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Background Background 
China’s urban-rural divide, though still improving, can be seen from various sectors of the 
economy. The objective of this study is to explore how socioeconomic factors in and 
across both urban and rural areas explain the occurrence of foodborne illness in China. 
Over the last decades, food safety laws and regulations have been established in China, 
but more understanding about the food safety issues are needed in order to eliminate 
food safety hazards. 

Methods Methods 
This study intends to estimate several panel data models in econometrics to obtain the 
average partial effects of many socioeconomic factors in and across urban and rural areas 
on per capita foodborne incidents and patients, respectively. Given the fractional nature 
of the two dependent variables, fractional probit models are estimated using both the 
Quasi Maximum Likelihood Estimation (QMLE) and the bootstrap Generalized Estimating 
Equations (GEE) approaches in addition to the standard estimation of panel data random 
effects, fixed effects, and Tobit models. China official data on foodborne incident and 
patient cases in each province and in each year from 2011 to 2018 are obtained from 
various issues of the China Health Statistical Yearbook. Additional data on 19 
socioeconomic variables are obtained from various issues of the China Statistical 
Yearbook. 

Results Results 
The main results show that socioeconomic factors such as owning TVs, owning 
refrigerators, consumption expenditures and household income in urban or rural areas 
explain the per capita foodborne incidents or per capita foodborne patients differently, 
reflecting differences in people’s food safety awareness, food storage patterns, food 
markets, and income effects in the urban and rural areas. Socioeconomic factors such as 
urbanization and primary industry’s share of the gross regional product across areas tend 
to worsen the food safety problem. Improving regional economies and increasing 
government spending on public health could reduce the occurrence of foodborne illness. 

Conclusions Conclusions 
It is suggested that governments take into account the social disparities of urban and 
rural areas when designing and implementing food safety policies. It is also suggested 
that a holistic approach is needed to resolve food safety issues by combining food safety 
control and management policies with soil and water management policies. 

Food supply and safety are major global public health 
issues.1 With a population of 1.39 billion, one of China’s 
greatest challenges is to ensure the safety of its food supply 
chain. The Chinese government has made progress in es-
tablishing a quality regulatory system designed to promote 
quality food safety standards across the country.2 For ex-
ample, China’s Food Safety Law of 2015 was wide ranging 
in scope and imposed strict controls over the production, 
management, and distribution of food. While it might be 

too early to determine the overall effectiveness of the 2015 
law, some early studies have shown that food safety con-
tinues to be a problem in China. A study by Yasuda3 argues 
that Chinese regulators face a fundamental policy challenge 
related to China’s massive production system, unwieldy bu-
reaucracy, and geographic size. Specifically, Yasuda3 argues 
that as Chinese regulators attempt to build an integrated 
national regulatory regime, often they have had to make 
difficult trade-offs between cost and policy designs which 
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reflect the interests of certain stakeholders over others. 
Therefore, China’s food safety problem must be understood 
as a result of the scale of its food production system as well 
as the politics of its regulatory processes. A study by Ortega 
et. al.4 explores Chinese food safety issues by analysing se-
lected incidents within the Chinese agricultural marketing 
system and argues that food safety issues arise from prob-
lems of asymmetric information in which consumers do not 
have complete or even partial information about the safe-
ty of the food they are purchasing and do not trust private 
or government inspections. Profit-seeking behavior in the 
presence of asymmetric information combined with a lack 
of confidence in the quality of food served in the market-
place led to practices that have worsened food safety across 
the country. 

Other studies find that a major cause of the food safety 
issue is the disconnect between China’s rural and urban 
food safety systems. Liu and McGuire5 argues that unlike 
their urban counterparts where district-level administrators 
exercise strict control over food safety standards, rural food 
safety bodies are often weak and unable to enforce reliable 
food safety standards. This weakness may be the result of 
limited government financial support which prevents them 
from hiring the highly trained and educated personnel em-
ployed in urban areas. Furthermore, inadequate funding 
forces them to rely on “extra-budgetary” fees to help cover 
expenditures which in turn open the door to corruption and 
bribery. 

The disparity in consumption and income between urban 
and rural areas in China is a serious issue. In this study, so-
cioeconomic factors associated with urban–rural disparity 
in the number of color TVs per 100 households, refrigera-
tors per 100 households, real food consumption expendi-
ture per capita and real income per capita in China are ex-
plored to determine how much of the urban–rural divide is 
related to foodborne illness while holding constant socioe-
conomic factors that capture media influence, economic de-
velopment, and agricultural production factors. To achieve 
this objective, the current study estimates several panel da-
ta models of foodborne illness in China in order to make 
causal inferences while controlling for unmeasured con-
founders. 

