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Many survey respondents refuse genetically modified food (GMF). Their 

stated preferences seem non-compensatory, thus violating the assumption of 

preference continuity and raising questions about suitable analytical 

techniques. The authors conducted a choice experiment survey (n = 351) in 

which 48% of respondents never chose a genetically modified alternative. 

Three alternative models – multinomial logit with attitudinal variable, mixed 

logit with panel effects, and mixed logit by respondents cluster – were 

specified to account for the heterogeneity in the dataset. The results of these 

compensatory models can be used to represent refusal by calculating the 

percentage of respondents whose discounts exceed the price range in the 

survey. However, the distributions from the mixed logit models are 

questionable given the large portions that are outside the range of the 

attribute levels in the survey, suggesting that the simpler MNL model may be 

preferred. 

 

 

1. Introduction 

The economic study of consumption tends to assume that preferences are 

continuous (Deaton and Muellbauer, 1980). The result is smooth 
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indifference curves designating the trade-offs that consumers are willing to 

make between different consumption bundles. Many economists and others 

have taken issue with this assumption of continuity (Earl, 1983, Gowdy and 

Mayumi, 2001). The criticisms have been both practical – the difficulties of 

accumulating and integrating all the information required to create a full 

preference ordering (Bettman et al., 1998, Simon, 1955) – and philosophical 

– reducing life’s complexities to a single dimension (Marcuse, 1974 (1964)). 

The study of genetically modified food (GMF) is a case in point. In order 

to determine how much consumers might be willing to pay for GMF, 

economists have generally assumed that some trade-off is possible (Burton et 

al., 2001, McCluskey et al., 2001). Consumers can be more or less wary of 

gene technology, which leads them to demand lesser or greater discounts in 

the market. However, research suggests that for significant minority of 

consumers, the continuity axiom does not describe their reactions to GMF. 

Instead, they are categorically opposed to GMF – they do not want it at all 

(Bredahl, 2001, Gaskell et al., 2003, Noussair et al., 2004). For example, in a 

survey of 400 Europeans that focused on specific products with defined 

benefits, Bredahl (1999) found that many consumers have ethical objections 

to gene technology, while Noussair, Robin and Ruffieux (2004) found that 

35% of participants in auction experiments were completely unwilling to 

purchase GMF. 

The research reported here considers three models of consumer 

preferences regarding GMF, using data generated from a choice modelling 

survey. A common model for analysing choice data is the multinomial logit 

(MNL) model (McFadden, 1974, McFadden, 2001); one such model was 

used in this research. Two other models used here are mixed logit (ML) 

models, or random parameters logit models, with two different ways of 

segmenting respondents. These models rely on the assumption of preference 
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continuity. Econometric tools for analysing choice data have become more 

complex as they have moved from MNL to ML models, but their validity 

depends on the robustness of this assumption with respect to the particular 

dataset. Thus, a simpler model may be more appropriate. 

This article is organised as follows. The next section considers theory and 

models for analysing consumer choice. The method section presents the 

survey that generated the data for these models and the models. The results 

section presents the results of the modelling, and the discussion section 

discusses those results and their implications regarding non-compensatory 

demand. The conclusion presents some thoughts on modelling refusal. 

 

2. Consumer choice 

Theory 

Standard economic consumer theory rests on several axioms, one of 

which is continuity of preferences (Fishburn, 1988, Gowdy and Mayumi, 

2001). If preferences are continuous, it is possible to identify multiple 

bundles of goods or attributes (Lancaster, 1966) that may be compared in 

order to impute prices for the goods or attributes (McFadden, 2001). For 

GMF, it is possible to compare different possible configurations of GMF and 

non-GMF to determine when consumers are indifferent between, for 

example, a low-priced genetically modified (GM) product and a higher-price 

non-GM product. This establishes the WTP for the food attribute GM 

(Burton et al., 2001).  

Some research on GMF suggests that the continuity axiom does not 

describe all consumers’ reactions to GMF. Some consumers appear not to 

want GMF regardless of price or other attributes (Bredahl, 1999, Bredahl, 

2001, Gaskell et al., 2003). This type of preference is discontinuous (Earl, 

1983) and poses a problem for neoclassical analysis. Without continuity, 



Mixed logit as data torture 

 4 
 

there is no trade-off between two different attributes (Fishburn, 1988, 

McIntosh and Ryan, 2002, Rosenberger et al., 2003), and without a trade-off, 

there is no relative price (Earl, 1983, Gowdy and Mayumi, 2001). For those 

consumers who refuse GMF, there will be no optimal GMF price as defined 

by an indifference relation. 

