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Abstract
The agriculture and food sectors contribute significantly to greenhouse gas emissions.
About 15 percent of food-related carbon emissions are channeled through restaurants.
Using a contingent valuation (CV) method with double-bounded dichotomous choice
(DBDC) questions, this article investigates U.S. consumers’ willingness to pay (WTP)
for an optional restaurant surcharge in support of carbon emission reduction programs.
The mean estimated WTP for a surcharge is 6.05 percent of an average restaurant
check, while the median WTP is 3.64 percent. Our results show that individuals have a
higher WTP when the surcharge is automatically added to restaurant checks. We also
find that an information nudge—a short climate change script—significantly increases
WTP. Additionally, our results demonstrate that there is heterogeneity in treatment effects
across consumers’ age, environmental awareness, and economic views. Our findings
suggest that a surcharge program could transfer a meaningful amount of the agricultural
carbon reduction burden to consumers that farmers currently shoulder.
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Introduction

Agriculture and food production contribute prominently to global warming, accounting
for one-third of human-caused greenhouse gas (GHG) emissions worldwide (Gilbert
2012). This portion is slightly lower in the United States (10–30 percent of the total
emissions) (Center for Sustainable Systems 2020; US EPA 2020). Given the challenges
of implementing a nationwide carbon tax policy or a cap-and-trade program in the
United States, private for-profit and nonprofit organizations have explored other ave-
nues for decreasing carbon emissions,1 for example, by targeting agricultural carbon

© The Author(s), 2021. Published by Cambridge University Press on behalf of the Northeastern Agricultural and Resource
Economics Association. This is an Open Access article, distributed under the terms of the Creative Commons Attribution
licence (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted re-use, distribution, and reproduction in
any medium, provided the original work is properly cited.

1One example is carbon offset programs. A number of studies have used stated preference (SP) methods
to evaluate the impact of these programs (Akter et al. 2009; MacKerron et al. 2009).
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emissions. Recently, a newly launched program called Restore California2 offers restau-
rants the opportunity to participate in lowering agriculture and food carbon emissions.
Restaurants can opt into this program and add an optional one-percent charge to every
customer bill. The money gathered goes to farmers who practice sustainable farming
that removes carbon from the atmosphere. In general, such programs provide farmers
the necessary financial support to reduce the environmental impact of the agricultural
sector and adapt their food production system to cope with environmental constraints
and climate change.

Evidence of individuals’ willingness-to-pay (WTP) for a carbon emission reduction
program similar to the one implemented by the Restore California program is impor-
tant, given that approximately 15 percent of food-related carbon emissions pass through
restaurants (Kling and Hough 2010). It also demonstrates the feasibility of leveraging
consumer contribution to provide non-negligible funds in support of sustainable farm-
ing and agricultural carbon reduction. Assuming that all restaurants had collected a 1
percent donation to offset food-related carbon emissions in 2019, and assuming that a
carbon offset price of US$100 per metric tonnes of carbon—equivalent to the high-end
price that the High-Level Commission on Carbon Prices (World Bank 2021) reports is
necessary by 2030 to achieve the temperature goal of the Paris Agreement—2019 res-
taurant sales in the US ($851 billion) could have generated about 85 million metric
tonnes of CO2 equivalent offsets (USDA-ERS 2020) or about 12.5 percent of annual
emissions from agriculture in the United States (EPA 2020). This total would approx-
imately double if a similar donation were also collected for food consumed at home
(USDA-ERS 2020). Our study aims to fill the existing literature gap in this area by
assessing the public’s WTP to fund programs to reduce agricultural carbon emissions.
Specifically, we measure people’s WTP to reduce carbon emissions through an optional
surcharge on their restaurant check. The results provide important insight where
governmental agencies and nongovernmental organizations seek agricultural carbon
emission mitigation by way of voluntary contribution.

Previous studies in behavioral economics have shown the importance of contextual and
social factors, also known as nudges, to individual decision-making (e.g., Kahneman 2003;
Leiser, Azar, and Hadar 2008; Kesternich, Reif, and Rübbelke 2017). The connection
and interaction between behavioral economics and environmental economics have
been extensively investigated (Croson and Treich 2014), with many studies exploring
how nudges alter individual behaviors contextually rather than cognitively (Gowdy
2008; Shogren, Parkhurst, and Banerjee 2010; Carlsson and Johansson-Stenman
2012; Croson and Treich 2014). Although there is robust evidence on the significant
effect of default settings3 in the applied economics literature (e.g., Thaler and
Sunstein 2009), only a few studies have investigated the impact of default bias on

2The Restore California Renewable restaurant program is part of the Perennial Farming Initiative, a non-
profit organization based in San Francisco aiming at assisting restaurants assess, reduce, and offset their
carbon footprint, and farmers to adopt sustainable farming and healthy soil-building practices, in partner-
ship with the California Department of Food and Agriculture (CDFA) and the California Air Resources
Board (CRB). The program offers restaurants statewide the option of charging diners an additional 1 per-
cent of their bill. The money gathered would go into the Healthy Soil Carbon Fund as a complement to the
existing Healthy Soils program in California, helping farmers transition to sustainable and renewable farm-
ing practices such as putting carbon back in the soil to lower agricultural carbon emissions.

3Defaults refer to options that are adopted when individuals do not actively engage in choice decisions. It
is impactful since individuals tend to accept a default setting as it is, even when significant consequences
may follow.
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individual environmentally related behavior like carbon offsetting program participa-
tion (Löfgren et al. 2012; Araña and León 2013), green utility choice (Pichert and
Katsikopoulos 2008), and food waste reduction (Kallbekken and Sælen 2013).

We contribute to the literature by testing how “defaults” influence individuals’ par-
ticipation in a voluntary restaurant surcharge program to reduce agricultural carbon
emissions. Specifically, a group of respondents is randomly selected and asked if they
would be willing to add the surcharge to the final bill amount. For the rest of the
respondents, the surcharge is automatically added, but they can choose to remove it.
Given the diversity in public opinion regarding the impact of carbon emissions and cli-
mate change, we test whether providing information on carbon emissions and climate
change during the survey affects respondents’ WTP.

Environmental issues are strongly correlated with individuals’ moral feelings, conse-
quently affecting their consumption behaviors. Given the tight connection between envi-
ronment, psychology, and behavior, a growing number of studies demonstrate that
consumers’ profiles, including their environmental attitude (e.g., Kotchen and Reiling
2000; Meyerhoff 2006), time preferences (e.g., De Marchi et al. 2016), and personalities
(e.g., Grebitus, Lusk, and Nayga 2013; Boyce, Czajkowski, and Hanley 2019), significantly
affect their environmental behaviors. Specifically, pro-environmental attitudes affect sus-
tainable food consumption (FAO 2016). We contribute to this strand of literature by ana-
lyzing heterogeneity in individuals’ WTP across different personal characteristics. In
particular, we measure respondents’ environmental preferences by the revised New
Environmental Paradigm (NEP) (Dunlap and Van Liere 2008), time preferences by the
Consideration of Future Consequences (CFC) scale (Strathman et al. 1994), and personal-
ity traits by the Midlife Development Inventory (MIDI) scale (Lachman andWeaver 1997).

The concept of climate change and the potential benefits and costs of GHG emission
reduction policies have been central to political debate in the past decade. Political party
affiliation has been found to significantly affect individuals’ WTP for climate change
policies (Kotchen, Boyle, and Leiserowitz 2013). We examine the influence of political
ideology on WTP.

This article contributes to several strands of the literature. First, to the best of our
knowledge, this is the first study assessing consumers’ WTP to support agricultural car-
bon reduction through an optional restaurant surcharge. Unlike previous studies that
mostly focused on how individual dietary changes can lower carbon emissions
(Weber and Scott Matthews 2008; Heller and Keoleian 2015; Aleksandrowicz et al.
2016; Heller et al. 2018), our study focuses on surcharges to restaurant transactions,
through which approximately 15 percent of food-related carbon emissions are chan-
neled (Kling and Hough 2010) and which could be leveraged to more easily pass on
the costs of agricultural carbon reduction to consumers. By measuring consumers’
WTP and analyzing their heterogeneous responses, our study provides a general under-
standing of the extent to which the public supports voluntary carbon emission reduc-
tion programs and, in turn, offers essential information for policymakers to maximize
the impact of these foodprint reduction programs.

