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A B S T R A C T   

The Best-Worst Scaling (BWS) case III method, also called the BWS ‘multi-profile case.’ has been widely used to 
characterize survey respondent preferences for market goods. The BWS method is similar to conjoint analysis 
methods in that respondents select from a set of hypothetical item profiles with different attribute levels. Unlike 
conjoint methods, which allow respondents to select their best/most preferred profile, the BWS case III method 
asks respondents to select ‘best’ and ‘worst’ profiles in each choice set. This study compares consumer willingness 
to pay (WTP) estimates from conjoint and BWS case III survey formats. Data on consumer preferences for single- 
use eating-ware products made from biobased materials were collected. Results suggest that for the most 
preferred attribute levels, WTPs estimates are similar in magnitude and consistent for signs across methods. For 
least-preferred attributes, WTP estimates from the conjoint method are higher than those of the BWS method. 
However, the BWS WTP estimates have smaller confidence intervals.   

1. Introduction 

Revealed and stated preference methods are used to estimate con
sumer willingness to pay (WTP) for goods and services. Revealed pref
erences cannot be estimated for hypothetical or new products because 
purchasing data for these goods is unavailable (Samuelson, 1938, 1948). 
Researchers, therefore, apply stated preference methods, such as 
conjoint analysis, to determine potential demand for hypothetical 
goods, new products, or non-market goods (Lusk et al., 2006, 2008; 
Chen et al., 2010; Dauda & Lee, 2015; Verma & Chandra, 2017; Cheng 
et al., 2021; Hu et al., 2022). Two empirical approaches that elicit stated 
preferences include conjoint and best-worst scaling methods. 

Conjoint analysis requires respondents to select one profile (a ‘most 
preferred’ choice) amongst several profiles, with options differentiated 
by unique combinations of attributes, each with two or more levels 
denoting quality or quantity. Respondents’ answers presumably maxi
mize their expected utility (Sen, 1994). Conjoint methods can be 
adapted to studying preferences in various market contexts. A few ex
amples of conjoint studies highlight the method’s flexibility across 
different situations. Lusk et al. (2006) used conjoint analysis to estimate 
consumer WTP for pork produced without subtherapeutic antibiotics. 

Lusk et al. (2008) used a non-hypothetical conjoint ranking approach to 
estimate consumer preferences for pasture-raised steak. Chen et al. 
(2010) used conjoint analysis to evaluate attributes of online shopping 
websites that increase consumer purchasing intentions. Dauda and Lee 
(2015) used conjoint analysis to estimate consumer preferences for on
line banking services. Verma and Chandra (2017) used conjoint analysis 
to identify consumer preferences for hotel accommodations. Cheng 
et al. (2021) estimated consumer WTP using conjoint methods for bio
based products. Hu et al. (2022) conducted a conjoint study to compare 
consumer WTP values for dried noodles. 

Best-worst scaling (BWS) is an alternative method for eliciting stated 
preferences. Finn and Louviere (1992) extended Richardson’s (1938) 
max-diff preference ranking method to what is now called BWS. 
Empirical studies using BWS have increased rapidly since 2010 as an 
alternative method for determining stated consumer preferences (621 
studies were identified by a Scopus search for the keywords “best-
worst-scaling” since 2010). BWS evolved to handle three kinds of cases 
(Louviere et al., 2015). In BWS case I, the ‘object case,’ respondents 
assess the degree of importance of a set of subjects on a rating scale (Finn 
& Louviere 1992; see Zhang et al. (2015) and Pokhilenko et al. (2020) 
for additional reviews). In BWS case II (BWS-3), the ‘profile case,’ 

* Corresponding author. 
E-mail address: haotiancheng@arizona.edu (H. Cheng).  

