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Summary

Many different mechanisms and instruments are relevant to consider with the aim of
reducing the energy system’s dependence on fossil fuels in order to reduce the harmful
emissions of greenhouse gases. In this PhD, I examine some of these mechanisms in
order to evaluate if they work, as well as quantify how well they work. This is done
within the context of Danish data, but the methods presented can easily be implemented
using data from other countries. In addition, the historical progress in reducing harmful
climate-related emissions is evaluated for the Scandinavian countries, Denmark, Norway
and Sweden.

Based on an initial hypothesis that households and industries react differently to dif-
ferent mechanisms, households and industries are analyzed separately. In this respect, a
non-monetary transparency policy is evaluated for households. Specifically, the introduc-
tion of the new EU energy label in 2010 has been examined in order to evaluate added
uptake of the more efficient household appliances. For industries, a mapping is presented
describing which industries react to changes in the electricity price by using energy more
or less efficiently. This is of interest as it is expected that a less polluting energy system
depends to a higher degree on electricity, which will potentially cause the electricity price
to fluctuate in the transitioning phase. Such a mapping should, especially, be of interest
to policy makers, as policies may be targeted to specific industries in order to be more
efficiently implemented.

Regarding the new EU energy label, it is found that the sales of high efficiency appli-
ances rose by 55% at the announcement date of the new energy label and rose additionally
by 42% at the implementation date. In addition, it is found that low efficiency appliances
were only affected around the implementation date, when sales decreased by 45%.

For the mapping of industries, Danish industry is disaggregated and 99 (sub) industries
that are analyzed individually. It is found that 15 industries use electricity more (less)
efficiently when electricity becomes more (less) expensive. For 18 industries, it is found
that there are efficiency improvements for both electricity and other energy (an aggregate
of other energy sources than electricity) when electricity prices increase. For (only) 4
industries it is found that an increase in the electricity price results in improvements in how
efficiently electricity is used while it also results in other energy being used less efficiently,
thus, indicating substitution from electricity to other energy sources. In addition, the
text of the thesis presents a discussion of how estimates from the individually analyzed
industries may themselves yield interesting results.

In a Scandinavian context, decoupling of emissions and income is analyzed. The
thesis adds to the current understanding of decoupling by considering both long-run and
short/medium-run decoupling. It is found that, for all three countries income has risen
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faster than emissions in the analyzed period (1965-2018). However, in the shorter run
income and emissions follow the same movements in all three countries. That is, while the
long-run deterministic trends in income and emissions differ, the shorter run stochastic
movements are the same. This may be interpreted as income and emissions still being
linked but that the three countries have become more efficient in that they produce more
units of output pr unit of emissions now than they did earlier.

In general, this thesis implements econometric time series methods, including coinete-
gration and automatic model selection algorithms, to analyze energy data. The imple-
mentation of these methods in this framework is novel and, thus, the methodological
approach may easily be implemented on other data or tweaked marginally to obtain other
novel results, as is discussed.
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Sammenfatning (Danish summary)

Mange mekanismer og instrumenter er relevante at analysere i forbindelse med at gøre
energisystemet mindre afhængigt af fossile brændsler, der udleder skadelige emissioner. I
denne afhandling undersøger jeg nogle af disse mekanismer for at vurdere om - og hvordan
de virker. Dette er gjort i dansk regi og dermed på danske data, men det ligger ligefor at
de præsenterede metoder implementeres på andre data end de danske. Derudover er den
historiske udvikling i forbindelse med at blive mindre afhængig af skadelige emissioner
evalueret i skandinavisk kontekst, for Danmark, Norge og Sverige.

Baseret på en hypotese omkring at husholdninger og industrier reagerer forskelligt på
forskellige tiltag for at fremme grøn omstilling, er husholdninger og industrier analyseret
separat. Konkret er et ikke-monetært instrument for at fremme transparens evalueret
for husholdningerne. Specifikt er EU’s energimærkning, der blev introduceret i 2010
blevet evalueret med henblik på at estimere øget salg af husholdningsprodukter med høj
energieffektivitet. For industrier er det blevet kortlagt hvilke industrier, der reagerer på
ændringer i elprisen ved at bruge energi mere eller mindre effektivt. Dette er interessant
fordi det forventes at en grøn omstilling indebærer et energisystem, der er mere afhængigt
af el, hvorfor det må være forventeligt at elprisen kan fluktuere i omstillingsfasen. Ved at
kortlægge hvordan industrier reagerer kan regulerende myndigheder målrette instrumenter
mere specifikt og dermed regulere området mere efficient.

Det er fundet at EU’s energimærkning implementeret i 2010 øgede salget af appa-
rater med høj energieffektivitet med 55% omkring annonceringsdatoen og yderligere 42%
omkring implementeringsdatoen. Derudover var salget af apparater med lav energieffek-
tivitet kun signifikant ændret omkring implementeringsdatoen, hvor det faldt med 45%.

For kortlægningen af industrier er dansk industri analyseret disaggregeret, således at 99
(sub) industrier er analyseret individuelt. Det er påvist at 15 industrier bruger elektricitet
mere (mindre) effektivt når elprisen stiger (falder). For 18 industrier øges effektiviteten
af både elektricitet og anden energi (et aggregat af anden energi end elektricitet) når
elprisen stiger. Kun 4 industrier viser tegn på at el-effektiviteten øges men effektiviteten
af anden energi falder når elprisen stiger, hvilket indikerer substitution mellem elektricitet
og anden energi. Derudover er det illustreret hvordan estimaterne fra industri-specifikke
analyser i sig selv indeholder interessante resultater.

I skandinavisk kontekst er det blevet analyseret hvordan indkomst og emissioner
har dekoblet over tid. Afhandlingen bidrager dermed til den nuværende forståelse af
dekoblings-fænomenet, da der skelnes mellem dekobling på lang sigt og dekobling på
mellemlang/kort sigt. Det er fundet at indkomst er vokset hurtigere end emissioner for
alle tre lande i den analyserede periode (1965-2018). Dog følger bevægelserne på kortere
sigt hinanden i de to variable for alle tre lande. Det vil sige at de deterministiske langsigt-
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ede trends er forskellige for indkomst og emissioner, mens de mere kortsigtede stokastiske
bevægelser er ens. Dette kan fortolkes som at indkomst og emissioner fortsat er afhængig
af hinanden, men alle tre lande er blevet mere effektive, således at de producerer mere pr
emissionsenhed end tidligere.

Generelt implementerer denne afhandling økonometrisk metode for at håndtere tid-
serier relateret til energi, deriblandt bruges kointegration og algoritmer til automatisk
model selektion. Implementeringen af disse metoder i denne sammenhæng er ikke set
tidligere og med udgangspunkt i det metodiske framework der er præsenteret i denne
afhandling, kan man nemt opnå nye interessante resultater ved at justere de konkrete
analyser marginalt eller bruge dem på andre data.
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1 Introduction and outline

Transformation of the global energy system is necessary if the Paris Agreement climate
goals are to be met. To achieve this transformation, it is argued (Messerli et al. (2019))
that not only technology but also individual and collective behavior, economic tools and
governance need to be employed. This thesis investigates how different mechanisms can
contribute to the transition. Many aspects are important to consider in order to accom-
plish the goal of an energy system less dependent on fossil fuels. From an economist’s
perspective, the energy market as a whole is defined by a supply and demand curve. With-
out regulation, the market has proven to be imperfect, since externalities are produced
when goods are traded in the market which impose large socioeconomic costs on society.
When this problem presents itself for economists, they will typically ask themselves: how
can we shift the supply and/or demand curve(s) such that the market outcome is optimal
for society? If there is a negative externality unaccounted for imposed on society when
goods are traded in the market, we would want to either shift the demand curve such that
the quantity demanded at any given price is lower, shift the supply curve such that the
quantity supplied at any given price is lower or both. In any case, this action would result
in a lower quantity traded in the market and, consequently, limit externalities imposed
on society.

In society today, however, we are highly dependent on energy and limiting access
to energy in general would, in itself, be associated with large negative costs to society.
Fortunately, the energy system as a whole is made up of many different sub-markets for
different types of energy. Some energy types are associated with large negative exter-
nalities (e.g. fossil fuels), while others are associated with almost none (e.g. renewable
energy), therefore, the objective becomes twofold in the sense that we may either decrease
energy consumption in general or shift energy consumption from energy types with high
negative externalities to ones with low negative externalities. In addition, it is important
to realize that for the most part energy, per se, is not what is demanded, but rather energy
services. Thus, if it is possible to shift preferences towards technology that may perform
the same task while consuming less energy, it is possible to decrease energy consumption
without imposing large societal interventions. Therefore, in the research I have conducted
during my PhD I have focused on mechanisms that may either change the composition
of energy such that negative externalities decrease or change preferences such that less
energy is demanded due to more efficient use. To choose among mechanisms and design
policies, we need detailed knowledge about the relationships between energy demand and
the variables through which the mechanisms work. Empirical studies using advanced
econometric methods may provide this.

Mechanisms relevant to examine for industries and households may not be the same.
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Specifically, industries might be adaptable and cost-optimizing to a higher degree than
households, thus a monetary incentive may to a larger degree affect industries’ demand
than households’. A reason for this may be that while households are, according to
economic theory, also economically rational, they may hold more complex preferences or
have larger costs associated with choosing the cost-optimal solution. In this PhD, I have
addressed this issue by examining how well a non-monetary policy change may affect the
uptake of more efficient household appliances. This I have done, specifically, by examining
the EU energy efficiency labeling scheme for household appliances and, thus, investigating
how increased transparency may push preferences towards more efficient solutions. While
there exist different energy labeling schemes that cover different products, ranging from
household appliances to houses etc., I use the EU energy efficiency labeling scheme for
household appliances as a proxy to determine if increased transparency, in general, has
an effect on product demand. The reason for choosing the EU energy efficiency label to
investigate this is that data availability allowed to test for the effect of transparency in this
case. Specifically, the energy efficiency of household appliances sold was registered before
the label was implemented. This created a natural experiment where it was possible to
test for the transparency effect alone.

Moving towards a greener energy sector also implies substituting fossil fuel based
energy with electricity. Of course, electricity may be produced by all energy sources.
However, renewable energy sources (e.g. wind, solar, hydro), with the current technology,
are primarily used in the form of electricity. Therefore, in order to have an energy system
primarily based on renewable energy sources, we must electrify energy needs. This im-
plies, among other things, a changing electricity price and, therefore, a mapping of how
industries react to changes in the electricity price is interesting. In addition, for some
industries it may be easy to substitute between electricity and other energy sources, while
for others there may be too large capital costs associated with substituting energy sources,
if there even exists an electric alternative to their production. Mapping which industries
are able to electrify and which are not makes it possible to specify policies, such that
electrification may happen faster and more efficiently.

In order to maintain high living standards and progress, society strives for economic
growth. However, energy is used in the production process and, thus, there is a possible
link between harmful externalities from energy consumption and economic growth. If
we continue to strive for economic growth and at the same time wish to internalize the
harmful emissions caused by energy consumption, we need to break this link and drive
economic growth towards less polluting and resource depleting activities. In this PhD,
I quantify the link between economic growth and harmful emissions in detail and, thus,
add to the understanding of this relationship.

In summary, the research questions that I have set out to answer revolve around
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mechanisms that may help the move towards a greener energy system both with respect
to industries and households. In addition, I have attempted to quantify how well the
mechanisms work. Because I had a prior hypothesis about industries and households
behaving differently, I wanted to analyze a non-monetary mechanism for households and
examine the potential for a monetary policy mechanism for industries. Based on this, the
following research questions arose:

• Is it possible to promote energy efficient choices in households by increasing trans-
parency regarding energy consumption?

• Is it possible to promote energy efficiency in industries by changing the electricity
price?

That the world’s resources are limited has been known for many years and the speed of
which they are deteriorating has been a popular research area. Climate change has shown
us that the capacity of the atmosphere to absorb the greenhouse gas waste emanating
from energy use is a limited resource. With this in mind I wish to add to the literature by
evaluating current data. Furthermore, while the rest of my thesis evolves around results
for Denmark, I wanted to compare the progress made in Denmark in reducing greenhouse
gas emissions from energy use with that of other, similar, countries. This leads to the
final research question:

• Is Denmark decoupling emissions from income at a faster or slower rate than its
neighboring Scandinavian countries?

The research questions have been addressed in each of the three papers included in
this thesis:

Paper 1:
Bjerregaard, C; Framroze Møller, N. "The impact of EU’s energy labeling policy:
An econometric analysis of increased transparency in the market for cold appliances
in Denmark" Energy Policy,V 128, 2019, p. 891-899.

Paper 2:
Bjerregaard, C; Framroze Møller, N "The influence of electricity prices on saving
electricity in production: Automated multivariate time-series analyses for 99 Danish
trades and industries" (Revising for resubmission to Energy Economics).

Paper 3:
Bjerregaard, C; Framroze Møller N; Klinge Jacobsen H "Comparing decoupling of
emissions and income in the Scandinavian countries, 1965-2018" (Submitted to The
Scandinavian Journal of Economics)
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In the following, Paper 1, Paper 2 and Paper 3 will be referred to as such. The
papers are included in Appendix A, B and C, respectively. Furthermore, readers may
wish to familiarize themselves with the content of the papers before reading Section 4 and
onwards, as I build on and discuss results from the papers in these sections. In addition,
relevant literature is reviewed in the papers and, thus, the contribution of the particular
research is explicitly framed within the current literature.

This PhD was part of the SAVE-Project. SAVE-E is focusing on energy efficiency and
savings investment in Denmark, thereby the natural empirical focus in this PhD is on
Danish data.

In the next section, I briefly outline and discuss the reasoning behind the choice of
methodology and data. In Section 3, I present the groundwork for a model that may be
estimated empirically. Relevant testable hypotheses that may be analyzed by the model
are discussed, even though it was not possible to estimate the model with Danish data.
In Sections 4 and 5, I go into more depth with Paper 2 and Paper 3. Specific assumptions
are tested more thoroughly and additional results to those in the papers are presented.
Finally, in Section 6, I conclude and put the scientific contribution of this research into
perspective.
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2 Methods and Data

The methodological approach in this thesis is statistical and data driven. Specifically, I
use econometric methods to reveal and analyze correlations in data relevant for the focus
of the research. In this section, I briefly discuss why I use the particular methodology
and give a short non-technical overview of the implemented method. In this respect, it is
important to emphasize that the novelty in my work is the application of existing methods
in new contexts rather than the method development, itself.

While much interesting information about behavior may be revealed by considering
individual firms or households, the perspective in this PhD is on behavioral mechanisms at
a more aggregated level. The argument for this is that it is most realistic that mechanisms
on an aggregated level can be translated into policies that are possible to implement. In
other words, it is more realistic that a policy affecting the energy price is implemented
nationally, or perhaps specified to a particular industry, than it is that policies are specified
to the level of firms or individual households. Therefore, the focus here is on macro
energy and economic data. Furthermore, the primary part of the research take data
from Denmark as its starting point. This is primarily due to availability and the fact
that Danish data are known to be of high quality. In addition, the project supporting
this PhD has Denmark as its study focus. However, it is straightforward to apply the
methodological approach that is proposed to other countries. Nevertheless, Denmark can
be regarded as a proxy for other developed countries with similar economies.

The obvious drawback to choosing an econometric approach is, of course, that re-
sults obtained build on historical correlations. Therefore, we can only hypothesize about
whether or not the same results will be found in future data. As in all empirical work,
this is an important thing to remember when we wish to generalize results to the future
and, thus, use results for forecasting. In relation to data regarding energy and energy
consumption, this means that I do not hypothesize about different technologies and dif-
ferent improvements that, from an engineering perspective, may be well underway and
may be likely to be implemented in the (near) future.

On the other hand, the results build on real-life observed data. Thus, the results
represent actual effects and mechanisms, that we know to be true historically. Therefore,
as is often the case in economics, results are interpreted in an ‘all-else-equal’, or ceteris
paribus, framework. Furthermore, as I argue below, I apply cointegration methods. Coin-
tegration methods have been the basis of some critique, due to much incorrect usage
when the methods were first developed Juselius (2018). However, they have not often
been implemented in the energy literature. Therefore, I strive to use the methods as they
are intended, as this allows me to work towards novel results within energy research.

Because there is an abundance of time series data available regarding energy and, in
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particular, energy consumption, it is relevant to use statistical methods that are appro-
priate for analyzing time series data when doing research in the energy field. Therefore,
my main consideration when choosing the methodological approach was that I wanted
to work with time series data focusing both on structural relationships and the effects
of identifiable policy measures. When dealing with time series in statistics, we need to
consider the time-dimension of the data. That is, a given observation of x at time t, xt,
may be correlated with the observation of x at time t − i, xt−i (where i ∈ (1, 2, ..., n)
and n is the number of time periods observed). In order to correct for this correlation
over time, we may estimate an Autoregressive model (AR), where previous observations
of the dependent variable are included as regressors (see e.g. Wooldridge (2016)). While
the AR model considers the simple, univariate case, in real-life it is quite probable that
we have multiple variables that influence one another in a system over time. Therefore,
in this thesis I work within the framework of the multivariate generalization of the AR
model, that is, the Vector Autoregressive model (VAR). In the VAR framework, Xt may
be a vector of p variables at time t, X ′t = [x1t, ..., xpt]. Thus, in a regression setting, given
for example by including a single lag, such that

Xt = Π1Xt−1 + ε (2.1)

where ε is an error term, Π1 becomes a parameter matrix of dimension p × p. And
thus, the VAR model is quite flexible in that all variables are allowed to influence one
another.

However, it is quite common that time series of macro data, e.g. prices, aggregates of
consumption etc., are non-stationary. When this is the case, standard statistical methods
do not apply as effects uncovered may be due to spurious regression, see e.g. Granger
et al. (1974). In particular, when the time series has a unit root, we say that it is
integrated of order one, denoted I(1). In this case, the moments of the process depend on
the time period and, thus, the I(1)-process is non-stationary. However, an I(1)-process
becomes stationary (denoted I(0)) by taking first-differences. When we are dealing with
multiple non-stationary (I(1)) time series, we are interested in examining if variables move
together over time, or ‘cointegrate’. If variables cointegrate, some linear combination of the
variables form a stationary process. In this case, because there is a relationship between
the variables that is stationary over time, that may be interpreted as an equilibrium
between the variables.

In order to evaluate if the variables under study do, in fact, cointegrate, the VAR model
may be re-parameterized into error correction (ECM) form such that the dependent part
is stationary (see e.g. Engle and Granger (1987)). Specifically, in the simple case with
one lag, where the VAR model is given by Equation 2.1, the equivalent model in ECM
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form is given by

∆Xt = ΠXt−1 + ε (2.2)

where Π ≡ −(I − Π1) and I is an identity matrix. Cointegration occurs if a reduced
rank restriction can be imposed on the Π matrix, which may be tested using the trace test
(Johansen (1988)). However, as discussed below, imposing a specific restriction on the
rank of Π is typically based on multiple indicators in addition to the trace test (Juselius
(2006)).

The statistical approach, including cointegration methods, allows me to draw conclu-
sions from data without hypothesizing about what the future might hold. Specifically, I
am able to identify equilibria between variables and discuss policy considerations based on
these. In a general example, if an equilibrium is identified between a price and a quantity
variable, it is possible to draw conclusions about the long-run relationship between price
and quantity. Thus, if the good modeled imposes a negative externality on society, it is
possible to uncover information about how much the price needs to increase in order to
bring demand down to an acceptable level. Because there are many time series available
within the energy field and the aim of this thesis is to evaluate relationships between vari-
ables in order to potentially aid policy decisions, the methodological approach outlined
above is well-suited.
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3 An initial model

Building on macroeconomic theory to examine and quantify energy demand and sub-
stitution possibilities in general for Danish industry, one would start with a production
function. Therefore, initially it seemed natural to take this approach, i.e. start with a
production function, choose a functional form and estimate energy demand empirically
from a theoretical basis. Specifically, I wanted to estimate factor demand for energy and
other inputs in the production process in order to examine substitution elasticities be-
tween other inputs, as well as other hypotheses that will be discussed in this section. In
the following, I describe the link between an economic theoretical model for energy de-
mand and a statistical model that is possible to estimate. Furthermore, I explain how this
model may be used to analyze different hypotheses about energy consumption. While this
is a general model, it has, unfortunately, not been possible to estimate it on the Danish
data and I will discuss reasons for this. The objective of this part of the thesis is to set
up a framework where it is possible to estimate energy demand at an aggregated level
and reveal information about substitution possibilities between energy and other inputs.
Thus, although it was not possible to estimate the model robustly on Danish data, the
framework outlined and the hypotheses discussed may prove useful for future research.

3.1 Model

In economics, we assume that industries’ production technology may be approximated
by a production function, describing how combinations of different inputs equate to an
optimal output level (Y). In the general case, we may have multiple inputs; such as capital
(K), labor (L), energy (E), materials (M) and so on. Thus, output may be described as
a function of these:

Y =f(K,L,E,M...) (3.1)

In addition, we make assumptions about the properties of the production function.
Specifically, we assume that the production function is positive, twice differentiable and
quasi-concave. In this case, we furthermore assume that the marginal rate of substitution
between capital, labor or energy is independent of materials as well as any other inputs
(weakly separable). This being the case, we may describe production by these three inputs
alone:
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Y =f(K,L,E) (3.2)

Under conditions of prices and output levels being exogenously determined and cost
minimization, there exists a cost function dual to the production function. The cost
function describes the minimal cost (C) of obtaining Y given input prices.

C =G(PK , PL, PE, Y ) (3.3)

Where Pi is the price of input i = K,L,E. Advantages considering the cost function
are discussed in Binswanger (1974), among others. Thus, it has become common practice
to consider the cost function when estimating factor demand empirically (see e.g. Berndt
and Wood (1975), Floros and Vlachou (2005), Bernstein and Madlener (2015)). Further-
more, in this case, exogenous prices seem more appropriate then exogenous quantities.

For estimation, we need to specify a particular functional form. Many functional forms
exist. However, a general and popular functional form is the translog production function,
presented in Christensen et al. (1973) and implemented in a similar context in Berndt and
Wood (1975) and Bentzen (2004) among others. In this case, we may write the translog
function as

lnC = lnµ0 +
∑

i

µilnPi + 1
2

∑

i

∑

j

βijlnPilnPj (3.4)

i, j = K,L,E

Equation 3.4 may be differentiated logarithmically, in order to derive cost minimizing
factor demand.

