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More in good condition or less in bad condition?  

Valence-based framing effects in environmental valuation 

 

Abstract 

This study addresses an important gap in the stated preference literature concerning valence-

based framing of discrete choice experiment attributes. Valence-based framing arises when 

equivalent outcomes are presented in different ways by accentuating either the positive (e.g., 

more in good condition) or negative information (e.g., less in bad condition). We find that 

alternative framings produce different willingness-to-pay estimates, with implications for 

Benefit-Cost Analysis. We recommend neutral attribute descriptions and otherwise testing for 

the impacts of alternative framings to obtain more robust welfare evidence. We also show 

that the framing used does not affect the choice paradigm adopted by respondents.  
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1. Introduction 

Stated preference (SP) techniques, and among them discrete choice experiments (DCE), are 

increasingly used to derive the economic value of changes in environmental goods and 

services for use in policy appraisals (Johnston et al. 2017). However, one of the main 

perceived strengths but also limitations of these methods is the fact that they frequently rely 

on hypothetical valuation scenarios, which are described to respondents for evaluation in a 

survey. SP researchers have found that alternative presentations of information when 

designing hypothetical valuation scenarios can impact value estimates (Bergstrom, Stoll and 

Randall 1989; Boyle 1989; Hoehn and Randall 2002; Rolfe, Bennett and Louviere 2002; 

Kragt and Bennett 2012). Building on such evidence, some recommendations on information 

provision in surveys are therefore available for SP researchers. Both Arrow et al. (1993) in 

the NOAA Blue Ribbon Panel report on contingent valuation and, more recently, Johnston et 

al. (2017) in their guidance for stated preference studies, recognize the importance of 

decisions on quantity and type of information provided in the design of SP valuation 

scenarios. In particular, these authors point to the need for ³Yer\ careful pilot Zork and 

pretesting´ (Arrow et al. 1993, p. 51) of information and decision formats ³to aid in the 

development of credible, accurate, relevant, and agreed-upon scenarios´ (Johnston et al. 

2017, p. 330). Nonetheless, irrespective of the effort invested in the pre-survey validation of 

the scenario design, several decisions regarding information provision will inevitably remain 

at the discretion of the researcher, with potential repercussions for welfare estimates. 

Examples of such decisions might include choices regarding: the contextual factors defining 

the valuation settings (Tinch, Colombo and Hanley 2015); the amount of information 

presented to respondents prior to the valuation exercise (Needham et al. 2018); the specifics 

and dimensionality of the experimental design (DeShazo and Fermo 2002; Luisetti, Bateman 

and Turner 2011; Kragt 2013; Meyerhoff, Oehlemann and Weller 2015; Glenk et al. 2019); 
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and the presentation of information that characterizes the hypothetical market (Bateman et al. 

2009; Matthews, Scarpa and Marsh 2017; Hassan, Olsen and Thorsen 2018). 

This paper investigates the implications for preference and welfare analysis of alternative 

descriptions (framing) of attribute information in DCEs, which represents a gap in the 

literature. Specifically, we focus on valence-based framing as one specific type of framing of 

attribute information. Valence-based framing emerges when normatively equivalent 

information is presented in a positive or negative light. For example, the outcomes of a 

conservation policy may result in an increase by 20 percentage points in the probability of 

seeing wildlife on a given day or in a decrease by 20 percentage points in the probability of 

not seeing wildlife on a given day. Both descriptions are equivalent in terms of outcomes. 

The only difference is that the positive is accentuated in one case (seeing wildlife), the 

negative in the other (not seeing wildlife). There are several arguments why valence-based 

framing can play an important role in people¶s decision-making. Compared to positively 

framed information, negatively framed information tends to affect people more strongly 

(negativity bias) (Rozin and Royzman 2001), encourages individuals to pay more attention to 

the decision-making process, influences the perception of risks, encourages feelings of regret 

and can, thus, affect how individuals make choices (Tverksy and Kahneman 1981; Wilson, 

Kaplan and Schneiderman 1987; Levin and Gaeth 1988). To investigate the role of positive 

versus negative framing of attribute level changes in DCEs, we draw on data derived from a 

DCE study assessing the general public¶s preferences for peatland restoration in Scotland.  
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2. Literature review 

The study of the effect of changes in the decision context, information provision and framing 

of the decision-making problem has been the focus of many experimental investigations in 

economics (Gerlach and Jaeger 2016). In several cases, these studies¶ results have departed 

from the baseline neoclassical economics assumption that responses of well-informed and 

rational individuals should be invariant to changes in the decision context, information 

provision and framing of valuation tasks ± unless these changes implied variations in the 

nature, quantity or price of the good under evaluation. To explain violations of the invariance 

hypothesis, researchers have relied on alternative theories of choice that relax neoclassical 

economics assumptions and have strong roots in disciplines such as the behavioral sciences 

(e.g., psychology) and other social sciences (e.g., political sciences) (Tversky and Kahneman 

1981).  

Numerous SP environmental valuation studies (detailed in the subsequent paragraphs ± from 

an early study by Samples, Dixon and Gowen (1986) to the recent investigation by Vossler 

and Zawojska (2020)) have addressed the effects of changes in the decision context and 

information provision, while only a few publications have investigated framing effects. 

Below we endeavor what is, to our knowledge, a first classification of this literature 

(summarized in Fig.1) with the intention to facilitate the positioning of our contribution 

within the field of existing studies. We make no claim for comprehensiveness of the 

classification and acknowledge that alternative categorizations are possible and subject to 

debate, given the different and sometimes contrasting use of the terminology across 

applications (hence the use of dashed lines in Fig. 1). Producing a more complete and critical 

review of the literature is, however, beyond the scope of this paper, so we defer this task to 

future work.  
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[Fig.1] 

 

In the proposed classification, context effects are the broadest category and refer to a set of 

factors of the decision environment that have the potential to shift the choice outcome by 

altering the process by which the decision is made (Thomadsen et al. 2018). Examples 

include:  

x testing for the effect of different preference elicitation formats (e.g., Vossler and 

Zawojska 2020); 

x exploring the role of alternative survey modes (Boyle et al. 2016) and valuation settings, 

including individual versus group settings (e.g., intra-household decision making and 

deliberative valuation) (Spash 2007; Bateman and Munro 2009), time-to-think protocols 

(Cook et al. 2012) and the consideration of different contexts (e.g., timing and location) 

for preference elicitation (e.g., Tinch, Colombo and Hanley 2015);  

x other e[amples include inYestigating the role of respondents¶ emotional states on stated 

preferences (Hanley et al. 2017);  

x studying the influence of order and position effects of information in the valuation 

exercise (Day et al. 2012; Liebe et al. 2016);  

x and altering the choice set dimensionality and degrees of complexity in DCEs (e.g., 

different number of choice sets, alternatives, etc.) (DeShazo and Fermo 2002; Rolfe, 

Bennett and Louviere 2002; Caussade et al. 2005; Hensher 2006; Schaafsma and 

Brouwer 2013; Meyerhoff, Oehlemann and Weller 2015) or varying the ranges of 

attribute levels used in DCEs (Luisetti, Bateman and Turner 2011; Kragt 2013; Glenk et 

by
 g

ue
st

 o
n 

Ju
ne

 6
, 2

02
6.

 C
op

yr
ig

ht
 2

02
1

D
ow

nl
oa

de
d 

fr
om

 



7 
 

al. 2019). Changing the number of attributes in the experiment should, however, rather 

be interpreted as an information effect, as it provides new or different information.    

Information effects are a nested sub-category of context effects and they appear when varying 

the quantity and/or type of information provided, which can affect respondents¶ incentives 

when answering the value elicitation questions (Samples, Dixon and Gowen 1986). In a SP 

context, changing the amount of (background) information has been achieved by presenting 

more or less detailed survey descriptions (e.g., Samples, Dixon and Gowen 1986; Bergstrom, 

Stoll and Randall 1989; Boyle 1989; Bergstrom, Stoll and Randall 1990; Tkac 1998; Hoehn 

and Randall 2002; Bulte et al. 2005; Czajkowski, Hanley and LaRiviere 2016; Needham et al. 

