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Abstract

This paper is intended as a reference document for the users of the
Swiss Household Energy Demand Survey (SHEDS). We outline the
survey’s objectives, provide a description of its structure and design,
and showcase a selection of potential applications. SHEDS has been
fielded annually between 2016 and 2021. Since 2021, the survey is
planned every second year until 2029, resulting in a total of ten waves
over a fourteen-year period. While presenting a brief history of SHEDS
and its utilization in the past, we discuss new perspectives of data re-
quirements for energy research in Switzerland. We also provide some
pathways for achieving a wider usage by the energy-research commu-
nity in particular energy-system modelers.
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1 Introduction

The Swiss Household Energy Demand Survey (SHEDS)1 is a data initiative

stemming from a multidisciplinary collaboration among researchers under

the umbrella of the Competence Center for Research in Energy, Society, and

Transition (SCCER CREST) between 2015 and 2020. With the termination

of SCCER CREST in March 2021, and the advent of the Swiss Federal Office

for Energy’s SWEET program, SHEDS has found a new host in the SWEET

CoSi research consortium2 as of January 2023. The SHEDS data currently

includes seven waves with information from about 13,000 respondents that

are sampled from the Intervista Online Access Panel.3

The SWEET CoSi research program is a multidisciplinary collaboration

rooted in engineering, economics, social sciences and humanities. As its title

suggests CoSi (Co-Evolution and Coordinated Simulation of the Swiss Energy

System and Swiss Society) focuses on the interactions between society and

the energy system.

As a part of SCCER CREST’s work package 2 (“Change of Behavior”),

SHEDS has provided an empirical basis for addressing various research ques-

tions about household energy demand and related consumption and invest-

ments. Thus far, most of the analyses aimed at characterizing households’

behaviors and their change. On the other hand, the SWEET CoSi’s research

program focuses on energy systems and their pathways to a sustainable fu-

ture. While being interested in households behavior, the emphasis is on their

1SHEDS is open access. More details including codebooks and technical documents
are available at: sweet-cross.ch/sheds.

2More information available at: www.sweet-cosi.ch.
3More information available at: www.intervista.ch/intervista-online-panel.
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integration into energy system models. In this context, SHEDS aims to go

beyond serving micro-econometric models of behavior and preferences into

developing a collaboration basis for integrating individual-level data into en-

ergy models as well as related scenarios and narratives. This ambition brings

about a new perspective for SHEDS, but raises a number of questions about

the survey design.

This paper’s objective is twofold. First, we would like to provide a de-

scriptive analysis of the collected data set and its evolving structure. This

analysis extends upon our initial description reported by Weber et al. (2017),

covering all waves available to date (2016, 2017, 2018, 2019, 2020, 2021, and

2023). The current paper can therefore be cited as a reference for all SHEDS

users.4 Secondly, We aim to provide a critical discussion of SHEDS’ new per-

spectives while providing a brief presentation of our experience during the

last decade. This paper is therefore an attempt to identify relevant questions

and suggestions for an adaptive survey design that can facilitate a better

integration of data in energy system models.

2 Objectives

Weber et al. (2017) provides a description of SHEDS’ objectives and added

values as compared to other available survey data in Switzerland. The two

main objectives can be summarized as providing empirical bases for 1) un-

derstanding household behavior and its change, and 2) evaluating the effec-

4Suggested citation: Farsi, M. and S. Weber (2024). Swiss Household Energy Demand
Survey: Past experiences and new perspectives. IRENE working paper 24-06, Institute of
Economic Research.
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tiveness of new policy measures and business models for changing individual

behaviors. To achieve these objectives in an efficient manner, we aimed at

a large-scale sample that could accommodate a number of discrete choice

experiments. The outcome was a rolling panel data set with about 5,000

observations per year and a modular structure that facilitates added 3 to 5

choice experiments per wave on subsamples of returning respondents.

SHEDS was developed on the basis of six fundamental axes:

1. Need for longitudinal data allowing an unbiased estimation of behav-

ioral changes using panel data models;

2. Inclusion of multiple energy domains in order to provide information

about relationship between various behavioral indicators within a given

household or individual;

3. Inclusion of multiple disciplines in the specification of various depen-

dent variables and explanatory factors;

4. Flexibility of design to accommodate new questions and experimental

modules, while adapting to ongoing research needs and current policy

questions;

5. Prioritizing policy questions readily applicable to energy transition over

fundamental research;

6. Maintaining an optimal length given the relatively available budget,

while responding to all data requirements from various researchers

within the consortium.
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Appendix 1 provides a list of publications that have used SHEDS. Ex-

amining this list can help us assess the extent of our achievements regarding

these objectives. Observing a relatively large number of discrete choice ex-

periments or survey experiments (total of 23) embedded in SHEDS and the

resulting 16 peer-reviewed publications, we can conclude that SHEDS has

been successful in providing the research community with a data platform

for evaluating the effects of policy measures and business models. Meanwhile,

there are a number of studies that analyzed the actual behavior (total of 20).