Overall, our findings suggest that such a program could transfer a meaningful amount
of the food-carbon reduction burden to consumers that farmers currently shoulder. Our
results indicate that about a third of the sample is willing to pay the highest restaurant
surcharge asked of them, while just under half are not willing to pay any surcharge.
When considering all respondents who are willing to pay at least some surcharge amount,
those willing to support offsetting food-related carbon emissions constitute a majority.
Given the noted correlations between environmental attitudes and behaviors, it is likely
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that individuals with a high WTP for a restaurant surcharge would also share a high will-
ingness to support other political actions toward the same goal.

Second, we contribute to the literature by examining the potential interaction of
behavioral and environmental factors (Shogren, Parkhurst, and Banerjee 2010;
Kesternich, Reif, and Rübbelke 2017). When top-down policies are not effective given
the environmental good’s public-good nature, voluntary actions at the individual
level are crucial to achieving environmental protection goals (Kesternich, Reif, and
Rübbelke 2017). Consequently, learning how to effectively and efficiently incentivize
individual voluntary actions is important. We demonstrate how contextual factors affect
consumer valuations of environmental goods like carbon reduction programs.
Specifically, our results indicate that individuals have a higher WTP when the surcharge
is automatically added to restaurant checks. In other words, the default option, that is,
when individuals have to opt out of a payment that is already included, has a larger
impact on valuation than the opt-in situation when respondents are asked if they
will apply the additional surcharge. This adds to the mounting evidence that carefully
structured default options can cost-effectively influence behavior. We also find that a
short climate change script significantly increases WTP, indicating how important it
is to provide relevant information to promote environmental policy. Our results provide
insight into what appropriate low-cost incentives governments can leverage to form a
robust basis for environmental policymaking.

Third, we demonstrate how certain individual characteristics affect consumers’
WTP. Our results show that individuals’ age, ethnicity, average check per person of
their last month’s restaurant visits, economic views, environmental attitudes, and
time preferences are important for understanding the differences in WTP.
Specifically, older individuals have a lower WTP. The less economically conservative
and more environmentally aware consumers are, the more likely they are to be willing
to pay for carbon emission reduction programs. Future-oriented individuals tend to
have a high WTP, while present-oriented ones have a low WTP. Individuals who
have visited high-end restaurants and paid large average check per person in the past
month have a high WTP. We further investigate the heterogeneity in the treatment
effects across subsamples. We find that the impact of default and information nudges
is heterogeneous across subsamples stratified by consumers’ age, environmental aware-
ness, economic view, and average check per person of restaurant visits in past months.

One limitation of our study is that an optional surcharge payment is fundamentally
voluntary. Voluntary donations may be perceived as a lack of coerciveness and conse-
quentiality due to free-riding and may be prone to upward bias (Carson and Groves
2007). Thus, our marginal WTP numbers may be higher than true Hicksian compen-
sating WTP and need to be interpreted with caution.

The present article is structured as follows. Section “Survey design and methods”
describes the survey design and the methodological approach. Section “Empirical
model” presents the methdology and empirical model. Section “Results and discussion”
discusses the results. In the end, Section "Conclusion" offers principal conclusions.

Survey design and methods

Survey design

We conduct a stated-preference contingent valuation (CV) survey using
double-bounded dichotomous choice (DBDC) questions to obtain U.S. consumers’
WTP. Compared with single-bounded dichotomous choice (SBDC) questions, DBDC
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questions reduce WTP variance and improve estimation statistical efficiency
(Hanemann, Loomis, and Kanninen 1991).4

Our survey, administered electronically through Qualtrics in September 2019, took
on average approximately 25 minutes to finish. A set of prescreening questions—
whether respondents are above 18 years old and whether respondents paid for food
at a restaurant within the last 6 months—are asked so that only adults who have had
dining experiences recently are surveyed. In the end, there were 1,177 complete and
usable responses collected out of a total of 2,924 people who accessed the survey.5

We registered our study with the AEA registry.6

Table 1 presents the respondents’ demographics along with the demographics of the
adult population in the United States. The z-scores obtained from one-sample propor-
tion tests indicate that our survey sample has similar income distribution and racial
composition as the U.S. population, while the age, marital status, and education distri-
butions of our sample differ from the U.S. population. Specifically, our survey sample is
younger and contains people who are more likely to be married and have a high school
degree. It is well known that lower-income individuals who are less educated and older
(age 65 and older) are generally underrepresented among web surveys because of their
lack of access to the Internet (Pew Research Center, n.d.). Depending on the direction of
the relationship between WTP for restaurant surcharge and age, marital status, and
education, our WTP estimates may have an upward or downward bias.

It is important to clearly present the mechanism of changes and changes to be valued
to enhance the validity of the stated preference estimates (Johnston et al. 2017). We have
respondents read detailed background information on how the surcharge can help reduce
agriculture and food carbon emissions at the beginning of the survey.7

To ensure the validity and reliability of the value estimates in a hypothetical environ-
ment, WTP questions need to be incentive compatible, denoting the mechanism in
which survey participants have the incentive to reveal true private information, and
it is a dominant strategy to do so (Hanemann, Loomis, and Kanninen 1991; Carson
and Groves 2007; Vossler, Doyon, and Rondeau 2012). In particular, participants
must perceive that their responses will affect policy implementation (policy consequen-
tiality) and their payment will be collected upon the policy implementation (payment

4Previous literature, however, has revealed anomalies in responses to double-bounded dichotomous
choice (DBDC) questions. Specifically, welfare estimates from the DBDC survey are lower than those
from single-bounded dichotomous choice (SBDC) (e.g., Bateman et al. 2001; Whitehead 2002), potentially
due to starting-point bias or anchoring (Boyle, Bishop, and Welsh 1985; Herriges and Shogren 1996; Boyle,
Reed Johnson, and McCollum 1997), shifting reference points (DeShazo 2002), strategic behavior (Day and
Pinto Prades 2010), or perceptions of bargaining, changes in quality, or changes in quantity (Carson and
Groves 2007).

5Those who accessed but did not complete the survey or remain in the final sample were excluded either
because they were not in the target population (e.g., under 18), they displayed evidence of speeding and
poor attention to the survey instrument (total time < 1/3 of the median response time), or they accessed
the survey after their demographic group had already filled the contracted sampling quota.

6The Registry number of our study is AEARCTR-0004983 and can be accessed here: https://www.social-
scienceregistry.org/trials/4983.

7The background script indicates what farmers will do with the received payment but does not describe
the environmental changes that will result since uncertainties are involved in (1) the effect of the payment
on the farmer’s carbon-reducing farm practice and (2) the effect of that change-in-practice on the amount
of carbon released to the atmosphere. Our model and estimation results directly predict consumers’ behav-
ior and WTP for sustainable farming as described in the background information and can be used to indi-
rectly predict WTP for environmental changes with assumptions on the two factors listed.
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Table 1. Demographic distributions of survey participants (n = 1,117) and the 2018 U.S. population

Variable
Survey
sample

U.S.
population z-score

Age

20s 0.19 0.14 5.4078***

30s 0.18 0.13 4.4150***

40s 0.17 0.12 5.1318***

50s 0.16 0.13 3.4685***

60s 0.17 0.12 5.8179***

Over 60 0.10 0.11 −1.3264

Female 0.51 0.51 0.1784

Household Size 2.92 2.63 —

Race

White (1) 61.85% 60.40% 1.0172

Black or African-American (2) 12.06% 13.40% −1.3495

Hispanic (3) 17.08% 18.30% −1.0825

American Indian or Alaska Native (4) 1.02% 1.30% −0.8480

Asian (5) 5.01% 5.90% −1.2959

Native Hawaiin or Pacific Islander (6) 0.76% 0.20% 4.3003***

Other (7) 2.21% 2.70% −1.0372

Marital Status

Single (1) 32.97% 37.35% 1.6884***

Married (2) 53.53% 46.54% −3.3897***

Divorced (3) 9.69% 9.28% −2.5352

Widow(er) (4) 3.82% 4.93% −1.7542

Education Level

Some high school graduate 2.63% 11.70% −9.6810***

General Educational Development (GED)/
High school diploma (2)