2018). The use of labelled alternatives in DCE surveys (Jin et al. 2017) and of different types 

of payment vehicles in the valuation exercise (e.g., voluntary donation versus taxes) (Hassan, 

Olsen and Thorsen 2018) can also generate information effects by conveying additional or 

different messages to respondents and different incentives to answer the value elicitation 

questions.1 Variations in stimuli (visual information versus, or in addition to, textual 

information or different means of visualization) (Cerda et al. 2014; Bateman et al 2009; 

Matthews, Scarpa, Marsh 2017) can also be subsumed under information effects, given that 

the use of alternative communication formats may generate differences in the way 

information is comprehended and retrieved.  

The focus of this paper are framing effects, which (in their strictest sense) describe situations 

where alternative but objectively equivalent descriptions of a decision problem lead to 

systematically different choices (Frisch 1993).2 Over the past decades, several studies in 

different fields in the area of human judgment and decision-making have documented the 

existence of framing effects (Scheufele and Iyengar 2012). In environmental SP studies, 

decisions regarding the alternative framing of objectively equivalent information are also 

frequently required. Examples may include choices concerning the description of: the 
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conservation status of species, which can be presented in terms of chances of survival or of 

extinction; or the level of likelihood of an event, which can be presented in terms of the 

chance of success or failure of a policy. However, little is known about the implications of 

alternative, yet objectively equivalent, descriptions of the environmental change of interest on 

stated preferences and welfare analysis. Researchers may justify their decisions on scenario 

and attribute framing by referring to thorough pre-testing and experience. Nevertheless, the 

specific reasons underpinning the choice between alternative ways of framing are rarely 

revealed and framing decisions therefore often appear arbitrary. 

This is an issue requiring further attention especially in the field of DCEs. Given the 

increasing interest in this method among practitioners and policy makers (Johnston et al. 

2017), it is a pertinent question whether alternative descriptions of attributes and attribute 

levels can lead to differences in the processing and understanding of attribute information 

and, perhaps more importantly, to variations in welfare estimates, with potential implications 

for policy recommendations. While standard economic theory predicts that individuals should 

be indifferent to alternative presentations of outcome-invariant information, there is (albeit 

limited) evidence that presenting attribute information in different, yet equivalent, ways can 

affect welfare estimates. For example, framing attribute information in terms of absolute 

versus relative but otherwise equivalent changes (Kragt and Bennett 2012), or as certain 

versus uncertain but else identical outcomes (e.g., Faccioli, Kuhfuss and Czajkowski 2019), 

affects preferences and willingness to pay in DCEs. The implications of such findings must 

be carefully evaluated. Differences resulting from framing decisions do not necessarily 

invalidate SP results. Johnston et al. (2017, p. 328) note that, ³[a]s in revealed preference 

contexts, behavior in SP contexts can vary (according to factors such as [framing]) in ways 

that are consistent Zith Yalid and reliable Zelfare estimation´. We argue that the presence of 

framing effects should still be of concern to DCE practitioners: welfare estimates obtained 
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under different framings may be used to define a range (i.e., lower and upper bounds) of 

welfare effects. 

 
In this context, one arguably under-researched type of framing effect that is worth 

investigating is valence-based framing, which is expected to affect the way individuals 

understand or process (attribute) information. Valence-based framing effects, as defined in 

the seminal paper by Levin, Schneider and Gaeth (1998), arise from casting the same 

information in either a positive or a negative light. Among the different types of valence-

based framing manipulations, perhaps the most behaviorally impactful one refers to 

presenting identical outcomes or goals of a given action either in positive terms (i.e., the 

opportunity to obtain an outcome that is perceived to be positive) or in negative terms (i.e., 

the opportunity to reduce exposure to an outcome that is perceived to be negative) (Pleger, 

Lutz and Sager 2018). It is important to note that such valence-based framing effects can 

emerge irrespective of a gain-loss framework, where positive framings refer to gains while 

negative framings refer to losses. Both the positive and negative framings can relate to 

exactly the same action or behavior and convey information about either desirable or 

undesirable outcomes. We follow such an approach to valence-based framing in our study. 

The idea behind this type of valence-based framing effect is that positively versus negatively 

framed information (as defined above) can influence the persuasiveness of the message and 

therefore be more or less effective in promoting a given behavior.       

 

There is evidence that ³negative information has a systematically stronger impact on 

judgment than objectiYel\ equiYalent positiYe information´ (LeYin, Schneider and Gaeth 

1998, p. 176), something which is referred to as µnegativity bias¶ (Rozin and Royzman 2001; 

Pleger, Lutz and Sager 2018). Based on the results of medical studies, negatively framed 

information tends to raise stronger emotional reactions, with a greater stimulation of the 
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autonomic nervous system (Hochman and Yechiam 2011). There is a tendency among people 

to prioritize negative information over positive information (Kahneman and Tversky 1979; 

Knetsch 2010). Negatively framed information has also been found to stimulate more 

effortful and thorough cognitive processing than positively framed information and to 

increase the allocation of attentional resources to the task (Avineri and Waygood 2013). 

Framing outcomes in a positive or negative way can also influence the perception of risks. A 

positive or negative framing of outcomes can thus affect how individuals make choices. In 

addition, alternative framing of information can also be associated with different feelings of 

regret in decision-making, namely with dissimilar perceptions of guilt that can result from 

making the wrong choice. As discussed in Levin, Schneider and Gaeth (1998), negatively 

framed information can increase indiYiduals¶ perceived risk of incurring an outcome that is 

regarded as negative or less desirable. In these settings, individuals are therefore expected to 

act more cautiously and to more likely adopt the desirable behavior to avoid regretting their 

choices ± a phenomenon that could be associated with regret minimization as defined in 

Chorus (2010).    

 
As far as the authors are aware, the only DCE study focusing on testing valence-based 

framing of attribute levels in the valuation of environmental benefits is Kragt and Bennett 

(2012).3 In their study, these authors focus on the environmental outcomes of alternative 

catchment management programs. They ask respondents to compare three scenarios, 20 years 

into the future, with or without management programs. Using a split sample approach, they 

describe one attribute, the level of rare native species in the catchment, either in terms of the 

number of rare species present (remaining) or in terms of an equivalent number of losses of 

rare species avoided. In their study, Kragt and Bennett (2012) find that describing the levels 

of a DCE attribute in terms of avoided losses rather than species present increases the 

willingness to pay (WTP) estimates. This shows that attribute framing effects can 
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significantly influence welfare estimates. The experimental variation in the specific framing 

in the Kragt and Bennett (2012) study, however, confounds effects of valence-based framing 

due to negativity bias with effects of valence-based framing related to loss aversion. Loss 

aversion implies that people tend to overvalue losses in comparison to equivalent gains 

(Kahneman and Tversky 1979), offering a convincing explanation for the findings of the 

Kragt and Bennett (2012) study. Specificall\, the µloss of species¶ framing in Kragt and 

Bennett (2012) emphasizes the current condition as a relevant reference point, with changes 

due to catchment management representing losses (or no losses) relative to this point.4 In 

contrast, the µspecies present¶ framing rather emphasi]es the number of species remaining 

relative to a future status quo, with changes due to catchment management representing gains 

relative to this point. The expectation of a steeper value function when losses relative to the 

current condition are emphasized provides a plausible explanation for an increase in WTP in 

the negative µloss of species¶ framing, compared to the framing that reports the number of 

µspecies present¶ in the future condition.   

 
Drawing on data on peatland restoration preferences in Scotland under climate change, the 

present paper relies on a split sample approach with two treatments (each emphasizing 

positively or negatively framed information) to test for and provide new insights into the 

effects of valence-based framing of attribute levels in DCE studies. Unlike Kragt and Bennett 

(2012), in both treatments of our split sample experiment, changes are clearly presented as 

improvements relative to the same reference points, so effects on choice behavior and 

preferences can be clearly attributed to valence-based framing effects, specifically negativity 

bias, without the risk of confounding valence-based framing with loss aversion. To one group 

of respondents, we described the positive frame in terms of the µshare of peatlands in good 

condition¶ and, to another group of respondents in the negative frame treatment, we presented 

quantitatively equivalent information in terms of the µshare of peatlands in bad condition¶. In 
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addition to Kragt and Bennett (2012), we also explore the implications of valence-based 

framing for Benefit-Cost appraisal and decision-making, as well as the repercussions in terms 

of the predominant choice paradigms adopted by individuals. Given expectations that regret 

might drive choices depending on the framing of the attribute information, we compare 

decision-making based on the standard random utility maximization (RUM) framework with 

an alternative approach based on the random regret minimization (RRM) model. Previous 

studies (Chorus 2011) have found that RUM and RRM models can lead to different estimates 

of elasticities, taste parameters and predicted market shares. Hence, mistakes in the choice of 

the relevant approach to model data can lead to the estimation of biased results, with 

implications for policy analysis.  

