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Valuing Sustainability in China’s Pork Market:
Evidence from a Discrete Choice Experiment

Abstract:

This paper studies how information and framing shape consumers’ preferences of sustainability attributes in China’s
pork market, and whether information-induced preference shifts persist over time. We implement a discrete choice
experiment with pork consumers in Beijing and Shanghai (N = 887), varying price and three attributes, carbon
footprint, water pollution, and animal welfare. The experiment embeds three randomized interventions designed to
map onto distinct behavioral channels: child-related framing, health warning-style tips displayed within choice sets,
and a two-stage design that introduces a time gap between information exposure and the choice tasks. Mixed logit
estimates show targeted preference shifts consistent with these channels. Child-related framing reduces price
sensitivity and strengthens aversion to high water pollution. Health tips increase aversion to low animal welfare, with
effects concentrated among respondents with weaker baseline healthy-eating habits. By contrast, carbon-footprint
valuations decay as the information-to-choice gap lengthens, suggesting limited durability for more abstract attributes.
WTP estimates imply economically meaningful premia for sustainability improvements, particularly for reducing
water pollution. Overall, the results provide experimentally identified evidence on when information interventions
shift multi-attribute sustainability valuations, for whom, and how durable those shifts are, with implications for the

timing and design of sustainability labeling and nudging policies.
JEL No. D61; Q51; Q18
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Introduction

Transforming food systems has become central to global climate and public health goals, as current production
and consumption patterns generate substantial environmental pressures and long-term health risks (Fesenfeld et al.,
2020, Webb et al., 2020). Within the food system, the meat sector stands out as particularly unsustainable. Livestock
production accounts for 14.5% of global greenhouse gas emissions (Gerber et al., 2013), occupies a disproportionate
share of land and water resources (Poore and Nemecek, 2018), and high red meat consumption is associated with
chronic health risks (Bouvard et al., 2015, Wang and Beydoun, 2009, Pan et al., 2012). As a result, shifting meat

consumption patterns has emerged as a critical demand-side lever for food system transformation.

China provides a particularly salient context for studying sustainable meat consumption. Meat intake has risen
steadily with income growth in China, increasing from 16.4 kg per capita in 1990 to 31.5 kg in 2021, with pork
dominating the diet at 23.7 kg per capita (OECD-FAO, 2021). Excessive meat intake has been increasingly implicated
in diet-related chronic disease risks in China, including rising overweight and obesity rates (Chinese Nutrition Society,
2021). At the same time, the scale of pork production implies that China’s pig sector contributes nearly one-third of
global pork-related emissions and is associated with severe water pollution from manure mismanagement (Zhanli and
MULLER, 2021, Jin et al., 2022). The joint burden of environmental degradation and meat-related chronic health risks
makes pork consumption in China an informative setting for analyzing how demand-side policies could guide
consumers toward more sustainable meat choices, yet empirical evidence on Chinese consumers’ preferences and

willingness to pay (WTP) for sustainability-related pork attributes remains limited.



This study conducted a discrete choice experiment (DCE) embedded survey in Beijing and Shanghai to elicit
consumer preferences and WTP for carbon footprint, water pollution, and animal welfare associated with pork
products. As a stated preference (SP) method, a DCE elicits valuations for non-market attributes by experimentally
varying product characteristics across alternatives, supporting causal interpretation of attribute trade-offs (Carlsson,
2010, Angrist and Pischke, 2010, Scarpa and Rose, 2008). While SP methods have been widely used in environmental
and health policy evaluation (Kling et al., 2012, Jin et al., 2020, Hanley and Czajkowski, 2019), a recurring concern is
that stated preferences may be sensitive to informational context and survey conditions (Andersson et al., 2016, Lim
and Hu, 2023, Penn et al., 2024). This concern is especially relevant when goods are unfamiliar and attributes are
information-intensive: the constructed-preference perspective suggests that individuals may form preferences during
decision-making rather than simply revealing stable, pre-existing tastes (Gregory et al., 1993). In such settings,
situational cues and framing can shape stated choices without necessarily undermining SP validity, because
preferences may legitimately depend on the information and evaluation context for unfamiliar trade-offs (Matthews et
al., 2017). A growing literature therefore examines how information provision and framing shift choices and inferred
preferences (Howard and Salkeld, 2009, Kragt and Bennett, 2012, Luisetti et al., 2011, Faccioli and Glenk, 2022).

Sustainable meat choices are a particularly demanding case: sustainability attributes combine credence features
with public-good characteristics, and the primary beneficiaries of environmental improvements and emissions
mitigation are often temporally and socially distant from current purchasers. This complexity implies two policy-
relevant questions. First, which forms of information and framing meaningfully shift valuations across multiple
sustainability dimensions, and for which consumers? Second, do information-induced preference shifts persist, or do
they decay as time elapses between information exposure and choice? Despite the prominence of information-based
labeling and nudges in policy discussions, relatively little evidence speaks to these mechanism-specific questions in

the context of meat consumption.

To address them, we embedded three randomized treatments in the DCE that map onto three behavioral channels.
First, a child-related framing prompt is delivered to respondents with minors in the household, encouraging them to
consider pork choices for their children; by shortening social distance, this intervention is intended to activate
intergenerational altruism (Zaval et al., 2014). Second, a health-tips treatment presents brief health warning labels
within each choice set to increase salience and attention at the point of choice, consistent with salience-based theories
of decision-making (Bordalo et al., 2013) and related evidences on health warnings and meat purchases (Taillie et al.,
2021, Taillie et al., 2023). Third, a two-stage pre-education design introduces a time gap between exposure to
sustainability-related information and the subsequent choice tasks, enabling a direct test of whether information-
induced valuation changes persist or attenuate over time (McKenzie et al., 2019, Rigby et al., 2016, Matthews et al.,
2017). Together, these interventions form a randomized, factorial design embedded within a stated-choice setting,
allowing us to link treatment effects to distinct mechanisms—intergenerational altruism, cognitive attention, and

temporal persistence—while estimating preferences and WTP for multiple sustainability attributes.

Our results provide three main findings. First, baseline preference-space mixed logit estimates indicate that
consumers in Beijing and Shanghai, on average, value sustainability improvements in pork products: they prefer lower
water pollution, higher animal welfare, and lower carbon footprint, with considerable heterogeneity in valuations
across individuals. Second, the randomized treatments generate targeted preference shifts consistent with their
intended channels. Child-related framing primarily reduces price sensitivity and strengthens parents’ aversion to high
water pollution, suggesting that intergenerational framing can alter the willingness to trade off sustainability against

cost. Health tips increase aversion to low animal welfare, with effects concentrated among respondents with weaker



baseline healthy eating habits, suggesting that the health warning format increases salience and attention particularly for
consumers who would otherwise place less weight on health-related information. Third, we find evidence of information
decay: as the pre-education gap lengthens, preferences for low-carbon options weaken, consistent with the view that
valuations for complex sustainability attributes partly reflect preference construction at the time of information
exposure rather than fully stable underlying tastes. We further use observable characteristics and a latent-class model

to identify which consumer groups drive the observed preference heterogeneity.

In sum, this study contributes to the literature in two ways. First, it provides experimentally identified evidence
on which information-based interventions shift sustainability valuations for pork in China, through which behavioral
channels, and for which consumers. Second, by exploiting variations in the timing between information exposure and
choice, it offers direct evidence on the durability of information-induced preference shifts in a high-complexity, multi-

attribute consumption domain, with implications for the design and evaluation of sustainability nudging policies.

The rest of this paper proceeds as follows. Section 2 describes the survey and choice experiment design, and
Section 3 describes the empirical model. In Section 4 we describe the results. In Section 5 we provide a discussion and

conclusion of our results.

2. The choice experiment
2.1 Survey structure and administration

We designed a survey to elicit individual preferences and WTP for sustainable pork products. Data collection was
conducted online via the Credamo platform from September to December 2024. Respondents in Credamo were
recruited from a nationally representative panel comprising three million randomly selected internet users across all
China provinces. To ensure sample representativeness, we restricted our respondents to residents of Beijing and
Shanghai, two cities exhibiting the highest internet penetration rates nationwide'. Eligible respondents were pork
consumers aged 20 or older, non-students, who indicated making frequent or occasional pork purchase decisions for
their households. These respondents were expected to be familiar with pork products and thus capable of representing
broader pork consumer preferences. Our final sample consisted of 887 respondents—445 from Beijing and 442 from
Shanghai—stratified by age according to the respective age structures of the total populations in Beijing and Shanghai,

further reducing potential sampling bias®.

After an introductory statement emphasizing the policy relevance and consequentiality of respondents’ answers
(Vossler et al., 2012), the survey proceeded through six sections. The first section assessed respondents’ pork
consumption habits and served as a screening stage; respondents who did not consume pork, or seldomly or never
purchased pork were excluded. A trap question was also included to screen out inattentive respondents. The second
section evaluated respondents’ aversion towards meat consumption risk, specifically the perceived importance of
potential negative consequences from poor food choices, which has been shown to significantly influence WTP in
previous studies (Hung et al., 2016, Verbeke and Vackier, 2004). This section also measured respondents’ concern for

environmental sustainability, healthy diets, and animal welfare. Each aspect was assessed using four questions: two

! By the end of 2016, the internet penetration rate in Beijing and Shanghai was 78% and 74% respectively (https:/www.cac.gov.cn/2018-
02/02/c_1122359259.htm, link checked 2025-07-15). In the Credemo panel 8% of the total three million panelists were from Shanghai, and
about 9% were from Beijing. For more information about Credemo and the panel, see https://www.credamo.com/#/samples, link checked 2025-
07-15.

2 The age distribution data were obtained from the Seventh National Population Census. See
https://www.stats.gov.cn/sj/pesi/rkpe/7rp/zk/indexch.htm, link checked 2025-07-25.
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positively framed and two negatively framed, to mitigate potential response bias. All questions were rated on a 7-point
Likert scale. Sections 3 and 4 formed the core of the survey and are described in detail in Section 2.2 and 2.3. Briefly,
Section 3 provided a tutorial on the environmental and animal welfare impacts of pork production and consumption,
clearly defining concepts such as carbon footprint, water pollution, and animal welfare. Section 4 contained the CE

part. Section 5 elicited respondents’ socio-economic and demographic characteristics.

2.2 Choice task design

In the CE section, respondents were asked to choose between two pork tenderloin products (which is widely and
frequently consumed in Chinese families) with different levels of price, carbon footprint, water pollution, and animal
welfare, and an opt-out choice, which if omitted may cause respondents to be forced to make unreal choices thus

distorting their actual preferences (Lusk and Schroeder, 2004).

Pork tenderloin prices were informed by April 2024 price observations from major Chinese e-commerce
platforms, namely Dmall, Fresh Hema, Jingdong Daojia, and Dingdong Maicai. Four price levels (12, 18, 26, and 32
yuan per 500g) were selected to reflect the observed range from conventional to organic products, in line with the
number of levels commonly adopted in prior studies. The carbon footprint attribute was presented as product-level
CO:-equivalent emissions, using absolute values and color-coded labels (green, yellow, red) to facilitate intuitive
comparisons, in line with prior findings that consumers prefer simple, scale-type, and visually salient environmental
labels (Hartikainen et al., 2014, R66s and Tjarnemo, 2011). Carbon footprint values were informed by life-cycle
assessment studies on pork production in China (Luo et al., 2015, Liu and Nie, 2022), and three levels of total carbon
footprint per pig were established: 125, 500, and 1000 kg CO--eq. To reduce cognitive burden for respondents, water
pollution was presented with distinct levels: high pollution, where nearby water bodies are visibly turbid with a
distinct odor, and low pollution, where water bodies are clear and odorless. The animal welfare attribute incorporated
key dimensions commonly emphasized in both regulatory frameworks, including activity space, outdoor access, and
veterinary care (Thorslund et al., 2017). Three levels were defined: low welfare, where pigs are raised indoors with 1
m2 of space and receive basic veterinary care; medium welfare, involving larger indoor space (5 m?) and regular
health monitoring; high welfare, which adds free outdoor access, pain-free surgical treatment, and enhanced veterinary

protocols. Summary of product attributes is shown in Table 1.