18.69% 26.90% −6.3518***

Some college (3) 24.64% 20.30% 3.7017***

Associate’s degree (4) 13.08% 8.60% 5.4821***

Bachelor’s degree (5) 27.53% 20.00% 6.4584***

Graduate degree (6) 13.42% 12.60% 0.8477

Income Level

Less than $25,000 18.01% 19.60% −1.3741

$25,000 to $49,999 (2) 22.01% 21.30% 0.5949

$50,000 to $74,999 (3) 19.03% 17.40% 1.4751

(Continued )
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consequentiality). We incorporate a policy consequentiality script in the questionnaire
introduction to reduce hypothetical bias and elicit truthful answers to survey questions.
To further mitigate hypothetical bias, we include a cheap-talk script. Previous literature
has shown that including a cheap-talk script in a CV survey can be an effective way to
mitigate the hypothetical bias8 (Lusk 2003; Silva et al. 2011). It is worth noting that a
cheap-talk script operates by reminding subjects of the nonconsequentiality (hypothet-
ical nature) of the survey instrument, which can offset the effect of a consequentiality
script. The best practice is to use either a cheap-talk script or a consequentiality script.

The CV question used to elicit consumers’ WTP for restaurant surcharge read:

Consider that you are dining out at a restaurant and you have the option to add a
surcharge to your check to help reduce the carbon and groundwater foodprint.
Are you willing to add/keep a surcharge of x% when you dine out at a restaurant in
order to help reduce the carbon and groundwater foodprint?

Depending on the respondents’ answers in this first question (i.e., yes or no), the sur-
charge in the second choice goes up or down by 1 percent. For example, if the respondent
was asked if she/he is willing to add a surcharge of 2 percent in the first question and
selected “yes” (no), she/he will then be asked if she/he is willing to add a surcharge of
3 percent (1 percent) in the follow-up question. We enforce monotonicity with the sur-
charge. For example, if a respondent selected “yes” for a 3 percent surcharge, we assume
that they agree to a 2 percent surcharge. To avoid a starting-point bias, we use 2 percent,
4 percent, 6 percent, 8 percent, and 10 percent9 as starting values and randomly assigned
them to respondents. The complete survey is provided in the Supplementary Appendix.

MINDSPACE framework treatments

Recent behavioral economics studies indicate that people’s stated preferences toward
environmental policies differ in response to variations in choice architecture and
frame (Gowdy 2008; Carlsson 2010; Shogren, Parkhurst, and Banerjee 2010; Shogren

Table 1. (Continued.)

Variable Survey
sample

U.S.
population

z-score

$75,000 to $99,999 (4) 14.02% 12.60% 1.4680

$100,000 to $149,999 (5) 14.87% 15.00% −0.1249

$150,000 to $199,999 (6) 6.03% 6.60% −0.7876

$200,000 or more (7) 6.03% 7.60% −2.5291

Note: This table presents the demographic distributions for the survey sample and the U.S. population. The U.S.
population data source: U.S. Census American Community Survey—one year estimate of 2018. The z-scores are obtained
from one sample proportional test. *** p<0.01, ** p<0.05, * p<0.1.

8There are conflicting results on whether cheap-talk script is effective in reducing hypothetical bias (see
Loomis 2014 for a brief summary). We combine both policy consequentiality and cheap-talk script to cor-
rect for hypothetical bias and acknowledge that it is possible to over-correct hypothetical bias and therefore
underestimate WTP.

9The sequence of opening bids reflects the approximate range of values for actual optional restaurant
surcharge in our sample.
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2012). Altering the presentation of public policies and relevant information is a cost-
effective strategy to change individual behavior and improve social welfare. It is, there-
fore, important to consider how choice and information presentation can influence
individual decisions when there is an option to reduce carbon emissions through res-
taurant surcharges.

Dolan et al. (2012) categorize the nine most robust effects on behavior and derive the
MINDSPACE framework. Many studies in environmental and resource economics have
analyzed the effectiveness of adopting these instruments as policy tools (Palm-Forster
et al. 2019), but only a few have tested the “defaults” nudge (e.g., Pichert and
Katsikopoulos 2008; Araña and León 2013; Brown et al. 2013). We examine how
“defaults” affect individual choices when there is an option for carbon emission reduc-
tion through restaurant surcharges. In our survey, respondents are asked to decide to
pay or not pay for a restaurant surcharge to contribute to foodprint reduction.
Questions are framed in two different ways and randomly assigned to respondents.
In one of them, we ask respondents if they would be willing to add the surcharge to
the final bill amount (i.e., opt in). In the other, the surcharge is automatically added
to the bill, but the respondent is given the option to remove it (i.e., opt out).

Information treatment

Understanding how information affects individuals’ responses is important in the use of
stated preference techniques to estimate the demand for environmental goods with non-
use values, given that respondents do not have clear prior references. A large amount of
literature has confirmed that changes in the level and types of information provided to
respondents increase the variation in choices (Bergstrom, Stoll, and Randall 1990;
DeShazo and Fermo 2002; Hoehn and Randall 2002). While there is a consensus
that pre-existing information a subject holds prior to a survey is correlated with their
stated valuation (Cameron and Englin 1997; Loomis and Ekstrand 1998; Tkac 1998;
Needham et al. 2018), the information provided during a survey has been found to
both affect and not affect WTP (Needham et al. 2018). We test whether providing
extra information regarding climate change during our survey has an impact on respon-
dents’ valuations for carbon reduction programs. To do so, an information treatment is
randomly assigned to a group of respondents. The information given to these respon-
dents is as follows:

“According to the U.S. Environmental Protection Agency, human activities con-
tributed to almost all of the increase in greenhouse gases in the atmosphere
over the last 150 years. Greenhouse gases trap heat in the earth’s atmosphere
and make the planet warmer. Higher temperatures lead to more frequent and
more severe extreme weather events such as floods and droughts, other natural
disasters such as hurricanes, and disturbed ecosystems.”

Environmental preferences

To measure respondents’ environmental awareness and preference, we use the revised
NEP developed by Dunlap et al. (2000), containing a total of 15 7-point Likert scale
items. The new NEP tests five aspects of environmental beliefs: the existence of limits
to growth (1, 6, and 11), the vulnerability of nature’s balance (3, 8, and 13), antianthro-
pocentrism (2, 7, and 12), rejection of human’s exemption from nature’s constraints (4,
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9, and 14), and the possibility of ecological crisis or catastrophe (5, 10, and 15) (see
Supplementary Appendix Table A1).

We code the responses using numerical values ranging from 1 to 7, where stronger
pro-environmental attitudes are given higher values. In doing so, negative statements
(even-numbered) are coded as: “strongly agree”=1; “agree”=2; “somewhat agree”=3;
“neither agree nor disagree”=4; “somewhat disagree”=5; “disagree”=6; “strongly dis-
agree”=7. The order is reversed for positive (odd-numbered) statements. As a result,
values for the NEP variable vary between 15 and 105. The average NEP score in our
sample is 64.94 with a standard deviation of 12.78. The minimum NEP value of our
sample is 25, while the maximum value is 98. Supplementary Appendix Table A1
shows the average percent distributions for each NEP item’s responses.

