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Abstract 

This paper aims at comparing the performance of three conjoint analyses (CA) in 

terms of estimated partworths, predictive power and estimated WTP: choice experiment 

(CE); ranking conjoint analysis (RCA) and best-worst scaling (BWS). Comparisons are 

made in a non-hypothetical setting. For comparison purposes in the last two formats 

only the information on the most preferred option is considered. The hypothetical CE is 

used as the benchmark. Olive oil is the food product used in our experiment. Results 

reveal preferences regularity between samples’ responses across the formats implying 

not statistically differences in the marginal participants’ WTP. Moreover, in an 

incentive compatible context, RCA and BWS compared with CE provide similar results 

regarding to the in-sample and out-of-sample predictive power and also in terms of 

decision consistency when just only the first rank data is analyzed. 

 

Keywords: conjoint analysis, best worst scaling, external validity, experimental 

economics, hypothetical bias. 
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1. Introduction  

Since its introduction conjoint analysis (CA) has become one of the most popular 

marketing research tools (Lusk et al., 2008; Campbell and Lorimer, 2009). In CA’s 

tasks, participants are provided with at least two product profiles and are asked to 

rate/rank them or select the profile they prefer most. The most widely used CA format 
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to elicit consumers’ preferences for market and non-market goods is choice experiment 

(CE). In CE, respondents are shown a set of combinations of attributes (i.e., profiles) 

and are asked to indicate which of the combinations or profiles they would purchase. 

CE gained popularity thanks to its ability to mimic the real market setting where 

consumers who are faced with competing products purchase the product that fits most 

their preferences. However, it is informationally inefficient, since it only allows the 

observation of the most preferred option (Lusk et al., 2008; Louviere et al., 2008; 

Lanscar et al., 2013). According to Lancsar et al. (2013), there are three ways to gain 

more insights about individual preferences in CE: 1) increasing the sample size; and/or 

2) asking the respondents to evaluate more choice sets; or 3) increasing the number of 

options per choice set.  

In contrast with CE, participants in a ranking conjoint analysis (RCA) are provided 

with a set of product concepts and they are asked to rank them from the most to the least 

preferred. The use of RCA as an alternative to CE is becoming popular since it provides 

information not only about the most preferred product concept but also about 

consumers’ preferences for all the product concepts included in a choice set, which 

could lead to a more efficient preference estimates (Chang et al., 2009; Louviere et al., 

2008; Lusk et al., 2008). 

Despite the wide application of the aforementioned CA formats (i.e. CE, and RCA) 

over the last two decades, few researchers, however, have compared their performance 

in terms of the estimated marginal partworths, the predictive power of the derived 

models, and the reliability of the Willingness to Pay (WTP) values deduced from the 

estimated partworths (Boyle et al., 2001; Holmes and Boyle, 2001; Morrison and Boyle, 

2001; Siikamäki et al., 2007). Although, the results of previous studies reveal 

differences between these formats, all of these studies featured at least one of the 

shortcomings such as used different experimental design for choice and ranking 

methods, different number of alternatives, or different sample size. Overcoming some of 

these shortcomings, for example, Caparros et al., 2008 pointed out that CE and RCA 

provide similar results, when a similar experimental design is used for both CA formats. 

Akaichi et al. (2013) confirmed this result for small choice sets (four alternatives); 

however, they found discrepancies between respondents’ preferences in CE and RCA 

when large choice sets are used. 

Recently, Louviere et al. (2004) introduced another CA format named best worst 

scaling (BWS). The BWS approach consists in asking respondents to firstly choose the 
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best and the worst option, then the second best and the second worst options from the 

remaining options and so on until a complete preference ordering of all the options is 

obtained. BWS tasks seem to be easier to handle by respondents due to human skills at 

identifying extremes (Helson, 1964; Flynn and Marley, 2012). As in the RCA, the 

additional choice information obtained from BWS has been showed to improve the 

statistical efficiency of choice models, especially, when it is combined with an 

appropriate experimental design (Lancsar et al., 2013). Nevertheless, the previous 

studies, surprisingly, did not assess the comparability of BWS to CE and RCA, although 

BWS’s superiority in terms of realism and ease of its implementation. To fill this gap, 

this paper stands out by comparing the performance of CE, RCA and BWS in terms of 

estimated partworths, predictive power and estimated WTP considering, in the 

estimation of partworths in RCA and BWS when only the information on the most 

preferred option is considered. 

