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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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TFaculty of Economics and Business, University of Neuchatel, mehdi.farsiQunine.ch.

HUniversity of Applied Sciences Western Switzerland HES-SO, sylvain.weber@hesge.ch.


mailto:mehdi.farsi@unine.ch
mailto:sylvain.weber@hesge.ch

1 Introduction

The Swiss Household Energy Demand Survey (SHEDS)! 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 consortium? 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.?

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

ISHEDS 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.* 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.



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, Bezengon, et al. 2015)
that was used to guide the survey design with a common agenda focusing on

energy-demand behaviors among Swiss households.



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-invariant® 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.® 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.
6 Available 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.”

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 (7") with previous records.

"Data 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 7" = 1, whereas the re-
turning respondents have 7" > 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
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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



Table 1: Number of new and returning respondents by wave

2016 2017 2018 2019 2020 2021 2023
All respondents 5015 5015 5011 5021 5047 4269 5038
New respondents 5015 2298 1543 1163 1278 511 1184
Returning respondents 0 2717 3468 3858 3769 3758 3854
Returning share 0% 54% 69% 77% 75% 88% 76%

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

2017 2018 2019 2020 2021 2023
2016 54% 47% 43% 38% 31% 32%
2017 - 58% 52% 44% 37% 38%
2018 - 59% 50% 43% 41%
2019 - 58% 50% 47%
2020 - 58% 53%
2021 - 62%

Reading example: among all respondents to wave 2018, 59% answered wave 2019 and 50% answered wave
2020.



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

2017 2018 2019 2020 2021 2023
2016 54% 47% 43% 38% 31% 32%
2017 - 49% 43% 34% 29% 30%
2018 - 45% 36% 32% 29%
2019 - 46% 36% 33%
2020 - 47% 41%
2021 - 44%

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

2017 2018 2019 2020 2021 2023
2017 - 66% 60% 52% 44% 44%
2018 - 66% 56% 47% 47%
2019 - 62% 54% 51%
2020 - 62% 57%
2021 - 65%

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

2017 2018 2019 2020 2021 2023
2016 54% 36% 26% 20% 14% 11%
2017 - 58% 40% 29% 21% 16%
2018 - 59% 40% 28% 21%
2019 - 58% 39% 28%

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 7" periods, for 7' = 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

Variable Electricity i icity usage Heating i Mobility i Km driven
Mean 638.8 2872.6 1235.1 118.5 12663.8
SD 416.4 2122.6 849.2 711 8572.3
Min 14 11 12 2.0 2.0
Median 530.0 2294.0 1082.0 100.0 11000.0
Max 1975.2 9624.0 3850.0 345.0 40250.0
Observations 23847 14213 23987 23376 14177
Respondents 9874 6302 10170 9312 5986
Measurement Electricity expenditures  ElectricityusageinkWh  Heatingexpendituresin  Fuelexpendituresin CHF Kilometers driven over
inCHF over the lastyear over the last year CHF over the last year over the last month the last year
Respondents with valid data in T periods:
T=1 4194 3007 4347 3822 2504
T=2 2049 1272 2176 1844 1355
T=3 1384 775 1447 1315 859
T=4 847 467 885 821 505
T=5 653 366 678 694 397
T=6 479 266 442 545 181
=7 268 149 195 271 185

13
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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

4,000

3,000

2,000

1,000+

Heating expenditures

2016 2017 2018 2019 2020 2021 2023

Km driven
40,000

30,0004

20,0004

Km

10,000

2016 2017 2018 2019 2020 2021 2023

Note: Red dots represent mean values.