 

 

3. Methodology 

Our empirical application relies on a split sample approach applied to a DCE study focusing 

on hypothetical peatland restoration programs in Scotland (UK).  

 

Case study background 

Peatlands coYer appro[imatel\ 20% of Scotland¶s land area (Bruneau and Johnson 2014). 

However, as a result of historic human-induced conversion to more productive land uses, 

such as forestry or agriculture, peatland ecosystems have suffered severe degradation 

(Rotherham 2011). Today, more than two thirds of Scottish peatlands are in degraded 

condition (Bain et al. 2011). This compromises the capacity of these ecosystems to provide 

important environmental services, such as water regulation, healthy habitat provision for 

wildlife species and especially carbon sequestration. Over the past decade, interest in 

peatland restoration and consequently in the design of socially desirable policies has been 
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increasing among policy-makers. With this comes a growing demand for information on 

benefits, costs and social acceptability of restoration efforts (Scottish Natural Heritage 2015). 

Past research has shown that the benefits of peatland restoration policies are likely to 

outweigh the associated costs (eftec 2015; Glenk and Martin-Ortega 2018). However, little is 

known about preferences for the longer-term impacts of peatland restoration. This is 

especially important given concerns raised about the future of peatlands under climate 

change.  

 

Warmer summers are expected to shrink the bioclimatic space for blanket bogs (GallegoဨSala 

et al. 2010; GallegoဨSala and Prentice 2013), put greater stress on existing peatlands (Ise et 

al. 2008; GallegoဨSala and Prentice 2013) and lead to further degradation of these ecosystems 

under climate change. More degraded peatlands will also mean that a significant share of 

carbon will be emitted (rather than sequestered) by these ecosystems, which will challenge 

the attainment of global emission reduction targets (Leifeld, Wüst-Gallery and Page 2019). 

Predictions show that by as soon as 2050, more than half of the carbon currently stored in 

Scottish blanket bogs will be at risk of loss, with even higher risks expected for the second 

half of this century (Ferretto et al. 2019). A main limitation of these predictions is, however, 

that they rely on static models that ignore, for example, positive and negative feedbacks and 

associated non-linear dynamics, or inertia. As a result, the response of peatlands to climate 

change, the time span over which changes occur and the extent to which climate change will 

accelerate or slow down changes in peatlands are all uncertain (Page and Baird 2016). 

Nonetheless, it is expected that peatlands in healthy conditions will show greater resilience 

and adaptation to changes in the climate (GallegoဨSala and Prentice 2013). This implies that 

peatland sites that are in poor ecological condition (i.e., sites that are continually degrading) 

are likely more susceptible to future changes in climate, relative to sites that are in good 
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ecological condition. Consequently, early restoration of degraded sites will give peatlands 

more time to restore their functioning and increase the chances for these ecosystems to be 

more resilient to future climate change, with positive results also in terms of curbing global 

warming (Günther et al. 2020).  

 

Choice experiment design 

Our DCE survey asks respondents to choose between future (hypothetical) peatland 

restoration alternatives to be implemented across Scotland. Two alternatives, varying across 

choice situations following an experimental design, describe the outcomes of additional 

restoration programs, while a third alternative, constant across the choice situations, shows 

the business as usual (BAU) scenario reflecting no additional restoration. Each alternative is 

described by three attributes.  

 

The first attribute reflects the change in peatlands¶ ecological condition achieved by 2050. 

Based on e[perts¶ predictions, the ecological condition of peatlands will deteriorate in the 

absence of additional restoration efforts, while it may improve through extra restoration. In 

our survey, we relied on the classification of peatlands¶ ecological condition provided in 

Martin-Ortega, Glenk and Byg (2017) that combines information on land use, indicators of 

ecosystem functioning (such as height of water table or presence of indicators species) and 

ecosystem service provision with respect to wildlife, water quality and greenhouse gas 

emissions to classify peatlands into bad, intermediate and good ecological condition. Martin-

Ortega, Glenk and Byg (2017) argue that their classification of peatlands¶ ecological 

condition is scientifically robust and can be widely understood by members of the public in a 

survey using a combination of text and visual aids. In our questionnaire, the future share of 

peatlands in each condition was estimated in consultation with Scottish peatland experts. In 
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contrast to the 2017 status quo (SQ) situation, characterized by 30% total share of peatlands 

in good condition, 30% in bad condition and 40% in intermediate condition, experts predict 

that, by 2050, if current land use trends continue (i.e., in the BAU scenario), 20% of 

peatlands will be in good ecological condition, 40% in bad ecological condition, with the 

remainder (40%) in intermediate condition.  

 

The second attribute considered in our survey refers to the timing (between 2017 and 2050) 

when additional restoration (if present) would be implemented ௅ which determines the long-

term effects on peatlands¶ resilience under climate change (as explained in the Case study 

background sub-section in Section 3 and below). The third attribute in our DCE is a tax that 

all Scottish households would have to pay annually (from 2017 until 2050) to a Peatland 

Trust to contribute to the funding of additional restoration programs. No extra cost would 

have to be paid in the BAU scenario. 

  

For the purpose of this paper (i.e., to explore the sensitivity of preferences and WTP to 

alternative framings of attribute levels), we considered two split samples, each presenting 

different descriptions of equivalent peatland restoration outcomes. To one group of 

respondents, we presented information in terms of the share of peatlands in good ecological 

condition (good framing treatment) and, to the other group of respondents, we described 

outcomes in terms of the share of peatlands in bad ecological condition (bad framing 

treatment). More precisely, in the good framing treatment, respondents were informed that 

extra restoration efforts would result in a given increase in the share of peatlands in good 

condition by 2050, while in the bad framing treatment, respondents were confronted with 

restoration projects that would result in an equivalent decrease in the share of peatlands in 

bad condition by 2050. Similarly, the absence of extra restoration was assumed to generate a 
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given decrease in the share of peatlands in good condition in the good framing treatment and 

an equivalent increase in the share in bad condition in the bad framing treatment. In both 

treatments, respondents Zere informed that ³peatlands that are in bad ecological condition 

would be restored, with the aim of achieving good ecological condition in the future´ and, 

vice versa, they were told that, in the absence of additional restoration, peatlands would shift 

from good to bad condition. This way, any Yariation in peatlands¶ condition was explained as 

a shift from bad to good condition or vice versa (while assuming, by design, that the share in 

intermediate condition is not affected). In both treatments, respondents are therefore 

confronted with exactly the same degree of environmental change, just framed in different 

ways. By randomly assigning respondents to one of the treatments, it is possible to study the 

effect of positive versus negative framing of environmental outcomes. Table 1 presents the 

attributes employed in the good and bad framing DCEs, together with the corresponding 

attribute levels.  

 

[Table 1] 

 

In both split samples, we additionally presented information on the share of peatlands in 

either good or bad ecological condition (depending on the treatment) that would be achieved 

by 2080. In the survey, respondents were informed that, due to climate change, the ecological 

condition of peatlands towards the end of the century will depend on the extent of peatland 

restoration achieved by 2050 (COND_2050) and the timing of restoration (TIME). 

Expectations, developed with peatland ecology experts, are that long-term restoration success 

will be higher if peatland restoration is carried out earlier, following the rationale on the long-

term resilience of peatlands under climate change outlined in the Case study background sub-

section in Section 3. Earlier restoration efforts are in fact likely to increase the chances that 
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restored peatlands will be more resilient to climate change pressures after 2050 (when 

restoration ends), while delaying restoration efforts is expected to more likely result in 

restored peatlands being more vulnerable to climate change stresses, and therefore 

degradation, after restoration ends. To add realism to the presented scenarios, we also 

informed respondents that peatlands¶ ecological condition b\ 2080 will depend on the 

severity of climate change, which is uncertain. Two possible climate change scenarios were 

therefore considered: a more severe and a less severe one. Hence, for each restoration 

program, two outcomes were presented for 2080, one for each possible climate change 

scenario.5 Note that the uncertainty information does not represent an additional attribute. 