Table 1. Summary of pork tenderloin product attributes

Attribute Level Description in English
Level 4 32 yuan/500g

Level 3 26 yuan/500g

Price
Level 2 18 yuan/500g

Level 1 12 yuan/500g

Carbon High 1000 kg CO; per pig

footprint Medium 500 kg CO; per pig

Low 125 kg CO; per pig
Water High Water body near the pork production area is turbid and has a distinct odor
pollution Low Water body near the pork production area is clear and odorless
Animal High Pigs have free access to outdoor fences, which allows them to run and play freely. In
welfare addition to necessary epidemic diagnosis and treatment, daily inspection and a timely

diagnosis and treatment of sick pigs are also provided. Pain-free surgery is given to reduce




pain unrelated to the disease.

Medium Pigs are bred in stables with a per capita space of 5 m?, which allows them to move around.
In addition to necessary epidemic diagnosis and treatment, daily inspection and a timely
diagnosis and treatment of sick pigs are also provided.

Low Pigs are bred in stables with a per capita space of 1 m?, which is hard for them to move
around. Necessary epidemic diagnosis and treatment are provided.

Prior to the CE, respondents were presented with a “cheap talk” script aimed at mitigating hypothetical bias by
prompting them to consider real-world budget constraints (Cummings and Taylor, 1999). In everyday food choices,
consumers are also influenced by attributes such as freshness, nutrient content, color, and taste. To reduce potential
bias arising from the omission of these factors, the script clarified that the pork products presented in the choice tasks
are assumed to be equivalent to respondents’ regular purchases in all respects except for carbon footprint, water

pollution and animal welfare attributes.

A D-efficient design was generated using Ngene to construct 12 choice sets, each containing two product
alternatives. This number is well within the recommended range to avoid information overload (Allenby and Rossi,
1998). To enhance the realism of product profiles, we imposed attribute bundling constraints in the Ngene
experimental design. Specifically, high animal welfare levels were restricted from appearing alongside the lowest
price levels, and combinations of high welfare with medium or high environmental performance were only permitted
at the highest price point. This reflects real-world production trade-offs, where improvements in animal welfare and

environmental protections are typically associated with increased costs.

The presentation format of attributes in a choice experiment can influence respondents’ preferences and WTP.
Prior research shows that attributes displayed in text format tend to yield more significant effects compared to visual
shelf simulations with figures and logos, potentially due to respondents’ heightened attention to textual cues in survey
settings (DeLong et al., 2021). To mitigate such overestimation, our survey employed shelf-style visual displays and
labeling logos for each attribute. An example of a choice set is shown in Figure 1. In each set, the “opt-out” alternative

was fixed on the right-hand side, while the positions of the two product alternatives were randomized.
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Figure 1. Example of choice set

2.3 Treatment design and Hypotheses

To identify whether information-based interventions can shape consumers’ preferences for sustainability
attributes in pork products, we embedded three randomized treatments in the discrete choice experiment (DCE). Each
treatment is motivated by a distinct behavioral channel: intergenerational altruism through shortened social distance
(Zaval et al., 2014), salience-driven attention at the point of choice (Bordalo et al., 2013), and temporal persistence of
information-induced preference changes (McKenzie et al., 2019, Rigby et al., 2016, Matthews et al., 2017). Together,
they form a randomized, factorial design within a stated-choice setting, allowing us to test mechanism-linked

hypotheses while estimating preferences and WTP for multiple sustainability attributes.

2.3.1 Child-related framing

Design. The Children Treatment targets respondents living with at least one minor (under age 18). Prior to the
choice tasks, eligible respondents were randomly assigned to a treatment or control condition. Treated respondents
received a framing prompt asking them to imagine selecting pork for preparing a meal for their child. The prompt was
shown immediately before the DCE and repeated at the top of each choice set. Among respondents with minors in the

household, 56.24% were assigned to the treatment condition, consistent with successful randomization.

Rationale. A central challenge in climate and environmental decision-making is that many benefits accrue to
future generations, creating “social distance” between current decision-makers and those affected by future impacts
(Zaval et al., 2014). In the context of sustainable pork consumption, this implies that environmental improvements
(e.g., reduced carbon footprint and water pollution) may be undervalued if consumers perceive them as remote or
abstract. Child-related framing is intended to bridge this distance by activating intergenerational altruism, which is an
idea long formalized in economics where children’s utility enters parents’ objective function (Becker and Barro, 1988,
Birchenall and Soares, 2009). Existing evidence on child-related framing in pro-environmental contexts is mixed

(Fornwagner and Hauser, 2022, Shrum, 2021, Wickramasekera et al., 2026, Svenningsen and Thorsen, 2020), and



evidence in food contexts remains relatively limited, despite the fact that parents play a central role in shaping
children’s diets globally (Scaglioni et al., 2018, Yuan et al., 2024). This motivates testing whether child-related

framing shifts parents’ trade-offs in sustainable meat choices.
Testable hypotheses in the choice model:

Hla (reduced price sensitivity). Among households with minors, child-related framing reduces price sensitivity
(i.e., makes the price coefficient less negative), consistent with stronger willingness to trade off cost against desirable

attributes when choices are framed as affecting one’s child.

H1b (stronger preference of sustainability improvements). Child-related framing increases the marginal utility
for sustainability improvements, specifically lower water pollution, higher animal welfare, and lower carbon footprint,

relative to the control group, reflecting greater weight placed on longer-run and intergenerational consequences.

2.3.2 Health Tips Treatment

Design. All respondents were randomly assigned to either a treatment or control group. Treated respondents
received a brief health-tips prompt prior to the DCE emphasizing potential health risks associated with pork
overconsumption (e.g., overweight, cardiovascular disease, diabetes). In addition, each product alternative in treated
respondents’ choice sets displayed a health-tips logo (Figure 2). The label adopted a black octagonal shape with white
text, a format commonly used in health-communication and warning-label contexts and shown to attract attention
more effectively than standard rectangular designs (Grummon et al., 2019, Taillie et al., 2020). Overall, 51.75% of the

sample was assigned to the treatment condition.

Rationale. In sustainable food contexts, many attributes (environmental impacts, welfare standards) are
credence-based and may not be salient at the moment of choice. Salience-based theories predict that making a
dimension more attention-grabbing can shift decision weights and observed trade-offs (Bordalo et al., 2013). In policy
practice, salient warnings have been used to shape food choices, including government-mandated nutrition warnings.
Prior evidence also suggests that health warnings can reduce meat purchases (Taillie et al., 2021, Taillie et al., 2023).
However, beyond average treatment effects, an important concern is targeting: if nudges mainly affect individuals
already attentive to health, they may distort choice variance without improving welfare (Allcott et al., 2025). This

makes it empirically important to test both overall preference shifts and heterogeneity by baseline health orientation.
Testable hypotheses in the choice model:

H2a (stronger preferences for “better” attribute levels). Treated respondents exhibit stronger aversion to
undesirable attribute levels (e.g., high water pollution, low animal welfare, high carbon footprint), reflecting increased

processing of product information under heightened salience.

H2b (heterogeneous effects by baseline health orientation). Treatment effects are larger among respondents

with weaker baseline healthy-eating habits or lower baseline health attention.
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diseases diseases

Figure 2. Example of choice set with health tips

2.3.3 Pre-Education Treatment

Design. To test whether information-induced preference changes persist over time, we implemented a two-stage
survey design for a subset of respondents. Treated respondents first completed an educational module (Section 3 of the
original survey) introducing key sustainability concepts relevant to pork production, including carbon footprint, water
pollution, and animal welfare. They then completed the DCE (Section 4) after a period; the questionnaire content was
identical except for the imposed time gap between the education and choice tasks, which is their own decision about
when to finish the second part after receiving reminders. Due to attrition inherent in two-stage designs, approximately
40% of the total sample received this treatment. Among treated respondents, the gap between stages ranged from 3.96
to 54.62 days, with a mean delay of 20.18 days.

Rationale. Many stated-preference studies expose respondents to information and elicit choices immediately,
implicitly assuming stable and durable preference shifts. Yet evidence from longitudinal test—retest designs suggests
that information-induced changes can be mixed and may attenuate over time (McKenzie et al., 2019, Rigby et al.,
2016, Matthews et al., 2017). Our design differs from within-sample test—retest comparisons by creating a between-
sample contrast in elapsed time since information exposure, allowing time to enter the empirical model directly as a

continuous moderator of treatment intensity.
Testable hypotheses in the choice model:

H3a (information decay over time). The education effect attenuates as the time gap increases. Empirically,
interactions between the sustainability attributes and the gap length should move coefficients toward the baseline

(non-treated) level as days since exposure increase.

H3b (stronger decay for more abstract attributes). Decay is expected to be larger for conceptually complex or

less experience-based attributes (e.g., carbon footprint) than for attributes more readily interpretable in everyday terms



(e.g., or animal welfare), consistent with the view that valuations for complex credence attributes partly reflect

preference construction at the time of information exposure rather than fully stable tastes.
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Figure 3. Discrete choice experiment design and randomized treatments

2.3.4 Mapping hypotheses to estimation

In the empirical specification, HI-H2 are tested via interactions between dummy treatment indicators and the
DCE attribute levels, while H3 is tested using interactions between attribute levels and the continuous gap length
among the pre-education group. This structure allows direct tests of (i) whether each intervention shifts marginal

utilities in the predicted direction and (ii) whether those shifts are consistent with the intended behavioral channels.

3 Empirical methods
3.1 Random utility model

Random utility theory assumes that individuals act rationally and select the alternative that yields the highest
utility (McFadden, 1981). Our economic analysis starts from a random utility model with utility U, for respondent
n to choose alternative j from J = 3 alternatives (two pork tenderloin products and the opt-out alternative) in choice

situation ¢ from a total of 7= 12 choice sets, see equation (1).

Unjt = ant + Enjt (1
The observed part of utility (Vy,;;) is defined as.
ant =asc+ ﬁlpricenjt + ﬁZCFlownjt + ESCFmediumnjt
+ BuWPiow,,;, + BsAWhign,, ;, 2)
+ ﬁ6AWmediumnjt + Enjt
Where asc is an alternative-specific constant for the opt-out alternative, CFow, CFneqivm> WPiow, AWhign and
AW, eqium are short for different levels of carbon footprint, water pollution and animal welfare attributes. 1,k =

1, ..., 6 are the attribute parameters to be estimated, which represent the marginal utility associated with the attributes.

The unobserved part of utility &, was considered to an IID type I extreme value.

The marginal WTP (MWTP) for a non-monetary attribute is the marginal rate of substitution (MRS) between that



attribute and the price attribute. It reflects the amount of money a respondent is willing to forego for a marginal
improvement in the given attribute, holding utility constant. Under the assumption of a linear utility specification,
MWTP is calculated as the negative ratio of the attribute’s estimated coefficient to the price coefficient. For example,

the MWTP for CFy,,, attribute is given by:

MWTP = — & 3)

B

3.2 Estimation process

First, we employed a mixed logit model (MXL) to account for preference heterogeneity across respondents
(Revelt and Train, 1998). Estimation was conducted using the Apollo package in R (version 4.4.3). All attribute
parameters were specified as random and estimated using 5,000 modified Latin hypercube sampling (MLHS) draws.
Compared to Halton draws, MLHS is better suited for models with more than five random coefficients and can
mitigate collinearity issues more effectively (Bhat, 2003, Hess et al., 2006). The price coefficient was assumed to
follow a negative lognormal distribution to ensure a non-positive WTP, while other attribute coefficients were
modeled as normally distributed. To test our hypotheses and explore how consumer characteristics influence
preferences, we included interaction terms between treatments and product attributes, as well as between consumer

characteristics and product attributes. These interaction terms were treated as fixed parameters.

To maintain realism in the stated-choice task, the experimental design incorporated a small number of attribute-
bundling restrictions to ensure economically plausible product profiles and to reflect real-world cost trade-offs
between price and sustainability improvements. Specifically, high animal-welfare levels were not paired with the
lowest price level, and combinations of high animal welfare with medium or high environmental performance were
only allowed at the highest price point. Importantly, these constraints are limited in scope and price features four
levels, so most attribute combinations remain available and the design retains substantial independent variation. At the
same time, bundling can induce correlation among a subset of attribute indicators and their interaction terms,
potentially inflating standard errors and reducing precision for some estimates. We therefore interpret results within
the range of product profiles presented in the experiment and avoid extrapolating to combinations that were

intentionally excluded by design.