Personality measurement

A growing body of literature in economics has demonstrated that personality can be
considered as a standard socioeconomic variable and explains potential variations in
individual economic decisions including valuations of environmental goods
(Borghans et al. 2008; Boyce, Czajkowski, and Hanley 2019). There is a consensus
that, as one of the most widely accepted paradigms in personality research, the
Five-Factor Model of personality traits (the “Big Five”) is an effective tool to measure
individual personality traits, including Openness, Conscientiousness, Extraversion,
Agreeableness, and Neuroticism (abbreviated as OCEAN). We also include Agency as
a sixth personality trait, measuring an individual’s self-confidence, assertiveness, and
dominance (Lachman and Weaver 1997; Grebitus, Lusk, and Nayga 2013).

We use the MIDI scale to measure subjects’ personality traits (Lachman and Weaver
1997). The MIDI scale includes a total of 30 adjectives to evaluate six personality traits.
Each adjective is evaluated using a scale from 1 (not at all) to 4 (a lot) (see
Supplementary Appendix Table A2 for the full list of adjectives). Aside from being
one of the most commonly used personality measurement tools in social science stud-
ies, the MIDI scale is chosen because it is one of the briefest measurements of person-
ality with the shortest list of items, offering simplicity and conciseness that saves
survey-taking-time (Lachman and Weaver 1997; Grebitus, Lusk, and Nayga 2013).
To compute the value of the six personality traits, we calculate the average of the
adjective-groups measuring the respective personality trait. Supplementary Appendix
Table A2 shows the mean value and standard deviation of each adjective and the
mean values of the six personality traits.

Time preference measurement

Many economic studies have identified the importance of time preferences, defined as
how individuals value future outcomes in the present decision (Frederick, Loewenstein,
and O’Donoghue 2002). High-time preference individuals are present-oriented, while
their low-time preference counterparts are future-oriented. Many studies show that
future-oriented individuals are more pro-environmental and have a greater environ-
mental concern (McCollough 2010; Franzen and Vogl 2013; Carmi and Arnon
2014), are more likely to engage in environmentally friendly activities such as recycling
(Ebreo and Vining 2001), and opt for public transit instead of driving (Joireman, Van
Lange, and Van Vugt 2004). We hypothesize that future-oriented respondents, that is,
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those with lower discount rates, are more likely to participate in and value agricultural
carbon emission reduction programs.

To assess time preferences, we use the Consideration of Future Consequences
14-item scale (CFC) developed by Strathman et al. (1994).10 Survey respondents indi-
cate how well each statement matches with their own characteristics on a scale from 1
(extremely uncharacteristic) to 7 (extremely characteristic) (see Supplementary
Appendix Table A3 for the 14-item scale). Among the 14 items, seven are
CFC-Future (CFC-F) subscale and representative of future-oriented thinking, while
the rest are reverse-coded statements representing present-oriented thinking. To calcu-
late each respondent’s time preference score, we take an average of the future-oriented
items to measure the CFC-F subscale and reverse-code the present-oriented items for
the CFC-Immediate (CFC-I) subscale. The higher a person’s time preference score is,
the more he/she values the future against the present. Supplementary Appendix
Table A4 shows the descriptive statistics of the CFC-I and CFC-F subscale scores.

Empirical model

Given the proven efficiency of a DBDC method compared with the SBDC method
(Hanemann, Loomis, and Kanninen 1991), we employ the DBDC method to elicit indi-
viduals’ WTP, in which respondents are asked a sequence of questions that narrow
down their WTP. Specifically, individuals’ WTP is modeled as the following linear
function:

WTPi(Xi,mi) = Xib+ mi, (1)

where Xi is a vector of individual characteristics affecting their WTP, including demo-
graphics such as age, gender, race, income, education background, marital status, and
household size and other individual factors including average check per person of res-
taurant visits in the past month, personality traits, time preferences, environmental
awareness, and political and socioeconomic views. The treatment dummy variables
indicating whether a respondent received information or default nudges are also
included. μi is the error term for household i.

From our DBDC format questionnaire, we know that respondents’ answers belong to
one of the four cases: (yes, yes), (yes, no), (no, yes), and (no, no). Based on these
responses, if we assume that μi∼N(0, σ2), the probability of respondents’ WTP in
the given case is

P1,i = Pr(Bidi1 = yes and Bidi2 = no) = Pr(t1≤ Xib+ mi , t2)

= f X′
i
b

s
− t1

s

( )
− f X′

i
b

s
− t2

s

( )
, (2)

P2,i = Pr(Bidi1 = yes and Bidi2 = yes) = Pr(Xib+ mi ≥ t2) = f X′
i
b

s
− t2

s

( )
, (3)

10As one of the most widely adopted scales measuring individuals’ psychological traits related to time
preferences, CFC evaluates how individuals take future outcomes of their present behaviors into account
and how they are influenced by these potential outcomes.
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P3,i = Pr(Bidi1 = no and Bidi2 = no) = Pr(Xib+ mi ≤ t2)

= 1− f X′
i
b

s
− t2

s

( )
, (4)

P4,i = Pr(Bidi1 = no and Bidi2 = yes) = Pr(t2 ≤ Xib+ mi , t1)

= f X′
i
b

s
− t2

s

( )
− f X′

i
b

s
− t1

s

( )
. (5)

Following these probabilities, the likelihood function for all individuals in the sample is

ln (L) =
∑4
j=1

∑n
i=1

I j,i ln (P j,i), (6)

where Ij,i = 1 if the individual’s response falls in the jth case, 0 otherwise. We then obtain
parameter estimates of the likelihood function using maximum-likelihood estimation. The
results from (6) identify factors significantly affecting WTP for the restaurant surcharge.
Moreover, the average WTP can be computed based on (6) as

WTP = −�z ∗ â
d̂
, (7)

where �z is the average values for the explanatory variables. â is the value of the coefficients
corresponding to the constants and d̂ is the coefficient on the bid amount d̂.

Results and discussion

Baseline model results

Table 2 reports the summary statistics across the default and information treatments.
Individual characteristics are similar for demographics, average check amount of the
last month restaurant visits, personality traits, environmental awareness, time prefer-
ences, and political ideology and are well balanced across the treatment groups, suggest-
ing the success of the randomization of respondents to the treatments. We also present
the z-score (one sample proportional test for categorical variables) and t-statistics (t-test
for continuous variables) in the table. As shown by the calculated statistics, there was
almost no difference between default and nondefault treatment groups. The education
levels and economic views differ slightly between information and no-information sub-
samples, but given that the treatment is randomly assigned, the differences are not sys-
tematic. As a result, such differences are unlikely to have an impact on our results.

One concern is that respondents’ environmental preferences, time preferences, and
personality may be correlated. Therefore, we calculate the correlations among these
measurements. As shown in Table 3, most correlations are weak, while several person-
ality measurements are correlated with each other. The highest correlation is between
openness and extraversion personality measurements and is about 0.65.
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Table 2. Sample summary statistics [n (%) or mean ± St. Dev.] and z-score or t-statistics, overall and by treatment status

Variable All Not default Default z- or t-stat No information Information z- or t-stat

Observations (n) 1,177 587 590 — 590 587 —

Age 46.19 ± 17.16 46.32 ± 17.42 46.06 ± 16.91 −0.26 46.42 ± 17.21 45.96 ± 17.12 −0.46

Household Size 2.92 ± 1.62 2.89 ± 1.39 2.95 ± 1.82 0.60 2.95 ± 1.61 2.89 ± 1.62 −0.64

Female 601 (51.06%) 305 (51.96%) 296 (50.17%) 1.23 308 (52.2%) 293 (49.91%) 1.57

Race

White (1) 728 (61.85%) 360 (61.33%) 368 (62.37%) −0.74 358 (60.68%) 370 (63.03%) −1.67*

Black or African-American (2) 142 (12.06%) 71 (12.1%) 71 (12.03%) 0.07 68 (11.53%) 74 (12.61%) −1.12

Hispanic (3) 201 (17.08%) 107 (18.23%) 94 (15.93%) 2.16** 110 (18.64%) 91 (15.5%) 2.98***

American Indian or Alaska Native (4) 12 (1.02%) 3 (0.51%) 9 (1.53%) −2.85*** 5 (0.85%) 7 (1.19%) −1.08

