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Introduction

• Over the last four decades, the European Union and its Member 
States have introduced policies aimed at improving energy 
efficiency. 

• For policy makers at the European and national level, as well as 
for other stakeholders, it is important to know how effective are 
energy efficiency policies and measures and how much energy 
has been saved as result of the adopted policies

• There are EU energy and climate targets: GHG (CO2)  and energy 
saving targets for 2030 



EE 2030 Targets



EU Targets – Some Considerations

• The “energy efficiency” target is in fact a maximum energy 
consumption target, which is influences by several factors: energy 
efficiency policies, energy prices, population, weather, GDP, 
technology innovation.

• The same is also valid for the GHG target, set as the maximum 
amount of GHG emissions in year 2030.

• The targets do no need the assessment of the policies 
contribution to reaching the target, however in design of future 
targets (e.g. 2040) it is important to assess the policy(ies) 
contribution.

• The EED Art 8 targets is based on policy induced savings.



Methods to Calculate Energy Savings

• The 2006 Energy Service Directive, introduced for the first time target 
for EU Member States for energy savings resulting from energy policies.

• It required that energy savings be determined using a 'harmonised 
calculation' model. The envisaged harmonised model was a 
combination of Top-Down (TD) calculation methods that use 
aggregated national statistics and Bottom-Up (BU) methods that 
assess measure-specific savings.

• TD and BU methods provide two complementary approaches to 
assess energy savings. 





Top-Down Methods

• TD methods use an aggregate measure of energy consumption, 
normalised by an exogenous variable that adjusts for scale across 
cross-section observations (e.g. kWh/m2), usually derived from 
national statistical data. 

• To calculate the energy savings, the aggregate measure is multiplied by 
the activity level (e.g. total floor area in m2) in different years. 

• TD methods include all the policies covering the sector/equipment, the 
autonomous effects (e.g. technologies improvements not induced by 
specific policies) and structural effects (e.g. changes in activity) 

• Therefore, TD methods capture all savings and corrections to calculate 
only the policy-induced savings are thus difficult.



Bottom-up Methods

• The BU assesses the energy savings in each individual project 
covered by the policy and then sums the individual savings. 

• BU methods do not adequately capture behavioural changes, 
which may increase or decrease the calculated energy savings 
and the rebound effect.

• In addition, BU methods needs the definition of baselines, which 
can be subject to different assumption (current policies, market 
average, etc,).



Decomposition Analysis

• The separation of energy efficiency impacts from structural and activity 
changes of the economy as well as other factors has been examined 
extensively in the literature through the application of decomposition 
analysis techniques.

• Index decomposition analysis, and in particular Logarithmic Mean Divisia
Index (LMDI-I) has been used to decompose changes in final energy 
consumption.

• In its simplest form, the energy consumption change is decomposed in 
activity, structure and intensity effects.

• Many of these studies commonly relate energy efficiency with energy 
intensity, although more recent attempts have been made focusing on the 
use of physical indicators (as alternative to monetary indicators) to measure 
output.



EU Residential Energy consumption 2011 - 2021



Econometric Models

• Researchers have used of 
econometric models as a 
complementary tool to the BU, TD 
methods and decomposition analysis 
to overcome their limitations.

• The objective of econometric models 
is to identify the energy savings 
induced by policies or programmes 
as compared to other factors such as 
economic growth, structural changes, 
populations, production levels, energy 
prices, etc..
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Econometric Models: Panel Models

•Panel models are effective for assessing energy efficiency programs 
because they combine cross-sectional data (across multiple entities 
like countries or companies) and time-series data (over multiple 
periods) to control for unobserved, time-invariant factors, allowing for 
more robust estimations of policy impacts on outcomes like energy 
consumption or emissions.

• This approach helps overcome the limitations of traditional "bottom-
up" or "top-down" methods by providing a more explicit measure of 
policy intensity over time and across different entities, enabling 
researchers to isolate the program's causal effect more accurately and 
understand its varying impact in different contexts



Econometric Models: Panel Models

• By measuring changes in energy use and incorporating policy 
intensity or other variables, these models can demonstrate how 
programs affect energy savings, reduce carbon emissions, and 
improve overall energy intensity, thereby providing more robust 
evidence of program effectiveness than single-time or single-
entity studies.

• Panel models assess the causality of energy efficiency policies 
allowing for the identification of a policy's impact by disentangling 
it from other confounding factors that influence energy 
consumption and economic growth.



Econometric Models: Panel Models

• Handling Heterogeneity: Panel models allow for the inclusion of country-
specific fixed effects, controlling for unique characteristics that might 
influence energy efficiency, such as economic development or climate.

• Capturing Policy Dynamics: Dynamic models incorporate lagged dependent 
variables, helping to capture the gradual and lagged impacts of policies on 
energy consumption.