Contents lists available at ScienceDirect 

Journal of Behavioral and Experimental Economics 

journal homepage: www.elsevier.com/locate/jbee 

https://doi.org/10.1016/j.socec.2023.102049 
Received 3 February 2023; Received in revised form 10 May 2023; Accepted 2 June 2023   

mailto:haotiancheng@arizona.edu
www.sciencedirect.com/science/journal/22148043
https://www.elsevier.com/locate/jbee
https://doi.org/10.1016/j.socec.2023.102049
https://doi.org/10.1016/j.socec.2023.102049
https://doi.org/10.1016/j.socec.2023.102049
http://crossmark.crossref.org/dialog/?doi=10.1016/j.socec.2023.102049&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Journal of Behavioral and Experimental Economics 106 (2023) 102049

2

respondents state their ‘best’ and ‘worst’ choices that correspond with 
attribute levels in a profile (Flynn, 2010; Soekhai et al., 2021; Himmler 
et al., 2021). BWS-3, or ‘multi-profile cases,’ is closely aligned with 
classical discrete choice experiments. Respondents are offered a 
sequence of choice sets from which selections are made (Louviere, 
Hensher & Swait, 2000). BWS-3 is most similar to conjoint analysis 
methods because respondents are asked to select item profiles among a 
set of profiles. However, unlike conjoint analysis wherein respondents 
are asked only to select a ‘most preferred’ item profile, the BWS-3 
method tasks respondents with selecting ‘best’ and ‘worst’ profiles in a 
set. BWS-3 has also been used in business and health studies. For 
example, Mühlbacher et al. (2020) used the BWS-3 method to determine 
the most patient-relevant endpoints regarding the effects, risks, and 
administration of hemophilia A treatments. Yoo and Doiron (2013) used 
the BWS-3 method to estimate consumer preferences for nursing jobs. 
Thong et al. (2018) used the BWS III methods to estimate consumer 
preferences for beer. 

Questions naturally arise as to which method to use and under what 
circumstances. Potoglou et al. (2011) compared conjoint and BWS case 
II methods using an in-person survey. Respondents were asked to answer 
both conjoint and BWS case II questions. Potoglou et al. found no sig
nificant difference between the methods regarding stated preferences. 
Van Dijk et al. (2016) conducted a similar study where respondents 
answered conjoint and BWS case II questions. Their study found no 
differences in preference rankings between the methods. However, Van 
Dijk et al. (2016) found that respondents rated the BWS choice sets more 
challenging to answer. These findings are supported by Severin et al. 
(2013)’s research. Using a split survey design, half of the respondents 
answered conjoint questions. In contrast, the other half responded to 
BWS case II questions. Both methods produced similar results. These 
studies suggest conjoint and BWS-3 formats should produce similar re
sults with the BWS method associated with greater complexity (i.e., 
higher costs). 

The literature, however, is sparse regarding conjoint and BWS-3 
comparisons. Yangui (2019) found that WTP values were similar for 
conjoint and BWS-3 methods. Xie et al. (2013) asked participants to 
answer conjoint and BWS-3 questions using an in-person interview 
format. They found that the estimates’ variance was smaller for the BWS 
study than for conjoint results. Xie et al. concluded that, for the same 
prediction accuracy and precision, BWS-3 had the advantage of reducing 
respondent burden. 

Possible reasons why the variance of BWS-3 and conjoint WTP esti
mates differ may relate to menu dependence and preference impreci
sion. Sen (1994) concluded that the offered choice sets might introduce 
context-dependency, or what Sen called ‘menu dependency, which may 
contaminate rational decision-making and alter revealed preference 
ordering. Menu dependency may therefore cause inconsistencies in 
preference rankings and, in some empirical contexts, increase the vari
ance around willingness to pay estimates. Another explanation could be 
related to preference imprecision (Maltz & Rachmilevitch, 2021; Cher
nev, Böckenholt, & Goodman, 2015; Bayrak & Hey, 2020). Preference 
imprecision is a consumer choice concept that refers to the degree of 
uncertainty or vagueness a consumer has regarding preferences for a 
product or service. If a consumer is uninformed about a product, then 
this uncertainty may introduce inconsistencies in choice rankings and 
increase the variance of WTP estimates. A related concept that could 
cause divergence between BWS and conjoint WTP estimates and vari
ance is inattention bias (Malone & Lusk, 2019). Inattentive respondents 
may provide inconsistent preferences rankings if they are not paying 
attention to survey questions or information (Cheng et al., 2021). Some 
researchers suggest the BWS format may reduce intention bias (Erdem & 
Rigby, 2013; Massey et al., 2015; Shoji et al., 2021). 

