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Introduction

The ability of households to consume large amounts of energy at low cost is an essential reason for
the high level of well being of individuals in modern societies. It allows people to enjoy thermal
warmth when outdoor temperatures are low, to use arti�cial light after the sun has set and to
operate myriads of devices that make life more interesting, comfortable and enjoyable.

However, the discovery of men made climate change has revealed a substantial cost that can be
associated to the consumption of energy. The emittance of carbon dioxide into the atmosphere
during the generation of energy from conventional sources, increases global temperature levels
and threatens to make the planet a less desirable place to live (Pachauri et al., 2014). These cost
make it a primary policy goal to set incentives for households to switch to carbon free energy
sources and to control and – if possible – reduce the consumption of energy, despite its eminent
e�ect on the welfare of individuals.

To mitigate global warming, policy makers around the world have set ambitious targets to reduce
greenhouse gas emissions. Until 2030 the European Commission wants to reduce greenhouse gas
emissions by at least 40 % over 1990 levels and has proposed to raise the reduction target further
to 55 % in September 2020 (European Commission, 2020a). In its long-term strategy it furthermore
de�nes the goal to achieve climate neutrality until 2050 (European Commission, 2020b).

Being responsible for 26.1 % of the �nal energy consumption in the European Union in 2018
(Eurostat, 2020), the residential energy sector plays an important role to meet these climate targets.
The design of good policies to achieve emission reductions in the residential sector requires a
detailed understanding of the mechanisms that determine households’ behavior. Only a good
understanding of how households make their decisions and how they react to incentives allows to
assess government programs with respect to their e�ectiveness to achieve the desired goals and
with respect to their welfare e�ects more generally.

The research presented in this thesis contributes to the understanding of residential energy
consumption. The analyses focus on the demand for thermal heat, which allows to model and
empirically estimate households’ choices in greater detail compared to broader studies on domestic
energy consumption. In 2018 space heating was responsible for 63.6 % of �nal domestic energy
consumption in the European Union (Eurostat, 2020), which makes it the natural �rst choice of an
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Introduction

in depth analysis.

Overview of the thesis

The three chapters of this thesis analyse two types of household choices relevant for the �nal
consumption of heating energy. First, chapters 1 and 2 consider households’ heat consumption in
a static environment, in which the characteristics of the dwelling, such as the level of thermal
insulation and the type of heating system used, are given. In this short term perspective households
determine the �nal amount of energy used for heating only via their choice of the level of indoor
temperature in the dwelling, the number of rooms and time of the day it should be heated and
other factors a�ecting the level of thermal comfort experienced in the dwelling. Households’
choices vary with the cost associated to the consumption of thermal comfort, their disposable
income and individual preferences, which might di�er across households depending on their
socioeconomic characteristics. Understanding in detail how these choices are made is essential
to understand how di�erent households react to speci�c changes in their environment, which
potential e�ects on their individual welfare might be associated to these changes, and how they
contribute to the intended policy targets to reduce carbon emissions. The �rst two chapters
contribute to this understanding, by empirically studying the factors and mechanisms that drive
households’ decisions.

In contrast, in chapter 3 households’ decisions are analysed in a dynamic environment, in
which they are able to improve the energetic performance of their dwellings via modernisation
investments. Incentivising households to modernise the building stock, is the most important
area of activity for policies targeting emission reductions in the residential heating sector. It
provides opportunities to save energy without households having to give up on thermal comfort
and thus individual utility. However, the details of the decision process households face are
involved. Households face high upfront cost in the period a modernisation decision is made that
have to be traded o� against lower energy cost and higher utility from the consumption of thermal
comfort in future periods. Understanding the investment decisions households make, requires an
understanding of the monetary and non-monetary cost households face, their expectations about
the e�ciency gains that can be realized and the ultimate gain in utility associated to it. To study
all these factors a dynamic investment model is developed and estimated in chapter 3.

The aim of the analyses in all chapters is to empirically study households’ choices that de-
termine the �nal demand for thermal heat in detail. For this purpose, households’ behavior is
modelled carefully making use of reliable external information where possible. This imposes
additional structure to the regression equation that helps to identify the fundamental parameters
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Overview of the thesis

in households’ decision process and thus provides clear interpretations of their meaning and the
basis for counterfactual policy scenarios.

A challenge in the analysis of households’ heat demand is, that it is a function of many input
variables representing households’ choices for thermal warmth as well as the thermal charac-
teristics of the dwellings they inhabit, that potentially interact in nonlinear ways. This makes it
di�cult to acquire all the relevant data and to specify a regression equation that correctly captures
the interdependencies of dwelling properties and household choices and allows to identify the
parameters of interest.

The research conducted in chapter 1, “Introducing engineering knowledge into the econo-
metric analysis of households’ heat demand”, is based on the observation that engineering
models contain substantial information on how dwelling characteristics interact with households’
choices to determine the amount of fuel used for heating, that could be useful to address the afore-
mentioned problems. These models commonly combine data on the characteristics of a dwelling
with assumptions on household behavior to predict the amount of fuel the dwelling requires
within a year. Di�erent to the economic analysis of households’ heat demand the models do not
focus on �nding explanations how households’ choices for thermal comfort are made. In chapter 1,
I develop an empirical model of households’ fuel demand that employs the information contained
in the engineering model e�ciently, by using it to �x the e�ect of dwelling characteristics on fuel
demand, while estimating households’ choices from the observed fuel data. The approach makes
use of the engineering knowledge, where it is expected to provide reliable guidance on households’
individual fuel consumption, and uses the observed fuel consumption to replace assumptions
on households’ choices by empirical estimates that vary with households’ individual cost in the
consumption of thermal comfort, their income and socioeconomic characteristics.

The proposed model introduces engineering knowledge in a more comprehensive way into
the empirical analysis than previous approaches. It explicitly considers the di�erent types of
information contained in the underlying model by Loga et al. (2005) and carefully evaluates how
it can be used in the econometric analysis. Importantly, these analyses reveal that empirical
speci�cations based on engineering models should control for potential systematic errors in the
engineering prediction, to obtain reliable results. For this purpose, I suggest a simple approach to
proxy for systematic errors in the engineering model.

I estimate the developed regression model using German survey data from the time period
between 2006 and 2008 provided by RWI and forsa (2016). The price elasticity is found to be
roughly −0.66. Once socioeconomic characteristics are included in the regression and controls
for potential errors in the underlying engineering model are added, there is only a relatively weak

3



Introduction

positive e�ect of income on household behavior. This contrasts previous studies, which have found
very strong income e�ects using models that relate observed and predicted fuel consumption to
households’ income in a less rigorous way. Households’ age and size are found to have strong
positive e�ects on fuel consumption. Ownership status does not explain consumption, once the
model controls for systematic errors in the engineering prediction.

Chapter 2, “A structural analysis of households’ heat consumption”, extends the analysis
from chapter 1, by explicitly deriving households’ optimal consumption of thermal comfort from
a theoretical economic model, instead of specifying it as a reduced form of explanatory variables.
For this purpose, the relationship between dwelling characteristics, household behavior and fuel
consumption, derived in chapter 1, is used to de�ne the input demand function in a household
production model of heat demand. In terms of the model, this function de�nes the amount of
fuel the household has to use to consume the desired level of thermal warmth and represents a
constraint in his consumption behavior.

I explicitly model the utility households receive from the consumption of thermal warmth to have
a satiation point, describing the choice of a household facing no monetary constraints. Deriving
the regression equation based on the solution to the resulting decision problem, this introduces
structure on the estimation, that is used to identify additional parameters that cannot be identi�ed
in the ad hoc speci�cation of households’ temperature choice used in chapter 1. Concretely, the
empirical model of chapter 2 allows to separately identify the e�ect of one explanatory variable
on both, households’ preferences for thermal comfort and the size of the error in engineering
predictions of a dwelling’s fuel requirement. Importantly, this allows to calculate the level of
households’ temperature choices, instead of its relative changes with observed covariates only,
which allows interpretations of the estimated coe�cients in terms of the theoretical model of
households’ heat consumption.

The structural empirical model developed in chapter 2 shows that engineering knowledge
can be introduced in an economic analysis of households’ temperature choice in a theoretically
consistent way. The explicit link of the regression equation to the theoretical model, implies that
the estimated parameters have a clear economic interpretation in terms of households’ utility from
thermal comfort. Larger and more educated households are found to have stronger preferences
for high indoor temperatures. In contrast, there is no evidence for a positive e�ect of income on
temperature choices.

In addition, the analysis of chapter 2 provides a novel approach to the estimation of the elasticity
of temperature choices with respect to price changes. Instead of estimating the elasticity through
a separate coe�cient on a measure of households’ marginal heating cost, it is derived theoretically
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from the structural model of heat consumption. Given the estimates of households’ preferences for
thermal comfort, the elasticity can be predicted for every household in the sample. The analysis
of predicted elasticities reveals that there is substantial heterogeneity across households. The
median elasticity in the sample is −0.214, implying that there are many households that are fairly
inelastic. Few substantially more elastic households result in a mean elasticity of −0.302, which
con�rms earlier results in the literature (Aydin et al., 2017; Sorrell et al., 2009). The theoretical
model explicitly pins down the source of the heterogeneity in households’ elasticity. Households’
with higher preferences for thermal comfort are less elastic towards price changes, because they
consume temperature levels closer to the satiation point before the price change.

In chapter 3 of the thesis, “Households’ dynamic investment in domestic energy e�-
ciency”, the focus of the analysis is switched from the study of households’ decisions, given
the characteristics of the dwelling they inhabit, to the decision how they invest into superior
properties of the dwelling, which require less fuel for the consumption of the same amount of
thermal comfort. To analyse this decision in detail, a dynamic model is developed, that explicitly
di�erentiates between the (large) one time investment cost households face in the period the
investment is conducted and the discounted long-run gains in period utility they enjoy in future
periods. To de�ne the period utility households’ receive from the consumption of thermal warmth
and other goods, the utility function developed in chapter 2 of the thesis is applied. This ensures,
that the dynamic model explicitly accounts for the increase in households’ period utility after an
e�ciency increase, that results from the monetary savings associated to the reduction in heating
cost as well as the substitution towards the now relatively cheaper good thermal heat. That is,
in the model the (positive) impact of households’ rebound behavior on their period utility is
endogenized in the investment decision.

We estimate the period utility function based on the empirical model applied in chapter 2
and predict the improvements in energy e�ciency after modernisations using an engineering
model by Loga et al. (2005). This allows to calculate the long-run utility gain associated to the
alternatives to invest or not to invest for every household in the sample. Given the assertion that
households only invest if the associated utility gains exceed the cost, the cost of investing are then
estimated such they rationalize the modernisations observed in the sample.

A virtue of the dynamic framework is that it allows to disentangle bene�ts from the investment
from the associated cost, which is not possible with static utility models, such as logit or probit.
The clear association of estimated coe�cients to underlying parameters of households’ decision
process is crucial to perform counterfactual policy scenarios and thus to assess potential policy
programs with respect to their impact. Also, model quantities such as the temperature choice,
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the expected gain in lifetime utility associated to an investment and the resulting investment
probability can be predicted and thus quanti�ed for every household in the sample. This allows a
much more detailed study of households’ incentives to invest compared to static utility models.

Our results show that households’ valuation for thermal comfort as well as the marginal cost
associated to its consumption matter for households’ temperature and investment choice. A
household living in a less e�cient dwelling consumes lower temperature levels and has, ceteris
paribus, higher incentives to invest. A household with stronger preferences for high temperature
levels, e.g. an older household, chooses a higher mean indoor temperature and has stronger
incentives to retro�t the dwelling to further decrease the cost of temperature consumption. The
results thus clarify the importance of understanding the sources of heterogeneity in households’
static temperature choice to achieve a detailed understanding of the mechanisms that determine
their investment choices.

We simulate three policy scenarios that could be introduced to increase households’ retro�t
investments and decrease overall fuel consumption in the economy. We �nd that direct subsidies to
the purchasing cost increase investment rates, but that this does only little to decrease households’
energy consumption. To the contrary, an increase in energy prices, for instance via a tax increase,
creates high energy saving incentives for households. This leads to an increase in the investment
rate by 22.1 % and a reduction of households’ mean temperature choice by 4.8 %.

Contribution to chapter 3

While chapters 1 and 2 are based entirely on my own work, chapter 3 results from joint work with
Van Anh Vuong. The initial research idea was developed by Van Anh Vuong. I contributed the
preparation of the data, the development of the static model and the estimation of purely monetary
investment cost from a second data source. Van Anh Vuong was leading on the development
of the dynamic investment model and its implementation and estimation in MATLAB, which I
supported with inspections of the model and code and suggestions for improvements. I wrote the
�rst version of the chapter, which we both revised and edited multiple times afterwards.
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1 Introducing engineering knowledge into
the econometric analysis of households’
heat demand

1.1 Introduction

Residential energy demand for space heating is a major contributor to the overall energy demand
in the economy. In 2018 the residential energy sector was responsible for 26.1 % of total �nal
energy consumption in Europe. Roughly 63.3 % of the energy was consumed to heat residential
dwellings (Eurostat, 2020). Consequently, understanding the factors that determine households’
heat demand is important for policy makers interested in reducing energy consumption of the
economy to meet climate targets.

Economic theory analyses households’ fuel demand in household production models. In these
models the good fuel is considered an input factor used in the production of the commodity
thermal comfort, which directly enters households’ utility function. That is, the amount of fuel,
Fi,t, demanded by a household, i, in period t, results from the input required for the production of
the consumed indoor temperature, τi,t, given the characteristics of the dwelling stored in a vector,
Di,t:

Fi,t = I(τi,t,Di,t). (1.1)

Explaining households’ fuel demand thus requires an understanding of their decision for thermal
comfort, as well as knowledge of the input demand function I(τi,t,Di,t).

The focus of the economic analysis is the study of households’ behavior. However, the challenge
for the econometric analyses of households’ heat demand is that households’ choices cannot
easily be studied independently from the input demand equation, primarily for two reasons. First,
households’ temperature choices are rarely observed in empirical data, such that they cannot be
studied directly. Instead, most empirical studies analyse households’ heat demand from observed
fuel consumption. Second, from the perspective of the decision making household, the input
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demand function I(τi,t,Di,t) represents the technology available to produce thermal comfort. It
determines the marginal cost of temperature consumption and thus constraints households’ choice
set together with their budget constraints. Consequently, it directly enters into the temperature
choice of interest in the econometric study (see Pollak and Wachter, 1975).

Without knowledge of the functional form of I(τi,t,Di,t) it is thus di�cult to study households’
demand for thermal heat. A common approach of the literature is to regress logarithmised fuel
demand on a linear function of fuel prices, income, socioeconomic characteristics of the household
and dwelling characteristics (see, e.g., Rehdanz, 2007). However, in this ad hoc approach it is
unclear, whether the regression equation is correctly speci�ed or whether the implicit assump-
tions on the input demand function are invalid. Also, this regression approach does not allow to
introduce the true marginal cost of temperature consumption into the regression equation. Most
fundamentally, since parameters of the input demand function I(τi,t,Di,t) as well as households’
preferences have to be estimated from the fuel data in the same regression and since they interact
in unknown ways – directly via equation (1.1) and indirectly via their impact on the optimal
temperature choice – they are likely to be mixed up in estimates from a standard linear regression.
This poses a problem to the detailed understanding of the mechanisms determining residential
energy consumption and in particular prohibits the calculation of counterfactual policy scenarios
(Lucas, 1976).

The discussion clari�es that using engineering knowledge on the functional form of I(τi,t,Di,t)

can be very useful. It could avoid misspeci�cation of the regression equation, increase precision of
the estimation by utilising existing knowledge and provide clear interpretations for the estimated
parameters providing the foundation for counterfactual policy scenarios.

Engineers have substantial knowledge on the functional form of interest. In fuel requirement
calculations for dwellings, they commonly combine data on the characteristics of a dwelling with
assumptions on household behavior to predict the amount of fuel the dwelling requires within a
year. That is, they provide very detailed descriptions of the input demand function I(τi,t,Di,t).
Di�erent to the economic analysis of households’ heat demand the models do not focus on �nding
explanations how households’ temperature choices are made.

The goal of this paper is to show how engineering knowledge can be used to improve speci�-
cations of energy demand equations in applied empirical work. For this purpose, I conceptually
decompose fuel requirement calculation procedures into two components: the aggregation of
dwelling characteristics, Di,t, to the highest possible level that does not require assumptions
on households’ temperature choice – providing an overall state variable, si,t, of the dwellings’
e�ciency level – and the function I(τi,t, si,t), that maps si,t and τi,t into a fuel demand. The
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1.1 Introduction

decomposition allows to employ the engineering knowledge e�ciently by using it to obtain a)
state variables that make e�ciency levels comparable across dwellings and b) a functional form
for the empirical analysis, while allowing households’ choices to be determined by the data. That
is, it allows to make use of the engineering knowledge, where it is expected to provide reliable
guidance on households’ individual fuel consumption and to replace assumptions on households’
choices by empirical estimates obtained from observed fuel data.

Concretely, I make three major contributions to the existing literature. First, I use a novel
approach to generate e�ciency states based on dwelling characteristics frequently observable
in micro datasets, using a simpli�ed fuel requirement calculator developed by Loga et al. (2005).
Their calculator has originally been designed to facilitate the calculation of energy performance
certi�cates for home owners. The idea to use the simpli�ed procedure to calculate fuel requirements
for households in a micro dataset used for empirical analyses, greatly simpli�es the use engineering
predictions in empirical studies, as it does not require these to be observed as part of the data.
Second, I also derive the concrete functional form of the input demand function, I(τi,t, si,t), from
the engineering model by Loga et al. (2005). I show that it is linear in households’ temperature
choice and thus supports linearity assumptions implicitly made in much of the related literature.
Finally, I show how, based on the input demand equation, an empirical speci�cation can be
obtained, that controls for potential �aws in the engineering model that are responsible for its
tendency to systematically overpredict actual consumption.

I estimate fuel demand as a function of household characteristics, income and the marginal
heating cost using data from “The German Residential Energy Consumption Survey” (RWI and
forsa, 2016). The results indicate limitations of existing approaches to use engineering knowledge
for the empirical analysis of households’ heat demand, presented in section 1.2. It is important to
control for household characteristics in the empirical analysis of households’ temperature choices
and to allow for potential errors in the engineering calculations, both of which is rarely done in
the previous literature. The inclusion of household characteristic substantially reduces the impact
of income on temperature choice. Once the model controls for potential systematic errors in the
engineering model, income has no statistically signi�cant e�ect at a 5 % con�dence level and also
the e�ect of other socioeconomic characteristics decreases.

The next section reviews prior literature, that has used engineering knowledge for the econo-
metric analysis of residential heat demand and points out limitations the model presented in
this paper aims to address. I then provide a careful discussion of fuel requirement calculations
developed by engineers in section 1.3, that provides the basis for the subsequent speci�cation of
the regression model. The discussion includes a generic representation of the engineering model
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1 Introducing engineering knowledge into the econometric analysis of households’ heat demand

in section 1.3.1, the derivation of a functional form of the input demand equation in section 1.3.2 as
well as an inspection of the source of systematic biases that are inherent to engineering predictions
in section 1.3.3. Section 1.4 develops the empirical regression equation. In section 1.5, I present the
data and give a detailed description how the e�ciency states are generated, before the estimation
results are reported and discussed in section 1.6. Section 1.7 concludes.

1.2 Related literature using engineering knowledge for empirical
analyses of residential heat demand

Some previous work has tried to introduce engineering knowledge into the econometric analysis of
heat demand. Hsueh and Gerner (1993) carefully derive an input demand equation for fuel based on
heat loss equations used by engineers. They specify the demand for thermal warmth as a function
of fuel prices, income and further household demographics and insert this as the behavioral
component into the technical input demand equation to obtain an estimable regression equation.
A problem of their approach is the lack of crucial dwelling information required for the calculation
of precise heat losses. They use binary indicators, whether di�erent surfaces have been insulated
as proxies for the quality of the thermal shell and run separate regressions by fuel type to account
for di�erences in heating system e�ciency. This implies that the underlying physical properties
of the dwelling are part of the estimated coe�cients, as they note themselves. Furthermore, their
input demand equation indicates that the linear functions describing household behavior and the
technological state of the dwelling are multiplicatively related. The large number of interactions
of explanatory variables that would result, forces the authors to simplify the functional form
derived from engineering knowledge to avoid multicollinearity. In addition, their speci�cation
also does not explicitly consider the indirect e�ect of overall e�ciency on fuel consumption via
households’ temperature choice. A virtue of the approach used in this paper is that a simpli�ed
fuel requirement calculation is used to condense the available dwelling information into aggregate
variables of dwelling e�ciency that interact with household behavior. The absence of the need to
estimate technological states based on limited dwelling information, allows to actually specify the
interactions of technology and behavior in a thorough and complete way.

Haas et al. (1998) and Haas and Biermayr (2000) are able to avoid some of the limitations of the
analysis by Hsueh and Gerner (1993) by the use of better data. They also derive a functional form
of the input demand from engineering principles, but observe thermostat settings and measures
of insulation quality as well as heating system e�ciency (the latter only in Haas and Biermayr
(2000)) in their data. However, besides the strong data requirements, a limitation of their approach
is that they do not model the e�ect of technology on household behavior.
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1.2 Related literature using engineering knowledge for empirical analyses of residential heat demand

An alternative approach of using engineering knowledge for the empirical analysis of residential
heat consumption is to compare the consumption levels predicted by some engineering model
to the actual measured consumption of households. The idea is that, given that the engineering
predictions for all dwellings are based on a �xed set of assumptions about household behavior,
deviations from the predicted reference values can be informative about households’ choices of
thermal comfort. In this sense, the ratio of actual and predicted consumption is often referred
to as the “service factor”, indicating the level of energy services consumed by the household
(Haas et al., 1998).1 A general �nding of the literature is that predicted consumption exceeds
actual consumption for the vast majority of households. The common interpretation is that
economically constrained households consume lower levels of energy services than those assumed
in engineering models. Various studies have related the service factor to households’ income and
the level of predicted fuel consumption, taking the latter as an indicator of the dwellings’ relative
cost in producing a given level of thermal comfort (Cayla et al., 2011; Aydin et al., 2017; Majcen
et al., 2013; Laurent et al., 2013; Bakaloglou and Charlier, 2018). Typically, these studies simply
plot the service factor against either of the two economic variables into a two-dimensional graph.
They �nd that the service factor substantially increases with income and decreases with cost of
temperature provision, consistent with a positive income and a negative price elasticity of energy
service consumption, respectively.

A more rigorous analysis is provided by Dubin et al. (1986). They use the ratio of observed and
predicted consumption to conduct a multivariate regression on income, an engineering estimate
of marginal cost and household characteristics. This allows them to derive explicit estimates
of income and price elasticities, while controlling for additional factors a�ecting household
behavior, which are potentially correlated to income and the marginal cost of heat consumption.
However, similar to the approaches discussed before, they assume the engineering model to
be correct and di�erences between actual and predicted consumption to solely originate from
di�erences in household behavior. This might bias estimation results if technical errors correlate
to characteristics of the dwelling, which might be related to income and other variables a�ecting
household behavior. In contrast, I propose a framework that allows to control for such errors in
the engineering model, while estimating households’ temperature from observable fuel data.

Dubin et al. (1986) obtain predicted consumption values by applying the thermal load model
developed by Dubin and McFadden (1983) to their micro dataset. The ability to generate fuel
requirements based on dwelling information available in household survey data substantially
reduces the data requirements for the empirical analysis. This paper shows how a more recent

1Alternative names used in the literature for the ratio of actual and predicted consumption include the “heating factor”
or the “intensity of use” (Laurent et al., 2013).
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simpli�ed fuel requirement calculation procedure Loga et al. (2005) developed for Germany can
be used to generate engineering predictions of households’ fuel consumption based on dwelling
information frequently observed in micro datasets.

Finally, Aydin et al. (2017) use the predicted fuel requirements they observe in their panel of
Dutch households as a proxy for dwellings’ energy e�ciency, which they include into a standard
energy demand equation. Engineering knowledge is thus not used to disentangle technology and
household preferences in their approach. The model provides a simple way to estimate rebound
e�ects from e�ciency increases, if predicted fuel requirements are observed in the data. Aydin
et al. (2017) also acknowledge the possibility that the engineering predictions might not be entirely
correct, introducing measurement error in their independent variable. They address this problem
by an instrumental variable approach. In this paper, the engineering model is related to observed
fuel demand in a theoretically consistent way. Systematic di�erences between actual and predicted
consumption are explained by prices, income and household characteristics a�ecting household
behavior and imperfections in the engineering models’ ability to correctly calculate the e�ciency
state of a dwelling, which is allowed to vary with dwelling characteristics.

1.3 An economist’s look into engineering fuel requirement
calculations

Fuel requirement calculations are complex engineering models that combine data on dwelling
characteristics and assumptions on household behavior with physical laws to calculate the amount
of fuel the given dwelling is likely to consume. A fundamental component of these procedures
is the calculation of the total heat loss, which is obtained by summation of transmission and
in�ltration heat losses across all components of the thermal shell. The behavior of the household,
the physical properties of the dwelling as well as outdoor temperatures play a crucial role in
determining the total amount of heat that evaporates from the dwelling to the outside. The total
demand for heating energy is obtained by subtracting heat gains (e.g. from solar energy) from
the total heat loss. This is the amount of useful heat consumed in the dwelling. Accounting for
ine�ciencies in the production and distribution of this useful heat the �nal energy demand is
obtained.

The details of the fuel requirement calculations are complicated. They are full of technical
modelling elements that are crucial for a correct prediction of fuel demands, but make it hard
to incorporate them into an economic framework. The next section therefore develops a simple
characterisation of such models that emphasizes the role of households’ choices. Model parts less
interesting from an economic perspective are interpreted as providing aggregate measures of the
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dwellings’ e�ciency that interact with the household behavior to determine the fuel demand of
the household. The decomposition facilitates the empirical estimation of households’ choices,
while making use of the information contained in engineering models where possible. Section 1.3.2
derives an input demand function for fuel based on the fuel requirement calculation by Loga et al.
(2005). Finally, section 1.3.3 discusses the performance of these procedures and how this a�ects
their inclusion into an economic model of heat demand.

1.3.1 A generic representation of fuel requirement calculations

Let a full engineering model be described by a function Ie(ψe(De), τ e). The superscript e indi-
cates the engineering assumptions on input variables and functional forms used. The model maps
nD

e dwelling characteristics from the vectorDe and household behavior stored in the vector τ e,
into a prediction of the amount of fuel the dwelling consumes.2 The relevant household behavior
entering the input demand equation, includes the decision on the level of indoor temperature
as well as the area of the dwelling that is heated, the amount of time the temperature level is
consumed and potentially other factors such as the ventilation behavior.

The dwelling characteristics required as inputs in the calculation procedure are numerous. They
include detailed descriptions of the thermal shell, the size and shape of the body as well as the
heating system in use. To reduce the complexity of the representation, it is useful to summarize
the nDe characteristics into a vector se of length nse ≤ nDe of elements that directly interact with
households’ choices. That is, se is constructed such that it contains the highest level of aggregation
of technical characteristics, that is possible without making assumptions on the behavior of the
household. It represents the su�cient statistic for the e�ciency of the technology available to the
household. The nested function ψe(De) re�ects the structure of the fuel requirement calculation
that maps observed dwelling characteristics into the vector se. That is,

se = ψe(De) (1.2)

and thus

Ie(se, τ e) = Ie(ψe(De), τ e). (1.3)

The correct speci�cation of the function ψe(De) to transfer the available data into a good approx-

2I focus on fuel requirement calculations for heating. While complete models determining the fuel requirement of
a dwelling often also include the input demand for hot water generation, this can be analysed separately and is
generally a minor contributor to the overall fuel demand.
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1 Introducing engineering knowledge into the econometric analysis of households’ heat demand

imation of the actual physical properties of the dwelling is a di�cult as well as important step of
any fuel requirement calculation.

Consider the amount of heat a dwelling looses through the surface of an outer wall as an
example how the function ψe(·) aggregates dwelling properties. The exact heat loss is a function
of its size, environment (e.g., whether it is a detached wall) and – most importantly – the di�erent
materials forming the wall and their respective thickness and U-Values. The U-Values are physical
properties of the materials indicating the thermal resistance of the body that might be known
more or less precisely, depending on the level of detail of the information available. Clearly, even
the calculation of the heat lost through a single wall (i.e. its “thermal performance”) thus requires
the combination of many di�erent pieces of information (about its physical properties) from
the vectorDe and potentially some approximations. Furthermore, the function ψe(·) typically
aggregates the thermal loss across multiple walls and other properties of the dwelling up to a
statistic in se that captures all thermal characteristics of the dwelling that are independent of the
behavior of the household.

The characterisation of the fuel requirement calculation as a composite function helps to clarify
how the engineering model by Loga et al. (2005) is used to empirically analyse households’ choice
of thermal comfort. First, the functions ψe(De) and Ie(se, τ e) are used in two distinct ways.
The former is employed to generate data about the e�ciency of the dwellings based on observable
dwelling characteristics. For this purpose, the ability of the model by Loga et al. (2005), to map basic
information on the house into elementary physical properties is employed. In contrast, the latter
determines the functional form of the regression equation. By using the engineering knowledge to
�x the role of technology and its interaction with household behavior in the determination of the
�nal energy demand, the factors driving households’ choice of thermal warmth can be identi�ed
in an empirical analysis. Second, while I allow for errors to occur in ψe(De) and discuss how
empirical models can be speci�ed to avoid these to bias estimation results in section 1.4, I assume
the functional form of I(·) to re�ect the true technology available to the household given his
e�ciency states.

1.3.2 The functional form of the input demand equation

I use the engineering model by Loga et al. (2005) to derive a functional form for the input demand
function, Ie(se, τ e), describing the interaction between a given household behavior and the
current state of the dwelling’s technology.3 Households’ fuel demand from heating depends on

3Note, that while Loga et al. (2005) call their model a “simpli�ed” fuel requirement calculation procedure, the
simpli�cations involved relate to the data collection process and the calculation of the fundamental physical
characteristics of the dwelling, i.e. the function ψe(De) in terms of the generic characterisation developed in the
previous section. They use a common functional form to map the dwelling characteristics and assumptions on
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1.3 An economist’s look into engineering fuel requirement calculations

the total heat demand as well as the e�ciency of the heating system used to produce that heat.
Following their notation, let QL refer to the total heat loss of the dwelling and let QA denote the
di�erence of the sum of losses from transfer, distribution and storage of the produced heat and
alternative heat gains (e.g. from solar and internal sources). A generic characterisation of the
amount of fuel the household needs to heat the dwelling is

F e = Ie(·) = (QL +QA) · ξ, (1.4)

where ξ refers to the e�ciency of the heating system used. WhileQA is independent of household
behavior, the heat loss, QL, depends on the choice of thermal comfort in a way that is explored in
detail in the remainder of this section.