Asian (5) 59 (5.01%) 31 (5.28%) 28 (4.75%) 0.85 31 (5.25%) 28 (4.77%) 0.77

Native Hawaiian or Pacific Islander (6) 9 (0.76%) 3 (0.51%) 6 (1.02%) −1.74* 5 (0.85%) 4 (0.68%) 0.71

Other (7) 26 (2.21%) 12 (2.04%) 14 (2.37%) −0.74 13 (2.2%) 13 (2.21%) −0.02

Marital Status

Single (1) 388 (32.97%) 188 (32.03%) 200 (33.9%) −1.36 195 (33.05%) 193 (32.88%) 0.12

Married (2) 630 (53.53%) 321 (54.68%) 309 (52.37%) 1.59 303 (51.36%) 327 (55.71%) −3.00***

Divorced (3) 114 (9.69%) 58 (9.88%) 56 (9.49%) 0.46 67 (11.36%) 47 (8.01%) 4.23***

Widow(er) (4) 45 (3.82%) 20 (3.41%) 25 (4.24%) −1.41 25 (4.24%) 20 (3.41%) 1.57
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Table 2. (Continued.)

Variable All Not default Default z- or t-stat No information Information z- or t-stat

Education Level

Less than high school 31 (2.63%) 14 (2.39%) 17 (2.88%) −1.01 12 (2.03%) 19 (3.24%) −2.34**

GED/High school diploma (2) 220 (18.69%) 116 (19.76%) 104 (17.63%) 1.92* 96 (16.27%) 124 (21.12%) −4.08***

Some college (3) 290 (24.64%) 151 (25.72%) 139 (23.56%) 1.75* 165 (27.97%) 125 (21.29%) 5.60***

Associate’s degree (4) 154 (13.08%) 73 (12.44%) 81 (13.73%) −1.29 86 (14.58%) 68 (11.58%) 3.22***

Bachelor’s degree (5) 324 (27.53%) 162 (27.6%) 162 (27.46%) 0.11 154 (26.1%) 170 (28.96%) −2.16**

Graduate degree (6) 158 (13.42%) 71 (12.1%) 87 (14.75%) −2.56** 77 (13.05%) 81 (13.8%) −0.75

Income Level

Under $25,000 212 (18.01%) 107 (18.23%) 105 (17.8%) 0.39 94 (15.93%) 118 (20.1%) −3.57***

$25,000 to $49,999 (2) 259 (22.01%) 120 (20.44%) 139 (23.56%) −2.52** 139 (23.56%) 120 (20.44%) 2.65***

$50,000 to $74,999 (3) 224 (19.03%) 109 (18.57%) 115 (19.49%) −0.80 109 (18.47%) 115 (19.59%) −0.97

$75,000 to $99,999 (4) 165 (14.02%) 88 (14.99%) 77 (13.05%) 1.98* 84 (14.24%) 81 (13.8%) 0.44

$100,000 to $149,999 (5) 175 (14.87%) 89 (15.16%) 86 (14.58%) 0.56 88 (14.92%) 87 (14.82%) 0.10

$150,000 to $199,999 (6) 71 (6.03%) 37 (6.3%) 34 (5.76%) 0.80 36 (6.1%) 35 (5.96%) 0.20

$200,000 or more (7) 71 (6.03%) 37 (6.3%) 34 (5.76%) 0.80 40 (6.78%) 31 (5.28%) 2.30**

Average Check of Restaurant Visits Last Month

$0–$6 per person 82 (6.97%) 40 (6.81%) 42 (7.12%) −0.41 41 (6.95%) 41 (6.98%) −0.04

$6–$15 per person 509 (43.25%) 249 (42.42%) 260 (44.07%) −1.14 256 (43.39%) 253 (43.1%) 0.20

$15–$25 per person 378 (32.12%) 198 (33.73%) 180 (30.51%) 2.40** 191 (32.37%) 187 (31.86%) 0.38

$35–$40 per person 119 (10.11%) 55 (9.37%) 64 (10.85%) −1.63 54 (9.15%) 65 (11.07%) −2.10**

>$40 per person 89 (7.56%) 45 (7.67%) 44 (7.46%) 0.27 48 (8.14%) 41 (6.98%) 1.56
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Time Preference

CFC-I 4.3 ± 1.36 4.35 ± 1.32 4.25 ± 1.39 −1.2 4.35 ± 1.32 4.24 ± 1.39 −1.41

CFC-F 5.01 ± 1.04 4.95 ± 1.05 5.07 ± 1.04 1.85* 5.02 ± 1.03 5 ± 1.06 −0.29

NEP 64.94 ± 12.78 64.92 ± 12.59 64.96 ± 12.97 0.05 65.75 ± 12.71 64.12 ± 12.8 −2.19**

Personality

Agency 2.68 ± 0.68 2.68 ± 0.67 2.67 ± 0.7 −0.18 2.7 ± 0.67 2.66 ± 0.7 −0.95

Agreeableness 3.32 ± 0.61 3.33 ± 0.6 3.31 ± 0.63 −0.59 3.33 ± 0.59 3.31 ± 0.63 −0.50

Openness 3.06 ± 0.58 3.04 ± 0.58 3.08 ± 0.58 1.17 3.07 ± 0.56 3.05 ± 0.6 −0.71

Neuroticism 2.63 ± 0.61 2.62 ± 0.6 2.63 ± 0.62 0.32 2.64 ± 0.6 2.62 ± 0.62 −0.36

Extraversion 3.03 ± 0.66 3.02 ± 0.65 3.03 ± 0.67 0.09 3.02 ± 0.65 3.03 ± 0.67 0.06

Conscientiousness 2.99 ± 0.47 3 ± 0.45 2.98 ± 0.48 −0.78 2.98 ± 0.44 2.99 ± 0.49 0.34

Social Views

Extremely liberal (1) 126 (10.71%) 65 (11.07%) 61 (10.34%) 0.82 61 (10.34%) 65 (11.07%) −0.80

Liberal (2) 201 (17.08%) 97 (16.52%) 104 (17.63%) −1.00 102 (17.29%) 99 (16.87%) 0.38

Slightly liberal (3) 113 (9.6%) 56 (9.54%) 57 (9.66%) −0.14 61 (10.34%) 52 (8.86%) 1.79*

Middle of the road (4) 356 (30.25%) 176 (29.98%) 180 (30.51%) −0.39 195 (33.05%) 161 (27.43%) 4.32

Slightly conservative (5) 100 (8.5%) 52 (8.86%) 48 (8.14%) 0.90 45 (7.63%) 55 (9.37%) −2.05**

Conservative (6) 196 (16.65%) 98 (16.7%) 98 (16.61%) 0.08 83 (14.07%) 113 (19.25%) −4.51

Extremely conservative (7) 85 (7.22%) 43 (7.33%) 42 (7.12%) 0.28 43 (7.29%) 42 (7.16%) 0.17

Economic Views

Extremely liberal (1) 119 (10.11%) 58 (9.88%) 61 (10.34%) −0.52 59 (10%) 60 (10.22%) −0.25

Liberal (2) 185 (15.72%) 94 (16.01%) 91 (15.42%) 0.56 101 (17.12%) 84 (14.31%) 2.75***
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Table 2. (Continued.)

