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Abstract

We study household acceptance of flexibility contracts for electric vehicles (EVs)
and heat pumps (HPs), two key technologies for the energy transition. Using a sur-
vey and choice experiment with around 3,000 households, we analyze how contract
design—particularly comfort limits such as indoor temperature or driving range—
affects both the decision to participate and the flexibility households are willing to
supply at different levels of remuneration. Around 70% of households in our sample
are willing to participate. Discomfort affects utility nonlinearly for EVs: remaining
range is valued at close to €0/km above 100 km but rises to €0.40/km below, while
HP flexibility is valued at about €2 per degree of indoor temperature reduction.
We derive conditions under which flexibility contracts can achieve cost-effectiveness
while remaining acceptable to households. Back-of-the-envelope calculations sug-
gest potential load reductions of up to 300 MW /event from HPs and 800 MW /event

from EVs per million units.
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1 Introduction

The electrification of heating and transport is a cornerstone of the energy transition. As
heat pumps (HPs) and electric vehicles (EVs) are adopted, household electricity demand
becomes increasingly flexible in responding to incentives, thereby raising the elasticity of
residential electricity consumption. From an economic perspective, such flexibility is cen-
tral to allocative efficiency in electricity markets, as it allows demand to adjust when and
where supply is scarce, and to productive efficiency in integrating large shares of variable
renewable generation, thereby also reducing carbon externalities. Assessing the value of
flexibility requires evidence on how households trade off remuneration against comfort
losses, since these preferences ultimately determine the limits of household flexibility.

Residential electricity flexibility can be induced in two ways: implicitly, through price
signals, or explicitly, through bilateral contracts between a flexibility aggregator and
households. In recent years, the offering of retail contracts with time-varying tariffs,
reflecting marginal generation costs and system conditions, has increased, and such offers
are now mandatory for large suppliers in the EU (European Parliament and the Council
of the European Union 2019, Art. 11). However, evidence on the effectiveness of implicit
flexibility remains mixed (see Section 2 for references). By contrast, explicit flexibility
has emerged as a business model in which aggregators coordinate and pool small-scale
capacities into portfolios, often referred to as virtual power plants, and offer monetary
compensation in exchange for the right to curtail or shift loads (Nouicer et al. 2023).
Aggregators derive revenues from multiple streams enabled by local market structures,
including, for example, shifting load to lower-cost periods, providing callable capacity, or
reducing costs for system imbalance and renewable curtailment. The economic potential
of such schemes depends on two margins: the extensive margin (the share of households
with flexible assets willing to participate) and the intensive margin (the amount of flex-
ibility each household provides). Together, these margins determine the cost-efficiency
of explicit flexibility and its potential to improve the allocative efficiency of electricity
generation technologies.

Unlike players in wholesale electricity markets who respond primarily to price signals,
households adjust their consumption in consideration of factors beyond prices. Both the
extensive and intensive margins of flexibility may depend on comfort preferences, habits,

sociodemographics, and environmental attitudes, all of which vary across households.



Accurately estimating these margins therefore requires accounting for this heterogeneity.

In this paper, we present the results of a large-scale survey of over 3,000 households
on electricity flexibility, half of whom are members of two energy cooperatives in Flan-
ders (Belgium) and the other half drawn from an online panel from Western-European
countries. We capture both the extensive and intensive margins through a combination
of direct questions on households” willingness to participate in flexibility schemes and a
discrete choice experiment on electric vehicle (EV) and heat pump (HP) flexibility con-
tracts. Finally, we use these stated preferences to analyze a simplified business case for an
aggregator and identify the conditions under which compensation for flexibility contracts
becomes cost-efficient.

We find that the extensive margin is high overall: households in our sample show
a strong willingness to participate in flexibility schemes and to cede control over large
appliances, a prerequisite for direct load control under explicit flexibility with an aggre-
gator, with willingness higher for EVs than for HPs. Flexibility contract features such as
comfort impacts, monetary compensation, and intervention frequency drive acceptability,
but they play only a secondary role. Observed choices primarily reflect a strong general
preference for having a contract rather than opting out. A key finding is that comfort
costs for EV flexibility are highly nonlinear, whereas thermal comfort costs for HPs are
approximately linear. We find that small reductions in available EV driving range are
inexpensive, but costs rise steeply once interventions push range close to the household’s
minimum mobility requirement. This nonlinearity has direct implications for contract
design because it limits the amount of flexibility that can be procured by EVs at rea-
sonable cost. Regardless of the appliance, respondents prefer more frequent interventions
and show little preference regarding their timing.

A regression analysis of individual-level marginal willingness to accept (MWTA) es-
timates identifies the respondent characteristics that drive contract acceptance. Across
both groups, one of the strongest predictors of MWTA is the willingness to cede control
over the HP or EV. Yet, intensity of appliance use matters too: respondents with longer
daily driving distances or higher temperature preferences require more compensation.

Finally, we combine our estimates with a simple aggregator cost and revenue model
to assess when flexibility contracts break even. The analysis shows that aggregators can

earn meaningful annual revenues from load shifting and capacity remuneration, but only



a subset of contracts is cost-efficient. Break-even conditions depend on compensation
levels, fixed contract costs, and the intensity and frequency of interventions. Profitability
is highly sensitive to how often interventions occur.

This paper is organized as follows. Section 2 reviews the literature and presents our
contributions. Section 3 describes the survey design and data. Section 4 details the
methods and behavioral hypotheses tested. Section 5 discusses the results from both the
direct questions and the choice experiment, while Section 6 examines the implications of

flexibility contracts for the electricity grid and aggregators’ profits. Section 7 concludes.

2 Background

2.1 Price-based flexibility underdelivers

Economics research has long shown that inelastic demand makes electricity markets
difficult to operate efficiently. Borenstein (2002) noted that limited storage and price-
unresponsive, hard-to-forecast demand result in strong price volatility, and Joskow (2008)
stressed the importance of demand-side response in liberalized markets. With growing
renewable capacity, inelastic demand drives both the cannibalization effect, where the
market value of variable renewables drops with installed capacity (Hirth 2013; Lépez Prol
et al. 2020), and episodes of negative wholesale prices when supply exceeds unresponsive
demand (Fanone et al. 2013; Hagfors et al. 2016; Seel et al. 2021). To increase demand
responsiveness, Borenstein (2002) advocated exposing consumers to time-varying prices.

Yet, empirical evidence suggests that household demand is only weakly responsive to
prices (e.g., (Herter et al. 2007; Herter and Wayland 2010; Faruqui and Sergici 2010; All-
cott 2011; Wolak 2011; Ito 2014; Jessoe and Rapson 2014; Harding and Lamarche 2016;
Bollinger and Hartmann 2019; Fabra et al. 2021; Enrich et al. 2024)). In a review of liter-
ature, Harding and Sexton (2017) attribute this to limited substitutes, the high perceived
value of energy services, and behavioral factors such as inattention. Still, price respon-
siveness varies by appliance ownership (Faruqui and Sergici 2010; Wolak 2011; Jessoe and
Rapson 2014; Ovaere and Vergouwen 2025), building type (Herter and Wayland 2010),
or sociodemographics. For instance, Harding and Lamarche (2016) find that younger and
higher-income households are more responsive to time-of-use pricing. This research in-
dicates that price signals are necessary but insufficient to achieve the level of flexibility

modern electricity systems require.



2.2 Automation complements price signals

One way to strengthen the effect of price signals is through the automation of house-
hold appliances. We distinguish two types. First, households can use programmable
thermostats, smartphone apps, or online portals to pre-set rules. Automation then com-
plements price signals by lowering the cost of adjusting consumption (Herter et al. 2007;
Faruqui and Sergici 2010) and short-run demand response was shown to double or even
triple (Bollinger and Hartmann 2019).

A second type of automation emerges through contracts that households can sign
with a so-called flexibility aggregator (typically distinct from the supplier), allowing it
to schedule or curtail selected appliances across many homes for compensation. This
business model, called explicit flexibility, is now promoted in EU policies (European Par-
liament and the Council of the European Union 2019). Evidence is growing that such
centrally coordinated control can increase flexibility, for example for heat pumps, (Jensen
et al. 2018; Centre for Net Zero and Nesta 2023, 2024; Rigaux et al. 2025) and air condi-
tioning (Kane et al. 2024; Blonz et al. 2025). In these cases, demand response is typically
larger than under manual adjustments, with Bailey et al. (2025) finding up to five times
greater, without necessarily causing high discomfort (Bailey et al. 2025; Centre for Net
Zero and Nesta 2023, 2024; Blonz et al. 2025; Rigaux et al. 2025).

Explicit flexibility turns household responses into schedulable and predictable re-
sources, which aggregators can pool and monetize through additional value streams like
intraday markets, frequency reserves, or imbalance settlements. Yet, flexibility contracts
raise key questions such as who will sign up, how much flexibility participants will deliver,
and how to set compensations covering households’ private enrollment and discomfort

costs without undermining participation or the aggregator’s profitability.

2.3 Choice experiments reveal flexibility contract preferences

Despite growing field evidence on explicit flexibility, most studies still rely on stated-
preference methods such as discrete choice experiments. Within the choice experiment lit-
erature, some studies examine general electricity contracts with varying levels of automa-
tion, without focusing on appliance-specific contracts (Richter and Pollitt 2018; Ruokamo
et al. 2019), while others investigate appliance-specific contracts, e.g., for white goods

(Harold et al. 2021), heat pumps (Bender et al. 2024), electric vehicles (Geske and Schu-



mann 2018), or combinations of appliances (Kubli et al. 2018; Yilmaz et al. 2021).

These studies identify which contract features are most relevant. Most include a
monetary incentive and an attribute reflecting discomfort (Bailey and Axsen 2015; Geske
and Schumann 2018; Kubli et al. 2018; Richter and Pollitt 2018; Ruokamo et al. 2019;
Yilmaz et al. 2022; Bender et al. 2024). For HPs, this is usually a guaranteed minimum
indoor temperature (Kubli et al. 2018; Bender et al. 2024), while for EVs it is minimum
charge, driving range, or prolonged charging hours (Bailey and Axsen 2015; Geske and
Schumann 2018; Yilmaz et al. 2022). Some also consider intervention frequency and/or
additional features such as override or notification rights (Kubli et al. 2018; Harold et
al. 2021; Yilmaz et al. 2021). Overall, many studies suggest households are generally
willing to accept flexibility contracts, though discomfort may limit participation.

Our first contribution aligns with this literature by combining a survey and a discrete
choice experiment to estimate the extensive and intensive margins of household flexibility
for EVs and HPs. Methodologically, we extend existing choice experiment studies by
translating contracts into flexibility potential in energy (kWh) and power (kW) using a
back-of-the-envelope approach similar to Harold et al. (2021). A further contribution is
our contract design, which explicitly reflects both contract sides. To capture the aggre-
gator’s incentive to maximize revenues, we allow for long and repeated interventions. To
capture households’ incentive to minimize comfort costs, we provide clear information on

the maximum comfort impacts, so that respondents can make informed choices.

2.4 Explicit flexibility contracts are constrained by comfort

Flexibility contracts for EVs and HPs can affect household utility through range anxiety
or thermal discomfort. Evidence suggests these comfort costs are heterogeneous across
households and nonlinear, with marginal disutility rising faster than proportionally.

Following Rauh et al. (2015), range anxiety is the stress (electric) vehicle drivers feel
when current or anticipated range is considered insufficient. Research shows that this
concern declines with EV ownership, experience (Rauh et al. 2015; Pevec et al. 2020;
Rainieri et al. 2023), and technology savviness (Rainieri et al. 2023); that it appears
nonlinear in the remaining range (Noel et al. 2019); and that it is particularly pronounced
below 50 km (Thorhauge et al. 2024).