As a complementary approach to further examine preference heterogeneity, we estimated a latent class (LC)
model, which assumes a discrete distribution of preferences across a finite number of classes while remaining
homogeneous within each class (Greene and Hensher, 2003). By comparing class-specific preferences and respondent
characteristics, we assess whether preference varies systematically across groups with different sociodemographic

profiles.

All models adopt dummy coding for attribute levels so that each coefficient is interpreted relative to an explicit
reference level. Dummy and effect coding are alternative normalizations that can be transformed into one another
without changing model fit or implied trade-offs; we use dummy coding primarily for interpretability and to present

results as discrete improvements over a clearly defined baseline (Hu et al., 2022).



4 Results

4.1 Sample characteristics

Table 2 compares the Beijing (n = 445) and Shanghai (n = 442) survey samples with the corresponding city
populations. The samples are skewed toward women (68.0% in Beijing and 66.5% in Shanghai). This pattern is
mechanically linked to the screening criterion that respondents must be responsible for household pork purchase
decisions and is consistent with the gendered division of food purchasing responsibilities in China.

Relative to city populations, respondents are substantially more educated and younger, which aligns with
common selection patterns in online survey recruitment. In both cities, about 62% of respondents hold a bachelor’s
degree, and an additional 22 to 25% hold a master’s degree, exceeding population averages. The age distribution is
concentrated between 20 and 50, with limited representation of those aged 50 to 60 (below 1.2% in both cities), which
is very hard to recruit online. The samples are also predominantly urban (about 96%), and nearly all respondents
report being employed (about 99%). Marital composition differs moderately from the population benchmarks, with a
higher share of single respondents in both cities (33.3% in Beijing and 23.7% in Shanghai).

Overall, the comparison suggests that our estimates primarily reflect the preferences of younger, urban, highly
educated, and actively employed primary grocery shoppers in Beijing and Shanghai, so the results should be
interpreted as most directly informative for demand-side labeling and information policies targeted at mainstream

household food purchasers rather than as fully population-representative citywide averages.

Table 2. Sample demographics

L. Beijing Sample Beijing Shanghai Sample Shanghai
Description
(n=445) Population (n=442) Population
Male 32% 51.14% 33.48% 51.77%
Gender
Female 68% 48.86% 66.52% 48.23%
Primary
0.00% 11.25% 0.45% 12.72%
School
Junior High
0.22% 24.95% 0.23% 30.86%
School
senior high
school and
technical 2.02% 18.84% 4.07% 20.29%
secondary
Education school(H %)
Junior College
8.09% 9.95%
(K%)
Bachelor's
61.80% 61.76%
degree
44.96% 36.13%
Master's
24.94% 21.72%
degree
Doctor's
2.92% 1.81%
degree
Employment Employed
99.10% 48.54% 98.87% 52.36%

status (full-time/part-



time/self-

employed)
Unemployed 0.22% 0.23%
Retired 0.22% 0.23%
51.46% 47.64%
In education 0.00% 0.00%
Others 0.45% 0.68%
M | Single 33.26% 20.79% 23.71% 18.23%
arita
cat Married 65.62% 72.25% 75.12% 65.30%
status
Others 1.12% 6.96% 1.17% 16.47%
20-30 29.05% 21.72% 27.27% 23.38%
A 30-40 42.79% 32.35% 41.82% 31.66%
e
& 40-50 27.70% 22.41% 29.77% 22.84%
50-60 0.45% 23.52% 1.14% 22.11%
Place of Urban 95.96% 81.08% 96.15% 79.90%
residence Others 4.04% 18.92% 3.85% 20.10%
Eh ethic Han 97.08% 95.21% 98.88% 98.39%
thnicit
y others 2.92% 4.79% 1.12% 1.61%

4.2 Baseline mixed logit results

Table 3. The result of mixed logit model.

MNL MXL
. Mean
Coefficient . Std. Dev.
Coefficient
(Std. Err.) (Std. Err.) (Std. Err.)
Price? -0.0584*** -2.717*** 1.105%**
(0.002) (0.083) (0.049)
CFrnedium” 0.413%%* 0.639%** -0.110
(0.035) (0.051) (0.106)
CFiow 0.547*** 0.811%*** 0.774%%*
(0.036) (0.063) (0.078)
WPiow 1.635%** 2.774%%* 1.676***
(0.034) (0.096) (0.081)
AWnedium 0.729%** 1.030%** 0.022
(0.040) (0.056) (0.055)
AWhigh 0.987*** 1.463*** 0.843***
(0.049) (0.076) (0.087)
opt out 0.0674 -0.863*** 3.600%**
(0.057) (0.215) (0.202)
Number of individuals 887 887
Number of obersvations 31932 31932
Log Likelihood -9614.26 -8240.80
AIC 19242.52 16509.60
BIC 19293.42 16611.42

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
a. The price coefficient is specified as a negative lognormal distribution.

b. All other random coefficients in MXL follow normal distributions.

We first estimate a baseline mixed logit model without interaction terms to capture average preferences and

heterogeneity in respondent choices. Table 3 presents the estimation results. The price coefficient is negative and



statistically significant at 1% level, as expected, indicating that higher prices reduce the likelihood of product
selection. The price coefficient follows a negative lognormal distribution. Based on the estimated log-space
parameters (mean = -2.717; standard deviation = 1.105), the implied mean coefficient in utility space is approximately
—0.121. This value was used to compute MWTP for the non-price attributes, analyzed later in Section 4.5. All
sustainable pork attributes show positive and statistically significant effects on utility. Respondents exhibit strong
preferences for lower carbon footprint, reduced water pollution, and higher levels of animal welfare, with increasing
coefficients from medium to high. The standard deviations for CFiow, WPiow, and AWhg, are relatively large compared
to their respective mean coefficients, which indicates that while the average utility impact of these attributes is
positive, respondents differ greatly in how much they value them. The presence of such heterogeneity justifies the use
of a mixed logit specification over a standard conditional logit model. In addition to these patterns of attribute-specific
preferences, the opt-out alternative is associated with a negative and significant coefficient, implying that respondents

generally prefer selecting one of the pork options over making no purchase.

4.3 Treatment Effects and Preference Heterogeneity

Table 4 reports mixed logit estimates that incorporate interaction terms to identify how each randomized
treatment shifts preferences over product attributes. The estimates indicate that the three interventions affect choice

behavior through distinct channels, consistent with the behavioral mechanisms discussed in the treatment design.

In Model 1, child-related framing meaningfully alters both the valuation of high water pollution and the cost
trade-off. Relative to the control group, treated respondents exhibit a stronger aversion to high water pollution
(WPpign X child framing = —0.152,p < 0.10) and a substantial reduction in price sensitivity
(Price X child framing = —0.749,p < 0.01). Because the price coefficient is specified as negative lognormal and
the interaction enters inside the exponential, this estimate implies a multiplicative shift in mean price sensitivity: the
absolute value of the implied mean price coefficient under child framing is e~%74% ~ 0.47 times that of the control
group. Interpreted jointly, these effects suggest that prompting respondents to consider pork choices for children
increases the willingness to trade off price for sustainability improvements, and in particular strengthens avoidance of
profiles associated with severe water-pollution consequences. These patterns align with the hypothesized

intergenerational altruism mechanism.

A practical concern for nudge-style interventions is whether effects are concentrated among individuals who were
already attentive to sustainability, which could distrot choice variation without improving decision quality and, in
principle, generate welfare losses (Allcott et al., 2025). Appendix Table B1 therefore examines heterogeneity by
baseline concerns for environment sustainability. The framing-induced increase in aversion to high water pollution is
concentrated among respondents with relatively low environmental concern (notably the bottom quartile), while
effects are smaller and statistically indistinguishable from zero among those with higher concern. This pattern suggests
that child framing operates by increasing salience for those who would otherwise underweight environmental
externalities. In contrast, the reduction in price sensitivity appears broadly across the distribution of environmental

concern, indicating that the treatment’s effect on price trade-offs is not limited to a narrow attitudinal subgroup.



Table 4. The result of mixed logit model with interactions

Model 1 Model 2 Model 3
Mean Mean Mean

Variable Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev.
(Std. Err.) (Std. Err.) (Std. Frr.) (Std. Err.) (Std. Err.) (Std. Err.)

Random parameters

Negative lognormal distribution
S2A76%FF 1.021%*x D 745%FR ] 112%¥F D 704%F*F  1.098%**

Price® (0.081) (0.057) (0.099) (0.057) (0.094) (0.052)
Normal distribution
g 0.607***  -0.102 0.616%**  -0.104 0.806***  -0.088

(0.060) (0.108)  (0.068) (0.105)  (0.065) (0.084)
0.788%*%  (.778%%%  (.792%*%  (777FEx (. Q75FkE () ]59%%

CFlow 0.069)  (0.076)  (0.076)  (0.077)  (0.074)  (0.078)
WP 2.752%%* L.6T70%**  2.764%** LOTT***  2.776%** 1.675%**
fow (0.096) (0.080) (0.097) (0.081) (0.096) (0.082)
AW 1.013***  0.064 0.925%**  0.022 1.064***  0.017
medium (0.070) (0.059) (0.082) (0.056) (0.068) (0.056)
AWs: 1.450%**  0.846%**  1.362%**  (.843***  1.497***  (.845%**
high (0.086) (0.086) (0.095) (0.087) (0.086) (0.087)
ot out -0.907*%*%  3.615%**  -0.982%**  3589%**  _0.664%*F*  3.607***
P (0.219) (0.208) (0.228) (0.201) (0.223) (0.203)
Interactions
CFhignxchild framing Eg?gg)
. . . -0.152*
WPhigh % child framing (0.088)
AWiow x child framing Eg(l)?g)
Price x child framing EgZ§g; *
CFhigh x health tips Egggg)
WPhigh % health tips Egg%)
_ %
AWiowx health tips (g%)
Price x health tips ?0017 230)
skoskok
CFhign X gap time® ?005 014)
WPhigh x gap time ?008 014)
AWiow x gap time ?(')0(())35)
Price x gap time Egggé)
Number of individuals 887 887 887
Number of observations 31932 31932 31932
Log Likelihood -8209.21 -8238.05 -8223.74
AIC 16454.42 16512.11 16483.48
BIC 16585.33 16643.02 16614.39

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
a. The price coefficient is specified as a negative lognormal distribution.
b. All other random coefficients follow normal distributions.

c. Gap time is a continuous variable measured in days.

Model 2 shows that health tips primarily affect preferences for animal welfare. The interaction term for low
animal welfare is negative and statistically significant (AW,,,, X health tips = —0.211,p < 0.10), whereas
interactions with carbon footprint and water pollution are close to zero and statistically insignificant. Because animal-
welfare is associated with inspection standards and food safety, this pattern suggests that repeatedly displaying health

tips heightens the salience of health-related considerations and directs attention to credence information embedded in



the product profile, thereby strengthening preferences for improved animal welfare. Appendix Table B2 indicates that
this effect is concentrated among respondents with weaker baseline healthy-eating habits (approximately the bottom
half of the distribution), while estimates for those with stronger baseline habits are small and statistically
indistinguishable from zero. This concentration is consistent with a salience mechanism that primarily shifts attention
among less health-attentive individuals, rather than moving choices among those already attentive, and is therefore

less likely to distort overall choice dispersion in a way that would increase welfare loss.

Model 3 provides evidence that the time gap between information exposure and choice tasks weakens preferences
for improved carbon footprint. The interaction between the high-carbon-footprint level and gap time is positive and
statistically significant (CFp;gn, X gap time = 0.021,p < 0.01; gap measured in days), implying that each additional
day makes the high—carbon-footprint option less negatively valued by 0.021 utility units, holding other attributes
fixed. In logit terms, holding other attributes fixed, this corresponds to a multiplicative change ofe®%?! =~ 1.021 in
the relative likelihood of choosing a high-carbon option over an otherwise identical alternative. This pattern is
consistent with the notion that valuations for relatively abstract sustainability attributes may be partly constructed at
the time of information exposure and decay as salience diminishes. A potential concern, however, is that the gap-time
design may introduce endogeneity: respondents who are inherently more attentive to sustainable consumption may be
more likely to return quickly after completing the first-stage survey and thus exhibit shorter gaps, implying that gap
length may be correlated with respondent characteristics that also shape preferences. To mitigate this, we residualize
gap time with respect to observed attitudinal correlates, namely health-eating attitudes, environmental concern, and
animal-welfare concern, and rerun the model by including the residual in the interaction term. Appendix Table B3
shows that the decaying pattern for preference towards improved carbon footprint is still robust at 10% significance

level after mitigating endogeneity problem.