14



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

Electricity Electricity Heating Mobility

Variables 3 3 ) Kmdriven
expenditures usage expenditures  expenditures
HHincome (log) 0.0506* 0.142%* 0.154%** 0.137%** 0.171%**
(0.0225) (0.0466) (0.0286) (0.0239) (0.0431)
French speaking -0.0632*%* 0.160%** 0.105%** 0.131%** 0.0835**
(0.0214) (0.0391) (0.0216) (0.0177) (0.0320)
Respondent's gender (1iffemale) -0.0340* -0.0208 -0.00839 -0.0769*** -0.123*%**
(0.0147) (0.0312) (0.0191) [0.0159) (0.0297)
Respondent's age
Under30 ref. ref. ref. ref. ref.
301054 0.129*** 0.373%*+* 0.267%** -0.0303 -0.0521
(0.0231) (0.0683) (0.0324) (0.0213) (0.0479)
551065 0.216%** 0.492%** 0.400%** 0.127*%** -0.122*
(0.0283) (0.0758) (0.0381) (0.0282) (0.0613)
over65 0.223%** 0.484%** 0.510%** 0.256%** 0.268%**
(0.0304) (0.0751) (0.0403) (0.0338) (0.0613)
Respondent's education
Primary ref. ref. ref. ref. ref.
Secondary 0.176** 0.254* 0.192%* 0.0535 0.0589
(0.0629) (0.124) (0.0726) (0.0513) (0.143)
University 0.151* 0.291* 0.208** -0.00491 0.0536
(0.0634) (0.123) (0.0719) (0.0514) (0.145)
Household size categories
Single ref. ref. ref. ref. ref.
2person HH 0.227%** 0.299%** 0.0651* 0.0303 -0.0304
(0.0217) (0.0438) (0.0278) (0.0238) (0.0407)
3+person HH 0.385%** 0.450%** 0.112%** 0.0917%** -0.0303
(0.0260) (0.0503) (0.0303) (0.0259) (0.0434)
City ref. ref. ref. ref. ref.
Agglomeration 0.0794*** 0.152%** 0.0429 0.114%** 0.0914**
(0.0220) {0.0370) {0.0239) (0.0201) (0.0344)
Countryside 0.187%** 0.225%** 0.0211 0.223%** 0.225%**
(0.0230) (0.04086) (0.0250) (0.0207) (0.0365)
Home owner 0.0508%** 0.0461 0.0470** -0.0801*** -0.0387
(0.0126) {0.0269) {0.0156) (0.0145) (0.0278)
House (0ifflat) 0.211%** 0.199** -0.0848* 0.147%** 0.0154
(0.0281) (0.0638) (0.0369) (0.0303) (0.0415)
Age ofhouse (log) 0.0345%** 0.0378** 0.133%** -0.0169** -0.0149
(0.00713) (0.0130) (0.00869) (0.00600) (0.0121)
Size of dwelling in m” (log) 0.412%** 0.473%+* 0.433%+* 0.0544* 0.00551
(0.0263) (0.0495) {0.0300) (0.0214) (0.0408)
Yeardummies
Year2016 ref. ref, ref, ref. ref.
Year2017 -0.0131 0.0787 -0.0301 0.169*%** 0.0872
(0.0257) (0.0491) (0.0344) (0.02686) (0.0849)
Year2018 -0.0554* 0.0205 -0.176*** 0.159%** -0.00406
(0.0276) {0.0480) (0.0377) (0.0254) (0.0907)
Year2019 -0.0470 -0.0200 -0.191%** 0.181%** 0.0610
(0.0301) (0.0603) (0.0446) (0.0324) (0.0900)
Year2020 -0.0488 0.0508 0.231%** 0.0862* 0.0747
(0.0283) (0.0514) (0.0453) (0.0294) (0.0968)
Year2021 -0.00148 0.0169 -0.166*** -0.0117 -0.134%**
(0.0205) (0.0437) (0.0313) (0.0240) [0.0353)
Year2023 0.0790** 0,294 #* 0.186%** 0.144%** 0.196%**
(0.0258) (0.0518) (0.0366) (0.0258) (0.0540)
Constant 3.209%** 3.038%** 2.507%%* 3.004%** 7.855%**
{0.199) [0.424) [0.259) {0.211) (0.409)
Observations 9363 5401 8974 9415 4922
Numberof households 1651 1325 1670 1755 1413
Adjusted R-squared 0.239 0.190 0.158 0.0893 0.0395

Robust standard emors clustered atthe level ofthe ZIP code in parentheses.
Dependent variables are inlogarithms.

