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Abstract: A key issue in CE design is the number of alternatives that subjects are asked to choose 

from: the status quo (SQ) plus one, two, three or more alternatives. This paper compares two 

choice-experiment designs, namely SQ+1, which is theoretically incentive compatible, and SQ+2, 

which does not satisfy conditions of incentive compatibility.  A split-sample design, where each 

subject answered either the SQ+1 or SQ+2 question, is implemented. We compare response 

outcomes in terms of estimates of preference parameters for attributes, choice of the status quo 

alternative, and estimates of willingness to pay.  We also investigate if question complexity and 

understandability, and subjects’ characteristics affect the choice of the SQ alternative.  We 

consider choice complexity in two dimensions: 1) stated complexity and 2) inferred complexity. 

As a result, we reject the null hypothesis of equal preference parameter estimates between the 

SQ+1 and SQ+2 questions in both random parameter and error component models. The empirical 

estimates suggest that question understandability and subject characteristics affect choosing the 

SQ. Neither, stated complexity nor inferred complexity affect the choice of the SQ. While the truth 

is not known, our empirical results, combined with the Carson and Groves (2007) theoretical 

insights, provides evidence that the lack of an incentive compatible designs can affect people’s 

choices.  These results suggest investigators should consider design procedures that improve 

subjects’ understanding of the valuation scenario and choice context.   
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1 Introduction 

 

Choice experiments (CEs) have become commonly used in environmental economics to estimate 

economic values for characteristics of public goods, but there are still unresolved considerations 

in the design of choice questions (Holmes, Adamowicz and Carlsson, 2017). One such issue is the 

number of alternatives subjects are asked to choose among; the status quo plus one, two, three or 

more alternatives.  Carson and Groves (2007) suggest that when respondents face a single binary 

choice, one alternative versus the status quo (SQ), they have an incentive to choose their preferred 

alternative. When the number of alternatives increases, for instance when subjects face two or 

more alternatives plus the SQ, the respondents’ choices may depend on their perceptions of how 

other people will choose. In particular, when a respondent believes their preferred alternative is 

likely to gain the fewest votes, they may choose their second-most preferred alternative, and 

incentive compatibility is violated. 

The number of alternatives in a question is a core element in the design of choice experiments. 

Increasing the number of alternatives ostensibly increases the information that can be learned from 

a sample of a limited size.  We say ostensibly because there are tradeoffs to consider that may 

compromise the information provided by the responses.  Besides consideration of incentive 

compatibility, past research suggests that increasing the number of alternatives increases the 

complexity of choice questions, which can also affect choices (Caussade et al. 2005, Boxall, 

Adamowicz and Moon, 2009, Hensher, 2004, 2006). One outcome of increased complexity may 

be for respondents tend to choose the SQ alternative (Samuelson and Zeckhauser, 1988, Swait and 

Adamowicz, 2001). 

This paper explores the effects of number of alternatives with regard to both preference parameter 

estimation and subjects’ predilection to choose the status alternative. We consider two choice 

question designs; namely SQ+1, which is theoretically incentive compatible, and SQ+2, which 

does not satisfy conditions of incentive compatibility.  We implemented a split-sample design 

where each subject answered one type of question. To avoid violations of IIA, we analyze the data 

with a random parameter model and to consider the robustness of the empirical results we also 

estimate an error component model.  

We find significant differences between the SQ+1 and SQ+2 treatments in terms of parameter 

estimates, but not in the estimated willingness to pay. The empirical estimates also suggest that 

question understandability and subject characteristics affect choosing the SQ. If a subjects state 

they understand the scenario they are less likely to choose the SQ. Neither, stated complexity nor 

inferred complexity affect the choice of the SQ. While the truth is not known, our empirical results, 

combined with the Carson and Groves (2007) theoretical insights, provides evidence that the lack 

of an incentive compatibility designs can affect people’s choices.  
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2 Previous Research 

Designing and implementing a choice experiment requires careful survey design. A desirable 

design is framed such that survey respondents have the incentive to provide a true reflection of 

their preferences when they make choices (Lloyd 2003). Carson and Groves (2007) theoretically 

demonstrate that when increasing the number of alternatives beyond the SQ plus one alternative, 

respondents may act strategically to avoid a welfare loss.  

