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Abstract

We characterize the interrelation of COg prices with energy prices (gas and elec-
tricity), and with economic activity. Previous studies have relied on time-domain tech-
niques, such as Vector Auto-Regressions. In this study, we use multivariate wavelet
analysis, which operates in the time-frequency domain. Wavelet analysis provides con-
venient tools to distinguish relations at particular frequencies and at particular time
horizons. Our empirical approach has the potential to identify relations getting stronger
and then disappearing over specific time intervals and frequencies. We are able to ex-
amine the coherency of these variables and lead-lag relations at different frequencies

for the time periods in focus.
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1 Introduction

The European Union Emission Trading Scheme (EU ETS) is the largest carbon market in
the world, covering about 45% of greenhouse gas emissions from the European Union. It
is a regional compromise by which EU countries are bonded to a total pre-set emissions
for specific sectors, mainly energy and energy intensive industries. Under such scheme, the
regulator, the European Commission, sets emission caps to be reached by the participants
and enables them to trade emission permits in order to achieve the established cap: it is a
cap-and-trade scheme.

Overall, the EU aims to reduce its emissions by 20% by 2020 compared to 1990, and
by 40% by 2030. For this purpose the EU ETS contributes with a 21% cut in emissions in
2020 compared to 2005, in the sectors covered by the market. Although the EU ETS is the
largest greenhouse gas (GHG) emission trading scheme in place, others exist in the USA,
New Zealand, Japan, Australia, Canada, and in three cities in China. Carbon markets are
a world accepted tool for climate change mitigation for they provide cost-efficient solutions.
A few emission trading schemes more are under development.

The EU ETS was the first carbon market to be implemented. The first phase, for testing,
took place between 2005 and 2007, the second, the Kyoto period, in 2008-2012, and the third,
called post-Kyoto, is held since 2013 and will last until 2020. Despite meeting the emission
reduction goals, the functioning of the European carbon market has raised some concerns.
The main issue relates to the evidence of consistently low prices since Phase II until today,
following the sharp fall of 2007, in the result of an overallocation of permits. In this context,
it became evident the importance of understanding the origin of carbon prices and their
impact on fossil fuels prices, main emitters of COs.

Initially, most of the research on carbon pricing used Granger causality methodology to
find unidirectional relations between pairs of variables, including carbon and energy prices
(Keppler and Mansanet-Bataller 2010; Creti et al. 2012). More recently, Vector Auto-
Regressive (VAR) studies with multivariate analysis estimate impulse response functions

that show the impact of innovations of a variable, namely carbon (Gorenflo 2012; Kumar



et al. 2012; Aatola et al. 2013b). Also, in complement, there are studies on carbon price
volatility (Aatola et al. 2013a; Byun and Cho 2013; Garcia-Martos et al. 2013; Lutz et al.
2013).

We follow the previously referred studies and consider CO, prices interrelation with
energy prices (gas, coal and electricity), and with economic activity index. These are the
critical variables for carbon market actors. However, in this study we use multivariate
wavelet analysis, to see how carbon prices behave at different frequencies and how this
behavior changes over time. With data for the second and third EU ETS phases until today,
the compulsory periods, our purpose in this paper is to identify relations getting stronger
and then disappearing over specific time intervals and frequencies. With this approach,
we are able to examine the coherency of these variables and lead-lag relations at different
frequencies for the time period in focus.

The results we obtain are of particular relevance to market regulators, States and also
emitting companies, because we provide a perception of the annual relationships between de-
cision variables. This is different from the previous causality and impulse-response analysis,
usually more pertinent for financial market players.

In the next section, we briefly describe the wavelet analysis tools. Section 3 describes

our dataset. Section 4 presents results and Section 5 concludes.

2 Wavelet Analysis

Early applications of wavelets to economics were predominantly performed using some ver-
sions of the Discrete Wavelet Transform. These include, among others, the pioneering work
of Ramsey and Lampart (1998a and 1998b) and Ramsey (1999), followed by Gengay et al.
(2001a, 2001b and 2005), Wong et al. (2003), Fernandez (2005), Gallegati (2008), Gallegati et
al. (2011), among several others. 10 years later, the literature using the Continuous Wavelet
Transform (CWT) started to grow. Aguiar-Conraria, Azevedo and Soares (2008), Baubeau
and Cazelles (2009), Rua and Nunes (2009), Rua (2012), Aguiar-Conraria and Soares (2011),
Aguiar-Conraria, Martins and Soares (2012), Caraiani (2012), Ferndndez-Macho (2012), and



Kristoufek (2013) among several others, provide economic applications of these tools. Even
in political science, CWT has been proven fruitful — e.g. see Alvarez-Ramirez et al. (2012)
and Aguiar-Conraria, Magalhaes and Soares (2012 and 2013).

