

g̃𝑗,lrt−l mod N , (4)

with L𝑗 = (2𝑗 − 1)(L − 1) + 1. In contrast to DWT, the
application of MODWT results in wavelet coefficients that
comprise the same number of observations at all scales and
which can be expressed in matrix notation:

W̃j = 𝜔̃𝑗r (5)

and
Ṽj = ṽ𝑗r. (6)

As we aim to utilize MODWT for an out-of-sample port-
folio application, we are interested in the maximum num-
ber of boundary-free coefficients. Therefore, we use the
Haar filter that has the smallest number of coefficients
leading to h̃1,0 = 1

2
, h̃1,1 = − 1

2
and g̃1,0 = 1

2
, g̃1,1 = 1

2
for

𝑗 = 1.
Due to the fact that our study aims at the exclusion of

particular regimes from the original return series, we make
use of the properties of wavelet analysis that allow for a
reconstruction of the deconstructed series. Thus, based on
the MODWT-specific concept of multiresolution analysis
(MRA), the underlying original return series can be recon-
structed by simply summing up all coefficients and the
smoothed version of decomposition step J:

r =
J∑

𝑗=1
𝜔̃T
𝑗 W̃𝑗 + ṽT

J ṼJ =
J∑

𝑗=1
D̃𝑗 + S̃J . (7)

In this setup D̃𝑗 = 𝜔̃T
𝑗

W̃𝑗 describes the detail coefficients
and S̃J = ṽT

𝑗
ṼJ the corresponding smoothed version of the

return series. Further, D̃𝑗 functions as the local details of

8The respective scaling (low-pass) filter g𝑗,l, depends on h𝑗,l by quadratic
mirror filtering and is given by gl = −1lhl
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the trend at level 𝑗 and captures the short-term dynamics
(low levels) of the original return series, whereas long-term
fluctuations are described by high levels. Consequently, S̃J
is defined as the smoothed version (longer term moving
weighted averages) of the time series.

Based on the introduced setup, which allows for
a decomposition and reconstruction of the underlying
return series, we follow Berger and Gençay (2018) and
reconstruct deconstructed return series by excluding par-
ticular levels of decomposition.

Hence, after a return series is deconstructed into J scales,
we reconstruct the series by excluding the highest scales
that comprise the long-run information of the underlying
return series. More concretely, in our analysis we decon-
struct every series eight times and discuss three different
reconstructed versions of the original return series:

rSR =
3∑

𝑗=1
D̃𝑗 , (8)

rMR =
5∑

𝑗=4
D̃𝑗 , (9)

rLR =
8∑

𝑗=6
D̃𝑗 . (10)

Consequently, based on eight decomposition levels of
the original return series, we achieve three reconstructed
versions of the original return series that exclusively com-
prises the information of interest by summing up the
relevant detail coefficients.

Table 1 provides the underlying economic interpreta-
tion of the detail coefficients for daily return series. For
instance, the short-run regime (rSR) comprises changes
within a month (D̃1, D̃2, D̃3), middle-run (rMR) changes
within 3 months (D̃4, D̃5), and long-run regime (rLR) com-
prises changes between half a year and 2 years (D̃6, D̃7, D̃8).
For a thorough introduction to MODWT in the context
of financial data we refer to Gençay et al. (2001), and for
an intuitive economic introduction to wavelet analysis we
refer to Crowley (2007) and Gençay et al. (2010).

TABLE 1 Economic interpretation of
deconstructed daily return series

Definition Horizon Detail
Short run 2–4 days D1
Short run 4–8 days D2
Short run 8–16 days D3
Middle run 16–32 days D4
Middle run 32–64 days D5
Long run 64–128 days D6
Long run 128–256 days D7
Long run 256–512 days D8

2.2 Portfolio allocation
Based on a historical financial return series, including its
filtered versions (see Equations 8 and 9), we introduce the
competing versions of the original return series (compris-
ing short run, middle run and long run, respectively) to the
portfolio optimization problem.

Owing to the focus on the return series, we apply the
covariance matrices of the reconstructed return series
to the widely accepted Markowitz portfolio optimization
setup (see Markowitz, 1952) and assess the global mini-
mum variance allocation, whereby we restrict our analysis
to the absence of short sellings:

min
wt

wT
t Htwt s.t. 1T

N wt = 1. (11)

In this setup, only the estimate of the covariance matrix
(Ht) of the underlying series (either original or recon-
structed) impacts portfolio allocations. As this strategy
ignores expected returns, differences between portfolio
allocations are directly linked to differences in the under-
lying covariance matrices.9

In order to discuss the relevance of the underlying
covariance matrices that contain information on different
seasonalities, we assess the out-of-sample performance of
the mean-variance efficient portfolio allocation by compet-
ing performance metrics. In this vein, we apply competing
evaluation criteria as presented in DeMiguel et al. (2009)
and evaluate the out-of-sample returns by different perfor-
mance metrics.