Furthermore, most of the past literature focused on assessing the incentive 

compatibility of CA and proposing modified CA formats to incentivize subjects to 

truthfully reveal their preferences (Lusk and Schroeder, 2004; Ding et al., 2005; Ding et 

al., 2007; Lusk et al., 2008). However, it is worth noting that the majority of the studies 

that have assessed the comparability of CA formats reported results obtained from 

economic experiments conducted in hypothetical settings (with the exception of Chang 

et al., 2009; and Akaichi et al., 2013). Additionally, the experiments involving BWS as 

the preference elicitation method have been always implemented in hypothetical 

settings (Louviere et al. 2008; Scarpa et al. 2011; Lancsar et al. 2013). However, due to 

the skepticism surrounding the validity of values obtained from hypothetical CA 

experiments (Lusk and Schroeder 2004; Ding, et al. 2005; Alfnes et al., 2006; Lusk and 

Shogren, 2007; Dong et al., 2010), we conducted the CE, the RCA and the BWS in a 

non-hypothetical setting (further explanation is given in the section dedicated to the 

experimental design). In this study we also conducted a hypothetical CE to be used as 

the benchmark. 

One of the most criticized issues of the experimental method is related to external 

validity. Whether, the behavior of experimental subjects reflects their actual purchase 

behavior. Therefore, to compare the external validity of the three CA formats, we have 

included a non-hypothetical holdout choice task in the experimental design in the CE, 

RCA and BWS. Finally, one of the main assumption underlying stated preference 

methods is that respondents know their preferences and these preferences are stable and 
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coherent (Brown et al., 2008). According to Hoeffler and Ariely (1999), preferences’ 

consistency or stability is positively correlated with choice experience and cognitive 

choice effort. For instance, in repeated choices, respondents are expected to be more 

precise and consistent in their decisions due to the learning effect (Brouwer et al., 

2010). On the contrary, when they face hard choice tasks (e.g. too many choice sets or 

too many options per choice set), respondents are less precise and consistent in their 

choices compared with those facing an easy choice scenario (Brouwer et al., 2010). In 

this study, we compared the consistency of respondents’ answers in CE, RCA and BWS 

to find out which of the three CA formats provide more consistent subjects’ responses. 

To tackle this issue, one of the choice sets faced by respondents was repeated at the end 

of the choice experiment. 

To sum up, our study stands out by assessing the comparability of non-hypothetical 

CE (NHCE), non-hypothetical RCA and non-hypothetical BWS in terms of estimated 

partworths, internal and external predictive power, estimated WTP, and participants’ 

responses consistency, in the context that only the most preferred option is considered 

(RRCA and RBWS)
1
. This will allow us to assess the hypothesis whether the 

respondents behave similarly when state their most preferred option or when they state 

which of the option would choose, taking into consideration the BWS as substitute of 

RCA method.   

This study is structured into five sections. In the next section, the experiment design 

and the experimental procedures are described. The econometric model used to estimate 

the partworths is outlined in section 3. The results are discussed in the fourth section 

and we finish by drawing some concluding remarks. 

 

2. Experiment design  

In this study, four treatments were carried out, hypothetical CE (HCE), NHCE, RRCA 

and RBWS. To assess the comparability of these CA formats a representative sample of 

220 real consumers was recruited. Participants were randomly and equally assigned to 

the four treatments.  Olive oil is the food product used in our experiment. The main 

attributes and attribute levels were first identified based on the literature review and the 

information collected from two focus groups of high and low experienced consumers of 

                                                           
1
 RRCA and RBWS stand for Recoded Ranking Conjoint Analysis and Recoded Best Worst Scaling, 

relatively. The data obtained in RCA and BWS were recoded as choice data (i.e only considering the 

option ranked first or the option chosen as the best option and recode it as the most preferred option).     
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olive oil. Four attributes of olive oil were considered. Three of them have three levels: 

type of olive oil (virgin extra, virgin, and olive oil)
2
, origin (Andalucía, Catalonia, and 

rest of Spain) and price (2.20 €/liter, 3.50 €/liter, and 4.80 €/liter, which account for 

85% of the price distribution in retail outlets). Brand is the fourth attribute and has two 

levels (Manufacturer label and Private label).     

Given these attribute levels, a full factorial design of 54 (3
3
*2) combinations (i.e. 

one-liter bottles of olive oil) was generated. Presenting respondents with 54 

combinations, however, could place a high level of cognitive burden on respondents. To 

reduce the number of combinations that participants have to evaluate, we followed 

Street and Burgess (2007) and we generated an orthogonal fractional factorial design of 

9 combinations. These 9 combinations were considered as the first option in each choice 

set. Since participants were provided with choice sets of 5 options each (plus a no-

choice option), the other four options were obtained using the following generators 

(1000), (1111), (2121), and (2122) (Street and Burgess, 2007). This resulted in a 100% 

efficient main-effects design.  