The number of alternatives in choice sets may affect estimates of respondents’ preferences beyond 

consideration of incentive compatibility through task complexity and violation of the 

independence of irrelevant alternatives (IIA) assumption in model estimation (Boyle and Ozdemir, 

2009). Using lab experiments, Collins and Vossler (2009) find SQ+2 have more deviations from 

induced preferences than SQ+1, which indicates violations of incentive compatibility. Boyle and 

Özdemir (2009), in a field study, also investigate convergent validity of SQ+1 and SQ+2 

treatments and find significantly different preference parameters. They conclude that there is no 

evidence that the difference is due to task difficulty or violation of the IIA; thus, the lack of 

incentive compatibility is a potential explanation. Volinskiy et al. (2009) also find differences 

between SQ+1 and SQ+2 format in both parameter estimates and WTP estimates.  

The theory of matching and task complexity can also lead to differences in SQ+1 and SQ+2. The 

matching argument suggests that providing two rather than one non-SQ alternatives increases the 

likelihood of respondents being able to select their preferred alternatives (Rolfe and Bennett, 2009; 

Zhang and Adamowicz, 2011). The task complexity argument, on the other hand, suggests that 

increasing number of alternatives would increase task complexity. This generates two effects, and 

both can lead to more frequent choices of the SQ (Boxall et al. 2009). This can occur if respondents 

choose to retain what is known (SQ) when facing uncertainty regarding what will be provided by 

the non-status quo alternatives. Alternatively, when facing a complex choice task, respondents 

may avoid the decision entirely by choosing the SQ.  

DeShazo and Fermo (2002) find that the relationship between the number of alternatives and the 

variance of utility exhibits a quadratic relationship. They argue that this result provides evidence 

that variance of utility will first decrease due to a better match of preferences and then increase 

due to increasing task complexity when there is 3 or more non-SQ alternatives.  

Other studies have looked at the aggregate of the two effects (Boxall, 2009; Adamowicz et al. 

2011; Rolfe and Windle; 2012; Meyerhoff et al., 2015, Oehlmann et al., 2017). For example, 

Boxall et al. (2009) found a positive relationship between the number of choice tasks and the 

tendency to choose at the current situation SQ. Adamowicz et al. (2011) have observed the 

opposite relationship to Boxall et al. (2009) that when the number of alternatives increased, 

respondents tended to be less likely to choose the SQ alternative. 

Beyond the factors described above, subjects understanding of the choice task and belief in the 

reality of the choice can also affect respondent choices. If the context is hard to understand or does 

not match reality, respondents would misunderstand the choice or distrust the options presented to 

them (Fischhoff et al. 1999, Louviere, 2006).  
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Thus, there is a need to better understand how the number of choice alternatives affects respondents’ 

choices.  To systematically compare and study the effects of number of alternatives, we conduct a 

split-sample design on wetland quality improvement in the Macquarie Marshes, Australia. In 

comparing the SQ+1 and SQ+2 treatments we consider choice complexity in two dimensions: 

stated complexity and inferred complexity. Stated complexity is based on respondent answers to 

complexity questions in the survey and inferred complexity is based on the number of attribute 

changes in the choice questions. Those two dimensions can help us systematically study the effects 

of task complexity and provide more insight beyond a simple comparison to two choice question 

treatment outcomes. 

 

3 Description of the Study Area and Survey Implementation 

The application is restorating the Macquarie Marshes, which is an ephemeral wetland on the 

Macquarie River in northwest New South Wales (NSW), Australia.  The Macquarie Marshes were 

originally the largest wetlands in NSW with an area of approximately 2200 km2.  A nature reserve, 

which is contained in the Marshes, is listed as a wetland of international importance under the 

Ramsar Convention.  The Marshes have a number of significant environmental characteristics.  

