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The aim of this research is to identify energy consumption profiles that explain the difference between actual and theoretical energy consumption (the energy performance gap) in the residential sector using latent profile analysis (LPA). The resulting profiles inform behavioral and socio-demographic differences in consumption patterns among households and help explain inconsistencies in prior research on the energy performance gap. This research demonstrates that under-consumption of energy compared with the theoretical measure is partially explained by behavior related to poverty and deprivation. To address this, preventive measures should be put in place that focus on renovation or social housing to enable the poorest households to heat their dwellings adequately. Particular attention could also be paid to households that consume the most to avoid bias in energy forecasting models.

Introduction

The residential sector represented 26 % of final energy consumption in 20181 ; heating and water currently represents 78.4% of the energy consumed by households2 . In 2018, global energy consumption increased at nearly twice the average rate of growth since 2010, driven by economic growth and greater heating and cooling needs in some parts of the world (IEA, 2019).

If energy consumption and CO2 emissions also rose due to a lack of improvement in energy efficiency, the role of the household in shaping energy consumption patterns should not be underestimated. By directly influencing energy consumption, behavior and preferences could interfere with, moderate or even compromise the effects of energy-efficiency policies [START_REF] Orea | A new approach to measuring the rebound effect associated to energy efficiency improvements: An application to the US residential energy demand[END_REF].

A better understanding of factors which influence energy consumption patterns, particularly drivers that explain the difference between actual and theoretical energy consumption, or the energy performance gap, could help governments to better adapt policy tools. Understanding the origin of energy performance gaps and how such gaps are distributed among different households could explain divergent consumption patterns and be useful for improving the accuracy of energy consumption models used for ex-ante policy analysis. Further, it is important to consider not just how much a policy increases energy efficiency, but what types of consumers can be persuaded to adopt energy-saving behaviors.

This work aims to answer the following questions: Is it possible to distinguish different energy consumption patterns in the residential sector? What types of energy-consumption groups exist in the French population? Is there an energy performance gap? It therefore seems appropriate to carry out an empirical study using latent profile analysis to understand energy consumption patterns in the residential sector focusing on the energy performance gap [START_REF] Allibe | Modélisation des consommations d'énergie du secteur résidentiel français à long terme -Amélioration du réalisme comportemental et scénarios volontaristes[END_REF]Cozza et al., 2020b;[START_REF] De Wilde | The gap between predicted and measured energy performance of buildings: A framework for investigation[END_REF][START_REF] Galvin | Thermal upgrades of existing homes in Germany: The building code, subsidies, and economic efficiency[END_REF][START_REF] Galvin | Making the 'rebound effect' more useful for performance evaluation of thermal retrofits of existing homes: Defining the 'energy savings deficit' and the 'energy performance gap[END_REF][START_REF] Galvin | Economic viability in thermal retrofit policies: Learning from ten years of experience in Germany[END_REF], which shows the discrepancy between theoretical energy consumption predicted using engineering calculations and actual energy consumption.

Data for this analysis is taken from the 2012 Survey on Housing Performance, Equipment, Needs and Energy Use (PHEBUS) (Ministère de la Transition Ecologique, 2018). The survey has two separate parts: face-to-face interviews with the occupants of randomly selected dwellings, about their energy-consuming appliances, energy consumption, and attitude towards energy, and an energy audit of the dwelling, leading to an Energy Performance Certificate (EPC). The two parts taken together provide information about actual and theoretical energy consumption.

The paper is organized as follows. Section 1.1 and 1.2 introduce the empirical background and the scope of the analysis. Section 2 presents the literature review. Section 3 describes the methodology. Data are presented in section 4 and results and discussion in Section 5. Section 6 concludes.

Background

In this paper, I establish meaningful energy consumption subgroups among French households and to explore differences between these subgroups using latent profile analysis (LPA). LPA is a technique that identifies groups in a sample that show similar patterns of variables and is useful in that it offers a way to classify households using theoretically recognized variables. A latent profile model is a latent class model with a continuousrather than categoricallatent class variable and belongs to the finite mixture models family. Finite mixture models express the overall distribution of one or more variables (in our case, energy consumption variables) as a mixture of a finite number of component distributions. One direct application of this model is to assume that the households' heterogeneity with respect to a set of manifest variables results from the existence of one or more distinct homogenous subgroups, or latent profiles, of individuals. One advantage of this approach is its flexibility as it can be adapted to a variety of contexts based on a sample characteristic [START_REF] Brown | Sustainability assessment of renovation packages for increased energy efficiency for multi-family buildings in Sweden[END_REF].

Categorizing or grouping people on the basis of shared attributes is common in the social sciences [START_REF] Collins | Latent Class and Latent Transition Analysis: With Applications in the Social[END_REF] but is quite novel in the energy consumption literature, and a key advantage of this approach is that it does not formulate an a priori household profile.

Indeed, there has been growing interest in recent years in using this method to characterize household energy consumption profiles in residential sector. For instance, [START_REF] Zha | Appliance energy labels and consumer heterogeneity: A latent class approach based on a discrete choice experiment in China[END_REF] use a latent class model to define households' profiles and willingness to pay for appliances in China and they are able to describe 4 different profiles. [START_REF] Charlier | Measuring fuel poverty in tropical territories: A latent class model[END_REF] use the LCA to define who is fuel poor or not in French tropical territories using households' characteristics.

They can identify three groups using this method: the poors, the vulnerable and the non-fuel poors. In Switzerland, [START_REF] Motz | Security of supply and the energy transition: The households' perspective investigated through a discrete choice model with latent classes[END_REF] uses LCA to measure heterogeneity in willingness-to-accept of households for variations in frequency of blackouts. She obtains three different classes that reveals heterogeneity in attitudes and preferences for different energy sources from households depending on their characteristics and preferences.