We are not the first authors to use wavelets to analyze the energy markets or the relation
between energy prices and other financial or macroeconomic variables. Actually, one can
argue that wavelet analysis is particularly well suited for this purpose. Energy price dynamics
are nonstationary and so it is important to use methods that do not require stationarity.
Moreover, there is evidence showing that several energy markets display consistent nonlinear
dependencies — Kyrtsou et al. (2009) . Based on their analysis, the authors call for nonlinear
methods to analyze the impact of oil shocks. Wavelet analysis is one such method. Naccache
(2011), Jammazi (2012) Vacha and Barunik (2012), Tiwari, Mutascu, Albulescu (2013), and
Aloui and Hkiri (2014), among others, have already relied on wavelets to study the evolution
of energy prices. Specifically about carbon markets there is no previous work performed in
the time-frequency domain.

One common feature to all the above cited papers is that they rely on uni and bivariate
wavelet analysis. So far multivariate wavelet analysis has never been applied to economic
data. This is an important shortcoming, because when the association between two series
is to be assessed, it is often important to account for the interaction with the other series.
To estimate the interdependence, in the time-frequency domain, between two variables af-
ter eliminating the effect of other variables, we will rely on the concept of partial wavelet
coherency and partial phase-difference.!

This section is necessarily brief. If interested in a detailed technical overview the reader
can check Aguiar-Conraria and Soares (2013). We start by introducing some standard
wavelet tools: (1) the wavelet power spectrum, which describes the evolution of the variance
of a time-series at the different frequencies, with periods of large variance associated with
periods of large power at the different scales, (2) the cross-wavelet power of two time-series,

which describes the local covariance between the time-series, and the wavelet coherency,

IFernandez-Macho (2012) also proposes new statistical tools to determine the overall correlation for the
whole multivariate set on a scale-by-scale basis.



which can be interpreted as a localized correlation coefficient in the time-frequency space,
and (3) the phase, which can be viewed as the position in the cycle of the time-series as a
function of frequency, and the phase-difference, which gives us information on the delay, or
synchronization, between oscillations of the two time-series. The previous tools are standard,
however they are important, because they will help us to describe the concepts of partial
and multiple wavelet coherency and partial phase-difference, which are analogous to their

bivariate counterparts, after controlling for the effects of other variables.

2.1 The Wavelet

For most of the applications, a wavelet 1 is a well localized function, both in the time domain
and in the frequency domain, with zero mean, i.e. ffooow (t)dt = 0. This means that the
function ¢ has to wiggle up and down the ¢t—axis, i.e. it must behave like a wave.

The specific wavelet we use is selected from the so-called Morlet wavelet family, first

introduced in Goupillaud et al. (1984) and is:
Y (t) = r et (1)

The Morlet wavelet has an important property: it has optimal joint time-frequency
concentration. The Heisenberg principle says that one cannot be simultaneously precise
in the time and the frequency domain. Theoretically, the time—frequency resolution of the
continuous wavelet transform is bounded by the so called Heisenberg box. The area of the
Heisenberg box, which describes the trade-off relationship between time and frequency, is
minimized with the choice of the Morlet wavelet. Another important characteristic is that
it implies a very simple inverse relation between scale and frequency, allowing us to use the

terms interchangeably.



2.1.1 The Continuous Wavelet Transform

Starting with a mother wavelet 1, a family 9, ; of “wavelet daughters” can be obtained by

simply scaling and translating :

by (1) = — w(t”), 5T ER s £0, @)

5] §

where s is a scaling or dilation factor that controls the width of the wavelet.
Given a time-series z (), its continuous wavelet transform (CWT) with respect to the
wavelet 1 is a function of two variables, W, (7, s) , obtained by "comparing" = with a whole

family of wavelet daughters:

where the bar denotes complex conjugation.

2.2 Univariate tools
2.2.1 The Wavelet Power and the Wavelet Phase

In analogy with the terminology used in the Fourier case, the (local) wavelet power spectrum

(sometimes called scalogram or wavelet periodogram) is defined as
(WPS)u(1,8) = |Wa(r,s)[. (4)

This gives us a measure of the variance distribution of the time-series in the time-scale
(time-frequency) plane.