Thermal comfort shows similar variation.! Indoor temperature preferences differ across

1. We proxy thermal comfort by indoor temperature, although norms such as ISO 7730:2005 addition-



sociodemographic groups—older and larger households, higher income, renter households,
and retirees all tend to keep homes warmer?—and across dwelling types, where detached
houses tend to be colder (Kelly et al. 2013; Hamilton et al. 2017; Namazkhan et al. 2019).
Further, Namazkhan et al. (2019) show that environmentally oriented households prefer
lower temperatures. Evidence also points to nonlinear responses to thermal (dis)comfort:
in a study on air-conditioner curtailment events, Sarran et al. (2021) show that event
overrides rise nonlinearly with event duration and temperature deviation. In Rigaux
et al. (2025), we also find households manually override HP curtailment events with
unusually large temperature drops. In contrast, Metcalfe et al. (2025) find in the context
of managed EV charging that users overrode the automated schedule about 1% of days.

Our second contribution is to quantify households’ comfort costs. We find that ther-
mal discomfort grows proportionally with each lost degree, while EV range anxiety rises
disproportionately as range is more constrained. This nonlinear perception results in

nonlinear marginal comfort costs.

2.5 The viability of aggregators remains unclear

Aggregator business models are increasingly analyzed as a source of value in electricity
systems. Burger et al. (2017) show how aggregators pool small-scale flexibility and mon-
etize it across several markets, while Schittekatte et al. (2021) examine how aggregator
actions interact with supplier revenues. A central practical challenge, highlighted by Okur
et al. (2021), is how households should be compensated for the flexibility they provide.
Our third contribution is to quantify this compensation for EV and HP flexibility
using stated-preference data and to link these valuations to the economic viability of
explicit flexibility contracts. This adds to the literature on aggregator business models
by discussing the practical flexibility potential of such contracts and assessing, under

simplifying assumptions, when they remain cost-effective.

ally account for air speed, vertical gradients, etc. Cf. https://www.iso.org/standard/39155.html.

2. Quantitatively, Kelly et al. (2013) show that temperatures are 0.6 °C higher on average in the top
versus bottom income bracket, increase by around 0.2 to 0.3 °C per additional household member (or
child), and are ~0.6 °C higher when the oldest resident is < 74 compared to < 60 years old.


https://www.iso.org/standard/39155.html

3 Data

3.1 Data sources

The data used in this research were collected via an online survey conducted on the
website Qualtrics between November 2022 and January 2023. The survey was designed
in collaboration with two energy cooperatives active in Flanders (Belgium): Energent,
a local cooperative founded in 2013 in Ghent, which promotes and invests in renewable
energy projects across its ~2,000 members, and Ecopower, founded in 1991 and currently
Belgium’s largest cooperative electricity supplier (Van Steenberghe et al. 2025), with
72,000 cooperative members, 60,000 supply customers, and a portfolio including more
than 68 MW of wind power and over 24 MWp of solar capacity managed directly or
jointly. More details on the survey are presented in Appendix A.

Two recruitment channels were used. First, the cooperatives shared the survey via
their email newsletters, which are open to non-members but fewer than 3% of these re-
spondents reported not owning shares in the respective cooperative. We thus refer to these
respondents as Cooperants. Second, the survey was also distributed through the UK-based
online platform Prolific where a pool of respondents are paid to take part in the survey?.
To ensure the payment incentive would not affect data quality, participants recruited via
Prolific had to pass five attention/comprehension checks throughout the survey (resulting
in the removal of 63 respondents). This second group, referred to as the Online panel,
included respondents residing in Belgium (18.6% of online panel respondents), Germany
(34.4%), The Netherlands (25.6%), France (21.0%), Luxembourg (0.5%), due to difficulty
gathering a sufficient number of participants in Belgium only. Fewer than 3% of the online
panel reported being members of an energy cooperative. The final sample includes 2,935
respondents: 1,515 cooperants and 1,420 from the online panel.

Table 1 compares our sample characteristics with Belgian averages. We find that in-
come quartiles and employment or retirement rates are broadly consistent with national
data, suggesting that our sample provides a good representation of the overall professional
status. However, our sample is younger, more educated, more urban and smaller in house-
hold size, with fewer children. Higher HP and EV ownership rates also suggest potentially

stronger environmental preferences in our sample. These trends point to possible demo-

3. We set the payment to ~£7/hour, i.e., ~£2 per respondent.



graphic, geographic, and cultural biases to keep in mind when interpreting the results.
Additionally, not all respondents own an EV or HP, so the survey instructed respondents

to answer based on their household’s mobility or heating preferences (see Appendix A).

Table 1: Survey respondents’ characteristics.

Total Sample Belgian

respondents statistics statistics
Respondent-specific characteristics
Female respondents (%) 2935 35.8% 51.2% &7
Age < 34 (%) 2935 37.7% 23.8%
Age > 65 (%) 2935 15.1% 26.1 % "
Higher education diploma (%) 2887 80.3% 31.8% P°
Employed (< 64), full- or part-time (%) 2489 71.0% 73.3% 7
Retired (%) 2935 18.2% 23.7% 4"
Household characteristics
Mean household size (persons) 2779 2.52 225 ¢
Household with > one child (%) 2779 23.0% 36.7% !
Q1 household income category (net, monthly) 2592 €2,000-€2,999 =~€2572 &
Median household income category (net, monthly) 2592 €3,000-€3,999 =~€3,429 #
Q3 household income category (net, monthly) 2592 €5,000-€5,999 =~€5,909 &
Homeowners (%) 2847 68.0% 64.5% "
Dwelling and energy characteristics
Urban or suburban environment (%) 2934 73.0% 85.5% 1
Semi-detached house (%) 2935 17.0% 42.1%
Apartment (%) 2935 34.2% 22.9%
Median dwelling size (category) 2926 100-149 m? —
Home built > 2006 (%) 2935 16.5% 12.5%
Household has solar PV (%) 2935 42.9% — 1
Household has home automation system (%) 2935 25.8% —
Heat pump is primary heating system (%) 2925 9.4% ~4% ™
Natural gas is primary heating system (%) 2935 61.7% 58.0% ™
Car is main transport mode (%) 2935 53.6% 72.0% °
Fully EV among car users (%) 1572 10.5% ~3% P
Superscripts indicate references for Belgian statistics (Appendix B); ”—" denotes no national statistic available.

3.2 Choice experiment design

The main section of the survey consisted of two separate choice experiments (CEs) on
flexibility contracts for EVs and HPs. Each CE included four choice cards, where respon-
dents were presented with two alternative flexibility intervention contracts and an opt-out
option. In each round, respondents selected their preferred contract (or chose to opt out).
By varying the levels of contract attributes within and across cards, we can infer how

respondents make trade-offs between different features of flexibility.



The two CEs followed similar designs inspired by the literature, while balancing the
number of features and experiment complexity. Table 2 lists the attributes and levels used
(see Appendix A for details). The first attribute captures the comfort impact of individual
interventions. In the EV CE, this was the available driving range when charging was
delayed up to eight hours; in the HP CE, it was the indoor temperature at which the
heat pump restarted, representing a guaranteed lower limit. For HPs, interventions were
restricted to the winter, consistent with typical HP usage in Western-Europe.

The second attribute captures the financial compensation offered per intervention.
The levels differed between EVs and HPs and were calibrated based on a pilot survey
while aiming to reflect realistic orders of magnitude. For example, assuming an average
HP load of 0.4 kW, a €1 incentive corresponds to interrupting the HP for just under
six hours at Belgian residential electricity prices of €0.44/kWh (prices, including taxes,
at the time of the survey (Eurostat 2025)). For a 70 kWh EV battery under the same
conditions, the stored energy equates to roughly €32.

The third attribute specifies the starting time of each intervention in four categories:
morning, afternoon, evening, or night. While this is not equivalent to specifying the
duration for HP interventions, we remained agnostic about duration and treated it as a
function of households’ tolerance for thermal discomfort. This approach reflects future
scenarios where aggregators or transmission system operators (TSOs) may require enough
flexibility for potentially long, Dunkelflaute-type, events.

The fourth attribute reflects the burden of flexibility schemes, measured by the number
of interventions per year and equivalent to 1, 6, 12 or 52 evenly spread events.

This design results in a fairly high number of choice cards (4* = 256 cards per CE).
To reduce it, we used the software NGene to generate a fractional D-efficient design
(ChoiceMetrics 2024). The program selects a subset of choice cards that minimizes the
estimated parameters variance and does so using prior information for calibration which
we obtained from a pilot survey with 89 respondents. This final design included 64 choice
cards per CE, divided into 16 blocks of four cards each. The choice cards were then
exported to Qualtrics following the approach in Weber (2021). To mitigate potential bias
from response fatigue or cognitive burden, we randomized the order of the two CEs, the

assignment of blocks within each CE, and the order of the cards within each block.
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Table 2: Dimensions, attributes, and levels used in defining flexibility intervention contracts in the
choice experiments on electric vehicle (EV) and heat pump (HP) flexibility.

Dimension Asset  Attribute Definition Levels

EV Range Driving range value during an 200 km, 150 km, 100 km,

Comfort intervention 50 km
impact .
HpP Temp Indoor ‘u.emperatgre at which 19 °C. 18 °C. 17 °C. 16 °C
the intervention ends
Financial EV € Financial compensation €20, €10, €5, €3
compensation HP per intervention €4, €3, €2, €1
Morning (05h—11h),
Temporal Moment of the day the Afternoon (11h-17h),
convenience Both Start intervention starts Evening (17h-23h), Night
(23h-05h)
Intervention Frequency of interventions Once a year, Once every
intensity Both Freq d }I;er year two months, Once a month,

Once a week

4 Methods

4.1 Discrete choice modeling

We briefly present the main elements of discrete choice modeling following (Greene 2002;
Hensher et al. 2015); additional details are provided in Appendix C. Consider the utility
U,s; derived by respondent n when choosing contract (or opt-out) j in choice card s. In
the random utility model, U,,; is unobservable but can be decomposed into a systematic

component V,,;; and an unobserved stochastic term &,,; (McFadden 1974):
Unsj = Vnsj + Ensj- (1)

The observable part V,,,; is assumed to depend linearly on contract attributes:

Vnsj = Z 6nk$nsjka (2)

keK
where 4 is the level of attribute & (in K) for contract j in choice card s, and S, are

the marginal utilities associated with each attribute k for respondent n; the s are the
quantities to be estimated. Because utilities are ordinal, the $s have no natural scale. To
obtain interpretable measures, we compute the marginal willingness-to-accept (MWTA)

for attribute k, which, under our assumptions for the utility function, is given by:

COUJOE T B 3)

where € symbolizes the contract’s compensation per intervention level and 3, ¢ is the

MWTA,, =

marginal utility of an additional €1 /intervention. In other words, MW T A, represents
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the additional compensation per intervention required by respondent n to offset the utility
change associated with attribute k.

Our preferred estimator in this paper is the mixed logit model (see Appendix C for
methodological details and Appendix G for statistical tests against a simpler conditional
logit estimator). The mixed logit model is obtained by allowing preferences for some
(or all) attributes to vary randomly across respondents: [S,x = Sx + I'yvnk, where Gy
is the population mean of the marginal utility of attribute k, v,; is a standard normal
draw generating individual-specific deviations and I" is the Cholesky factorization of the
covariance matrix of preferences. This model estimates both heterogeneity and correlation
in preferences. Probabilities do not have a closed-form expression and the [, are therefore
estimated by simulated maximum likelihood. Further, it is also possible to identify the
individual marginal utilities 3, by conditioning estimates on each respondent n’s observed
sequence of choices (Revelt and Train 2000) (see Appendix C); they are called the posterior

or conditional parameters.

4.2 Behavioral framework and hypotheses

With our selection of attributes (see Section 3.2), we specify the utility in Eq. (2) as:

V =Basc ASC + Bcomfimpact ComfImpact + Be € + Brreqg Freq
+ BEvening Start Ev + Bright Start Ni + Barorning StartMo, (4)

where ASC' (the alternative-specific constant) equals one for the opt-out (zero otherwise).
The coefficient Sa5¢ captures the average propensity to choose an opt-out relative to a
flexibility contract. ComfImpact, €, and F'req represent respectively the comfort impact of
the intervention (remaining range for EV contracts or guaranteed minimum temperature
for HP contracts), the monetary compensation per intervention and the yearly frequency
of interventions. The start time of the intervention is dummy-coded with the afternoon

as the reference category.

