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Beyond average energy consumption in the French reential housing market:

A household classification approach

Emmanuel HACHE Déborah LEBOULLENGER® andValérie MIGNON*?"

Abstract

The need to reduce Green House Gases emissiongihtg lead to increasing concerns
regarding the efficiency of national mitigation agas and the potential exposure of certain
households to energy poverty. Hence, the comprérenst the key determinants that
influence the energy demand appears to be crumighé effectiveness and fairness of energy
policies. We patrticularly consider that targetingeafic households’ groups rather than
looking for a unique national target level of enempnsumption would be more effective.
This article explores the scope of having a disaggied energy consumption market to design
policies aimed at curbing residential energy corgion or lowering its carbon intensity. Using a
clustering method based on CHAID (Chi Square Autemiateraction Detection) methodology, we
find that the different levels of energy consumptio the French residential sector are related to
socio-economic, dwelling and regional charactex$stiThen, we build a typology of energy-
consuming households where targeted groups (fuelr, pbigh income and high consuming
households) are clearly and separately identifiadough a simple and transparent set of
characteristics. This classification representseHfitient tool for energy efficiency programs and
energy poverty policies but also for potential istees, which could provide specific and tailor-made
financial tools for the different groups of consumed-urthermore, our approach is helpful to design
energy efficiency score that could reduce the rabaeffect uncertainty for each identified household
group.
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1. Introduction

Residential and tertiary sector represents about dbglobal energy consumption in France
and 21% of C@emissions in 2012 This sector consumes more energy than any otlcesrse
in the country (31% for transport, 21% for industayd less than 3% for agriculture) and
within the sector, the residential part accounts6fa?6. The residential sector is consequently
considered as a key driver for energy efficiencggpams—such as insulation—and more
generally for energy policy. Energy consumptionpnivate houses stems from three main
usages: space heating (70% of the total expendjtur®t water and cooking (15%) and
specific electricity use(15%). Moreover, the promotion for energy effigigrin residential
building is mainly based on conventional and madlelensumptiohthat does not take into
account thoroughly and narrowly the householdsrattaristics and the effective behaviors
in order to offer a comparable set of energy edficy measures on buildings.

Table 1. Descriptive statistics depending on hoalsish characteristics, dwelling type and
heating technology in 2006

Energy Annual Energy Energy

Observatio ;
annual global budget expenditures
n number . i
expenditures income share per person
Gas 6 420 1294.00€ 31651.50€4.02%  490.00 €
Heated
House Electricit 5 298 1250.00€ 30506.50€4.01%  475.00 €
S y Heated
Median 20 661 1200.00€ 27720.00€4.25%  447.00 €
Houses
Gas 6 695 700.00 € 19063.00 €3.51%  334.67 €
Heated
Flats Electricit ) 147 709.00 € 16 710.00 €4.05%  403.00 €
y Heated
E’:zfs'a” 17 482 600.00 € 18 020.00 £3.33% 300.00 €
Total Average 38 143 891.00 € 22722.00€3.75%  385.00 €

Source: National Institute of Statistics and Ecomm&tudies (INSEE)

! Source: French Ministry of Ecology, Sustainable®epment and Energy.

2 This usage is growing at a very high rate as Hmlgs and houses are more and more connectedhamgbpliances evolve
toward high technology and multimedia services.

% See French Environment and Energy Management Agenc
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A cross-tabulated analysis enlightens us on therbgéneity and variability of French
households’ energy consumption given dwelling tyjpes also income and other households’
characteristics and location choice (urban versual zones). The annual energy bill differs
greatly whether the household in collective dwelircan have access to a gas infrastructure
or not. In fact, in the case of flats, gas-heateaskholds appear to have a lower annual global
energy bill, but also a lower energy budget sh&sable 1). It is also worth noticed that gas-
heated households have a higher annual income #vanage and electrically-heated
households.

Specifically, our goal in the present paper is tlrass this question of heterogeneity in
energy consumption in France by relying on a diseggfed-level analysis. In this regard,
household group classification can be useful t&léathe rebound effect and the nonlinear
demand for energy services. The “take-back” or detd effect” refers to an increase in the
supply of energy services with a corresponding elese in the effective price, the size of
which depends upon the underlying cost structuree@ing et al., 2000). When energy
efficiency measures do not take into account the bgatween expected and actual
consumptions, they might face some rebound effelsais been observed in the transportation
sector and also in the residential one. Regardpages heating for example, the estimated
rebound effect in the economic literature rangesnfrl0% to 30% (Dubin et al., 1986;
Greening et al., 2000). Hence, the rebound effigttlights the importance of getting detailed
information on household revenue level or incomépdhe total income sets a budget
constraint that drives directly the quantity of eyyeservice consumed and its evolution with
price and income patfia demand elasticity. In addition, it determines itlicit discount
rate at which households make investment decisfonsequipment (Hausman, 1979) or
energy efficiency strategies (Hasset and Metca#93). In France, energy efficiency
programs exist for example for modest and old lart# in olds dwellings (National Housing
Agency programs), but there is no specific poliolythe other groups. Wide-ranging policies
are preferred such as subvention for energy efffcgidinancing (zero interest rate loans) or
tax cuts (tax credit for sustainable developmedttan credit for energy transition).

4 The rebound effect—also called the "Jevons Patadwas highlighted in 1865 by William Stanley Jevomghin its
famous book entitled "The Coal Question". This egmal paradox describes the non-expected consegsénderms of
natural resources consumption resulting from anesfient of a technological process. Thereby theemphtation of an
improved technology through a more efficient engogycess can paradoxically lead to an increas@éngg consumption.
The widespread use of the technology, the dimimutibthe incentives to rationalize energy consuamptihe decrease in
unit price for energy services and the revenuecetibserved through energy efficiency gains caraéxphe rebound effect
(Khazzoom, 1980).