The outcomes achieved by 2080 are merely a function of the extent of peatland restoration by 

2050 and the timing of restoration in the period up to 2050.  

 

In both the good and bad framing treatments, the experimental design used to create 

alternative combinations with different attribute levels relies on a D-efficient Bayesian 

design, optimized for the multinomial logit (MNL) model. The priors for this design are 

based on the MNL model coefficients estimated from responses collected at the pilot stage 

(N=93). The final design comprises of 48 choice tasks, allocated to six blocks, which implies 

eight choice tasks per respondent. Figure 2 shows an example choice task for each of the two 

split sample treatments.6 

 

[Figure 2] 

 

The sample 

The survey was administered online via a professional market research company during July-

August 2017 to a sample of 868 Scottish residents. To ensure that the sample represents the 
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Scottish population, a quota-based approach was employed to select individuals from the 

online panel, Zith age and gender as µhard quotas¶. As reported in Table 2, none of the 

differences in the socio-demographics between good framing and bad framing treatments is 

statistically significant at the 5% level. 

 

[Table 2] 

 

Modelling 

Responses to the discrete choice experiment are modelled based on the random utility 

maximization (RUM) framework (McFadden 1974). In each choice set, respondents are 

assumed to select the alternative that yields the highest utility. The utility that respondent n 

obtains from a given restoration program j can be specified as:  

  

𝑈௡௝ ൌ 𝛽௡
ᇱ௠ሺ𝑋௡௝

௠  + 𝛃𝐧
ᇱ−𝐦𝐗𝐧𝐣

−𝐦ሻ + 𝜀௡௝                [1] 

 

where 𝑋௡௝
௠  is the level of the monetary attribute and 𝐗𝐧𝐣

−𝐦 the vector of non-monetary 

attributes describing alternative j faced by respondent n; 𝜀௡௝ is the error term that captures 

factors unobserved by the econometrician ± this term follows a Gumbel distribution and has 

variance Var(𝜀௡௝)= 𝛼௡
ଶ (𝜋ଶ/6), where 𝛼௡ is the scale parameter, which reflects the variance of 

the error term in relation to the magnitude of all coefficients; 𝛽௡
ᇱ௠ is the parameter associated 

with the monetary attribute; 𝛃𝐧
ᇱ−𝐦 is the vector of parameters that express individuals¶ 

preferences for the non-monetary characteristics of the restoration program. To account for 

preference heterogeneity, both 𝛽௡
ᇱ௠ and 𝛃𝐧

ᇱ−𝐦 are assumed to be individual-specific random 
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coefficients that follow a given parametric distribution specified by the researcher. In our 

case, a normal distribution, with mean b and standard deviation σ, is used for all parameters, 

excepted for cost, which is assumed to be log-normally distributed to restrict the sign of this 

coefficient to be the same for all respondents. Therefore, the negative of the cost variable is 

considered in the utility function. The multiplication of all attributes by the parameter of the 

monetary variable (𝛽௡
ᇱ௠) allows to directly interpret the vector of preference parameters 

(𝛃𝐧
ᇱ−𝐦) as a vector of implicit prices (marginal WTPs) and therefore to specify the model in 

WTP-space. Our model additionally allows for full correlation of the random parameters, 

thus representing a mixed logit model (MXL; McFadden and Train 2000; Train 2009) in 

WTP-space with correlation. 

We used a Swait and Louviere (1993) test to obtain a first indication of whether framing the 

attribute levels in terms of equivalent shares of peatlands in good (or bad) condition overall 

affects indiYiduals¶ preferences. Performing this test requires estimating separate models for 

the good and the bad framing split samples, as well as a pooled model, additionally allowing 

for differences in scale (𝛼௡) across the split samples.7 To test whether the null hypothesis of 

overall parameter equality across treatments (Ho: 𝛃𝐠𝐨𝐨𝐝
−𝐦,𝐦 ൌ 𝛃𝐛𝐚𝐝

−𝐦,𝐦 ൌ 𝛃𝐩𝐨𝐨𝐥𝐞𝐝
−𝐦,𝐦 ) can be rejected, 

we employed the likelihood ratio (LR) test statistic (-2 * [𝐿𝐿௣௢௢௟௘ௗ - (𝐿𝐿௚௢௢ௗ + 𝐿𝐿௕௔ௗ)]), 

which compares the values of the log-likelihood (LL) functions of the estimated models (for 

each separate good and bad treatment, as well as the pooled data) and is chi-squared 

distributed with k+1 degrees of freedom, where k is the number of model parameters and the 

additional degree of freedom is because we allow 𝛼௡ to vary.   

Furthermore, to check whether the use of a good or bad framing equally affects the 

preferences for all attributes or it affects some attributes more than others, we used a two-

tailed Wald test ( 𝛃෡𝐛𝐚𝐝− 𝛃෡𝐠𝐨𝐨𝐝

ට௦௧.௘௥௥.ሺ𝛃෡𝐛𝐚𝐝ሻమ+ ௦௧.௘௥௥.ሺ𝛃෡𝐠𝐨𝐨𝐝ሻమ 
). As part of this test, we investigated the 
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significance of the differences in WTP across treatments for each of the estimated parameters 

and focused on mean WTP given its wide use for policy purposes (Bateman et al. 2006).  

To illustrate the policy implications of adopting a good framing or a bad framing of attribute 

information, we also carried out an illustrative Benefit-Cost Analysis, using the benefit 

estimates based on the WTP-space model results in each of our treatments (described in more 

details in the Discrete choice e[periment results¶ sub-section in Section 4) combined with 

information on peatland restoration costs, based on Glenk et al. (2020) and Moxey and Moran 

(2014). For this analysis, we considered a variety of scenarios involving different levels of 

peatland restoration up to 2050 (i.e., 10%, 20% or 30% increase, in absolute terms, in the 

share of peatlands in good condition over the status quo (SQ), corresponding to the 

restoration of 157,540ha, 315,080ha and 472,620ha of peat, respectively) and different 

timings of intervention (i.e., early, midway or late). In each scenario, we assumed that 

restoration efforts would be evenly distributed over the period during which the intervention 

would take place (i.e., 2017-2027 for early, 2028-2038 for midway and 2039-2050 for late) 

and, once the target amount of peatlands to restore would be achieved (i.e., 157,540ha, 

315,080ha and 472,620ha), this level would be maintained until 2050. In each scenario, we 

hypothesized that no benefits and no costs would occur before the start of the intervention. 

The benefits of the interventions were calculated by converting the mean WTP estimates for 

the different restoration scenarios into annual per hectare values. This was achieved by 

dividing the WTP values reported in Table 3 (which are per household and year) by the total 

amount of hectares to be restored in the scenario of interest (i.e. a 10%, 20% or 30% absolute 

increase in the share of peatlands in good condition over the SQ), and then by aggregating the 

resulting figure over the relevant population of 2.4 million households (Scottish Government 

2018). In addition, an annual premium was also considered to capture the benefits associated 

with earlier restoration. This value corresponded to the mean WTP estimate per household 
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and year reported in Table 3 for early or midway restoration (with late as the base category), 

which we then aggregated over the total number of households in Scotland. Realistic 

estimates of restoration costs (based on Glenk et al. (2020) and Moxey and Moran (2014)) 

were used in the analysis, including capital costs (assumed to be £1,227/ha) and recurring 

costs reflecting management costs and opportunity costs (assumed to be £300/ha).8 Annual 

costs and benefits were subsequently discounted by means of appropriate discount rates 

(3.5% until 2047 and 3% for 2048-2050, based on the UK GoYernment¶s adYice (H.M. 

Treasury 2018)) to calculate the Net Present Value (NPV) and Benefit/Cost (B/C) ratios for 

each scenario.  