Subsample mixed logit estimates for Beijing and Shanghai reveal both commonalities and meaningful
heterogeneity in treatment responses. In both cities, child-related framing produces a statistically significant reduction
in price sensitivity, and the pre-education gap likewise affects the valuation of the high—carbon-footprint level in the
same direction. By contrast, the health-tips treatment exhibits clear cross-city differences: the increase in disutility
from low animal welfare is pronounced in Shanghai but small and statistically indistinguishable from zero in Beijing.
This pattern suggests that the salience mechanism captured in the pooled specification is largely accounted for by

respondents in Shanghai rather than reflecting a uniform response across the two markets.



Table 5. The result of mixed logit model with interactions

Model 4 Model 5 Model 6
Mean Mean Mean
Variable Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev.
(Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.)

Random parameters

Negative lognormal distribution
-2.636%F*%  1.099%** D 734%Fk ] JQ1¥*FF 2. 325%FK ] 084%**

Price? (0.130)  (0.051)  (0.088) 0.049)  (0.076) (0.053)
Normal distribution
CFuediuns? 0.659%** -0.108 0.539%** -0.127 0.521%** -0.102

medium (0.111) (0.097) (0.061) (0.111) (0.084) (0.121)
CF 0.832%** 0.773%*%* 0. 711%*** 0.763%**  0.702%** 0.780%**

low (0.117) (0.078) (0.070) (0.079) (0.090) (0.077)
WP 2.772%** 1.674%%* D 7775%** 1.675%** 2. 750%*%* 1.665%**

low (0.097) (0.080) (0.097) (0.081) (0.096) (0.080)
AW 0.800%** 0.014 0.956%** 0.021 0.911%** 0.034

medium (0.129) (0.052) (0.068) (0.055) (0.104) (0.056)
AW 1.235%%%* 0.840%**  1.392%** 0.842%**  1.346%** 0.853%**

high (0.139) (0.087) (0.085) (0.087) (0.117) (0.087)

t out -1.076%**  3,599%*%*  _] 050%**  3.604%**  _1.080%** = 3.611%**
optou (0.277) (0.200) (0.225) (0.203) (0.235) (0.207)
Interactions
CFhigh x meat risk® ?00(())257)

WPhigh x meat risk Egg?g)
~ %ok

AWiow x meat risk (ggg%)
Price x meat risk Egg%%)

~ sokok
CFhigh x env concern? (ggfg)
WPhigh X env concern Egg%)

~ ok
AWiowX env concern (88%2)
Price x env concern ?00(())17 1)
CFrigh x health concern? igg%i)
WPhigh x health concern Egggg)
AWiow x health concern Egg%g)

. -0.074%**
Price x health concern (0.006)
Number of individuals 887 887 887
Number of observations 31932 31932 31932
Log Likelihood -8237.17 -8233.36 -8220.33
AIC 16510.35 16502.73 16476.66
BIC 16641.26 16633.64 16607.57

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
The price coefficient is specified as a negative lognormal distribution.

b. All other random coefficients follow normal distributions.

c. Meat risk variable is respondents’ measured aversion towards meat consumption risk, which indicates respondents’ perceived
importance of potential negative consequences for poor food choices.

d. Env concern and health concern variables stand for respondents’ measured concern for environmental sustainability and healthy

diets respectively.

Table 5 examines whether respondents’ attitudinal measures, including concern about meat-consumption risk,
environmental sustainability, and healthy diets, moderate attribute preferences. In Model 4, respondents with higher

meat-risk concern exhibit a significantly stronger aversion to low animal welfare (AW;,,, X meat risk =



—0.061,p < 0.05), which suggests that the animal inspection standards and food quality information embodied in the
animal welfare attributes are well processed by respondents. The city subsample results suggest that this relationship is
primarily driven by Beijing (Table C4. and C5.). The corresponding interaction is sizable and statistically significant
in the Beijing subsample, whereas the Shanghai estimate is small and statistically indistinguishable from zero. This
pattern indicates that, within this specification, meat-risk concern does not materially shift animal-welfare preferences

among Shanghai respondents.

Models 5 and 7 show that respondents’ underlying pro-environment and pro-animal attitudes systematically shift
preferences of product attributes. In Model 5, higher environmental concern is associated with a stronger aversion on
the high-carbon-footprint level (CF;gn X env concern = —0.038,p < 0.01) and on low animal welfare
(AW X env concern = —0.028,p < 0.05), implying that respondents who place greater weight on
environmental protection are more willing to trade off toward improved carbon footprint and higher animal welfare.
Model 7 reveals a closely related pattern for animal concern. Respondents with stronger animal concern exhibit a
stronger aversion to low animal welfare (AW,,,, X animal concern = —0.046,p < 0.01) and also a stronger
aversion on high carbon footprint (CFp;gn, X animal concern = —0.037,p < 0.01). Taken together, these results
indicate that respondents’ stated concerns are reflected in their choice trade-offs, and that pro-environment and pro-
animal attitudes are associated with stronger preferences for sustainability improvements across multiple attributes

rather than shifting valuation along only one dimension.

Model 6 indicates that health concern operates primarily through the cost margin. The interaction between health
concern and price is negative and statistically significant (Price X health concern = —0.074,p < 0.01). Under the
negative lognormal specification for the price coefficient, a one-unit increase in health concern rescales the absolute

mean price coefficient by 0074

~ (0.93, which implies mean price coefficient shifts from approximately —0.176 to
—0.163 per one-unit increase in health concern, suggesting greater willingness to accept higher prices among more
health-oriented respondents. Appendix Tables C4 and C5 show that this health—price gradient is qualitatively similar in
both city subsamples. By contrast, health concern does not display a statistically detectable interaction with the high-
carbon-footprint term in the pooled model. The subsample results, however, suggest that the health-related association
with carbon-footprint preference is not uniform across cities. Beijing exhibits a statistically significant interaction with
the high-carbon-footprint level, whereas the corresponding Shanghai estimate is much smaller and remains indifferent
from zero. This pattern indicates that any linkage between health orientation and carbon-footprint valuation is context-
dependent and may be stronger in Beijing than in Shanghai, although this cross-city contrast should be interpreted

cautiously given the reduced precision in subsample estimates.



Table 6. The result of mixed logit model with interactions

Model 7 Model 8 Model 9
Mean Mean Mean
Variable Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev.
(Std. Frr.) (Std. Err.) (Std. Firr.) (Std. Err.) (Std. Firr.) (Std. Err.)

Random parameters

Negative lognormal distribution
-2.700%F%  1.104%**  2.027FFk 1 099%*¥* D 384HHEEK ] 139%**

Price® (0.088) (0.052) (0.164) (0.050) (0.082) (0.067)
Normal distribution
CFumegin® 0.585%** -0.112 1.013%*** -0.105 0.442%** -0.028
medium (0.053) (0.110) (0.189) (0.100) (0.085) (0.160)
CF 0.762%** 0.770%**  1.183*** 0.770%**  0.621%** 0.787%**
low (0.064) (0.079) (0.193) (0.077) (0.096) (0.078)
WP 2.765%** L.677*%*  2.780%** 1.680*** 2761 *** 1.667***
low (0.096) (0.081) (0.098) (0.082) (0.110) (0.090)
AW 0.965%** 0.027 1.045%** 0.033 1.003*** -0.040
medium (0.060) (0.055) (0.222) (0.061) (0.100) (0.048)
AW 1.402%** 0.843%*%*  1.479%** 0.842%**  ].442%** 0.858%**
high (0.079) (0.087) (0.226) (0.088) (0.112) (0.088)
oot out -0.987***  3.504%*%*  _0.459 3.602%**  _1.142%*% 3 628%***
P (0.219) (0.202) (0.378) (0.204) (0.242) (0.215)
Interactions
~ skokok
CFhigh x animal concern® (8831'1)
WPhigh X animal concern -38{471
~ dokok
AWiow x animal concern (38‘1‘2)
Price x animal concern -0.004
(0.020)
ok
CFhigh x consumption fre¢ ?01865 4)
WPhigh X consumption fre ?00(())147)
AWiowx consumption fre ?00(())766)
Price x consumption fre ?005562)
~ sokok
CFhigh X family income (388;)
WPhigh x family income Eggg%)
AWiow x family income igggé)
Price x family income (0.001)
Number of individuals 887 887 881°¢
Number of observations 31932 31932 31716
Log Likelihood -8230.79 -8236.78 -8182.95
AIC 16497.57 16509.56 16401.89
BIC 16628.48 16640.47 16532.68

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
a. The price coefficient is specified as a negative lognormal distribution.

b. All other random coefficients follow normal distributions.

c. Animal concern variable stands for respondents’ measured concern for animal welfare.

d. Consumption fre variable stands for respondents’ pork eating frequency.

e. Six respondents did not report their family income, therefore the sample size for Model 9 is 881.

Model 8 indicates that pork consumption frequency is also an important correlate of preference heterogeneity.
The interaction between consumption frequency and the high carbon-footprint level is positive and statistically

significant (CFp;gp, X consumtion fre = 0.135,p < 0.05), implying that more frequent pork consumers place



relatively higher utility on the high-carbon-footprint level than less frequent consumers. In contrast, the interactions
with high water pollution and low animal welfare are not statistically distinguishable from zero, although the point
estimates are positive. Taken together, these patterns indicate that heavy pork consumers are, on average, less
responsive to sustainability-related attribute differences in their choice trade-offs. One possible interpretation is that
frequent consumers face a stronger habitual or necessity-driven demand for pork, which may dampen their willingness
to substitute away from less sustainable profiles. The price interaction with consumption frequency is also positive,
although not statistically significant. Under the negative lognormal specification for the price coefficient, a positive
interaction corresponds to a larger absolute price coefficient, which is consistent with greater price sensitivity among

more frequent pork consumers, although the estimate is not precise.

Model 9 shows that household income is systematically related to both carbon-footprint preference and price
sensitivity. The interaction between income and the high-carbon-footprint level is negative and highly significant
(CFrign X family income = —0.007,p < 0.01), indicating that higher-income respondents are less willing to
choose high-carbon options, holding other attributes fixed. At the same time, the income interaction with price is
negative and highly significant (Price X family income = —0.012,p < 0.01), implying lower price sensitivity
among higher-income respondents. Since family income is coded as the midpoint of income brackets in units of ten-
thousand RMB per year, a one-unit increase corresponds to an additional 10,000 RMB (about 1,460 USD) in annual
household income. Under the negative lognormal specification for the price coefficient, this estimate implies that each
additional 10,000 RMB rescales the absolute mean price coefficient by a factor of e~%%12 ~ 0.988, which
corresponds to about a 1.2% reduction in price sensitivity. For larger, economically meaningful income differences,
the effect accumulates multiplicatively. For example, a 100,000 RMB increase in annual income (ten units) implies a

-0.12

scaling factor of e =~ 0.89, or roughly an 11% reduction in price sensitivity.



