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a
b

Project Group Business & Information Systems Engineering of the Fraunhofer FIT, Universitätsstr. 12, 86159, Augsburg, Germany
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Despite great efforts to increase energetic retrofitting rates in the residential building stock, greenhouse gas
emissions are still too high to counteract climate change. One barrier is that policy measures are mostly national
and do not address local differences. Even though there is plenty of research on instruments to overcome general
barriers of energetic retrofitting, literature does not consider differences in local peculiarities. Thus, this paper
aims to provide guidance for policy-makers by deriving evidence from over 19 million Energy Performance
Certificates and socio-economic data from England, Scotland, and Wales. We find that building archetypes with
their respective energetic retrofitting needs differ locally and that socio-economic factors show a strong corre
lation to the buildings’ energy efficiency, with the correlation varying depending on different degrees of this
condition. For example, factors associated to employment mainly affect buildings with lower energy efficiency
whereas the impact on more efficient buildings is limited. The findings of this paper allow for tailoring local
policy instruments to fit the local peculiarities. We obtain a list of the most important socio-economic factors
influencing the regional energy efficiency. Further, for two exemplary factors, we illustrate how local policy
instruments should consider local retrofitting needs and socio-economic factors.

1. Introduction
In 2019, the residential building sector accounted for more than a
quarter of the total energy consumption in the United Kingdom (UK)
(BEIS, 2020), with greenhouse gas (GHG) emissions for heating
contributing approximately 14.5% of total emissions (BEIS, 2019). As
GHG is a key driver for global warming, the UK adopted several policy
instruments to promote energy efficiency in buildings to decrease GHG
emissions to net zero by 2050 (Filippini et al., 2014; Pye et al., 2017;
MURE, 2020). However, with over 80% of the prospective building
stock in 2050 already existing today, most of which not sufficiently
energy conserving, extensive retrofitting of energy inefficient buildings
is required to meet climate goals (Dowson et al., 2012; Filippini et al.,
2014; Fylan et al., 2016). Yet GHG reduction lags with 30% of the ex
pected progress far behind (CCC, 2019). Moreover, none of the key in
dicators regarding energetic retrofitting measures, such as the

installation of heat pumps, was achieved in 2018 (Rosenow and Eyre,
2016; Brown, 2018; CCC, 2019). This circumstance can be traced back to
individuals who refuse to execute energetic retrofitting, even if they
would be financially profitable, which is commonly referred to as “en
ergy efficiency gap” (Jaffe and Stavins, 1994). To overcome the energy
efficiency gap, policy-makers need to (financially) incentivize in
dividuals to implement energetic retrofitting. However, financial re
sources are limited, especially against the backdrop of the current public
health and economic crisis (Sengupta, 2020). Even so, policy-makers
must consider climate friendly measures in economic recovery plans
and (re)allocate scarce financial resources more effectively and sus
tainably to maximize GHG emission reduction per monetary value
invested. The effectiveness of measures can differ due to local differ
ences in building properties and socio-economic factors (Jones et al.,
2009; Kastner and Stern, 2015). Thus, understanding of in
terdependencies between building energy efficiency and these factors is
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required to enable local tailored policy for an effective resource allo
cation (Fylan et al., 2016; Rosenow and Eyre, 2016; Gerarden et al.,
2017). Given that local authorities already provide a range of energy
services, are committed to reducing GHG emissions (Comodi et al.,
2012; Wade et al., 2020), and are responsible for coordinating policies
and measures to reduce residential energy use (Morris et al., 2017), an
examination of the influence of socio-economic factors on building en
ergy efficiency at a local level is essential.
Despite growing empirical research on energy efficiency in general
(Zhang et al., 2012; Bertoldi and Mosconi, 2020; Ben and Steemers,
2018) and enhanced application of data mining methods (Pasichnyi
et al., 2019), empirical research on residential energy efficiency at the
local level gained momentum only in the last few years. For instance,
Tziogas et al. (2021) analyze the Greek retrofitting program “Energy
Refurbishment of Residences” to identify regional differences in the
number and costs of retrofits. Moreover, using a mixed methods
approach (socio-spatial analysis and case studies in three Italian cities),
Magnani et al. (2020) find that tax incentives for retrofits are not very
effective in Italy and that local intermediaries have a large impact on
local retrofit levels. At a more detailed local level, Gómez-Navarro et al.
(2021) use a large-scale survey to analyze energy poverty in different
neighborhoods of Valencia, Spain. However, it is not yet fully under
stood which local differences exist in building performance and energy
efficiency and how these are influenced by socioeconomic factors.
Further, despite growing empirical research on energy efficiency (Zhang
et al., 2012; Bertoldi and Mosconi, 2020; Ben and Steemers, 2018) and
enhanced application of data mining methodologies (Pasichnyi et al.,
2019), empirical research concerning residential building energy effi
ciency on a local level is scarce. Moreover, it is not yet fully understood
which local differences regarding building characteristics and buildings’
energy efficiency exist and how they are influenced by socio-economic
factors. Therefore, this study sets out to fill that research gap and to
answer the following two sequential research questions (RQ):

2. Background and related work
2.1. Analyzing building stock regarding energy efficiency
EPCs have been introduced to inform about the buildings’ energy
performance in a standardized way, however, without considering in
dividual occupant behavior (Fuerst et al., 2015). Since 2007 EPCs are
mandatory for almost all new, sold, and rented residential buildings in
UK, enabling the comparison of the energy performance of buildings
(Zhang et al., 2012). Following the Standard Assessment Procedure, an
accredited energy assessor collects information on building character
istics, rates their performance, and estimates energy consumption, en
ergy expenses, and GHG emissions. Based on this information an Energy
Efficiency Score is calculated, ranging from 0 to 100 points where the
latter corresponds to zero energy expenses (Zhang et al., 2012). This
score is then assigned an Energy Efficiency Label, which rates the
building on a scale from A to G, with A being the most efficient rating
(Fuerst et al., 2015). In addition to the energy efficiency, the EPC lists
recommendations for energetic retrofit measures and their effects on the
energy consumption, energy expenses, and GHG emissions.
EPCs have been used in various studies due to their growing number
and permanent recording of the current building stock regarding energy
efficiency (Jenkins et al., 2017; Pasichnyi et al., 2019). Pasichnyi et al.
(2019) identify thirteen different research application domains in their
literature review covering 79 papers. For instance, Di Corso et al. (2017)
develop a framework to analyze the building stock using unsupervised
data mining techniques on EPCs. Capozzoli et al. (2015) analyze EPCs to
describe the building stock and to evaluate important building charac
teristics for energetic retrofitting. Further, Dall’O’ et al. (2015) define
representative buildings using frequency analysis for over 175,000 EPCs
of the Lombardy region in Italy to identify policy opportunities for en
ergy efficiency improvements. Their results list three groups of repre
sentative buildings, which they further subdivide according to the
number of flats and year of construction. In bottom-up building stock
models, such archetypes are also used as representative dwellings to
estimate the residential future energy demand in UK (Kavgic et al., 2010;
Firth et al., 2010). Zhang et al. (2012) and Ben and Steemers (2018)
investigated the different types of households with regard to energy
efficiency in UK. Both applied a mixed qualitative and quantitative
approach to derive household energy consumption archetypes. How
ever, to the best of the authors’ knowledge, there is no archetypal model
of the ESW building stock in terms of energy efficiency and energetic
retrofitting needs based on a real-world dataset. This study closes this
research gap. We also differentiate between building stock models by
extracting archetypes that reflect the different energy efficiency forms of
the building stock to help local authorities prioritizing the respective
needed energetic retrofitting measures.