• Addressing Endogeneity: Estimators like the Arellano-Bond GMM estimator 
can handle endogeneity issues, where policy intensity and energy efficiency 
might be simultaneously determined.

• Estimating Policy Intensity: Researchers can create explicit measures of 
Policy Intensity (like the MURE database or ) and use them as explanatory 
variables within a panel model to quantify policy effects.

https://www.google.com/search?sca_esv=1be9f2246bcf563b&rlz=1C1GCEA_enJP1130JP1130&cs=0&sxsrf=AE3TifP1e1SzO82m639CLt_Rs5tb8CupPA%3A1758861864070&q=Arellano-Bond+GMM&sa=X&ved=2ahUKEwi8qeCEz_WPAxXkzQIHHcNBEOgQxccNegQIHRAB&mstk=AUtExfDAvqAUeJ-8VE5QFQuZz1rpbbcPx9XDgjRVLbfE3HuehUTiyFoEkSQoQwNFUy0uLpXSNWJsVs769h3vkM6Enho6lk4ZaPGgnHto0_JgIBjnvzvMqlTN0zWAOGBg4H7FHI8pdIrRBPEtmtSVNqmy5CElcHQGNxoeFs8-jlEUGK2v237mY3nq4D2ZDTmltDzYVrzts9-XiFktp-C5SImBR99ueuCOV8OQ7mEMoUVXiorPf8maZ1mN-x2-M57Jy2i_G-XOfBEevtcE22PhATQfdSBtEQWeuaSzGtBWb79d9JgJmxWmTq80tLUaluF0mPM2-gC84acZJhni48VlLSi6qpHCa1QjJqJztitK7rZQ-TMc&csui=3
https://www.google.com/search?sca_esv=1be9f2246bcf563b&rlz=1C1GCEA_enJP1130JP1130&cs=0&sxsrf=AE3TifP1e1SzO82m639CLt_Rs5tb8CupPA%3A1758861864070&q=Arellano-Bond+GMM&sa=X&ved=2ahUKEwi8qeCEz_WPAxXkzQIHHcNBEOgQxccNegQIHRAB&mstk=AUtExfDAvqAUeJ-8VE5QFQuZz1rpbbcPx9XDgjRVLbfE3HuehUTiyFoEkSQoQwNFUy0uLpXSNWJsVs769h3vkM6Enho6lk4ZaPGgnHto0_JgIBjnvzvMqlTN0zWAOGBg4H7FHI8pdIrRBPEtmtSVNqmy5CElcHQGNxoeFs8-jlEUGK2v237mY3nq4D2ZDTmltDzYVrzts9-XiFktp-C5SImBR99ueuCOV8OQ7mEMoUVXiorPf8maZ1mN-x2-M57Jy2i_G-XOfBEevtcE22PhATQfdSBtEQWeuaSzGtBWb79d9JgJmxWmTq80tLUaluF0mPM2-gC84acZJhni48VlLSi6qpHCa1QjJqJztitK7rZQ-TMc&csui=3
https://www.google.com/search?sca_esv=1be9f2246bcf563b&rlz=1C1GCEA_enJP1130JP1130&cs=0&sxsrf=AE3TifP1e1SzO82m639CLt_Rs5tb8CupPA%3A1758861864070&q=Arellano-Bond+GMM&sa=X&ved=2ahUKEwi8qeCEz_WPAxXkzQIHHcNBEOgQxccNegQIHRAB&mstk=AUtExfDAvqAUeJ-8VE5QFQuZz1rpbbcPx9XDgjRVLbfE3HuehUTiyFoEkSQoQwNFUy0uLpXSNWJsVs769h3vkM6Enho6lk4ZaPGgnHto0_JgIBjnvzvMqlTN0zWAOGBg4H7FHI8pdIrRBPEtmtSVNqmy5CElcHQGNxoeFs8-jlEUGK2v237mY3nq4D2ZDTmltDzYVrzts9-XiFktp-C5SImBR99ueuCOV8OQ7mEMoUVXiorPf8maZ1mN-x2-M57Jy2i_G-XOfBEevtcE22PhATQfdSBtEQWeuaSzGtBWb79d9JgJmxWmTq80tLUaluF0mPM2-gC84acZJhni48VlLSi6qpHCa1QjJqJztitK7rZQ-TMc&csui=3


Econometric Models with Energy Policy or 
Energy Intensity Indicator
• Some researchers have introduced an explicit measure of energy 

policy as an independent variable in their models through dummies.
• Ó Broin et al. (2015) proposed a methodology to construct time series 

indexes, which increase as more policies are introduced and decrease 
as policies become obsolete. 

• Laes et al. (2018) reviewed the effectiveness of individual policies or 
policy packages for CO2 emission reduction and/or energy savings by 
using a panel econometric model.  