∂lnC

∂lnPi
= ∂C

∂Pi

Pi
C

= µi +
∑

j

βijlnPj (3.5)

i, j = K,L,E

And, thus, we have three multivariate equations describing input demand that may
be estimated empirically.
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SK = µK + βKK lnPK + βKLlnPL + βKElnPE (3.6)
SL = µL + βLK lnPK + βLLlnPL + βLElnPE (3.7)
SE = µE + βEK lnPK + βELlnPL + βEElnPE (3.8)

Where Si (for i = K,L,E) is the cost share of the given input. This may be verified
by considering Shepard’s Lemma, stating that in this case:

∂C

∂PK
= K,

∂C

∂PL
= L,

∂C

∂PE
= E (3.9)

In the empirical model suggested below, the quantity of the given input relative to
output is used as the cost shares. Thus, in the Equations 3.6-3.8 above, the β-coefficients
may be interpreted as own-price and cross-price elasticities.

The demand relations derived above are possible to estimate in a VAR framework,
allowing for cointegration as these macroeconomic input variables are typically non-
stationary. Specifically, the VAR model to estimate reformulated into error correction
form is given by:

∆Xt = ΠXt−1 + Γ1∆Xt−1 + ...+ Γk−1∆Xt−(k−1) + φDt + εt (3.10)

Where Xt is a 6 dimensional vector of input variables, Xt = (kt, lt, et, pkt, plt, pet), con-
taining deflated prices and inputs scaled with output in logs, specifically, kt = ln(Kt/Yt),
lt = ln(Lt/Yt), Et = ln(Et/Yt), pkt = ln(PK,t/PY,t), plt = ln(PL,t/PY,t) and pet =
ln(PE,t/PY,t). Dt contains deterministic variables (e.g. trend, constant and indicators), εt
is an error term and k is the number of lags included in the model. In line with the theory
of 3 demand relations, one for each input type, we would expect it to be possible to impose
a reduced rank restriction on Π. Specifically, that would imply r=3. Whether or not this
is the case may be clear by examining different rank indicators of the model, which have
been discussed in the papers of this thesis. However, following Juselius (2006), theoretical
reasoning may, at least partly, justify rank choice which in this case would point to r=3.
By imposing r=3, it would be possible to identify exactly three demand relations, one for
each input; capital, labor and energy. Thus, Π may be decomposed into two matrices of
dimension 6× 3, denoted α and β:

ΠXt−1 = αβ′Xt−1
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In this case, β contains the long-run estimates of the own-price elasticities and cross-
price elasticities, while α contains the adjustment of the variables when the system is out
of equilibrium.

3.2 Discussion and issues with estimation

Aggregated demand for energy has been estimated frequently, including quite a few studies
using cointegration techniques (see e.g. Suganthi and Samuel (2012) for a review of
studies). However, only a few studies use cointegration techniques to estimate energy
demand for Danish data, in this respect see Bentzen and Engsted (1993). Thus, in
particular, what is proposed here in relation to the current existing literature is estimating
a translog factor demand model for energy in a VAR framework allowing for cointegration,
where few restrictions are imposed on the model. In addition, specific hypotheses that
are testable in this framework are discussed.

With a general interest in energy demand, the proposed model would be relevant to
estimate and analyze. First off, estimating own-price and cross-price elasticities for energy
in the proposed framework may yield interesting findings. For example, it may help to
hypothesize about how well different policies designed to reduce energy consumption will
work. As well as if it is possible to substitute away from energy and toward the other
inputs.

Other interesting hypotheses can be tested in this model framework as well. For
example it would be interesting to learn if energy demand adjusts to the other relations.
One could imagine that the demand for energy is affected when the level of capital is
out of equilibrium. Thus, perhaps in some periods when the level of capital relative to
output is low, i.e. there is high pressure on capital, capital is used more efficiently or more
inefficient capital (perhaps formerly discarded) is included in the production. Whether
or not the equilibrium error of the relation describing capital affects energy demand and
with what sign is testable in the model described above. Specifically, one may examine
the α-coefficient describing how energy demand adjusts to the relation for capital.

The VAR framework is flexible and many underlying assumptions about the model may
be tested in this framework. An underlying assumption, necessary in order to interpret
model results as demand relations, is that of exogenous prices. This may also be tested
on the α-coefficients. If this assumption is not fulfilled, results are not interpretable as
demand relations since the supply side would also react through price changes and, thus,
model results would reflect equilibrium effects from both the supply and demand side.
However, it is quite plausible that at least prices of capital, which reflect the interest rate,
are exogenous for Denmark, as it is a small open economy. Furthermore, if the energy
price is determined by energy prices internationally, Denmark would also be a price taker
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in this respect. This is probably especially true in later years with international grid
connections, etc.

If we find reduced rank of Π, specifically with r=3, as discussed above, such that Π
may be decomposed into two 6×3 matrices, as well as exogenous prices and, furthermore,
impose just identifying restrictions on β we have that:

ΠXt−1 = αβ′Xt−1 =




α1,1 α1,2 α1,3

α2,1 α2,2 α2,3

α3,1 α3,2 α3,3

0 0 0
0 0 0
0 0 0




︸ ︷︷ ︸
α




1 0 0 β4,1 β5,1 β6,1

0 1 0 β4,2 β5,2 β6,2

0 0 1 β4,3 β5,3 β6,3




︸ ︷︷ ︸
β′




kt−1

lt−1

et−1

pkt−1

plt−1

pet−1




︸ ︷︷ ︸
Xt−1

Note that, in the above, the zeros in the α matrix represent exogenous prices and
restrict the likelihood function and, thus, we may test if they can be imposed. The zeros
and ones imposed on the β matrix are normalizations (just-identifying restrictions) and
do not restrict the likelihood function. If we did not impose just-identifying restrictions
on the model, the model would not be identified and it would not be possible to make
inference on the parameters. The specific just-identifying restrictions imposed in this
case make sense, since the three relations are normalized to each of the input quantities
and, thus, may be interpreted as demand relations for the specific inputs. In addition,
note that from Equations 3.6-3.8, homogeniety in prices requires that ∑

i µi = 1 and
∑
i βij = 0, for i, j = K,L,E. Furthermore, the symmetry condition between cross-

price elasticities is found by partial differentiation, specifically, ∂2lnC
∂Pi∂Pj

= βij = βji, for
i, j = K,L,E. However, none of the above restrictions need to be imposed from the
outset when estimating the model in the VAR framework, but may instead be tested
empirically.

Uncovering a relationship between the different stationary relations, specifically, be-
tween capital and energy, opens up many different research possibilities. As discussed
above, an interesting hypothesis to test is whether or not energy demand adjusts to
changes in capital pressure. Specifically, this hypothesis may be addressed by looking at
the estimate of α3,1, i.e. how the quantity of energy adjusts to the capital relation. If
a significant effect is found in the estimate of α3,1, it might be relevant to draw a link
between monetary macroeconomic policies and energy efficiency considerations. Thus,
if high pressure on capital results in energy being used less efficiently, this would be an
interesting result. Furthermore, as the model is presented above, it assumes symmetric
adjustment to equilibrium. However, in this case, it would be relevant to test this as-

12



sumption in a similar fashion to what is proposed in Section 4. If it were the case that
α3,1 was different when the capital relation was above and below equilibrium, it would
be possible to detect and quantify an energy efficiency cost (or gain) of the capital level
being out of equilibrium, i.e. when the economy is in cyclical boom or recession.

Unfortunately, in practice, it has not been possible to estimate the model robustly
with the data available. I have tried to estimate the model on Danish data, specifically,
data from ‘ADAM’s Data Bank’ found at Statistics Denmark1, where I had a sample
available of yearly observations from 1966 to 2012. While it was possible to estimate a
6-dimensional VAR based on this data (as proposed above), the results are not robust.
That is, it was possible to estimate a model with economically interpretable parameters,
but marginal changes to the sample change the estimates significantly. All in all, there
may very well be interesting findings to uncover from the model described above but the
estimates that I have found are not robust due to the sample size being too short for this,
rather large, model. Thus, the estimates of the model(s) are not publishable.

That being said, in addition to what has been discussed above, it is easy to make
extensions to the model. For example, the energy input may be split into different types
of energy to represent, perhaps, renewable and non-renewable energy and the model may
be estimated on disaggregated data, for example sector or industry-level. Thus, the
groundwork has been done in order to approach questions that may be answered by this
model if/when more data become available. Furthermore, it could be relevant to search for
data with higher frequency or, perhaps, for other countries where more data is available
in order to find robust results.

1https://www.dst.dk/en/TilSalg/ADAM/Databank
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4 Reviewing the symmetry assumption and excluded
results (ext. Paper 2)

In Paper 2, we are specifically interested in how price changes in electricity affect in-
tensities of energy in different industries. The motivation for this particular focus is to
gain knowledge about which industries react to price changes, for example due to policy
changes to promote electrification in the energy system. However, despite this somewhat
narrow focus, many models are estimated and a lot more information than what has been
presented in Paper 2 may be extracted from these estimations. Therefore, this section
seeks to identify some of the additional information the models may reveal by focusing
on the estimations from a particular industry. In addition, I extend the model estimated
in Paper 2 slightly, such that the assumption of symmetric adjustment to equilibrium can
be tested. I find that overall this assumption holds and, furthermore, I hypothesize about
why this may be the case.

4.1 Addressing the assumption of symmetric adjustment

In Paper 2, I estimate a partial VAR model for intensities of electricity and other energy
conditional on energy prices. This is done for many different industries. Specifically, the
model that is estimated is given by (see Paper 2 for details):

∆yt = θ∆zt + αyβ
′xt−1 + Γ̃1∆xt−1 + Γ̃2∆xt−2 + ...+ Γ̃k−1∆xt−k+1 + φ̃Dt + ε̃t (4.1)

In particular, in Equation 4.1, xt is partitioned into yt containing the two endogenous
variables (energy intensities) and zt containing the exogenous variables conditioned on
(prices). A standard assumption used when doing cointegration analysis is that the system
will return to equilibrium in a symmetric way. That is, the adjustment toward equilibrium
is assumed to be the same when the system is above and below equilibrium. From a policy
perspective it is, in this case, relevant to test this assumption in order to learn whether
the system adjusts to equilibrium in the same way when energy inputs are subsidized or
a tax is imposed on them.

To test the symmetry assumption, I fix β and re-estimate the parameters in the α
matrix, allowing for an additional effect if β is above its mean.2 That is, when the
equilibrium error is positive. Thus, I augment Equation 4.1 to facilitate this change, such
that it is given by,

2It is possible to fix β and re-estimate α consistently, due to super-consistency of β (Stock (1987)).
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∆yt = θ∆zt + αy,posI(β̂t > β̄)β′xt−1 + αyβ
′xt−1+

Γ̃1∆xt−1 + Γ̃2∆xt−2 + ...+ Γ̃k−1∆xt−k+1 + φ̃Dt + ε̃t (4.2)

Where I(β̂t > β̄) is an indicator function producing an r×r diagonal matrix of ones if
the estimated relations in β evaluated at time t (β̂t) are above their mean (β̄). By allowing
for an additional effect when the equilibrium error is positive (or negative) I am, in fact,
allowing for adjustment to be asymmetric. Specifically, asymmetry is found when this
additional effect is significant. As mentioned above, in practice, this is estimated in two
steps. First, the bivariate system, in Equation 4.1, is estimated for each industry, as is
done in Paper 2, then I map to I(0) space by including the cointegration transformations.
In other words, I fix the cointegration relations, β̂, and include these as regressors together
with the unrestricted (short-run) variables on the differences of intensities of electricity
and other energy. Then I estimate the equations for both intensities equation-wise and
interpret the coefficient on the cointegration relation as how intensities adjust to the
equilibrium, thus, this coefficient is equivalent to α.

In this particular case, it is relevant to test the model assumption of symmetry since it
is not necessarily obvious that this assumption holds. In Paper 2, intensities of electricity
and other energy are modeled for different industries, conditional on prices of different
energy types. Note that prices are assumed to be exogenous in this model because we are
examining industries at a disaggregated level in Denmark. If an energy price significantly
influences the intensity in a given industry, it is taken as evidence that the industry reacts
to the energy price by either using current technology differently or investing in new/other
technology. In this respect, when the system is out of equilibrium, there may be reason to
believe that adjustment back to equilibrium is not symmetric. This may be the case, if the
price of energy rises, causing the industry to invest in new technology which is less energy
intensive and, thus, shifting the system back into the equilibrium between the energy
price and energy intensity. In this case, if the energy price falls afterwords it is, perhaps,
unlikely that the industry will switch back to the old technology after having already
invested in new, less energy intensive technology. Therefore, in this outlined example, the
system would only adjust when the price is high relative to energy intensity and, thus,
adjustment would be asymmetric rather than symmetric. Because this reasoning seems
plausible, I test whether this is the case by allowing the adjustment to differ when the
equilibrium error is positive, as outlined above.

Specifically, αy,pos, in Equation 4.2, is a parameter matrix of same dimension as αy,
namely p× r. Which in this case is 2× 2 since we found that the industries analyzed may
be described by a stationary VAR with the two endogenous variables being the intensity
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of electricity and other energy. Thus, I allow for an additional adjustment effect in the
equation describing the intensity of electricity both when the error around the equilibrium
describing electricity intensity and other energy are positive. Likewise, the equation
describing intensity of other energy may also adjust, additionally, when the equilibrium
error of either relation is positive. Intuitively, however, it is not straight forward to explain
why the equation describing electricity intensity should adjust when the equilibrium error
of the relation describing intensity of other energy is positive, and likewise for the intensity
of other energy.3 Thus, if the theory about asymmetric adjustment, outlined above, holds,
we would expect to see an additional effect on the equation describing electricity intensity
when the equilibrium error of this relation is positive and likewise for the intensity of
other energy.

In order to get an intuitive understanding of how the additional adjustment parameter
may be interpreted, remember that the cointegration relation is added as a stationary re-
gressor (it is by definition stationary). When this stationary regressor is above its mean,
I allow for an additional adjustment effect. In addition, recall from Paper 2 that there are
two relations for each industry, normalized on the intensity of electricity and other energy,
respectively. Thus, when either cointegration relation is above its mean, it means that
the respective intensity is high relative to the other variables in the relation. Recall that
intensities of energy are defined as energy consumed divided by output produced (E

Y
),

thus, when the intensities are high relative to the other variables in the system, energy is
used less efficiently than in equilibrium. Based on the theory outlined above, it is exactly
in this case that industries might invest in new, more energy efficient, technology that
they will keep even if the price of energy drops later on, creating asymmetric adjustment
to the equilibrium. Thus, if the additional adjustment parameter describing electricity
intensity’s (intensity of other energy’s) adjustment when the relation normalized on elec-
tricity intensity (intensity of other energy) is above equilibrium is significant with negative
sign, the hypothesis of asymmetric adjustment presented above may hold.

In Table 4.1.1, the same 99 industries as included in Paper 2 are examined and results
regarding asymmetry in the case of how the intensity of electricity adjusts back to equi-
librium are presented. Industries are included in Table 4.1.1 if the additional adjustment
effect, when the equilibrium error is positive, is significant with a p-value < 0.10.

3In any case, it does not describe the hypothesis that I wish to address here.
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Table 4.1.1: Asymmetric adjustment to intensity of electricity (p-val < 0.10)

Industry Number and Name CIaE (p-val) CIaE_pos (p-val)
13 Manufacture of tobacco products -0.349 (0.00) -0.023 (0.04)
18 Manufacture of paper and paper products -0.214 (0.25) -0.017 (0.09)
32 Manufacture of wires and cables -0.668 (0.00) 0.014 (0.01)
77 Renting of residential buildings -0.552 (0.00) -0.015 (0.09)
80 Legal activities -0.700 (0.00) -0.012 (0.02)
93 Services to buildings, cleaning and landscape activities 0.006 (0.72) -0.006 (0.02)
98 Primary education -0.133 (0.00) -0.002 (0.09)
101 Education (market) -0.562 (0.00) 0.022 (0.03)
102 Education (non-market) -1.446 (0.00) 0.732 (0.00)

Nine industries are included in Table 4.1.1 and, thus, exhibit some evidence of asym-
metric adjustment of electricity intensity to its equilibrium. Interestingly, however, only
6 of the 9 industries are characterized by adjusting faster when the equilibrium error is
positive, which is what was hypothesized about above. This can be verified by looking at
the sign of the additional adjustment parameter in Table 4.1.1, when the equilibrium error
is positive. In 3 cases, the additional adjustment parameter is positive and, therefore, is
in fact slower when the equilibrium error is positive. Note that, although the adjustment
parameter is positive when the equilibrium error is positive, this does not mean that
the model does not error correct, i.e. return to equilibrium. This is because the total
error correction, of course, is a combined effect of the general adjustment effect and the
additional effect when the equilibrium error is positive. Thus, in all 3 cases where the
additional adjustment parameter is positive, the general adjustment parameter is negative
and significant with a parameter estimate being larger in absolute value.

However, for 6 industries, there is evidence that the adjustment back to equilibrium
happens faster when the equilibrium error is positive. This is in line with the theory of
investing in new, more energy efficient, technology with respect to electricity use and not
substituting back to old technology when the equilibrium error is negative.

Similarly, results regarding asymmetry in the adjustment to equilibrium for the inten-
sity of other energy are presented in Table 4.1.2.
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Table 4.1.2: Asymmetric adjustment to intensity of other energy (p-val < 0.10)

Industry Number and Name CIbO (p-val) CIbO_pos (p-val)
15 Manufacture of wearing apparel 0.137 (0.49) -0.022 (0.07)
25 Manufacture of glass and ceramic products -0.576 (0.00) -0.312 (0.09)
27 Manufacture of basic metals -0.279 (0.00) -0.010 (0.08)
36 Manufacture of motor vehicles and related parts -1.293 (0.00) -0.034 (0.06)
52 Sale of motor vehicles -0.210 (0.01) -0.014 (0.05)
55 Retail sale -0.148 (0.00) 0.004 (0.04)
66 Publishing of computer games and other software -0.372 (0.00) 0.009 (0.07)
70 Computer programming, consultancy and related activities -0.215 (0.01) 0.029 (0.06)
78 Owner-occupied dwellings -0.382 (0.01) 0.009 (0.04)
85 Scientific research and development (non-market) -0.088 (0.42) -0.111 (0.02)
93 Services to buildings, cleaning and landscape activities -0.718 (0.00) -0.018 (0.08)
103 Hospital activities -0.071 (0.41) -0.035 (0.03)
112 Sports activities (non-market) -0.199 (0.02) 0.013 (0.02)
113 Amusement and recreation activities -0.269 (0.01) 0.005 (0.09)

From Table 4.1.2, it is evident that 14 industries show signs of adjusting asymmet-
rically to the equilibrium of the intensity of other energy. However, if I instead chose a
p-value of 0.05, the Table would be reduced to 5 industries, indicating that the evidence
of asymmetry for the majority of the 14 industries is not strong. The overall picture is the
same as with the case of the intensity of electricity, namely that some industries adjust
faster when the equilibrium error is positive while others adjust slower. Specifically, 8
industries adjust faster when the equilibrium error is positive while 6 adjust more slowly.

In the above, I have presented evidence that some industries may be characterized with
asymmetric adjustment, however, no evidence of asymmetry was found for the vast ma-
jority of industries. The reasoning as to why there may be asymmetric adjustment, seems
quite intuitive, i.e., that industries invest in new technology when their energy efficiency
is too low relative to energy prices but do not substitute back to old technology if prices
fall. This simple reasoning should be true for all industries. However, an explanation as
to why asymmetry is not found for most industries may be found in the deterministic
variables of the models. More specifically, that for the majority of the industries, the
deterministic variables capture this ‘investment’-effect.

In Paper 2, it is thoroughly described that we include a trend as well as impulse and
level shift dummies found by the Autometrics algorithm (Doornik (2009)) in all models.
That is, the placement and number of dummies are industry specific. Furthermore, note
that the trend and level shift dummies are restricted to the cointegration space. Thus, the
cointegrating relations describing the equilibrium of both intensity of electricity and other
energy are conditional on level shift dummies and a trend, given that these are significant
in the relation. For example, for the case of a trend in the cointegrating relation, the
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interpretation is that there is a stationary relation around some non-zero trend. Therefore,
in our models, we allow for a constant uptake of new technology, which is captured by
the trend. If this constant uptake of new technology describes the frontier within energy
efficient technology in a given industry, then the industry cannot react to price increases
of energy by investing in new, more efficient, technology, as the industry’s constant uptake
of new technology already represents the most efficient choice. In addition, the uptake
of new technology is, perhaps, associated with large costs, both, of course, with respect
to the investment in the actual physical capital but also other costs such as installment
and acquiring/training labor to use the new technology. Therefore, it may be natural
that the uptake of new technology happens gradually, rather than as a sudden response
to higher energy prices. In addition, if new technology is suddenly discovered and an
industry shifts towards this technology abruptly, this may be captured in the level shift
dummies included in the cointegrating relation.

In summary, I have tested the model assumption in Paper 2 of symmetric adjustment
to equilibrium. Although there, for some industries, can be made an argument for asym-
metric adjustment, this is the exception rather than the rule. Thus, the results found
in Paper 2 hold in general, however, the analysis gives some additional insights into the
behavior of some specific industries.

4.2 Analyzing a specific industry

In Paper 2, the objective is solely to determine which industries react to price changes in
electricity by adjusting the efficiency of their energy use. However, many industry-specific
models are estimated and many additional results may, therefore, be deduced. This
subsection seeks to illustrate how specific model results may hold many other interesting
findings. This is done by examining industry specific model results more thoroughly.

An interesting and much debated industry in Denmark is the agricultural industry.
This, of course, is, among other things, because this industry is large and consumes much
energy. In fact, in 2015 where the sample that I focus on ends ‘Agriculture and horticul-
ture’ was the largest consumer of electricity (closely followed by ‘Retail sale’). Therefore,
in this illustratory subsection, it seems relevant to go into depth with the specific industry,
Agriculture and horticulture. Thus, the results presented in this subsection are based on
one of the, in total, 99 models estimated in Paper 2, specifically the model representing
the Agriculture and horticulture industry. For model details, the reader is referred to
Paper 2.

In order to have a well-specified model for Agriculture and horticulture, the Auto-
metrics algorithm included level shift dummies in 1969, 1973 and 1992, while no impulse
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dummies were included.4 The specification tests for the unrestricted model are presented
in Table 4.2.1.

Table 4.2.1: Misspecification tests for Agriculture and horticulture industry

Test statistic [p-value]
Autocorrelation (1. order) 2.319 [0.677]
Autocorrelation (2. order) 0.281 [0.991]
Normality 3.635 [0.458]
ARCH (1. order) 6.040 [0.736]
ARCH (2. order) 14.174 [0.718]

From Table 4.2.1, it is evident that all of the specification tests are passed very con-
vincingly. In addition, the simulated trace test strongly suggests r=2, rejecting both r=0
and r=1 with p-values less than 0.001. This is in line with the underlying theory, that we
are in fact modeling two demand functions, one for electricity and one for energy other
than electricity. Furthermore, note that the fact that we may characterize the bi-variate
VAR model as a stationary VAR (r=2) is not surprising since we condition on both level
shift dummies, a trend and energy prices (in this case only the electricity price is included,
while other prices are discarded by the Autometrics algorithm).