*p<0.05 **p<0.01

*** 0,001
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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.% 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

Variables Electricity expenditures Electricity usage Heating expenditures Mobility expenditures Km driven
Year 2017 -0.00316 0.0365 0.0491* 0.0320* 0.0262
(0.0145) (0.0315) (0.0220) (0.0133) (0.0282)
Year 2018 -0.0619*** 0.00777 -0.0184 0.0103 -0.0228
(0.0151) (0.0321) (0.0233) (0.0139) (0.0311)
Year 2019 -0.0509*** -0.0123 -0.0484* -0.0173 0.0348
(0.0152) (0.0310) (0.0236) (0.0147) (0.0311)
Year 2020 -0.0675*** -0.0293 -0.0710** -0.0972*** -0.0436
(0.0156) (0.0328) (0.0240) (0.0150) (0.0328)
Year 2021 -0.0174 -0.0173 -0.0204 -0.158*** -0.164***
(0.0166) (0.0342) (0.0246) (0.0160) (0.0333)
Year 2023 -0.0390* -0.109** 0.0669** -0.0578*** -0.0536
(0.0178) (0.0360) (0.0258) (0.0171) (0.0322)
Observations 23847 14213 23987 23376 14177
Number of households 9874 6302 10170 9312 5986
Within R-squared 0.00305 0.00449 0.00545 0.0202 0.00542
Overall R-squared 0.00180 0.00895 0.00132 0.00237 0.00251

Standard errorsin parentheses.

Dependent variables are in logarithms.

The base year is 2016.

The regressions include household fixed effects.

*p<0.05 **p<0.01 **% p<0.001

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 2016-2023.2 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.'® 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 15
decile, the 1%¢ 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 1%
decile or the 1% 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 1% 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

Electricity consumption (kWh/year)

Household type Number of Decile Quintile Median
households

1 House, 1 person, non-electric heating 324 583 912 1758
2  House, 2 person, non-electric heating 917 1286 1805 3198
3  House, 3 person, non-electric heating 296 1313 2200 3363
4 House, >3 person, non-electric heating 620 1958 2719 4358
5 House, 1 person, electric hot water 129 700 1248 3007
6 House, 2 person, electric hot water 324 1856 2889 4810
7 House, 3 person, electric hot water 121 3252 4056 5797
8 House, >3 person, electric hot water 209 2338 3935 6029
9 House, 1 person, with heat pump 48 900 1050 4845
10 House, 2 person, with heat pump 236 2038 3295 5791
11 House, 3 person, with heat pump 112 2343 3600 5446
12 House, >3 person, with heat pump 199 2557 3360 5927
13 Apartment, 1 person, non-electric heating 1502 577 764 1203
14 Apartment, 2 person, non-electric heating 1728 934 1264 1982
15 Apartment, 3 person, non-electric heating 404 1100 1382 2283
16 Apartment, >3 person, non-electric heating 458 1146 1700 2700
17 Apartment, 1 person, electric hot water 309 720 1038 1870
18 Apartment, 2 person, electric hot water 275 1200 1767 3000
19 Apartment, 3 person, electric hot water 79 1464 1940 3890
20 Apartment, >3 person, electric hot water 86 1846 2430 3973
21 Apartment, 1 person, with heat pump 161 696 883 1284
22 Apartment, 2 person, with heat pump 257 1000 1365 2078
23 Apartment, 3 person, with heat pump 57 1048 1600 2702
24 Apartment, >3 person, with heat pump 71 1400 1855 2955
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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 ¢ as follows:

1—¢¢

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

Household type Saving potential (median) Saving potential (mean)

1 House, 1 person, non-electric heating 40% 38%
2 House, 2 person, non-electric heating 40% 36%
3 House, 3 person, non-electric heating 39% 37%
4 House, >3 person, non-electric heating 36% 33%
5 House, 1 person, electric hot water 44% 40%
6 House, 2 person, electric hot water 36% 35%
7 House, 3 person, electric hot water 29% 27%
8 House, >3 person, electric hot water 35% 33%
9 House, 1 person, with heat pump 36% 40%
10 House, 2 person, with heat pump 49% 40%
11 House, 3 person, with heat pump 29% 28%
12 House, >3 person, with heat pump 42% 36%
13 Apartment, 1 person, non-electric heating 38% 35%
14 Apartment, 2 person, non-electric heating 34% 33%
15 Apartment, 3 person, non-electric heating 36% 33%
16 Apartment, >3 person, non-electric heating 36% 34%
17 Apartment, 1 person, electric hot water 45% 40%
18 Apartment, 2 person, electric hot water 43% 37%
19 Apartment, 3 person, electric hot water 46% 44%
20 Apartment, >3 person, electric hot water 42% 37%
21 Apartment, 1 person, with heat pump 35% 34%
22 Apartment, 2 person, with heat pump 33% 32%
23 Apartment, 3 person, with heat pump 35% 34%
24 Apartment, >3 person, with heat pump 38% 38%
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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