 

Models 

This theory of consumer behaviour was used to develop Marschak’s Random 

Utility Maximisation theory (McFadden, 2001), and ultimately led to 

econometric techniques to use choice data to estimate willingness to pay 

(WTP) figures. This development and the models are explained in a number 

of texts (e.g., McFadden, 2001, Bateman et al., 2002, Hensher et al., 2005). 

McFadden (1974) showed that choice can be modelled probabilistically with 

a conditional or multinomial logit (MNL): 
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where Pr(ai) is the probability that a specific alternative is chosen from a 
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where X is the k-element vector of attributes, β is the k-element vector of 

weights that respondents attach to the different attributes, Z is a p-element 
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vector of personal characteristics, and 
kp

φ  is a matrix of weights attached to 

different attributes by people with different characteristics. 

Two approaches to dealing with taste heterogeneity are a priori definition 

of segments and use of random parameters to describe the distribution of 

preferences (Adamowicz et al., 1998). One way of creating segments is to 

collect information on respondents’ characteristics in the survey and divide 

respondents into groups that might choose differently. For example, Burton, 

et al. (2001) used respondents’ self-reported frequency of organically-grown 

food purchases to create three segments. These segments had different 

willingness to pay for GM food, as expected. A statistical technique for 

identifying segments within a dataset is to do a cluster analysis of non-choice 

data in a survey to identify similar respondents (Aldenderfer and Blashfield, 

1984), then estimate a separate model for each cluster (Adamowicz and 

Boxall, 2001, Richards, 2000).  

Random parameters in a mixed logit (ML) model can also capture 

respondent taste homogeneity (Bhat, 2003, Revelt and Train, 1998, Rigby 

and Burton, 2003). The ML assumes that each β parameter is drawn from a 

distribution across the sample (Hensher et al., 2005). This distribution can be 

described by a mean and variance and estimated for each choice attribute. 

The strength of this approach is that a range of behaviours can be estimated 

with the proper choice of models and distributions (Bhat, 2003), but it also 

raises the question what the choice should be (Rigby and Burton, 2004). 

Many applications of ML modelling assume that parameters are normally 

distributed (e.g., Onyango et al., 2004, Rigby and Burton, 2003, Bonnet and 

Simioni, 2001), but more-complex estimations examine the impact of other 

distributional assumptions (e.g., Rigby and Burton, 2004, Hensher et al., 

2005). In theory, any distributional assumption, including discrete or 

discontinuous distributions, is possible (Bhat, 2003). 
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A further benefit of the ML model is that it can be used to estimate panel 

data (Bhat, 2003, Hensher et al., 2005). Whereas the standard MNL treats 

the response to each choice question as a separate observation, a ML can be 

estimated on the series of choices that a respondent makes (Revelt and Train, 

1998). As a result, the equation for the choice utility becomes: 

Uqj = Σkβkqxk + ηqj + εj, 8 

where q indexes the individuals, j indexes the choices, and k indexes the 

attributes (Hensher et al., 2005, Train, 2003). Choice is subject to a random 

parameter, ε, that can be used to create a logit model. It is also subject to a 

second random disturbance, ηqj. Where the parameters are random in the 

population, ML allows these parameters to be defined by distributions, so 

that the unconditional probability is given by the integral for the parameters’ 

entire distributions (Train, 2003): 

    
( ) ( ) ( )Pr

i
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The economic valuation problem is to find the price such that: 

V (GM + discount) + εi = V (nonGM) + εi . 10 

The disutility created by the GM attribute can be compensated by the utility 

of a price discount, until the discounted GMF and the non-GMF have equal 

value. If data are collected from a group of consumers and some of them 

choose the GM alternative and some do not, then it is possible to estimate a 

sample-wide discount for GM. This average price discount is held to 

compensate consumers in general for the use of GM. 

When consumers categorically refuse GMF, this money cannot 

compensate them for having to consume GMF. What seems to apply at the 

sample level because of the assumption of continuity does not apply to these 

consumers. In theory, no price discount would compensate them sufficiently 

for not having access to non-GMF. Nevertheless, the assumptions and 
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analytical approach of random utility maximisation generate compensatory 

payments. 

