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This paper’s objective is to explore equity market risk and co-movements between the Baltic stock markets of Estonia, Latvia
and Lithuania and the European stock markets both in time and frequency dimensions. We analyse equity markets returns
risk across different time horizons (frequencies). At the same time, we focus on the changes of the market risk and co-
movements of the Baltic and the European markets returns in time. The aim of the paper is to find the frequencies and time
when volatility and co-movements change. We use monthly data in the period of 2000-2017. The wavelet analysis was
employed to segregate the risk and co-movements at different time and different frequencies. Compared to previous studies,
a novelty of the paper is the investigation of the markets at each time horizon separately. Our findings are consistent with
the findings of other researchers who indicated that the Baltic markets are more integrated with the developed European
stock markets during crisis periods. We have found some impact of accession to the EU on co-movements between the Baltic
equity markets and the European market. We have discovered that co-movements are greater in low frequencies. From the
investment diversification point of view, the effect depends on the investment horizon. Our conclusion is that for the investor

with a time horizon of over 1.5 years diversification with the Baltic markets is not very efficient.
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Introduction

Financial institutions have various objectives for their
investments and the horizon of the investments reflects the
goals of the institution. For the fund manager it is crucial to
distinguish the short-term and the long-term decisions.
Consequently, the risk manager has to evaluate the short-
term and the long-term risks. The first kind of the risk is
related to the higher frequencies that is the short-term
fluctuation of the market, where the latter depends on the
lower frequencies, that is the long-term fluctuations.
Different duration of the investments requires analysis of the
risk across various frequencies.

The portfolio manager pays high attention to the
diversification of the portfolio. The benefit of the
diversification depends on co-movements of the asset in the
portfolio. The interrelation of the assets is changing over time
and is different at particular frequencies. Therefore, the risk
manager must take into account the changing environment in
the sense of time and frequency.

The wavelet transformation analysis enables us to
measure the changes of the risk and co-movement of the assets
over time and allows finding changes of the risk and co-
movements at different frequencies. Therefore, according to
Dewandaru et al. (2015), wavelet analysis is a proper tool to
investigate heterogeneity of the financial series. Chakrabarty
et al. (2015)) noticed that wavelet based multi-scale analysis
of financial time series has attracted much attention, from both
the academia and practitioners from all around the world.

The scientific papers analysing the Baltic stock market
are based mostly on the classical econometric approach.
Nekhili et al. (2002) stressed that widely used parametric
models like the random walk with GARCH, random walk

with stochastic volatility, jump diffusion processes etc. have
been found insufficient in explicating the underlying
dynamics of the financial market across all frequency levels.

The purpose of the paper is to analyse the Baltic equity
markets returns risk across all frequencies. At the same time,
we focus on the changes of the market risk and co-
movements of the Baltic and the European markets returns
in time. For this purpose, we decompose the time series into
the frequency-time dimensions using continuous wavelet
transformation. The wavelet power spectrum allows us to
find the time of the highest and the lowest volatility of the
market and to describe the time horizons, for which the risk
is high or low. We use cross-wavelet spectrum and wavelet
coherence to measure co-movements of the Baltic and the
European markets returns. It enables us to discover the time
when risk changes and to find the frequencies at which the
risk and co-movements are concentrated.