The research objective is to compare the BWS-3 and conjoint 
methods for eliciting consumer preferences through an online survey. 
The survey used a split treatment design with a conjoint group and BWS- 
3 group. The product is single-use eating ware (SUEW) made from 

biobased materials. This study randomly assigns respondents a conjoint 
or BWS-3 survey to compare WTP estimates from both groups. The study 
adds to the literature by comparing the conjoint and BWS-3 methods by 
contrasting the methods using an online survey rather than a survey 
administered in one location. 

1.1. Data 

Survey data are from Cheng et al. (2021). The study evaluated con
sumer preferences for single-used eating ware (SUEW) products made 
from biobased materials. The two surveys implemented in the study are 
identical, except for the structures of the choice experiment sections 
(conjoint or BWS-3). The data was collected using online conjoint and 
BWS-3 surveys launched by Qualtrics®, in October and November 2019. 
Respondents were 18 or older and were drawn randomly from a sam
pling frame of US households who self-identified as SUEW consumers. 
Qualtrics sent invitation emails to individuals by computer or cellphone. 
Respondents who completed the survey were compensated with cou
pons. There were n = 1010 and n = 1000 for the BWS and conjoint 
groups, respectively. These sample sizes were based on a 5% margin of 
error with a 95% confidence interval. Three separate surveys in the 
conjoint and BWS groups were divided into ‘no information,’ ‘limited 
information,’ and ‘full information’ treatments. The information treat
ments pertained to the level of information respondents received about 
the material composition of the SUEW product. Only the sample of ‘full 
information’ respondents from both the conjoint and BWS surveys were 
used here (n = 335 for the conjoint complete information group and n =
345 for the BWS complete information group). This sub-sample was used 
to avoid potential information effects. The average completion times for 
the conjoint and BWS-3 surveys were 15 and 22 min, respectively. 

The following attributes were used to develop SUEW product pro
files: a) product degradability (3 levels; not degradable, degradable in 6 
months (Degrade6), degradable in 24 months (Degrade24)); b) origin (2 
levels; made in the US, or made elsewhere (Origin)); c) product content 
certification (2 levels; no or yes, (Label)); d) the material source (3 levels; 
plastic, paper (Paper), or wheat straw (Wheat)); and e) price for a 25- 
count of 10-inch size SUEW plates (6 levels; $2.27, $3.82, $5.36, 
$6.91, $8.45, and $10.00) (Table 1). Price points were determined from 
a review of 20 SUEW products. The highest price was $10.00 for a 25- 
count package of 10-inch plates. The lowest price for the same quan
tity and plate size was $2.27. These lower and upper bound prices were 
used to determine the other four price levels, which were uniformly 
distributed between the lower and upper price bounds. 

In the conjoint choice experiment, respondents viewed a screen with 
five product profiles differing in attribute levels and a ‘none of the 
above’ (opt-out) option. The opt-out option was coded as an alternative- 
specific constant (ASC; Adamowicz et al., 1998). Participants were asked 
to select the most preferred alternative (Fig. 1). 

In the BWS choice experiment, respondents viewed a screen with five 
product profiles that differed in attribute levels (Fig. 2). Respondents 
were asked to select the most and least attractive alternatives. Once 
selected, these alternatives were removed from the choice set, leaving 
three alternatives to rank ‘most’ or ‘least’ preferred in a second round. 
Completing the second round resulted in the complete ranking of all 
alternatives in each choice. One limitation of this study is that, for the 
BWS-3 question, no ASC option was included. For this reason, we split 
the conjoint sample into two groups; first, an ASC group including 119 
respondents who selected the ASC at least once across all choice sets; 
and second, a non-ASC group that included 216 respondents who never 
selected the ASC option in any of the choice sets. This procedure allows 
for directly comparing the WTP results estimated for the conjoint non- 
ASC group with those estimated for the BWS-3 group while holding 
constant ASC effects. 