Participants, in each treatment, performed two choice tasks (i.e. main task and 

holdout task). In the main task and depending on the treatment (HCE, NHCE, RRCA or 

RBWS) were successively offered a total of 10 choice sets (i.e. first they received the 9 

choice sets obtained in the efficient design. Then the fifth choice set was again given to 

participants to assess the consistency of their decisions). In each choice set, participants 

were asked to mark their most preferred option (or to rank all the options in RCA and 

BWS). The holdout task consists in a single-choice card of 10 options (including a no-

choice option) which are different from the options provided to participants in the main 

task. In the holdout task, participants were required to choose the most preferred option 

of the 10 options included in the choice set. After finishing the two tasks, participants 

were asked to complete a short questionnaire about their socio-demographic and 

lexicographic characteristics as well as their attitudes toward olive oil.  

At the beginning of the experiment, participants were informed that they would 

receive 15 Euros in cash at the end of the experiment. Additionally, participants in 

                                                           
2
 The three types of olive oil were defined according to the International Olive Council (IOC). Extra 

virgin olive oil: virgin olive oil which has a free acidity, expressed as oleic acid, of not more than 0.8 

grams per 100 grams; Virgin olive oil: virgin olive oil which has a free acidity, expressed as oleic acid, of 

not more than 2 grams per 100 grams; Olive oil is the oil consisting of a blend of refined olive oil and 

virgin olive oils fit for consumption as they are. It has a free acidity, expressed as oleic acid, of not more 

than 1 gram per 100 grams. The three olive oils defined have other characteristics of which correspond to 

those fixed for this category in the IOC standard. 
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NHCE, RRCA and RBWS were informed that they would be participating in non-

hypothetical tasks and, hence, it is in their best interest to reveal their actual preferences. 

We then explained them who the CA mechanism works.  

Hypothetical (HCE) and non-hypothetical choice experiment (NHCE)   

In HCE, we asked participants to assume that each choice set is a real shopping 

situation. Participants were informed, however, that they are not required to actually 

buy the chosen products and pay the corresponding price. In each choice set, 

participants were asked to indicate the option they prefer most bearing in mind their real 

purchase habits. They were also informed that if they did not like any one of the 

provided olive oil combinations, they simply can choose the no-choice option. The 

NHCE experiment was similar, but participants were informed that each choice set is a 

real shopping scenario. Therefore, participants could receive the option they had 

selected and pay its posted price. After finishing the main task, participants in both 

treatments were given a choice set of 10 options (i.e. holdout task) and were then asked 

to choose the option they prefer most.   

After completing the two tasks and the survey, we asked for a volunteer among the 

participants to randomly draw a number between 1 and 2 to determine the binding task. 

If the binding task is the main task, participants in the HCE, receive the 15 Euros and 

the experiment finishes. In the NHCE, another volunteer is selected to randomly draw 

one of the 9 choice sets
3
 to determine which of the choice set will be the binding one. 

Then, each participant obtains the option she/he has chosen in the binding choice set 

and receives 15 Euros minus the price indicated in that option. In case, the participant 

chose the no-choice option, she (he) receives the 15 Euros and do not buy any product. 

If the binding task is the holdout task, regardless the type of treatments (HCE or 

NHCE), each participant has to buy the chosen option and pays the corresponding price. 

If the chosen option is the no-choice option, the participant receives the 15 Euros and 

did not buy any product. 

Non-hypothetical rank conjoint analysis (RRCA)  

The same 10 choice sets were presented to each participant, who was asked to rank the 

options in each choice set from the most to the least preferred option. In case 

participants do not like any one of the presented alternatives, she (he) could choose the 

no-choice option. After completing all the choice sets in the main task, participants were 

                                                           
3
 The last choice set (the number 10) was the same as the fifth choice set. Therefore, to allow that all the 

choice sets have the same probability to be drawn we removed the tenth choice set.     
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given a choice set of 10 options (i.e. holdout task) and were then asked to choose the 

option they prefer most.  After completing the main and the holdout task, a volunteer 

among participants was asked to randomly draw the binding task. If the main task was 

chosen as the binding task another volunteer was approached to draw the binding choice 

set. Following Lusk et al. (2008), to ensure that the ranking treatment is incentive 

compatible, participant had to purchase the binding product with a probability 

proportional to the rank she (he) assigned to each one of the options. Particularly, each 

participant who did not choose the no-choice option draws a number from 1 to 50 to 

select the biding product. If the number drawn is between 1 and 17, participant should 

purchase the most preferred option and pay its price. If the drawn number is between 18 

and 30 the second most preferred option will be the biding product. If the drawn number 

is between 31 and 40, participant should purchase the third option in her (his) 

preference ranking and pay its corresponding price. If the number drawn is between 41 

and 47, participant buys her (his) fourth most preferred option. Finally if the drawn 

number is between 48 and 50, participant has to buy the least preferred option. If the 

binding task was the holdout task, the procedure was similar to the one implemented in 

HCE and NHCE treatments. 