In order to compare portfolio allocations that aim
at minimizing covariance of particular seasonalities, we
define allocations based on raw data as the benchmark and
assess the information ratio of strategy k against a bench-
mark b strategy. As presented by Grinold and Kahn (2000),
an adequate information ratio is given as follows:

IRk =
1
n

∑
(rk − rb)
𝜎̂TE

= 𝜇̂TE

𝜎̂TE
. (12)

Here, rk and rb describe the vector of portfolio returns
for strategy k and b respectively, 1

n

∑
(rk − rb) is the average

tracking error (𝜇̂TE), and 𝜎̂TE describes the standard devia-
tion of the tracking error—that is, portfolio return relative
to benchmark returns.10 We define covariance estimates
that take the unfiltered return series into account as the
benchmark, and therefore this information ratio allows us
to quantify the difference between the out-of-sample per-
formance of wavelet-based covariance estimates. Specif-
ically, we compare the impact of excluded information
against covariance estimates based on nonfiltered series to

9We refer to Jagnnathan and Ma (2003) for a thorough discussion on the
impact of competing restrictions for applied portfolio management.
10The standard deviation is defined as 𝜎̂TE =

√
1
n

∑
(rk − rb)2.
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evaluate the information content of short-run, middle-run,
and long-run information components.

Additionally, we also assess the risk-adjusted
out-of-sample returns by assessing the out-of-sample
Sharpe ratio of strategy k to gain deeper insights into the
structure of the competing out-of-sample returns:

SRk = 𝜇̂k

𝜎k
. (13)

Here, 𝜇̂k describes the out-of-sample returns generated
by strategy k divided by their sample standard deviation
𝜎̂k. This ratio allows us to compare average out-of-sample
return and volatility of each strategy with each other.
Doing so enables us to gain deeper insights into the
nature of out-of-sample returns and allows us to compare
the impact of short-run, mid-run, and long-run informa-
tion on both out-of-sample volatility and return from an
investor's perspective.

To add to the Sharpe ratio performance, especially in the
case of negative average returns, we assess two alterna-
tive measures that add to the information provided by the
Sharpe ratio.

As introduced by Sortino and van der Meer (1991), we
assess the Sortino ratio as a natural extension of the Sharpe
ratio to take account of the asymmetric pattern of financial
volatility:

SoRk = 𝜇̂k√
1
n

∑T
t=1 [min(rk, 0)]2

. (14)

This ratio allows us to study the impact of wavelet
decomposition on the left tail of the return distribution.
That is, we will analyze the impact of covariance estimates,
which exclusively take particular information components
into account, on the distribution of negative out-of-sample
returns.

Additionally, as described by Shadwick and Keat-
ing. C. (2002), we take into account the Ω-ratio, to
capture the information in the higher moments of
wavelet-out-of-sample return distributions to provide
deeper insights into the impact of wavelet-based covari-
ance estimates:

ORk =
∫ ∞

0 [1 − F(rk)]drk

∫ 0
∞ F(rk)drk

. (15)

As we deal with daily prices, we set the threshold to 0,
which leads us to distinguish between upside and down-
side potential.11

11For a thorough introduction to out-of-sample assessment of financial
portfolio allocations, we refer to DeMiguel et al. (2009) and the references
therein.

3 SIMULATION ANALYSIS

In order to assess the relevance of different information
components, we set up a simulation analysis that allows us
to control for the existence of long-memory effects of the
underlying return series. As the introduced deconstruc-
tion of financial return series via wavelet transformation
implies a decomposition of variance and covariance of the
underlying return series (see Percival & Walden, 2000), the
decomposition of financial return series leads to a decom-
position of both the risk of an asset (conditional variance)
and diversification effects between assets (covariance),
whereas information on different seasonalities (i.e., short
run, middle run and long run) directly impacts portfolio
optimization. Thus the aim of this simulation study is to
mimic both realistic volatility and dependence schemes of
financial assets. Therefore, we draw on the presented sim-
ulation analysis in Berger and Gençay (2018) and simulate
daily return series that are characterized by different mem-
ory regimes (short run, middle run, and long run). Addi-
tionally, we introduce time-varying dependence structure
as described by Engle (2009) to assess the performance
of portfolio allocations that take particular covariance
regimes into account.

3.1 Setup of the analysis
To mimic the conditional volatility patterns of daily
return series, we assume a process that is described
by time-varying conditional volatility. For that reason,
we apply an extension of the widely accepted GARCH
approach (Bollerslev, 1986) to simulate daily return series
of realistic length. Specifically, we control for memory
effects by applying the FIGARCH(1, d, 1) approach as pre-
sented by Baillie and Morana (2009) to generate condi-
tional volatility processes, which are given as follows:

𝜎2
t = Ω + (1 − 𝛽(L) − 𝜙(L)(1 − L)d)r2

t−1 + 𝛽𝜎2
t−1. (16)

Here, Ω describes a constant and rt−1 the return from
the previous period. The parameter d controls for the
memory of the process and allows the autocorrelation of
the process to decay at a hyperbolic rate, whereas 𝜙(L)
and 𝛽(L) describe the lag polynomials. According to Bail-
lie and Morana (2009), the parameters will be estimated
via maximum-likelihood method under the assumption of
normality.