Variable All Not default Default z- or t-stat No information Information z- or t-stat

Slightly liberal (3) 121 (10.28%) 61 (10.39%) 60 (10.17%) 0.25 57 (9.66%) 64 (10.9%) −1.37

Middle of the road (4) 339 (28.8%) 175 (29.81%) 164 (27.8%) 1.54 180 (30.51%) 159 (27.09%) 2.64***

Slightly conservative (5) 121 (10.28%) 56 (9.54%) 65 (11.02%) −1.62 66 (11.19%) 55 (9.37%) 2.14**

Conservative (6) 203 (17.25%) 102 (17.38%) 101 (17.12%) 0.24 84 (14.24%) 119 (20.27%) −5.15***

Extremely conservative (7) 89 (7.56%) 41 (6.98%) 48 (8.14%) −1.46 43 (7.29%) 46 (7.84%) −0.70

Note: This table presents the summary statistics [n (%) or mean ± St. Dev.] for the overall sample and by treatment status. We also compare the sample characteristics by treatments. For
categorical variables such as race and education level, we conduct one-sample proportional tests and calculate the z-scores. For continuous variables such as age, we conduct t-tests to compare
the sample mean across the treatment groups.
CFC-F, Consideration of Future Consequences-Future; CFC-I, Consideration of Future Consequences-Immediate; NEP, New Environmental Paradigm.
***p < 0.01, **p < 0.05, *p < 0.1.
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Table 3. Correlation matrix of the environmental preferences, time preferences, and personality traits

NEP CFC-F CFC-I Agency Agreeableness Openness Neuroticism Extraversion Conscientiousness

NEP 1 — — — — — — — —

CFC-F 0.1762 1 — — — — — — —

CFC-I 0.4247 −0.1117 1 — — — — — —

Agency −0.0914 0.2195 −0.1614 1 — — — — —

Agreeableness 0.1377 0.2425 0.1087 0.2728 1 — — — —

Openness 0.0773 0.3101 −0.0130 0.5779 0.5559 1 — — —

Neuroticism 0.0196 0.0917 −0.2059 0.2193 0.2497 0.2199 1 — —

Extraversion −0.0138 0.2492 −0.0597 0.5800 0.5868 0.6517 0.1839 1 —

Conscientiousness −0.0125 0.2177 −0.0724 0.4448 0.4658 0.5176 0.2460 0.4855 1

CFC-F, Consideration of Future Consequences-Future; CFC-I, Consideration of Future Consequences-Immediate; NEP, New Environmental Paradigm.
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Table 4 presents the estimation results. Column (1) shows the results for the DBDC
model with all the full set of control variables. Model estimates follow our expectations
and largely agree with findings in the earlier literature. The coefficient on climate
change information is positive and highly significant, indicating that receiving an infor-
mation nudge with additional information on GHG emissions’ impact on climate dur-
ing the survey increases WTP, which corroborates with findings in the earlier literature
(Needham et al. 2018). Additionally, the opt-in condition of the default nudge signifi-
cantly improves WTP.

We also find that several individual-specific characteristics significantly affect con-
sumers’ WTP for restaurant surcharges. On average, young consumers are more willing
to pay a restaurant surcharge in support of carbon emission reduction. It could be that
younger respondents are willing to pay more because they are more likely to experience
the negative consequences of carbon emissions and climate change than older respon-
dents. Divorced individuals are more willing to pay for surcharge than single individ-
uals. Given that our survey sample is younger and contains people who are more
likely to be married on average than the general population, our WTP estimates may
have an upward bias. WTP decreases as individuals become more conservative in
terms of economic-political orientation, though social conservatism does not have a sig-
nificant effect.

Similar to findings in earlier studies (e.g., Kotchen and Reiling 2000), consumers
with high environmental awareness are more likely to take action to protect the envi-
ronment and be willing to pay for foodprint reduction. Furthermore, time preferences
significantly affect individuals’ WTP, similar to earlier findings (e.g., De Marchi et al.
2016). Specifically, present-oriented individuals with high CFC-I scores have a consid-
erably lower WTP, while future-oriented individuals have a higher WTP.

Environmental preferences, time preferences, personality, social views, and eco-
nomic views variables can be potentially endogenous. As a robustness check, we esti-
mate the DBDC model when these variables are excluded. The default and
information treatments remain highly significant with similar magnitude as in the
full control model, indicating that our results are robust.

As another robustness check, we also estimate respondents’ WTP using a SBDC
model using the response data from only the first WTP question. Columns (3) and
(4) present results of the SBDC model with and without additional controls.
Coefficients for the information and default treatments are highly significant and, there-
fore, robust. Parameter estimates of age, marital status (i.e., divorced), and the average
check of restaurant visits last month stay significant across all the model specifications
as well.

Based on the estimation results of the DBDC and SBDC models, we calculate
respondents’ WTP (see Table 5). The WTP estimates from the SBDC model are slightly
higher than those from the DBDC model, consistent with conclusions drawn in the
existing literature (e.g., Bateman et al. 2001; Whitehead 2002), though not significantly
different.

Here, we focus our discussion on the results of the restricted DBDC model. The
adjusted truncated mean estimated WTP is a 6.05 percent restaurant surcharge in sup-
port of carbon reduction programs.11 The Krinsky and Robb simulation (Krinsky and
Robb 1986, 1990) yields a 95 percent confidence interval of (5.62 percent, 6.55 percent).
The median WTP is 3.64 percent with a 95 percent confidence interval of (3.28 percent,

11The adjustment is implemented by the method of Boyle, Welsh, and Bishop (1988).
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Table 4. Estimation results for the DBDC and SBDC WTP models with and without additional control variables (n = 1,117)

Variables

(1) (2) (3) (4)

DBDC Full Model DBDC Restricted Model SBDC Full Model SBDC Restricted Model

Coef.
Std.
Err. Coef.

Std.
Err. Coef.

Std.
Err. Coef.

Std.
Err.

Constant −0.40 0.85 2.64*** 0.53 −1.39 0.92 1.37** 0.58

Age −0.02*** 0.01 −0.03*** 0.01 −0.02** 0.01 −0.02*** 0.01

Female −0.13 0.16 −0.14 0.15 −0.20 0.17 −0.20 0.15

Household Size −0.05 0.04 −0.06 0.04 −0.06 0.05 −0.06 0.04

Race

Black or African-American (2) 0.26 0.22 0.42** 0.20 0.27 0.23 0.44** 0.21

Hispanic (3) 0.16 0.20 0.30 0.19 0.29 0.21 0.41** 0.20

American Indian or Alaska Native
(4)

1.18* 0.66 1.11* 0.64 1.10 0.73 1.11 0.71

Asian (5) 0.36 0.31 0.33 0.29 0.57* 0.32 0.53* 0.30

Native Hawaiin or Pacific Islander
(6)

0.77 0.71 1.20* 0.67 0.08 0.77 0.61 0.72

Other (7) 0.13 0.44 0.08 0.43 0.27 0.46 0.16 0.43

Marital Status

Married (2) 0.08 0.17 0.05 0.16 0.11 0.18 0.12 0.17

Divorced (3) 0.53** 0.25 0.49** 0.24 0.46 0.26* 0.47* 0.25

Widow(er) (4) 0.38 0.37 0.63* 0.35 0.42 0.39 0.64* 0.37
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Table 4. (Continued.)

Variables

(1) (2) (3) (4)

DBDC Full Model DBDC Restricted Model SBDC Full Model SBDC Restricted Model

Coef. Std.
Err.

Coef. Std.
Err.

Coef. Std.
Err.

Coef. Std.
Err.

