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Abstract 

Efforts to reduce hypothetical bias in stated preference methods often focus on the content of ex-

ante information, while this study examines the impacts of presentation formats on hypothetical 

doi:10.3368/le.101.4.072424-0065R1

by
 g

ue
st

 o
n 

D
ec

em
be

r 
7,

 2
02

5.
 C

op
yr

ig
ht

 2
02

5
D

ow
nl

oa
de

d 
fr

om
 

mailto:linwen2@zju.edu.cn
mailto:rudy.nayga@ag.tamu.edu
mailto:dlortega@msu.edu
mailto:winsbon@zju.edu.cn


 Page | 2 

bias mitigation, focusing on cheap talk scripts and product explanations. Using beef alternatives 

characterized by attributes such as carbon label, plant-based label, favor and price, we find that 

video presentations result in hypothetical willingness-to-pay values closer to non-hypothetical 

scenarios, particularly among new and unfamiliar attributes. Subjects exposed to video information 

demonstrate an improved understanding of hypothetical bias and product attributes, and those with 

lower cognitive skills might more responsive to video displays. 

 

Keywords: Hypothetical bias, video, choice experiment, willingness to pay 

JEL classifications: D12, Q18, C25 

 

 

 

 

 

 

 

 

 

 

 

1. Introduction  

Hypothetical bias, the difference between stated and real values, is an important issue that affects 

the legitimacy of stated preference methods and the usefulness of those methods in policy-making 
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and cost-benefit analysis across several economic fields (e.g. environment and natural resources, 

food, health and transport). The challenge of creating incentive-compatible valuation tasks, 

alongside the appeal and/or necessity of employing stated preference questions in certain scenarios, 

has motivated researchers to explore which ex-ante information, delivered beforehand, could 

reduce hypothetical bias in stated preference methods. Much emphasis has been placed on 

examining the content of information, including cheap talk scripts (Cummings and Taylor, 1999; 

Carlsson et al., 2005), consequentiality scripts (Vossler and Watson, 2013; Wei and Khachatryan, 

2023), honesty priming (De-Magistris et al., 2013; Howard et al., 2017), and opt-out option 

reminders (Ladenburg and Olsen, 2014). Relatively less investigated is whether information 

presentation formats matter for hypothetical bias mitigation. 

Information can be viewed as a heterogeneous good whose value depends on presentation 

formats, considering the behavioral insight that decision-making is context-dependent. Visual 

information is more salient than text (Li and Camerer, 2022). Meanwhile, dynamically displaying 

a concept compensates for individuals’ limitations in imagination (Salomon, 1979) and reduces 

cognitive load by allowing people to process information using fewer elements in working memory 

(Carlson et al., 2003; Höffler and Leutner, 2007). Relative to text formats, presenting information 

in video format enhances attentiveness and engagement, leading to effective processing and greater 

value of the information (Shepard, 1967; Mayer and Moreno, 2003; Castro-Alonso et al., 2019).  

Given that stated preference methods are usually questioned by hypothetical bias, a strand of 

literature has emerged to assess the effectiveness of various techniques designed to mitigate such 

bias, such as cheap talk scripts (Cummings and Taylor, 1999), alternative measures include oath 

(Jacquemet et al., 2013), honesty priming (De-Magistris et al., 2013; Howard et al., 2017), 

Bayesian truth serum (Menapace and Raffaelli, 2020), inferred valuation (Lusk and Norwood, 
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2009; Entem et al., 2022), and consequentiality scripts (Vossler and Watson, 2013; Carson et al., 

2014). These measures are centered on crafting the information content provided to individuals 

before DCE tasks, aiming to mitigate hypothetical bias. Unlike their approach, our research keeps 

information content and choice experimental design consistent while experimenting with different 

presentation formats across hypothetical DCE groups. We are novel in examining whether video 

displays of the cheap talk script and production explanations in hypothetical DCE would yield 

similar preferences under non-hypothetical scenarios.  

Specifically, this study tests which format scheme when used to present ex-ante information 

in stated preference methods, results in mitigated hypothetical bias. Utilizing discrete choice 

experiments (DCEs), the study focuses on two pieces of information commonly presented to 

individuals before engaging in hypothetical choice tasks: a cheap talk script and the 

introduction/explanation of products or services of interest. The DCE focuses on a well-researched 

product, beef, that is characterized by alternatives that include attributes such as carbon label, 

plant-based label, favor and price. The attributes under consideration provide both public and 

private benefits. Our design adopts a between-subject design, including one non-hypothetical DCE 

group and four hypothetical DCE groups. In the non-hypothetical group, individuals receive 

product attribute explanations and then make incentive-compatible choices. The second group 

differs only in the use of hypothetical DCE choices. The remaining three groups involve 

hypothetical DCEs. The third group presents the cheap talk script in video format and retains the 

product attribute explanation in text. In the fourth group, the product attribute explanation is 

conveyed via video while the cheap talk script remains in text. In the fifth group, the two pieces 

of information are presented in video format. Table 1 provides an overview of the five groups, with 

all other aspects, including choice tasks and information content, identical across groups. The 
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difference in willingness to pay (WTP) between the first and second groups establishes a 

benchmark for assessing the effects of video information on hypothetical bias. A comparison of 

this benchmark and the difference in WTP between the first and third groups determines if a video 

display of the cheap talk script is effective in mitigating hypothetical bias. Likewise, if the 

difference in WTP between the first and fourth groups is smaller than the benchmark, it suggests 

a larger reduction of hypothetical bias with video product explanation. Comparing the benchmark 

and the difference in WTP between the first and fifth groups inform the effects of jointly presenting 

the cheap talk script and the product explanation in video. 

Our findings reveal varying degrees of hypothetical bias across all hypothetical DCE groups, 

confirming the persistent presence of hypothetical bias (Penn and Hu, 2018) and highlighting the 

need for hypothetical bias mitigation. When compared to hypothetical DCEs with text displays of 

information, DCEs incorporating video displays of cheap talk script or/and product explanation 

elicit most WTPs that are closer to those in the non-hypothetical DCE. This implies that, despite 

identical content, the use of video displays to present ex-ante information reduces hypothetical 

bias. That is, the presentation format of ex-ante information indeed matters in mitigating 

hypothetical bias. Additionally, hypothetical bias is higher for the carbon label compared to the 

plant-based label across all hypothetical treatments. The plant-based label, offering a private 

benefit, shows a more notable reduction in hypothetical bias, while the carbon label, which 

provides a public benefit, exhibits less fluctuation in hypothetical bias, indicating that our video 

treatment effects are more pronounced for private valuations than for public benefits. We conduct 

two additional analyses. First, responses to follow-up questions after the choice tasks indicate that 

subjects in the hypothetical DCE groups exposed to information videos demonstrate a more 

accurate understanding of hypothetical bias and product attributes, potentially contributing to 
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alleviating hypothetical bias. Second, heterogeneity analysis finds that individuals with high 

cognitive skills, as measured using the Raven Advanced Progressive Matrices test (Raven, 1938), 

tend to be more responsive to video displays of information, showing lower hypothetical bias 

compared to those with lower cognitive skills.  