RQ1. Are there local differences in the energetic retrofitting needs of the
residential building stock in England, Scotland, and Wales?
RQ2. Which socio-economic factors explain these local differences
regarding energy efficiency in the residential building stock in England,
Scotland, and Wales?
To answer the RQs, we use real-world data from Energy Performance
Certificates (EPC) of over 19 million residential buildings across En
gland, Scotland, and Wales (ESW). First, based on the dataset we
investigate the occurrence of general local differences in building energy
efficiency. We then derive building archetypes and determine their en
ergetic retrofitting needs by applying unsupervised machine learning
techniques. Subsequently, we investigate the existence of local differ
ences in the distribution of archetypes. Last, we determine correlations
between socio-economic factors and energy efficiency in residential
buildings using a regression analysis and a wide range of different socioeconomic variables from the last Census 2011 (Office for National Sta
tistics, 2016a) and provide exemplary local tailored policies.
This study contributes to the theoretical body of knowledge in
several ways. First, literature has shown the importance of an empirical
foundation for designing new energy efficiency policy instruments
(Fylan et al., 2016; Rosenow and Eyre, 2016; Gerarden et al., 2017). The
findings on the archetypes and the local differences regarding energy
efficiency in the building stock provide information on setting priorities
for local policy measures to reduce GHG emissions. Second, this
empirical study gives guidance for future local policy strategies by
deriving important socio-economic factors influencing the local energy
efficiency in residential buildings. Third, we exemplarily illustrate how
local policy instruments should consider local retrofitting requirements
and socio-economic factors to bridge the energy efficiency gap
effectively.

2.2. Socio-economic factors as local energy efficiency drivers and barriers
There are many studies on socio-economic factors and barriers
influencing energetic retrofitting decisions (Achtnicht and Madlener,
2014; Kastner and Stern, 2015; Wilson et al., 2015). However, the re
sults in literature about influences on retrofits are inconsistent due to
different targets, data bases, and implementations (Kastner and Stern,
2015; Wilson et al., 2015). In a structured literature review of 26 studies
Kastner and Stern (2015) identify more than 700 factors influencing
energetic retrofits. They also indicate that income and place of residence
play a major role in the decision, while the influence of demographic
factors, gender, education, and occupation is limited. Achtnicht and
Madlener (2014) agree that income and place of residence are important
factors, but also note a relation between carrying out energetic retro
fitting and the level of education as well as the age of the house owner.
Jakob (2007) on the other hand, finds that there are no correlations with
the age and income of the owner regarding the frequency of energy
retrofitting. Regarding further contextual influences, Wilson et al.
2
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the context of this work, and further providing the research background
in Sections 1 and 2. The steps Data Understanding & Data Preparation (c.f.
Fig. 1 (i)-(ii)), are described separately in Section 4, where we introduce
the available data and explain our pre-processing procedure. To gain
general insight, we analyze the data by applying descriptive statistics in
a first step and performing a chi-square (χ 2 )-independence test (iii) to
test for local differences in energy efficiency for the ESW building stock.
The next two stages Modelling & Evaluation are conducted jointly for
each RQ.
To answer RQ1, we first carry out a feature selection (iv) using a
Random Forest Classifier (RFC) to obtain the most important building
attributes influencing buildings’ energy efficiency. Subsequently, we
apply a K-means algorithm to cluster the residential building stock into
archetypes. At last, we perform another χ 2 independence test (vi) to
detect local differences in the attribute’s archetype distributions and
retrofitting needs. This is necessary because the first test showed general
differences in energy efficiency without considering specific building
characteristics and retrofitting needs of specific building archetypes.
To answer RQ2, we perform several regression analyses (vii) on
different quantiles of the residential building energy efficiency to
identify the socio-economic factors influencing the overall energy effi
ciency of a local authority. To this end we calculate the Energy Effi
ciency Score distribution quantiles for each local authority, based on
which we perform separate Random Forest Regressions (RFR) with
bootstrapping. The results are then used for a variable analysis (viii) to
reveal the overall most important socio-economic factors and their
associated domains.
In the last stage Deployment, we derive and discuss policy implica
tions. For this, we illustrate on two exemplary socio-economic factors
how local tailored policy instruments to reduce GHG emissions can be
used efficiently, considering local energetic retrofitting needs.

(2015) state that employment and home tenure status are further
commonly identified factors for decision making for retrofits.
In the vein of local effects and differences, Druckman and Jackson
(2008) analyzed socio-economic factors on different geographic granu
larity levels of UK. They detected regional differences in energy con
sumption based on income, type of dwelling, tenure, household
composition, and rural/urban location by applying a “Local Area
Resource Analysis” (Druckman and Jackson, 2008). Similarly, Peng
et al. (2020) discover regional differences in energy efficiency in the
region Jiangsu Province, China due to regional differences in cultural,
political, economic, as well as other factors. Further, Ma and Cheng
(2016) analyze 171 factors identifying the most influential factors on the
local energy use in New York City. Gassar et al. (2019) predict the res
idential energy consumption of different areas in London using
socio-demographic, built environment, and economic characteristics of
these areas.
In conclusion, there is a scarcity of empirical studies on the impact of
socio-economic factors on energy efficiency in the residential building
stock based on large real-world datasets, representing the status quo as a
consequence of past decision-making on investments for energetic ret
rofitting. We address this research gap by providing insights into the
socio-economic factors that influence local residential energy efficiency
and help policy-makers derive local tailored measures to bridge the
energy efficiency gap.
3. Methodology
3.1. Methodical approach
We use a multi-step model following the widely used Cross Industry
Standard Process for Data Mining (CRISP-DM), which aims to increase
business understanding by applying data mining methods in a stan
dardized process (Wirth, 2000; Huber et al., 2019). It is structured in the
six stages “Business Understanding”, “Data Understanding”, “Data
Preparation”, “Modelling”, “Evaluation”, and “Deployment”. We adapt
the process to our purpose and apply the stages “Modelling” and
“Evaluation” twice to adequately address both RQs in separate but
sequential steps (c.f. Fig. 1). Note, that our aim is to provide guidance to
policy-makers by shedding light on the interdependencies between
socio-economic factors and local energy efficiency and not to fully
optimize each method chosen. In the following, first the overall
approach is introduced and afterwards the individual steps for
answering RQ1 and RQ2 are described in more detail.
The purpose of the stage Business Understanding is to define overall
objectives, give non-technical knowledge, and specify the problems. We
already completed this stage by introducing the guiding RQs, motivating

3.2. Data processing and descriptive statistics
As mentioned in Section 3.1, parts of the data processing are intro
duced in Section 4, where we explain and prepare the underlying data
about EPCs and socio-economic factors.
3.2.1. Detection of local energy efficiency differences with χ 2 independence
test
As a baseline for answering both RQs, the presence of local differ
ences in energy efficiency, we carry out a Pearson χ 2 independence test
for statistical independence. We use this specific independence test as
we are confronted with categorical/nominal variables. Moreover, the
Pearson χ 2 independence test is the most used independence test, thus
increasing comparability with other studies. Alternatives are for

Fig. 1. An eight-step methodological approach following the CRISP-DM is conducted to derive policy implications for energy efficiency in residential buildings.
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3.3.3. Detection of local archetype differences with χ 2 independence test
As mentioned in Section 3.1, the second χ 2 hypothesis test de
termines whether local differences in the archetype distribution, i.e. in
retrofitting needs, exist. Analogous to Section 3.2.3, the new hypotheses
are:

instance Optimal Discriminant Analysis or Fisher’s exact test. The main
idea of the χ 2 independence test is to use contingency tables to inves
tigate whether an association exists between nominal variables (Hart
mann et al. 2018; Lewis and Burke 1949). For this purpose, the
frequencies of the individual Energy Efficiency Scores are tabulated and
statistically tested to determine whether differences in the distribution
between the local authorities can be due to chance or whether there is a
significant difference. We additionally conduct a Cramers V test to
determine the strength of the dependency (Cramér, 1946; Cohen, 1977).
To state that there are local differences with a significance level of α,
the following hypotheses are formulated:

H0Test II : Local authorities and the archetypes are stochastically independent.
H1Test II : Local  authorities  and  the  archetypes  are  stochastically  dependent.
3.4. Analysis of external socio-economic factors

I
HTest
:  Local  authorities  and  the  distribution  of  Energy  Efficiency  Scores  are  stochastically  independent
0

I
HTest
:  Local  authorities  and  the  distribution  of  Energy  Efficiency  Scores  are  stochastically  dependent
1