The dwelling looses thermal heat through its transmission across the building elements and the
in�ltration of (unheated) air. The size of the transmission and in�ltration heat losses per degree
temperature di�erence to the outside, HT and HV , are properties of the dwelling. To obtain the
total amount of heat that is required over the year, they can be multiplied with the total number
of degree-hours temperature increases over the outside temperature, that have to be produced
during a year to keep the dwelling at the desired indoor temperature. In the given model these
heating degree days (HDD) are obtained as the product of the di�erence between the mean indoor
and outdoor temperature during the heating period, τ in and τ out, the length of the heating period
in days, tHP , and the number of kilo hours per day:

HDD = (τ in − τ out) · tHP · 0.024. (1.5)

Because households’ may not heat the entire dwelling to the desired temperature level during the
entire heating period, the model allows the temperature increase to be adjusted by a factor for the
intensity of use, fI . It is the product of the fraction of rooms and time of the day that the dwelling
is heated, fa and fd:4

fI = fa · fd.

households’ choices into predictions of their fuel consumption. See for instance Aydin et al. (2017) and Majcen et al.
(2013) for formalisation of a fuel requirement calculation similar to the one sketched below.

4For instance, if the household decides to heat his entire dwelling of sizem to the desired indoor temperature, τ in, but
only for 16 hours a day, this implies fa = m

m
= 1 and fd = 16

24
= 2

3
. The original model by Loga et al. (2005) also

includes a general intensity factor, fn, that allows to easily calibrate the assumed household behavior such that the
predicted �ts well to the observed consumption.
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Overall, the heat loss is thus obtained as a function of household decision parameters:

QL = (HT +HV ) · (τ in − τ out) · tHP · fa · fd · 0.024. (1.6)

In terms of the general characterisation of the input demand equation discussed before, the
vector τ , representing households’ decisions determining the �nal fuel demand, consists of
the elements τ in, tHP , fa and fd. The indoor temperature, τ in, is the most important variable
governing households’ level of thermal comfort. The di�erence between the indoor temperature
chosen and the outdoor temperature determines by how many degrees the dwelling has to be
heated up on average. Multiplying this with the adjustment factors for partial use, one obtains
the mean number of degrees the entire dwelling e�ectively has to be heated up over the entire
heating period. Following the model by Loga et al. (2005), I also assume that the decision to turn
the heating system on (and o�), determining the length of the heating period, and which indoor
temperature to set once the system is in use are two separate and independent choices households’
make.5 The vector τ is thus reduced to a scalar variable, τ , that represents the households’ single
choice variable in the input demand function and can be interpreted as the mean temperature
increase over the entire dwelling if the heating system is turned on:

τ = (τ in − τ out) · fa · fd. (1.7)

This reduction of the dimensionality of households’ choice set implies that their fuel demand
can be predicted based on one simple measure of household behavior that is straight forward to
interpret. This greatly simpli�es the analysis of their heat demand in an empirical or theoretical
economic framework. In particular, it might allow the identi�cation of household behavior in
empirical studies based on observed fuel consumption data.6

5The assumption greatly facilitates the analysis of the households’ decision problem, since the e�ect of the temperature
choice on the number of days the dwelling has to be heated (i.e. the extensive margin), does not have to be modelled.
The plausibility of the assumption depends on the heating technology typically used in a country. In Germany,
where a central system that produces heat and requires some time to start-up is typically located outside the living
area, it seems a reasonable assumption. In contrast, it might be less plausible in regions that use for instance electric
heating that can be turned on and o� �exibly from within the living area. A model that explicitly accounts for the
interdependency of temperature choice and the length of the heating period is provided by Hausman (1979).

The model by Loga et al. (2005) determines the length of the heating period as the number of days with a mean
outdoor temperature below a dwelling speci�c heating limit temperature. Implicitly, households are assumed to
turn their heating system on/o� once a year, as soon as outdoor temperatures get su�ciently cold/warm. Since
better insulated dwellings allow the household to enjoy comfortable indoor temperatures without heating at lower
outdoor temperatures, they have lower heating limit temperatures, and thus fewer heating degree days, than
dwellings with inferior thermal insulation.

6Note that it would generally be very di�cult to identify several behavioral parameters from fuel consumption
data alone as any observed fuel demand could be the outcome of various combinations of the di�erent choices
households make.
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Combining equations (1.7), (1.6) and (1.4), the fuel demand from heating is obtained as a linear
function of the households’ temperature choice. Since the di�erence of additional heat losses and
heat gains, QA, is relatively small in practice and it is independent of behavior, and thus irrelevant
for the calculation of the marginal cost of heating, I simplify the engineering model slightly by
dropping the term QA · ξ.7 I thus obtain

F ẽ = (HT +HV ) · tHP · 0.024 · ξ · τ , (1.8)

where the tilde in the superscript indicates the slight deviation from the engineering model.

I then collect all technical parameters into one variable and scale it by the size of the dwelling
in square metres, m. This yields a one-dimensional state variable, indicating the amount of fuel a
household has to use per square metre to increase the mean indoor temperature over the entire
dwelling by one degree for the entire heating period. The variable s ≡ 1

m((HT+HV )·tHP ·0.024·ξ)
allows to compare the relative e�ciency of the technology used to produce thermal warmth across
dwellings.8 The input demand as a function of the e�ciency state and households’ temperature
choice is thus obtained as

I ẽ(τ, s) = s ·m · τ . (1.9)

Equation (1.9) shows that an input demand function that is linear in an univariate variable
representing household behavior can be in line with a fuel requirement calculation procedure
developed by engineers. Linearity of the input demand function greatly facilitates the economic
analysis of households’ heat demand. Theoretically, it implies that the marginal cost of temperature
production are independent of household behavior and thus the temperature choice is a standard
consumer problem and easy to solve explicitly.9 Econometrically, it ensures that regression
equations resulting from speci�cations of households’ temperature choices stay fairly simple and
thus comparably easy to estimate and interpret.

7Dropping the term QA · ξ from the fuel requirement calculation, the predicted fuel consumption is reduced to
91.41 % of the value that would be obtained based on the complete engineering model on average. In absolute
terms, the average reduction in fuel consumption is 24.65 kWh/m2. Table A.4 in appendix A.1 provides results from
an alternative regression equation that does not drop the constant term QA · ξ. The results are qualitatively the
identical to the main results discussed in section 1.6.

8Energy e�ciency is often de�ned as the amount of energy services the technology allows to produce per unit of
energy input. Note that, according to this de�nition, s is the reciprocal of e�ciency, often referred to as energy
intensity (see Galvin (2014) for a very detailed discussion of alternative de�nitions of energy e�ciency). Throughout
the paper, I refer to the variable s as the “e�ciency state”, while acknowledging that increases in the e�ciency
level are represented by lower levels of this state variable.

9See Pollak and Wachter (1975) for a detailed discussion of the conceptual problems that arise if the price of the
desired good depends on households tastes as well as the technology they use in its production.
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Previous research has often used linear input demand functions more or less implicitly. For
instance, the “service factor” developed by Haas et al. (1998) relates household behavior to actual
fuel demand in a linear way. More fundamentally, approaches estimating the elasticity, ετ,s, of
household behavior with respect to changes in dwellings’ e�ciency using observed fuel data
are based on the assertion that it relates to the e�ciency elasticity of fuel consumption, εF,s, as
indicated by the formula

ετ,s = 1 + εF,s. (1.10)

Equivalent relationships have for instance been developed by Aydin et al. (2017) and Sorrell and
Dimitropoulos (2008). Yet, equation (1.10) holds if and only if the input demand function is linear
in household behavior.10

Not all fuel requirement calculations are linear in households’ temperature choice. For instance,
Dubin and McFadden (1983) explicitly derive a nonlinear form of the input demand equation,
resulting from di�erent assumptions on households’ ventilation behavior compared to the model
by Loga et al. (2005). Also the length of the heating period, tHP , or the e�ciency of the heating
system, ξ, could depend on the temperature choice, resulting in equation (1.8) being nonlinear in
indoor temperature. In this work, I assume that the engineering model by Loga et al. (2005) used
to derive equation (1.9) correctly describes reality. Potential errors in the model’s prediction of
actual fuel consumption are thus assumed to be due to wrong assumptions on household behavior
or the use of erroneous e�ciency states, and not due to how these variables interact to determine
the actual fuel demand.

1.3.3 Validity of fuel requirement calculations

While engineering predictions of fuel consumption are generally found to perform well in providing
comparable measures of dwellings’ thermal performance under standardised conditions (see, e.g.,
Aydin et al. (2017) for a recent discussion), is a pervasive �nding of the literature that predicted fuel
requirements systematically exceed actual consumption, and often substantially (Sunikka-Blank
and Galvin, 2012; Laurent et al., 2013). I assume that the fuel consumption observable in empirical
data, F d, precisely measures actual consumption, F ◦, and is thus not responsible for the gap.11 A

10More precisely, I show in appendix A.2 that for input demand functions of type I(s, h(τ)) = smh(τ) equation (1.10)
only holds if and only if h(τ) = τ . For more general forms of the input demand function, equation (1.10) is in
general unlikely to hold.

11Even if measurement errors exist, they are unlikely to be systematic in a way, that the observed underconsumption
relative to the engineering prediction could be explained (see Laurent et al., 2013).
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formal representation of the gap is then

F d = F ◦ = I(τ ◦, s◦) < I(τ e, se), (1.11)

where nodes indicate unobservable true values of the variables and e superscripts engineering
assumptions, respectively. Equation (1.11) emphasizes, that the systematic overprediction of actual
consumption either results from engineering models assuming levels of thermal comfort above
actual levels, τ e > τ◦, or because they operate with e�ciency states that are too large, se > s◦.12

In line with most discussions of the problem, Laurent et al. (2013) identify wrong behavioral
assumptions as the primary source of the gap. A reason is, that engineering models typically
calibrate τ e to normed levels of thermal comfort, which re�ect desirable consumption levels rather
than actual choices. As a consequence households making decisions under (monetary) constraints
are likely to underconsume relative to the engineering speci�cation. The strong correlations
between the service factor and households’ income and dwellings’ e�ciency, commonly found in
the literature (as discussed in section 1.2), is consistent with this view on the gap.

Yet, overpredictions of the e�ciency states used in engineering models can equivalently explain
the gap. Equation (1.2) indicates two potential sources for erroneous e�ciency states. They may
be due to limited data availability (i.e. De 6= D◦, because the relevant data is not available or
imperfectly measured) or di�culties in aggregating the available data, because the true aggregation
function, ψ◦(·), is imperfectly known or not applicable to the observable dwelling characteristics,
De. In fact, evaluations of potential sources of the gap acknowledge that errors in the e�ciency
states are also likely to contribute to the gap (Sunikka-Blank and Galvin, 2012; Laurent et al.,
2013; Majcen et al., 2013). In particular, the di�culties in raising complete and correct data on the
fundamental physical properties of the dwelling are often emphasized. Majcen et al. (2013) argue
that the inaccuracies in the predicted consumption levels might be larger for older dwellings,
because “inspecting older dwellings is often di�cult and instead of measuring U-values, a guess
is made as to whether the cavity walls were insulated at the time of construction and what the
quality of that insulation may be after many years” (Majcen et al., 2013, p. 461). Knissel and Loga
(2006) �nd in their study of German households that the magnitude of the overprediction varies
in dwelling characteristics such as the number of apartments per dwelling, its age and the type of
heating system used. The variation can be substantial. While the overprediction in a dwelling
with 1− 2 apartments is 43.8 %, predicted consumption is only 26.5 % above actual consumption

12Systematic errors in the functional relationship that describes how household behavior and dwelling e�ciency are
mapped into a fuel demand are not considered a relevant factor behind the gap in this paper. This is consistent
with Laurent et al. (2013) �nding that the “core modelling” behind the engineering models represents rather good
approximations of reality.
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in dwellings with 8 or more apartments. Even though these observations do not reveal the precise
source of the gap, they indicate that its size is correlated to technical covariates in a systematic
way that makes household behavior unlikely to be its only cause.

For the use of the engineering model in an economic study, errors in the prediction of the
e�ciency state are of primary concern. In fact, the goal and outcome of the economic analysis
based on engineering knowledge should be to improve the understanding – and eventually also
the modelling – of households’ temperature choices. In contrast, economists have much less
expertise in assessing and possibly correcting �aws in the fuel requirement calculation unrelated
to households’ choices. Errors in the e�ciency state provided by an engineering model, enter
as a measurement error into the econometric analysis. In particular, the apparent correlation of
the gap between predicted and actual consumption to dwelling characteristics, discussed above,
strongly indicates that such measurement errors are likely correlated to household characteristics
and other independent variables of interest in an empirical speci�cation.

The following section provides a detailed discussion how an empirical regression equation
based on engineering knowledge can be obtained, that treats both potential sources of the error in
engineering predictions in a systematic way.

1.4 Empirical specification

I derive the empirical speci�cation in two steps, based on the input demand function in equa-
tion (1.9). First, I show that a regression approach, closely related to the use of the service factor
in earlier research, can be obtained by assuming the true e�ciency state s◦i,t to be observed. I then
show how the regression framework can be extended to relax this assumption.

1.4.1 Obtaining an empirical specification if the true e�iciency state is
observed

The functional form of the input demand equation derived in section 1.3.2 and stated in equa-
tion (1.9), depicts a simple and systematic way to relate households’ temperature choice to
observable fuel consumption. Assuming the true e�ciency state, s◦i,t, to be observed for every
household i and time period, t, and that individual temperature choices are the result of some
general optimal behavior that can be described by a function τ∗(xτi,t,β

τ , ετi,t), a regression equa-
tion can be de�ned that allows to estimate the e�ects of household characteristics and economic
variables, stored in a vector xτi,t, on the chosen level of thermal comfort:

F di,t = s◦i,t ·mi,t · τ∗(xτi,t,β
τ , ετi,t). (1.12)
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The error term ετi,t associates variation in fuel demand that cannot be explained by the set of
covariates included in xτi,t to idiosyncracies in households’ behavior. Since the functional form of
the input demand function, as well as the e�ciency state, are assumed to be known, no parameter
has to be estimated on the term s◦i,t ·mi,t and variation in the dependent variable can directly be
attributed to household behavior. An algebraically equivalent regression equation can be obtained
by dividing both sides of the equation by s◦i,tmi,t:

F di,t
s◦i,tmi,t

≡ τdi,t = τ∗(xτi,t,β
τ , ετi,t). (1.13)

The dependent variable is thus transformed into the implied temperature choice, τdi,t, that would
have lead to the fuel demand F di,t according to the input demand function (1.9). Equation (1.13)
emphasizes that the parameters, βτ , indeed identify the e�ect of the variables contained in xτi,t
on the economic decision variable of interest.

Equation (1.13) is directly related to previous approaches relying on the service factor, i.e. the
ratio of actual and predicted consumption, F di,t and F ei,t, to study households’ consumption of
thermal warmth. Dividing both sides of the equation by the mean indoor temperature assumed in
the engineering model, τ ei,t, one obtains

F di,t
s◦i,tmi,tτ ei,t

≡
F di,t
F ei,t

=
τ∗(xτi,t,β

τ , ετi,t)

τ ei,t
. (1.14)

These approaches thus identify the size of actual temperature choices relative to those assumed
in the engineering model. The advantage of the framework developed in this paper is that the
regression equation is derived from an explicit functional form of the input demand equation,
emphasizing the role of the linearity assumption. Moreover, it also allows interpretations with
respect to the actual temperature choice directly. Finally, while the existing literature using the
service factor has assumed that the robust gap between actual and predicted consumption is
entirely driven by erroneous assumptions on household behavior in the engineering model, the
developed framework allows a straight forward extension that is sketched in the next section.

1.4.2 Allowing for measurement errors in the generated e�iciency states

The discussion in section 1.3.3 has pointed out that calculations of the e�ciency state, si,t, that
are based on engineering models are likely to su�er from substantial upward biases that should
not be ignored in an empirical analysis. I consider the case that the size of the overprediction by
the engineering model is proportional to the size of the e�ciency state and can be captured by a
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1 Introducing engineering knowledge into the econometric analysis of households’ heat demand

scalar variable, λi,t ∈ R+, such that

s◦i,t = λi,t · sei,t. (1.15)

Combining equations (1.15) and (1.12) and solving again for τdi,t as the dependent variable, the
empirical model becomes

Fi,t
sei,tmi,t

≡ τdi,t = τ∗(xτi,t,β
τ , ετi,t) · λi,t. (1.16)

The bias in the predicted e�ciency state, sei,t, results in a systematic measurement error in the
dependent variable, τdi,t, that is represented by an additional error term, λi,t, on the right hand
side of equation (1.16). Two problems might result from the error. First, the engineering models’
tendency to systematically overpredict actual consumption implies that λi,t is expected to have
mean smaller than one, which biases the intercept or the estimated coe�cients in case the intercept
is omitted. Second and more problematic in most applications, does the literature �nd λi,t to
be correlated to dwelling characteristics (see the discussion in section 1.3.3 for details). This is
likely to cause correlation between the error term and variables in the vector xτi,t, making them
endogenous.

To avoid endogenity of my explanatory variables of interest in the empirical analysis, I assume
that λi,t can be represented by a function, λ(xλi,t,β

λ, ελi,t), of observed covariates stored in a
vector xλi,t and an additional error ελi,t, that is orthogonal to variables in the vector xτi,t a�ecting
household behavior. Estimating λ(xλi,t,β

λ, ελi,t) as part of equation (1.16), then allows to obtain
unbiased estimates of the parameters of interest.13

Equation (1.16) indicates a multiplicative connection of the quantities of interest, that results
from a fundamental relationship between households’ temperature choice and the physical char-
acteristics of the dwelling. This imposes restrictions on the functional forms that can be used to
model τ∗(xτi,t,β

τ , ετi,t) and λ(xλi,t,β
λ, ελi,t). In particular, a linear speci�cation of both functions

would lead to a large number of interactions that do not identify the parameters. To obtain an
estimable regression equation, I therefore make the technical assumption that τ∗(xτi,t,β

τ , ετi,t)

and λ(xλi,t,β
λ, ελi,t) can be represented by exponential functions. That is,

τ∗(xτi,t,β
τ , ετi,t) = ex

τ
i,tβ

τ+ετi,t (1.17)

13In the empirical analysis I sometimes refer to the term λ(xλi,t,β
λ, ελi,t) as the “adjustment factor” since, according

to equation (1.15), it can be interpreted to indicate how much the state variables, si,t, generated in the engineering
model have to be scaled downward to obtain reliable values of the dwellings’ e�ciency level.
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and

λ(xλi,t,β
λ, ελi,t) = ex

λ
i,tβ

λ+ελi,t , (1.18)

where the error terms ετi,t and ελi,t are assumed to be normally distributed. Making the intercepts,
βτ0 and βλ0 explicit,14 regression equation (1.16) then becomes

τdi,t = eβ
τ
0+β

λ
0 +x

τ
i,tβ

τ+xλi,tβ
λ+ετi,t+ε

λ
i,t , (1.19)

which can be estimated using a Poisson regression model with robust errors. Alternatively,
logarithmising equation (1.19) yields a linear speci�cation with a log dependent variable:

ln τdi,t = βτ0 + βλ0 + xτi,tβ
τ + xλi,tβ

λ + ετi,t + ελi,t. (1.20)

Consistency of the estimates of βτ requires the remaining measurement error, ελ, as well as
ετ to be orthogonal to the regressors. Equation (1.20) also illustrates that if E[λ] < 1, this is
captured by the intercept β0 ≡ βτ0 + βλ0 and thus does not bias the coe�cients of primary interest.
Since it implies βλ0 < 0 the estimated constant underestimates the true intercept in households’
decision process, βτ0 . The lack of identi�cation of the individual parameters βτ0 and βλ0 implies that
level predictions of households’ temperature choice, τ∗i,t, and the error term, λi,t, are not possible.
Also, the partial e�ects of these quantities with respect to the observed covariates depend on all
parameters in the respective exponents, including the intercepts, and are thus not identi�ed. The
interpretation of the regression results is therefore limited to the relative changes the regressors
induce on τ∗i,t and λi,t, respectively.15

Moreover, the relative e�ect of an explanatory variable xi,t,k on the temperature choice τ∗i,t is
only identi�ed if xi,t,k is a component of the vector xτi,t but not of xλi,t. While household charac-
teristics can often savely be assumed not to a�ect the size of the measurement error, λi,t, only
the joint e�ect βk = βτk+βλk can be identi�ed in cases that this assumption cannot be maintained.16

Unfortunately, households’ temperature choice depends on the marginal cost of temperature
consumption – and thus the dwellings’ e�ciency level – which further complicates the consistent
estimation of the parameters of interest. Knowing the functional form of the input demand function,

14With small abuse of notation the vectors xτi,t and xλi,t as well as βτ and βλ keep the same names even though
their dimensionality is reduced by a constant equal to one and a parameter, respectively.

15Of course, it is possible to predict the level of the implied temperature choice, τdi,t, as well as the respective partial
e�ects based on the regression coe�cients. Since τdi,t su�ers from measurement error, this is not very useful.

16The intercept is a trivial example for which only the joint e�ect can be identi�ed leading to the problems in the
identi�cation of level e�ects discussed above.

23



1 Introducing engineering knowledge into the econometric analysis of households’ heat demand

stated in equation (1.9), the marginal cost can be calculated. Making use of equation (1.15) and
denoting the marginal cost as ci,t, their dependence on the measurement error, λi,t, becomes
explicit:

c◦i,t ≡ pFi,t ·
∂I(τi,t, s

◦
i,t)

∂τi,t
= pFi,t · s◦i,t ·mi,t = pFi,t · λi,t · sei,t ·mi,t = λi,t · cei,t. (1.21)

The overpredictions in the engineering models thus also introduce a measurement error in one of
the explanatory variables. In addition to the endogenity concerns addressed before, this always
results in an attenuation bias in all estimated coe�cients, unless λi,t is completely independent
of sei,t (and thus by de�nition entirely driven by the true e�ciency state s◦i,t).17 In the empirical
analysis, I include many dwelling characteristics in the empirical speci�cation of equation (1.18),
such that the remaining error, ελi,t, and associated biases are arguably neglectable.

Finally, the fact that the e�ciency state, si,t, enters the input demand function twice, implies
that so does λ(xλi,t,β

λ, ελi,t) used to model the measurement errors associated to it. Including
ln(λ(xλi,t,β

λ, ελi,t) · cei,t) in the vector of explanatory variables a�ecting the temperature choice,
xτi,t, and simplifying equation (1.20) becomes:18

ln τdi,t = β0 + xτi,tβ
τ + βc ln ci,t + xλi,tβ

λ · (1 + βc) + ετi,t + (1 + βc)ελi,t, (1.22)

where βc denotes the elasticity of temperature consumption with respect to the marginal cost of
heating. The regression thus identi�es a function of two parameters, γ ≡ βλ · (1 + βc), which
underestimates the true adjustment of the e�ciency state unless the level of indoor temperature is
a Gi�en good. Intuitively, if the true measurement error, λi,t, scales the e�ciency state down, this
has two opposing e�ects on the dependent variable of which only the net e�ect can be estimated
by the inclusion of λ(xλi,t,β

λ, ελi,t) in the regression model. First, it directly reduces the implied
indoor temperature, τdi,t, since a higher e�ciency of the dwelling implies a lower fuel consumption
for a given temperature choice, τ∗i,t. Second, the decrease in the marginal heating cost associated
to a downscaled e�ciency level triggers the consumption of a higher level of indoor temperature,
τ∗i,t. Consistent estimates of βc allow to calculate the true impact of technical covariates on the
adjustment factor, by multiplying the respective parameters with 1/1+βc.

17See for instance Wooldridge (2009, p. 320 �) for a discussion of biases resulting from measurement error in an
explanatory variable.

18In equation (1.22) the marginal cost of a temperature increase, ci,t, and the associated parameter, βc, are made
explicit. With small abuse of notation the vectors xτi,t and βτ keep the same names even though this reduces their
dimensionality by one variable and one parameter, respectively.
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1.5 Data

The estimation of the model developed in the previous sections requires data on households’ fuel
consumption, household and dwelling characteristics as well as the marginal cost of heating. The
cost of increasing the level of indoor temperature by one degree are determined by the fuel price,
pFi,t and the thermal e�ciency level of the dwelling, si,t. While fuel type speci�c price data is easily
obtained as yearly mean values from the German ministry of economics (Bundesministerium für
Wirtschaft und Energie, 2018), I have to use a simpli�ed fuel requirement calculation by Loga et al.
(2005) to generate e�ciency states. In this section, I �rst depict the primary data set provided by
RWI and forsa (2016), before I give a detailed description of how the e�ciency states are generated.

1.5.1 The German Residential Energy Consumption Survey

The primary data source is “The German Residential Energy Consumption Survey” (RWI and
forsa, 2016). The survey is based on a random sample of 6, 715 German households, that have been
interviewed in 2010. The dataset includes information about household and dwelling characteristics
as well as the energy consumption between 2006 and 2008.

The energy consumption is directly obtained from households’ billing data and transferred to
calendar years based on household speci�c heating degree days observed in the data. The data
cleaning mostly follows the descriptions of RWI and forsa (2011) and includes an outlier correction
procedure to eliminate implausible reports.

The �nal analysis is restricted to households using natural gas, long distance heating or oil in
their primary heating system. Since the consumption of natural gas and long distance heating
is metered, the observed fuel consumption is very likely to re�ect actual consumption within a
year quite precisely for these fuel types. For the storable fuel input oil, the precise measurement
is much more complex. Typically, only the amount of oil purchased at a speci�c point in time
rather than the actual use is observed, such that the households’ fuel consumption can only be
inferred indirectly. I obtain the fuel consumption for the year 2007 by �rst taking the sum over
the amount of oil purchased in the three consecutive years from 2006 to 2008. I then assign a
fraction of the total energy purchased to the year of interest, based on its proportion of heating
degree days over the same time period. The fuel consumption for the remaining years, 2006 and
2008, is calculated analogously.19 Households that have lost their oil bills are allowed to estimate
their consumption in the questionnaire. To ensure a high precision of the consumption data, I
drop estimated consumption values and restrict the analysis to fuel consumption reported based
on actual energy bills. All consumption values are converted into kilowatt hours based on a

19See RWI and forsa (2011) for more details on the problem of dealing with storable fuel types.
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conversion table provided by RWI and forsa (2011).

There are two main selection concerns with respect to the observed consumption data. First,
might households that use natural gas, long-distance heat or oil for heating be di�erent from
those using other fuel types. Second, might households that possess an energy bill di�er from
those that are not able to respond on their energy consumption in the previous years. Table A.5 in
appendix A.1 reports mean actual and predicted fuel consumption values together with household
and dwelling characteristics for various restrictions of the data set for the year 2008. The descrip-
tive data indicates that the major selection concern results from the fact that households that own
the dwelling they live in are more likely to report consumption data than tenants. Consistent
with this, the households analysed in this paper are older, more educated, have higher income
and live in larger dwellings than the average population. While, overall the di�erences to the
representative population are not extreme, the researcher should be aware of the existing selection
when interpreting the results.20

The dataset contains substantial information on household and dwelling characteristics that
are useful for the empirical analysis. Unfortunately, most variables of interest are only observed
in 2010, at the time the interview was conducted. Besides the fuel consumption, only the total
number of persons living in the household as well as the heating degree days are available for the
years 2006 to 2008 as well. For some variables, I impute the yearly data based on the information
available if this is possible and reasonable. Another limitation of the survey is that individual
speci�c information is only available for the survey respondent.21 I use this information to proxy
the characteristics of the entire household in the empirical analysis.

A number of household characteristics have to be modi�ed or generated before their inclusion
in the regression equation. I calculate the age of the household based on the year of birth of the
survey respondent. Similarly, I track the number of children living in the household based on the
reported dates of their births. The number of adult persons in the household is then obtained as
the di�erence between the total number of household members reported for a given year and
the calculated number of children. I top-code the number of adults and children at four and two
people respectively. Based on categorical income information in the data, I obtain indicators for
households being in a low, middle or high income group. Households are assigned to a low income

20Table A.3 in appendix A.1 replicates the preferred speci�cation discussed in section 1.6 focussing on tenants and
owners respectively. The e�ects are broadly similar for both types of households. The e�ect of income and the
size of the household seem to be more pronounced for tenants than for owners. A rigorous way to deal with the
selection concern would be to apply a selection model (Heckman, 1979), which is beyond the scope of this study.

21The exception is date of birth, which is also available for all children living in the households.
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group if they have less than 1, 500 euros, to a middle income group if they earn between 1, 500

and 3, 500 euros and a high income group if they earn more than 3, 500 euros per month.22 I also
generate a variable whether a household has a job based on occupation information available
in the data. Binary indicator variables whether the household has a high-school degree (the
German “Abitur”) and possesses the dwelling he lives in, in the year the survey is conducted, can
be obtained from the survey directly. I assume that these variables have stayed the same between
2006 and 2010.

Only minor changes have to be made to prepare dwelling characteristics for the �nal analysis.
To obtain an indicator of the relative size of the dwelling, I �rst calculate for each dwelling
the relative deviation from the mean dwelling size (in square metres) over the entire sample. I
then generate an indicator whether the dwelling belongs to the group of small, medium or large
dwellings based on the terciles of the distribution.

1.5.2 Generation of e�iciency states

To generate the e�ciency states, si,t, I make use of the simpli�ed fuel requirement calculation
developed by Loga et al. (2005). Their calculation procedure has been designed to provide good
approximations of the amount of fuel that will be consumed in a given dwelling based on limited
input data. Instead of gathering as much and detailed information on the dwellings’ characteristics –
such as the thermal properties and thickness of all components of the thermal shell – as possible,
their approach is based on data that is a) easy to observe in practice and b) informative on probable
essential physical properties of the dwelling.

They develop three procedures that are capable of mapping this limited input data into the
essential dwelling properties needed for the calculation of fuel requirements. These include the
approximation of the areas of the components of the thermal shell, the de�nition of generalised
U-values, indicating the quality of the thermal shell, and the de�nition of e�ciency indicators of
the installation engineering, that determine the e�ciency of the production and distribution of
heat respectively. While the approximation of areas of the components of the thermal shell is based
on an empirical analysis of more than 4, 000 existing dwellings, do the authors refer to existing
literature and standards for the de�nition of the remaining two procedures. The generalised
values are de�ned for di�erent construction years and types. In comparisons of fuel requirements
calculated using the simpli�ed procedures with those resulting from a full engineering model,
the authors �nd their approximations to perform well (Loga et al., 2005). The median percentage

22The reduction of the number of income groups is convenient to a) ensure a su�ciently large number of observations
in each income bin and b) reduce the number of variables included in the �nal regression. Unreported results
con�rm the robustness of the main empirical �ndings towards alternative de�nitions of income bins.
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deviation between the simpli�ed and the standard model is 1 % and the standard deviation at most
15 %.

The simpli�ed calculation procedure developed by Loga et al. (2005), provides an opportunity
to generate fuel requirements based on the dwelling characteristics observed in the primary
dataset. The generation process implies that substantial information is added to the crude data.
This information is drawn from standard engineering knowledge on the calculation of fuel
requirements as well as the speci�c approximations provided by the authors. Ultimately, the
e�ciency state, si,t, a quantity predicting the amount of kilowatt hours the dwelling consumes
in a year, per square metre and degree temperature increase, can be obtained. Di�erent to the
original input data, this can be used to relate household behavior and observed fuel demand in a
theoretically consistent way.