 

In addition, to test whether alternative framings of attribute information have repercussions 

on the decision-making strategy adopted by respondents, the estimated results based on the 

RUM framework were compared with those obtained by considering a random regret 

minimization (RRM) behavior. RRM models are based on the idea that respondent n, when 

choosing, tries to minimize the regret experienced when one or more non-chosen alternatives 

outperform the chosen one, in terms of one or more attributes k (van Cranenburgh, Guevara 

and Chorus 2015). Regret is computed starting from the binary comparison between the 

alternative considered j and its competitor alternative i for all attributes k. The RRM model 

postulates that, if respondents are regret-minimizers, they try to avoid choosing an alternative 

that performs worse than a competing one in terms of one or more attributes (x). When 

information is negatively (as opposed to positively) framed (e.g., peatlands¶ condition is 

expressed in terms of the share in bad condition), respondents may be more likely to act as 

regret-minimizers, by perceiving a situation as less desirable and by taking more 

precautionary decisions to avoid choices that may lead to regret. To avoid the regret of not 

choosing an option which could lead to better results for peatlands in the longer term, 
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respondents in our negatively framed scenario may therefore choose the BAU alternative and, 

to some extent, late restoration programs, less often compared to a positively framed 

scenario.  

       

For our purposes, we rely on two flexible generalizations of the classical RRM model 

presented in Chorus (2010):  

 

the ȝ-RRM model: 

 

𝑅𝑅௡௝
ఓ𝑅𝑅ெ ൌ ∑ ∑ ln ሺ1 + exp ሺ𝛃𝐤

ఓ
ሾ𝐱𝐧𝐢𝐤 − 𝐱𝐧𝐣𝐤ሿሻሻ + 𝜀௡௝௞௜ஷ௝      [2] 

 

and the G-RRM model:  

 

𝑅𝑅௡௝
ீ−𝑅𝑅ெ ൌ ∑ ∑ ln ሺᖤ + exp ሺ𝛃𝐤ሾ𝐱𝐧𝐢𝐤 − 𝐱𝐧𝐣𝐤ሿሻሻ + 𝜀௡௝௞௜ஷ௝     [3] 

 

where RR refers to the random regret for the respondent n. Both models are particularly 

convenient for the purposes of our study because they allow drawing conclusions regarding 

whether respondents¶ behavior is closer to random regret minimization or random utility 

maximization (van Cranenburgh, Guevara and Chorus 2015). Information about the 

profundity (or level) of regret in the data is obtained by estimating the parameter ȝ in the ȝ-

RRM model and the parameter ܵ in the G-RRM model. A relatiYel\ large ȝ parameter (or a 

value of ܵ close to 0) signals relatively mild profundity of regret and suggests that the model 

predicts choice behaviors close to the linear-additive random utility maximization model. 

Vice versa, a relatiYel\ small ȝ parameter (or a value of ܵ close to 1) signals a relatively 
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strong profundity of regret and indicates the presence of random regret minimization 

behaviors in the data (Chorus 2010). 

 

4. Results 

Discrete choice experiment results9 

The results of the RUM-based DCE model are presented in Table 3. Regardless of the 

framing, the mean coefficient related to the alternative specific constant for the BAU 

alternative is negative and significant. This means that on average respondents tend to 

systematically favor restoration program alternatives rather than the BAU alternative for 

reasons not already captured through the attribute coefficients. Regardless of the framing, 

preferences and WTP tend to increase with the scope of restoration, but at decreasing rates, 

demonstrating internal sensitivity to the scope of the valued environmental change and 

diminishing marginal utility. This is indicated by the coefficients of the three dummy 

variables associated with the attribute COND_2050, which take value one (else zero) when 

the share of peatlands in good condition by 2050 increases by either 10%, 20% or 30% (in 

absolute terms), compared to the SQ level in 2017 (the reference category). Please note that, 

for modelling purposes, we converted information on the share of peatlands in bad condition 

into the equivalent share in good condition. Regarding the timing of restoration, both in the 

good and bad framing treatments, respondents indicate strong aversion to the postponement 

of restoration efforts. Indeed, study participants would be prepared to pay substantially and 

significantly more if restoration was implemented early (between 2017 and 2027) or midway 

in the program (between 2028 and 2038), rather than late (between 2039 and 2050). As 

expected, the coefficients of the negative cost attribute (Table 3 reports the coefficients of the 

normal distribution underlying the log-normally distributed monetary coefficients, 𝛽௡
௠) are 
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significant and, by design, they lead to positive log-normally distributed mean and standard 

deviation estimates.         

 

Based on the above, the good and bad framing treatments therefore seem to share common 

patterns in terms of preference and WTP structure. However, the results of the Swait and 

Louviere (1993) test (LR statistic= 77.11; p-value=<0.01, reported in the tab ³Tables 3-4´ in 

the Excel file in Appendix B) offer a first indication of the existence of treatment-specific 

differences by allowing to reject the null hypothesis of overall parameter equality across the 

good and bad framing split samples.  

 

[Table 3] 

 

Further checks are however needed to understand the significance and nature of the 

differences in WTP across the treatments. Towards this aim, we conducted a two-sided Wald 

test to compare (one-by-one) each of the mean WTP values in Table 3 across the good and the 

bad framing models. The results of this test (reported in Table 4) show that overall differences 

between the good and bad framing treatments can largely be attributed to a small number of 

parameters. Regardless of the framing, respondents are willing to pay similar amounts to 

move away from the BAU scenario of no restoration, to increase the share of peatlands in 

good condition by either 10% or 20% (in absolute terms) over the SQ level and to restore 

peatlands midway in the program (between 2028 and 2038). However, sample respondents 

are willing to pay significantly different amounts depending on the framing to achieve the 

highest level of restoration of peatlands by 2050 (i.e., 30% increase in good condition, in 

absolute terms, over the SQ level). For this level of change, they would be prepared to pay 

£103.41/household/year in the bad framing treatment and £80.04/household/year in the good 
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framing, with this difference being significant at 5% level (p-value= 0.03). Similarly, for 

restoration to take place early in the program, study participants are willing to pay a much 

higher value when information is negatively framed (£114.56/household/year) rather than 

positively framed (£88.40/household/year), with this difference also being significant at the 

5% level (p-value= 0.01). 

  

[Table 4] 

 

Illustrative Benefit-Cost Analysis 

To understand the policy relevance of our results, we additionally carried out an illustrative 

Benefit-Cost Analysis considering a variety of scenarios with different levels of peatland 

restoration up to 2050 and different timings of intervention, as described in more details in the 

Modelling sub-section in Section 3. The NPV and B/C ratios for each of the scenarios explored 

are summarized in Table 5 for the good and bad framing treatments (with the underlying 

calculations reported in Appendix B).     

   

[Table 5] 

 

Based on the results reported in Table 5, all but one of the peatland restoration scenarios yield 

mean net welfare gains (i.e., NPV>0 and B/C ratios>1). Regardless of the framing, the highest 

NPV and B/C ratios are associated with smaller scale restoration projects taking place early in 

the period up to 2050, while late restoration is generally associated with the lowest NPV and B/C 

ratios. This reflects diminishing marginal utility, while assuming constant cost per hectare as the 
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scale of restoration increases. Important differences, however, also exist across treatments. As 

expected, given the results in Table 3, the NPV and B/C ratios are higher in any given scenario 

in the bad compared to the good framing treatment, with more sizeable discrepancies across 

treatments when the policy involves larger scale or early restoration. In particular, while in the 

bad framing treatment the NPV is positive and B/C ratios greater than one in all the restoration 

scenarios explored, in the good framing treatment this is always the case except for one scenario, 

characterized by an increase by 30% (in absolute terms) in the peatlands restored to good 

condition between 2039 and 2050 (late in the program). For this particular scenario, and based 

on the results of our Benefit-Cost appraisal, valence-based attribute framing effects result in 

different recommendations regarding the appropriateness (or otherwise) of undertaking a 

restoration program.10 Even if differences for the remainder of the scenarios are small to modest, 

they may still influence the ranking of the restoration projects based on the Benefit-Cost ratios.  

 

RUM versus RRM 

To explore whether respondents follow different behavioral patterns across the two framing 

treatments, we test if data best adjust to random utility maximization (RUM) or rather 

random regret minimization (RRM) behavior. Specifically, we estimate ȝ-RRM and G-RRM 

models11 to determine (through the calculation of ȝ and ܵ, respectively) the extent to which 

respondents¶ behavior approximates a RUM or a RRM pattern. Following the 

recommendations of van Cranenburgh, Guevara and Chorus (2015), we estimate two separate 

ȝ-RRM and G-RRM models for each split sample to avoid potential problems when pooling 

datasets. In addition, given the complexity of the estimation process, a simple modelling 

approach is considered, based on the MNL model.12 The results of the ȝ-RRM and G-RRM 
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models for the good and bad framing treatments are reported in Appendix C, along with the 

RUM-based MNL models for each treatment, for comparison purposes.     