3.4.1. Socio-economic influence analysis with Random Forest Regression
We apply RFR to derive the relationship between energy efficiency as
dependent variable and socio-economic factors as explanatory variables.
RFR is capable of handling non-linear relations and thus well suited for
revealing the most important socio-economic factors (Ma and Cheng,
2016; Roth et al., 2020). Moreover, in their recent study, Wenninger and
Wiethe (2021) found that among the investigated machine learning al
gorithms, RFR shows comparable accuracy for residential building en
ergy performance prediction to artificial neural networks or extreme
gradient boosting, thus constituting a sensible choice. Because our un
derlying goal is to explain and not to predict, we follow the explanatory
modelling process by Shmueli and Koppius (2010). Thus, to assess the
regression models’ goodness of fit we use the explanatory measure co
efficient of determination R2 and refrain from further cross validation.
As splitting criteria, we calculate the variance reduction using the Mean
Squared Error (MSE) and for the factor selection we again use the Gini
gain.
Since it cannot be assumed that the Energy Efficiency Scores of all
local authorities follow the same distribution – and to maintain the
distribution information – several separated regressions are performed
on different levels of energy efficiency. This means that for each local
authority, seven quantiles (1, 10, 30,50, 70, 90, 99%) of the Energy
Efficiency Score distribution are determined. Each quantile is used as the
dependent variable for one RFR, whereby the explanatory variables, the
socio-economic factors, stay the same for all regressions. Thus, in each
regression we estimate the respective quantile of the Energy Efficiency
Score for each of the local authorities by their socio-economic factors.

3.3. Archetype analysis
3.3.1. Feature selection with Random Forest Classifier
First, we derive the features with the greatest impact on the current
energy efficiency of a building, using the Energy Efficiency Label as
simplification. We apply RFC (Breiman, 2001), which is well-suited to
evaluate the variable importance on predicting categorical variables (Yu
et al., 2010; Ma and Cheng, 2016). This method simultaneously reduces
the variance and bias of the model by growing a large number of random
decision trees (Gassar et al., 2019; Ma and Cheng, 2016). Moreover, we
apply 10-fold cross validation and grow the trees based on the Gini
impurity as classification criterion. The Gini impurity measures the
probability of misclassification, whereby the algorithm chooses each
split maximizing the Gini information gain, i.e. maximizing the decrease
in impurities (Yitzhaki, 1979; Raileanu and Stoffel, 2004; Strobl et al.,
2007; Capozzoli et al., 2015).
3.3.2. Archetype clustering with K-means
The K-means is a prototype-based cluster algorithm, which separates
objects into groups based on their similarity. It is one of the most used
clustering techniques in literature and has been successfully applied in
the building energy efficiency context (Jain et al., 1999; Capozzoli et al.,
2015; Di Piazza et al., 2011; Di Corso et al., 2017; Molina-Solana et al.,
2017; Fan et al., 2018). We previously compared the performance of the
K-means algorithm with the BIRCH algorithm using agglomerative
clustering and with the DBSCAN algorithm. The K-means yielded the
best performance for a 1% stratified random sample. We use the
Silhouette Score to set the number of centroids and evaluate the clus
tering performance (Smet und Montano Guzmán 2004). The Silhouette
Score graphically shows the cluster validity based on two criteria:
compactness, i.e. how homogeneous individual clusters are, and sepa
ration, i.e. how heterogeneous the clusters are to each other (Rous
seeuw, 1987; Liu et al., 2013).

Table 1
Thresholds and filter criteria for outlier detection and data cleaning lead to a
reduction of analyzed EPC.
Total Energy Consumption per Square
Meter Living Areaa
< 600
a
b
c

4

kWh
m2 a

Living Areab

Property Typec

> 50m2 ; < 300m2

Family houses,
bungalows

Outlier threshold is determined by means of the frequency distribution.
Department for Communities and Local Government 2012.
Hardy and Glew, 2019
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This enables us to identify correlations without aggregating the distri
bution of the energy efficiency within a local authority to a single figure,
thus retaining more of the original information.

further process the absolute to relative values (Office for National Sta
tistics, 2016a).
5. Results and discussion

4. Data

First, in Section 5.1 we present an overall description of the energy
efficiency in ESW with the first χ 2 hypothesis test followed by the results
and discussion of RQ1 and RQ2 in Sections 5.2 and 5.3. Last, in Section
5.4, we introduce two exemplary local tailored policy measures to
illustrate how empirical evidence can be used to design policy
instruments.

4.1. Energy Performance Certificates – building stock data
This study is based on an extensive real-world open dataset of
19,453,641 EPCs of residential buildings in ESW. The data is obtained
for buildings in England and Wales from the Ministry of Housing,
Communities & Local Government, 2019 and for Scotland from the
Scottish Government (2017). As described in Section 2.1, EPCs provide
detailed information on building characteristics, retrofit recommenda
tions, estimated energy costs, and the energy efficiency of a building.
Covering all this information the datasets contain 86 variables for En
gland and Wales and 65 variables for Scotland. Since both datasets have
different dimensions, only variables that are found in both datasets are
used and values are aligned to the same specifications. Additional in
formation on costs, recommended retrofits, and advanced descriptions
of individual building components, such as second wall descriptions, are
not considered for the combined dataset. Scottish postcode sectors are
mapped to their local authorities to ensure the same granularity between
the different countries. We apply a syntactic and semantic data prepa
ration according to Zhang et al. (2019) to address data quality problems.
Further, we exclude multi-family houses and only analyze bungalows
and family houses including detached, semi-detached, and terraced
houses. In addition, we filter the data and apply outlier detection ac
cording to Table 1, resulting in 10,574,036 EPCs with 27 attributes
which still represents more than one third of all dwellings in ESW
including family and multi-family houses (Ministry of Housing, Com
munities & Local Government 2020 and Dwelling stock estimates in
England, 2019; Welsh Government, 2019; National Records of Scotland,
2019).
For further analyses, U-values are assigned to the walls, windows,
and roofs based on the respective descriptions, individual efficiency
labels, and the Reduced Data Standard Assessment Procedure 2012
(Building Research Establishment, 2019). The U-value describes the
thermal transmittance of a building component, i.e. how much thermal
energy is released from the building component into the environment. It
is therefore a direct indicator for energy efficiency (Diakaki et al., 2010).
Appendix A provides a list of all selected and processed attributes (c.f.
Table Appendix A). Numeric features are standardized by removing the
mean and scaling to unit variance, ordinal features are transformed into
pseudo-metric features, and the nominal categorical features are one-hot
encoded.

5.1. Analyses of energy efficiency in England, Scotland, and Wales
Fig. 2a displays the distribution of the Energy Efficiency Score and
the respective Energy Efficiency Label of the analyzed EPCs. Labels D, C,
and E are the most common with 47.5%, 24.6%, and 18%, respectively.
This underlines that the climate goal of an Energy Efficiency Label C or
better by 2030 is currently not being met (Fylan et al., 2016). In fact,
more than 7 million residential buildings in this dataset alone require
energetic retrofitting or must be replaced. Fig. 2b indicates local dif
ferences in the average Energy Efficiency Score. For example, the resi
dential buildings in the Scottish local authority “Western Islands” (north
west) have a lower average energy efficiency compared to buildings in
central England (Sustainable Development Committee, 2014). In gen
eral, the heat map suggests that the western coast exhibits a lower
average energy efficiency.
We conduct the χ 2 hypothesis test as introduced in Section 3.2 to
quantitatively confirm local differences. We set the significance level to
α = 5% and calculate Cramers V to derive the effect strength. Consid
ering the results illustrated in Table 2, we can reject the null hypothesis
with over 95% confidence and conclude that there are local differences
in the residential building energy efficiency. We expect the currently low
effect strength (Kotrlik and Williams, 2003; Lee, 2016) to increase at a
lower granularity level of the underlying data, e.g. for lower- and
middle-layer super output areas.
5.2. Evaluation of local differences in the building stock retrofitting needs
We apply a two-step feature selection to derive the building features
that are most important for the building energy efficiency. First, the RFC
provides an indicative selection of the most relevant variables explain
ing the Energy Efficiency Label.1 Fig. 3a displays the 15 variables with
the highest Gini gain. Second, we perform an iterative approach to
obtain a good tradeoff between a small number of features and a good
model accuracy for the final selection of features. Using the variable
importance order, we start with the most important attribute and
consecutively add variables in descending order of variable importance.
We calculate the MSE of the overall model for each step until all vari
ables are added (c.f. Fig. 3b with the results of the first 15 variables). We
select the first six variables as the features for the cluster analysis since
the MSE decreases only slightly with each additional variable. The
selected features are: Living Area, Walls U-value, Share of Low Energy
Lighting, Roof U-value, Window U-value, and Hot Water Efficiency
Label. We notice a large overlap between our selected features and the
findings of Famuyibo et al. (2012), with four of our six features among
their eight features.
Based on these six features we apply the K-means algorithm to
identify the building archetypes. We conduct the algorithm with
different numbers of centroids (K = 2, …, 30) on ten stratified random
sampling sets, each containing 5% of all EPCs, to determine the optimal