The rebound effect can take two forms. The direbbund effect is when households decide
to consume more of the energy service after a deerén price created by the household
reallocation of the extra revenue to more comfartother energy services. The indirect
rebound effect is when households dedicate théiae®venue to the consumption of other
goods, services and factors of production that alsguire energy for their provision
(Khazzoom, 1980). As for some empirical estimatesent studies have shown that the
rebound effect varies whether the substituted sers low-carbon intensive (estimated
rebound in the UK of 12%), “behavior as usual’ (34&bound) or carbon intensive. The
latter case even produces backfire effect (Druckra@ml). Empirical literature usually relies
on the price elasticity to measure the direct reldoaffect, but Sorrell and Dimitropulos
(2008) argue that this method, whether it is usedross-sectional or historical variation, can
lead to overestimation of the rebound. This overesion is notably due to asymmetry in
energy elasticities’ estimates and collinearity K&aand Blundell, 1991). Being aware of
these methodological problems, we go further from grevious literature and derive energy
consumption from the classification of householdugs. Group specification indeed
overcomes the nonlinear and collinear relationbleipveen demand and income, and provides
a solid outline regarding shifts of the Engel cshaccording to demographics and household
groups.

Disaggregated demand analysis allows us to tatideidsue related to the measures and
indicators of fuel poverty in residential housihgthe UK, 80% of the 4 million fuel poor are
also vulnerable households (Department of Energly@imate Change; DECC, 2009). The
latter can be divided in three categories: low nexe(below 60% of the median income),
elderly, allocation benefit households and singdeepts. Every households’ group has an
increased vulnerability to fuel price rises as tlspgnd a larger amount of their revenue on
energy bills (Hills, 2012). Each group also has/Jegterogeneous energy consumption habits
(Jamasb and Meier, 2011). The main factors tha¢roheme fuel poverty in Europe are
primarily related to the housing location since tegion’s climate plays a key role in the
ability to adequately heat a home, along with @aeel of urbanization (Thomson and Snell,
2013). While there are on average similitudes enftlel poverty rate between rural and urban
households, the impact of specific dwelling andi@®emographic aspects combined reveals

5 Engel curve describes how a consumer's purchdseggood like food varies as the consumer's ta@aburces such as
income or total expenditures vary. Engel curves naéso depend on demographic variables and othesucoer
characteristics. A good's Engel curve determireinitome elasticity, and hence allows us to cladbié good as inferior,
normal, or luxury depending on whether the incofastiity is respectively negative, inferior to tyndr greater than unity.
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critical differences. Although urban households mu@re likely to spend more time in fuel
poverty, rural households are expected to fall wtwrsened levels of fuel poverty (Hills,
2012), and are more vulnerable to fuel prices aafhgavhen they live in private rental
accommodations (Roberts et al., 2015).

As stressed above, our aim in this paper is towtdor heterogeneity in energy consumption
by relying on a disaggregated energy consumptiatyars of the French households. Our
contribution to the existing literature is threefolFirst, while the bulk of the empirical
literature is based on microeconomic tools as patasticity, we rely on a clustering
approach—the Chi Square Automatic Interaction OeteqCHAID) approach—allowing us
to identify the main drivers of households’ energynsumption. Second, we propose a
detailed typology of households based on a traegpaet of characteristics. Third, thanks to
our classification, we provide recommendationsmiprove energy efficiency programs by
giving more appropriate and detailed informationtbe residential housing market than the
usual simple average household energy consumpti@iysas.

The rest of the paper is organized as follows.i&e@ briefly reviews the existing literature.
The data and methodology are described in Secti®@e&ion 4 presents our main results and
related comments, while Section 5 summarizes ouwdirfgs and provides policy
recommendations.

2. Review of literature

Energy demand is a latent variable derived froretabgcharacteristics that can be divided in
three types: household characteristics (such ammacfamily type, living habits or comfort
needs), dwelling characteristics (such as sizetgpe), and exogenous factors such as the
local energy mix (especially whether householdsshaacess to city gas or not). Let us now
survey the economic literature on these differssties.

2.1.Income and prices

There are as many demand elasticities in the dpeating demand as there are different types
of fuel available. In addition, income and pricasicities change with both time and income
levels. As a normal good, an increase in energgeprishould trigger a reduction in



households’ energy demand level by using less gnemgvices (they can lower the
temperature at home) or substituting other inputs énergy and choosing less energy-
intensive appliances or even homes. While the &irsitrage can be realized in the very short
run, the second one requires a sharp investmerapital and is only possible in the medium
term (new heating system) or in the long run (clealogation and home). The relationship
between budget share and income has several simomgg® (Blundell et al., 2014): demands
for commodity are nonlinear with income and the &ngurve is well known to differ by
demographic type across households. Using a pat&lndodeling, Jamasb and Meier (2010)
find that the energy consumption behavior of UK seholds heavily depends on income
level. The authors describe the Engel revenue fpathouseholds’ energy consumption to be
slightly S-shaped. Energy spending globally inceeagith income, but its magnitude
augments accordingly to income thresholds as liectsf the changing nature of consumption
of energy, electricity, and gas when income chanBegrgy is used for necessity needs at
low income levels and is enriched for higher incer(Meier et al., 2013).

Income level could also be considered as a prokys$sessing a specific degree of comfort
and the intensity factor among households. As ireaises, households tend to exhibit
preferences for less energy-intensive housing @ptiaances as they do not want to sacrifice
any comfort in an energy price increase contextetent French and UK studies (Druckman
and Jackson, 2008; Cayla et al.,, 2011), the relabietween income and comfort level
describes a factor 2 difference between the lesfet®mfort for the 10% poorest and the 10%
richest households. In fact, the gap between eggesntd real consumption can reach up to a
65% overestimation of energy consumption compaoed todel including intensity factor
which is mainly driven by energy budget share, badral factors (elasticities and rebound
effect), and non-standardized space heating maregdi@ayla et al., 2010). The consecutive
actual over normative ratio is used to measuree k& comfort that approaches the notion of
service factor developed by Haas and Biermayr (000