The results after imposing r=2 and just identifying restrictions, such that one relation
is normalized on electricity use over output (E

Y
) and the other is normalized on use of

other energy over output (O
Y

), are presented in Table 4.2.2.

Table 4.2.2: Agriculture and horticulture: Estimation results for α and β when imposing
r=2

α1 α2 E/Y O/Y Pelec Ls1969 Ls1973 Ls1992 Trend

∆E/Y -0.498 -0.242 β′
1 1 0 0.0409 0.367 0.191 0.0272 0.00673

(t-value) (-6.2) (-3.0) (0.4) (7.5) (5.5) (0.9) (3.7)
∆O/Y 0.328 -1.04 β′

2 0 1 0.166 0.165 -0.168 -0.108 0.0112
(t-value) (2.9) (-9.3) (1.5) (3.1) (-4.4) (-3.1) (5.6)

In relation to Paper 2, where we were solely interested in how the electricity price
affected intensities, it is interesting to note from Table 4.2.2, that the electricity price
only affects the relation describing the intensity of other energy, and that, at a borderline
significance level.5 However, since the sign in the relation is positive, the interpretation
is that the intensity of other energy falls when the electricity price rises. The trend is
significant with positive sign in both relations. Because the columns in β describe the
stationary relationships between the variables, a positive trend in the relation is equivalent

4The settings of the Autometrics algorithm can be found in Paper 2.
5Specifically, following the segregation presented in Paper 2, Agriculture and horticulture is placed in

Group 5 or 6 depending on choice of significance level.
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to a negative trend in the variable that the relation is normalized on. That is, conditional
on the level shift dummies and price variable there has been a negative trend over time
in both E

Y
and O

Y
. In other words, the agricultural industry has developed, perhaps

by implementing new technology, such that it produces more units of output for each
unit of energy it uses and thus, in general, it has become more efficient with respect
to energy. This, of course, is expected as there have been technological improvements
since the 1960s. Furthermore, we may interpret on the magnitude of the trend coefficient,
since data are logarithmically transformed, we interpret coefficients as percentage changes.
Thus, there is an underlying negative trend in the intensity of electricity, amounting to a
yearly decrease of 0.67% and, likewise for the intensity of other energy the negative trend
amounts to a yearly decrease of 1.12%.

In addition, the Autometrics algorithm includes level shift dummies in 1969 and 1973
that are both significant with positive sign in the relation normalized on the electricity
intensity. The interpretation of this is that in these years there have been long-run in-
creases in how efficiently electricity produced output (decrease in electricity intensity).
Furthermore, all three level shift dummies, in 1969, 1973 and 1992, are significant in the
relation normalized on the intensity of other energy. It is interesting to see that the esti-
mated magnitudes of the level shift in 1969 and 1973 are very similar with opposite sign.
Thus, there is evidence that the effect estimated in 1969 canceled in 1973. Furthermore,
the level shift in 1992 is included with negative sign, indicating that the intensity of other
energy increased in 1992 and, thus, there was a long-run decrease in energy efficiency.
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5 Adding countries and discussing automating anal-
ysis (ext. Paper 3)

In Paper 3, we compare how the relationship between income and emissions has evolved
(or ‘decoupled’) for the three Scandinavian countries, Denmark, Norway and Sweden.
However, it is, of course, relevant to examine many other countries in a similar fash-
ion. Furthermore, the method of examining decoupling, proposed in Paper 3, builds on
automatic methods to determine statistical model specifications and, therefore, it seems
relevant to use automatically in order to gain evidence from many other countries.

However, two issues arise when examining additional counties. First off, Denmark,
Norway and Sweden are similar and, therefore, results are more easily comparable. Sec-
ondly, rank determination and evaluation of parameter stability are not easily done au-
tomatically. With respect to rank determination, we typically look at multiple indicators
- roots of the companion matrix, significance of columns in the α-matrix, stationarity of
relations in β from the unrestricted model and the trace test (Juselius (2006)). Thus,
building an algorithm that may take all this into account in a meaningful way is not a
simple task. Likewise, to determine whether or not a recursively estimated parameter is
stable is an issue of judgment. That is, we may accept some instability in the beginning,
when the estimate builds on few observations, but overall conclude that the parameters
are stable. Again, it is possible to build an algorithm that reflects the considerations
that a statistician would have and automatically produce a conclusion about whether or
not an estimate is stable. However, the generality and quality of such an algorithm is
proportional with the time spent working on it. Although interesting, in this PhD focus
has not been on building algorithms to automate the different steps in the cointegration
analysis. Nevertheless, in this section I will try to include more countries in the analysis
by using simple rules for determining rank. Furthermore, I will discuss specific research
areas that could add to the task of automating the cointegration analysis. Thus, this
section serves to address challenges in this respect.

Specifically, in the bivariate VAR case, there may be three outcomes of the rank deter-
mination, r=0, r=1 and r=2. When r=0 there cannot be formed a stationary relationship
between the variables and, thus, we say that the variables do not cointegrate. When r=1
there is one stationary relationship between the variables, which is the case for the three
countries analyzed in Paper 3. In this case, how to interpret the results with respect to
the decoupling hypothesis depends on the magnitude and sign of parameter estimates. Fi-
nally, when r=2, two stationary relations may be formed, since it is a bivariate model this
corresponds to a stationary model. Thus, both endogenous variables are stationary con-
ditional on deterministic components. Interpretation of the final case with respect to the
decoupling hypothesis is straight forward since one relation may be normalized on income
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and the other on emissions and the trend and level shifts (possible abrupt decoupling)
may be compared directly. On the other hand, in the case where r=0 the cointegration
framework is not well-suited for examining the decoupling hypothesis. However, in many
cases r=0 is perhaps found because level shifts influencing the model are left out because
of a too strict p-value setting in the Autometrics algorithm. Furthermore, if the trend is
not constant throughout the sample for a particular country, it is also less likely that it is
possible to form a stationary relation conditional on a constant linear trend. To overcome
this, it would be possible to add more flexibility to the model, for example by allowing
the Autometrics algorithm to add broken linear trends.

Thus, in this section I focus on countries showing signs of one cointegrating relation
(r=1) between income and emissions, while using the same settings of the Autometrics
algorithm as in Paper 3 and allowing for inclusion of the same variables (impulse and
level shift dummies).

5.1 Adding countries to the analysis

The data used in this section are the same as in Paper 3, with the exception that additional
countries are added. Thus, for all countries, data concerning emissions are from the BP
statistical review of world energy (British Petroleum (2019)), while population and GDP
measures are from the World Bank.6 Countries where data are available from both BP
and the World Bank and the sample size is at least 80% of the full sample from 1965-2018
are included.7 This leaves 50 countries including Denmark, Norway and Sweden which
were analyzed in Paper 3.

For each country, I estimate a bi-variate VAR model, with emissions/capita and in-
come/capita as the endogenous variables. The basic model is identical to the model
estimated for the three countries in Paper 3. And, as in Paper 3, country specific dum-
mies are chosen based on the Autometrics algorithm. Furthermore, two lags are included
in the model, however, the second lag may be dropped if it is not considered significant
based on the algorithm. Thus, the general equation that is estimated for each country is
given by:

∆xt = Πxt−1 + Γ1∆Xt−1 + φDt + εt. (5.1)

Where Dt contains deterministic variables, i.e. dummies chosen by the Autometrics
algorithm, and εt is an error term. In Paper 3, well-specified models were found with just
one lag and, thus, Γ1 may be set to zero for the models describing Denmark, Norway and

6https://data.worldbank.org/
7For some countries early observations are not available.
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Sweden. As the same model is estimated in Paper 3 the reader is referred there for model
details.

Following the approach in Paper 3, the Autometrics algorithm is used to include
impulse and level-shift dummies to find well-specified models. Using this approach, it is
possible to find well-specified models for most countries. However, out of the 50 countries,
where data is available, 4 countries fail the test for no-autocorrelation (with a p-value <
0.05) and are excluded in the following.8

As discussed above, rank determination is difficult to handle automatically, since it
may be based on the statistician’s judgment of multiple indicators. In this case, since
there are only 46 countries, it is possible to do a manual inspection of the unrestricted
cointegrating relations to determine stationarity as well as examining the trace test.9

Based on this alone, there is evidence that there are 17 countries for which r=1 may be
justified. As mentioned above, these are the countries I will focus on here. The countries,
which may be said to cointegrate with r=1, are presented in Table 5.1.1.

Table 5.1.1: Countries where r=1 may be imposed and models are well-specified

Country code
AUT DNK LUX SGP
BGD ECU NLD SWE
CAN GBR NOR
CYP ISL PER
DEU ISR PRT

The first thing to address is the placement of dummy variables for the different coun-
tries. The timing of the dummies represent when the relationship between income and
emissions was affected. Figure 5.1.1 shows the placement of the impulse dummies for all
(well-specified) models and models that may be characterized by r=1, respectfully.

8A full list of the countries and respective country codes are included in Appendix D. The countries
excluded due to misspecification are ARE, NZL, PAK, PHL.

9The plotted relations and trace test for all countries are included in Appendix E.
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Figure 5.1.1: Placement of impulse dummies

From Figure 5.1.1, it is evident that the financial crisis from 2007-2009 sticks out. This
may be interpreted as many of the countries having experienced a short-run exogenous
impact that affected the relationship between income and emissions due to the financial
crisis. The timing of the permanent interventions (level shift dummies) are shown in
Figure 5.1.2.
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Figure 5.1.2: Placement of level shift dummies

Similarly to the histogram describing the placement of the impulse dummies, it is
evident from examining the level shift placement that the financial crisis sticks out. Thus,
for relatively many countries, the financial crisis has changed the relationship between
income and emissions. Furthermore, the oil crises, especially the late one in 1978, seem to
have affected relatively many countries as well. Note that, for both placement of impulse
and level shift dummies, I have presented histograms for all countries and countries where
cointegration with r=1 may be imposed. This is done in order to evaluate if dummy
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placement for countries where r=1 may be imposed is different from the others. This
does not seem to be the case.

For countries where r=1, which are in focus here, there may be four cases as presented
in Table 5.1.2 and outlined in Paper 3. Interpretation with respect to decoupling is
dependent on which of the four cases best describes the country analyzed.

Table 5.1.2: Cases

βT rend = 0 βT rend 6= 0
βGDP/cap = −1 Case A Case B
βGDP/cap 6= −1 Case C Case D

The 17 countries are distributed between the four cases, by the case that best describes
the particular country. Table 5.1.3 shows which case best describes the particular country.

Table 5.1.3: Country cases

βT rend = 0 βT rend 6= 0

βGDP/cap = −1 AUT
SGP

CAN
DNK
LUX
NOR
SWE

βGDP/cap 6= −1

BGD
ECU
PER
PRT

CYP
DEU
GBR
ISL
ISR
NLD

In Table 5.1.3, if all restrictions (that is Case A, B and C) are rejected at a 95% level
the country is placed in Case D. If all restrictions are not rejected at a 95% level, the
country is placed in the Case that imposes the least restrictions on the likelihood function,
i.e. the one where restrictions cannot be rejected with the highest p-value. It is evident
from Table 5.1.3 that countries are distributed quite evenly between the cases. However,
as expected, fewer countries may be described by Case A, as this case imposes the most
restrictions on the model and, therefore, is more likely to be rejected.

Interpretation of countries placed in Case C and D is dependent on the magnitude
of the estimated parameters. This is discussed more thoroughly in Appendix B of Paper
3. Therefore, and because this section is meant as a discussion of some issues that may
arise when automating the analysis of Paper 3, only countries placed in Case A and B
are briefly discussed. Denmark, Norway and Sweden are analyzed in Paper 3 and are
all placed in Case B, where countries are characterized by having the same stochastic
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trend in emissions and income around different deterministic trends (see Paper 3). Case
A is a special case of Case B where the deterministic trend in both variables is also the
same. In a decoupling framework, we would say that countries placed in Case A are not
decoupling. On the contrary, the long-run deterministic trend and the stochastic trend in
both income and emissions are the same. However, ‘abrupt decoupling’ may still occur
as country specific level shift dummies may be significant in the cointegrating relation.
In general, however, based on our model, Singapore and Austria show weaker signs of
constant decoupling than the countries placed in Case B. The results from the models
describing Luxembourg and Canada may be interpreted identically to how Denmark,
Norway and Sweden were interpreted in Paper 3. Without going into details with the
results, in that respect both Luxembourg and Canada show signs of income rising faster
than emissions and, furthermore, this trend is much more convincing for Luxembourg
than Canada.

As this section is meant as an illustration of challenges with respect to automating
the analysis in Paper 3, results from the individual additional countries are not discussed.
In addition, results are dependent on the stability of parameters, thus stability must be
evaluated. While that is not the point here, of course, parameter stability could easily
be evaluated manually for just a handful of countries and additional results could easily
be revealed. Furthermore, it was discussed how the rank choice could be based on few
indicators, including a manual inspection of the cointegrating relations. In the following,
the discussion of parameter stability in relation to the trace test is presented.

5.2 Discussion of automating analysis wrt. parameter stability

Instability of the parameters of the unrestricted model also affect the trace test. In this
case, instability could be caused by structural changes that may be captured by a broken
linear trend. However, as has been discussed in Paper 3, it could also be a sign of a
non-linear relationship between income and emissions (the EKC theory). Generally, this
instability may be captured by allowing for a more flexible model in order to better fit the
real-life scenario, i.e. include broken linear trends or in other ways allow for non-linearity
in the parameters of the model. If the country analyzed has undergone some structural
change that a too restricted model cannot account for, the trace test may be misleading.

Norway, which was one of the countries analyzed in Paper 3, is a good example of
this. Therefore, in this subsection I will go into more detail about why it was appropriate
to include a broken linear trend in the model for Norway as was done in Paper 3 and,
furthermore, the implications of this in relation to automating the cointegration analysis.

The Autometrics algorithm, applying saturated level shift and impulse dummies, found
one level shift for Norway in 1979 at the specified setting (see Paper 3). The model pro-
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posed by the algorithm passed misspecification tests and, thus, is arguably well specified
and appropriate to work with. However, after manually inspecting the unrestricted, recur-
sively estimated model, it was clear that parameters changed around 2006. Furthermore,
after considering the data in levels and trying to capture this instability by including level
shift dummies, it was clear that this instability was best captured by a broken linear trend
in 2006. In Table 5.2.1, the misspecification tests are presented both for the model with
and without the broken linear trend included.

Table 5.2.1: Misspecification tests for models w and w/o broken trend (Test statistic
[p-value])

Norway w/o BT:2016 Norway w BT:2016
Autocorrelation (1. order) 8.927 [0.063] 7.003 [0.136]
Autocorrelation (2. order) 0.439 [0.979] 0.430 [0.980]
Normality 5.616 [0.230] 3.707 [0.447]
ARCH (1. order) 2.574 [0.979] 1.392 [0.998]
ARCH (2. order) 10.835 [0.901] 11.498 [0.872]

From Table 5.2.1, it is possible to verify that both models pass misspecification tests
and, in general, the specification tests look similar (perhaps with marginal improvements
wrt. autocorrelation in the model with a broken linear trend included in 2006). Next,
consider the eigenvalues (λ) of the recursively estimated Π-matrix and the recursively
estimated trace test for the model with and without a broken linear trend in 2006.
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Figure 5.2.1: Recursive results for Norway for model w/wo broken trend in 2006

From Figure 5.2.1, parameter instability of the model without a broken linear trend
included is evident in λ2 (Subfigure 5.2.1c). Note that parameter instability in the be-
ginning of the recursive estimations is to some extent expected, as the estimations in
the beginning are based on few observations. In that light, the model with the trend
included has stable parameters to an acceptable degree. Note that the trace test in Fig-
ure 5.2.1 is based on the basic model and, thus, ignores breaks. Therefore, the critical
value (indicated by a horizontal line) is not correct and the figure may be used only as a
stability measure. In order to be able to make inference on the trace test, this needs to
be simulated. Therefore, finally, the simulated trace test for the model with and without
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inclusion of a broken linear trend is presented in Table 5.2.2.

Table 5.2.2: Simulated trace test (w and w/o BT:2006)

r w/o BT:2006 (p-val) w BT:2006 (p-val)
0 0.000 0.061
1 0.006 0.877

From Table 5.2.2, it is very clear that if we were to base the decision about rank solely
on the trace test, without considering parameter stability, the results may vary wildly.
Specifically, in this case, when we do not include the broken trend, the simulated trace
test points to r=2, while when the broken trend is included, the test points to r=1.

Considering all this, it is noteworthy that the improvement of the model, based on the
misspecification test in Table 5.2.1, when including the broken trend, is only marginal.
The inclusion of the broken trend, on the other hand, has a large effect on parameter
stability and, in turn, changes the conclusion from the trace test. This is interesting
because it emphasizes that even though we may use the Autometrics algorithm to find
well-specified models, rank determination still demands some manual inspection from the
researcher. Further note, that in the particular case studied in Paper 3, this is especially
important as we do not have any prior theoretical hypothesis to help determine rank.
This is different from the analysis carried out in Paper 2, where we expected to find
two demand relations, one for electricity and one for other energy. Thus, in Paper 2,
in addition to the trace test, we had theoretical justification to impose r=2, which is an
advantage when we wish to automate the analysis.

As of now, it is possible to include broken linear trends or other regressors to the model
specified by the Autometrics algorithm. Thus, we may in fact allow for much flexibility
in the model. However, the Autometrics algorithm does not consider parameter stability,
directly. Of course, to some extent parameter instability may be caught in the test for no
autocorrelation. In general, that may be acceptable, especially when we do not have any
prior hypotheses to support unstable parameters. In the case of Paper 3, however, the
theory of the environmental Kuznets curve results in unstable parameters in the linear
model with constant parameters. This makes it essential to consider the stability of the
estimated parameters. Thus, in summery, if the Autometrics algorithm, or a similar
algorithm, could be extended to take into account parameter stability, this would be an
interesting and important step in order to automate the cointegration analysis. In turn,
this would open a new research area, which would have much potential in general with
more and more data becoming available but also, in particular, within the energy field.
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6 Conclusion

The methodological approach that this thesis builds on is particularly relevant for the
energy economics research field. Nevertheless, within the energy economics research field
where time series are abundant, not many studies have explored the possibilities of us-
ing cointegration techniques. In this thesis, I have attempted to exploit this gap in the
literature by examining different areas within the energy economics field where this par-
ticular methodological approach can fruitfully be applied. Furthermore, most of the work
done in this thesis is based on data from Denmark. However, it should be clear that the
methodological approach and outline of each of the analyses may easily be augmented to
suit different countries or different aggregations of data, etc.

Also, more broadly, this thesis highlights the possibilities of using a cointegration
approach to evaluate policies relevant within the energy economics research field. This is
exemplified in Paper 1, where specific dates, where relevant policies were implemented,
were evaluated in order to clarify if the policy could be modeled as a structural break in
the system. Furthermore, the magnitude of the structural breaks were estimated in order
to establish how effective the policies had been. In addition, this thesis seeks to highlight
that combining the cointegration methodology with recent algorithms to automate model
selection has huge potential both within the energy economics field but also elsewhere.
In that respect, this thesis has outlined a way to approach these types of analyses to
investigate, not only similar analyses with different data, but other areas within the energy
economics field as well as in other fields of research as the amount of data collected is
increasing rapidly.

The research conducted in this thesis set out to investigate different mechanisms rel-
evant for the transition towards a less polluting, greener, energy system. In order to ac-
complish this, different areas were investigated. Specifically, the effect of a non-monetary
policy to increase transparency regarding appliances’ energy efficiency was investigated for
households. The idea behind this was to learn if transparency regulation alone can have
an effect on consumer choices regarding energy efficiency. There was a particular interest
in investigating a non-monetary policy for households specifically regarding transparency,
as I had a hypothesis that information regarding energy efficiency is more costly to obtain
for private households than for cost optimizing industries. Therefore, I was interested in
estimating the actual magnitude of such a policy aimed at households. This was the basis
for my first research question which was addressed in Paper 1.

For industries, this thesis seeks to uncover how energy efficiency depends on the elec-
tricity price at a disaggregated level. The motivation for this is to map which industries
have been able to increase efficiency when prices have increased. In particular, adjust-
ments to the electricity price are interesting because renewable energy sources produce
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electricity and, therefore, it is expected that a future, less polluting, energy system is
more heavily dependent on electricity. Investigating and mapping which industries have
been able to adapt to a changing electricity price is relevant for policymakers managing
the energy system. For example, policymakers may wish to impose a tax or subsidy on
industrial electricity use. However, not all industries may react to such a policy change in
the desired manner and, therefore, a mapping of industries at a disaggregated level enables
policymakers to specify policies to relevant industries. Likewise, if it is anticipated that
the electricity price will change in the future, for example due to new grid connections
etc., policymakers can aid industries that will not react to these changes in a desired way
beforehand.

While the disaggregated mapping of specific industries is presented in Paper 2, addi-
tional robustness analyses regarding symmetric adjustments have been presented above.
It is found that the assumption of symmetric adjustment holds generally and a discussion
of why this may be the case is presented. Furthermore, the basis for the mapping in
Paper 2 is based on all industries being modeled individually, however, only a few results
from the individual models are used for the mapping itself. Therefore, as an example of
the results that may be uncovered by each of the individual models, I have focused in the
text above more thoroughly on an industry-specific model. From this, it is clear that the
underlying models estimated, and which are the basis for the mapping, hold many other
interesting results. However, due to the focus of this thesis, results from all 99 industries
modeled are not presented in detail. A take-away from this is that cointegration methods
combined with recently developed automatic model selection algorithms allow researchers
to analyze many similar systems simultaneously.

In addition to the Danish industries modeled disaggregated, in this thesis I also wanted
to examine the aggregated Danish industry. Thus, an empirical model based more strictly
in a theoretical model including other inputs then energy has been presented. Although
this model has not been possible to estimate on aggregated Danish data, the groundwork
has been laid and different interesting and relevant hypotheses proposed and discussed.

In a broader perspective, in this thesis I wanted to compare Denmark to other similar
economies regarding historical progress in becoming less dependent on emitting harmful
pollutants. This was done in Paper 3, by examining how income and emissions have
‘decoupled’ since the 1960s for the three Scandinavian countries, Denmark, Norway and
Sweden. By using a cointegration approach it was possible to differentiate between con-
stant decoupling that has taken place throughout the sample and abrupt decoupling that
may be traced back to a specific influential time period. Furthermore, while the discus-
sion of decoupling is ongoing, the approach to analyze decoupling in this thesis allows for
differentiation between long-run and short to medium-run decoupling. This adds detail
to the current discussion of ‘relative decoupling’, when both income and emissions rise
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but income rises faster, versus ‘absolute decoupling’, when emissions fall and income rises.
In Paper 3, the focus was on Denmark, Norway and Sweden. However, in the above it
was discussed how the analysis in Paper 3 could be expanded to include more countries.
Specifically, it is discussed how model selection algorithms may be improved in the future
in order to improve the possibilities of fully automating such analyses as carried out in
Paper 3.