Fraction (%) of households that can achieve 10% or 20%
reduction in their electricity consumption

Household type 10% 20%

1 House, 1 person, non-electric heating 77% 71%
2 House, 2 person, non-electric heating 75% 68%
3 House, 3 person, non-electric heating 73% 67%
4 House, >3 person, non-electric heating 72% 68%
5 House, 1 person, electric hot water 72% 69%
6 House, 2 person, electric hot water 74% 66%
7 House, 3 person, electric hot water 68% 59%
8 House, >3 person, electric hot water 70% 67%
9 House, 1 person, with heat pump 60% 55%
10 House, 2 person, with heat pump 72% 68%
11 House, 3 person, with heat pump 67% 62%
12 House, >3 person, with heat pump 71% 66%
13 Apartment, 1 person, non-electric heating 74% 68%
14 Apartment, 2 person, non-electric heating 75% 67%
15 Apartment, 3 person, non-electric heating 71% 63%
16 Apartment, >3 person, non-electric heating 72% 64%
17 Apartment, 1 person, electric hot water 74% 67%
18 Apartment, 2 person, electric hot water 74% 66%
19 Apartment, 3 person, electric hot water 72% 69%
20 Apartment, >3 person, electric hot water 73% 70%
21 Apartment, 1 person, with heat pump 68% 64%
22 Apartment, 2 person, with heat pump 70% 64%
23 Apartment, 3 person, with heat pump 73% 68%
24 Apartment, >3 person, with heat pump 70% 66%
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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.

References

Burger, Paul, Valéry Bezencon, et al. (2015). “Advances in Understanding
Energy Consumption Behavior and the Governance of Its Change — Out-
line of an Integrated Framework”. Frontiers in Energy Research 3. DOIL:
10.3389/fenrg.2015.00029. URL: https://www.frontiersin. org/
journals/energy-research/articles/10.3389/fenrg.2015.00029.

Schubert, Iljana, Sylvain Weber, Adan Leobardo Martinez-Cruz, Paul Burger,
and Mehdi Farsi (2022). “Structural equation modeling as a route to in-

form sustainable policies: The case of private transportation”. Frontiers

30


https://doi.org/10.3389/fenrg.2015.00029
https://www.frontiersin.org/journals/energy-research/articles/10.3389/fenrg.2015.00029
https://www.frontiersin.org/journals/energy-research/articles/10.3389/fenrg.2015.00029

in Sustainability 3, p. 837427. URL: https://doi.org/10.3389/frsus.
2022.837427.

Tilov, Ivan, Mehdi Farsi, and Benjamin Volland (2020). “From frugal Jane to
wasteful John: A quantile regression analysis of Swiss households’ elec-
tricity demand”. Energy Policy 138, p. 111246. 18SN: 0301-4215. URL:
https://doi.org/10.1016/j.enpol.2020.111246.

Tilov, Ivan and Sylvain Weber (2023). “Heterogeneity in price elasticity of
vehicle kilometers traveled: Evidence from micro-level panel data”. Energy
Economics 127, p. 107078. 1SSN: 0140-9883. URL: https://doi.org/10.
1016/j.eneco.2023.107078.

Van Dijk, Jeremy and Mehdi Farsi (2022). Who is afraid of electric vehicles?
An analysis of stated EV preferences in Switzerland. IRENE Working
Papers 22-04. IRENE Institute of Economic Research. URL: https://
ideas.repec.org/p/irn/wpaper/22-04.html.

Van Dijk, Jeremy, Mehdi Farsi, and Sylvain Weber (2021). “Travel Mode
Choices in a Greening Market: The Impact of Electric Vehicles and Prior
Investments”. Transportation Research Record 2675 (11). (*), pp. 1205—
1218. URL: https://doi.org/10.1177/03611981211025279.