Two trap questions were included in the survey. The purpose of the 
trap questions was to control respondent attentiveness. One trap ques
tion appeared before and the other after the choice experiment section. 
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Respondents who incorrectly answered a trap question were given a 
second chance to revise their answers. Respondents incorrectly 
answering the question on the second try were coded as inattentive (=
‘1′, ‘0′ otherwise). The inattentive dummy variable was interacted with 
each product attribute and price to control for respondent inattention. 

2. Methods and procedures 

Conditional logistic (CL) regression (McFadden, 1974) was used to 
estimate WTP for the conjoint group. BWS data are usually analyzed 

using rank-ordered logistic (ROL) regression (Scarpa et al., 2011). Both 
CL regression and ROL regressions were used to estimate WTP for the 
BWS-3 group to hold constant the influence of regression procedures. 

We use McFadden (1974)’s random utility model (RUM) to estimate 
WTP. The linear indirect utility function is: 

vijt = xijtβ − βm⋅pjt + ∈ijt (1)  

where vijt is the utility derived by individual i on choice occasion (‘task’) 
t having selected choice alternative j; xijt is a vector of attributes for 

Table 1 
Choice experiment levels and attributes.  

Attribute Level 1 Level 2 Level 3 Level 4 Level 5 Level 6 

Degradability Not degradable 6 months 24 months    
Content certification No Yes     
Material Plastic Paper Wheat straw    
Origin Made in the US Made elsewhere     
Price ($/25 count) $2.27 $3.82 $5.63 $6.91 $8.45 $10.00  

Fig. 1. Conjoint Question Example.  

Fig. 2. Best-Worst Question Example.  
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alternative j = 1,…J; β includes the j attribute coefficients (βj); βmis the 
marginal utility of income (i.e., the coefficient on price, pjt); and ∈ijt is an 
unobserved random disturbance term from the extreme value distribu
tion with an expected value of zero and variance σ2

∈. 
The CL regression framework for analyzing RUM specifications as

sumes that respondents select a ‘best’ alternative among a set of alter
natives. The probability that a respondent selects alternative j as ‘best’ is 
(McFadden, 1974): 

Pr[j | xit] =
∏

t=1

∏

i=1

∏J− 1

k=1

exp
(
xijtβ

)

∑J
k=1exp

(
xijtβ

) (2) 

ROL regression for the RUM specification assumes that respondents 
rank choice alternatives from best to worst. Let rijt = (ri1t, …, riJt) indi
cate an individual’s choice ranking in descending order of preference. 
The probability an individual orders r in any particular ranking is 
(Scarpa et al., 2011): 

Pr[vit(ri1t)> vit(ri2t)>⋯vit(riJt)] =
∏

t=1

∏

i=1

∏J− 1

h=1

exp
(
xijt(rh)β

)

∑J
m=hexp

(
xijt(rm)β

) (3)  

where xijt(rh) includes an alternative’s attributes that receive rank h in 
the ordered set. 

2.1. Willingness to pay 

Marginal WTP is calculated as (Habb & McConnell, 2002): 

∂ŴTPj

∂xj
=

β̂j

β̂m

(4)  

where β̂j is the estimated parameter for attribute j and β̂m is the 
parameter estimate on price. The Krinsky and Robb parametric boot
strapping method was used to estimate the 95 percent confidence in
tervals for each attribute and each model’s marginal WTP (Krinsky & 
Robb, 1986). WTP confidence intervals from the CL and ROL models 
were compared to determine statistically significant differences between 
methods (Schenker & Gentleman, 2001). The complete combinatorial 
method developed by Poe et al. (2005) was used to test for statistical 
differences among attribute WTP values across the models. 

2.2. Estimation 

The CL and ROL models were estimated using Stata’s clogit and rologit 
commands (Stata 15.1, StataCorp LLC, College Station, TX, 2017). Both 
routines estimate the model parameters using simulated maximum 
likelihood (SML) (Cappellari & Jenkins, 2006). 