Non-hypothetical best worst scaling (RBWS) 

In BWS, each participant was asked to choose the most preferred or the best option, 

followed by the worst option of the four remaining options, followed by the second best 

option of the three remaining options, followed by the second worst option of the two 

remaining options. Hence, a complete ranking of the five options can be deduced (i.e. 

the option ranked first, second, third, fourth and fifth are the first best option, the second 

best option, the remaining option, the second worst option and the first worst option, 

respectively).  Similar to the other three treatments and after finishing the main task, 

participants in NHBWS were given a choice set of 10 options (i.e. holdout task) and 

were then asked to choose the option they prefer most.  Once participants finish the 

main and the holdout task, similar procedure to the one applied in the RCA was used to 

determine the binding task and the binding product. 

  

3. Methodological approach  

Based on the random utility theory (McFadden, 1973) and the Lancaster’s (1966) theory 

(1966), the i
th

 individual’s utility function Uijs towards an option j from a choice set s 

can be decomposed into a deterministic component Vijs and a stochastic component .  
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         (1) 

The deterministic component is commonly specified as linear in parameters and 

includes variables that represent the attributes of the alternative: 

          (2) 

In Eq. (2) the attributes levels (the extra virgin olive oil (EVOO), the olive oil 

(OO), the Manufacturer Brand (BrManf), the Catalonian origin (CAT) and the “Rest of 

Spain” origin (RSp)) were effect coded (-1, 0, 1)
4
, except for the price that was coded as 

a linear variable. The parameter “NoBuy” represents the no-choice option and has been 

coded as a dummy variable that takes the value 1 when the option was chosen by the 

participant; and 0, otherwise. To estimate the utility function (3), in HCE, NHCE, 

RRCA and RBWS, the random parameter logit model (RPL) was used to account for 

respondents’ preferences heterogeneity. As shown by Train (2003), the probability of 

consumers i to choose the option j in the choice set s is as follows: 

     (3) 

where  is the density function of the coefficients .  refers to the moments 

(the mean and standard deviation) of the parameter distributions  and  

      (4)  

It is worth noting that the estimation of RPL takes into account the unobserved 

effect of possible correlations between the attributes (Hensher et al., 2005). In fact, we 

assume that all the partworths of our empirical model are random and follow a 

normal distribution with mean  and variance-covariance matrix , as they are not 

independently distributed. 

Taking into account the between-subjects nature of our experimental design, it was 

necessary to test for the regularity of preferences across treatments. As in Lusk and 

Schroeder (2004), Caparros et al. (2008) and Lanscar et al. (2013), it is important to 

investigate whether differences in parameter estimates across samples are indeed due to 

the underlying preferences or to difference in variance. The null hypothesis of the test is 

the equality of preferences across treatments (i.e. , with  is 

scale parameter). The test statistic is a likelihood-ratio type ( , and it 

is distributed as a  with K(M-1) degrees of freedom.  is the log likelihood values 

                                                           
4 The attribute levels virgin olive oil (VOO), private brand (BrPRV), and Andalucía (AND) were considered as the 

baseline for the attributes: type of olive oil, brand, and origin, respectively.  
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of the pooled data (e.g. HCE plus NHCE data),  is the log likelihood values of the 

estimated model for each treatment, K is the number of restrictions, and M is the 

number of treatments (Louviere et al., 2000). If the hypothesis is rejected, comparing 

the estimated WTP for each treatment would be appropriate because the error variance 

is constant within each sample, and it will be simplified when calculating the marginal 

WTPs. 

Willingness to pay 

WTP estimates were calculated by dividing the estimated partworth associated with the 

attribute’s level by the estimated partworth of the price attribute with a negative sign. 

To test the statistical of possible differences of the estimated WTP for each attribute 

across treatments, the non-parametric complete combinatorial test proposed by Poe et 

al. (2005) was used. This test first requires the generation of a distribution of 1000 WTP 

estimates using, for example, the parametric bootstrapping method proposed by Krinsky 

and Robb (1986). The complete combinatorial test is then applied to compare the 1000 

bootstrapped WTP values in one treatment (HCE) with the 1000 bootstrapped WTP 

values in the other treatment (e.g. NHCE). 

Consistency, internal and external validity     

As aforementioned, to assess participants’ responses consistency and their stability 

across treatments, the fifth choice set was repeated at the end of the main task
5
. To 

measure the consistency of participants’ responses in each treatment, we calculated the 

proportion of participants who gave the same response in the fifth and the tenth choice 

set. The response is counted as a hit it is found to be the same in the fifth and the tenth 

choice sets.  Then, the hit rate is calculated by dividing the total number of hits by the 

total number of participants in each treatment. To compare the hit rates across 

treatments, the Z-test was used.  

