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Abstract
Despite the national promotion of food safety measures, a substantial urban–
rural gap remains in the demand for food safety in China. To explain this gap, we
explore the role of knowledge of food safety labels. We measure demand using
the marginal willingness to pay (MWTP) for the green food label and the organic
food label for rice and pork in urban and rural areas. We employ discrete choice
experiments and the control function approach to control for potential endo-
geneity problems. The results show that the MWTP for the labels is significantly
positive among people with label knowledge but insignificant or even negative
among people without label knowledge, and the urban–rural gap in the MWTP
is larger among the former than among the latter. These knowledge-related dif-
ferences explain 8–29% of the urban–rural gap in the MWTP for the green food
label. Our findings imply that improving knowledge about the green food label
could potentially be effective in reducing the urban–rural gap, while our results
also imply the existence of a future challenge for the government in promoting
label knowledge more effectively in rural China.
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1 INTRODUCTION

China—an emerging middle-income country—has been
experiencing a shift in consumer demand for food quality
in terms of food security (such as total calorie and protein
intake), food safety and, recently, other quality aspects
such as taste, appearance, and the use of additives (Gale
& Huang, 2007; Guo et al., 2000; Popkin, 2006; Tian &
Yu, 2013). This paper focuses on food safety, which has
been aggressively promoted by the Chinese government
since 2000. More specifically, the paper first considers
how much of an urban–rural gap remains in the demand
for food safety in China by conducting discrete choice

experiments in urban and rural areas. The paper then
investigates the role of consumers’ knowledge regarding
food safety labels. Label knowledge matters because
food safety is often apparently unclear to consumers,
and thus, the demand for food safety is often observed
as the demand for foods with labels that certify food
safety. If label knowledge is lower in rural areas than
in urban areas, the demand for foods with food safety
labels may be lower in rural areas than in urban areas.
Therefore, this paper focuses on an urban–rural gap in
knowledge of food safety labels as a key explanation for
the urban–rural gap in the observed demand for food
safety.
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In China, food safety measures (e.g., certifications and
labels) have been extended step by step from the export-
ing sectors to urban consumers and, recently, to rural
consumers (Wang et al., 2017). Currently, the majority of
the rural population purchases most of their food at wet
markets or supermarkets, as many rural residents are no
longer self-sufficient food producers. According to our sur-
vey, 80% of rural respondents commonly purchase rice,
and 98% commonly purchase pork at a market. Due to
these socioeconomic changes combinedwith little political
attention to food safety in rural areas until recently, rural
consumers currently face greater food safety problems
(e.g., lack of availability of safer foods) than do urban con-
sumers. Thus, understanding the demand for food safety
among rural consumers is becoming increasingly impor-
tant for policy makers.
As a key food safety measure, this paper focuses on

certification labels related to chemical residuals because
labeling is one of the most actively promoted measures
by the government and is also comparable between urban
and rural areas in China. The Chinese government has
adopted three levels of certification: organic food, green
food, and no harm to public food. All certifications have
a specific label. Organic food is the most stringent certi-
fication and is defined by the standards and definitions
equivalent to those in other countries. Green food and
no-harm-to-public food are certifications used only in
China. No-harm-to-public food is the least stringent
certification and is defined as having levels of pesticide
residues, heavymetals, andmicroorganisms that are lower
than those outlined by the government’s safety standards.
Green food is certified by satisfying special standards
that are more stringent than those for no-harm-to-public
food but less stringent than those for organic food (Yu,
Gao, & Zeng , 2014). Green food certification has been
the most aggressively promoted by the government, and
the number of certified products reached 25,746 in 2017
(China Green Food Development Center).
However, green foods and organic foods are still much

less available in rural areas than in urban areas. Thus, if
the demand for the labeled foods were increasing in rural
areas, there could be a gap between the increasing demand
and the low supply of labeled foods in rural areas. Such
a supply-demand gap in fundamental goods such as safe
foods can cause social unrest, making this an important
issue for the Chinese government. At the same time, label-
ing is used mostly for packaged foods at supermarkets,
and supermarkets are less common in rural areas than in
urban areas. However, the majority of the consumers in
our survey indicated that the wet market was the most
common place for grocery shopping in both urban and
rural areas (87% for urban and 73% for rural), and super-
markets were the secondmost common place in both areas

(12% for urban and 14% for rural). These observations imply
an increasing potential for labeled foods to be incorporated
into the rural food system. Thus, it may be worthwhile to
examine the potential demand for foods with safety labels
not only in urban areas but also in rural areas.
To the best of our knowledge, few studies have exam-

ined China’s urban–rural gap in the demand for foods with
food safety labels. Most previous studies have used data
from coastal urban areas or online surveys (Bai et al., 2013;
Ortega et al., 2011, 2012, 2015, 2017; Shimokawa, 2016; Yin
et al., 2010; Yu, Yan, & Gao, 2014; Wang, Mao, & Gale,
2008). The exceptions areYu andAbler (2009) andYu,Gao,
and Zeng (2014), who examined the demand for food qual-
ity in rural China. Yu andAbler (2009) examined the aggre-
gated and indirect demand for quality by using provincial-
level panel data for the unit values of nine food groups.
Yu, Gao, and Zeng (2014) investigated the difference in
the role of green foods between a provincial capital and a
county town by conducting a survey (a payment card elic-
iting approach) at local supermarkets in Tianjin (a large
coastal city).
Our paper contributes to the previous studies in the fol-

lowing three ways. First, our paper offers a new explana-
tion for the urban–rural gap in the demand for food safety
(i.e., knowledge of food safety labels), while Yu and Abler
(2009) and Yu, Gao, and Zeng (2014) examined the exis-
tence of the gap. Second, our paper focuses on the demand
for food safety, which is amore specific aspect of food qual-
ity than the aggregated food quality examined by Yu and
Abler (2009). Thus, our findings provide more convinc-
ing implications for existing safety measures. Third, our
sample better represents general consumers, particularly
in rural areas. In our survey, we randomly selected house-
holds from a residential list in each community and visited
each of the selected households, while most previous sur-
veyswere conducted at supermarkets or online. As a result,
previous findings have tended to overrepresent highly
educated, higher-income, and/or younger consumers (see
Wang, Mao, & Gale, 2008). For example, in the study by
Yu, Gao, and Zeng (2014), the proportion of “high school
graduate or above” in the rural sample was 36.5%, which is
higher than the national average of 29.8% (National Bureau
of Statistics of China, 2017). Considering that the national
average includes both urban and rural areas, the rural
sample examined by Yu, Gao, and Zeng (2014) is much
more highly educated than the average population of rural
areas. In our sample, the corresponding proportions are
16.6% and 49.8% for the rural and urban areas, respectively.
Moreover, compared to the urban sample, our rural sample
includes substantially more illiterate people, farmers, low-
incomepeople, and older people. These differences are also
important for understanding the urban–rural gap in the
demand for food safety.
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We conducted discrete choice experiments for rice and
pork by visiting 354 urban households and 357 rural house-
holds that were randomly selected from a residential
list in each of 24 communities in three prefectures in
Hubei Province in August 2017. We employed a hypothet-
ical choice experiment because green foods and organic
foods are not yet widely available in rural areas and even
some urban areas, and thus, we could not obtain enough
revealed preference data. Rice and pork were selected
because they are major food products in Chinese cuisine.
The questions were answered by the person who regularly
goes grocery shopping for her/his household. The survey
also collected basic information about a respondent and
her/his household.
Using the data, we first estimate the consumers’

