The Quarterly Review of Economics and Finance 52 (2012) 84–92

Contents lists available at SciVerse ScienceDirect

The Quarterly Review of Economics and Finance
journal homepage: www.elsevier.com/locate/qref

A wavelet-based assessment of market risk: The emerging markets case夽
António Rua a,b , Luis C. Nunes c,∗
a

Economic Research Department, Banco de Portugal, Av. Almirante Reis No. 71, 1150-012 Lisboa, Portugal
ISEG, Technical University of Lisbon, Rua do Quelhas, 6, 1200-781 Lisboa, Portugal
c
Faculdade de Economia, Universidade Nova de Lisboa, Campus de Campolide, 1099-032 Lisboa, Portugal
b

a r t i c l e

i n f o

Article history:
Received 19 January 2011
Received in revised form 6 September 2011
Accepted 19 December 2011
Available online 31 January 2012
Keywords:
Market risk
Variance
CAPM
Beta coefﬁcient
Continuous wavelet transform
Emerging markets

a b s t r a c t
The measurement of market risk poses major challenges to researchers and different economic agents.
On one hand, it is by now widely recognized that risk varies over time. On the other hand, the risk proﬁle
of an investor, in terms of investment horizon, makes it crucial to also assess risk at the frequency level.
We propose a novel approach to measuring market risk based on the continuous wavelet transform. Risk
is allowed to vary both through time and at the frequency level within a uniﬁed framework. In particular,
we derive the wavelet counterparts of well-known measures of risk. One is thereby able to assess total
risk, systematic risk and the importance of systematic risk to total risk in the time-frequency space. To
illustrate the method we consider the emerging markets case over the last twenty years, ﬁnding noteworthy heterogeneity across frequencies and over time, which highlights the usefulness of the wavelet
approach.
© 2011 The Board of Trustees of the University of Illinois. Published by Elsevier B.V. All rights reserved.