In summary, specifically with regard to energy savings implications for Denmark,
this thesis has quantified the effect of transparency regulation for households, mapped
industries such that policy measures related to the electricity price may be targeted more
directly and, thus, be implemented more efficiently. Finally, the Danish efforts in relation
to decoupling their energy related emissions from income are evaluated in a Scandinavian
context.

6.1 Addressing research questions and contribution

This thesis considered three research questions which have been answered in each of the
papers included in this thesis. Each paper contributes to the current literature as they
deal with questions not previously dealt with or approach the problems in a new manner.

The first question that this thesis proposed to answer was:

• Is it possible to promote energy efficient choices in households by increasing trans-
parency regarding energy consumption?

As stated above, this question was addressed in Paper 1. In Paper 1, monthly sales
from 2005-2017 of household appliances in Denmark were analyzed. This period included
the change in the EU energy label, which was announced in 2010 and implemented in 2011.
By estimating a VAR model, it was found that the long-run impact on the sales of high-
efficiency appliances was a 55% increase at the announcement date and an additional
42% increase at the implementation date. Furthermore, low-efficiency appliances were
only affected at the implementation date where sales decreased by 45%. Thus, clearly it
was possible to prompt households to make more energy efficient choices when choosing
appliances by increasing transparency of the products sold. Furthermore, while such
policy measures have been evaluated earlier in the literature, a VAR-based intervention
analysis is, to the author’s knowledge, novel within this branch of the literature.

The second research question that this thesis addressed was:

• Is it possible to promote energy efficiency in industries by changing the electricity
price?
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This question was addressed in Paper 2, where 99 industries were analyzed and their
response (or lack of such) in energy intensity to changes in the electricity price was of
interest. Annual time-series data were used in a partial cointegrated VAR model to esti-
mate a bivariate system for each industry. It was found that 15 industries use electricity
more (less) efficiently when electricity becomes more (less) expensive. For 18 industries,
it was found that there are efficiency improvements for both electricity and other energy
(an aggregate of other energy sources) when electricity prices increase. For (only) 4 in-
dustries it was found that an increase in the electricity price results in improvements in
how efficiently electricity is used but also results in other energy being used less efficiently,
thus, indicating substitution from electricity to other energy sources.

The research carried out in Paper 2 has contributed substantially to the literature in
different respects. First of all, the results and mapping of how industries react to changes
in the electricity price at a disaggregated level is, to the authors’ knowledge, novel within
the literature. Furthermore, the authors do not have any knowledge of other contributions
using an automatic model selection algorithm on multiple similar systems of variables,
that is models with more that one endogenous variable. Thus, the application of the
automatic model selection algorithm in combination with the cointegration approach to
estimate many similar models with deterministic variables specified to individual models,
is novel in itself and may be useful in many other respects both within and outside of the
field of energy economics.

The final research question that was investigated was:

• Is Denmark decoupling emissions from income at a faster or slower rate than its
neighboring Scandinavian countries?

This question was addressed in Paper 3 of the thesis. In this contribution, decoupling
is analyzed in a cointegrated VAR framework with country specific deterministic variables
found by an automatic model selection algorithm. Models for three countries are analyzed;
Denmark, Sweden and Norway. The models are based on yearly time-series data regarding
emissions and income from 1965-2018. Based on the research presented in Paper 3, it
was found that all three countries have been ‘decoupling’ to some extent throughout the
sample. However, in the paper we differentiate between short/medium-run decoupling and
long-run decoupling. Thus, it is found that the underlying deterministic trend in income
and emissions is different for all countries, with income rising faster than emissions in
all cases. However, the stochastic movement around the trend in both variables are the
same. This may be interpreted as income and emissions still being dependent on one
another, but all three economies have become more efficient in that they have reduced
their emissions per unit of output.
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Specifically, it is estimated that the gap between income and emissions has been grow-
ing annually by 2.44% for Denmark, 1.60% for Norway and 3.67% for Sweden. Addition-
ally, for Denmark and Norway, it was found that there was ‘abrupt decoupling’, defined
as long-run decoupling that may be traced back to a specific time period, where the long-
run gap between income and emission increased by 22.9% around the financial crisis for
Denmark and 23.5% for Norway around the second oil crises in the late 1970s.

While the relationship between income and emissions has been analyzed before using
cointegration techniques, the focus has not been on models where the deterministic vari-
ables capture decoupling. Thus, the ability to estimate ‘abrupt decoupling’ that is possible
in this analysis due to the specific approach that is taken, has not been done elsewhere.
Furthermore, differentiating between long-run deterministic trends and stochastic trends
is also only possible when estimating a model where deterministic variables are included.
Thus, examining decoupling in a cointegration framework where deterministic components
determine the level of decoupling is, in itself, a contribution to the existing literature. In
addition, the differentiation between long-run decoupling and short/medium-run decou-
pling adds to the more general discussion of decoupling.

6.2 Perspectives and final remarks

While the papers included in this thesis address quite specific research questions, it should
be clear that comparable studies may easily be done by following the same methodology
but using data from other countries, etc. Thus, there is still large potential for imple-
mentation of cointegration techniques within the energy literature. In particular, recent
developments in automatic model selection algorithms combined with larger quantities of
data becoming available, yield new promising possibilities within the energy economics
field of research.

As was discussed in Section 5 above, manageable extensions of the current automatic
model selection algorithms, particularly regarding parameter stability, would significantly
push existing scientific boundaries. Therefore, an interesting, very promising and manage-
able next step would be to tweak the current algorithms in order to consider parameter
stability. Thus, in addition to the specific results uncovered in this thesis as well as
the methodology presented, the take-away should be that large potential for using these
methods within the energy economics research field as well as other fields of research, lies
ahead.

In recent years, more and more data are being collected and becoming available. At
the same time, methodological developments are being made in how to work with large
quantities of data, in particular by automating analyses in different aspects. This trend is
hugely important for energy policy development in general, in that policies may be based
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on more robust and more detailed empirical results. Therefore, while this thesis has
discussed basing policy considerations on automated analyses using recently developed
methods, I expect that this will be the new normal in the years to come.
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A B S T R A C T

In 2010 the EU decided to change the energy efficiency label for electrical appliances, so that the most effective
appliances became more visible to consumers. We apply a Cointegrated Vector-Auto-Regressive (CVAR) model
to assess the quantitative impact of this change on monthly sales (2005–2017) in the Danish markets for cold
appliances of high and low efficiencies. The data support large effects with the expected signs. In particular, we
find that the change increased sales of high-efficiency appliances by 55%, at the announcement, and by a further
42% when implemented. Sales of low-efficiency appliances were not affected by the announcement, but de-
creased, as a result of the implementation for online sales by 45%. These conclusions derive from the analysis of
a well-specified VAR within which we take into account sample dependence, outliers and exogenous level shifts.

1. Introduction

In Europe, energy systems are in a state of flux, transitioning away
from fossil-based energy and towards renewable-based carbon-neutral
systems. Energy savings and efficiency play central roles in facilitating
this “green transition”. Consequently, regulation is constantly updated
to keep this transition on track. In fact, the new energy efficiency di-
rective, first proposed by the European Commission in 2016 and re-
cently adopted in the Commission's Clean energy for all Europeans
package (EUR-lex, 2018), includes various energy efficiency goals that
member countries must commit to. To induce consumers to choose
more energy efficient products, the EU has introduced an energy la-
beling system, in which electrical appliances are labeled according to
how efficient they are in terms of their electricity use.1 The directive
1992/75/EEC laid the foundations for this, but the label was revised in
2010, in order to include higher energy efficiency classes (ECEEE,

2017).2 In the following we abbreviate energy efficiency by EE and,
furthermore, denote the revised label the new EU energy label. Fig. 1
contains the energy label before and after the change.

As appears from Fig. 1, the A-G scale was replaced with the A++
+-D.3 Before the change, appliances in class A+ and A++ were also
sold, however, these additional classes were not apparent on the scale
of the label, but were instead included in the green class, A. This im-
plied, that it was not entirely obvious to a consumer, that more effective
alternatives than A were available. The aim of the new energy label was
therefore to increase transparency within the market further, by letting
all alternatives be reflected in the scale, so that consumers were better
informed. From a theoretical point of view, behavior may change if new
information is correlated with consumer preferences. A thorough dis-
cussion of the microeconomic choice development is out of scope for
this paper (e.g. see Cohen et al., 2017). To our knowledge, there has
been no research in the scholarly literature, on the quantitative effect
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1 There exist many different energy labeling schemes (Wiel and McMahon, 2003). Using the taxonomy for energy labels introduced ibid., the EU energy label,
which is the focus here, is both a comparative label and an informative label. This means that appliances are assigned an energy class, which can be compared across
appliances and the label includes information about the energy usage of the specific appliance. This is in contrast to the US Energy Star labeling scheme which is an
endorsement label, stating whether or not the specific appliance is energy efficient. Finally, information-only labels also exist, typically containing more elaborate
information about the energy usage of the specific appliance but also require more effort for consumers to assess.

2 The relevant directive is 2010/30/EU. Note also that the implementation timing of the new label varied across the different EU countries. For a full account see
Bertoldi (2018). Furthermore, direct supply-side regulation, to further reduce energy consumption, was imposed in the Eco-design directive (see Appendix A).

3 Note that, the energy efficiency class is given relative to the capacity of the particular appliance. This means that a large refrigerator in the same energy class as a
small refrigerator uses more energy, but not per unit of capacity.
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on the number of sold appliances in the different EE classes, specifically
due to the change in energy label.4

The purpose of the present research is to provide a quantitative
assessment of the impact on appliance sales of the increased market
transparency, as implied by the new EU energy label. As a case study,
we analyze monthly time series (January 2005 through March 2017)
from the Danish market for cold appliances.

As appliances in the different efficiency classes are substitutes to
some degree, it is expected that the sales of appliances in one class, in a
given month, will influence sales in another class in the following
month(s). Moreover, even after having removed seasonality, these
monthly time series exhibit a substantial amount of auto-correlation. To
analyze such an interdependent and dynamic system statistically, we
adopt a Cointegrated Vector-Auto-Regressive (CVAR) model (see e.g.
Johansen, 1996 or Juselius, 2006). In particular, we formulate a CVAR
in two aggregated series corresponding to sales in the higher EE classes
and sales in the lower EE classes, respectively. To analyze the impact of
the new EU energy label within this framework, we include step-in-
dicators amounting to a simple intervention analysis (see e.g. Brockwell
and Davis, 2002 and Lütkepohl, 2005).5,6 In our analysis we distinguish
between announcement and implementation of the change in the label.
We allow for both announcement and implementation effects in order
to capture the entire effect of the label. While the most obvious effect is
perhaps at implementation, announcement effects could be driven by
supply-side effects or public discussion of the label. We also allow for
outliers and other exogenous level shifts. The data support a VAR, with
cointegration rank of 2. This can (loosely) be referred to as xt being
stationary conditional on level shifts. Hence, this is consistent with the
existence of long-run equilibria (steady states) for sales in the low and
high EE classes, and that these equilibria shift as a result of the change
in the label. Thus, what we identify are equilibrium changes, that is, the

total or long-run effects of the intervention(s). We acknowledge that
there are markets interacting in the background. However, a full
identification of demand and supply relations in the respective markets
would have to include monthly series of prices and supposedly other
exogenous demand/supply shifters (not immediately available) in ad-
dition to the policy step-indicators.7 Although such an analysis would
be fruitful, the data set we analyze nevertheless allows us to identify the
total long-run effect on sales, of the change in the label. In our view, the
total long-run effect should be of main interest for a policy maker in the
context of this particular policy change.

The change in the EU label has received some critique because ‘plus-
classes’ were simply added directly to the label rather than normalizing
the scale of the label to the current technological state, which would be
more efficient in conveying information to consumers (Heinzle and
Wüstenhagen, 2012). However, for the purpose of this study, which is
to quantify the impact on sales of increased market transparency, it is
an advantage that the scale has not changed throughout the period we
examine, as this allows us to more directly assess the isolated effect of
increased transparency.

Studies evaluating energy labels have had different objectives and
various methods have been used (e.g. see the survey in Rohling and
Schubert, 2013). This is not least due to the fact that labeling schemes
differ (Vine et al., 2001).8 A large part of the more recent literature
focuses on how a given energy label is perceived cognitively by con-
sumers using experimental designs (among others, Heinzle and
Wüstenhagen, 2012; Newell and Siikamäki, 2014; Shen and Saijo,
2009), for a thorough and recent review of the literature see Andor and
Fels (2018). Another strand of the literature examines which socio-
economic characteristics drive the choice of purchasing an appliance
with high energy efficiency (see e.g. Mills and Schleich, 2010). Banerjee
and Solomon (2003) compare different labeling schemes in the US,
focusing on how different label types are perceived and what de-
termines the success of a label. However, there are relatively few stu-
dies examining the quantitative effects of energy labeling on sales of
appliances in different EE classes. An example is Houde (2014) who
examines the Energy Star labeling scheme thoroughly; cut off dates for
labeling are used as a natural experiment and the (social welfare) value
of the label is estimated using a discrete choice model. Houde (2014)
finds that the value of the label is greater than the cost of the Energy
Star program. Another relevant study is Stadelmann and Schubert
(2018), where authors pair up with a Swiss online retailer for house-
hold appliances who has not implemented labeling. This gives the op-
portunity to compare their own label, the EU label and no label in terms
of how efficient the appliances being purchased are. Stadelmann and
Schubert (2018) find that the presence of an energy label induces
consumers to buy more efficient appliances. The EU labeling scheme,
which was implemented in 1994, is discussed in Bertoldi (1996).
Bertoldi (1996) refers to an evaluation of the French market for re-
frigerators, which find that 27% of sales were in categories A, B or C in
1994 (before the label was implemented) but that this share had risen
to 42% in 1995 (after the label was implemented).

In the next section, the data and the policy interventions are pre-
sented and discussed in more detail. The empirical analysis based on
the VAR and the estimation results are presented in Section 3. Con-
clusions are presented in Section 4.

2. Data

The data used in this paper are from GfK9 and consist of monthly

Fig. 1. Comparing energy labels (Source: EUR-lex, 2015).

4 However, the European Commission have done some work in this area, see
Bertoldi et al. (2012).

5 A step-indicator variable, sometimes also referred to as a level-shift indicator,
is defined as the indicator variable, D 1t = for t T0 and D 0t = for t T ,0< where
T0 denotes the period in which the intervention takes place.

6 An example of another econometric approach to track EE can be found in
Bertoldi and Mosconi (2015).

7 See e.g. Møller (2008) for accessible and directly applicable examples of
how to identify and interpret simple demand-supply models in the context of
the Cointegrated VAR.

8 See footnote 1.
9 GfK (Gesellschaft für Konsumforschung) is a marketing agency with access
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time series observations on the number of cold appliances (i.e. freezers
and refrigerators and combinations of these) in the different EE classes,
sold in the Danish market. The data cover the period January
2005–March 2017.

The analysis evolves around dates regarding the introduction of the
new EE label. Specifically, five time periods are of particular interest in
this analysis. The time periods are given below with the respective
variable name, used in the statistical model presented in Section 3,
given in parentheses:

• June 2010 Announcement 1 (Annou1): It was announced that the
new energy efficiency label would be implemented and this would
be done in two steps;
– November 30, 2011 Implementation 1 (Impl1): Requirement for

the new label to be physically present in stores.
– March 30, 2012 Implementation 1 (Impl1): Requirement for the

new label to appear in printed commercial material.

• March 2014 Announcement 2 (Annou2): It was announced that
web-based retailers must also provide up-to-date energy efficiency
labeling and certain additional information regarding energy effi-
ciency.
– January 1, 2015 Implementation 2 (Impl2): The announcement of

March 2014 regarding online sales was implemented.

Corresponding to these dates we introduce step-indicator variables
(defined in Footnote 5) as our policy variables (see e.g. Chapter 10 in
Brockwell and Davis, 2002). Because the announcement of June 2010
was implemented in two steps only few months apart, we represent
these by one modified step-indicator variable, Impl110. Thus, we are
interested in examining the effect of each of the four step-indicator
variables; Annou1, Impl1, Annou2, Impl2, on the time series describing
the number of sold appliances in the different EE classes. Finally, we
note that other policy changes11 and ‘extraordinary events’ related to
the EE of appliances have occurred in the period under study. For ex-
ample, in the beginning of 2007 there was a large upward movement,
especially apparent in the A and A+ series, which was the result of GfK
including more retailers to their data base. However, these were not
included from the outset but were instead detected based on the fitted
statistical model (see Section 3).

In Fig. 2, the original sales series, corresponding to the seven EE
classes, A+++ through D, are plotted.

From an initial inspection of the data in Fig. 2, we see that in ad-
dition to abrupt level shifts, there are strongly trending movements
(stochastic and deterministic) as well as pronounced seasonality in the
data. As these patterns seem to change over the sample period, we
aggregate and transform the series. This will not only simplify the
analysis further, by decreasing the dimension of the VAR, but will also
make it easier to justify certain constancy assumptions of the statistical
model (see below). In particular, because we are mainly interested in
overall effects, we can aggregate the EE classes into two classes which
we refer to as the high EE and low EE classes, without loosing any sub-
stantive information of interest. In particular, we group appliances in
category A with those below A (low EE) and appliances in categories
A+, A++ and A+++ (high EE). An additional advantage, of this
particular aggregation, is that the high EE class contains only those
classes that were not visible in the label before the change. Hence, given
this aggregation (or grouping) it is more natural to expect un-
ambiguously signed effects. That is, that sales in the high EE class are

expected to increase whereas those in the low class are expected to
decrease. As an example, if the A category was included in the high EE
group, the expected impact of the label, on this group, would not be
clear. Finally, in order to further stabilize the variability, we log-
transform the data. The transformed data, which are the data we work
with throughout the paper, are presented in Fig. 3. In the statistical
analysis below, we thus analyze a bi-variate VAR in the sales series of
high and low EE, respectively.

For both of the transformed series, Fig. 3 indicates drifting levels
with first differences that are somewhat more stable, suggesting that
these series can be econometrically modeled as realizations of an I(1)
cointegrated VAR process. Secondly, both seasonal and non-seasonal
auto-correlations seem present. Thirdly, in addition to the stochastic I
(1) trends there is also some indication of linear deterministic trends as
well as level shifts. The latter also show up as large spikes in the dif-
ferenced series. Some of these, for example those towards the end of the
sample, correspond to the policy interventions and the breaks that we
take account of (see below). In the empirical analysis, we allow for all
of this jointly in the statistical model, when we fit a VAR model with
step-indicators, trends and centered seasonal indicators within which
we test for cointegration (non-stationarity).

3. Empirical analysis

In this section we specify and estimate the VAR model for the ap-
pliance sales series in the high and low efficiency classes. In this fra-
mework we can analyze the impact of the changes in the labeling
policy. As argued in the introduction, such a statistical model seems to
be a useful point of departure for describing these two interdependent
auto-correlated time series.

3.1. Specification of VAR model

The VAR(k) model is given by,

x x x x D ,t t t k t k t t1 1 2 2= + + + + + (3.1)

where xt is the 2 1× vector of sales in the high and low EE classes,
respectively, and k is the number of lags included. Dt (d 1× ) is a vector
with d deterministic terms such as a constant, seasonal indicators,
trends etc. and t is an i.i.d error term. In order to analyze the presence
of cointegration, the VAR model is reparameterized in error-correction
form. This is given by,

x x x x x D .t t t t k t k t t1 1 1 2 2 1 1= + + + + + ++ (3.2)

Non-stationarity arises when the, in this case 2 2× parameter ma-
trix, , has reduced rank equal to either 0 or 1.12 If this rank, the co-
integration rank, is 0, is a zero matrix, and if this rank is 1, the re-
striction is parameterized as, = , both 2 1× , where describes the
long-run relation, whereas relates to the reaction of the two variables
to deviations from these relations (i.e. to equilibrium errors). If has
full rank ( 2= ), we may still write = with 2 2× full rank matrices
but then, under regularity conditions, xt is stationary conditional on the
deterministic components (see Johansen, 1996, Chapter 2).

In order to analyze the effect of the change in labeling, we augment
Eq. (3.2) with step-indicator variables (defined in Footnote 5). Speci-
fically, we follow the specification along the lines of Johansen et al.
(2000). This implies, that for a given step-indicator, say Dst , its lagged
value, Dst 1, is included in the cointegration part, x xt t1 1= ,
whereas its differences, Dst , Dst 1, …, Dst k( 1), enter unrestricted.
This particular specification implies that the coefficients of the step
indicator are restricted such that the corresponding shifts in the level of
the sales variables are allowed to cancel in the cointegrating relations(footnote continued)

to high quality market data (www.gfk.com).
10 In particular, in the empirical model the dummies are aggregated (see

Section 3).
11 In particular, EU's Eco Design (see Appendix A).

12 For the technical details about the Cointegrated VAR the reader is referred
to Johansen (1996).
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and at the same time do not cumulate into broken linear trends (see e.g
Juselius, 2006). Whether they cancel or not is assessed by testing a zero
restriction on the respective cointegration coefficient.13

An underlying assumption, that this approach builds on, is that no
other major changes occurred on these particular dates. Given the re-
latively high resolution (i.e. monthly) of these time series, we find this
to be a reasonable assumption. However, an efficiency requirement14 is
implemented within one month of the first announcement date
(2010:6). This could potentially be problematic but on the basis of the
results we find, we infer that the effect is caused by the label an-
nouncement rather than the efficiency requirement (see below). Fur-
thermore, we include a trend in the model to take account of techno-
logical development etc.

To obtain a well-specified VAR model, k 3= was needed.15 We also
included two impulse indicators16 (in the Dt term in Eq. (3.2)) and
three additional step-indicators were added to the model to account for
other impacts which are not of direct interest to the transparency im-
pact, which is the focus of this analysis. The latter three indicators are
placed at 2006:12, 2012:7 and 2013:7 and were included in the same
way as the labeling policy step-indicators. The first can be explained
“technically” by how the data are constructed. The second two both
have to do with the EU's Eco Design regulation (see Appendix A), in
2012:7 minimum requirements for the EE of a subset of cold appliances

Fig. 2. Number of cooling appliances sold in different EE classes.

Fig. 3. Aggregated data in logs.

13 If that hypothesis is accepted then the step-indicator is excluded from the
cointegration relations, and an unrestricted impulse indicator, i.e. D 1t = for
t T0= and D 0t = for t T0, is included instead (see e.g Juselius, 2006).