However, we can observe that little has been done with observed longitudinal

changes via panel data. There are only two exceptions (Tilov, Farsi, et al.

2020; Tilov and Weber 2023), each focusing on a four-year interval. This

can be partly explained by the relatively short time-dimension of the panel,

a limitation that is now mitigated with 7 waves (over 8 years). We contend

however that associating longitudinal changes to detectable causal factors

is an important empirical challenge that is often less rewarding in terms of

publication.

3 Survey design and structure

SHEDS is designed by a collaborative team of researchers from various dis-

ciplines such as psychology, sociology, marketing, and economics. This col-

laboration has led to a framework paper (Burger, Bezençon, et al. 2015)

that was used to guide the survey design with a common agenda focusing on

energy-demand behaviors among Swiss households.
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The survey is organized in a modular structure with several core modules

that are repeated in every wave. The core modules include questions about

energy-demand behavior and related equipment in three domains: electric-

ity, heating and mobility. Three additional modules deal with socioeconomic

characteristics, psychological variables and social norms. In each wave, the

new respondents (who participate for the first time) are presented with the

entire questionnaire. However, some of the questions pertaining to variables

deemed to be time-invariant5 are excluded for the returning respondents

(who have completed the survey in at least one previous wave). In addition,

questions related to some psychological and lifestyle variables are collected

only once for each new respondent. In each wave a subsample of returning

respondents are asked to participate in one of the embedded choice experi-

ments (CE) in a separate dedicated module.

The questionnaire is prepared in three languages (German, French and

English) and are implemented in the online Qualtrics platform.6 An internal

test among half a dozen of respondents among our research teams is used to

correct eventual errors for new questions. In each wave, we conduct a pretest

survey with around 50 respondents that are invited to complete the entire

survey (including the CE module). The pretest survey gives respondents the

opportunity to provide comments and ask questions. These comments are

used to fine-tune the survey before inviting the main pool of respondents.

The survey was initially planned for five years from 2016 to 2020. Avail-

able funds allowed us to conduct an additional wave at a smaller scale in

5These are the variables that are not likely to change in a yearly basis.
6Available at: www.qualtrics.com.
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2021. As a part of new consortium SWEET CoSi, four additional waves

are proposed from 2023 to 2029 on a bi-annual basis. The survey length

is about 20 to 30 minutes. In general, the survey is fielded between April

and June. The sampling procedure focuses on individuals who are at least

partly involved in the management of their household’s expenditure. This is

identified by a short question at the beginning of the survey. We prioritize

respondents who have participated in a previous wave. New respondents are

invited in a second stage, depending on the achieved sample size among re-

turning respondents. It normally takes about five weeks to reach the planned

sample size of about 5,000 respondents.7

The final sample satisfies a series of preset quotas designed to mimic

the Swiss population with respect to age (18-34: 30%, 35-54: 40%, 55+:

30%), gender (female: 51%, male: 49%), language region (German: 75%,

French: 25%, the Italian-speaking canton Ticino is excluded) and home

ownership (homeowner: 37.5%, tenant: 62.5%). While the entire sample

can be considered as a representative sample based on these variables, the

number of missing values could vary significantly across variables and across

sub-populations. Therefore, depending on the analysis and the variables of

interest, it is possible that the resulting sample loses its representative struc-

ture.

Figure 1 shows the SHEDS waves and the embedded choice experiments

(CE). The figure also shows the rolling panel’s structure by including the

number of respondents by the number of periods (T ) with previous records.

7Data for the first wave in 2016 was collected in only 2 weeks during. Since the second
wave, data collection is slower because only returning respondents are contacted at the
beginning and fresh respondents are contacted afterwards to fill the sample.
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In each wave, the new respondents are denoted by T “ 1, whereas the re-

turning respondents have T ą 1. Overall, it is more likely to have returning

respondents with newer waves thus improving the panel’s longitudinal aspect.