As presented by Gençay et al. (2001), FIGARCH(1, d, 1)
processes with d ∈ [0, 0.5] are predestined to mimic con-
ditional financial return variance with different memory
schemes, whereas the memory of the conditional volatil-
ity increases with d. Because of that, we apply different
parametrizations of d = 0.05, 0.15, 0.35 and 0.45 to dis-
cuss four different memory schemes, namely the transition
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from short-term memory (d = 0.05) to long-term mem-
ory (d = 0.45); additionally, to control for the memory of
the simulated return series, and assume a constant mean
return.12

As we focus on portfolio allocations based on simu-
lated return series, we assess multiple simulated return
series simultaneously and introduce realistic dependence
schemes between the simulated univariate return series.
In line with stylized facts concerning the dependence
of financial return series—that is, dependence varies
over time—we introduce time-varying dependence via a
dynamic conditional correlation (DCC) approach, as intro-
duced by Engle (2002).

For this reason, as presented by Engle (2009), based
on multiple simulated FIGARCH(1, d, 1) series, we imple-
ment the assigned DCC structure between series i and
series 𝑗 following an iterative multiperiod process. Let R̄ be
the sample correlation and 𝛼DCC and 𝛽DCC the DCC param-
eters. Based on this step, we proceed iteratively, so to speak,
conditionally on period t, and model the dependence struc-
ture between asset i and 𝑗 for t + 1:

Qt+1 = (1 − 𝛼DCC − 𝛽DCC) ∗ R̄
+ 𝛼DCC ∗ (𝜖sim

i,t }𝜖sim
𝑗,t ) + 𝛽DCC(Qt), (17)

Rt+1 = diag
{

Q−1∕2
t+1

}
Qt+1diag

{
Q−1∕2

t+1

}
, (18)

(𝜖sim
i,t+1 𝜖sim

𝑗,t+1) = (𝜖i,t+1 𝜖𝑗,t+1) ∗
√

Rt+1. (19)

Here, parameters 𝛼DCC and 𝛽DCC control for the news
impact and persistence of the process. As described in
Engle (2009), financial return series are typically described
by a parametrization of 𝛼 = 0.05 and 𝛽 = 0.90.13 As a tar-
get correlation, we mimic stocks that are listed under the
same index and assume slightly positive correlated assets
to assess a portfolio that consists of five simulated stocks
that are characterized by a correlation matrix as follows:14

R̄ =

⎡⎢⎢⎢⎢⎣

1 0.8 0.4 0.3 0.5
1 0.2 0.1 0.3

1 0.4 0.1
1 0.7

1

⎤⎥⎥⎥⎥⎦
. (20)

Based on the simulated return series, we deconstruct
each series into three different trends, as described by
Equations 7– 10 in Section 2.1. Then, we estimate the

12It should be noted that the application of an AR process impacts the
memory of the underlying return series and makes it difficult to control
for the memory of the underlying return series. Moreover, we discuss both
positive and negative average returns.
13A detailed description on the simulation of time-varying conditional
correlation is given by Berger (2016).
14The values of the applied correlation matrix are similar to average
correlations of US stocks that are listed in the Dow Jones Index (DJI).

mean-variance efficient portfolio allocations (Equation 11)
based on the deconstructed and the original return series
and analyze the out-of-sample performance of each allo-
cation strategy via rolling window analysis.

The setup of the simulation study can be summarized as
follows:

1. We generate five return series comprising 1,500 obser-
vations via the FIGARCH(1, d, 1) approach (rsim).

2. We introduce time-varying conditional correlation via
the DCC approach.

3. We deconstruct each return series via the MODWT
approach.

4. We reconstruct the deconstructed return series and
achieve rsim

SR , rsim
MR and rsim

LR , and the simulated return
series rsim.

5. We build mean-variance efficient portfolios via the
rolling-window approach. The size of the window is
500 days and we analyze 1,000 out-of-sample portfolio
returns.

6. We assess the out-of-sample performance via the intro-
duced quality criteria (see Section 2.2).

For each parametrization of d we repeat the simulation
1,000 times to assess the robustness of the results.15

3.2 Results of the analysis
As the results of the conducted simulation analysis do
not differ markedly for different parametrizations of DCC
parameters by each simulation run, in the remainder of
this section we present the analysis of the average statistics
of each memory scenario.16

Table 2 presents the results of the conducted simulation
analysis. That is, for four different scenarios of time series
memory (d = 0.05, d = 0.15, d = 0.35, and d = 0.45),
we assess the performance of portfolio allocations that
minimize the covariance matrix of reconstructed return
series that exclusively take into account short-run (SR),
middle-run (MR), or long-run information (LR) of the orig-
inal series. As a benchmark, we assess portfolio allocations
based on the original (raw) simulated return series (Orig-
inal).17 The presented results describe the out-of-sample
performance for 1,000 days.