4.2. Socio-economic data
The socio-economic data used in this study was obtained from
several open data sources. Different attributes of the superordinate do
mains of demography, household composition, housing, socioeconomic, and employment are taken from the Census 2011 (Office
for National Statistics, 2016a). Additional economic data concerning the
gross disposable household income are retrieved from the Office for
National Statistics (2018). To include information on income distribu
tion, we use data containing estimated 25%, 50%, and 75% percentiles
of the weekly earnings of employees (Office for National Statistics,
2016b). However, for seven local authorities, reliable estimations on
weekly income are not available so that we estimate average incomes by
using a nearest neighbor imputation algorithm. This is a widely used
approach given its simplicity and high accuracy (Zhang, 2012). Ap
pendix B provides a detailed list of all remaining 158 variables and their
respective domains (c.f. Table Appendix B). As we aim to derive sig
nificant factors influencing the aggregated energy efficiency of local
authorities, we assign the data to the respective local authorities and

1
Roof Efficiency Label, Wall Efficiency Label, and Window Efficiency Label
are not considered as dependent variables since they are already used for
assigning U-values to the respective building components.
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Fig. 2. Distribution of the Energy Efficiency Score with respective Energy Efficiency Labels (2a) and graphic representation of the average energy efficiency of each
local authority (2b) confirm the bad energy efficiency in residential buildings and the existence of local differences in England, Scotland, and Wales.

differences in the archetype sizes, with archetypes 3, 5, and 7 containing
over 70% of all buildings (c.f. Fig. 5 for assignment to distributions). The
remaining four archetypes represent less than 30%. This imbalance in
the cluster assignment is even more pronounced in Capozzoli et al.
(2015), where the smallest of the seven identified clusters contains 1.7%
and the largest 42.5%.
Fig. 5 shows the archetype distributions with the boxplot indicating

Table 2
Summary of the χ 2 hypothesis test confirms significant local differences in the
energy efficiency.
Degree of Freedom

Critical Value χ 2

Test Value χ 2

Cramers V

3411

3547.99

543349.65

0.08

Fig. 3. The Gini gains of the top 15 attributes reveal the variables with the greatest impact on the energy efficiency (3a) and the sequential calculation of the MSE by
iteratively adding variables indicates to select the first six features (3b).

number of archetypes.2 Based on the Silhouette Score we determine K =
7 as the optimal number of archetypes, as depicted in Fig. 4. Since we
used ten stratified random samples, we got slightly different results each
time, with the error bars indicating the standard deviation. However, for
K = 7 the standard deviation is negligibly small, indicating a good
overall fit, and we assume that the Silhouette Score is similarly high for
the entire dataset.
Having derived the optimal number of archetypes, we apply the Kmeans on the entire dataset with seven cluster centroids. We note

the dispersion of the Energy Efficiency Score. Considering that arche
types 3, 5, and 7 are more compact and represent more than 70% of all
analyzed buildings, we suspect that most of the buildings are rather
homogenous while the buildings in the smaller archetypes are more
diverse regarding their Energy Efficiency Score. Further, the second
peak of the distribution of Archetype 7 indicates that new buildings –
subject to stricter building regulations – are assigned to this archetype.
Comparing our results with findings by Di Corso et al. (2017) we find
that the varying homogeneity of archetypes is consistent with their re
sults. For some of their derived cluster sets, the assigned buildings have a
similar energy efficiency whereas some cluster sets are more
heterogenous.
To derive the building characteristics of each archetype (i.e. the
retrofitting needs), we calculate the mean values of the Energy

2
None of the computers or servers available to us could perform the calcu
lations based on all data points due to the high computing intensity of the
Silhouette Score.
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a medium energy efficiency and requires no specific energetic retrofit
ting. Archetype 3 is the “Allrounder-with-Torches” due to its good effi
ciency despite its small share of low energy lighting. The next three
archetypes, the “Cardboards-Building”, “Straw-Roof-Building”, and
“Building-with-Window-Cracks”, all show medium to low overall effi
ciency and an energetic retrofitting need in walls, roof, or windows
respectively due to a high U-value, i.e. low efficiency, in the respective
category. Only the “Eco-House” exhibits no extreme value and stands
out for its overall good efficiency.
To answer RQ1, we investigate the existence of local differences in
the building stock retrofitting needs, i.e. the relations between local
authorities and the distribution of the archetypes. We conduct the χ 2
hypothesis test as introduced in Section 3.2 and again set the signifi
cance level to α = 5%. Moreover, we calculate Cramers V to derive the
effect size. Following the results in Table 3, we reject the null hypothesis
with over 95% confidence and conclude that on the local-authority level
the building stocks differ in terms of energy efficiency and retrofitting
needs. Cramers V again indicates an overall low effect strength. How
ever, as we only have regionally aggregated data available, we assume
that the effect strength increases at a lower granularity.
In summary, to answer RQ1, we have examined the building stock of
ESW, (1) by deriving seven archetypes and their energetic retrofitting
needs to further conclude the existence of significant regional differ
ences on local authority level (2).

Fig. 4. Mean Silhouette Score and standard deviations for different numbers of
archetypes K reveal that seven (blue encircled) is the optimal number of cen
troids. (For interpretation of the references to colour in this figure legend, the
reader is referred to the Web version of this article.)

Fig. 5. Energy Efficiency Score distribution of the archetypes with the box plot indicating that Archetypes 3, 5, and 7 are homogeneous in terms of the energy
efficiency and represent in total more than 70% of all buildings.

5.3. Influencing socio-economic factors on local authority energy
efficiency

Efficiency Score and previously selected features. For reasons of inter
pretability, we name each archetype based on outstanding building
characteristics. Fig. 6 displays the archetypes and their characteristics.3
Almost all archetypes exhibit one or two extreme values in a different
category. Archetype 1, the “Lukewarm-Shower-Polluter”, has the overall
lowest average Energy Efficiency Score with 47.94 and an average hot
water Efficiency Label of E, indicating the need for a heating system
upgrade. The “Villa”, noticeable for its large average living space, shows

Having identified local differences in the building stock retrofitting
needs, we proceed to RQ2 and analyze socio-economic factors that in
fluence energy efficiency in individual local authorities. We apply RFR
on the 1, 10, 30, 50, 70, 90, and 99% Energy Efficiency Score quantiles
to receive different dependent variables as described in Section 3.4.
The results show that the unexplained variance in the Energy Effi
ciency Score increases with the quantile. For instance, the regression of
the 1% quantile, i.e. the low efficient buildings, had a high R2 of 0.87
whereby the regression of the 99% quantile achieved the lowest R2 of

3
To simplify understanding, the preciously features Walls U-value, Roof Uvalue and Window U-value are transformed into normalized performance
values, where 100% indicates the best possible thermal insulation.
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Fig. 6. Using the averages of key buildings properties and of the Energy Efficiency Score, the seven different archetypes are named.