Several studies have highlighted differing preferences or even a reduction in hypothetical bias 

through visualizing choice tasks in hypothetical DCEs (Bateman et al., 2009; Matthews et al., 2017; 

Fang et al., 2020; Guilfoos et al., 2023). However, we emphasize video displays presenting 

information to individuals before DCE tasks rather than altering the tasks themselves. Two closely 

related studies used video or audio to deliver the cheap talk script and compared respondents' 

attention and WTP with those in the text-based cheap talk group (Penn and Hu, 2021; Agossadou 

and Nayga, 2023). Our study differs by incorporating a non-hypothetical choice experiment and 

directly comparing WTPs between non-hypothetical and hypothetical valuations.   

We also relate to some meta-analyses showing that hypothetical bias is greater when valuing 

public goods, all else being equal (List and Gallet, 2001; Murphy et al., 2005; Penn and Hu, 2018). 

In our study, the carbon label represents a public good attribute, while the plant-based label aligns 

more with a private good attribute. Our results confirm these findings, showing greater 

hypothetical bias for the carbon label across all treatments. Several factors may explain this 

discrepancy in hypothetical bias between public and private goods. First, familiarity and 

experience play a role, as individuals are more comfortable valuing goods they commonly 

purchase, leading to fewer errors in valuation (List and Gallet, 2001). This is supported by evidence 

that people often misjudge the costs of providing public goods in stated preference surveys (Lang 

et al., 2024). Second, social desirability bias could inflate willingness-to-pay (WTP) for public 

goods, as respondents may feel pressure to respond in a way that aligns with socially or 
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environmentally responsible behaviors (Entem et al., 2021). This bias is less likely to affect private 

goods, where decisions are more personal.  

 This study contributes to the broader literature that investigates the effects of informational 

nudges on individual behaviors. A particular focus is on identifying the effective information 

content for behavioral change, such as gain and loss framing of messages (Hallsworth et al., 2017; 

Balew et al., 2023), scientific and narrative framing (Dahlstrom, 2014; Yang and Hobbs, 2020), 

positive and negative framing (Andreoni, 1995). We relate to some studies that have emerged to 

investigate how should messages be diffused to this end. Bahety et al. (2021) discovered that an 

SMS-based information nudge has minimal impact on knowledge or adaptation of preventive 

health behavior in India during the COVID-19 pandemic. Under the same study context, in contrast, 

Banerjee et al. (2020) propose that the video mode of information communication is effective. 

There is also a growing literature that evaluates consumer preferences and demand for beef 

alternatives, considering options that exclude animal products or address some of the 

environmental concerns occurring throughout the supply chain. Focused primarily on developed 

markets and hypothetical choice scenarios, studies yield mixed findings on individual valuations 

for plant-based beef and lower carbon footprint certified beef products (Li et al., 2016; Slade, 2018; 

Van Loo et al., 2020; Kilders and Caputo, 2024). We add to this literature by including an incentive-

compatible DCE to elicit consumer price premiums for plant-based and low-carbon beef products 

in the emerging Chinese market. Given that the food system is responsible for one-third of the 

global anthropogenic greenhouse gas emissions (Crippa et al., 2021), promoting sustainable meat 

alternatives is important for the world’s largest consumer market (Ortega et al., 2022).  

 

2. Design 
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Discrete choice experiment design 

We design a beef jerky product choice experiment to compare WTP estimates and hypothetical 

bias across treatments. We focus on beef products for several reasons. Beef is a commonly 

investigated food item in studies utilizing stated preference methods (Lin et al., 2023), and recent 

DCE studies investigating methodological issues have selected beef as their experimental products 

(Lim and Hu, 2023; Kliders and Caputo, 2024), so we selected beef to to inform this body of 

literature. In addition to its significance in research, beef consumption in China has experienced a 

substantial increase, reaching 7.7 million tons in 2019, making a 55% growth from 2000. This 

surge accounted for 11% of the global beef consumption. Projections indicate that China’s beef 

consumption is expected to grow by 12% to 39% in the next 10 years, and by 19 to 71% in 15 

years, depending on income levels (Zhu et al., 2021). Among different beef products, we opt to 

use beef jerky given that it is a popular and convenient snack for our study sample. Unlike fresh 

beef, beef jerky is typically consumed as a snack by college students, as confirmed by our pre-test.  

The experimental design is developed based on our research objectives and previous DCE 

studies. One primary objective of this study is to examine whether an exogenous manipulation that 

affects information processing could mitigate hypothetical bias. Compared to familiar product 

attributes, respondents may need to allocate more cognitive resources for understanding when 

dealing with novel ones. We thus include novel product attributes in the design, especially whether 

the beef product is plant-based and whether the beef has a lower carbon label. Several demand-

side studies indicate that individuals prefer traditional beef to plant-based beef but value 

environmentally-friendly labels on meat products, albeit results exhibit significant heterogeneity 

across consumers and certification types (Grebitus et al., 2016; Meyerding et al., 2019; Van Loo 

et al., 2020; Ortega et al., 2022; Lin et al., 2022). Given this variability in individual preferences 
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and limited focus on the Chinese population, the market success of plant-based beef products or 

beef products certified under a low-carbon verification scheme in China is worth investigating. 

The carbon label is related to the natural environment because it informs consumers about the 

carbon emissions associated with a product, and it generates positive externalities by reducing 

carbon emissions and provides a public benefit. Two other product attributes, familiar to 

consumers, have also been selected to describe beef jerky products: flavor and price. Indicating 

the flavor of a food snack is typically observed on the packaging as it provides a private benefit to 

consumers, and we set two levels for the taste attribute: spicy and original flavor. The price levels 

in this experiment are representative of the actual market price range for beef jerky. Actual prices 

of real and planted-based beef jerky were sourced from large online retailers like JD and Alibaba, 

as well as from offline retailers such as supermarkets and convenience stores, ensuring a realistic 

representation of prices. In line with the majority of DCE studies that were designed with four 

price levels (Caputo and Scarpa, 2022), we implement four different prices ranging from 9 RMB 

to 22 RMB per 50 grams. Appendix Table A1 presents the attributes used in the DCE.  

Given the selected attributes and attribute levels, a full-factorial design with two product 

alternatives in a single choice set would require 1,024 (42*1*22*3) choice questions. Following this, 

an orthogonal optimal design is applied to substantially reduce the number of choice questions, 

resulting in a total of 16 choice questions (Appendix Table A2 shows the 16 choice tasks and 

corresponding product alternatives) and a D-optimality of 97.21%. The DCE design, and thus the 

choice tasks, remain constant across all treatments. Therefore, the difference in WTPs between 

two treatments are not attributed to variations in our experimental design. Each choice task 

includes two product alternatives and one opt-out option (see a sample choice set in Figure 1).  
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Treatment design 

Our experiment employs a between-subject design with five treatments. In each treatment, the 

subject completes a survey in exchange for money.  