 

The results of the RRM models indicate that there is little evidence of strong random regret 

minimization patterns in both treatments. This is indicated by a relatively high, albeit not 

significant, Yalue of the ȝ parameter (5.90) and a relatively low estimate of ܵ (0.22, with p-

value equal to 0.81) in the good framing treatment, and by a very high estimate of the ȝ 

parameter (76.02) and a very low regret-weighted value of ܵ (0.00, with p-value equal to 

1.00) in the bad framing treatment. Based on these findings, in both treatments there are 

hardly any differences between the regret experienced when choosing an alternative 

performing worse than a non-chosen alternative and the rejoice experienced when the chosen 

alternative performs better than the non-chosen one.     

 

The above conclusions are reinforced when comparing the log-likelihood (LL) functions 

estimated for the different models. Both for the good and bad framing treatments, the LL 

functions estimated for the ȝ-RRM and the G-RRM models (reported in Appendix C) do not 

offer significant improvements in fit relative to the LL function estimated for the MNL model 

based on RUM. Similarly, compared to a pure RRM model, which assumes strong random 

regret minimization behavior (full results and LL function reported in the tab ³Pure RRM´ in 

Appendix B), the RUM-based MNL model fits the data significantly better.   
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5. Discussion  

There is extensive evidence that responses to discrete choice experiments (DCEs) are 

reference-dependent and not context-free (Hess et al. 2017). This study investigates the 

implications of alternative attribute framing and, in particular, valence-based framing, a 

largely neglected topic within the stated preference valuation literature. We show that 

differences in the framing of attributes ௅ whether equivalent environmental outcomes are 

described in a positive or negative frame ௅ can affect stated preferences. This main finding is 

in line with previous evidence from the behavioral and decision-making literature that 

choices may shift if equivalent outcomes are framed differently. In our case study, we find 

considerable differences in willingness to pay for the scope and timing of peatland 

restoration. Our results show that people tend to be willing to pay significantly more for the 

highest level of peatland restoration and early action when outcomes are framed in terms of 

the share of peatlands in bad ecological condition, rather than the share in good condition. 

This result aligns with expectations based on the behavioral science literature that ³negatiYe 

information has a systematically stronger impact on judgment than objectively equivalent 

positiYe information´ (LeYin, Schneider and Gaeth 1998, p. 176).              

 

The implications of these findings for policy-making are non-negligible: based on the results 

presented in the Illustrative Benefit-Cost Analysis sub-section in Section 4, a positive or 

negative framing of attribute information can lead, in specific circumstances, to different 

policy recommendations. While in the majority of cases considered, the implementation of 

peatland restoration is clearly socially desirable, this is not always the case. Especially in 

those scenarios where B/C ratios are close to the threshold of one, differences in the 

estimated benefits used in the analysis due to the consideration of alternative framings might 

flip policy recommendations. Based on our analysis, this is more likely to happen: 1) when 
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policies involve late restoration (as B/C ratios are the lowest and generally around 1 when 

interventions are postponed) and 2) when information is positively framed, given the 

systematically lower NPV and B/C ratios in the good compared to the bad framing treatment. 

For example, our analysis shows that a policy to restore 30% of peatlands to good condition 

in the period 2039-2050 (late in the program) would generate net welfare benefits and 

therefore should be pursued, based on the bad framing treatment results. However, 

implementing exactly the same policy would not be desirable based on the good framing 

treatment findings, as restoration costs would exceed the benefits. Contrasting policy 

decisions would have major implications for the sustainability of peatlands in the longer term, 

given that the share restored to good condition by 2050 and the timing of intervention 

influence peatlands¶ resilience against future global warming and their capacity to provide 

ecosystem services, including carbon sequestration, which in turn would have implications 

for climate change.  

 

An additional contribution of our study is to shed more light on whether framing effects have 

any impact on the behavioral choice process adopted by individuals. Specifically, we 

compare, across the good and bad framing treatments, whether choices are aligned with either 

the standard random utility maximization or the random regret minimization frameworks. 

Our results suggest that presenting attribute levels using a positive versus negative framing 

does not encourage shifts in the behavioral choice axioms adopted by individuals. Based on 

our findings, there is no strong evidence in favor of random regret minimization behavior 

among respondents, especially in the bad framing treatment. This may at first be interpreted 

as a departure from previous behavioral science evidence (Levin, Schneider and Gaeth 1998). 

However, it can in part also be due to differences in the study of the problem. In Levin, 

Schneider and Gaeth (1998), the negative framing of information is found to encourage 
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feelings of regret amongst people especially when bad outcomes are the result of an 

undesirable action. Conversely, in the present study, bad outcomes are mostly occurring as 

the result of not performing an action (i.e., no additional restoration). This might explain why 

feelings of regret are not accentuated within our data.     

 

At least in the context of our study, our findings suggest that using a standard random utility 

maximization framework for the modelling of data is justified, regardless of the framing of 

attribute information. This does not mean that investigating the existence of random regret 

minimization behaviors arising from context effects in stated preference studies is not worth 

pursuing. Even if random regret minimization models have been scarcely investigated in 

environmental economics (Thiene, Boeri and Chorus 2012), are not solidly rooted in 

microeconomic theory and offer only limited possibilities to estimate reliable welfare 

measures (Dekker and Chorus 2018), the use of these models is increasingly advocated to 

improve the behavioral realism of the decision-making process and, potentially, offer richer 

insights to policy-makers. For example, random regret minimization models are particularly 

suitable to capture choices for so-called µcompromise alternatives¶, that is, options that score 

reasonably well on all factors rather than extremely well on some but badly on others (Chorus 

2011).         

 

The above results also point to other areas of further research. While our study can be 

conceived as a first step to explore the behavioral patterns adopted by respondents when 

choosing between alternatives framed in different yet equivalent ways, more needs to be 

understood on the cognitive implications. Recent DCE studies have shown that the way in 

which respondents attend to information may affect their decisions and that ignoring 
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information processing strategies can bias the results of DCE surveys (e.g., Campbell, 

Hensher and Scarpa 2011; Glenk et al. 2015). Further research is needed to understand 

whether and, if so, how different attribute framing in DCEs can encourage different 

information processing strategies. An obvious starting point could be the analysis of attribute 

non-attendance. In addition, despite being presented with objectively equivalent information 

in both treatments, respondents in our survey might still have applied subjective weights to 

the scenarios. Exploring the role of individual perceptions as possible mediating factors 

remains something to be further investigated as part of future work to better understand 

framing effects.  

 

It remains also to be tested and better understood whether the conclusions drawn regarding 

valence-based framing effects can be generalizable or are sensitive to the specific context 

considered in our empirical application. With the data used in the present study, it is not 

possible to know whether people¶s responsiveness to positively versus negatively framed 

information might be sensitive to e.g., the use of different formats to present attribute 

information (graphical versus tabular), the time horizon considered or the presence of 

uncertainty. While Kragt and Bennett (2012) found that valence-based framing is also present 

when looking at shorter-term future scenarios that are described as certain, more formal 

testing to confirm the generalizability of the results is needed. 

 

 

6. Conclusions 

This paper demonstrates that a positive or negative framing of otherwise identical 

environmental outcomes can affect preferences and willingness to pay in stated preference 

studies. By doing so, our research highlights the role of previously neglected psychological 
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and behavioral factors in the study of people¶s preferences and welfare measures. It therefore 

contributes to an ongoing, but still limited, field of research within the stated preference 

valuation literature, incorporating psychology and behavioral sciences into the study of the 

economic demand for environmental goods (Croson and Treich 2014; Hanley and 

Czajkowski 2019).   

 

Our findings have implications for the design of stated preference studies and should promote 

increased recognition and awareness among discrete choice experiment practitioners that 

attribute framing decisions exist and that these decisions ± which are often arbitrary ± can 

have consequences on welfare measures. There are ample examples of alternative attribute 

framing possibilities in environmental settings, for instance, in the context of ecosystem 

restoration and biodiversity conservation (as exemplified by Kragt and Bennett (2012) and 

this paper) or when communicating outcome uncertainty (e.g., Glenk and Colombo 2011; 

Glenk and Colombo 2013; Rolfe and Windle 2015; Lundhede et al. 2015; Faccioli, Kuhfuss 

and Czajkowski 2019), where framing may relate to probabilities of either success or failure. 