rankings. The correlation signs further indicate, with the exception of
the 90% quantile, that an increasing share of agriculture, forestry, and
fishing as employment sector correlates with lower energy efficiency of
residential buildings. Assuming that a higher proportion of primary in
dustry is mainly located in rural areas, there is an indication that energy
efficiency in these areas is lower. This is in line with findings of
Druckman and Jackson (2008) and Achtnicht and Madlener (2014).
Interestingly, the population density per hectare supports this result
only for less energy efficient buildings and indicates a reverse effect for
more energy efficient buildings. Second, there is a negative relation of
skilled trades occupations, self-employment, and financial and insur
ance activities with energy efficiency. This negative relation is con
trasted by the fact that the energy efficiency increases with the
proportion of administrative and secretarial occupations in the industry
sector or share of full-time workers, who work 31–48 h. Wilson et al.
(2015) classify this influence in general as contextual. Third, the nega
tive correlation between work from home and energy efficiency con
firms the identified barrier of carrying out energetic retrofitting of Caird
et al. (2008). The authors revealed that disturbance (noise, distractions,
routine deviations etc.) of the daily life during the energetic retrofitting
is a major barrier for households in UK because it hinders professional
activity of residents. For these households energetic retrofitting is
nonetheless particularly important as their occupation time and energy
use is likely higher than for professionals who do not work from home.
Fourth, the negative relation between the share of vacancy and energy
efficiency of a local authority can either be the cause or the consequence
of the other. Kok et al. (2011) further argue that low vacancy rates
trigger the construction of new residential buildings, which need to meet
performance standards. Fifth, as described in Section 2.2, the influence
of the age of residents on energy efficiency retrofits is unclear in liter
ature (Jakob, 2007; Achtnicht and Madlener, 2014; Kastner and Stern,
2015). Our results show that local authorities with higher shares of
household residents older than 64 and an overall older population have
more buildings with low energy efficiency. Thus, we conclude that there
might be an effect of the population age on energy efficiency in resi
dential buildings.
Overall noteworthy is the low influence of economic factors like
income on energy efficiency as no economic factor was among the top 15
variables (however, among the top 30). Further the domain itself
contributed below average, especially in the extreme quantiles and the
lower quantiles (cf. Fig. 6). In contrast, several studies claim that income
is one of the main drivers of both increased energy consumption and the
willingness to undertake energetic retrofitting (Druckman and Jackson,
2008; Kastner and Stern, 2015; Ma and Cheng, 2016). On the basis of the
present results, we cannot entirely support this hypothesis. One reason
for this divergence might be the different objective and level of obser
vation of this paper. In comparison, Druckman and Jackson (2008) have
the objective to examine the effect of income on energy consumption at
national and at output area level and not to examine generally
socio-economic factors on the energy efficiency of buildings. At national
level, only economic factors are considered in their study. In their
detailed analysis on Output Area level, way fewer socio-economic

Table 3
Summary of the χ 2 hypothesis test reveals significant local differences in the
building stock.
Degree of Freedom

Critical Value χ 2

Test Value χ 2

Cramers V

2274

2386.05

1450980.36

0.15

0.54.
Based on the RFR, we derive the overall importance of the superor
dinate domains Demographic, Economic, Employment, Household
Composition, Housing, and Socio-Economic for each quantile.4 To this
end, we sum up all factor importance of each domain and quantile. We
subsequently normalize the results to the number of factors within each
domain.
Fig. 7 shows the overall weighted importance of the respective do
mains of the socio-economic factors and reveals how their importance
changes over the different quantiles. Leaving out the extreme 1% and
99% quantiles, there are pronounced trends in the domain importance.
The importance of the domains employment and housing decreases with
increasing energy efficiency of the buildings from 22% to 14% and 26%
to 12%, respectively. Further, there is a slight decrease in importance of
demographics. In contrast, the socio-economic and economic domains
gain in importance with increasing energy efficiency. The overall
importance for household composition is almost constant except for the
90% quantile, where it slightly increases from 16% to 20%. The
mentioned trends do not hold for the 1% and 99% quantiles. This
exception is not surprising, as these quantiles depict the most extreme
cases, for which differing results are expected.
After having examined the general correlations, we provide more
details on impacts of specific socio-economic factors. We create a fre
quency table to examine the underlying factors throughout all energy
efficiency levels. To this end, we first identify the ten most important
factors per regression and whether they have a positive or negative
impact on energy efficiency based on their correlation. Second, we
determine the average Gini gain for these factors across all seven re
gressions and combine the results in Table 4. Notable is that the corre
lation sign can change between different energy efficiency levels for
various reasons which cannot be explained without further
investigation.
We find several conclusions regarding socio-economic factors influ
encing energy efficiency. First, the share of the employment sector
“Agriculture, forestry and fishing” within a local authority has the
highest average importance and is found in six of seven top 10 regression

4
Note, that “socio-economic” is both an individual superordinate domain and
the generic term for all factors. The naming of these superordinate domains and
the assignment of each socio-economic factor originate from the census 2011.
Consider that each superordinate domain includes a different number of factors.
Appendix B provides an assignment of each factor to the superordinate
domains.
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Fig. 7. Comparison of the importance of the different socio-economic domains shows how the influence of the domains shifts with different levels of local en
ergy efficiency.
Table 4
List of top 15 socio-economic factors influencing the energy efficiency of local authorities.
Socio-economic factor
Industry Sector of Employment: Agriculture, forestry and fishing
Employment Type: Skilled trades occupations
Density (number of persons per hectare)
Household spaces with no residents
Housing: Living rent free
Household: Other household types: All aged 65 and over
Economically active: Self-employed
Employment Type: Administrative and secretarial occupations
Travel-to-Work: Work mainly at or from home
Travel-to-Work: Public Transport
Employment Hours: Full-time: 31–48 h worked
Age 65 to 74
Industry Sector of Employment: Financial and insurance activities
Religious Beliefs: Religion not stated
Age 60 to 64

Domain

Quantile

Employment
Employment
Demographic
Household Composition
Housing
Household Composition
Employment
Employment
Socio-Economic
Socio-Economic
Employment
Demographic
Employment
Demographic
Demographic

factors were considered. By focusing on economic factors, it is natural
that economic factors have central influence in their results. However,
this is not an extensive consideration of the influencing factors and thus
already shows a limitation by the decision for their research design. The
level of observation can also lead to the different results, i.e. some in
fluences only become visible at a less aggregated observation, such as at
the house level (cf. Kastner and Stern, 2015). Thus, it is only under
standable that in an individual and specific decision for or against a
(variant of a) retrofit in energy efficiency, economic factors, such as the
available budget, may be of central importance. On the other hand, at an
aggregated level, as in our analysis, where no conclusions can be drawn
about individual decisions, other factors may be more important in
prompting people to consider retrofits and energy efficiency at all.
All in all, to answer RQ2, we note that (1) there are significant local
differences in energy efficiency in ESW, (2) effects of socio-economic
factors differ with changing levels of energy efficiency, and (3)
geographic location, employment, disruption in one’s professional life,
vacancy and rent-free housing, as well as the age of the population are
major influencing factors.

Average Gini importance

1%

10%

30%

50%

70%

90%

–
–
+
–
–

–
–
+
–
–
–
–
+
–

–
–
–
–
–
–
–
+
–

–
–

–
–

+

–
–
–
–
+

–

–
+

–

–
+

–
–
–

–

–
–

99%
0.037
0.034
0.030
0.029
0.021
0.020
0.018
0.017
0.017
0.015
0.014
0.013
0.013
0.013
0.012

services modules. Energiesprong is already implemented successfully in
the Netherlands, and there are considerations in the UK to adopt this
idea (Brown et al., 2019). Local authorities which could consider this
initiative are “Orkney Islands” and “Argyll and Bute” because both have
the highest share of professionals who work from home. For Orkney
Islands, reducing construction time might be of particular importance
since construction works tend to be more expensive on islands due to
reduced local availability of workforce. A reduction of construction
times would therefore not only reduce the disruption of life but also the
retrofitting costs. Despite this potential, it must be further examined
whether the application of Energiesprong is effective everywhere, as it is
only worthwhile for buildings with similar and standardized construc
tion (Brown, 2018).
Another example concerns “Dumfries and Galloway” and illustrates
how policy can bridge the gap between rural and urban areas. This local
authority has the second highest share of employment in agriculture,
foresting and fishing, one of the lowest population densities, and ex
hibits an above average share of “Lukewarm-Shower-Polluter”. As travel
time is longer and skilled labor is less available in rural areas, local
policy-makers should support traffic and accommodation for workers. In
addition, education and training programs for craftsmen should be
redesigned to meet local retrofitting needs with specific upgrade courses
alongside basic nationwide training (Gram-Hanssen and Friis, 2018).
Further, policy-makers could initiate a campaign to install high-efficient
hot water systems and thereby assist homeowners in a collective pur
chase. MacDonald et al. (2020) identified this measure as particularly
suitable in this context, as it reduces upfront costs, logistical barriers,
and awareness barriers most prevalent in rural areas.
These are just two examples on how to derive local tailored policy
based on our results. All in all, policy-makers should consider local

5.4. Local tailored policy
In this section we illustrate on two examples how local tailored
policy could be designed. One example is to reduce the construction time
in areas where many people work from home. As Caird et al. (2008)
discovered, disruption of life is an obstacle, which can be mitigated by
shorter construction times. To achieve this, the initiative “Energie
sprong” was founded a few years ago with the aim of drastically
reducing construction times (Brown et al., 2019). This reduction is made
possible by prefabricated building facades, roof elements, and building
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tailored instruments to increase the residential energy efficiency in an
effective manner.