marginal willingness to pay (MWTP) for the green food
and organic food labels in both urban and rural areas. We
use mixed logit models in the WTP space to estimate the
MWTP, and we employ the control function approach to
control for potential endogeneity in the variables related to
label knowledge. Second,we further examinewhy demand
is different between urban and rural areas, with an empha-
sis on the role of food label knowledge. We employ the
Oaxaca–Blinder decomposition method to decompose the
urban–rural differences in the MWTP for the labels into
the endowment and the preference effects of label knowl-
edge, income per household member, and other socioeco-
nomic factors.
Our key findings are threefold. First, there was a signifi-

cant urban–rural gap in the proportion of people who actu-
ally saw and knew about the green food and organic food
labels, and the proportion was much lower in our sample
than in previous studies. For example, the proportion of
people who knew about the green food label was 48.9% in
the urban areas and 37.0% in the rural areas in our sample,
much lower than the 88.7% in the study by Yu, Gao, and
Zeng (2014). Second, the MWTP for the labels was signif-
icantly positive only among people with label knowledge
but was insignificant or even negative among people with-
out this knowledge. Moreover, the urban–rural gap in the
MWTP for the labels was larger among the former than the
latter. Finally, the knowledge-related differences explain
8%–29% of the urban–rural gap in the MWTP for the green
food label for rice, and this contribution is one of the largest
among the eight socioeconomic factors examined. These
findings imply the existence of a future challenge for Chi-
nese agencies overseeing food safety standards (e.g., China
Green Food Development Center) in more effectively pro-
moting food safety labels in China.
The rest of the paper is organized as follows. Sec-

tion 2 presents our conceptual framework. Section 3 illus-
trates our study sites and experimental design. Section 4
describes our data. Section 5 introduces our estimation

F IGURE 1 Our conceptual framework

methods. Section 6 presents our estimation results. Sec-
tion 7 discusses the remaining limitations in our empiri-
cal analysis. Section 8 concludes with a discussion of the
implications of the food safety label policies in China.

2 CONCEPTUAL FRAMEWORK

Figure 1 illustrates our conceptual framework. We pre-
sume that the demand for food safety increases following
economic development, for example, increasing income,
improving education, and changing dietary preferences
(arrow (1)) (e.g., Gale &Hu, 2012; Ortega & Tschirley, 2017;
Ortega et al., 2012; Yu & Abler, 2009), and an increased
demand for food safety is expected to increase the demand
for foods with safety labels (arrow (2)). While arrow (1)
is not directly observable, previous studies have often
implicitly assumed that arrow (1) is followed by arrow
(2) and have estimated the demand for foods with safety
labels as an approximation of the demand for food safety
(e.g., Ortega et al., 2011; Wang, Mao, & Gale, 2008; Yu,
Gao, & Zeng, 2014). Our conceptual framework introduces
“knowledge of food safety labels” as a confounder for
arrow (2). That is, arrow (1) is followed by arrow (2) only
when people are sufficiently knowledgeable of food safety
labels. This possibility is represented by arrow (3).
Our framework regarding the urban–rural gap in the

demand for food safety indicates that the gap in demand
can be explained not only by the different levels of eco-
nomic development in these areas but also by a gap in
the knowledge of food safety labels. Thus, to predict the
demand for foods with safety labels, an important step
is to take into account knowledge of food safety labels
in addition to socioeconomic factors related to economic
development. Overlooking the role of food label knowl-
edge may lead to an overestimation of the influence of
such socioeconomic factors (e.g., increasing income) on
the demand for food safety. On the other hand, even when
individuals lack knowledge of food safety labels, the labels
themselves may influence demand (i.e., there may be a
saliency effect). Thus, the magnitude of arrow (3) is an
empirical question that will be examined in the following
sections.
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3 STUDY SITES AND EXPERIMENTAL
DESIGN

The data used in this paper were collected from a house-
hold survey conducted in Hubei Province in China in
August 2017. We first selected three prefectures based
on average annual income per capita: Wuhan (a wealthy
prefecture), Xiaogan (a middle-income prefecture), and
Huanggang (a poor prefecture). In each prefecture, a strat-
ified random samplingmethodwas adopted to select coun-
ties, towns/villages, and communities from a complete list
of enumeration areas from the National Bureau of Statis-
tics of China (NBSC). We first categorized all counties
into urban and rural areas according to administrative
categories and randomly selected one urban county and
one rural county in each prefecture (i.e., six counties in
total). We then selected two towns/villages in each sample
county and two communities in each sample town/village.
In total, our sample constituted 12 towns/villages and 24
communities. In each community, we randomly selected
approximately 30 households from a complete list of
residential households in each sample community. We
visited each of the selected households to conduct our sur-
vey during August 22—27 in 2017. While visits were con-
ducted from morning to evening, they were most often in
the evening in urban areas. Choice experiments were con-
ducted with the member of each household who regularly
goes grocery shopping (if available).
Our unlabeled discrete choice experiments focused on

rice and pork because they are basic food items and are
expected to be consumed by all households in the surveyed
communities. Table 1 summarizes the attributes of the
product profiles in the experiment. For rice, the attributes
include product origin (four provinces in China: Hubei,
Hunan, Jiangxi, Heilongjiang), food safety labels (no label,
green food label, organic food label), and product price per
5 kg (five levels). For pork, the attributes include product
color (dark red, light red), fat content (lean, fatty), food
safety labels, and product price per 500 g (five levels).
Notably, food items with a green food label or an organic

food label are rarely found in Hubei Province, unlike in
large coastal cities (e.g., Beijing and Shanghai). We found
only rice and vegetables with these labels at some super-
markets in Wuhan, and rice was more frequently found
with these labels than vegetables were. Additionally, the
origins of most rice products are clarified, which is fitting
for our experiment because product origin can be another
quality signal (i.e., products fromHeilongjiang are the best,
while those from Hunan are the worst). Thus, our experi-
ment included rice rather than vegetables. In contrast, we
could not find pork products with a green food label or an
organic food label even at the most prestigious supermar-
ket in Wuhan.

TABLE 1 Attributes in the discrete choice experiment

Product Attributes Levels Contents
Rice Product origin 4 levels 1. Hubei

2. Heilongjiang
3. Hunan
4. Jiangxi

Price 5 levels 1. 25 yuan / 5 kg
2. 30 yuan / 5 kg
3. 35 yuan / 5 kg
4. 40 yuan / 5 kg
5. 45 yuan / 5 kg

Food safety label 3 levels 1. No label
2. Green food
3. Organic food

Pork Meat color 2 levels 1. Dark red
2. Light red

Fat content 2 levels 1. Lean meat
2. Fatty meat

Price 5 levels 1. 15 yuan / 500 g
2. 20 yuan / 500 g
3. 25 yuan / 500 g
4. 30 yuan / 500 g
5. 35 yuan / 500 g