 

3. Method 

The survey 

A choice experiment survey was developed to collect data to test the models. 

The survey focused on a specific food product, apples, which have been used 

in prior research. Townsend and Campbell (2004) found that 93% of 

participants were willing to sample an apple they believed to be GM, but 

48% of respondents claimed they would not purchase GM apples. 

Kassardjian, Gamble, and Gunson (2005) used an experimental auction to 

examine the choice process regarding GM apples, and found that 70% of 

participants were willing to purchase GM apples that offered environmental 

or health benefits. The attributes for this survey and the levels or values they 

took are shown in table 1. 

 

[Table 1] 
 

 

Choice modelling surveys present respondents with several sets of two or 

more alternative products and ask them to choose their preferred alternative 

from each set. One alternative may represent the status quo and remain 

constant for each choice question. The other alternatives are varied 

systematically to ascertain the types of trade-offs respondents are willing to 

make across the attributes. The choice set design that obtains the most 

information about attribute trade-offs with the smallest number of 

alternatives and choice sets is a main-effects design. Examples of choice 

surveying on GMF in the literature have used main effects designs to create 
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the choice questions (Burton and Pearse, 2002, Burton et al., 2001, James 

and Burton, 2003, Onyango et al., 2004).  

A drawback to the main effects design is that it limits the number of non-

GM alternatives. In extreme cases (Burton and Pearse, 2002, Onyango et al., 

2004), the only non-GMF alternative is the status quo. The result is that the 

design can contribute to respondent behaviour labelled protest responding. A 

respondent is considered to be registering a protest response when he or she 

chooses the status quo option for all the choice sets. Because these 

respondents do not vary their responses, regardless of the levels of the 

attributes, it is assumed that they are not evaluating the alternatives and 

choosing the alternative with the highest utility. Protest responses are 

therefore removed from the dataset and not included in the analysis (Burton 

et al., 2001, Bateman et al., 2002, James and Burton, 2003). Burton et al. 

(2001) labelled about 20% of the sample as protestors and removed them 

further analysis; for James and Burton (2003), the portion was 31%. 

To investigate non-compensatory choice required a more complex choice 

set design. The present research first set aside the GM attribute and created 

an orthogonal, main effects design on the remaining attributes. The resulting 

choice set was then doubled (Hahn and Shapiro, 1966, Louviere et al., 2000), 

so that each combination of attributes was available in both non-GM and 

GM versions. The choice set was further modified to account for the binary 

attribute for flavour and for the six levels of prices. The final design was 

nearly orthogonal, that is, the attributes were nearly uncorrelated. The design 

was somewhat inefficient (D-efficiency = 45 (Kuhfeld et al., 1994)), due to 

the imbalance in the number of levels, but the design was retained in order to 

have a practical, realistic choice survey design. 

 

Models 
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Three models were selected to assess their performance in modelling data 

with discontinuous preferences. These were: 

1. MNL with respondent attributes. This model used a standard MNL form. 

In addition, respondents were asked about their agreement with the 

statement, ‘Producing genetically modified food is too risky to be 

acceptable to me’. Individuals were asked to indicate whether they 

agreed or disagreed on a five-point Likert scale, and their responses 

provided a way to group respondents. 

2. ML with respondent attributes as random parameters. This was a 

standard ML model with nearly the same specification as the MNL. 

However, the parameters associated with the responses to the question on 

GM riskiness were specified as random. A Normal distribution was 

assumed, and Halton draws used to in the simulation solution. 

3. ML combined with cluster analysis. A cluster analysis (Aldenderfer and 

Blashfield, 1984) was performed on individuals’ responses to ten 

attitudinal statements. Responses were again measured on a five-point 

Likert scale, with a separate ‘Don’t know’ category. These statements 

covered food preferences, attitudes towards GM technology, and 

attitudes towards the environment. A full discussion of this cluster 

analysis may be found in [redacted]. A separate ML model was estimated 

for each cluster, with the GM attribute parameter treated as random. 

