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Abstract:

In this paper we investigate if a pro-environmental framing influences households’ stated will-

ingness to accept restrictions on their electricity use. We use a split-sample choice experiment

(CE) and ask respondents to choose between their current electricity contract and hypothetical

contracts featuring various load controls and a monetary compensation. Our results indicate

that the pro-environmental framing have little impact on the respondents’ choices. We observe

a significant framing effect on choices and marginal willingness-to-accept (MWTA) for only a

few contract attributes. The results further suggest that there is no significant framing effect

among households that engage in different pro-environmental activities.

JEL codes: C25, D83, Q51, Q54

Keywords: Choice experiment; Demand response; Electricity contract; Load management;

Pro-environmental framing; Willingness to accept

† Corresponding author:
E-mail addresses: thomas.broberg@umu.se (T.Broberg), aemiro.daniel@umu.se (A.M. Daniel), lars.persson@umu.se (L.
Persson)

Acknowledgements: We acknowledge a research grant from the Eforis Research Program at Energiforsk. All remaining
errors are the sole responsibilities of the authors. 1

mailto:thomas.broberg@umu.se
mailto:aemiro.daniel@umu.se
mailto:lars.persson@umu.se


1. Introduction

Electrical power generating capacity based on weather-dependent primary energy sources, such as wind

and solar, is being installed world-wide to meet total energy demand and mitigate emissions of greenhouse

gases. A higher share of intermittent power generation raises concerns over to what degree the installed

capacity can adjust to satisfy real-time demand as conventionally done. To obtain a safe and secure

supply of electricity in the face of increasing penetration of intermittent production capacity, more flexible

resources on the demand side may have to be utilized. Part of these flexible resources are to be found in

the residential sector where the contribution to hourly demand fluctuations is significant1. . In Sweden,

most households are not currently involved in demand-side management (DSM) programs and do not

have electricity contracts based on real-time pricing (RTP), leaving limited or no scope to influence peak

demand through price signals (Vesterberg and Krishnamurthy, 2016). Thus, there is a potential for

different market actors and policy makers to develop services and instruments that facilitate demand

flexibility.

Previous studies find that a large share of Swedish households is not willing to accept load control

even if paid a sizeable compensation (Broberg et al., 2017; Broberg and Persson, 2016; Richter and

Pollitt, 2018). We contribute to the literature on information effects in stated preferences by examining

the potential effect of pro-social framing, that emphasizes environmental benefits, on preferences for

curtailment actions related to household electricity use. The curtailment actions are designed in terms

of DSM-contracts targeting behaviour-oriented activities rather than automation. We hypothesize that

a pro-environmental framing of curtailment activities may encourage consumers to opt-in and accept

contracts with stricter load control for a given compensation level (or claim lower compensations for

accepting a specific DSM-contract).

Related literature indicates that while reductions in energy use could generally vary depending on

whether environmental appeals (reduced CO2 emissions) or monetary motives (electricity cost savings)

are emphasized, environmental benefits are perceived worthwhile regardless of their size (Bolderdijk et al.,

2013; Dogan et al., 2014; Schwartz et al., 2015). A monetary framing of electricity saving behavior, which

typically involve a small monetary gain, may not be perceived large enough to motivate the required effort

(Dogan et al., 2014), and can even lead to unintended effects on target behavior (Bolderdijk et al., 2013).

The environmental psychology literature documents that an environmental framing of electricity saving

behaviour, relative to emphasizing monetary motives to behavioural change, not only affects the targeted

1The residential sector currently constitutes about 23% of the total electricity demand in Sweden (Krishnamurthy et al.,
2018).
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behaviour but can also have spill-over effects on related behaviour (Steinhorst et al., 2015). Furthermore,

result from interviews with Swedish households reveals that “environmental benefit” is perceived as a

relevant factor for reducing electricity use during times of high prices on the wholesale market (NEPP,

2013). However, the extent to which pro-environmental nudges are important for stimulating households

to supply power system services through demand flexibility has not yet been scientifically investigated. We

contribute to the previous literature by explicitly investigating the effect of a pro-environmental framing

using a hypothetical choice experiment (CE).

To study the effect of pro-environmental framing, we apply a split-sample CE approach where respondents

are assigned randomly to either a treatment (referred to hereafter as “green” group) or a control group.

The CE was designed to reflect a choice between household electricity contracts characterized by various

degrees of load control (DSM-contracts). More specifically, respondents were asked to choose between

a status quo (SQ) contract, and two hypothetical DSM-contracts with varying load limits for a given

number of days and duration. While both groups were told that accepting any DSM-contract would help

ensure future electricity supply security, the green group was also told that these contracts would reduce

CO2 emissions and make Swedish electricity production CO2-free in the future.

The analytical approach comprises several steps and hypothesises. The first is a nonparametric analysis

to compare the distribution of contract choices between the two groups. This is supplemented by a

probit specification to test if pro-environmental framing affects the likelihood of choosing the SQ-contract.

We then estimate mixed logit (MXL) models to analyse preferences for specific contract attributes and

whether these differ between the two groups. The models are estimated separately, as well as jointly, for

the green and the control groups. In the analysis, potential scale- and preference differences are considered,

and the results are translated to WTA values to make the policy relevance explicit. The stated preference

literature suggests that information effects can be small or invisible when presented on a highly aggregated

level rather than presented for relevant sub-groups (Munro and Hanley, 2001). In CEs, for example,

Tonsor and Shupp (2011) found cheap talk to work notably better among respondents unfamiliar with the

attributes being evaluated. Therefore, we test whether the effect of the pro-environmental framing differs

between households defined as having stronger pro-environmental preferences and others. Finally, we test

the hypothesis that the pro-environmental framing may influence respondents’ likelihood of using decision

strategies within the CE. More explicitly, we test if pro-environmental framing affects the probability by

which respondents consider only the DSM-contracts and not the status quo alternative.

Our results show that preferences (and thus WTA) for the two groups are not generally the same. For

instance, the green group is marginally less likely to choose the SQ alternative. In the CE analysis, we
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find significant differences associated with the treatment related to specific attributes, particularly that

the green group is significantly less negative towards the number of days with load restriction and prefers

restrictions to be on appliances that are pre-specified. However, the significant differences apply only

to respondents who stated relatively lower engagement in certain kinds of pro-environmental activities.

Although framing positively influences respondents’ propensity to consider only DSM-contracts (relative

to all possible contract alternatives), the effect is not significant.

The remainder of the paper is structured as follows. In section 2 we provide a review of relevant literature.

section 3 describes the CE and data collection procedure while we outline the econometric approach in

section 4. In section 5 we present the main results, and we finally discuss our results and conclude in

section 6.

2. Information effects

Hypothetical choice experiments are typically used for estimation of non-market values attached to goods

or bads defined by multiple attributes. The approach is to design hypothetical scenarios including two

or more alternatives that respondents are to compare and choose between. By choosing the preferred

alternative, respondents implicitly value the good or the attributes characterising it. By including an

attribute in terms of a monetary cost, or compensation, it is possible to translate the preferences to

monetary values (Hanley et al., 1998). Besides having a long tradition in understanding preferences in

the field of environmental and health economics, the method has been applied on energy issues such as

home heating systems (Ruokamo, 2016), energy-saving measures (Banfi et al., 2008; Kwak et al., 2010),

renewable energy use and investments (Bergmann et al., 2006; Borchers et al., 2007; Dimitropoulos and

Kontoleon, 2009; Ku and Yoo, 2010; Scarpa and Willis, 2010), energy efficiency labels (Shen and Saijo,

2009) and electrcity supplier choice (Sagebiel et al., 2014) and elicitation of households’ willingness-to-pay

(WTP) for electricity security and reliability (see e.g. Abdullah and Mariel, 2010; Carlsson and Martinsson,

2008; Hensher et al., 2014). It has also been used to study consumer preferences related to electricity

demand flexibility and management (Broberg et al., 2017; Broberg and Persson, 2016; Richter and Pollitt,

2018; Ruokamo et al., 2018).