Figure 1: Data collected in waves 2016-2023

3.1 Attrition analysis

In order to understand the attrition across waves, we provide a descriptive

analysis of the number of respondents and their return rates. This analy-

sis helps us not only to understand the dataset’s potential for identifying

longitudinal changes, but provides a basis for setting the interval between

consecutive waves (currently planned as 2 years). Table 1 lists the num-

ber of new and returning respondents by wave. We observe that the share

of returning respondents grows constantly at the outset but stays more or

less constant around three quarters. The exception in 2021 is related to the

smaller sample size in that wave.

The matrix in Table 2 presents the return rate from the years indicated in

the rows to the years indicated in the columns. The numbers in the diagonal

8



Table 1: Number of new and returning respondents by wave

show that almost 60% of the respondents in any given wave also answer

the next wave. Said otherwise, attrition is about 40-45% between any two

waves. As tenure in the survey increases, attrition naturally grows but seems

to stabilize around 70% after 5 years: more than 30% of the respondents who

entered in the survey in 2016 (first line of the matrix) also answered the 2021

and/or the 2023 waves. Interestingly, the pool of respondents who answered

in 2021 (last line of the matrix) show a lower attrition rate at about 38%

in 2023, despite the fact there was a 2-year interval between these waves.

However, this exception is partly explained by the smaller sample size in

2021 and the associated larger proportion of returning respondents.

Tables 3 shows the return rates separately for each entry cohort (each row

indicates the entry year of a cohort). By design, the first line is identical to

that in Table 2 and is the only one based on the full sample. The subsequent

Table 2: Return rates, from row to column years

Reading example: among all respondents to wave 2018, 59% answered wave 2019 and 50% answered wave
2020.
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rows are based on fewer observations, since new respondents were then only

integrated in the panel to reach a total of 5,000 respondents. We observe

that the return rate is slightly decreasing cohort after cohort, but it generally

remains above 30% for all cohorts and all years.

Table 4 focuses on returning respondents that is, respondents who have

participated in at least one previous wave. This matrix suggests that the

return rate is more or less stable around two thirds for returning respondents.

Clearly, individuals who repeat the survey are relatively more likely to come

back again.

Finally, in order to assess the extent to which we can rely on continuity

hence tending to a balanced panel, we produce a matrix in Table 5 that

shows the proportion of respondents who participated in several consecutive

waves without interruption (from the row year until the column year). Here

again, we observe more or less stable return rates, suggesting about 40%

continuous participation for 3 waves (from year T to year T ` 2), and about

28% for 4 waves (between year T and year T ` 3). We can also observe that

continuity for 5 waves is about 20%. Given the relatively large number of

Table 3: Return rates by entry cohort, from row to column years

Reading example: among respondents who first appeared in wave 2018, 45% answered wave 2019 and 36%
answered wave 2020.
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Table 4: Returning respondents’ return rates, from row to column years

Reading example: among respondents who first appeared in wave 2016 or 2017 and answered wave 2018,
66% answered wave 2019 and 56% answered wave 2020.

respondents (5,000 per wave) this rate amounts to about 1,000 respondents

with data for 5 continuous waves. This provides a reasonably large sample

for investigating longitudinal changes based on a balanced panel. However,

as we see later, depending on the variable of interest, the number of missing

values could affect the effective sample size.

Table 5: Return rates, from row to column years without interruption

Reading example: among all respondents to wave 2018, 40% answered waves 2019-2020 and 28% answered
waves 2019-2021.

4 A descriptive analysis

In this section, we provide a descriptive analysis of a selection of variables to

illustrate the dataset’s potential. Our focus is on households’ energy demand

and their investments in equipment and appliances. We also consider an
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energy-behavior indicator as well as a segmentation application that could

be used to estimate households’ electricity saving potential.

4.1 Energy demand

The following analysis focuses on energy consumption in three domains: elec-

tricity, heating, and mobility. We use both expenditures (in CHF) and phys-

ical measures (electricity in kWh or distance in km) when available. An

exploratory analysis prompts us to detect a number of outlier values. We

therefore exclude all values outside an interval of 1.5 times the interquartile

range, considering these as outliers that could be erroneous observations. In

addition, values smaller than or equal to one are excluded to accommodate

logarithmic transformations that we use in the regressions.

Table 6 shows the summary statistics for energy consumption variables

in the three selected domains. The number of valid observations and respon-

dents is above 23,000 and 9,000 for expenditure variables and about 14,000

and 6,000 for physical measures. Table 6 also lists the number of respondents

with valid information in T periods, for T “ 1 to 7. Only a small minority

of respondents have valid data for 5 periods or more. Yet, a majority of re-

spondents have data for at least two periods, hence usable for a longitudinal

analysis with individual fixed effects. This share will certainly increase as

the panel extends to cover more waves.