They provide an important habitat for waterbird habitat and breedings, act as a filter that improves 

downstream water quality, and provide high-quality feed for livestock and other services as well.  

However, due to use of water for irrigation and lengthy droughts, the health of the health and area 

of the marshes had declined dramatically.  The area of the Marshes has fallen from 2,200 to 500 

square kilometres, the frequency of waterbird breeding has declined from occurring almost every 

year on average to every 8 years, and the number of endangered and protected bird species using 

the Marshes as habitat has fallen from 31 to 6 species .   

Previous studies have estimated values for restoring the Macquarie Marshes (Morrison et al. 1999, 

2002). We use results from these previous studies to inform the design of the current experiment.  

3.1 Survey Design 

A choice-modelling survey was designed, based on the prior studies of the marches, to estimate 

values for improvements in wetland attributes (see Table 1). The survey contains a description of 

the Macquarie Marshes and the related environmental problems, a description of possible options 

for marsh restoration, a set of choice questions, and socio-demographic, opinion and attitudinal 

questions.  

Subjects were told that the size of the marshes had declined due to the use of water for irrigation 

and climate change. The attributes in the choice-question design included wetland area restored, 

waterbird breeding frequency, the number of endangered and protected waterbird species using 

the Marshes as habitat, reductions in irrigation-related employment, and the cost to subjects 

household. The levels for each attribute are shown in Table 1. 

Respondents were told that one alternative is to continue the current situation (SQ). Respondents 

were provided (see Figure 1) either one or two alternatives to increase the amount of water 
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allocated to the Macquarie Marshes, which would decrease irrigation employment while increase 

the size and health of the marshes.  

Subjects were also told that the government would purchase water from farmers using the existing 

water trading market to provide water to restore the marshes.  Subjects would pay for these 

purchases through a one-time increase in water rates. A short cheap talk script (see Figure 2) was 

included given prompt subjects to only choose an alternative if they really would pay for the 

change to be enacted (List et al. 2007).   

Respondents were asked to answer 4 choice sets (questions) for both the SQ+1 and SQ+2 

treatments.  

3.2 Experimental Design 

A Db-efficient attribute design was used. This is a Bayesian approach where the analyst assumes 

a set of prior parameter estimates to infer the attribute level combinations that will minimize the 

elements within the expected asymptotic variance-covariance matrix. Rather than assuming 

precise knowledge of the population parameter estimates, Db-efficient designs utilize distributions 

of likely parameter estimates in the design construction process. As is typical of many studies that 

use such designs, prior parameter estimates were utilized (Morrison et al. 1999, 2002).   

 

4 Econometric modelling 

By allowing for random taste variation, unrestricted substitution patterns and correlation in 

unobserved factors over repeated choices, the mixed logit model provides a flexible estimation 

approach (McFadden & Train, 2000), which we employ in this study. An error component model 

is also estimated to consider the robustness of the experimental modeling results to econometric 

estimators.  The mixed logit model allows for each parameter to be distributed, while the error 

component model provides point estimates of parameters with the estimation of a common error4.  

4.1 Random parameter logit model (RPM) 

Respondent selections from a choice set are assumed to maximize their utility over the attributes 

and alternatives provided in the choice questions. Let Uij denote the utility of respondent i for 

alternative j. Utility includes two components, a systematic component based on design attributes 

and a stochastic component. We can speficy Uij as: 

Uij = 𝑉𝑖𝑗 + εij         (1)                                                                                                                                              

                                                           
4 Scarpa et al. (2007) demonstrated that error component models are good at capturing correlation 

patterns between alternatives, which makes it ideal for study if the SQ+1 and SQ+2 treatments 

affect the choice of the SQ alternative.  
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where 𝑉𝑖𝑗 is the systematic component part and εij is the random error. We assume the systematic 

component of utility is linear in the choice-question attributes as: 

Vij = 𝐴𝑆𝐶 + 𝛽1(𝑐𝑜𝑠𝑡) + 𝛽2(𝑒𝑚𝑝) + 𝛽3(𝑤𝑒𝑡) + 𝛽4(𝑏𝑖𝑟𝑑) + 𝛽5(𝑒𝑛𝑑)         (2)   

where the variables represent the choice question attributes (Table 1), and coefficients (𝛽) are 

allowed to an assumed density 𝑓(𝛽).  The parameter estimates are assumed to be distributed 

normal here.  An alternative specific constant (ASC) is included to represent the status quo 

alternative.  