In stated preference studies people make choices contingent on the information provided by the researcher

in the survey protocol. According to Munro and Hanley (2001), the information given may influence

respondents’ formulated WTP by affecting the probabilities that respondents attach to the occurrence

of uncertain benefits, enhancing the credibility of the valuation process and reducing potential strategic
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bias. This raises questions to what degree stated preferences are affected by variations in the information

provided.

We test the effect of pro-environmental information on stated preference outcomes related to hypothetical

electricity contracts characterized by load control. Studies indicate that in such hypothetical markets with

environmental as well as other benefits, respondents require detail information to provide valid responses

even when the focus is not on the whole range of benefits (Bergstrom et al., 1985). Empirical tests of

information effects (Bergstrom et al., 1989) also indicate that in complex valuation problems, information

that enhances comprehension may be beneficial.

Several studies using stated preferences observe significant information treatment effects. Samples

et al. (1986) test the effect of disclosing information about the physical characteristics, behavior and

endangered status of species on respondents WTP to preserve endangered humpback whales. They find

that information provision has significant positive effect on the preservation values estimated using the

contingent valuation (CV) method. Bergstrom et al. (1990) find that information about services provided

by wetlands, what they called “service information”, has a positive effect on the recreationists’ WTP

for wetland protection. In Boyle (1989), variations in the description of the valuation item (brown trout

fishery) significantly affect the precision of the value estimates, and the level of description influences the

number of zero bids, nonresponses and protest bids probably by helping respondents to better understand

the item under valuation. Respondents in hypothetical markets may not be aware of related environmental

goods and additional information may therefore help substitute or complementary environmental goods

to be adequately considered. Whitehead and Blomquist (1991), for example, found that introducing

information about substitute environmental goods decreases WTP while information about complements

increases WTP of respondents to prevent wetland development for mining.

Using a split-sample CE, Brahic and Rambonilaza (2015) test the effect of information about the

biodiversity contributions of forest attributes on respondents’ preferences and WTP. They find that

information influences preferences and particularly makes respondents that are regular users of forests

and sensitive to biodiversity concerns to value less-known biodiversity attributes more. Su et al. (2017)

explore the effect of information on preference ordering and WTP for rice with improved attributes in a

CE setting. Their results show that providing consumers with more product information increased WTP

and resulted in similar preference orderings as observed in experimental auctions.

Most CE studies that test the effect of information introduce variations in the information set in the choice

sets. For example, some studies examine the effect on valuation outcomes of different design dimensions

defined by the number of alternatives, attributes, attribute levels and choice sets (see e.g. Caussade
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et al., 2005; Hensher, 2006). Other studies investigate the effect of differences in- choice question formats

(Breffle and Rowe, 2002), attribute level descriptions (Kragt and Bennett, 2012), attribute combinations

(Rolfe and Windle, 2015), substitute alternatives (Rolfe et al., 2002), choice set information visualisation

(Bateman et al., 2009; Hoehn et al., 2010; Rid et al., 2018; Shr et al., 2019) and choice set information

display orientation (Sandorf et al., 2018).

In both CV and CE applications, cheap-talk scripts are commonly used as an explicit reminder of the

hypothetical nature of scenarios, which leads to hypothetical bias (Johnston et al., 2017). Hypothetical

bias is the phenomenon related to the fact that respondents may state an incorrect WTA/WTP, or no

WTA/WTP at all, given that they may be unfamiliar with the goods presented to them and that the

values stated are not a binding commitment. Hypothetical bias is however not the focus of the pro-social

green framing discussed in the present paper.

We contribute to the literature by studying how the formulation of the decision context influences

respondents’ choices. Specifically, we test whether a pro-environmental context of renewable energy

matters for respondents when choosing between different electricity contracts characterized by load control.

Unlike other studies in the literature, the choice sets are not varied between respondents and the script

does not focus on specific attributes, but rather on general long-run environmental benefits of accepting

some level of restriction in electricity use.

3. Data

The main objective of the CE was to study preferences for electricity contracts characterized by load

control during evening peak-demand hours in the winter season among Swedish households. In the

Swedish residential sector, the peak demand hours typically occur during the winter season (December to

February) and in the afternoon (at about 5:00 pm) of workdays (Vesterberg and Krishnamurthy, 2016).

The hypothetical contracts involve four attributes related to load control, and a monetary compensation.

The monetary compensation is introduced to give households an incentive to accept restrictions on their

electricity use, which logically translates into discomfort. The compensation is defined as an annual lump

sum transfer. The non-monetary attributes specify (i) the total amount of load the household can use

during weekdays,2 (ii) the number of days the specified restriction will occur, (iii) the duration and

timing of the restriction, and (iv) whether there is flexibility in choosing which high-power appliances to

2The maximum load allowed is defined in terms of “high-power” appliances and installations (e.g. washing machine, dryer,
dish-washer, stove, oven, sauna etc.). The maximum load restriction does not apply to heating and “low-power” appliances
and installations such as tv, lighting and mobile chargers, etc.
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be curtailed. The flexibility attribute was constructed based on separate questions asking respondents to

choose which high-power appliances they would prefer not to be curtailed if the maximum load were to

be restricted to 2000, 3500 and 5000 watts during workdays (Monday-Friday), 5:30-6:00pm. Thus, the

flexibility attribute was implicitly linked to their response to this ranking-question. Table 1 describes the

attributes and their respective levels.

Table 1 - Attributes and attribute levels

Attributes Description Levels

Load control A load monitoring device will be installed to keep your
electricity consumption for the selected appliances up
to a specified load in watts. During the restriction
your household must adapt and consume accordingly.

5000, 3500, 2000 & (as today)

Choice of appliance It is up to you to decide between pre-specifying the
appliances to be curtailed, and flexibly choose them
given the restriction. Either way, your consumption
cannot exceed the given load limit.

Pre-determined & Flexible

Duration and timing The duration of restriction and timing may vary
across contracts.

5:30-6pm, 5-6:30pm, 4:30-7:30pm
& (as today)

Days The restriction is for certain number of weekdays
during December to February, and it does not need
to be over consecutive days (can be spread)

5, 10, 20 & No (as today)

Compensation A new contract with a restriction is related to a
monetary compensation on an annual basis.

SEK 300 , SEK 750, SEK 1500 ,
SEK 2500 & SEK 0 (as today)

Attribute levels were combined to form statistically efficient choice sets and the design with the lowest

D-error was chosen.3 Two pilot studies based on 100 respondents were conducted to give input to the

final version of sixteen choice sets divided into two blocks. The blocks were defined within the optimal

design procedure and respondents were randomly selected into the blocks. In total, 2014 respondents

were sampled from a probability-based internet panel to be representative for Swedish households living

in detached, semi-detached or terrace houses. Given our aim to test the effect of a pro-environmental

framing, we split the sample into two groups of equal size. The respondents were randomly assigned to

either a control or a green group.4 In addition to the CE, the survey contained information on respondent

characteristics, housing conditions, energy use and environmental behaviour at the household level. The

data was collected in June 2017 and includes 1007 respondents for each group. Notice that the status quo

alternative represented the current situation with no restriction on the amount of electricity use. For this

3The software Ngene was used to create the design.
4More information about the data can be obtained in Broberg et al. (2017).
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reason, we construct a baseline contract including restrictions corresponding to a maximum load of 5000

watts on pre-specified high-power appliances during 5:30-6pm for 5 workdays. Table 2 includes descriptive

statistics for the control and green group. The two groups do not significantly differ with respect to the

selected socio-economic characteristics.