When the wavelet 1(t) is chosen as a complex-valued function, as in our case, the wavelet
transform W, (7, s) is also complex-valued and can be separated into its real part, R(1,),
and imaginary part, (W,,), or in its amplitude, |W,(7, s)|, and phase, ¢, (7, s) : W,(7,s) =
\W,(7,5)| €=(7%). Recall that the phase-angle ¢, (7, s) of the complex number W,(7,s) can

be obtained from the formula: tan(¢, (7, s)) = Sore(rs)

= RWal(rs) using the information on the signs



of R(W,) and I(W,,) to determine to which quadrant the angle belongs to.

2.3 Bivariate tools

In many applications, one is interested in detecting and quantifying relationships between
two non-stationary time series. The concepts of cross-wavelet power, cross-wavelet coherency
and wavelet phase-difference are natural generalizations of the basic wavelet analysis tools
that enable us to deal with the time-frequency dependencies between two time-series.

The cross-wavelet transform of two time-series, z(t) and y(t), is defined as
W,y (1,8) = W, (1,5) W, (7, 5), (5)

where W, and W, are the wavelet transforms of x and y, respectively. We also define
the cross-wavelet power, as |Wy,(7,s)|. For simplicity, in the next formulas we will omit
(7,). The cross-wavelet power of two time-series depicts the local covariance between two
time-series at each time and frequency. Therefore, cross-wavelet power gives us a quantified
indication of the similarity of power between two time-series.

In analogy with the concept of coherency used in Fourier analysis, given x(t) and y(¢)

one can define their complex wavelet coherency ,0,,, by:

S (W)
1S (Wew) S (Wy )"

(6)

sz =

where S denotes a smoothing operator in both time and scale; as in the Fourier case, smooth-
ing is necessary, otherwise coherency would be identically one.

The absolute value of g,, is the wavelet coherency: R, = ‘gxy‘ .

With a complex-valued wavelet, we can compute the phase of the wavelet transform of
each series and thus obtain information about the possible delays of the oscillations of the

two series as a function of time and scale (frequency), by computing the phase difference.



The phase difference can be computed from the cross-wavelet transform, by using the formula

$,., = tan™" (;(—Wy)> . (7)

Information on the signs of each part to completely determine the value of ¢, € [—, 7].
A phase-difference of zero indicates that the time series move together at the specified fre-
quency; if ¢,, € (0,7), then the series move in phase, but the time-series x leads y; if
¢y € (—3%,0), then it is y that is leading; a phase-difference of 7 (or —) indicates an anti-

phase relation; if ¢,, € (3, 7), then y is leading; time-series x is leading if ¢,, € (=7, —7).

2.4 Multivariate Tools

In this paper, we apply the concepts of multiple and partial coherency from Fourier spectral
analysis into the context of wavelet time-frequency analysis — see Aguiar-Conraria and
Soares (2013). We will display the formulae for the case of three variables. For more general
cases, the reader is referred to the appendix of the aforementioned paper.

Given three series x, vy, z, the complex partial wavelet coherency of x and y, after control-

ling for z, is given by the formula

Oy — QxZE z
Ovy 2 = L L : (8)
NCEFCRIEY R

Naturally, we define the partial wavelet coherency, ryy -, as the absolute value of g,,, ..

Having defined the complex partial wavelet coherency g,, , between the series z and the
series y, after removing the influence of z, we define the partial phase-difference of x over vy,
given z, as the angle of o, ,. We will denote this phase-difference by ¢

Ty .2*

2.5 Statistical significance

There are some theoretical distributions that could be used for significance testing for the
wavelet power spectrum — e.g. Torrence and Compo (1998) concluded that the wavelet

power spectrum of an AR(0) or AR(1) process is reasonably well approximated by a chi-

8



squared distribution. Ge (2008), Cohen and Walden (2010) and Sheppard et al. (2012) have
some important theoretical results on significance testing for the wavelet coherency. To our
knowledge, no work has been done on significance testing for the partial coherency.?

All our significance tests are obtained using surrogates. To perform significance tests
of wavelet measures, we fit an ARMA model to the series and construct new samples by
drawing errors from a Gaussian distribution with a variance equal to that of the estimated
error terms. For each time-series (or set of time-series) we perform the exercise 2000 times,
and then extract the critical values at 5 and 10% significance.