The absolute average returns increase when the simu-
lated return series are characterized by longer memory
(−0.036% for d = 0.05 and −0.231% for d = 0.45).

15Note that this setup describes a multivariate extension of the simulation
of univariate return series as presented in Berger and Gençay (2018).
16Individual statistics for all 1,000 simulations for each scenario are
available upon request. Furthermore, as the presented results are robust
against simulated upward and downward trends, we present the results
for simulated return series characterized by negative average returns.
17The memory scenarios are similar to Berger and Gençay (2018).

BERGER AND GENÇAY 647



TABLE 2 Out-of-sample results of the applied
simulation study

Original SR MR LR
d = 0.05

r̄sim -0.036% -0.036% -0.037% -0.035%
min -0.535% -0.535% -0.535% -0.550%
max 0.334% 0.334% 0.327% 0.338%
𝜎̄sim 0.0009 0.0009 0.0009 0.0009
IRmv 0.044 -0.035 0.026
TEmv 0.0000 0.0001 0.0004

d = 0.15
r̄sim -0.066% -0.066% -0.066% -0.070%
min -0.92% -0.92% -0.91% -1.04%
max 0.79% 0.79% 0.79% 0.93%
𝜎̄sim 0.0022 0.0022 0.0022 0.0025
IRmv 0.002 0.004 -0.035
TEmv 0.0001 0.0002 0.0011

d = 0.35
r̄sim -0.150% -0.150% -0.150% -0.145%
min -1.42% -1.40% -1.49% -1.64%
max 1.05% 1.06% 1.09% 1.45%
𝜎̄sim 0.0028 0.0028 0.0029 0.0034
IRmv -0.053 0.032 0.033
TEmv 0.0001 0.0003 0.0015

d = 0.45
r̄sim -0.231% -0.232% -0.238% -0.237%
min -10.03% -10.03% -10.03% -10.71%
max 10.38% 10.38% 10.41% 11.68%
𝜎̄sim 0.0202 0.0203 0.0203 0.0213
IRmv -0.007 -0.085 -0.022
TEmv 0.0004 0.0008 0.0025

Note.r̄sim describes the average out-of-sample return of the
mean-variance efficient portfolio, min and max describe
the respective minimum and maximum out-of-sample
returns, and 𝜎̄sim gives the average standard deviation. IRmv

describes the sum of deviations from the applied bench-
mark strategy and TEmv describes the ratio of average
deviation from the benchmark divided by 𝜎̄sim. Here, the
benchmark is defined as the portfolio based on raw data
(Original).

Although different memory scenarios lead to differ-
ent average returns, our results provide evidence for
the importance of short-run information. Comparing the
out-of-sample performance of portfolios that minimize the
covariance matrix of the original simulated return series
against the portfolios that minimize the reconstructed
return series indicates that the SR out-of-sample returns
are closer to the original return than MR and LR.

For instance, if the simulated return series is character-
ized by less memory (d = 0.05), the average out-of-sample
portfolio returns based on extracted long-run regimes (LR)
is 3% lower in comparison to out-of-sample returns based
on raw data. The information that is captured by extracted
middle-run regimes (MR) results in portfolio returns that
are 1% lower and the returns-based short-run regimes (SR)
differ by 0.1%. This tendency remains stable for differ-

ent memory scenarios (d = 0.15, 0.35, and 0.45). In this
vein, the applied information ratio (IRmv) allows for a
comparison of the portfolio strategies vis-à-vis the applied
benchmark (original). In this particular simulation setup,
lower information ratios are preferred against higher val-
ues, indicating that the assessed strategy does not devi-
ate from the out-of-sample returns based on raw return
series. However, portfolio allocations based on extracted
long-run regimes suggest different diversification effects
and therefore lead to different portfolio allocations. Hence
the results underpin the fact that the information cap-
tured by extracted short-run regimes describes the relevant
information for periodical portfolio management.

4 EMPIRICAL STUDY

4.1 Data
The empirical study comprises different stocks, which are
listed under leading indices of nine different countries. In
order to indicate robustness of the empirical results, we
analyze different currency denominations and focus on
both developed and emerging markets. We discuss assets
that are listed on the leading North American, German,
and British stock markets as representatives of developed
markets. Additionally, we assess Canadian and Australian
stocks as representatives for smaller indexes. To analyze
emerging markets, we stick to the definition of O’Neil
(2001) and assess stocks that are listed under the lead-
ing indices of the so-called BRIC states. That is, we assess
shares that are listed on the Brazilian, Russian, Indian,
and Chinese stock exchanges. For all countries we assess
daily market quotes and analyze more than 11 years of data
ranging from January 2, 2006, to May 20, 2016.18 By split-
ting our sample into subsamples, we are able to take into
account the market turmoil beginning in 2007.

Table 3 presents an overview of the applied data. For all
countries, we analyze all stocks that are listed under the
leading stock index of the respective country. Moreover,
we exclude all stocks that were listed or delisted after 2006
from our analysis to ensure a consistent sample size for the
assessment of different sub-samples.