The treatments vary in the binding nature of DCE questions and the form in which cheap talk 

scripts and product attribute explanations are displayed. In a Real Treatment (Real), individuals 

engage with non-hypothetical DCE questions where they are explicitly informed that each choice 

task had an equal probability of becoming their actual purchase, in line with incentive-compatible 

value elicitation designs (La Nauze and Myers, 2023). They are obligated to purchase the product 

they selected in the binding choice task, at the specified price. This group is referred to as the “Real 

Treatment” because when respondents believe that their answers will be consequential 

with any positive probability, their dominant strategy is to answer truthfully (Herriges et al., 2010; 

Vossler et al., 2012).  

The four remaining treatments all involve hypothetical DCE with non-binding questions, 

where we provide subjects with a cheap talk script and product attribute explanation before choice 

sets. We exogenously manipulate cognitive burden across the four treatments by introducing either 

text displays or video displays of cheap talk scripts and product attribute explanations. Note that 

the wording of the cheap talk script and product attribute explanation is identical across treatments. 

In a Both Text Treatment (Both_text), individuals are presented with text displays of a cheap talk 

script as well as product attribute explanation. In a Video Cheap Talk Treatment (V_cheap), we 

present the cheap talk script in video format and retain the product attribute explanation in text 

format. In a Video Instruction Treatment (V_instruc), the product attribute explanation is conveyed 

through video while the cheap talk script remains in text. In a Both Video Treatment (Both_video), 

both the cheap talk script and product attribute explanation are presented via video format. In video 
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treatments, respondents are required to view the video(s) before proceeding; in text treatments, 

they are given one minute to read the text beforehand. Appendix B details the text and video for 

the cheap talk script and product attribute explanation.  

The difference in WTP between Real and Both_text establishes a benchmark for assessing 

hypothetical bias, which we use as a control in our experiment. A comparison of this benchmark 

and the difference in WTP between Real and V_cheap determines if a video display of the cheap 

talk script is more effective in mitigating hypothetical bias, relative to the text display. Likewise, 

a comparison of the benchmark and the difference in WTP between Real and V_intruc determines 

whether hypothetical bias would be reduced by the Video Instruction Treatment. Comparing the 

benchmark and the difference in WTP between Real and Both_video assesses the joint treatment 

effects of using video displays for both the cheap talk script and the product attribute explanation. 

 

Questionnaire design 

The questionnaire used in this study consists of three parts: (1) Cognitive ability test; (2) beef jerky 

DCE (see section 2.2), followed by the collection of subjective and objective understanding related 

to hypothetical bias and DCE attributes; and (3) questions on socio-demographics and beef 

purchasing habits, whose variables are presented in Table 1. The DCE choice tasks and DCE 

follow-up questions are presented in Appendix A. As we aim to investigate whether individuals 

with differing cognitive abilities respond differently to our treatments, we also assess the cognitive 

ability of each respondent using the Raven Advanced Progressive Matrices test (Raven, 1938), 

hereafter, the Raven test. The Raven test is a leading non-verbal measure of cognitive skills 

comprised entirely of pictorial questions related to spatial reasoning and pattern matching, which 

has been extensively employed in cross-cultural contexts (Boissiere et al., 1985; Bartling and 
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Netzer, 2016; Zhao et al., 2019). The Raven test presents 12 problems that do not rely on 

knowledge or verbal skills. Each item features a 3×3 matrix of abstract figures with one figure 

missing. Subjects must identify the missing figure from a selection of eight possible solutions. This 

task demands pattern recognition across rows and columns. The problems become more difficult 

throughout the 12 items. Before beginning the test, participants are asked to solve two practice 

items to confirm their understanding of the test.  

 

3. Data 

In June and July 2023, we recruited students to a lab on the campus of a university in China1. Using 

a student sample in the field of experimental economics is a common practice. Studies have found 

that the behavior of students closely mirrors that of non-students in non-hypothetical DCE 

questions (Depositario et al., 2009) and in a battery of behavioral attributes (Snowberg and Yariv, 

2021). Eligibility criteria included being at least 18 years old and having either consumed beef 

jerky in the past three months or being willing to do so. In Real, each respondent is asked for and 

consents to make actual purchases. After participants completed the discrete choice experiments 

and questionnaires offline in a laboratory setting, they received a payment of 25 RMB (1 

USD=7.09 RMB at the time of the data collection), regardless of group. We collected a total of 

488 completed responses, which were randomly assigned into one of the five treatments (Real, 

Both_text, V_cheap, V_instruc, and Both_video). The distribution of participants across treatment 

is reported in Appendix Table C1. In determining our sample size, we followed sample size 

requirements for DCE from Lancsar and Louviere (2008) and de Bekker-Grob et al. (2015), as 

well as insights from recent studies using a between-subject design like Xie et al. (2022). While 
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63 participants per group would have sufficed, we chose approximately 90 to ensure robustness in 

our analysis.  

Table 1 provides summary statistics of socio-demographic, beef jerky consumption and 

cognitive ability variables of the participants. Across all groups, the female proportion averaged 

between 67.3% and 72.3%. Participants' ages averaged around 22 years, primarily consisting of 

undergraduate students pursuing diverse majors. An average respondent purchased meat jerky less 

than weekly, spending between 50-100 RMB per purchase. Flavor preferences were evenly split, 

with half favoring original flavor and half preferring spicy jerky. In terms of cognitive ability, the 

average individual solved 9 cognitive exercises correctly, with the mode being 10. The mean 

accuracy rate of the Raven test is 75%, consistent with findings from prior studies on Chinese 

college students (Zhu et al., 2017). Besides, the randomization of blocks within each group works 

well. On average, approximately 51% of the sample belongs to Block 1. Importantly, chi-squared 

tests suggest that all the variables in Table 1 are balanced across treatments, and joint orthogonality 

tests (McKenzie, 2015) show that all variables are jointly orthogonal concerning treatments.  

 

4. WTP between treatment 

We design a choice experiment survey to assess preferences regarding beef jerky products and 

estimate marginal utilities. In each choice scenario, respondents have the opportunity to select one 

of three options: the status quo and two beef jerky products. Following Random Utility Theory, 

Train and Weeks (2005) and Scarpa et al. (2008), the utility of individual 𝑖𝑖 choosing an alternative 

𝑗𝑗 in choice scenario 𝑡𝑡 in the willingness to pay space:  

 

𝑈𝑈𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜎𝜎𝑖𝑖′(−𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜷𝜷𝒊𝒊′ 𝑿𝑿𝒊𝒊𝒊𝒊𝒊𝒊) + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖    (1) 
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where𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 is the price presented to individual 𝑖𝑖 for alternative 𝑗𝑗 in choice scenario 𝑡𝑡, 𝑿𝑿𝒊𝒊𝒊𝒊𝒊𝒊  

denotes the non-price product attribute vector (carbon label, plant-based beef, spicy flavor), 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 is 

an i.i.d. extreme value type one error term with individual-specific scale 𝜎𝜎𝑖𝑖 . 𝜷𝜷𝒊𝒊′ = 𝒃𝒃𝒊𝒊′ 𝛼𝛼⁄   is the 

vector of marginal WTPs for beef jerky attributes, for example, the marginal WTP for plant-based 

beef jerky relative to the conventional beef jerky (for simplicity, we refer marginal WTP as WTP)). 