In this paper, I believe there are groups of energy consumers in the population and that individuals in these groups behave differently, but I don't have a variable that identifies the groups. The groups may consist of energy consumers with different preferences. LPA makes it possible to identify and understand these unobserved groups. The resulting profiles inform behavioral or other important differences in consumption patterns among households and help explain inconsistencies in prior research on the energy performance gap. LPA provides additional information for identifying the patterns of many variables (such as theoretical energy consumption and actual energy consumption) beyond that of traditional approaches such as regression analysis [START_REF] Zyphur | When mindsets collide: Switching analytical mindsets to advance organizational science[END_REF] as it captures complex contextual effects that are difficult to assess using only regression. The resulting groups can inform policy makers about behavioral differences in terms of energy consumption patterns and help explain inconsistencies in prior research to understand drivers of residential energy consumption.

Aims and scope

This paper makes several contributions to the literature. First, the survey, which includes complete thermal data and EPCs for more than 2000 dwellings, enables a better understanding of how household behavior and preferences influence the discrepancy between theoretical and actual energy consumption by controlling for home energy-efficiency heterogeneity. Access to a formal assessment of theoretical home energy consumption with limited heterogeneity in measurement, makes it possible to identify patterns of consumption and to measure the energy performance gap at the dwelling scale. To validate the core of the analysis and the use of LPA, I first demonstrate that theoretical energy consumption explains only a small proportion of actual consumption, which suggests measurement error, climatic variations, or different behaviors/preferences in housing. LPA is then applied to identify patterns of consumption and to identify the weight of socio-demographic characteristics, climate and behavior in explaining the gap.

Second, demonstrating how LPA can generate theoretically meaningful energy consumption profiles using a few key variables, four household profiles and three different patterns are identified. Two categories represent households who consume as expected but live-in dwellings with different energy-efficiency characteristics. One category restricts its energy consumption and represents 6.2% of households. Subsequently, I provide evidence that some households consume more than expected (and still represent 29% of households) and this is associated with a strong preference for comfort, higher energy use in the dwelling and higher income. This research demonstrates that under-consumption of energy compared with the theoretical calculation is partially explained by poverty-related issues and a preference for saving energy over comfort.

Finally, I provide evidence that poverty and availability of financial resources are significant drivers of energy consumption behavior, especially when the energy performance of the dwelling is poor.

Literature review

Over the last few decades, empirical research in energy economics has provided evidence that a large share of final energy consumption in buildings (33%) could be explained by socioeconomic and individual characteristics such as income, age of household members, tenure and energy-related preferences and choices [START_REF] Belaïd | Understanding the spectrum of domestic energy consumption: Empirical evidence from France[END_REF][START_REF] Belaïd | Understanding the spectrum of residential energy-saving behaviours: French evidence using disaggregated data[END_REF][START_REF] Cayla | The role of income in energy consumption behaviour: Evidence from French households data[END_REF]. Globally, there is consensus that individual preferences and behavior play a significant role in explaining energy consumption variability [START_REF] Belaïd | Understanding the spectrum of residential energy-saving behaviours: French evidence using disaggregated data[END_REF][START_REF] Brounen | On the economics of energy labels in the housing market[END_REF][START_REF] Brounen | Energy literacy, awareness, and conservation behavior of residential households[END_REF][START_REF] Santin | Behavioural patterns and user profiles related to energy consumption for heating[END_REF]. [START_REF] Hamilton | Energy efficiency in the British housing stock: Energy demand and the Homes Energy Efficiency Database[END_REF] demonstrate that energy consumption may differ greatly (by up to three times) in dwellings with similar technical characteristics. According to [START_REF] Lopes | Energy behaviours as promoters of energy efficiency: A 21st century review[END_REF] the potential savings from a change in energy-saving behavior ranges from 1.1% to over 29%. Although many studies have tried to show why actual consumption was much higher than theoretical consumption, few studies have focused on under-consumption. Thus, distinguishing the effects of individual factors from technical characteristics on the final quantity of energy consumed, which would enable characterization of energy behavior and consumption patterns, is still a complex issue. A way of distinguishing the effects of individual factors from technical characteristics is to measure the difference between theoretical energy consumption assessed using engineering models and actual energy consumption evaluated using energy bills [START_REF] Allibe | Modélisation des consommations d'énergie du secteur résidentiel français à long terme -Amélioration du réalisme comportemental et scénarios volontaristes[END_REF][START_REF] De Wilde | The gap between predicted and measured energy performance of buildings: A framework for investigation[END_REF][START_REF] Galvin | Thermal upgrades of existing homes in Germany: The building code, subsidies, and economic efficiency[END_REF][START_REF] Galvin | Making the 'rebound effect' more useful for performance evaluation of thermal retrofits of existing homes: Defining the 'energy savings deficit' and the 'energy performance gap[END_REF][START_REF] Galvin | Economic viability in thermal retrofit policies: Learning from ten years of experience in Germany[END_REF]. This is defined as the energy performance gap.