14 The efficiency requirement was implemented 2010:7 and was part of the
EU's EcoDesign regulation (EUR-lex, 2009). It introduced an upper bound value
for the energy efficiency index for cold appliances being sold (see Appendix A).

15 In practice, a well-specified VAR model means a model that passes the
(most essential) diagnostics test satisfactory (given the accumulated Type I
error probability). Furthermore, it should support relatively stable/constant
parameters, at least for the parameters of interest. The number of lags was
determined by comparing information criteria and testing for possible reduc-
tions using LR test (test results are available upon request), as well as examining
the different statistical specifications.

16 2006:1 and 2014:7. We followed the procedure outlined above and in
Footnote 13 and included impulse indicators.
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were implemented and in 2013:7 appliance functionality requirements
were implemented. Furthermore, to account for the seasonality in the
time series, centered seasonal indicators were included (in Dt). Finally,
it was clear that a linear deterministic trend should be included and this
enters in a way close to how the step-indicators enter. In particular, the
coefficients of this trend are also restricted such that they do not ac-
cumulate, in this case, into quadratic trends, and such that they may not
necessarily cancel in the cointegration relations.

The test statistics from the misspecification tests are given in
Table 3.1. As can be seen from Table 3.1, there is no autocorrelation
which is of main interest, as autocorrelation leads to inconsistent esti-
mators. However, normality is moderately rejected. This is primarily
due to excess kurtosis and not skewness in the marginal distribution of
the residuals corresponding to sales in the high EE class, and should
therefore not be of any major concern (see Juselius, 2006).17 The test
for ARCH confirms that also in this respect the model is well-specified.
Note that, moderately sized ARCH effects are often not of particular
concern in relation to cointegration inference (see Rahbek et al., 2002).
Finally, the assumption of parameter constancy was also assessed based
on recursive tests and found reasonable. We will return to the plots of
the recursive estimates for the identified model in Section 3.3, since
these tests also contain many other interesting insights.

Given a well-specified VAR we tested for cointegration. This is often
a difficult step in the econometric modeling and it is therefore re-
commended to consider several characteristics of the fitted VAR when
determining the cointegration rank, r (see Juselius, 2006). First, we
considered the Johansen Trace test. As there are several breaks in the
model, the asymptotic distributions of the trace test statistic were si-
mulated using the CATS in RATS (Dennis et al., 2006). The test was not
entirely clear-cut and suggested one and perhaps two cointegration
relations. However, an overall impression based on the estimated
moduli of the characteristic roots, the graphs of the cointegrating re-
lations and the significance of the individual coefficients in pointed
towards a cointegrating rank of 2. This is to some extent expected be-
cause we include relatively many breaks in the model, among these,
those corresponding to the policy changes.18

3.2. Results

As shown above, it is possible to fit a well-specified VAR with co-
integration rank equal to 2, supporting that xt is stationary given the
level shifts. The coefficients of are those of main interest.
Nevertheless, they remain unidentified until we have imposed further
restrictions. Here, we adopt a simple approach which is often very
useful in practical applications (see Juselius, 2006). In particular, in the
present simple case we obtain identification by imposing one just-
identifying zero restriction on each cointegrating vector (see Johansen,
1996, Chapter 5). Here, this means that we restrict the coefficient (to
zero) on low EE sales in the first relation which we normalize on high
EE sales. Likewise, we impose a zero on the sales of high EE appliances
in the second relation which we normalize on low EE sales. From a

statistical point of view, the advantage of this approach is that these
two restrictions are “free”, in the sense that they do not constrain the
parameter space. However, when imposing just-identifying restriction
we obtain t-values for the remaining long-run coefficients in the
vectors. The latter can then be used as a basis for reducing the model
further by restricting insignificant coefficients to zero.

Following this route, we impose in total 8 restrictions on the
model.19 The restricted model is tested against the unrestricted model
with a LR test statistic given by (8) 5.47692 = (p-value=0.71), im-
plying that jointly these restrictions are clearly supported by the data.
The estimates of and under this restriction are given in Table 3.2.

Note that since we have removed insignificant variables this also
implied that Announcement 2, which was found to be insignificant in
both long-run relations, has been removed from the relations.20

Since the VAR has cointegrating rank 2 we can interpret the two
cointegrating relations in Table 3.2 as describing the equilibrium in the
two markets; one for cold appliances in high EE classes and one for cold
appliances in low EE classes. The parameter estimates corresponding to
our policy step-indicator variables then have straightforward inter-
pretations as equilibrium or long-run changes of the respective equili-
bria as a result of the change in the EU label.

Note that, by convention is written in an equilibrium-deviation
form in the table, so that a negative sign in the row of corresponds to
a positive long-run coefficient. Hence, xt denotes the equilibrium
deviation/error. Consistent with this equilibrium correcting behavior
we see that the two elements on the diagonal of the matrix are sig-
nificant and negatively signed.

From Table 3.2, we see that interventions promoting the new energy
label, whether this be through announcement or implementation, have
the expected sign. This can be verified by looking at the estimates of
Annou1, Impl1 and Impl2. In the first relation ( 1), which describes the
market for appliances in high EE classes, the (unrestricted) variables
both have a negative sign. This translates into a positive long-run
equilibrium shift in the variable as a result of this particular interven-
tion. Likewise, the estimate of interest21 related to the relation de-
scribing the market for appliances in low EE classes is positive, which
translates into a long-run decrease in the number of appliances sold in
low EE classes. However, because the Eco Design regulation of 2012:7
applied relatively broadly the low EE class is, by construction, small in
quantity after this point and, thus, coefficients related to the second
relation after 2012:7 may not be representative of the cold appliance
market in total but instead represent a specialized group (see Appendix
A).

Note that it was established above, that Annou2 was not significant
in any of the cointegration relations, which is why it does not appear in
Table 3.2. Furthermore, as was also mentioned above, an efficiency
requirement is implemented near the first announcement date. How-
ever, if the efficiency requirement was binding and causing a significant
change around this date we would expect it to be significant (with
positive sign) in the relation describing appliances in low EE classes,
simply because a strict efficiency requirement would decrease the
number of appliances with low energy efficiency by construction. This
not being the case, we infer that the effect we observe (at Annou1) is
caused by the announcement of the new energy label, rather than the
efficiency requirement.

Notice that Table 3.2 presents the long-run effects. Thus, there may
also be short-run and interim substitution effects present of any inter-
vention, but this is not of main interest in this paper. The reason why
we do not see long-run substitution between high and low EE

Table 3.1
Vector tests for misspecification.

Test [distribution] Test statistic [p-value]

Autocorrelation (1. order) [ (4)2 ] 1.024 [0.906]

Normality [ (4)2 ] 16.730 [0.002]

ARCH (1. order) [ (9)2 ] 2.551 [0.980]

17 This is confirmed based on the results from univariate misspecification tests
(obtainable upon request).

18 Note that the trace test cannot reject r = 0 (p-value = 0.26) if we do not
include policy breaks in the model. Thus, the breaks that are included in the
model account for the structural shifts.

19 6 restrictions were imposed on and 2 on .
20 A single test, excluding Annou2 from the cointegration space, is accepted

with p-value = 0.30. As mentioned it then enters as an unrestricted impulse
indicator instead (see Footnote 13).

21 Note that only Impl2 was significant.
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appliances is that the model allows for other breaks than the ones we
are interested in examining and, furthermore, includes trends. In-
tuitively, the development in prices also play an important role in this
respect; suppliers can reduce prices if they observe/expect decreasing
demand for the low EE appliances and, thus, weaken the long-run
substitution effect observed at any particular intervention date.

Because the data are log-transformed, the coefficients of a step in-
dicator variable can be interpreted as the relative change in sales re-
sulting from the intervention, provided that this change is moderate in
magnitude. Hence, when multiplied by 100 the coefficient gives the
percentage changes. However, in the present application, the changes
are rather large, and, as is well known, the logarithmic transformation
therefore implies a very poor approximation to the actual percentage
change.22 We, therefore, use the estimates from Table 3.2 to translate
the estimated logarithmic changes into exact percentage changes.
Hence, we note that the logarithmic increase of 0.44 in the equilibrium
level for high EE appliances, as a result of the intervention Annou1, does
not correspond to an increase of 44% but rather 55.5%. Likewise, the
additional increase when the label is implemented at Impl1 corresponds
to 42% and not 35%. Note that the Impl1 variable has been divided by 2
so that the long-run change in this modified step-indicator is normal-
ized to increase by 1 unit in the long run. This means that the coeffi-
cient can be interpreted in the same way as those of the other policy
changes that are described by a standard step indicator going from 0 to
1 in one period.23

From the relation describing the market for appliances in the low EE
class, there is a long-run decrease in sales by 45%, corresponding to the
decrease in logarithms of 0.60 at Impl2. Furthermore, more of the in-
dicators that are not of direct interest for the analysis are significant for
the low EE relation, the magnitudes of these shifts are presented in
Table 3.3 together with the ones of direct interest. Note that a large
percentage decrease may not necessarily reflect a large decrease in
absolute values if the number of appliances sold in this category is low
already.

Around the beginning of 2007, GfK increased the number of re-
tailers providing data to them. In our model, this is caught as a break in
December 2006 and has a negative sign in both relations which means
that both series encounter positive jumps, as we would expect. In July
2012 an efficiency requirement, which was part of the EU's Eco Design,
was imposed, directly affecting the low EE appliances that were tar-
geted. Our model clearly finds a long run negative shift in the low EE
group at this date. Furthermore, in 2013:7 various functionality re-
quirements directly related to energy efficiency were implemented.
Thus, assuming that the worst performing appliances with regard to
energy efficiency do not have these functionalities, we expect a de-
crease in appliances in low EE classes from 2013:7, which is exactly
what we see from the second relation.

3.3. Recursive estimation: robustness to sample changes

As mentioned, the stability of the estimates has been tested by re-
cursive estimation. Recursive estimation is based on the simple idea of
starting with a baseline sample of minimal length (relative to the
number of parameters). The model is then estimated recursively, by
increasing the sample one observation at a time. The resulting sequence
of estimates (with error bands) and test statistics are then plotted
against the endpoints of the recursive sub-samples. The plots can then
be used to assess whether the recursive estimates change significantly
suggesting a violation of the model assumption of constant parameters.
Moreover, they can be used to assess whether the conclusions about
sign and significance of the estimated coefficients and overall ac-
ceptance of the restrictions (p-value), change markedly in comparison
with the full sample results.

The recursively estimated parameters, which are of main interest,
are presented in Fig. 4.

The recursive graphs of the two parameters in the first relation
(high EE classes) are depicted in panels a and b in Fig. 4. They are both
very stable in terms of magnitude and significance. In the second
relation (low EE classes), the parameter of interest is depicted in panel c
and seems to be a bit more unstable. However, it is important to note
that these variables are indicator variables that are not present (i.e.
equal to 1) throughout the sample period. The reason why estimates
exist before the variable takes the value 1, is that the graphs in Fig. 4
are the recursive estimates with short-run estimates fixed at their full-
sample values in each recursion. We use this version of the recursive
estimation as they have the advantage of filtering out instability related
to short-run dynamics, which is not important here. Thus, this version
provides a cleaner picture of the stability related to the underlying long-
run parameters, which is the focus of this paper. Nevertheless, this
sometimes causes the graphs to look unstable in the middle of the
sample, when the indicator is introduced. With this in mind we note,
however, that for a large part of the sample towards the end both sig-
nificance and signs are in fact very stable.

Finally, we look at the constancy of the test conclusion for the
overall restrictions on the model which has the full sample p-value of
0.71 (see Section 3.2). The restricted model is thus tested against the
unrestricted model recursively to see if the restrictions imposed are
accepted throughout the sample. Fig. 5 shows the likelihood ratio test
statistic and the 5% critical boundary. The restricted model is safely
accepted throughout the sample.

Altogether, the recursive graphs suggest, in addition to parameter
stability, that the conclusions with respect to sign and significance of
the estimates, as well as the test of the overall joint restriction, as drawn
from the full sample, are rather robust towards sample changes. In
other words, these conclusions do not depend on the sample stopping at

Table 3.2
Estimation results for and .

1 2 high low Annou1 Impl1 Impl2 2006:12 2012:07 2013:07 Trend

Log(high) −0.30 0 1 1 0 − 0.44 −0.35 0 −0.83 0 0 0
(t-value) (−4.60) (−5.36) (−4.24) (−10.13)

Log(low) 0 −0.39 2 0 1 0 0 0.60 −0.64 1.49 1.29 0.015
(t-value) (−7.42) (5.01) (−4.68) (9.53) (9.47) (6.13)

Table 3.3
Actual estimated changes for indicators in .

Annou1 Impl1 Impl2 2006:12 2012:07 2013:07

Long-run relation:
high EE

55% 42% 0 129% 0 0

Long-run relation: low
EE

0 0 −45% 89% −77% −73%

22 In particular, using logarithmic changes to describe large percentage
changes will underestimate percentage increases and overestimate percentage
decreases, dramatically.

23 Note that this implies that the two events, which are aggregated in the
Impl1 indicator, are assumed to have an equivalent impact. This hypothesis was
tested and accepted.
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the particular point, March 2017.

4. Conclusion and policy implications

We have examined the effect of the new EU energy label (an-
nounced in 2010) on the market for cold appliances in Denmark. Before
the new label was implemented, the highest EE class was A, while after
the implementation, the highest EE class was A+++. The A+ and A+
+ classes existed before the change but did not have their own ‘bar’ in
the scale of the label and were instead placed at the A class. Hence, this
change in the label represented, to a large extent, an increase in
transparency. We have assessed the effect of this change based on a
simple intervention analysis within the framework of a VAR model for
the sales of high and low EE appliances. The analysis allowed for the
presence of non-stationarities in the form of trends, level shifts and
cointegration. Our approach allows us to identify changes to the long-
run market equilibrium related to specific periods in time. Hence, given
the rather high time resolution (monthly data) we can isolate the effect
of the policy intervention.

The new energy label was first physically implemented in stores and
later for online retailers. In our analysis, we allow for both the an-
nouncement and the implementation to influence the number of ap-
pliances sold in high and low EE classes.

Our results clearly suggest that the sales of high efficiency appli-
ances increase significantly in the long run as a result of the policy. Both
at the announcement and at the physical implementation of the new
label in stores, there is a significant effect. The equilibrium sales of
appliances in low efficiency classes decrease in quantity at the second
implementation date. Altogether, we conclude that the new EU energy
label, which is more transparent, has had the desired effect, in that it
induced substitution from low to high efficiency appliances. At the
fundamental level, these results suggest that policy makers can affect

consumer behavior markedly by providing more information to the
market. We expect the conclusions apply more broadly to other con-
sumer goods.

The methodological approach, i.e. the CVAR-based intervention
analysis, allows us to estimate the magnitudes of these changes in
equilibrium sales. In particular, we find that the change increased sales
of high-efficiency appliances by 55%, at the announcement, and by a
further 42% when implemented. Sales of low-efficiency appliances
were not affected by the announcement, but decreased by 45% as a
result of the labels being implemented online. The present research
adds to current literature by uncovering the full dynamic effect of the
new EU energy efficiency label.

As pointed out in Bertoldi (2017), larger cold appliances tend to
have a higher energy label due to the construction of the energy effi-
ciency index. Thus, a substitution from appliances with low EE label to
high EE label does not necessarily imply a corresponding decrease in
energy consumption. The impact on total energy consumption due to
the new energy label is, therefore, an interesting question to be ad-
dressed in future research. Nevertheless, we expect that our results
generalize to other appliances, since there is no reason why the
‘transparency effect’ should only affect cold appliances.

Whether or not our results, which are based on Danish data, gen-
eralize to other countries is an interesting discussion, due to the fact
that Denmark is known to be a front-runner on environmental issues.24

Therefore, on the one hand, evaluating the energy labeling policy in the
‘easiest’ environment possible may yield results that, to some extent,
overestimate the impact in general. On the other hand, being a front-
runner could also imply that a large part of the Danish society was
already well-informed and engaged in energy efficient solutions before
the policy implementation. If this is true, the impact of the policy might
be smaller than in countries where this was not the case. Furthermore,
if supply-side changes drive the results we would expect results to
generalize, at least to some extent, because large manufacturers supply
cold appliances to many countries. Whatever is the case, it remains an
empirical question whether other EU countries have experienced im-
pacts of similar magnitudes. In the present research we have provided a
framework for answering this question.

As an interesting spin-off, our analysis may also be used to compare
transparency regulation (through the new energy label) and specific
restrictions (through the Eco Design regulation). In particular, one may
infer that transparency regulation works for promoting the high EE
class, however, it is seemingly ineffective in decreasing the number of
appliances sold in the low EE class. The latter may be the result of
producers having lowered their prices sufficiently to counter the lower
demand. The transparency regulation is complemented by the Eco
Design regulation which is effective in decreasing the number of ap-
pliances sold (when restrictions are binding). Thus, our results suggest

Fig. 4. Coefficients of interest estimated recursively.

Fig. 5. Recursively estimated LR test statistics.

24 We thank an anonymous reviewer for pointing this out.
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that transparency regulation is effective in promoting the group that is
favored by increased transparency while the other group is best regu-
lated by direct supply-side regulation.

Examining the market for appliances in high EE classes and low EE
classes, separately, yields another interesting result. Namely that, even
though both ‘markets’ react to the new label with the expected sign, the
timing is different. It is especially interesting to note that the market for
appliances in low EE classes is only affected at a single implementation
date, while the market for appliances in high EE classes is affected at
the time of announcement and implementation. A possible explanation
for this is that producers react to the change already at the announce-
ment date while consumers don't react until implementation. Producers

are interested in meeting the additional demand for appliances in high
EE classes that they expect at the implementation. If this is the case, we
further observe that the implementation date following the announce-
ment date for the new label in stores also has a significant impact in the
long run for appliances in high EE classes. This may indicate that
producers to some extent underestimate the effect of the new EE label.
However, as has been touched upon above, this analysis does not go
into detail with respect to identifying specific market adjustments, but
looks instead at the overall change. Interesting future work could in-
clude prices in a similar model as the one presented in this paper, in
order to identify specific market adjustments.

Appendix A. EU's Eco Design regulation

The EU EcoDesign regulation included both functionality requirements and efficiency requirements, which were implemented on different dates.
This appendix serves the purpose of giving a brief overview of ‘COMMISSION REGULATION (EC) No 643/2009 of 22 July 2009’ (EUR-lex, 2009) and
relate this to the data that we analyze.

Generic requirements:

• 1. July 2010: Information regarding efficient use of the appliance should be included in the instruction booklet.
• 1. July 2013: Various functionality requirements, meant to increase efficiency, are imposed (see EUR-lex, 2009 for details).

Furthermore, specific requirements, imposed on a subset of refrigerating appliances, is included (see Table A.1). The requirements are given in
relation to the energy efficiency index (EEI), which is calculated as: EEI 100AEC

SAEC= × . Where AEC is the Annual Energy Consumption of the
household refrigerating appliance and SAEC is the Standard Annual Energy Consumption of the household refrigerating appliance.

Most refrigerating appliances were subject to the restrictions in Table A.1. However, wine storage appliances and ‘absorbation-type and other-
type refrigerating appliances', which are part of one of the six groups below were excluded;

• Refrigerator with a 1-star compartment.
• Refrigerator with a 2-star compartment.
• Refrigerator with a 3-star compartment.
• Refrigerator-freezer.
• Upright freezer.
• Chest freezer.

Thus, what we define as our ‘low EE appliance class’ does not decrease to exactly zero after 2012:7 even though A > 44 EEI. Therefore, our
empirical model holds, however, interpretation of coefficients related to the low EE class after 2012:7 should be done cautiously as the remaining
market may be a specialized group, not representative of the market for cooling appliances as a whole.

Appendix B. Supplementary material

Supplementary data associated with this article can be found in the online version at doi:10.1016/j.enpol.2019.01.057.
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1 Introduction

With the transition towards low-carbon economies follows an increasing dependence on
electricity. This implies further demands to energy savings, particularly with respect to
electricity use. Throughout the globe, trades and industries are responsible for the largest
part of the overall electricity end-use.1 It is, therefore, of interest to gain insight into how
various factors influence industrial electricity consumption.

In the present research, we focus on the price of electricity and, in particular, on how
this influences the intensity of electricity input in production, defined as the ratio of elec-
tricity consumption relative to output. Instead of total electricity consumption, dividing
by output makes statements about energy savings as well as comparisons across differ-
ent trades and industries and distant time periods more meaningful. For policy makers
considering raising tariffs on industrial electricity consumption, it is of interest to know
whether increasing electricity prices tend to induce industries to save electricity in their
production. On the other hand, policy makers may also be interested in whether reduc-
ing electricity prices by subsidizing or cutting tariffs can motivate industries to substitute
electricity for fossil-based energy carriers (see e.g. Møller 2017). Finally, as future changes
in the price of electricity are expected, for example, due to markets becoming more and
more integrated as interconnectors are established, it is of general interest to know how
this may influence electricity consumption.

In order to better target such policies, it is important to have a thorough understanding
of electricity consumption at a disaggregated level. For each of 99 Danish trades and
industries, the present research therefore contains an econometric analysis of electricity
intensities and prices for the period 1966-2015. To allow for the possibility that industries
can substitute between electricity and other, potentially polluting, energy carriers, we
model the intensity of electricity jointly with the intensity of other energy, an aggregate
of oil, coal, gas, district heating and biomass products. Specifically, we use a partial VAR
model allowing for cointegration and conditional on electricity prices, the prices of the
components of other energy and heating degree days (see Johansen 1992 or Johansen
1996).

Estimating a large number of individual partial VAR models is feasible in practice as
we rely on automatic model selection tools. In particular, for each of the 99 industries
we use the Autometrics algorithm (see e.g. Doornik 2009a). In this way, we can first
find well-specified models, suitable for each given industry, by estimating the unrestricted
partial VAR and letting Autometrics use indicator saturation to choose industry specific
indicators (impulse and level shift) and exclude irrelevant exogenous variables.2 The

1See e.g. IEAs Electricity Information page, iea.org/statistics/electricity/ (accessed October 2019).
2For the theory of indicator saturation, see Hendry et al. (2008) and Johansen and Nielsen (2009).
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models found by the Autometrics algorithm are then analyzed in error correction form,
in order to investigate cointegration properties. For each of the models estimated in error
correction form, simulated trace tests, significance of the columns of the adjustment matrix
and roots of the companion matrix are saved in order to determine the cointegration
rank in the partial VAR. The models are then estimated again with the appropriate rank
imposed along with just-identifying restrictions, as suggested by relevant economic theory
(see Juselius 2006a).