Weber, Sylvain, Paul Burger, Mehdi Farsi, Aadan L. Martinez-Cruz, Michael
Puntiroli, [ljana Schubert, and Benjamin Volland (2017). Swiss Household
Energy Demand Survey (SHEDS): Objectives, Design, and Implementa-
tion. IRENE Working Papers 17-04. IRENE Institute of Economic Re-

search. URL: https://ideas.repec.org/p/irn/wpaper/17-14 . .html.

31


https://doi.org/10.3389/frsus.2022.837427
https://doi.org/10.3389/frsus.2022.837427
https://doi.org/10.1016/j.enpol.2020.111246
https://doi.org/10.1016/j.eneco.2023.107078
https://doi.org/10.1016/j.eneco.2023.107078
https://ideas.repec.org/p/irn/wpaper/22-04.html
https://ideas.repec.org/p/irn/wpaper/22-04.html
https://doi.org/10.1177/03611981211025279
https://ideas.repec.org/p/irn/wpaper/17-14.html

Appendix: Publications based on SHEDS!!

Baumgartner, Anne, Iljana Schubert, Annika Sohre, Uros Tomic, Corinne
Moser, and Paul Burger (2023). “Toward a reduction of car-based leisure
travel: An analysis of determinants and potential measures”. Interna-
tional Journal of Sustainable Transportation 17 (8). (*), pp. 911-930.
URL: https://doi.org/10.1080/15568318.2022.2121234.

Bektas, Alperen, Valentino Piana, and René Schumann (2021). “A meso-level
empirical validation approach for agent-based computational economic
models drawing on micro-data: A use case with a mobility mode-choice
model”. SN Business & Economics 1 (6), p. 80. URL: https://doi.org/
10.1007/s43546-021-00083-4.

Blasch, Julia E., Massimo Filippini, Nilkanth Kumar, and Adan L. Martinez-
Cruz (2022). “Boosting the choice of energy-efficient home appliances:
The effectiveness of two types of decision support”. Applied Economics
54 (31). (*), pp. 3598-3620. URL: https://doi.org/10.1080/00036846 .
2021.2014395.

Burger, Paul, Iljana Schubert, Jeremy Van Dijk, Michael Puntiroli, Ben-
jamin Volland, Sylvain Weber, and Mehdi Farsi (2018). Energieverbrauch
der Haushalte in der Schweiz. Highlights der Haushaltsbefragung zum FEn-
ergieverbrauch. EnergieSchweiz. SCCER CREST. URL: http://dx.doi.
org/10.13140/RG.2.2.26289.66403.

Farsi, Mehdi, Laurent Ott, and Sylvain Weber (2020). “Les intentions con-

tradictoires des Suisses vis-a-vis de leur consommation d’énergie / Die

HPpublications based on experiments are labeled by an asterisk (*).

32


https://doi.org/10.1080/15568318.2022.2121234
https://doi.org/10.1007/s43546-021-00083-4
https://doi.org/10.1007/s43546-021-00083-4
https://doi.org/10.1080/00036846.2021.2014395
https://doi.org/10.1080/00036846.2021.2014395
http://dx.doi.org/10.13140/RG.2.2.26289.66403
http://dx.doi.org/10.13140/RG.2.2.26289.66403

widerspriichlichen Absichten der Schweizer Bevolkerung in Bezug auf
ihren Energieverbrauch”. Social Change in Switzerland 21. URL: http:
//doi.org/10.22019/SC-2020-00001.

Hahnel, Ulf J.J. and Tobias Brosch (2018). “Environmental trait affect”.
Journal of Environmental Psychology 59. (*), pp. 94-106. 1SSN: 0272-
4944. URL: https://doi.org/10.1016/j. jenvp.2018.08.015.

Hearn, Adam X., Darja Mihailova, Iljana Schubert, and Annika Sohre (2022).
“Redefining energy vulnerability, considering the future”. Frontiers in
Sustainable Cities 4, p. 952034. URL: https://doi . org/10.3389/
frsc.2022.952034.