Literature on the energy performance gap is quite recent, mostly due to a lack of data. Sunikka-Blank and Galvin (2012) carried out a preliminary descriptive study which focused on a case study of German dwellings and included policy implications. Their findings suggest the existence of not only an energy performance gap but also a systematic trend linking the theoretical measurement of heating energy consumption (EPC measurement) and actual energy consumption. The more energy efficient the dwelling is, the more the gap grows in the direction of overconsumption. They suggested that this trend could be partly linked to the rebound effect [START_REF] Bakaloglou | Energy Consumption in the French Residential Sector: How Much do Individual Preferences Matter? HAL Id[END_REF]. Once dwellings have been renovated with energy-efficiency improvements, households adapt (i.e., increase) their heating comfort, leading to an increase in energy consumption (Cozza et al., 2020a;[START_REF] Filippidou | Effectiveness of energy renovations: a reassessment based on actual consumption savings[END_REF][START_REF] Van Den Brom | Actual energy saving effects of thermal renovations in dwellings-longitudinal data analysis including building and occupant characteristics[END_REF].

On the other hand, Sunikka-Blank and Galvin (2012) also introduced the concept of the "prebound effect": For less energy-efficient dwellings, actual heating energy consumption is systematically lower than theoretical (on average 30% lower); this is assumed to be explained by restriction behaviors. [START_REF] Majcen | Theoretical vs. actual energy consumption of labelled dwellings in the Netherlands: Discrepancies and policy implications[END_REF] show that dwellings with an inefficient energy label (labels C to G) actually consume much less energy than predicted by the label, but on the other hand, energy-efficient dwellings consume more than predicted. Similar results were also recently reported in Cozza et al. (2020b). Guerra- [START_REF] Guerra-Santin | Occupants' behaviour: Determinants and effects on residential heating consump-tion[END_REF] found that occupants influence residential energy consumption and explain 3.2-9.4% of the variance in energy consumption. Similar results (around 9.1%) were reported by [START_REF] Majcen | Predicting energy consumption and savings in the housing stock -A performance gap analysis in the Netherlands[END_REF].

Many factors give rise to uncertainty in the theoretical energy consumption (see [START_REF] Guerra-Santin | In-use monitoring of buildings: An overview of data collection methods[END_REF] for a discussion). The magnitude of the energy performance gap can be due to errors in measurement, subjectivity or incorrect assumptions (standardized occupancy, building material, expected air change) and in the method used by engineers to calculate theoretical energy consumption [START_REF] Ahern | Thermal energy refurbishment status of the Irish housing stock[END_REF][START_REF] Allibe | Modélisation des consommations d'énergie du secteur résidentiel français à long terme -Amélioration du réalisme comportemental et scénarios volontaristes[END_REF]Galvin andSunikka-Blank, 2013, 2014). Recently, [START_REF] Zou | Review of 10 years research on building energy performance gap: Life-cycle and stakeholder perspectives[END_REF] and [START_REF] Tian | A review of uncertainty analysis in building energy assessment[END_REF] showed that the air change rate, the U-values assumed for building façade elements and the indoor heating temperature are generally overestimated for inefficient buildings (e.g., actual indoor temperature below the standard) and underestimated for efficient buildings (e.g., actual indoor temperature above the standard), leading to a different energy performance gap. In the French context, [START_REF] Carassus | Performances environnementales de l'immobilier : du conventionnel au réel[END_REF], showed that uncertainty in the EPC is around 20 to 30%. EPC measurements are also set for a given heating need in winter. A cold winter can lead to higher actual consumption without inducing different behavior. The effect of climate variability is particularly important because households may not have the ability to adjust their consumption.

To conclude, differences in the actual consumption relative to theoretical consumption can invalidate a significant part of the calculated energy savings and deserve special attention

Methodology

Latent profile analysis versus alternative methods

In the economics literature, several approaches are used to capture patterns of variables to measure energy consumption, including cluster analysis [START_REF] Fizaine | On the power of indicators: how the choice of fuel poverty indicator affects the identification of the target population[END_REF]) and econometric analysis using discrete continuous choice approaches [START_REF] Bakaloglou | Energy Consumption in the French Residential Sector: How Much do Individual Preferences Matter?[END_REF][START_REF] Dubin | An econometric analysis of residential electric appliance holdings and consumption[END_REF][START_REF] Larsen | Household electricity end-use consumption: results from econometric and engineering models[END_REF][START_REF] Nesbakken | Residential Energy Consumption for Space Heating in Norwegian Households A Discrete-Continuous Choice Approach Discussion Papers Oberski[END_REF]. More recently, covariance structure analysis or structural equation modeling have been used to integrate indirect determinants of energy consumption. In using these approaches, researchers assume the existence of implicit choices and preferences in terms of home characteristics or appliances and their effect on energy consumption. In discrete-continuous models, researchers also assume that heating technology and consumption choices are bound [START_REF] Dubin | An econometric analysis of residential electric appliance holdings and consumption[END_REF][START_REF] Hanemann | Discrete/Continuous Models of Consumer Demand[END_REF][START_REF] Risch | What matters in residential energy consumption: evidence from France[END_REF][START_REF] Vaage | Heating technology and energy use: a discrete/continuous choice approach to Norwegian household[END_REF] and use the models to address selectivity biases in data sets with endogenously partitioned observational units [START_REF] Frondel | Heterogeneous Rebound Effects: Comparing Estimates from Discrete-Continuous Models[END_REF]. These models are thus often used in the field of energy consumption due to the interaction and endogeneity between independent explanatory variables [START_REF] Bakaloglou | Energy Consumption in the French Residential Sector: How Much do Individual Preferences Matter?[END_REF]. This method is often used to identify drivers of energy consumption.