2.2.Households’ characteristics

Other socio-economical characteristics play a magla in the actual energy consumption in
residential building. Households’characteristicpegr to influence at least 33% of energy
consumption variations (Sonderegger, 1977; Caylal.et2010), among which household’'s
tenure and composition are two major ones. Thecetie occupant characteristics might be



larger than expected, since they determine the eymkvelling (Guerra Santin et al., 2009).
The presence of learning effect toward more efficenergy use is also important, although
results regarding the effect of age are not cledric the literature, being sometimes
significantly associated (Meier and Rehdanz, 2@@®) sometimes less obviously associated
with different levels of energy consumption (Wy&®13). The size of the household and its
composition influence the choice of the heatingesystype. Family size is negatively related
with electric heating (Vaage, 2000; Braun, 201()isTlatter is more suitable for small and
active households who tend to spend less time mehdlousehold tenure is also playing a
significant role. Ownership lowers the energy puoénerability as households who own their
housing are more likely to have more energy efficibouses (Rehdanz, 2007). Property
owners and tenants react differently to income aneérgy prices changes (Meier and
Rehdanz, 2010). Level of comfort is also a key amation when investigating the elderly and
more vulnerable household groups. Indeed, eldedgple, but also families with small
children, require an increased level of comfortt thaght trigger higher levels of energy
consumption (Meier and Rehdanz, 2010). On the dthed, very poor households can use
comfort as an income arbitrage: they choose lesgggrexpenditures but a decreased level of
comfort (low room temperature or fewer heated s@f¢Devaliere et al., 2011).

2.3.Dwelling type and regional characteristics

Dwelling characteristics are also major factorg #ige, the size and floor area of the housing
play a significant role as well as its degree dadement that increases the energy use (up to
dwelling of 100m?) (Wyatt, 2013). The impact of tievelling type reveals in many studies
the strong correlation between dwelling charadiedgsincome and tenure. Owners tend to
live in detached or semi-detached houses, whelatasare mainly rented. As such, if heating
expenditures are mainly due to differences in fped of dwelling, comparing owner and
renter heating expenditures for one type of dwel(iiats or houses) does not always lead to
different results (Meier and Rehdanz, 2010). Regiand geographic location can play a
significant role; for example, there is a gap imtg of space heating modes between East and
West Germany (Braun, 2010) or rural and urban Hwoalds in the UK (Roberts et al., 2015).
The fact that households live in a cold area léadggher heating expenditures, regardless of
the weather because those households have albedterg equipment and they experience an
increased level of comfort during cold days (Mesrd Rehdanz, 2010; Cavailhes et al.,
2011).



Why do we need a segmentation analysis for enexggralitures in the residential housing
market? Studies that analyze energy consumpti@m andividual level basis are usually of
two types: discrete (demand for appliances) orinanus (demand for the energy itself)
models, or conditional demafidinother approach to energy demand modeling ipézify
the average relationship between energy expenditarel households’ characteristics as
nonlinear and assign an energy expenditure lewabahility to a homogenized household
group where each agent within the group is supptsdthve the same energy consumption
level. Analyzing the relationship between incomel alomestic fuel use, Druckman and
Jackson (2008) compare the results for two levélegional disaggregation (national and
local) and different types of households by usimg Local Area Resource Analysis (LARA)
model. In this study, household groups’ segmematiomes directly from the Output Area
Classification constructed by Vickers and Rees T200ased on geographic and socio-
economic characteristics. They highlight the refmea of a disaggregated approach,
evidencing many groups with specific energy congionp habits showing that: (i)
households in cities spend the lowest proportiodigfiosable income on fuels, and (ii) “City
Living” but also “Typical Traits and Prospering Subs” are groups that may be called “fuel
rich” as they spend the lowest share of their ineamfuel, their long-run price elasticity of
demand being therefore inelastic. Following the esamotivation and relying on a clustering
method, the Centre for Sustainable Energy OFGEMnara (2014) finds a total of 12 energy
consumer archetypes regarding gas and electriomgumption for UK households in 2010
and 2014 with the following influencing charactéds: heating fuel, income, household type,
region, tenure and urban density—the set of predictiffering for gas and electricity
consumption.

3. Data and methodology

3.1.Data

We rely on individual household-level data extrdcttom the 2006 housing survey
conducted by the French national statistics bureau households in their housing. The

5 For discrete and continuous models, see, e.g.jnDabd McFadden (1984) on US data, and Nesbakkéf1j2on
Norwegian data. Turning to the conditional demappgraach, see Parti and Parti (1980) for the US, Bekal. (1989) and
Meier and Rehdanz (2010) for the UK, and RedhanzAfad Germany.

" The detailed results of the housing survey cafobed on the website of the National Institute @itBtics and Economic
Studies (INSEE) http://www.insee.fr/en/default.asp




survey describes the income, housing characteyiatid energy consumption habits of 42 963
French households. Although the number of obsemstiis rich enough to describe

accurately the French households’ energy and hgusabits, there exists an acknowledged
bias that underestimates the poorest section gidpalation that is trickier to include in such

national survey (data collection issue). Also, ggeexpenditures are only reported for
households with individual heating (i.e., 90% o¢ tlandlords’ population, but only 64% of

the tenants) as energy detailed expenses are mentifiable. After clearing the data to

account for this underestimation bias, we lose 48R€ervations, i.e. 11% of the original

dataset.

We consider three types of variables of interasrgy expenditures, energy budget share and
global income all measured annually (see Tablesidl 3 and Appendix 7.1 for detailed
descriptive statistics). As for explanatory vareshl space heating consumption is a well
behaved proxy for short-term elastic residentialstonption. Indeed, it accounts for 70% of
the residential energy demand and offers a haredyhility that helps capture consumption
variations across households as we frequently vbse0-30% rebound effect (Greening et
al., 2000). We also focus on the energy budgetesbacause we consider it as a good
measure of fuel poverty. We analyze energy spendelgsticities and expenditures
distribution across homogeneous groups of houssteid propose another indicator for fuel
vulnerability and poverty.

3.2.Methodology: CHAID method

We use the Chi Square Automatic Interaction Detac(CHAID) method developed by
Kass (1980) to analyze the annual energy consumpfi&rench households in the residential
sector. The CHAID method stems from the populaa daining technique AID (Automatic
Interaction Detection) and is mostly used in surdayasets for segmentation analysis. This
technique of tree growing—also known as “hierarahisplitting”, “partitioning”, “group
dividing” or “segmentation”—is widely used in stegic marketing for partitioning data into
homogeneous groups in terms of the response varidiisl aim is not necessarily to improve

8 See Appendix 7.2 for a summarized description.

® First tree growing methods have been identifie®blson (1959), and Morgan and Sonquist (1963). Alitealgorithm is
a binary regression on a quantitative variable tvisécthe most popular “group dividing” data minitgghnique. It has been
enriched for (i) categorical outcome using a sdedatheta criterion (THAID or Theta-AID) thanks tdessenger and
Mandell (1972) and Morgan and Messenger (1973),(@nfbr multivariate quantitative outcome variaMAID).
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the prediction power of a linear regression, bugdo better knowledge on how the variables
of interest are linked to the explanatory variatidegond the restricted additive influeridén
our case, we want to test whether our understandinthe French households’ energy
consumption and expenditures in the residentiabsés improved when using disaggregated
prism rather than an average national measure.