To generate the fuel requirements, I modify the original program only at one point. I disable a
technical adjustment of the fraction of time and area that are actually being heated, which is based
on the quality of the dwellings’ thermal insulation. This ensures that the generated e�ciency
states are mere indicators of the thermal performance of the dwelling. All behavioral reactions to
variations in the e�ciency level of the dwellings, are exclusively captured by the utility parameters
to be estimated in the empirical analyses.23

Unfortunately, the dwelling characteristics, observed in the primary dataset, miss multiple
inputs required in the simpli�ed fuel requirement procedure. To run the program, I impute the
missing data, referring to plausible values obtained from the authors’ analyses and other external
sources where possible. Importantly, all imputations are based on identical procedures to preserve
the property of the resulting fuel requirements to indicate the relative level of e�ciency of the
dwelling.

Clearly, the lack of required input data introduces noise into the generated variables. It will
result in di�erences between the predicted fuel requirements and the actual consumption, beyond
those intrinsic to the engineering model. If this error is correlated to explanatory variables in
a systematic way, it will bias the resulting parameter estimates. This concern introduces an
additional reason for the inclusion of a technical adjustment factor that can correct the e�ciency
variables for some of these e�ects where they exist. In the empirical analysis below I assume the
remaining error after inclusion of the technical adjustment factor to be uncorrelated to explanatory
variables.

23All �les that are used for the calculation of the fuel requirements are provided in the supplementary material to
this article. It also contains a detailed description how the �les used for the generation are obtained based on the
original program provided by Loga et al. (2005) as well as how it can be applied to the data.
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I generate household speci�c fuel requirements for every household observed between 2002 and
2008. I apply two types of outlier corrections on the generated data, to avoid that empirical results
are driven by extremely large or small values. A detailed discussion of the procedures used is
provided in appendix A.3.1. Columns (7) to (10) of table A.5 in appendix A.1 verify that the outlier
correction does not imply a selection on household or dwelling characteristics. Robustness checks
reported in columns (6) and (7) of table A.3 in appendix A.1 con�rm that the outlier corrections
have no qualitative e�ect on the results of the empirical analysis conducted in section 1.6.

Figure 1.1 plots the distribution of the generated fuel requirements in the �nal sample between
2006 and 2008. The distribution of the generated fuel requirements is bimodal with a large density

Figure 1.1: Distribution of generated fuel requirements

of fuel requirements around 250 and 500 kWh/m2 and very few predictions of fuel consumptions
around 400 kWh/m2. The bimodality results from a strong e�ciency increase for dwellings
constructed after 1969. More generally, the construction year is the most important predictor
of the dwellings’ e�ciency. Appendix A.3.2 provides a detailed discussion of the generated fuel
requirements.
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1.6 Empirical analysis

Equations (1.20) and (1.19) are estimated using the OLS and Poisson estimator, respectively. Year
�xed e�ects are included in all regressions and the standard errors are clustered on the household
level. The empirical analysis considers households’ demand conditional on the technology available
to the household. That is, it takes a short-run perspective, in which the technology cannot be
changed by the household.

Table 1.1: Coe�cients of naive regressions a

Dep. Var: τdi,t (1) (2) (3)

Income:
< 1, 500 e -0.259*** -0.324***

(0.052) (0.053)
≥ 3, 500 e 0.144*** 0.171***

(0.034) (0.031)
log(ci,t) -0.335*** -0.370***

(0.025) (0.026)
Constant 1.823*** 3.556*** 3.723***

(0.024) (0.131) (0.138)

Observations 2,476 2,838 2,476
R-squared 0.054 0.094 0.159

Estimator OLS OLS OLS
a Columns (1) to (3) of the table report estimation results

from ordinary least squares (OLS) regressions on di�erent
speci�cations of equation (1.20). Year �xed e�ects are
included in all regressions and the standard errors are
clustered on the household level and reported in paran-
theses. Statistical signi�cance at a 1 %, 5 % and 10 % level
of con�dence is indicated by three (***), two (**) and one
(*) asterisks, respectively.

Table 1.1 reports results from OLS regressions of τdi,t on households’ income, marginal cost
of producing thermal comfort, ci,t, a constant and year �xed e�ects, respectively. Similar to the
previous literature that has graphically analysed the ratio of actual and predicted consumption with
respect to both economic variables (see discussion in section 1.2), the regressions do not control for
socioeconomic characteristics of the household or potential errors in the engineering prediction.
Not surprisingly, the results mirror those of the previous studies. They show a substantial impact of
income and marginal heating cost on households’ behavior. Column (1) indicates that households
in the low income group consume a mean temperature level 25.9 % below those in the middle
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income group. Richer households in the high income group are found to demand mean indoor
temperatures 14.4 % above the middle income group. Column (2) con�rms that households reduce
their consumption of indoor temperature when the marginal cost of production increase. The
elasticity is estimated to be−0.34. The results do not change substantially if income and marginal
heating cost are analysed jointly, as indicated by column (3).

While these results are intuitive, the regressions might be overly simplistic. For instance,
preferences for thermal comfort might vary across di�erent types of households. If they vary in
a systematic way with household characteristics that are correlated with household income or
the e�ciency of the dwelling, the estimates reported in table 1.1 will be biased and inconsistent.
Additionally, the discussion in section 1.4 has shown, that measurement error in the variable,
si,t, is a potential problem that has to be investigated in the empirical analysis. A virtue of the
regression framework developed in section 1.4 is, that it makes it straight forward to extend the
analysis to deal with such problems.

In column (1) of table 1.2, I allow households’ temperature choices to depend on the age, employ-
ment status, education level and income group of the survey respondent. I also include indicators
for the number of adult persons and children living in the household and whether he owns the
dwelling he lives in. Because households’ preferences for high mean indoor temperatures might
also vary with the size of the dwelling,24 a categorical variable indicating whether the household
lives in a dwelling that is smaller or larger than average is also added to the regression equation.
The inclusion of these control variables has a substantial impact on the estimated coe�cients on
income and the marginal cost of production. The e�ect of income becomes substantially smaller.
The low income group is now estimated to consume mean indoor temperatures 9.3 % below the
average income group. The e�ect is signi�cant at a 5 % level. The point estimate on the high
income group now indicates only a 2.0 % increase in consumption for rich households, which
is statistically insigni�cant. In contrast, the estimated price elasticity stays highly signi�cant
and almost doubles to −0.63. A household with marginal cost 1 % above an otherwise identical
household is expected to consume a 0.63 % lower mean indoor temperature on average.

The inclusion of household characteristics substantially increases the variance explained by
the regression model, which almost triples from 16 % in column (3) of table 1.1 to 45 % in the
�rst column of table 1.2, as indicated by the R2. The coe�cients on household characteristics are
intuitive and consistent with earlier results reported, e.g., by Meier and Rehdanz (2010) and Risch
and Salmon (2017). For instance, older households are found to choose higher indoor temperatures

24While a low mean indoor temperature in a small dwelling implies, that households are likely to experience this lack
of thermal comfort for a signi�cant amount of time during the day, the household might have the opportunity to
avoid some rooms that are not heated if he lives in a rather large dwelling. This would imply, that a high mean
indoor temperature is valued less by a household living in a large dwelling.
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Table 1.2: Estimated coe�cients of the full regression model a

Dep. Var: τdi,t (1) (2) (3) (4)

Income:
< 1, 500 e -0.093** -0.076* -0.099**

(0.044) (0.041) (0.042)
≥ 3, 500 e 0.020 0.011 0.024

(0.029) (0.026) (0.025)
log(ci,t) -0.628*** -0.663*** -0.692***

(0.027) (0.043) (0.039)
age:
30− 39 0.096 0.060 0.063

(0.065) (0.062) (0.061)
40− 49 0.116* 0.083 0.062

(0.064) (0.059) (0.059)
50− 59 0.222*** 0.135** 0.118**

(0.063) (0.059) (0.058)
≥ 60 0.269*** 0.142** 0.123**

(0.067) (0.062) (0.061)
# adults:
2 0.181*** 0.175*** 0.138***

(0.039) (0.033) (0.033)
3 0.227*** 0.225*** 0.181***

(0.048) (0.041) (0.041)
≥ 4 0.269*** 0.216*** 0.154***

(0.057) (0.053) (0.053)
# children:
1 0.076* 0.048 0.031

(0.043) (0.039) (0.040)
≥ 2 0.116*** 0.073* 0.037

(0.042) (0.038) (0.039)
Is employed 0.011 -0.036 -0.029

(0.034) (0.030) (0.029)
Has Abitur 0.004 0.029 0.027

(0.026) (0.024) (0.023)
Is owner 0.248*** 0.035 0.047

(0.037) (0.035) (0.033)
Size of the dwelling:
Small: < 1st tercile -0.257*** -0.107*** -0.105*** -0.020

(0.037) (0.035) (0.034) (0.033)
Large: > 2nd tercile 0.188*** 0.166*** 0.170*** -0.017

(0.031) (0.030) (0.028) (0.027)
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Table 1.2 continued from previous page
Type of the dwelling:
Row house -0.181*** -0.185*** -0.066***

(0.027) (0.025) (0.025)
Multi-family dwelling -0.293*** -0.267*** -0.166***

(0.055) (0.057) (0.055)
# apartments:
4− 6 -0.201*** -0.224*** -0.169***

(0.057) (0.059) (0.055)
7− 12 -0.225*** -0.280*** -0.196***

(0.058) (0.059) (0.056)
≥ 13 -0.290*** -0.297*** -0.282***

(0.072) (0.076) (0.066)
Construction year:
≤ 1918 0.013 0.032 -0.283***

(0.051) (0.048) (0.047)
1919− 1948 -0.109** -0.053 -0.374***

(0.048) (0.046) (0.044)
1949− 1957 -0.072 -0.043 -0.287***

(0.053) (0.051) (0.051)
1958− 1968 -0.069 -0.032 -0.278***

(0.045) (0.044) (0.042)
1978− 1983 0.091** 0.087** 0.170***

(0.046) (0.044) (0.042)
1984− 1994 0.038 0.018 0.222***

(0.047) (0.046) (0.041)
1995− 2001 0.018 -0.031 0.346***

(0.048) (0.046) (0.039)
≥ 2002 -0.157*** -0.198*** 0.201***

(0.059) (0.056) (0.048)
Type of heating system:
gas heating on the �oor -0.035 -0.050* -0.031

(0.029) (0.029) (0.029)
oven 0.013 0.070 0.036

(0.094) (0.083) (0.085)
Has modernised:
Thermal shell 0.038 0.034 0.309***

(0.035) (0.032) (0.031)
Windows 0.040 0.028 0.075**

(0.029) (0.028) (0.032)
Heating system 0.040 0.006 0.099***

(0.028) (0.026) (0.029)
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Table 1.2 continued from previous page
log(HDD) 0.064 0.030 0.106

(0.111) (0.111) (0.111)
Fuel type:
Oil 0.007 -0.002 -0.028

(0.029) (0.027) (0.028)
Long distance heat -0.150** -0.148*** -0.103*

(0.061) (0.052) (0.053)
Constant 4.571*** 4.633*** 5.175*** 1.055

(0.148) (0.950) (0.934) (0.902)

1/1+β̂ci,t 2.967*** 3.250***
(0.378) (0.417)

Observations 2,310 2,254 2,256 2,778
R-squared 0.451 0.557 – 0.446
Estimator OLS OLS Poisson OLS

a The table reports estimation results from ordinariy least squares (OLS) and Poisson regressions of
equations (1.20) and (1.19) respectively. Year �xed e�ects are included in all regressions and the standard
errors are clustered on the household level and reported in parantheses. Statistical signi�cance at a 1 %,
5 % and 10 % level of con�dence is indicated by three (***), two (**) and one (*) asterisks, respectively.

than their younger counterparts. The e�ect is not linear. While the temperature choice is the same
across young households, does the mean indoor temperature in the dwelling increase substantially
when households older than 50 years are considered. Larger households are also found to consume
higher mean indoor temperatures than smaller ones. The e�ect is strongest when moving from one
to two person households. In that case, the mean indoor temperature is estimated to increase by
18.1 % in the considered speci�cation. Further increases of the household size have substantially
smaller e�ects on consumption. Also the presence of children has a weaker e�ect. Having one or
at least two children is estimated to increase the mean indoor temperature by 7.6 % and 11.6 %
respectively.

While ownership is found to have a strong signi�cant e�ect on temperature consumption, the
coe�cients on the employment status and education level are insigni�cant.

In column (2) of table 1.2, I also allow for measurement errors in the generated production cost
as described in section 1.4. The adjustment factor, λ(xλi,t,β

λ, ελi,t), is modelled as a function of
the type of the dwelling (e.g., single home, detached vs. multi-family dwelling), the number of
apartments, the construction year, the fuel and heating system type used, the logarithm of the
heating degree days in the given year and whether the thermal insulation of the dwelling, the
windows or the heating system have been modernised. Comparing the results of columns (1) and
(2) clari�es the importance of accounting for potential errors in the generation of si,t. The impact
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of income decreases slightly, turning the coe�cient insigni�cant at a 5 % con�dence level. The
estimated price elasticity decreases slightly to −0.66. A more substantial impact of including the
adjustment factor can be observed for the estimated coe�cients on household characteristics.
While most coe�cients keep the same sign and remain statistically signi�cant at a 5 % level of
con�dence, the sizes of the coe�cients are reduced. For example, the estimated e�ect of being
older than 60 is reduced by almost one half to 0.14. The impact of the number of adults remains
fairly stable, but no statistically signi�cant e�ect can be found for children anymore. The point
estimates for having one and two children is reduced to 4.8 and 7.3 % respectively. Employment
status and education level remain insigni�cant. However, having a job is now estimated to have a
negative e�ect on the mean temperature choice, consistent with employed people reducing their
temperature level while they are at work. Most remarkably, the estimated coe�cient on ownership
collapses once the adjustment factor is included. While column (1) indicates that owners consume
24.8 % higher indoor temperatures, is the coe�cient reduced to 3.5 % and statistically insigni�cant
in column (2). That is, owners do not have stronger preferences for thermal warmth or more
wealth allowing them a higher consumption level, as one would conclude from the regression
results of column (1), but they tend to live in dwellings for which the overprediction of si,t is
smaller. The lower e�ciency yields a higher implied indoor temperature, τdi,t, as the dependent
variable. In regressions that do not account for the potential measurement error, this increase
in the dependent variable is erroneously attributed to the ownership status instead of dwelling
characteristics. This highlights the importance of accounting for potential measurement errors
when using engineering predictions of e�ciency states in such regression analyses. Approaches
ignoring the possibility of systematic errors in the engineering model beyond the behavioral
assumptions made are likely to obtain biased e�ects of household characteristics and economic
variables on household behavior.

Column (3) reports results from a poisson estimation of equation (1.19), which has recently been
argued preferable over the estimation of equations with log dependent variables by ordinary least
squares (Silva and Tenreyro, 2006; Gould, 2011). The results indicate that the use of the Poisson
estimator yields results qualitatively identical to those of obtained by OLS. While some changes
in the estimated coe�cients can be observed, such as a stronger e�ect and a resulting higher
signi�cance level for low income households, the results are broadly robust. I favor the linear
speci�cation for its simplicity and prevalence that allows many researchers to quickly understand
and reproduce the results. Tables A.1 and A.2 in appendix A.1 provide results of all speci�cations
using the Poisson estimator.25

25Note that the advantages of the Poisson estimator include its emphasis of the functional relationships imposed on
τ∗(xτi,t,β

τ , ετi,t) and λ(xλi,t,β
λ, ελi,t), which I explicitly state in equations (1.17) and (1.18), as well as its ability

to easily calculate correct partial e�ects on the levelized dependent variable. The fact that the regression model
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Table 1.2 allows some analyses how the precision of the engineering prediction correlates
with observable characteristics of the dwelling. It reports regression coe�cients of variables that
determine the size of the adjustment factor λ(xλi,t,β

λ, ελi,t).
As discussed in section 1.4, the mere coe�cients do not re�ect the partial e�ects of the respective

dwelling characteristics on the adjustment factor λ(xλi,t,β
λ, ελi,t). They have to be adjusted by the

term 1/1+β̂c to correct for the countervailing e�ect of λ(xλi,t,β
λ, ελi,t) on the dependent variable,

τd, via households’ rebound behavior. The estimates of the correction term, reported in the table,
indicate that the size of the coe�cients should almost be tripled, if they are to be interpreted in
their e�ect on the adjustment factor λ(xλi,t,β

λ, ελi,t). Consider for instance how the adjustment
of the predicted to the true e�ciency state varies with the type of the dwelling. The base group
is a single or two-family detached dwelling. The results indicate that the adjustment factor for
a row house is substantially smaller than for the base group. The coe�cient on row houses is
−0.181, implying that the true reduction of the adjustment factor when considering a row house
instead of a single or two-family detached dwelling decreases by 0.181 · 2.967 ≈ 52.7 %. Since
λ(xλi,t,β

λ, ελi,t) = 1 would imply that the e�ciency state is not adjusted, the overprediction of
the e�ciency state is larger for the row house than for the detached dwelling.26 Clearly, these
are substantial e�ects. The adjustment factor, λ(xλi,t,β

λ, ελi,t), is even smaller for multi-family
dwellings. Similarly, the overprediction of the e�ciency state is more severe for dwellings with
more apartments.

A reasonable explanation for these patterns lies in the simpli�ed fuel requirement calculation
applied in this study and described in section 1.5.2. It has been developed primarily for the use in
single-family dwellings. Consequently, speci�cs of dwellings with multiple apartments, such as
heat gains from neighbouring apartments, are not well considered. The result is a larger error in
the predictions for these dwellings the model is not well suited for. This reasoning also explains
the di�erence of the discussed results, to the �ndings by Knissel and Loga (2006), who identify the
overprediction in dwellings with more apartments to be less severe than in smaller dwellings.27

The crucial di�erence of their study is that they use fuel requirements calculated based on detailed
audits by a certi�ed expert for each individual site, instead of a simpli�ed procedure that builds on

does not allow to identify level e�ects of covariates on the temperature choice and adjustment factor, discussed in
section 1.4, substantially reduces the attractiveness of the latter property.

26Unfortunately, the model does not allow the determination of the absolute level of the adjustment. The reason is,
that the intercept of the adjustment factor λ(xλi,t,β

λ, ελi,t) cannot be identi�ed separately from the intercept of
the optimal temperature choice, τ∗. See section 1.4 for details.

27Knissel and Loga (2006) study the ratio of predicted and actual fuel consumption. In contrast, I consider the inverted
ratio in my analysis. Consequently, an increase of the adjustment term in their analysis is equivalent to a decrease
of λ(xλi,t,β

λ, ελi,t) in the model presented here. In both cases, the gap between predicted and actual consumption
is larger.
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limited input data. The other additional variables included in both studies, the construction year
of the dwelling and an indicator for past modernisations of the thermal shell, have qualitatively
identical e�ects: The overprediction is more severe for dwellings constructed before the 1970’s (the
base group) and less severe thereafter as well as in dwellings that have received additional thermal
insulation.28 The results of column (4) reported in table 1.2 replicate the study of Knissel and Loga
(2006) more closely, by keeping only variables a�ecting the overprediction of the e�ciency state
in the regression. Comparing the results of regressions (2) and (4) indicates, that also ignoring
household characteristics in the estimation of the adjustment factor, λ(xλi,t,β

λ, ελi,t), leads to
biased estimates. The e�ects of dwellings’ construction year and past modernisation activities get
stronger, the dwelling type, the number of apartments and the size of the dwelling show weaker
e�ects. This emphasizes again the importance of a regression framework that allows to jointly
analyse households’ behavior and the patterns of overpredictions of the e�ciency state.

Finally, a limitation of the regression framework adopted, also emphasized in section 1.4, is that
it does not allow to identify separate e�ects of one variable on the temperature choice and the
adjustment factor. While most variables considered in the empirical analysis can plausibly be
assumed to a�ect only either of the two, this is a problem for the interpretation of the estimated
e�ect of the dwelling size, m. As argued before, it might a�ect household preferences for mean
indoor temperatures. However, the positive relationship between the dependent variable and the
dwelling size reported in table 1.2, is inconsistent with the idea that households living in larger
dwellings have lower valuations of high mean indoor temperatures over the entire dwelling. In
terms of the adjustment factor, λ(xλi,t,β

λ, ελi,t), the estimated coe�cient would imply that the
engineering model predicts the e�ciency levels more precisely for larger dwellings. The correct
interpretation of the dwelling size thus remains obscure. It is an interesting question for future
research to develop models that allow to separately identify the e�ects of one covariate on both,
the temperature choice as well as the adjustment factor.

1.7 Conclusion

In this paper, I showed how engineering knowledge on the relationship between household
behavior, technical characteristics of the dwelling and fuel demand can be used to improve
econometric analyses of households’ energy consumption. For this purpose, I made three major
contributions. First, I proposed the use of a simpli�ed fuel requirement calculator to generate state

28An exception are the most recent dwellings constructed after 2003. For these the overprediction of the e�ciency
state is particularly severe.
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variables – indicating the amount of kilowatt hours per square metre the dwellings require to
increase the mean indoor temperature by one degree – based on the limited dwelling characteristics
observed in the survey data. The generation of these e�ciency states enriches the available data
with substantial information contained in the engineering model. It allows to relate technological
e�ciency to behavior in a succinct way and supersedes the need to estimate separate coe�cients
on imperfect proxies for energy e�ciency. This greatly simpli�es the regression equation and
allows clear interpretations of the estimated parameters. Importantly, while the fuel requirement
calculator of Loga et al. (2005) has been well suited for the empirical data at hand, the more
recent “EPISCOPE-TABULA” project has developed consistent building typologies for 20 European
countries Loga et al. (2016). This allows future researchers across Europe to use the dwelling
information available in micro datasets in a similar way as suggested in the current project.

Second, I derived the concrete functional form, relating the e�ciency state of the dwelling and
household behavior to fuel consumption, from the engineering model used by Loga et al. (2005)
and showed that it is linear in households’ temperature choice. I thus provided a justi�cation
for the linearity assumption that has often been made implicitly in the prior literature. It is an
interesting question for future research to explore whether and how this assumption can be
relaxed.

Finally, the resulting regression framework can be extended to account for potential systematic
errors in the engineering model. The results of the empirical analysis suggest, that it is important
to allow for such errors, as estimates of household characteristics are sensitive to the inclusion of
dwelling characteristics used to model them in the empirical application.

The empirical results indicate that the marginal cost of temperature consumption as well as
household characteristics have a substantial e�ect on the consumption of thermal comfort. The
price elasticity is estimated 0.66 in the preferred speci�cation. There is only a weak positive e�ect
of income on household behavior. In contrast, households’ age and size are found to have strong
positive e�ects.

There are several ways how future research can apply the presented framework and extend it to
more detailed analyses. Researchers might use it to evaluate natural experiments and controlled
�eld studies on the e�ect of improvements in energy e�ciency on household behavior. From
a modelling perspective, it might be interesting to introduce the framework into simultaneous
equation models. Mertesacker (2020a) uses the framework to specify and estimate a full household
production model of heat demand. Instead of specifying τ∗i,t in a reduced form, he explicitly derives
it from a structural model. This allows him to identify separate e�ects of variables on household
behavior and the size of the adjustment factor and thus the partial e�ects on the levels of the
respective quantities.
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2 A structural analysis of households’ heat
consumption

2.1 Introduction

Residential energy demand for space heating is a major contributor to the overall energy demand
in the economy. In 2018 the residential energy sector was responsible for 26.1 % of total �nal
energy consumption in Europe. Roughly 63.3 % of the energy was consumed to heat residential
dwellings (Eurostat, 2020). Consequently, understanding the factors that determine households’
heat demand is important for policy makers interested in reducing energy consumption of the
economy to meet climate targets.

The study of households’ fuel demand for heating is complicated by the fact that it depends on
the behavior of households living in a dwelling as well as on characteristics of the dwelling itself.
While economists are experienced in the analysis of households’ choices, it is a common exercise
for engineers to predict the amount of fuel required to heat a dwelling given a (�xed) household
behavior. This coexistence of di�erent approaches to the study of residential heat demand has
frequently raised demand for more interdisciplinary work (Lutzenhiser et al., 2010; Estiri, 2015),
which has been addressed rather reluctantly to date.1

In this paper, I use the household production model as conceptual framework that links house-
holds’ utility from the good “indoor temperature” to a technology that is used to produce that
good using fuel as input in the production process. I specify households’ utility such that they
experience satiation e�ects in temperature consumption and never choose temperature levels
above an ideal temperature level that yields blissful thermal comfort.2 The input demand function
for fuel for a given temperature level is taken from Mertesacker (2020b), who shows how a linear

1Some energy economy models have tried to combine both approaches in the attempt to predict nationwide energy
consumption more reliably (Bataille et al., 2006; Hourcade et al., 2006). However, the economics included in these
models to date is rather basic. A discussion of econometric models that have tried to use engineering knowledge in
the empirical analysis is provided by Mertesacker (2020b).

2Throughout the article, I refer to the ideal temperature level whenever I mean the satiation point in households’
temperature consumption, which is identical to the consumption level households would choose if they did not
face monetary constraints. This is distinct from the optimal temperature levels, which re�ect households’ actual
choices. See sections 2.2.2 and 2.2.3 for explicit treatments of the relationship between the two temperature levels.
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functional form can be derived from engineering knowledge and be used in empirical applications.
Combining both elements with a budget constraint, I thus obtain a theoretically consistent model
that imposes structure on the household behavior, that is based on economic as well as engineering
reasoning, respectively. I solve the theoretical model for households’ optimal temperature choice
to derive a regression equation from which the model parameters can be estimated. Following
Mertesacker (2020b), I control for errors in the engineering model in the empirical application. The
estimates of households’ preferences for thermal comfort indicate, that larger and more educated
households value high mean indoor temperatures more. In contrast no signi�cant e�ect of income
on household behavior can be found.

This paper makes two major contributions to the literature analysing households’ demand for
thermal heat: it develops a structural model of households’ heat demand and provides a novel
approach to the estimation of rebound e�ects. First, the model shows that a household production
framework can be used to combine economic and engineering knowledge in a theoretically
consistent way to study households’ heat demand empirically. The structural model implies that
the estimated parameters have a clear economic interpretation in terms of households’ utility from
thermal comfort. The model builds on a previous approach by Mertesacker (2020b), who shows
how engineering knowledge can be used for the empirical analysis of households’ temperature
choices. In addition to the structure he imposes on the technology households use to produce
thermal comfort, the approach followed in this research also models households’ utility explicitly
and in a way that satiation e�ects in thermal warmth consumption are introduced. This allows to
explicitly derive households’ optimal behavior from a theoretical model, instead of relying entirely
on reduced form equations to specify households’ energy demand. The additional structure helps
to extend the model by Mertesacker (2020b). Concretely, e�ects of one variable on households’
utility and on the size of an error in engineers’ predicted fuel consumption can separately be
identi�ed, as well as the level of the temperature choice be predicted. Furthermore, the model
allows to predict the level of households’ temperature choice.

Several studies have recognized the relevance of the household production framework for the
empirical analysis of residential heat demand before.3 However, to my knowledge, this is the
�rst paper to fully specify and estimate a household production model of heat demand. Most
approaches have relied on reduced form equations to specify the demand and supply of heat
(Scott, 1980) or only used engineering knowledge to impose some structure on the production
technology (Hsueh and Gerner, 1993; Mertesacker, 2020b).4 Dubin et al. (1986) de�ne concrete

3See for instance Scott (1980) for a careful exposition of the interdependencies of households’ utility for thermal
comfort, the production technology, fuel prices and income.

4See Mertesacker (2020b) for a review of the literature introducing engineering knowledge into the econometric
analysis of heat demand.
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functional forms for the utility and input demand function, set up households’ optimisation
problem and derive the �rst order condition. However, instead of deriving a regression equation
from the associated Marshallian demand for indoor temperature, they regress the ratio of actual
and predicted fuel consumption, obtained from an engineering model, on households’ income and
a measure of the marginal heating cost. Most closely related to the approach of this paper, is the
work by Anderson and Kushman (1987). They explicitly model satiation e�ects in households’
utility from thermal warmth and combine it with a simple heat production function based on
engineering principles. However, the resulting decision model cannot be solved explicitly. One
advantage of the household production model presented in this paper is that it makes reasonable
assumptions to obtain a model of household behavior that is easy to solve, estimate and interpret.

The second contribution of this paper is to provide a novel approach to the estimation of
households’ elasticity with respect to changes in the marginal cost of heat consumption. Previous
work has primarily estimated elasticities based on reduced form energy demand equations.5

A �nding of the literature is, that there is some heterogeneity in households’ sensitivity to
changes in the marginal cost of temperature production (Madlener and Hauertmann, 2011; Aydin
et al., 2017). In particular, richer households are found to be less elastic than poorer households.
The studies refer to the greater proximity of richer households to the ideal temperature level
as one potential explanation for this pattern (Aydin et al., 2017). Implicitly, this assumes that
because richer households have less scope to improve their temperature choice, they increase their
temperature consumption (weakly) less after a cost reduction, such that the change in consumption
relative to the pre-change consumption level gets smaller (implying a lower elasticity). In this
paper, this idea is explicitly modelled by the introduction of a satiation point into households’
utility function. I show that the size of the elasticity, that can be derived from the theoretical
model, exclusively depends on households’ temperature choice relative to the ideal temperature
level. The heterogeneity in households’ elasticity is thus understood as a natural outcome of the
preferences and cost that determine their temperature choice. Given the estimated structural
model, it is straight forward to predict individual temperature choices and consequently elasticities
for every household in the sample. The results show substantial heterogeneity in the predicted
price elasticities across households. The mean price elasticity is estimated to be −0.302, but the
distribution is right-skewed with many predictions closer to zero and some substantially larger in
absolute value. This implies that the median elasticity is only −0.214.

The paper proceeds as follows. Section 2.2 sets up and solves the household production model,

5See Risch and Salmon (2017) for a recent review of price elasticities estimated in energy demand equations. If changes
in the e�ciency level of the dwelling are considered, households’ reactions are often interpreted as (direct) rebound
e�ects (take-back e�ects). See Greening et al. (2000), Sorrell et al. (2009) and Madlener and Turner (2016) for reviews
of this literature.
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based on which the empirical speci�cation is developed in section 2.3. The data is described in
section 2.4, before section 2.5 presents the empirical analyses. Section 2.6 concludes.