𝜎𝜎𝑖𝑖′ = 𝜎𝜎𝑖𝑖𝛼𝛼 is the scale parameter which also represents the price coefficient (Scarpa et al., 2008). 

We consider random parameter specifications that account for preference heterogeneity and 

specify normal distributions for the non-price attribute parameters, 𝜷𝜷𝒊𝒊′ , and a log-normal 

distribution for 𝜎𝜎𝑖𝑖′ . In particular, 𝜎𝜎𝑖𝑖′ = 𝑒𝑒𝑒𝑒𝑒𝑒[𝜎𝜎� + 𝜏𝜏𝑤𝑤𝑖𝑖] , where 𝑤𝑤𝑖𝑖  follows a standard normal 

distribution. 𝜏𝜏, 𝜎𝜎�, 𝜷𝜷𝒊𝒊′ are coefficients to be estimated.  

Table 2 presents the mixed logit model estimation results in WTP space for each of the five 

treatments. Looking at the first two columns of Table 2 which provides the WTP outcomes of the 

Real treatment, not surprisingly, we find that the WTPs in Real produce the smallest values in all 

treatments, implying that subjects in the four hypothetical experiments tend to overstate their 

valuations. In particular, in Real, the average valuation of plant-based beef jerky is 5 RMB per 50 

grams lower than that of traditional beef jerky products. The mean WTP of low-carbon labeled 

beef jerky is approximately 1.3 RMB per 50 grams, meaning that participants are willing to pay a 

modest price premium for low-carbon products. Neither the preference for spicy flavor nor original 

flavor is pronounced in Real, with 48% of the participants favoring original beef. The remaining 

columns in this table report WTP estimates from treatments involving hypothetical DCEs. Relative 

to traditional beef jerky, the mean valuation of plant-based beef jerky is reduced by 7.6 RMB, 7 

RMB, 6.8 RMB, and 5.7 RMB per 50grams in Both_text, V_cheap, V_instruc and Both_video, 
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respectively. Conversely, the mean WTP for low-carbon labeled beef jerky increases by around 2 

RMB per 50 grams in these four treatments, compared to unlabeled beef products. Similar to Real, 

the average WTP for spicy flavor is statistically indifferent from zero in the four treatments.  

 

5. WTP in the pooled sample 

Despite some suggestive evidence in the previous section that video treatment reduces hypothetical 

bias, in this analysis we generate dummy variables to indicate the treatment group and adopt a 

pooled sample approach to account for more precise differences in WTP between treatments. The 

utility in WTP space:  

 

𝑈𝑈𝑖𝑖𝑖𝑖𝑖𝑖 = −𝜎𝜎𝑖𝑖′𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖+ 𝜎𝜎𝑖𝑖′𝑿𝑿𝒊𝒊𝒊𝒊𝒊𝒊
′(𝜷𝜷𝒊𝒊𝒊𝒊 + 𝜷𝜷𝒊𝒊𝒊𝒊𝐵𝐵𝐵𝐵𝐵𝐵ℎ𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝜷𝜷𝒊𝒊𝒊𝒊𝑉𝑉𝑐𝑐ℎ𝑒𝑒𝑒𝑒𝑒𝑒 + 𝜷𝜷𝒊𝒊𝒊𝒊𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜷𝜷𝒊𝒊𝒊𝒊𝐵𝐵𝐵𝐵𝐵𝐵ℎ_𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣) +

𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖                                                                                                  (2) 

 

where Both_text, V_cheap, V_instruc, and Both_video are dummy variables and equal to 1 

if individual 𝑖𝑖 belongs to the corresponding group, and zero otherwise. 𝜷𝜷𝒊𝒊𝒊𝒊 are the willingness to 

pay value in Real, which serves as the reference group in Equation (2). 𝜷𝜷𝒊𝒊𝒊𝒊,… 𝜷𝜷𝒊𝒊𝒊𝒊 capture the 

differences in willingness to pay between Real and a hypothetical treatment (Both_text, V_cheap, 

V_instruc, and Both_video, respectively), namely hypothetical bias.  

Table 3 reports the mixed logit estimation result of Equation (2), where Model 1 lets the 

difference in WTP between Real and other groups be fixed. First, the WTP values of Real in the 

model are close to those in Table 2, suggesting the robustness of our results. Second, looking at 

Model 1, we find that in general, the extent of hypothetical bias for plant-based and low-carbon 

labeled beef is most evident, while there is little difference in the WTP for spicy beef between Real 
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and any hypothetical treatment. On average, individuals in Both_text tend to exaggerate their 

valuation, overstating by approximately 2.7 RMB for plant-based beef jerky, 1 RMB for low 

carbon beef jerky. Moreover, the extent of hypothetical bias varies across treatment and product 

attributes. In terms of plant-based beef, Both_text exhibits strongest hypothetical bias, followed 

by V_cheap and V_instruc, while the value of Both_video is indifferent from that of Real. 

Regarding the WTP for carbon labeled beef, Both_text, V_cheap and V_instruc show similar 

degrees of hypothetical bias. Relative to Real, participants of Both_text are willing to pay an 

additional amount of 1 RMB per 50 grams for low-carbon beef products (0.75 RMB in V_cheap, 

1 RMB in V_instruc). Last, for all the three WTP values, there exists insignificant difference 

between Real and Both_video. 

To explicitly assess the treatment effects of video displays, we compare the WTPs across the 

four hypothetical treatments following Poe et al. (2005) and Lim and Hu (2022). While WTPs for 

plant-based and carbon labeled beef jerkey are overstated in the Both_text, V_cheap, and V_intruc, 

as indicated by the significant interaction terms in Table 3, the overstatement is less pronounced 

in treatments involving video displays compared to text-based information (Both_text) 

(Hypotheses 1-3 in Appendix D). Besides, our analysis does not yield statistical evidence to reject 

the null hypotheses of equal WTP between V_cheap and V_instruc (Hypothesis 4). But hypothesis 

testing indicates significantly lower WTPs for plant-based and spicy beef products in Both_video 

compared to V_cheap or V_instruc. Thus, the treatment effect of Both_video in mitigating 

hypothetical bias is the most pronounced, followed by V_cheap and V_instruc with a weaker effect. 

Besides, we calculate the degree of hypothetical bias for plant-based label and carbon label 

across treatments (Appendix Table E1). The video treatments reduce hypothetical bias the two 

product attributes more effectively, compared to the Both_text treatment, consistent with the above 
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results. Hypothetical bias is greater for the carbon label than for the plant-based label across all 

hypothetical treatments. The plant-based label, which provides a private benefit,  shows a more 

significant reduction in hypothetical bias across treatments, with the decrease from 1.505 in 

Both_text to 1.133 in Both_video. In contrast, the carbon label, which provides a public benefit , 

exhibits less variation in hypothetical bias, with values ranging from 1.570 to 1.707 across 

treatments. This suggests that our video treatment effects are more pronounced for private 

valuations than for public benefits. 

Last, we conduct two robustness checks to guard our results. Model 2 of Table 3 enables the 

WTP difference between Real and hypothetical treatments to be random and normally distributed. 