The questionnaire and its format were kept identical for the two groups. Both groups were told that

signing the contracts would make electricity supply more reliable. However, the questionnaire sent to the

green group also included the following short text just before the choice tasks.

“By reducing the use of electricity during times of high pressure on the grid, the transition to

renewables such as solar and wind is facilitated. In this way, Swedish electricity production can be

fully CO2-free in the future. ”

The experience from the use of such information in a CE is that when respondents face several choice

questions, they may forget about the information provided before the choice tasks as they progress through

the sequence of choices. Repeating the same volume of information in each choice question could also add

to the complexity of the choice exercise due to information overload. Considering this, we augmented the

above information with a short reminder before each choice set (Ladenburg and Olsen, 2014).5 The text

used as reminder reads as:

“The new contracts facilitate the transition to renewable energy sources.”

Table 2 - Sample characteristics

Variable Control Green
Age in years (mean) 53 53
Men (share) 0.52 0.52
Monthly income in SEK (mean category) 40,000-50,000 40,000-50,000
Education(> 3 years college) 0.29 0.31
Single households (share) 0.11 0.11
Children 0-12 years (share) 0.34 0.32
Villa (share) 0.81 0.81
Retires (share) 0.33 0.33
Electric heating (share) 0.17 0.15

4. Econometric approach

The first step is a nonparametric approach to visualize the distribution of choices across alternatives in

the green and control group. This is supplemented with a probit specification to explain the probability

5A single reminder in the middle of the choice questions has been tested in Varela et al. (2014), and it turned out ineffective
in reducing hypothetical bias in their CE application.
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of not opting-in to a contract characterized by load control. The specification also includes additional

control variables related to characteristics of the respective choice set. The analytical approach continues

with the analysis of the choice experiment data collected. This is done using the random utility theoretical

framework. Importantly, given the two groups the data cannot be pooled without allowing for scale

differences (see below). In a random utility model (Mcfadden, 1974), a respondent is assumed to select a

choice alternative that yields the maximum utility (U) which is composed of (i) a component V that is

observable to the researcher, and (ii) a component ε that is unknown and thus treated as random. The

utility for respondent n from alternative i in choice set t can be written as:

Unit = Vnit + εnit (1)

The observed component is defined by a vector of attributes x with a corresponding parameter vector

β. Under the assumption that ε is an independent and identically distributed (iid) extreme value type-I

error term with a variance of π2/6µ2, the probability of a sequence of choices yn = in1, in2, ......, inT by

respondent n over Tn choice occasions is:

Pr(yn|xn) =

Tn∏
t=1

exp(µβ′xnit)∑J
j=1 exp(µβ′xnjt)

, (2)

where µ is a scale parameter that is inversely proportional to the error variance. The multinomial logit

model (MNL) specified in Equation 2 implausibly assumes that respondents have homogeneous preferences

and that the unobserved factors are uncorrelated over a sequence of choices. The mixed logit (MXL) model

relaxes those assumptions by allowing for random taste variations among respondents and correlations in

unobserved factors. The unconditional probability for the sequences of choices in a MXL model is given

by the integral of the standard logit probabilities over all possible values of βn (Train, 2009) as:

Pr(yn|xn, θ) =

∫ Tn∏
t=1

exp(µβ′nxnit)∑J
j=1 exp(µβ′nxnjt)

f(β|θ)dβ, (3)

where βn is a vector of parameters that vary randomly over respondents, and f(β|θ) is the joint density

function of βn associated with the cumulative distribution function F (β|θ) that depends on parameters θ.

Given the compensation attribute in our specification, it is possible to translate preferences for restrictions

in the hypothetical contracts to monetary values. The procedure is, in principle, to normalize preferences

(parameter estimates) by the marginal utility of the monetary compensation.
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The scale of utility may vary between the two groups due to differences in the information conveyed

to the respondents (Czajkowski et al., 2016). For example, information may make respondents’ choices

more consistent (which translates to lower variance of the random component). In any case, if utility

parameters derived from different groups of observations are to be compared, potential differences in scale

should be accounted for. The true underlying parameter β cannot be separated from the scale parameter

µ in a single data set. This makes comparing estimated utility parameters of the two groups difficult.

Therefore, following the procedure suggested in Swait and Louviere (1993), we estimate the ratio of the

scale factor for one group with respect to the other to circumvent this problem.

As noted in the introduction, a pro-environmental information can be hypothesized to influence the

choice strategy of respondents, e.g., make them more willing to accept DSM-contracts. Therefore, to

complement the assumption that respondents consider all the offered alternatives, we define a choice

set formation model and test whether framing influences respondents’ propensity to use an alternative

processing strategy.

Specifically, following Manski (1977), we formulate a probabilistic choice set formation model to accommo-

date choice behaviour based on different actual choice sets of respondents. The probability of a sequence

of choices is given by (see e.g. Campbell et al., 2018):

Pr(yn|xn, θ, πq) =

Q∑
q=1

πq

∫ Tn∏
t=1

exp(µβ′nxnit)∑
j∈Sq

exp(µβ′nxnjt)
f(β|θ)dβ, (4)

where Q is the set of all possible choice sets and πq is the probability that choice set Sq ⊆ Q is the actual

choice set. The size of Q is a function of the number of alternatives.6 Since respondents’ actual choice set

cannot be known with certainty, we assume that choice sets are latent. The respondents’ observed choices

can be used to compute the probability by which different competing choice sets are considered using a

latent class model where a class represents one possible choice set, Sq. In our case, the class membership

probabilities are estimated using a MNL model as follows.

πq =
exp(ωq + γqZq)∑

q∈Q exp(ωq + γqZq)
;

Q∑
q=1

πq = 1, (5)

where ωq and γq, respectively represent a constant term and vector of parameters corresponding to

respondent characteristics Zq in choice set Sq. The parameters corresponding to one of the classes should

6For a total of J alternatives, 2J choice sets need to be considered. This is including the possibility that none of the
alternatives are taken into account.
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be set to zero to facilitate identification.

5. Results

Besides framing, choice sets were identical in all aspects and Table 3 presents the frequency distribution

of choices across alternatives in each choice set for the two groups. For each individual choice set, it

shows the number and share of respondents in the green group and the control group that chose each

alternative. Overall, there is no clear-cut difference between the two groups in terms of the frequency with

which alternatives have been chosen in each choice set. Although no logical link to the pro-environmental

framing, we still observe significant differences for choice set 1 in block 1, and choice set 7 in block 2.7

Table 3 - Test of identical distribution of choices between groups

Choice set Alternative Block 1 Block 2
Number of choices (Percentages) p-value† Number of choices (Percentages) p-value†

Control Green Control Green

Alt1 103 (20.6) 126 (25.2) 242 (47.8) 252 (49.7)
Choice 1 Alt2 218 (43.5) 185 (37) 0.073 64 (12.6) 60 (11.8) 0.821

SQ 180 (35.9) 189 (37.8) 200 (39.5) 195 (38.5)
Alt1 228 (45.5) 225 (45) 203 (40.1) 219 (43.2)

Choice 2 Alt2 93 (18.6) 80 (16) 0.450 108 (21.3) 99 (19.5) 0.579
SQ 180 (35.9) 195 (39) 195 (38.5) 189 (37.3)