The different phases of the methodology are seagkeas follows:

1. We determine the key predictors of mean and meeiargy consumption levels. They
might be socio-demographic or dwelling charactessand localization, or exogenous
factors such as climate and unobserved effectsthi® end, we use both Multiple
Correspondence Analysis (MCA) and logistic regrassi

2. We implement the CHAID method to hierarchize andugr energy consumption levels
with respect to the key predictors in order totséahouseholds’ typology regarding their
energy consumption.

3. We test the value of emerging archetypes (chantfiegdependent variable and/or key
predictor variables).

4. We feed the archetypes into the complete datasktearich the profile analysis (with
frequency and MCA-based tests).

5. We analyze specified groups (coupling key leverdgesuccessful efficiency programs)
and present the findings and policy implications.

It is worth mentioning that the predictors are @aka in the method to be either monotonic
(relying on an ordinal scale) or free (purely noatjras in AID, but the main novelty is the
development of a floating predictor. The latteowai one category of an ordinal variable to

10 «particularly in the social sciences, there are powerful reasons for believing that it is a rlistdo assume that the
various influences are additive. In the first plattere are already many instances known of powerfaraction effects -

advanced education helps a man more than it doesm@an when it comes to making money, [...] Secdhd, measured

classifications are only proxies for more than oamestruct. [...] We may have interaction effects lmecause the world is full
of interactions, but because our variables havieteyact to produce the theoretical constructs thally matter.” (Morgan

and Sonquist, 1963).
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have an unattributed ergo unknown position on tigénal scale, which is highly convenient
when dealing with a missing category which is frergfuwith microeconomic survey data. The
CHAID technique aims at maximizing the homogen@ityeach group by means of purity
measures using a floating predictor which has be®wved to be most useful in micro-
econometrics.

Let us now briefly compare the CHAID approach wttle main other techniques. Consider
first AID-based methods. Ritschard (2010) descritwes CHAID features that contribute to
its popularity. First, CHAID selects the predictaya the basis of the optimal split each
potential predictor would produce at each nodet(naal significance). Whereas AID selects
the “most explanatory” split, CHAID would ratheraise the “most significant” one. Second,
CHAID uses p-values with a Bonferroni correction sggitting criteria. It is a statistical
significance test that accounts for multiple tegtifihere exist other decision-tree methods
like THAID or MAID; the main difference lies in theefinition and parameterization of the
splitting criteria: residual sum of squares (RSS$,“within” sum of squares) for AID,
generalized RSS for MAID, theta for THAID, and Festor its Chi-square approximation
significance test (p-values with a Bonferroni coti@n) for CHAID.

Second, unlike the CART (Classification And Regi@sd ree) method, the CHAID analysis
does not allow for continuous variables in the nhottetherefore exposes the analyst that
arbitrary splits a continuous variable himself tesspecification costs, but this argument is
weak when the chosen categories for a continuousbla are of value themselves. For
instance, when we split energy consumption in decilve allow for an easier comparison
with other relevant decile categories like reveoududget. Comparing CART and CHAID
analyses, Haughton and Oulabi (1993) found thatwieemodels yield very close results and
highlight three main conclusions. Firstly, CHAID de is much more easy and accessible to
run with a personal computer. Secondly, CART metisooreferable if the model has a very
large number of explanatory variables (more thad),6but it is not our case. Finally, when
dealing with missing variables, CART is of greatvatage when they appear for a
continuous variable, but CHAID is preferable whae missing observations are of special
significance to the response variable. If the taiseconfirmed, one must create a special
category of missing values when using CHAID. Ouergiven their quite similar
performance (despite different statistical techag)u one will use (i) CART if the dataset

11



contains many continuous variables, and (i) CHAdD datasets with fewer and categorical
explanatory variables, as in our case.

Finally, the third main approach is the logistignession (McCarty and Hastak, 2007) which
provides a response probability on a dichotomousbke. Decision trees segment the dataset
into homogeneous groups of people according to tagodacal (CHAID) or continuous
(CART) variable, the first one being privileged fts predictive power and the latter for its
explicative power. Furthermore, as our variablandérest is richer when divided in decile
rather than binomial, the CHAID method is prefeeathlast but not least, the CHAID method,
unlike the logistic approach, is distribution frde.means that it allows the relationship
between the explanatory variables and the respaarggble to be non-monotonic (curvilinear
for instance).

Despite its various advantages, four main limitstttdé CHAID methodology have to be
mentioned. First, due to a heuristic approachntbdel does not guarantee optimality since it
is a forward stepwise method: once a variable @seh, it cannot be eliminated in a later
stage (Van Diepen and Franses, 2006). Hence tles tcannot determine the global
importance of each factor. We overcome this limit tunning a previous multiple
correspondence analysis (MCA) and global signifteatests (Fisher) on GLS regressions to
select explanatory variables that are globally amvidually significant. Second, the tree
instability raises two issues. On the one hand, segments derived by CHAID differ
significantly with respect to the criterion. On théher hand, the decision tree stems from
random iteration tests and the results (numbercaitetia selection) can vary when the same
model is implemented to another dataset. Conselguérnihe original data are replaced with
a fresh sample, a different tree may emerge witferént splitting rules. In our case, a
different CHAID tree for the 2012 housing surveyeadgt is detrimental, but not catastrophic
because it can provide information on a new segatient that explains new energy
consumption behaviors and attests that they haamatically changed between 2006 and
2012 Third, CHAID analysis may encounter over-fittingoplems: the predictions of the
response variable could be worse than with no maden if the CHAID tree fits the dataset
well. However, this issue can be relativized in oase as we are looking for a way to target
households in an existing dataset and to explagmggnconsumption rather than predict it.