2.2 A household production model of residential heat demand

The economic literature has long analysed households’ heat demand using household production
models. These models suggest to consider thermal comfort as a commodity households have
to produce before consumption using (market) goods. Fuel, the quantity typically observed in
empirical studies, is thus viewed as a mere input in the production of the desired commodity, that
directly enters households’ utility function.6

Formally, assume in every period, t, households, i, consume thermal comfort from the ambient
temperature level and other features of the rooms they inhabit stored in a vector τi,t. Together
with the consumption of a general good,Gi,t, this yields a period utility u(τi,t, Gi,t). They produce
thermal comfort using the production function W (Fi,t,Di,t). In the short-run the characteristics
of the dwelling, stored in the vector Di,t, are �xed, such that the amount of fuel, Fi,t, is the
only �exible input factor. Accordingly, the optimal input demand of fuel, I(τi,t,Di,t), is easily
obtained if the production function is invertible:

Fi,t = I(τi,t,Di,t) = W−1(τi,t,Di,t). (2.1)

The technology available to households constraints their choice set together with the budget
constraint:

Yi,t = pFi,tFi,t +Gi,t, (2.2)

where Yi,t denotes consumers’ per period income, pFi,t is the fuel price and Gi,t is the numeraire
good. Households maximise their utility subject to these constraints:

max
τi,t,Gi,t

u(τi,t, Gi,t) s.t. Yi,t = pFi,tFi,t +Gi,t

Fi,t = I(τi,t,Di,t).
(2.3)

It is straight forward to obtain the �rst order conditions characterising households’ optimal
choices. For example, let the variable τi,t,k from the vector τi,t denote a measure of the ambient
temperature level. The optimal trade-o� between τi,t,k and the consumption of other goods, Gi,t,

6See for instance Willett and Naghshpour (1987) for a general household production model of residential demand for
energy commodities. Gronau (1986) and Gronau (1997) provide surveys of the general theory of home production.
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is described as

∂u(·)/∂τi,t,k
∂u(·)/∂Gi,t

= pFi,t ·
∂I(τi,t,Di,t)

∂τi,t,k
≡ ci,t,k, (2.4)

where the left-hand side represents the marginal rate of substitution between the two goods and
ci,t,k denotes the marginal cost of temperature consumption.

The framework is very useful to keep households’ utility and technology conceptually distinct.
Equation (2.4) emphasizes that households’ technology enters the marginal cost of temperature
consumption, ci,t,k. Economic models that do not consider the role of technology include fuel
prices as the only determinant of households’ cost of temperature consumption and will therefore
attribute changes in demand that are due to changes in technology to changes in tastes (see Pollak
and Wachter, 1975)). This mixing up of preference and technology parameters substantially limits
their interpretability and consequently the insights that can be gained from the analysis as well as
the foundation it provides for the calculation of counterfactual policy scenarios.

The household production framework also emphasizes how economic and engineering knowl-
edge can contribute to the understanding of households’ energy demand, respectively. While
economists are used to the idea that choices are the outcome of utility functions being optimised
subject to constraints that agents face, engineers have substantial knowledge on the functional
form of I(τi,t,Di,t). The subsequent sections refer to both disciplines to specify households’
utility and input demand function and to derive an explicit solution for their optimal choices.
Section 2.2.1 starts with a description of the input demand function, which follows the speci�cation
derived by Mertesacker (2020b). Section 2.2.2 then discusses the functional form of the utility
function, before the model solution is derived and discussed in section 2.2.3.

2.2.1 The input demand for thermal comfort

Engineers have developed sophisticated models, that allow to predict the amount of fuel a dwelling
requires under given assumptions on households’ behavior. They use thermodynamic relationships
to map dwelling characteristics and households’ choices, stored in the vectorsDi,t and τi,t, into
a fuel demand. In terms of the household production model described in section 2.2, the models
thus provide very detailed descriptions of the input demand function I(τi,t,Di,t).

It is tempting to use this knowledge to specify the input demand function in an economic
analysis. Yet, the large number of variables and their potentially nonlinear interactions generally
make this a non-trivial task. In this paper, I follow the approach by Mertesacker (2020b) to
obtain an input demand equation based on engineering knowledge that can be used for the
empirical analysis of households’ heat consumption. The author simpli�es the representation of
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fuel requirement calculations by decomposing them into the generation of a measure si,t – that
summarizes all physical properties of the dwelling that are independent of household behavior –
and the calculation of the total fuel demand given the variable si,t and assumptions on household
behavior. Since si,t is independent of households’ individual choices a�ecting the amount of
heat that is demanded, it represents an indicator for the energetic e�ciency of the dwelling
that is comparable across dwellings. From an economic perspective, the aggregation of dwelling
characteristics into the measure si,t is part of the data generation. In contrast, the functional form
I(τi,t, si,t) describes the consequences of households’ choices on the amount of fuel that has to
be used and thus constraints his behavior.

Mertesacker (2020b) shows how a simpli�ed model by Loga et al. (2005) can be used to generate
e�ciency states based on limited input data frequently available in micro datasets.7 Based on the
physical relationships used in the same engineering model, he also derives a simple functional
form of the input demand function:

I(τi,t, si,t) = si,t ·mi,t · τi,t. (2.5)

The e�ciency state si,t indicates the amount of fuel in kilowatt hours (kWh) the dwelling requires
per square metre, m, to increase the mean indoor temperature over the entire heating period and
all rooms by one degree Celsius. The scalar variable, τi,t, captures the mean number of degrees
the entire dwelling is heated up over the entire heating period.8 The product in equation (2.5)
thus provides a prediction of the amount of fuel consumed in a dwelling as a function of a single
measure of dwellings’ energetic performance and and a single choice variable, which is easy to
introduce into an economic model. To study the decision households make in greater detail, the
next section lines out how the utility they receive from the consumption of a mean temperature
increase can be modelled.

2.2.2 Households’ utility from indoor temperature

The level of thermal comfort households experience is without doubt a function of numerous
interdependent features of all the rooms they inhabit. These include the temperature level of
the air and surfaces, the level of humidity and ventilation of the air as well as the degree to
which radiation from warm sources can be enjoyed.9 A formal speci�cation of the utility function,

7A discussion how the e�ciency states are generated is provided in section 2.4.
8Of course households’ mean temperature choice is a�ected by their choice of the indoor temperature consumed in

heated living areas as well as the fraction of the total area and daytime they heat, respectively. See Mertesacker
(2020b) for a detailed discussion of the factors determining the mean temperature choice.

9See for instance the standard DIN EN ISO 7730:2006-05 (German Institute for Standardization, 2006) for a detailed
characterization of conditions under which people enjoy thermal comfort. Greening et al. (2000) provide a discussion
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that can be used to solve and estimate a theoretical model of heat demand, cannot capture all
aspects of reality, but requires substantial simpli�cations over the true process that yields thermal
comfort. In this model, I assume that households’ utility function only depends on the mean
indoor temperature inside the dwelling.10

There are good reasons for focussing on indoor temperatures in a �rst approximation of reality
in economic analyses. First, it is of major importance for the level of thermal comfort households
enjoy (see German Institute for Standardization, 2006).11 Second, even though other variables
certainly a�ect the level of thermal comfort households experience, is the ambient temperature
level the crucial choice households’ actively make in a static environment during the heating
period.12 By setting the thermostat in all rooms of the dwelling, they can actively control the level
of thermal comfort consumed via the temperature level.13 In contrast, the degree of ventilation
or radiation cannot actively be adjusted in the short-run to achieve the desired level of thermal
comfort.14 Third, from a practical perspective, indoor temperatures are easy to comprehend
and operationalise for formal and empirical analyses. It is intuitive to most people how indoor
temperatures yield thermal comfort and which properties a utility function describing this process
should arguably have. It is even quite simple to measure temperature levels in various rooms of
the dwelling (or alternatively thermostat settings as a proxy), compared to the measurement of
ventilation behavior or the amount of warmth radiating from warm sources.

The presence of satiation e�ects is a distinctive feature of the utility received from indoor
temperatures. It implies that the marginal utility from the consumption of indoor temperatures
is not only decreasing, but turns negative for temperature levels above a satiation level, τ in,
that yields blissful comfort.15 Consequently, rational households never increase their indoor
temperature above the satiation level. One goal of the structural model of households’ decision

of factors a�ecting households’ level of thermal comfort in the context of economic models.
10See Dubin et al. (1986) and Anderson and Kushman (1987) for two related approaches that focus on temperature

choice as the main determinant of thermal comfort. Scott and Capper (1983) provide an early critique on such a
focus on (mean) temperature choices.

11In particular, humidity only has a minor in�uence on thermal comfort in moderate climates (German Institute for
Standardization, 2006, appendix F).

12This might be less clear during the summer period. In particular, ventilators might be used by households to make
high temperature levels more enjoyable (German Institute for Standardization, 2006, appendix G). This article
focuses on the consumption of thermal heat and thus on the heating period, when outside temperatures are
generally low.

13Thermostat settings are not necessarily identical to internal temperatures (Vine and Barnes, 1989), but are certainly
an important parameter for households to control the ambient temperature level

14In the long run, e.g., ventilation might be reduced to increase thermal comfort via modernisations of the thermal
shell, for instance by sealing potential leakages.

15Note, that the focus on mean temperature choices as the variable yielding thermal comfort, does not reduce the
validity of the satiation e�ects modelled. Households reach the point of blissful comfort, if the entire room is heated
up to the optimal temperature level, τ in, over the entire heating period. Only then would a further increase of
mean temperature consumption imply a reduction in households’ utility from thermal comfort.
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problem, is to introduce these properties into the empirical analysis allowing the identi�cation of
additional parameters and a theoretically consistent explanation for heterogeneity in households’
price elasticity.

Even though the presence of satiation e�ects is frequently acknowledged in the literature, it
is rarely taken seriously in applied work. For instance, Scott (1980) observes that the marginal
utility of thermal comfort turns negative for heat levels su�ciently large, but restricts his analysis
on the domain of strictly positive marginal utility for which he considers a utility function with
conventional properties. Similarly, Dubin et al. (1986) explicitly model households’ utility to
depend on the distance to an ideal temperature level, but only de�ne the utility function for
temperature choices weakly below the ideal level. The only other study that aims to explicitly
introduce a utility function with satiation e�ects into the econometric estimation of household
preferences for thermal comfort, that I am aware of, is provided by Anderson and Kushman (1987).
They consider household production models that use utility functions with quadratic, translog
and Diewert forms, respectively. Di�erent to the approach of this paper, they do not assume
temperature consumption and general goods to be additively separable in households’ utility
function and also allow general goods to enter households’ utility in a quadratic way. In addition,
Anderson and Kushman (1987) also estimate the bliss point empirically, instead of setting it to a
prede�ned level. The drawback of the �exible functional forms they choose, is that they are not
able to solve the resulting model for the Marshallian demands explicitly. As a result, the authors
have to manipulate the �rst order conditions to obtain an estimable regression equation.

I model households to receive a quasilinear utility from the consumption of general goods,
Gi,t, and the choice of a mean temperature increase, τi,t, over the outdoor temperature level,
τ outi,t .16 The utility households receive from the consumption of τi,t is assumed to be quadratic.
Utility is increasing up to a temperature increase, τ i,t, that results in the consumption of the ideal
temperature level, τ in, in the entire dwelling and over the full heating period:

u(τi,t, Gi,t) = βGGi,t − βτxτi,t(τ i,t − τi,t)
2. (2.6)

16I specify households’ utility as a function of temperature increases rather than temperature levels, for consistency
with the formulation of the input demand equation (2.5). The utility function and all results that follow can be
restated in terms of τ ini,t using the identity

τi,t = τ ini,t − τouti,t .

Analogously, the de�ned satiation level indicates the temperature increase when heating up to the ideal temperature
level, τ ini,t. That is,

τ i,t = τ in − τouti,t .
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The marginal utility of general goods, βG, is constant and equals the marginal utility of income.
Normalising it to unity therefore implies, that all utility values can be interpreted in monetary
terms. The marginal utility of temperature consumption is determined by the product of the row
and column vectors βτ and xτi,t of equal length. Households’ preferences for thermal warmth
are thus allowed to vary with observable characteristics in the vector xτi,t. The estimation of the
vector βτ containing the parameters βτi,t,k, measuring the e�ect of the k-ths variable in xτi,t on
households’ preferences for indoor temperature, is the essential purpose of the empirical analysis.

The use of a quasilinear function to model households’ utility from indoor temperature con-
sumption, provides a straight forward way to introduce satiation e�ects into the analysis. In
the model, the ideal temperature level is considered a universal value of humans temperature
sensation.17 Households vary only with respect to the discomfort that they receive from deviations
from that ideal level. This avoids identi�cation problems and clari�es the interpretation estimated
coe�cients have in terms of the theoretical model.18 The choice of a quadratic function is the most
parsimonious way to introduce satiation e�ects in temperature consumption into the economic
model. The resulting economic decision model is easy to solve, understand and interpret.

An implication of the quasilinear speci�cation is that income e�ects are excluded from the
theoretical model. This is generally considered a valid approximation if the expenditure for a good
is only a small share of total income (Vives, 1987). In Germany households spent on average 2.9 %
of their income on thermal heating in 2014 (Bach et al., 2018), such that absence of income e�ects
should not be too important. To control for income as an important household characteristic, I
include it in the vector of observable preference shifters, xτi,t, in the empirical analysis.

2.2.3 Model Solution

Since the input demand function (2.5) as well as the utility function (2.6), depend on the mean
temperature as the households’ only choice variable, both can be combined into a household
production model as described by equation (2.3). Households’ decision problem reduces to the
trade-o� between two goods, τi,t andGi,t, that is solved by the standard equation of their marginal
rate of substitutions and the respective price ratio as indicated by equation (2.4). The marginal

17This is consistent with the general conditions under which people enjoy thermal comfort de�ned in the standard DIN
EN ISO 7730:2006-05 (German Institute for Standardization, 2006). While these conditions vary with the context of
peoples activities (e.g., the bath or the bedroom), they are independent of any personal characteristics (such as their
age).

18Also note that while there is some consensus on general conditions under which people enjoy thermal comfort, used
for instance to specify the standard DIN EN ISO 7730:2006-05 (German Institute for Standardization, 2006), no
general rules describing the disutility experienced from deviating from an ideal temperature level exist. Accordingly,
it is a reasonable approach to �x the ideal temperature level based on available knowledge and empirically estimate
how households’ utility is a�ected by indoor temperatures below the optimal level.
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cost of a temperature increase, ci,t, are determined by the product of the fuel price, pFi,t, and the
marginal increase in fuel input associated to the additional consumption of τi,t. Given the input
demand equation (2.5), they have a simple form:

ci,t = c(si,t) = pFi,t · si,t ·mi,t. (2.7)

Households producing indoor temperature more e�ciently have a lower state variable, si,t, and
thus face lower marginal cost, c(si,t), in the consumption of τi,t. The linearity of the input demand
equation implies that c(si,t) is independent of the level of indoor temperature.

While the marginal utility of the linear good, Gi,t, is constant, the quadratic form of the utility
households receive from the consumption of indoor temperature implies, that the respective
marginal utility depends on the level of temperature consumption:

∂u(·)
∂τi,t

≡MU τi,t = 2βτxτi,t[τ i,t − τi,t] > 0 ∀ τi,t < τ i,t. (2.8)

Concretely, the marginal utility decreases at a constant rate in the level of temperature consumption.
A marginal increase of the temperature level consumed in the dwelling thus increases households’
utility only up to the ideal temperature increase, τ i,t, and decreases utility if it exceeds that level.
Since the marginal utility of general goods, Gi,t, is strictly positive, this implies that a rational
household never consumes τi,t > τ i,t.

Assuming an interior solution, the Marshallian demand of the temperature choice is easily
derived as

τ∗i,t = τ i,t −
βG

2βτxτi,t
· ci,t. (2.9)

Households’ temperature consumption equals the ideal temperature increase minus some function
that depends on the relative marginal utilities of the two goods and the marginal cost of a
temperature increase. Households with lower marginal cost or a higher valuation of thermal
comfort consume higher temperature levels. The ideal temperature level would only be consumed
if ci,t was zero or βτxτi,t in�nitely large.19

Considering the derivative of τ∗i,t with respect to ci,t clari�es that decreases in the marginal

19Note that the assumption of an interior solution implies that ci,t must not become too large relative to βτxτi,t, as
otherwise equation (2.9) would imply τ∗i,t < 0.
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cost of temperature consumption, increase the optimal temperature level at a constant rate:

∂τ∗i,t
∂ci,t

= − βG

2βτxτi,t
< 0. (2.10)

For households with higher valuation of thermal comfort adjustments after cost reductions are
smaller in magnitude than for households with a low valuation. Because their marginal utility
decreases more for a given temperature increase, a smaller adjustment of the temperature choice is
required to equate the marginal rate of substitution with the lower marginal cost in equation (2.4).

Furthermore, note that the size of the change in τ∗i,t associated to a drop in ci,t is independent
of the level of indoor temperature households consume. This directly results from the previous
observation that the decrease in MU τi,t associated to a temperature increase, is independent of
the level of indoor temperature (i.e. MU τi,t decreases at a constant rate). Accordingly, also the
size of the adjustment in τi,t required to balance both sides of equation (2.4) after a change in the
marginal cost of temperature consumption is independent of the level of indoor temperature. This
implies that, for larger τ∗i,t, the change in temperature consumption as reaction to changes in ci,t
decreases relative to the pre-change temperature level. Accordingly, households with higher τ∗i,t
are less elastic than households with low consumption levels.

Formally, the elasticity can be derived as

ετi,t,ci,t =
∂τi,t
∂ci,t

ci,t
τi,t

= − βG

2βτxτi,t
· ci,t
τi,t

. (2.11)

Observing from equation (2.9) that βG

2βτxτi,t
· ci,t = τ i,t − τ∗i,t, the elasticity can be restated as a

function of the optimal temperature choice, τ∗i,t, and the ideal temperature level τ i,t:

ετi,t,ci,t = −
τ i,t − τ∗i,t
τ∗i,t

. (2.12)

That is, the elasticity equals the negative of the percentage change in the temperature level when
moving from the current to the ideal temperature choice. This change will be small for households
located close to τ i,t and gets the larger the less thermal comfort households consume.20

Intuitively, the decrease in households’ elasticity in chosen temperature increases, τ∗i,t, results
from the presence of a satiation point, τ i,t, in households’ temperature consumption. For the
20If the distance to the ideal temperature level is su�ciently large, households get very elastic. Concretely, the model

implies the elasticity to be smaller than −1 if τ∗i,t < τi,t/2. In this case, the increase in temperature consumption
after a cost reduction is so large, that in total more money is spent on the consumption of thermal warmth and
the consumption of general goods, Gi,t, decreases. The substitution e�ect towards the consumption of indoor
temperature outweighs the income e�ect from the cost reduction for the good Gi,t.
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elasticity to be non-decreasing in the temperature choice, a necessary condition is that reactions
to changes in the marginal cost are stronger for higher pre-change levels of τi,t.21 However, this
is not reasonable to expect if a satiation point limits the extent to which temperature levels are
increased. If anything, the size of adjustments after price changes should decline as the scope for
improvements of the temperature level decreases. Consequently, an elasticity that declines in the
temperature choice is a reasonable outcome in situations in which satiation points exist. In the
presented model this is introduced by a utility function that implies adjustments of temperature
consumption after price changes that are independent of the pre-change temperature choice, as
outlined in the previous paragraphs.

Previous literature, studying rebound e�ects of households after e�ciency increases, has found
that richer households are less elastic towards changes in the price of heat consumption than their
poorer counterparts (Madlener and Hauertmann, 2011; Aydin et al., 2017). It refers to the greater
proximity of richer households to the ideal temperature level as one potential explanation for this
pattern (Aydin et al., 2017). The presented model rationalizes this idea and emphasizes that the
same reasoning also applies for any other factor that determines households’ temperature choice,
such that income might only be one of many variables able to create heterogeneity in households’
price responsiveness.

Theoretically, there is a wide range of elasticities that can result. The empirical identi�cation of
the unobservable true elasticity requires a) the theoretical model to correctly describe households’
behavior and b) the empirical model to identify the temperature level chosen by households. In
the next section, I develop an empirical model based on equation (2.9) and outline the estimation
procedure. The model allows to identify utility parameters and thus to predict households’
temperature choices and consequently their elasticity towards price changes.

2.3 Empirical specification

Inserting households’ optimal temperature choice, τ∗i,t, from equation (2.9) into the input demand
function I(τi,t, si,t,mi,t) in equation (2.5), the optimal demand for fuel, F ∗

i,t, can be derived.
Relating this to the observed fuel consumption, F di,t, a nonlinear regression equation can be

21This observation directly results from the de�nition of an elasticity, which is determined by the size of a temperature
change relative to the choice before the price change.
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obtained:

F di,t = F ∗
i,t = si,t ·mi,t · τ∗i,t(si,t;βG,βτ , ετi,t) (2.13)

= si,t ·mi,t ·

(
τ i,t −

βG

2βτxτi,t
c(si,t) + ετi,t

)
. (2.14)

The error ετi,t accounts for variations in Fi,t that cannot be explained by observed preference
shifters in the vector xτi,t or by changes in si,t, mi,t or pFi,t, determining the marginal cost of
temperature consumption c(si,t). Since there are no parameters to be estimated on the interaction
term si,t ·mi,t, an algebraically equivalent representation of the regression equation is

F di,t
si,tmi,t

≡ τdi,t = τ∗i,t(si,t;β
G,βτ , ετi,t) (2.15)

= τ i,t −
βG

2βτxτi,t
· c(si,t) + ετi,t. (2.16)

This representation clari�es that the model implicitly regresses households’ implied temperature
choice – which would have led to the observed fuel consumption according to input demand
function I(τi,t, si,t,mi,t) – on the temperature choice predicted by the economic model. It thus
emphasizes the goal of the analysis to study households’ temperature choice and the role of the
input demand function derived from the engineering model to link these unobserved choices to
observable fuel data.

In practical applications, e�ciency states, sei,t, obtained from an engineering model, are likely
to systematically overestimate the amount of fuel dwellings require per degree temperature
increase.22 This introduces measurement error in the dependent variable, τdi,t, as well as the
independent variable c(sei,t) of equation (2.16). To avoid biases in the estimated coe�cients, I
follow Mertesacker (2020b) to introduce a proxy, λ(xλi,t,β

λ, ελi,t), for the unobserved measurement
error in the empirical application. Concretely, it is assumed that there exists a function of covariates
stored in a vector, xλi,t, that can be used to adjust sei,t to the unobserved true e�ciency state of the
dwelling s◦i,t:

s◦i,t = λ(xλi,t,β
λ, ελi,t) · sei,t. (2.17)

22Engineering predictions of fuel consumption are known to systematically overpredict actual consumption (Sunikka-
Blank and Galvin (2012), Laurent et al. (2013)). Mertesacker (2020b) argues that – besides erroneous engineering
assumptions on household behavior – systematic overpredictions of si,t are likely to contribute to the gap between
actual and predicted consumption.
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Since engineering models typically overpredict actual consumption, λ(xλi,t,β
λ, ελi,t) is expected

to lie in the interval between zero and one for most households. A simple intercept, βλ0 , is able
to capture the general size of the gap between actual and predicted consumption. In addition,
dwelling characteristics are included in xλi,t to capture potential systematic variations in the size
of the overprediction. A failure to control for such systematic e�ects could imply household
characteristics, xτi,t, to be endogenous if they are correlated to elements in the vector xλi,t. In the
empirical analysis, I control for many dwelling characteristics such that the remaining unobserved
component of the measurement error ελi,t is arguably exogenous to xτi,t and neglectable.

To introduce λ(xλi,t,β
λ, ελi,t) into the empirical speci�cation, I assume it can be represented by

a linear function:23

λ(xλi,t,β
λ, ελi,t) = βλ0 + βλxλi,t + ελi,t. (2.18)

Introducing (2.18) and (2.17) into (2.14), the �nal regression equation is obtained:

F di,t = si,tmi,t ·
(
βλ0 + βλxλi,t

)
·

(
τ i,t −

βG
2βτxτi,t

· ci,t ·
(
βλ0 + βλxλi,t

))
+ εi,t. (2.19)

where the error term, εi,t, is a function of the individual errors ελi,t and ετi,t.
Under the assumptions made, equation (2.19) allows to jointly identify both, the e�ects of

dwelling characteristics on the size of the overprediction of the e�ciency states as well as the
heterogeneity in households’ preferences for thermal comfort. The capabilities of the developed
regression framework thus go beyond the approach suggested by Mertesacker (2020b). His
approach required exclusion restrictions for covariates to be included either in the vector of
variables a�ecting households’ temperature choice, xτi,t, or in the vector of variables a�ecting the
size of the adjustment factor, xλi,t. Furthermore, it was restricted to the interpretation of relative
e�ects of covariates on the dependent variables.

Here, the additional structure imposed on the model via the utility function helps to disentangle
e�ects on the adjustment term from those on households’ temperature choice. The satiation
e�ects imply that the impact of variables in xτi,t on the dependent variable, F di,t, is decreasing and
converges to zero if preferences for thermal comfort are very high relative to the associated cost,
implying that households consume temperature levels close to the satiation point. In contrast, the
adjustment factor is modelled to have a constant impact. A variable included in xτi,t as well as
xλi,t thus a�ects the dependent variable di�erently through both mechanisms, implying that its

23In equation (2.18) the intercept, βλ0 , is made explicit. With small abuse of notation the vectors βλ and xλi,t keep the
same names even though their dimensionality is reduced by one variable (a constant) and parameter, respectively.
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impact in both factors can be estimated in one regression.

2.4 Data

For the empirical analysis a dataset created by Mertesacker (2020b) is used. The dataset con-
tains information on fuel consumption, household characteristics, dwelling characteristics and
investment behavior, fuel prices and the e�ciency states of the dwelling and thus all information
required for the estimation of the structural model.

The main source behind the dataset is “The German Residential Energy Consumption Survey”
(RWI and forsa, 2016).24 The survey is based on a random sample of 6, 715 German households,
that have been interviewed in 2010. The dataset includes information about household and
dwelling characteristics as well as the energy consumption between 2006 and 2008.

The �nal analysis is restricted to households using natural gas, long distance heating or oil in
their primary heating system. All fuel consumption data used is based on available billing data.
Households that did not possess their energy bills anymore have been dropped from the analysis.
Mertesacker (2020b) �nds that this introduces a sampling bias towards owner-occupied dwellings,
which are more likely to be able to report the amount of fuel consumed in the previous years.
The results presented in section 2.5 should therefore be interpreted with some caution, as they
might not generally apply to a representative population. However, robustness checks reported in
appendix B.1 indicate, that the main results also hold in the subpopulations of owners and tenants
only. This is consistent with more detailed analyses conducted by Mertesacker (2020b).

A caveat of the available household and dwelling characteristics is, that most variables of
interest are only observed in 2010, at the time the interview was conducted. Besides the fuel
consumption data, only the total number of persons living in the household as well as the heating
degree days are available for the years 2006 to 2008. Another limitation of the survey is that
individual speci�c information is only available for the survey respondent.25 I use this information
to proxy for characteristics of the entire household in the empirical analysis.

Household characteristics are either directly taken from the dataset, potentially after small
modi�cations, or generated based on the available data. The age of the household is calculated
based on the year of birth of the survey respondent. Similarly, the number of children living in the
household is obtained from the reported dates of their births. This allows to track the number of
adult persons in the household as the di�erence between the total number of household members

24The subsequent description of the data closely follows Mertesacker (2020b). He also provides additional detailed
descriptions of the data cleaning and the generation of e�ciency states, including a discussion of potential selection
concerns.

25The exception is date of birth, which is also available for all children living in the households.
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reported for a given year and the calculated number of children. For the empirical analysis, the
number of adults and children is top-coded at four and two people respectively. The categorical
income information in the data is used to obtain indicators for households being in a low, middle
or high income group. Households are assigned to a low income group if they have less than
1, 500 euros, to a middle income group if they earn between 1, 500 and 3, 500 euros and a high
income group if their income exceeds 3, 500 euros per month.26 Finally, a variable whether a
household has a job is generated based on occupation information available in the data. Binary
indicator variables whether the household has a high-school degree (the German “Abitur”) and
possesses the dwelling he lives in, in the year the survey is conducted, can be obtained from
the survey directly. I assume that these variables have stayed the same between 2006 and 2010.
Fewer changes are required to prepare dwelling characteristics for the empirical analysis. An
indicator of the relative size of the dwelling is generated based on its relative deviation from
the mean dwelling size (in square metres) over the entire sample. Dwellings are assigned to the
group of small, medium or large dwellings based on the terciles of the distribution. In addition,
the number of construction year categories is reduced from nine, available in the primary data,
to only �ve categories in the �nal analysis, to reduce the number of variables in the �nal estimation.

To obtain price data and information on e�ciency states Mertesacker (2020b) combines the
main data from the “The German Residential Energy Consumption Survey” with information
about average fuel prices households had to pay between 2006 and 2008 and with information
on dwellings’ e�ciency state, si,t. While the price data is obtained from the German ministry of
economics (Bundesministerium für Wirtschaft und Energie, 2018), the e�ciency states, indicating
the amount of fuel (in kWh/m2) required to increase the mean indoor temperature by one degree
Celsius have to be generated. For this purpose, Mertesacker (2020b) uses an engineering calculation
procedure developed by Loga et al. (2005). Their program has been developed with the intention to
facilitate the creation of energy performance certi�cates for home owners and to provide guidance
on potential savings that can be realized through modernisations. The program requires only few
dwelling characteristics that are easily observable for home owners as inputs. Mertesacker (2020b)
shows that this program can also be used to predict the e�ciency states and fuel requirements for
every household observed in the main dataset.

26The reduction of the number of income groups is convenient to a) ensure a su�ciently large number of observations
in each income bin and b) reduce the number of variables included in the �nal regression. Unreported results
con�rm the robustness of the main empirical �ndings towards alternative de�nitions of income bins.
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2.5 Empirical analysis

To obtain estimable regression equations, I normalise the ideal temperature level, by setting
τ in = 21.27 Accordingly, the ideal temperature increase of household i in period t is normed to
τ i,t = 21− τ outi,t . The marginal utility of general goods, βG, is set to unity, allowing utility to be
interpreted in monetary values. I include several covariates into the regression to allow for the
utility from the consumption of thermal warmth to vary with households’ age, the number of
adults and children living in the household, the employment status, education level, an indicator
for ownership of the dwelling, the income level and the size of the dwelling. To control for
systematic biases in the generated e�ciency states, the adjustment factor includes an intercept
and varies with indicators describing characteristics of the dwelling. In the preferred speci�cation,
the dwelling characteristics included in the adjustment term consist of the type of the dwelling,
the number of apartments, the construction year, indicators for past modernisation investments,
year and fuel type �xed e�ects, the number of heating degree days and the income level of
the household as well as the dwelling size. All speci�ed regression equations are estimated by
nonlinear least squares.

I �rst estimate and discuss the estimated preference parameters of the utility function and show
how the introduction of a technical adjustment factor a�ects the estimation results. I then use the
estimated model to predict mean temperature choices in the sample and to obtain the estimate
of the mean elasticity based on the theoretical model. The results indicate that it is important
to control for measurement errors in the generated e�ciency states. Finally, I use the structural
model to provide interpretations of the estimates with respect to concrete economic variables. I
show how heterogeneity in preferences for thermal comfort leads to heterogeneity in behavior
including the temperature choice as well as the responsiveness to price changes.