To identify household energy consumption profiles, several other methods including multidimensional analysis and cluster analysis [START_REF] Belaïd | Exposure and risk to fuel poverty in France: Examining the extent of the fuel precariousness and its salient determinants[END_REF]Charlier and Legendre, 2019;[START_REF] Charlier | Measuring fuel poverty in tropical territories: A latent class model[END_REF][START_REF] Masuma | Modelling the likelihood of being fuel poor[END_REF][START_REF] Thomson | Quantifying the prevalence of fuel poverty across the European Union[END_REF][START_REF] Waddams Price | Identifying Fuel Poverty Using Objective and Subjective Measures[END_REF] can be used, particularly to identify fuel-poor households. Cluster analysis is a popular statistical approach where the purpose is to create groups (i.e., clusters) of households with similar characteristics or patterns of behavior in a range of variables. However, this approach is based on subjective distance between variables (i.e., within clusters (Aragonés-Beltrán et al.

(2014); [START_REF] Ketchen | The application of cluster analysis in strategic management research: An analysis and critique[END_REF]) rather than an objective criterion. Indeed, [START_REF] Ketchen | The application of cluster analysis in strategic management research: An analysis and critique[END_REF] argue that cluster analysis often produces group profiles that are not meaningful considering that the number and the nature of the clusters are based on the researcher's hypothesis. It is possible to have an a priori on the classes and therefore to make a selection without relying on statistics or data. In LPA, the number of classes is partially determined using information criteria, a more objective and rigorous way of classifying the number and nature of profiles [START_REF] Meyer | A person-centered approach to the study of commitment[END_REF]. Moreover, cluster analysis can be more difficult to perform with missing data and large sample datasets. Finally, cluster analysis is not appropriate with largerange variables, as these tend to skew the results such that variables are given more weight and standardization and can have adverse effects [START_REF] Ketchen | The application of cluster analysis in strategic management research: An analysis and critique[END_REF].

LPA, also referred to as a gaussian (finite) mixture model is a technique for recovering hidden groups from observed data. As mentioned previously, LPA is similar to clustering techniques but more flexible because it is based on an explicit model of the data and makes it possible to account for the fact that the recovered groups are uncertain (Oberski, 2016). The technique is useful for reducing continuous variables (in this case theoretical and actual energy consumption) to a few subgroups. In such a context, LPA offers a model-based clustering approach similar to the clustering approach but using a probabilistic model that describes the distribution of data. In this model, it is assumed that the population consists of a number of subpopulations in each of which the variables have a different multivariate probability density function. LPA does not require standardization and provides more accurate results because it can accommodate variables with a number of ranges especially when there is multicollinearity among variables (such as between energy consumption and indoor heating temperature), as is often found in household databases. Because LPA relies on probabilities and fit statistics to identify the optimal number of classes, it is more appropriate than cluster analysis.

Model

In this study, I maintain there are groups of energy consumers in the population and that individuals in these groups behave differently. But I don't have a variable that identifies the groups. The groups may be energy consumers with different preferences. LPA enables me to identify and understand these unobserved groups. This assumption is important and justifies use of the method. I do not define profiles for indicators by setting thresholds a priori, rather I assign each individual to a class according to their consumption and characteristics. This tells me who is likely to be in a group and how that group's characteristics differ from other groups.

The LPA method was introduced by [START_REF] Lazarsfeld | Latent structure analysis[END_REF].

In LPA, I use a latent variable that is categorical to represent the groups, and I refer to the groups as classes or profiles. I assume groups exist, but I do not have a variable that records group membership. Thus, in a first step, I select the variables used to classify the object of interest i.e., household energy consumption profiles. My latent variable indicates that those households belonging to a certain profile have a greater probability of sharing certain characteristics relative to households belonging to other profiles. I do not have a variable that records whether each individual is in a household that restricts its consumption or overconsumes. Instead, the energy consumption classification can be considered a latent (unobserved) variable.

In this study, I hypothesize that there are several groups of energy consumers:

1. Households who restrict their energy consumption. Actual consumption is less than theoretical.

2. Households who consume as expected. Actual consumption is equal to theoretical.

3. Households who over-consume. Actual consumption is greater than theoretical. Thus, my resulting latent profile variables indicating patterns of energy consumption are established using the loadings of observed variables onto the latent profile membership variable. My observable variables are actual energy consumption and the required energy consumption in order to identify profile differences between a benchmark (the theoretical) and the actual (effective energy consumption based on invoices). The resulting profiles can then be used to analyze the differences using covariates but also to conduct statistics on profiles (classes), stated preferences and behavior.

Let Y i = (Y i1 , . . . , Y iM ) T denote a set of M observable indicators and let S i denote the unobservable class membership for the ith individual in a study sample of N persons. Y im can be either continuous, ordinal, or categorical, and S i can take values {1,...,J}, where J is the number of latent classes. Latent profile models are based on the concept of conditional independence in the sense that the observed indicators are statistically independent within any latent class. Therefore, the density function for the observation (y 1 ,...,y M ) of Y i can be expressed as the finite mixture:

𝑓(𝑦 1 , … , 𝑦 𝑀 ) = ∑ {𝜂 𝑗 ∏ 𝑓 𝑚𝑗 (𝑦 𝑚 |𝑆 𝑖 = 𝑗) 𝑀 𝑚=1 } 𝐽 𝑗=1 (1) 
where: 

Pr

Data

To identify household profiles, I need information about theoretical performance and actual energy consumption. The theoretical energy calculation available in the PHEBUS survey is based on the EPC. EPC certification includes an energy audit carried out by an approved auditor (the same company for all audits). The audit consists of visual inspection and collection of technical data, followed by an assessment of the theoretical energy consumption calculated using engineering models with the assumption of standardized behaviors. Then, theoretical energy consumption is calculated using the 3CL-method 3 . This measure considers three energy uses: heating, hot water and cooling. Neither lighting nor domestic appliances are considered. Characteristics such as house construction, window and wall insulation, heating system performance and climate data are collected and merged to obtain an aggregate calculation of energy consumption.