Table 4 presents the averaged descriptive statistics of
the analyzed assets for each stock index. Obviously, the
assessed stocks that are listed under indices of developed
markets are characterized by lower risk (𝜎 ranges between
0.007 and 0.008) and extreme negative losses in compar-

18This period refers to the limits of the assessed out-of-sample period
and comprises up to 2,675 daily market quotes. Owing to data-intensive
rolling window and wavelet analysis, the assessed market prices range
from August 6, 2003, up to May 20,2016 (up to 3,305 observations). Owing
to country-specific bank holidays, the number of observations differs
marginally by each country.
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TABLE 3 Overview of the underlying assets assessed in the
empirical analysis

Index Period Frequency # Assets
Developed markets
USA DJI 30 2006–2016 Daily 28
UK FTSE 2006–2016 Daily 27
Germany DAX 30 2006–2016 Daily 29

Small markets
Canada TSX 60 2006–2016 Daily 54
Australia ASX 2006–2016 Daily 19

Emerging markets (BRIC)
Brazil Bovespa 2006–2016 Daily 32
Russia RTS Index 2006–2016 Daily 15
India BSE Sensex 2006–2016 Daily 25
China SSE Index 2006–2016 Daily 36

Note. Due to the fact that we exclude assets that were listed or delisted
in the investigated period from 2006 to 2016, not all assets from each
index are analyzed. DJI 30 is Dow Jones Industrial Average, FTSE is
Financial Times Stock Exchange, DAX is German stock index, TSX 60
is a stock market index of 60 large companies listed on the Toronto
Stock Exchange, ASX is Australian Securities Exchange, Bovespa is a
stock exchange located in Sao Paulo, RTS Index is Russia Trading System
Index, BSE Sensex is Bombay Stock Exchange Sensitive Index, and SSE
Index is Shanghai Stock Exchange Index.

TABLE 4 Average descriptive statistics of the assessed assets

𝜇 𝜎 min max skew kurt
Developed markets

DJI 30 0.000 0.007 -0.059 0.062 -0.039 11.369
FTSE 0.000 0.008 -0.099 0.067 -0.796 22.917
DAX 30 0.000 0.008 -0.072 0.066 -0.119 8.702

Small markets
TSX 60 0.000 0.009 -0.083 0.088 0.212 21.176
ASX 0.000 0.007 -0.057 0.072 0.365 11.250

Emerging markets
Bovespa 0.000 0.011 -0.072 0.109 1.687 49.187
RTS Index 0.000 0.011 -0.119 0.123 0.029 21.494
BSE Sensex 0.000 0.010 -0.076 0.077 0.018 6.684
SSE Index 0.000 0.016 -0.079 0.071 0.776 55.936

Note.𝜇 and 𝜎 describe the sample average log returns and the average stan-
dard deviation for assets listed in the respective market; min and max
describe the average minimum and maximum for each asset, and skew and
kurt the average skewness and kurtosis of each asset. Detailed information
for each index is provided in Table 3.

ison to positive gains (skewness ranges between −0.039
and −0.796) in comparison to stocks that are listed under
indices of emerging markets, which are characterized by
higher risk and a longer right tail (𝜎 ranges between 0.010
and 0.016; skewness ranges between 0.029 and 1.687).
According to the presented averaged descriptive statistics,
the investigated stocks of small markets are characterized
by similar risk as developed markets (𝜎 ranges between
0.007 and 0.009) but by positive skewness like emerg-
ing markets (skewness ranges between 0.212 and 0.365)

and describe an interesting compromise between stocks of
developed and emerging markets.19

4.2 Empirical results
To study the impact of different variance and dependence
regimes on portfolio allocations, we deconstruct daily
return series via MODWT to obtain reconstructed series
that comprise either short-run, middle-run, or long-run
covariance regimes of the underlying return series. The
impact of competing information components on applied
portfolio management, namely on variance and depen-
dence and hence on portfolio allocations, is illustrated in
Figure 1.

Figure 1 illustrates the impact of different regimes on
volatility (left-hand panels), dependence structure (mid-
dle panels) and mean-variance efficient portfolio alloca-
tions (right-hand panels) for a portfolio that comprises
all stocks that are listed under the Dow Jones Industrial
Average. The left-hand panels illustrate the underlying
data, which are treated as an input to determine covari-
ance regimes. The upper left panel illustrates daily returns
of 28 stocks and the panels below describe the recon-
structed version of the original return series, which exclu-
sively comprise short-run, mid-run, and long-run volatility
regimes. Volatility of long-run regimes is smaller than
short-run regimes and one-off shocks; that is, large nega-
tive returns impact short-run regimes but are not present
in the reconstructed middle-run and long-run series. The
panels in the middle of Figure 1 illustrate the maximum
and minimum (blue lines) and the average (red line) of
the rolling-window correlation coefficients based on 500
observations. Although the average of the correlation coef-
ficients appears to be similar at each point in time, the
minimum and maximum values show that dependence
structure (i.e., diversification effects) between all 28 assets
differs markedly. Middle-run and long-run dependence
regimes are characterized by negative dependencies that
are not present in the original return series and short-run
regimes. The right-hand panels illustrate the impact of the
competing covariance regimes on mean-variance efficient
portfolio allocations. Based on the return series presented
in the upper left panel, the upper right panel presents the
quartiles of daily rebalanced portfolio weights for each
asset via box plots. That is, for each asset the first and third
quartiles of portfolio weights are the top and the bottom of
boxes, the median is the band inside the box, and the lines
outside the boxes depict variability outside the upper and
lower quartiles. Also, the upper panel builds the basis for
the lower three panels, which provide information about