1 The next housing survey of the French Nationditirte of Statistics and Economic Studies (INSER)wd be published
in 2016.
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Finally, the CHAID method is mainly intended forde samples (min 1 000 cases; Doyle,
1973). The approach uses the Chi-Square test epamdience and therefore assumes that the
variables follow a chi-square distribution, a pndpevhich is asymptotically verified in large
samples such as in our case. On the whole, alethfize mentioned issues are overcome in
our analysis, thanks to our methodology and thegnees of our dataset.

4. Results

We first describe (Section 4.1) the identified grewesulting from the implementation of the
CHAID algorithm and analyze the segmenting varialiteat feed the model before focusing
(Section 4.2) on two selected pen portraits: thed fioor households and the “high income
high energy-consuming” households. Then (Secti@®), 4ve display the groups in a two-
dimension plan in order to realize market segmemtdor residential housing. This method
highlights potential rebound or back-fire effectssveell as windfall effects. Finally (Section
4.4), we investigate the benefits for using a sgpnmethod in order to redux post
uncertainty for energy efficiency investment.

4.1.Cluster tree

We investigate French households’ global and hegatamergy annual expenditures,
considering a vector of statistically testedariables of three kinds: household’s income and
characteristics, dwelling type and main heatinghtetogy, and localization features. Our
first-step results highlight that the CHAID algbiit separates the households regarding their
dwelling type (Figure 1). This result is not sugnng because the average energy expenditures
double in houses compared to collective dwellitigalso captures most of the variations due
to the difference in the dwelling size. Then, thgoathm divides the groups regarding their
main heating input between gas, electricity, ligiudl, coal, wood and other type (see Table
1). We then focus on four main family groups.

Households that live in houses or flats and consel®etricity or gas to heat their homes in
France account for two third of the heating fuek(see Table 2). In a second step, the
CHAID algorithm then separates households withieséhfour families into sub-groups of

various sizes that are supposed to consume tlsgiecgéve heating fuel homogeneously.

12\We rely on an ordered logit model to test the gmss of fit of the clustering variables
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Table 2. Residential heating fuel type per dwelliyye

Main Heating Fuel /

. Sample’s Share Flats Houses

Dwelling Type

Gas 37% 48% 52%
Electricity 27% 45% 54%
Fuel 12% 40% 60%
Wood 1.50% 11% 89%
Coal 0.13% 48% 52%
Other/nc 9% 36% 64%
Total 100% 46% 55%

Source: Authors’ results.

Figure 1. Final CHAID segmentation tree for Freholuiseholds’ energy consumption
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|
| |
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Electric Heated Electric Heated
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Source: Authors’ results.

Our analysis leads to identify 18 sub-groups indesuand 20 sub-groups for flat housing
(Figure 1). Income quintile appears to be the fasgmentation node in three of the main
groups out of four, which confirms the strong nelaship between income and energy
consumption even in a nonlinear approach. The tmlds family type is also a splitting
factor in every main group but at different levefghe tree. It is rather straightforward as the
number of active occupants (couple with childremorchild, single parent or person) in the
household determines the gap between the globajebuand the level of heating space
required but also the level of comfort needed.
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In flats, households (income and family type), dingl (construction date) and location
(urban density) characteristics play a significané in explaining different levels of energy
expenses across households. In gas-heated flate witeme appears to be the second node,
urban density plays a major role in gas expensaddelndeed, gas-heated flats are fueled by
collective systems and the access to a gas infdste is crucial but unequally distributed
between dense cities and more rural areas.

It is also worth mentioning that the constructicatedis a key splitting factor only for gas-

heated groups. One explanation may rely on theadjlade of the house or flat that determines
also the technology of the heating system wher gas fueled as it is part of the building

infrastructure, whereas electric heating is moreduas flexible equipment and is not

necessarily attached to walls.

Finally, tenure and occupation regime only appé&aitse a significant node in electric-heated
houses. In our group analysis, it is one of theflaeyors to identify fuel poverty in houses, as
we observe that there is a fuel poverty group iffytthe 10% effort rate) among rented
electric-heated houses.

4.2.Pen portraits

We chose a selected few key groups to identifydifferent leverages of action or policy
measures that fit each group best. Each CHAID tiegulgroup is analyzed through its
median global energy bill, income, electricity ayab expenditures and its energy effort rate.
The first household groups that drive our inteagst those with a median energy effort that
flirt with the fuel poverty rate of 10%. Two groupsge in this case, representing 10.5% of the
total group population and 3.2% of the whole sursaynple. Those are gas- or electricity-
heated households living in houses (there was edraity-heated households with energy
share close to the 10% thresHd)dtheir bear an energy share of above 9.50% aiinabey
have a median annual energy expenditure of 1200€hw& the population median level in
houses. What makes them fuel poor is that they laavery low income and both groups
belong to the first revenue quartile, putting thiemgether as an energy spending group in the
first place. They live in medium size houses (betwé0 and 100m?2) but old (50-100 years

13 Note that this finding does not mean that fuelgrovdoes not exist in flats, but it is probablgden by an intensity and/or
an intermittence factor.

15



old houses) for the gas-heated group. Those grangpsostly old couples being more than 50
years old, for 70% of the fuel poor group, or ssnghrents. Most of them are owners (which
is reasonable to say vis-a-vis the tenure disiobubetween houses and flats) but electricity-
heated groups are tenants, confirming the impoetafiche tenure status for this main group.
Those groups are defined out of the energy effayiemarket and are clearly a target for
public policy measures and help.

At the opposite, the second group of interest spwads to “High Income High
Consumption” (HIHC) households that could feed avapng energy efficiency market for
private housing. In other words, these are houssheith high energy expenditures but also
high income and the lowest energy share, making ttexeptive and financially capable of
enacting energy efficiency measures on their hothesiseholds’ groups that are in the
market). We identify four household groups (31%houses and 7% in flats) who represent
11% of the whole survey sample. If we focus ouer@st on households living in flats, we
find that their have very low energy effort ratéatee to their peers (1.55%-1.65%) that is
due to a very high income (HIHC groups belong t® tighest income quintile). They also
have energy expenditures above the average in tiasis 850-875€ (vs. 600€). They live in
middle to high urban density (gas group) and hagdlats: 60-100m?2 (60%). They are couple
or single parent, no children (electricity grouphite collars or intermediate professions.