4.4 Latent class model results

Table 7. The result of latent class model

Class 1 (13.5%)  Class 2 (27.4%) Class 3 (27.5%) Class 4 (31.6%)
Price-Insensitive Anti-Carbon Price-Sensitive General sustainability consumer
Mean Coefficient Mean Coefficient Mean Coefficient Mean Coefficient
(Std. Err.) (Std. Err.) (Std. Err.) (Std. Err.)
Choice model
Price? 0.039%** -0.080%** -0.161*** -0.090%**
(0.015) (0.019) (0.011) (0.007)
CFuediun® 0.204 -0.217* 0.451%** 1.161%**
fedium (0.154) (0.111) (0.129) (0.097)
CF, 0.604*** -0.114 0.483%** 1.324%%%*
o (0.232) (0.176) (0.138) (0.127)
WP 1121 %%* 3.467%** 2.736%** 0.921%**
low (0.228) (0.290) (0.325) (0.071)
AWanedi 0.848%** 0.632%** 0.356%*** 1.368%**
fedim (0.115) (0.196) (0.113) (0.095)
AW 1.281%** 1.139%** 1.132%** 1.472%**
high (0.164) (0.153) (0.153) (0.129)
c -0.362%**
Opt out (0.139)
Membership function
Female 0.036 0.321 0.549%*
(0.312) (0.233) (0.249)
Age 0.045%* 0.025 0.033*
g (0.020) (0.018) (0.018)
Income? 0.014** 0.003 -0.002
(0.0006) (0.0006) (0.0006)
Child framin 1. 112%** 0.505%* 0.330
g (0.302) (0.274) (0.273)
health tips -0.379 -0.033 -0.040
(0.333) (0.232) (0.220)
i 0.021 0.022%* -0.006
gap time (0.015) (0.011) (0.010)
meat risk -0.001 0.011 0.025
(0.083) (0.064) (0.065)
0.002 -0.021 -0.016
env concern (0.049) (0.034) (0.035)
health concern 0.014 0.067 -0.001
(0.042) (0.036) (0.034)
animal concern -0.030 -0.001 -0.027
(0.041) (0.033) (0.032)
tion £ -0.195 0.010 -0.164
consumption tre (0.193) (0.148) (0.152)
Constant -2.818%*** -2.003** -1.216
(1.032) (0.918) (0.819)

Number of individuals 8819

Number of obersvations 31716

Log Likelihood -8529
AIC 17180
BIC 17623.22

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
a.  The price coefficient is specified as a negative lognormal distribution.

b.  All other random coefficients follow normal distributions.

c.  Optout coefficient is kept constant between two classes.

d.  Six respondents did not report their personal annual income; thus, a total of 881 samples were included in the latent class model.

As a complement to the mixed logit results, we estimate an LC model that approximates the continuous
preference heterogeneity captured by MXL with a discrete set of segments and allows us to profile which respondents
are more likely to belong to each segment. Table 7 reports a four-class solution. The largest group, which we label
“general sustainability consumers” (31.6%), values sustainability improvements broadly across dimensions, with large

and positive coefficients for lower carbon footprint, lower water pollution, and higher animal welfare, while remaining



price responsive. A second group is “price-sensitive” (27.5%), characterized by the most negative price coefficient,
indicating that cost considerations bind more tightly even though the group still values improvements in sustainability
attributes. A third group, labeled “anti-carbon” (27.4%), places an exceptionally high value on reducing water
pollution, but exhibits weak and negative preferences for carbon-footprint improvements, indicating that for a sizeable
subset of consumers sustainability concerns do not translate into a uniform preference for all sustainability attributes.
The remaining “price-insensitive” group (13.5%) displays a price coefficient of opposite sign, suggesting that price
plays a limited role in disciplining choices in this segment within the experimental context.

The membership-function estimates provide further information on which respondent characteristics are
associated with each preference segment (relative to the omitted class 4). Several covariates show systematic
associations. First, gender and age are related to membership in the price-sensitive segment. Female respondents are
more likely to belong to the price-sensitive class than to the reference class (Female = 0.549,p < 0.05), and age is
also positively associated with membership in this class (Age = 0.033,p < 0.10). Age is likewise positively
associated with membership in the price-insensitive class (Age = 0.045,p < 0.05), indicating that older respondents
are more likely to fall into both the price-sensitive and price-insensitive segments relative to the reference class,
although the two segments differ sharply in their estimated price coefficients in the choice model. Second, income is
positively associated with membership in the price-insensitive class (Income = 0.014,p < 0.05), which is consistent
with weaker price sensitivity among higher-income respondents found in the MXL results. Third, the child-related
framing treatment is associated with higher likelihood of membership in the price-insensitive class
(Child framing = 1.112, p < 0.01) and, to a lesser extent, in the anti-carbon class (Child framing = 0.505,

p < 0.10). This pattern is consistent with the results in MXL, which show that child framing treated respondents
prefer reduced water pollution attributes and have a lower price sensitivity. Fourth, gap time is positively associated
with membership in the anti-carbon class (Gap time = 0.022, p < 0.05), which is consistent with the interpretation
that longer delays between information exposure and the choice tasks are associated with weaker carbon-footprint
valuation. In contrast, the health-tips treatment and the remaining attitudinal measures included in the membership
function, such as meat-risk concern, environmental concern, health concern, animal concern, and consumption
frequency, do not show statistically detectable associations with class membership in this specification, suggesting
limited evidence that these variables shift respondents across segments, conditional on the included covariates.

4.5 WTP results

Table 8. Marginal WTP estimates (RMB/500g pork)

Mean Std.dev
CFmedium  5.252 -1.665

(3.069, 7.435) (-4.809, 1.480)
CFiow 6.666 11.714

(3.931,9.401) (9.401, 14.028)
WPiow 22.800 25.366

(15.401, 30.200) (22.963, 27.769)
AWiedum ~ 8.466 0.333

(5.434,11.498)  (-1.299, 1.965)
AWhigh 12.025 12.759

(7.775,16.274)  (10.178, 15.339)

Notes: Figures in parentheses are 95% confidence intervals, calculated by delta method. Marginal WTP estimates are obtained from the

estimation of the basic mixed logit model without any interactions.

Table 8 reports marginal willingness-to-pay (WTP) estimates in RMB per purchase implied by the baseline

mixed logit model without interactions, with 95% confidence intervals constructed using the delta method. The results



indicate economically meaningful premia for sustainability improvements. The mean WTP for moving from high to
low water pollution is 22.8 RMB per purchase (95% CI: 15.4, 30.2), which corresponds to about USD 3.3 (95% CI:
2.2,4.4) when converted at roughly 1 USD = 6.9 CNY. Animal-welfare improvements also command sizeable premia.
Respondents are willing to pay 8.47 RMB (about USD 1.23) to move from low to medium animal welfare and 12.03
RMB (about USD 1.74) to move from low to high animal welfare, with both confidence intervals excluding zero. For
carbon footprint, the implied premia are smaller but remain positive and statistically different from zero, at 5.25 RMB
(about USD 0.76) for the medium level and 6.67 RMB (about USD 0.97) for the low level relative to the high-carbon

baseline.

Two considerations are important for interpreting magnitudes across attributes. First, these WTP estimates reflect
discrete level-to-level changes rather than unit-normalized effects. Water pollution is represented with two levels, so
its WTP corresponds to a single full improvement from the high- to the low-pollution profile. By contrast, carbon
footprint and animal welfare each have three levels, which spreads the overall improvement across multiple steps and
allows for nonlinearity in valuations between intermediate and best levels. Second, the dispersion terms indicate
meaningful heterogeneity in valuations, particularly for low carbon footprint, low water pollution, and high animal
welfare, implying that while average premia are positive, a subset of consumers places substantially higher value on

these improvements than others.

From a policy perspective, these WTP estimates translate preference parameters into monetized demand-side
support for sustainability labeling and related information interventions. While cross-attribute comparisons should be
interpreted cautiously because the WTP estimates reflect discrete level-to-level changes, the reduction in water
pollution in our design is the single change associated with the largest estimated premium. This suggests that
improvements along the water-pollution dimension, as defined and communicated in the experiment, are a particularly
salient margin for consumers and may be well suited for credible labeling or information policies. More broadly, the
positive premia for animal welfare and carbon footprint indicate that multi-attribute sustainability labels can be
grounded in consumers’ willingness to pay. At the same time, the wide dispersion in WTP suggests that a one-size-fits-
all label may not serve all consumers equally well. A layered design could provide a simple, easily interpretable front-
of-pack cue for most shoppers, while offering more detailed attribute-specific information for consumers with stronger
sustainability demand. Taken together, the WTP results complement the treatment-effect evidence by quantifying the
economic magnitude of sustainability preferences and clarifying which improvements, as presented in the experiment,

are likely to generate the strongest consumer-side incentives for producers to adopt more sustainable practices.

5 Conclusion

This paper examines how information and framing shape stated preferences for sustainability attributes in
China’s pork market. Using a discrete choice experiment embedded in an online survey of pork consumers in Beijing
and Shanghai, we link three randomized interventions to three behavioral channels, namely intergenerational framing,
salience at the moment of choice, and temporal stability of constructed preferences. This focus speaks directly to a
recurring concern in stated-preference work that preferences for unfamiliar, information intensive attributes may be
sensitive to context and survey conditions, while still being meaningful when preferences are legitimately formed

during evaluation.

The empirical results yield three main conclusions. First, child related framing changes the cost sustainability

trade off by lowering price sensitivity and strengthening avoidance of profiles with high water pollution, consistent



with the idea that shortening social distance can elevate the weight placed on long run consequences. Second, health
tips primarily increase aversion to low animal welfare, and the heterogeneity analysis indicates that this effect is
concentrated among respondents with weaker baseline healthy eating habits. This pattern is consistent with a salience
channel in which repeated, choice screen prompts shift attention toward credence information that some consumers
would otherwise underweight. Third, we find evidence of information decay. As the time gap between information
exposure and the choice tasks increases, preferences for low carbon options weaken, consistent with the view that
preferences for complex attributes partly reflect preference construction at the time of information exposure rather

than fully stable underlying tastes.

These findings contribute to the literature in two ways. Conceptually, the results highlight that information based
interventions do not operate uniformly across attributes or consumers. Intergenerational framing and salience based
prompts shift attribute valuations through distinct channels, and the concentration of effects among less attentive
groups suggests that some nudges may improve decision relevance by increasing attention where it is initially low.
More importantly, by exploiting variation in the timing between information exposure and choice, the analysis offers
direct evidence on the durability of information induced preference shifts in a multi attribute consumption setting. This
addresses a central concern raised by the constructed preference perspective for stated preference methods, namely

that valuations can be shaped by situational cues for unfamiliar trade offs.

The results also have implications for the design of sustainability information policies. The evidence on decay
suggests that one time education may not be sufficient for attributes that are cognitively demanding or less familiar.
Policies that rely on information provision may be more effective when they maintain proximity to purchase decisions,
for example through point of sale disclosure, repeated reminders, or digitally delivered prompts that keep information
salient. At the same time, the heterogeneity patterns suggest the value of targeted design. Child framing appears most
relevant for shifting the cost sustainability trade off, whereas health prompts are most effective among consumers with
weaker baseline health orientation. This points to the potential gains from matching policy instruments to the

mechanism they are intended to activate, rather than relying on a single uniform message.

Finally, the WTP estimates translate preference parameters into monetized magnitudes that can inform policy
prioritization and label design. Average premia are positive for improvements in water pollution, animal welfare, and
carbon footprint, and the estimates reveal meaningful dispersion, indicating that a subset of consumers values
sustainability improvements substantially more than others. While cross attribute comparisons should be interpreted
cautiously because the WTP estimates reflect discrete level to level changes, the reduction in water pollution in our
design is the single change associated with the largest estimated premium, suggesting that this dimension, as defined
and communicated in the experiment, is a particularly salient margin for consumers and may be well suited for
credible labeling or information policies. More broadly, the positive premia for animal welfare and carbon footprint
indicate that multi attribute sustainability labels can be grounded in consumers’ willingness to pay, and the observed
heterogeneity points to potential gains from layered disclosure that provides a simple headline indicator for most

shoppers alongside optional detailed information for those with stronger sustainability demand.

Several limitations qualify interpretation and suggest directions for future work. First, the study focuses on two
large cities and uses an online sample, which may limit external validity to rural areas or smaller cities with different
market conditions and information environments. Second, as with any stated preference design, the results describe
trade offs within the set of product profiles presented. Extending these findings to real market behavior and to

alternative label formats would benefit from field experiments or partnerships with retailers and platforms. Third,



although we implement checks and robustness exercises around the gap time design, further work that randomizes
timing more sharply or tracks repeated choices over longer horizons would sharpen inference on preference durability.
Taken together, the evidence here suggests that demand side sustainability policies should be evaluated not only by

whether they shift choices, but also by through which channel, for whom, and for how long.
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Appendix A. Treatment Assignment, Balance, and Attrition Checks

This appendix reports balance and attrition checks for the three experimental treatments: the health tips treatment, the
children treatment, and the pre-education treatment. The health tips and children treatments are independently
randomized, with the latter assigned only among respondents living with minor children. The pre-education treatment
is implemented in two stages, so that full treatment exposure requires completion of both survey waves. As a result,
treatment balance for the health tips and children treatments is also examined within the subsample of pre-education
completers to assess whether attrition related to the pre-education treatment affects the validity of the original

randomization.