19As our analysis comprises 265 stocks, a detailed list of descriptive
statistics for each individual asset is available upon request to the authors.
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FIGURE 1 Daily return series of 28 assets 2000–2016 listed in the Dow Jones Industrial Average are presented in the upper left-hand panel
(Returns). The lower left panels plot the level of the extracted short-run, mid-run, and long-run components (Short run, Middle run and Long
run, respectively). The lower left-hand panels sum up to the upper left-hand panel (Returns) and illustrate the competing features of
individual regimes. The middle panels plot the out-of-sample rolling average correlations based on 500 past observations (starting from
January 2, 2006) and the minimum and maximum correlations for each scenario. The figures indicate that each extracted regime is
characterized by different dependence scenarios that are crucial for applied portfolio management. The upper right-hand panel provides a
box plot of the daily rebalanced portfolio weights for daily data. That is, for each asset the first and third quartiles of portfolio weights are the
top and the bottom of the boxes, the median is the band inside the box, and the lines outside the boxes depict variability outside the upper
and lower quartiles. Based on the upper right-hand panel, the lower right-hand panels illustrate the deviations of individual portfolio weights
over time, when short-run, middle-run, and long-run information components are applied instead of daily return series [Colour figure can
be viewed at wileyonlinelibrary.com]

the differences between the portfolio allocations based on
daily data (upper left panel) and the deconstructed regimes
(lower left panels) for each asset at each point in time.

In comparison to middle-run and long-run covariance
regimes, portfolio allocations based on short-run covari-
ance regime lead to marginal differences in portfolio
weights. This indicates that covariance regimes of daily
data and covariance regimes of short-run components cap-
ture dominant dependence patterns and therefore lead to
similar portfolio allocations at each point in time. In con-
trast to short-run covariance regimes, portfolio allocations
that exclusively take middle-run or long-run covariance
regimes into account differ markedly. Because of changes
in the dependence structure between financial assets in
middle- and long-run regimes (which are also reported in
Gallegati, 2012), diversification effects change and hence
portfolio weights differ markedly in comparison to allo-
cations that take covariance regimes of daily data into
account.

For all stocks, the results of the out-of-sample perfor-
mance of the global minimum variance portfolios in the
period from 2006 until 2010 are presented in Table 5.
This table provides the descriptive statistics and perfor-

mance metrics of the daily out-of-sample portfolio returns
from 2006 until 2010. The results for the period 2010–2016
and the crisis period 2007–2009 are presented in Table
6 and 7, respectively. The out-of-sample performance of
the global minimum variance portfolios based on partic-
ular regimes indicates that the decomposition of return
series into different covariance regimes impacts the port-
folio performance. An exclusive focus on middle-run and
long-run regimes does not lead to an improved portfo-
lio performance in comparison to portfolios that take into
account the complete information, which is provided by
the original return series. Both the extracted middle-run
and long-run information components describe informa-
tion that is already fully absorbed by the market and
therefore lead to different diversification effects. Thus the
extracted middle- and long-run regimes, which are present
in daily return series, comprise information on changing
dependence regimes that appear to be of limited relevance
for applied periodical portfolio management.

For instance, mean-variance efficient portfolio alloca-
tions that comprise stocks listed under DJI 30 lead to
an average return of 0.015% and a Sharpe ratio of 0.014,
whereas middle-run and long-run regimes lead to lower
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average returns (middle run: 0.002%; long run: 0.001%)
and lower Sharpe ratios (middle run: 0.002; long run:
0.001). In contrast to that, an exclusive focus on newly
embedded information that is not absorbed by mid- and
long-run regimes leads to improved performance metrics
(average out-of-sample return increases by 13% and Sharpe
ratio by 7%). Therefore, splitting raw data into compet-
ing information components allows the investor to iden-
tify shorter covariance regimes that are not processed by
the market. Generally, the presented figures suggest that
daily rebalanced portfolio allocations aimed at minimizing
middle- and long-run covariance regimes of the assessed
series do not improve the out-of-sample performance in
terms of the applied portfolio metrics. Turning to the
assessment of short-run regimes, the results indicate that
the application of deconstructed short-run information
leads to an improvement in terms of the applied quality cri-
teria. In comparison to the out-of-sample performance of
portfolios that minimize the conditional covariance matrix
of daily data, the extraction of different covariance regimes
allows us to focus explicitly on relevant short-run covari-
ance regimes to improve portfolio metrics. For instance, as
presented in Table 5, the average portfolio return of a port-
folio that comprises assets listed under DJI 30 increases by
10% and Sharpe ratio by 7%.