Related to the phase-difference, there are no good statistical tests. This is so because it
is very difficult to define the null hypothesis. In fact, Ge (2008) argues that one should not
use significance tests for the phase-difference. Instead, one should complement its analysis
by inspecting coherency, and only focus on phase-differences whose corresponding coherency

is statistically significant.

3 Our Data

The European Union Emissions Trading System (EU ETS) is the first and the largest in-
ternational system for trading greenhouse gas emission allowances. The time length of this
study is 2008-2013, representing EU ETS Phase II (2008/2012) and one year of Phase III
(2013-2020). As CO, variable we used the European Union Allowance (EU A) spot price,
the unit of the EU ETS, referring to the emission of one tonne of CO4y equivalent. Data for
COy was available from 2008/02/26 up to 2012/11/01, from Bluenext, the most important
EUA spot market in volumes. From 2013/11/02 until 2013/11/12 prices were collected from
SendeCO2.

Greenhouse gas emissions considered in the European carbon market come from fossil
fuels burning. More than 11000 power stations, industrial plants and airlines, in Europe,
operate under GHG emission limits. Hence, energy markets have an expected importance

in the variations of COs prices. We included prices for natural gas, coal and electricity in

2However, the method of Sheppard et al. (2012) may probably be extended for this case.



Europe as energy variables. For all, one month future contract was selected. This choice is
in line with the established notion that energy future prices lead spot prices essentially due
to the difficulty of storage and consequent ease of shorting.

Regarding natural gas prices, we used The Intercontinental Exchange Futures (The ICE)
data. Originally in £/therm, the data was transformed to Euros/MMBTU for compatibility
with other variables and better perception. As for coal, one month future prices were also
retrieved from The ICE database. Coal prices are cost, insurance and freight (CIF) with
delivery in Amsterdam, Rotterdam and Antwerp (ARA). They were originally in USD /tcoal
and were converted to EUR/tcoal. For electricity, the Phelix baseload prices were retrieved
from the European Energy Exchange (EEX), in Euros/MWh. The Phelix prices regard the
German/Austrian market area. They were selected as representatives of the European base
and peak electricity prices, because Germany is the largest electricity producer in Europe,
which, combined with Austria, reached 680TWh of generated electricity in 2011. Also,
correlation levels between Phelix data and other electricity prices (tested for France and
UK) range from 0.87 to 0.95. Therefore, variations presented through Phelix prices should
appropriately represent variations in other European electricity prices.

Noting that industries included in the EU ETS are energy intensive, and thus their
production levels are highly associated with general economic growth, we considered nec-
essary the inclusion of a variable which mirrored economic activity. This is in line with
several previous authors in the subject (Alberola and Chevallier 2009; Alberola, Chevallier
and Chéze 2009; Keppler and Mansanet-Bataller 2010). For this purpose we considered the
daily price returns of FTS Eurofirst 300 Index (E3X.L), available at YahooFinance. It is a
capitalization-weighted price tradable index measuring the performance of Europe’s largest

300 companies.

4 Data Analysis

The several variables are depicted in Figure 1, on the left-hand side panel, together with

their wavelet power spectrum, on the right-hand side. The wavelet power indicates, for

10



each moment of time, the intensity of the variance of the time-series for each frequency of
cyclical oscillations. This provides a first assessment of the behavior of each variable in the
time-frequency domain.

Looking at Figure 1, it is interesting to note that the market for CO, is much less
volatile than the other markets. Additionally, the periods of high volatility do not coincide.
While markets for gas, electricity, coal and FTSE exhibit high levels of volatility until 2010,
especially at 4 months frequencies (and also at longer run cycles, such as cycles with a
periodicity of 20 months), volatility in the CO, market is only apparent after 2012 and,
especially, during 2013, at very high frequencies. Based on the wavelet power spectra it is

difficult to discern any interrelations between these markets.
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Figure 1: (a) Plot of the daily rate of return of each time-series. (b) The wavelet power spectrum.
The black/grey contour designates the 5%/10% significance level. The cone of influence, which
indicates the region affected by edge effects, is shown with a black line. The color code for power
ranges from blue (low power) to red (high power). The white lines show the maxima of the
undulations of the wavelet power spectrum.
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Figure 2: on the left — wavelet coherency. The thick/thin black contour designates the 5%/10%
significance level. The color code for coherency ranges from blue (low coherency — close to zero)
to red (high coherency — close to one). On the right — phase-differences between CO2 and
another variable. Top: 2 ~ 8 frequency band. Bottom: 8 ~ 20 frequency band