Results from Model 2 are largely consistent with those obtained from Model 1, where WTP 

differences are assumed to be fixed, with some exceptions. For example, the coefficient of Carbon 

× V_instruc in Model 1 is 1.007. In Model 2, this coefficient has a mean of 1.056 and a standard 

deviation of 1.267, and the probability of it being smaller than 0 is 0.2. This indicates that while 

V_instruc generally exhibits upward hypothetical bias, there is also a chance of encountering 

downward hypothetical bias, reflecting some variability in the treatment's impact.  

Additionally, we estimate a generalized multinomial logit model by Fiebig et al. (2010) which 

accommodates scale heterogeneity. Capturing the treatment’s impacts on the variance of the scale 

parameter serves a dual purpose, it helps disentangle the effects of the scale parameter and the 

treatment (Lim and Hu, 2021). On the other hand, since a larger scale parameter implies that 

choices are less stochastic or more deterministic, the specification enables us to investigate 

whether video displays affect individual choice errors. Arentze et al. (2003) found no impact of 

image presentations on the scale factor while Matthews et al. (2017) observed reduced choice 

variability within the virtual reality treatment. Our study adds to the limited literature on the effects 
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of display formats on scale factors. Table 4 provides the GMNL model estimation results using the 

pooled sample. All the treatment coefficients, 𝜃𝜃′, are statistically insignificant, indicating that any 

differences between hypothetical treatments and Real are attributed to the difference in individual 

preferences, instead of the scale2.  

 

6. Heterogeneity across subject’s cognitive ability 

In this section, we explore the mechanism through which video information mitigates hypothetical 

bias in two ways. First, we examine both the subjective and objective understanding of 

hypothetical bias and DCE product attributes across treatments, as outlined in Table 5. We 

anticipate that a diminished cognitive burden in treatments incorporating video displays would 

enhance information processing (Khaw et al., 202l; Ball et al., 2023). Results from Table 5 suggest 

that there exists little difference in self-reported understanding regarding hypothetical bias or DCE 

product attributes between treatments. However, in the assessment of hypothetical bias definition, 

individuals in V_cheap and Both_video demonstrate higher correct responses compared to 

Both_text. Specifically, the correct understanding of hypothetical bias is observed in nearly 95% 

of participants in Both_text, while the correct rate is 99% in V_cheap and Both_video. Shifting 

the focus to the definition of low carbon labeling, 90% of participants in Both_text exhibit a correct 

understanding of the label, a proportion significantly lower than that in V_instruc (97%) and 

Both_video (100%). These findings highlight that, in comparison to Both_text, hypothetical 

treatments with video displays enhance individual understanding of cheap talk scripts and product 

attributes, which would contribute to the mitigation of hypothetical bias.  

Additionally, we investigate heterogeneity in results across individuals with low versus high 

cognitive ability in Table 6. Individuals are categorized into two groups based on their Raven test 
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scores, with those scoring above the sample median being the high cognitive ability subsample. 

Those scoring above the sample median constitute the high cognitive ability subsample 

(Above_Raven=1), while others are in the low cognitive ability subsample (Above_Raven=0). We 

introduce interaction terms by multiplying the variable, Above_Raven, with each of the four 

hypothetical treatment dummies. Subsequently, we conduct a regression analysis where the four 

interaction terms and four hypothetical treatment dummies are regressed on conditional mean 

WTPs (or individual-specific mean WTP conditional on observed choices (Hess and Rose, 2007), 

from Table 2) for low-carbon beef jerky and plant-based beef jerky, whose results are in columns 

(1) and (2) of Table 6, respectively. First, the coefficients of the hypothetical treatment dummies 

in Table 6 indicate that the difference between Real and each of the hypothetical treatments. 

Importantly, the coefficients associated with the four interaction terms, with statistical significance 

of at least 10%, suggest low cognitive ability subsample is more responsive to video displays. For 

the WTP for low-carbon beef jerky, the interaction term coefficients between Above_Raven and 

each of Both_text, V_cheap, V_instruc, and Both_video are -0.858, -0.249, -0.321, and -0.232, 

respectively. Similarly, for the valuation of plant-based beef jerky, the coefficients for 

Both_text×Above_Raven, V_cheap×Above_Raven, V_instruc×Above_Raven, and 

Both_video×Above_Raven are 1.093, 0.660, 0.841, and 0.324, respectively. Across the four 

treatments incorporating hypothetical DCEs, the treatment effects are smaller among high-

cognitive individuals, implying that text information is sufficient for high-cognitive individuals. 

This implies that limited cognitive ability may be a source of hypothetical bias in DCEs.  

 

7. Discussions and Conclusions 
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In light of the challenge of creating incentive-compatible valuation tasks and the necessity of 

employing stated preference methods in certain scenarios, an expanding body of research has 

explored measures to reduce hypothetical bias. The prior literature emphasizes ex-ante information, 

delivered before stated preference questions, which could reduce hypothetical bias. This study 

explores whether diffusing messages through video or text effectively mitigates hypothetical bias. 

This study examines the impacts of presentation formats on mitigating hypothetical bias in 

stated preference methods. Using discrete choice experiments on beef jerky products, we focus on 

two pre-choice task information components: a cheap talk script and the explanation of products. 

Cheap talk is a mainstay technique among stated preference practitioners to reduce hypothetical 

bias, while the explanation of products is typically presented to improve individuals’ understanding, 

resembling real-life scenarios. Our between-subject design includes one non-hypothetical DCE 

group and four hypothetical DCE groups varying in the presentation format of the cheap talk script 

and the explanation, using text or video format. Findings reveal the presence of hypothetical bias 

across products and hypothetical DCE groups, with varying degrees of bias. Illustrating with 

Both_text, the conventional practice of hypothetical DCE in the literature, the mean WTPs of 

plant-based beef jerky are -7.573 RMB per 50 grams, respectively. This represents 1.5 times the 

values observed in Real, consistent with the results of Penn and Hu (2018). They conducted an 

extensive meta-analysis that included 131 studies and showed that the mean (median) ratio of 

hypothetical WTP to real WTP in the dataset is 2.29 (1.39).  

The value of information hinges on its communication mode, be it through video or text. 

While the information content remains unchanged across hypothetical DCE groups, those 

incorporating video displays of ex-ante information designed to mitigate hypothetical bias achieve 

the intended goal more successfully. Compared to Both_text, the remaining three hypothetical 
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DCE groups, each incorporating at least one video display, produce WTP values more closely 

aligned with those in Real. Notably, Both_video exhibits the smallest extent of hypothetical bias, 

whereas V_cheap and V_instruc show comparable levels. This parallels findings that relative to 

text-based choice tasks, framing the tasks with visual reality or video affects WTP estimates 

(Bateman et al., 2009; Matthews et al., 2017; Mokas et al., 2021) and reduces hypothetical bias 

(Fang et al., 2019). Some have compared the impacts of pictorial versus text choice tasks on choice 

consistency and found mixed results (Townsend and Kahn, 2014; Uggeldahl et al., 2016; Shr et al., 

2019). There has been limited discussion in the literature of how hypothetical bias is influenced 

by communication mode, although hypothetical bias presents a measure that directly challenges 

the validity of stated preference methods. We contribute to the literature by being the first to 

examine the effective communication mode of pre-choice task information for hypothetical bias 

mitigation.  