For instance, the Scottish rural local authority “South Ayrshire” and the
London local authority “Islington“ both require roof retrofitting, how
ever, the same policy measure might show differing success in energetic
retrofitting when applied to both local authorities. Differences may arise
from the availability of local skilled labor or the share of professionals
working from home, in addition to material availability and constraints
in the construction process.
The present work contains some assumptions and limitations which
provide opportunities for future research: (1) As for most empirical
studies, data availability and data quality are limiting factors of our
work. More precisely, a significant number of research papers have
revealed quality problems concerning Energy Performance Certificates
because not all buildings characteristics have been recorded, especially
for older buildings. Thus, Energy Performance Certificates are to a
certain degree subjective since they rely on the conscientiousness of the
energy advisor (Hardy and Glew, 2019). (2) We had to use aggregated
information of local authorities for the socio-economic factors, since
Energy Performance Certificates do not contain information about res
idents. This aggregated information limits the informative value of this
work. Future research might therefore use socio-economic data at a
more granular level, preferably at the household level, to obtain a
deeper understanding about socio-economic drivers and barriers of en
ergy efficiency. This allows to identify the influence of socio-economic
factors on individual behavior and decision-making for or against ret
rofitting. (3) We analyzed the influence of socio-economic factors on
energy efficiency by conducting regressions. However, this approach has
the disadvantage that we can only expose correlations. Therefore, our
results ought to be interpreted with caution, as correlation does not
imply causality. (4) Further research should focus on determining the
effectiveness of local policy measures in terms of Greenhouse Gas sav
ings per Euro invested. Moreover, research should show how effective
indirect policy instruments, which impact socio-economic factors, are
compared to direct subsidies and how they can be used to a greater
extent. Thereby, policy-makers should not pursue the target of creating
equality across England, Scotland, and Wales but should be particularly
active locally where high savings at low costs are possible. (5) We
focused on residential buildings in this study. However, flats and
non-residential buildings also account for a large amount of Greenhouse
Gas emissions, yet potentially yield different results. This provides
another opportunity for further research.
We are convinced that despite these limitations, this study has
revealed important empirical evidence and will help policy-makers to
implement effective measures to increase the number of residential
building retrofits and potentially contribute to meeting the climate
goals.

6. Conclusion and policy implications
The current policy instruments in England, Scotland, and Wales fail
in increasing the energetic retrofitting rate for residential buildings and
thus do not counteract climate change. A possible explanation is local
differences in the building stock since the effectiveness of policy in
struments largely depends on buildings properties and socio-economic
factors. Thus, local tailored policy measures should be introduced,
using broad knowledge on local differences and considering effects of
external factors on energy efficiency to allocate scarce financial re
sources effectively. Therefore, this paper aims to give policy-makers
guidance by deriving evidence about the differences in the building
stock and influencing socio-economic factors on energy efficiency.
This study is based on an extensive real-world dataset of more than
10.5 million Energy Performance Certificates in England, Scotland, and
Wales after data pre-processing. First, we derived local differences of
residential buildings energy efficiency on local authority level by using a
χ 2 independence test. The fact that significant differences already exist
at such an aggregated level reinforces the importance of local tailored
policies. Second, we conducted a multi-step approach to determine local
differences in the building stock retrofitting needs. This was achieved by
applying a Random Forest Classifier to derive the most important
building features influencing the energy efficiency. Subsequently the
selected features were used for a K-means cluster analysis to obtain ar
chetypes with their different retrofitting needs to enable prioritization of
local policy. The distributions of the resulting archetypes per local au
thority were plugged into a χ 2 independence test to detect local differ
ences in the building stock. We can confirm small but significant
differences in the building stock and their retrofitting need for a 5%
significance level. Moreover, we assume the effect strength to increase
with more granular data, such that even stronger local differences
become apparent. To identify socio-economic factors influencing local
authority energy efficiency, we applied several Random Forest Re
gressions of socio-economic factors on different quantiles of the energy
efficiency. We find that the correlation of socio-economic factors with
building energy efficiency varies with the energy efficiency level.
Nevertheless, there are some apparently more important factors
impacting several regressions, e.g. the rurality of a region. Generally,
factors from the domain “employment” appear to be highly important.
Further major influences are “share of vacancy”, “living rent free”,
“residents age above 60”, and “travel to work”. Finally, we derived two
exemplary local tailored policy measures to effectively increase the
energy efficiency of residential buildings.
Our results lead to several policy implications: (1) Our analyses show
strong evidence for local differences in energy efficiency and residential
building stock across England, Scotland, and Wales. Thus, policy mea
sures should be local tailored to be most effective. In this vein, policymakers should use existing data, even on a more detailed, i.e. less
aggregated level, to design best fitting measures. (2) Deriving arche
types of buildings supports the prioritization of necessary retrofits for
the residential building stock in a local authority and thus gives guid
ance on which instruments to implement. (3) Policy-makers should
consider the local population with their respective socio-economic fac
tors and the intended target in terms of current and future levels of
energy efficiency when implementing measures to maximize the effect
of resource allocation. Even for the same energetic retrofitting need in
two areas, there might be differing influencing socio-economic factors.
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Appendix
Appendix A
List of used variables after proceeding the EPCs
Energy and Emissions
Estimations
Building Characteristics

Thermal Characteristics

Energy Demanda

[kWh/m2⋅a]

Building Form
Property Type
Living Area
Roof U-value
Walls U-value
Window U-value
Share of Low Energy Lighting

Detached; Enclosed End-Terrace; Enclosed Mid-Terrace; End-Terrace; Mid-Terrace; Semi-Detached
Bungalow; House
[m2]
[W/(m2⋅K)]
[W/(m2⋅K)]
[W/(m2⋅K)]
[%]

Main Heating System

Air Heat Pump; Boiler; Community; Community Heat Pump; Distributed; Ground Heat Pump; Micro Cogeneration;
Water Heat Pump
Ceiling; Direct; Underfloor; Warm Air; Radiator
Automatic controller; Programmer;
Time and Temperature Controller; No Thermostat
Appliance Thermostat; Bypass Thermostat; Room Thermostat; No Thermostat
No; Yes

Main Heating Distribution
Main Heating Controller
Main Heating Thermostat
Thermostatic Radiator Valve in
place
Main Heating Fuel
Hot Water System

Building Labels

a

Secondary Heating Fuel
Photovoltaics in place
Solar Heating in place
Energy Efficiency Score
Energy Efficiency Label
Roof Efficiency Label
Wall Efficiency Label
Window Efficiency Label
Lighting Efficiency Label
Main Heat Efficiency Label
Hot Water Efficiency Label
Main Heating Controller
Efficiency Label

Biomass/-gas; Coal/Anthracite; Community; Dual; Electricity; Gas; LPG; Oil; Wood Logs/Pellets
Community Scheme; Electric (immersion/instantaneous/multipoint); Gas (multipoint/boiler/range cooker); Heat
Pump; Main System; Oil (boiler/circulator); Secondary system;
Solid fuel (boiler/circulator/range cooker)
Coal; Community; Dual; Electricity; Gas; LPG; Wood/Pellets Oil; No
No; Yes
No; Yes
[0–100]
[A-G]
[1–5]
[1–5]
[1–5]
[1–5]
[1–5]
[1–5]
[1–5]

Used for outlier detection and not further applied.