2.5.1 Estimation of the structural model

Table 2.1 reports regression results of di�erent variants of the empirical model developed in
section 2.3. Columns (1) to (3) of the table di�er in their treatment of the generated e�ciency
state. In column (1) no adjustment for potential measurement errors is included. Implicitly, the
e�ciency state generated by the engineering model is thus assumed to correctly represent the
true e�ciency level and the empirical model reduces to equation (2.16). Column (2) models the

27A temperature of 21 degrees Celsius is often considered as a temperature that maximises households’ level of thermal
comfort. For instance, it de�nes the indoor temperature in the main living area in the standard heating regime,
which is typically used to identify fuel poverty (Harrington et al., 2005).

Tables B.1 and B.2 in appendix B.1 con�rm that the main results of the empirical analysis are robust to local
changes of the ideal temperature level.
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adjustment factor, λ(xλi,t,β
λ, ελi,t), as an additional intercept, βλ0 , to be estimated. It thus controls

for the general overprediction of si,t by engineering models, but not for potential systematic
correlations of the size of the overprediction with dwelling characteristics potentially resulting
in endogenity of the explanatory variables in xτi,t. In column (3) the full adjustment factor is
introduced, resulting in the main regression model of equation (2.19). All variants are estimated
by nonlinear least squares.

A comparison of the regression results reported in columns (1) through (3) clari�es, that it is
important to control for measurement errors in si,t and that the mere inclusion of an additional
intercept is not su�cient to raise con�dence in the results. In fact, even though the estimate
of βλ0 reported in column (2) is 0.69, implying a substantial downscaling of the e�ciency states
to 69 % of their predicted values, the estimated coe�cients on households’ preferences remain
similar to those reported in column (1). Once additional covariates are added in column (3), to
control for systematic variation of the measurement error with dwelling characteristics, substantial
changes in the estimated coe�cients are visible. Most remarkably, the estimated coe�cient on
the ownership of the dwelling a household inhabits collapses and turns from high economic and
statistical signi�cance to complete irrelevance. That is, owners do not have stronger preferences
for thermal warmth, as one would conclude from the regression results of columns (1) and (2), but
they tend to live in dwellings for which the overprediction of the e�ciency state, si,t, is smaller.
Similarly, substantial changes can be observed for the estimated coe�cients on households’ age,
size, employment status, education level as well as the size of the dwelling they inhabit.

At the same time the adjustment factor is found to vary substantially with observable dwelling
characteristics. For instance, it is 0.191 units smaller for a row house than for a single or two-family
detached dwelling (the base group). This implies that the e�ciency states are predicted more
accurately for the latter, resulting in the adjustment factor being closer to unity. This is consistent
with the results found by Mertesacker (2020b). As he points out, a reasonable explanation for
this pattern is that the engineering model by Loga et al. (2005), used for the prediction of the
e�ciency states, has been primarily developed for the use in single-family dwellings. The size of
the overprediction of the e�ciency state also varies signi�cantly with the number of apartments
in the dwelling, its construction year, the existence of modernisation investments in previous
years as well as the type of fuel used. At least some of these variables are likely to also correlate
with variables a�ecting households’ preferences for thermal comfort. Consequently, the estimates
in columns (1) and (2) are likely to su�er from omitted variable bias.

Given the high relevance of controlling for measurement errors in the e�ciency state, si,t,
I focus on column (3) for interpretation. The estimates indicate a signi�cant positive e�ect of

56



2.5 Empirical analysis

Table 2.1: Regression coe�cients for di�erent speci�cations of the adjustment term a

Dep. Var: F di,t (1) (2) (3) (4)

Estimates of households’ utility function parameters:
Constant: βτ0 11.598*** 10.047*** 12.256*** 12.572***

(0.973) (1.168) (3.578) (3.233)
age:
30− 39 1.480** 1.062* 1.262 1.393

(0.604) (0.643) (3.077) (2.772)
40− 49 1.424** 1.149* 0.094 0.353

(0.576) (0.680) (3.115) (2.769)
50− 59 2.143*** 2.130*** 3.918 3.954

(0.620) (0.738) (3.356) (3.038)
≥ 60 3.531*** 3.890*** 4.811 4.972

(0.851) (1.035) (3.664) (3.318)
# adults:
2 0.866* 0.936* 3.014** 2.661***

(0.484) (0.536) (1.216) (0.982)
3 1.536** 2.351** 6.654** 6.355**

(0.712) (1.026) (2.839) (2.832)
≥ 4 1.479 2.723** 3.850* 3.253*

(0.986) (1.348) (2.041) (1.797)
# children:
1 0.362 0.803 -0.368 -0.031

(0.729) (0.829) (1.329) (1.276)
≥ 2 0.584 0.918 2.964* 2.937*

(0.729) (0.904) (1.718) (1.718)
Is employed 0.542 0.413 -2.234 -2.286

(0.586) (0.586) (2.109) (2.005)
Has Abitur 0.141 0.302 3.271*** 3.002**

(0.423) (0.517) (1.262) (1.222)
Is owner 1.771*** 3.040*** -0.033 0.153

(0.492) (0.705) (1.324) (1.234)
Income:
< 1, 500 e -0.500 -0.652 2.329 -0.010

(0.541) (0.600) (2.151) (0.025)
≥ 3, 500 e 0.751 0.815 0.320 0.035

(0.602) (0.776) (1.283) (0.023)
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Table 2.1 continued from previous page
Size of the dwelling:
Small: < 1st tercile -4.045*** -4.138*** -1.103 -1.612

(0.503) (0.781) (1.447) (1.282)
Large: > 2nd tercile 7.354*** 7.156*** 5.322*** 5.524***

(0.790) (1.206) (1.385) (1.400)

Estimates of adjustment term:
Constant: βλ0 0.690*** 0.655*** 0.656***

(0.015) (0.040) (0.042)
Type of the dwelling:
Row house -0.191*** -0.193***

(0.025) (0.025)
Multi-family dwelling -0.230*** -0.233***

(0.038) (0.039)
# apartments:
4− 6 -0.054* -0.056*

(0.031) (0.032)
7− 12 -0.081** -0.084**

(0.032) (0.033)
≥ 13 -0.094*** -0.102***

(0.034) (0.035)
Construction year:
1919− 1968 -0.017 -0.021

(0.028) (0.029)
1969− 1977 0.111*** 0.109***

(0.037) (0.038)
1978− 1994 0.230*** 0.228***

(0.037) (0.037)
≥ 1995 0.160*** 0.156***

(0.035) (0.035)
Has modernised:
Windows 0.031 0.029

(0.026) (0.026)
Heating system 0.009 0.004

(0.024) (0.024)
Thermal shell 0.102*** 0.104***

(0.028) (0.029)
log(HDD) 0.187* 0.190*

(0.096) (0.098)
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Table 2.1 continued from previous page
Income:
< 1, 500 e -0.025

(0.020)
≥ 3, 500 e 0.029

(0.022)
Size of the dwelling:
Small: < 1st tercile -0.033 -0.023

(0.027) (0.026)
Large: > 2nd tercile 0.000 -0.002

(0.025) (0.025)
Fuel type:
Oil -0.043* -0.043*

(0.024) (0.024)
Long distance heat -0.058** -0.059**

(0.027) (0.028)

Observations 2,314 2,314 2,256 2,256
R-squared 0.813 0.864 0.892 0.892

a The table reports estimation results of di�erent variants of the empirical model developed in section 2.3.
The parameter estimates in column (1) are obtained from a regression of equation (2.14). Colums (2) to
(4) report estimates from regressions of equation (2.19) using di�erent sets of covariates. Year �xed
e�ects are included in the adjustment term in columns (3) and (4). In column (4) the income variables are
constrained to have the same impact on household behavior and the adjustment of the e�ciency state.
The ideal temperature level, τ ini,t, is set to 21 degrees Celsius. All results are obtained by nonlinear least
squares. Standard errors are reported in parantheses and clustered on the household level. Statistical
signi�cance at a 1 %, 5 % and 10 % level of con�dence is indicated by three (***), two (**) and one (*)
asterisks, respectively.

household size on mean temperature consumption. The impact of the third adult living in the
dwelling is slightly larger than the impact of the second adult. For households with four or more
adult members no signi�cant e�ect at a 5 % level is found, re�ecting a rather distinct composition of
these households, which applies to relatively few observations and might behave quite di�erently
from more standard households. The estimates of the e�ects of children indicate, that the �rst
child does not a�ect the mean temperature choice, but the presence of two or more children has
an e�ect at a similar order of magnitude as the second adult household member. Generally, the
results are consistent with larger households having stronger preferences for keeping indoor
temperatures high in more rooms and for more hours during a day, as they occupy all rooms more.
Similarly, the negative – though not signi�cant – point estimate on the employment status is in
line with the idea that households reduce thermostat settings when they are at work.

Households with a high-school degree (the German “Abitur”) are found to consume higher mean
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temperature levels. While the point estimates on households’ age indicate a higher preference for
high mean temperature levels for older households, these e�ects are statistically insigni�cant in
the preferred speci�cation.

To analyse the e�ect of income on households’ fuel consumption, I allow it to a�ect households’
preferences for thermal comfort as well as the size of the overprediction of the e�ciency state.
The estimated coe�cients on the indicators for belonging to the low or high income group are
statistically indistinguishable from zero.28 The point estimate even indicates a higher consumption
of mean indoor temperatures for poorer households in the preferred speci�cation, which contrasts
standard economic intuition as well as previous results of the empirical literature (Cayla et al.,
2011). The estimated e�ect of income on the size of the overprediction of the e�ciency state is
also not signi�cant. I consider this an indication that the dwelling characteristics included in the
adjustment term successfully capture the systematic variation in the measurement error. The
point estimate indicates that poorer households live in dwellings for which the overprediction of
the e�ciency states is larger. Column (4) of table 2.1 reports results of a regression estimating only
one joint coe�cient on the e�ects of income on fuel consumption via both channels. It is thus
more similar to previous approaches, such as the one by Mertesacker (2020b), that are unable to
separate both e�ects. The estimated coe�cients are again statistically insigni�cant. Furthermore,
no indication for a positive e�ect of lower income on fuel consumption is visible. A limitation
of the data used in this study is that it undersamples low income households and thus precisely
those that are constrained the most in their consumption of thermal warmth. Furthermore, the
data only reports categorical income information and thus erases variation that might be useful to
identify e�ects of income. The results suggest that more precise income data would be required
to identify a positive e�ect of income on mean temperature consumption with the developed
empirical framework in a relatively rich country like Germany with an extensive social security
system.

It is interesting to consider the e�ect of the dwelling size (in square metres) in this respect. Again,
I use the ability of the empirical framework to identify separate e�ects on the mean temperature
choice and the size of the overprediction of the e�ciency state, as dwelling size could have an
e�ect on both. Households living in larger dwellings could have lower valuations of high mean
indoor temperatures over the entire dwelling. At the same time, the precision of engineering
predictions might be related to the size of the dwelling. The estimation results indicate, that the
size of the dwelling only has a statistically signi�cant impact on households’ choice. However, the
sign of the e�ect is di�erent than expected. Households living in larger dwellings are actually
found to have stronger preferences for high mean indoor temperatures. A potential explanation

28Unreported results con�rm the robustness of this �nding to alternative de�nitions of the income groups.
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is that the size of the dwelling proxies income and wealth e�ects that are not captured by the
income indicators. It is an interesting question for future research to use the empirical framework
to disentangle these e�ects with more detailed data on households’ income and wealth.

2.5.2 Predictions of mean temperature choices and elasticities

Table 2.2 illustrates how the empirical model allows to estimate temperature choices, τ∗i,t, based on
observed fuel consumption data. It reports the mean values of the predicted optimal and implied
temperature increases, τ̂∗i,t and τ̂di,t, as well as statistics of further predicted model outcomes. The
columns (1) to (4) represent the same regressions as the respective columns of table 2.1.

Table 2.2: Model Predictions a

(1) (2) (3) (4)

∅ τ̂∗i,t 8.411*** 10.021*** 11.572*** 11.518***
(0.085) (0.150) (0.152) (0.152)

∅ τ̂ in
∗

i,t 14.843*** 16.452*** 17.996*** 17.941***
(0.085) (0.150) (0.152) (0.152)

∅ τ̂di,t 8.411*** 6.913*** 6.829*** 6.833***
(0.085) (0.095) (0.079) (0.079)

∅ λ̂i,t 1.000 0.690*** 0.600*** 0.603***
(0.000) (0.015) (0.012) (0.012)

∅ ετ∗i,t,ci,t -1.205 -0.596*** -0.302*** -0.308***
(1.890) (0.063) (0.023) (0.023)

ετ∗,ci,t(xi,t) -0.674*** -0.401*** -0.259*** -0.267***
(0.018) (0.021) (0.018) (0.018)

a Columns (1) to (4) of the table summarize predictions of model quantities
based on estimates reported in the respective columns of table 2.1. The
diameter symbol (∅) indicates the arithmetic mean over all households,
i, and time periods, t, of the quantity that follows it. The predicted
quantities are households’ optimal temperature increase, τ̂∗i,t, the result-
ing indoor temperature, τ̂ in

∗
i,t , the temperature increase implied in the

observed fuel data given the input demand function of equation (2.5),
τ̂di,t, the adjustment factor, λ̂i,t = λ(xλi,t, β̂

λ), and the elasticity with
respect to changes in the marginal cost of temperature consumption,
ετ∗i,t,ci,t . In addition, the last row reports the elasticity of a hypothetical
household with the mean characteristics in the sample stored in the
vector xi,t. Standard errors are reported in parantheses. Statistical
signi�cance at a 1 %, 5 % and 10 % level of con�dence is indicated by
three (***), two (**) and one (*) asterisks, respectively.

In column (1) no adjustment for measurement errors in the e�ciency state, si,t, is included
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in the regression. As indicated by equation (2.16), the optimal temperature increase, τ∗i,t, is thus
directly �tted to the implied temperature increase, τdi,t. Consequently, the mean predictions of both
quantities are identical. They equal 8.411 degrees Celsius implying an average predicted indoor
temperature in the dwelling, τ̂ in∗i,t , of 14.843 degrees Celsius. Since the e�ciency states are not
adjusted, the mean value of the adjustment term, λ̂i,t = λ(xλi,t, β̂

λ), is trivially equal to unity and
requires no estimation. In column (2) a constant adjustment of the e�ciency state is introduced
and estimated to be 0.690. The additional variable implies that the optimal temperature increase is
not directly �tted to the implied temperature increase anymore and allows τ̂∗i,t to deviate from τ̂di,t.
As a consequence, the average predicted temperature choice in the sample increases to 16.452

degree Celsius. At the same time, the average prediction of implied temperature choices, indicating
the temperature choice consistent with the observed fuel demand according to the input demand
equation (2.5), decreases to 6.917. This is much closer to the mean implied temperature choice of
6.913 observed in the data, emphasizing the superior ability of the regression to �t the equation
to the dependent variable. Allowing the adjustment factor to vary with observable dwelling
characteristics, results in a stronger adjustment and increases the average predicted temperature
choice further to 17.996 degree Celsius.

The model predictions reported in table 2.2 illustrate how the introduction of the adjustment
term allows to identify households’ temperature choices. Without its inclusion, the systematic
measurement error in the dependent variable results in a downward bias of the estimated temper-
ature choice. Given the relationship between households’ temperature choice and their sensitivity
to price changes, stated in equation (2.12), it is hence not surprising that the inclusion of the
adjustment factor into the regression also has a substantial impact on the estimated elasticities. In
column (1) the mean of the predicted elasticities, ετ∗i,t,ci,t , is estimated extremely small at −1.205.
The downward bias in the predicted temperature choice implies that households are predicted very
elastic. The e�ect is exacerbated by the nonlinearity of the elasticity in the temperature choice.
The smaller the temperature level, the more does the sensitivity towards price changes increase
if the temperature level is decreased further.29 The increase in predicted temperature levels in
columns (2) and (3) also implies a decrease in the estimated price elasticity (in absolute values).
In the preferred speci�cation, the estimated price elasticity is −0.302 and highly statistically
signi�cant.

Table 2.2 also reports the predicted elasticity evaluated at mean values xτi,t and xλi,t, which
makes it less sensitive to outliers. The estimate is therefore less extreme in column (1) and generally
below the mean elasticities in the sample.30 Both estimates become the closer, the more detailed
29This sensitivity towards small changes in the temperature level also results in large standard errors making the

elasticity estimate insigni�cant despite its large absolute value.
30Also the elasticity is estimated much more precisely and therefore statistically signi�cant in column (1).
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the adjustment factor is modelled. In the preferred speci�cation the predicted elasticity at mean
values is −0.259 and thus just slightly smaller in absolute value than the mean elasticity in the
sample.

The estimated elasticities are consistent with estimates of direct rebound e�ects obtained in
earlier research (Aydin et al., 2017; Sorrell et al., 2009; Greening et al., 2000). Besides its rigorous
theoretical foundation, one advantage of the novel approach to the estimation of rebound e�ects
presented in this paper is, that it allows to analyse heterogeneity in households’ elasticity in a
very natural way. This is considered in detail in the next section.

2.5.3 Economic interpretation and heterogeneity analysis

Given the estimated structural model, it is straight forward to predict the temperature choice and
consequently the elasticity with respect to changes in the marginal cost of a temperature increase
for every household in the sample. The empirical model thus provides a natural framework to
move beyond the mere analysis of mean elasticity values and to consider the heterogeneity in
households’ sensitivity towards price changes in detail.

Figure 2.1 shows the distribution of estimated elasticities in the sample, excluding only obser-
vations with elasticities below the �rst percentile of the distribution.31 The histogram indicates
quite some heterogeneity in the estimated elasticities. As stated in column (3) of table 2.2 the
mean elasticity is −0.302. However, the distribution is right skewed with a high probability mass
at its right tail. This results in the median, −0.214, to di�er substantially from the mean value,
indicating a lower sensitivity to price changes. The �rst and second quartile of the distribution
are −0.370 and −0.139, respectively.

Clearly, the distribution indicates that heterogeneity is not neglectable. While most households
are less elastic than the mean estimate would suggest, some are substantially more sensitive
to changes in the marginal cost of heating. A focus on the mean values thus misses important
information on how individual households are likely to respond, e.g., to changes in the level of
thermal insulation of their dwelling. While some of the previous literature has estimated separate
elasticities, for instance for owners and tenants or low and high income households (see Aydin
et al., 2017), are these approaches limited to the inspection of heterogeneity with respect to some
few variables that are typically interacted with the elasticity estimate in a regression model. In
contrast, in the present structural model the heterogeneity of estimated elasticities is a natural
outcome of households’ preferences for thermal comfort. Table 2.3 allows to track the mechanisms

31These observations are excluded to narrow the range of the presented histogram. In total, 23 observations are
excluded. The minimum and maximum of the elasticities excluded are −5.072 and −1.347, the mean and median
−2.004 and −1.789 respectively.
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Figure 2.1: Distribution of predicted elasticities

resulting in variation of predicted elasticities across households in detail and provides economic
interpretations of the estimated coe�cients reported in table 2.1.

Column (1) states how households’ utility gain after a marginal temperature increase – expressed
in euro – varies with the variables included in the vector xτi,t. For example, it indicates that a
household consisting of two instead of one adult person is willing to pay 38.721 euro more to
increase the mean indoor temperature in the dwelling (over the heating period) by one degree
over his current choice. In general, the relative magnitudes and statistical signi�cance of the
estimated utility gains of a marginal temperature increase are similar to the coe�cients analysed
in section 2.5.1. However, column (1) of table 2.3 provides a way to interpret the economic
signi�cance of the heterogeneity in households’ preferences. It is the structural framework
developed in this paper and speci�cally the use of a quasilinear function to model households’
utility from temperature consumption that allows to give the estimates a concrete economic
meaning.

Column (2) of table 2.3 analysis, how the heterogeneity in households’ preferences results in
heterogeneity in temperature choices. A household with higher valuation of thermal comfort
is expected, ceteris paribus, to consume a higher mean indoor temperature over the heating
period. For instance, the estimates indicate that the two person household consumes an indoor
temperature 0.53 degree over the one person household. Ultimately, it is this heterogeneity in the
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Table 2.3: Heterogeneity of households in their preferences for and choices of tempera-
ture increases

∂2u(τi,t,β̂
τxτi,t)

∂τi,t∂xτi,t,k

∣∣
τi,t=τ̂∗i,t

∂τ∗(β̂τxτi,t)

∂xτi,t,k

∂ετ∗,ci,t (β̂
τxτi,t)

∂xτi,t,k

age: 30− 39 16.215 0.234 0.027
(39.531) (0.607) (0.071)

age: 40− 49 1.203 0.019 0.002
(40.021) (0.62) (0.073)

age: 50− 59 50.338 0.636 0.071
(43.119) (0.642) (0.075)

age: ≥ 60 61.801 0.750 0.083
(47.075) (0.677) (0.079)

#adults= 2 38.721** 0.53** 0.06**
(15.627) (0.233) (0.027)

#adults= 3 85.489** 0.99*** 0.108***
(36.469) (0.35) (0.038)

#adults≥ 4 49.465* 0.65** 0.073**
(26.22) (0.323) (0.036)

#children= 1 -4.734 -0.058 -0.006
(17.076) (0.213) (0.024)

#children≥ 2 38.077* 0.401* 0.043*
(22.077) (0.216) (0.023)

Is employed -28.698 -0.327 -0.035
(27.09) (0.294) (0.032)

Has Abitur 42.018*** 0.502*** 0.055***
(16.21) (0.185) (0.02)

Is Owner -0.424 -0.005 -0.001
(17.006) (0.199) (0.022)

Income: < 1, 500 e 29.927 0.434 0.046
(27.634) (0.275) (0.028)

Income: ≥ 3, 500 e 4.110 -0.096 -0.011
(16.478) (0.243) (0.027)

Dwelling size: < 1st tercile -14.164 -0.198 -0.023
(18.586) (0.274) (0.032)

Dwelling size: ≥ 2nd tercile 68.371*** 0.702*** 0.074***
(17.79) (0.194) (0.021)

a The three main columns of the table report discrete change e�ects of predicted model quantities when
moving from a base category to a respective household characteristic, xτi,t,k . All characteristics that
are not subject to a discrete change are evaluated at their respective sample means stored in the vectors
xτi,t and xλi,t. The predictions are based on estimates reported in column (3) of table 2.1.
There are three di�erent quantities that are predicted. First, the change in marginal utility with changes
in the respective household characteristic, xτi,t,k . This is evaluated at the predicted temperature choice
of the considered household. Second, the change in the optimal temperature choice and third the
change in the price elasticity with respect to changes in the respective household characteristic, xτi,t,k .
Note that even though the column titles indicate marginal changes for notational convenience, all
e�ects reported are actually discrete change e�ects, as only discrete variables are considered. Standard
errors are reported in parantheses. Statistical signi�cance at a 1 %, 5 % and 10 % level of con�dence is
indicated by three (***), two (**) and one (*) asterisks, respectively.
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level of indoor temperature chose by households, that drives heterogeneity in their elasticity to
price changes. As derived in section 2.2.3, the theoretical model implies that households consuming
a higher indoor temperature are less elastic towards price changes. Consequently, households with
higher preferences for thermal warmth, resulting in the choice of a higher indoor temperature,
are less elastic than otherwise identical households that value high indoor temperatures less.
Comparing again the one- with the two-person household, the latter is estimated to have an
elasticity 0.06 percentage points below the former (in absolute values).

2.6 Conclusion

In this paper, I used a household production framework to develop a structural econometric model
for the empirical analysis of households’ demand for thermal heat. In the model, households
receive a quadratic disutility from the distance of their ambient temperature to an ideal temperature
level, introducing satiation e�ects in temperature consumption. The amount of fuel required
for the production of indoor temperature is determined by a linear input demand function that
Mertesacker (2020b) derived from a fuel requirement calculation procedure developed by engineers.
I solve the theoretical model for the optimal temperature choice of the household and the associated
fuel consumption. Using consumption data of 2, 256 households from “The German Residential
Energy Consumption Survey” (RWI and forsa, 2016), I estimate households’ preferences for
thermal comfort using nonlinear least squares. The results indicate that larger and more educated
households have stronger preferences for high mean temperature levels. In contrast, no signi�cant
e�ect of income on temperature consumption can be found.

The presented research makes two major contributions to the previous literature. First, it
shows how a household production framework can be used to combine economic and engineering
knowledge in a theoretically consistent way to estimated households’ demand for thermal heat.
To my knowledge this is the �rst paper to fully specify, solve and estimate a household production
model of heat demand. The theoretical foundation implies that the estimated parameters have a
clear interpretation in terms of the economic model. The structure imposed by the speci�cation of
the utility as well as the input demand function furthermore allows to identify mean temperature
levels chosen by households, even though the respective information is unobserved in the data.

Second, the structural model provides a novel approach to estimate rebound e�ects after
e�ciency increases. Instead of estimating the price elasticity of temperature consumption in a
reduced form framework, it can explicitly be derived theoretically from the Marshallian demand
of temperature consumption. Given the estimates of households’ preferences for thermal comfort,
it is straight forward to predict the individual elasticity for every household in the sample. The
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individual elasticities are thus obtained as a natural outcome of households’ preferences for thermal
comfort. Households with stronger preferences for thermal comfort consume temperature levels
closer to the ideal temperature level, which makes them less sensitive towards price changes. The
mean price elasticity is estimated to be −0.302 in the preferred speci�cation and thus con�rms
rebound e�ects found in previous research. However, the individual elasticities show substantial
heterogeneity. A majority of households is less elastic than indicated by the mean value and some
are (substantially) more elastic, resulting in a median elasticity of only −0.214.

The developed framework indicates interesting research opportunities for the future. First,
the results emphasize that the heterogeneity in households’ rebound behavior after e�ciency
increases should be considered in more detail. Only a precise understanding how individual
households are likely to react to increases in energy e�ciency, allows an e�cient design of policies
to reduce carbon emissions in the heating sector. Second, may the model framework well be
used to improve existing energy economy models (Swan and Ugursal (2009), Kavgic et al. (2010),
Mundaca et al. (2010)), which forecast nationwide energy consumption. The model provides the
structural parameters of households’ decision process that are required to conduct counterfactual
policy scenarios that these studies aim to address. The ability to link fuel consumption to a utility
value households’ receive, might furthermore be of interest for researchers who want to model a
period utility in a dynamic model of modernisation investments. Finally, it is certainly interesting
to further develop the model and apply it to other datasets. In particular, households’ utility
function from thermal comfort might be adjusted to introduce income e�ects explicitly into the
analysis. Richer datasets that include metered data on indoor temperatures, humidity levels and
potentially other factors determining households’ level of thermal comfort might furthermore
allow more detailed analyses of the di�erent dimensions that yield thermal comfort in the future.
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3 Households’ dynamic investment in
domestic energy e�iciency

3.1 Introduction

The European Commission takes strong actions to combat climate change. It has set Europe-
wide goals to reduce greenhouse gas emission by 40 % compared to 1990 levels and to realize
energy e�ciency improvement by 32.5 % until 2030 (European Commission, 2020a).1 Numerous
regulatory frameworks and subsidy programs are in place to trigger household investment into
energy saving technology as means to meet climate targets. In Germany alone they include
mandatory prescriptions for new products, subsidy programs and tax credits for the adoption of
energy e�cient technology, and information campaigns of di�erent forms and scale.

Many of these programs focus on setting incentives for the retro�tting of domestic housing, for
example the modernization of the thermal shell and heating system of dwellings. One reason for
the relevance of retro�tting is that residential space heating is a major contributor to the overall
energy consumption in the economy. In the European Union households have accounted for
roughly 26 % of the total �nal energy consumption in 2018 of which almost 64 % was used for
heating (Eurostat, 2020).

Engineering calculations show, that the energy saving potentials from retro�tting are sub-
stantial. Energy demand for residential heating can be reduced by half with the appropriate
retro�tting measures (Becchio et al., 2012). In Germany roughly 60 % of gas-�red and 70 % of
oil-�red installed heating systems have been more than 20 years old in 2019 (Bundesverband
Des Schornsteinfegerhandwerks, 2019). Additionally, only 50.4 % of all dwellings in Germany
had received some thermal insulation of the outer walls in 2016 (Cischinsky and Diefenbach,
2018, p. 44) , which further indicates the large potential that could be leveraged, if the necessary
investments were conducted.

Households are found to be fairly reluctant to retro�t their homes. The empirical observation
that even (seemingly) pro�table investments into energy e�ciency remain undone, has extensively

1In September 2020 it proposed to further raise the reduction target to a 55 % reduction of greenhouse gas emissions
over 1990 levels until 2030 (European Commission, 2020a).
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been discussed in the literature and is commonly referred to as the “Energy Paradox” (Hirst and
Brown, 1990; Ja�e and Stavins, 1994; Gerarden et al., 2017). Reasons for the low investment rate
are manifold. They include market failures, �nancial constraints, behavioral biases in consumers’
decision process, and misconceptions about the level and heterogeneity of actual cost and potential
savings that households face (see Gerarden et al., 2017).

To assess how e�ective government policies are to promote investments in energy saving
technology, a precise understanding of how they a�ect households’ decision process is required.
We contribute to the understanding of households’ retro�t decisions by developing a dynamic
structural model of their decision to modernise the thermal shell, windows or heating system of
the dwelling they inhabit.

In the model, households choose in every period a mean indoor temperature in the dwelling to
maximize period utility. The amount of fuel required to produce the desired temperature level
depends on the thermal e�ciency level of the dwelling. Households invest in energy saving
technology to improve the energy e�ciency standard and thus the amount of fuel required to heat
the dwelling to the desired temperature level. This investment choice has dynamic implications: By
improving the domestic energy e�ciency, households bene�t from savings in energy consumption
or from higher thermal consumption levels in the future. Households only invest if the expected
resulting gain in lifetime utility, discounted to the current period, exceeds the one-time �xed
costs that arise at the time of investment. Using fuel data from “The German Residential Energy
Consumption Survey” (RWI and forsa, 2016) we �rst estimate the parameters of households’
period utility function using a framework developed by Mertesacker (2020a). In a second step, the
investment costs are then estimated given the increase in lifetime utility that we calculate based on
the estimates of households’ preferences for thermal comfort obtained in step 1. Using maximum
likelihood the investment cost are chosen such that they rationalize investments observed in the
data, given the developed economic model.

The empirical analysis of households’ retro�tting decisions using the proposed structural
dynamic investment model has a couple of advantages over standard regression analyses, such as
logit or probit, that rely on static utility models to estimate the relationship between household
and dwelling characteristics and the propensity to invest. First, the lifetime utility gain from
investing is derived from a sound economic model of the period utility that households receive
from the consumption of thermal comfort. Di�erent to mere engineering estimates of the bene�ts
of modernising the dwelling, our model explicitly accounts for the possibility that households
may bene�t from increased e�ciency levels by reducing their expenditures for thermal heating as
well as by increasing the temperature level in their dwelling. While the possibility of households
to rebound after an e�ciency increase is undesirable from a policy perspective that aims to reduce
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fuel consumption to mitigate carbon emissions, it increases the potential bene�ts of investments
to households. Our model allows to explicitly consider both e�ects. Conveniently, the chosen
functional form of the period utility function implies that lifetime utility gains can be expressed
in monetary values even though they also include non-monetary bene�ts to households. In our
sample, the mean expected increase in lifetime utility that results from investing is 4, 368 euro.