In Figure 2, we estimate the coherency between COy and the other variables. It is

interesting to note that before 2010, at longer run frequencies (corresponding to cycles of
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periodicity between 8 and 20 months), we observe a statistically significant coherency. Look-
ing at the phase-difference, and focusing in particular in the 8 ~ 20 frequency band,® we
observe very stable lead-lag relationships. The phase-difference between CO5 and the energy
variables is typically between 0 and 7 /2, indicating that the variables are in phase (positive
correlation), with CO, leading. The phase-difference between CO2 and FTSE is very close
to zero, indicating an almost simultaneous relationship. If anything, the phase difference is
slightly negative, suggesting that the leading variable is FTSE.

The relations described in the previous paragraph should not be taken as much more
than descriptive statistics. In fact, when more than two series are given and the association
between two of them is to be assessed, it is important to account for the interaction with
the other series, otherwise one risks of incurring an omitted variable bias. To estimate the
interdependence, in the time-frequency domain, between two variables after eliminating the
effect of other variables, we rely on the concepts of partial coherency and partial phase-
difference, described in the previous section.

In Figure 3, we have the partial coherency between COy and each of the other variables,
after controlling for all the others.

Comparing Figure 3 with Figure 2, we see that the results change somewhat and that not
considering the partial coherency would lead us to erroneous conclusions. First, the relation
between COy and gas is almost nonexistent, once we control for the other variables. The
other two variables that reflect energy markets exhibit quite different dynamics.

On the one hand, the region of (statistically significant) high partial coherency between
CO, and Electricity is situated in the 8 ~ 20 frequency band and is observable across most
of the sample. For that frequency range, the partial phase-difference is consistently between
0 and 7 /2, which shows that the series move in-phase, with CO, leading.

On the other hand, partial coherency between CO, and Coal is stronger after 2011,
especially after 2012. It is also interesting to note that this relation is also clearly visible

at higher frequencies. Moreover, the partial phase-difference is very close to 7 at the lower

31t is difficult to attach any meaning to the phase-different in regions where coherency is not statistically
significant. Therefore, we refrain from interpreting the phase-differences at the shorter run frequencies.

14



frequency band and it switches between —m and 7 at higher frequencies. This shows that the
variables are almost perfectly out-of-phase and that, if anything, coal is the leading variable

along the 8 ~ 20 frequency band.
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Figure 3: on the left — partial wavelet coherency. The black/grey contour designates the 5%/10%
significance level. The color code for coherency ranges from blue (low coherency — close to zero)
to red (high coherency — close to one). On the right — partial phase-differences between CO2
and the other variable. Top: 2 ~ 8 frequency band. Bottom: 8 ~ 20 frequency band
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Finally, the partial coherency between CO5 and economic activity, measured by FTSE, is
particularly strong between late 2011 and early 2013, especially for cycles with periodicities
slightly above 8 months. In this time-frequency range, the partial phase-difference is between

—m/2 and 0, suggesting that the variables are in-phase, with CO, lagging FTSE.

5 Conclusions

In this paper we observed several situations relating carbon prices to energy prices that are
consistent with a growing maturity of the European carbon market. We found evidence
that, in cycles between 8 and 20 months, CO, and energy variables are correlated, with CO4
leading, contributing to the accomplishment of the main objective of the market, which is
to penalize emissions from fossil fuels.

Surprisingly we do not find a significant relation between CO, and gas in the time-cycles
referred. Instead, we observed a high partial coherency between COy and electricity, with
COg leading, and between CO, and coal, with coal leading. This result suggests that carbon
pricing is having effects in the intermediate good, electricity, instead of on primary fuels,
gas and coal. It seems that power suppliers are passing on the emission cost of using coal in
their generation mix to the consumers through the electricity price. This is consistent with
a low price demand elasticity of this good.

We also find higher volatility in carbon prices only after 2012, which may relate to the
political uncertainties over the Post-Kyoto period, starting in 2013. At the same time, we
observe that the carbon price follows the economy trends, in line with previous studies. This
idea that carbon prices are capturing coal price information and reflecting it in electricity
prices, allow us to conclude that the EU ETS is reaching stability and possibly overcoming

its initial overallocation issues.