Behavioral mechanisms and tested specifications For each choice experiment, we
estimate three specifications of Eq. (4), each corresponding to a hypothesis regarding
contract acceptance behavior.

The first estimation uses Eq. (4) directly, where comfort impact and frequency enter

linearly, implying constant marginal utility. This specification serves as our baseline.
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The second estimation uses dummy coding for comfort impact and frequency, using
the least intrusive levels as reference categories (200 km for EVs, 19 °C for HPs, and
one intervention per year). This allows marginal utilities to vary across attribute levels,
testing for nonlinear preferences. In other words, we test whether disutility from stronger
comfort impacts or more frequent interventions increases disproportionately.

The third estimation extends the second by adding a continuous interaction term,
Freq x €, to test whether sensitivity to compensation depends on intervention frequency
and if higher intervention frequency requires proportionally more compensation.

All specifications additionally test for temporal dependence of comfort via the start-
time dummies. The ASC coefficient serves as a proxy for status-quo bias. Its interpreta-
tion, however, must be cautious as it measures the utility difference between opting-out

and a reference contract defined by the base levels of the dummy-coded attributes.

Choice-structure assumptions and estimators For each utility specification, we
compare three choice model estimators: conditional logit (homogeneous preferences),
mixed logit with independent random preferences, and mixed logit with correlated random
parameters to assess whether preferences for different attributes evolve jointly. In mixed
logit models, all random parameters are assumed normally distributed across individuals,

except for e, which we set constant to ensure MWTAs are normally distributed.

Estimation We estimate all models and specifications in Stata 18 using the cmclogit
and mixlogit commands (Hole 2007). Mixed logit models use 2,000 Halton draws for
simulated maximum likelihood estimation (see Appendix C). We compare models based on
log-likelihood values at convergence, information criteria (AIC and BIC), and likelihood-

ratio tests between nested models.

4.3 Heterogeneity analysis

We relate individual-level (conditional) parameters to respondent characteristics to study
variation in preferences. Using the conditional parameters (see Section 4.1), we construct
individual-level MWTA estimates for two policy-relevant attributes representing highest
levels of flexibility*: Templ6 and Range50. Simply put, we study heterogeneity in tol-

erance for stronger comfort impacts of interventions. Following Sarrias (2020), we first

4. Templ6 and Rangeb0 denote the dummy-coded variables for the most restrictive levels of comfort
impacts. They equal one for 16 °C (HP) and 50 km (EV), respectively, and zero otherwise.
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verify that the conditional parameters approximate the unconditional distribution (see
Appendix D for diagnostic checks).

We regress individual-level MWTA estimates on the following linear specification:
MWTAg,=a+0H,+7A,+£S,+¢Ch +en, (5)

where k € {Templ6, Range50}, n denotes the respondent; « is the intercept and &, is

the error term. We include four sets of regressors from the direct survey responses:

1. Heating- or mobility-habits (H,,) include an indicator for EV (or HP) ownership
and a categorical variable for the level of control respondents are willing to cede over
electric mobility (or heating) in a flexibility scheme. For the EV choice experiment,
H,, also includes the number of cars (1, 2, or 34) and total daily kilometers driven,
both set to zero for households whose main transport mode is not a car. For the
HP choice experiment, H, additionally includes the minimum comfortable indoor

temperature in winter and a categorical variable for dwelling size.

2. Attitudes (A,) are derived from Likert-scale items (see Appendix E) and include
indices for the household’s tendency to save energy, self-reported knowledge of flex-

ibility concepts, and environmental concern.

3. Socio-demographic characteristics (5,,) include a dummy for the Cooperant
group, number of children under 18, total household monthly net income (< €3000,
€3000-4999, > €5000), homeownership status, residential environment (urban, sub-

urban, rural), and dwelling type (apartment, row house, semi-detached, detached).

4. Respondent controls (C,,) include age category, gender, employment status, high-

est education level, and country of residence to help control for respondent bias.

Since the dependent variables MWT Ay, are estimated from the choice model, their
estimation uncertainty propagates to the estimates in Eq. (5). We account for this via a
Krinsky and Robb procedure by randomly drawing 1,000 Bs from their asymptotic normal

distribution, computing the corresponding MWT Ay ,,, and running the regression.

5 Results

We begin by presenting results from direct survey questions on attitudes toward flexibility

schemes, followed by the analysis of the choice experiment results.
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5.1 Attitudes towards flexibility schemes

5.1.1 Willingness to enroll in a flexibility scheme

At the beginning of the survey, participants were presented with a brief introduction to
flexibility schemes (see Appendix A). This explained, i.a., the need for grid balancing, the
frequent reliance on fossil-fuel plants during periods of grid stress, and how automated
electricity flexibility can provide a solution. It also noted that households could receive
monetary compensation for accepting interventions that temporarily delay the operation
of devices such as HPs and EVs. Using this basic understanding, we asked participants
about their likelihood of enrolling in such schemes if offered, with results shown in Fig. 1.
Overall, 70.2% of respondents indicated they were likely or highly likely to enroll. While
these high numbers do not necessarily predict actual future enrollment, they reflect a
positive perception of flexibility schemes.

Spearman correlations show statistically significant but weak positive correlations be-
tween enrollment likelihood and socioeconomic characteristics like income (p = 0.05"*),
education (p = 0.10"*), age (p = 0.07"**), cooperative membership (p = 0.10*), EV
(p = 0.07***) or HP ownership (p = 0.03).5

Following this question, respondents rated the importance of potential reasons for
(not) enrolling on a 1-5 Likert scale (Not important at all—Extremely important); see
Appendix F for details and subsample breakdown. Among those (highly) likely to enroll
(N = 2,059, 70.2%), top reasons were contribution to the environment (4.26), to national
energy independence (3.86), and to grid stability (3.85). Interestingly, receiving monetary
compensation ranks only fourth (3.15). In contrast, participants (highly) unlikely to join
(N = 342, 11.7%) cited loss of appliance control (4.35), reduced comfort (3.82), and

concerns about connection stability during interventions (3.56) as the main barriers.

5.1.2 Transferring appliance control to a flexibility aggregator

We further investigate potential barriers to flexibility by asking respondents about their
willingness to transfer control to an aggregator for the automation of their appliances
during flexibility interventions. For various assets (from white goods to EVs and HPs),
respondents could choose between five levels of control ceding: (i) full refusal to cede any

control to an aggregator, (ii) unsure, (iii) conditional participation requiring day-ahead

5.%:p<0.05 **:p<0.01, **:p <0.001 (p-value for the null hypothesis of independence).
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Figure 1: Responses to "If offered to you, how likely are you to enroll in a flexibility
scheme?” This question was preceded by a presentation on flexibility. See Appendix F for
subsample breakdown.

notification of an intervention and the ability to override (e.g., with an app), (iv) condi-
tional participation requiring just the ability to override, (v) full unconditional acceptance.
We described the possible comfort impacts of interventions on each asset.

We draw two main conclusions from the results in Fig. 2. First, most respondents are
open to transferring at least some control to an aggregator, but only a minority are willing
to hand over unconditional control. Overall acceptance of any level of control transfer
is highest for interventions that stop/delay cycles of white goods (average across electric
oven, dishwasher, washing machine, and tumble dryer: 74%), followed by interventions
that delay EV charging (72%). Acceptance is lowest for interruptions of heating, which
suggests that thermal discomfort may be a stronger barrier than range anxiety.

Second, we find that acceptance does not necessarily require day-ahead notification:
most respondents willing to transfer some control are satisfied with the ability to override
interventions alone, without the need for notification.

Also, the high acceptance levels observed here are consistent with the strong willingness
to enroll shown in Fig. 1, and both correlate positively: Spearman’s correlation with

transferring higher levels of control equals 0.35*** for EVs and 0.38*** for HPs.
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Figure 2: Respondents’ willingness to transfer control of household systems to a flexibility
program manager. The question explained how interventions could affect comfort. Op-
tions ranged from refusal, uncertain, conditional agreement (with/without overruling or
day-ahead notice) to full ceding of control. (1) Mobility: interventions on electric vehicles
(EVs), (2) Heating: interventions on heat pumps, (3) White goods: average of ovens,
tumble dryers, dishwashers, and washing machines. Percentages are shown on the bars.
See Appendix F for subsample breakdown.

5.1.3 Comfort preferences for heating and mobility.

Since these preferences may explain heterogeneity in survey responses and are later used
as proxies for mobility and heating preferences in the MWTA regressions (Section 5.2.3),
Fig. 3 shows the distribution of reported daily average driving distance (km) among
respondents that identify the car as their main transport mode (cf. Table 1), and the
distribution of reported minimum and maximum indoor comfort temperatures in winter.

On average in our sample, households that use the car as their main mode of transport
report 54.7 km of total daily driving (SD = 52.0; N = 1,484). Among this group,
households that own an EV drive significantly more: their total daily distance across all
cars they own averages 75.6 km (SD = 63.5; N = 152).

Tolerance for comfort indoor temperatures in winter is relatively narrow: the reported

minimum averages 18.7 °C (SD = 1.6) and the maximum 22.0 °C (SD = 1.9).
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Figure 3: Distribution of reported daily average driving distance (left, truncated at
140 km) and of winter indoor comfort temperatures (right; min. 14.5-22 °C, max.
14.5-28 °C). Left panel includes only households reporting the car as main transport
mode. See Appendix F for subsample breakdown.

5.2 Preferences for explicit flexibility contracts

5.2.1 Descriptive choice results

We first describe general patterns of acceptance in the choice experiments before discussing
choice model estimates which control for attribute levels. Overall, respondents prefer
flexibility contracts over the opt-out: contracts were selected 85.6% of the time in the
EV experiment and 80.6% in the HP experiment. The higher opt-out rate for HPs is
consistent with the lower willingness to transfer control over heating (see Figure 2). Only
a minority of respondents systematically rejected all contracts: they were 8.1% (9.7%) in
the EV (HP) experiment, and 5.5% across both. As expected, Spearman correlations show
that respondents more willing to enroll in flexibility schemes opt out less (p ~ —0.36***
for EVs and p &~ —0.34*** for HPs).

Interestingly, the impact of asset ownership differs across experiments. In our sample,
households owning a HP significantly opt out more often, with an average opt-out rate
5.6 percentage points (p.p.) higher than non-owners (p < 0.01). By contrast, EV owners
opt out less frequently, with a rate 7.3 p.p. lower than (and roughly half of) non-owners

(p < 0.01).
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5.2.2 Marginal WTA estimates for flexibility contracts

Before we present WTA estimates®, we first test which choice structure and utility spec-
ification are supported by the data. Based on model-comparison tests (Appendix G),
our preferred utility specification includes nonlinear preferences for comfort impacts and
frequency, omits a frequency—compensation interaction, and is estimated using a mixed
logit model with correlated random coefficients.

We derive marginal WTA estimates from our preferred specification. They repre-
sent the economic trade-offs between contract attributes and per-intervention compensa-
tion. Under our model assumptions, MWTA estimates are normally distributed across
respondents. Table 3 reports their estimated means and standard deviations (SDs). For
dummy-coded attributes, MWTAs represent the additional compensation required to off-
set changes in utility relative to the base level.

Across both contract types, the largest MWTA estimates are obtained for the ASC),
meaning that respondents derive substantial utility from choosing any flexibility contract
over the opt-out. The magnitude of this estimate relative to others suggests that the
contract—versus—no-contract decision dominates choice behavior, with other attributes
playing a smaller role. The large SD further indicates substantial heterogeneity, but a
non-negligible share of respondents perceive contracts as a net utility loss.”

Comfort impacts are perceived very differently for EVs and HPs. For EV contracts,
MWTA estimates suggest nonlinear preferences and are statistically indistinguishable
from zero for remaining ranges of 100-200 km, implying that households in our sample are
indifferent across these levels. By contrast, they require substantial extra compensation
(about €20/intervention) to accept a remaining range of 50 km relative to 200 km.