In an attempt to understand possible reasons underlying the effect of information videos, we 

investigate individuals’ objective and subjective understanding of hypothetical bias and product 

attributes after the presentation of corresponding information. There is evidence that video displays 

enhance subjects’ objective understanding, attributable to the argument that visualization 

techniques can reduce respondents’ cognitive load and improve the evaluation and interpretation 

of complex information (Mokas et al., 2021; Penn and Hu, 2021). Second, we find that the 

treatment effect of information videos is attribute-specific. Information video reduces hypothetical 

bias in WTP for plant-based beef jerky most, followed by the WTP for and carbon labeled beef 

jerky. However, the valuation of spicy beef is similar in all groups. Relative to plant-based and 

carbon labels, taste (original or spicy) is a familiar attribute to respondents which may suffer less 

from hypothetical bias. Besides, in examining whether individuals with high and low cognitive 
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abilities respond differently to information videos, we find that the high cognitive ability 

subsample exhibits lower hypothetical bias in Both_text. This aligns with the study by DeShazo 

and Fermo (2002) and Dohmen et al. (2010) that individuals with lower cognitive abilities tend to 

be more impatient and prone to choice randomness. However, the disparity in the degree of 

hypothetical bias between the high and low cognitive ability subsamples tends to diminish in the 

remaining three hypothetical DCE groups, notably in Both_video. In other words, the impact of 

information videos on reducing hypothetical bias is more consistent across individuals with 

different cognitive abilities. This implies that videos mitigate the biases induced by individual 

differences in cognitive ability, leading to the narrowing gap in hypothetical bias between those 

with high and low cognitive capacities. Our results highlight the role of cognitive capabilities in 

designing and implementing measures to mitigate hypothetical bias. 

Meta-analyses on hypothetical bias consistently indicate greater hypothetical bias when 

public goods are valued, with others being equal (List and Gallet, 2001; Murphy et al., 2005; Penn 

and Hu, 2018). In our DCE design, although individuals are evaluating a private good (beef jerky), 

the attributes being evaluated differ in their alignment with public versus private benefits. 

Specifically, the carbon label reflects characteristics typically associated with public goods, given 

its implications for collective environmental benefits, while the plant-based label is more akin to 

a private good. Following the approach outlined in previous meta-analyses, we calculate the degree 

of hypothetical bias. Table R1 indicates that the hypothetical bias is greater for the carbon label 

than for the plant-based label across all hypothetical treatments, consistent with the findings of 

these meta-analyses. Several factors could contribute to the difference in hypothetical bias when 

valuing public versus private goods. First, familiarity and experience. Most subjects are more 

comfortable valuing goods they commonly purchase, so they may make less errors in valuing these 
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types of goods than valuing public goods, which they may have little valuation experience (List 

and Gallet, 2001). This is evidenced by a study showing that people misperceive the costs of 

providing public goods in stated preference questions (Lang et al., 2022). Second, social 

desirability bias. When valuing public goods, respondents might feel societal pressure to provide 

responses that align with what is perceived as "socially responsible" or "environmentally friendly," 

which can inflate their WTP for public goods (Entem et al., 2022). This is less likely to occur for 

private goods, where the decision is more individualistic. These may explain why a higher degree 

of hypothetical bias is observed when valuing public goods compared to private goods. 

Furthermore, we show that video treatments reduce hypothetical bias for the two product attributes 

more effectively, compared to the Both_text treatment. Table 5 of this submission explains these 

treatment effects. Table 5 suggests that the video-based cheap talk script improves respondent’s 

objective understanding about hypothetical bias relative to Both_text, making them more aware of 

the potential discrepancy between hypothetical and real choices. Similarly, the video-based 

product explanation enhances their knowledge about the carbon label by providing a clearer, more 

vivid presentation of the carbon label, increasing respondent’s familiarity and comprehension.  

 Finally, it is noted that the plant-based label, providing a private benefit, shows a more 

significant reduction in hypothetical bias across treatments, suggesting that our treatment effects 

are more pronounced for private valuations, different from some meta-analyses indicating that 

cheap talk script is more effective for public goods (Penn and Hu, 2019). Considering the context 

of our study, further research is needed to explore this issue more comprehensively. We note that 

information videos are not limited to laboratory environments. Since we focus on pre-choice task 

information, i.e. the cheap talk script and product explanation, our measures would open up the 

opportunity to mainstream the application of information videos in stated preference methods for 
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hypothetical bias reduction. While our study keeps the DCE design constant across groups, future 

research could test our findings by exploring different products, choice experimental designs, and 

sample populations.
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Tables 

Table 1. Socio-demographics, beef jerky consumption and cognitive ability across treatment 

Variable Definition Real Both_text V_cheap V_instruc Both_video p-value 

Socio-demographics   

Female =1, female; =0, otherwise 0.703 0.673 0.723 0.703 0.702 0.243 

  (0.491) (0.471) (0.449) (0.451) (0.454)  

Age Year 22.068 21.832 21.610 21.593 22.074 0.524 

  (2.142) (2.191) (2.055) (1.997) (2.774)  

Grade 

=1, freshman/sophomore; 

=2, junior/senior; =3, 

graduate 

2.017 1.981 1.895 1.855 1.923 0.549 

  (0.791) (0.801) (0.784) (0.776) (0.834)  

Major 

=1, humannities; =2, social 

sciences; =3, natural 

sciences; =4, engineering; 

=5, medicine; =6, others 

3.336 3.664 3.333 3.441 3.463 0.361 
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  (1.497) (1.473) (1.645) (1.692) (1.649)  

Monthly 

expenditure 

(RMB) 

=1, below 1000; =2, 1000-

1999; =3, 2000-2999; =4, 

3000-3999; =5, 4000-

4999; =6, above 5000 

2.552 2.561 2.457 2.602 2.620 0.442 

  (0.837) (0.803) (0.679) (0.775) (0.924)  

Monthly food 

expenditure 

(RMB) 

=1, below 500; =2, 500-

999; =3, 1000-1499; =4, 

1400-1999; =5, 2000-

2499; =6, 2500-2999; =7 

above 3000 

2.965 2.878 2.819 2.983 3.064 0.837 

  (0.833) (0.908) (0.841) (0.877) (1.025)  

Residence =1, urban; =0, rural 0.741 0.766 0.790 0.762 0.722 0.410 

  (0.440) (0.425) (0.409) (0.384) (0.445)  

Hunger status 
=1, extremely hungry;…  

=5, not hungry at all 
3.267 3.364 3.305 3.254 3.324 0.826 
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  (0.838) (0.732) (0.785) (0.753) (0.747)  

Meat jerky purchasing habit      

Average 

purchasing 

frequency 

=1, everryday; =2, 3-4 

times per week; =3,1-2 

times per week; =4, less 

than weekly  

3.327 3.187 3.314 3.389 3.389 0.689 

  (0.778) (0.848) (0.788) (0.806) (0.771)  

Average 

expenditure 

per purchase 

(RMB) 

=1, below 50; =2, 50-100; 

=3, 101-150;  