Theoretical Background

A number of authors have analysed the Baltic stock
markets from a co-movement point of view. Deltuvaite
(2016) studied an interrelation between the stock markets in
the Baltic states. By using the Spearman’s correlation
coefficient and the Granger causality test she found that all
the three Baltic stock markets were closely related, yet the
Latvian stock market was more isolated at the regional level,
compared to the other two Baltic stock markets, whereas the
Estonian and the Lithuanian stock markets were more
interrelated. Nikkinen et al. (2012) investigated linkages
between the Nordic, the Baltic and the major global stock
markets, with a particular focus on the period of the financial
crisis of 2008-2009. The results of the study indicated that
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the Baltic stock markets became closely related to the main
European stock markets during and after the crisis. Babalos
at el. (2018) explored stock market integration between the
developed European markets of Germany, France and UK
and the emerging Baltic stock markets of Estonia, Latvia and
Lithuania during the period of 2001-2014. They found the
integration to be significantly increased after the crisis.
Syllignakis and Kouretas (2011) applied the Dynamic
Conditional Correlation (DCC) multivariate GARCH model
of Engle (2002) to examine time-varying conditional
correlations to the weekly index returns. They discovered
that there was a statistically significant increase in
conditional correlations between the US and the German
stock returns and the CEE stock returns, particularly during
the financial crises of 2007-2009. Alexakis et al. (2016)
investigated the contagion effect of the Baltic market during
the crisis.  Co-movement and volatility transmission
between the oil price and stock markets in the Baltic states
was investigated by Bein (2017). Alekneviciene et al. (2012)
went inside the Lithuanian stock market to investigate a
portfolio of different weight stocks and compared a
diversification effect of differently-weighted stocks
portfolios. Kregzde and Murauskas (2015) revealed the
relationship between the Lithuanian Credit Default Swaps
and the bond market, by using Vector Error Correction
model. Maneschiold (2006) examined the short-run and the
long-run dynamics between the Baltic and international
capital markets. By applying the Johansen co-integration
method, the author showed that the Baltic capital markets
were not strongly integrated with international markets, thus
indicating a good area of investment for international
investors seeking to diversify their portfolio. Noteworthy,
the author’s conclusion had been made before the financial
crisis in 2008. Our paper confirms the findings of other
authors, yet it also expands understanding of the markets in
the way that goes inside the co-movements (co-movements
in each frequency).

Risk management is the key issue for investors and it
constantly attracts a high attention of scientists. Several
econometric models were used to estimate the risk and the
level and co-movements of the stock market return: Vector
Autoregressive (VAR) models (Gilmorea & McManus,
2002), GARCH models (Egert & Kocenada, 2010)), etc. The
level of co-movement has a direct practical application in
making decisions concerning asset allocation and risk
management. The increased co-movement of stock market
returns may reduce the advantages of international
diversification of investments (Ling & Dhesi, 2010). One of
the concepts most commonly used for measuring of co-
movement of financial markets is the correlation coefficient
of time series of the returns. The studies (see for example
Lin et al. (1994), Forbes and Rigobon (2002), Brooks and
Del Negro (2005, 2006)) have revealed that co-movement of
markets is not constant over time. To estimate co-movement
for different time periods a rolling window correlation
coefficient or non-overlapping sample periods were applied
(King & Wadhawani, 1990; Lin et al., 1994).

In addition to the time variation of risk and co-
movements, a distinction between the short-term and the
long-term goals (see Candelon et al. (2008)) should be taken
into account. Volatility and co-movements of the markets
are not constant across the frequencies (see for example

Banulescu-Radu et al. (2016)). We define the frequency
bands below 1 year as higher frequency bands and the
frequency bands above 1 year as lower frequency bands (see
Dewandaru et al. (2015)). We treat long-term and short-term
investors as defined by Calderon et al. (2008) and Rua and
Nunes (2012). The short-term investors are more interested in
risk assessment at higher frequencies, i.e. short-term
fluctuations, whereas long-term investors focus on a risk at
lower frequencies, i.e. long-term fluctuations. According to
Chakrabarty et al. (2015), “Short-term fluctuations are
induced by short-term traders (like day traders, intra-day
traders and hedge funds) who rely on idiosyncratic (firm
specific) news more than on systematic (market specific)
news. Hence their trading activities are un-correlated with the
common market dynamics. Long-term traders (like central
Government and pension funds), on the other hand, rely more
on systematic (market and economy specific) news and
hence their trading activities are more correlated with the
market movements”. 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 about the co-movement at the frequency level
(see, for example, Woitek (2001) and Pakko (2004)).