It is also important to note that all demand indicators in the Table 6 refer

to the year (12-month period) prior to the individual response date, with the
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exception of mobility expenditure that is referred to the month preceding the

survey (fielded between April and June).

Figure 2 uses box plots to illustrate the evolution of electricity demand

over the observation period. Similarly Figure 3 depicts the evolution of de-

mand for heating and mobility.

Our first observation is on the large variability in each wave, which can

partly be explained by observable determinants. However, as we will see

later, our regression analysis suggests substantial unobserved heterogeneity

among households. This between-household variability can be captured by

individual fixed effects. This highlights the importance of meaningful longi-

tudinal dimension in the data.

Table 6: Description of energy-demand variables
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Figure 2: Evolution of electricity expenditures and usage
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Figure 3: Evolution of heating expenditures and Km driven
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Table 7 displays the results of OLS regression explaining the five variables

described in Table 6 by the same selection of control variables. Several rele-

vant observations emerge from these regressions. First, the model fit statistics

point to substantial unobserved heterogeneity especially in mobility behav-

ior (R-squared of 4% and 9%, respectively for distance driven and mobility

expenditures). We also observe a relatively lower model fit for physical mea-

sures as opposed to expenditures, which could be partly related to smaller

sample size and to better knowledge of expenditures by respondents, in par-

ticular in the electricity domain where consumption is not easily available.

The OLS regressions can also be used to infer about various determinants of

energy demand. Some of these determinants have been analyzed in previous

studies using SHEDS data (e.g., Schubert, Weber, et al. 2022; Tilov, Farsi,

et al. 2020; Tilov and Weber 2023).

At the risk of repeating ourselves, we highlight a few stylized facts about

the variation of energy demand among Swiss households: income is an impor-

tant determinant although with an inelastic relationship; there are significant

economies of scale with respect to the household size; residence in urban and

suburban areas is associated with lower energy demand on average; energy

demand is likely to be different across linguistic border between French and

German-speaking regions. We would also note that the trends cannot be

measured in an OLS regressions. It is likely that the year dummies capture

sample mix differences, and should be treated as incidental parameters rather

than time trends.

In order to study time trends, we show the results of fixed-effect models in

Table 8. These estimates are based on within-household variations, thus rep-
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Table 7: OLS regressions
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resenting longitudinal changes. Here again, relatively low model-fit estimates

point to a strong heterogeneity even after controlling for household fixed ef-

fects. The regressions detect a reduction in the 2019-2021 period, probably

related to Covid-19 crisis, and a recovery in 2022-2023.8 It is interesting

to note that the number of respondents in this analysis remain reasonably

high allowing a meaningful analysis of longitudinal changes. This is directly

related to the relatively high return rate among respondents.

We contend that longitudinal analyses (such as those in Table 8) are pri-

mordial for monitoring the micro-level energy-demand changes especially in

today’s context where energy policies are expected to gradually reduce energy

consumption. Unfortunately, our data do not detect any persistent reduction

in energy consumption. This is a remarkable result if it is opposed to the

Table 8: Fixed-effect regressions

8Note that all the dependent variables (except mobility expenditure) refer to the twelve
months before the survey’s date in April/May.
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households’ investment behavior (described below) suggesting a significant

rise in energy efficiency.

4.2 Investments

SHEDS provides a series of energy-investment indicators at the household

level. Here we focus on heating systems and car purchases between 2018 and

2023. Figure 4 shows the share of heating systems in 2018 and 2023, revealing

an important substitution has occurred during the five-year interval. The

share of heating oil systems has dropped by about 10 percentage points that

are almost entirely picked by heat pumps.

In the mobility field, we focus on the car engine types. Figure 5 shows

the distribution of engine types of the cars owned by SHEDS respondents

Figure 4: Distribution of all the Heating Systems in 2018 and 2023
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over 2016-2023.9 A great majority of cars run on gasoline (more than 60%)

or diesel (more than 20%). Yet, the share of hybrid and electric cars is

increasing at a rapid pace: it multiplied by five over the observation period,

from less than 3% in 2016 to almost 14% in 2023.

Among car purchased (new or second-hand), the evolution is much stronger.

Figure 6 indeed shows that gasoline and diesel car purchases are declining

rapidly, while the share of hybrid and electric car purchased reaches almost

40% in 2023. If the trend continues, the latter will soon be the most fre-

quently purchased category.