Assumptions about heating needs in view of climate and occupancy are made. The meteorological data used are the heating degree hours of the relevant county (French département) to assess the heating needs of the building. Degree hours used are an average for the last 30 years for each county. Regarding heating management, 19°C is the conventional target heating temperature used in the calculation. The entire dwelling surface is considered to be heated continuously during the heating period. Hot water needs are set according to the habitable area and the county where the dwelling is located. This engineering calculation ultimately provides the theoretical energy consumption for each dwelling, expressed in primary and final energy, in kilowatt-hours per square meter. This method thus makes it possible to classify the dwellings by energy label (see appendix A). 

Measurement of the actual energy performance of dwellings

Measurement of actual energy consumption expressed in kilowatt-hours per square meter is based on energy bills for the year 2012. Measurement of actual energy consumption includes all energy consumption, regardless of energy use. In the main analysis I consider all the observations of the PHEBUS database regardless of the heating energy source. By doing so, I obtain a large sample, but some limitations arise. As mentioned above, the EPC only includes the main energy uses: hot water and heating4 . In the case of the extended sample, actual energy consumption includes a wider range of energy uses. Since the amount of energy consumed is not quantifiable/distinguishable by energy use for most of the observations, I could not restrict the actual energy consumption to heating and hot water only (as is the case in the EPC measure).

As an example, for dwellings heated with electricity, which represent more than 30% of the observations in the sample, I cannot distinguish the electricity consumed for heating use from that consumed for appliances. In addition to basic energy consumption, actual energy consumption in the numerator also includes specific electricity and cooking energy uses that are not considered in the theoretical measure of energy consumption assessed in the survey. As a result, I could expect that theoretical energy consumption on average underestimates actual energy consumption. Thus, to confirm this initial analysis, I also considered a subsample of dwellings that are heated with gas and use gas for hot water. For this sample, I excluded all other energy uses to obtain a comparable basis between the EPC measure and actual energy consumption, which makes it possible to go beyond the limitations identified earlier. As this subsample consists of only 517 observations, I used it to test the robustness of the analysis carried out on the global sample.

Despite these limitations (i.e., the scope is not the same and measurement errors are likely to occur), running the analysis over this large sample still appears useful. First, if actual energy consumption is greater than theoretical, it means that households over-consume, particularly for thermal comfort. Second, as heating and hot water energy represent almost 80% of total energy consumption, it is likely that the differences observed within this 'extended' sample come mainly from the difference between theoretical and actual heating and hot water energy consumption, which would be consistent with the objective of my analysis. Third, comparing both samples (entire sample and gas sample), even if the scope is different, can establish the robustness of the analysis especially in terms of statistics. Larger sample sizes provide more accurate mean values, identify outliers that could skew the data in a smaller sample and provide a smaller margin of error. Here, the entire sample is 3.58 times larger than the gas sample and accounts for all household profiles (energy used for heating and hot water specifically). This is the reason for comparing both samples.

4.3 Socio-demographic characteristics: Individual preferences I have details of disposable income and household characteristics and composition. I also have information on equivalized incomes that reflect the fact "that larger households need a higher income than smaller households to achieve a comparable standard of living" [START_REF] Moore | Definitions of fuel poverty: Implications for policy[END_REF].

Equivalizing the households also means making them comparable by considering the different energy needs of different household sizes. I introduce this measure of equivalization in the regressions in order to control for energy needs. Information is also available on household behavior in winter (e.g., opening windows during heating periods), occupancy rate, location and on the period of construction of the building. The ability to adjust the heating and having air conditioning are also taken into consideration. These different variables can explain differences between the theoretical and the actual. If a household does not occupy its dwelling, or only infrequently, actual consumption will be much lower than expected. On the other hand,

if they regularly open windows in winter, consumption will be higher than estimated. Indeed, habitual energy-saving behaviors have also been argued to affect the energy performance gap.

These behaviors refer to everyday actions that directly influence energy use at either no or minimal structural changes on dwellingse.g., thermostat settings, closing off unused rooms, closing windows when the heating is on [START_REF] Barr | The household energy gap: examining the divide between habitual-and purchase-related conservation behaviours[END_REF]. The literature on energy-saving behavior has focused on characterizing behavior across a wide range of contexts [START_REF] Belaïd | Understanding the spectrum of residential energy-saving behaviours: French evidence using disaggregated data[END_REF][START_REF] Nauges | The Complex Relationship Between Households' Climate Change Concerns and Their Water and Energy Mitigation Behaviour[END_REF][START_REF] Quaglione | Exploring additional determinants of energysaving behaviour: The influence of individuals' participation in cultural activities[END_REF][START_REF] Wang | Exploring the effects of non-cognitive and emotional factors on household electricity saving behavior[END_REF]. Fewer studies have documented impacts from habitual energy behavior on actual energy consumption, with varied results. For instance, [START_REF] Davis | How effective is energy-efficient housing? Evidence from a field trial in Mexico[END_REF] showed that in Mexico most had the habit of opening windows on hot days, nullifying the thermal benefits of roof and wall insulation.

Analyzing panel data on Dutch households and measuring energy-saving behavior as the propensity to decrease the temperature at night via thermostat settings, [START_REF] Brounen | Energy literacy, awareness, and conservation behavior of residential households[END_REF] documented lower energy expenditures in households where respondents adopt energy-saving behavior.

After determining whether household profiles differ in energy consumption, I can examine the relationship between these profiles and the preference variables available in my data.