3. Results 

Table 2 presents the SML estimates of the CL methods for the conjoint 
ASC group, the conjoint non-ASC group, and the CL and the ROL 
methods for the BWS group. For attentive respondents, coefficients on 
attributes among the four models are significant at the 5% level. Only 
the Price and Degrade6 attributes are significant at the 5% level among 
the four models for inattentive respondents. For the BWS group, the 
confidence intervals for each attribute level are smaller than the conjoint 
group, consistent with Xie et al. (2013)’s findings. 

All models produce similar attribute rankings (Table 3). Degradability 
has the average highest WTP premium in each model estimated, fol
lowed by Source and Label. The attribute exhibiting the lowest premium 
is Origin. This premium ranking is similar to the rankings found by 
Cheng et al. (2021). The non-ASC group WTP is slightly higher than the 
ASC group. The attribute premiums among the ASC and BWS groups (CL 
and ROL models) are similar, except for those for the Label and Origin 
attribute levels. 

Table 4 presents the statistical comparison from Poe’s procedure of 
the WTP values estimated by both groups. The attributes with the 
highest premiums, Degradability and Source, are not statistically different 
across methods. However, the WTP for the attribute with the lowest 
premium, Origin was statistically different among all four comparison 
groups (conjoint non-ASC group, conjoint ASC group, ROL-BWS, and CL- 
BWS). The WTP for the attribute with the second lowest premium, Label, 
is also statistically different when comparing the ASC group, ROL-BWS, 
CL-BWS, and ROL-BWS. 

The results show that estimated WTPs are similar and consistent 
across methods for the most preferred attributes. In contrast, for least- 
preferred attributes, WTP estimates from the conjoint method are 
higher with larger confidence intervals than the BWS method. We do not 
believe menu dependence explains the differences in the WTP estimates. 
Each question’s options (levels, orders, and the number of alternatives) 
are identical within the conjoint and BWS surveys. These findings could 
be explained as resulting from fatigue and preference imprecision 
(Bayrak & Hey, 2020; Wang, Yuan & Beck, 2022). Participant fatigue is 

Table 2 
Conjoint and BWS groups estimates.   

Conjoint Sample BWS Sample  

ASC Group Non-ASC Group CL-BWS ROL-BWS 

Attribute Estimate Standard Error Estimate Standard Error Estimate Standard Error Estimate Standard Error 