Appendix B
List of socio-economic variables
Demographic
Population Age
Population Structure
Ethnicity
Proficiency in English
Region of Birth
Religious Beliefs
Economic
Gross Disposable Household Income
per Head

Weekly Income for all Employee
Employment
Employment Hours
Employment Type
Industry Sector

Population Employment

Age 0 to 4; Age 5 to 9; Age 10 to 14; Age 15 to 19; Age 20 to 24; Age 25 to 29; Age 30 to 44; Age 45 to 59; Age 60 to 64; Age 65 to 74; Age
75 to 84; Age 85 to 89; Age 90 and over
Density (number of persons per hectare); Males; Population which lives in a communal establishment
Arab or Other Ethnic Groups; Asian/Asian British: Bangladeshi; Asian/Asian British: Chinese; Asian/Asian British: Indian Asian/Asian
British: Other Asian; Asian/Asian British: Pakistani;
Black/African/Caribbean/Black British: African; Mixed/multiple ethnic group: Other Mixed; White: British and Irish; White: Other White
Can speak English very well; Can speak English well; Cannot speak English; Cannot speak English well
Ireland; Other countries; Other EU: Accession countries April 2001 to March 2011; Other EU: Member countries in March 2001; United
Kingdom
No religion; Other religion; Religion not stated; Christian
Balance of primary incomes; Balance of secondary income;
Compensation of Employees; Current taxes; Gross Disposable Household Income; Growth in Gross Disposable Household Income;
Mixed Income; OCT paid; Operating Surplus; Other Current Transfers;
Primary Resources total; Primary uses total; Property Income paid; Property Income received; Secondary resources total; Secondary uses
total; Social benefits; received; Social contributions paid
Gross (£) - 25%; Gross (£) - 50%; Gross (£) - 75%;
Part-time: 15 h or less worked; Part-time: 16–30 h worked; Full-time: 31–48 h worked; Full-time: 49 or more hours worked;
Administrative and secretarial occupations; Associate professional and technical occupations; Caring; leisure and other service
occupations; Elementary occupations; Managers; directors and senior officials; Process; plant and machine operatives; Professional
occupations; Sales and customer service occupations; Skilled trades occupations
Accommodation and food service activities; Administrative and support service activities; Agriculture; forestry and fishing; Construction;
Education; Electricity; gas; steam and air conditioning supply; Financial and insurance activities; Human health and social work
activities; Information and communication; Manufacturing; Mining and quarrying; Other industry; Professional; scientific and technical
activities; Public administration and defense; compulsory social security; Real estate activities; Transport and storage; Water supply;
sewerage; waste management and remediation activities; Wholesale and retail trade; repair of motor vehicles and motor cycles
(continued on next page)
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Appendix B (continued )
Demographic

Household Composition
Constrained Circumstance
Households
Household Ethnicity
Household Type

Housing Occupation
Housing
Housing Crowding
Housing Ownership
Socio-Economic
Population Education
Population Health and Care
Travel-to-Work
Vehicle Availability

Active: Full-time; Active: Part-time; Active: Full-time student; Active Self-employed; Active: Unemployed; Inactive: Long-term sick or
disabled; Inactive: Looking after home or family; Inactive: Other;
Inactive: Retired; Inactive: Student; Long-term unemployed;
Unemployed: Age 16 to 24; Unemployed: Age 50 to 74;
Unemployed: Never worked
Lone parent in full-time employment; No adults in employment in household: With dependent children; Lone parent not in employment;
Lone parent in part-time employment; No adults in employment in household: No dependent children;
All household members have the same ethnic group; Any other combination of multiple ethnic groups; Different ethnic groups between
the generations only; Different ethnic groups within partnerships (whether or not different ethnic groups between generations); One
person ethnic household;
Household: Married or same-sex civil partnership couple: No children;
Household: One family only: All aged 65 and over; Household: One family only: Cohabiting couple: All children non-dependent;
Household: One family only: Cohabiting couple: Dependent children; Household: One family only: Cohabiting couple: No children;
Household: One family only: Lone parent: All children non-dependent; Household: One family only: Lone parent: Dependent children;
Household: One family only: Married or same-sex civil partnership couple: All children non- dependent; Household: One family only:
Married or same-sex civil partnership couple: Dependent children; Household: Other household types: All aged 65 and over; Household:
Other household types: All full-time students; Household: Other household types: Other; Household: Other household types: With
dependent children; One person household: Aged 65 and over; One person household: Other
Household spaces with no residents
Up to 0.5 persons per room; Over 0.5 and up to 1.0 persons per room; Over 1.0 and up to 1.5 persons per room; Over 1.5 persons per room
Living rent free; Owned and Shared Ownership; Private rented; Social rented
Schoolchildren and full-time students: Age 16 and over;
No qualifications; Highest level of qualification: Level 1; Level 2 or Apprenticeship;
Highest level of qualification: Level 3 qualifications; Highest level of qualification: Level 4 qualifications and above;
Very bad health; Bad health; Fair health; Good health; Very good health; Health: Day-to-day activities limited a lot or a little Standardized Illness Ratio; Provides unpaid care;
On foot; Bicycle or Other; Private Transport; Public Transport; Work mainly at or from home
No cars or vans in household; 1 car or van in household; 2 or more cars or vans in household
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instruments on the estimated level of underlying energy efficiency in the EU
residential sector. In: Energy Policy, vol. 69, pp. 73–81. https://doi.org/10.1016/j.
enpol.2014.01.047. S.

Achtnicht, Martin, Madlener, Reinhard, 2014. Factors influencing German house owners’
preferences on energy retrofits. Energy Pol. 68, 254–263. https://doi.org/10.1016/j.
enpol.2014.01.006. S.
BEIS, 2019. UK Energy in Brief. Unter Mitarbeit von National Statistics. Department for
Business, Energy & Industrial Strategy. https://assets.publishing.service.gov.uk/go
vernment/uploads/system/uploads/attachment_data/file/857027/UK_Energy_in_Bri
ef_2019.pdf. zuletzt geprüft am 07.05.2020.
BEIS, 2020. Energy Consumption in the UK 2020. Department for Business, Energy &
Industrial Strategy. https://assets.publishing.service.gov.uk/government/uploads/s
ystem/uploads/attachment_data/file/928352/2020_ECUK_Press_Notice.pdf.
Ben, Hui, Steemers, Koen, 2018. Household archetypes and behavioural patterns in UK
domestic energy use. Energy Effic. 11 (3), 761–771. https://doi.org/10.1007/
s12053-017-9609-1. S.
Bertoldi, Paolo, Mosconi, Rocco, 2020. Do energy efficiency policies save energy? A new
approach based on energy policy indicators (in the EU Member States). Energy Pol.
139, 111320. https://doi.org/10.1016/j.enpol.2020.111320. S.
Breiman, Leo, 2001. Random forests. Mach. Learn. 45 (1), 5–32. https://doi.org/
10.1023/A:1010933404324. S.
Brown, Donal, 2018. Business models for residential retrofit in the UK: a critical
assessment of five key archetypes. Energy Effic. 11 (6), 1497–1517. https://doi.org/
10.1007/s12053-018-9629-5. S.
Brown, Donal, Kivimaa, Paula, Sorrell, Steven, 2019. An energy leap? Business model
innovation and intermediation in the ‘Energiesprong’ retrofit initiative. Energy Res.
Soc. Sci. 58, 101253. https://doi.org/10.1016/j.erss.2019.101253. S.
Building Research Establishment, 2019. RdSAP 2012 -9.94: Appendix S: reduced Data
SAP for Existing Dwellings. https://www.bregroup.com/wp-content/uploads/2019
/09/RdSAP_2012_9.94-20-09-2019.pdf. zuletzt geprüft am 24.04.2020.
Caird, Sally, Roy, Robin, Herring, Horace, 2008. Improving the energy performance of
UK households: results from surveys of consumer adoption and use of low- and zerocarbon technologies. Energy Effic. 1 (2), 149–166. https://doi.org/10.1007/s12053008-9013-y. S.
Capozzoli, Alfonso, Grassi, Daniele, Piscitelli, Marco Savino, Serale, Gianluca, 2015.
Discovering knowledge from a residential building stock through data mining
analysis for engineering sustainability. In: Energy Procedia, vol. 83, pp. 370–379.
https://doi.org/10.1016/j.egypro.2015.12.212. S.
CCC, 2019. Progress report to Parliament 2019 progress Report to Parliament.
Committee on climate change. https://www.theccc.org.
uk/publication/reducing-uk-emissions-2019-progress-report-to-parliament/, zuletzt
geprüft am 07.05.2020.
Cohen, Jacob, 1977. Statistical Power Analysis for the Behavioral Sciences. Elsevier.