16



References

[1] Aatola, P., Ollikainen, M., and Toppinen, A., 2013a. Impact of the carbon price on the
integrating European electricity market. Energy Policy 61, 1236-1251.

[2] Aatola, P., Ollikainen, M., Toppinen, A., 2013b. Price determination in the EU ETS
market: Theory and econometric analysis with market fundamentals. Energy Economics
36, 380-395.

[3] Aguiar-Conraria, L., Azevedo, N. and Soares, M.J., 2008. Using wavelets to decompose
the time-frequency effects of monetary policy. Physica A: Statistical Mechanics and Its
Applications 387, 2863-2878.

[4] Aguiar-Conraria, L., Magalhaes, P.C. and Soares, M.J., 2012. Cycles in politics: wavelet
analysis of political time-series. The American Journal of Political Science 56, 500-518.

[5] Aguiar-Conraria, L., Magalhaes, P.C. and Soares, M.J., 2013. The nationalization of
electoral cycles in the United States: a wavelet analysis. Public Choice 156, 387-408.

[6] Aguiar-Conraria, L., Martins, M. and Soares, M.J., 2012. The yield curve and the macro-
economy across time and frequencies. Journal of Economic Dynamics and Control 36,
950-970.

[7] Aguiar-Conraria, L. and Soares, M.J., 2011. Oil and the macroeconomy: using wavelets
to analyze old issues. Empirical Economics 40, 645-655.

[8] Aguiar-Conraria, L. and Soares, M.J., 2013. The continuous wavelet transform: moving
beyond uni- and bivariate analysis. Journal of Economic Surveys, forthcoming, doi:
10.1111/joes.12012.

[9] Alberola, E., Chevallier, J., 2009. European Carbon Prices and Banking Restrictions:
Evidence from Phase I (2005-2007). Energy Journal 30, 51-79.

[10] Alberola, E., Chevallier, J., Cheze, B., 2009. Emissions Compliances and Carbon Prices
under the EU ETS: A Country Specific Analysis of Industrial Sectors. Journal of Policy
Modeling 31, 446-462.

[11] Aloui, C. and Hkiri, B., 2014. Co-movements of GCC emerging stock markets: New
evidence from wavelet coherence analysis. Economic Modelling 36, 421-431

[12] Alvarez-Ramirez, J., Rodriguez, E. and Espinosa-Paredes, G., 2012. A partisan effect
in the efficiency of the US stock market. Physica A: Statistical Mechanics and its Ap-
plications 391, 4923-4932.

[13] Baubeau, P. and Cazelles, B., 2009. French economic cycles: a wavelet analysis of French
retrospective GNP series. Cliometrica 3, 275-300.

[14] Byun, S.J. and Cho, H., 2013. Forecasting carbon futures volatility using GARCH
models with energy volatilities. Energy Economics 40, 207-221.

[15] Caraiani, P., 2012. Stylized facts of business cycles in a transition economy in time and
frequency. Economic Modelling 29, 2163-2173.

17



[16] Cohen, E. and Walden, A. 2010, A statistical study of temporally smoothed wavelet
coherence. IEEE Transactions of Signal Processing 58, 2964-73.

[17] Creti, A., Jouvet, P.-A. and Mignon, V., 2012. Carbon price drivers: Phase I versus
Phase II equilibrium? Energy Economics 34, 327-334.

[18] Fernandez, V., 2005. The international CAPM and a wavelet-based decomposition of
value at risk. Studies in Nonlinear Dynamics and Econometrics 9, Article 4.

[19] Ferndndez-Macho, J., 2012. Wavelet multiple correlation and cross-correlation: a mul-
tiscale analysis of Eurozone stock markets. Physica A: Statistical Mechanics and Its
Applications 391, 1097-1104.

[20] Ge, Z. 2008. Significance tests for the wavelet cross spectrum and wavelet linear coher-
ence. Annals of Geophysics 26, 3819-3829.

[21] Gallegati, M., 2008. Wavelet analysis of stock returns and aggregate economic activity.
Computational Statistics and Data Analysis 52, 3061-3074.

[22] Gallegati, M., Gallegati, M., Ramsey, J.B. and Semmler, W., 2011. The US wage Phillips
curve across frequencies and over time. Oxford Bulletin of Economics and Statistics 73,
489-508.