For HP contracts, all temperature thresholds below the 19 °C base have significant and
increasing per-intervention MWTA values: €1.4 for 18 °C, €3.4 for 17 °C, and about €5.7
for 16 °C. For both EV and HP contracts, SDs increase with discomfort levels, indicating
that tolerance to larger comfort impacts is more heterogeneous.

Perhaps surprisingly, MWTA estimates for higher intervention frequencies (compared

to one per year) are negative. In other words, households in our sample prefer more

6. Full model outputs in preference-space and by subsample are reported in Appendix H.

7. We interpret the magnitude of the ASC MWTA with caution. The implied values require large
extrapolation beyond the range tested for compensation and may be unreliable. Also, MWTA is defined
per intervention and is not meaningful for representing the opt-out.
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Table 3: Average marginal willingness-to-accept (MWTA | in € /intervention) estimates

Attribute Mean MWTA (€) (95% CI) SD MWTA (€) (95% CI)
Panel A: EV flexibility contracts
Remaining range
200 km 0 — 0 —
150 km —2.09 (—4.21, 0.02) 15.87 (11.13, 20.61)
100 km 1.23 (—0.84, 3.29) 24.15 (19.67, 28.63)
50 km 19.50 (16.65, 22.34) 33.14 (28.05, 38.23)
Yearly frequency
1 0 — 0 —
6 —7.17 (—10.24, —4.09) 17.86 (12.36, 23.35)
12 —11.59 (—14.60, —8.58) 27.61 (21.71, 33.52)
52 —12.62 (—15.80, —9.45) 33.63 (28.60, 38.65)
Start time
Afternoon 0 — 0 —
Evening —1.42 (—3.21, 0.37) 15.70 (11.69, 19.70)
Night —6.69 (—8.91, —4.47) 21.25 (16.78, 25.73)
Morning —4.34 (—6.46, —2.22) 13.91 (9.81, 18.02)
ASC 55.92 (45.04, 66.80) 69.36 (60.96, 77.76)
Panel B: HP flexibility contracts
Temperature limit
19 °C 0 — 0 —
18 °C 1.44 (1.02, 1.86) 3.10 (2.30, 3.91)
17 °C 3.36 (2.83, 3.89) 4.89 (3.01, 6.76)
16 °C 5.67 (4.91, 6.43) 5.81 (4.87, 6.74)
Yearly frequency
1 0 — 0 —
6 —1.11 (—1.60, —0.62) 2.45 (1.62, 3.27)
12 —1.29 (—1.76, —0.81) 3.87 (2.67, 5.08)
52 —1.05 (—1.48, —0.63) 4.75 (3.83, 5.67)
Start time
Afternoon 0 — 0 —
Evening 1.19 (0.80, 1.58) 3.72 (2.66, 4.79)
Night —2.82 (—3.60, —2.04) 4.30 (3.41, 5.19)
Morning —0.52 ( —1.01, —0.03) 3.52 (2.43, 4.62)
ASC 6.94 (5.51, 8.37) 11.49 (10.03, 12.95)

Notes: Estimates are based on Model 2 utility specification and a mixed logit model with correlated

preferences.

The 95% CI for mean MWTA is calculated via the Delta Method. MWTA standard

deviation (SD) is the ratio of each attribute’s SD to the average sensitivity to €1 of compensation, with
its 95% CI approximated as mean SD +1.96 times standard error. See Appendix H.3 for subsample

breakdown.
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frequent interventions: they are willing to accept about €13 (€1) less per intervention
for weekly EV (HP) interventions than for a single annual one. We also find diminishing
marginal gains from each additional intervention. Since compensation is paid per inter-
vention in our design, this all suggests that respondents are driven by maximizing total
savings rather than per-intervention gains.

Evidence of temporal dependence of comfort is mixed. For both contract types, re-
spondents prefer interventions starting at night or in the morning over those starting in
the afternoon. For HP contracts, this is consistent with greater tolerance for lower temper-
atures during sleeping hours or when family members are away. For EV contracts, this is
more surprising, as we would expect higher EV use in the morning (e.g., for work or school
commutes). Respondents require about €1.2 of extra compensation for HP interventions

starting in the evening, possibly because more household members are present.

254 81

Marginal WTA per intervention (€)
Marginal WTA per intervention (€)

T T T T
50 km 100 km 150 km 200 km
EV remaining range during interventions (km) HP indoor temperature limit during interventions
—e— Nonlinear (Model 2) Linear (Model 1) —e— Nonlinear (Model 2) Linear (Model 1)

Figure 4: Average marginal willingness-to-accept (MWTA) for flexibility contract comfort
impacts: remaining range for electric vehicles (EVs, left) and indoor temperature thresh-
olds for heat pumps (HPs, right). MWTAs are relative to reference levels (200 km/19 °C)
due to dummy-coding. Dotted lines show predicted compensation changes between com-
fort levels from a linear-preferences model, rescaled to €0 at the reference for comparison.
See Appendix H.3 for subsample breakdown, Appendix I for similar figures for frequency.

To further illustrate nonlinear responses to comfort impacts, Figure 4 shows the
MWTA estimates alongside predictions from a model with linear preferences for Range,

Temp, and Freq. A Wald test rejects the joint equality of slopes across remaining-range
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intervals for EV contracts (x?(2) = 121.68, p < 0.01), which indicates nonlinearity. For
HP contracts, the same test fails to reject the joint equality of slopes across temperature
intervals (x?(2) = 4.59, p = 0.10), as expected from the figure.

Based on this, we derive the implied marginal economic value of EV driving range as
the per-km additional compensation between intervals: on average €—0.04/km between
150-200 km (p = 0.04), €0.07/km between 100-150 km (p < 0.01) and €0.37 between 50-
100 km (p < 0.01). Likewise for indoor temperature, the implied value is around €2/°C
(€2.31/°C, €1.91/°C, and 1.44/°C, statistically indistinguishable at the 5% level).

The (non)linear perception of comfort impacts may have practical implications for ag-
gregators. Indeed, a linear compensation scheme may end up over- or under-compensating
enrolled households relative to their true MWTA. However, optimizing compensation de-

signs is beyond the scope of this paper.

5.2.3 Heterogeneity in marginal WTA for large comfort impacts

We now present the linear regression estimates of individual MWTA estimates for Range50,
and T'empl6,, and present estimates for selected regressors from Eq. (5) in Table 4 (Ap-
pendix J presents estimates for the whole set of regressors).

We first observe that both models have low R? (0.06 and 0.11), as expected for regres-
sions on cross-sectional individual preferences with substantial unobserved variation.

In both choice experiments, the strongest predictor by far is the willingness to cede
asset control to a flexibility aggregator. In our sample, households who would accept full
or partial transfer require much less per-intervention compensation for strongest comfort
impacts (up to €11 for EVs or €2 for HPs) than those refusing any control transfer. This
suggests that households’ unwillingness to delegate control is a key barrier to providing
flexibility, beyond comfort impacts alone. It also confirms that respondents’ choices for
flexibility contracts are consistent with answers to direct questions earlier in the survey.

The model predicts higher MWTAs (4+€3.7 per intervention for EVs for MWTA
Rangeb0 and +€0.6 per intervention for HPs for MW T A Templ6) for respondents who
own the asset, which indicates they are less tolerant of stronger comfort impacts. This
holds even after controlling for household income, respondent age, and other home and
respondent characteristics. Intensity of appliance use matters too: each additional km
driven daily increases MWTA Range50 by €0.03, and each degree of preferred indoor
temperature in winter increases MWTA Templ6 by €0.4. We explain this either by
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Table 4: Determinants of the marginal willingness-to-accept (MWTA) for Range50,, and
Templ6,,. Selected regressors only (regression results for the full regressor sets are pre-

sented in Appendix J).

MWTA Rangeb0,

MWTA Templ6,

Coefficient 95% CI Coefficient 95% CI
Heating/Mobility preferences:
Asset ownership 3.72 (2.96, 4.59) 0.59 (0.45, 0.81)
Willingness to cede asset control:
~ Unsure —4.00  (—550,-252)  —0.68  (—1.01,—0.41)
— If overruling option + notification —7.44 (—9.60,—5.47) —1.25 (—1.73,—0.87)
— If overruling option —11.23  (—13.83,-8.92) —1.15 (—1.77,—0.72)
— Full control —11.09  (—13.69,—8.76) —1.98 (—2.95, —1.38)
Number of cars in household 0.11 (—0.03,0.27)
Total daily km driven 0.03 (0.03, 0.04)
Min. indoor comfort temp. (winter, °C) 0.36 (0.28, 0.49)
Home area < 100 m? 0.07 (—0.01, 0.17)
Attitudes:
Energy-saving habits index 0.05 (—0.15, 0.26) —0.73 (—0.94,—0.58)
Self-reported knowledge of flexibility 0.12 (—0.10, 0.37) 0.25 (0.18, 0.32)
Environmental concern attitude —2.26 (—2.83,—1.73) —0.28 (—0.47,—0.16)
Socio-demographic characteristics:
Survey via energy cooperatives 1.03 (0.39, 1.71) 0.59 (0.44, 0.76)
Total household monthly net income:
~ Between €3000 and €4999 2.28 (1.79, 2.81) 0.11 (0.03, 0.17)
~ Over €5000 1.33 (0.89, 1.85) 0.43 (0.32, 0.56)
— Rather not say 2.39 (1.89, 2.97) 0.41 (0.27, 0.56)
Constant 32.96 (28.55, 38.05) 2.26 (1.03, 3.13)
Respondent-level controls Yes Yes
N observations 2,621 2,657
R? 0.06 0.11
Average VIF (full regressor set) 2.02 2.00

Notes: Linear regression estimates of MWTA determinants. Means and confidence intervals are from a Krinsky-Robb proce-
dure with 1,000 replications to account for choice model uncertainty. For MWT A Range50;, asset ownership refers to electric
vehicle (EV) (for households reporting car as main transport mode), and willingness to cede control (base: full refusal) refers
to ceding EV charging control to a flexibility aggregator during interventions (Section 5.1.2). For MWTA Templ6;, these
refer to heat pump (HP) ownership and ceding heating control. See Section 4.3 for full regressor set and omitted base levels.

hypothetical bias (non-EV or HP owners having more difficulty forming accurate beliefs

about their preferences, resulting in overoptimism about stronger comfort impacts) or a

genuine mechanism by which tolerance for discomfort is reduced as EV and HP owners

gain experience with their asset. We are unable to disentangle between the two.

Income effects are small and inconsistent across the two outcomes. Cooperants show

significantly higher MWTAs (MWTA increases by €1.0 for Range50, and +€0.6 for

Templ6), even after controlling for income, environmental attitudes and demographics.
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Yet, we find no evidence that owning multiple cars (which could be used as substitutes
during interventions on an EV) or living in larger homes have an effect on MWTA
Rangeb0 and Templ6, respectively. Further, it is difficult to interpret whether attitudinal
variables have an effect, as estimate signs and significance are inconsistent across models.

Finally, since respondents completed both choice experiments, we explore whether raw
individual-level preference estimates correlate between equivalent attributes across EV
and HP flexibility contracts. We find in Appendix K that correlations are positive but
weak, except for the opt out (p (BASCEV,TM BASCHP,TL) = 0.53"**). This suggests respondents
treated both choice experiments rather independently, except that a higher tendency to

enroll in a contract with one asset correlates with a higher tendency with the other.

6 Illustration of the economics of flexibility contracts

This section provides a back-of-the-envelope estimate of how flexibility contracts affect

grid demand and aggregator revenues, using choice-experiment uptake probabilities.

6.1 Acceptance probability of flexibility contracts

We generate the full set of 4* = 256 unique choice cards for both experiments, based on
the attribute levels in Table 2. Each card presents one contract and an opt-out option.
Assuming each card is answered by a different, independent respondent, contract accep-
tance probabilities are calculated from choice model results and are simulated with 2,000
Halton draws. Standard errors are obtained via a parametric bootstrap with 1,000 repli-
cations. This setup corresponds to a ”take-it-or-leave-it” choice. In practice, a market for
explicit flexibility would likely involve multiple competing actors and offers, which would
reduce uptake for any single contract; the organization of such markets is beyond the
scope of this paper.