Table 6 provides the results for the time from 2010 until
2016. Although both market times are characterized by dif-
ferent market regimes—that is, the period from 2006 to
2010 includes the outbreak and recovery of financial cri-
sis, whereas the period between 2010 to 2016 is described
by market upturns as a result of historically low interest
rates—previous findings remain valid.

The extraction of middle- and long-run covariance
regimes of daily data provides evidence that newly embed-
ded information that is not absorbed by features of
long-run regimes describes the relevant information for
applied portfolio management. An exclusive focus on
shorter covariance regimes leads to improved portfolio
metrics for different portfolios comprising stocks that are
listed under heterogeneous stock markets (developed and
emerging markets) by taking account of different periods
(2006–2010 and 2010–2016).

With particular focus on the market turmoil between
June 2007 and June 2009 (see Table 7), portfolios that
exclusively take the covariance matrix of short-run trends
into account lead to smaller negative returns (e.g., DJI 30:
average loss decreases by 41% if extracted short-run infor-
mation is taken into account, TSX 60 by 5%, and RTS by
12.5%, respectively) in comparison to portfolios built on
raw data.

Again, the results indicate that the extracted middle- and
long-run covariance regimes, which are present in daily
data series, provide different information from short-run

regimes. Our results clearly suggest that excluding mid-
term and long-term deviations from the raw data improves
the applied portfolio metrics. The extracted short-run
covariance regimes describe news that impacts short-run
changes in the data that are not absorbed by features of
long-run covariance regimes and that comprise relevant
information for daily portfolio management.

Consequently, the relevant information for daily portfo-
lio management is adequately described by the extracted
short-run covariance regimes of the respective daily return
series. Splitting raw data into short-term and long-term
components allows us to study the relevance of each infor-
mation component via out-of-sample portfolio returns.
Exclusively focusing on the short-run information apart
from features of long-run information components of the
assessed financial return series improves the assessed
quality criteria. Although recent studies mainly point at
stronger dependence regimes between the long-run sea-
sonalities of stock returns (see, among others, Gallegati,
2012; Rua & Nunes, 2014; Tan et al., 2014), our results indi-
cate that the information on different long-run regimes
absorb relevant features of newly embedded covariance
information and therefore should be excluded from daily
data for the sake of improved out-of-sample performance
metrics.20

4.3 Different holding periods
To underline robustness of our results, we investigate the
importance of particular covariance regimes for different
holding periods.21 Therefore, we perform the analysis of
out-of-sample performance of the portfolio that comprises
28 stocks that are listed under the DJI for different holding
periods.

Table 8 provides the out-of-sample performance of
global mean-variance efficient portfolios with respect to
different holding periods and hence different rebalancing
periods: one day, one week, one month, one quarter and
one year. The results describe the performance of the port-
folio that comprises stocks that are listed under the DJI,
and the out-of-sample period ranges from 2006 to 2016.
Similar to the results in Tables 5– 7, portfolio allocations

20To indicate the robustness of our findings, we have conducted two-sided
t-tests. Our findings are statistically significant and results are available
upon request to the authors.
21Note that our results are also robust to potential misspecifications in
the covariance matrix, as described by Ledoit and Wolf (2004). To assess
robustness we have also obtained all discussed covariance matrices via
the shrinkage approach. As a result, the presented results do not change.
In the interest of page constraints, Appendix Table A1 presents the results
for US stocks.
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Daily data Short run Middle run Long run
Daily r̄ 0.023% 0.023% 0.019% 0.019%

min -7.79% -7.63% -7.69% -7.82%
max 9.72% 9.85% 10.06% 10.31%
𝜎̂2 · 105 7.646 7.686 8.598 9.659
SRmv 0.026 0.027 0.021 0.020

Weekly r̄ 0.024% 0.024% 0.019% 0.019%
min -7.66% -7.66% -7.44% -7.59%
max 9.72% 9.85% 10.06% 10.31%
𝜎̂2 · 105 7.631 7.667 8.569 9.611
SRmv 0.027 0.028 0.021 0.020

Monthly r̄ 0.024% 0.025% 0.021% 0.020%
min -7.83% -7.86% -7.36% -7.67%
max 10.60% 10.47% 10.09% 10.14%
𝜎̂2 · 105 7.816 7.828 8.627 9.532
SRmv 0.027 0.028 0.022 0.020

Quarterly r̄ 0.024% 0.024% 0.019% 0.019%
min -7.83% -7.86% -7.36% -7.10%
max 10.60% 10.47% 10.09% 9.89%
𝜎̂2 · 105 7.883 7.894 8.617 9.127
SRmv 0.026 0.027 0.021 0.020

Yearly r̄ 0.023% 0.024% 0.019% 0.014%
min -7.64% -7.67% -7.28% -8.12%
max 10.15% 10.21% 9.92% 10.28%
𝜎̂2 · 105 7.937 7.952 8.635 9.593
SRmv 0.026 0.027 0.021 0.014

Note. The portfolios comprise 28 stocks that are listed in the Dow Jones Industrial Average.
r̄ and 𝜎̂2 describe the mean and variance and min/max the respective minimum/maximum
of the out-of-sample returns. SRmv describes the Sharpe ratio of the minimum variance
strategy.