Education Level

GED/High school diploma (2) −0.28 0.41 −0.29 0.38 −0.15 0.44 −0.18 0.41

Some college (3) −0.62 0.42 −0.44 0.39 −0.63 0.44 −0.45 0.41

Associate’s degree (4) −0.21 0.43 0.01 0.40 0.04 0.46 0.18 0.43

Bachelor’s degree (5) −0.64 0.43 −0.35 0.39 −0.59 0.45 −0.34 0.42

Graduate degree (6) −0.60 0.46 −0.22 0.42 −0.46 0.48 −0.12 0.44

Income Level

$25,000 to $49,999 (2) −0.14 0.21 0.00 0.20 −0.10 0.22 −0.01 0.21

$50,000 to $74,999 (3) −0.19 0.24 −0.15 0.22 −0.26 0.25 −0.22 0.23

$75,000 to $99,999 (4) −0.03 0.26 −0.08 0.24 −0.11 0.27 −0.13 0.26

$100,000 to $149,999 (5) −0.49* 0.28 −0.37 0.26 −0.53* 0.29 −0.45 0.27

$150,000 to $199,999 (6) −0.16 0.35 −0.06 0.32 −0.14 0.36 −0.09 0.33

$200,000 or more (7) 0.00 0.35 0.04 0.33 −0.07 0.37 0.02 0.34

Average Check of Restaurant Visits Last Month

$6–$15 per person 0.19 0.28 0.21 0.26 0.31 0.29 0.36 0.27

$15–$25 per person 0.47* 0.29 0.46* 0.27 0.53* 0.30 0.54* 0.28

$35–$40 per person 0.75** 0.33 0.83*** 0.31 0.75** 0.35 0.87*** 0.32
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>$40 per person 0.76** 0.35 0.81** 0.33 0.73** 0.37 0.76** 0.34

Climate Change Information 0.30** 0.13 0.26** 0.12 0.28** 0.14 0.21* 0.13

Default 0.32** 0.13 0.34*** 0.12 0.26** 0.13 0.30** 0.13

Time Preference

CFC-I −0.20*** 0.06 — — −0.17 0.06 — —

CFC-F 0.37*** 0.07 — — 0.37 0.08 — —

NEP 0.03*** 0.01 — — 0.02 0.01 — —

Personality

Agency 0.14 0.13 — — 0.12 0.14 — —

Agreeableness −0.16 0.15 — — −0.04 0.16 — —

Openness 0.17 0.17 — — 0.18 0.18 — —

Neuroticism 0.16 0.12 — — 0.17 0.13 — —

Extraversion 0.18 0.15 — — 0.10 0.16 — —

Conscientiousness −0.08 0.17 — — −0.21 0.18 — —

Social Views

Liberal (2) 0.48 0.32 — — 0.72** 0.34 — —

Slightly liberal (3) 0.24 0.36 — — 0.42 0.39 — —

Middle of the road (4) 0.20 0.37 — — 0.42 0.40 — —

Slightly conservative (5) 0.08 0.41 — — 0.33 0.44 — —

Conservative (6) 0.20 0.44 — — 0.45 0.46 — —

Extremely conservative (7) 0.14 0.54 — — 0.40 0.57 — —

Economic Views

Liberal (2) −0.62* 0.33 — — −0.62* 0.35 — —

(Continued )
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Table 4. (Continued.)

Variables

(1) (2) (3) (4)

DBDC Full Model DBDC Restricted Model SBDC Full Model SBDC Restricted Model

Coef. Std.
Err.

Coef. Std.
Err.

Coef. Std.
Err.

Coef. Std.
Err.

Slightly liberal (3) −0.86** 0.37 — — −1.06*** 0.39 — —

Middle of the road (4) −0.93** 0.38 — — −0.99** 0.40 — —

Slightly conservative (5) −0.99** 0.40 — — −1.00*** 0.43 — —

Conservative (6) −1.29*** 0.45 — — −1.30** 0.47 — —

Extremely conservative (7) −1.50*** 0.54 — — −1.42** 0.57 — —

Log (bid) −1.44*** 0.07 −1.30*** 0.07 −0.66*** 0.12 −0.58*** 0.11

Observations 1,177 — 1,177 — 1,177 — 1,177 —

Log-likelihood −1,222.41 — −1,302.22 — −673.54 — −735.64 —

LR statistic 287.91 — 128.29 — 256.01 — 131.81 —

p-value 0.0000 — 0.0000 — 0.0000 — 0.0000 —

AIC 2,548.81 — 2,666.44 — 1,451.10 — 1,533.29 —

BIC 2,812.49 — 2,823.63 — 1,714.80 — 1,690.48 —

Note: This table presents the parameter estimates and standard deviations for the DBDC and SBDC WTP models with and without environmental preferences, time preference, personalities,
social views, and economic views variables (n = 1,117). Specifically, Columns (1) and (2) present the DBDC full and restricted model results. Columns (3) and (4) present the SBDC full and restricted
model results.
DBDC, double-bounded dichotomous choice; SBDC, single-bounded dichotomous choice; WTP, willingness to pay; CFC-F, Consideration of Future Consequences-Future; CFC-I, Consideration of
Future Consequences-Immediate; NEP, New Environmental Paradigm. LR, Likelihood Ratio. AIC, Akaike information criterion. BIC, Bayesian information criterion.
***p < 0.01, **p < 0.05, *p < 0.1.
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Table 5. Estimated mean and median WTP with 95 percent confidence interval (in parenthesis) for the full sample and the four treatment groups

DBDC Full Model WTP DBDC Restricted Model WTP SBDC Full Model WTP SBDC Restricted Model WTP

Mean Median Mean Median Mean Median Mean Median

Full Sample 5.72 3.57 6.05 3.64 6.61 2.93 6.86 2.88

95% CI (5.28, 6.2) (3.23, 3.89) (5.62, 6.55) (3.28, 3.97) (5.92, 7.35) (2.01, 3.63) (6.19, 7.59) (1.82, 3.69)

w Default & wo Info 4.81 2.92 5.52 3.25 5.82 2.31 6.72 2.76

95% CI (3.39, 6.95) (1.91, 4.48) (4.00, 7.86) (2.16, 4.98) (3.55, 9.77) (0.69, 6.09) (4.18, 11.07) (0.88, 7.72)

w Default & w Info 5.73 3.59 6.48 3.95 7.27 3.5 8.01 3.97

95% CI (4.04, 8.05) (2.35, 5.29) (4.63, 9.11) (2.59, 5.98) (4.36, 12.36) (1.14, 9.55) (5.12, 12.56) (1.34, 10.22)

wo Default & wo Info 3.98 2.33 4.48 2.51 4.72 1.56 5.25 1.65

95% CI (2.78, 5.68) (1.49, 3.54) (3.17, 6.22) (1.62, 3.77) (2.85, 8.15) (0.40, 4.26) (3.33, 8.62) (0.41, 4.68)

wo Default & w Info 4.74 2.87 5.25 3.05 5.88 2.36 6.26 2.38

95% CI (3.28, 6.94) (1.84, 4.50) (3.78, 7.38) (2.01, 4.62) (3.51, 9.86) (0.75, 6.06) (4.04, 10.30) (0.69, 6.66)

Note: This table presents the estimated mean and median WTP (percentage) with 95 percent confidence intervals (in parenthesis) for the full sample and the four treatment groups. The 95
percent confidence intervals are calculated using the Krinsky and Robb simulation (Krinsky and Robb 1986, 1990). To calculate the mean and median WTP, all the continuous and ordered
categorical independent variables are held at the median, and all the nonordered categorical independent variables are held at the mode.
DBDC, double-bounded dichotomous choice; SBDC, single-bounded dichotomous choice; CI, confidence interval; WTP, willingness to pay.
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3.97 percent). To further explore how default and information nudges influence WTP,
we change the respondents’ default and information nudges exposure status, while
holding all continuous variables and ordered categorical variables at the median and
nonordered categorical variables at the mode. Table 5 shows the mean and median esti-
mated WTP with 95 percent confidence intervals for the treatment groups: (1) with
default nudge, without information nudge; (2) with default nudge, with information
nudge; (3) without default nudge, without information nudge; and (4) without default
nudge, with information nudge. As expected, the estimated WTP among respondents
who received both default and information nudges is higher than that of the other treat-
ment groups, with a mean estimated WTP of 6.48 percent (95 percent CI 4.63 percent,
9.11 percent) and median estimated WTP of 3.95 percent (95 percent CI 2.59 percent,
5.98 percent). However, the differences between groups are not significant, given the
overlaps in the 95 percent confidence intervals.

Subsample model results

Given the significance of certain individual characteristics in determining WTP, as
shown in the baseline model results in Table 4, we further investigate whether there
is heterogeneity in the treatment effects across these individual characteristics.
Specifically, we re-estimate the baseline DBDC model (1) on subsamples stratified by
subjects’ age, the average per person check of last month’s restaurant visits, environ-
mental awareness, time preferences, and economic views. It is important to examine
what the treatment effects are in the subsamples because nudges might affect different
groups differently. For example, younger individuals who are already aware of and con-
cerned about the impact of climate change might not respond to climate change infor-
mation in the survey.