Figure 5 shows these probabilities for both choice experiments, as a function of con-
tracts’ comfort impact and compensation per intervention. Probabilities are averaged over
the two other attributes, Tvme and F'req, across the full universe of choice cards. Despite
the large MWTA for comfort impacts discussed in Section 5.2.2, the large perceived net
utility of contracts results in consistently high acceptance probabilities (especially in the
absence of competing contracts, like here).

Probabilities increase only slightly as comfort impact decreases and exhibit a clear

nonlinearity with respect to the EV guaranteed minimum range: they kink at 100 km
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8 Likewise, the remuneration level has little effect: a

and decrease more sharply below.
€1 increase in compensation per intervention raises uptake probabilities by +0.32 p.p.
(95% CI from a Krinsky-Robb procedure with 1,000 replications: 0.27, 0.37) on average
for EV contracts and by +1.90 p.p. (95% CI: 1.21, 2.44) for HP contracts. We express
these average partial effects as average semi-elasticities: a €1 increase in compensation
per intervention raises uptake by about +0.41% in the EV experiment, and by +3.2% in
the HP experiment; this suggests inelastic patterns. In other words, most of the variation

in probabilities comes from overall preference for accepting a contract and differences in

compensation levels play a smaller role.

Mean predicted probability of contract acceptance
~
1
Mean predicted probability of contract acceptance
~
1
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Take-it-or-leave-it experiment (no between-alternative competition) Take-it-or-leave-it experiment (no between-alternative competition)
Pooled model (coop + no coop combined) Pooled model (coop + no coop combined)

Figure 5: Contract acceptance probabilities for varying levels of comfort impact and
monetary compensation per intervention. Left: derived from the choice experiment (CE)
on electric vehicle (EV) flexibility. Right: derived from the CE on heat pump flexibility.
Probabilities are derived for a scenario where respondents decide between accepting or
rejecting a contract.

6.2 Stylized grid benefits from flexibility contracts

We now estimate the system-wide impact of the flexibility contracts, following an ap-

proach similar in spirit to Harold et al. (2021, Sect. 4.3.2). We select 2 x 2 x 4 = 16

8. Relative to a specification with linear preferences for Range, Temp, and F'req, nonlinear preferences
change average predicted probabilities by only —0.26 p.p. for EV contracts and +0.14 p.p. for HP
contracts (point estimates). This is negligible since discrete choice models fit observed choice probabilities.
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contract combinations per experiment, corresponding to two extreme levels of comfort
impact (50 km/200 km for EVs, 16 °C/19 °C for HPs) and compensation (€3/€20 for
EVs, €1/€20 for HPs) and four frequency levels (1/6/12/52 interventions a year)—see
Appendix L. We assume that stated and revealed preferences coincide: respondents be-
have in practice as in the choice experiment, never drop out and always deliver the full
flexibility specified in their contract. This sets both the intensive and extensive margins.

For each contract combination, we use the corresponding acceptance probabilities and
assumptions on EV and HP power consumption to first estimate the aggregate power and
energy reductions during flexibility interventions. Based on these values for benefits to
the grid, we then estimate the yearly costs and revenues for an aggregator per million EVs

or HPs connected to the grid, under a simple business model for monetizing flexibility.

6.2.1 Power and consumption reductions per enrolled EV and HP during
flexibility interventions

To estimate average power reductions during flexibility interventions, we derate gross

consumption to account for units that are unable to participate, e.g., Vs not charging

or dwellings already below the temperature threshold. For EVs, we calculate the effective

average power available per enrolled vehicle as’:

Pav = Ppv X DPeharging X (1 —p<ry), (6)
where Pgy is the gross charging power, pcharging the probability that an EV is charging
at a given time, and p.p, the share of EVs with remaining range below the contract
guaranteed range Rjy.

Based on the assumptions regarding charging power, charging probability, and range
distribution detailed in Appendix L, we estimate the effective curtailed power per enrolled
EV at ]5EV = 1.04 kW for Ry = 200 km and ]5EV = 1.08 kW for Ry = 50 km. Further,
assuming that all EV interventions last the full eight-hour duration specified in the CE;,

we calculate the effective energy reduction per intervention and enrolled EV as:

EEV, per call — pEV X 8 [hOUI'S]. (7)

We find Egy, per canl = 8.32 kWh for Ry = 200 km and 8.64 kWh for Ry = 50 km. We note

that while only about 15% of enrolled EVs are charging at the start of an intervention,

9. For EVs plugged in at a state of charge below the contract level, an intervention would first charge
the EV up to that level and only then delay the remaining charging. We neglect these cases for simplicity.
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others plug in over time, so that consumption remains curtailed throughout its duration.
Likewise, the effective power available per enrolled HP during an intervention equals:
pHP = Pup X (1 _p<To)7 (8)
where Pyp is the average gross HP consumption when operating, and p.g, the share of
homes already below the contract guaranteed minimum temperature at intervention start.
We assume Pgp = 0.45 kW, for comparison, we find Pgp = 0.32 kW on average over
the heating season (January—April and October-December) in well-insulated homes in
Rigaux et al. (2025). A lower-bound estimate of the share of homes below the guaranteed
minimum temperature is derived from our survey, in which respondents reported their
minimum winter comfort temperature: we obtain p.1g9 oc ~ 0.42 and p.16 oc ~ 0.07. As
a result, Pyp = 0.26 kW for Ty = 19 °C and Pyp = 0.42 kW for T = 16 °C.

Further, we write the effective energy reduction per enrolled HP as:

EHP, per call = PHP X tT07 (9)

where t7, is the time until the indoor temperature reaches the lower threshold 7y guar-
anteed in the flexibility contract. Using a simple heat balance model (see Appendix L

for details), we derive tg—19.c =~ 4 hours and t5—16c =~ 14 hours. We thus compute

Exip, per can = 0.94 (5.67) kWh for Ty = 19 (16) °C.

6.2.2 Aggregator costs and revenues from flexibility interventions
In a simple business model, an aggregator’s yearly cost for flexibility contract j equals

the sum of compensation payments to households and fixed costs per enrolled EV or HP

(e.g., installation, connectivity, platform):

C(j) = Nq(j) (fim; + crix), (10)
where N is the number of EVs or HPs considered, ¢(7) is the average acceptance probabil-
ity for contract j, f; is the yearly intervention frequency, m; is the per-event compensation,
and cpiy is the fixed yearly cost per enrolled household.

An aggregator monetizes household flexibility by selling it on electricity markets. To
estimate potential revenues, we focus on two main value streams. First, an aggregator
can earn ”energy revenues” on the day-ahead market (DAM) by shifting EV or HP load
from high-cost to low-cost periods, according to the contract terms. Second, it can receive

”capacity revenues” through capacity remuneration mechanisms (CRM) that reward the
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availability of curtailable capacity for security of supply!® . Aggregators may also partici-
pate in other value streams (intraday, balancing, or reserve products) but, in comparison,
these are relatively shallow and may become saturated as battery storage expands. In
other words, DAM and CRM likely hold the most potential for explicit flexibility.

We estimate the yearly revenues of an aggregator as:

V() = NaG) (men(f5:1) (1= 6) Bpercan f5 + 7can. 75 ), (11)

where the first term represents the energy revenues and the second the capacity revenues.

To estimate energy revenues, we assume that the aggregator has perfect foresight

of DAM prices and allocates interventions to the time windows of duration ¢; with the

highest prices. The term mg, (f;,t;) therefore represents the average DAM price (in €

per unit of energy) across the f; non-overlapping windows of highest average price within

a year. Because DAM price arbitrage does not fully eliminate consumption but shifts it

to lower-price periods, we apply a derating factor 6 € [0, 1]. It captures in a single term

both the share of curtailed energy that is rescheduled and the lower prices at which this
energy is consumed, so that only a fraction 1 — ¢ translates into net savings.

In practice, we use 2024 DAM prices for Belgium to compute energy revenues, and
only allocate HP interventions during the heating season. For EV contracts, we set
t; = 8 hours and for HP contracts, t; = 4 hours (14 hours) for a guaranteed minimum
temperature of 19 °C (16 °C), as derived from the heat balance model in Appendix L. For
simplicity, we select the top f; non-overlapping price windows to be at least 24 hours apart,
and not necessarily evenly spread throughout the year.!’ We set § = 0.5, i.e., rebound
consumption in lower price periods erodes half of the savings from load curtailment in
high price periods. For reference, our findings from a trial of HP load control showed that
rebound consumption was around 50% of the initial reduction, although not explicitly
optimized with prices (Rigaux et al. 2025).

Likewise, to estimate capacity revenues, we set the annual capacity payment per unit of
curtailable capacity mcap, =€32,000/MW-year. This value is close to the average clearing
price in Belgium’s 2021 CRM auction for the 2025-2026 delivery period (Elia Group 2021).

10. Typically, the same capacity cannot be remunerated simultaneously for day-ahead arbitrage and
capacity provision. However, we neglect such requirements in this back-of-the-envelope estimation.

11. With these assumptions, the resulting values for g, (f,t) are estimated between
TEn. (52, 14) =€0.17/kWh and 7g, (1,4) =€0.25/kWh.
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6.2.3 Back-of-the-envelope results and discussion

Under the assumptions in Sect. 6.2.1 and 6.2.2, we compute the grid benefits as well as the
aggregator’s costs and revenues for all flexibility contract combinations (cf. Appendix L).
The results are presented in Table 5 (EV) and Table 6 (HP) and expressed for an initial
pool of N = 1 million EVs or HPs connected to the grid, of which only a share enrolls
according to the average take-it-or-leave-it acceptance probability ¢(j) for each contract
J, based on survey results. We compute annual costs as compensation costs only, i.e., we
assume cpi, =€0/year and per enrolled asset. Appendix L further presents results under

two alternative scenario assumptions (of reduced availability and reduced monetization).

Table 5: System benefits and aggregator economics of EV flexibility (starting pool of one
million EVs).

Contract levels Enrolled Grid impacts (/intervention)  Aggregator balance (€M /year)
EVs

Range 3 Power reduction Energy reduction Capacity Energy Net
(km) € Freg (x10%) (MW /inter.) (MWh/inter.)  revenues revenues Costs profit
1 687.4 740 5,921 23.7 0.7 2.1 22.3
3 699.9 754 6,028 24.1 4.0 12.6 15.6
12 703.2 757 6,057 24.2 7.8 25.3 6.7
50 52 691.3 744 6,955 23.8 28.5 107.8 —55.5
1 752.8 811 6,484 25.9 0.8 15.1 11.6
2 6 756.1 814 6,512 26.0 4.4 90.7  —60.3
12 755.7 814 6,510 26.0 8.3 181.4 —147.0
52 742.6 800 6,396 25.6 30.6 772.3 —716.1
1 809.5 845 6,757 27.0 0.8 24 25.4
3 6 814.1 849 6,796 27.2 4.6 14.7 17.1
12 807.3 842 6,738 27.0 8.6 29.1 6.5
900 52 792.2 827 6,612 26.4 31.7 123.6 —65.5
1 866.4 904 7,232 28.9 0.9 17.3 12.5
2 6 863.9 901 7,211 28.8 4.8 103.7  —70.0
12 857.4 895 7,157 28.6 9.2 205.8 —168.0
52 841.5 878 7,024 28.1 33.6 875.1 —8134

Notes: Enrolled EVs are given by N ¢(j), with N = 1 million initial EVs and ¢(j) the mean take-it-or-leave-it acceptance
probability for contract j. Grid impacts are computed from Egs. (6) and (7), scaled by N ¢(j). Aggregator capacity and energy
revenues follow Eq. (11), while costs are defined by Eq. (10) with cpixe =€0 per enrolled EV per year. Aggregator balance results
are expressed in million euros per year, and net profits represent the difference between total yearly revenues and costs.

Comparing tables, we find that qualitative trends in grid benefits and aggregator
profits are similar across EV and HP flexibility, although EV flexibility contracts attract
more enrollees than HP ones (as expected from previous sections) and EVs’ higher load

consumption increases overall grid impacts. Further, we find a clear trade-off between
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Table 6: System benefits and aggregator economics of HP flexibility (starting pool of one
million HPs).