More widely, alternative attribute framing possibilities are also common in non-

environmental settings, including marketing (e.g., fat-free versus full-fat content), transport 

(e.g., available versus occupied seats on public transport), health (e.g., probability of vaccine 

success versus failure) or energy (e.g., energy/money saved versus used/spent when adopting 

different appliances).  

 

Our results do not permit a definite judgement on whether employing a positive or a negative 

framing of attributes should be preferred. It is debatable, however, whether this information 

would indeed be desirable, as it might open the door to preference manipulation ± a problem 
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for project appraisal (Sudgen 2005) ± by encouraging the use of specific wording when 

presenting policy options with the intention to either increase or decrease public support, as 

convenient. IntuitiYel\, ³neutral´ descriptions of attribute changes should be prioritized 

relative to descriptions that imply valence framing. However, when this is not possible, we 

suggest that practitioners, budget permitting, offer alternative attribute framing for evaluation 

to respondents and use potentially arising differences to define lower and upper bounds of 

welfare estimates. Such an approach could be useful to provide more robust welfare evidence 

by confirming decisions in favor (or against) the implementation of given policies, 

irrespective of attribute framings. In addition, when there is disagreement in policy 

recommendations depending on the framing, this approach could be useful to highlight areas 

of uncertainty where more evidence needs to be collected regarding the profitability of the 

intervention. If testing for multiple framing effects is not possible within the available budget, 

undertaking extensive focus group discussions and careful pretesting is a minimum 

requirement to gauge the influence of alternatiYe attribute framing on respondents¶ 

preferences.         
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Tables 

 

 
Table 1. 

Attribute descriptions and their levels in the good and bad framing treatments 

Attribute Description Levels 
Good framing treatment Bad framing treatment 

COND_2050 

Change in the ecological 
condition of peatlands by 2050, 
with respect to the status quo 

(SQ) level. 

Increase (in absolute terms) 
in the share of peatlands in 

good condition: 
+0% 
+10% 
+20% 
+30% 

Decrease (in absolute terms) 
in the share of peatlands in 

bad condition: 
-0% 
-10% 
-20% 
-30% 

TIME 
Timing when restoration will 

take place in the period between 
2017 and 2050 

Earl\ (2017ဨ2027) 
MidZa\ (2028ဨ2038) 

Late (2039ဨ2050) 

Earl\ (2017ဨ2027) 
Midway (2028ဨ2038) 

Late (2039ဨ2050) 

COST Annual cost, in GBP 
(tax towards Peatland Trust fund) 10,25,50,75,150,250 10,25,50,75,150,250 
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Table 2. 

Socio-demographic characteristics by split sample 

 
Good 

framing 
Bad  

framing 

Test for the 
significance of the 

differences (p-value) 
Gender    
Men 49.21% 43.50% 0.09 
Women 50.79% 56.50% 0.09 
Age    
18-24 11.91% 12.53% 0.78 
25-44 32.13% 30.97% 0.71 
45-64 35.51% 36.41% 0.78 
� 65 20.45% 20.09% 0.90 
Household size    
Nr. of people in the household  
(average) 2.27 2.21 1.00 

Place of residence    
Rural  32.81% 35.70% 0.37 
Urban 67.19% 64.30% 0.37 
Education achieved    
Level 0 (Lower secondary school) 20.28% 19.60% 0.81 
Level 1 (Upper secondary school) 17.69% 18.11% 0.87 
Level 2 (College) 14.15% 12.66% 0.53 
Level 3 and above (University) 47.88% 49.63% 0.62 
Note: the last column (on the right) reports the p-values for the tests of equality across treatments: for all 
variables we used a z-test to check the equality of proportions, while for the Yariable µhousehold si]e¶ we used 
a t-test for mean equality. Additionally, for µage¶ and µeducation¶, we also performed a Chi-square test to 
compare the distribution of these categorical variables across treatments. In both cases, the null hypothesis of 
equality between the good and bad framing could not be rejected (p-Yalue for µage¶ Zas 0.97 and for 
µeducation¶ it Zas 0.91).   
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Table 3. 
Results of the Mixed Logit models in WTP-space for the good and bad framing data and pooled model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: ***, ** and * indicate 1%, 5% and 10% significance levels, respectively. Standard errors are provided in parentheses. All utility function parameters are modelled as random and normally distributed except for the cost 
parameter, which is assumed to follow a log-normal distribution (the estimates of the underlying normal distribution are reported in this table). For modelling purposes, the cost attribute was re-scaled and divided by 100 and 
the BAU constant multiplied by 10. Correlation parameters are reported in the tab ³Tables 3-4´ in Appendi[ B available online. The models were estimated using the simulated maximum likelihood method with 10,000 Sobol 
draZs Zith a random linear scramble and a random digital shift (C]ajkoZski and Bud]iĔski 2019). 

 Good framing Bad framing Pooled model 

 
Mean 

(St. error) 
St. deviation 
(St. error) 

Mean 
(St. error) 

St. deviation 
(St. error) 

Mean 
(St. error) 

St. deviation 
(St. error) 

Business as usual [times 10] 
-0.30*** 

(0.02) 
0.22*** 
(0.02) 

-0.32*** 
(0.02) 

0.28*** 
(0.02) 

-0.35*** 
(0.01) 

0.27*** 
(0.01) 

Increase in good ± 10% over SQ 
0.46*** 
(0.05) 

0.46*** 
(0.05) 

0.51*** 
(0.05) 

0.59*** 
(0.05) 

0.48*** 
(0.04) 

0.42*** 
(0.04) 

Increase in good ± 20% over SQ 
0.83*** 
(0.07) 

0.85*** 
(0.07) 

0.97*** 
(0.10) 

1.37*** 
(0.11) 

0.90*** 
(0.06) 

0.92*** 
(0.06) 

Increase in good ± 30% over SQ 
0.80*** 
(0.07) 

1.05*** 
(0.07) 

1.03*** 
(0.09) 

1.41*** 
(0.09) 

0.92*** 
(0.06) 

1.03*** 
(0.05) 

Timing (early) 
0.88*** 
(0.06) 

0.98*** 
(0.06) 

1.15*** 
(0.09) 

1.32*** 
(0.08) 

1.05*** 
(0.05) 

1.04*** 
(0.06) 

Timing (midway) 
0.58*** 
(0.05) 

0.60*** 
(0.04) 

0.56*** 
(0.05) 

0.53*** 
(0.05) 

0.58*** 
(0.04) 

0.49*** 
(0.03) 

- Cost [divided by 100] 
1.28*** 
(0.13) 

1.83*** 
(0.18) 

1.40*** 
(0.14) 

2.14*** 
(0.18) 

1.05*** 
(0.10) 

1.81*** 
(0.10) 

Relative scale parameter       

Bad framing     0.13 
(0.12)  

Model diagnostics       

LL at convergence -2287.91 -2188.59 -4515.05 
McFadden's pseudo-R² 0.32 0.36 0.34 
r (respondents) 445 423 868 
k (parameters) 35 35 36 
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Table 4. 

Wald test for the significance of the differences in mean WTP values across treatments 

Notes: ***, ** and * indicate 1%, 5% and 10% significance levels, respectively.

 
Mean WTP (St. Errors) 

from Table 3  

 
Good 

framing 
Bad 

framing 
Significance of the 

difference (p-value) 

Business as usual [times 10] 
-0.30*** 

(0.02) 
-0.32*** 

(0.02) 0.64 

Increase in good ± 10% over SQ 
0.46*** 
(0.05) 

0.51*** 
(0.05) 0.47 

Increase in good ± 20% over SQ 
0.83*** 
(0.07) 

0.97*** 
(0.10) 0.22 

Increase in good ± 30% over SQ 
0.80*** 
(0.07) 

1.03*** 
(0.09) 0.03** 

Timing (early) 
0.88*** 
(0.06) 

1.15*** 
(0.09) 0.01*** 

Timing (midway) 
0.58*** 
(0.05) 

0.56*** 
(0.05) 0.81 
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Table 5. 