Second, the framework allows to estimate and analyse the bene�ts and costs of investing sepa-
rately. Standard regressions of observed investments on household and dwelling characteristics
only estimate the net impact of both factors behind the investment decision. In contrast, our
model assigns a clear structural interpretation to every estimated parameter. Since investment
costs are estimated in relationship to the lifetime bene�ts of investing, they are also expressed in
monetary equivalents, providing an intuitive quanti�cation of all impediments that might hinder
more investment to occur. The cost estimates thus provide a convenient alternative to standard
calculations of high discount rates to characterize households’ low investment activity despite
large potential savings that might be realized.

Third, given the estimates of all parameters of the dynamic structural model, we can predict and
thus quantify model quantities such as the temperature choice and the associated fuel consumption,
the period utility, the expected gain in lifetime utility associated to an investment and the resulting
investment probability for every household in the sample. In contrast to estimates of average
impacts of covariates on the investment probability, provided by standard regression approaches,
this allows a much more detailed study of households’ incentives to invest and how these might
change if conditions in the economic environment are altered.

Finally, the model allows to explicitly analyse the consequences of di�erent policy scenarios –
that are designed to facilitate investments or reduce energy consumption – on households’
decisions. Simulating a public policy that aims at reducing households’ costs of investing via a
direct subsidy, we �nd that the investment rate is increased, but that this does only little to decrease
average fuel consumption. Similar e�ects are found for a policy that increases the e�ectiveness of
modernisations, e.g., by funding research and development. In contrast, an increase in energy
prices, for instance via a tax, creates high energy saving incentives for households. It leads to
an increase in the investment rate by 22.1 % and a reduction of households’ mean temperature
choice by 4.8 %.

In the next section we introduce the theoretical model of households’ energy demand and
dynamic investment decision. Section 3.3 describes the data used for the estimation. Section 3.4
discusses the estimation procedure and empirical results. Section 3.5 provides concluding remarks.
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3.2 Theoretical model

This section develops a theoretical model of households’ dynamic decision to improve their
domestic energy e�ciency through retro�tting. The model is structured in three steps. First,
households decide whether or not to retro�t their home. This can be the insulation of walls,
installation of double glazing (two or three glass window panes) or the adoption of a more e�cient
heating system. The second step describes the impact of these retro�tting measures on the energy
required for heating. Dwellings with lower energy requirements are considered more energy
e�cient. In the third step, the changes in domestic energy e�ciency a�ect households’ optimal
consumption of thermal warmth and can lead to improvements in households’ overall utility level.

In the dynamic model households invest in improvements of their domestic energy e�ciency
level to maximizes the discounted sum of expected future utility, while taking into account the
impact of retro�tting measures on domestic energy requirement and the resulting improvements
in their utility level. The next subsections develop the theoretical model for each stage. We �rst
analyse the link between the energy e�ciency level, households’ consumption of warmth and the
utility they receive, before we move to the dynamic retro�t decision.

3.2.1 Energy e�iciency and thermal heat consumption

To model households’ consumption of thermal comfort, we make use of a structural empirical
model developed by Mertesacker (2020a). The model considers households to consume thermal
comfort by choosing a mean indoor temperature in their dwelling. If the temperature level reaches
a satiation point of 21 degrees Celsius, they enjoy blissful thermal comfort. Deviations from this
ideal temperature level create discomfort. To avoid this disutility, households spend parts of their
income on the consumption of heating energy. The remaining part of income is spent on the
consumption of all other goods. Household i’s period utility function is given by

u(τi,t) = βG
(
Yi,t − pFi,t · F (τi,t, si,t,mi,t)

)
− βτxτi,t · (τ̄i,t − τi,t)

2. (3.1)

Household i’s income in period t is denoted by Yi,t. The function F (τi,t, si,t,mi,t) determines
the amount of heating energy consumed by households, measured in kilowatt hours (kWh), and
pFi,t denotes the energy price per kilowatt hour. The amount of fuel consumed, Fi,t depends on
households’ decision by how many degrees to increase the indoor temperature, τi,t, on a measure
for the e�ciency of the dwelling, si,t, and on the size of the living area, mi,t, measured in squared
metres. The variable si,t measures the amount of energy in kilowatt hours per square metre
required to increase the mean indoor temperature of the dwelling by one degree Celsius over
the entire heating period. It is larger for very ine�cient dwellings and the smaller the less fuel
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is required to heat the dwelling to a desired indoor temperature.2 Thus, the �rst term of the
utility function is the utility level households receive from their available income net heating
expenditures.

Depending on the outdoor temperature, the parameter τ̄i,t denotes the maximal temperature
increase households can choose by heating the entire dwelling up to 21 degrees Celsius over the
entire heating period. It is the di�erence between the ideal and the outdoor temperature level.
The actual temperature increase chosen by households is τi,t ∈ [0, τ̄i,t]. Thus, the second term
of the utility function describes their disutility resulting from the deviation between the ideal
temperature increase and the actual choice of τi,t. Additionally, we allow for the thermal disutility
to vary by household characteristics stored in the column vector xτi,t. The parameters stored
in the row vector βτ indicate how di�erences in variables in xτi,t a�ect households’ valuation
of thermal comfort and will be estimated in the empirical analysis. The heterogeneity in the
marginal utility of indoor temperature leads to heterogeneity in temperature choices and thus
energy consumption.

Overall, households can reduce their thermal discomfort by choosing a temperature increase,
τi,t, that is close to τ̄ . This however involves higher spending on fuel consumption.

Following Mertesacker (2020b) and Mertesacker (2020a), we assume that fuel consumption can
be related to households’ temperature choice by a linear function:

Fi,t = F (τi,t, si,t,mi,t) = si,tmi,tτi,t. (3.2)

Solving households’ period utility maximization problem, the optimal temperature choice can be
derived:3

τ∗i,t(si,t) = τ̄i,t −
βG

2βτxτi,t
· pFi,tsi,tmi,t. (3.3)

Households’ optimal temperature increase is a function of the utility function parameters (βG,βτ ),
dwelling characteristics (si,t,mi,t), the energy price, pFi,t, and household characteristics xτi,t. The
ratio βG/βτxτi,t indicates households’ valuation for thermal comfort relative to other goods. A high
valuation of thermal comfort is re�ected by small values of βG/βτxτi,t, implying the consumption
of high temperature levels according to equation (3.3). Furthermore, as si,t decreases, the amount
of fuel required to increase the room temperature is reduced. This e�ectively lowers the marginal
cost for heating and results in a higher temperature choice. This rebound e�ect – documented

2See Mertesacker (2020b) for a very detailed discussion how the variable si,t can be obtained from an engineering
model and be interpreted.

3See Mertesacker (2020a) for a very detailed discussion of the entire theoretical model.
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in previous studies (see, e.g., Aydin et al., 2017) – re�ects utility maximising behavior and is an
important part of the bene�ts associated to retro�t investments. At the same time it reduces the
amount of fuel that is saved through a modernisation. Our model explicitly incorporates both
e�ects.

Inserting the optimal temperature choice, τ∗i,t, into equation (3.1), it is straight forward to obtain
households’ utility as a function of the e�ciency level, si,t, and other state variables:

u(τ∗i,t(si,t)) = βGYi,t − βGpFi,tsi,tmi,tτ̄i +
(βGpFi,tsi,tmi,t)

2

4βτxτi,t
. (3.4)

Equation (3.4) allows to directly calculate the period utility households receive given di�erent
e�ciency levels of the dwelling. It provides the basis to explore the bene�ts households may
receive from retro�tting their dwellings. In the dynamic estimation we simplify equation (3.4) by
dropping the term βGYi,t, which neither a�ects households’ optimal temperature choice nor their
bene�ts from investing. The resulting period utility ũ(τ∗i,t(si,t)) strictly smaller than zero.

To calculate the utility gains associated to actual modernisations, their impact on dwellings’
e�ciency levels has to be modelled. We model the domestic energy e�ciency level to follow a �rst
order Markov process, that can be shifted by retro�tting investments. Using discrete indicators of
retro�tting investments, ri,t, the evolution process of energy e�ciency can be characterized as
follows:

si,t+1 = g(si,t, ri,t) + εi,t

= λ0 + λ1si,t + λ2s
2
i,t + λ3s

3
i,t + λ4ri,t + εi,t. (3.5)

The realized energy e�ciency level in period t+1 depends on its lagged values, the modernisation
activities in the last period and an error term εi,t. Generally, the energy e�ciency level is a
combination of several dwelling characteristics, for instance the materials used for construction.
While the building can deteriorate over time, the main characteristics do not change vastly and
previous energy e�ciency levels will generally be carried over to future periods. The parameters
λ1, λ2, λ3 jointly determine the persistence of the energy e�ciency level. If households invest into
retro�tting measures, energy requirements for heating can be reduced and the level of si,t will be
shifted by the amount of λ4. In the empirical model we also distinguish the impact of di�erent
retro�tting types and their interaction with the energy e�ciency level to capture the heterogeneity
in the overall impact. The random term εi,t captures the uncertainty in the e�ciency process. It
allows for households with the same e�ciency levels and investment decisions to have di�erent
energy e�ciency realization in the next period. This can be due to the ability of the construction
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companies that implement the retro�tting, the products they use and speci�cs of the dwelling
that a�ect the exploitation of the energy saving potentials. We assume εi,t to be i.i.d normally
distributed with mean zero and variance σ2ε , according to a distribution function Ω(0, σ2ε).

3.2.2 Households’ dynamic investment choice

This section develops households’ dynamic investment decision in domestic retro�tting. The
majority of the empirical energy literature aims at measuring the correlation between households’
investment decisions and their socioeconomic characteristics. We take another approach and
model households’ optimal investment decision structurally. In our model the investment decision
results from a comparison of the long-run bene�t from investing and the one-time �xed cost
associated to it. Households’ long-run bene�t from investing is the potential gain in period utility
through improved domestic energy e�ciency in all future periods. These gains might be achieved
through lower total cost for the consumption of indoor temperature or by realising a higher
level of thermal comfort in the dwelling. The cost of retro�tting can be interpreted as the sum
of all costs households encounter when conducting the energy e�ciency improvement. Most
obviously, this contains the monetary spending for the installation of retro�tting measures. It
however, also includes non-monetary impediments to the investment such as behavioral cost
that may arise from the necessity of gathering information about the investment alternatives,
the existence of a construction site within the dwelling or other inconveniences related to the
installation. In our model, we capture the e�ect of all costs from retro�tting on households’ choice
by a variable, Ci,t, that directly measures the total utility households sacri�ce in exchange for
the modernisation of the dwelling. It indicates the total loss in (lifetime) utility associated to an
investment discounted to period t when the retro�t decision is made. The investment cost vary
across households. Di�erent households work with di�erent construction companies and enjoy
di�erent prices for the retro�tting. Households can also have idiosyncratic di�erences in their
behavioral impediments to invest. To allow for the cost heterogeneity, we model the investment
cost Ci,t as a random draw from an exponential distribution with mean γ, Ci,t ∼ Φγ

C .

In each period, t, households observe their energy e�ciency level and choose the temperature
increase that maximises period utility according to equation (3.3). Then, they learn their investment
cost and make an investment decision ri,t ∈ {0, 1}. Note, that even though households observe
their investment cost in the current period, they remain uncertain about the cost they will face in
future periods. In period t+ 1, the new energy e�ciency level is realized based on the evolution
process stated in equation (3.5).
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Households’ value function before observing the investment cost is:4

V (si,t) = u(τ∗i,t(si,t)) + max
ri,t

∫
Ci,t

{
δEV (si,t+1|si,t, ri,t = 1)− Ci,t;

δEV (si,t+1|si,t, ri,t = 0)
}
dΦγ(C),

(3.6)

where δ denotes the discount factor. The term EV (sit+1|si,t, ri,t) denotes households’ expected
value of future utility given the current energy e�ciency level, si,t, and the retro�tting decision, ri,t.
The expectation about future utility is taken with respect to the realization of si,t+1. That is,

EV (si,t+1|si,t, ri,t) =

∫
si,t+1

V (sit+1)dΩ(si,t+1|si,t, ri,t).

Households’ decision to modernize the dwelling, implies that the evolution process follows a
di�erent, more favourable, path than if they decide not to invest. Consequently, the expected
stream of future period utilities given that an investment has occurred, EV (si,t+1|si,t, ri,t =

1), exceeds the respective expectation without an investment, EV (si,t+1|si,t, ri,t = 0). The
di�erence between the two future value streams determines the expected long-run gain of a
retro�t investment.

∆EV (si,t) = EV (si,t+1|si,t, ri,t = 1)− EV (sit+1|si,t, ri,t = 0).

Retro�tting occurs if and only if the expected discounted lifetime utility gain of investing,
∆EV (si,t), is larger than the investment cost, Ci,t,

r(si,t) =

1 if δ∆EV (si,t) > Ci,t

0 else
(3.7)

The expected gain from investing in energy saving technology depends on the current e�ciency
level of the dwelling and further socioeconomic characteristics such as households’ age and size.
Di�erences in si,t and the variables in the vector xτi,t across households result in variation in the
expected gain from investing. Together with the variation in the cost that households draw in
every period, this allows for heterogeneity in households’ choices.

Overall, our model endogenizes the retro�tting decision of households and links it to the
evolution of energy e�ciency and their choice of thermal comfort. The key structural components

4Besides the energy e�ciency level, households’ value function also depends on other dwelling and household
characteristics, which we omit here for notational convenience.
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of the model which we estimate from the data are: (i) parameters of the utility function in
equation (3.4), (ii) parameters of the energy e�ciency evolution process stated in equation (3.5)
and (iii) the parameter γ of the investment cost distribution. The model can be estimated using
data on households’ investment decisions, ri,t, fuel consumption, Fi,t, dwelling characteristics
mi,t and si,t and demographic characteristics xτi,t. The next sections describe the data, estimation
procedure and discuss the results.

3.3 Data

For the empirical analysis a dataset created by Mertesacker (2020b) is used. The dataset con-
tains information on fuel consumption, household characteristics, dwelling characteristics and
investment behavior, fuel prices and the e�ciency states of the dwelling and thus all information
required for the estimation of the structural model.

The main source behind the dataset is “The German Residential Energy Consumption Survey”
(RWI and forsa, 2016).5 The survey is based on a random sample of 6, 715 German households, that
have been interviewed in 2010. The dataset includes information about household and dwelling
characteristics as well as the energy consumption between 2006 and 2008.

Households’ investment activities are in the centre of our analysis. The survey provides data on
the investments that occurred between 2002 and 2008. Households separately report if and when
investments occurred into thermal insulation, new windows and new heating systems during this
time period, respectively. In our empirical model we de�ne the investment variable to equal 1 in
years households have undertaken any of these modernisation measures and 0 otherwise. The
investment rate according to this de�nition amounts to approximately 6.154 % in our sample.

We also use fuel consumption data in the estimation of the parameters of the period utility
function. The survey provides data on households’ fuel consumption between 2006 and 2008.
Furthermore, it contains data on the number of household members and children living in the
households as well as the income, age, education and employment status, which we use to analyse
heterogeneity in households’ preferences for thermal comfort.

To obtain price data and information on e�ciency states Mertesacker (2020b) combines the
main data from the “The German Residential Energy Consumption Survey” with information
about average fuel prices households had to pay between 2006 and 2008 and with information
on dwellings’ e�ciency state, si,t. While the price data is obtained from the German ministry of
economics (Bundesministerium für Wirtschaft und Energie, 2018), the e�ciency states, indicating

5The subsequent description of the data closely follows Mertesacker (2020b). He also provides additional detailed
descriptions of the data cleaning and the generation of e�ciency states, including a discussion of potential selection
concerns.
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the amount of fuel (in kWh/m2) required to increase the mean indoor temperature by one degree
Celsius have to be generated.

For this purpose, Mertesacker (2020b) uses an engineering calculation procedure developed
by Loga et al. (2005). Their program has been developed with the intention to facilitate the
creation of energy performance certi�cates for home owners and to provide guidance on potential
savings that can be realized through modernisations. The program requires only few dwelling
characteristics, that are easily observable for home owners, as inputs. Mertesacker (2020b) shows
that this program can also be used to predict the e�ciency states and fuel requirements for every
household observed in the main dataset. The average constructed e�ciency level amounts to
roughly 24.97 kWh/m2 per year. Overall, the e�ciency measure varies in building characteristics,
it ranges between 13.39 kWh/m2 and 43.93 kWh/m2 at the 5th and 95th percentiles of the e�ciency
distribution, with less modern buildings exhibiting higher energy requirements.6

In our empirical analysis we focus on households using natural gas, oil or long-distance heat for
primary heating. Furthermore, tenants as well as dwellings with more than two apartments are
excluded from the dataset.7 This ensures that the investment decisions are made by the households
studied in the empirical analysis and that the type of investments that are observed are of a broadly
similar kind of magnitude.

To allow for households’ period utility to vary with demographic characteristics, we construct
a couple of discrete variables to include in the empirical analysis. These include three categorical
variables indicating the number of adults and children living in the household as well as the age
cohort of the survey respondent.8 Finally, we construct dummy variables indicating whether the
survey respondent has a high-school degree (the German “Abitur”), is employed, belongs to a
high or low income group and lives in a relatively small or large dwelling, respectively.9

6See Mertesacker (2020b) for a very detailed discussion how the calculation procedure by Loga et al. (2005) can be
applied to micro datasets to predict fuel requirements as well as an analysis of the predicted e�ciency states.

7To ensure reliability of the fuel consumption data and the generated e�ciency states outlier corrections have been
conducted. Furthermore, households’ for which some fuel consumption data is unobserved, some inputs required to
generate the e�ciency states are missing or whose children have already moved out are excluded. See Mertesacker
(2020b) for further details.

8The number of persons living in the household is top-coded at four adults and two children, respectively
9Households are assigned to a low income group, if their income is below 1, 500 euro per month and to a high income

group if it exceeds 3, 500 euro. The reduction of the number of income groups is ensures that a su�ciently large
number of observations in each income bin and reduces the number of variables included in the �nal regression.
The main results are robust towards alternative de�nitions of income bins.

78



3.4 Estimation and empirical results

3.4 Estimation and empirical results

Our model can be estimated using data on households’ investment decisions, ri,t, households’
energy consumption Fi,t, dwelling characteristics,mi,t and si,t, and household characteristics xτi,t.
The estimation of the model involves three steps. In the �rst step, we estimate the parameters of
the period utility function stated in equation (3.4). The second step estimates the evolution process
of the e�ciency state, si,t, de�ned in equation (3.5). We use this evolution process to model agents’
expectations about future realisations of the state variable in dependence of their investment
behavior. In the third step, we estimate the parameter of the investment cost distribution using
maximum likelihood. The key structural components of the model which we estimate from the
data are: (i) the vector of utility function parameters βτ , (ii) parameters of the energy e�ciency
evolution process (λ0, λ1, λ2, λ3, λ4) and the variance the error term σ2ε , and (iii) the parameter γ
of the investment cost distribution.

3.4.1 Estimation of the period utility function

Following Mertesacker (2020a), we estimate the parameters of the utility function by relating the
optimal temperature choice derived from the theoretical model, τ∗i,t, to observed fuel demand, Fi,t,
using the fuel consumption function of equation (3.2). This yields a regression equation that is
nonlinear in the parameters to be estimated:

Fi,t = si,t ·mi,t ·

(
τ i,t −

βG

2βτxτi,t
· pFi,tsi,tmi,t + ετi,t

)
. (3.8)

The error ετi,t accounts for variations in Fi,t that cannot be explained by observed preference
shifters in the vector xτi,t or by changes in si,t, mi,t or pFi,t.

Equation (3.8) clari�es that preferences for general goods and for thermal comfort cannot
separately be identi�ed. A larger fuel consumption can equally be explained by a low marginal
utility of income – indicated by a small parameter βG – or by a strong preference for thermal
comfort, indicated by a larger value of the product βτxτi,t. We therefore normalize the parameter
βG to unity. This implies that the parameters in βτ as well as households’ period and long-run
utility can be interpreted in monetary terms.

Previous work by Mertesacker (2020b) and Mertesacker (2020a) has shown that e�ciency
states, si,t, generated from an engineering model, are likely to su�er from measurement errors.
Concretely, they mostly overestimate the amount of fuel a dwelling requires. The size of the
overprediction systematically correlates with dwelling characteristics. To avoid that this introduces
biases in our estimates on household characteristics from the vector xτi,t, we follow Mertesacker
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(2020a) and model an adjustment term, λ(xλi,t,β
λ, ελi,t), that captures systematic overpredictions

in the generated e�ciency state, sei,t, over the unobserved true e�ciency level, s◦i,t:

s◦i,t = λ(xλi,t,β
λ, ελi,t) · sei,t. (3.9)

= (βλ0 + βλxλi,t + ελi,t) · sei,t. (3.10)

The adjustment term is allowed to vary with observable dwelling characteristics stored in the
vector xλi,t. The linear speci�cation for the adjustment term of equation (3.10) can be easily
included in regression equation (3.8):

F di,t = si,tmi,t ·
(
βλ0 + βλxλi,t

)
·

(
τ i,t −

βG

2βτ (xτi,t)
· pFi,tsi,tmi,t ·

(
βλ0 + βλxλi,t

))
+ εi,t.

(3.11)

The e�ect of dwelling characteristics on the size of the overprediction is then estimated along
with households’ preferences for thermal comfort. The error term εi,t is a function of ετi,t and
ελi,t. Given that we control for many dwelling characteristics in the empirical estimation, we
are con�dent that the remaining unexplained systematic measurement error, ελi,t, is small and
uncorrelated to variables in xτi,t, such that biases can e�ectively be avoided.

Table 3.1 reports results obtained from estimating equation (3.11). These indicate that there is
some heterogeneity in the utility households receive from the consumption of thermal warmth
and thus in the choices they make. Older, larger and more educated households are found to have
stronger preferences for high mean indoor temperatures. Increases in income have no statistically
signi�cant impact on thermal heat consumption of home owners, conditional on the other controls
included in the regression equation. However, there is a substantial signi�cant impact of dwelling
size on households’ temperature consumption, which might capture income and wealth e�ects
that the available income data is not able to pick up.10

It is straight forward to derive households’ elasticity towards changes in the marginal cost of
heating from their optimal temperature consumption stated in equation (3.3). This elasticity can
be predicted for every household given the estimates of the utility function parameters reported
in table 3.1. We obtain a mean elasticity of households in the estimation sample of −0.377.

The results also con�rm that there is some overprediction of the e�ciency state that varies with

10Unfortunately, income data is only available as a categorical variable in the primary dataset, which limits the level of
detail in which it can be analysed. In addition, the dataset undersamples low income households. See Mertesacker
(2020b) and Mertesacker (2020a) for more details on the role of income on households’ temperature choice and
problems in the identi�cation of these e�ects with the given dataset.
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Table 3.1: Estimates of utility function and adjustment term parameters a

Dep. Var: F di,t Coe�cients Standard Errors

Estimates of households’ utility function parameters:
Constant: βτ0 12.790*** (2.333)
Age ≥ 50 4.071** (1.858)
# adults:
2 3.045** (1.404)
3 6.778** (3.128)
≥ 4 5.119** (2.445)

# children:
1 -1.315 (1.603)
≥ 2 2.928 (1.806)

Is employed -2.304 (2.000)
Has Abitur 3.673** (1.478)
Income:
< 1, 500 e 3.520 (2.243)
≥ 3, 500 e 0.898 (1.360)

Size of the dwelling:
Small: < 1st tercile -1.487 (1.761)
Large: > 2nd tercile 4.373*** (1.520)

Estimates of adjustment term:
Constant: βλ0 0.661*** (0.069)
Row house -0.207*** (0.029)
Construction year:
1919− 1968 0.026 (0.061)
1969− 1977 0.125* (0.067)
1978− 1994 0.240*** (0.065)
≥ 1995 0.159** (0.062)

Has modernised:
Windows 0.046 (0.038)
Heating system -0.024 (0.034)
Thermal shell 0.115*** (0.039)

Income:
< 1, 500 e 0.029 (0.058)
≥ 3, 500 e 0.048 (0.031)

Size of the dwelling:
Small: < 1st tercile -0.053 (0.042)
Large: > 2nd tercile -0.015 (0.031)

Predicted mean elasticity -0.377*** (0.031)

Observations 1,365
R-squared 0.893

a The table reports results from an estimation of equation (3.11) by nonlinear least squares. The ideal
temperature increase is set to τ̄i,t = 21 − τouti,t degrees Celsius. Year and fuel type �xed e�ects are
included as adjustment term parameters in the regression. Standard errors are reported in parantheses
and clustered on the household level. Statistical signi�cance at a 1 %, 5 % and 10 % level of con�dence is
indicated by three (***), two (**) and one (*) asterisks, respectively.
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characteristics of the dwelling. The intercept, βλ0 , indicates that the e�ciency state of a dwelling
from the base group is adjusted to 66.1 % of its predicted value.11 The size of the adjustment is
smaller for newer dwellings and those that have received additional thermal insulation. For row
houses the adjustment is stronger. We use estimates from the lower panel of table 3.1 to adjust
the e�ciency states in our sample and use these for the subsequent analyses. Working directly
with the adjusted si,t greatly reduces the number of state variables that have to be included in
the dynamic estimation, which substantially increases calculation time. Before moving to the
dynamic estimation, the next section estimates the evolution process using the adjusted data.

3.4.2 Estimation of the evolution process

Using the e�ciency states that have been adjusted based on the estimation results from section 3.4.1,
we estimate the evolution process of si,t as a function of the lagged e�ciency state and past
investment behavior by ordinary least squares. The estimated evolution processes provides an
approximation to the full fuel requirement calculation conducted based on the model by Loga et al.
(2005). The estimates provide a simple generalised rule to calculate the e�ciency states based on
the average impact of modernization in our observed sample.

Table 3.2 reports the estimation results for four di�erent speci�cations of the evolution process.
Since no fuel data is required, the entire time span from 2002 to 2008, for which investments are
observed, is used for the estimation. All speci�cations show that the dwelling experiences some
depreciation if households do not invest. If they do, the investment is generally successful, as been
illustrated by column (1). On average, the amount of fuel required to increase the e�ective indoor
temperature by one degree is reduced by approximately 10.366 kWh/m2. This is quite a substantial
improvement, equivalent to roughly 43 % of the mean e�ciency state of 23.96 kWh/m2.

Column (3) di�erentiates between the di�erent investment alternatives that households have.
Investing into thermal insulation has by far the largest impact on the overall e�ciency level of the
dwelling, reducing it by 16.419 kWh/m2. The impact of new windows and a new heating system
is smaller, but still statistically and economically signi�cant. While combined investments into
windows and thermal insulations have a reinforcing e�ect, the joint investment into a new heating
system and windows or thermal insulation mediates the total impact. The reason for this is also
intuitive. The lower the heat loss due to an improved insulation of the dwelling, the lower the
absolute bene�t that can be realised by a more e�cient heating system.

Finally, it is also important to allow for decreasing marginal impacts of investments in our
model. Ceteris paribus, the realisation of (large) e�ciency gains should be harder for very e�cient

11The base group is a single family detached dwelling of average size, constructed before 1919, without modernisation
investments in the recent years heated with natural gas and inhabited by a household with average income.
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Table 3.2: Estimates of evolution process a

Dep. Var.: si,t+1 (1) (2) (3) (4)

si,t 1.071*** 1.100*** 1.054*** 1.056***
(0.025) (0.039) (0.020) (0.013)

s2
i,t -0.003*** -0.003** -0.002*** -0.002***

(0.001) (0.001) (0.001) (0.000)
s3
i,t 1.62 e-5* 2.58 e-5* 8.71 e-6 1.32 e-5***

(9.1 e-6) (1.36 e-5) (7.26 e-6) (3.93 e-6)
risoi,t -16.419*** 2.927***

(0.300) (0.351)
rwini,t -3.056*** -1.520***

(0.134) (0.375)
risoi,t ∗ rwini,t -1.587* 0.823

(0.830) (0.890)
rheati,t -5.859*** 1.864***

(0.187) (0.478)
risoi,t ∗ rheati,t 3.579*** -0.861

(1.147) (1.542)
rwini,t ∗ rheati,t 0.747 3.983

(0.941) (2.761)
risoi,t ∗ rwini,t ∗ rheati,t 0.395 -1.663

(2.067) (3.409)
risoi,t ∗ si,t -0.638***

(0.012)
rwini,t ∗ si,t -0.059***

(0.015)
risoi,t ∗ rwini,t ∗ si,t 0.026

(0.029)
rheati,t ∗ si,t -0.317***

(0.023)
risoi,t ∗ rheati,t ∗ si,t 0.174***

(0.053)
rwini,t ∗ rheati,t ∗ si,t -0.077

(0.113)
risoi,t ∗ rwini,t ∗ rheati,t ∗ si,t 0.013

(0.129)
ri,t -10.366*** 4.494***

(0.195) (0.589)
ri,t ∗ si,t -0.532***

(0.024)
Constant 0.244 -0.394 0.239 -0.024

(0.203) (0.301) (0.164) (0.102)

Observations 27,756 27,756 27,756 27,756
R-squared 0.927 0.945 0.953 0.968

a The table reports results from estimations of several speci�cations of the evolution process characterized
in equation (3.5) by ordinary least squares. The binary variables risoi,t , rwini,t and rheati,t equal one if an
investment into the thermal insulation of the dwelling, new windows or a new heating system has
occured and zero otherwise. The dummy variable ri,t equals one if any of these investments have
occured. Standard errors are reported in parantheses and clustered on the household level. Statistical
signi�cance at a 1 %, 5 % and 10 % level of con�dence is indicated by three (***), two (**) and one (*)
asterisks, respectively.
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dwellings than for ine�cient ones. Column (2) con�rms that this is indeed the case. The general
impact of investing in any type of modernisation measure is the stronger the higher the fuel
requirement of a dwelling is before the investment. In column (4) all investment opportunities
analysed in column (3) are interacted with the e�ciency state, si,t, providing the estimates used
in the estimation of the dynamic model.

3.4.3 Estimation of investment cost

Given that we have successfully estimated the parameters of the period utility function and the
evolution process, we are now also able to estimate the �xed investment cost using our dynamic
model of household investment. We �rst obtain the value function, V (si,t), of equation (3.6)
by value function iteration, which we then use to calculate the expected gain from investment,
∆EV (si,t|xτi,t), for every household in the sample. Given the decision rule in equation (3.7) and
our distributional assumption on the investment cost, Ci,t, we can then determine the investment
probability for every household as

Pr(ri,t = 1|si,t,xτi,t) = Pr
(
Ci,t ≤ δ∆EV (si,t|xτi,t)

)
. (3.12)

We assume that households’ state variables are independent of the cost draws and furthermore
that all cost draws, across households and time periods, are i.i.d. from the same distribution Φγ

C ,
conditional on the observable characteristics. In the main estimation, we allow the distribution of
modernisation costs to vary with the size of the dwelling. The goal of the dynamic estimation is
to estimate the mean values of the di�erent distributions stored in the vector γ. The likelihood
function for households’ investment data is

L(γ|si,t, ri,t,βτ ,xτi,t) =

N∏
i

Ti∏
t

[Pr(ri,t = 1) · (rdi,t = 1)

+ (1− Pr(ri,t = 1)) · (rdi,t = 0)],

(3.13)

where rdi,t is a binary indicator equal to 1 if household i has conducted a retro�tting investment in
period t, N denotes the total number of households in the sample and Ti the number of periods
household i is observed in the data. In the estimation we assume the discount factor δ = 0.95

and the ideal temperature increase in the dwelling to be τ̄i,t = 21− τ outi,t , where τ outi,t denotes the
mean outdoor temperature.