Contract levels Enrolled Grid impacts (/intervention)  Aggregator balance (€M /year)
Temp HPs Power reduction Energy reduction Capacity Energy Net
o € Freq (x 10%) : : Costs
(°C) (MW /inter.) (MWh/inter.)  revenues revenues rofit
1 081.2 243 3,405 7.8 0.4 0.6 7.6
1 604.6 253 3,542 8.1 2.3 3.6 6.8
12 603.9 253 3,938 8.1 4.3 7.2 5.2
16 92 589.8 247 3,455 7.9 15.2 30.7 —7.5
1 663.4 278 3,887 8.9 0.5 2.7 6.7
4 6 677.7 284 3,971 9.1 2.6 16.3 —4.6
12 676.3 283 3,962 9.1 4.8 325 —18.6
52 662.5 277 3,882 8.9 17.1 137.8 —111.8
1 761.1 199 795 6.4 0.1 0.8 5.7
1 6 769.9 201 804 6.4 0.6 4.6 24
12 764.4 200 798 6.4 1.1 9.2 —-1.7
19 52 742.9 194 776 6.2 4.1 38.6 —28.3
1 830.6 217 867 6.9 0.1 3.3 3.7
4 6 834.1 218 871 7.0 0.6 200 -—124
12 825.2 215 861 6.9 1.2 39.6 —31.5
92 804.5 210 840 6.7 4.5 167.3 —156.2

Notes: Enrolled HPs are given by N ¢(j), with N = 1 million initial HPs and ¢(j) the mean take-it-or-leave-it acceptance
probability for contract j. Grid impacts are computed from Egs. (8) and (9), scaled by N ¢(j). Aggregator capacity and energy
revenues follow Eq. (11), while costs are defined by Eq. (10) with c¢pix =€0 per enrolled HP per year. Aggregator balance results
are expressed in million euros per year, and net profits represent the difference between total yearly revenues and costs.

activation frequency and profitability: more frequent activations raise energy-market rev-
enues but also compensation payments, and net profits eventually turn negative when
either one becomes too high. In practice, the CRM capacity value stream dominates the
DAM arbitrage stream in all situations when net profits are positive.

Yet, large flexibility volumes can still be delivered by some contracts. Per million
EVs (HPs), contracts achieve roughly 800 MW (200 MW) of curtailed load per event and
up to 7 GWh (3.5 GWh) of reduced energy demand, excluding increased consumption
shifted to lower prices. In the most profitable cases (i.e., for EVs: 200 km, €3/event,
1 event/year; for HPs: 16 °C, €1/event, 1 event/year), yearly gross profit margins are
about €33 per enrolled EV and €13 per enrolled HP. Note that this assumes zero fixed
costs. Real profitability would further depend on connection and coordination costs which
may be lowered by economies of scale (fostered by the high participation rates we find

here) and/or by policies mandating out-of-the-box connectivity of EVs and HPs with
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standardized communication platforms and protocols.

Note that our analysis focuses only on aggregator profits. A full welfare analysis of
flexibility contracts would also need to consider additional system-wide benefits. Some
of these are already (partly) captured in CRM payments. For instance, flexibility can
reduce the needs for investments in new peaker plants (Belgium’s TSO estimates CAPEX
for open-cycle gas turbines above 100 MW at around €680,000/MW (Elia 2025)) and
enhances overall security of supply. Additionally, flexibility also lowers carbon emissions
by shifting consumption from high- to low- carbon-intensity periods. Assuming peak gen-
eration is covered only by open-cycle gas turbines, at 500 gCOqeq/kWh, and is shifted
to periods of average grid intensity (around 150 gCOgeq/kWh in Belgium in 2024 (Euro-
pean Environment Agency 2025)), each shifted GWh avoids roughly 350 tCOseq. Under
a social cost of carbon of €250/tCOqeq, this is equivalent to about €88,000 per GWh of
shifted consumption. However, it is worth noting that day-ahead prices will themselves
lower as aggregators shift increasing volumes in the DAM. This could erode arbitrage

revenues and require aggregators to adapt their business model.

6.3 Cost-effectiveness of flexibility contracts

As shown in Tables 5 and 6, the viability of flexibility contracts depends on a trade-off
between activation frequency and compensation costs. We now examine the conditions
under which such contracts are economically viable for an aggregator by deriving a con-
dition on the per-intervention compensation with respect to the activation frequency.
Under our assumptions, and because the analysis is conducted on a per-enrolled-asset
basis, this section builds only on the contract structure in the choice experiment and does
not directly use the survey data.

A contract j is economically viable for an aggregator if C'(j) < V(j). Dividing both
sides of Egs. (10) and (11) by N ¢(j), the break-even condition per enrolled asset is:

fj my; + Crix S 7TEn.(fj7 t]) (1 - 5) Ej,per call fj + TCap. pj ) (12)

which yields the following expression for the break-even compensation m;:

m(f;) = men(f5t) (1= 6) Ejper can + f% (WCap. Py — CFix) : (13)

Alternatively, m; can be viewed as the maximum economic value per enrolled unit for

an aggregator, i.e., the highest gross margin under zero household compensation.

Under the same assumptions as in Sect. 6.2.1 and Sect. 6.2.2, Fig. 6 shows how 7
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Figure 6: Break-even per-intervention compensation as a function of yearly frequency in
household flexibility programs. Curves show two fixed-cost assumptions per household:
crix =€0/year and €20/year for electric vehicle (EV, left panel) or €10/year for heat
pump (HP, right panel) flexibility contracts. Values below a curve indicate profitability
under the combined value streams of capacity value and day-ahead market arbitrage. EV
curves are averaged across 50 and 200 km remaining range, as differences were negligible.

varies with the annual intervention frequency f;. Break-even values generally decrease as
f; increases because capacity revenues are fixed while energy revenues scale with f. As f
increases, however, the marginal returns from additional interventions decrease as price
arbitrage starts tapping into periods of lower price levels.

Break-even compensation costs are lower for HPs than EVs: HPs run at lower power,
so each call delivers less energy and capacity value. Likewise, break-even payments are
lower at 19 °C than at 16 °C because 19 °C events are shorter. Fixed costs tighten the
break-even condition further. At low frequencies, fixed costs are spread over few calls,
and if energy revenues are modest (short events or low DAM prices), profitability can
even turn negative at low compensation (see example in right panel).

Overall, Fig. 6 suggests that EV and HP flexibility as considered in the choice cards
can be cost-effective under appropriate combinations of frequency and compensations:
either few interventions with higher per-call compensations or frequent calls with lower
compensations. For example, at 6 interventions per year and zero fixed costs, the maxi-

mum value per enrolled unit—or alternatively, the break-even compensation—is around
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€6 per intervention for EVs and €3 (€1.5) per 19 °C (16 °C) intervention for HPs.

7 Conclusion

Electric vehicles (EVs) and heat pumps (HPs) are central to the electrification of mobility
and heating. Their ability to be used flexibly is increasingly seen as a resource for im-
proving allocative, productive, and price efficiency in electricity markets. Yet, economics
research shows that price signals alone are not sufficient to incentivize this flexibility.

In this paper, we examine household acceptance of explicit flexibility contracts. In
these contracts, flexibility aggregators sign bilateral agreements with households to re-
motely pool and curtail load from assets such as EVs and HPs into virtual power plants.

Using a survey and a choice experiment with 3,000 respondents, our results point
to large acceptance of flexibility contracts and of transferring appliance control to an
aggregator. However, thermal discomfort poses a stronger barrier than range anxiety.
We find that respondents generally prefer having a contract over opting out, and that
variation across contract features plays a smaller role. Yet, understanding preference
patterns is economically relevant. In particular, we show that preferences for EV range
are nonlinear, which aggregators must account for to avoid mispricing flexibility.

A stylized aggregator model illustrates how these preferences translate into costs and
revenues. The economics depend on the interaction between per-intervention compensa-
tion levels and activation frequency: as flexibility is called more often, the feasible per-
intervention compensation declines sharply. We show that acceptance and shifted energy
and power volumes are substantial, which can in turn create a potential cannibalization
effect by depressing market prices and further eroding arbitrage margins.

Our analysis relies on stated preferences. A key next research opportunity is to test if
the high acceptance we observe is revealed in practice, e.g., in field trials, where signing up
is likely more demanding than choosing between choice cards. This would help assess sur-
vey limitations like hypothetical bias and framing effects that may have led respondents
to be overoptimistic about their willingness to provide flexibility. Future work should
also refine aggregator models by including additional value streams and linking them to a
full welfare analysis of this emerging business. This is essential for assessing how explicit

flexibility contributes to electricity markets, security of supply, and climate policy goals.
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A Survey design and experimental materials

The survey was structured into six main sections: (i) an introduction, comprising a con-
sent form, a short presentation of the concept of residential flexibility and asking about
ownership of various appliances; (ii) a section focusing on respondents’ heating and mo-
bility preferences; (iii) general pre-choice experiment questions, (iv) two separate choice
experiments on flexibility interventions on HPs and EVs; (v) a section probing respon-
dents’ attitudes towards the environment and flexibility schemes via direct questions and
Likert-scale items and (vi) a final section collecting various sociodemographics and hous-

ing characteristics.

A.1 Presentation on residential flexibility in the survey

A brief introduction to flexibility was presented at the beginning of the survey (survey

section (i)), available in English, Dutch, or French.

A.2 Presentation of the choice experiment tasks in the survey

Based on respondents’ answers regarding electric vehicle (EV) and heat pump (HP) own-
ership, the introduction to the choice experiment (in survey section (iii)) was slightly
adjusted. Figure 8 presents the version shown to households that reported not owning
either asset. The text was presented in English, Dutch, or French.

The introductory texts in survey section (iv) for the choice experiments (CE) on EVs
and HPs are shown in Figures 9 and 10. They were presented in English, Dutch, or French.
The order of the CE on EVs and HPs was randomized. Note that the text introduces five
choice cards, one of which served as a survey rationality check and was later discarded in

the final analysis.
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The goal of flexibility

Why?

It is important that electricity demand equals production at all times. When there is an imbalance, the stability of the
power grid can be compromised. This can lead to power cuts.

This imbalance can occur during a peak in electricity consumption or when less electricity is produced than expected.

What are we currently doing?

Currently, the imbalance is often filled by the use of fossil power plants. This is not an ideal solution because these
installations emit greenhouse gases and depend on imported fuels. So we need a different solution.

Another solution: electrical flexibility

A o

other parties.

Another solution is electrical flexibility. In the future, some of our electricity
consumption (households and industry) will probably be automated to
make it more "flexible".

For example, the start of a washing machine can be delayed for a few hours to
use electricity at an optimal time. We call these "interventions". Households
could receive money in exchange for accepting this kind of intervention
on their devices.

These flexibility programs can be implemented by an energy cooperative or by

The FlexSys project is investigating how households respond to such interventions, which delay the operation
of some of their devices for several hours.

In the future, this will increase grid stability, reduce greenhouse gas emissions and make better and cost-
effective use of renewable energy production.

Figure 7: In the survey, this introduction was followed, for online panel respondents,
by a multiple-choice attention check: ”Based on what you have just read, what are we
currently doing to fill the imbalance between electricity demand and production? Read
the text again if you are not sure. You will have up to two opportunities to answer this

question.”
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Part 3: heat pumps and electric vehicles

It is believed that in the future, heat pumps and electric vehicles will be used as "buffers" in the
electricity grid.

We now ask you to imagine that your household has a heat pump and an electric vehicle (as main
mobility system). Also imagine that these devices are part of a flexibility program.

Below we assess your preferences for interventions on these devices.

Since you answered that your household does not have a heat pump and electric vehicle, this is not a
problem. Answer the questions based on your household's mobility and heating preferences.

What is a heat pump?

A heat pump is a device that captures heat from the ground, or from the outside air (even when it is
cold), and uses this heat to heat your home and/or provide domestic hot water.

The electricity consumed by a heat pump is not used to produce heat directly (as with a hair dryer or
electric heater), but only to capture the heat that is naturally present in the underground or outside air
and to supply your home or sanitary hot water. In short, a heat pump does nothing more than circulate
heat from A to B, making it an environmentally friendly heating technology with a very high efficiency.