TABLE 8 Out-of-sample performance of
mean-variance efficient portfolios based on daily data
and short-run, middle-run and long-run information
components with respect to different rebalancing periods
(daily, weekly, monthly, quarterly and yearly) from 2006
to 2016

that are based on extracted short-run covariance regimes
are described by improved out-of-sample performance—
for example, larger Sharpe ratios. Extracted properties of
middle-run and long-run covariance regimes lead to differ-
ent portfolio allocations. If the investor assesses raw data to
determine covariance regimes, both middle- and long-run
regimes absorb relevant features of short-run regimes.

To emphasize the impact of the identified covariance
regimes for a portfolio manager, we assume that an
investor invests in mean-variance efficient portfolios as
presented in Table 8 in January 2006 and track the portfo-
lio performance until May 2016. The revenues in May 2016
are presented in Table 9.

Table 9 provides the accumulated returns for the port-
folio discussed in Table 8. The table presents the rate of
return that an investment beginning from January 2006
has gained in May 2016 for different holding periods and
competing covariance regimes. For each holding period,
portfolio allocations that exclusively take into account
short-run covariance regimes lead to larger gains. In com-
parison to raw data, the focus on short-run regimes leads
to increased gains that are approximately 3–4% higher for
the investigated holding periods. Furthermore, in line with
the results in Tables 5– 6, information about middle-run
and long-run covariance regimes leads to portfolio returns

TABLE 9 Performance of a mean-variance efficient portfolio (DJI
30) based on daily data and short-run, middle-run and long-run
information components for different rebalancing periods. The
strategies start from January 2, 2006 and end on May 20, 2016

Holding period
1 day 1 week 1 month 1 quarter 1 year

Daily data 66.1% 71.0% 72.8% 70.0% 68.3%
Short run 69.7% 74.3% 75.2% 72.6% 72.3%
Middle run 49.7% 50.0% 54.1% 49.3% 49.8%
Long run 47.1% 48.5% 50.0% 49.5% 26.8%

that are approximately 16–23% lower than portfolios based
on raw data.

Consequently, the focus on short-run covariance
regimes that are not absorbed by middle- and long-run
regimes, which are both present in daily data, leads to
improved portfolio metrics no matter which holding
period is applied. The empirical findings provide evidence
for the relevance of the extracted short-run information in
the context of applied portfolio management with respect
to different holding periods. Splitting raw data into short-
and long-run information allows an investor to extract
relevant deviations that are not absorbed by features of
long-run regimes in order to achieve larger risk adjusted
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returns and smaller losses. According to different stock
indices and sample periods, the results are robust vis-à-vis
different volatility and market regimes.

5 CONCLUSION

This paper adds to the growing field of wavelet-based risk
measurements (see Berger & Gençay, 2018; Conlon et al.,
2018) and demonstrates a novel perspective on what is the
relevant information for applied portfolio optimization.
Splitting raw data into short-run and long-run informa-
tion components via wavelet decomposition allows the
investor to identify latent covariance regimes in order
to improve predictive portfolio performance. Specifically,
investors are able to discard long-run information compo-
nents that are of limited relevance for periodical portfolio
exercises in order to improve portfolio performance.

The empirical assessment of nine different portfolios
comprising stocks that are listed under both developed and
emerging markets provides evidence that short-run covari-
ance regimes of daily return series describe the crucial
information for periodical portfolio optimization. Extract-
ing newly embedded information content via shorter term
covariance regimes allows the investor to achieve higher
Sharpe ratios and smaller losses in market downturns.
Moreover, the presented simulation study underlines that
features of long-run covariance regimes are of minor rele-
vance for global minimum variance portfolio optimization.

Therefore, this study presents an initial step towards
a wavelet-based portfolio management algorithm, and
the introduced wavelet-based approach allows for cru-
cial insights into the relevant covariance regimes for
modern portfolio theory. In this vein, identification of
structural breaks and jumps in short-term frequencies
describes a promising next step for wavelet-based portfolio
optimization.
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APPENDIX A

TABLE A1 Out-of-sample performance of
mean-variance efficient portfolios (DJI 30,
2006–2016) based on daily data and short-run,
middle-run and long-run information
components for US stocks. The covariance
matrices are obtained via shrinkage approach

Ret SR MR LR
r̄ 0.022% 0.023% 0.020% 0.021%
min -8.11% -8.01% -7.89% -7.78%
max 9.96% 10.05% 9.77% 9.97%
𝜎̂2 0.0001 0.0001 0.0001 0.0001
SRmv 0.025 0.026 0.022 0.022
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