To assess the internal validity of the estimated parameters we have used the 

estimated partworths to predict participant’s response in the main task. The hit rate is 

calculated by comparing the predicted participants’ decisions, using the maximum 

utility approach, to their real response in the fifth choice set in each treatment. Finally, 

as regard to the external validity, the estimated partworths from the main task are used 

to predict participants’ responses in the holdout task. The predicted and the actual 

                                                           
5
 In line with Brower et al. (2010), respondents felt significantly more confident and certain about their choice at the 

end of the choice experiment than they were at the beginning. Therefore, repeating the fifth choice set at the end of 

the experiment instead the first one could increase the reliability of the test.  
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decision in the holdout task are compared to determine the hit rate. A Z-test was used to 

assess the difference between hit rates across treatments for both internal and external 

validity.  

 

4. Results  

Table 1 shows the number of times participants choose or ranked first each one of the 

options presented in the choice sets. As it can be observed, there exists a significant 

similarity between the choice experiment treatments (HCE vs. NHCE) as well as 

between the ranking treatments (RRCA vs. RBWS). In the HCE, respondents chose the 

first option as the best choice around 20% of the time, 14% of the time the second 

option, 17% of the time the third option, 17% of the time the fourth option, 16% of the 

time the fifth option and 16% of the time the no-choice option. These percentages are 

statistically similar to those obtained in NHCE (i.e. 16%, 15%, 17%, 18%, 16% and 

18% for the first to the fifth option plus the no-choice option, respectively). A similar 

result was found when comparing the ranking treatments. In the RRCA, respondents 

chose the first option 23% of the time, the second option 15% of the time, the third 

option 21% of the time, the fourth option 17% of the time, the fifth option 17% of the 

time and the no-choice option the 6% of the time as the most preferred option; these 

percentages are not statistically different from those found in the RBWS. However, 

Table 1 also shows that there are significant differences in participant choices between 

CE treatments (HCE and NHCE) and ranking treatments recoded as traditional choice 

(RRCA and RBWS).  

The second way of comparing results from the four treatments is to analyze the 

means and the standard deviations of the estimated partworths. In the Table 2 we report 

the estimates corresponding to the four treatments where the dependent variable has 

been coded in a similar way. Particularly, in HCE and NHCE, the dependent variable 

takes the value of 1 when the option is the chosen one and 0 otherwise; while in RRCA 

and RBWS the dependent variable is coded as 1 when the option is ranked first and 0 

otherwise. Results reveal that the no-choice option parameter is negative and significant 

across treatments, indicating that the majority of the respondents opted for choosing or 

ranking the real options instead of selecting the no-choice option. Additionally, results 

in Table 2 shows that all random parameters have the expected sign and are statistically 

significant as well as their standards deviations. However, the lower magnitude of the 
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standards deviations, in most of cases, suggests the non-existence of significant high 

preference heterogeneity between respondents.  

Table 1. Comparison of choices across the treatments 
Treatments  

Options 
% of time participants choosing each option as the best choice 

HCE NHCE RRCA RBWS 

1 19.79 16.16 23.23 23.63 

2 13.73 14.54 15.35 13.93 

3 16.76 17.37 21.21 17.17 

4 17.17 17.97 16.96 17.97 

5 16.16 16.36 17.17 20.20 

No option 16.36 17.57 6.06 7.07 

Test for equality 

proportions 

Chi-square: 2.30 

p-value: 0.80 

Chi-square: 4.20 

p-value: 0.52 

Chi-square: 62.02 

p-value: 0.00 

 

Interestingly, the results reveal that participants’ preferences for the attributes of 

olive oil in the four CA formats are similar in terms of sign and significance although 

their estimated values are different. In fact, our findings (Table 2) show that the extra 

virgin is most preferred olive oil for consumers, while the olive oil is the least preferred. 

We also found that the local olive oil (Catalonian olive oil) is preferred over the olive 

oil from the other locations, while olive oil produced in Andalusia (i.e. South of Spain) 

is preferred over olive oil produced in the rest of Spain. This result is consistent with the 

findings of Jiménez-Guerrero et al. (2012) who found that the origin of olive oil is key 

attribute for Spanish consumers. Furthermore, we found that consumers seem to prefer 

the manufacturer brand over the private label. Finally, our results show that price is the 

main obstacle for buying olive oil. 

A likelihood ratio test has been used to test for significant differences among the 

estimated partworths across the 4 treatments. The results of likelihood ratio test are 

displayed in Table 3. Results show that we could reject the null hypothesis of equality 

of the estimates obtained in HCE and NHCE (LR= 49.05; p < 0.005). Furthermore, we 

compare the results from the three non-hypothetical treatments taking into account only 

the most preferred option. In this case, the null hypothesis is clearly rejected (LR = 

163.89; p < 0.005). The final tests compare the estimates only from the two ranking 

treatments RRCA and RBWS. The null is also rejected (LR = 66.64; p < 0.005 and LR 

= 66.87; p < 0.005, respectively). Therefore, the results pointed out that the differences 

between the estimates across all treatments are statistically significant. Consequently, 

are these discrepancies in the partworths’ values is going to affect the comparability of 
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the four conjoint analysis formats in terms of internal and external validity, as well as 

participants’ WTP.  