[23] Garcia-Martos, C., Rodriguez, J. and Sanchez, M.J., 2013. Modelling and forecasting
fossil fuels, CO2 and electricity prices and their volatilities. Applied Energy 101, 363-
375.

[24] Gengay, R., Selguk, F. and Withcher, B., 2001a. Scaling properties of foreign exchange
volatility. Physica A: Statistical Mechanics and Its Applications 289, 249-266.

[25] Gengay, R., Selguk, F. and Withcher, B., 2001b. Differentiating intraday seasonalities
through wavelet multiscaling. Physica A: Statistical Mechanics and Its Applications 289,
543-556.

[26] Gengay, R., Selguk, F. and Withcher, B., 2005. Multiscale systematic risk. Journal of
International Money and Finance 24, 55-70.

[27] Goupillaud, P., Grossman, A. and Morlet, J. 1984. Cycle-Octave and Related Trans-
forms in Seismic Signal Analysis. Geoexploration 23, 85-102.

[28] Gorenflo, M., 2012. Futures price dynamics of CO2 emission allowances. Empirical Eco-
nomics, 1-23.

[29] Jammazi, R., 2012. Cross dynamics of oil-stock interactions: a redundant wavelet analy-
sis. Energy 44, 750-777.

[30] Keppler, J.H., Mansanet-Bataller, M., 2010. Causalities between CO2, electricity, and
other energy variables during phase I and phase II of the EU ETS. Energy Policy 38,
3329-3341.

[31] Kristoufek, L., 2013. Fractal markets hypothesis and the global financial crisis: Wavelet
power evidence. Scientific Reports 3, Article number: 2857, doi:10.1038/srep02857.

18



[32] Kumar, S., Managi, S. and Matsuda, A., 2012. Stock prices of clean energy firms, oil
and carbon markets: A vector autoregressive analysis. Energy Economics 34, 215-226.

[33] Kyrtsou, C., Malliaris, A. and Serletis, A., 2009. Energy sector pricing: On the role of
neglected nonlinearity. Energy Economics 31, 492-502.

[34] Lutz, B.J., Pigorsch, U. and Rotfuf}, W., 2013. Nonlinearity in cap-and-trade systems:
The EUA price and its fundamentals. Energy Economics 40, 222-232.

[35] Naccache, T., 2011. Oil price cycles and wavelets. Energy Economics 33, 338-352.

[36] Rua, A., 2012. Money growth and inflation in the Euro area: a time-frequency view.
Oxford Bulletin of Economics and Statistics 74, 875-885.

[37] Rua, A. and Nunes, L.C., 2009. International comovement of stock market returns: a
wavelet analysis. Journal of Empirical Finance 16, 632-639.

[38] Ramsey, J.B., 1999. The contribution of wavelets to the analysis of economic and fi-
nancial data. Philosophical Transactions of the Royal Society of London Series A 357,
2593-2606.

[39] Ramsey, J. and Lampart, C., 1998a. Decomposition of economic relationships by time
scale using wavelets: Money and income, Macroeconomic Dynamics 2, 49-71.

[40] Ramsey, J. and Lampart, C., 1998b. The decomposition of economic relationships by
time scale using wavelets: Expenditure and income, Studies in Nonlinear Dynamics and
Econometrics 3, 23-42.

[41] Sheppard, L., Stefanovska, A., and McClintock, P. 2012. Testing for time-localized
coherence in bivariate data. Physical Review E 85, 16 pages.

[42] Tiwari, A.K., Mutascu, M.L., and Albulescu, C.T., 2013. The influence of the interna-
tional oil prices on the real effective exchange rate in Romania in a wavelet transform
framework. Energy Economics 40, 714-733.

[43] Torrence, C. and Compo, G. 1998 A practical guide to wavelet analysis. Bulletin of the
American Meteorological Society 79, 61-78.

[44] Vacha, L. and Barunick, J., 2012. Co-movement of energy commodities revisited: Evi-
dence from wavelet coherence analysis .Energy Economics 34, 241-247.

[45] Wong, H., Ip, W.-C., Xie, Z. and Lui, X., 2003. Modelling and forecasting by wavelets,
and the application to exchange rates. Journal of Applied Statistics 30, 537-553.