We estimated models where the the random coefficients are as follows. 

(a) ASC random and all other coefficients fixed5, 

(b) ASC and cost coefficient fixed with all other coefficients random6, and 

(c) Cost coefficient fixed with ASC and all other coefficients random7. 

We do this as a robustness check to see if investigator assumptions about the coefficent 

distrunbutions affect the outcomes of statistical test between the SQ+1 and SQ+2 treatments. 

4.2 Error Component Model (ECM) 

Error components models allow for taste hetorogeneity in preferences and allow correlation in 

unobserved utility over alternatives (Train 2003). Utility in this estimation framework is specified 

as:  

Uij = 𝑉𝑖𝑗 + Eij + εij           (3)                                                                                                                                 

where 𝑉𝑖𝑗 is still the systematic component and is linear in attributes, and β as in equation (2) is a 

vector of fixed coefficiens. Eij is an additional error component that captures any stochstic portion 

of the utility specified as: 

Eij = μi
′𝑍𝑖𝑗          (4)                                                                                                                                                   

where μ  is a vector of random terms with zero mean, and, depending on different specifications 

of Zij, we can place alternatives into different ‘nests’ or ‘branches’ similar to the nesting structure 

with nested logit.  

In the SQ+1 and SQ+2 cases the error component and random-coefficient specifications are 

formally equivalent. So we only estimate the error component model using the pooled SQ+1 and 

SQ+2 data, which provides and estimated error for each treatment (component). Thus, in the 

pooled model there are two non-overlapping nests: 

                                                           
5 Denote as “Random ASC” thereafter. 
6 Denote as “Random Attributes” thereafter. 
7 Denote as “Random All” thereafter. 
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 𝐸𝑖𝑗 =  ∑ μik
′ 𝑑𝑘

2
𝑘=1              (5)                                                                                                                                 

where  

dk = {
1                                               𝑖𝑓 𝑗 𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑡𝑜 𝑛𝑒𝑠𝑡 𝑘
0                                                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

       (6)                                                                   

where, in the current application, the first branch denotes SQ+1 and SQ+2 and the second branch 

respesents the SQ alternative. The random quantity μik enters the utility of each alternative in 

nest k, but does not enter any of the alternatives in other nests.  

4.3 Hypothesis Tests 

To investigate if the SQ+1 and SQ+2 provide differnet information regarding subjects’ preferences 

htee sets of hypotheses are investigated.  

We first test the null hypotheis that the SQ+1 parameter estimates are statistically indistinguishable 

for the SQ+2 parameter estimates, including the ASC. 

𝐻0: 𝛽𝑆𝑄+1 = 𝛽𝑆𝑄+2       𝑣𝑠.      𝐻𝑎: 𝛽𝑆𝑄+1 ≠ 𝛽𝑆𝑄+2           (7)                                                                             

Following the method described by Swait and Louviere (1993), we performed the likelihood-

ratio test based on the test statistics λ=−2[𝐿𝑝𝑜𝑜𝑙 − (𝐿𝑆𝑄+1 + 𝐿𝑆𝑄+2)], in which we allow the 

scale parameters for the two datasets to differ. If the LR test results in rejection of the null 

hypotheses that the two datasets can be pooled, then this is evidence that the treatments do not 

provide identical information about treatments (Louviere et al. 2000). 

We then test the null hypothesis that the willingness to pay (WTP) for two scenarios (k) is the 

same across treatments (Section 5.2 describes the scenarios):  

𝐻0: 𝑊𝑇𝑃𝑆𝑄+1,𝑘 = 𝑊𝑇𝑃𝑆𝑄+2,𝑘   𝑣𝑠.      𝐻𝑎: 𝑊𝑇𝑃𝑆𝑄+1,𝑘 ≠ 𝑊𝑇𝑃𝑆𝑄+2,𝑘         (8)                                                      

Convolution tests are used to investigate differences in willingness to pay across treatments and, 

again, rejection of the null hypotheses is evidence that the two treatments do not provide identical 

information about preferences (Poe, Giraud and Loomis 2005). 