4.3.Market mapping

This section is an attempt to attract the attentibpolicy makers on the energy policies that
can produce mixed results on each households’ gndwgbher they are targeting fuel poverty,
energy efficiency or energy savings. Figures 2 &ndepresent our households’ groups
dispatched on an income versus global energy exjpeaglan with indication of their weight
in the sample: the bigger the bubble, the bigger dhoup in population size (numerical
figures are shown in Appendix 7.3). This projectaliows us to separate more clearly the
groups with respect to an intensity effect (how dae the household’s energy expenditures
from the median) and a revenue effect (how fahes Household’s annual income from the
median). These figures give a visual perspectivéherenergy policy incentive and potential
effects on each group, and emphasize the importafncleaving a disaggregated-group
approach regarding energy policy measures.
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The energy efficiency market can be divided in fparts, with from left to right an income-
based segmentation and from top to bottom an enesgyntensity-based segmentation. First,
as we saw that fuel poverty was mainly income pigvierdisguise, income is the main driver
for energy policies market segmentation. Househwiidls enough revenue to engage energy
efficiency investments are said to be “in the m#rlkead will be sensitive to market-based
incentives (fiscal tax or cuts, or investments ragjgto trigger energy savings or energy
efficiency investments. Households with revenueoweimedian (and among them the fuel
poor that earn less than 60% of the median incooanot afford energy efficiency
investments on their homes and are therefore nesrsits/e to “off market” policy measures
such as social benefits, revenue transfers anttygoayments. Households’ groups “in the
market” are located on the right quadrant, and fodirket” households’ groups are located on
the left quadrant. Second, the market can be divigetically given each households’ group’s
energy use intensity. Household groups are lodatedr bottom whether their annual energy
expenditures are respectively above or below medana given housing type. This
segmentation is helpful to visually identify potahtrebound or backfire effects from
household groups that have a low intensity scoretter words, if a household spends twice
as less annually than the median household, thembre likely that the household will use a
significant part of the extra revenue from enerfficiency to consume more energy service
to meet its comfort basic needs.

Figure 2. Houses market mapping
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Source: Authors’ calculations

First of all, our findings show that group segméntaand sizing differ given the dwelling
type. Household groups have relatively homogeneiess, and smooth but strong income
elasticity. On the one hand, a fair proportion applation size (close to 60% of households
living in houses) is located on the right quadretmich makes them good candidates for
“market” energy policy incentives. On the other thafour groups are located on the bottom
right of the quadrant, which makes them strong wedoor backfire effect candidates.
Surprisingly, those are not the fuel poor grouppreviously portrayed, and most of them are
electric-heated households who face double capitastraint on energy use and equipment.
They might have a strong rebound effect as theyifsac a lot of their comfort to
accommodate their budget constraint and therefameume less than the fuel poor groups.

Figure 3. Flat market mapping
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Energy expenditures in flats are driven by othetdis than income, such as construction date
and dwelling characteristics. In that case, engoglicy measures that use dwelling or
standards of living-based incentives should be m@leome than pure income incentives.
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High consumption and high income household groapatéd top right of the market quadrant
in Figures 2 and 3 can enjoy a windfall effect be £nergy efficiency market as they can
benefit from subsidies and tax cuts, whereas th@ady are “in the market” with a strong
probability that they could benefit from energyi@éncy investments without the help of
such public measures. In fact, Charlier (2015) mégaliscovered that among the fifth decile
households, this “dead-weight loss” effect coultha@n most of the energy efficiency
investments on the French residential market. Kepm mind that the income effect is much
stronger in houses (Figure 2) than in flats (FigB)rehouseholds with electric-heated houses
are more income sensitive (higher elasticity) tgas-heated houses (Figure 2), making them
more sensible to a free-rider rebound effect.

4.4.Energy efficiency distortion score

Nonlinear group analysis is an approach that alltwsoperational tools such as a scoring
analysis that reduces uncertainty about the gawdest predicted and real consumptions.
Distortion score is a useful tool for financial amisurance mechanism when energy
efficiency investments involve more than one ecocoagent and is subject to information
asymmetries and moral hazard. The score can be fasednergy efficiency financing

contracts based on retrofits cash-flows as it mimas the outcome interval and reduces
information asymmetry between the energy consutherinvestor and the financing agéht.

The energy efficiency distortion score is a synthed two effects: intensity and revenue,
calculated on homogenously distributed househdRddative to the two median groups in
houses and flats, half of the groups are expectdthte a positive rebound effect on energy
efficiency measures (19 groups), and the otherikakpected to embrace energy efficiency
measures on their homes with positive attitude @newindfall behavior such as HIHC
households’ groups especially in flats.

14 See Appendix 7.3 for further details on the sammstruction.
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Figure 4: Energy efficiency distortion score
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The resulting score is slightly S-shaped (see Eigh)rand reflects the evolution of income
and intensity elasticity as household revenuesbgter. For very low scores, the distortion
effect is below unity and indicates that househalds likely to use an additional budget to
meet their “comfort” energy needs that were presipwnfulfilled due to a biding budget
constraint (for example by setting an acceptablelleof warmth). Therefore, energy
efficiency measures will first exhibit a reboundeet, but will improve and harmonize living
conditions among households as well as developiegyy efficient behaviors. The distortion
score then gets closer to one until it reaches amekousehold groups and increases greatly
above unity for the following groups. High distorti score reflects high leverage for energy
efficiency markets, but very high score can alsdhgesign of windfall effect and free riding
that overall can offset energy efficiency revenmueentives. High distortion score households
can enjoy the extra energy efficiency revenue tetmenergy luxury needs according to
bigger income elasticity. For example, househoklts use energy subsidies to change an old
heat pump and replace it with a bigger new one.
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5. Conclusion and policy implications

The aim of this paper is to provide a disaggregéted| analysis to investigate heterogeneity
in French households’ energy consumption. Usintustering method based on the CHAID
methodology, we show that the main identified disvi®r energy consumption are related to
the house’s characteristics: heating fuel or eqeiuntype, dwelling type and size, and
construction date. Whereas income is crucial iremeining the level of energy consumed,
other households’ characteristics also play a Sagmt role: the location choice (urban
density), the family type and the tenure (for eletty) are significant factors that have to be
accounted for when estimating households’ energgwmption. On the contrary, we find no
significant evidence of learning effect throughisety influence for energy consumption—
age or seniority being non-significant. Access & ¢ a key to lower electricity bill, but it
does not prevent from fuel vulnerability or evenvexy in the case of very poor and
constrained households as we found fuel povertgsasnong gas-heated households in
houses.