By following this approach, we are able to segregate Danish industries based on how
they react to changes in the electricity price. In particular, whether they use more or less
energy per unit of output when electricity prices change. We find that 37 industries (cov-
ering about 40% of total industrial electricity consumption in 2015) save electricity per
output unit (i.e. decrease their intensity) when its price increases. Of these, 18 industries
also increase savings of other energy (i.e. decrease their intensity), consistent with com-
plementarity. For the remaining 19 industries increasing their savings of electricity, there
are 15 for which there is no effect on the use of other energy per unit of output, while 4
industries seem to compensate a lower intensity of electricity by a higher intensity of other
energy. In other words, for these 4 industries electricity and other energy are substitutes
in the production process, i.e. the production inputs, electricity and other energy, can
to some degree replace one another (Nechyba 2011, pp. 367-377). Note that substitutes
in the production process not necessarily is equivalent with substitutes in general, see
Appendix B.

The approach of analyzing large numbers of time series individually by automatic
model selection has been adopted before in Møller et al. (2019), who analyzed how different
households respond in terms of electricity use to environmental and financial incentives
via SMS messaging. That analysis implied analyzing a (potentially different) time-series
regression for each of 1488 households. However, these regression models were single-
equation models, i.e. auto-regressive-distributed-lag models. In the present analysis, we
extend this to (bivariate) conditional system models (i.e. partial VARs in the intensities
of electricity and other energy, conditional on energy prices and heating degree days).
We are not familiar with any studies examining multiple system/multivariate models
simultaneously in this manner and, thus, to our knowledge this particular application is
novel.

There exists a large literature of studies using cointegration techniques to analyze en-
ergy demand more broadly (see e.g. Suganthi and Samuel (2012) for a comprehensive
survey). However, few studies focus specifically on electricity demand. There are related
studies that use aggregate industrial data with several types of energy, including electric-
ity (see e.g. Nasr et al. (2000), Lee and Chang (2005), Erdogdu (2007), Polemis (2007)
and Yuan et al. (2008)). Analyses, also based on cointegration but using more disaggre-

3



gated industrial data, to a varying degree, can be found in Fouquet et al. (1997), Galindo
(2005), Zachariadis and Pashourtidou (2007) and Bernstein and Madlener (2015). How-
ever, compared to these studies, our data are considerably less aggregated. Moreover, as
these studies do not focus on substitution effects, electricity demand is not modeled in a
system together with demand for other energy.

Specifically with respect to energy intensities, another strand of the literature uses
cross-section or panel data. Among others, Sinton and Levine (1994) and Fisher-Vanden
et al. (2004) examine Chinese industries using panel data. However, their objective differs
from ours in that they seek to explain changes in energy intensity with various background
variables, such as industry type, demographics etc. Furthermore, given that they have a
panel with a limited number of time-series observations, they do not focus on dynamics
and, in particular, long-run relations, which are of interest here. However, both papers
acknowledge that using disaggregated data is important as intensities may be highly
dependent on level of aggregation.

With respect to studies using Danish data on energy consumption, Bentzen and En-
gsted (1993) use a Cointegrated VAR to analyze macro level time-series data with one
energy aggregate. Bjørner and Jensen (2002) use micro-panel data to examine interfuel
substitution between electricity, district heating and fuels (gas, oil and coal). In line
with our results, they find little substitution between electricity and fuels. Finally, Møller
(2017) analyzes a model corresponding to the one proposed here but with data at a much
more aggregated level, i.e. corresponding to eight productive sectors. Thus, the present
paper may also be viewed as an extension of Møller (2017), using more disaggregated data
and proposing a framework for automatically modeling many industries at once.

The remainder of the paper is organized as follows. In Section 2, we briefly present the
data while the statistical model is described in Section 3. In Section 4, the main results
are presented and discussed. Section 5 concludes.

2 Data

The original data set consists of annual energy prices (in 2010-prices), energy consumption
and output from 1966 through 2015 for each of 114 Danish industries. Furthermore,
heating degree days are included as a control (see Møller 2017). The data regarding
prices, use of energy and output for individual industries are collected from Statistics
Denmark, which is the official statistical authority (see dst.dk/en).

The prices are given for 6 different energy types; e, f, s, g, h, b, where e is electricity,
f is oil products, s is coal products, g is gas, h is district heating and b is bio products.
For a full list of the sub categories of the energy types, see Appendix A. In Figure 1, the
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prices are plotted untransformed, in logs and first-differences of logs.
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Figure 1: Prices of energy types

From Figure 1, note that, for the levels of the prices in logs, the assumption of sta-
tionarity does not seem to describe these time series. However, the first-differences of
the logs look stable. This indicates that prices in logs can be described as realizations of
I(1) processes. As prices are exogenous the intensities will inherit this non-stationarity
implied by I(1).

For each industry we have data for energy consumption. Because we are particularly
interested in electricity consumption, energy consumption is split into electricity con-
sumption and consumption of other energy. Furthermore, energy consumption, both for
electricity and other energy, is divided by output for each industry in 2010-prices. Thus,
the variable of interest for each industry is energy intensity, both with respect to elec-
tricity and other energy. Furthermore, because industries’ demand for transport may be
outsourced, we disregard energy used for transport. If energy for transport were included
in other energy, this could yield misleading results as two similar industries may differ
only because one has outsourced transportation needs. This, in turn, means that 6 in-
dustries directly related to transport are irrelevant to model and are, therefore, excluded
(see Section 3).

Figure 2 contains the distributions across all the industries of the mean energy intensity
over the sample.
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Figure 2: Distribution of energy intensities across industries

It clearly appears that mean energy intensities vary widely across industries. This, of
course, is disregarding the time aspect but is nonetheless a good indicator that it is of
interest to examine the industries, separately.

3 Econometric framework

For each of the 114 industries, we estimate a partial Vector Auto-Regressive (VAR) model
based on the sample 1966-2015.3 The endogenous variables in the models are the energy
intensities of electricity and other energy. The conditioning or exogenous variables are the
price of electricity, the prices of the five components of other energy and heating degree
days. In addition, industry-specific indicators (impulse and level shift4) found by indicator
saturation are included as well as a constant and a trend. Thus, the economic theoretical
foundation for our analysis is similar to that in Møller (2017), to which the reader is
referred. However, there are three main differences: First, the exogenous variables now
also include all the energy prices, in addition to heating degree days. Secondly, in the
present study we use Autometrics, implying that the choice of deterministics is fully
automated by the use of indicator saturation. Thirdly, compared to Møller (2017), we
analyze the data at a much more disaggregate level. We impose exogeneity of prices from
the outset, although, in principle, we could test this assumption (as in Møller (2017)).

3For technical details about the partial cointegrated VAR model, see Johansen (1992) or Johansen
(1996).

4An impulse takes a 1 in one period and 0 in the rest (...0,0,1,0...), while a level shift takes ones in all
periods after the indicator period (...0,0,1,1...).
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However, in practice that would require estimation of a model too large to estimate with
the data available. Furthermore, we do not expect industries, at such a disaggregated
level, to influence prices. In other words, an assumption of price-taking seems reasonable
here. This is also in line with the empirical results in Møller (2017) suggesting that in most
cases energy prices can be regarded as exogenous for Danish industries even at a more
aggregated level. In addition, heating degree days is treated as an exogenous variable,
which is also a reasonable assumption.5

A (partial) VAR model is a relevant statistical model to apply because it allows for
the endogenous variables to be dynamically interdependent. That is, the variables are
modeled in a dynamic system, implying that changes in the intensity of electricity may
affect the intensity of other energy over time and vice versa.6

The partial VAR model for the two intensities can be viewed in the context of the
VAR(k) model for the full 9× 1 variable vector containing electricity intensity, intensity
of other energy, 6 energy prices and heating degree days. Denoting the full variable vector
by xt, the VAR(k) can be stated in error-correction form in order to analyze the presence
of cointegration. This is given by,

∆xt = Πxt−1 + Γ1∆xt−1 + Γ2∆xt−2 + ...+ Γk−1∆xt−k+1 + φDt + εt (3.1)

where Dt (d × 1) is a vector with d deterministic terms including trend, constant and
industry-specific indicators and the error terms, εt, are i.i.d. Gaussian.

The cointegration restriction can be parameterized as a reduced rank condition on Π,

Π = αβ′ (3.2)

where α (adjustment matrix) and β (cointegration matrix) are both 9 × r matrices,
where r is the cointegration rank. Here, we are interested in the cointegration coefficients
which are the elements of β. It turns out that β (and αy below) can be estimated efficiently
in a conditional or partial model where the two intensities are conditioned on the remaining
variables (and the past), provided that the latter variables are weakly exogenous for these
parameters (Johansen 1992). In particular, partitioning the xt vector into the endogenous
variables yt (2×1), containing the two intensities, and the exogeneous variables, zt (7×1),
containing the 6 energy prices and heating degree days, we may write the partial model
as,

5Perhaps, some would argue that globally, total industrial activity correlates with heating degree days
through global warming. However, such argument does not apply to the present analysis, which is based
on highly disaggregated data.

6Note that because we model intensities, the system can be modeled with just two endogenous vari-
ables. Had we separated the denominator and the numerator of the energy intensities, the system would
have 3 endogenous variables, as neither input quantities nor output can be considered exogenous.
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∆yt = θ∆zt + αyβ
′xt−1 + Γ̃1∆xt−1 + Γ̃2∆xt−2 + ...+ Γ̃k−1∆xt−k+1 + φ̃Dt + ε̃t, (3.3)

where the new parameters are functions of the original VAR parameters (see e.g. Johansen
(1992)).

We use the Autometrics algorithm to find the relevant subset of regressors, i.e. energy
prices and indicators, for each of the 114 industries. All 6 prices are included in the model
initially. However, because we wish to uncover the relationship between electricity price
fluctuations and energy intensities, all other prices than the electricity price are allowed
to be removed by the Autometrics algorithm. Thus, given the specific hypothesis that we
wish to test, we have a theoretical reason to always keep the electricity price in the model,
as insignificance or borderline significance is also an interesting result. On the other hand,
all other prices are dropped if they do not appear significantly in the model or improve
mis-specification tests. The critical values that determine when to keep and drop variables
are user-defined in the Autometrics algorithm and are chosen to 99.5%, thus significant
variables have a p-value < 0.005. The specific setting of the p-value was chosen such that
well-specified models were found for the largest number of industries without including
too many deterministic terms.7 The Autometrics algorithm uses block searches, which
allows more variables than observations from the outset (Doornik 2009c). This, in turn,
makes it possible to saturate the model with impulse indicators and level shift indicators
(see Hendry et al. (2008), Johansen and Nielsen (2009) and Castle et al. (2015)). In other
words, it is possible to include impulse indicators and level shift indicators for all time
periods and let the algorithm weed out those that are insignificant before it ends at the
final model (Doornik 2009b). In effect, these deterministics are allowed to be industry-
specific. Hence, indicator saturation is particularly useful in the present context, in that
e.g. such level shifts typically reflect extraordinary exogenous influences that often vary
across industries with respect to number, location and duration. In particular, even for
a moderate number of time series, here 99, a manual (i.e. non-automatic) approach to
detect such level shifts (and impulses) is not practically feasible.

There are 114 industries where all data are available. However, one model did not
converge and is, therefore, dropped. In addition, because we do not include energy for
transport, as discussed above, 6 industries directly related to transport are excluded from
the analysis.8

Most models are well-specified with one lag. However, at a p-value of 0.01 we reject no-
7Models have been estimated with p-value settings of the algorithm ranging from 0.001 to 0.05. A

table with a summary of results from different settings of the algorithm is available upon request.
8Passenger rail transport, interurban, Transport by suburban trains, buses and taxi operation, etc.,

Freight transport by road and via pipeline, Water transport, Air transport, Support activities for trans-
portation.
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autocorrelation for 3 models, reject normality for 7 models and reject heteroscedasticity
(ARCH) for 24 models. Overall, this reflects a relatively satisfactory performance of
the algorithm. In the present context focusing on long-run relations, ARCH is not of
concern (Hansen and Rahbek 1998) and in the models that exhibit non-normality, as this
is primarily due to kurtosis rather than skewness, this is also acceptable. However, the 3
models that fail to accept no-autocorrelation are dropped from the analysis.

From economic theory, we expect the conditional (or partial) system to be stationary
because we are essentially estimating two demand relations for energy, one for electricity
and one for other energy, given the respective prices and heating degree days. In the
cointegration setting, this corresponds to r = 2, so that the matrix product, αyβ

′, in
Equation 3.3 has full rank. Note that, in the Π-matrix for the full system (Equation 3.1),
r = 2 means reduced rank, reflecting the I(1) non-stationarity of the series in the sys-
tem. So the intensities are I(1) and they inherit this non-stationarity from the exogenous
variables. Therefore, the partial system of the two intensities conditioned on the exoge-
nous variables will be stationary. In order to evaluate the assumption of r = 2 against
r < 2, we make an overall assessment by looking at the simulated trace test, columns
of the αy-matrix, and the roots of the companion matrix (Juselius 2006b). In line with
economic theory, we find that only 5 models did not provide sufficient evidence in order
to assume r = 2. These industries are also left out of the analysis.9 Furthermore, when
r > 1 we need to impose just-identifying restrictions on each column of β in order to get
t-values for our β estimates. In line with economic theory, we normalize the first relation
on the intensity of electricity by imposing a 1 on the intensity of electricity and a 0 on
the intensity of other energy and we normalize the second relation by doing the opposite.
Note that just-identification does not impose any restrictions on the likelihood function
but is purely a normalization in order to identify parameters.

In summary, our results build on estimates from 99 industries, where all models are
well-specified and there is sufficient evidence of r = 2.

Before stating the main results, we may note that the indicators found vary widely
across industries. This, in itself, is quite interesting and is another argument in favor
of modeling all of the industries individually. The mean number of impulse indicators
kept for an industry is 1.78, while the mean number of level shift indicators kept is 2.46.
Furthermore, because level shift indicators are included in the models as regressors, differ-
ences to the level shift indicators are also included. This means that, if consecutive level
shift indicators are found by the algorithm, the model will have perfect multicollinierity
and cannot be estimated. While this is not an issue in most cases, we have handled

9All of these industries are small, in total they cover approximately 2% of the total industrial electricity
consumption in 2015. It is possible to estimate models for these industries and impose r=1, however, we
have chosen to build our segregation around r=2 because this is the case for most industries. Results for
these industries with r=1 imposed can be obtained upon request.
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this problem by adding the two level shifts in cases with two consecutive indicators and
removing the middle level shift in cases with three consecutive indicators. Of course
in both cases flexibility is lost, however, only marginally and affected models still pass
mis-specification tests.

In Figure 3, histograms are presented with the distributions of impulse and level shift
indicators kept for all of the industries.
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Figure 3: Distribution of dummies found by Autometrics

The variation in the time location of both impulse and level shift indicators across the
different industries is evident from Figure 3. However, despite this pronounced variation,
spikes do occur around ‘known dates’. Thus, there are spikes around the first oil crisis
(1974), the second oil crisis in 1979, the beginning of 1990 where new government reforms
in Denmark helped to ‘kick-start’ the Danish economy after several years with high unem-
ployment, the beginning of 2000 where the it-bubble burst and around the latest financial
crisis (2007). It seems reasonable that not all industries are affected in the exact year of
some historic event, but rather that they are affected around this time, say +/- 2 years.
Our disaggregated and automated approach allows flexibility to capture this in a general
way, driven by data.

4 Results and discussion

Our analysis of 99 trades and industries implies many different results that could poten-
tially be of interest. However, we want to focus on the use of this method as a tool to
segregate industries in a way that may be valuable to policymakers.
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It is important to emphasize that we only identify the change in the different intensities
associated with changes in the electricity price. That is, we do not identify movements in
the denominator and numerator directly, only their ratio. Studying the ratio alone makes
sense, not only from a modeling perspective10 and because it makes comparisons across
industries and across countries meaningful, but also because it makes sense for policy-
makers to optimize policy based on intensities rather than absolute quantities. However,
it is important to keep in mind that a change in the intensity can either be caused by a
change in the absolute energy quantity, a change in output or both.

In a statistical sense, whether or not the energy intensity in a specific industry is
affected by changes in electricity prices depends on the level of significance. Thus, we
are interested in the level of significance of the electricity price variable in the equation
normalized on electricity intensity and intensity of other energy, respectively.

In the light of economic theory, it is natural to expect that an increase in the electricity
price will cause the electricity intensity to decrease (all else equal). Thus, when we test
if the electricity price matters in the equation normalized on the electricity intensity, we
test against a one-sided positive alternative. In contrast, we do not have any hypothesis
about the sign on the electricity price in the equation normalized on the intensity of other
energy. Therefore, in this case, we use a two-sided alternative.

Depending on how the industries react to increases in the electricity price, they can
be categorized into one of the six groups defined in Table 4.1. Note that we examine
how industries react to price increases in electricity. However, our results are based on
a model that assumes symmetry. Therefore, our results also imply that when prices
decrease, industries will react with the opposite sign as that in Table 4.1.

Table 4.1: Categorized groups

O/Y
↓ 0 ↑

E/Y
↓ Group 1 Group 2 Group 3
0 Group 5 Group 6 Group 4

From Table 4.1, it can be seen that industries in Group 1 are industries that react to
an increase in the electricity price by lowering the intensity of both electricity and other
energy. Likewise, Group 2 consists of industries that react to an increase in electricity price
by lowering the electricity intensity while keeping intensity of other energy unchanged,
and so on for Groups 3, 4, 5 and 6.

In Table 4.2, we see how many industries are placed in the different groups using differ-
ent critical values to determine significance. Note that, at more strict critical values, the

10See Section 3.
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number of industries in Group 6 increases while in Group 1 it decreases. This is, of course,
because members of Group 6 are defined as industries that do not react significantly to
changes in electricity price, while Group 1 is the opposite.

Table 4.2: Number of industries in different groups (share of industries’ 2015 electricity
consumption)

P value Group 1 Group 2 Group 3 Group 4 Group 5 Group 6
0.01 9 (6.9%) 9 (5.3%) 2 (2.4%) 6 (1.6%) 10 (5.9%) 63 (68.2%)
0.05 15 (9.4%) 13 (21.7%) 3 (2.7%) 7 (3.3%) 9 (5.6%) 52 (47.7%)
0.10 18 (9.7%) 15 (25.5%) 4 (3.2%) 9 (4.2%) 8 (5.5%) 45 (42.2%)
0.15 19 (10.1%) 20 (34.1%) 4 (3.2%) 10 (4.2%) 9 (13.9%) 37 (24.7%)
0.20 20 (10.8%) 20 (33.8%) 5 (5.7%) 10 (4.2%) 9 (15.6%) 35 (20.2%)

From Table 4.2, it can be verified that changes in the electricity price affect the en-
ergy intensities differently for the different industries. This, of course, is expected but
nevertheless underlines the complexity of the problem and, again, the value of modeling
industries individually at a detailed level.

Furthermore, as we are modeling energy intensities, changes in these that result from
price changes, can either be due to an ‘input-effect’ through the absolute amount of energy
(numerator) used, or due to an ‘output-effect’ via changes in output (denominator). In
this sense, the output-effect includes both the general income effect (changes in purchasing
power) and changes in demand due to preferences for the particular good produced being
correlated with electricity prices. In practice, the latter is only relevant for a few very
specific industries. It is also reasonable to assume that the income effect is small as
the budget share of electricity is relatively low for the average household in Denmark.
However, it will cause a decrease in the demand for output when the electricity price
rises. Thus, the income effect will, all else equal, cause the intensities to increase. In this
research, we identify industries that decrease electricity intensity and, therefore, a possible
income effect will result in underestimation of our results. Thus, if there is an income
effect, the results that we find would be even more convincing if this was controlled for.

Below we discuss the implications of the industries being in one group or another. We
will leave out Group 6 as these industries are not of direct interest in the study as they
do not react to electricity price changes significantly with regard to intensities in either
electricity or other energy. A possibility is that these are industries where electricity is not
a large input in the production and, therefore, production is not optimized with respect
to the electricity price. Furthermore, because we are primarily interested in changes in
electricity intensity while controlling for substitution towards other energy, Group 4 and
5 are not of interest. In addition, Group 4 and 5 may be regarded as special cases,
perhaps where the output-effect has an impact on our results. In any case, we note that
the industries in these groups only account for a small proportion of total electricity
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consumption.

4.1 Group 1

Industries in Group 1 are industries that lower their intensity in both electricity and
other energy when the electricity price rises. Intuitively, these may be industries for
which electricity and other energy are complements in the production process11 and that
lower their electricity input either by investing in new technology or optimizing production
with respect to electricity input.

From a savings perspective, this is attractive as industries save energy both in terms
of electricity and other energy when the electricity price rises. Furthermore, industries
in this group do not substitute electricity with other, potentially polluting, alternatives
when the electricity price rises.

Table 4.3: Trades and industries in Group 1a,b

Industry Share of electricity
consumption (2015)

Forestry 0.07%
Mining support service activities 0.03%
Manufacture of dairy products 2.28%
Manufacture of grain mill and bakery products 1.07%
Manufacture of wood and wood products 0.97%
Water collection, purification and supply 1.18%
Mortgage credit institutes, etc. 0.15%
Buying and selling of real estate 0.16%
Renting of non-residential buildings 0.58%
Legal activities 0.14%
Architectural and engineering activities 0.72%
Employment activities 0.13%
Services to buildings, cleaning and landscape activities 0.16%
Medical and dental practice activities 0.57%
Gambling and betting activities 0.02%
Sports activities (market) 0.41%
Sports activities (non-market) 0.25%
Amusement and recreation activities 0.17%
Sum 9.74%
a Industries that react with same sign in intensities of both electricity and other

energy when the electricity price changes.
b This table is based on a p-value = 0.10, see Table 4.2.

11We identify when the energy inputs are complements or substitutes in the production process. This
is not necessarily equivalent with the traditional definition of complements and substitutes, because we
scale with output. It is however the appropriate measure to use in this case, see Appendix B.
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4.2 Group 2

For the industries in Group 2, changes in electricity price are only associated with changes
in intensity of electricity.

Again, from a policy perspective there is a potential to decrease electricity intensity,
without substitution towards other, potentially polluting, energy alternatives. This result
can either be due to the industries being more focused on optimizing their electricity input
when prices are higher or because the industries in this group have been able to adapt to
higher prices by investing in new capital that is more efficient with respect to electricity
use. Furthermore, in contrast to Group 1, the inputs of electricity and other energy are
independent of one another in the production process. This makes it possible for these
industries to target efficiency measures directly at electricity consumption.