 

5 Empirial Results 

A total of 1,473 respondents answered all four sets of questions, all of them were recruited using 

simple random sampling from an online panel of NSW residents provided by Research Now.  

Subjects were directed to a website hosted by the Institute for Transport Studies at Sydney 

University.   

The sample sizes for each treatment are NSQ+1 = 733 and NSQ+2=740.  Respondents were assigned 

consecutively to each treatment, and the response rates are statistically equivalent (2=0.814, 

p=0.665). 

Respondent characteristics by treatment are presented in Table 2. Treatment 1 had a lower average 

age that is significantly different from Treatment 2. Treatment 1 also had a lower percentage of 



 

8 
 

children under 18, which is also significantly different from Treatment 2. Treatment 2 subjects 

have a lower rate of family members associated with farming, which is significant different from 

Treatment 1. Other respondent characteristics are not significant different between treatments.  

 

 

5.1 Estimation results  

The mixed logit estimates for attributes are presented in Table 3 for the SQ+1 treatment and in 

Table 4 for the SQ+2 treatment.  Table 5 contains the mixed logit estimates for the pooled model 

and the estimates for the error component model. All coefficients have the expected signs and are 

significant at the 1 percent level. Holding other attributes constant, respondents prefer more 

wetland areas, more waterbird breeding frequency, more endangered species, ans also prefer more 

irrigation related employments. 

The ASC parameter estimates for the SQ altenative in each model are negative and significant(see 

Table 6). Thus, respondents to both the SQ+1 and SQ+2 treatments were likely to choose an 

alternative over the SQ due to factors not modeled in the equations. In other words, respondents 

in two split samples disproportionately favored the non-SQ alternatives.  

 

5.2 Willingness to pay (WTP) estimates 

Two policy scenarios are considered (Table 6). In the first scenario, WTP is computed for restoring 

environmental attributes to historical highest levels with no change in employment. In this case, 

the wetland area of marshes changes from 500 to 2200 k2, waterbird breeding change from every 

8 years to every year, endangered species change from 6 to 31 species. Thus, we have: 

WTP =
𝛽𝑤𝑒𝑡∗2200−𝛽𝑏𝑖𝑟𝑑∗(−7)+𝛽𝑒𝑛𝑑∗25

|𝛽𝑐𝑜𝑠𝑡|
                                                                   (10) 

In the second scenario, we consider the WTP if we bring the attributes back to half of the historical 

high levels while maintain the same employment. In this case, the water area of Marshes change 

from 500 to 1100 square kilometers, breeding change from every 8 years to every 2 year, 

endangered species change from 6 species to 16 species. We have: 

WTP =
𝛽𝑤𝑒𝑡∗600−𝛽𝑤𝑏𝑖𝑟𝑑∗(−6)+𝛽𝑒𝑛𝑑∗10

|𝛽𝑐𝑜𝑠𝑡|
                                                                    (11) 

Bootstrapping methods (500 draws) are used to compute standard errors.  

5.3 Hypothesis Test Results 

The likelihood ratio tests indicate that pooling of the SQ+1 and SQ+2 data always results in 

rejection of the null hypothesis of no difference in parameter estimates, including the ASC (Table 

7).  And the test suggest there is no difference of WTP estimates in two scenarios.  Thus, the data 
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indicate that the SQ+1 and SQ+2 treatments result in different preference parameter estimates, but 

not in the WTP estimates.  