Information is also available in the PHEBUS dataset on stated preferences and on heating indoor temperatures in winter. For each end use (heating, hot water and electricity), it is possible to know whether households favor comfort or saving energy. Households were asked the following question: "When it comes to indoor heating, do you favor comfort or saving energy?".

This question was asked for three types of end use (heating, hot water, and electricity). It is therefore possible to have a scale of preferences. A strong stated preference for comfort will be measured as a declared preference for each end use, a medium preference as a declared comfort preference for two out of three end uses and finally a low preference as a single declared preference for comfort. Other variables in the dataset can also be used as a proxy for comfort:

for example, the stated heating temperature in winter. Some statistics about preferences are available in appendix B (Table B.2 and B.3). More than 56% of households who have a stated preference for one end use have the same stated preference for the other two end uses (Table B.3).

Climate data for 2012

The dataset also provides information on the location of each dwelling. This information was matched with 2012 meteorological data from Météo France (annual heating degree days by county) to obtain a proxy for the actual 2012 meteorological conditions. As theoretical energy consumption (EPC) integrates climate data from the past 30 years, using actual heating degree days for 2012 is assumed to influence the gap between theoretical energy consumption and actual energy consumption. Calculation of theoretical energy consumption takes into account energy needs according to the climate zone. This variable is crucial since it makes it possible to understand significant differences between theoretical and actual consumption over a year.

Descriptive statistics

The primary objective is to compare actual household consumption with theoretical consumption to identify consumption profiles. I want to see, on the one hand, whether some households have actual consumption higher than expected for reasons of comfort (overconsumption behavior), and on the other hand, whether some households restrict their consumption (under-consumption behavior, actual energy consumption below theoretical). The final sample contains 1,853 observations after removing missing values 5 . In the rest of the study, I also use a restricted sample composed of 517 dwellings with gas heat and water heated by gas.

The first step in the empirical approach is to compare theoretical and actual consumption (see Figure 1 and Figure 2). Using a simple regression, a substantial part of theoretical energy consumption should be explained by actual energy consumption. Indeed, even if the numerator and denominator in the full sample are not the same, actual consumption should explain about 70% of the total theoretical variance (absent uncertainty). In the gas sample, this percentage should be close to 100%.

Indeed, if the variance of actual energy consumption is explained mostly by theoretical energy consumption, there is no gap, and therefore no different consumption profiles. On the other hand, if part of the actual consumption is not explained by theoretical consumption, the question arises as to why there is a difference. Are these differences only related to measurement problems, or can differences in behavior, socio-demographic characteristics, preferences and climate be identified? If all the dwellings are considered (N=1857), the relationship between theoretical energy consumption and actual energy consumption can be graphically modeled (Figure 1). The link is statistically significant but relatively low. Theoretical energy consumption explains a small part of actual energy consumption. Conducting the same analysis for the gas sample, where the scope is the same in the numerator and the denominator (Figure 2), leads to the same conclusions. The main deviation is explained by the error term. A substantial part of actual energy consumption is not explained using the theoretical measure, i.e., technical characteristics. A large part of the gap must therefore be due to other factors such as errors in measurement, behavior or preferences.

[Insert Figure 1: Relationship between the EPC measure (expressed in final energy kwh/m 2 ) and actual energy consumption in the entire sample, 1853 observations]

[Insert Figure 2: Relationship between the EPC measure (expressed in final energy kwh/m 2 ) and actual energy consumption in the gas sample, 517 observations]

The main descriptive statistics of the variables used in the model are summarized in Table 1 below.

[Insert Table 1: Descriptive statistics]

In both samples, theoretical consumption is higher than actual on average; the difference is about 19% in the gas sample and 17% in the entire sample (-37% if we compare 168 vs 205 and we add 20% of the percentage that could be linked to appliances and lighting). According to [START_REF] Carassus | Performances environnementales de l'immobilier : du conventionnel au réel[END_REF], there is 20 to 30% uncertainty in the French EPC measure; my results are quite close to theirs.

Results and discussion

Main results

Results are reported in Tables 2 to 8 below. The result of the LPA is presented in the following paragraphs. In the first step, the number of proposed groups was validated. The robustness of the classification of energy consumption patterns was tested by comparing the results of different estimates with two or more classes. The Bayesian information criterion and Akaike's information criterion can be used [START_REF] Roeder | Modeling uncertainty in latent class membership: a case study in criminology[END_REF]. 3 and4). By presenting this new class, under-consuming households can clearly be identified as their actual consumption is well below their theoretical consumption. However, these households differ in terms of theoretical consumption particularly, which is higher in Class 3 than in Class 4. I expand on this result by comparing their profiles. Opening a 5th class, on the other hand, does not provide more information. We have a fifth class that comprises only 1% of households and does not allow us to determine a new profile.

[Insert Having created this fourth class, it is evident that profiles may not be related to the same factors.

I now compare the results with the gas sample (see Table 6). Again, if the fourth class were not included, 4.26% of households that seem to greatly restrict their consumption would be overlooked.

The same profiles are found overall, despite the sample size. This highlights the robustness of the profiles established. In fact, looking specifically at the gas sample, Class 1 and Class 4 consume slightly less than the theoretical forecasts (but part of the literature suggests that the method used to calculate EPC overestimates consumption, see [START_REF] Allibe | Modélisation des consommations d'énergie du secteur résidentiel français à long terme -Amélioration du réalisme comportemental et scénarios volontaristes[END_REF]). What differentiates Class 1 from Class 4 is that individuals in Class 1 live in less efficient housing (higher theoretical consumption and unable to adjust the heating) and have lower incomes than Class 4. They also live in regions with a colder climate (which partly explains a greater need).