 

Table 2. RPL and RO-RPL models estimates for elicitation methods 
 Only choice or first Rank data in ranking treatments 

Traitment HHCE NHCE RRCA RBWS 

Models RPL RPL RPL RPL 

Random parameter estimates 
NoBuy 

(SE) 

-4.82*** 

(0.47) 

-3.34*** 

(0.35) 

-5.05*** 

(0.46) 

-5.01*** 

(0.46) 

EVOO 1.55*** 

(0.34) 

0.92*** 

(0.21) 

0.79*** 

(0.17) 

0.98*** 

(0.20) 

VOOa -0.20 

(----) 

0.09 

(----) 

0.08 

(----) 

-0.11 

(----) 

OO -1.35*** 

(0.27) 

-1.02*** 

(0.24) 

-0.88*** 

(0.17) 

-0.87*** 

(0.23) 

BrManf 0.34*** 
(0.09) 

0.21** 
(0.08) 

0.15** 
(0.07) 

0.18** 
(0.08) 

BrPrva -0.34 
(----) 

-0.21 
(----) 

-0.15 
(----) 

-0.18 
(----) 

ANDa -0.65 

(----) 

-0.33 

(----) 

0.11 

(----) 

-0.39 

(----) 

CAT 1.30*** 

(0.19) 

0.91*** 

(0.19) 

0.55*** 

(0.13) 

0.94*** 

(0.16) 

RSp -0.65*** 

(0.17) 

-0.57*** 

(0.17) 

-0.66*** 

(0.13) 

-0.54*** 

(0.13) 

Price -1.60*** 

(0.16) 

-1.21*** 

(0.11) 

-0.69*** 

(0.11) 

-1.08*** 

(0.11) 

Standards deviations of random parameters 
EVOO 2.49*** 

(0.31) 

1.77*** 

(0.22) 

1.46*** 

(0.17) 

2.19*** 

(0.25) 

OO 2.94*** 

(0.43) 

1.71*** 

(0.21) 

1.36*** 

(0.19) 

2.63*** 

(0.32) 

BrManf 0.14 

(0.13) 

0.28** 

(0.11) 

0.22** 

(0.08) 

0.41** 

(0.13) 

CAT 2.14*** 

(0.28) 

1.32*** 

(0.18) 

0.68*** 

(0.13) 

1.14*** 

(0.18) 

RSp 0.77*** 
(0.19) 

0.99*** 
(0.18) 

0.50** 
(0.16) 

0.63*** 
(0.16) 

Price 1.62*** 
(0.20) 

0.49*** 
(0.07) 

1.15*** 
(0.11) 

1.12*** 
(0.13) 

Number of observations 2970 2970 2970 2970 

Log-likelihood -523.21 -591.45 -619.10 -575.72 
a base line; (***) (**) (*) Statistically significant at 1%, 5%, and 10% level. 

The results of responses’ consistency, internal and external validity analysis are 

displayed in Table 4. The results reveal that, in general terms, the consistency of 

participants’ responses is relatively high. The hit rate ranges from 76.36% to 87.27% 

when only the most preferred option is considered (i.e. HCE, NHCE, RRCA, and 

RBWS). Results from the one tailed Z-test for consistency, using the hit rates show that 

there are no statistical differences (at the 5% level of significance) between treatments. 

Consistent with Brouwer et al. (2010), the high consistency or stability of participants’ 

responses could be due to the learning effect related to repeated choice task. 

Additionally, we found that the consistency of participants’ responses in HCE and 

NHCE is statistically similar. This similarity maybe the result effort made by the 



13 
 

experimenter to incentivize participants to reveal their real preferences independently of 

whether they are taking part in a hypothetical or a non-hypothetical CE.  

 

Table 3. Results from preference regularity tests across the treatments 

Test for preference regularity 
Number of 

observations 

Log 

Likelihood 

Likelihod 

Ratio 

(LR) 

Degrees 

of 

freedom 

p-value 

All treatments 5940 -1139.11    

HCE 2970 -523.21    

NHCE 2970 -591.45    

H0:test of equality between 

hypothetical and non-hypothetical 

CE 

  49.05 12 P<0.005 

All treatments 11880 -2413.84    

HCE 2970 -523.21    

NHCE 2970 -591.45    

RRCA 2970 - 619.10    

RBWS 2970 - 575.72    

H0:test of equality between 

hypothetical and non-hypothetical 

first choice option 

  208.66 72 P<0.005 

All treatments 8910 -1868.23    

NHCE 2970 -591.45    

RRCA 2970 - 619.10    

RBWS 2970 - 575.72    

H0:test of equality between non-

hypothetical first choice option 
  163.89 36 P<0.005 

All treatments 5940 -1228.15    

RRCA 2970 - 619.10    

RBWS 2970 - 575.72    

H0:test of equality between non-

hypothetical NHRCA and NHBWS 
  66.64 12 P<0.005 

 

As regard to the internal validity (central part of table 4), results are quite similar 

across treatments. The hit rate ranges from 62% to 73% indicating that, in the main task, 

the estimated partworths correctly predicted 62% to 73% of participants’ responses. 