=4, above 150 

1.155 1.290 1.333 1.263 1.204 0.179 

  (0.386) (0.583) (0.531) (0.530) (0.427)  

Preferred 

taste 

=1, original; =2, spicy;  

=3, others 
1.466 1.607 1.571 1.508 1.537 0.308 

  (0.566) (0.527) (0.586) (0.535) (0.537)  

Raven test score      
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0 to 12 8.931 8.813 9.019 9.211 9.056 0.926 

    (2.166) (2.295) (2.472) (2.164) (2.531)   

Notes: standard deviations are in parentheses. The Raven test is borrowed from the measurement by Bartling and Netzer 

(2016), and higher Raven test scores indicates higher cognitive ability. P-values are generated by chi-squared tests 

examining equality across treatments. We also conducted joint orthogonality tests which suggests all variables are jointly 

orthogonal with the respect to the treatments (F-statistics=0.608, p-value=0.652). 
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Table 2. Mixed logit models in WTP space 

  Real   Both_text   V_cheap   V_instruc   Both_video   

  
Coefficient 

Z-

value 
Coefficient 

Z-

value 
Coefficient 

Z-

value 
Coefficient 

Z-

value 
Coefficient 

Z-

value 

Means           

Opt-out -18.355*** -37.57 -19.239*** -26.60 -18.457*** -28.78 -18.023*** -31.71 -15.425*** -25.34 

Plant-based -5.031*** -8.42 -7.573*** -9.45 -6.944*** -8.55 -6.775*** -10.94 -5.699*** -7.24 

Carbon 1.280*** 2.81 2.185*** 3.91 2.044*** 4.57 2.079*** 5.09 2.009*** 3.78 

Spicy 0.174 0.30 -0.474 -0.58 -1.197 -1.54 -1.486 -1.07 -0.183 -0.18 

𝜎𝜎� -0.949*** -11.62 -1.312*** -12.07 -1.135*** -11.58 -1.147*** -11.56 -1.121*** -9.17 

Standard Deviations         

Opt-out 5.107*** 91.5 5.461*** 9.37 5.399*** 13.05 5.265*** 9.28 5.968*** 8.76 

Plant-based 4.029*** 7.23 4.225*** 4.91 4.595*** 5.34 3.247*** 4.81 3.963*** 5.47 

Carbon 0.580 1.41 0.955** 2.43 1.569*** 6.12 1.361 1.57 2.393*** 3.33 

Spicy 3.819*** 7.62 4.965*** 5.59 4.943*** 11.31 4.290*** 4.03 6.983*** 5.61 

𝜏𝜏 0.528*** 3.93 0.498* 1.82 0.181 0.77 0.205 0.71 0.417** 2.32 
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Model 

statistics 
          

Observations 1488  1648  1488  1616  1568  

Log-likelihood -635.774   -660.462   -573.212   -603.791   -610.586   

Notes: Observation denotes the number of choices scenarios for all respondents, with standard errors clustered at the respondent level.  

***, **, *indicate significance levels at 0.01, 0.05, and 0.10. 𝜎𝜎� and 𝜏𝜏 are the mean and standard deviation of the lognormally distributed 

scale parameter, 𝜎𝜎𝑖𝑖′ = 𝑒𝑒𝑒𝑒𝑒𝑒[𝜎𝜎� + 𝜏𝜏𝑤𝑤𝑖𝑖], in equation (2).  
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Table 3. Mixed logit model in WTP space, a pooled sample 

 Model 1 Model 2 

 
Coefficien

t 
Z-value 

Coefficien

t 
Z-value 

Means     

Opt-out -16.732*** -37.57 -17.152*** -43.39 

Opt-out × Both_text -1.434*** -2.65 -1.180 -1.45 

Opt-out × V_cheap 1.311** 1.96 0.509 0.68 

Opt-out × V_instruc -0.182 -0.27 -0.172 -0.39 

Opt-out × Both_video 1.666** 2.44 1.004 1.31 

Plant-based -5.102*** -8.38 -5.241*** -8.58 

Plant-based × Both_text -2.711*** -3.19 -2.815*** -3.70 

Plant-based × V_cheap -2.040** -2.31 -2.016*** -2.82 

Plant-based × V_instruc -2.076*** -2.79 -2.010*** -3.44 

Plant-based × Both_video -1.064 -1.18 -1.097 -1.38 

Carbon 1.275*** 2.83 1.521*** 3.70 

Carbon × Both_text 0.992*** 2.64 0.668** 2.21 

Carbon × V_cheap 0.754*** 2.82 0.712*** 3.15 

Carbon × V_instruc 1.007** 2.17 1.056*** 3.12 

Carbon × Both_video 0.873 1.24 0.788 1.37 

Spicy 0.242 0.30 -0.562 -1.10 

Spicy × Both_text 0.219 0.822 0.522 0.62 

Spicy × V_cheap -1.039 -1.04 -1.546 -1.77 
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Spicy × V_instruc -0.864 -0.90 -0.534 -0.62 

Spicy × Both_video 0.426 0.42 -0.009 -0.21 

𝜎𝜎� -0.966*** -11.74 -0.919*** -14.76 

Standard Deviations   

Opt-out 5.410*** 91.50 5.216*** 89.42 

Opt-out × Both_text   4.625*** 6.51 

Opt-out × V_cheap   3.904*** 6.00 

Opt-out × V_instruc   4.622*** 8.49 

Opt-out × Both_video   5.248*** 7.62 

Plant-based 4.123*** 7.23 4.216*** 17.14 

Plant-based × Both_text   0.550 0.691 

Plant-based × V_cheap   2.045 1.52 

Plant-based × V_instruc   1.968** 2.04 

Plant-based × Both_video   0.922*** 2.02 

Carbon 0.370 1.53 1.656*** 5.15 

Carbon × Both_text   0.288 0.27 

Carbon × V_cheap   1.127** 2.23 

Carbon × V_instruc   1.267*** 2.99 

Carbon × Both_video   0.196 0.24 

Spicy 3.219*** 7.26 4.15*** 8.40 

Spicy × Both_text   1.233*** 2.82 

Spicy × V_cheap   1.148*** 3.59 

Spicy × V_instruc   1.201** 2.49 

by
 g

ue
st

 o
n 

D
ec

em
be

r 
7,

 2
02

5.
 C

op
yr

ig
ht

 2
02

5
D

ow
nl

oa
de

d 
fr

om
 



 Page | 45 

Spicy × Both_video   0.704*** 7.38 

𝜏𝜏 0.503*** 3.91 0.656*** 8.11 

Model statistics     

Number of Parameters 26  42  

Observations 7808  7808  

Log-likelihood -3069.745  -2971.733  

Notes: Observation denotes the number of choices scenarios for all respondents, with standard 

errors clustered at the respondent level.  ***, **, *indicate significance levels at 0.01, 0.05, and 0.10. 