For logit models, the preferred goodness-of-fit statistics are a log-

likelihood ratio and a pseudo-R2 (Maddala, 1983, McFadden, 2001), 

although there are issues with this second statistic (Hensher et al., 2005). The 

ML models by cluster contain various levels of respondents, so that they 

cannot be compared with the other models by means of a log-likelihood 

ratio. For this paper, the issue of model fit is set aside in order to focus on 

the willingness to pay figures generated by the models and their performance 
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with regard to the non-compensatory behaviour. The estimated model 

parameters were converted into partworths or WTP, which are given by the 

negative of the ratio between the estimated parameter for the attribute and 

the estimated parameter for the price of the apples. 

 

Survey administration 

The survey was conducted in November 2003 at supermarkets in 

Christchurch, New Zealand. Shoppers were approached at random and asked 

if they would participate in a survey on preferences for apples. Potential 

respondents were not approached in any systematic way and data was not 

collected on the number of people approached versus the number 

participating. However, analysis of the demographic data collected suggests 

that the sample was not statistically different from national figures for ethnic 

identification, age, and household income. The gender composition of the 

sample was similar to other research on main household food shoppers 

(Johnson, 2004). The educational attainment for this sample was higher on 

average than national figures. 

When participants were recruited, they were told that the project was a 

‘consumer survey on preferences for apples.’ The recruitment process did 

not mention GM (similar to Townsend and Campbell, 2004), so as not to 

bias the sample. Early in the survey, they were asked to rank several 

characteristics of apples, including price, flavour, freshness, and insecticide 

use, but not including genetic modification. The first appearance of GM in 

the survey was in the choice questions, when respondents were asked to 

choose their preferred apples from several choice sets. As shown in table 1, 

GM was then presented alongside several other apple attributes. 

If requested, information was provided on two of the apple attributes: 

antioxidants and genetic modification. For antioxidants, interviewers were 
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instructed to tell respondents that antioxidants are vitamins and similar 

substances that may prevent the development of cancer. For GM, they were 

instructed to tell respondents that genetic modification or genetic 

engineering is a process for altering specific genes of a living organism to 

change its characteristics. In administering the survey, interviewers found 

that respondents were more likely to ask for information about antioxidants; 

few people asked for a definition of GM. 

The data were analysed using Microsoft Excel, Maple, and 

LIMDEP/NLogit. The MNL and ML with respondent attitude models were 

all analysed with data on 2368 choices from 351 respondents. The ML by 

cluster was analysed for 2012 choices from 298 respondents (the model 

required more data on each respondent, so more responses were removed 

due to incomplete data). 

 

4. Results 

The survey successfully recorded non-compensatory choices for non-GM 

apples: only 5% of respondents could be classified as protestors. The other 

95% of respondent chose an alternative other than the status quo apple at 

least once from the nine choice questions. Furthermore, responses to follow-

up questioning suggested that protest response choice patterns arose for valid 

reasons, rather than protest reasons. The respondents simply found that the 

status quo apple was always preferable. 

Although 95% of respondents varied their choices in response to the 

attributes in the choice questions, still almost one-half (48.2%) of 

respondents never chose a GM apple. These respondents were clearly willing 

to consider changes to apples’ price, flavour, antioxidant level and/or 

chemical use, but not GM status. 
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The MNL model was based on the attributes of apples and the five 

attitudinal response groups. The parameters were converted into partworths 

or WTP; results are presented in table 2. The signs and relative magnitudes 

of the parameters conform to expectations. In particular, the more people 

agreed that GM food was risky, the less likely they were to choose GM 

alternatives. Apples with more antioxidants, less insecticide, and lower 

prices were all more likely to be chosen. 

 

[Table 2] 

 

The results of the ML including random parameters for respondent 

attributes are also presented in table 2. This model is the same as the MNL 

model, with the exception that the attitudinal parameters for groups one to 

four are random. The fifth group, the most positive towards GMF, is omitted 

as the base. The WTP presented in the table is the GM parameter and the 

respondent’s mean attitudinal parameter divided by the price parameter. The 

other WTP figures are calculated as above the MNL model. 

The WTP from the model results are quite similar to the MNL model for 

all the parameters that were not treated as random, which is to say, the 

product attributes. The results from the respondent attributes were different, 

however. For those respondents who agreed that GMF was risky, the random 

parameters resulted in much higher mean WTP. For example, the MNL 

found that respondents who strongly agreed with the statement were less 

willing to pay for GMF by $4.56, but the ML found that this discount was 

$8.35. For the other categories, the results were somewhat different but the 

different was not large. 