Alt1 92 (18.4) 104 (20.8) 182 (36) 185 (36.5)
Choice 3 Alt2 162 (32.3) 156 (31.2) 0.623 91 (18) 101 (19.9) 0.65

SQ 247 (49.3) 240 (48) 233 (46) 221 (43.6)
Alt1 99 (19.8) 93 (18.6) 110 (21.7) 123 (24.3)

Choice 4 Alt2 124 (24.8) 130 (26) 0.848 150 (29.6) 161 (31.8) 0.326
SQ 278 (55.5) 277 (55.4) 246 (48.6) 223 (44)

Alt1 90 (18) 96 (19.2) 67 (13.2) 60 (11.8)
Choice 5 Alt2 165 (32.9) 162 (32.4) 0.881 215 (42.5) 238 (46.9) 0.355

SQ 246 (49.1) 242 (48.4) 224 (44.3) 209 (41.2)
Alt1 36 (7.2) 50 (10) 98 (19.4) 106 (20.9)

Choice 6 Alt2 261 (52.1) 262 (52.4) 0.231 141 (27.9) 144 (28.4) 0.765
SQ 204 (40.7) 188 (37.6) 267 (52.8) 257 (50.7)

Alt1 205 (40.9) 201 (40.2) 98 (19.4) 135 (26.6)
Choice 7 Alt2 106 (21.2) 101 (20.2) 0.850 111 (21.9) 95 (18.7) 0.020

SQ 190 (37.9) 198 (39.6) 297 (58.7) 277 (54.6)
Alt1 137 (27.3) 144 (28.8) 65 (12.8) 75 (14.8)

Choice 8 Alt2 116 (23.2) 123 (24.6) 0.655 231 (45.7) 226 (44.6) 0.668
SQ 248 (49.5) 233 (46.6) 210 (41.5) 206 (40.6)

†Pearson’s χ2 test p-value: Ho = the distribution of choices across alternatives in a choice set is the same between the control and green group.

From the results in Table 3, it can be seen that the share of respondents that choose the SQ-alternative

is lower in the green group in thirteen out of sixteen choice-sets. This observation motivates a probit

specification to potentially explain this fact. Specifically, we define a model where the probability of choosing

the status quo contract is explained by a green dummy (green) and supplementary control variables

related to the respective choice set. These supplementary variables are (i) the average compensation

offered (bid), (ii) a categorical indicator for number of attributes on which the hypothetical contracts in a

7The choice sets are characterized by having the same compensation in both hypothetical alternatives and differences in all
other dimensions (e.g. in both choice sets respondents choose between contract with load limits of 3500 watt and 5000
watt).
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choice set differ (attribute), and (iii) a dummy variable for load control stricter than 5,000 watts (watts).

The results are presented in Table 4.

Table 4 - Marginal effects from a probit regression for status quo choices

Variables Estimate Std.err
green -0.0131∗ 0.0078
bid -0.0796∗∗∗ 0.0088
attributes (base=3)
different on 4 -0.0319∗∗ 0.0137
different on 5 -0.0505∗∗∗ 0.0157
watts 0.0377∗∗∗ 0.0102
Log-likelihood (null) -11073
Log-likelihood (final) -10973
Observations 16112
’***’ , ’**’ & ’*’ represent statistical significance at 1%, 5% & 10% level, respectively

The results in Table 4 show that the green group is less likely to choose the status quo contract at the 10

percent significance level. This is interesting and indicates that the pro-environmental information caused

a more positive attitude towards being restricted. The signs on parameter estimates for all other control

variables are in line with expectations. Keeping other things unchanged, increasing the compensation

offered to accept hypothetical contracts (i.e., higher average bid) decreases respondents’ likelihood of

choosing the status quo alternative. A positive coefficient for watts variable indicates that strict control

of electricity use implied by the hypothetical contracts increases respondents’ propensity to choose the

status quo contract. Respondents could perceive the choice task as complex and tend to choose the

SQ alternative when the hypothetical contracts are difficult to distinguish. Our result shows that the

choice of the status quo alternative declines with an increase in number of attributes on which levels the

hypothetical alternatives are different.

Turning to the complete analysis of the choice experiment data, we estimate several models. To capture

nonlinear effects, all attributes except compensation (compensation) are dummy coded in the specifications.

Also, to allow for preference heterogeneity, all attribute parameters except compensation, are estimated

as random parameters following a normal distribution. All the models are estimated with maximum

simulated likelihood using 1000 draws based on a modified latin hypercube sampling procedure (Hess

et al., 2006).

First, we estimate separate MXL models for the control and green groups. Since comparison of parameters

between the green and control groups requires accounting for any scale differences, we carry out a test of

parameter and scale factor equality using the procedure suggested in Swait and Louviere (1993). More

specifically, we pooled the data from the two groups and estimate a relative scale factor by normalizing
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the scale factor for the control group to unity. A relative scale factor not significantly different from

one means that any difference in parameter estimates between the two groups are due to differences in

underlying preferences rather than differences in scale (error variance).

Table 5 provides MXL model results for the control and green groups and for the pooled data under separate

columns. It shows that almost all mean parameters are of the expected sign, positive for compensation and

negative for restrictions. The alternative specific constants (ASC1 and ASC2) representing preferences for

the baseline contract relative to the status quo alternative are negative for both groups. 8 All parameters

are significant at the five percent level, except the parameters for the 3500 watts load limit (Watt3500)

in the control group and the parameters for the flexible appliance attribute (FlexibleAppliances) in

both groups. It can also be seen in Table 5 that there is significant taste heterogeneity (represented by

significant standard deviations of the mean parameters) with respect to all the model parameters, except

for the 10 days restriction (Days10) in the control group. The results from the pooled data reported

under the column “pooled” in Table 5 do not show notable differences from the separate models in terms

of sign and significance of parameter estimates.

We perform a likelihood ratio test for joint parameter estimate equality between the two groups. The test

rejects the null hypothesis that preference parameters between the two groups are jointly equal. Given

the estimated relative scale factor (µ) is not significantly different from one, this suggests that there are

potential differences in the underlying preference structures between the green group and the control

group.9

To further investigate where this difference lies, we estimate a MXL model that allows corresponding

parameters between the two groups to vary. We introduced group specific means and variances for

all parameters except compensation which was assumed to be generic for model identification (see e.g.

Czajkowski et al., 2016, for a similar application).10 This enables us to compare and identify differences

in observed preference and preference heterogeneity between the two groups with respect to individual

parameters. Specifically, we estimate the following utility structure.

Unit =
[
µα
]
Compensationnit + β′nXnit + εnit, (6)

8We estimated separate ASC for the hypothetical alternatives. This is because the result in Table 3 indicates uneven
distribution of the frequency by which these contracts have been chosen in a given choice set across all choice sets.

9The log-likelihood ratio is 57.7, larger than the chi-square distribution table value with 20 degrees of freedom at 5%
significance level (=34.2).

10µ is not significantly different from 1 in Table 5. The difference in parameters of the two groups seems largely due to
differences in underlying parameters than differences in scale. We also note that µ in Equation 6 applies only to the
Compensation variable.
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Table 5 - Separate & pooled MXL models

Variable Control Green Pooled
Est. s.e. Est. s.e. Est. s.e.