We finally investigate technology switches at the time of car purchases.Figure 7

illustrates transitions from an old to a new car.10 It clearly turns out that

Figure 5: Distribution of engine types, all cars
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9Around one quarter of the respondents state that they do not own a car.
10Note that cars called “new” in this illustration are not necessarily new in a strict

sense since they also enclose second-hand cars.
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Figure 6: Distribution of engine types, purchased cars
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most people stick to the same technology when they replace their main ve-

hicle. This is also consistent with results obtained by Van Dijk, Farsi, and

Weber (2021): In an experiment investigating car adoption and travel de-

cisions, it happens that choices made in the experiment about car size and

fuel type were significantly related to the real-life situations of respondents.

When faced with an important decision such as purchasing a car, it appears

that consumers tend to favor a technology with which they are familiar (see

also Van Dijk and Farsi 2022).
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Figure 7: Transitions between engine types, 2016-2023
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4.3 Behavior

A large number of behavioral indicators can be extracted from SHEDS. Here,

we focus on a single behavior related to switching off a device as opposed to

leaving it in standby mode. Figure 8 illustrates the comparative picture of

behavior between 2018 and 2023. Overall, the data indicates no detectable

evolution of conservation behavior in this particular setting but there are

clear differences across devices.
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Figure 8: Device switch-off as opposed to standby mode in 2018 and 2023
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4.4 Saving potentials via segmentation

In this section, we focus on household’s yearly electricity consumption (kWh).

The objective is to produce a segmentation analysis based on three electricity-

demand determinants – dwelling type, household size, and heating system –

in order to identify saving potentials in each segment. These determinants

are selected from factors that remain largely beyond the individual’s short-

term control. In order to deal with implausible values (outliers), we trim

all observations whose reported values lie outside an interval of 1.5 times

the interquartile range. We also exclude values smaller or equal to one. We

design the segmentation in a manner that the minimum segment size remains

about 50 households, a size we consider as a reasonable basis for comparing

consumption within each segment.
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After a few iterations we settled on a classification based on four house-

hold sizes, two housing categories (houses and apartments), and three cat-

egories of heating. As shown in Table 9, this segmentation results in 24

household types with a minimum group size of 48. The table lists the 1st

decile, the 1st quintile and the median value of electricity consumption for

each segment.

Our ultimate objective is to provide a rough estimate of electricity-saving

potential as compared to the best practice in each segment. In this analysis,

we allow for some heterogeneity in exogenous variables that are unobserved

to the segmentation model. Following a commonly accepted assumption in

quantile analysis of productive efficiency (benchmarking), we allow for about

10 or 20 percent unobserved heterogeneity and measurement errors unrelated

to best-practice behavior. With this assumption, we can consider the 1st

decile or the 1st quintile as the best practice, thus providing a yardstick for

measuring saving potentials.

A first look at the results in Table 9 suggests that compared to a best-

practice comparable household, a majority of households can attain a sub-

stantial reduction in their electricity demand. Even looking at 1st quintiles,

about 30% reduction seems to be a plausible target. Such reductions might

however require a change in many factors that are not included in the analysis

such as lifestyle and dwelling size. Some of these variables could be readily

included in our illustrative analysis.

In order to have a better picture of saving potentials in each segment,

we extend the analysis with a quantile frontier model controlling for exter-

nal variables such as location indicators (city agglomeration, countryside,
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Table 9: Electricity consumption indicators in 24 household segments
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French-speaking region) and dwelling size, as well as life-style proxies such

as household income and respondent’s education as listed in Table 7. Since

the data are pooled across several years from 2016 to 2023, we include a set

of year dummies in our models. We conduct a separate regression analysis

for each segment. Similar to the specification used in Table 7, we use log-

arithmic transformation for electricity consumption, household income and

the dwelling size. In line with frontier models (in particular thick frontier

models), we assume that 20% of the observations in each segment are almost

perfectly efficient with a negligible saving potential. This assumption boils

down to a quantile frontier estimated at the first quintile, with zero poten-

tial savings for all observations below the first quintile. For the remaining

80%, saving potential is computed as a percentage of the actual consumption

based on positive regression residuals ε as follows:

1 ´ e´ε

We explored several model specifications with different variables. The

aggregate savings are not sensitive to the adopted specification. Table 10 lists

the medians and means of saving potentials in each one of the 24 segments

based on the model described above. The estimated savings suggest that a

majority of households in each segment could achieve significant savings, with

an overall average saving of 27 to 40%, depending on the household segment.