Net Present Value (NPV) and Benefit/Cost (B/C) ratios for selected restoration scenarios 

 

Scenarios NPV B/C ratio 
Scope of 

restoration Timing Good Bad Good Bad 

 
Increase in good ± 

10% over SQ 
 

Early £5.14bn 
[£4.21bn ± £6.08bn] 

£6.61bn 
[£5.39bn ± £7.83bn] 

6.58 
[5.56 ± 7.60] 

8.17 
[6.85 ± 9.49] 

Midway £1.94bn 
[£1.50bn ± £2.39bn] 

£1.99bn 
[£1.53bn ± 2.46bn] 

4.91 
[4.02 ± 5.81] 

5.01 
[4.08 ± 5.95] 

Late £0.08bn 
[£0.03bn ± £0.13bn] 

£0.11bn 
[£0.05bn ± £0.17bn] 

1.40 
[1.13 ± 1.67] 

1.55 
[1.24 ± 1.86] 

Increase in good ± 
20% over SQ 

Early £5.61bn 
[£4.51bn ± £6.71bn] 

£7.44bn 
[£5.88bn ± £9.00bn] 

4.04 
[3.45 ± 4.64] 

5.04 
[4.19 ± 5.88] 

Midway £2.15bn 
[£1.63bn ± £2.68bn] 

£2.39bn 
[£1.75bn ± £3.02bn] 

3.17 
[2.64 ± 3.70] 

3.40 
[2.76 ± 4.04] 

Late £0.1bn 
[£0.02bn ± £0.18bn] 

£0.19bn 
[£0.07bn ± £0.30bn] 

1.25 
[1.06 ± 1.45] 

1.48 
[1.18 ± 1.77] 

Increase in good ± 
30% over SQ 

Early £4.59bn 
[£3.50bn ± £5.69bn] 

£6.76bn 
[£5.27bn ± £8.24bn] 

2.66 
[2.27 ± 3.06] 

3.44 
[2.91 ± 3.98] 

Midway £1.61bn 
[£1.08bn ± £2.13bn] 

£2.01bn 
[£1.41bn ± £2.61bn] 

2.08 
[1.73 ± 2.43] 

2.35 
[1.95 ± 2.75] 

Late -£0.11bn 
[(-£0.19bn) ± (-£0.03bn)] 

£0.03bn 
[(-£0.08bn) ± £0.13bn] 

0.81 
[0.68 ± 0.94] 

1.05 
[0.87 ± 1.22] 

Note: in each cell, the reported top figures refer to the NPVs or B/C ratios estimated assuming mean WTP values (from Table 3). The figures reported in 
parenthesis refer to the lower bound and upper bound NPV or B/C ratios obtained from the 95% confidence intervals of the mean WTP estimates.  
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Figures 

Fig. 1. 
Overview of the literature classification 
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Fig. 2. 

Example of choice card for the good framing (a) and bad framing (b) split samples 
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Endnotes 

 
1 When the use of alternatiYe pa\ment Yehicles conYe\s different information about the µsettings¶ in Zhich the good is proYided, these 
effects could be subsumed under context effects. For example, a tax may convey more certainty around the provision of the good, while 
donations may communicate uncertainty of provision depending on the number of people contributing. 
2 In the valuation literature, however, the term ³framing effects´ is undul\ frequentl\ used to identif\ a broader set of factors, Zhich e[tend 
beyond the strictest definition of framing that is taken as the gold standard. For instance, Rolfe et al. (2002, p. 2) define µframing effects¶ as 
occurring ³Zhen the respondent to a survey is unduly sensitive to the context in which a particular trade-off is offered´, including the good 
being valued and its substitutes. Similarly, Johnston et al. (2017) report that framing effects are induced by using alternative question 
formats. Bennett and Blamey (2001) refer to the implications of using different payment vehicles as framing effects. In other valuation 
studies (e.g., Kragt and Bennett 2012, p. 45), framing effects are related to ³the Za\s in Zhich information is formulated and presented´. 
3 Another valuation study (Le Coent, Préget and Thoyer 2017) explores valence-based framing effects, but it focuses on the supply (rather 
than demand) of ecos\stem serYices. The authors inYestigate French farmers¶ participation in one of tZo possible agro-environmental 
programs: 1) a publicly funded program to maintain or enhance conservation and 2) a privately funded offsetting program where developers 
pay farmers to restore damaged habitat following the implementation of a development project. Results of the study show that some farmers 
are more likely to participate in a contract aiming at creating or maintaining habitats, rather than restoring damaged ecosystems.    
4 The description of the base leYel of the µrare natiYe species¶ attribute in the negatiYe framing is as folloZs: ³45 species lost - of the current 
80 rare natiYe species, 45 species no longer liYe in the George catchment´, Zith alternatiYe leYels resulting from e[tra management efforts 
being ³30 species lost, 15 species lost or no loss´ (Kragt and Bennett 2012, p. 49). 
5 Two climate change scenarios were considered: more severe climate change projections, following the A1FI scenario presented in the 
IPCC Special Report on Emission Scenarios (SRES), and less severe climate change forecasts, in line with the B1 scenario described in the 
UK Climate Projections 2009 (UKCP09) (Murphy et al. 2009). Under more severe climate change, it was assumed that between 20% and 
80% of the peatland¶s improYement achieYed b\ 2050 could be retained b\ 2080, depending on the restoration timing. Under a less severe 
climate change, it was assumed that between 85% and 95% of the improvements achieved by 2050 could be retained by 2080, depending on 
the restoration timing. The business as usual scenario (where no extra restoration efforts will be undertaken) assumes that 15% of the 
peatlands in good condition by 2050 (in the more severe climate change scenario) and 75% of the peatlands in good condition by 2050 (in 
the less severe climate change scenario) would be retained by 2080. 
6 Given the levels of COND_2050 reported in Table 1, in the choice cards, respondents in the good framing treatment could see between 
30% and 60% total share of peatlands in good condition by 2050 as a result of peatland restoration (i.e. SQ level of 30% plus between 0% 
and 30%) and between 30% and 0% total share of peatlands in bad condition in the bad framing treatment (i.e. SQ level of 30% minus 
between 0% and 30%). 
7 Scale differences are possible between subsamples (treatments) in circumstances where alternative framings of information is presented in 
the survey script (Czajkowski, Hanley and LaRiviere 2014; Czajkowski, Hanley, LaRiviere 2016). In the pooled model, we therefore specified 
relative differences in scale parameters (𝛼௡), as follows: 

𝛼௡ = e[p (ș𝑇௡) 
where 𝑇௡ represents a dumm\ Yariable associated Zith the µbad framing¶ treatment (relatiYe to the µgood framing¶ treatment) and ș describes 
the relative magnitude of the scale in the bad, compared to the good, framing treatment. 
8 The figure for capital costs is based on work by Glenk et al. (2020) and reflects the mean restoration costs per hectare calculated over a 
large number of actual peatland restoration projects carried out in Scotland. Estimates of recurring costs are more uncertain and can vary 
greatly. Moxey and Moran (2014) use a range between £25/ha, corresponding to minimal monitoring costs and no management and 
opportunity costs, and £400/ha, corresponding to a situation with substantial opportunity costs and/or high costs of management and 
monitoring. Given the large scale of peatland restoration assumed in our Benefit-Cost scenarios (in line with the ambitious targets for 
restoration in Scotland), in our exercise it seems plausible to assume relatively high ongoing costs (opportunity costs and management costs) 
of £300/ha for illustrative purposes. 
9 The models in this sub-section were estimated by using a DCE package developed in Matlab and available from 
http://github.com\\czaj\\DCE. The data underlying this study and the code used for estimation are available as Matlab files in Appendix A. 
The models were estimated using the 2018a version of the Matlab software.    
10 Qualitatively, the same conclusions are drawn also when considering lower levels for the ongoing restoration costs.    
11 RRM models were estimated using a Matlab package available from www.advancedrrmmodels.com. The data underlying this study and 
the code used for estimation are available as Matlab files in Appendix A. The models were estimated using the 2018a version of the Matlab 
software. 
12 Our choice was also driven by the results in Hensher, Greene and Ho (2016), where the allocation to different paradigms (RUM, RRM) is 
found to be insensitive to the introduction of preference heterogeneity in the model. 
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