Fuel poverty is first and foremost a pendant ofgrvitself. Our results show that it is more
driven by revenue than dwelling characteristics/@nenergy consumption habits. Poor
households face a double constraint on (i) thellewe price of energy use, and (ii) the
quality and type of the heating equipment as theyless likely to access to cheaper fuel
prices, energy efficient homes and infrastructufésst, low income households are more
likely to fall into fuel poverty than richer housstls because they spend a significantly
higher share of their income on house energy ticdser households. Second, they have lower
ability and willingness to engage in the energykaafswitch supplier tariffs): whereas poor
households are well known to play a great roleaas\s customers in the food market, they
have less access to the energy market and do imetugy supplier competition (Preston et al.,
2014). Third, fuel poor groups are over-represeimedorthern France where the climate is
more rigorous, and they are more likely living iig but old houses in rural areas: as such,
they are less likely to have access to gas andgahinfrastructures of high density living
areas that are identified factors of lower enerigg.b

The change in household energy consumption is aplexmand microeconomic process
depending on a range of factors that are relatethrtee types: dwelling characteristics,
household characteristics and exogenous factoergirpolicy measures that target a single
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energy consumption level can only be arbitrary aniél exhibit mixed results if they are
modeled from technical characteristics or evenatverage household behavior. If we follow
the hypothesis that income elasticity path is $etdaand differs with diverse levels of
income reflecting different natures of energy neawald arbitrages, then disaggregated policy
measures targeted on household groups is a faitathéd take those differences into account
and prevent energy related inequalities to lingegrow.

Specifically, our group classification approach dshéhe light on the energy divide among
households and the fact that energy efficiency ranmg must be implemented carefully as the
uncertain rebound effect can take two origins. fitst rebound effect stems from the lowest
revenue households with a low intensity factor, selilts from the newly unbinding budget
constraint and the desire to meet basic energysndéils rebound effect has to be accounted
for but is also likely to be (i) transitory (wheandl poor or vulnerable households all satisfy
their basic energy needs, they will use their extrtome for something else), and (ii)
desirable as the housing stock grows towards moesgg equity but also towards more
energy performance. The second, at the other ettteagnergy efficiency distortion score, is
the case of very high income households that carensrgy efficiency revenue incentives as
free riders in order to meet more energy luxurydse& his rebound effect is far less desirable
as it consumes public spending in the case of r@4ased incentives (tax cuts or straight
monetary subventions) and increases the energpefagen households although the benefit
related to energy performance of the housing stir.

Our distortion score suggests that energy policyasues need to take income and other
differences among households into consideratiorc@sumers’ response to changes in
income and energy prices will differ accordinglteit initial score and take peculiar attention
to the extreme score values. Different instrumeltddicated to specific household groups
would probably be a more efficient strategy to ocvene the increasing energy divide among
households. For low score groups and fuel poor dtmalds, “off market” measures such as
transfer payments and social benefits are moreduidt help households improve their level
of warmth and appliance usage in the most enerfigiegft way. On the contrary, where
revenue incentives can generate free riding amoigh Mlistortion score households,
patrimonial incentives that integrate the energygumance into the house patrimonial “green
value” appear to be an efficient way to triggerrggeefficiency investment with no windfall
or free-riding effect.
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7. Appendix

7.1.French households’ energy consumption and budg

housing and households’ characteristics

et share regarding

Annual Energy Annual Energy Annual Energy
Energy Budget Energy Budget Energy Budget
Expenditures = Share | Expenditures | Share | Expenditures Share
(%) (%) (%)
Year of Construction Average Electricity heated Gas heated
Before 1871 1364 € 5.84 1423 € 6.1 1288¢€ 4.9
1871-1914 1077€ 5.34 1100€ 3.5 1066 € 4.7
1915-1948 1015€ 5.17 1092 € 5.9 1000 € 4.7
1949-1961 784 € 4.07 1039¢€ 6.0 700 € 3.8
1962-1967 650 € 3.64 1200 € 5.8 600 € 3.4
1968-1974 612 € 3.41 1171 € 5.3 544 € 3.1
1975-1981 900 € 3.62 1258¢€ 4.7 688 € 3.3
1982-1989 978 € 3.62 1240 € 4.2 730 € 3.3
1990-1998 850 € 3.59 1225¢€ 3.9 713 € 3.4
1999 and after 988 € 3.28 1092¢€ 3.7 858 € 3.1
Occupation Status Average Electricity heated Gas heated
New Owner 1250€ 3.40 1375€ 3.8 1133¢€ 3.(
Tenants 617 € 3.78 700 € 4.4 600 € 3.6
Landlords 1163 € 4.38 1498 € 5.2 900 € 3.8
Revenue Decile Average Electricity heated Gas heated
1 635 € 9.99 680 € 11.0 600 € 9,3
2 720 € 6.47 843 € 7.6 645 € 5,8
3 739 € 5.06 890 € 6.1 660 € 4.4
4 825 € 453 990 € 5.4 710 € 3.9
5 900 € 411 1130¢€ 5.0 780 € 3,5
6 1049 € 3.94 1213 € 4.6 915 € 3.5
7 1100 € 3.47 1262 € 4.0 980 € 3.G
8 1220€ 3.20 1337€ 3.5 1100¢€ 2.4
9 1301€ 2.79 1496 € 3.1 1164 € 2.5
10 1500 € 2.03 1680 € 2.3 1380¢€ 1.¢
Family Type
Couple with children 1090 € 3.3 1300 € 3.7% 930 € 3.0
Couple without children 1040 € 3.5 1245 € 4.0% 890 € 3.1
Single Person 641 € 5.0 750 € 5.6% 585 € 4.6
Single Wo-Man with Children 730 € 5.2 900 € 5.9% 680 € 4.92
Unrelated people living together 779 € 3.8 1106 € 4.5% 684 € 3.5