In this paper we analyse the risk of the Baltic stock
market and co-movements between the Baltic stock markets
and the European stock market in both time and frequency
domains. We use wavelet analysis to explore co-movements
of equity markets in the Baltic states. Starting with the
studies of Ramsey and Zhang (1996, 1997) and Ramsey and
Lampart (1998), a number of research in economics and
finance was carried out based on wavelet analysis. Kim and
In (2003, 2005) and Babalos et al. (2016) investigated the
relationship between financial variables and the real
economic activity. Gallegati (2008) and Yogo (2008)
applied wavelets for business cycle analysis, and Gallegati
et al. (2014) analysed interest rate spreads and output. Rua
(2012) analysed monetary policy issues in the euro area. A
number of papers have been devoted to application of
wavelets to reveal co-movements of equity markets. Rua and
Nunes (2009) investigated international co-movement of
stock market returns by means of wavelet analysis. Dajcman
(2012) studied dynamics of returns co-movement in the
Czech and the European stock markets during the period of
1997-2010. Barunik and Vacha (2013) analysed the
contagion among the Central and the Eastern European stock
markets during the financial crisis in a very high frequency.
Polanco-Martinez et al. (2018) studied peripheral EU stock
markets by means of wavelet transform.

Compared to the previous studies, a novelty of the paper
is the use, for the first time, of wavelet analysis for
investigation of the Baltic markets. The previous analyses of the
Baltic markets were made by applying a classical
econometrical approach. Wavelet analysis allows decomposing
of the time series of returns into time and frequency dimensions.
The decomposition creates opportunities to compare different
markets not only in time, but also in frequency. Higher co-
movements during the crisis have been observed by other
authors as well. We have gone deeper and discovered, for the
first time, the time horizons in which the co-movements are
concentrated. We have established that the co-movements
appear in lower frequencies.
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Methodology

We apply wavelet transform analysis for the time series
of returns. The wavelet transform analysis uses little
wavelike functions known as wavelets. A family of wavelets
Y, s(t) is defined by using the basic wavelet functions
P(t), called a mother wavelet, in the following way:

PYes(©) = = W) &)

There variable s (dilation parameter) is the scale and t
(translation parameter) is the time. The scale s is
proportional to the inverse of the frequency.

The continuous wavelet transformation (CWT) of a
time series X(t) is defined trough the following formula:

We(z,s) = [2 x (07 s (t)ct 2
there y* denotes the complex conjugate of . We face
discreet time series x(t), therefore for t=1,...N CWT is

calculated as follows:
N

We(e5) = ) x(Owis(0) ®)

t=1
The CWT is used to transform the initial time series
X(t) into another representation, separating time t and scale
(frequency) s.
Wavelet power spectrum (WPS) for each s and 7 is
defined as follows:

WPS(z,5)= | W, (z,5) | 2 4)

It measures the time series variance at each time and at
each scale with respect to the wavelet y. A plot of WPS is
called a scalogram. One can define the average of WPS
across the time for each scale s. It is known as global wavelet
power spectrum GPWS (see Tiwari at el. (2017)), or energy
distribution at a specific scale (see Addison (2016)).

E(s) =~y | W (r,9)]? (5)

E(s) measures average variance at the frequency
corresponding to scale s. Peaks in E(s) highlights the
dominant scales within the time series x(t).

Cross-wavelet spectrum of two time series x(t) and y(t)
with wavelet transforms W, (z, s) and W, (t, s) is defined as
W,y (x,5) = W, (z,s)W, (7,s). It captures the covariance
between two time series in the time-frequency space.