METHODS 

This study revisits Holtkamp, Liu, and McGuire6 to examine 
how socioeconomic factors influence food safety in China. 
Where Holtkamp et. al.6 used China media data on food-
borne incidents and a Tobit7 random effects model, this 
study uses panel data collected from various issues of the 
China Health Statistical Yearbook8 and the China Statistical 
Yearbook.9 Linear and nonlinear panel data models are es-
timated to explore how variations in socioeconomic factors 
in and across urban and rural areas help to explain the in-
cidents of foodborne illness across Chinese provinces from 
2011 to 2018. 

MODEL SPECIFICATION 

“The fundamental problem for statistical analysis in 
the social sciences has been how to make causal infer-

ences from nonexperimental data10 and a widespread 
consensus has long been reached that the best kind 
of nonexperimental data for making causal inferences 
is longitudinal data, i.e. panel data. Economists have 
distinguished between fixed effects and random effects 
models and have developed several novel estimation 
methods for handling various elaborations of these 
models.”11 

The model in this study is specified as follows. 

where i = 1, 2, . . . , 26 represent the provinces in China 
including Beijing, Tianjin, Hebei, Shanxi, Liaoning, Jilin, 
Heilongjiang, Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, 
Jiangxi, Shandong, Henan, Hubei, Hunan, Guangdong, 
Guangxi, Hainan, Chongqing, Sichuan, Guizhou, Yunnan, 
Shaanxi, and Gansu, but excluding Tibet, Xinjiang, Ningxia, 
Qinghai and Inner Mongolia, due to the limited availability 
of the data. t = 2011, 2012, …, 2018.  is the number of 
foodborne incidents per capita or the number of foodborne 
patients per capita.  is a  vector of independent 
variables.  is a  vector of regression coefficients. 
is the time constant unobserved effects or the heterogene-
ity effects.  is an idiosyncratic standard normally-distrib-
uted error term. Initial check on the correlation coefficients 
among the 19 covariates indicates no multicollinearity us-
ing this more elaborate model. These 19 independent vari-
ables capture four aspects of the food safety issues that have 
all been addressed in recent food safety studies.6,12–24 This 
study adds to the literature by investigating these variables 
jointly. 

DEPENDENT VARIABLES 

Table 1Table 1 describes that the dependent variable foodborne ill-
ness is measured either by the number of foodborne inci-
dents per capita (inci_pc) or the number of foodborne pa-
tients per capita (pa_pc). Larger provinces may have larger 
numbers of foodborne incidents or patients, so it is im-
portant to take into account the overall population of each 
province. 

INDEPENDENT VARIABLES 

Table 1Table 1 also describes the independent variables and cate-
gorizes them into four types of socioeconomic factors. 

MEDIA INFLUENCE 

One study conducted by using the U.S. Food Safety Surveys 
shows that media can help monitor and expose food safety 
issues as increased media attention to food safety issues 
may raise consumers’ awareness of food safety hazards and 
increase vigilance in proper food handling.12 Scientists and 
regulators need to understand the complex relationship be-
tween the media and their audience if they want to counter 
scare stories and place the risks and benefits in their proper 
context.13 This study uses log printed copies of newspapers 
per capita (lnewsp_pc) and log broadband subscribers of in-
ternet per capita (lBBS_pc) to measure the media influence 
which is expected to have negative effects on foodborne ill-
ness. 
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Table 1. Variable description Table 1. Variable description 

Variable Variable Definition Definition Mean Mean Std. Dev. Std. Dev. 

Dependent variables Dependent variables 

inci_pc Number of foodborne incidents per capita 2.21E-06 2.92E-06 

pa_pc Number of foodborne patients per capita 1.95E-05 1.86E-05 

Independent Variables Independent Variables 

(1) Media exposure (1) Media exposure 

1. lnewsp_pc Log of newspaper printed copies per capita 312.34 48.85 

2. lBBS_pc Log of broadband subscribers of internet per capita -109.34 54.91 

(2) Economic development (2) Economic development 

3. urbanization urban population as a percent of Total Population, % 56.13 13.25 

4. lRGRP_pc Log of Real Gross Regional Product per capita, yuan/person 1076.03 43.06 

5. 
PrimaryShare 

Gross (nominal) Regional Product, Primary Industry's Share, % 9.85 5.03 

6. 
lRGovhealth_pc 

Log of real government expenditure for medical and health care, family planning 
per capita 

672.03 40.00 

7. lWater_pc Log of number of residents with access to tap water per capita -115.54 42.34 

(3) Production-side (3) Production-side 

8. lPPICFerti Log of producer price index for chemical fertilizer (base year=2003) 462.43 5.97 

9. lPPIPesti Log of producer price index for pesticide (base year=2003) 462.17 2.06 