Food safety label 3 levels 1. No label
2. Green food
3. Organic food

Thus, while we set the price levels for rice based on the
prices at wet markets and supermarkets in Hubei, we set
the price levels for pork based on the prices at wet mar-
kets (for unlabeled pork) and at China’s largest internet
mall called T-mall (for labeled pork). The prices for labeled
rice ranged from 38.9 to 59.9 yuan per 5 kg at supermar-
kets inWuhan, and the prices for labeled pork ranged from
36 to 69 yuan per 500 g at the internet mall (we excluded
prestigious brand products). Within the observed ranges,
our experiment sets the highest price at a level that is low
enough to be affordable for rural consumers but still higher
than the price of unlabeled items. Our experiment also sets
the lowest price to be the same as that observed for unla-
beled items at local wet markets. We use the same price
range for both urban and rural areas by assuming that the
price levels for green foods and organic foods are reason-
ably similar in both areas. The prices of these foods cannot
be much lower than the current prices regardless of selling
area because the production costs needed to achieve the
standards for green food or organic food cannot easily be
reduced.
Each choice set comprises four hypothetical alterna-

tives and a “do not buy” option (see Figure 2). We created
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F IGURE 2 Example of a Choice Task [Color figure can be viewed at wileyonlinelibrary.com]

30 different choice sets using a D-optimal design cre-
ated from the full-factorial candidate set using a modi-
fied Federov search algorithm. To reduce the probability
of respondent fatigue, the choice tasks were split into five
orthogonal blocks of six choice tasks each. Before respon-
dents started the experiment, we employed a cheap-talk
strategy tomitigate hypothetical bias and informed respon-
dents that people tend to act differently when they face
hypothetical decisions.
After conducting the choice experiments, we examined

the respondents’ understanding of each of the green food
and organic food labels. The following three questions
were asked: (1) Have you ever seen the label? (2) Do you
know the meaning of the label? and (3) What is the mean-

ing of the label? For question (3), respondents could choose
one of the following four choices: (i) No use of pesticides,
chemical fertilizers, and other chemical inputs; (ii) Lim-
ited use of pesticides, chemical fertilizers, and other chem-
ical inputs; (iii) Nutritional contents within food are above
government standards and are healthier for consumers;
and (iv) Levels of pesticide residues, heavy metals, and
microorganism contents within the food are below those
outlined by government standards and are safe for con-
sumers. (i), (ii), and (iv) are the definitions of organic
food, green food, and no-harm-to-public food, respectively.
There is no official label for (iii).
At the end of the survey, we also collected the follow-

ing background information: sex, age, household size,
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TABLE 2 Key characteristics of our sample

Urban (n = 351) Rural (n = 356) Difference
Mean SD Mean SD (2) – (1)
(1) (2) (3)

Age (years) 50.5 14.8 55.9 14.6 5.3***
Female (1 = female, 0 =male) 0.6 0.5 0.4 0.5 −0.2***
Married (1 =married, 0 = ow) 0.9 0.3 0.9 0.3 0.0
Household size (persons) 3.7 1.9 4.1 2.1 0.4***
With children under 18 (1 = yes, 0 = ow) 0.58 0.03 0.53 0.03 −0.05
Per capita annual income(1,000 RMB/year) 11.0 9.1 8.1 6.3 −2.9***
Shopping every day (1 = yes, 0 = ow) 0.69 0.02 0.23 0.02 −0.47***
Mainly use a supermarket (1 = yes, 0 = ow) 0.12 0.02 0.13 0.02 0.01
Occupations (%) (n = 207) (n = 202)
Managers 14.4% 5.5% −9.0***
Professionals and technicians 10.1% 8.4% −1.6
Clerks 9.6% 3.0% −6.6***
Commercial and service workers 26.0% 11.9% −14.1***
Agriculture, forestry, husbandry, and fishery
producers

6.7% 44.1% 37.3***

Production and transportation workers 13.9% 13.4% −0.6
Cannot be specified 19.2% � 13.9% −5.4

Education level (%) Urban Rural
Difference
(Rural–Urban)

CSY 2017
National

Illiterate 4.0% 9.0% 5.0*** 5.3%
Elementary School 16.3% 32.7% 16.3*** 25.6%
Junior High School 29.9% 41.7% 11.6*** 38.8%
High School 23.1% 12.4% −10.7*** 12.8%
Professional School 9.1% 1.7% −7.4*** 11.1%
University or Above 17.7% 2.5% −15.1*** 6.0%

Note: ow = otherwise; CSY = China Statistical Yearbook.
***and ** indicate the 1% and 5% significance level, respectively.

household demography, education level, annual house-
hold income, who regularly goes grocery shopping,
frequency of grocery shopping, shopping sites, aver-
age monthly food expenditures per person, and self-
production of rice and pork.

4 DATA AND DESCRIPTIVE ANALYSIS

Our data set contains 711 households, but four house-
holds were excluded from our analysis due to missing val-
ues and invalid answers. Thus, our analytical sample con-
tains 707 households. When available, we interviewed the
household member who regularly goes grocery shopping.
Response rates varied from 80% to 50% across communi-
ties, and they tended to be lower in urban areas, particu-
larly in Wuhan.
Table 2 presents the key characteristics of our sample

and shows that our rural sample is substantially different

from the samples examined in previous studies, while our
urban sample is similar to those in previous studies. In par-
ticular, compared to that of previous studies, the distribu-
tion of education levels (the last panel) in our samplemore
closely resembles the nationally representative data from
the China Statistical Yearbook in 2017 (the column named
“CSY 2017”). For example, the illiteracy rates in our sample
were 9% in rural areas and 4% in urban areas. These data
are consistentwith the data fromCSY 2017, which reported
that the average illiteracy rates in 2016 were 5.4% at the
national level and 6.0% inHubei Province.Our enumerator
read the questionnaire out loud for illiterate respondents.
Table 2 also shows that the average per capita annual

income is 36% higher in urban areas (10,996 RMB) than
in rural areas (8,072 RMB). According to the CSY 2017, the
average per capita income was 18,283 RMB in urban areas
and 10,849 RMB in rural areas in Hubei in 2015. Thus, our
sample is, on average, poorer than the NBSC sample in
both areas, particularly in urban areas because one-third of
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TABLE 3 Knowledge of food safety labels

� All Urban Rural (2)–(3)
(1) (2) (3) (4)

Knowledge of the green food label
Saw and knew the green food label 42.9% 48.9% 37.0% 11.9%**
Among the people who knew the label:
Correctly understood green food 18.0% 18.5% 17.4% 1.1%
Misunderstood green food as organic 39.3% 37.6% 41.7% 4.1%
Misunderstood green food as nutritious 10.2% 11.0% 9.1% 1.9%
Misunderstood green food as no-harm-to-public food 32.5% 32.9% 31.8% 1.1%

Never saw the green food label 46.1% 36.2% 56.0% −19.9%***
Knowledge of the organic food label
Saw and knew the organic food label 16.5% 19.2% 13.7% 5.5%**
Among the people who knew the label:
Correctly understood organic food 41.0% 36.8% 46.9% −10.2%
Misunderstood organic as green food 12.0% 13.2% 10.2% 12.0%
Misunderstood organic as nutritious 12.8% 11.8% 14.3% −12.8%
Misunderstood organic as no-harm-to-public food 34.2% 38.2% 28.6% −9.7%

Never saw the organic food label 73.1% 67.5% 78.7% −11.2%***

Note: We tested whether (2)–(3) is zero or nonzero in column (4).
***and ** indicate the 1% and 5% significance level, respectively.