Table 4.4: Trades and industries in Group 2a,b

Industry Share of electricity
consumption (2015)

Manufacture of tobacco products 0.04%
Manufacture of basic chemicals 2.54%
Manufacture of basic metals 2.03%
Manufacture of fabricated metal products 2.42%
Manufacture of other machinery 1.04%
Manufacture of ships and other transport equipment 0.12%
Sale of motor vehicles 0.95%
Wholesale 5.77%
Retail sale 7.75%
Radio and television broadcasting 0.23%
Other technical business services 0.16%
Hospital activities 1.78%
Theatres, concerts, and arts activities 0.46%
Libraries, museums and other cultural activities (market) 0.04%
Other personal service activities 0.11%
Sum 25.46%
a Industries that react only in the intensity of electricity when the electricity price

changes.
b This table is based on a p-value = 0.10, see Table 4.2.

4.3 Group 3

Industries in Group 3 react to an increase in the electricity price by lowering the intensity
of electricity and increasing the intensity of other energy. Thus, when the electricity price
rises, one output unit in these industries is produced with smaller share of electricity
and a larger share of other energy. As the components of other energy in general are
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associated with pollution and CO2 emissions, Group 3 implies a fundamental trade-off
between saving electricity and reducing emissions. However, Group 3 is relatively small.

Table 4.5: Trades and industries in Group 3a,b

Industry Share of electricity
consumption (2015)

Manufacture of computers and communication equipment etc. 0.22%
Repair and maintenance of motor vehicles etc. 0.58%
Restaurants 2.79%
Activities of membership organizations 0.29%
Sum 3.25%
a Industries that react with opposite sign in intensities of both electricity and other

energy when the electricity price changes.
b This table is based on a p-value = 0.10, see Table 4.2.

As can be seen in Table 4.5, very few industries belong to this group, indicating that
substitution towards other energy sources when the electricity price rises is rare. This
result is line with Bjørner and Jensen (2002).

5 Conclusion

In this analysis, we segment Danish industries with respect to how they react in intensities
of both electricity and other energy when the electricity price changes.

We identify a group of industries for which electricity and other energy are comple-
ments in the production process and that react to changes in the electricity price with
opposite sign in both intensities. That is, when the electricity price increases, for example
due to higher tariffs, this group of industries save energy with respect to both electricity
and other energy. Another group of industries is identified where electricity and other
energy are not (significantly) dependent on one another. This group reacts to changes in
electricity price with changes only in the electricity intensity with the opposite sign. That
is, when electricity prices rise, this group saves electricity per unit of output. Finally, we
identify a group of industries where electricity and other energy are substitutes in the
production process. That is, when the electricity price rises, they save electricity per unit
of output but use more other energy per unit of output.

The last group mentioned, where substitution occurs, is very small. Thus, our results
indicate that, in general, Danish industries do not substitute between electricity and
other energy when the electricity price changes, this is consistent with previous findings
for Danish data (Bjørner and Jensen 2002). The reason for this may be that it is too
costly or because technologies that utilize electricity in production cannot be substituted
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for similar technologies using other energy types.

Furthermore, industries that do not react in the intensities of either electricity or other
energy when the electricity price changes are also identified. These industries are not of
direct interest in this paper, however, indirectly they are valuable to identify. The fact
that they do not react to price changes in electricity may also be useful information when
implementing policies altering the electricity price.

The results from the present analysis are of potential interest to policy makers in
several respects. Obviously, it is valuable to understand which industries react in the
desired way to policy instruments, either in the form of tariffs or subsidies on electricity
consumption. This is relevant when considering national policy instruments but it also
reveals information that could help to target instruments for specific industries in an opti-
mized way. Furthermore, the segmentation presented here is also valuable when electricity
prices fluctuate, not necessarily in relation to policy instruments, as it pin-points which
industries may be relevant to monitor and, perhaps, aid to ensure that energy is used as
efficiently as possible.

In summary, we have formulated a partial cointegrated VAR model and estimated it
for all industries using automatic methods. Using the results from the estimated models,
we have segmented the industries in a way that may be useful for policymakers. When
modeling all the industries separately, it has also become clear that industries’ reaction to
price changes are very different. This, in itself, is valuable information and suggests that
utilizing modern approaches to automatize model selection allows modeling at a more
detailed level that may prove useful for many areas of research both within and outside
of energy economics.
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A Energy price aggregates

f s g e h b
Crude oil Coal Natural gas Electricity District heat Firewood
Refinery feedstocks Brown coal briquettes Gas works gas Wood waste
Refinery gas Coke Straw
LPG Waste, non renewable
LVN Biogas
Motor gasoline, colored Waste, renewable
Kerosene Wood chips
Gasoil Wood pellets
Fuel oil Bio oil
Waste oil
Petroleum coke
Orimulsion
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B Complements/substitutes

The purpose of this appendix is to outline the difference between two inputs being com-
plements/substitutes in the general case (in the sense of absolute quantities moving in
opposite or same direction, respectively) and in the production process. In this research
we identify and are interested in the latter, however, based on this, some implications
may be drawn about complements/substitutes in the general case as well.

The definition of complements and substitutes, in the general case, are changes in
the absolute quantities of the good in question caused by changes in the price of the
comparable good, ∂Y

∂P X .

Thus, if ∂Y
∂P X < 0 X and Y are complements, while when ∂Y

∂P X > 0 X and Y are
substitues.

In our model, we identify the change in intensity of other energy caused by a change
in the price of electricity. Denote this by βO then,

βO =
∂O

Y

∂PE
=

∂O
∂P EY −O ∂Y

∂P E

Y 2

Case: βO < 0

In this case where we observe that electricity and other energy are complements in the
production process, i.e. βO < 0, we have that,

∂O
∂P EY −O ∂Y

∂P E

Y 2 < 0

⇒ ∂O

∂PE
Y −O ∂Y

∂PE
< 0

If we further assume that ∂Y
∂P E ≤ 0, which is a reasonable assumption. Then it is easy

to see that when βO < 0 we must also have that ∂O
∂P E < 0 and, thus, complements in the

production process is equivalent with complements in general.

Case: βO = 0

In the case where we do not observe dependence between the inputs in the production
process, i.e. neither complements or substitutes, we have that,
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∂O

∂PE
Y −O ∂Y

∂PE
= 0

⇒ ∂O

∂PE
Y = O

∂Y

∂PE

⇒ ∂O

∂PE
= O

Y

∂Y

∂PE

By again assuming that ∂Y
∂P E ≤ 0, and noting that O

Y
> 0 by construction, we have that

∂O
∂P E ≤ 0. Thus, in the case where we observe independence in the production process,
the inputs may either be independent or complements in general.

Case: βO > 0

Finally, the case where we observe that electricity and other energy are substitutes in the
production process, is a little more complex then above. By letting βE denote the change
in electricity intensity, in this case βE < 0 ≤ βO, thus,

∂E
∂P EY − E ∂Y

∂P E

Y 2 <
∂O

∂P EY −O ∂Y
∂P E

Y 2

⇒ ∂E

∂PE
Y − E ∂Y

∂PE
<

∂O

∂PE
Y −O ∂Y

∂PE

⇒ ∂E

∂PE
+ O − E

Y

∂Y

∂PE
<

∂O

∂PE

If we again assume that ∂Y
∂P E ≤ 0 and ∂E

∂P E ≤ 0, which is reasonable, then we have
that when O−E

Y
> 0 (i.e. when O > E) then ∂O

∂P E > 0 and in this case the goods are
also substitutes in the general sense. However, when O < E the goods may either be
complements or substitutes in the general sense.

Intuitively, this is of course because when we look at whether goods are complements
or substitutes in the production process we normalize by output. Thus, there may be cases
where an electricity price increase causes a shift away from electricity towards other energy
in the production process, thus inputs are substitutes in the production process. However,
because output at the same time decreases at such a large degree the absolute quantity of
other energy decreases and, thus, in the general sense the inputs are complements. In this
research we are interested in whether or not the inputs are complements or substitutes in
the production process.
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Abstract
We examine decoupling between income and emissions for Denmark,
Norway and Sweden. For each country, we adopt a Cointegrated VAR
framework, which allows us to quantify and compare decoupling in
these countries, and to classify decoupling into long-run decoupling and
short/medium-run decoupling. Long-run decoupling can be divided into
‘constant decoupling’, i.e. decoupling occurring gradually throughout
the sample, and ‘abrupt decoupling’, which is decoupling that can be
traced back to a specific year. The former can be described in terms
of trends and the latter in terms of level-shift indicators. Short- to
medium-run decoupling relates to the stochastic movements around
the trends, and if sufficiently persistent, they are approximated with
co-integration. We find that, while income and emissions follow dif-
ferent linear deterministic trends and hence, grow apart in all coun-
tries, they cointegrate 1:1 around these trends for all three countries.
Hence, we have long-run constant decoupling but not decoupling in the
short/medium run. Moreover, there is evidence of abrupt decoupling
around the dates of the second oil crisis (1979) and the crisis in 2006-
2008. In conclusion, the link between economic activity and emissions
has not been broken completely in these countries. There have, how-
ever, been developments in how efficiently income is generated at given
emissions.
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1 Introduction

In recent years, there has been growing concern about climate change caused by emissions
from the burning of fossil fuels. As a consequence, there is an increasing focus on limiting
emissions to slow down climate change. Nevertheless, there is a continued ambition to have
economic growth. Therefore, it is argued that in order to achieve both goals, emissions
and economic growth need to be ‘decoupled’. In this paper, we propose a new approach to
examine and quantify the level of decoupling actually occurring. Specifically, we do this
by examining decoupling between income and emissions for the Scandinavian countries;
Denmark, Norway and Sweden, for the period 1965-2018. In particular, we examine these
three Scandinavian countries, as they are developed countries and in some cases considered
front-runners of the transitioning to clean energy, thus, we expect to see some degree of
decoupling between income and emissions in all countries. Furthermore, in many respects
they are similar economies and, therefore, are more easily comparable.

The bulk of the economic literature focusing on the evolution of income and emissions
evolves around identifying the environmental Kuznets curve (EKC). The theory of the
EKC, proposes that there is an inverse u-shaped relationship between income and emis-
sions. Thus, emissions increase when income is low until they reach a threshold from
which emissions start to decrease relative to income. There are numerous explanations
for the EKC (see e.g. Copeland and Taylor (2004)) and identifying the possible threshold
at which emissions start to decrease relative to income is an interesting and popular re-
search question (among others see Grossman and Krueger (1995), Barbier (1997), Carson
(2010)). In its nature, however, this question calls for non-standard empirical methods,
since a long-run non-linear relationship needs to be identified. Furthermore, the under-
lying variables are typically non-stationary time series integrated of first order (Fallahi
(2018)). Given the non-stationarity of the underlying time series, cointegration methods
are appropriate. However, in the standard case, the cointegrating (long-run) relations
consist of linear combinations of the underlying variables. Therefore, standard methods
have not been considered appropriate to identify the possible EKC.

In order to capture the non-linearity of the proposed EKC, the majority of the liter-
ature applying cointegration methods can be split into analyses identifying endogenous
breaks and analyses including polynomial transformations of the income variable. Re-
cently, it was pointed out in Wagner (2015) that much of the literature including polyno-
mial transformations of income may be misleading as it includes polynomial terms in an
inappropriate linear setting (among others see Galeotti et al. (2006), Jalil and Mahmud
(2009), Esteve and Tamarit (2012)). Wagner (2015) found that, when using methods
appropriately, a cointegrating relation between income and emissions is found for fewer
countries. Nevertheless, for 4 out of the 19 countries analyzed, a cointegrating relation is
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found, describing the inverted u-shape of the hypothesized EKC. In Liddle and Messinis
(2018) endogenous breaks (regime shifts) are allowed in the linear cointegration setting
to identify a possible EKC. The authors also thoroughly review the additional literature
on the subject. Liddle and Messinis (2018) use linear cointegration methods but allow
for 3 point-breaks i.e. a maximum of 4 regimes over the period 1870-2007. Twenty one
countries are analyzed individually and evidence of an EKC for 4 countries is found. In
this approach, the long-run relationship is reestimated in each regime. Thus, if there is a
positive relation between income and emissions in early regimes and a negative relation
in later regimes, there is evidence of the EKC. The method is flexible and appropriate
but within each regime it is still constrained by linearity.

In contrast to both Wagner (2015) and Liddle and Messinis (2018), as well as much of
the other literature using time-series data to investigate the EKC, we analyze a shorter
sample. By focusing on a shorter sample we do not seek to identify the entire (possible)
EKC. Instead, our focus is on quantifying (both with respect to magnitude and timing)
any possible decoupling between income and emissions. In this respect, it is important
to specify that the EKC is a specific form of decoupling between income and emissions.
Thus, examining and quantifying decoupling is broader than examining the presence of
the EKC which has been the focus of much of the literature on the subject. Furthermore,
existing studies of both the EKC and decoupling in general, have been carried out with
respect to different emission sources. In this paper we focus on CO2 emissions.

Our sample is chosen to describe the development of the income/emissions relationship
in the period since the popular ‘limits-to-growth’ book was published (Meadows et al.
(1972)). Thus, we are interested in examining if there has been success in decoupling
emissions from income since the late 1960s. By limiting our sample we argue that even
if the EKC exists and, thus, the relationship between income and emissions is non-linear,
in a short sample the curvature of the EKC will be approximately linear. For this reason,
we stay in the linear cointegration framework. This assumption is addressed in Section
4.1, where parameter stability of our estimates are examined recursively.

As is pointed out in Liddle and Messinis (2018), there has been limited effort devoted
to analyzing the income/emissions relationships for specific countries, individually. Thus,
the majority of the literature that looks at multiple countries has proposed a general model
and fitted this to the data from each country. Liddle and Messinis (2018) represent an
exception to this rule, as they allow for a different number of regimes for different countries.
In the present analysis, we analyze all three countries individually in a structured way
by utilizing recent developments in automatic model selection. This allows for flexibility
for each country. Specifically, we use the Autometrics algorithm (Doornik (2009)), as this
allows for dummy saturation in the multivariate case, see Section 3.

Although we retain the linear cointegration framework and estimate models with con-
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stant parameters, we allow for flexibility by including deterministic terms (i.e. trends and
dummies). The purpose of this research is to analyze and quantify decoupling of emis-
sions and income for the three Scandinavian countries. For this reason, we focus on the
cointegrating relation as hypotheses about decoupling may be answered in that frame-
work. Different definitions of decoupling may be found in the literature. Specifically, it
is common to differentiate between relative and absolute decoupling (see e.g. Mikayilov
et al. (2018)). Where relative decoupling occurs when both income and emissions grow
but income grows at a faster rate, while absolute decoupling occurs when emissions fall
and income rises. In this research we add more detail to this understanding of decoupling.
Specifically, the model framework allows us to differentiate between constant and abrupt
decoupling as well as long-run and medium/short-run decoupling, as will be discussed in
the following.

In the next section the data analyzed are briefly presented, while Section 3 presents
the statistical framework. In Section 4 results are presented and discussed. Section 5
concludes.

2 Data

The data consist of GDP/capita in fixed 2010-prices and energy related CO2 emis-
sions/capita for Denmark, Sweden and Norway from 1965-2018. Data regarding GDP
and population are from the World Bank1, while emissions data are from BP’s statistical
review of world energy (British Petroleum (2019)). All variables are log-transformed. The
data are presented in Figure 1.

From Figure 1, it can be seen that the variables do not appear stationary. However,
as is verified by Figure 2, data in first-differences do look stationary. Thus, we conclude
that the data are integrated of order one, denoted by I(1), and hence, that a cointegration
analysis, as outlined below, is appropriate.

1https://data.worldbank.org/
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Figure 1: Log-transformed data
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Figure 2: Log-transformed data in first differences

3 Econometric framework

In contrast to the majority of the literature, that apply cointegration techniques to explore
decoupling of income and emissions, we use a simple model with constant parameters. As
discussed above, many authors have been interested in examining the hypothesis proposed
by the environmental Kuznets curve, i.e. that there is a non-linear relationship between
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income and emissions, which implies that parameters in the linear model are not constant
over time. However, we remain in a model framework with constant linear parameters
because we focus on a limited sample where we do not expect significant non-linearity be-
tween income and emissions. Furthermore, we examine the model assumption of constant
parameters by estimating our models recursively and do not find any alarming signs of
parameter instability.

For each of the three countries analyzed, we examine a system with two endogenous
variables; GDP/capita and CO2/capita. As mentioned in Section 2, for all three coun-
tries both of these variables can be statistically modeled as integrated of order one (I(1)).
Therefore, we estimate a Vector Autoregressive (VAR) model where we allow for cointe-
gration.

In order to find well-specified models that take into account country-specific outliers
and extreme events, we use the Autometrics algorithm (Doornik (2009)) which saturates
the model fully with impulse and level shift dummies. This is possible because the algo-
rithm uses block searches and, thus, is able to include more variables than observations.
In addition, we allow the algorithm to include additional lags, however, conditional on
the country specific deterministics, well-specified models are found for all countries with
only one lag. Finally, for every model, a trend which is restricted to the long-run relation
is included as well as an unrestricted constant. The unrestricted VAR(1) model is given
by:

xt = Π1xt−1 + φDt + εt, (3.1)

In order to evaluate the presence of cointegration, we reformulate the VAR model into
error correction form (see Juselius (2006)). Thus, the model that we estimate for each
country is given by Equation 3.2, where Π ≡ −(I − Π1):

∆xt = Πxt−1 + φDt + εt. (3.2)

If the Π matrix, of dimension p × p, in Equation 3.2 has reduced rank, there exist
linear combinations of the variables in xt that are stationary and Π can be decomposed
into two matrices, which are commonly referred to as α and β, both of dimension p × r
where r is the cointegration rank. Thus, if this is the case, Equation 3.2 may be written
as:

∆xt = αβ′xt−1 + φDt + εt. (3.3)

In Equation 3.3, β describes the linear combination of variables that form a stationary
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relationship, which may be interpreted as a long-run equilibrium, while α is the adjustment
of the endogenous variables to this equilibrium. Dt includes deterministic terms while εt
is an i.i.d. normal error term. Because we, in this research, are explicitly interested in
the deterministic components in order to evaluate decoupling it is important to specify
that the deterministic variables may either be restricted to the cointegrating relation or
unrestricted. In the cointegrated model deterministic components that are unrestricted
cumulate. This may be verified by considering the moving average (MA) representation
of the VAR model (see e.g. Juselius (2006) or Appendix B below). However, because it is
not always desirable that variables cumulate, they may be restricted to the cointegrating
relation. In particular, we allow for impulse dummies and constants to be unrestricted,
while level shift dummies and a trend are restricted to the cointegrating relation. Thus, Dt

may be augmented to only include unrestricted deterministic variables, D̃t, by extracting
the level shift dummies, Dls,t, and the trend, t:

∆xt = αβ′xt−1 + αγ′Dls,t + αϕ′t+ ΦD̃t + εt. (3.4)

Likewise, we may augment xt and β such that restricted variables (and corresponding
parameters) are included:

∆xt = αβ̃′x̃t−1 + ΦD̃t + εt. (3.5)

In Equation 3.5, x̃′t−1 = (xt−1, Dls,t−1, t) and β̃′ = (β′, γ′, ϕ′). Because we are particu-
larly interested in the deterministic components, in the above model, we will be explicit
about which ones are included in the cointegrating relation. However, as this is standard
in the cointegration literature, in the following β will in fact refer to the augmented β̃,
where the restricted deterministic components are included.

With respect to decoupling, we first test if income and emissions are ‘perfectly coupled’.
That is, that they have the same stochastic movements around the same long-run trend
and, thus, that they are linked in both the short and the longer term. Next, we distinguish
between different types of decoupling. This may all be evaluated by examining the long-
run relation, β. We allow for a trend which is restricted to the long-run relation. In other
words, we allow for (linear deterministic) trends in both variables and for the possibility
that these do not necessarily cancel in the linear (cointegrating) combinations of the
variables. That is, the conclusions that we infer about decoupling depend both on the
trend and the additional parameters of β. As shall be made clear in the following, we
find that Π has reduced rank for all three countries and, specifically, that there is a single
cointegrating relation in each case. Therefore, β, in all three cases, is a vector describing a
long-run relationship between income and emissions conditional on country specific level
shift dummies (permanent interventions) and a trend. Because we are interested in how
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emissions react to changes in income, we normalize β on emissions.

4 Results and discussion

The impulse and level shift dummies found by the Autometrics algorithm for each country
are presented in Table 4.1. In addition, it was evident from the recursive trace test for
Norway that there was some parameter instability around 2006. Because the Autometrics
algorithm does not consider parameter stability, we manually include a broken linear trend
in 2006 for Norway to capture this.2

Table 4.1: Country-specific deterministic variables included

Impulse Level shift Broken trend
Denmark 1996, 2009 2008
Norway 1979 2006
Sweden 2009 1977, 1979

From Table 4.1, it is interesting to note that the second oil crisis in the late 1970s is
found to have had a significant impact on the long-run relationship between income and
emissions both in Sweden and Norway. While the financial crisis has only had a long-run
effect in Denmark. As will be clear in the following, the broken linear trend included in
2006 for Norway, which could also be due to the financial crisis, is not significant in the
long-run relation. That is, the broken trend cancels in the long-run relation because it
affects income and emissions proportionally. With the country specific dummies included,
the misspecification tests for each country are given in Table 4.2.

Table 4.2: Misspecification tests (Test statistic [p-value])

Denmark Norway Sweden
Autocorrelation (1. order) 2.142 [0.710] 7.003 [0.136] 8.234 [0.083]
Autocorrelation (2. order) 7.467 [0.113] 0.430 [0.980] 3.285 [0.511]
Normality 7.954 [0.093] 3.707 [0.447] 3.229 [0.520]
ARCH (1. order) 14.927 [0.093] 1.392 [0.998] 2.278 [0.986]
ARCH (2. order) 23.794 [0.162] 11.410 [0.872] 29.084 [0.047]

As can be seen in Table 4.2, models for all countries pass the misspecification tests and,
thus, all models are said to be well-specified, conditional on parameter stability which is
assessed in Section 4.1.

In order to determine the rank of the Π matrix to see if the variables in each of
the bivariate VAR models cointegrate, we look at the simulated trace tests (estimated

2The instability is not within the long-run relation, β, which is of interest here. Thus, the additional
parameters in β do not change when the broken trend in 2006 is included.
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recursively as well as for the full sample), roots of the companion matrix, significance of
the columns in α and the unrestricted long-run relations. The results of the simulated
trace tests are presented in Table 4.3.3

Table 4.3: P-values of the simulated trace test (w. Bartlett small sample correction)

r Denmark Norway Sweden
0 0.008 0.042 0.005
1 0.095 0.882 0.567

From Table 4.3, it is clear that r=0 is rejected for all countries at a 95% significance
level, while r=1 cannot be rejected. Therefore, and while also considering the other rank
indicators as mentioned above, an overall consideration suggest r=1.4 In other words,
there is a stationary relation between income and emissions, conditional on deterministic
terms (breaks and linear trends). Based on this initial result, we may argue that the two
variables of interest, namely income and emissions, are coupled in some sense. However,
because we allow for a trend in the relation, conclusions with respect to decoupling must
take this into account. Specifically, we may have four scenarios, which are outlined below.