Age and NEP subsample groups are stratified by the 25th and 75th percentiles. That
is, subjects with age (NEP value) below the 25th percentile, that is, 31 years old (an NEP
value of 56), are in the young (high environmental awareness) subsample, and subjects
with age (NEP value) above the 75th percentile, that is, 60 years old (an NEP value of
74), are categorized in the old (low environmental awareness) subsample. Time prefer-
ences are measured by the CFC-I (intermediate) subscale and the CFC-F (future) sub-
scale. Respondents with a CFC-I score above the 75th percentile, that is, 5.29, are in the
present-oriented subsample, while respondents with a CFC-F score above the 75th per-
centile, that is, 5.71, are in the future-oriented subsample. Economic view is a categor-
ical variable with seven categories ranging from extremely liberal to extremely
conservative. Consumers who identify themselves as extremely economically liberal, lib-
eral, slightly liberal, that is, categories 1, 2, and 3, are in the economically liberal sub-
sample. Respondents who self-identified as extremely economically conservative,
conservative, and slightly conservative, that is, categories 5, 6, and 7, are in the econom-
ically conservative subsample.

The subsample results, presented in Table 6, reveal the existence of heterogeneity in
treatment effects across different subsamples based on individual characteristics. First,
the results of age subgroups show that younger consumers do not respond to either
treatment, but the older subgroup reacts to the default nudge. Second, neither nudge
changes the behavior of individuals with low environmental awareness. However, for
people who are already environmentally conscious, being exposed to information on cli-
mate change increases their WTP. Third, regardless of respondents’ time preferences,
both nudges significantly increase WTP. Fourth, the information nudge lifts WTP
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for economically liberal individuals, while the default nudge has no impact on their
likelihood of sponsoring agricultural carbon emission reduction. On the other hand,
it is the opposite of economically conservative respondents. Receiving the default
nudge significantly increases their WTP, but the information nudge does not have
any impact. Finally, both nudges significantly raise the WTP of consumers who go
to lower-end restaurants but have no impact on consumers visiting high-end
restaurants.

Conclusions

This article offers the first willingness-to-pay estimates of restaurant surcharges sup-
porting agricultural carbon emission reduction programs. We provide empirical evi-
dence of the extent to which individuals are willing to pay to reduce their carbon
emissions by way of an optional surcharge on their restaurant checks. We find that
respondents on average will pay 6.05 percent. Furthermore, though not significant
according to the Krinsky and Robb bootstrapping procedure, WTP differences by

Table 6. Default and climate change information treatment effect across subsamples

Young Old

Default 0.36 (0.78) 1.64 (0.52)***

Climate change info 0.40 (0.86) 0.8 (0.54)

Observations 305 312

Low environmental awareness High environmental awareness

Default 1.17 (0.86) 0.86 (0.69)

Climate change info 0.01 (0.87) 1.40 (0.69)***

Observations 339 316

Present-oriented Future-oriented

Default 1.50 (0.80)*** 2.11 (0.80)***

Climate change info 2.51 (0.79)*** 2.03 (0.87)**

Observations 278 332

Economically liberal Economically conservative

Default 0.16 (0.62) 1.86 (0.67)***

Climate change info 1.43 (0.61)** 0.14 (0.67)

Observations 425 413

Low-average restaurant check High-average restaurant check

Default 1.53 (0.55)*** 0.68 (0.92)

Climate change info 1.10 (0.55)** −0.72 (0.95)

Observations 591 208

Note: This table presents the parameter estimates and standard deviations (in parenthesis) for the default and the
information nudges on 10 subsamples based on consumers’ age, environmental awareness, time preferences, and
economic views.
***p < 0.01, **p < 0.05, *p < 0.1.
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treatment groups were as predicted. Individuals exposed to both default and informa-
tion nudges have the highest WTP on average.

Factors influencing WTP are especially important. First, nudges appear to effectively
alter individual WTP. Our results show that respondents who receive information
regarding climate change during the survey are more willing to pay for a carbon reduc-
tion program than those not receiving it. Framing the surcharge as a default option sig-
nificantly raises WTP, suggesting that appropriate nudges are cost-effective behavior
determinants.

Individual demographics such as age and marital status play an important role in
WTP. Older individuals have a significantly lower WTP than the young. Divorced
respondents are more likely to pay to reduce their carbon emissions than married
ones are. While political views have no significant impact, economic views do.
Economically conservative customers are less likely to pay a surcharge than economi-
cally liberal ones.

Second, environmental attitudes and time preferences determine WTP.
Unsurprisingly, those with high environmental awareness are willing to pay considerably
more to lower carbon emissions. Moreover, future-oriented individuals tend to pay more
for agricultural carbon emission reduction programs than present-oriented individuals.

Our results show the treatment effect is heterogeneous based on several individual
characters. Depending on certain individual characteristics including age, environmen-
tal awareness, average check per person during last month’s restaurant visits, and eco-
nomic views, consumers in the subsamples respond to default and information nudges
differently. First, a default nudge has a significant impact on older consumers’ WTP,
while neither treatment affects the young’s WTP. Second, information on climate
change increases WTP for individuals with high environmental awareness. Third,
regardless of consumers’ time preference, both default and information nudges are
effective in lifting their WTP. Fourth, information treatment significantly increases eco-
nomically conservative consumers’ WTP. Finally, high-end restaurant goers are not
affected by default and information nudges, but low-end restaurant consumers are.

One limitation of our analysis is that hypothetical bias is difficult to avoid using a
stated preference survey. Our use of both “cheap-talk” and “consequentiality” scripts
is not an ideal choice, since cheap talk reminds respondents of the hypothetical nature
of their choices, while the consequentiality script emphasizes the real consequences in
the responses. The two might negate each other’s effects.

Policymakers will benefit from considering these conclusions in the design of carbon
reduction policy and the evaluation of climate-change regulatory proposals. An under-
standing of the significant role that socioeconomic characteristics and social context
play in WTP formation is particularly important for policy design. We have illustrated
ways in which policy instruments such as default options and other information nudges
can significantly influence program participation behavior.

Restaurants that would choose to implement such a program, and particularly those
that would employ a default surcharge, are likely to perceive a competitive benefit in
doing so. Adopting such a program, advertising it, and sharing the amount of carbon
offset that the restaurant has achieved through the program could be an effective mar-
keting campaign to attract people seeking environmentally responsible ways to eat. Our
results show that a majority of the population draws utility from contributing to offset-
ting food-related emissions. It makes many people feel good to assuage the eco-guilt
connected to the food they eat by paying the surcharge, even if it is high. Restaurants
could deem this valuable to their business. And even if diners do not pay the surcharge,
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the option to pay the surcharge may attract people to the restaurant because they
believe the restaurant itself is environmentally friendly, or because they think they might
pay the surcharge, or because their companions might want to contribute to the cause.

Collectively, our results reinforce the credibility and feasibility of restaurant sur-
charge programs for reducing domestic food-related carbon emissions. With average
WTP estimated at roughly one-third the size of customary restaurant server tips in
the United States, our findings suggest that such a program could transfer a meaningful
amount of the food-carbon reduction burden to consumers that farmers currently
shoulder. For future research, it will be useful to extend our analysis to further measure
cross-restaurant variations in demographic type, influencing, in turn, the carbon
reduction funding to be expected from these voluntary surcharge programs in a
given restaurant type. In addition, since the collected funds are eventually transferred
to farmers, individuals who work in agricultural sectors may be more willing to pay
for the surcharge. It is also beneficial to investigate if individuals’ backgrounds affect
their WTP.

Supplementary material. The supplementary material for this article can be found at https://doi.org/10.
1017/age.2021.7.

Data availability statement. Replication materials are available in the GitHub WTP-Carbon-Reduction
repository at https://github.com/dedelong/WTP-Carbon-Reduction.
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