Table A1. Health Tips and Children Treatment Assignment by City (Randomization Check)

Treatment = 1 Treatment = 0
City N Share N Share p-value (Wi.thin city pjvalue (between
comparison) city comparison)
Health tips Beijing 232 0.521 213 0.479 0.394
treatment (full 0.817
sample) Shanghai 227 0.514 215 0.486 0.601
Children Beijing 135 0.565 104  0.435 0.052
treatment
- 0.915
(sample living  ghanghai 149 0.560 117  0.440 0.057

with minors)

Note: This table reports the sample distribution of the health tips treatment and the children treatment in Beijing and Shanghai.
The health tips treatment is randomly assigned in the full sample, while the children treatment is randomly assigned only within
the subsample of respondents living with minor children. The p-value for the within-city comparison tests whether the share of
observations assigned to treatment (=1) within each city differs significantly from 50 %. The p-value for the between-city
comparison tests whether the share assigned to treatment (=1) differs significantly between Beijing and Shanghai. The results
indicate no statistically significant differences in treatment assignment either within or across cities, suggesting that randomization

is balanced and successfully implemented in the relevant samples.

Table A2. Health Tips and Children Treatment Balance Table (Treatment Overlap)

N le livi
Control Child Only = Health Only Both (s'amp .e ving
with minors)
Beijing 0.226 0.251 0.209 0.314 239
Shanghai 0.218 0.274 0.222 0.286 266
p-value (between city
0.831 0.551 0.731 0.491

comparison)

Note: This table reports the share of Beijing and Shanghai respondents in each treatment group. Columns from left to right
correspond to the control group (receiving neither treatment), the group receiving only the children treatment, the group receiving
only the health tips treatment, and the group receiving both treatments. The final column reports the total number of respondents
living with minor children in each city (the sample pool in which the children treatment is randomized). The p-values for the
between-city comparisons test whether the share of respondents assigned to each treatment group differs significantly between
Beijing and Shanghai. The results indicate no statistically significant differences across cities, suggesting that treatment overlap

and assignment are balanced across cities.



Table A3. Pre-education Treatment Attrition

Stage 1 Stage 2 Completion Rate
Beijing 250 169 0.676
Shanghai 250 170 0.680
Overall 500 339 0.678

Note: This table reports the number of respondents who completed the first-stage and second-stage surveys for the pre-education

treatment, by city. Completion rates are similar across Beijing and Shanghai, suggesting no substantial differential attrition across
cities.

Table A4. Treatment Assignment by City of Pre-education Treatment completers

Treatment = 1 Treatment = 0
lue (withi p-value
-valuec (within
City N Share N Share p . (between city
city comparison) )
comparison)
Health tips Beijing 83 0491 86 0.509 0.878
treatment 0.958
(completers) Shanghai 83 0488 87 0.512 0.818
Children Beijing 45 0474 50 0.526 0.682
treat t
real men' . 0.570
(completers living Shanghai 59 0513 56 0.487 0.852

with minors)

Note: This table reports the distribution of the health tips treatment and the children treatment by city among respondents who
completed both stages of the pre-education survey. The health tips treatment is evaluated among all completers, while the children
treatment is evaluated among completers living with minor children. The p-values for the within-city comparisons test whether the
share assigned to treatment (=1) differs significantly from 50% within each city. The p-values for the between-city comparisons
test whether treatment assignment differs significantly between Beijing and Shanghai. The results indicate no statistically
significant differences in treatment assignment within or across cities, suggesting that randomization of the health tips and

children treatments remains balanced in the post-completion sample.

Table A5. Health Tips and Children Treatment Balance Table of Pre-education Treatment completers

N (completers

Control Child Only Health Only Both o . .
living with minors)
Beijing 0.274 0.232 0.253 0.242 95
Shanghai 0.261 0.287 0.226 0.226 115
-value (bet it
p-value (between city 0.834 0.364 0.653 0.785

comparison)

Note: This table reports the joint distribution of the health tips treatment and the children treatment by city among respondents
who completed both stages of the pre-education survey and live with minor children. Columns correspond to the control group
(receiving neither treatment), the group receiving only the children treatment, the group receiving only the health tips treatment,
and the group receiving both treatments. The final column reports the number of completers living with minor children in each
city. The p-values for the between-city comparisons test whether the share of respondents assigned to each treatment combination

differs significantly between Beijing and Shanghai. The results indicate no statistically significant differences across cities,



suggesting that the joint assignment of treatments remains balanced in the post-completion sample.
Appendix B. Treatment-Mechanism Diagnostics
1. Child framing

Child framing is designed to activate intergenerational altruism. If this channel is operative, the framing should shift

parents’ trade-offs in one (or both) of the following ways:

1) Greater aversion to long-horizon externalities: parents place more negative utility on environmentally harmful
attribute levels (e.g., high carbon footprint, high water pollution). In Table 4, we’ve shown that the treated
parents present statistically significant stronger aversion to high water pollution attribute, indicating

potentially activated intergenerational altruism.

2) Heterogeneity by environmental attitude: the framing effect may be different among respondents with
different baseline concern for environmental protection. Therefore, here we further test whether the treatment

effect varies with environmental attitude.

We test the conditional treatment effect of child-related framing at a fixed environmental-attitude level a. Let X denote
an attribute indicator used in the choice tasks (e.g., indicators for high carbon footprint, high water pollution, low

animal welfare, and the price term). The relevant portion of the utility specification is:
BiX + 6:(X X EnviAtti) + §,(X X ChildTreat) + 68(X X EnviAtti X ChildTreat)

Where ChidTreat € {0,1} indicates whether the respondent receives child-related framing, and EnviAtti is the

environmental-attitude measured in our survey.
When ChidTreat =1 and EnviAtti = a, the marginal coefficient on Xequals:
Bx + 61a+ 6, + 6Oa
When ChidTreat = 0 and EnviAtti = a, the marginal coefficient on Xequals:
Bx + 61a
Therefore, the treatment effect of child-related framing on attribute X at attitude level a is:
Ax(a) = 6, + Ba

Using pooled-sample mixed logit estimates and the associated variance—covariance matrix, we evaluate Ax(a) at
a € {p25,p50,p75} (the 25th/50th/75th percentiles of EnviAtti). Standard errors and tests of Ax(a) = 0 are
computed via the delta method (Apollo’s delta-method command).

Table B1. Child-related framing: conditional treatment effects across environmental-attitude percentiles

Expression Value  s.e. t-ratio
Delta_cf high p25 -0.2052 0.1328 -1.55
Delta_ wp_high p25 -0.1869 0.1037 -1.8
Delta_aw_low p25 -0.0615 0.1426 -0.43
Delta_price_p25 -0.6285 0.104 -6.05
Delta_cf high p50 -0.0759 0.1091 -0.7
Delta_wp_high p50 -0.1486 0.0989 -1.5
Delta_aw_low_p50 -0.0584 0.1205 -0.48




Delta_price_p50 0.79  0.127 -6.22
Delta_cf high p75  0.0103 0.1281  0.08
Delta_wp_high p75 -0.1231 0.1286 -0.96
Delta_aw _low p75 -0.0563 0.1394  -0.4
Delta_price p75 -0.8977 0.1774 -5.06

Notes: Reported values are Ax(a) = §, + 6a evaluated at a € {p25,p50,p75} of environmental attitude using pooled-sample

mixed logit estimates. Standard errors are computed via the delta method. Coefficients for carbon footprint, water pollution, and
animal welfare are normally distributed random coefficients. The price coefficient is specified as negative log-normal; therefore, a

negative Aprice(a) indicates lower price sensitivity (i.e., reduced marginal disutility of price).

Table B1 shows that the conditional effect of child framing on high water pollution is most pronounced among
respondents in the lower tail of environmental concern: at p25, AWppignpzs) = —0.1869 with t = —1.8, while the
corresponding effects at p50and p75 are smaller in magnitude and less precisely estimated. This pattern indicates that
child-related framing primarily increases aversion to high water pollution among individuals with relatively low
environmental concern, suggesting that the framing bringing long-horizon externalities into attention for those who
would otherwise place less weight on environmental protection. The conditional effects on high carbon footprint and
low animal welfare are statistically weak across percentiles, suggesting limited evidence that the altruism channel
operates through these margins in a way that varies systematically with environmental concern. Across all percentiles,
the conditional effect on price is large and precisely estimated (t-ratios around -5 to -6). These estimates indicate that
child-related framing reduces price sensitivity for parents regardless of their environmental concern level, implying a

broad shift toward greater willingness to trade off cost under the child frame.

2. Heath tips treatment

Health tips are designed to activate a cognitive-attention (information salience) channel. If this channel is operative,

the tips should shift respondents’ trade-offs in one (or both) of the following ways:

1) Greater aversion to health-relevant “undesirable” attributes: by making health consequences more salient at the
moment of choice, the treatment may increase respondents’ disutility from environmentally/ethically harmful
attribute levels that are plausibly associated with health risks (e.g., low animal welfare). In Table 4 we show that
the health-tips treated group exhibits a stronger aversion to the low animal-welfare attribute.

2) Heterogeneity by health attitude: the salience effect may differ among respondents with different baseline concern
about healthy diets. Therefore, here we further test whether the treatment effect varies with respondents’ measured

health attitude.

We test the conditional treatment effect of health tips at a fixed health-attitude level a. Let Xdenote an attribute
indicator used in the choice tasks (e.g., indicators for high carbon footprint, high water pollution, low animal welfare,

and the price term). The relevant portion of the utility specification is:
B X + 61(X X HealthAtti) + 6,(X X HealthTips) + 6(X X HealthAtti X HealthTips)

Where HealthTips € {0,1} indicates whether the respondent receives health tips, and HealthAtti is the healthy

eating attitude measured in our survey.

When HealthTips = 1 and HealthAtti = a, the marginal coefficient on X equals:



Bx + 61a+ 6, + 6Oa
When HealthTips = 0 and HealthAtti = a, the marginal coefficient on X equals:
Bx + 61a
Therefore, the treatment effect of health tips on attribute X at attitude level a is:
Ax(a) = 6, + Ba

Using pooled-sample mixed logit estimates and the associated variance—covariance matrix, we evaluate Ax(a) at
a € {p25,p50,p75} (the 25th/50th/75th percentiles of EnviAtti). Standard errors and tests of Ax(a) =0 are
computed via the delta method (Apollo’s delta-method command).

Table B2. Health tips: conditional treatment effects across health-attitude percentiles

Expression Value s.e. t-ratio

Delta_cf high p25 0.0367 0.1106 0.33
Delta_wp_high p25 -0.0151 0.0857 -0.18
Delta_aw_low_p25 -0.245 0.1368 -1.79
Delta_price_p25 0.0664 0.0765 0.87
Delta_cf high p50 -0.0683 0.1017 -0.67
Delta_wp_high p50 -0.0295 0.1012 -0.29
Delta_aw_low_p50 -0.2234 0.1142 -1.96
Delta_price p50 0.142 0.1159 1.22
Delta_cf high p75 -0.1383  0.1283 -1.08
Delta_wp_high p75 -0.0392  0.1291 -0.3
Delta_aw_low_p75 -0.209 0.1392 -1.5
Delta_price_p75 0.1924 0.1631 1.18

Notes: Reported values are Ax(a) = &, + Oa evaluated at a € {p25,p50,p75} of health attitude using pooled-sample mixed
logit estimates. Standard errors are computed via the delta method. Coefficients for carbon footprint, water pollution, and animal
welfare are normally distributed random coefficients. The price coefficient is specified as negative log-normal; therefore, a

negative Aprice(a) indicates lower price sensitivity (i.e., reduced marginal disutility of price).

Table B2 indicates that the conditional effect of health tips is concentrated on the low animal welfare attribute:
Aawiow(pzs) = —0.245(t = —1.79), Aawowpso) = —0.2234(t = —1.96), and Aaw,y,(p7s) = —0.209(t =
—1.5). The pattern of t-ratios suggests that health tips primarily increase aversion to low animal welfare among
individuals with relatively low-to-median health attitude, indicating that the salience intervention is particularly
effective for respondents who would otherwise pay less attention to healthy-diet considerations. By contrast,
conditional effects for high carbon footprint and high water pollution are small and statistically weak across
percentiles. The conditional effects on price are also statistically weak in Table B2, suggesting no clear evidence that

health tips systematically shift price sensitivity across the health-attitude distribution.