12

J. Ahlrichs et al.

Energy Policy 160 (2022) 112646
gov.uk/government/statistics/dwelling-stock-estimates-in-england-2019, zuletzt
geprüft am 01.07.2020.
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of Valencia (Spain): results of a direct survey to citizens and recommendations for
policy making. In: Energy Policy, vol. 151, p. 112162. https://doi.org/10.1016/j.
enpol.2021.112162. S.
Gram-Hanssen, Kirsten, Jensen, Jesper, Ole, Friis, Freja, 2018. Local strategies to
promote energy retrofitting of single-family houses. Energy Effic. 11 (8), 1955–1970.
https://doi.org/10.1007/s12053-018-9653-5. S.
Hardy, A., Glew, D., 2019. An analysis of errors in the Energy Performance certificate
database. In: Energy Policy, vol. 129, pp. 1168–1178. https://doi.org/10.1016/j.
enpol.2019.03.022. S.
Huber, Steffen, Wiemer, Hajo, Schneider, Dorothea, Ihlenfeldt, Steffen, 2019. DMME:
data mining methodology for engineering applications – a holistic extension to the
CRISP-DM model. In: Procedia CIRP, vol. 79, pp. 403–408. https://doi.org/10.1016/
j.procir.2019.02.106. S.
Jaffe, Adam B., Stavins, Robert N., 1994. The energy paradox and the diffusion of
conservation technology. Resour. Energy Econ. 16 (2), 91–122. https://doi.org/
10.1016/0928-7655(94)90001-9. S.
Jain, A.K., Murty, M.N., Flynn, P.J., 1999. Data clustering. ACM Comput. Surv. 31 (3),
264–323. https://doi.org/10.1145/331499.331504. S.
Jakob, Martin, 2007. The drivers of and barriers to energy efficiency in renovation
decisions of single-family home-owners. In: CEPE Center for Energy Policy and
Economics, ETH Zuerich. S.
Jenkins, David, Simpson, Sophie, Peacock, Andrew, 2017. Investigating the Consistency
and Quality of EPC Ratings and Assessments. Energy 138, 480–489. https://doi.org/
10.1016/j.energy.2017.07.105.
Jones, Nikoleta, Sophoulis, Costas M., Iosifides, Theodoros, Botetzagias, Iosif,
Evangelinos, Konstantinos, 2009. The influence of social capital on environmental
policy instruments. Environ. Polit. 18 (4), 595–611. https://doi.org/10.1080/
09644010903007443. S.
Kastner, Ingo, Stern, Paul C., 2015. Examining the decision-making processes behind
household energy investments: a review. In: Energy Research & Social Science, vol.
10, pp. 72–89. https://doi.org/10.1016/j.erss.2015.07.008. S.
Kavgic, M., Mavrogianni, A., Mumovic, D., Summerfield, A., Stevanovic, Z., DjurovicPetrovic, M., 2010. A review of bottom-up building stock models for energy
consumption in the residential sector. Build. Environ. 45 (7), 1683–1697. https://
doi.org/10.1016/j.buildenv.2010.01.021. S.
Kok, Nils, McGraw, Marquise, Quigley, John M., 2011. The diffusion of energy efficiency
in building. Am. Econ. Rev. 101 (3), 77–82. https://doi.org/10.1257/aer.101.3.77.
S.
Kotrlik, Joe W., Williams, Heather A., 2003. The incorporation of effect size in
information technology, learning, and performance research. In: Information
Technology, Learning, and Performance Journal.
Lee, Dong Kyu, 2016. Alternatives to P value: confidence interval and effect size. Kor. J.
Anesthesiol. 69 (6), 555–562. https://doi.org/10.4097/kjae.2016.69.6.555. S.
Liu, Yanchi, Li, Zhongmou, Xiong, Hui, Gao, Xuedong, Wu, Junjie, Wu, Sen, 2013.
Understanding and enhancement of internal clustering validation measures. IEEE
Trans. Cybern. 43 (3), 982–994. https://doi.org/10.1109/TSMCB.2012.2220543. S.
Ma, Jun, Cheng, Jack C.P., 2016. Identifying the influential features on the regional
energy use intensity of residential buildings based on Random Forests. Appl. Energy
183, 193–201. https://doi.org/10.1016/j.apenergy.2016.08.096. S.
MacDonald, Suzanne, Winner, Brooks, Smith, Lisa, Juillerat, Juliette, Belknap, Sam,
2020. Bridging the rural efficiency gap: expanding access to energy efficiency
upgrades in remote and high energy cost communities. Energy Effic. 13 (3),
503–521. https://doi.org/10.1007/s12053-019-09798-8. S.
Magnani, Natalia, Carrosio, Giovanni, Osti, Giorgio, 2020. Energy retrofitting of urban
buildings: a socio-spatial analysis of three mid-sized Italian cities. Energy Pol. 139,
111341. https://doi.org/10.1016/j.enpol.2020.111341. S.
Ministry of Housing, Communities & Local Government, 2019. Energy Performance of
Buildings Data. England and Wales. https://epc.opendatacommunities.org/, zuletzt
geprüft am 24.04.2020.
Ministry of Housing, Communities & Local Government (2020), Dwelling stock estimates
in England, 2019. Estimates of the Number of Dwellings in England. https://www.

13

J. Ahlrichs et al.

Energy Policy 160 (2022) 112646

Wenninger, Simon, Wiethe, Christian, 2021. Benchmarking energy quantification
methods to predict heating energy performance of residential buildings in Germany.
Bus Inf Syst Eng 63 (3), 223–242. https://doi.org/10.1007/s12599-021-00691-2. S.
Wilson, C., Crane, L., Chryssochoidis, G., 2015. Why do homeowners renovate energy
efficiently? Contrasting perspectives and implications for policy. In: Energy Research
& Social Science, vol. 7, pp. 12–22. https://doi.org/10.1016/j.erss.2015.03.002. S.
Wirth, Rüdiger (Hg, 2000. CRISP-DM: towards a Standard Process Model for Data
Mining. Fourth International Conference on the Practical Application of Knowledge
Discovery and Data Mining.
Yitzhaki, Shlomo, 1979. Relative deprivation and the Gini coefficient. Q. J. Econ. 93 (2),
321. https://doi.org/10.2307/1883197. S.

Yu, Zhun, Haghighat, Fariborz, Fung, Benjamin C.M., Yoshino, Hiroshi, 2010. A decision
tree method for building energy demand modeling. Energy Build. 42 (10),
1637–1646. https://doi.org/10.1016/j.enbuild.2010.04.006. S.
Zhang, Ruojing, Indulska, Marta, Sadiq, Shazia, 2019. Discovering data quality problems.
Bus Inf Syst Eng 61 (5), 575–593. https://doi.org/10.1007/s12599-019-00608-0. S.
Zhang, Shichao, 2012. Nearest neighbor selection for iteratively kNN imputation. J. Syst.
Software 85 (11), 2541–2552. https://doi.org/10.1016/j.jss.2012.05.073. S.
Zhang, Tao, Siebers, Peer-Olaf, Aickelin, Uwe, 2012. A three-dimensional model of
residential energy consumer archetypes for local energy policy design in the UK. In:
Energy Policy, vol. 47, pp. 102–110. https://doi.org/10.1016/j.enpol.2012.04.027.
S.

14