Thus, compared with these reference categories, there are households that restrict their energy use (Table 7), and these are in Class 2. They have fewer household appliances (about 12 on average), are much poorer, limit their heating temperature (19.7 degrees), live in older homes and have electricity, the most expensive energy in France (14.70 euros/100 kwh including tax in off-peak hours in 2012 compared with 12.42 euros for gas), as part of their energy mix. A very large proportion is also monetarily poor, reports problems with cold and experiences heating deprivation. This result is quite different from previous literature which suggests that occupants of inefficient dwellings adopt energy efficient practices [START_REF] Aydin | The rebound effect in residential heating[END_REF].

Class 3 seems to consume slightly more than expected. These households are wealthier, live in newer dwellings which are often detached, and are therefore more isolated, located in warmer regions, and are able to adjust their heating. They still represent 29% of households. Slightly more households in this class indicate a preference for thermal comfort over saving energy. A large part of the gap must therefore be due to behavior.

Finally, I examined the weight of preferences among each class. If a Pearson chi-square test is conducted, there is a dependence between the distribution in classes and preference for comfort or self-restriction. Generally speaking, there is a dependency between household classes, self-restriction, being poor, reporting problems with cold or a preference for comfort. This is clearly reflected in the results.

Moreover, these consumption profiles are linked to socio-demographic variables (income, family size), climatic variables such as the severity of winter and variables related to the energy efficiency of the building (measured by construction period) and the ability to adjust the heating or cooling. An interesting result is the lack of significance of age. One might think that older people consume more, all else being equal, which does not appear to be demonstrated here. Behavioral variables such as opening or closing windows are not significant, which could run counter to the idea that external behaviors are responsible for under-or over-consumption. Profiles are summarized in Table 8.

[Insert Table 8: Household energy consumption profiles]

The analysis appears to show that households with stronger preferences for comfort also live in the newest homes and are the wealthiest households.

Discussion

The poverty status of a household demonstrates that some households under-consume and explains a share of the energy performance gap. The role of poverty in explaining differences between theoretical and actual energy consumption is clearer considering that poor households face high energy costs due to the weak energy performance of their homes (on average, the theoretical energy consumption is very high, around 582.8 kwh vs 265 kWh). This affects 6.3% of French households. This research demonstrates that under-consumption of energy compared with the theoretical measure is partially explained by poverty and preferences for saving energy over comfort. This consumption pattern is also associated with low energy efficiency in dwellings. Thus, households that under-consume are likely to adopt restriction behaviors mainly explained by a lack of financial resources to achieve their theoretical standard of well-being. On the contrary, households with stronger preferences for comfort also live in the newest homes and are the wealthiest households.

In line with this result, policymakers should be advised not to ignore households who restrict their energy consumption. The Grenelle II 7 law defines people who face difficulties meeting their standard energy needs due to either low income or poor living and housing conditions as fuel poor (see also Table B.4 in the appendix). However, the standard fuel poverty indicator used in France does not consider households restricting their energy consumption to be fuel poor; indeed, the measure is based on the ratio of actual energy expenditures to income, also called the energy-income ratio (how much money households are actually spending on energy consumption relative to their income) and not on modeled energy needs. Thus, if a household restricts its energy consumption due to financial issues compared with what it should theoretically consume, by definition it will not be included in the standard energy poverty indicators. The energy-income ratio does not take into account restrictive behaviors, mainly with regard to heating needs, induced by high fuel costs [START_REF] Dutreix | Figure(s) de la précarité énergétique[END_REF]. This is the concept of the prebound effect [START_REF] Galvin | Making the 'rebound effect' more useful for performance evaluation of thermal retrofits of existing homes: Defining the 'energy savings deficit' and the 'energy performance gap[END_REF]. The prebound effect suggests that policymakers who want to implement energy efficiency initiatives may be over-estimating the benefits, and the rate of pay-back can be exaggerated due to restriction behavior and potential energy savings. Being 7 https://www.legifrance.gouv.fr/affichTexte.do?cidTexte=JORFTEXT000022470434

deprived of basic household utilities should be considered an indicator of fuel poverty in a unified social approach to avoid underestimating the phenomenon.

Consequently, while palliative measures could solve the restriction problem in the short term, these households remain vulnerable to increasing energy prices. In addition, their energy-inefficient housing does not meet the challenge of the energy transition. Preventive policies such as access to social housing, often better renovated, seem more appropriate than palliative measures such as energy subsidies for these households (Charlier et al., 2019).

In addition to the role of preferences and income to explain differences in consumption profiles, the factor with the greatest impact is unified degree days. The significant impact of this climate variable could be due to an inaccurate assessment of climate factors in developing the theoretical measure of energy consumption. Alternatively, it could be an important behavioral adaptation to local climate change that is not considered in models: An increase in heating degree days (cold weather) leads to change in household circumstances such as deprivation. Heating needs might thus be under-assessed for freezing temperatures.

Conclusion and policy implications

This research provides new evidence to explain energy consumption variability between theoretical measures and actual consumption. Household income, period of construction, the number of appliances, climate variation and preferences for comfort over economy are found to be significant factors in explaining differences between theoretical and actual energy consumption, even though some remain unexplained perhaps due to measurement errors. In this paper, four household profiles, and three patterns are identified. Two categories represent households who consume as expected, but live in dwellings with different energy efficiency characteristics. One category restricts its energy consumption and represents 6.2% of households. This research demonstrates that under-consumption compared with the theoretical measure is partially explained by poverty-related issues and preferences for saving energy over comfort. It also provides evidence that some households consume more than expected, and this is associated with strong preferences for comfort, higher income and living in the most isolated dwellings.