Price − 0.2453 0.0342*** − 0.1583 0.0193*** − 0.2382 0.0168*** − 0.1898 0.0136*** 
ASC 1.0875 0.2605*** − 18.0634 0.1673***     
Paper 0.5654 0.1256*** 0.4588 0.0808*** 0.5244 0.0659*** 0.4359 0.0384*** 
Wheat 0.5368 0.1248*** 0.4597 0.0897*** 0.5064 0.0680*** 0.4304 0.0410*** 
Dagrade6 1.0876 0.1410*** 0.7891 0.0858*** 0.8223 0.0678*** 0.7716 0.0578*** 
Degrade24 0.7121 0.1343*** 0.5513 0.0780*** 0.5033 0.0604*** 0.5207 0.0421*** 
Label 0.5395 0.0967*** 0.4411 0.0548*** 0.4127 0.0442*** 0.1814 0.0257*** 
Origin 0.5208 0.0971*** 0.3903 0.0589*** 0.3184 0.0421*** 0.1259 0.0202*** 
Inattention:         
d × Price 0.1662 0.0531*** 0.1642 0.0384*** 0.1911 0.0271*** 0.1337 0.0203*** 
d × ASC 0.4770 0.4550 0.2214 0.3520     
d × Paper 0.1648 0.2604 − 0.1242 0.1673 0.1392 0.1291 − 0.2215 0.0675*** 
d × Wheat 0.1572 0.2597 − 0.1999 0.1701 0.0891 0.1336 − 0.2442 0.0638*** 
d × Degrade6 − 0.9920 0.2527*** − 0.7430 0.1358*** − 0.5062 0.1145*** − 0.5926 0.0777*** 
d × Degrade24 − 0.7235 0.2685*** − 0.6322 0.1335*** − 0.3421 0.1114*** − 0.4452 0.0694*** 
d × Label − 0.2791 0.1817 − 0.1747 0.1047* − 0.1673 0.0839*** − 0.0839 0.0516 
d × Origin − 0.4212 0.1682** − 0.2059 0.0995* − 0.1865 0.0887*** − 0.0314 0.0489 
N 119 216 345 345 
Log likelihood − 2129 − 3751 − 5618 − 18,150  
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associated with an increased cognitive burden imposed by the time and 
effort involved in taking a survey. The BWS method required more time 
(on average) for respondents to complete the survey than the conjoint 
method (22 min versus 15 min, respectively). This additional time may 
have induced fatigue effects. Past research evaluated various effects of 
fatigue on estimating stated preferences. Several studies demonstrated 
that WTP might decrease because of satisficing or straight-lining ten
dencies (Wang, Yuan & Beck, 2022; Layana & Lee, 2020). However, 
when using BWS case II data, Monte Carlo simulations have shown that 
the complete ranked BWS method improves the accuracy of estimates 
compared to incomplete ranked methods (Cheng, Feuz & Lambert, 
2023), lending support for the choice of complete ranked methods. 
Preference imprecision could also explain the larger confidence intervals 
of the conjoint WTP estimates. In this study, respondents might have 
experienced greater preference imprecision in the conjoint survey due to 
soliciting incomplete ranked preferences, as preference incompleteness 
can be associated with preference imprecision (Bayrak & Hey, 2020). 
When faced with a conjoint task that does not require a complete 
ranking of preferences, consumers may experience preference impreci
sion for lower-ranked attributes due to the difficulty in distinguishing 
between minor differences in attribute levels and the potential for re
spondents to focus more on the most important attributes. Preference 
imprecision could result in larger confidence intervals across all WTP 
estimates compared to the complete-ranked BWS method. 

4. Conclusions 

This research note compared WTP estimates for extrinsic attributes 
of single-use eating ware using conjoint analysis and BWS-3 data 
collection methods. The attributes evaluated included biomaterial 
source, product degradability, USDA biobased certification, and manu
facture origin. Findings suggest that conjoint analysis and BWS-3 esti
mations perform similarly for the most preferred attributes. However, 
there were differences in the WTP estimates for least-preferred attributes 
across the various methods. The WTP confidence intervals from BWS-3 
were smaller than estimates from the conjoint data. However, increased 
precision must be balanced with the extra complexity (Dijk et al., 2016) 
and the time required to complete the BWS-3 survey. 

The results contribute to the existing literature comparing the BWS 
and conjoint methods. Specifically, these results expand on those of Xie 
et al. (2013) and Yangui et al. (2019) by reducing the potential for 
sample bias by conducting an online survey rather than a sample from 
one location, more general and scientific sampling; and using a split 
sample design to help avoid information bias. Response fatigue was also 
reduced by splitting respondents into two groups that received either the 
conjoint or the BWS-3 format. 

One limitation of this study is that for the BWS group, there was no 
ASC option in each question. Maltz and Rachmilevitch (2021) concluded 
that consumers might prefer an outside option when choices are 

Table 3 
Confidence intervals for the conjoint and BWS groups.   