=T

Urban Density
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Rural area 1340 € 4.6 1350€ 4.7% 1282¢€ 4.1p
Low density 1076 € 4.5 1260 € 4.7% 900 € 4.20
(<20k hab)
Medium density 730 € 3.8 1048 € 4.2% 680 € 3.75
(20k-200 k hab)
High density 880 € 3.7 930 € 3.8% 856 € 3.68
(200k-2M hab)
Paris 700 € 3.0 750 € 3.5% 660 € 2.8¢
Total (Average) 888 € 3.85 1160 € 4.4 730 € 3.5
7.2.CHAID algorithm
START
+
COMPUTE CRITERION
VARIABLE RESPONSE L o-ccccmmcicccmcmcccccaaaa- "
DISTRIBUTION FOR i
‘PARENT’ GROUP i
: i
Merge levels of predictor which have FOR EACH PREDICTOR, DETERMINE E
similar response patterns on the criterion HOW MANY SPLITS ARE REQUIRED :
TO RESULT IN SUBGROUPS THAT ,
Split merged groups if ARE HOMOGENEOUS WITH RESPECT| !
necessary "| TO THE CRITERION DISTRIBUTION !
T i
: a
ot significant TEST SIGNIFICANCE OF BEST l
:“‘ ““““““““““““““ PREDICTOR WITH BONFERRONI :
1 ADJUSTED CHI-SQUARED VALUES |
] T :
i ; sigrificant ;
1 i
- SPLIT "PARENT" GROUP )
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) ]
: : |
! DETERMINE IF :
ADDITIOMAL "PARENT" group '
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7.3. Market mapping and distortion score

7.3.1. Households living in houses

Median Ener Energy
Houses Grouns Median Weiaht Global Bud ge)t/ Intensit | Income/medi Efficiency
Stock b Income 9 Energy Shagr]e y factor an Distortion
Bill Score
GH1 15882 € 2.6% 1200¢€ 7.90% 1.00 0.57 0.57
o GH2 33203 € 57% 1382€ 4.13% 1.15 1.20 1.38
§ GH3 HIHC 52 697 € 17.9% 1440 € 2.57% 1.20 1.90 82.2
2 GH4 Fuel
12 811 € 7.3% 1191 € 9.71% 0.99 0.46 0.46
< Poor
a GH5 19673 € 2.2% 1170€ 6.21% 0.93 0.71 0.69
5 GH6 33183 € 1.7% 1356 ¢€ 4.12% 1.13 1.20 1.35
(@]
3 GH7 33778 € 7.2% 1200 € 3.56% 1.00 1.22 1.22
§ GHS8 23088 € 5.1% 1265¢€ 5.58% 1.05 0.83 0.88
ﬁ GH9 22 393 € 2.3% 1200 € 5.56% 1.00 0.81 0.81
@
o th?ogld 15 296 € 1.7% 997 € 6.39% 0.83 0.55 0.46
GHlil:ilrEack 19 660 € 1.0% 1000 € 4.94% 0.83 0.71 0.59
= EH1 Fuel 14 052 € 3.2% 1200 € 9.47% 1.00 0.51 0.51
a Poor
3 EH2 22 999 € 8.7% 1180 € 5.09% 0.93 0.83 0.82
O EH3 33309 € 10.6% 1250 € 3.77% 1.04 1.20 1.25
©
% § EH4 HIHC 51168 € 13.3% 1485 € 2.71% 1.24 1.85 82.2
o 3 EH5 Back
- T Fire 11 674 € 3.0% 861 € 8.06% 0.72 0.42 0.30
<=3 Candidates
5 EH6 Old 12 000 € 4.4% 994 € 8.44% 0.83 0.43 0.36
R Solos
w EH7 33279 € 2.0% 1119€ 3.39% 0.93 1.20 1.12
Average 27 720 € 100.00%  1200€  4.25% 1.00 1.00 1.00
Houses
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7.3.2. Households living in flats

Median

:Dnveza\llll idnugal Groups Median Weight Global gﬂg;%tl Intensity = Income/med Energy Efficiency
stock Income Energy Share factor ian Distortion Score
Bill
G1 16 595 € 3.3% 800 € 4.34% 1.33 0.92 1.23
G2 12191 € 10.2% 718 € 6.32% 1.20 0.68 0.81
G3 29354 € 1.9% 1000€ 2.97% 1.67 1.63 2.71
G4 25673 € 16.3% 735 € 2.81% 1.23 1.42 1.75
G-HIHC 49 845 € 4.0% 852 € 1.66% 1.42 2.77 3.93
gi‘;’]glz;’””g 11101 € 10.8% 600 € 5.57% 1.00 0.62 0.62
B G7 22 025 € 1.4% 047 € 4.18% 1.58 1.22 1.93
= G8 20800 € 2.2% 570 € 2.63% 0.95 1.15 1.10
@ G9 22 258 € 3.4% 461 € 2.11% 0.77 1.24 0.95
3 G10 21240 € 1.0% 635 € 3.04% 1.06 1.18 1.25
> G11 28 463 € 2.4% 750 € 2.61% 1.25 1.58 1.97
= G12 13410 € 1.3% 680 € 4.81% 1.13 0.74 0.84
()
= G13 25194 € 2.3% 630 € 2.65% 1.05 1.40 1.47
8 G14 16 545 € 1.3% 436 € 3.14% 0.73 0.92 0.67
32 E1 14563 € 5.4% 720 € 5.16% 1.20 0.81 0.97
©
o E2 23 400 € 7.9% 011 € 3.80% 1.52 1.30 1.97
8 E%g‘llzg””g 14 055 € 16.7% 508 € 4.32% 1.00 0.78 0.78
%'g E4 32900 € 2.4% 753 € 2.29% 1.26 1.83 2.29
Sa E-HIHC 52 000 € 2.2% 874 € 1.56% 1.46 2.89 4.20
= >
% 8 E6 10 716 € 3.5% 768 € 6.57% 1.28 0.59 0.76
é;;et;age 18 020 € 100.00% 600 € 3.33% 1.00 1.00 1.00
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