19



Most Recent Working Paper

NIPE WP | Sousa, Rita, Aguiar- Conraria e Maria Joana Soares, “Carbon Financial Markets: a time-
03/2014 | frequency analysis of CO2 price drivers”, 2014
NIPE WP | Sousa, Rita e Luis Aguiar-Conraria, “Dynamics of CO2 price drivers”, 2014
02/2014
NIPE WP | Brekke, Kurt R., Holmés, Tor Helge e Straume, Odd Rune, "'Price Regulation and Parallel
01/2014 | Imports of Pharmaceuticals”, 2014
NIPE WP | Leal, Cristiana Cerqueira, Armada, Manuel Rocha e Loureiro, Gilberto , "Individual
22/2013 | Investors Repurchasing Behavior: Preference for Stocks Previously Owned”, 2013
NIPE WP | Loureiro, Gilberto e Alvaro G. Taboada, “Equity Offerings Abroad and the adoption of IFRS: A
21/2013 | test of the Capital Markets Liability of Foreignness”, 2013
NIPE WP | Loureiro, Gilberto e Alvaro G. Taboada, “Do Improvements in the Information Environment
20/2013 | Affect Real Investment Decisions?”, 2013
NIPE WP | Bogas, Patricia e Natalia Barbosa, “High-Growth Firms: What is the Impact of Region-Specific
19/2013 | Characteristics?”, 2013
NIPE WP | Portela, Miguel e Paul Schweinzer, “The Parental Co-Immunization Hypothesis”, 2013
18/2013
NIPE WP | Martins, Susana e Francisco José Veiga, “Government size, composition of public expenditure,
17/2013 | and economic development”, 2013
NIPE WP | Bastos, Paulo e Odd Rune Straume, “Preschool education in Brazil: Does public supply crowd
16/2013 | out private enrollment?”, 2013
NIPE WP | Martins, Rodrigo e Francisco José Veiga, “Does voter turnout affect the votes for the incumbent
15/2013 | government?”, 2013
NIPE WP | Aguiar-Conraria, Luis, Pedro C. Magalhdes e Christoph A. Vanberg, “Experimental evidence
14/2013 | that quorum rules discourage turnout and promote election boycotts”, 2013
NIPE WP | Silva, José Ferreira, J. Cadima Ribeiro, “As Assimetrias Regionais em Portugal: analise da
13/2013 | convergéncia versus divergéncia ao nivel dos municipios”, 2013
NIPE WP | Faria, Ana Paula, Natalia Barbosa e Vasco Eiriz, “Firms’ innovation across regions: an
12/2013 | exploratory study”, 2013
NIPE WP | Veiga, Francisco José, “Instituicdes, Estabilidade Politica e Desempenho Econdmico
11/2013 | Implicagdes para Portugal”, 2013
NIPE WP | Barbosa, Natalia, Ana Paula Faria e Vasco Eiriz, “Industry- and firm-specific factors of
10/2013 | innovation novelty”, 2013
NIPE WP | Castro, Vitor e Megumi Kubota, “Duration dependence and change-points in the likelihood of
09/2013 | credit booms ending”, 2013
NIPE WP | Monteiro, Natalia Pimenta e Geoff Stewart “Scale, Scope and Survival: A Comparison of
08/2013 | Cooperative and Capitalist Modes of Production”, 2013
NIPE WP | Esteves, Rosa-Branca e Joana Resende, “Competitive Targeted Advertising with Price
07/2013 | Discrimination”, 2013
NIPE WP | Barbosa, Natalia, Maria Helena Guimar&es e Ana Paula Faria, “Single Market non-
06/2013 | compliance: how relevant is the institutional setting?”, 2013
NIPE WP | Lommerud, Kjell Erik, Odd Rune Straume e Steinar Vagstad, “Mommy tracks and public
05/2013 | policy: On self-fulfilling prophecies and gender gaps in promotion”, 2013
NIPE WP | Brekke, Kurt R., Luigi Siciliani e Odd Rune Straume, “Hospital Mergers: A Spatial
04/2013 | Competition Approach”, 2013
NIPE WP | Faria, Ana Paula e Natalia Barbosa, “Does venture capital really foster innovation?”, 2013
03/2013
NIPE WP | Esteves, Rosa Branca, “Customer Poaching with Retention Strategies”, 2013
02/2013
NIPE WP | Aguiar-Conraria, Luis, Teresa Maria Rodrigues e Maria Joana Soares, “Oil Shocks and the
01/2013 | Euro as an Optimum Currency Area”, 2013
NIPE WP | Ricardo M. Sousa, “The Effects of Monetary Policy in a Small Open Economy: The Case of
27/2012 | Portugal” 2012