Hediger, Cécile (2023). “The more kilometers, the merrier? The rebound
effect and its welfare implications in private mobility”. Energy Policy
180, p. 113676. 1sSN: 0301-4215. URL: https://doi.org/10.1016/j.
enpol.2023.113676.

Hess, Ann-Kathrin, Robin Samuel, and Paul Burger (2018). “Informing a
social practice theory framework with social-psychological factors for an-
alyzing routinized energy consumption: A multivariate analysis of three
practices”. Energy Research & Social Science 46, pp. 183-193. 1SSN: 2214-
6296. URL: https://doi.org/10.1016/j.erss.2018.06.012.

Hess, Ann-Kathrin, Iljana Schubert, Robin Samuel, and Paul Burger (2022).
“Changing routinized household energy consumption using the example
of washing, cooking, and standby: A randomized controlled field experi-
ment of home energy advice”. Cleaner and Responsible Consumption 4,

p. 100052. URL: https://doi.org/10.1016/j.clrc.2022.100052.

33


http://doi.org/10.22019/SC-2020-00001
http://doi.org/10.22019/SC-2020-00001
https://doi.org/10.1016/j.jenvp.2018.08.015
https://doi.org/10.3389/frsc.2022.952034
https://doi.org/10.3389/frsc.2022.952034
https://doi.org/10.1016/j.enpol.2023.113676
https://doi.org/10.1016/j.enpol.2023.113676
https://doi.org/10.1016/j.erss.2018.06.012
https://doi.org/10.1016/j.clrc.2022.100052

Hille, Stefanie, Sylvain Weber, and Tobias Brosch (2019). “Consumers’ pref-
erences for electricity-saving programs: Evidence from a choice-based con-
joint study”. Journal of Cleaner Production 220. (*), pp. 800-815. ISSN:
0959-6526. URL: https://doi.org/10.1016/j.jclepro.2019.02.142.

Hoerler, Raphael, Thomas Stoiber, and Andrea Del Duce (2023). “Push
and pull strategies to increase the uptake of small electric vehicles”.
Transportation Research Part D: Transport and Environment 116. (*),
p. 103638. 18SN: 1361-9209. URL: https://doi.org/10.1016/j.trd.
2023.103638.

Hoerler, Raphael, Thomas Stoiber, and Andrea Del Duce (2023). “Battling
the large car boom: How to increase the adoption of small battery electric
vehicles”. Transportation Research Procedia 72. (*), pp. 1296-1302. URL:
https://doi.org/10.1016/j.trpro.2023.11.590.

Hoerler, Raphael, Anna Stiinzi, Anthony Patt, and Andrea Del Duce (2020).
“What are the factors and needs promoting mobility-as-a-service? Find-
ings from the Swiss Household Energy Demand Survey (SHEDS)”. Fu-
ropean Transport Research Review 27 (12). URL: https://doi.org/10.
1186/s12544-020-00412-y.

Hoerler, Raphael, Jeremy van Dijk, Anthony Patt, and Andrea Del Duce
(2021). “Carsharing experience fostering sustainable car purchasing? In-
vestigating car size and powertrain choice”. Transportation Research Part
D: Transport and Environment 96. (*), p. 102861. 1SSN: 1361-9209. URL:
https://doi.org/10.1016/j.trd.2021.102861.

Lagomarsino, Maria, Linda Lemarié, and Michael Puntiroli (2020). “When

saving the planet is worth more than avoiding destruction: The impor-

34


https://doi.org/10.1016/j.jclepro.2019.02.142
https://doi.org/10.1016/j.trd.2023.103638
https://doi.org/10.1016/j.trd.2023.103638
https://doi.org/10.1016/j.trpro.2023.11.590
https://doi.org/10.1186/s12544-020-00412-y
https://doi.org/10.1186/s12544-020-00412-y
https://doi.org/10.1016/j.trd.2021.102861

tance of message framing when speaking to egoistic individuals”. Journal
of Business Research 118. (*), pp. 162-176. 1sSN: 0148-2963. URL: https:
//doi.org/10.1016/j. jbusres.2020.06.046.

Lang, Ghislaine, Mehdi Farsi, Bruno Lanz, and Sylvain Weber (2021). “En-
ergy efficiency and heating technology investments: Manipulating finan-
cial information in a discrete choice experiment”. Resource and Energy
Economics 64. (*), p. 101231. 1SSN: 0928-7655. URL: https://doi.org/
10.1016/j.reseneeco.2021.101231.