our sample is from one of the poorest prefectures (Huang-
gang) and because higher-income households were more
difficult to interview in Wuhan. Consequently, the urban–
rural gap in income is smaller in our sample than in the
NBSC sample. However, our sample still has enough vari-
ation in per capita income levels to capture most general
consumers, and the Gini coefficient is 0.39.
The occupation structure was also substantially differ-

ent between urban and rural areas (the second panel in
Table 2). In terms of occupation, the share of agricul-
tural, forestry, husbandry, and fishery producers wasmuch
higher in rural areas (44%) than in urban areas (6.7%); in
contrast, the share of commercial and service workers was
much higher in urban areas (26.0%) than in rural areas
(11.9%). The average household size and respondent age
were slightly higher in rural areas than in urban areas. The
household size was 4.1 persons and 3.7 persons in rural and
urban areas, respectively. The average agewas 55.9 and 50.5
years old in rural and urban areas, respectively. Approxi-
mately 70% of our sample was people who regularly buy
food for their households. The time needed for respon-
dents to complete the questionnaire was approximately 30
min in both the urban and rural areas.
While urban–rural differences in other factors are

expected (e.g., shopping patterns and farming), we need
a more in-depth explanation for the average age in our
sample, which is much higher than the national average.
This is because we interviewed the people who commonly
purchase groceries for their household. Even though there

were younger people in the interviewed households, we
interviewed an older person who tended to go grocery
shopping for her/his household. Based on the data on the
age groups of householdmembers, 58% of the people in the
interviewed households were between 20 and 59 years old,
and 22% of them were aged 60 or above. According to the
CSY 2017, the proportion of people between 20 and 59 years
old was 61% and that of people aged 60 or above was 17%.
Thus, the proportion of older people was slightly higher in
our sampled households compared to the national average,
and this difference is much smaller than the difference in
the average age.
Table 3 describes the knowledge of the green food and

organic food labels for the participants in our entire sam-
ple and in our urban and rural samples (columns 1, 2, and 3,
respectively). Column (4) presents the difference between
urban and rural areas.On average, 42.9%of our sample said
that they saw and knew about the meaning of green food
labels, while only 16.5% of them saw and knew about the
meaning of organic food labels. The proportion of people
who knew about the labels was much lower in rural areas
(37% and 13.7% for green food and organic food, respec-
tively) than in urban areas (48.9% and 19.2% for green food
and organic food, respectively), and the urban–rural differ-
ences were statistically significant at the 5% level.
Table 3 also showswhether people understood the labels

correctly, and the patterns of misunderstanding were simi-
lar between urban and rural areas. Among the people who
knew the labels, only 18.0% and 41.0% correctly understood
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the green food label and the organic food label, respec-
tively. The percentage of people who knew the green food
label but misinterpreted the label as an organic food was
39.3%. Similarly, 10.2% misinterpreted the green food label
as indicating nutritious food, and 12.8%misinterpreted the
organic food label as indicating nutritious food. Addition-
ally, more than 30% misinterpreted the green food and the
organic food labels as being no-harm-to-public food labels.
In sum, Table 3 shows that the key urban–rural differ-

ence in the knowledge of the green food and organic food
labels is the proportion of those who “saw and knew the
label” rather than how correctly people understood the
labels. Thus, as a measure of label knowledge, we focus on
whether a person saw and knew the label. More specifi-
cally, in our analysis, having label knowledge means peo-
ple understand the label as a good safety signal, and people
whohave only seen the labelwere not considered as having
label knowledge. In the following sections, we will exam-
ine how these differences between urban and rural areas
are associated with the MWTP for food safety labels.

5 ESTIMATIONMETHOD

We first present our estimationmethod forMWTP for non-
price attributes and the effect of label knowledge on the
MWTP for the food safety labels. Second, we illustrate
the control function approach to controlling for potential
endogeneity in the variables related to label knowledge.
Last, estimating individual-level MWTP for the label, we
decompose the observed urban–rural gap in the MWTP
for the labels into endowment and preference compo-
nents and further decompose into the contribution of each
socioeconomic factor.

5.1 Estimation of MWTP

Based on the random utility theory (Hanemann, 1984;
Mcfadden, 1974), respondents are assumed to choose the
rice and pork that provide them the maximum utility.
When respondent i chooses alternative j in question t, the
utility obtained from the choice is:

𝑈𝑖𝑗𝑡 = 𝑉𝑖𝑗𝑡 + 𝜀𝑖𝑗𝑡, (1)

where 𝑉𝑖𝑗𝑡 is the deterministic part of utility and 𝜀𝑖𝑗𝑡 is the
unsolvable component. The selected alternative provides
the largest utility compared to the utility provided by other
available alternatives in the question.
In our experiments, the factors determining 𝑉𝑖𝑗𝑡 are

prices, food labels, and origins or color and fat con-
tent), and all the factors are randomly assigned across

respondents. The unsolvable components 𝜀𝑖𝑗𝑡 may include
respondents’ socioeconomic backgrounds and other unob-
servable factors. Because the deterministic part is ran-
domly assigned, 𝑉𝑖𝑗𝑡 is uncorrelated with 𝜀𝑖𝑗𝑡 in our exper-
iment. Thus, the coefficient estimators in 𝑉𝑖𝑗𝑡 should be
consistent (i.e., there should be no significant endogeneity
bias). The basic form of the deterministic part for rice 𝑉𝑟

𝑖𝑗𝑡

and that for pork 𝑉𝑝

𝑖𝑗𝑡
can be defined as:

𝑉𝑟
𝑖𝑗𝑡

= 𝛼𝑟1 𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡 + 𝛼𝑟2𝑂𝑟𝑔𝑖𝑗𝑡 + 𝛼𝑟3
′𝑂𝑟𝑖𝑔𝑖𝑛𝑠𝑖𝑗𝑡

+𝛼𝑟4𝑂𝑝𝑡𝑜𝑢𝑡𝑖𝑗𝑡 + 𝜆𝑟𝑖𝑝𝑟𝑖𝑐𝑒𝑖𝑗𝑡, (2)

𝑉
𝑝

𝑖𝑗𝑡
= 𝛼𝑝1 𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡 + 𝛼𝑝2𝑂𝑟𝑔𝑖𝑗𝑡 + 𝛼𝑝3𝐶𝑜𝑙𝑜𝑟𝑖𝑗𝑡

+ 𝛼𝑝4𝐿𝑒𝑎𝑛𝑖𝑗𝑡 + 𝛼𝑝5𝑂𝑝𝑡𝑜𝑢𝑡𝑖𝑗𝑡 + 𝜆𝑝𝑖𝑝𝑟𝑖𝑐𝑒𝑖𝑗𝑡, (3)

where 𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡 and 𝑂𝑟𝑔𝑖𝑗𝑡 are indicators for the green
food label and the organic food label, respectively. In (2),
𝑂𝑟𝑖𝑔𝑖𝑛𝑠𝑖𝑗𝑡 is a vector of indicators for the four product ori-
gins (Hubei is excluded). In (3),𝐶𝑜𝑙𝑜𝑟𝑖𝑗𝑡 is the indicator for
a dark red color, and 𝐿𝑒𝑎𝑛𝑖𝑗𝑡 is the indicator for lean meat.
In both equations, 𝑂𝑝𝑡𝑜𝑢𝑡𝑖𝑗𝑡 is the indicator for choosing
the opt out alternative, and 𝑝𝑟𝑖𝑐𝑒𝑖𝑗𝑡 is price in yuan. Thus,
−𝜆𝑓𝑖 is the price coefficient for product f= {r, p}, and the 𝛼s
are the MWTP for nonprice attributes. Hereafter, we refer
to these models as the basic models.
Next, while𝑉𝑖𝑗𝑡 and 𝜀𝑖𝑗𝑡 are uncorrelated in Equation (1),

respondents’ socioeconomic background may influence
their decisions through treatments such as food labels.
In other words, the effect of food labels may be hetero-
geneous across respondents. To investigate this possibil-
ity, we introduce interaction terms between the label indi-
cators and respondents’ key characteristics into the basic
models. Because the treatments are randomly assigned, the
interaction terms are not correlatedwith the error term 𝜀𝑖𝑗𝑡.
We start investigating the role of food label knowledge by

introducing the interaction terms between the label indica-
tor and the indicator for “know the label” (e.g., the green
food label indicator*the indicator for knowing the green
food label) into the basic models as follows:

𝑉𝑟
𝑖𝑗𝑡

= 𝛽𝑟1 𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡 + 𝛽𝑟2𝑂𝑟𝑔𝑖𝑗𝑡 + 𝛽𝑟3𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡 ∗ 𝐾𝑛𝑜𝑤_𝐺𝑟𝑖

+𝛽𝑟4𝑂𝑟𝑔𝑖𝑗𝑡 ∗ 𝐾𝑛𝑜𝑤_𝑂𝑟𝑖

+𝛽𝑟5
′
𝑂𝑟𝑖𝑔𝑖𝑛𝑠𝑖𝑗𝑡 + 𝛽𝑟6𝑂𝑝𝑡𝑜𝑢𝑡𝑖𝑗𝑡 + 𝜆𝑟𝑖𝑝𝑟𝑖𝑐𝑒𝑖𝑗𝑡 , (4)

𝑉
𝑝

ijt = 𝛽𝑝1 Gree𝑛ijt + 𝛽𝑝2Or𝑔ijt + 𝛽𝑝3Gree𝑛ijt ∗ Know_𝐺𝑟𝑖

+ 𝛽𝑝4Or𝑔ijt ∗ Know_𝑂𝑟𝑖 + 𝛽𝑝5Colo𝑟ijt

+𝛽𝑝6Lea𝑛ijt + 𝛽𝑝7Optou𝑡ijt + 𝜆pipric𝑒ijt, (5)
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where 𝐾𝑛𝑜𝑤_𝐺𝑟𝑖 and 𝐾𝑛𝑜𝑤_𝑂𝑟𝑖 are the indicators for
knowing the green food label and the organic food label,
respectively. Thus, 𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡 ∗ 𝐾𝑛𝑜𝑤_𝐺𝑟𝑖 and 𝑂𝑟𝑔𝑖𝑗𝑡 ∗

𝐾𝑛𝑜𝑤_𝑂𝑟𝑖 are the interaction terms between the label
indicators and the label knowledge indicators. The coef-
ficients on the interaction terms represent how differently
individuals who know the label respond to the label com-
pared to individuals who do not know the label. Hereafter,
we refer to these models as the knowledge models.
Moreover, to control for the influence of other important

socioeconomic factors, we add interaction terms between
the label indicator and each of the indicators for high
income (higher than the median), high education level
(graduated high school or above), old age (older than the
median), and farming.

𝑉𝑟
𝑖𝑗𝑡

= 𝛾𝑟1 𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡 + 𝛾𝑟2𝑂𝑟𝑔𝑖𝑗𝑡 + 𝛾𝑟3𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡∗𝐾𝑛𝑜𝑤_𝐺𝑟𝑖

+𝛾𝑟4𝑂𝑟𝑔𝑖𝑗𝑡∗𝐾𝑛𝑜𝑤_𝑂𝑟𝑖 + 𝛾𝑟5
′𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡∗𝑋𝑖𝑗𝑡

+𝛾𝑟6
′𝑂𝑟𝑔𝑖𝑗𝑡∗𝑋𝑖𝑗𝑡 + 𝛾𝑟7

′𝑂𝑟𝑖𝑔𝑖𝑛𝑠𝑖𝑗𝑡 + 𝛾𝑟8𝑂𝑝𝑡𝑜𝑢𝑡𝑖𝑗𝑡 + 𝜆𝑟𝑖𝑝𝑟𝑖𝑐𝑒𝑖𝑗𝑡 , (6)

𝑉
𝑝

ijt = 𝛾𝑝1 Gree𝑛ijt + 𝛾𝑝2Or𝑔ijt + 𝛾𝑝3Gree𝑛ijt ∗ Know_𝐺𝑟𝑖

+𝛾𝑝4Or𝑔ijt ∗ Know_𝑂𝑟𝑖 + 𝛾𝑝5
′Gree𝑛ijt ∗ 𝑋ijt

+𝛾𝑝6
′Or𝑔ijt ∗ 𝑋ijt + 𝛾𝑝7Colo𝑟ijt

+𝛾𝑝8Lea𝑛ijt + 𝛾𝑝9Optou𝑡ijt + 𝜆pipric𝑒ijt, (7)

where 𝑋𝑖𝑗𝑡 is a vector of other control variables, including
the indicators for high income, high education level, old
age, and farming. Thus, 𝐺𝑟𝑒𝑒𝑛𝑖𝑗𝑡 ∗ 𝑋𝑖𝑗𝑡 and 𝑂𝑟𝑔𝑖𝑗𝑡 ∗ 𝑋𝑖𝑗𝑡

are the interaction terms between the label indicators and
each of the control variables. These models are hereafter
referred to as the full models.
To estimate Equations (2)–(7), there are at least three

potential and feasible estimation methods: a conditional
logit model, mixed logit model in preference space, and
mixed logit model in WTP space. We will employ the
mixed logit model because it relaxes the independence
of irrelevant alternatives (IIA) assumption of conditional
logit models, allowing coefficients to vary randomly over
individuals by assuming a particular continuous hetero-
geneity distribution for coefficients a priori (McFadden
& Train, 2000). Another attractive feature of the mixed
logit model is that it enables us to account for hetero-
geneity in preferences that are unrelated to observed
characteristics.
Among the two types of the mixed logit model, we

employ the model in WTP space proposed in Train and
Weeks (2005) and estimate the direct WTP measure from
the coefficients. Although themodel in preference space is

also widely used to estimate WTP, previous studies have
shown that the estimation in preference space may pro-
duce unrealistic estimates (Meijer & Rouwendal, 2006;
Scarpa et al., 2008). This is because, in the model in pref-
erence space, the WTP for an attribute is given by the
ratio of the attribute coefficient to the price coefficient, and
thus, the WTP distributions are heavily skewed and may
not even have defined moments. To address this potential
problem, the price coefficient is often fixed in the model
in preference space. However, it is often unreasonable to
assume that all individuals have the same preferences for
price (Meijer & Rouwendal, 2006). In contrast, the model
in WTP space involves estimating the distribution of WTP
directly by reformulating the model in such a way that
the coefficients directly represent the WTPmeasures. This
approach has been found to produce more realistic WTP
estimates in applications than the model in preference
space.
In our model, the price coefficient −𝜆𝑖 is given a log-

normal distribution. The coefficients associated with other
attributes are normally distributed. TheWTPs are assumed
to be uncorrelated across attributes. We estimated all the
models separately between urban and rural areas.