• Aydin and Brounen (2109) have assessed the impact of specific 
policies on electricity and non-electricity energy consumption by 
focusing on two types of regulatory measures: mandatory energy 
efficiency labels for household appliances and building standards



• Non-policy factors collectively referred to as situational factors: α (cross section FE), R (time 
series FE, or time trend), and X’ (econ, socio, demo, physical, weather, etc.).

• Z is an energy efficiency progress variable incorporating both autonomous changes and 
changes due to governmental initiatives (collectively referred to as energy efficiency policy), 
Depending on whether the model is for the household or manufacturing sector the target 
variable Z is either ODEXH or ODEXM.

'

it i t it it itY =α +γR +βX + Z +ε



Similar to the previous model in this 
econometric models for energy demand an 
indicator of energy policy intensity is 
introduced as explanatory variable, along 
with the classical control variable, based on 
the MURE database. The policy indicator 
simply cumulates the national measures 
over time. 



• This approach is like a negative image of the counterfactual simulation 
approach: there, the model is estimated without the policy variable using the 
pre-policy period, and then the energy policy is set to zero in the simulated 
period, leaving the other variables at their historical level. 

• Here we estimate the model using the entire period, and then we simulate 
the entire period as if the other variables are fixed, allowing only the policy 
variable to change. 



Regression Discontinuity
• A (RDD) is a quasi-experimental method used to estimate the causal effects of an 

intervention by comparing outcomes for units just above and below a specific, 
predetermined cutoff point (i.e. the rules determining the eligibility into treatment) on 
a continuous assignment variable. Regression Discontinuity Design 

• This design leverages a threshold (like a minimum score on a test or a specific age) to 
mimic a randomized experiment, allowing researchers to determine whether a 
program or treatment causes a change in an outcome by comparing the similar 
groups of individuals who just barely qualify for the intervention with those who 
narrowly miss it

• For example, by exploiting the spatial discontinuity in the implementation of the 
program, the regression discontinuity (RD) approach enables to select units into 
treated areas (exposed to a policy) and control areas (not exposed to a policy).



Regression Discontinuity - Example

• Lang C. and M. Siler (2013), Engineering estimates versus impact evaluation 
of energy efficiency projects: Regression discontinuity evidence from a case 
study, Energy Policy, Volume 61, Pages 360-370

• This paper, for a number of energy efficiency projects, directly compares ex-
ante engineering estimates of energy savings to ex-post econometric 
estimates that use 15-minute interval, building-level energy consumption 
data. In contrast to most prior literature, the econometric results confirm the 
engineering estimates.



Difference-in-differences

Difference-in-differences (DID) is a quasi-experimental method 
used in economics and social sciences to estimate the causal 
effect of an intervention by comparing the changes in an outcome 
variable over time between a treatment group that received the 
intervention and a control group that did not.

The DID method explores the time dimension of the data to define 
the counterfactual. It requires having data for both treated and 
control groups, before and after the treatment takes place.



Difference-in-differences - Examples

• Studies that have investigated the impact of energy policy measures using a 
DID approach include that of Horowitz (2007), who used a DID approach to 
study the impacts of the demand side management programs on electricity 
demand and electricity intensity using aggregate data for the US states from 
the 1970s to 2003, which confirmed that the energy-efficient programs 
dramatically reduced state electricity intensity. 

• Datta and Filippini (2016) also used a DID approach to investigate the 
impacts of ENERGY STAR rebate policies in the US using aggregate data from 
2001 to 2006, and concluded that the rebate policies increased the uptake of 
energy-efficient appliances. 

• Alberini and Bareit (2017), who used DID to analyze the effect of the 
introduction of a bonusmalus system on the adoption of energy-efficient cars 
in some Swiss cantons using aggregate panel data



Difference-in-differences and Regression 
Discontinuity  
Difference-in-differences and Regression Discontinuity can be 
combined:
“We thus combine the RD approach with the difference-in-difference 
methodology to causally identify the effect of the program. We begin 
comparing solar installations in all cities in Sonoma and its neighboring 
counties; then we select cities close to Sonoma’s border with 
neighboring countries using narrow distance ranges, from 15 to 40 km to 
fully exploit the geographic discontinuity of the program, allowing us to 
better control for confounding factors.”
Ameli N, Pisu M, Kammen DM (2017) Can the US keep the PACE? A 
natural experiment in accelerating the growth of solar electricity. Appl 
Energy 191:163–169



Conclusions

• Assessing the impact of policies on energy savings at EU or national 
level is needed to assess the polices effectiveness in order to re-design 
them or introduce new policies. In addition, contribution of policies to 
targets must be assessed, e.g. alternative measures

• BU and TD methods are used and could be a good start but have 
limitations.

• RCTs are difficult to be used the macro level.
• Various econometric models have been used to evaluate energy 

efficiency policies and programmes 
• A promising approach use an independent Policy variable in the model



Thank you for your attention

paolo.bertoldi@ec.europa.eu
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