1. Introduction
The assessment of market risk has long posed a challenge to
many types of economic agents and researchers (see, for instance,
Granger, 2002 for an overview). Market risk arises from the random unanticipated changes in the prices of ﬁnancial assets and
measuring it is crucial for investors. Besides its interest to portfolio
managers, the assessment of market risk is relevant for the overall
risk management in banks and bank supervisors. Although bank
failures are traditionally related with an excess of non-performing
loans (the so-called credit risk), the failure of the Barings Bank in
1995 showed how market risk can lead to bankruptcy. Furthermore, market risk has received increasing attention in recent years
as banks’ ﬁnancial trading activities have grown.
Although the measurement of market risk has a long tradition
in ﬁnance, there is still no universally agreed upon deﬁnition of
risk. The modern theory of portfolio analysis dates back to the
pioneering work of Harry Markowitz in the 1950s. The starting
point of portfolio theory rests on the assumption that investors
choose between portfolios on the basis of their expected return, on
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the one hand, and the variance of their return, on the other. The
investor should choose a portfolio that maximizes expected return
for any given variance, or alternatively, minimizes variance for any
given expected return. The portfolio choice is determined by the
investor’s preferred trade-off between expected return and risk.
Hence, in his seminal paper, Markowitz (1952) implicitly provided
a mathematical deﬁnition of risk, that is, the variance of returns. In
this way, risk is thought in terms of how spread-out the distribution
of returns is.
Later on, the Capital Asset Pricing Model (CAPM) emerged
through the contributions of Sharpe (1964) and Lintner (1965a,
1965b). According to the CAPM, the relevant risk measure in holding a given asset is the systematic risk, since all other risks can be
diversiﬁed away through portfolio diversiﬁcation. The systematic
risk, measured by the beta coefﬁcient, is a widely used measure
of risk. In statistical terms, it is assumed that the variability in
each stock’s return is a linear function of the return on some larger
market with the beta reﬂecting the responsiveness of an asset to
movements in the market portfolio. For instance, in the context of
international portfolio diversiﬁcation, the country risk is deﬁned as
the sensitivity of the country return to a world stock return. Traditionally, it is assumed that beta is constant through time. However,
empirical research has found evidence that betas are time varying
(see, for example, the pioneer work of Blume, 1971, 1975). Such
a ﬁnding led to a surge in contributions to the literature (see, for
example, Alexander & Benson, 1982; Collins, Ledolter, & Rayburn,
1987; Fabozzi & Francis, 1977, 1978; Ferson & Harvey, 1991, 1993;
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Ghysels, 1998; Harvey, 1989, 1991; Sunder, 1980, among others).
One natural implication of such a result is that risk measurement
must be able to account for this time-varying feature.
Besides the time-variation, risk management should also take
into account the distinction between the short and long-term
investor (see, for example, Candelon, Piplack, & Straetmans, 2008).
In fact, the ﬁrst kind of investor is naturally more interested in
risk assessment at higher frequencies, that is, short-term ﬂuctuations, whereas the latter focuses on risk at lower frequencies, that
is, long-term ﬂuctuations. Analysis at the frequency level provides a
valuable source of information, considering that different ﬁnancial
decisions occur at different frequencies. Hence, one has to resort
to the frequency domain analysis to obtain insights into risk at the
frequency level.
In this paper, we re-examine risk measurement through a novel
approach, wavelet analysis. Wavelet analysis constitutes a very
promising tool as it represents a reﬁnement in terms of analysis
in the sense that both time and frequency domains are taken into
account. In particular, one can resort to wavelet analysis to provide
a uniﬁed framework to measure risk in the time-frequency space.
As both time and frequency domains are encompassed, one is able
to capture the time-varying feature of risk while disentangling its
behavior at the frequency level. In this way, one can simultaneously
measure the evolving risk exposure and distinguish the risk faced
by short and long-term investors. Although wavelets have been
more popular in ﬁelds such as signal and image processing, meteorology, and physics, among others, such analysis can also shed
fruitful light on several economic phenomena (see, for example,
the pioneering work of Ramsey & Lampart, 1998a, 1998b; Ramsey
& Zhang, 1996, 1997). Recent work using wavelets includes that
of, for example, Kim and In (2003, 2005), who investigate the relationship between ﬁnancial variables and industrial production and
between stock returns and inﬂation, Gençay, Selçuk, and Whitcher
(2005), Gençay, Whitcher, and Selçuk (2003) and Fernandez (2005,
2006), who study the CAPM at different frequency scales, Connor
and Rossiter (2005) focus on commodity prices, In and Kim (2006)
examine the relationship between the stock and futures markets,
Gallegati and Gallegati (2007) provide a wavelet variance analysis
of output in G-7 countries, Gallegati, Palestrini, and Petrini (2008)
and Yogo (2008) resort to wavelets for business cycle analysis, Rua
(2011) focuses on forecasting GDP growth in the major euro area
countries, and others (see Crowley, 2007, for a survey). However,
up to now, most of the work drawing on wavelets has been based
on the discrete wavelet transform. In this paper we focus on the
continuous wavelet transform to assess market risk (see also, for
example, Aguiar-Conraria & Soares, 2011a, 2011b, 2011c; Crowley
& Mayes, 2008; Raihan, Wen, & Zeng, 2005; Rua, 2010, 2012; Rua
& Nunes, 2009; Tonn, Li, & McCarthy, 2010).
We provide an illustration by considering the emerging markets case. The new equity markets that have emerged around the
world have received considerable attention in the last two decades,
leading to extensive recent literature on this topic (see, for example,
Bekaert & Harvey, 1995, 1997, 2000, 2002, 2003; Chambet & Gibson,
2008; De Jong & De Roon, 2005; Dimitrakopoulos, Kavussanos, &
Spyrou, 2010; Estrada, 2000; Garcia & Ghysels, 1998; Harvey, 1995,
among others). The fact that the volatility of stock prices changes
over time has long been known (see, for example, Fama, 1965),
and such features have also been documented for the emerging
markets. The time variation of risk comes even more naturally in
these countries due to the changing economic environment resulting from capital market liberalizations or the increasing integration
with world markets and the evolution of political risks. In fact, several papers have acknowledged time varying volatility and betas for
the emerging markets (see, for example, Bekaert & Harvey, 1997,
2000, 2002, 2003; Estrada, 2000; Santis & Imrohoroglu, 1997).
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Moreover, the process of market integration is a gradual one, as
emphasized by Bekaert and Harvey (2002). Therefore, methods that
allow for gradual transitions at changing speeds, such as wavelets,
are preferable to segmenting the analysis into various subperiods.
Hence, the emerging markets case makes an interesting example
for measuring risk with the continuous wavelet transform.
This paper is organized as follows. In Section 2, the main building
blocks of wavelet analysis are presented. In Section 3, we provide
the wavelet counterpart of well-known risk measures. In Section
4, an application to the emerging markets case is provided. Section
5 concludes.

2. Wavelet analysis
The wavelet transform decomposes a time series in terms
of some elementary functions, the daughter wavelets or simply
wavelets ,s (t). Wavelets are “small waves” that grow and decay in
a limited time period. These wavelets result from a mother wavelet
(t) that can be expressed as a function of the time position 
(translation parameter) and the scale s (dilation parameter), which
is related with the frequency. While the Fourier transform decomposes the time series into inﬁnite length sines and cosines (see,
for example, Priestley, 1981), discarding all time-localization information, the basis functions of the wavelet transform are shifted
and scaled versions of the time-localized mother wavelet. In fact,
wavelet analysis can be seen as a reﬁnement of Fourier analysis.
More explicitly, wavelets are deﬁned as
,s (t)
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where (1/ s) is a normalization factor to ensure that wavelet
transforms are comparable across scales and time series. To be
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the reconstruction of a time series x(t) from its continuous wavelet
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wavelet transform through the following formula
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The continuous wavelet transform of a time series x(t) with respect
to (t) is given by the following convolution
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where ∗ denotes the complex conjugate. For a discrete time series,
x(t), t = 1, . . ., N we have
1
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Although it is possible to compute the wavelet transform in the
time domain using Eq. (4), a more convenient way to implement
it is to carry out the wavelet transform in Fourier space (see, for