Means

Compensation 1.1791∗∗∗ 0.0636 1.1350∗∗∗ 0.0601 1.1633∗∗∗ 0.0533
Watt3500 −0.1020 0.0900 −0.2286∗∗ 0.0895 −0.1640∗∗∗ 0.0631
Watt2000 −0.6809∗∗∗ 0.1055 −0.6533∗∗∗ 0.1011 −0.6901∗∗∗ 0.0754
Flexible Appliances 0.0787 0.0641 −0.0901 0.0669 −0.0223 0.0470
Duration90 −0.2991∗∗∗ 0.0778 −0.2964∗∗∗ 0.0789 −0.2750∗∗∗ 0.0559
Duration180 −1.2411∗∗∗ 0.1173 −1.2934∗∗∗ 0.1172 −1.2980∗∗∗ 0.0908
Days10 −0.5694∗∗∗ 0.0723 −0.3865∗∗∗ 0.0690 −0.4485∗∗∗ 0.0507
Days20 −0.8277∗∗∗ 0.0947 −0.5238∗∗∗ 0.0936 −0.6705∗∗∗ 0.0702
ASC1 −1.5258∗∗∗ 0.1628 −1.4568∗∗∗ 0.1592 −1.5145∗∗∗ 0.1219
ASC2 −1.1964∗∗∗ 0.1564 −1.0929∗∗∗ 0.1474 −1.1926∗∗∗ 0.1150

Standard deviations

Watt3500 0.9959∗∗∗ 0.1399 1.0676∗∗∗ 0.1326 0.9700∗∗∗ 0.1080
Watt2000 1.5433∗∗∗ 0.1627 1.4118∗∗∗ 0.1797 1.5008∗∗∗ 0.1237
Flexible Appliances 0.7744∗∗∗ 0.1294 0.9204∗∗∗ 0.1448 0.9053∗∗∗ 0.1013
Duration90 1.1676∗∗∗ 0.1294 1.2056∗∗∗ 0.1193 1.1457∗∗∗ 0.0949
Duration180 1.7169∗∗∗ 0.1253 1.8991∗∗∗ 0.1319 1.8819∗∗∗ 0.1071
Days10 0.2671 0.2788 0.4343∗∗ 0.1936 0.0925 0.4093
Days20 1.1727∗∗∗ 0.1317 1.3343∗∗∗ 0.1289 1.2548∗∗∗ 0.1022
ASC1 3.0420∗∗∗ 0.1679 2.8181∗∗∗ 0.1560 2.8731∗∗∗ 0.1432
ASC2 2.9293∗∗∗ 0.1673 2.7733∗∗∗ 0.1626 2.8283∗∗∗ 0.1392

scale ratio(µ†) 0.9700 0.0516

Log-likelihood (final) -6579.2 -6622.6 -13230.6
adjusted ρ2 0.26 0.25 0.25
AIC 13196.3 13283.2 26501.2
BIC 13329.2 13416.1 26655
K (parameters) 19 19 20
N (observations) 8056 8056 16112

’***’ , ’**’ & ’*’ represent statistical significance at 1%, 5% & 10% level, respectively
†µ is the estimated scale factor for the green group relative to the control Ho : µ = 1.

where

X =
[

ASC1 ASC2 Watt3500 Watt2000 FlexibleAppliances Duration90 Duration180 Days10 Days20

ASC1G ASC2G Watt3500G Watt2000G FlexibleAppliancesG Duration90G Duration180G Days10G Days20G

]

α is a fixed compensation parameter that is assumed to be the same for both groups and the superscript

G denotes variables associated with the green group.

The results presented in Table 6 indicate that there is no overall difference in terms of signs and significance

of parameters, compared to the results from separate and pooled models given in Table 5. Concerning

differences between corresponding individual parameter estimates from green and control groups, the

results points at significant differences. The estimated parameter for 20 days restriction (Days20) is

Page 14



Table 6 - MXL model with group specific parameters

Variable Control Green Differences‡

Est. s.e. Est. s.e.

Means

Compensation (α) 1.1468∗∗∗ 0.0609 1.1468∗∗∗ 0.0609
Watt3500 −0.0771 0.0861 −0.2264∗∗ 0.0881
Watt2000 −0.6726∗∗∗ 0.1029 −0.6227∗∗∗ 0.1022
Flexible Appliances 0.0779 0.0627 −0.1108 0.0700 ∗∗

Duration90 −0.2624∗∗∗ 0.0782 −0.2705∗∗∗ 0.0778
Duration180 −1.1721∗∗∗ 0.1105 1.3318∗∗∗ 0.1384
Days10 −0.5129∗∗∗ 0.0644 −0.3745∗∗∗ 0.0728
Days20 −0.7699∗∗∗ 0.0913 −0.5413∗∗∗ 0.0942 ∗∗

ASC1 −1.5537∗∗∗ 0.1668 −1.3368∗∗∗ 0.1711
ASC2 −1.1448∗∗∗ 0.1582 −1.2442∗∗∗ 0.1638

Standard deviations

Watt3500 0.7911∗∗∗ 0.1754 1.1187∗∗∗ 0.1423 ∗∗

Watt2000 1.4102∗∗∗ 0.1665 1.3719∗∗∗ 0.1817
Flexible Appliances 0.7026∗∗∗ 0.1404 0.9149∗∗∗ 0.1948
Duration90 1.0214∗∗∗ 0.1412 1.1840∗∗∗ 0.1325
Duration180 1.6463∗∗∗ 0.1152 1.9621∗∗∗ 0.1831 ∗

Days10 0.1092 0.2477 0.4553∗ 0.2666
Days20 1.1134∗∗∗ 0.1351 1.3717∗∗∗ 0.1560 ∗

ASC1 3.0278∗∗∗ 0.1738 2.8797∗∗∗ 0.2729
ASC2 2.9604∗∗∗ 0.1716 2.7298∗∗∗ 0.2618

scale ratio(µ†) 0.9987∗∗∗ 0.0761

Log-likelihood (final) -13203..92
adjusted ρ2 0.25
AIC 26483.85
BIC 26775.97
K (parameters) 38
N (observations) 16112

’***’ , ’**’ & ’*’ represent statistical significance at 1%, 5% & 10% level, respectively
‡ Standard errors of differences in parameters is calculated using the Delta method.

significantly lower for the green group, i.e., respondents that were exposed to the pro-environmental

information state less loss of utility from contracts featuring relatively many days with load limits. Second,

the results show that respondents in the green group perceive the FlexibleAppliances attribute less

positively (more negatively) than respondents in the control group.11 It can also be seen in Table 6

that respondents in the green group are significantly more heterogeneous in their preferences regarding

Watt3500, load limits lasting for 180 minutes (Duration180) and Days20.

11Note that the variable is insignificant for both groups.
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5.1. Willingness-to-accept estimates

This section presents the mean WTA estimates for both groups. The WTA calculations are based on

the model results presented in Table 6, i.e., ., upon the model allowing for differences in corresponding

parameters between the two groups. As can be noted from the results in Table 7,on average households

require a monetary compensation ranging from SEK 1000-1355 to accept the baseline contract. The WTA

for a load restriction to only 3500 watts (relative to 5000 watts) is insignificant for the control group which

is not true for the green group. Also, the WTA estimates for flexible appliances, relative to pre-specified

appliances, is insignificant. Households in the control and green group ask, on average, a compensation of

SEK 1022 and SEK 1161, respectively to accept a longer duration of the baseline restrictions (180 minutes

(4:30-7:30pm) instead of 30 minutes (5:30-6pm).12

Turning to the comparison between WTA estimates of the two groups, we observe comparable estimates

for attribute levels with a significant WTA estimate. The only statistically significant difference in mean

WTA between the two groups of respondents is for Days20 attribute level. Compared to the control

group, households in the green group are willing to accept SEK 200 less if the baseline restriction is to be

applied for 20 days instead of 5 days. Furthermore, though the point estimate for the FlexibleAppliances

attribute level is insignificant for both groups, the difference turns out to be significant at 5% level.

Table 7 - WTA estimates

Variable Control Green Differences
Est. s.e. Est. s.e. Est. s.e.