5.4 Mean-shift analysis 

Given that model estimates show differences in coefficient estimates across treatments, we explore 

how context and subject understanding might affect the choice of the SQ or not.  In the mixed logit 

model when the ASC (∝SQ  ) is a random parameter with ∝SQ ~𝑁(𝜇𝑆𝑄 , 𝜎𝑆𝑄
2 ), it is possible to 

explore how respondent characteristics affect the ASC mean (mean-shift analysis).  The following 

equation is estimated where mean ASC estimate (𝜇SQ) is decomposed according to a number of 

study design features and subject characteristics as follows: 

μSQ = 𝛾0 + ∑ 𝛾𝑠
5
𝑠=1 𝐼𝑛𝑓𝑜𝑠 + 𝛾6𝑁 + 𝛾7𝐹𝑎𝑟𝑚𝑖𝑛𝑔 + 𝛾8𝑀𝑒𝑚 + 𝛾9𝐴𝑔𝑒 + 𝛾10𝐸𝑑𝑢 + 𝛾11𝐼𝑛𝑐.        

(13) 

The explanatory variables are defined as follows: 

 Info - is a vector of variables concerning the clarity of information given in the survey,  

 N -  to the number of attribute changes in a choice question, 

 Farming - is whether someone in the respondent’s family associated with farming,  

 Mem - is a member of an organization with an environmental conservation focus, 

 Age - is respondent age,  

 Edu - is respondent education level, and 

 Inc – is respondent income. 

The components of Info are five binary variables defined as follows are: 

 InfoUnd measures whether respondents understand the information in the survey, 

 InfoMore measures whether respondents need more information than provided,  

 InfoBias indicates whether the information in the survey was biased in favor of the wetland,  

 InfoConf measures whether respondents find information in the choice set confusing, and 

 AnswDiff measure whether respondents find picking an alternative is hard.  

Each γi represent the effect of the respective variable on the shift in the mean estimate of the ASC. 

According to previous literature, we expect that when information in the survey is hard to 

understand, respondent will tend to choose the SQ, the expected sign is positive. See Table 8 for 

regression results.  

In all datasets, understandability plays an important role in determining the sign of SQ. Previous 

literature suggests that complexity in the text may lead to tendencies towards SQ, here we 

demonstrate that an easily understandable text may lead to tendencies toward other alternatives. 

Whether the information is biased towards environmental causes also affect the sign of SQ, but in 

a positive way. Respondent think that the information is biased, so they tend to choose SQ. Overall, 

the effect of understandability has larger magnitude than the bias towards environmental causes, 

which makes the overall sign of SQ negative. In the case of SQ+1, respondents whose family 

members are associated with farming and who is a member of an organization that is associated 
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with an environmental conservation focus tend to avoid SQ. In the case of SQ+2 and pooled model, 

the older a respondent is, the greater chance he/she will choose other alternatives instead of SQ.  

In addition, if a respondent is wealthier, he/she tend to choose SQ. Education also plays a role in 

pooled dataset, as more educated respondent tend to choose other alternatives.  
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Table 1: Attribute levels used in choice sets 

 

 

 

 

 

  

                                                           
8 Denote as “cost” thereafter. 
9 Denote as “emp” thereafter. 
10 Denote as “wet” thereafter. 
11 Denote as “bird” thereafter. 
12 Denote as “end” thereafter. 

Attribute Current Situation Levels 

Your water rates (one-off 

increase)8 

 

no change no change, $20, $50, $75, 

$100, $125, $150, $200, $250 

Irrigation related employment9 
 

4400 4400, 4200, 4000, 3800 jobs 

Wetlands area10 
 

500 500, 700, 900, 1100 km2 

Waterbirds breeding11 
 

every 8 years every 8, 6, 4, 2 years 

Endangered and protected bird 

species present12 

 

6 species 6, 12, 18, 25 species 
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Table 2: Socio-demographic and attitudinal characteristics of the samples 

 SQ+1 SQ+2 

Age 39 (12.93) 41(13.44) 

Gender (Male=1) 
35% 33% 

Have children under 18 42% 47% 

Education under Secondary/Year 12 30% 28% 

Household income under $52,000 31% 34% 

Self-identifies as being pro-environment 46% 44% 

Self-identifies as being pro-development 4% 4% 

Member of an environmental group 7% 6% 

Family member associated with farming 15% 12% 
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Table 3: SQ+1 Mixed logit estimates 