Results from the one tailed Z-test show that no significant differences have been found 

between the four CA formats in terms of internal validity.  

Regarding the external validity, the estimated parameters in the hypothetical CE 

correctly predicted only 23.63% of participants’ responses in the holdout task, which is 

significantly lower than the predictive power of the estimates obtained in the non-

hypothetical CA formats. Incentivizing participants to truthfully reveal their preferences 

seems to enhance the predictive power of the estimated models (Chang et al. 2009; Lusk 

et al. 2008). Consistent with the findings of Akaichi et al. (2013), we found that the 

external validity of the estimates in the non-hypothetical CA formats is similar when the 

responses in RCA and BWS are coded as choice data taking into account only the 
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option ranked first. Although, the external validity in RBWS is higher than NHCE and 

RRCA (i.e. the external validity is 52.63%, 38.18%, and 43.63% in RBWS, RRCA, and 

NHCE, respectively), however this gain in predictive power is not statistically 

significant at 5%.  

Since one of the main reasons of using choice experiments is to estimate 

consumers’ willingness to pay for specific food attributes. The results of the 

comparability of the four CA formats in terms of WTP are displayed in Table 5. As it 

can be observed, consumers are willing to pay a price premium ranging from 0.76 Euro 

and 1.14 Euro for the extra virgin olive oil; however, they are willing to pay a lower 

price for the olive oil with respect to virgin olive oil (baseline level). In relation to the 

origin, respondents were willing to pay a price premium (varies between 0.75 and 0.86 

euro across treatments) for the olive oil from Catalonia. Finally, on average, consumers 

are willing to pay an average premium of about 0.2 Euro for the manufacturer brand 

with respect to the private brand.     

 

Results displayed in Table 6 show a strong similarity of the estimated WTP values 

across the CA formats. Therefore, the statistical differences we have found among 

partworths estimates are indeed underlying differences in the error variances due to 

difference cognitive effort spent by respondents in the different CA formats. Carlsson 

and Martinsson (2001) and Lusk and Schroeder (2004), also arrived to a similar 

conclusion when they compared hypothetical and non-hypothetical CE. Two potential 

explanations could be given: 1) the inclusion of the no-choice option freed participants 

from being forced to choose a real option for which they have to pay the corresponding 

price (Hensher 2010); and 2) the effect of a well-script presentation explaining the 

objectives and the characteristics of each treatment at the beginning of every session has 

contributed to reduce the hypothetical bias (Hensher, 2010; Murphy et al., 2005). In 

relation to the non-hypothetical treatments, Akaichi et al. (2013) arrived to a similar 

result when they compared the NHCE and the RRCA.  
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Table 4. Consistency, internal and external validity tests across treatments 

 
 Consistency  Internal validity  External validity 

Treatments Nº of 

choices 

Nº of correct 

Predictions 

Hit rate 

(%) 

 

p-value Nº correct of 

predictions 

Hit rate 

(%) 

p-value Nº correct of 

predictions 

Hit rate 

(%) 

p-value 

HHCE vs 

NHCE 

55 48 87.27 0.10 35 63.63 0.15 13 23.63 0.01 

55 43 78.18 

 

40 72.72 24 43.63 

HHCE vs 

RRCA 

55 48 87.27 0.06 35 63.63 0.15 13 23.63 0.04 

55 42 76.36 

 

40 72.72 21 38.18 

HHCE vs 

RBWS 

55 48 87.27 0.06 35 63.63 0.42 13 23.63 0.00 

55 42 76.36 

 

34 61.81 29 52.72 

NHCE vs 

RRCA 

55 43 78.18 0.41 40 72.72 0.50 24 43.63 0.28 

55 42 76.36 

 

40 72.72 21 38.18 

NHCE vs 

RBWS 

55 43 78.18 0.41 40 72.72 0.11 24 43.63 0.17 

55 42 76.36 

 

34 61.81 29 52.72 

RRCA vs 

RBWS 

55 42 76.36 0.50 40 72.72 0.11 21 38.18 0.06 

55 42 76.36 34 61.81 29 52.72 
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Table 5. Estimated Willingness to Pay for each attribute level 

Traitment HHCE NHCE RRCA RBWS 

EVOO 

 

0.97* 

[0.55; 1.38] 

0.76* 

[0.38; 1.14] 

1.13* 

[0.51; 1.76] 

0.90* 

[0.52; 1.28] 

OO -0.84* 

[-1.15; -0.53] 

-0.84* 

[-1.24; -0.43] 

-1.26* 

[-1.86; -0.66] 