Watt3500 67.2 62.0 197.4∗∗∗ 68.2 130.2 92.2
Watt2000 586.5∗∗∗ 77.3 543.0∗∗∗ 78.0 −43.5 109.8
Flexible Appliances −67.9 56.1 96.6 61.2 164.5∗∗ 83.1
Duration90 228.8∗∗∗ 62.5 235.9∗∗∗ 65.9 7.1 90.8
Duration180 1022.1∗∗∗ 80.7 1161.3∗∗∗ 91.3 139.3 121.9
Days10 447.2∗∗∗ 54.3 326.6∗∗∗ 60.4 −120.7 81.2
Days20 671.3∗∗∗ 67.0 472.0∗∗∗ 74.5 −199.3∗∗ 100.2
ASC1 1354.8∗∗∗ 119.6 1165.7∗∗∗ 116.2 −189.1 166.8
ASC2 998.3∗∗∗ 113.3 1084.9∗∗∗ 112.0 86.7 159.4

’***’ , ’**’ & ’*’ represent statistical significance at 1%, 5% & 10% level, respectively

5.2. Green framing and pro-environmental behaviour

To test the hypothesis that people’s current pro-environmental behaviour is linked to any effect from a

pro-environmental information, we divide the respondents in two groups. These two groups are defined

12The WTA, for e.g., for a 2000 watts per hour restriction on appliances chosen flexibly for a duration of 180 minutes for
20 winter days is equal to 1176.5 (baseline average) + 586.5 -67.9 + 1022.1 + 671.3 =SEK 3388.5 for the control group
and 1125.3(baseline average)+543 + 96.6 + 1161.3 + 472 =SEK 3397.6 for the green group. Beware that statistically
insignificant parameter estimates cause additional uncertainty in any calculation of combinations of attributes.
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by self-reported activities related to the household’s energy saving, waste sorting and eco-label purchase

behaviours. We use respondents’ responses to questions related to such activities to construct an indicator

for pro-environmental behaviour.13 This indicator gives that about 55% (55.5% of the green and 54.3% of

the control) of the respondents are classified as having pro-environmental behaviour.14

We estimate two models, one on data for pro-environmental households and another on data for other

households. The estimated utility function structure is similar to Equation 6. Table 8 provides a

comparison between parameter estimates of the control and green group in both pro-environmental and

other respondents. It is evident from the results that the information (pro environmental framing) has no

influence on the preference parameters of respondents from pro-environmental households. This holds

true for both the means and standard deviations of almost all the taste parameters. Only the standard

deviation of the mean of Days10 parameter is statistically significant at the 10% level or less. Turning

to the other group of households, we observe that the framing actually has induced a shift in parameter

estimates. For instance, the parameters for FlexibleAppliances and restriction for a duration of 90

minutes (Duration90) attributes levels are negative and significant in the green group while both are

insignificant for the control group. The difference on these parameters in this segment is significant at

the 10% level which we did not observe for pro-environmental respondents. In addition, we find that

the standard deviation of the mean of these parameters is significantly higher for respondents from this

segment in the green group.

We also compare the framing effect on WTA of respondents for the various restrictions, given their

current pro-environmental behaviour. Our results given in Table 9 reveal that framing, once again,

did not significantly affect the WTA estimates of pro-environmental respondents. In contrast to this,

we find evidence that framing does influence the WTA of respondents other than those engaging in

pro-environmental activities.

13Respondents were asked to state to what extent their household performs different, yet related, pro-environmental activities.
Those activities include, turning off lights in unoccupied rooms, lowering the heating when nobody stays in the house,
sorting packaging materials, buying groceries with ecolabelling and electronic devices with energy labels. The responses are
indicated as “none”, “low”, “ medium” and “high”. Of those responses, we created an aggregate score for each respondent.
In the analysis, respondents with at least an average (over responses in a group) aggregate score are classified as having
pro-environmental behaviour. The behaviour-oriented questions were asked after the respondents had completed the choice
questions. Also, as the respondents were randomly assigned to the treatment and control groups the “pro-environmental”
and “others” classification is unconditional on the framing treatment.

14Note that we are not interested in the difference between preferences of respondents who are from a pro-environmental
household and other households. We instead attempt to understand whether the framing influences preferences of
respondents with and without pro-environmental household behaviour differently. The results comparing preferences of
pro-environmental and other households for both groups are given in section 6.
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Table 8 - Green framing and pro-environmental behaviour

Variable Pro-env. Control Green Differences
Est. s.e. Est. s.e.

Means

Compensation (α) Pro− env. 1.1733∗∗∗ 0.0814 1.1733∗∗∗ 0.0814
Non− pro 1.1633∗∗∗ 0.0966 1.1633∗∗∗ 0.0966

Watt3500 Pro− env. −0.0791 0.1210 −0.3221∗∗ 0.1251
Non− pro −0.1214 0.1226 −0.1377 0.1269

Watt2000 Pro− env. −0.5859∗∗∗ 0.1365 −0.7484∗∗∗ 0.1457
Non− pro −0.7884∗∗∗ 0.1726 −0.6025∗∗∗ 0.1573

Flexible Appliances Pro− env. 0.1158 0.0883 −0.0755 0.0954
Non− pro 0.0346 0.1162 −0.2123∗∗ 0.1064 ∗

Duration90 Pro− env. −0.4229∗∗∗ 0.1105 −0.2151∗∗ 0.1072
Non− pro −0.1403 0.1174 −0.4153∗∗∗ 0.1391 ∗

Duration180 Pro− env. −1.0958∗∗∗ 0.1383 −1.2517∗∗∗ 0.1770
Non− pro −1.2892∗∗∗ 0.1767 −1.6168∗∗∗ 0.2466

Days10 Pro− env. −0.5858∗∗∗ 0.0860 −0.4084∗∗∗ 0.0991
Non− pro −0.4892∗∗∗ 0.1008 −0.3421∗∗∗ 0.0955

Days20 Pro− env. −0.7488∗∗∗ 0.1266 −0.5080∗∗∗ 0.1231
Non− pro −0.8759∗∗∗ 0.1563 −0.5837∗∗∗ 0.1483

ASC1 Pro− env. −1.1224∗∗∗ 0.2107 −0.9447∗∗∗ 0.2201
Non− pro −1.9574∗∗∗ 0.2600 −1.9858∗∗∗ 0.3216

ASC2 Pro− env. −0.8102∗∗∗ 0.2106 −0.5182∗∗∗ 0.1920
Non− pro −1.7977∗∗∗ 0.2692 −1.6981∗∗∗ 0.2538

Standard deviations

Watt3500 Pro− env. 0.9644∗∗∗ 0.1908 1.3377∗∗∗ 0.1965
Non− pro 0.8310∗∗∗ 0.2292 0.9237∗∗∗ 0.2640

Watt2000 Pro− env. 1.5563∗∗∗ 0.2810 1.6882∗∗∗ 0.2414
Non− pro 1.3697∗∗∗ 0.2506 1.2190∗∗∗ 0.2576

Flexible Appliances Pro− env. 0.9266∗∗∗ 0.2180 0.9632∗∗∗ 0.2725
Non− pro 0.4646 0.6144 1.0990∗∗∗ 0.2135 ∗

Duration90 Pro− env. 1.2805∗∗∗ 0.1673 1.2349∗∗∗ 0.1993
Non− pro 0.7521∗∗∗ 0.2447 1.3010∗∗∗ 0.2388 ∗∗

Duration180 Pro− env. 1.6936∗∗∗ 0.1748 2.0464∗∗∗ 0.2587
Non− pro 1.7044∗∗∗ 0.1729 2.1035∗∗∗ 0.2959