The results are also presented in two diagrams. Figure 1 is a histogram of 

WTP by whole dollars. The WTP has been calculated for each respondent 
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from the conditional betas for the GM attitudes from the model solution. The 

diagram indicates that the WTP does not have a clear central tendency. 

Instead, there are many respondents with very high negative WTP for GMF, 

and then another area of the diagram that appears to have a shape closer to a 

Normal or skewed Normal distribution, centred around -$2.00 or -$1.00. 

About 11.7% of respondents have a positive WTP for the GM attribute. The 

overall mean is -$3.85. 

 

[Figure 1] 

 

Figure 2 presents a different look at the ML results. The estimated mean 

and variance for each attitude response category were used to map a Normal 

distribution for each category. As respondents become more positive about 

the potential risks of GMF, the WTP distribution moves rightward. In 

addition, the more positive the mean of the distribution, the smaller the 

variance. This is likely due to the range of price used in the choice survey. 

Price ranged from $1.50 to $4.50 per kilogram, centred on $3.00 for a 

kilogram of conventional apples. The means for two most opposed groups 

are low enough that they are outside the range of discounts offered, whether 

the highest discount is treated as $3.00 (the difference between the high and 

low prices) or $4.50 (the highest level for the price attribute). For these 

groups, opposition to GM is so strong that the distributions are 

extrapolations. 

 

[Figure 2] 

 

These distributions provide one measure of respondent refusal. The 

maximum price of any apple in the survey was $4.50. If respondents did not 
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want GM apples, they would be willing to pay the maximum price for any 

non-GM apple. Refusal could thus be viewed as equivalent to a partworth for 

the GM attribute of -$4.50. For the group with the least WTP, 83.6% are 

below this level. The corresponding figures for the other distributions are 

62.9%, 17.8%, 1.14%. The four groups with distributions in this diagram had 

65, 79, 90, and 93 members, respectively. The total number of refusers, 

calculated by taking the percentage of refusers in each response group, is 

121, or 34.5% of the sample. If the same procedure is followed using a 

partworth of -$3.00 (the largest price difference from the price levels), the 

percentages are 90.6%, 76.0%, 39.3%, and 10.5%, for a total of 164 

respondents, or 46.7% of the sample. Note that this last is nearly equivalent 

to the actual percentage of respondents who never chose a GM option.  

The ML models by cluster were based on a cluster analysis that found six 

consumer segments. The Middle of the Road cluster (18.3%) had the lowest 

squared Euclidean distance from the sample mean and responses tended to 

be near the average response. The Price Sensitive cluster (15.3% of sample) 

was the only group who preferred low-priced apples. The next cluster 

(13.7%) appeared Concerned about GMF and would not purchase it. 

However, the mean responses for this cluster were not as extreme as the 

Opposed cluster. The largest cluster (23.3% of sample), labelled 

Appreciative, would also buy GMF, having the second most positive mean 

response to the purchase intention statement. However, they were rather 

tepid in their responses to GMF. The Opposed cluster (16.3%) was against 

GMF in general and GM apples in particular. Finally, the True Believers 

cluster (13.0%) strongly agreed that they would buy GMF, and they were the 

only group to agree that GM fit their cultural beliefs.  
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Separate ML models were estimated for each cluster, with the GM 

attribute treated as random parameter. The WTP derived from the models are 

presented in table 3. 

 

[Table 3] 

 

The model results are suggestive of differences amongst the clusters. The 

Price-sensitive cluster has low WTP for all the attributes as a result of a 

relative high parameter for price (high marginal utility of a dollar). 

Concerned and Middle of the road cluster have high values for the status 

quo. Finally, for all clusters but the True believers, the discount applied to 

GM apples outweighs the WTP for any other attribute; the GM attribute is 

important, if not decisive in choices of apples. For the True believers, the 

GM attribute is lower (in absolute value) than nearly all other attributes. 