Figure 8: Introduction to flexibility interventions related to electric vehicles and heat
pumps, presented before the choice experiment in the survey to provide context for the
pre-choice experiment questions
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Part 4: your choices regarding interventions on electric
vehicles

We will now assess your preferences regarding intevrentions on electric vehicles. Reminder: During an intervention on
an electric vehicle, the charging of the vehicle's battery is delayed by a maximum of 8 hours, while a certain range is
maintained in the battery. Charging will resume after the intervention. You receive money for each intervention.

We ask you to imagine that you are interested in participating in a "flexibility program" and that you are
comparing contracts. Don't worry if you don't have an electric car: answer the questions based on your
household's mobility preferences.

We show you 5 cards with different contracts for interventions on your electric vehicle. These contracts include
interventions that vary according to:

« the autonomy that the battery of the electric vehicle still has while its charging is delayed
» the financial compensation your family receives for each accepted intervention.

o the frequency with which these interventions take place

« the time at which the interventions start.

For each card, we ask you to compare the levels shown and choose the contract with the interventions you
prefer for your household. If you would refuse both contracts, you can choose "Opt out".

Below is an example of a card:

Contract A Contract B Opt out
Remaining autonomy 50km 100km
Compensation per
10€ 5€
intervention
Start of the No interventions

) . 11pm-5am 11am-5pm

interventions

Frequency of

Once every two months Once a year
interventions
Contract A Contract B Opt out

Your choise: O @] (@)

Contract A, for example, includes interventions that delay the charging of your electric vehicle and allow the vehicle to
maintain 50 km of autonomy. You receive 10€ for each of these interventions. Each of these interventions starts
somewhere between 11 pm and 5 am and lasts a maximum of 8 hours. Such an intervention will take place every 2
months.

Figure 9: Introduction text to the choice experiment on electric vehicle flexibility
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Part 4: your choices regarding interventions on heat
pumps

We will now assess your preferences regarding interventions on heat pumps. Reminder: During an intervention on a heat
pump, your heating can be switched off remotely for several hours until your indoor temperature reaches a minimum
temperature. Normal heating will then resume. You receive money for each intervention.

We ask you to imagine that you are interested in participating in a "flexibility program" and that you are
comparing contracts. If you don't have a heat pump, don't worry: answer the questions based on your
household's heating preferences.

We show you 5 cards with different contracts for interventions on your heat pump. These contracts include
interventions that vary according to:

¢ the value of the indoor temperature at which the heat pump restarts

the financial compensation your family receives for each accepted intervention
» the frequency with which these interventions take place

o the time at which the interventions start.

For each card, we ask you to compare the levels shown and choose the contract with the interventions you
prefer for your household. If you would refuse both contracts, you can choose "Opt out".

Below is an example of a card:

Contract A Contract B Opt out
Indoor temperature at which the
17°C 18°C
heat pump restarts
Compensation per intervention 3€ 1€ No interventions
Start of the interventions S5am-11am 11am-5pm
Frequency of interventions Once a week Once a month
Contract A Contract B Opt out
Your choise: O @] (@)

Contract A, for example, includes interventions that shut down your heat pump (and therefore the heating) for a few
hours until your indoor temperature reaches 17 °C. Then normal heating resumes. You will receive 3€ for each of these
interventions. Each of these interventions starts somewhere between 5am and 11am. Such an intervention takes place
every week.

Figure 10: Introduction text to the choice experiment on heat pump flexibility
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B References for Belgian statistics in Table 1

These averages refer to the population aged > 20, while our sample also includes
respondents aged 18-19. This difference is expected to have minimal effect.

a: (Statbel 2025b)
b: (Statbel 2024b)
c: (Statbel 2025a)

d: Estimated from population statistics (Statbel 2025b) and pension recipients (Ser-
vice fédéral des Pensions 2020).

e: (Statbel 2024c)
f: Calculated from demographic data (Statbel 2025b).

g: Belgium’s median equivalised disposable income (2022) is €27,430/person/year
(Statbel 2024a), or €3,429 /month for a two-adult household (median composition
in our sample, equivalence factor 1.5). Q1 and Q3 estimates apply the same
methodology to representative household sizes at each quartile.

h: (Statbel 2024e)

i (Eurostat 2024b)

j: Mean dwelling size is approximately 145.5 m? (Eurostat 2024a).
k: (Statbel 2024d)

I: Based on Flemish regulator survey, 40% of households have solar PV (Vlaamse
Regulator van de Elektriciteits- en Gasmarkt 2024).

m:  (Rosenow et al. 2022)
n: (Daikin Belgium 2024)
o: Share of households with > one car (Statbel 2025d).

p: Calculated as the ratio of fully electric vehicles in 2023 (Statbel 2025¢) to total
private households (Statbel 2023).
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C Choice-model methods

This Appendix provides additional details on the discrete choice framework used to ana-
lyze the choice experiment data. It presents the derivation of choice probabilities and the
estimation of choice models via log-likelihood maximization. It also describes the compu-
tation of correlations between preference parameters and the construction of individual-

level (posterior or conditional) parameters.

C.1 Choice probabilities in the random utility framework

Consider an individual n facing choice card s. In the random utility framework (with the
utility decomposition as in Eq. (1)), individual n chooses the alternative j that maximizes
their utility over all other alternatives. That is, the probability that n chooses alternative

j corresponds to the probability that it yields them the highest utility:
Prsj = Pr(Unsj > Unsk, Yk # j) (14)
= Pl"(é?nsk — Ensj < vnsj - Vnslm vk # j) : (15>

This probability depends on the joint distribution of the unobserved components of
utility, €,5;. Under the assumption that the error terms are independent and identically
distributed with a type I extreme value distribution and scale normalized to one (implying
Var(e) = 72/6), it can be shown (McFadden 1974) that choice probabilities take the

following closed form: exp(Visj)

Pns' - < i
T kexp(Vask)
which is a function of the marginal utilities 3,5 entering the systematic utility: V,,; =

ZkeK 5nkxnsjk cf. Eq (2)

(16)

Scale and comparison across estimation groups Importantly, since utilities are
ordinal, only differences in utility matter. Following Train (2003), this implies that, for
identification purposes, utility must be normalized, which is equivalent to normalizing the
scale (and hence the variance) of the error term. As a result, all preference parameters
are identified relative to this scale. This implies estimates for the same attribute obtained
from separately estimated models on two samples may differ either because preferences
differ across populations or because the unobserved error variance differs. Therefore, we
cannot directly compare estimates across groups. One possibility to allow comparing

preferences is to construct scale-free quantities, such as WTA ratios (see Eq. (3)).
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C.2 Model estimation

Conditional logit Eq. (16) corresponds to the conditional logit model'? (Train 2003,
Chapter 3). This model assumes homogeneous preferences: (B, = [ Vn. Marginal utili-
ties By can therefore be estimated by maximizing the likelihood of the observed choices.
In a panel data context, where respondents make choices over multiple choice cards, the
probability of observing respondent n’s sequence of choices, P, is then given by the

product of probabilities in Eq. (16). Following Hensher et al. (2015):

Py =TT 1T Pus) . (17)

where y,; = 1 if respondent n selected alternative j in choice card s, and zero otherwise.
It follows that the panel log-likelihood function of observing the sequence of choices over

all respondents in N is:

log(Ly) = > log(Fy), (18)

and parameters are obtained by maximizing Eq. (18) with respect to the preference pa-
rameters (s in P, (Eq. (16)).

A known property of the conditional logit model is that it implies the independence of
irrelevant alternatives (ITA), i.e., that the odds ratio between any two alternatives does
not depend on the presence or characteristics of other alternatives (Greene 2002), which

may be restrictive and unrealistic in certain contexts (Train 2003).

Mixed logit model As presented in Section 4.1, in a mixed logit model'3, (some of the)
marginal utility parameters [ are assumed to be randomly distributed across respondents
according to a parametric distribution f(8 | @). Given a choice of distribution (in this
paper, multivariate normal), the parameters to be estimated are those characterizing the
distribution, such as the vector of means, standard deviations, and correlations of the
random coefficients.

Therefore, P!(3) as defined in Eq. (17) is now interpreted as the probability of the
sequence of choice, conditional on the respondent-specific parameter vector 3. The ex-
pected probability is obtained by integrating over the distribution of random parameters

Hensher et al. (2015):
E(P) = [ Fi6) 181 6)aB, (19

12. Conditional logit is sometimes also referred to as ” (multinomial) logit”.
13. Mixed logit is sometimes also referred to as "random parameter logit”.

46



which yields the panel log-likelihood function of the mixed logit model:
log(Ly) = > log E(P;). (20)

Estimation proceeds by maximizing this log-likelihood with respect to the distribu-
tional parameters 6. In practice, and unlike conditional logit models, this integral does
not admit a closed form and is approximated by simulated pseudo-log-likelihood. Specifi-
cally, the expected probability F(P?) is replaced by an average over (many) random draws
of B from f(B | @) (Revelt and Train 2000; Train 2003).

Finally, it follows from mixed logit model’s specification that it relaxes IIA property,
i.e., the ratio of choice probabilities depends on all alternatives’ attributes (Train 2003,
Chapter 6.4). Moreover, under correct variable choice and distributional assumptions for
preferences, any random utility model can be approximated by a mixed logit model, as
shown by McFadden and Train (2000), cited by Train (2003). These arguments provide

a theoretical justification for the use of a mixed logit model in this paper.

Alternative models Another model type frequently used in the choice experiment lit-
erature is the latent class logit model, which captures heterogeneity in preferences by
assuming homogeneous preferences within a finite number of classes (Greene and Hensher
2003). While we explored such models, we ultimately discarded them because they often
failed to converge, added little insights beyond our mixed logit results, and were computa-
tionally costly since each model would need to be estimated for both choice experiments,
both respondent groups, multiple utility specifications, but also several numbers of classes
to assess the optimal one.

Further, we estimate all mixed logit models in the preference space. Although estima-
tion in willingness-to-pay space can offer advantages in some contexts (Scarpa et al. 2008),

models often failed to converge in ours.

C.3 Correlation between parameters

Estimating a mixed logit model with randomly distributed and correlated coefficients
allows us to recover the full covariance matrix of the parameters, from the I" matrix (see
Section 4.1). This makes it possible to assess whether preferences for different attributes
co-vary (e.g., reinforce or offset one another). We compute correlation coefficients between

preference parameters as:
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= cor(B. 8.) = —Cov(Bi, B)
Pij = CO (627 B]) \/V&I'(/BZ) : Var(ﬂj) . (21)

To estimate p; j, we implemented a general Stata .ado routine extending the functionality

of the mixlogit command (Hole 2007), enabling systematic computation of correlations
between coefficients. Results are reported in Appendix H.2. However, we are cautious

about the interpretation of correlation estimates, as they can be sensitive to scale hetero-

geneity (Mariel and Artabe 2020).

C.4 Posterior/conditional parameters

Starting from mixed logit estimates for distribution parameters of randomly distributed
preferences, it is possible to infer individual-specific preferences for a given attribute.
These so-called posterior or conditional parameters are estimated following the procedure

proposed by (Revelt and Train 2000):

~  SF B Py, |8
O =S5 Pl 1 8 (22)

where Bn is the vector of estimated preference for respondent n, r = 1,..., R indexes

random draws from the estimated unconditional distribution of random coefficients, and
P(y, | B") is the probability of n’s observed choice sequence conditional on the draw 8"

(i.e., given by Eq. (17) evaluated at 8").
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D Diagnostic checks for individual-level parameters

Following Sarrias (2020), individual-level (conditional) parameters derived from mixed
logit models have become key quantities in discrete choice experiments, for instance be-
cause they allow estimating individual-level willingness-to-accept. However, these condi-
tional estimates are theoretically valid approximations of the unconditional parameters
only asymptotically, in the sense that they are consistent when the number of choice cards
per respondent tends to infinity. In practice, with a limited number of cards, Sarrias
(2020) recommends performing diagnostic checks on the distribution of individual-level
parameters to assess how closely they reproduce the estimated unconditional distribution.