-0.80* 

[-1.23; -0.37] 

BrManf 0.21* 

[0.10; 0.33] 

0.17* 

[0.02; 0.32] 

0.22 

[-0.001; 0.45] 

0.17* 

[0.01; 0.33] 

CAT 0.81* 

[0.54; 1.08] 

0.75* 

[0.43; 1.07] 

0.79* 

[0.36; 1.21] 

0.86* 

[0.56; 1.16] 

RSp -0.40* 

[-0.63; -0.18] 

-0.47* 

[-0.75; -0.19] 

-0.95* 

[-1.41; -0.49] 

-0.50* 

[-0.74; -0.26] 

Values in brackets correspond to Confidence Intervals; 

An * indicates that the value is statistically different from zero at the 5% siginicance level. 

 

To sum up, this is study is the first attempt to compare the four most used CA formats 

(i.e. HCE, NHCE, RRCA and RBWS). Our results suggest that, the four CA formats provide 

similar results in terms of the sign and the significance of estimated partworths as well as the 

estimated WTP values. Therefore, if the estimation of consumers’ WTP is the main objective 

of using CA, then the use of any one of the four CA format is appropriate. Nonetheless, the 

use of HCE might be preferred due to the simplicity and lower cost of its implementation. 

Furthermore, if practitioners are interested in assessing consumers’ preferences and the use of 

the estimated partworths for prediction sakes (e.g. to predict the change in consumers’ 

choices when the price changes), then non-hypothetical BWS maybe should be used due to 

the gain of predictive power that it add in respect to NHCE and RRCA, although this 

difference was not statistically significant at 5%.    

 

Table 6. Hypothesis test of equality WTPs across the treatments  

Hypothesis 
EVOO OO BrManf CAT RSp 

p-value of Complete combinatorial test 

HCE vs NHCE 0.47 0.43 0.48 0.48 0.45 

HCE vs RRCA 0.48 0.47 0.42 0.48 0.49 

HCE vs RBWS 0.43 0.43 0.39 0.48 0.46 

NHCE vs RRCA 0.44 0.45 0.42 0.45 0.44 

NHCE vs RBWS 0.40 0.37 0.38 0.45 0.41 

RRCA vs RBWS 0.45 0.41 0.44 0.49 0.46 

 

5. Conclusions  

Focusing on a market good, the olive oil, this study, aimed to compare HCE, NHCE, RRCA 

and RBWS in terms of consistency, estimated partworths, internal and the external validity 

and estimated WTP. This study expands the previous works in three ways: 1) it includes an 
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additional ranking CA format (i.e. BWS) which has been proved to be easily understood by 

consumers when they are asked to rank several combinations of attributes; 2) the BWS is 

conducted in a non-hypothetical setting adopting the approach used by Lusk et al. (2008) for 

RCA; and 3) in this study we have compared the consistency among respondents’ decisions 

through the three response formats used..   

Results from this study suggest a number of points. First, the estimated partworths from 

the four CA formats are similar in terms of sign and significance although they have different 

values. For instance, all the CA format showed that responded preferred the local extra virgin 

oil. Additionally, the results show that there are not significant differences across the 

treatments in terms of estimated WTP. This could be used as an argument in favor of the use 

of hypothetical choice experiment especially, when the main reason for using the CE is to 

assess consumers’ WTP.  

Second, using RCA or BWS could be advantageous if the practitioner is interested in 

determining not only the most preferred option but also consumers’ preferences for all the 

combinations of attributes included in a choice set. In fact, carrying out CE, RCA and BWS 

in a non-hypothetical context and considering only the most preferred option in the 

estimation of partworths, they provide similar results in terms of partworths and WTP. 

However, the use of RCA and BWS might be preferred since they provide practitioner with 

information all the options included in a choice set.   

Finally, our results showed that the respondents behave similarly when they asked to state 

their preferred options or to choose their most preferred options, taking into consideration 

two ranking preference methods RCA and BWS. However, conducting BWS in non-

hypothetical context seems to outperform RCA and could classify it as competitive substitute 

of RCA method. As aforementioned, this superiority might be a result of the fact that BWS 

better fits natural human skills at identifying extreme values that decreases the cognitive 

burden on participants which in turn could increase the predictive power of the estimates.  

It noteworthy that more research work is, however, needed to see to what extent our 

results can be generalized. For instance, we think it important to know how our findings will 

be affected if large choice sets are used. Furthermore, additional empirical applications with 

alternative products should be carried out to find out whether our findings are sensitive to the 

type product (e.g. food vs. non-food product or durable vs. fresh food) used in the 

experiment. Finally, all the previous studies compared the CA formats make their comparison 

based only on the most preferred option; therefore, it is important to assess the comparability 
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of the three CA formats (CE, RCA and BWS) taking into consideration the most preferred 

option as well as the respondents’ full ranking preferences.  
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