Lang, Ghislaine and Bruno Lanz (2021). “Energy efficiency, information, and
the acceptability of rent increases: A survey experiment with tenants”.
Energy Economics 95. (*), p. 105007. 1SsN: 0140-9883. URL: https://
doi.org/10.1016/j.eneco.2020.105007.

Ludwig, Patrick and Christian Winzer (2022). “Tariff Menus to Avoid Re-
bound Peaks: Results from a Discrete Choice Experiment with Swiss Cus-
tomers”. Energies 15 (17). (*), p. 6354. URL: https://doi.org/10.3390/
en15176354.

Mihailova, Darja, Iljana Schubert, Adan L. Martinez-Cruz, Adam X. Hearn,
and Annika Sohre (2022). “Preferences for configurations of Positive En-
ergy Districts - Insights from a discrete choice experiment on Swiss house-
holds”. Energy Policy 163. (*), p. 112824. 1SSN: 0301-4215. URL: https:
//doi.org/10.1016/j.enpol.2022.112824.

Moro, Arielle and Adrian Holzer (2020). “A Framework to Predict Consump-
tion Sustainability Levels of Individuals”. Sustainability 12 (4), p. 1423

URL: https://doi.org/10.3390/su12041423.

35


https://doi.org/10.1016/j.jbusres.2020.06.046
https://doi.org/10.1016/j.jbusres.2020.06.046
https://doi.org/10.1016/j.reseneeco.2021.101231
https://doi.org/10.1016/j.reseneeco.2021.101231
https://doi.org/10.1016/j.eneco.2020.105007
https://doi.org/10.1016/j.eneco.2020.105007
https://doi.org/10.3390/en15176354
https://doi.org/10.3390/en15176354
https://doi.org/10.1016/j.enpol.2022.112824
https://doi.org/10.1016/j.enpol.2022.112824
https://doi.org/10.3390/su12041423

Nguyen, Khoa, Valentino Piana, and René Schumann (2023). “Simulating
Bounded Rationality in Decision-Making: An Agent-Based Choice Mod-
elling of Vehicle Purchasing”. Advances in Social Simulation. Ed. by
Flaminio Squazzoni. Cham: Springer Nature Switzerland, pp. 421-433.
ISBN: 978-3-031-34920-1.

Nguyen, Khoa and René Schumann (2020). “A socio-psychological modal
choice approach to modelling mobility and energy demand for electric
vehicles”. Energy Informatics 3 (Suppl 1), p. 20. URL: https://doi .
org/10.1186/s42162-020-00123-7.

Ott, Laurent, Mehdi Farsi, and Sylvain Weber (2021). “Beyond political
divides: Analyzing public opinion on carbon taxation in Switzerland”.
Research handbook on environmental sociology. (*). Edward Elgar Pub-
lishing. Chap. 17, pp. 313-339. URL: https://doi.org/10.4337/
9781800370456 .00027.

Ott, Laurent and Sylvain Weber (2022). “How effective is carbon taxation on
residential heating demand? A household-level analysis”. Energy Policy
160, p. 112698. URL: https://doi.org/10.1016/j . enpol . 2021 .
112698.

Puntiroli, Michael and Valéry Bezencon (2020). “Feedback devices help only
environmentally concerned people act pro-environmentally over time”.
Journal of Environmental Psychology 70, p. 101459. URL: https://doi.
org/10.1016/j. jenvp.2020.101459.

Schubert, [ljana, Annika Sohre, and Melanie Strobel (2020). “The role of

lifestyle, quality of life preferences and geographical context in personal

36


https://doi.org/10.1186/s42162-020-00123-7
https://doi.org/10.1186/s42162-020-00123-7
https://doi.org/10.4337/9781800370456.00027
https://doi.org/10.4337/9781800370456.00027
https://doi.org/10.1016/j.enpol.2021.112698
https://doi.org/10.1016/j.enpol.2021.112698
https://doi.org/10.1016/j.jenvp.2020.101459
https://doi.org/10.1016/j.jenvp.2020.101459

air travel”. Journal of Sustainable Tourism 28 (10), pp. 1519-1550. URL:
https://doi.org/10.1080/09669582.2020.1745214.