5.2 Control function approach

A key remaining concern in estimating Equations (4)–(7)
is the potential endogeneity in the interaction terms with
the indicators for knowing the food safety labels.1Because
label knowledge is interacted with randomly assigned
labels, it may influence consumer choices only through
the randomly assigned labels in our experiments, and
thus, the influences of selection bias and reverse causal-
ity are expected to be minimized. However, there may still
be some omitted variables that are correlated with the
interaction terms, such as unobserved attributes of food
markets, advertisements, and available information about
food labels. To mitigate the influence of such unobserved
attributes, we apply the control function approach (Petrin
& Train, 2010; Train, 2009) to the interaction terms.
For explanatory purposes, we rearrange Equation (1) as

follows:

𝑈𝑖𝑗𝑡 = 𝛽1 𝐿𝑖𝑗𝑡 ∗ 𝐾𝑛𝑜𝑤𝐿𝑖 + 𝛽𝑋
′
𝑋𝑖𝑗𝑡 + 𝛽𝑞𝑞𝑖𝑗𝑡 + 𝑒𝑖𝑗𝑡, (8)

where 𝐿𝑖𝑗𝑡 ∗ 𝐾𝑛𝑜𝑤𝐿𝑖 is the interaction term between
the randomly assigned label (𝐿𝑖𝑗𝑡) and the indicator of

1We also examined the endogeneity of prices by using community indi-
cators as exogenous variables in the first stage. Because the results are
similar to those in the base models, we did not include the results, which
are available upon request.
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knowing the label (𝐾𝑛𝑜𝑤𝐿𝑖), 𝑋𝑖𝑗𝑡 is a vector of other
observed attributes in 𝑉𝑖𝑗𝑡, 𝑞𝑖𝑗𝑡 is a vector of unobserved
attributes that are correlated with the interaction term,
and 𝑒𝑖𝑗𝑡 is the exogenous error term. Given equation (8),
the error term in Equation (1), 𝜀𝑖𝑗𝑡, contains both 𝑞𝑖𝑗𝑡 and
𝑒𝑖𝑗𝑡. Additionally, the interaction term 𝐿𝑖𝑗𝑡 ∗ 𝐾𝑛𝑜𝑤𝐿𝑖 can
be expressed as:

𝐿𝑖𝑗𝑡 ∗ 𝐾𝑛𝑜𝑤𝐿𝑖 = 𝜃0 + 𝜃𝑧𝑍𝑖𝑗𝑡 + 𝜃𝑞𝑞𝑖𝑗𝑡 + 𝜑𝑖𝑗𝑡, (9)

where 𝑍𝑖𝑗𝑡 is a vector of exogenous variables that explain
the interaction term and consist of 𝑋𝑖𝑗𝑡 and excluded
instruments 𝑧𝑖𝑗𝑡, while 𝑞𝑖𝑗𝑡 is the unobserved attributes
that are correlated with the interaction term. 𝜑𝑖𝑗𝑡 is an
exogenous error term.
Suppose we estimate Equation (9) using only the

observed variables 𝑍𝑖𝑗𝑡 and denote the residuals from the
estimation as 𝛿𝑖𝑗𝑡. Then, 𝛿𝑖𝑗𝑡 contains both 𝑞𝑖𝑗𝑡 and 𝜑𝑖𝑗𝑡.
Thus, replacing 𝑞𝑖𝑗𝑡 in Equation (8) with a proper estima-
tor for 𝛿𝑖𝑗𝑡 (�̂�𝑖𝑗𝑡), we obtain:

𝑈𝑖𝑗𝑡 = 𝛽1 𝐿𝑖𝑗𝑡 ∗ 𝐾𝑛𝑜𝑤𝐿𝑖 + 𝛽′
𝑋
𝑋𝑖𝑗𝑡 + 𝛽𝛿�̂�𝑖𝑗𝑡 + 𝑒𝑖𝑗𝑡. (10)

In Equation (10), �̂�𝑖𝑗𝑡 explicitly controls for the unob-
served factors 𝑞𝑖𝑗𝑡 that caused the endogeneity in the inter-
action term in Equation (8). Thus, in Equation (10), the
interaction term is not correlated with the error term 𝑒𝑖𝑗𝑡,
and we can obtain consistent estimators for 𝛽1 and other
coefficients.
To obtain the residual �̂�𝑖𝑗𝑡, we specify Equation (9) using

Ordinary Least Squares (OLS) estimation. This procedure
is called the first stage, as in two-stage least squares esti-
mation. In Equations (4)–(7), there are two endogenous
interaction terms (i.e., interactionswith knowing the green
food label and with knowing the organic food label). For
each interaction term, we estimate the residual �̂�𝑖𝑗𝑡 (i.e.,
there will be two residual terms). As the excluded instru-
ments 𝑧𝑖𝑗𝑡, we employ indicators for the 24 geographic
communities (i.e., the smallest geographic unit in our sam-
ple). The community indicators are expected to proxy for
the unobserved attributes of foodmarkets, advertisements,
and the available information about food labels within a
geographic market, and such attributes may be correlated
with the effect size of label knowledge through the food
label. Additionally, in the context of our experiment, we
may reasonably assume that people’s residential commu-
nities are predetermined and thus externally given in the
short run. The statistical validity of the excluded instru-
ments is further examined in the next paragraph.
The first stage results show that our excluded instru-

ments are significantly correlated with the interaction
terms for knowing the labels (see Supporting Information

Appendix Table A1). The partial F statistic of the excluded
instruments ranges from 4.27 to 6.99 and is jointly statisti-
cally significant at the 1% level in all models. We also con-
duct themodified refutability test (Guevara, 2018) to assess
the exogeneity of the instruments, which is the overidenti-
fication test for discrete choice models. We cannot employ
the test directly to themixed logitmodel because themodel
is not designed to include so many variables (i.e., 23 com-
munity indicators). Thus, we conduct the test based on
logit models. The chi-squared test statistic with 25 degrees
of freedom ranges from 17.8 (p-value = 0.85) to 19.3 (p-
value = 0.78) in our models, and we fail to reject the null
hypothesis that the instruments are exogenous in all mod-
els. Although the results do not guarantee exogeneity, we
at least did not find any evidence against using the instru-
ments. Thus, we employ the instruments to mitigate the
potential endogeneity bias in estimating Equations (4)–(7).
In the second stage, after obtaining the residual esti-

mates �̂�𝑖𝑗𝑡 from the first stage, we add them to each
of Equations (4)–(7). We then estimate the equations by
employing the mixt logit model in WTP space.

5.3 Decomposition of an urban–rural
gap in the MWTP for food safety labels

We further estimate individual-level WTP for food safety
labels, 𝛽𝐹𝑄𝐿

𝑖
, for the basic models following Revelt and

Train (2001). Using the individual-level MWTP for the
labels, we decompose the urban–rural gap in the estimates
into the influences of differences in endowments and pref-
erences. We employ the MWTP rather than the parameter
coefficients from the mixed logit model because they can-
not be compared if the scale parameters are not controlled
for (e.g., Gao & Schroeder, 2009; Lusk & Schroeder, 2004;
Train, 2009). We examine the influences of label knowl-
edge, per capita income, and other socioeconomic factors
by employing the Oaxaca–Blinder decomposition method
(Jann, 2008; Oaxaca&Ransom, 1999). All explanatory vari-
ables are standardized to make their influence comparable
across different measurement units.