We define the wavelet transformation coherence
(WTC) or simply coherency of two time series x(t) and y(t)

in the way as it is described by Torrence and Compo (1998)
by the following formula:
|s s Wy (z,5) |2
RZ(T' s) = S(s—1] Wx(‘L(',S) [2)s(s~1 |)Wy(‘r,s) [2) Q)
There S(¢) is a smoothed (see Torrence and Compo
(1998)) operator and s is the wavelet scale. It allows us to
estimate the presence of the simple cause—effect relationship
between the phenomena recorded in the time series. The
coherency is the analogy of the correlation coefficient. One
can define the average coherency across time at each scale
for discreet series of time t as follows:

N
1
AC(s) = NZ R?(1,s) 7

We use a corﬁplex Morlet as a mother wavelet which
is defined as follows:

B S

Y(t) =m re! ez ®

In this way the Morlet wavelet mother function
consists of the multiplier e‘®ot = cos(wyt) + isin(wyt)
which is a periodic function with a period of i—”and the

0
t2

Gausian envelope ez which tends to zero as t— +oo. We
fix w, = 6, because it provides for a good balance of time
and frequency (see Grinsted et al. (2004)).

Research Findings
Data

We use OMX Riga (Latvia), OMX Tallinn (Estonia)
and OMX Vilnius (Lithuania) as indices representing the
Baltic stock markets and Dow Jones Euro Stoxx 50
(Eurostoxx50) to represent the European market.
Eurostoxx50 data comes from the ECB Data Warehouse.
Data of OMX Riga, OMX Tallinn and OMX Vilnius have
been imported from the OMX Nasdag website. The data
sample ranges from January 2000 to February 2017. We
have chosen January 2000 as a starting point due to the
introduction of the uniform methodise for the Baltic stock
indices market. In total, our time series consist of 205
monthly data points.

To make the value of each index in January 2000 to be
equal to 1 we have multiplied values of each index by the
normalised factor. The indices under consideration are
presented in Figurel.

10
8
6
4
2_
.
.'o-.O. ._.—-“. pED ¢ eEEEE ¢ Gy, ¢ GEEEe ©° GEmmS ° Sngmm o
O O o d N N MM M I S DLW O© O~ 000000 OO dcd AN AN OMOMSTS I 10 10 © O© N~
IPIIIIIIIIIeeeeeeeeeeeAdAdAAdAAAAF A A A A A
CcC = € = € = Cc = Cc = € == £ == £ = €c = Cc = CcC = CcC == Cc = Cc == cCc = cCc = cCc = C
> > > > > > > > > > > > > > > > p
ES 85 858358358585 853835835858585383538353858538
OMX _Talinn - == OMX_Riga eeeee OMX-Vilnius e« EUrostoxx50

Figure 1. Values of the normalised indices of Eurostoxx 50, OMX Tallinn, OMX Riga and OMX Vilnius.
Source: performed by the author.
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Returns of stock indices are calculated as the
logarithmic of the ratio of the closing prices at the beginning
of the current month and at the beginning of the previous
month. Descriptive statistics of the returns are presented in

Table 1. During the period of 17 years, the average of
monthly returns of the Baltic states exceeded 0.8 % and the
average of monthly returns of the Eurozone was negative
and equal to -0.2 %.

Table 1
Descriptive Statistics of Monthly Returns of Stock Indices
Min Max Mean Variance Star_]dqrd Skewness Kurtosis
deviation
Eurostoxx50 -0.195 0.123 -0.002 0.002304 0.048 -0.896 1.882
OMX Riga -0.273 0.334 0.01 0.004356 0.066 0.151 6.403
OMX Tallinn -0.347 0.352 0.011 0.005041 0.071 -0.237 5.872
OMX Vilnius -0.374 0.333 0.008 0.004761 0.069 -0.737 7.719

Source: performed by the author.

Analysis of the Wavelet Power Spectrum of
Returns

Table 1 presents the risk of investment as measured by
the variance of returns. Table 1 reveals that the variance of
the Baltic stock returns is approximately twice as high as the
variance of the European stock returns. Our next focus was
to investigate the variance at different time moments and at
different frequencies (time periods). We converted
frequency into time units (years), ranging from the highest
frequency which corresponds to the period of 0.25 years to
the lowest frequency corresponding to the period of 4 years.
The minimal scale of 0.25 corresponds to 0.25 years or 3

Wavelet Power Spectrum of Eurostoxx50 retums
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months, and the maximum scale corresponds to 4 years or
48 months. Figure 2 presents wavelet power spectrum for
each market. The x-axis refers to time and the y-axis refers
to the period or frequency.