The estimation procedure thus chooses the mean value of the investment cost distribution
such that it rationalises the investments observed in the data, given the expected utility gain
from investing, which is determined by our model based on the current e�ciency state, si,t,

84



3.4 Estimation and empirical results

and observable household characteristics, xτi,t. Table (3.3) reports estimated mean values of the
investment cost distribution based on two separate models. In the upper panel, a single mean value
has been estimated that applies to all observations in the sample. The mean modernisation cost
households encounter is found to equal 66, 233 euros. The columns in the right part of the table
report percentiles of the associated exponential distribution. Since the exponential distribution
is left-skewed a high probability mass is assigned to modernisation costs below the mean value.
This is illustrated by the densities of exponential distributions plotted in �gure (3.1). The large
cost estimate mirrors households’ reluctance to invest, despite substantial potential increases
in the dwellings’ energetic performance, that has been observed in the previous literature.12

It captures all factors that prevent households from conducting retro�t investments.13 These
include the actual monetary costs of the material and installation service, but also for instance
inconveniences related to the purchase, the risk of failure in achieving the desired e�ciency
improvement, problems to acquire the necessary capital or just households’ unawareness of the
e�ciency gains that could be realized. The magnitude of the cost estimate indicates that the
impediments to investments are large and likely hard to address even with well designed policies.

The lower panel of table (3.3) reports results of a separate estimation, that allowed modernisation
costs to vary by the size of the dwelling. It indicates that the modernisation costs are larger in the
group of households living in larger dwellings. An intuitive explanation for this pattern is that the
size of the heating system, the number of windows or the area that has to be covered by better
insulating materials get larger and therefore more expensive as the size of the dwelling increases.

Given the estimated investment cost distribution, the investment probability can be calculated
for every household in the sample. The mean investment probability equals 6.305 % and 6.194 %
for the estimates from panel A and B, respectively. Both estimates thus provide a good �t to the
data in which the investment rate is 6.154 %.

A distinctive feature of our model is that it allows us to structurally separate the �xed cost
that arise at the time of the investment from the (expected) long-run gains that are associated
to it. The separation of the two e�ects requires a dynamic modelling of the investment decision.
Static utility models of the investment decision can, in contrast, only estimate the net e�ect of

12The previous literature has often stated households’ reluctance to invest in terms of high estimated discount rates.
Our estimate of high investment costs is an equivalent way to express the same pattern in the data. To see this more
clearly, note that the discount rate and the investment cost draw are two sides of the same coin in equation (3.7). An
alternative estimation could follow our approach, but �x the mean of the investment cost distribution and estimate
the discount factor using maximum likelihood.

13Because the investment cost are estimated in direct relation to the in�nite stream of expected future period utilities,
they also have to be interpreted in monetary terms. That is, with respect to the marginal utility of income which
has been normalised to unity.
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Table 3.3: Estimates of modernisation costs a

γ̂ SE Percentiles

5th 25th 50th 75th 95th

Single Cost Estimate
66,233 (6,624) 3,397 19,054 45,909 91,818 198,416

Estimated costs by dwelling size b

Small 59,280 (15,708) 3,040 17,053 41,089 82,180 177,587
Medium 64,492 (17,233) 3,308 18,553 44,702 64,492 193,201
Large 72,551 (0,579) 3,721 20,872 50,289 100,577 214,343

a The table reports estimates of mean values of the exponential distribution of modernisation costs,
γ̂, based on two separate models. In the upper panel, a single mean value has been estimated that
applies to all observations in the sample. In the lower panel three di�erent values have been estimated
based on the size of the dwelling. The estimates are obtained by maximizing the likelihood function in
equation (3.13). Standard errors of the estimates are reported in parantheses. The right part of the table
reports some percentiles of the exponential distributions associtated to the reported mean values.

b Dwellings have been assigned to the group of small, medium and large dwellings based on the terciles
of the dwelling size distribution. Dwellings below the �rst tercile of the distribution are considered
small, those between the �rst and second tercile are medium-sized and those above the second tercile
are large.

Figure 3.1: Density of an exponential distribution with mean γ
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the two di�erent factors entering the decision process. This makes the use of such models for
counterfactual policy scenarios problematic, since it is generally unclear, whether the hypothetical
policy change can be incorporated correctly into the decision process of households. Changes
in investment cost and expected utility gains are, however, very likely to trigger substantially
di�erent economic behavior and outcomes.

The role of the dwelling size nicely illustrates the value of the dynamic estimation framework.
The static results reported in table (3.1) indicate that the bene�ts from investing increase as
dwelling size increases, because households living in larger dwellings are found to value higher
mean indoor temperatures more than those living in smaller dwellings. In addition, the absolute
level of savings from lower values of si,t, is naturally larger for larger dwellings. The dynamic
estimates reveal that these e�ects are counteracted by higher costs that are associated to invest-
ments in larger dwellings. A static regression of investment on dwelling size (e.g., by logit or
probit) would only estimate the net e�ect of both in�uences on households’ decision to retro�t.

The crucial advantage of the developed dynamic framework is that it allows to quantify the
temperature consumption, the associated level of period utility and the lifetime bene�t of investing
for every household in the sample. It also allows to investigate the changes in households’
incentives and behavior if certain variables are varied. This enables us to study the two principle
forces that govern households’ decision process and their interplay in a comprehensive model.

Table 3.4 reports model predictions of households’ optimal temperature increase, τ∗i,t, and fuel
consumption, Fi,t, as well as the associated period utility, u(τ∗i,t), at di�erent values of important
model variables. Panel A considers the �rst, second and third quartile of the e�ciency state
distribution. It clari�es that households’ energy consumption rebounds after an increase in
dwellings’ e�ciency level resulting from a modernisation. A household living in a more e�cient
dwelling (i.e., having a lower si,t), faces lower marginal cost of consuming thermal warmth and
therefore consumes a higher level of τi,t. As the energy required to increase the mean indoor
temperature by one degree Celsius decreases from 27.275 to 19.514 kWh, households’ chosen
mean indoor temperature rises from 7.620 to 9.464 degree Celsius. The larger mean indoor
temperature in the dwelling might be due to a general increase of the ambient temperature level or
due to adjustments in the number of rooms being heated or the length of time periods the desired
temperature level is reached. The higher temperature consumption implies an increase in period
utility, ũ(τ∗i,t), from −2.712 to −2.128, resulting from reduced thermal discomfort. Despite the
increase of temperature consumption, the amount of fuel households consume, Fi,t, declines, such
that their overall expenses for the consumption of thermal warmth decline, which also contributes
to the increase in period utility. At the �rst quartile of the e�ciency state distribution, period
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utility is −1.657 and thus reduced further by the same mechanisms.
The remaining three columns allow to inspect households’ incentives to invest at the considered

e�ciency states. They report the long-run bene�t of investing, ∆EV , in thousand euros, as
well as the resulting investment probability, Pr(ri,t = 1), and the mean costs households face if
they invest, E[Cmedi,t |ri,t = 1], assuming all households to draw their investment costs from the
distribution associated to medium-sized dwellings. The expected gain in lifetime utility associated
to an investment gets the smaller, the more e�cient the dwelling is. At the �rst and third quartile
of the e�ciency state distribution ∆EV equals 6, 098 and 2, 792 euros, respectively. Intuitively,
as the level of discomfort from temperature levels below the ideal level declines, also the absolute
gain that can be realized through modernisations gets smaller. In addition, the improvements
in the energetic performance of the dwelling get the smaller the more e�cient the dwelling
was before the investment.14 The smaller long-run bene�t of investing, implies that households
living in more e�cient dwellings are less likely to invest. While the investment rate is 9 % at
the third quartile of the e�ciency distribution, it only equals 4.2 % at the �rst quartile. At the
median e�ciency state the investment probability is 7.4 %. The decision rule of equation (3.7)
implies that households only invest if their one-time investment costs are below the lifetime gain
in utility. The left-skewed form of the exponential distribution ensures that mean investment
costs conditional on investment, reported in the last column of table 3.4, are substantially smaller
than ∆EV . They equal 3, 999 and 1, 386 euros at the third and �rst quartile of the e�ciency
distribution respectively.

It is interesting to compare these values to actual monetary costs households encounter when
modernising their dwellings. For this purpose appendix C.1 provides summary statistics of the
monetary cost of actual modernisation investments conducted by German home owners between
2010 and 2015. The data is obtained from the 34th version of “The German Socioeconomic Panel
Study” (SOEP v34), which is a large representative household panel of the German population. The
reported investment cost have been de�ated to 2007 euros. An advantage of the modernisation
cost reported in the SOEP is that they relate to a very similar – relatively broad – measure of
investment activity as the information in our main dataset. Households are asked whether they
have invested into a new heating system, new thermal insulation or new windows in the last
year and what the associated cost have been. The mean cost of households conducting any of
the three modernisation investments are 6731.87 euros.15 This is substantially below the mean
14See the discussion of the estimated evolution process in section 3.4.2.
15Actual monetary cost of retro�tting are hard to measure and vary depending on the extent and type of the mod-

ernisation conducted. The conformity of the questions in the “Residential Energy Consumption Survey” and the
SOEP is therefore a valuable opportunity to obtain an impression of the monetary cost of the type of retro�t
investment considered in this study. Studies providing estimates of investment cost include Palmer et al. (2017), who
consider the housing market in the United Kingdom. Their results indicate an average monetary installation cost

88



3.4 Estimation and empirical results

Table 3.4: Model predictions a

PANEL A:

si,t τ∗i,t Fi,t ũ(τ∗i,t) ∆EV Pr(ri,t = 1) E[Cmedi,t |ri,t = 1] b

14.343 10.718 1399.983 -1.657 2.792 0.042 1.386
(0.046) (10.139) (0.014) (0.017) (0.000) (0.009)

19.514 9.464 1653.395 -2.128 4.946 0.074 2.440
(0.063) (12.090) (0.017) (0.031) (0.000) (0.015)

27.275 7.620 1798.381 -2.712 6.098 0.090 2.999
(0.083) (17.520) (0.020) (0.041) (0.001) (0.020)

PANEL B:

# adults τ∗i,t Fi,t ũ(τ∗i,t) ∆EV Pr(ri,t = 1) E[Cmedi,t |ri,t = 1] b

1 7.776 1218.316 -1.996 3.346 0.050 1.654
(0.121) (17.135) (0.025) (0.065) (0.001) (0.032)

2 8.792 1454.114 -2.133 3.829 0.057 1.890
(0.064) (10.382) (0.018) (0.044) (0.001) (0.021)

3 10.414 1859.583 -2.344 4.161 0.062 2.052
(0.059) (16.555) (0.028) (0.062) (0.001) (0.030)

4 9.206 1553.459 -2.188 4.055 0.060 2.000
(0.104) (17.682) (0.032) (0.080) (0.001) (0.039)

PANEL C:

Age τ∗i,t Fi,t ũ(τ∗i,t) ∆EV Pr(ri,t = 1) E[Cmedi,t |ri,t = 1] b

< 50 8.436 1372.983 -2.085 3.602 0.054 1.779
(0.066) (10.658) (0.016) (0.040) (0.001) (0.019)

≥ 50 9.735 1686.961 -2.257 4.121 0.061 2.032
(0.050) (10.701) (0.018) (0.043) (0.001) (0.021)

a The table reports the mean predictions of several model quantities setting the di�erent model variables
for all households to prede�ned values. Panel A considers di�erent values of the e�ciency state, si,t,
evaluating households’ choices at the �rst, second and third quartile of the e�ciency state distribution.
In panel B and panel C mean values are reported for varying size and age of the household. The
chosen temperature increase is denoted by τ∗i,t, ũ(τ∗i,t) provides the period utility from thermal warmth
consumption. The fuel consumption is denoted Fi,t, ∆EV is the long-run bene�t from investing,
Pr(ri,t = 1) the investment probability and E[Cmedi,t |ri,t = 1] the mean cost of those households
that the model predicts to invest. The quantities ũ(τ∗i,t), ∆EV and E[Cmedi,t |ri,t = 1] are stated in
thousand euros, Fi,t in thousand kilowatt hours. Standard errors are reported in parantheses.

b The term Cmedi,t indicates draws from the cost distribution that applies to medium-sized dwellings.
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unconditional costs reported in table 3.3. The results of table 3.4 indicate, that at such monetary
cost investments would be pro�table for many households at the third quartile of the e�ciency
state distribution. In contrast, for households living in more e�cient dwellings the monetary costs
alone might often make investments unattractive.

Panel B and C of table 3.4 consider the e�ects of households’ preferences for thermal comfort
on their temperature and investment choices. As discussed in section 3.4.1 larger households
as well as those older than 50 value higher indoor temperatures more. Panel B and C clarify
that this is actually associated to increases in temperature levels and fuel consumption that are
statistically and economically signi�cant. Compared to a one person household, a household with
two adult members consumes a more than one degree higher mean indoor temperature, resulting
in an average increase of yearly fuel consumption by 235.718 kWh. The stronger preferences
for thermal comfort results in a lower overall period utility level for the larger household. This
implies larger potential bene�ts that can be realized through investments and accordingly a higher
investment rate. The mechanisms and qualitative e�ects are the same when comparing households
form above 50 to younger counterparts.

3.4.4 Simulation and policy analysis

Using the estimates of our model, we simulate the e�ects of changes in households’ economic
environment on temperature consumption and the probability to invest. Table 3.5 summarises
the percentage changes of the investment probability, Pr(ri,t = 1), the long-run utility gain
from investing, ∆EV , the period utility, ũ(τ∗i,t), the optimal temperature choice, τ∗i,t, and fuel
expenditure, pFi,t · Fi,t, �ve years after three di�erent policy scenarios compared to the status quo
scenario without exogenous changes in the economic environment.

In the �rst experiment, we consider the impact of a fuel price increase by 10 % (e.g., through
the introduction of a new tax). The price increase raises the marginal cost of consuming thermal
warmth, leading to a lower period utility of the household due to lower consumption of thermal
comfort and higher cost associated with its remaining consumption. The decrease in period utility
implies larger potential utility gains to be realised by investing into energy e�cient technology.
The simulation results in the �rst row of table 3.5 indicate, that the incentive to invest, ∆EV ,
increases by 5.1 % on average going along with an increase of the investment probability by
22.1 %. The e�ciency increases due to the additional investments, counteract the fuel tax’s impact
on average consumption of thermal warmth and period utility. However, simulation results

around 8,000 euros as a plausible benchmark. For the German market Thema et al. (2018) calculate the complete
modernisation of an apartment building (including the retro�t of all walls, windows and the heating system) to
cost roughly 61,500 euros. However, note that while this helps to rationalise the occasional occurence of extremely
high investment cost, households hardly ever conduct investments of that scale at once.
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3.4 Estimation and empirical results

Table 3.5: Simulation of counterfactual policy scenarios a

Scenario Pr(ri,t = 1) ∆EV ũ(τ∗i,t) τ∗i,t pFi,t · Fi,t

Fuel price increase b 0.221 0.051 -0.079 -0.048 0.042
(0.054) (0.003) (0.001) (0.001) (0.002)

More e�ective modernisation c 0.201 0.009 0.006 0.004 -0.005
(0.054) (0.003) (0.001) (0.001) (0.001)

Subsidy on investment costs d 0.463 -0.002 0.003 0.004 -0.001
(0.064) (0.003) (0.001) (0.001) (0.001)

a The table reports the percentage changes of the investment probability, Pr(ri,t = 1), the long-run
utility gain from investing, ∆EV , the period utility, ũ(τ∗i,t), the optimal temperature choice, τ∗i,t, and
expenditure for for fuel, pFi,t · Fi,t, �ve years after three di�erent policy scenarios compared to the
status quo scenario without exogenous changes in the economic environment. The relative changes
are calculated as Λps−Λsq

/|Λsq|, where Λ and ps denote the considered quantity and policy scenario
respectively and sq indicates the status quo. Standard errors are reported in parantheses.

b The scenario considers a general fuel price increase by 10 %.
c The scenario considers an increase of the impact of the modernisation by 10 %.
d The scenario considers a reduction of modernisation costs the household as to pay by 20 % of the

average cost.

indicate that still the average consumed level of indoor temperature decreases by 4.8 %. Yet, the
temperature reduction does not o�set the negative monetary a�ect of the fuel price increase on
total spending. On average households have to spend 4.2 % more on the consumption of fuel.
Together with the lower level of thermal comfort, this determines the period utility to decline by
7.9 % on average.

While the impact of a fuel price increase by 10 % thus allows a signi�cant reduction in tempera-
ture and thus fuel consumption, the impact of the other two policies we have simulated are less
e�ective. Improving the e�ectiveness of the retro�tting by 10 % and subsidising investments by
20 % of average construction cost increases investment by 20.1 % and 46.3 %, respectively. However,
the policies have no economically signi�cant impact on households’ choice of indoor temperature
and energy consumption. The e�ective changes in the e�ciency states of the dwellings triggered
by the policies are too small to generate signi�cant changes in the average temperature choice and
fuel consumption across households. This indicates that policies designed to exclusively increase
domestic retro�tting without setting incentives to reduce fuel consumption in households’ static
decision environment, will therefore have problems to reduce the amount of fuel consumed in the
economy by an amount that helps to meet climate targets.
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3 Households’ dynamic investment in domestic energy e�ciency

3.5 Conclusion

In this article we develop and estimate a dynamic structural model of households’ investment
decision in energy e�cient technology. In our model, households are forward looking. When
making the decision to invest, they trade-o� one-time �xed cost in the current period against
long-run gains in utility. By explicitly modelling and estimating the utility households receive
in every period from the consumption of thermal warmth and other goods in a �rst step, we
can predict the change in fuel consumption as well as the lifetime utility gains that result from
an investment. The investment costs are then estimated in relation to the potential gains in a
second step. They are chosen such that observed investments can be rationalized by the developed
dynamic decision model. All estimated parameters thus have a structural interpretation in terms of
the developed economic decision model. This allows us to analyse households’ retro�t decision in
greater detail than related approaches that rely on static utility models to estimate the relationship
between household and dwelling characteristics and the propensity to invest. Using the structural
parameter estimates of the model, we can conduct counterfactual experiments on how households
would respond in terms of their energy consumption and investment behavior given changes in
the economic environment.

We estimate the model using a subsample from “The German Residential Energy Consumption
Survey”. We �nd that households’ valuation for thermal comfort as well as the marginal cost
associated to its consumption matter for their temperature and investment choice. A household
living in a less e�cient dwelling consumes lower temperature levels and has, ceteris paribus,
higher incentives to invest. A household with stronger preferences for high temperature levels,
e.g. an older household, chooses a higher mean indoor temperature and has stronger incentives
to retro�t the dwelling to further decrease the cost of temperature consumption. The results
thus clarify the importance of understanding the sources of heterogeneity in households’ static
temperature choice to achieve a detailed understanding of the mechanisms that determine their
investment choices.

In our simulations of counterfactual policies, we �nd that government subsidy programs that
reduce investment costs have a positive impact on the investment decision. In our case, they
increase the investment rate by 46.3 %. Yet, the resulting increase in the economy wide level of
e�ciency is not large enough to reduce households’ average energy consumption on a signi�cant
scale. Similarly, increasing the e�ectiveness of modernisation measures, for instance by supporting
research and development, increases the rate of investment, but has only a small impact on the fuel
consumption in the economy. In contrast, a tax on energy prices induces a higher investment rate,
which increases by 22.1 percent, and at the same time is e�ective in the reduction of temperature
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3.5 Conclusion

and thus fuel consumption. According to our simulation, ten percent higher fuel prices reduce
the mean indoor temperature in dwellings by 4.8 %. The results thus emphasize the strength of
direct taxes on fuel consumption in incentivising households to reduce their consumption, both,
by reducing temperature choices as well as increasing their engagement to retro�t.

93





Appendices

95





A Appendix to chapter 1

A.1 Robustness analyses and descriptives

Table A.1: Coe�cients of naive regression using
the Poisson estimator a

Dep. Var: τdi,t (1) (2) (3)

Income:
< 1, 500 e -0.238*** -0.300***

(0.051) (0.052)
≥ 3, 500 e 0.122*** 0.150***

(0.031) (0.029)
log(ci,t) -0.337*** -0.367***

(0.024) (0.025)
Constant 1.956*** 3.685*** 3.823***

(0.022) (0.126) (0.132)
Observations 2,483 2,846 2,483

Estimator POI POI POI
a Columns (1) to (3) of the table report estimation results

from Poisson regressions (POI) on di�erent speci�cations
of equation (1.19). Year �xed e�ects are included in all
regressions and the standard errors are clustered on the
household level and reported in parantheses. Statistical
signi�cance at a 1 %, 5 % and 10 % level of con�dence
is indicated by three (***), two (**) and one (*) asterisks,
respectively.
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A Appendix to chapter 1

Table A.2: Estimated coe�cients of the full regression model using the Poisson estimator a

Dep. Var: τdi,t (1) (2) (3) (4)
Income:
< 1, 500 e -0.101** -0.099** -0.076*

(0.044) (0.042) (0.041)
≥ 3, 500 e 0.022 0.024 0.011

(0.028) (0.025) (0.026)
log(ci,t) -0.606*** -0.692*** -0.663***

(0.025) (0.039) (0.043)
age:
30− 39 0.091 0.063 0.060

(0.065) (0.061) (0.062)
40− 49 0.092 0.062 0.083

(0.063) (0.059) (0.059)
50− 59 0.200*** 0.118** 0.135**

(0.063) (0.058) (0.059)
≥ 60 0.240*** 0.123** 0.142**

(0.066) (0.061) (0.062)
# adults:
2 0.166*** 0.138*** 0.175***

(0.038) (0.033) (0.033)
3 0.199*** 0.181*** 0.225***

(0.048) (0.041) (0.041)
≥ 4 0.220*** 0.154*** 0.216***

(0.056) (0.053) (0.053)
# children:
1 0.050 0.031 0.048

(0.043) (0.040) (0.039)
≥ 2 0.083* 0.037 0.073*

(0.043) (0.039) (0.038)
Is employed 0.009 -0.029 -0.036

(0.032) (0.029) (0.030)
Has Abitur 0.006 0.027 0.029

(0.025) (0.023) (0.024)
Is owner 0.244*** 0.047 0.035

(0.037) (0.033) (0.035)
Size of the dwelling:
Small: < 1st tercile -0.221*** -0.105*** -0.107*** -0.014

(0.038) (0.034) (0.035) (0.035)
Large: > 2nd tercile 0.183*** 0.170*** 0.166*** -0.024

(0.030) (0.028) (0.030) (0.027)

98



A.1 Robustness analyses and descriptives

Table A.2 continued from previous page
Type of the dwelling:
Row house -0.185*** -0.181*** -0.075***

(0.025) (0.027) (0.024)
Multi-family dwelling -0.267*** -0.293*** -0.129**

(0.057) (0.055) (0.062)
# apartments:
4− 6 -0.224*** -0.201*** -0.186***

(0.059) (0.057) (0.061)
7− 12 -0.280*** -0.225*** -0.257***

(0.059) (0.058) (0.061)
≥ 13 -0.297*** -0.290*** -0.308***

(0.076) (0.072) (0.072)
Construction year:
≤ 1918 0.032 0.013 -0.261***

(0.048) (0.051) (0.052)
1919− 1948 -0.053 -0.109** -0.309***

(0.046) (0.048) (0.048)
1949− 1957 -0.043 -0.072 -0.236***

(0.051) (0.053) (0.054)
1958− 1968 -0.032 -0.069 -0.239***

(0.044) (0.045) (0.044)
1978− 1983 0.087** 0.091** 0.166***

(0.044) (0.046) (0.043)
1984− 1994 0.018 0.038 0.207***

(0.046) (0.047) (0.043)
1995− 2001 -0.031 0.018 0.316***

(0.046) (0.048) (0.040)
≥ 2002 -0.198*** -0.157*** 0.165***

(0.056) (0.059) (0.050)
Type of heating system:
gas heating on the �oor -0.050* -0.035 -0.036

(0.029) (0.029) (0.029)
oven 0.070 0.013 0.086

(0.083) (0.094) (0.082)
Has modernised:
Thermal shell 0.034 0.038 0.315***

(0.032) (0.035) (0.028)
Windows 0.028 0.040 0.083***

(0.028) (0.029) (0.032)
Heating system 0.006 0.040 0.085***

(0.026) (0.028) (0.028)
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A Appendix to chapter 1

Table A.2 continued from previous page
log(HDD) 0.030 0.064 0.065

(0.111) (0.111) (0.114)
Fuel type:
Oil -0.002 0.007 -0.040

(0.027) (0.029) (0.028)
Long distance heat -0.148*** -0.150** -0.096**

(0.052) (0.061) (0.045)
Constant 4.574*** 5.175*** 4.633*** 1.464

(0.144) (0.934) (0.950) (0.922)

1

1+β̂ci,t
3.250*** 2.967***

(0.417) (0.378)

Observations 2,314 2,256 2,254 2,784
Estimator POI POI OLS POI

a The table reports estimation results from ordinary least squares (OLS) and Poisson regressions of
equations (1.20) and (1.19) respectively. Year �xed e�ects are included in all regressions and the standard
errors are clustered on the household level and reported in parantheses. Statistical signi�cance at a 1 %,
5 % and 10 % level of con�dence is indicated by three (***), two (**) and one (*) asterisks, respectively.
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A.1 Robustness analyses and descriptives

Table A.4: Regression coe�cients using an alternative dependent variable a

Dep. Var: τ̃di,t Coe�. SE

Income:
< 1, 500 e -0.086** (0.037)
≥ 3, 500 e 0.014 (0.023)
log(ci,t) -0.639*** (0.038)

(0.038)
age:
30− 39 0.069 (0.051)
40− 49 0.084* (0.049)
50− 59 0.136*** (0.050)
≥ 60 0.141*** (0.052)
# adults:
2 0.145*** (0.029)
3 0.193*** (0.036)
≥ 4 0.183*** (0.047)
# children:
1 0.043 (0.036)
≥ 2 0.067** (0.034)
Is employed -0.034 (0.026)
Has Abitur 0.028 (0.021)
Is owner 0.036 (0.030)
Size of the dwelling:
Small: < 1st tercile -0.115*** (0.030)
Large: > 2nd tercile 0.159*** (0.026)
Type of the dwelling:
Row house -0.160*** (0.024)
Multi-family dwelling -0.239*** (0.048)
# apartments:
4− 6 -0.162*** (0.050)
7− 12 -0.185*** (0.050)
≥ 13 -0.254*** (0.064)
Construction year:
≤ 1918 -0.023 (0.045)
1919− 1948 -0.115*** (0.042)
1949− 1957 -0.088* (0.046)
1958− 1968 -0.085** (0.040)
1978− 1983 0.082** (0.040)
1984− 1994 0.021 (0.042)
1995− 2001 -0.022 (0.043)
≥ 2002 -0.127** (0.051)
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A Appendix to chapter 1

Table A.4 continued from previous page
Type of heating system:
gas heating on the �oor 0.054** (0.025)
oven 0.167** (0.080)
Has modernised:
Thermal shell 0.045 (0.030)
Windows 0.018 (0.025)
Heating system 0.052** (0.024)
log(HDD) 0.066 (0.098)
Fuel type:
Oil -0.005 (0.026)
Long distance heat -0.131*** (0.050)
Constant 4.637*** (0.834)

1

1+β̂ci,t
2.769*** (0.289)

Observations 2,256
R-squared 0.581
Estimator OLS

a The table reports a robustness check of the preferred speci�cation, reported in
column (2) of table (1.2), towards the use of an alternative dependent variable,
τ̃di,t, that is obtained if the termQA · ξ is not dropped during the derivation of the
input demand equation (1.9) in section 1.3.2. The dependent variable is de�ned as

τ̃di,t =
F di,t +QA · ξ
sdi,tmi,t

The estimates are obtained by ordinary least squares regression. The regression
includes year �xed e�ects and the standard errors are clustered on the household
level and reported in parantheses. Statistical signi�cance at a 1 %, 5 % and 10
% level of con�dence is indicated by three (***), two (**) and one (*) asterisks,
respectively.
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A.2 Theorems

Theorem 1 1. Suppose the amount of fuel, F , a household has to use to produce an increase of the

mean indoor temperature by τ degrees, given a state variable of the dwellings overall e�ciency, s,

can be represented by an input demand function

F = I(s,m, τ).

Let εF,s and ετ,s denote the elasticity of fuel and temperature consumption with respect to the variable

s, respectively. Then the following relationship holds if and only if I(s,m, τ) is linear in τ :

εF,s = 1 + ετ,s.

Proof.

εF,s = 1 + ετ,s

⇔ ∂ln(F )

∂ln(s)
= 1 +

∂ln(τ)

∂ln(s)
| Integrating both sides

⇔ ln(F ) = ln(s) + ln(τ) + k , for some k ∈ R

⇔ F = s · τ · ek | De�ne: m ≡ ek

⇔ F = s ·m · τ
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A.3 Details on the generation of e�iciency states

A.3.1 Detailed descriptions of the outlier corrections applied to the generated
e�iciency states

The range of the distribution is a�ected by two types of outlier corrections that have been
conducted to avoid that regression results are driven by extremely large or small values, which
might indicate very speci�c types of dwellings or errors in the calculation procedure.1 First, fuel
requirements outside an interval of three standard deviations around the mean value are dropped
in an iterative procedure. After every iteration the procedure is repeated until no values are
excluded anymore. The choice of an interval of three standard deviations around the mean is a
conservative choice made to ensure that no plausible values are dropped.2 Figure A.1 visualises
the distribution of the observations that are dropped on in the outlier correction. All dropped

Figure A.1: Boxplot of outliers in predicted fuel requirements

observations are at the right tail of the fuel requirement distribution and thus represent extremely
ine�cient dwellings. Column (7) of table A.5 clari�es that the outlier correction implies no
selection on household or dwelling characteristics.

In a second step also the relation of the predicted fuel requirements to observed fuel consump-
tion is used to identify implausible observations. For this purpose, I generate the empirical indoor
temperatures, τdi,t and repeat the same outlier identi�cation procedure described before on them.
Since I need plausible consumption data against which I can compare the generated fuel require-
ments, the correction is conducted under the same restrictions on reported fuel consumption
used in the �nal analysis. Figure A.2 clari�es that the procedure only drops observations with

1In addition, also observations with unclear statements on crucial input variables are dropped, including households
who do not know the construction year, number of apartments and type of their dwelling or whether they own the
dwelling or not.