𝛽𝐹𝑆𝐿, 𝑟𝑢𝑟𝑎𝑙 − 𝛽𝐹𝑆𝐿, 𝑢𝑟𝑏𝑎𝑛 = Δ𝑥
{
𝐷 ⋅ 𝛼𝑟𝑢𝑟𝑎𝑙 + (1 − 𝐷) ⋅ 𝛼𝑢𝑟𝑏𝑎𝑛

}

+ Δ𝛼
{
(1 − 𝐷) ⋅ 𝑥𝑟𝑢𝑟𝑎𝑙 + 𝐷 ⋅ 𝑥𝑢𝑟𝑏𝑎𝑛

}
, (11)

where 𝛽𝐹𝑆𝐿, 𝑗 is the MWTP for food safety labels in area
j, 𝑥𝑗 is a vector of explanatory variables in area j, 𝛼𝑗 is
a vector of the OLS coefficient estimates on the variables
𝑥𝑗 obtained from regressing 𝛽𝐹𝑆𝐿, 𝑗 on 𝑥𝑗 in area j, Δ𝑥
is a vector of the differences between the mean of 𝑥𝑟𝑢𝑟𝑎𝑙
and the mean of 𝑥𝑢𝑟𝑏𝑎𝑛, Δ𝛼 is a vector of the differences
between 𝛼𝑟𝑢𝑟𝑎𝑙 and 𝛼𝑢𝑟𝑏𝑎𝑛, and D is a weight between
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urban and rural areas. In our model, x includes knowledge
of food safety labels, per capita household income, educa-
tion level, age, gender, marital status, and household size.
Note that 𝛽𝐹𝑆𝐿, 𝑗 represents the effect induced only by

food labels in our experiment, and socioeconomic factors
were already determined before the labels were assigned
in the experiment. Thus, we can reasonably assume that
the explanatory variables x are predetermined when we
estimate 𝛼𝑗 (i.e., there is no reverse causality). Moreover,
taking the mean difference between urban and rural areas
for each variable, we can control for province-level unob-
served factors that are common between urban and rural
areas on average (e.g., dietary culture, geographic and his-
torical background). This mitigates the potential influence
of omitted variables.
In Equation (11), the first term measures the contribu-

tion of the urban–rural gap to the average levels of the
explanatory variables, and the second term measures the
contribution of the urban–rural gap to the coefficients on
the explanatory variables (i.e., to what extent preferences
are influenced by the explanatory variables). Hereafter,
the first term and the second termwill be referred to as the
endowment effect and the preference effect, respectively.
We evaluate the contributions of each explanatory variable
for two cases, D = 1 (i.e., using the coefficients for rural
areas) and D = 0 (i.e., using the coefficients for urban
areas).
In our estimation, we used Stata MP 14. Specifi-

cally, we used the mixlogitwtp command to estimate
mixed logit models. To obtain the MWTP at the indi-
vidual level, we used the mixlbeta command. The Oax-
aca decomposition was conducted by using the oaxaca
command.

6 ESTIMATION RESULTS

The coefficient estimates were obtained from estimating
Equations (2)–(7). Table 4 presents the results for rice, and
Table 5 presents the results for pork. Tables 4 and 5 sum-
marize the MWTP for food safety labels and the interac-
tion terms between the label and the label knowledge; the
results for the other explanatory variables are suppressed.
The full results are presented in the Supporting Informa-
tion Appendix (Tables A2 and A3). In Tables 4 and 5, the
first panel shows the results for the basic models (Equa-
tions (2) and (3)), the second panel shows the results for
the knowledge models (Equations (4) and (5)), and the
third panel shows the results for the fullmodels (Equations
(6) and (7)). We also separately present the results for all
samples and for two subsamples: urban and rural areas.
For the knowledge and the full models, we also present
the results of the control function approach (control-

ling for potential endogeneity) in addition to the baseline
results.
Overall, the results demonstrate that the MWTP for the

green food label and the organic food label are substan-
tially different between urban and rural areas. First, the
results for the basic models (the first panel in Tables 4
and 5) show that while the MWTP for the labels are pos-
itive for both rice and pork in all areas, the mean and SD
of the MWTP is much higher in urban areas than in rural
areas for both products. For example, in the case of rice,
the meanMWTP for the green food label is 19.8 RMB in all
samples, 33.8 RMB (SD= 26.6) in urban areas and 9.3 RMB
(SD = 14.4) in rural areas. Additionally, the mean MWTP
is consistently higher for the green food label than for the
organic food label, even though the standard for organic
food is stricter than that for green food. For example, in the
case of rice, themeanMWTP for the green food label for all
samples is 19.8 RMB, while that for the organic food label
is 11.3 RMB. This is possibly because many people did not
understand the exact meaning of the green food label, and
a more familiar label was better appreciated (see Table 3).
Next, we introduce the interaction terms between the

label indicators and the label knowledge indicators in the
knowledge models and the full models (the second and
third panels in Tables 4 and 5). We present the baseline
results, and the control function (CF) results that con-
trol for the potential endogeneity in the interaction terms.
Both the baseline results and the CF results are consis-
tent between the knowledge models and the full models,
which indicates that the results are robust to the inclusion
of additional control variables.2 A key difference between
the baseline and the CF results is theMWTP for food safety
labels among people without label knowledge, where the
MWTP is positive in the baseline results while negative
in the CF results. Consequently, the coefficient estimates
on the interaction terms, which measures the gap in the
MWTP between people with andwithout label knowledge,
become substantially larger in the CF results than in the
baseline results. Because we expect that the CF results are
more likely to be consistent than the baseline results, we
hereafter focus on interpreting the CF results for the full
models. At the same time, some coefficients for the organic
food labels are unreasonably large. This may be due to a
low correlation between our regional instruments and the
knowledge about organic food labels (i.e., a small denom-
inator in the 2SLS estimator), and the magnitudes should
be interpreted with caution.

2We also examined other combinations of socioeconomic factors includ-
ing shopping frequency, supermarket use, household size, and livingwith
children. Due to technical limitations, we could not include all the fac-
tors at once. Although the results are not reported, the influence of label
knowledge on the MWTP for the labels is robust in all the models.
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Overall, the mean MWTP for the labels is significantly
positive among people with label knowledge, while the
mean MWTP is insignificant or even negative among peo-
ple without such knowledge. Moreover, the urban–rural
gap in the mean MWTP for the labels is larger among peo-
plewith label knowledge compared to peoplewithout label
knowledge. In terms of rice (Table 4), the meanMWTP for
the green food label is significantly positive among people
with label knowledge in both areas, and it is much higher
in urban areas (101.8 RMB= 132.1–30.3) than in rural areas
(70.3 RMB = 104.1–33.8). In contrast, the mean MWTP for
the green food label is negative among peoplewithout label
knowledge in both areas (−30.3 RMB in urban and −33.8
RMB in rural) although it is statistically significant only in
rural areas. The mean MWTP for the organic food label is
statistically insignificant regardless of the label knowledge
in both areas.
In terms of pork (Table 5), similar to the case of rice,

the mean MWTP for the green food label is significantly
positive among people with label knowledge in both areas,
and it is much higher in urban areas (223.8 RMB = 334.5–
110.7) than in rural areas (71.4 RMB = 101.1–29.4). In con-
trast, the mean MWTP for the green food label is signifi-
cantly negative among people without label knowledge in
both areas (−110.7 RMB in urban and−29.4 RMB in rural).
The mean MWTP for the organic food label is also signifi-
cantly positive among people with label knowledge in both
areas, while it is significantly negative among people with-
out label knowledge in both areas.
The standard deviations (SDs) of the MWTP tend to

become larger in theCF results than in the baseline results,
although the difference between the SDs is much smaller
than that between themeanMWTPs. In the CF results, the
urban–rural gap in the SDs of theMWTP tends to be larger
for the green food label than for the organic food label.
This may be because green foods are more widely avail-
able than organic foods, and thus consumers’ preferences
for and knowledge about the green food label are more
heterogeneous.
Last, we decompose the observed urban–rural differ-