Part of these reductions might however be related to factors beyond the

households’ control such as outdoor temperature. In other words, there is

a strong within-segment heterogeneity among individual households, which
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could bias potential savings’ estimates. In fact, the measure of our model’s

goodness of fit (pseudo R-squared) is quite variable, ranging from 5% to 44%

depending on the given segment.

Aggregate measures of saving potential, as those listed in Table 10, could

appear implausible, at least for some households. There is in fact no testable

hypothesis that can disentangle a genuine saving possibility from an unob-

served factor beyond the household’s control. This challenge is especially

important in case of strong unobserved heterogeneity. We therefore propose

to focus on specific savings that are plausible in the short run. Based on

the individual potential saving estimates we can compute the share of house-

Table 10: Electricity saving potential
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holds that can achieve a specific percentage savings such as 10%. Table 11

summarizes the share of households in each segment that can achieve 10% or

20% reduction in their electricity consumption. According to these estimates

a majority of households (more than two thirds) could achieve 10 percent

savings.

Table 11: Reduction in households electricity consumption
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5 Discussion and perspectives

We have described the panel structure of the SHEDS data available at this

stage. The results suggest that the attrition rate is sufficiently low in order

to conduct meaningful longitudinal analyses. Extending the panel by re-

inviting the more than 10,000 respondents who have completed the survey in

at least one of the previous waves will certainly help improve the longitudinal

aspect.

The future waves now planned for 3 biannual waves with about 5,000 re-

spondents, will provide us with a ten-period panel data covering 14 years

from 2016 to 2029. Given that a smaller sample size would lead to a better

return rate among previous respondents, we can expect that splitting the

3 biannual waves to 6 annual waves (each with about 2,500 respondents)

will substantially improve the longitudinal dimension without any increase

in budget requirements.

We have also shown that the SHEDS panel data is not as representative

as each cross-sectional wave, mainly due to attrition but also to the various

number of missing or invalid values. It is however important to note that

longer panels are likely to be less representative, thus suggesting a trade-off

between building a representative panel and collecting data that are useful for

longitudinal analysis. If we prioritize the longitudinal dimension, we should

favor annual waves. But if we tend to value a representative sample, we

should stick to the biannual panel.

SWEET CoSi’s research program focuses on evolution of energy systems,

thus highlighting the importance of monitoring the evolution of energy-
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demand behavior. Identifying behavior at the household level requires an

unbiased panel data analysis with individual fixed effects. Longer panels

with repeated observations from the same households hence provide a better

possibility for such analyses. On the other hand, repeated cross-sectional

data from fairly representative samples could be sufficient for energy sys-

tem modeling. This observation combined with the fact that energy models

with heterogeneous agents require a reasonable sample size in various sub-

population groups leads us to prioritize the cross-sectional sample size over

longitudinal dimension.

Choice experiments and other stated-preference methods have been used

as valuable assessment tools for a variety of policy measures and business

models. Such experimental data can be extremely helpful for identifying

behavioral trends and responses in emerging markets and other contexts

where revealed-preference data are not readily available. Moreover, stated-

preference data can provide insights on voting behavior and acceptance of

energy-related policies. Another question is whether we can assess the fu-

ture inclusion of Canton Ticino, the Italian-speaking canton with about 4%

of Swiss population. Again, if we favor the longitudinal dimension, new re-

spondents from Ticino would not provide an added value, especially if we

consider 3 biannual waves. However, including about 200 respondents from

Ticino for each one of the three waves may be helpful towards a marginally

better representation of the Swiss population.

We have shown through a series of simple applications how the data can

be used in various analyses. Focusing on a selection of energy-demand indi-

cators, these examples illustrate a range of possible applications for energy
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modeling and systemic analysis. We identify two types of applications: First,

the econometric analysis of demand indicators and their temporal changes

allows to estimate various determinants of household energy demand. The

estimated gradients and elasticities with respect to these determinants such

as household’s income and size, ownership and the building’s age can be used

in energy demand predictions. Second, segmentation analysis can be read-

ily applied to demand determinants in order to identify various household

clusters with comparable behaviors and/or attitudes.

Overall, these examples point to a variety of applications that could guide

energy analysts to refine their models based on realistic behavioral assump-

tions. Last no least, we hope that this work could contribute in moving

the SHEDS initiative beyond a mere data service to a dynamic and adap-

tive survey design with systematic and continuous exchange between energy

researchers from various disciplines.
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