3. Pre-education treatment (gap time)

The pre-education design introduces a time gap between exposure to sustainability information and the subsequent

choice tasks, allowing us to test whether information-induced preferences persist over time.

Figure B1 plots the probability density function (PDF) and the cumulative distribution function (CDF) of the number



of days between the two survey stages.

1) PDF (top panel) summarizes how the gap time is distributed across respondents. The distribution exhibits two
peaks, reflecting the survey implementation process: respondents who completed Stage 1 but had not returned

to Stage 2 after 20 days received a reminder, which generated a second wave of completions.

2) CDF (bottom panel) reports the share of respondents who have completed Stage 2 by each day since Stage 1.
The curve rises steeply during the early completion window, then increases again around the reminder
window, consistent with the second peak observed in the PDF. Overall, the CDF provides a compact

description of how quickly respondents return to complete Stage

Probability density function (PDF) of survey gap time

0.06 ]

N

Density

0.02

0.00

0 10 20 30 40 50
Days between the two surveys

Cumulative distribution function (CDF) of survey gap time

1.00

o
u
o

Cumulative proportion
o
(o))
o

0.25

0.001

10 20 30 40 50
Days between the two surveys

Figure B1. Distribution of survey gap time between stages (PDF and CDF)

A key concern is that survey gap time may be correlated with respondents’ baseline attitudes. For example,
respondents with stronger health/environment/animal-welfare concerns may be systematically more likely to return
earlier, which would confound a naive interpretation of “time decay.” To address this, we partial out observed

confounding factors by projecting gap time on baseline attitudes and using the residual component:

gaptime~health attitude + environment attitude + animal welfare attitude + gapresidual



The residualized measure, residual, captures variation in gap time that is not explained by these observed attitudes,
providing a cleaner test of whether preference shifts attenuate with time rather than reflecting systematic differences in

who returns earlier/later.

We then interact gap,esiqua; With key attribute indicators in the pooled mixed logit model. Table B3 reports the
mixed logit estimates for the residualized gap-time interactions. The coefficient on ¢fpign X gapresia 1s positive and
statistically significant, implying that as residualized gap time increases, respondents become less averse to high
carbon footprint (i.e., the relative utility of the high-carbon option increases). This pattern indicates that the initially
induced preference for low-carbon attribute decays with time, and remains present even after removing variation in
gap time that is explained by baseline health, environmental, and animal-welfare attitudes. This result is consistent
with the main findings reported in Table 4, supporting an interpretation of information transient preference

construction rather than fully stable underlying preferences.

Table B3. Pre-education treatment: residualized gap-time interactions

Mean Coefficient

Variable Std. Dev. (Std. Err.)

(Std. Err.)
Random parameters
Negative lognormal
distribution
Price -2.715%** (0.084) 1.106*** (0.051)
Normal distribution
CFmedium 0.642*** (0.051) -0.091 (0.102)
CFlow 0.812*** (0.063) 0.776*** (0.078)
WPiow 2.774*** (0.096) 1.680*** (0.081)
AWedium 1.032%** (0.056) 0.017 (0.052)
AWhigh 1.466*** (0.076) 0.842*** (0.087)
opt out -0.857*** (0.218) 3.599%** (0.207)
Interactions
CFhigh X gapresid ?0001(?;7)
WPhigh X gapresid ggogl(l)zg)
AWiow X gapresid (().0098)
Number of individuals 887
Number of observations 31932
Log Likelihood -8237.50
AIC 16510.99
BIC 16641.90

Notes: Reported estimates are from pooled-sample mixed logit with interactions between gap,esiquq: and attribute indicators.



Appendix C. Beijing and Shanghai Subsample Analysis

Tables C2 (Beijing) and C3 (Shanghai) report mixed logit models estimated separately by city and show that the
subsample results are broadly consistent with the pooled estimates in Table 4, while also clarifying where cross-city
heterogeneity is concentrated. In both cities, the child-related framing robustly reduces price sensitivity (the Price x
children-treatment interaction is large and highly significant), and the pre-education gap-time interaction with high
carbon footprint remains positive and significant, implying that longer delays are associated with lower aversion to
high carbon footprint and thus time-decay of low-carbon preferences, which is consistent with the main finding. By
contrast, the child-framing interaction with high water pollution is negative in both subsamples but becomes less
precisely estimated, reflecting reduced precision in city-specific estimation. The clearest cross-city difference in Panel
A concerns the health-tips treatment: the increase in aversion to low animal welfare is concentrated in Shanghai
(negative and significant AW, x health tips), whereas the corresponding Beijing estimate is close to zero, indicating

that the salience channel documented in the pooled model is primarily driven by Shanghai respondents.

Panels B and C further assess whether preference heterogeneity with respect to baseline attitudes and characteristics
differs across cities. In Panel B (Tables C4—C5), the attitude—preference interactions largely preserve the qualitative
patterns of the pooled estimates (Table 5), while highlighting heterogeneity in their empirical strength across Beijing
and Shanghai. The meat-risk concern interaction with low animal welfare is clearly present in Beijing—its magnitude
is roughly twice the pooled estimate and remains highly significant—whereas the corresponding Shanghai estimate is
close to zero, indicating that meat-risk concern does not materially shift Shanghai respondents’ animal-welfare
valuations in this specification. Environmental concern exhibits a similar asymmetry: Beijing shows larger-magnitude
interactions on the carbon-footprint and animal-welfare margins than the pooled model, though typically with one
weaker significance level, while Shanghai coefficients are smaller and statistically weak. Finally, for health concern,
the pooled model shows no statistically detectable interaction with the carbon-footprint term, but the subsamples
diverge: Beijing exhibits a statistically significant CF-related interaction, whereas Shanghai’s estimate is an order of
magnitude smaller and remains insignificant. Across specifications, the Price x health concern interaction remains
highly stable, pointing to a robust association between health concern and price sensitivity under the negative log-

normal price specification.

Panel C (Tables C6—C7) extends the subsample comparison to interactions with animal-welfare concern, consumption
frequency, and family income. In the pooled results (Table 6), respondents with higher animal-welfare concern exhibit
significantly stronger aversion to high carbon footprint and low animal welfare (negative interactions), consumption
frequency is associated with lower aversion to high carbon footprint positive CFuign X consumption frequency), and
family income is negatively associated with both the disutility from high carbon footprint and (via the price
interaction) price sensitivity. The city-split estimates largely retain these qualitative patterns but reveal where the
underlying heterogeneity is concentrated. In Beijing (Table C6), the animal-welfare-concern interactions on both
CFhign and AW,y remain negative and are generally larger in magnitude than in the pooled model with CFpign % animal
concern typically one significance level weaker, while AW, X animal concern remains strongly significant, and the
Price x animal concern interaction becomes much larger and more precisely estimated—consistent with the
interpretation that, among Beijing respondents, higher animal-welfare concern is associated with lower price
sensitivity under the negative log-normal price specification. In Shanghai (Table C7), the corresponding animal-

welfare-concern interactions are small and statistically weak, and the price interaction is close to zero, suggesting that



this channel is materially less salient in Shanghai and that the price-sensitivity implication of animal-welfare concern
differs across cities. By contrast, the family-income interactions are highly stable across pooled and subsample
estimates (similar magnitudes and signs in both cities, with some loss of significance in Beijing), while the
consumption-frequency interaction is directionally consistent with the pooled estimate but becomes imprecisely

estimated once the sample is split, consistent with reduced precision under city-specific estimation.

Overall, Appendix C indicates that the main pooled conclusions are robust to city-specific estimation, while the
subsample results help pinpoint where particular mechanisms are most pronounced—most notably, the concentration
of the health-tips salience effect in Shanghai and the stronger role of attitude-linked heterogeneity (especially

environmental concern and meat-risk-related channels) in Beijing.

Table C1. Subsample Results of Mixed Logit Model

Beijing Shanghai
MNL MXL MNL MXL

Coefficient Mean Coefficient Std. Dev. Coefficient Mean Coefficient Std. Dev.
(Std. Err.) (Std. Err.) (Std. Err.)  (Std. Err.) (Std. Err.) (Std. Err.)

Price? -0.057%%%* 2. 7TTFEE L.OST***  _(.060%** 2.679%%* 1.169%%*
(0.005) (0.118) (0.071) (0.005) (0.120) (0.085)
CF.p b 0.393%%* 0.601%*%* 0.025 0.434% %% 0.682%%* -0.149
medium (0.046) (0.073) (0.095) (0.045) (0.071) (0.225)
CF 0.492% % 0.717%%* 0.702%%%  (.60]%%** 0.910%** 0.845%
low (0.056) (0.087) (0.110) (0.057) (0.090) (0.112
WP, 1.696% % 2.843% % 1.691%%% ] 575%%x 2.717% %% 1.604%%*
ow (0.070) (0.136) (0.112) (0.067) (0.135) (0.107)
AW 0.751 %% 1.042% %% -0.020 0.709% % 1.027%%* -0.052
medium (0.054) (0.079) (0.058) (0.055) (0.080) (0.099)
AW 1.012% % 1.480% % 0.835%%%  ().964%** 1.466%%* 0.846% %
high (0.070) (0.108) (0.123) (0.072) (0.108) (0.122)
ont out 0.163 -0.620%* 3.491 %% -0.026 -1.130%%* 3.711%%x
p (0.081) (0.287) (0.286) (0.148) (0.301) (0.313
Number of individuals 445 445 442 442
Number of obersvations 16020 16020 15912 15912
Log Likelihood -4805.14 -4148.46 -4802.91 -4082.20
AIC 9624.28 8324.91 9619.83 8192.39
BIC 9670.36 8417.07 9665.86 8284.46

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
a. The price coefficient is specified as a negative lognormal distribution.

b. All other random coefficients in MXL follow normal distributions.



Table C2. Subsample Result of Mixed Logit Model with Interactions (Beijing, Panel A)

Model 1 Model 2 Model 3
Mean Mean Mean

Variable Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev.
(Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.)

Random parameters

Negative lognormal distribution
S2.575%F%  1.008*** 2. 795%** 1.079%** 2. 749%%* 1 068***

Price® (0.108) (0.063) (0.131) (0.072) (0.127) (0.071)
Normal distribution
CFnagiurb 0.604***  0.036 0.546%**  0.033 0.800%**  0.030

(0.085) (0.088)  (0.095) (0.096)  (0.092) (0.077)
0.734%%%  0.697%%*  0.663***  0.700%%*  0.916¥**  (.677+**

CFlow 0.097)  (0.111)  (0.108) 0.111)  (0.104) (0.111)
WP 2.822%%* 1.702%** 2 832%** 1.687*** 2. 850%** 1.702%**
low (0.135) (0.113) (0.135) (0.112) (0.136) (0.115)
AW 1.109%** -0.036 1.040%** 0.017 1.106%** 0.004
medium (0.096) (0.050) (0.119) (0.055) (0.096) (0.068)
AW 1.551%** 0.847*%*  1.478%** 0.830%***  ].545%** 0.835%**
high (0.122) (0.123) (0.140) (0.123) (0.123) (0.123)
t out -0.578* 3.506%**  -0.682%* 3.484%**  -0.395 3.508%**
optou (0.303) (0.293) (0.306) (0.283) (0.299) (0.284)
Interactions
, : 0.011
CFhighx children treatment (0.155)
. . -0.206
WPhigh x children treatment (0.129)
AWiow x children treatment ?0210 617)
Price x children treatment (0'128)
CFhign % health tips Egigg)
WPhigh x health tips Eg(l)g(l))
AWiowx health tips (3(1)247‘)
Price x health tips ?0013 153)
skookok
CFhigh x gap time ?(.)0(%‘6)
WPhigh X gap time Egggg)
AWiow x gap time ?00(())076)
Pri . -0.004
rice x gap time (0.006)
Number of individuals 445 445 445
Number of observations 16020 16020 16020
Log Likelihood -4138.49 -4147.85 -4135.63
AIC 8312.99 8331.71 8307.26
BIC 8431.48 8450.20 8425.76

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
a. The price coefficient is specified as a negative lognormal distribution.

b. All other random coefficients follow normal distributions.