ences in the individual-levelMWTP for the food labels into
two parts: the endowment effect and the preference effect.
Each of these two effects is further decomposed into the
contributions of each of the eight explanatory variables.
All explanatory variables are standardized tomake the con-
tributions comparable across differentmeasurement units.
Tables 6 and 7 show the decomposition results for rice and
pork, respectively. There are three key findings. First, the
urban–rural gap in the mean MWTP for the food labels is
statistically significant for all cases, and the largest gap is
observed for the green food label for rice. The largest gap is
equally attributable to the preference and the endowment
effects. That is, the urban–rural gap in the MWTP for the

green food label for rice is explained by urban–rural differ-
ences in the responsiveness to socioeconomic changes and
urban–rural differences in the levels of socioeconomic fac-
tors equally well. Second, in the case of the MWTP for the
green food label for rice, label knowledge tends to be the
largest contributor to both the endowment and preference
effect (8%–29%). Third, in the other three cases (i.e., green
food labels for pork and organic labels for rice and pork),
the preference effect is much larger than the endowment
effect, and most of the preference effect is explained by the
constant term (i.e., a difference in intercepts) rather than
the examined socioeconomic factors. Label knowledge has
a significant endowment effect only for pork with a green
food label when D = 1, and it contributes negligibly in all
other cases.

7 LIMITATIONS

Three limitations are worth noting. First, there may be
measurement error in the perception of the food safety
labels in the experiment,whichmay influence the relation-
ship between the demand for food safety and the demand
for foods with safety labels (i.e., arrow (2) in Figure 1). This
point is particularly concerning in rural areas where most
people have not even seen the labels before. Similarly, it
is also possible that respondents may associate other char-
acteristics with the food labels—for example, some peo-
ple suspect cheating and do not trust the labels. Yin et al.
(2010) and Sirieix et al. (2011) find that urban consumers do
not have a high level of trust in food safety systems such
as the organic food certification system in China. If the
green food label and the organic food label are not consid-
ered valid signals of food safety or quality, our conclusions
based on observed preferences for the labels can be mis-
leading.
Moreover, trust and label knowledge may be correlated,

and we expect that consumers with more label knowledge
are likely to have a lower level of trust in food safety labels
in China. In this case, the effect of label knowledge on the
MWTP for the labels would be insignificant. This possibil-
itymay partially explainwhywe found insignificant effects
for the organic food label. Additionally, the effect of the
label and of label knowledge are different between urban
and rural areas. This urban–rural gap in effects can be
due not only to a difference between levels of label knowl-
edge but also to a difference in the relationship between
trust and label knowledge. For example, knowledgeable
rural consumers may trust food safety labels more than
the corresponding urban consumers do. Thus, the contri-
bution of label knowledge to the urban–rural gap in the
MWTP for the label (Tables 6 and 7) may be overestimated.
Additionally, such an urban–rural difference in trust may
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also be observed for consumers with a higher age, higher
income, and higher education level. Thus, the contribu-
tions of these factors to the urban–rural gap in the MWTP
for the labels can also be overestimated. Therefore, it is
unclear how omitting trust would affect the ordering of
contribution sizes across the socioeconomic factors.
Second, while we employed the cheap talk strategy to

mitigate hypothetical bias, hypothetical bias still remains
in our WTP estimates. As shown in previous studies (e.g.,
De-Magistris et al., 2013; Penn & Hu, 2018), hypothetical
bias is more likely to cause upward bias in the MWTP
estimates for desirable food labels. Thus, hypothetical bias
potentiallyweakens our findings on the positiveMWTP for
food labels among consumers who knew about the labels,
while it may have little influence on the insignificant or
negative MWTP for food labels among consumers without
label knowledge. Although it is unclear how hypothetical
bias influences our findings on the urban–rural gap in the
MWTP for food labels, we expect that the influence is rel-
atively small because hypothetical bias would not be sys-
tematically different between urban and rural consumers
after we control for key socioeconomic characteristics.
Third, our mixed logit model relies on the assumption

that the unobserved factors’ distribution is normal or log-
normal. However, if the unobserved factors are not nor-
mally distributed in the realworld, such differencesmay be
erroneously attributed to the distribution of the MWTP for
observed attributes such as safety labels and product ori-
gins. To mitigate the limitations from using the same dis-
tribution for unobserved factors, we segmented our sample
between rural and urban areas. For other characteristics
besides residential area, it was more difficult to set thresh-
olds and segmentation criteria. It is also difficult to predict
the direction of potential bias for the urban–rural gap in
the MWTP.

8 CONCLUSIONS

We explored the role of knowledge about food safety labels
in the urban–rural gap in the demand for food safety in
China by using data from discrete choice experiments con-
ducted in urban and rural areas inHubei Province inChina
in 2017. The experiments were designed to measure the
MWTP for the green food label and the organic food label
for rice and pork, and mixed logit models and the control
function approachwere used to estimate theMWTP.More-
over, using theOaxaca–Blinder decompositionmethod,we
decomposed the urban–rural gap in the MWTP for the
labels into the endowment and preference effects of label
knowledge, income per household member, and other key
socioeconomic factors.

We found that the proportion of consumers who knew
about the green food label and/or the organic food label
was much smaller in our sample (17%–43%) than in pre-
vious studies of China’s coastal areas (e.g., 89%). The
MWTP for the green food label was substantially higher
among consumers who knew about the label, and the
knowledge effect was larger in urban areas than in rural
areas. Among consumers without label knowledge, the
MWTP was insignificant or even negative in both areas.
The MWTP for the organic food label for rice tended to
be smaller and less robust than that for the green food
label. Moreover, knowledge-related differences explained
8%–29% of the urban–rural gap in the MWTP for the green
food label, and the gap was equally attributable to differ-
ences in both consumer preferences and socioeconomic
endowments. The urban–rural differences in the effects
of label knowledge may be explained by different levels
of trust in the labels or different price expectations for
green foods and organic foods. We leave the investigation
of which factors explain the urban–rural difference in the
effects of label knowledge to future research.
Our findings imply that the demand for green foods will

not increase unless more consumers recognize the green
food label in both areas. In addition, even if consumers rec-
ognize the labels, the labels will not be effective when con-
sumers have a low level of trust in the food safety system
in China. In our results, this possibility was implied by the
insignificant effect of label knowledge on the MWTP for
the organic food label for rice. A similar problem was also
observed for the certifications of infant formulas in China
(Hanser & Li, 2015). Moreover, Ding et al. (2018) examined
the food safety problem from the producer side and showed
that apple farmers in China simply follow the directions of
their farm-based leaders without understanding themean-
ings of food safety standards and certifications.
A fundamental problem for recent food safety measures

in China may be that the measures have been promoted
too rapidly for consumers and farmers to understand or
trust safety standards and certifications. For example,
although the China Green Food Development Center has
been actively promoting the expansion of green food pro-
duction on its website, we found that very little green food
was available even in Wuhan (the largest city in Hubei
Province), and many rural consumers have never seen
green foods. On the other hand, once consumers know
about green foods, their MWTP should be substantially
higher. These findings suggest that the China Green Food
Development Center needs to disseminate information
about green foods more effectively in rural areas. In urban
areas, improving trust in the food safety system and the
safety labels is necessary for making the labels more
effective.
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