Torrence and Webster (1999) noted that CWT, and
accordingly WPS, suffers from the edge effect due to the fact
that wavelets are not completely localised in time.
Therefore, we include the cone of influence which is shown
in white colour in the figures. Outside of the cone of
influence, the results can be affected by the edge effect. The
contour plot uses white colour for the high value of WPS and
black for the low value of WPS.
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Figure 2. WPS for Eurostoxx50, OMX Tallinn, OMX Riga and OMX Vilnius indices.
Source: performed by the author.
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Some findings can be made from analysis of WPS.
First, as Figure 2 reveals, magnitude of WPS and
consequently volatility of monthly returns is not uniform in
frequency and time. In the time dimension, the highest
volatility is observed in all the markets from 2007 to 2012
(bright colours). The above is related to the world financial
crisis which started in the USA and then spread across the
world later on. The period of the financial crisis in the USA
started in December 2007 and lasted till June 2009, as
defined by the National Bureau of Economic Research
(NBER). The effect of the crisis was followed by the
European sovereign debt crisis which was partially resolved
by restructuring the Greece sovereign debt in the beginning
of 2012. As we see from Figure 2, the mentioned
circumstances had an impact on the European and the Baltic
market risk as measured by WPS. The Eurozone stock
market was affected by the Turkish crisis in 2001 (see Rua
and Nunes (2012)). From Figure 2 we see that the crisis has
increased WPS for the European market. We have not
noticed a sizeable influence of the Turkish crisis on the
Baltic markets, except for a small influence on Latvia.

In the frequency dimension, volatility is concentrated
in the medium and long periods for all the markets. The
impact of the crises is reflected in the scales from 0.75 to 3.5
years for all the markets under consideration. Noteworthy,
the highest volatility is observed at the scale of around 3
years. Yet, Rua and Nunes (2012) found that the volatility of
the returns of Morgan Stanley Capital International (MSCI)

world index and MSCI index of the emerging markets was
concentrated in the low scales (high frequencies) during the
period of 1988-2008. The differences can be explained by the
fact that the essential drop of the equity market, related to the
Lehman Brothers collapse in September 2008, created a long-
lasting effect on the values of the indices (see Figure 1).

A more aggregate measure of volatility is the average of
WPS across the time in each scale, which is denoted by E(s).
Figure 3 presents E(s) for all the markets under
consideration. We can see two local maximum values of the
average of WPS for Eurostoxx50, Lithuania and Estonia.
The first local maximum value is observed around the
frequencies corresponding to 1.5 years and the second is
found around 3 years. The maximum global value of E(s) is
achieved at the frequencies of around 3 years (see Figure 3).
For Latvia, the local maximum value which stands at 1.5
years for the other markets is shifted to 1 year and volatility
of the average of WPS is observed for shorter periods. In
Figure 2 we can see a brighter white colour for Latvia at the
periods from 0.5 to 1.5 years. That can be explained by the
fact that the crisis of 2008 in the Baltic countries started in
Latvia, related to the bankruptcy of Parex bank, and was
resolved with the help from IMF. Figure 2 shows a
concentrated white colour for Latvia in 2008 at the scale of
around 1 year. The average of WPS decreases at the
frequencies corresponding to over 3 years for all the markets
under investigation.
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Figure 3. Average of wavelet power spectrum E(s) of Eurostoxx50, OMX Tallinn, OMX Riga and OMX Vilnius.

Source: performed by the author.

Analysis of Wavelet Coherence of Returns

Table 2
Pearson’s Correlation Coefficients between Stock Market Returns
Eurostoxx50 OMX Riga OMX Tallinn OMX Vilnius
Eurostoxx50 1 0.169™ 0.213** 0.237%**
OMX Riga 1 0.433** 0.445**
OMX Tallinn 1 0.724***
OMX Vilnius 1

ek

™ 5 % significance level, ™ 1 % significance level

Source: performed by the author.