Conjoint Sample BWS Sample  

ASC Group Non-ASC Group CL-BWS ROL-BWS 

Attribute Estimate WTP 95% Confidence 
Interval 

Estimate WTP 95% Confidence 
Interval 

Estimate WTP 95% Confidence 
Interval 

Estimate WTP 95% Confidence 
Interval 

Price –  –  –  –  
ASC 4.43 [0.17,14.01] − 114.11 [− 225.10,− 76.40]     
Paper 2.30 [0.11,5.99] 2.90 [0.62,6.55] 2.20 [1.45,3.44] 2.30 [1.03,3.79] 
Wheat 2.19 [0.23,6.17] 2.90 [0.20,7.33] 2.13 [1.30,3.48] 2.27 [0.82,3.86] 
Dagrade6 4.43 [2.13,9.69] 4.98 [2.65,9.45] 3.45 [2.79,6.14] 4.07 [2.22,5.58] 
Degrade24 2.90 [0.79,6.61] 3.48 [1.55,7.07] 2.11 [1.89,3.98] 2.74 [1.17,3.71] 
Label 2.20 [0.62,5.31] 2.79 [1.30,6.11] 1.73 [0.43,1.82] 0.96 [0.92,3.15] 
Origin 2.12 [0.68,4.71] 2.47 [1.01,4.95] 1.34 [0.18,1.22] 0.66 [0.53,2.20] 
Inattention:         
d × Price 0.68 [− 0.42,1.46] 1.04 [− 0.19,2.32] 0.80 [0.37,1.06] 0.70 [0.44,1.20] 
d × ASC 1.94 [− 5.81.9.75] 1.40 [− 8.98,11.79]     
d × Paper 0.67 [− 4.26,6.07] − 0.78 [− 5.89,4.10] 0.58 [− 2.76,0.30] − 1.17 [− 2.32,3.16] 
d × Wheat 0.64 [− 4.47,6.22] − 1.26 [− 7.14,3.62] 0.37 [− 2.64,0.20] − 1.29 [− 1.74,2.72] 
d × Degrade6 − 4.04 [− 10.64,− 0.03] − 4.69 [− 10.28,− 1.49] − 2.13 [− 5.21,− 1.28] − 3.12 [− 4.37,− 0.05] 
d ×

Degrade24 
− 2.95 [− 8.92,1.37] − 3.99 [− 9.42,− 0.74] − 1.44 [− 4.01,− 0.77] − 2.35 [− 3.33,0.73] 

d × Label − 1.14 [5.59,2.71] − 1.10 [− 4.76,2.14] − 0.70 [− 1.82,0.55] − 0.44 [− 2.68,0.62] 
d × Origin − 1.72 [− 5.36,1.32] − 1.30 [− 4.46,1.15] − 0.78 [− 1.30,1.03] − 0.17 [− 2.65,0.69] 
N 119 216 345 345  

Table 4 
P-value comparing WTP between different groups.   

ASC Group vs. Non-ASC Group ASC Group vs. CL-BWS ASC Group vs. ROL-BWS CL-BWS vs. ROL-BWS 
Attributes P-Value Comparing WTP P-Value Comparing WTP P-Value Comparing WTP P-Value Comparing WTP 

Paper 0.7462 0.4416 0.4977 0.5935 
Wheat 0.7772 0.4641 0.5492 0.6295 
Dagrade6 0.6974 0.1042 0.3239 0.8828 
Degrade24 0.7574 0.1047 0.3991 0.9499 
Label 0.8014 0.1813 0.0023 0.0020 
Origin 0.7116 0.0378 0.0001 0.0014 
Inattention:     
d × Price 0.9088 0.7420 0.5563 0.2151 
d × Paper 0.1683 0.4702 0.0534 0.0039 
d × Wheat 0.1037 0.4120 0.0432 0.0061 
d × Degrade6 0.3312 0.9487 0.7819 0.0651 
d × Degrade24 0.2352 0.8968 0.6954 0.0663 
d × Label 0.5128 0.7034 0.8130 0.7181 
d × Origin 0.6692 0.8849 0.9830 0.9132  
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complex. Thus, one direction of future research to address the limitation 
would be to add an alternative specific constant (ASC) option to the BWS 
choice and then compare the ASC groups’ WTP estimates from the 
conjoint and the BWS methods. Another direction for future research is 
related to salience theory (Bordalo, Gennaioli & Shleifer, 2012). Bor
dalo, Gennaioli and Shleifer (2012) concluded that decision-makers 
exaggerate the probability of extreme events if they are aware of this 
possibility. Thus, a future research question could be to compare the 
subgroups who are educated with the information related to 
least-preferred attributes with a sub-group of participants who are un
exposed to this information. 
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