The results are presented in figure 3. Normal distributions representing 

the clusters’ WTPs are presented on a single diagram. Two clusters are very 

close to each other. The Middle of the Road cluster, with average responses 

to the attitudinal questions, nevertheless had the lowest mean WTP of all 

clusters. It also has one of the highest variances. It is quite similar to the 

Concerned cluster, who indicated that they were rather concerned with and 

mildly opposed to GMF. These two clusters represented 32.0% of the 

respondents. The Opposed cluster – anti-GM, ecologically-minded 

consumers – resulted in a distribution with a higher mean than the two 

previous clusters but a tight distribution, so that nearly none of it would be 

above zero. The Appreciative and Price-sensitive clusters appear rather 

similar. They had a negative WTP for GMF, so there was some concern on 

their part, but a small variance. Finally, the True believers cluster, with the 
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most positive attitudes towards GM technology, had the highest mean and 

the largest portion (about 30%) with a positive WTP for the GM attribute. 

 

[Figure 3] 

 

The same calculations for assessing refusal can be applied to the clusters 

as were done with the previous model. At a refusal price of -$4.50, the 

number of refusers is 108, or 30.8% of the sample. At a refusal price of -

$3.00, the number of refusers is 150, or 42.7%. These results are similar to 

those of the ML model above. Interestingly, the -$4.50 level also found that 

no Price sensitive respondents and only one True believer respondent would 

refuse to buy GMF (figures were four and three, respectively, at -$3.00), 

which corresponds well with the other information. 

The WTP distributions for the clusters were combined into one simulation 

exercise with 5000 observations to generate a single WTP distribution for 

the entire sample. Each observation was first randomly assigned to one of 

the clusters, based on membership in the cluster as calculated from the 

sample. Then, a second random draw was used to calculate WTP from the 

mean and standard deviation for the cluster. A count was made of the 

number of observations for each dollar value, plus or minus 0.5, and the 

count data was plotted with on a line graph. This procedure produced a 

simulated WTP distribution for the entire sample, which is shown in figure 

4. This figure shows the skewed nature of the distribution and the large 

impact of the value under -$3.00. 

 

[Figure 4] 

 

5. Discussion 
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One result of this research was that non-compensatory behaviour around 

the GM attribute was clearly identified in the dataset. Nearly everyone in the 

sample did change their choices as they went through the choice exercise, so 

respondents appeared to be reacting to the different product configurations 

that were offered. Nevertheless, nearly one-half of the sample did not vary 

their choices on the GM dimension: they always chose non-GM apples. 

Large price discounts (up to 50%) and other consumer-oriented benefits 

were attractive and did induce respondents to change their choices; they 

were, however, insufficient inducements for them to choose GM options. 

Logit models assume that that even greater inducements would suffice, 

based as they are on the assumption of continuity. These large discounts are 

extrapolations from the data, and it is not clear that they are well founded. 

The histogram from the mixed logit is interesting in that regard, because it 

estimates a GM parameter conditional on the person’s choices. Respondents 

who did not choose GM apples have very high discounts estimated for them. 

Nevertheless, the implication is that ever-larger discounts would bring more 

people into the market. 

The WTP distributions given on the diagram do suggest one way to 

present refusal. The part of the distributions that lie below the range 

measured in the survey can be taken as individuals who would not buy the 

product, at least not within the choice situation described in the survey. 

Reassuringly, the percentage of respondents who are considered as ‘out of 

the market’ for GM food is approximately the same, regardless of the 

approach used. That is, for both the ML with respondent attributes and the 

ML by cluster, setting the cut-off at -$3.00 results in nearly the same 

percentage of refusers as in the original dataset. This approach allows for 

continuous distributions up to that point, and then essentially a point mass at 

the cut-off. 
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For all of these models and diagrams, however, it still up to the researcher 

to decide whether to point out the implications of the estimated parameters. 

That is, the assumption of the analysis is that compensatory behaviour will 

occur. The possibility that the choices are based on non-compensatory 

behaviour would need to be an extra, an add-on to the analysis. 

The modelling results also suggest a few other things. First, the ML based 

on the clusters has the greatest variety in the WTP distributions for GM. The 

clusters have remarkably different means and variances, and appear to 

correspond to expectations about the clusters themselves. For example, 

Opponents to GM have a very small variance, so that essentially none of 

them would purchase GM apples. True believers, on the other hand, have the 

largest portion of the distribution with a positive WTP for GM apples. 