Co-movements between two time series can be
measured by correlation of the series. Correlation
coefficients are presented in Table 2.

Next, we go deeper into analysis of co-movements of
the two time series in time-frequency domain. We measure
coherence by R?(t, s), which varies depending on time 7 and
frequency as measured by s. Coherence between Eurostox50
and indices of the Baltic countries is presented in Figure 4.
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Figure 4. Coherence between Eurostoxx50 and of OMX Tallinn, OMX Riga and OMX Vilnius
Source: performed by the author.

When looking at the time scales in Figure 4 we can find
that coherence between the euro market and the markets of all
the Baltic countries increased (white colour is dominant) from
2007 to 2013 for all the periods exceeding 1 year. The
coherence decreased between the markets after the year of
2013. This was the time when the sovereign debt problem was
resolved partially and tension decreased in all the markets.

Noteworthy, starting from 2001 (in May 2004 the
Baltic countries accessed the EU) the coherence increased in
the frequencies corresponding to around 1.5 years.

We see some increase of the coherence for Latvia in
the middle of 2013 and for Lithuania in the middle of 2014,
which can be treated as the time of the announcement of the
European Commission concerning the introduction of the
euro in these countries. We do not see any impact of the
introduction of the euro in 2011 in Estonia. It can be
explained by the fact that the coherence was still very high
because of the crisis in 2010.
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Figure 5. Average coherence AC(s) of Eurostoxx50 and indices of the Baltic markets.
Source: performed by the author.

The average of R?(z, s) is presented in Figure 5. We see
that the average coherence is higher than 0.8 in longer
periods (low frequencies), i.e. from 1.25 to 4 years, and
lower in shorter periods. The above shows that co-
movements of the Baltic markets with the Eurozone market
are very high for long periods. The average coherence
between the European markets and the Baltic markets is

small for the periods shorter than 0.5 years. Hence, co-
movements are high for long periods and low for short
periods.

The economies of the Baltic countries are very open and
closely related to the EU economies. It can be the reason
why the Baltic equity market depends on the EU
fundamentals and co-movements are high at low frequencies
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(long periods). The co-movements have increased as a result
of the accession to the EU and during the time of the global
financial crises. The weak co-movements at higher
frequencies are related to low liquidity of the Baltic markets
and the countries’ specific issues.

Conclusions

Compared to the previous studies, a novelty of the paper
is the use, for the first time, of wavelet analysis for
investigation of the Baltic markets. The previous analyses of
the Baltic markets were made by applying a classical
econometrical approach. Wavelet analysis has a very
important advantage. It allows decomposing of the time
series of returns into time and frequency dimensions. The
decomposition creates opportunities to compare different
markets not only in time, but also in frequency. Our findings
corroborate the findings from other authors that crisis
periods have a great impact on interrelations of the global,
the European and the Baltic markets. The results are
consistent with the findings of other researchers, such as
Nikkinen et al. (2012) who indicated that the Baltic markets
were more integrated with the developed European stock
markets during crisis periods. Our investigation goes deeper
into co-movements. We discover that co-movements of the
markets are high in the period from 2007 to 2013 for the
investments exceeding 1.5 years.

We discover that volatility is focused in the medium and
long periods (medium and low frequencies) from 0.75 to 3.5
years for all the markets under consideration. The absolute
maximum of volatility is achieved at the period of 3 years
and persists from the year 2007 to 2012. Another local
maximum is recorded at the period of 1.5 years from the year
2008 to 2010 for all the markets except Latvia. For the
Latvian market, the maximum at the period of 1.5 years is
shifted to the left, i.e. to the period equal to 1 year. It is well
known that Latvia is one of the first countries which have
faced banking and sovereign debt problems. Hence, a
hypothesis emerges that volatility at the period from 1 to 1.5
years is related to the sovereign debt problems in Europe and
volatility at the high scales tallies with the global world
crisis. We find some impact of accession to the EU and the
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for the investor with the time horizon exceeding 1.5 years
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