𝜎𝜎� and 𝜏𝜏 are the mean and standard deviation of the lognormally distributed scale parameter, 𝜎𝜎𝑖𝑖′ =

𝑒𝑒𝑒𝑒𝑒𝑒[𝜎𝜎� + 𝜏𝜏𝑤𝑤𝑖𝑖], in equation (2).  
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Table 4. Conditional logit model in preference space, a pooled sample 

 Model 1 Model 2 

 Coefficient Z-value Coefficient 
Z-

value 

Opt-out -4.273*** -17.63 -4.289*** -17.26 

Opt-out × Both_text 0.990*** 2.88 0.981*** 2.76 

Opt-out × V_cheap 0.655* 1.83 0.671* 1.81 

Opt-out × V_instruc 0.492 1.40 0.524 1.45 

Opt-out × Both_video 0.821** 2.28 0.855** 2.31 

Price  -0.214*** -17.05 -0.195*** -16.75 

Price × Both_text 0.066*** 3.32 0.069*** 3.31 

Price × V_cheap 0.025** 2.57 0.024** 2.48 

Price × V_instruc 0.032* 1.66 0.033* 1.70 

Price × Both_video 0.021 1.47 0.022 1.01 

Plant-based -0.938*** -9.30 -0.941*** -9.26 

Plant-based × Both_text -0.443** -2.31 -0.451** -2.34 

Plant-based × V_cheap -0.412*** -2.63 -0.418*** -2.75 

Plant-based × V_instruc -0.427*** -2.78 -0.426*** -2.98 

Plant-based × Both_video -0.232 -1.45 -0.238 -0.99 

Carbon 0.295*** 3.07 0.296*** 3.07 

Carbon × Both_text 0.212*** 3.03 0.230*** 3.00 

Carbon × V_cheap 0.185** 2.42 0.200** 2.39 
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Carbon × V_instruc 0.221** 2.23 0.229** 2.24 

Carbon × Both_video 0.117 0.79 0.122 0.81 

Spicy -0.033 -0.34 -0.033 -0.35 

Spicy × Both_text 0.092 0.67 0.091 0.92 

Spicy × V_cheap -0.233 -1.57 0.236 0.93 

Spicy × V_instruc -0.194 -1.37 -0.195 -0.96 

Spicy × Both_video 0.112 0.79 0.121 0.91 

Scale Heterogeneity     

Both_text   -0.116 0.92 

V_cheap   -0.110 1.21 

V_instruc   -0.097 1.43 

Both_video   -0.098 0.96 

𝜏𝜏   1.628*** 4.19 

𝛾𝛾   1.171** 2.45 

Model statistics     

Number of Parameters 25  31  

Observations 7808  7808  

Log-likelihood -3327.338  -3326.060  

Notes: Observation denotes the number of choices scenarios for all respondents, 

with standard errors clustered at the respondent level. ***, **, *indicate 

significance levels at 0.01, 0.05, and 0.10. In the estimation, we permit 𝛾𝛾 to take 

any value, in line with Keane and Wasi (2013) who point out that there is no 
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reason to restrict 𝛾𝛾 between 0 and 1, and γ < 0 or γ > 1 still permits sensible 

behavioral interpretations.  
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Table 5. Understanding about cheap talk and DCE attributes across 

treatment 

Variable Definition Real Both_text V_cheap V_instruc Both_video 

Subjective 

understanding of 

hypothetical bias 

=1, useless;... 

=5, extremely 

useful 

N.A. 4.000 4.129* 4.059 4.157* 

  N.A. (0.728) (0.679) (0.822) (0.740) 

Objective 

understanding of 

hypothetical bias 

=1, correct; 

 =0, otherwise 
N.A. 0.951 0.989** 0.970 0.988* 

  N.A. (0.216) (0.104) (0.171) (0.110) 

Subjective 

understanding of 

DCE product 

attributes 

=1, useless;... 

=5, extremely 

useful 

4.198 4.258 4.265 4.314 4.330 

  (0.800) (0.706) (0.717) (0.467) (0.549) 

Objective 

understanding of 

DCE product 

attributes 

=1, correct; 

 =0, otherwise 
0.925 0.901 0.952 0.971** 1.000*** 

    (0.265) (0.300) (0.215) (0.169) (0.000) 

Notes: the analysis is conducted at the individual level. Standard deviations are in parentheses. 

N.A. stands for not applicable. Subjective understanding of hypothetical bias is evaluated using 
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the question “To what extent do you believe the explanation of hypothetical bias improves your 

understanding of hypothetical bias?”. We use a similar approach to obtain a subjective 

understanding of DCE attributes. We assess an objective understanding of hypothetical bias with 

the question: “In a hypothetical purchasing environment, respondents' willingness to pay is often 

___ their willingness to pay in actual purchases”,' with the correct response being 'lower than'. 

We evaluate an objective understanding of DCE attributes through the question: “A product with 

the following carbon label has ___ carbon emissions than those without”, with the correct 

response being 'fewer'. All the understanding questions were presented to respondents 

immediately after providing explanations on hypothetical bias and DCE attributes, presented in 

either text or video formats. ***, **, * indicate significance levels at 0.01, 0.05, and 0.10. For all the 

variables, we refer to Both_text as the reference group and compare it with each of the remaining 

treatments.  
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Table 6. Heterogenous treatment effects by cognitive ability 

 Carbon Plant-based 

Both_text 1.062*** -2.644*** 

 (0.297) (0.576) 

V_cheap 0.898*** -2.002*** 

 (0.237) (0.575) 

V_instruc 0.793*** -1.965*** 

 (0.263) (0.422) 

Both_video 0.804** -0.670 

 (0.359) (0.617) 

Both_text×Above_Raven -0.858** 1.093* 

 (0.356) (0.625) 

V_cheap×Above_ Raven -0.249** 0.660*** 

 (0.117) (0.222) 

V_instruc×Above_ Raven -0.321* 0.841** 

 (0.189) (0.397) 

Both_video×Above_ 

Raven 
-0.232** 0.324* 

 (0.103) (0.187) 

Constant 1.267*** -5.176*** 

 (0.165) (0.301) 

R2 0.21 0.15 

Observations 473 473 
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Notes: Observation denotes the number of respondents. The dependent variable in the first column 

is individual conditional WTP for beef jerky with a low carbon certification, and the variable in 

the second column is individual conditional WTP for plant-based beef jerky (RMB per 50 grams). 

Conditional WTP refers to individual-specific mean WTP conditional on observed choices. 

Standard errors are in parentheses. ***, **, and *indicate significance levels at 0.01, 0.05, and 0.10, 

respectively. The coefficient of the constant term refers to the average individual conditional WTP 

of Real. Above_Raven is a dummy variable, equal one if a person’s Raven test score is above the 

median of the full sample, and zero otherwise.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

by
 g

ue
st

 o
n 

D
ec

em
be

r 
7,

 2
02

5.
 C

op
yr

ig
ht

 2
02

5
D

ow
nl

oa
de

d 
fr

om
 



 Page | 53 

 

Figure 1. Sample choice task 

 

Endnotes 

1 This study obtained ethical approval from the institutional review board and was pre-registered 

before data collection began (https://aspredicted.org/MLW_TLM). 

 

2 One reviewer kindly refers us to the paper by Train and Hess (2017) which discussed that the 

GMNL model could not disentangles preference heterogeneity from scale heterogeneity. We 

caution that this result needs to be interpreted with caution. 
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