Days10 Pro− env. 0.1519 0.2504 0.6825∗∗ 0.3033 ∗

Non− pro 0.3149 0.3301 0.0153 0.3245
Days20 Pro− env. 1.2240∗∗∗ 0.1827 1.4947∗∗∗ 0.2241

Non− pro 1.1471∗∗∗ 0.2132 1.3900∗∗∗ 0.2442
ASC1 Pro− env. 2.8550∗∗∗ 0.2889 2.8516∗∗∗ 0.3559

Non− pro 3.0997∗∗∗ 0.3680 2.5482∗∗∗ 0.3520
ASC2 Pro− env. 2.6410∗∗∗ 0.2712 2.8569∗∗∗ 0.3641

Non− pro 3.2976∗∗∗ 0.2766 2.5243∗∗∗ 0.3419 ∗∗

scale ratio(µ) Pro− env. 0.8960∗∗∗ 0.0912
Non− pro 1.1161∗∗∗ 1.1161

Pro-environmental Other

Log-likelihood (final) -7516.21 -5608.8
adjusted ρ2 0.22 0.29
AIC 15108.42 11293.76
BIC 15377.76 11555.61
K (parameters) 38 38
N (observations) 8848 7264

’***’ , ’**’ & ’*’ represent statistical significance at 1%, 5% & 10% level, respectively
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Table 9 - WTA estimates segregated on pro-environmental behaviour

Variable Pro-env. Control Green Differences
Est. s.e. Est. s.e. Est. s.e.

Watt3500 Pro− env. 67.4 85.6 274.5∗∗∗ 95.3 207.1 128.1
Non− pro 104.4 92.4 118.4 97.5 14.0 134.3

Watt2000 Pro− env. 499.4∗∗∗ 106.0 637.9∗∗∗ 112.5 138.5 154.5
Non− pro 677.7∗∗∗ 117.2 517.9∗∗∗ 110.9 −159.8 161.3

Flexible Appliances Pro− env. −98.7 77.9 64.3 83.8 163.0 114.4
Non− pro −29.7 84.8 182.5∗ 93.7 212.2∗ 126.4

Duration90 Pro− env. 360.4∗∗∗ 90.0 183.3∗∗ 90.3 −177.1 127.5
Non− pro 120.6 90.5 357.0∗∗∗ 106.2 236.4∗ 139.5

Duration180 Pro− env. 933.9∗∗∗ 105.7 1066.8∗∗∗ 120.0 132.9 159.9
Non− pro 1108.2∗∗∗ 125.8 1389.8∗∗∗ 153.0 281.6 198.1

Days10 Pro− env. 499.3∗∗∗ 74.0 348.1∗∗∗ 83.9 −151.2 111.9
Non− pro 420.5∗∗∗ 81.4 294.1∗∗∗ 83.0 −126.5 116.2

Days20 Pro− env. 638.2∗∗∗ 91.4 433.0∗∗∗ 101.4 −205.2 136.5
Non− pro 752.9∗∗∗ 103.9 501.8∗∗∗ 111.8 −251.2∗ 152.6

ASC1 Pro− env. 956.6∗∗∗ 149.0 805.2∗∗∗ 152.5 −151.5 213.2
Non− pro 1682.6∗∗∗ 183.8 1707.0∗∗∗ 181.9 24.4 258.6

ASC2 Pro− env. 690.5∗∗∗ 142.1 441.7∗∗∗ 143.3 −248.9 201.8
Non− pro 1545.3∗∗∗ 192.7 1459.7∗∗∗ 159.9 −85.6 250.4

’***’ , ’**’ & ’*’ represent statistical significance at 1%, 5% & 10% level, respectively

5.3. Green framing and alternative processing strategy

Respondents to CE questions may not always adequately consider all alternatives. For example, respondents

may ignore alternatives possessing undesired aspects (see e.g. Daniel et al., 2018; Erdem et al., 2014;

Sandorf et al., 2018) or alternatives exceeding their cost thresholds (see e.g. Campbell et al., 2014),

and therefore consider only a subset of alternatives in a choice set. In this section we account for this

type of behaviour and test the effect of the framing on respondents’ propensity to implement a specific

processing strategy related to the status quo alternative. We acknowledge that this might not be the only

processing strategy respondents use. We also note that we do not consider all the possible combinations

of alternatives to form a choice set since our aim is to understand how green framing influences the

respondents’ probabilities of considering different choice sets. Therefore, we only consider two latent

classes where one class represents respondents who consider all the three alternatives, and the other class

represents those who consider only the hypothetical contracts.

We find that the parameter for the green framing variable in the class probability model is insignificant,

though positive, indicating respondents’ propensity to consider only the hypothetical alternatives (relative

to considering all alternatives) is not importantly influenced by the framing (see Table 10). This result

corroborates our finding from the probit regression where we show that green treatment only marginally

influences SQ choices.
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Table 10 - Propensity to consider only hypothetical alternatives

Variable Mean Standard deviation
Est. s.e. Est. s.e.

Compensation 1.1668∗∗∗ 0.0564
Watt3500 −0.2164∗∗ 0.0606 1.0356∗∗ 0.093
Watt2000 −0.8433∗∗∗ 0.0826 1.5055∗∗∗ 0.1304
Flexible Appliances −0.0305 0.0427 0.9826∗∗∗ 0.0826
Duration90 −0.3755∗∗∗ 0.057 1.2366∗∗∗ 0.0819
Duration180 −1.2976∗∗∗ 0.091 1.703∗∗∗ 0.0999
Days10 −0.4637∗∗∗ 0.0488 0.3408∗∗ 0.1601
Days20 −0.71∗∗∗ 0.07 1.178∗∗∗ 0.0912
ASC1 −2.6192∗∗∗ 0.1348 1.1959∗∗∗ 0.0941
ASC2 −2.386∗∗∗ 0.1272 1.2483∗∗∗ 0.0887

Scale ratio (µa) 0.95∗∗∗ 0.0565

Class probabilities

Class-1-prob. 0.697
Class-2-prob.† 0.303

Variables in class probability

Constant −0.8732∗∗∗ 0.0726
Green 0.0798 0.1001

Log-likelihood (final) -12537.43
adjusted ρ2 0.26
AIC 25118.86
BIC 25287.98
K 22
N 16112

’***’ , ’**’ & ’*’ represent statistical significance at 1%, 5% & 10% level, respectively
† Class-2 represents those who consider only the hypothetical contracts.

6. Conclusions

In this paper we used a split-sample stated CE survey to test for the effect of pro-environmental framing

on preferences and WTA of households facing restrictions in their electricity use. A sample of Swedish

households living in detached, semi-detached or terrace houses drawn from an internet panel were asked to

choose between their current contract and other experimentally designed hypothetical electricity contracts

featuring different restrictions during the winter season. Sampled respondents in one of the splits (the

green group) were informed that accepting such restrictions will facilitate the transition to renewable

energy and consequently lead to CO2 free electricity production in Sweden.

We hypothesized that pro-environmental framing makes respondents more likely to opt for DSM-contracts.

Our analysis of the CE responses indicates that respondents in the green group, relative to the control,

are marginally less likely to choose the SQ alternative (their current contract). We also observe that the

underlying preferences for contract attributes between the two groups are not generally the same and,
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therefore, we estimate group specific preference parameters. Given that respondents are assigned randomly

between the groups and do not significantly differ with respect to their characteristics, we associate any

difference in corresponding parameters between the groups to the framing.