2If the true fuel requirements follow a normal distribution 99,73 % of all values that belong to that distribution should
lie within the considered interval.
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a very large implied indoor temperature. Large implied indoor temperatures result from fuel
requirements that are small relative to the observed fuel consumption. In contrast to the sorting
out of very large fuel requirements in the previous correction procedure, observations are thus
now dropped because the fuel requirements are very small or the reported fuel consumption large
respectively. Figure A.3 illustrates the idiosyncracy of the variables dropped in this procedure.
In contrast to the usual pattern in the data, the actual fuel consumption tends to be larger than
the predicted one. The outlier corrections on the mere fuel consumption and fuel requirements
respectively therefore cannot identify these observations as special in the data. The sorting out of
observations based on the level of the implied indoor temperature is therefore complementary to
these alternative procedures.

Figure A.4 emphasizes that the correction procedure eliminates observations that are intuitively
problematic. All dropped observations have implied temperature levels above 21 degrees Celsius,
which is typically considered an ideal temperature level, e.g., in engineering calculations. In the
�gure these observations appear as having a negative distance to the ideal temperature level. At
the same time, the observations that remain after outliers have been dropped only rarely exceed the
ideal temperature level and if they do only slightly. I therefore add the correction procedure to my
constraints on the dataset. Column (8) of table A.5 indicates that the outlier correction reduces the
size of the dataset available for the year 2008 by 104 observations. The exclusion implies that the
mean of actual fuel consumption decreases and the mean of predicted fuel consumption increases
slightly. There is no visible selection on household or dwelling characteristics. A robustness check
of the preferred regression equation reported in column (6) of table A.3 clari�es, that the outlier
correction has no impact on the qualitative results either.

Figure A.2: Boxplot of implied indoor temperatures
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Figure A.3: Boxplot of fuel consumption and predicted fuel requirements

Figure A.4: Boxplot of distances to the ideal temperature level
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A.3.2 Detailed analyses of the generated fuel requirements

Figure 1.1 illustrates, that the distribution of generated fuel requirements is bimodal with a
large density of fuel requirements around 250 and 500 kWh/m2 and very few predictions of fuel
consumptions around 400 kWh/m2. Regression results of the observed dwelling characteristics on
the generated fuel requirements reported in column (3) of table A.6, provide an impression how the
available data is mapped into e�ciency states by applying the calculation procedure of Loga et al.
(2005). Clearly, the construction year is the most important predictor of the dwellings’ e�ciency.
More recent dwellings require less fuel to be heated to a standardised indoor temperature than older
dwellings. A dramatic shift occurs for dwellings constructed after 1969, which are substantially
more e�cient than those constructed earlier. As �gure A.5 illustrates, this discrete shift in the
calculation procedure also produces the bimodal shape of the e�ciency state distribution discussed
before. Dwellings constructed after 1969 have e�ciency states between 200 and 400 kWh/m2. In
contrast, the fuel requirements of dwellings constructed before are primarily located in the range
between 400 and 800 kWh/m2. Only relatively few older dwellings reach e�ciency levels in the
left part of the distribution by modernisation investments.

The regression results also indicate that larger dwellings require less fuel per square metre than
smaller ones. While the existence of more than one apartment in the dwelling reduces e�ciency,
semi-detached and multi-family dwellings have signi�cantly lower predicted fuel consumptions

Figure A.5: Generated fuel requirements of dwellings constructed before and after 1969
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than detached singly-family dwellings. Modernisation investments signi�cantly increase the
overall e�ciency, of which the impact of investments into thermal insulation is the largest. The
impact into new heating systems and windows is substantially smaller. Investing the former leads
to larger e�ciency reductions than investments in the latter. Finally, the results also indicate
that central heating systems and long distance heating are less e�cient than other heating types.
Columns (1) and (2) of table A.6 again clarify that the data restrictions have no substantial impact
on the qualitative results.

Table A.6: Coe�cients of regression of predicted fuel consumption on dwelling characteristics a

Dep. Var: F ei,t (1) (2) (3)
Dwelling Size im m2 -0.348*** -0.339*** -0.549***

(0.107) (0.108) (0.057)
Construction year:
≤ 1918 136.508*** 136.377*** 141.793***

(4.249) (4.253) (8.507)
1919− 1948 145.406*** 143.360*** 143.696***

(4.160) (3.955) (6.885)
1949− 1957 122.637*** 123.624*** 115.496***

(4.175) (4.186) (8.706)
1958− 1968 112.155*** 111.391*** 112.375***

(3.136) (3.093) (6.255)
1978− 1983 -37.360*** -37.305*** -31.164***

(2.390) (2.397) (4.971)
1984− 1994 -66.874*** -66.902*** -60.525***

(2.556) (2.541) (4.625)
1995− 2001 -108.437*** -108.556*** -102.567***

(2.505) (2.464) (4.503)
≥ 2002 -116.900*** -117.350*** -115.466***

(3.271) (3.254) (5.813)
# apartments:
2 8.269*** 9.573*** 10.437**

(2.657) (2.675) (5.246)
3 0.124 -1.922 -3.051

(4.924) (4.573) (10.215)
4− 6 8.642 5.203 -2.195

(5.883) (5.640) (9.589)
7− 12 9.315 7.015 0.428

(6.119) (5.960) (11.349)
13− 20 12.071 7.852 0.458

(7.541) (7.171) (14.972)
≥ 20 23.439*** 18.931*** 17.289
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Table A.6 continued from previous page
(7.536) (7.135) (12.848)

Type of the dwelling:
Row house -32.193*** -31.768*** -35.898***

(2.636) (2.595) (4.120)
Multi-family dwelling -30.532*** -27.252*** -32.964***

(5.138) (4.974) (9.928)
Has modernised:
Thermal shell -97.185*** -95.390*** -96.114***

(3.052) (3.064) (6.230)
Windows -12.593*** -12.218*** -7.985

(2.970) (2.909) (6.090)
Heating system -25.285*** -25.158*** -29.434***

(2.738) (2.678) (5.060)
Type of Heating System:
Gas heating on the �oor -26.041*** -24.409*** -22.744***

(2.394) (2.365) (4.658)
Oven 6.707 4.975 -15.247

(5.218) (5.070) (14.665)
Electric Heating -73.907*** -73.784***

(4.534) (4.538)
Heat Pump -146.517*** -144.940***

(6.363) (6.631)
Fueltype:
Liquid Gas 0.472 1.025

(6.015) (6.094)
Oil 5.389** 7.010*** 9.854**

(2.392) (2.370) (4.560)
Wood Pellets 29.620** 43.720***

(11.795) (12.033)
Logs -1.564 1.755

(8.170) (8.126)
Wood Chips -8.389 9.512

(67.830) (99.062)
Wood Briquettes 29.846* 23.103*

(17.569) (13.459)
Coal -4.816 -2.719

(23.475) (25.439)
Lignite 41.039*** 40.839***

(14.622) (14.277)
Long Distance Heat -40.397*** -40.090*** -47.948***

(3.348) (3.031) (6.566)
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Table A.6 continued from previous page
Constant 380.252*** 378.016*** 401.312***

(14.643) (14.695) (9.972)

Observations 15,585 15,181 2,784
R-squared 0.735 0.742 0.739

Drop Outliers No Yes Yes
Impose restrictions on fuel data No No Yes

a The table reports estimation results from ordinariy least squares (OLS) regressions of fuel requirements,
predicted by the engineering model from Loga et al. (2005), on dwelling characteristics. Column (1)
reports results from regressions on the full sample. In column (2) the sample is restricted to predicted
fuel requirements that are not marked as outliers in the outlier correction procedure. In column (3)
additional restrictions used in the preferred speci�cation in the main analysis are added. In particular,
only households that are able to report their energy consumption and use natural gas, oil or long
distance heat for their primary heating system are considered. Standard errors are clustered on the
household level and reported in parantheses. Statistical signi�cance at a 1 %, 5 % and 10 % level of
con�dence is indicated by three (***), two (**) and one (*) asterisks, respectively.
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B.1 Robustness analyses

Table B.1: Regression coe�cients for di�erent calibrations of τ in a

Dep. Var: F di,t (1) (2) (3) (4)

Estimates of households’ utility function parameters:
Constant: βτ0 23.503*** 16.537*** 9.442*** 7.494***

(7.225) (4.931) (2.714) (2.129)
age:
30− 39 2.914 1.843 0.915 0.692

(6.186) (4.234) (2.336) (1.834)
40− 49 0.409 0.189 0.048 0.024

(6.257) (4.285) (2.366) (1.858)
50− 59 8.071 5.443 2.956 2.309

(6.768) (4.623) (2.546) (1.998)
≥ 60 10.088 6.734 3.607 2.805

(7.433) (5.060) (2.775) (2.174)
# adults:
2 6.124** 4.162** 2.284** 1.791**

(2.466) (1.679) (0.922) (0.723)
3 13.496** 9.184** 5.044** 3.955**

(5.848) (3.943) (2.142) (1.673)
≥ 4 7.801* 5.311* 2.920* 2.291*

(4.140) (2.817) (1.547) (1.213)
# children:
1 -0.946 -0.569 -0.252 -0.180

(2.674) (1.829) (1.010) (0.793)
≥ 2 5.997* 4.087* 2.248* 1.764*

(3.467) (2.367) (1.304) (1.024)
Is employed -4.624 -3.111 -1.681 -1.310

(4.337) (2.928) (1.591) (1.242)
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Table B.1 continued from previous page
Has Abitur 6.764*** 4.552*** 2.463** 1.921**

(2.565) (1.743) (0.956) (0.749)
Is owner -0.124 -0.065 -0.015 -0.004

(2.717) (1.837) (0.999) (0.781)
Income:
< 1, 500 e 4.937 3.279 1.738 1.345

(4.361) (2.970) (1.629) (1.277)
≥ 3, 500 e 0.458 0.387 0.265 0.221

(2.592) (1.768) (0.973) (0.763)
Size of the dwelling:
Small: < 1st tercile -1.568 -1.332 -0.914 -0.764

(3.046) (2.029) (1.083) (0.842)
Large: > 2nd tercile 9.847*** 7.074*** 4.147*** 3.321***

(2.818) (1.914) (1.048) (0.821)

Estimates of adjustment term:
Constant: βλ0 0.898*** 0.758*** 0.577*** 0.515***

(0.055) (0.047) (0.036) (0.032)
Type of the dwelling:
Row house -0.258*** -0.219*** -0.169*** -0.151***

(0.034) (0.029) (0.022) (0.020)
Multi-family dwelling -0.311*** -0.265*** -0.204*** -0.183***

(0.051) (0.044) (0.033) (0.030)
# apartments:
4− 6 -0.074* -0.062* -0.047* -0.042*

(0.042) (0.035) (0.027) (0.024)
7− 12 -0.112** -0.094** -0.071** -0.064**

(0.044) (0.037) (0.028) (0.025)
≥ 13 -0.130*** -0.109*** -0.083*** -0.074***

(0.047) (0.039) (0.030) (0.027)
Construction year:
1919− 1968 -0.019 -0.018 -0.016 -0.015

(0.038) (0.032) (0.025) (0.022)
1969− 1977 0.157*** 0.130*** 0.097*** 0.086***

(0.051) (0.043) (0.033) (0.029)
1978− 1994 0.306*** 0.262*** 0.204*** 0.184***

(0.050) (0.043) (0.033) (0.030)
≥ 1995 0.192*** 0.175*** 0.147*** 0.136***

(0.047) (0.040) (0.031) (0.028)
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Table B.1 continued from previous page
Has modernised:
Windows 0.040 0.035 0.028 0.025

(0.035) (0.029) (0.023) (0.020)
Heating system 0.014 0.011 0.007 0.006

(0.032) (0.027) (0.021) (0.019)
Thermal shell 0.125*** 0.113*** 0.093*** 0.085***

(0.037) (0.032) (0.025) (0.023)
log(HDD) 0.251* 0.214* 0.166* 0.149*

(0.131) (0.111) (0.085) (0.076)
Income:
< 1, 500 e -0.034 -0.029 -0.021 -0.019

(0.028) (0.024) (0.018) (0.016)
≥ 3, 500 e 0.039 0.033 0.025 0.023

(0.029) (0.025) (0.019) (0.017)
Size of the dwelling:
Small: < 1st tercile -0.047 -0.039 -0.029 -0.025

(0.037) (0.032) (0.024) (0.022)
Large: > 2nd tercile 0.002 0.001 -0.000 -0.001

(0.034) (0.029) (0.022) (0.020)

τ in 17 19 23 25

Observations 2,256 2,256 2,256 2,256
R-squared 0.893 0.893 0.892 0.892

a The table reports estimates of equation (2.19) for di�erent ideal temperature levels, τ ini,t. Year and fuel
type �xed e�ects are included in the adjustment term in all regressions. All results are obtained by
nonlinear least squares. Standard errors are reported in parantheses and clustered on the household
level. Statistical signi�cance at a 1 %, 5 % and 10 % level of con�dence is indicated by by three (***), two
(**) and one (*) asterisks, respectively.
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Table B.2: Model Predictions for di�erent calibrations of τ in a

(1) (2) (3) (4)

∅ τ̂∗i,t 8.482*** 10.027*** 13.117*** 14.662***
(0.111) (0.132) (0.172) (0.193)

∅ τ̂ in
∗

i,t 14.906*** 16.451*** 19.541*** 21.086***
(0.111) (0.132) (0.172) (0.193)

∅ τ̂di,t 6.832*** 6.831*** 6.828*** 6.827***
(0.078) (0.078) (0.079) (0.079)

∅ λ̂i,t 0.818*** 0.692*** 0.530*** 0.474***
(0.016) (0.014) (0.010) (0.009)

∅ ετ∗i,t,ci,t -0.288*** -0.296*** -0.306*** -0.310***
(0.022) (0.023) (0.023) (0.023)

ετ∗,ci,t(xi,t) -0.245*** -0.253*** -0.264*** -0.268***
(0.018) (0.018) (0.018) (0.018)

τ in 17 19 23 25
a Columns (1) to (4) of the table summarize predictions of model quantities

based on estimates reported in the respective columns of table B.1. The
diameter symbol (∅) indicates the arithmetic mean over all households,
i, and time periods, t, of the quantity that follows it. The predicted
quantities are households’ optimal temperature increase, τ̂∗i,t, the result-
ing indoor temperature, τ̂ in

∗
i,t , the temperature increase implied in the

observed fuel data given the input demand function of equation (2.5),
τ̂di,t, the adjustment factor, λ̂i,t = λ(xλi,t, β̂

λ), and the elasticity with
respect to changes in the marginal cost of temperature consumption,
ετ∗i,t,ci,t . In addition, the last row reports the elasticity of a hypothetical
household with the mean characteristics in the sample stored in the
vector xi,t. Standard errors are reported in parantheses. Statistical
signi�cance at a 1 %, 5 % and 10 % level of con�dence is indicated by
three (***), two (**) and one (*) asterisks, respectively.
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B.1 Robustness analyses

Table B.3: Model Predictions for regressions under di�erent
data restrictions a

(1) (2) (3)

∅ τ̂∗i,t 11.649*** 11.268*** 9.750***
(0.167) (0.162) (0.317)

∅ τ̂ in
∗

i,t 18.007*** 17.607*** 16.364***
(0.167) (0.162) (0.317)

∅ τ̂di,t 6.993*** 7.654*** 5.239***
(0.099) (0.102) (0.119)

∅ λ̂i,t 0.611*** 0.684*** 0.584***
(0.014) (0.015) (0.020)

∅ ετ∗i,t,ci,t -0.307*** -0.353*** -0.915
(0.025) (0.025) (0.642)

ετ∗,ci,t(xi,t) -0.254*** -0.290*** -0.454***
(0.021) (0.019) (0.046)

Data Restr. Only HNG Only Owner Only Tenants
a Columns (1) to (3) of the table summarize predictions of model quanti-

ties based on estimates reported in the respective columns of table B.4.
The diameter symbol (∅) indicates the arithmetic mean over all house-
holds, i, and time periods, t, of the quantity that follows it. The
predicted quantities are households’ optimal temperature increase,
τ̂∗i,t, the resulting indoor temperature, τ̂ in

∗
i,t , the temperature increase

implied in the observed fuel data given the input demand function
of equation (2.5), τ̂di,t, the adjustment factor, λ̂i,t = λ(xλi,t, β̂

λ), and
the elasticity with respect to changes in the marginal cost of tem-
perature consumption, ετ∗i,t,ci,t . In addition, the last row reports the
elasticity of a hypothetical household with the mean characteristics
in the sample stored in the vector xi,t. Standard errors are reported
in parantheses. Statistical signi�cance at a 1 %, 5 % and 10 % level of
con�dence is indicated by three (***), two (**) and one (*) asterisks,
respectively.
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B Appendix to chapter 2

Table B.4: Regression coe�cients obtained under di�erent data restrictions a

Dep. Var: F di,t (1) (2) (3)

Estimates of households’ utility function parameters:
Constant: βτ0 11.173*** 13.210** 13.916***

(3.487) (6.378) (1.455)
age:
30− 39 -1.199 0.456 0.366

(2.218) (6.011) (0.808)
40− 49 -1.081 -1.675 0.347

(2.296) (6.077) (0.680)
50− 59 3.370 2.562 -0.273

(2.601) (6.042) (0.704)
≥ 60 5.759* 3.272 2.129**

(3.432) (6.248) (0.875)
# adults:
2 4.522*** 3.375*** 1.836***

(1.362) (1.208) (0.486)
3 3.138 6.995*** 0.410

(2.114) (2.692) (0.586)
≥ 4 6.891** 5.545** 1.046

(2.750) (2.153) (1.675)
# children:
1 1.352 -0.720 0.384

(1.676) (1.452) (0.678)
≥ 2 4.918** 3.193* -0.215

(2.106) (1.825) (1.852)
Is employed -2.026 -2.295 0.753

(2.773) (2.205) (0.478)
Has Abitur 3.534** 3.725*** -1.140**

(1.576) (1.379) (0.527)
Is owner 0.339

(1.428)
Income:
< 1, 500 e 5.245 3.559* -0.369

(3.790) (2.067) (0.526)
≥ 3, 500 e -0.381 1.529 0.389

(1.453) (1.352) (1.299)
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B.1 Robustness analyses

Table B.4 continued from previous page
Size of the dwelling:
Small: < 1st tercile -1.576 -1.704 -6.396***

(1.332) (1.388) (0.890)
Large: > 2nd tercile 4.715*** 4.466*** 11.582***

(1.733) (1.454) (4.254)

Estimates of adjustment term:
Constant: βλ0 0.691*** 0.691*** 0.506***

(0.048) (0.055) (0.088)
Type of the dwelling:
Row house -0.203*** -0.199*** -0.092

(0.032) (0.027) (0.077)
Multi-family dwelling -0.292*** -0.266*** -0.076

(0.050) (0.054) (0.112)
# apartments:
4− 6 -0.033 -0.035 -0.114

(0.041) (0.052) (0.083)
7− 12 -0.056 -0.048 -0.138

(0.039) (0.061) (0.089)
≥ 13 -0.069 -0.044 0.645***

(0.043) (0.067) (0.146)
Construction year:
1919− 1968 -0.031 -0.011 0.001

(0.029) (0.046) (0.044)
1969− 1977 0.045 0.093* 0.175**

(0.048) (0.051) (0.074)
1978− 1994 0.194*** 0.210*** 0.330***

(0.044) (0.050) (0.085)
≥ 1995 0.112*** 0.127*** 0.256***

(0.040) (0.047) (0.064)
Has modernised:
Windows 0.029 0.022 0.038

(0.031) (0.033) (0.047)
Heating system 0.018 -0.009 0.135**

(0.028) (0.031) (0.055)
Thermal shell 0.075** 0.115*** -0.023

(0.034) (0.035) (0.044)
log(HDD) 0.170 0.275** -0.006

(0.116) (0.127) (0.184)
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Table B.4 continued from previous page
Income:
< 1, 500 e -0.049** 0.000 -0.087**

(0.024) (0.044) (0.037)
≥ 3, 500 e 0.036 0.023 -0.019

(0.029) (0.027) (0.040)
Size of the dwelling:
Small: < 1st tercile -0.020 -0.038 0.052

(0.031) (0.033) (0.050)
Large: > 2nd tercile 0.031 -0.004 0.047

(0.032) (0.027) (0.063)

Observations 1,498 1,564 692
R-squared 0.898 0.893 0.879

Data Restr. Only HNG Only Owner Only Tenants

a The table reports estimates of equation (2.19) that have been obtained under di�erent data
restrictions. In column (1) only households heating with natural gas (HNG) have been included in
the analysis. In column (2) and (3) the analysis has focussed on owners and tenants respectively.
Year and fuel type �xed e�ects are included in the adjustment term in all regressions. The
ideal temperature level, τ ini,t, is set to 21 degrees Celsius. All results are obtained by nonlinear
least squares. Standard errors are reported in parantheses and clustered on the household level.
Statistical signi�cance at a 1 %, 5 % and 10 % level of con�dence is indicated by three (***), two
(**) and one (*) asterisks, respectively.
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C.1 Descriptives of actual monetary cost of retrofi�ing in
Germany

We use data from the 34th version of “The German Socioeconomic Panel Study” (SOEP v34) to
gain insights on the monetary cost associated to actual modernisations conducted by German
home owners.

The SOEP is the largest and oldest multi-disciplinary household panel in Germany (Goebel
et al., 2019). It contains questions regarding households’ modernisation investment since its start
in 1984. In the time period from 2010 to 2015 the surveyed households have explicitly been
asked for the monetary cost they encountered when modernising their dwellings.1 This provides
an opportunity to study the monetary cost related to modernisation investments directly and
separated from additional non-monetary cost that households might encounter.

The modernisations relevant in the context of our research include investments into the thermal
shell, windows or heating systems of a dwelling, which are able to increase the overall energy
e�ciency of the dwelling. The survey questions asking for the respective investments are very
similar in the SOEP and the “Residential Energy Consumption Survey”. This makes us con�dent,
that the monetary cost associated to similar types of household decisions as studied in our dynamic
model can be captured form the SOEP data.

We de�ate the available cost data to 2007 levels, to make them comparable to the time period
considered in our empirical analysis.2 Table C.1 provides summary statistics of the monetary
cost encountered by households that modernised their dwelling. Panel A of the table focuses on
the cost that were reported by households that invested into energy e�ciency improvements
only. It indicates that the mean cost of investing into heating systems and thermal insulation
are at a similar order of magnitude, even though the distribution of cost associated to the latter

1Home owners were asked for general maintenance cost during most years since the start of the survey. Only in the
time period between 2010 and 2015 an additional question explicitly asking for the cost of conducted modernisations
has been added.

2We used in�ation rates on consumer prices for the maintenance and repair of dwellings (classi�cation code CC13-043)
obtained from the German statistical agency (Statistisches Bundesamt, 2019) to de�ate the modernisation cost
reported by home owners to 2007 levels.

125



C Appendix to chapter 3

Ta
bl

e
C.

1:
D

es
cr

ip
tiv

es
of

m
on

et
ar

y
m

od
er

ni
sa

tio
n

co
st

so
fh

om
e

ow
ne

rs
ba

se
d

on
SO

EP
da

ta
be

tw
ee

n
20

10
an

d
20

15
a

O
bs

.
M

ea
n

St
an

d.
D

ev
.

Pe
rc

en
til

es

5t
h

25
th

50
th

75
th

95
th

PA
N
EL

A

Si
ng

le
in
ve

st
m
en

ti
nt
o

he
at

in
g

sy
st

em
40

8
8,

30
6.

42
6,

73
7.

88
1,

63
8.

00
4,

10
1.

85
5,

98
4.

76
10

,0
98

.1
9

22
,2

07
.1

6
w

in
do

w
s

93
7

4,
76

2.
79

5,
64

7.
17

53
2.

97
1,

52
2.

93
2,

86
6.

50
6,

39
1.

30
14

,6
08

.7
0

th
er

m
al

in
su

la
tio

n
53

6
7,

97
0.

56
11

,8
52

.6
8

32
7.

60
1,

36
9.

57
3,

65
2.

17
9,

13
0.

43
30

,1
73

.6
8

C
om

bi
ne

d
in
ve

st
m
en

ti
nt
o

he
at

in
g

sy
st

em
an

d
w

in
do

w
s

38
12

,2
87

.1
2

11
,2

55
.0

1
1,

72
4.

21
6,

39
1.

30
8,

92
4.

38
12

,9
31

.5
8

50
,0

40
.7

3
he

at
in

g
sy

st
em

an
d

th
er

m
al

in
su

la
tio

n
28

18
,4

30
.7

7
18

,8
69

.3
8

1,
82

6.
09

5,
88

0.
30

10
,3

99
.9

5
23

,9
23

.2
3

62
,5

50
.9

2

To
ta
l

1,
94

7
6,

73
1.

87
8,

72
8.

50
49

9.
18

1,
72

4.
21

4,
09

5.
00

8,
34

0.
12

22
,2

07
.1

6

PA
N
EL

B

A
ny

in
ve

st
m
en

ti
nt
o

en
er

gy
e�

ci
en

cy
1,

94
7

6,
73

1.
87

8,
72

8.
50

49
9.

18
1,

72
4.

21
4,

09
5.

00
8,

34
0.

12
22

,2
07

.1
6

ot
he

rm
od

er
ni

sa
tio

ns
3,

66
4

8,
58

9.
41

12
,1

18
.5

3
56

0.
37

2,
28

3.
50

5,
07

6.
45

10
,3

45
.2

6
25

,8
63

.1
6

en
er

gy
e�

ci
en

cy
an

d
ot

he
rm

od
er

ni
sa

tio
ns

1,
34

7
29

,2
51

.3
7

41
,7

10
.4

9
2,

00
1.

63
6,

84
7.

83
15

,8
46

.2
3

33
,3

60
.4

9
11

5,
47

7.
23

To
ta
l

6,
95

8
12

,0
69

.5
8

22
,5

11
.0

1
65

5.
20

2,
50

2.
04

5,
73

3.
00

12
,6

91
.1

2
41

,7
00

.6
1

a
Th

e
ta

bl
e

re
po

rt
sd

es
cr

ip
tiv

e
st

at
is

tic
so

ft
he

m
on

et
ar

y
co

st
as

so
ci

at
ed

to
ac

tu
al

m
od

er
ni

sa
tio

ns
co

nd
uc

te
d

by
G

er
m

an
ho

m
e

ow
ne

rs
be

tw
ee

n
20

10
an

d
20

15
.

Th
e

da
ta

is
ob

ta
in

ed
fr

om
th

e
34

th
ve

rs
io

n
of

“T
he

G
er

m
an

So
ci

oe
co

no
m

ic
Pa

ne
lS

tu
dy

”(
SO

EP
v3

4)
.T

he
re

po
rt

ed
co

st
ha

ve
be

en
de

�a
te

d
to

20
07

le
ve

ls
us

in
g

da
ta

fr
om

th
e

G
er

m
an

st
at

is
tic

al
ag

en
cy

(S
ta

tis
tis

ch
es

Bu
nd

es
am

t,
20

19
).

Pa
ne

lA
of

th
e

ta
bl

e
re

po
rt

s
st

at
is

tic
s

of
th

e
co

st
en

co
un

te
re

d
by

ho
us

eh
ol

ds
th

at
ha

ve
in

ve
st

ed
in

to
m

ea
su

re
st

o
in

cr
ea

se
th

e
en

er
ge

tic
e�

ci
en

cy
of

th
e

dw
el

lin
g

on
ly

.T
he

se
ca

n
be

in
ve

st
m

en
ts

in
to

th
e

he
at

in
g

sy
st

em
,t

he
w

in
do

w
so

rt
he

th
er

m
al

sh
el

lo
ft

he
dw

el
lin

g.
Pa

ne
lB

of
th

e
ta

bl
e

co
m

pa
re

st
he

co
st

of
in

ve
st

in
g

in
to

an
y

of
th

e
e�

ci
en

cy
m

ea
su

re
sa

nd
of

in
ve

st
in

g
in

to
so

m
e

no
n-

e�
ci

en
cy

m
ea

su
re

so
nl

y,
to

th
e

co
st

th
at

ar
is

e
if

th
e

tw
o

ty
pe

so
fm

od
er

ni
sa

tio
ns

ar
e

co
nd

uc
te

d
jo

in
tly

w
ith

in
a

ye
ar

.

126



C.1 Descriptives of actual monetary cost of retro�tting in Germany

is wider. Investments into windows are cheaper than the other two types of energy e�ciency
modernisations. Combined investments are rare, but occur for investments into heating systems
and windows as well as heating systems and thermal insulation.

The primary information of interest in the context of our empirical analysis is the mean
investment cost over all types of e�ciency modernisations that households can conduct. The
last row of Panel A reports their mean to be 6731.87 euros. There is quite some variation in the
cost households face, resulting from the variety of investments that can be conducted. Figure C.1
plots the distribution of the modernisation cost of interest. It is left-skewed implying a lower
probability mass at very large cost. Consistent with this the median of the distribution is 4, 095.
The 75th and 95th percentiles are 8, 340.122 and 22, 207, 16 euros, respectively.

A limitation of the cost data available from the SOEP is that it does not contain separate reports
by modernisation type. In case that households invest in energy e�ciency and other types of
modernisation, such as a new kitchen or bath, within the same year, the associated cost cannot
be distinguished. This is a problem for the assessment of the monetary cost related to energy
e�ciency retro�ts, if particularly large, and therefore expensive, activities are more likely to be
conducted jointly with other modernisation measures. The focus on cost reported from households
that have only invested in energy e�ciency of the dwelling (taken in Panel A of table C.1) would
then imply that particularly expensive modernisations are undersampled in the data used to
calculate mean values and other statistics.

Panel B of table C.1 considers this potential problem more closely. It provides summary
statistics of modernisation cost separated by investments into energy e�ciency measures, other
modernisations or both. It is easy to see that the sum of the mean cost of individual investments
into energy e�ciency and other modernisations respectively, is substantially below the mean
cost if both investment types are conducted jointly. The di�erence of the two values is 13, 930.09

euros, indicating that expensive retro�ts are likely substantially undersampled in Panel A.

To gauge the size of the resulting bias, we assume that the relative magnitude of the cost
associated to e�ciency related investments and other investments is the same, whether the
measures are conducted independently or jointly within a year. The cost for e�ciency retro�ts are
a bit smaller, being responsible for 43.94 % of the combined cost of individual investments. This
relationship is very stable over the full range of the distributions, supporting the main assumption
of the analysis. If this cost relationship is �xed, the counterfactual modernisation cost associated
to e�ciency retro�ts if other modernisations are conducted in the same year can be approximated
to be 12, 852.48 euros. The weighted average of cost of energy e�ciency retro�ts when other
modernisations are conducted in the same year or not can then be calculated to be 9, 234.74 euros.
Accordingly, the mean modernisation cost when focussing on households that have only invested
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into energy e�ciency would underestimate the cost over all investments by 2, 502.87 euros or
37.18 %. Obviously, this indicates a substantial bias in the mean cost reported in Panel A implying
that the stated mean values should be interpreted with some caution.

Figure C.1: Distribution of monetary modernisation cost of home owners based on SOEP data
between 2010 and 2015
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