 

 Coefficient Estimatess 

 Random  

ASC 

Random  

Attributes 

Random  

All 

ASCSQ 

 

-1.284*** 

(0.174) 

-1.585*** 

(0.163) 

-1.720*** 

(0.216) 

cost -0.018*** 

(0.001) 

-0.020*** 

(0.001) 

-0.021*** 

(0.001) 

emp 0.002*** 

(0.0002) 

0.002*** 

(0.0003) 

0.002*** 

(0.0002) 

wet 0.002*** 

(0.0002) 

0.001*** 

(0.0003) 

0.002*** 

(0.0003) 

bird -0.154*** 

(0.021) 

-0.117*** 

(0.028) 

-0.158*** 

(0.027) 

end 0.062*** 

(0.007) 

0.076*** 

(0.010) 

0.070*** 

(0.009) 

ASCSQ-sd 2.641*** 

(0.119) 

 2.546*** 

(0.168) 

emp-sd   -0.003*** 

(0.0003) 

-0.002*** 

(0.0004) 

wet-sd  0.006*** 

(0.0004) 

-0.004*** 

(0.0004) 

bird-sd  0.354*** 

(0.039) 

-0.277*** 

(0.044) 

end-sd  0.140*** 

(0.013) 

0.086*** 

(0.017) 
*P<0.1, **P<0.05, ***P<0.01 
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Table 4:   SQ+2 Mixed logit estimates 

 Random Coefficients 

 Random  

ASC 

Random  

Attributes 

Random  

All 

ASCSQ -1.673*** 

(0.173) 

-1.143*** 

(0.094) 

-1.661*** 

(0.161) 

cost -0.012*** 

(0.0004) 

-0.015*** 

(0.0005) 

-0.014*** 

(0.0005) 

emp 0.0005*** 

(0.00009) 

0.0013*** 

(0.0001) 

0.0008*** 

(0.0001) 

wet 0.0006*** 

(0.0001) 

0.0014*** 

(0.0002) 

0.0009*** 

(0.0002) 

bird -0.124*** 

(0.01) 

-0.082*** 

(0.02) 

-0.133*** 

(0.013) 

end 0.057*** 

(0.003) 

0.0623*** 

(0.006) 

0.0654*** 

(0.004) 

ASCSQ-sd 3.428*** 

(0.174) 

 -3.171*** 

(0.160) 

emp-sd  -0.002*** 

(0.0002) 

0.002*** 

(0.0002) 

wet-sd  0.004*** 

(0.0002) 

-0.002*** 

(0.0002) 

bird-sd  0.267*** 

(0.020) 

-0.150*** 

(0.023) 

end-sd  0.108*** 

(0.006) 

0.061*** 

(0.006) 
*P<0.1, **P<0.05, ***P<0.01 
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Table 5:   Pooled Mixed logit estimates 

 Random Coefficients Error Components 

 Random  

ASC 

Random  

Attributes 

Random  

All 

 

ASCSQ -1.091*** 

(0.102) 

-1.272*** 

(0.080) 

-1.477*** 

(0.110) 

 

ASCSQ+1    -0.691*** 

(0.1132) 

ASCSQ+2    -1.774*** 

(0.169) 

cost -0.013*** 

(0.0003) 

-0.016*** 

(0.0005) 

-0.016*** 

(0.0005) 

-0.013*** 

(0.0003) 

emp 0.0008*** 

(0.00008) 

0.0015*** 

(0.0001) 

0.0012*** 

(0.0001) 

0.0008*** 

(0.00008) 

wet 0.0008*** 

(0.0001) 

0.0014*** 

(0.0002) 

0.0012*** 

(0.0001) 

0.0008*** 

(0.0001) 

bird -0.125*** 

(0.009) 

-0.096*** 

(0.014) 

-0.139*** 

(0.012) 

-0.126*** 

(0.009) 

end 0.060*** 

(0.003) 

0.066*** 

(0.005) 

0.068 

(0.004) 