Schubert, Iljana, Sylvain Weber, Adan Leobardo Martinez-Cruz, Paul Burger,
and Mehdi Farsi (2022). “Structural equation modeling as a route to in-
form sustainable policies: The case of private transportation”. Frontiers
in Sustainability 3, p. 837427. URL: https://doi.org/10.3389/frsus.
2022.837427.

Sierro, Fabienne and Yann Blumer (2024). “Material energy citizenship through
participation in citizen-financed photovoltaic projects”. Energy, Sustain-
ability and Society 14 (33). URL: https://doi.org/10.1186/s13705-
024-00465-0.

Stoiber, Thomas, Iljana Schubert, Raphael Hoerler, and Paul Burger (2019).
“Will consumers prefer shared and pooled-use autonomous vehicles? A
stated choice experiment with Swiss households”. Transportation Research
Part D: Transport and Environment 71. (*), pp. 265-282. URL: https:
//doi.org/10.1016/j.trd.2018.12.019.

Tilov, Ivan, Mehdi Farsi, and Benjamin Volland (2020). “From frugal Jane to
wasteful John: A quantile regression analysis of Swiss households’ elec-
tricity demand”. Energy Policy 138, p. 111246. 1SSN: 0301-4215. URL:
https://doi.org/10.1016/j.enpol.2020.111246.

Tilov, Ivan and Sylvain Weber (2023). “Heterogeneity in price elasticity of
vehicle kilometers traveled: Evidence from micro-level panel data”. Energy
Economics 127, p. 107078. 1SSN: 0140-9883. URL: https://doi.org/10.

1016/j.eneco.2023.107078.

37


https://doi.org/10.1080/09669582.2020.1745214
https://doi.org/10.3389/frsus.2022.837427
https://doi.org/10.3389/frsus.2022.837427
https://doi.org/10.1186/s13705-024-00465-0
https://doi.org/10.1186/s13705-024-00465-0
https://doi.org/10.1016/j.trd.2018.12.019
https://doi.org/10.1016/j.trd.2018.12.019
https://doi.org/10.1016/j.enpol.2020.111246
https://doi.org/10.1016/j.eneco.2023.107078
https://doi.org/10.1016/j.eneco.2023.107078

Tomic, Uros, Iljana Schubert, and Paul Burger (2023). “The utility of using a
top-down conduct-of-life-based approach for explaining energy consump-
tion behaviour: evidence from Switzerland”. Energy Efficiency 16 (5),
p. 49. URL: https://doi.org/10.1007/512053-023-10127-3.

Van Dijk, Jeremy, Mehdi Farsi, and Sylvain Weber (2021). “Travel Mode
Choices in a Greening Market: The Impact of Electric Vehicles and Prior
Investments”. Transportation Research Record 2675 (11). (*), pp. 1205—
1218. URL: https://doi.org/10.1177/03611981211025279

Winzer, Christian and Hongliang Zhang (2024). “Cost Focus versus Comfort
Focus: Evidence from a Discrete Choice Experiment with Swiss Residen-
tial Electricity Customers”. The Energy Journal 45 (2). (*). URL: http:
//dx.doi.org/10.5547/01956574.45.2. cwin.

Yilmaz, Selin, Arthur Rinaldi, and Martin K. Patel (2020). “DSM interac-
tions: What is the impact of appliance energy efficiency measures on the
demand response (peak load management)?” Energy Policy 139, p. 111323.
1SSN: 0301-4215. URL: https://doi.org/10.1016/j . enpol.2020.

111323.

38


https://doi.org/10.1007/s12053-023-10127-3
https://doi.org/10.1177/03611981211025279
http://dx.doi.org/10.5547/01956574.45.2.cwin
http://dx.doi.org/10.5547/01956574.45.2.cwin
https://doi.org/10.1016/j.enpol.2020.111323
https://doi.org/10.1016/j.enpol.2020.111323

	Introduction
	Objectives
	Survey design and structure
	Attrition analysis

	A descriptive analysis
	Energy demand
	Investments
	Behavior
	Saving potentials via segmentation

	Discussion and perspectives