This research goes beyond simply identifying a list of factors, highlighting several phenomena that help understand energy consumption patterns in French homes. Understanding these energy consumption patterns is of great relevance to energy policy. To address fuel poverty and deprivation, preventive measures should be put in place that focus on renovation or access to social housing.

Particular attention should also be paid to households that consume the most and whose behavior may bias energy forecasting models. Finally, a significant share of the difference between theoretical consumption and actual consumption remains unexplained or misunderstood, underscoring the need for further research to improve understanding of extreme energy performance gaps.

  (𝑆 𝑖 = 𝑗) = 𝜂 𝑗 , 𝑎𝑛𝑑 𝑌 𝑖𝑚 |𝑆 𝑖 = 𝑗~𝑓 𝑚𝑗 (. |𝑆 𝑖 = 𝑗) (2)The model is extended to describe the effects of covariates on measured indicators within latent levels. This step makes it possible to estimate the effects of independent variables on the conceptual outcome. It is possible to summarize the effect of covariates by allowing xi=(1,x i1 ,...,x iP ) T to be functionally related to latent class Si[START_REF] Huang | Building an identifiable latent class model with covariate effects on underlying and measured variables[END_REF][START_REF] Huang | Optimization-Based Model Fitting for Latent Class and Latent Profile Analyses[END_REF]. Following[START_REF] Mccullagh | Generalized linear models[END_REF], I incorporate covariates in the within-class distribution of measured indicators to avoid misclassification. These covariates are chosen to be exogenous, i.e., to explain theoretical and actual energy consumption such as socio-demographic characteristics, climate, behavior and location. So, we designate zi=(zi1,…,ziM) with Zim=(Zim1,…,zimL) T , m=1,…,M to be the covariates used to build direct effects on measured indicators within latent classes for the ith individual, with 𝑓 𝑚𝑗 (. |𝑆 𝑖 = 𝑗) = 𝑓 𝑚𝑗 (. |𝑆 𝑖 = 𝑗, 𝑧 𝑖𝑚 ) Now, the conditional independence assumption is also conditioning on zi (Huang and Bandeen-Roche, 2004): 𝑓(𝑦 1 , … , 𝑦 𝑀 |𝑆 𝑖 = 𝑗, 𝑧 𝑖 ) = ∑ {𝜂 𝑗 ∏ 𝑓 𝑚𝑗 (𝑦 𝑚 |𝑆 𝑖 = 𝑗) consist of two parts. One fits the probabilities of who belongs to which class. The other describes the relationship between the classes and the observed variables. The parameters of latent class and latent profile models use the Expectation-Maximization algorithm. I also take into consideration covariance structure. The model estimated allows all covariances to be unrestricted, i.e., all indicator variables are allowed to covary within class, and the variances are allowed to be different across the latent classes (Masyn, 2013).

  Thus, this research is based on data from the 2012 PHEBUS survey (Ministère de la Transition Ecologique, 2018). The survey consists of over 2000 energy audits of dwellings and includes theoretical energy performance measures, actual energy consumption (based on energy bills), and social, economic and behavioral data on dwelling occupants.Datasets available through this survey continue to be quite innovative as they provide uniform assessments of Energy Performance Certificates for each dwelling. The survey therefore provides data on why actual consumption differs from theoretical consumption (behavior,

preferences, income, climate, etc.). A description of variables used in the analysis is available in appendix Table
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 4 Comparison of number of households between classes]Looking at Table5, there are households in Class 3 with much higher incomes than in Class 4 6 living in much warmer regions (unified degree days are much lower than those of Class 4), in non-detached dwellings, and in efficient dwellings particularly, as they are newer and have adjustable heating.

	[Insert Table 5: Results with covariates -entire sample -four classes]
	[Insert Table 6: Results for latent profiles -gas sample]
	[Insert Table 7: Energy consumption profiles (classes), energy mix, preferences, deprivation
	and poverty]

Households use energy for various purposes: heating, cooling, cooking, lighting and electrical as well as some other purposes, such as outside the dwelling itself.

Statistics are from Eurostat. More information and statistics are available online, see (accessed February 2019): https://ec.europa.eu/eurostat/statistics-explained/index.php/Energy_consumption_in_households.

Heating and hot water accounted for approximately 3.61% and 14.8% of household energy consumption globally in 2018. https://ec.europa.eu/eurostat/statistics-explained/index.php/Energy_consumption_in_households.

After removing the missing observations for some variables (number of days of housing vacancy during the heating period, unified degree days, ability to adjust the heating and amount of time windows are open), the sample remains representative of the population. Statistics can be provided upon request.

This is the reference class, so the coefficients obtained for classes 1, 2 and 3 are interpreted with reference to this category.

This represents the variability of energy consumption due to day-occupancy duration and also includes a kind of rebound effect.

Appendix

A. Energy class and Energy Performance Certificate measurement

The increase in demand for comfort related to energy use after an energy-efficiency improvement has been theoretically integrated into the EPC calculation due to a factor of intermittence 8 that can be defined as:

where 𝐺 = 𝐸𝑁𝑉 𝐶𝑂𝑅𝐻 and 𝐶𝑂𝑅𝐻 = 𝐻𝑆𝑃/2,5. 𝐸𝑁𝑉 is a measurement of the heat loss in the dwelling. 𝐼 0 is tabulated data based on heating system and building type. This INT factor increases with better insulation and thus implies an increase in theoretical energy consumption with greater energy efficiency of the dwelling. As a result of the descriptive analysis, this factor of intermittence is potentially underestimated in terms of the effect of thermal efficiency on energy consumption.