As stated in Section 3, the long-run relation, β, is normalized on emissions for all
countries. Each relation includes a cointegration parameter that describes the (persis-
tent) stochastic dependence between income and emissions, a deterministic trend and the
country specific level shift dummies. In order to quantify decoupling between income and
emissions that has occurred throughout the sample, we examine both the cointegration
parameter and the deterministic trend in the relation. If level shift dummies are signif-
icant in the long-run relation this may be interpreted as ‘abrupt decoupling’, depending
on the sign of the shift, i.e. long-run decoupling that is traced back to a specific year.
Focusing on the cointegration parameter and the deterministic trend in the relation, there
are four scenarios which are outlined in Table 4.4. The scenarios depend on whether or
not income and emissions cointegrate 1:1 and whether or not the deterministic trend is
significant in the relation.

Table 4.4: Scenarios

βT rend = 0 βT rend 6= 0
βGDP/cap = −1 Case A Case B
βGDP/cap 6= −1 Case C Case D

In Case A, income and emissions are perfectly coupled (disregarding abrupt decou-
pling, as defined above). Thus, they cointegrate 1:1 around the same deterministic trend

3We use the simulated trace test to get correct test statistics when exogenous breaks are included
(Cavaliere et al. (2010)).

4For Denmark it is also possible to argue for r=2. Results when imposing r=2, as opposed to r=1, do
not change conclusions, see Appendix C.

9



which, therefore, cancels in the long-run relation.

In Case B, income and emissions cointegrate 1:1 around different deterministic trends.
Thus, the trends do not cancel in the long-run relation. The trend included in the long-
run relation, therefore, captures the rate at which income and emissions grow apart, i.e.
the degree of decoupling in the long-run.

Case C and, especially, Case D are more difficult to interpret because the implications
for decoupling depend on the specific parameter values. In Appendix B, a thorough
derivation and explanation about when we may infer results about the deterministic
trends of the variables in the different cases is presented. However, this has been left
out of the main text because all three countries can be explained by Case B, as shall be
seen below.

For all three countries, we first test if they can be described by Case A. Thus, we
restrict the cointegration parameter to -1 and the trend to 0. This is clearly rejected for
all countries, which would be expected based on the graphs of the raw data in Section
2 where income and emissions do not appear to follow the same trend. Note that, it
still seems reasonable to test for this and not only rely on the graphs, since we also have
level shifts in addition to trends which may blur the picture. Moving on to Case B, we
keep the same restriction on the cointegration parameter but allow for the trend in the
relation to be different from 0. The restriction on the cointegration parameter is clearly
accepted for all countries (see Table 4.5). In addition, estimation results from the model
without restricting coefficients are included in Appendix A, where it can be verified that
the cointegration parameters are close to -1. Finally, we test Case C by restricting only
the trend coefficient to zero. We note that Case C cannot be rejected for Denmark and is
not strongly rejected for Norway. Nevertheless, according to the test statistics, it is clear
that Case B restricts the likelihood function less and thus is a better fit to our data. If
all restrictions imposed in Table 4.5 were rejected, we would be in Case D, this, however,
is clearly not the case.

Table 4.5: P-values of restriction tests

Case A Case B Case C Case D
Denmark 0.000 0.966 0.361 -
Sweden 0.000 0.924 0.006 -
Norway 0.0002 0.706 0.096 -

From Table 4.5, it is clear that Case B is accepted for all countries and that the restric-
tion on the cointegration parameter only restricts the likelihood function marginally. We,
therefore, conclude that all countries may be described by Case B. This is an interesting
result because it indicates that income and emissions follow the same stochastic trends.
In other words, income and emissions follow each other, conditional on the underlying
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deterministic trend and dummies. We interpret this as indicating that in the short to
medium term, income and emissions are coupled, but as the underlying deterministic
trends are different, there is decoupling in the longer term.

In Table 4.6, the estimated β and α are presented for each country.

Table 4.6: Estimation results for α and β

Denmark α1,1 α2,1 βCO2/cap βGDP/cap βLs2008 βT rend

Estimate -0.463 -0.021 1 -1 0.229 0.0244
(t-val) (-5.3) (-0.9) (3.6) (15.5)

Norway α1,1 α2,1 βCO2/cap βGDP/cap βLs1979 βBt2006 βT rend

Estimate -0.427 -0.019 1 -1 0.235 -0.0013 0.0160
(t-val) (-6.8) (-0.6) (5.3) (-0.2) (8.9)

Sweden α1,1 α2,1 βCO2/cap βGDP/cap βLs1977 βLs1979 βT rend

Estimate -0.430 0.034 1 -1 -0.484 0.410 0.0367
(t-val ) (-5.8) (1.5) (-4.5) (3.7) (24.9)

The first thing to note from Table 4.6 is that the trend estimates are significant for
all countries, which means that income and emissions are growing apart. Furthermore,
the sign of the trend coefficient is positive for Denmark, Norway and Sweden. Because
we have normalized β on emissions and β describes a stationary relation, this means that
growth in income is larger than growth in emissions, conditional on the country specific
deterministic variables. Thus, based on this alone, we have found decoupling between
income and emissions in the long-run for all countries because income is growing more
than emissions.

Focusing on the country specific deterministic variables in β, we see that there is a
positive and significant level shift dummy in 2008 for Denmark and in 1979 for Norway.
Again, because β describes a stationary relation, we may interpret this as abrupt decou-
pling around these years, where the gap between income and emissions grows. This may
either be due to growth in income or a disproportionally large fall in emissions. The latter
is perhaps the case for both Norway in 1979 which coincides with the second oil crisis
and Denmark in 2008 where the financial crisis had an impact. For Sweden, there are
two significant level shift dummies around the second oil crisis. They are included with
opposite sign and similar magnitudes, in fact the absolute magnitude is not significantly
different from one another. Thus, we may interpret this as a relative increase in emissions
that lasted only a few years. Finally, the broken linear trend in 2006 for Norway, that
was included manually due to instability in the recursively estimated trace test and not
by the Autometrics algorithm, is insignificant in the long-run relation, β.

Because the data is log-transformed, the estimated parameters in β may be interpreted
as approximate percentage changes. Thus, the trend coefficients are interpreted as the
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per year percentage increase in the gap between income and emissions. In other words,
what may be referred to as ‘constant decoupling’ in our model estimates is 2.44% for
Denmark, 1.60% for Norway and 3.67% for Sweden. Likewise, the break in the data
for Norway around the second oil crisis resulted in the long-run gap between income
and emissions being 23.5% larger. While the break in the data for Denmark around the
financial crisis resulted in a 22.9% larger gap in the long-run. These effects may seem
rather large, however, it is important to remember that they are long-run effects, which
are not necessarily equivalent to a jump in the specific year as the models are dynamic.

The α-vector describes how the endogenous variables adjust to β′xt−1. The first co-
efficient in the 2× 1 α-vector is significant with a negative sign for all countries. This is
expected and means that emissions error-correct themselves. Thus, when the bi-variate
system is out of equilibrium, emissions will adjust back to equilibrium. That is, if there
is an exogenous shift in income such that the system is out of equilibrium this will be
corrected by the emissions variable, which of course changes due to the underlying energy
demand and/or composition. Furthermore, the second coefficient in α is insignificant for
all countries, although borderline for Sweden. This means that income does not adjust
when the system is out of equilibrium and, thus, that income can be considered exoge-
nous. This is in line with what we would expect, i.e. that emissions adjust to income and
not the other way around. If we impose a zero restriction to the second α coefficient, in
addition to the restriction imposed in Table 4.6, this is accepted for all countries.5

4.1 Assessing the assumption of constant parameters

As noted above, the theory of the EKC states that there is a non-linear relationship
between income and emissions. Our model is based on an assumption that parameters are
constant and describe a linear relationship between the variables, which is not consistent
with the presence of the EKC. However, as argued above, because we examine a limited
sample it seems reasonable to approximate the relationship linearly even if the EKC is
present. In order to asses this approximation we estimate our models recursively. The
idea is that if the curvature or non-linearity of the EKC is relevant for the present sample,
this will manifest itself as non-constant recursive estimates. Hence, for each of the models
found and estimated above, we keep the same model specifications but reduce the sample
to a shorter ‘baseline sample’ and re-estimate the models. We then add one observation
to our baseline sample and estimate our models again. This is done recursively until the
sample equals the full sample. If the estimated parameters do not fluctuate too much
or, in particular, drift in a particular direction, our parameter estimates are robust with
respect to sample changes and we say that parameters are stable.

5The p-values of the test for Denmark, Norway and Sweden are 0.72, 0.79 and 0.37, respectively.
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After having normalized on emissions and imposed 1:1 cointegration between income
and emissions there are two free parameters in β for Denmark and three for Sweden and
Norway. The β parameters for Denmark estimated recursively are presented in Figure 3.
Note that estimating a parameter recursively that is not defined until late in the sample,
i.e. dummies that are introduced late in the sample, will not produce a lot of information
since it will be based on very few observations when we reduce the initial sample. When
a parameter is based on very few observations, instability is expected when the sample
changes.
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Figure 3: Denmark: Recursively estimated β

From Figure 3, the trend parameter is of interest. When the baseline sample is short,
there is some instability. However, the estimate is not drifting in a certain direction but,
rather, fluctuating around a stable level.
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Figure 4: Norway: Recursively estimated β

The recursively estimated β parameters for Norway are presented in Figure 4. All
parameters of β for Norway are stable when altering the sample.
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Figure 5: Sweden: Recursively estimated β

From Figure 5, which describes the recursively estimated β estimates for Sweden, the
level shift dummies included around the second oil crisis seem to be constant when the
sample size changes. It might, however, be possible to argue that the trend coefficient
increases slightly as we extend the sample with more recent observations. Specifically, the
trend coefficient estimated based only on observations before the beginning of 1980 is sig-
nificantly different from the full sample estimate, which may be verified by looking at the
confidence bands in Figure 5c. However, the estimate does not change significantly if our
baseline sample was changed to around 1983, although there may still be an insignificant
upward trend.

Overall, there is no sign that the long-run parameters are not constant for Denmark
and Norway. Thus, given that the theory of the EKC holds, the change in income relative
to emissions happens so slowly that we may approximate it linearly, for this particular
sample. For Sweden, however, there may be a marginal increase in the trend coefficient
over time. Although this is only marginal, it indicates that the gap between income and
emissions may not be growing linearly but rather in a slightly convex manner which is in
line with the EKC theory.

5 Conclusion

In general, we add to the discussion of decoupling by presenting a model framework
where it is possible to differentiate between long-run and medium/short-run decoupling,
as well as constant and abrupt decoupling. In this framework decoupling for the three
Scandinavian countries, Denmark, Norway and Sweden is analyzed for the period 1965-
2018.

Our results show that all three countries are decoupling emissions from income in the
long-run. That is, in the long-run, the gap between emissions and income is growing with
income growing faster than emissions. Hence, in relation to the theory of the EKC, all
countries seem to have passed the threshold where emissions decrease relative to income,
which we would also expect for three developed countries. However, in the medium-run,
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emissions follow income in all three countries. Specifically, income and emissions fol-
low different underlying deterministic trends, but share a stochastic trend (coming from
income) which approximates the persistent stochastic movements around the determin-
istic trends. Our results indicate that there is a fixed relationship between income and
emissions in the short to medium run. Thus, the results indicate that neither Denmark,
Norway or Sweden have been successful in decoupling, if by decoupling we mean gener-
ating income without emissions. An interpretation of this result is, that for all countries,
Denmark, Norway and Sweden, there have been increases in how efficiently income is
generated relative to emissions and, thus, that economic activity on average has lead to
lower emissions than in earlier years. However, the link between income and emissions
has not been broken. This is an interesting result that will, hopefully, add to a more
detailed discussion of decoupling.

Our results suggest that the gap between income and emissions is growing annually
by 2.44% for Denmark, 1.60% for Norway and 3.67% for Sweden. Furthermore, the gap
increased at certain dates for both Denmark and Norway. In the case of Denmark, this
happened around the latest financial crises (2006-2008) which caused the long-run gap
to increase by 22.9% and, for Norway, around the second oil crisis increasing the gap
by 23.5%. This suggests several things; first off, if we expect yearly growth rates in
income around 2% this means that emissions for both Denmark and Norway would be
approximately stagnating, if it were not for the major events that have caused emissions
to decrease more than income. For Sweden, the increase in the gap is not linked to
specific events, but has happened more gradually. Furthermore, the model for Sweden
shows marginal signs of non-linearity in the trend coefficient. Thus, the trend coefficient
increases slightly when we add more recent observations. Hence, to the extent that we
can extrapolate this tendency, currently Sweden seems to improve in terms of long-run
constant decoupling.
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A Estimation results for r=1 without restrictions im-
posed on parameters6

Table A.1: Estimation results for α and β

Denmark α1,1 α2,1 βCO2/cap βGDP/cap βLs2008 βT rend

Estimate -0.466 -0.0199 1 -1.05 0.22 0.0254
(t-val) (-5.3) (-0.8) (-1.4) (1.6) (1.8)

Norway α1,1 α2,1 βCO2/cap βGDP/cap βLs1979 βBt2006 βT rend

Estimate -0.426 -0.0181 1 -0.998 0.237 0 0.0158
(t-val) (-6.8) (-0.6) (-5.3) (4.7) (3.2)

Sweden α1,1 α2,1 βCO2/cap βGDP/cap βLs1977 βLs1979 βT rend

Estimate -0.429 0.0327 1 -0.958 -0.486 0.413 0.0359
(t-val) (-5.9) (1.5) (-2.5) (-4.4) (3.8) (5.2)

6The broken trend in 2006 for Norway has been restricted to zero, such that the unrestricted magnitude
of the cointegration parameter across countries is more easily comparable. The restriction on Norway is
accepted with a p-value of 0.66.
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B MA representation wrt. different cases7

We consider a VAR(1) process for xt = (x1,t, x2,t)′ with cointegration rank =1 and integra-
tion order 1. The deterministic terms are an unrestricted constant and a trend restricted
so there are no deterministic quadratic trends, but only linear trends in the levels which
are allowed to remain in the cointegration relations. We abstract from level shift indicators
here but they are straightforward to include. The ECM form of the process is

∆xt = αβ′xt−1 + µ1 + µ2t+ εt

where α and β are both 2 × 1 and µ2 = αϕ, ϕ ∈ R, εt ∼ i.i.N2(0,Ω), Ω 2 × 2 positive
definite.

We will now consider the corresponding moving average (MA) representation (Granger’s
representation theorem), which allows us to analyze the trends in the variables.

The MA is,

xt = C
∑n

i=1(εi + µ1 + µ2i) + C(L)(εt + µ1 + µ2t) + Z0 (B.1)

where C = β⊥(α′⊥β⊥)−1α′⊥ and β⊥ and α⊥ (both 2× 1) are the orthogonal complements,
C(L) ≡ ∑∞

i=1 CiL
i, where Ci = α(β′α)−1(1 + β′α)iβ′, L is the lag/backshift operator and

Z0 is a term depending on the initial value, x0.

Expanding (B.1),

xt = C
∑n

i=1 εi + (Cµ1 + 1
2Cµ2 + C(1)µ2)t

︸ ︷︷ ︸
#1

+ 1
2Cµ2
︸ ︷︷ ︸

t2

#2

+ (B.2)

C(1)µ1 −
∑∞

i=1 iCiµ2 + C(L)εt + Z0.

Now focus on the two terms #1 and #2 as these describe the deterministic trends in
the levels of the variables x1,t and x2,t. The restriction µ2 = αϕ can be inserted in the two
terms and implies that Cµ2 = 0 as the C matrix ends with α′⊥. Hence, we have,

#1 = (Cµ1 + C(1)αϕ)t, (B.3)

#2 = 0. (B.4)

Note how the restriction thus removes the quadratic trend (#2).
7For the technical details underlying this appendix the reader is referred to Johansen and Hansen

(1998) and Johansen (1996).
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Now, consider the term #1. We have that, C(1) ≡ ∑∞
i=1 Ci = ∑∞

i=1 α(β′α)−1(1 +
β′α)iβ′ = α(β′α)−1 ∑∞

i=1(1 + β′α)iβ′. Now provided that the spectral radius of (1 + β′α)
is less than 1, which we assume, we have that, ∑∞

i=1(1 + β′α)i = −(β′α)−1. This implies
that, C(1) = −α(β′α)−1(β′α)−1β′ which can be inserted into #1, implying #1 = (Cµ1 −

α(β′α)−1ϕ)t. This may be simplified a little further by defining the term M ≡ α′⊥β⊥ and
noting that this is (1× 1) and that α′⊥β⊥ = β′α. This implies that the C matrix can be
written as C = M−1β⊥α′⊥ and hence that

#1 = M−1(β⊥α′⊥µ1 − αϕ)t. (B.5)

We can introduce the notation β =(1, β21)′ and α = (α11, α21)′. Likewise we may write

µ1 = (µ11, µ21)′. This implies that we can write the trend term as,

#1 = 1
M





 −β21

1


 a−


 α11

α21


ϕ


 t, (B.6)

where a ≡ α11µ21 − α21µ11 and M = α21β21 + α11 6= 0.

From (B.6) we see that there are two parameters β21 and ϕ about which we can test
hypotheses based directly on the cointegration vector augmented with the deterministic
trend, t.

We may distinguish between four cases:

Case A: β21 = −1 and ϕ = 0: In this case the variables x1,t and x2,t grow by the
same rate, a

M
= α11

α11−α21
µ21− α21

α11−α21
µ11, i.e. a weighted average of the unrestricted slopes

(with weights summing to 1). This hypothesis thus implies a joint parameter restriction
on the augmented cointegration vector. Note that the restriction β21 = −1 implies that
the variables cointegrate 1:1.

Case B: β21 = −1 and ϕ 6= 0: In this case the variables x1,t and x2,t do not grow by the
same rate and the difference in growth rates is determined by ϕ. Thus, the difference in
growth rates is observed directly from the estimated trend of the cointegrating relation.

Case C: β21 6= −1 and ϕ = 0: In this case x1,t grows by −β21
a
M

and x2,t grows by
a
M

(the weighted average of the unrestricted slopes, see Case A). Hence, in this case if
x2,t grows by say 1% and x1,t and x2,t cointegrate with β21 = −2 then x1,t grows twice as
fast, i.e. by 2% consistent with the cointegration relation x1,t − β21x2,t having no trend
(ϕ = 0).

Case D: The general case. No restrictions on β21 and ϕ. Equation (B.6) shows that
in general x1,t and x2,t grow by different rates. There are however special parameter
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combinations that imply that the variables x1,t and x2,t grow by the same rate. These
restrictions involve parameters from both the augmented cointegration vector and the
unrestricted slopes µ11 and µ21 and are thus not considered.
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C The stationary model for Denmark

For Denmark it is possible to argue for either r=1 or r=2. However, imposing r=2 instead
of r=1, as is done to obtain the results in Table 4.6, does not change the conclusions, as
shall be made clear in this Appendix.

Imposing r=2 implies that there are two different combinations of the variables that
are stationary. When r=2, as opposed to r=1, parameters are not identified before just-
identifying restrictions are imposed. In a model with two endogenous variables and r=2,
i.e. full rank, we say that the model is stationary. Thus, we may normalize on each of
the endogenous variables, such that both variables are made stationary conditional on
deterministic terms. In this case, just-identifying restrictions are imposed by restricting
emissions to 1 and income to 0 in the first relation and emissions to 0 and income to 1
in the second relation. By doing this our model is identified and parameter estimates
include t-values, without imposing any restrictions on the likelihood function. Results for
this case are presented in Table C.1.

Table C.1: Denmark: Estimation results for α and β when imposing r=2

α1 α2 CO2/cap GDP/cap Ls2008 Trend

∆CO2/cap -0.423 0.163 β′1 1 0 0.409 0.00562
(t-value) (-4.2) (0.4) (5.4) (2.9)
∆GDP/cap 0.0275 -0.344 β′2 0 1 0.18 -0.0188
(t-value) (1.1) (-3.6) (7.2) (-30.2)

By comparing Table 4.6 in the text and Table C.1, it is is straight forward to see that
the differences between the estimates in the relations, i.e. Ls2008 and Trend in β1 and
β2, in Table C.1 are equal (or approximately so) to the estimates presented for Denmark
in Table 4.6. Thus, our results are robust to imposing r=2 instead of r=1.

Furthermore, because we are able to represent the system as a stationary VAR we
may draw further insight. Specifically, it is possible to verify that the financial crisis
decreased both emissions and income but decreased emissions more, such that income
relative to emissions increased which was the result from Table 4.6. Similarly, the constant
decoupling estimated by the trend coefficient in Table 4.6 is decomposed here, into a trend
in income and a trend in emissions. From this decomposition we see that emissions have
decreased with just over 0.5% per year, while income has increased with just under 2%
per year which seems reasonable.
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D Recursive test of restrictions

From Figure 6, it is clear that the -1 restriction on the cointegration parameter is accepted
for all the recursively estimated models. This, however, is disregarding the test for Norway
when the model is based on very few observation and is, therefore, not of concern.

Denmark: Test of restrictions 

1975 1980 1985 1990 1995 2000 2005 2010 2015 2020

0.5

1.0
Denmark: Test of restrictions 

Norway: Test of restrictions 

1975 1980 1985 1990 1995 2000 2005 2010 2015 2020

0.5

1.0
Norway: Test of restrictions 

Sweden: Test of restrictions 

1975 1980 1985 1990 1995 2000 2005 2010 2015 2020

0.5

1.0
Sweden: Test of restrictions 

Figure 6: Recursive test of restrictions in Case B
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D Country Codes

Table D.1: Country names and country codes

Country code: Country
ARE: United Arab Emirates ESP: Spain MYS: Malaysia
ARG: Argentina FIN: Finland NLD: Netherlands
AUS: Australia FRA: France NOR: Norway
AUT: Austria GBR: United Kingdom NZL: New Zealand
BEL: Belgium GRC: Greece OMN: Oman
BGD: Bangladesh IDN: Indonesia PAK: Pakistan
BRA: Brazil IND: India PER: Peru
CAN: Canada IRL: Ireland PHL: Philippines
CHE: Switzerland IRQ: Iraq PRT: Portugal
CHL: Chile ISL: Iceland SAU: Saudi Arabia
CHN: China ISR: Israel SGP: Singapore
COL: Colombia ITA: Italy SWE: Sweden
CYP: Cyprus JPN: Japan THA: Thailand
DEU: Germany LKA: Sri Lanka TUR: Turkey
DNK: Denmark LUX: Luxembourg USA: United States
DZA: Algeria MAR: Morocco ZAF: South Africa
ECU: Ecuador MEX: Mexico
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E Graphs of relations and trace tests for different
countries
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