Let us consider Srangeso and Brempis, the two random parameters of interest in the
regression analysis in Section 5.2.3. We follow Sarrias (2020) and compute the diagnostic

ratios: o N
Pmean = MBn/M and PsSD = SD(ﬂn)/Uv (23>

that is, the ratio of the mean of the estimated individual-level parameters to the esti-
mated unconditional population mean, and similarly for the standard deviation. Under
correct specification (of the utility function and of random parameter distributions) and
with a large number of choice cards per respondent, both ratios should be close to one,
indicating that the conditional distribution moments closely reproduce the unconditional
ones. However, with only few choice cards per respondent, the statistical properties of
the conditional estimates imply that these ratios can deviate from one and, in particular,
that psp < 1, even under correct specification.

We estimate ppean and psp using our preferred estimator and utility specification
across the whole sample and report results in Table 7. We find that, despite having
only four choice cards per respondent in each choice experiment, the ratios pypean for both
parameters are essentially equal to one, and comfortably well above the 0.90 rule-of-thumb
that Sarrias (2020) suggests with ten choice cards.

However, the psp ratios are around 0.61-0.69, which corresponds to variance ratios of
about 0.37-0.48. These values are below the rule-of-thumb value of 0.60 for ten choice
cards. Yet, such deviation is expected and consistent with the range of variance ratios that
Sarrias (2020) obtains in Monte Carlo simulations under correctly specified models with

only five choice situations (Table 1) (0.21-0.76). In other words, it does not necessarily
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provide evidence of model misspecification.*

Overall, the satisfactory mean ratio values combined with variance ratios that fall
within the ranges illustrated by Sarrias (2020) for similar numbers of choice situations
suggest that our use of individual-level parameters is sound. While a larger number of
choice cards could bring the variance ratio closer to one, our approach in Section 5.2.3
further mitigates concerns: we do not use individual-specific coefficients for individual-

level prediction or classification, but instead rely on regressions to study heterogeneity in

MWTA estimates.

Table 7: Results of diagnostic checks for individual parameters, following Sarrias (2020)

Experiment Parameter pecan  psp

Electric vehicle  Rangeb0  0.999 0.685
Heat pump Templ6 1.003 0.611

14. In addition, we also conduct Kolmogorov-Smirnov tests for the null of equality in conditional and
unconditional parameter distributions, as suggested by Sarrias (2020) as well. We find that the null is
strongly rejected for both parameters but note that this is here again expected as Sarrias (2020) finds
that many choice cards are needed not to reject equality.
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E Likert-scale items used to measure attitudes

In this paper, we use a set of statements that we already used in (Rigaux et al. 2025) (see
the online appendices) to measure dimensions of respondents’ attitudes. Specifically, we
included Likert-scale items in the survey to study respondents’ tendency to save energy,
their knowledge of flexibility-related concepts, and their environmental concerns. For each
dimension, we randomized the order in which items were presented and then averaged

responses across all items to construct an index for this specific dimension.

Tendency to save energy This dimension was explored through the frequency of
engaging in electricity-saving habits. Following Herabadi et al. (2021), we extracted and
adapted nine items that respondents rated on a 1-5 scale in response to the question:
"How often do you implement the following energy-saving measures in your household?”

(1: ”Never”, 2: "Rarely”, 3: ”Sometimes”, 4: ”Often”, 5: 7 Always”):

"1 make sure the lights are off before I leave a room.”,

e "] use natural light as a light source.”,
e "I use energy-saving light bulbs (e.g., LED bulbs).”,
e "I unplug a device when I'm not using it.”,

e "I turn off PCs/laptops when they are not in use (completely shut down, not in

sleep or hibernation mode).”,

e "I choose electronic devices (not lighting) that consume the least energy, even if

they are a little more expensive to purchase.”
e "I make sure that the refrigerator door is not left open for too long.”,
e "I set a moderate temperature for my heating system.”,

e "I reduce the use of hot water for bathing (e.g., use cold water in warm/hot

weather).”.
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Self-reported knowledge of flexibility-related concepts This dimension was ex-
plored through participants’ self-reported knowledge of the following concepts. Respon-
dents answered the question: ”How well did you know the following concepts before you
started this survey?” using a 1-4 scale adapted from (Li et al. 2017) (1: ”Never heard of
it”, 2: "T've heard of it, but I don’t understand the concept”, 3: ”I know a little about

the concept”, 4: "I know a lot about the concept”):

e "Energy transition”,
e "Home automation or smart homes”,
e "Electricity flexibility”,

e "Energy cooperatives”.

Environmental attitudes Environmental preferences were probed via four items ex-
tracted from (Bauwens and Devine-Wright 2018). Respondents answered the question:
"To what extent do you agree or disagree with the following statements?”, using a 1-5
scale (1: ”Strongly disagree”, 2: ”Disagree”, 3: ”Neither agree nor disagree”, 4: ” Agree”,

5: ”Strongly agree”):

e "I want to feel that I am personally contributing to the protection of the environ-

ment.”,
e "I am concerned about climate change.”,
e "I am the type of person who cares about the environment.”,

e "I see myself as an environmentally conscious consumer.”.
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F Subsample robustness and descriptive comparisons

F.1 Respondents’ motivating factors (not) to enroll in flexibility

schemes

We measured respondents’ decisions to (not) enroll in flexibility schemes using the question
”"Why would you [not| enroll in a flexibility program? (Please evaluate the importance
you place on the following possible reasons for [not| enrolling in a flexibility program)”.
For both enrolling and not enrolling, we presented a list of items representing different
factors. We developed this list conceptually based on previous surveys of motivations and
concerns related to demand response participation (Ferreira et al. 2022; Fouad et al. 2022).

Respondents rated items (presented in random order) on a 1-5 scale (1: ”Not impor-
tant at all”, 2: ”Slightly important”, 3: "Moderately important”, 4: ”Very important”,
5: "Extremely important”). Importantly, factors for enrolling were not presented to re-
spondents who indicated that they were ”Highly unlikely” or ”Unlikely” to enroll in a
flexibility scheme if offered (see Figure 1). Similarly, factors for not enrolling were not
presented to respondents who indicated that they were ”Likely” or ”Highly likely” to
enroll. Respondents who are unsure (”Neither likely nor unlikely”) were presented with
both item sets.

We report respondents’ average ratings for the different items in Table 8 and Table 9,

separately for those who reported being ” Neither likely nor unlikely” to enroll.
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Table 8: Average importance ratings of factors for enrolling (Panel A) and not enrolling
(Panel B) in flexibility schemes. Panel A shows results for respondents who are ”(Highly)
Likely” to enroll; Panel B shows results for respondents who are ” (Highly) Unlikely” to enroll.

Cooperants Online panel Pooled sample

o N =1,113 N =946 N = 2,059
Panel A: Factors for enrolling in (73.5%) (66.6%) (70.2%)
Contributing to the environment 4.28 4.23 4.26
Contributing to the energy indepen- 3.96 374 3.86
dence of [my countryl®
Contributing to the overall stability of
the grid (e.g., lower risk of power in- 3.93 3.76 3.85
terruptions)
Receiving monetary compensation 2.70 3.68 3.15
Experimenting with new technologies 3.19 3.02 3.11
Increasu}g my comfort through au- 9 76 307 9 90
tomation
On the advice of an acquaintance 1.91 2.51 2.19
Panel B: Factors for not enrolling in ]\([9.:6%%5 ](Vlg): 9}7?)7 ](\711:7?()721)2
Loss of control over my devices 4.30 4.38 4.35
Reduce my comfort 3.72 3.90 3.82
Concerns about internet stability (e.g.,
loss of connection during an interven- 3.26 3.78 3.56
tion)
Lack of information 3.11 3.40 3.28
Concerns about damaging my devices,
voiding their warranty, or shortening 2.86 3.21 3.03
their lifespan
Too low monetary compensations 2.56 3.15 2.94
Notes: Respondents rated the importance of each factor on a 1-5 scale (1 = ”"Not important at all”, 5 =

"Extremely important”). Panel A includes respondents who indicated they are ”Likely” or ”Highly likely” to
enroll in a flexibility scheme cf. Figure 1 and Panel B includes respondents who indicated they are ” Unlikely”
or "Highly unlikely”. Respondents who reported ”Neither likely nor unlikely” are excluded. Percentages
indicate the proportion of each subgroup relative to the total number of respondents in that subgroup. Top
3 factors are in bold.

a.

: [my country] was replaced by ”Belgium” for Cooperant respondents.
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Table 9: Average importance ratings of factors for enrolling (Panel A) and not enrolling (Panel
B) in flexibility schemes for respondents who are ”Neither likely nor unlikely” to enroll.

Cooperants Online panel Pooled sample

N = 257 N =277 N =543
(17.0%) (19.5%) (18.2%)
Panel A: Factors for enrolling in
Contributing to the environment 3.58 3.66 3.62
Contributing to the er;ergy indepen- 3,42 390 3.30
dence of [my country]
Contributing to the overall stability of
the grid (e.g., lower risk of power in- 3.24 3.28 3.26
terruptions)
Receiving monetary compensation 2.70 3.57 3.15
Experimenting with new technologies 2.60 2.71 2.66
Increasn'lg my comfort through au- 9 65 301 9 84
tomation
On the advice of an acquaintance 1.89 2.52 2.21
Panel B: Factors for not enrolling in
Loss of control over my devices 3.47 3.87 3.68
Reduce my comfort 3.36 3.66 3.51
Concerns about internet stability (e.g.,
loss of connection during an interven- 3.16 3.73 3.46
tion)
Lack of information 3.44 3.72 3.58
Concerns about damaging my devices,
voiding their warranty, or shortening 2.89 3.21 3.06
their lifespan
Too low monetary compensations 2.52 3.27 291
Notes: Respondents rated the importance of each factor on a 1-5 scale (1 = ”"Not important at all”, 5 =

"Extremely important”). This table reports ratings for respondents who are ”Neither likely nor unlikely” to
enroll in a flexibility scheme if offered, cf. Figure 1. Percentages indicate the proportion of each subgroup
relative to the total number of respondents in that subgroup. Top 3 factors are in bold.

2: [my country] was replaced by ”Belgium” for Cooperant respondents.
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F.2 Attitudes towards flexibility schemes by samples

Figure 11 reproduces Figure 1, Figure 12 reproduces Figure 2, Figure 13 reproduces
Figure 3 (left panel) and Figure 14 reproduces Figures 3 (right panel), for subsamples of

Cooperant and Online panel respondents.

6 G
55
506
4 5
4 0
35
3 0
25
206
15
10

Percentage within subsamp

Highly UnlikeNeither likleilely Highly
unlikely nor unlikely likely

Il Cooperanf8 Online panel

Figure 11: Responses to "If offered to you, how likely are you to enroll in a flexibility
scheme?” This question was preceded by a presentation on flexibility. Percentages are
shown separately within each group for Cooperant (N = 1,515) and Online panel (N =
1,420) respondents.
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Figure 12: Respondents' willingness to transfer control of household systems to a exi-
bility program manager. The question explained how interventions could a ect comfort.
Options ranged from refusal, uncertain, conditional agreement (with/without overruling

or day-ahead notice) to full ceding of control. (1) Mobility: interventions on electric
vehicles (EVs), (2) Heating: interventions on heat pumps, (3) White goods: average of
ovens, tumble dryers, dishwashers, and washing machines. Percentages are shown on the
bars, separately within each group, for CooperantN = 1;486) and Online panel ("OP",

N =1;420) respondents.
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Figure 13: Distribution of reported daily average driving distance (truncated at 140 km),
including only households reporting the car as main transport mode. Shown separately
for Cooperant (N = 827) and Online panel N = 657) respondents.

Figure 14: Distribution of reported winter indoor comfort temperatures (right; min.

14.5{22°C, max. 14.5{28°C). For cooperants (left), the average minimum and maximum
comfort temperatures are 19.C and 21.7°C (based on 1499 and 1494 respondents,
resp.). For online panel respondents (right), the corresponding averages are 1&3and

22.4°C (based on 1314 and 1327 respondents).
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