Table C3. Subsample Result of Mixed Logit Model with Interactions (Shanghai, Panel A)

Model 1 Model 2 Model 3
Mean Mean Mean
Variable Coefficient (Sstt% ]%:) Coefficient (Sstt% ]%:) Coefficient (Sstt% ]%:)
(Std. Err.) “ 7 (Std. Err) “ 7 (Std. Err) T
Random parameters
Negative lognormal distribution
Price? S2.351F% 0 1.002%**  2.677FF*  [L166**F*  _2.670%FF  1.169***
(0.118) (0.088) (0.125) (0.084) (0.123) (0.085)
Normal distribution
CFuediun? 0.608%** -0.147 0.685%** -0.159 0.824%** -0.127
fedm (0.083) (0.178) (0.099) (0.227) (0.092) (0.209)
CF, 0.844%** 0.845%**  (.9]19*** 0.854%**  1.045%** 0.840%**
o (0.099) (0.110) (0.108) (0.113) (0.105) (0.110)
WP 2.684%** 1.613%** 2 716%** 1.608*** 2 735%** 1.604%***
low (0.135) (0.106) (0.136) (0.107) (0.135) (0.107)
AW 0.916%** -0.049 0.824%** -0.057 1.035%** -0.051
medium (0.101) (0.099) (0.113) (0.107) (0.097) (0.108)
AW 1.353%** 0.825%**  1.268*** 0.840%**  1.469*** 0.856%**
high (0.122) (0.121) (0.129) (0.125) (0.121) (0.122)
opt out -1.259%*%  3.640%**  -1.344%*x 3 JOTFEE (.963*F* 3 TTH*E
P (0.313) (0.298) (0.323) (0.311) (0.315) (0.315)
Interactions
‘ . -0.188
CFhighx children treatment (0.152)
WPhigh x children treatment Egié?)
. -0.301*
AWiow x children treatment 0.172)
Price x children treatment 0,991+
(0.244)
CFhign % health tips ?00103?9)
WPhigh x health tips Eg(l)(s)g)
_ %ok
AWiowx  health tips (g"llé(s))
Price x health tips ?000192 4)
skookok
CFhign X gap time ?0001(?6)
WPhigh x gap time ?00835)
AWiow x gap time ?00(())017)
Price x gap time Egggé)
Number of individuals 442 442 442
Number of observations 15912 15912 15912
Log Likelihood -4057.85 -4077.05 -4075.79
AIC 8151.71 8190.1 8187.58
BIC 8270.08 8308.48 8305.95

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

c. The price coefficient is specified as a negative lognormal distribution.

d. All other random coefficients follow normal distributions.



Table C4. Subsample Result of Mixed Logit Model with Interactions (Beijing, Panel B)

Model 4 Model 5 Model 6
Mean Mean Mean
Variable Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev.
(Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.)

Random parameters

Negative lognormal distribution
-2.650%F*%  1.095%** 2. 706%*F*  1.093¥*¥*  2207FF*  1.076%**

Price® (0.135) (0.070) (0.133) (0.091) (0.115) (0.075)
Normal distribution
CFnagiurb 0.607***  0.020 0.489%**  0.002 0.377%%*  0.032

(0.155) (0.079)  (0.088) 0.112)  (0.115) (0.147)
0.726%%%  0.713%%%  (.605%*%*  0.695%*  (498%** (717

CFlow 0.163)  (0.110)  (0.098) 0.114)  (0.123) (0.109)
WP 2.847%** 1.696%** 2 846%** 1.696%** D 848*** 1.700%**
low (0.137) (0.111) (0.137) (0.118) (0.137) (0.112)
AW 0.617%** -0.004 0.944%** -0.023 0.894%** -9.11e-05

medium (0.167) (0.054) (0.098) (0.056) (0.131) (0.061)
AW 1.061%** 0.825%** 1 .387*** 0.839%**  1.330%** 0.848%**
high (0.182) (0.123) (0.123) (0.122) (0.154) (0.123)

t out -1.059%** 3 521%*%* (. 813%*F*  3.490%**  _(0.902%** 3. 445%**
optou (0.357) (0.290) (0.298) (0.293) (0.299) (0.278)
Interactions
CFhigh x meat risk ?(50(())3»18)

WPhigh x meat risk Egg?g)
~ okok
AWiow x meat risk (g(l)}é)
Price x meat risk Egg;g)
~ sk
CFhigh X env concern (gggg)
WPhigh X env concern Egg?é)
~ %
AWiowX env concern (gggg)
Pri -0.025
rice x env concern (0.027)
~ sk
CFhigh x health concern (38‘1‘3)
WPhigh ¥ health concern igg??)
AWiow x health concern Egg%zlg)
~ okok
Price x health concern (gg??)
Number of individuals 445 445 445
Number of observations 16020 16020 16020
Log Likelihood -4142.36 -4142.31 -4134.68
AIC 8320.72 8320.61 8305.36
BIC 8439.22 8439.11 8423.85

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
e. The price coefficient is specified as a negative lognormal distribution.

f.  All other random coefficients follow normal distributions.



Table C5. Subsample Result of Mixed Logit Model with Interactions (Shanghai, Panel B)

Model 4 Model 5 Model 6
Mean Mean Mean

Variable Coefficient (Sstt% ]%:) Coefficient (Sstt% ]%:) Coefficient (Sstt% ]%:)

(Std. Err.) T (Std. Err.) T (Std. Err.) T
Random parameters
Negative lognormal distribution
Price? -2.684%** [ 169%** 2 684%*F* [ 166¥*F* D253 k*Ek ] (45%%*

(0.146) (0.085) (0.122) (0.088) (0.150) (0.072)
Normal distribution
CFuediuns? 0.732%** -0.145 0.601%** -0.146 0.662%** -0.119

medium (0.160) (0.229) (0.088) (0.224) (0.122) (0.176)
CF 0.959%#* 0.844*#* () 829%** 0.837***  (.895%** 0.838*#*

low (0.168) (0.111) (0.101) (0.111) (0.130) (0.111)
WP 2.721%%* 1.604%** 2 717%** 1.604%** 2 673%** 1.614%**

low (0.136) (0.107) (0.137) (0.108) (0.134) (0.108)
AW 1.031%** -0.051 0.990%** -0.058 0.952%#* -0.069

medium (0.200) (0.099) (0.097) (0.099) (0.162) (0.105)
AW 1.468%** 0.848%**  1.429%** 0.845%** ] 387*** 0.852%#*

high (0.215) (0.123) (0.121) (0.123) (0.176) (0.122)

t out -1.072%%* 3 712%%* [ 257Fk* 3 73D%Fkk ] |55%FF 3.666%**
optou (0.406) (0.312) (0.318) (0.320) (0.344) (0.312)
Interactions
CFhigh x meat risk ?(50()13:»38)

WPhigh X meat risk ?(')0(())137)
AWiow x meat risk ?00(()) 418)
Price x meat risk ?00(())21 4)
CFhnigh X env concern Egg%g)
WPhigh X env concern Egg%gim
AWiowx env concern Eggég)
Pri 0.002
rice x env concern (0.012)
CFhigh % health concern igg?é)
. -0.010
WPhigh x health concern (0.011)
-0.013
AWiow x health concern (0.024)
~ okok
Price x health concern (383;)
Number of individuals 442 442 442
Number of observations 15912 15912 15912
Log Likelihood -4082.11 -4080.35 -4073.29
AIC 8200.21 8196.71 8182.58
BIC 8318.58 8315.08 8300.95

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

g. The price coefficient is specified as a negative lognormal distribution.

h.  All other random coefficients follow normal distributions.



Table C6. Subsample Result of Mixed Logit Model with Interactions (Beijing, Panel C)

Model 7 Model 8 Model 9
Mean Mean Mean
Variable Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev.
(Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.)

Random parameters

Negative lognormal distribution
-2.680%F*  1.083**x 3 (73FEFK ] Q72¥*¥F 2. 340%FF 1. 12]1%**

Price? (0.116) (0.084) (0.310) (0.075) (0.121) (0.082)
Normal distribution
CFnagiurb 0.527%**  .0.052 0.964%** 0,001 0.443%*%  0.117

(0.078) (0.134)  (0.266) (0.088)  (0.127) (0.155)
0.650%%  0.710%**  1.078*%**  (.700%%*  (.573%%*  (.710%**

CFlow 0.09)  (0.110)  (0.271)  (0.110)  (0.137)  (6.844)
WP 2.843%** 1.712%%* 2 846*** 1.694%** 2 B2 *** 1.690%**
low (0.137) (0.118) (0.136) (0.115) (0.137) (0.114)
AW 0.921%** -0.033 1.377%%* -0.029 0.953%** 0.035
medium (0.082) (0.053) (0.304) (0.055) (0.137) (0.049)
AW 1.366%** 0.849%***  1.814%** 0.842%%*  ].395%** 0.900%**
high (0.112) (0.122) (0.314) (0.123) (0.156) (0.125)
t out -0.819%** 3. 517*%*  (.092 3.462%%%  _0.864%** 3 448%***
optou (0.297) (0.296) (0.523) (0.284) (0.327) (0.274)
Interactions
~ sk
CFhigh x animal concern (gggg)
WPhigh X animal concern Eggég
~ okok
AWiow x animal concern (38%)
Price x animal concern -0.046*
(0.028)
CFhigh X consumption fre ?(')1380)
. : 0.005
WPhigh X consumption fre (0.025)
. 0.120
AWiowx consumption fre (0.103)
Price x consumption fre ?0111(?8)
~ *
CFhigh X family income (388461)
WPhigh x family income igggg)
AWiow x family income Egggj)
Price x family income (0.003)
Number of individuals 445 445 441
Number of observations 16020 16020 15876
Log Likelihood -4135.16 -4145.5 -4114.08
AIC 8306.32 8326.99 8264.16
BIC 8424.81 8445.49 8382.49

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
f.  The price coefficient is specified as a negative lognormal distribution.
g.  All other random coefficients follow normal distributions.

h. Four Beijing respondents did not report their family income, therefore the sample for Model 6 is 441.



Table C7. Subsample Result of Mixed Logit Model with Interactions (Shanghai, Panel C)

Model 7 Model 8 Model 9
Mean Mean Mean
Variable Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev.
(Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.) (Std. Frr.) (Std. Err.)

Random parameters

Negative lognormal distribution
-2.680%F*  1.169*** 2 798%F* 1 1T1¥FF D 230%FF 1.054%**

Price? (0.121) (0.086) (0.188) (0.086) (0.099) (0.082)
Normal distribution
CFuediuns? 0.645%** -0.152 1.090*** -0.146 0.455%** 0.170

medium (0.074) (0.231) (0.270) (0.206) (0.116) (0.208)
CF 0.874%** 0.840%**  1.3]7*** 0.850%**  (.688%** 0.807%**

low (0.092) (0.114) (0.278) (0.111) (0.128) (0.110)
WP 2.710%** 1.604%** 2 726%*** 1.607***  2.692%** 1.622%**

low (0.135) (0.108) (0.137) (0.107) (0.141) (0.112)
AW 1.016%*** -0.053 0.696** -0.041 1.052%** -0.080

medium (0.088) (0.100) (0.326) (0.091) (0.148) (0.078)
AW 1.456%** 0.842%**  1.136%** 0.847%%*  1.488%** 0.870%**

high (0.114) (0.122) (0.331) (0.123) (0.162) (0.125)

t out -1.183***  3704%*%*  _] 059** 3.724%%% 1. 20Q%**k 3 733k
optou (0.306) (0.317) (0.539) (0.314) (0.339) (0.317)
Interactions
CFhigh X animal concern igg%g)

. . -0.011
WPhigh x animal concern (0.019)
AWiow x animal concern Eggg?‘)
Price x animal concern 0.002
(0.015)
CFhigh X consumption fre ?(')13962)
WPhigh X consumption fre ?00(())22 4)
. -0.120
AWiowx consumption fre (0.113)
Price x consumption fre ?00353 1)
~ sk
CFhigh X family income (ggg;)
. - -0.001
WPhigh x family income (0.002)
AWiow x family income ?00(())01 4)

. - -0.015%**
Price x family income (0.002)
Number of individuals 442 442 440
Number of observations 15912 15912 15840
Log Likelihood -4080.42 -4078.88 -4063.48
AIC 8196.84 8193.75 8162.96
BIC 8315.21 8312.13 8281.25

Notes: Standard errors in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
1. The price coefficient is specified as a negative lognormal distribution.
j- All other random coefficients follow normal distributions.

k. Two Shanghai respondents did not report their family income, therefore the sample for Model 9 is 440.