Secondly, the MNL and ML with respondent attitudes, which were similar 

models accept for the random parameters, led to quite similar results. All the 

fixed parameters for both models were similar. The random parameters for 

two of the respondent categories were different, but it is not clear whether 

the difference is material. That is, if it is borne in mind that high GM 

discounts are extrapolations and suggestive of refusal of GM food, then 

whether the partworth is -$4.57 or -$8.35 is only interesting. 

 

6. Conclusion 

This research focused on the appropriate model for a dataset with non-

compensatory choices regarding GM food. The models estimated with this 

choice modelling survey data, which included a large portion of respondents 

who never selected a GM option, indicate that assuming continuity leads to 

difficulties. First, the notion of a discount that can compensate for GM-ness 

may be misleading. Instead, it may be better to report the portion of the WTP 

distributions that fall below some critical value, such as the maximum of the 
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price range. The opposite problem may also arise: assuming continuity may 

overstate the discount required for consumers who would actually purchase 

GM food. Only small discounts would be required to get many respondents 

in certain segments to purchase GM food, and ever larger discounts may not 

increase that number if some consumer refuse the products entirely. 

On the other hand, although there is evidence that the GM attribute is 

used in a screening process – nearly one-half of respondents did not choose 

GM apples even though they were willing to choose other alternative apples 

that were not GM – this is the only rule-based process that respondents 

appear to use. This observation suggests that a different approach may be 

fruitful. The decision process modelled would have respondents first 

determine whether GM options are acceptable and then proceed to a 

compensatory analysis on the remaining attributes. Such a mixed process 

may be modelled using a Bayesian approach (Bhat, 2003). 

Regardless of the type of model or the method used for estimation, the 

issues with modelling consumer preferences with regard to GM food do 

emphasise the importance of researcher judgement and interpretation in this 

work. 
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Table 1 
Apple attributes for choice experiment 

Attribute Levels 

Price ($ per kg) 
(Price) 

1.50, 2.40, 2.70, 3.00, 3.30, 
3.60, 4.50 

Genetic modification 
(GM) 

non-GM, GM 

Level of chemical insecticide 
use 

(Chem) 

30% less, current level, 10% 
more 

Level of antioxidants 
(Health) 

Current level, 50% more, 100% 
more 

Flavour 
(Flavr) 

Current, improved 
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Table 2 
Partworths calculated from MNL and ML with respondent attribute 

parameters  
(NZ$ per kilogram of apples) 

 MNL 
ML by 

respondent 
attributes  

Status quo 0.391** 0.403** 
Product attributes   
 Antioxidants 0.423** 0.472** 
 Flavour 0.713** 0.697** 

 
30% less 
insecticide 

0.874** 0.906** 

 
10% more 
insecticide 

-1.003** -1.022** 

 GM -0.441 -0.454 
‘GM food is risky’   
 Strongly agree -4.572** -8.348** 
 Agree -2.859** -5.361** 
 Neutral -1.305** -1.925** 
 Disagree -0.497 -0.716 
 Strongly disagree (base) (base) 

Note: * Parameter significant at the 0.05 level 
** Parameter significant at the 0.01 level 
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Table 3 
Partworths calculated from ML Models for Clusters  

(NZ$ per kilogram of apples) 

 
Middle 
of the 
Road 

Price 
sensitive 

Concerned Appreciative Opposed 
True 

believers 

Status quo  0.611 -0.150 0.919* 0.305 0.290 0.271 
Product 
attributes 

      

 Antioxidants 0.834 0.145 0.576 0.583* 0.365 1.030** 
 Flavour 0.555 0.336 1.160** 0.912** 0.258 1.122** 

 
30% less 
insecticide 

1.691** 0.525 0.250** 1.337* 0.772** 0.761** 

 
10% more 
insecticide 

-1.907** -0.430* -1.583 -0.804** -1.378* -1.274* 

 GM -7.539** -1.397** -7.082** -1.708** -5.002** -0.800* 

Notes: * Parameter significant at the 0.05 level 

** Parameter significant at the 0.01 level 

 



Figure 1

Willingness to Pay Histogram for GM Attribute

Using Conditional Betas from Mixed Logit with Attitude Variable
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Figure 2

Willingness to Pay Distributions for GM Attribute

Mixed Logit with Attitude Variable
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Figure 3

Willingness to Pay Distributions for GM Attribute

Mixed Logit Models by Cluster
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Figure 4

Simulated Willingness to Pay Distribution from Mixed Logit by Clusters
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