0.060*** 

(0.003) 

ASCSQ-sd 2.757*** 

(0.090) 

 2.661*** 

(0.107) 

 

emp-sd  -0.002*** 

(0.0002) 

0.002*** 

(0.0002) 

 

wet-sd  0.004*** 

(0.0002) 

0.002*** 

(0.0002) 

 

bird-sd  0.297*** 

(0.017) 

0.186*** 

(0.019) 

 

end-sd  0.117*** 

(0.005) 

0.077*** 

(0.006) 

 

Error 

Components(2) 

   -2.30*** 

(0.098) 

Error 

Components(3) 

   3.476*** 

(0.175) 
*P<0.1, **P<0.05, ***P<0.01 
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Table 6: Willingness to pay estimates 

 Random Coefficients Error Components 

Scenario 1 

 

  

SQ+1 289.9*** 

(232.6 ,  347.3) 

 

SQ+2 282.8*** 

(233.3 ,  332.4) 

 

pooled 289.5*** 

(249.3 ,  329.7) 

286.9*** 

(246.6 , 327.2) 

Scenario 2 

 

  

SQ+1 136.5*** 

(109.0 , 164.1) 

 

SQ+2 143.0*** 

(121.7 , 164.3) 

 

pooled 141.4*** 

(123.7 , 159.1) 

143.0*** 

(121.7 , 164.3) 

Scenario 3 

 

  

SQ+1 3,019*** 

(2,211 , 3,827) 

 

SQ+2 6,549*** 

(3,456 , 9,641) 

 

pooled 4,838*** 

(3,453 , 6,222) 

4,881*** 

(3,391 , 6,371) 

*P<0.1, **P<0.05, ***P<0.01 
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Table 7: Likelihood-Ratio Tests 

 

Model 

 

Likelihood-Ratio  

Test Statistics 

Random Coefficients  

Variant a 164.28*** 

Variant b 70.95*** 

Variant c 98.29*** 

Error Components 97.08*** 

 
*P<0.1, **P<0.05, ***P<0.01 
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Table 8: Mean Alternative specific constants and heterogeneous variables for different  

treatment 

 SQ+1 

 

SQ+2 Pool 

Mean ASC -1.284*** 

(0.174) 

-1.673*** 

(0.173) 

-1.091*** 

(0.102) 

Constant -0.443 

(1.238) 

-9.322 

(7.434) 

-7.026 

(6.230) 

InfoUnd -0.974*** 

(0.295) 

-1.017*** 

(0.340) 

-0.842*** 

(0.288) 

InfoMore -0.260 

(0.228) 

0.224 

(0.290) 

0.164 

(0.243) 

InfoBias 0.580*** 

(0.192) 

0.707*** 

(0.229) 

0.582*** 

(0.192) 

InfoConf -0.473 

(0.357) 

-0.042 

(0.384) 

-0.018 

(0.326) 

AnswDiff 0.342 

(0.319) 

-0.172 

(0.339) 

-0.141 

(0.285) 

N 0.026 

(0.035) 

0.131 

(0.103) 

0.098 

(0.086) 

Farming -0.727*** 

(0.230) 

0.393 

(0.330) 

0.289 

(0.277) 

Mem -0.753** 

(0.312) 

-0.695 

(0.463) 

-0.603 

(0.391) 

Age -0.013* 

(0.007) 

-0.024*** 

(0.008) 

-0.020*** 

(0.007) 

Edu -0.074 

(0.082) 

-0.210* 

(0.104) 

-0.175** 

(0.088) 

Inc 0.009 

(0.026) 

0.085** 

(0.034) 

0.075** 

(0.029) 
*p<0.10; **P<0.05, ***P<0.01 
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            Figure1: Example choice set 
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A problem 

When some people answer a survey like this, they often say that they will choose to improve 

environmental quality when they really would not pay for the change.  Research has found that many 

people ignore the cost to their household say they would pay for the change but they would not if they 

really had to pay. 

It is very important that you answer the following questions as if you really had to pay. 

Figure 2: Cheap talk script 

 

 