Comparison of the corresponding attribute parameter estimates between the green and control group

reveals that the framing has induced significant shifts in few of the mean parameters viz. the number of

winter days of restriction and the possibility to choose appliances for any given load limit. The framing

made respondents significantly less negative in accepting restrictions for several winter days. Respondents

in the green group are also observed to prefer restrictions on pre-specified appliances which can benefit

the utility provider in planning the control. We witness significantly higher heterogeneity in preferences

for some of the attribute levels among respondents in the green group indicating that pro-environmental

information affects respondents differently. This is counter intuitive given the framing information is

expected to induce more deterministic choices. The framing effect on WTA estimates is also limited and

it is insignificant for most of the attribute levels.

To further explore the framing effects, we segment respondents based on self-reported levels of pro-

environmental activities. Controlling for this behaviour shows that the limited framing effects in fact

pertain to respondents from households that perform relatively less pro-environmental activities. This

is not a striking result given the fact that households that perform pro-environmental activities could

already be well informed about the environmental impacts of their energy consumption, and hence

less likely to be influenced by additional information. Therefore, information campaigns intended to

promote pro-environmental energy use behaviour in households can be more effective by targeting the

most responsive sub-groups. Finally, we examine the effect of the framing on respondents’ propensity to

use an alternative processing strategy. We find that framing did not significantly influence respondents’

propensity to consider only the hypothetical contracts compared to considering all offered alternatives

that is usually assumed.

We note that the environmental framing effect could have been crowded out by the information on supply

security through load management that we provided for both groups. The fact that both groups have this

information on energy security (which in itself is a type of pro-social framing) might have activated the

same mindset as the pro-environmental framing, and consequently made the framing information less

salient. Our data does not allow to confirm this.
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A. Appendix

Table A1 - Comparison of preferences based on pro-environmental behaviour

Variable Group Pro-environmental Others Differences
Est. s.e. Est. s.e.

Compensation Control 1.2004∗∗∗ 0.0638 1.2004∗∗∗ 0.0638
Green 1.1844∗∗∗ 0.0644 1.1844∗∗∗ 0.0644

Watt3500 Control −0.0747 0.1246 −0.1718 0.1417
Green −0.281∗∗ 0.1136 −0.1926 0.1579

Watt2000 Control −0.6211∗∗∗ 0.1422 −0.8409∗∗∗ 0.1788
Green −0.6872∗∗∗ 0.128 −0.6678∗∗∗ 0.1727

Flexible Appliances Control 0.0203 0.1039 0.0437 0.0926
Green −0.1515∗ 0.0907 −0.2457∗∗ 0.1077

Duration90 Control −0.4828∗∗∗ 0.1097 −0.1409 0.1096 ∗∗

Green −0.217∗∗ 0.0997 −0.4221∗∗∗ 0.1409
Duration180 Control −1.1801∗∗∗ 0.1468 −1.3758∗∗∗ 0.1965

Green −1.1813∗∗∗ 0.1375 −1.7363∗∗∗ 0.2048 ∗∗

Days10 Control −0.5894∗∗∗ 0.0862 −0.5113∗∗∗ 0.1015
Green −0.4298∗∗∗ 0.0869 −0.3759∗∗∗ 0.1026

Days20 Control −0.8171∗∗∗ 0.1226 −0.9158∗∗∗ 0.1411
Green −0.5366∗∗∗ 0.1145 −0.5553∗∗∗ 0.1648

ASC1 Control −1.2681∗∗∗ 0.2089 −1.857∗∗∗ 0.2428 ∗∗

Green −0.8724∗∗∗ 0.2017 −2.1455∗∗∗ 0.2471 ∗∗∗

ASC2 Control −0.732∗∗∗ 0.1875 −1.9351∗∗∗ 0.2443 ∗∗∗

Green −0.5519∗∗∗ 0.1864 −1.9554∗∗∗ 0.2413 ∗∗∗

Standard deviations

Watt3500 Control 1.0797∗∗∗ 0.1914 0.9168∗∗∗ 0.2503
Green 1.2367∗∗∗ 0.143 1.2108∗∗∗ 0.2395

Watt2000 Control 1.7041∗∗∗ 0.2286 1.5304∗∗∗ 0.2665
Green 1.484∗∗∗ 0.1757 1.4508∗∗∗ 0.2809

Flexible Appliances Control 0.9717∗∗∗ 0.2011 0.5965∗ 0.3345
Green 0.8544∗∗∗ 0.1873 1.1229∗∗∗ 0.223

Duration90 Control 1.3832∗∗∗ 0.1474 0.7654∗∗∗ 0.1913 ∗∗∗

Green 1.1535∗∗∗ 0.1435 1.5173∗∗∗ 0.2175
Duration180 Control 1.7633∗∗∗ 0.1576 1.7289∗∗∗ 0.1794

Green 1.8951∗∗∗ 0.1679 2.4339∗∗∗ 0.2686 ∗∗

Days10 Control 0.154 0.1472 0.4545∗∗ 0.188
Green 0.852∗∗∗ 0.1728 0.2668 0.214 ∗∗

Days20 Control 1.335∗∗∗ 0.1827 1.2442∗∗∗ 0.2131
Green 1.349∗∗∗ 0.1655 1.459∗∗∗ 0.2417

ASC1 Control 2.7268∗∗∗ 0.2215 3.2538∗∗∗ 0.267 ∗

Green 2.7596∗∗∗ 0.2309 2.9311∗∗∗ 0.2786
ASC2 Control 2.6595∗∗∗ 0.2206 3.0913∗∗∗ 0.2314

Green 2.662∗∗∗ 0.2326 2.7524∗∗∗ 0.272

Control Green

Log-likelihood (final) -6548.8 -6556.7
adjusted ρ2 0.26 0.25
AIC 13171.71 13187.41
BIC 13430.5 13446.2
K (parameters) 37 37
N (observations) 8056 8056

’***’ , ’**’ & ’*’ represent statistical significance at 1%, 5% & 10% level, respectively
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Steinhorst, J., Klöckner, C. A., and Matthies, E. (2015). Saving electricity–for the money or the

environment? risks of limiting pro-environmental spillover when using monetary framing. Journal of

Environmental Psychology, 43:125–135.

Su, L., Adam, B. D., Lusk, J. L., and Arthur, F. (2017). Anchoring, information, and fragility of choice

experiments: An application to consumer willingness to pay for rice with improved storage management.

Journal of agricultural and resource economics, 42(1835-2017-650):255.

Swait, J. and Louviere, J. (1993). The role of the scale parameter in the estimation and comparison of

multinomial logit models. Journal of marketing research, pages 305–314.

Tonsor, G. T. and Shupp, R. S. (2011). Cheap talk scripts and online choice experiments:looking beyond

the mean. American Journal of Agricultural Economics, 93(4):1015–1031.

Train, K. E. (2009). Discrete choice methods with simulation. Cambridge university press.

Varela, E., Mahieu, P.-A., Giergiczny, M., Riera, P., and Soliño, M. (2014). Testing the single opt-out

reminder in choice experiments: An application to fuel break management in spain. Journal of forest

economics, 20(3):212–222.

Vesterberg, M. and Krishnamurthy, C. K. B. (2016). Residential end-use electricity demand: Implications

for real time pricing in sweden. The Energy Journal, 37(4).

Page 27



Whitehead, J. C. and Blomquist, G. C. (1991). Measuring contingent values for wetlands: effects of

information about related environmental goods. Water Resources Research, 27(10):2523–2531.

Page 28


	front 2019_6
	Paper
	Introduction
	Information effects
	Data
	Econometric approach
	Results
	Willingness-to-accept estimates
	Green framing and pro-environmental behaviour
	Green framing and alternative processing strategy

	Conclusions
	Appendix