10. lIA_pc Log of irrigated area of cultivated land in hectares per capita -320.58 70.28 

11. lCCFerti_pc Log of consumption of chemical fertilizer in tons per capita -337.25 73.02 

(4) Urban vs Rural Divide (4) Urban vs Rural Divide 

12. lTVur Log of color TV per 100 urban households 479.30 14.79 

13. lTVru Log of color TV per 100 rural households 475.39 12.06 

14. lFridgeUr Log of number of fridges per 100 urban households 455.83 5.71 

15. lFridgeRu Log of number of fridges per 100 rural households 436.31 24.64 

16. 
lRfoodCur_gen 

Log of real per capita annual consumption expenditure on food of urban 
households, yuan 

870.24 22.94 

17. 
lRfoodCru_gen 

Log of real per capita annual consumption expenditure on food of rural 
households, yuan 

794.45 33.09 

18. 
lRincomepc_ur 

Log of per capita real annual (disposable) income of urban households, yuan 1022.70 29.01 

19. 
lRincomepc_ru 

Log of per capita real annual (net) income of rural households, yuan 924.94 39.58 

Data sources: China Statistical Yearbooks and China Health Statistical Yearbooks.8,9 

ECONOMIC DEVELOPMENT 

It is well understood that sustainable agriculture, economic 
growth, and enhanced livelihoods allow people to have 
greater access to safe food.14 This study measures economic 
development comprehensively by using the urbanization 
rate (urbanization), log per capita real gross regional prod-
uct (lRGRP_pc), share of the primary industry in gross re-
gional product (PrimaryShare), log per capita real govern-
ment expenditure on medical, health care, and family plan-
ning (lRGovhealth_pc), and the log number of residents 
with access to tap water per capita (lWater_pc). It is expect-
ed that they shall have negative effects on foodborne ill-

ness. 

AGRICULTURAL PRODUCTION FACTORS 

China has become the world’s largest manufacturer and 
consumer of fertilizers.15 

“In recent years, China’s fertiliser price has seen a re-
bound in 2017 and is likely to continue rising in 2018 
and the reasons for this development can be found in 
the rising production costs due to higher raw material 
prices, larger environmental protection pressure by the 
government, and the supply-side structural reform, 
which aims to reduce the number of manufacturers 
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from the market.”16 

This study uses the log of producer price index for chem-
ical fertilizers (lPPICFerti), the log of producer price index 
for pesticides (lPPIPesti) and the log of consumption of 
chemical fertilizers in tons per capita (lCCFerti_pc) to mea-
sure their ecological effects on foodborne illness. The log 
of irrigated area of cultivated land in hectares per capita 
(lIA_pc) is also used and is expected to increase the food-
borne illness because the agricultural produce or soil might 
be contaminated. 

URBAN-RURAL DIVIDE 

Consumer behaviour may differ between urban and rural 
households due to the urban-rural divide ranging from ed-
ucation inequity to the income gap and poverty. Poverty 
in China is essentially a rural phenomenon.25 This study 
selects a few consumer staples such as the log number of 
colour TVs per 100 urban households (lTVur), log number 
of color TVs per 100 rural households (lTVru), log number 
of refrigerators per 100 households in the urban area 
(lFridgeUr), log number of refrigerators per 100 households 
in the rural area (lFridgeRu), log per capita real consump-
tion expenditure on food in general in urban (lRfood-
Cur_gen) and rural areas (lRfoodCru_gen) to measure their 
individual effects on foodborne illness. The log per capita 
real annual disposable income of urban households (lRin-
comepc_ur) and the log per capita real net income of rural 
households (lRincomepc_ru) are also included to measure 
their direct income effects on foodborne illness. It is ex-
pected that there exists an urban-rural disparity in their im-
pact on foodborne illness. Specifically, consumption of lux-
ury goods such as colour TVs and refrigerators in rural ar-
eas may crowd out quality food consumption expenditures, 
therefore causing more foodborne illness. Higher income in 
rural areas may improve the situation by reducing the food-
borne illness whereas higher income in urban areas may 
worsen the food safety situation because the risk of food 
safety issues is high when urban people try more expensive 
and bizarre food. 

ESTIMATION METHODS 

FIXED EFFECTS ESTIMATION 

A linear panel data estimation method removes the unob-
served effects  from the stochastic error term  in Equa-
tion (1), implying that the unobserved effects can be arbi-
trarily related to the observed covariates. One of the key as-
sumptions is to govern the conditional distribution of inter-
est, . Often the primary interest is the condition-
al mean .  for the fixed effects 
model. The average partial effects (APE) is derived as 

The APE measures the average change in the unit of y when 
x increases by one unit. 

RANDOM EFFECTS ESTIMATION 

According to the linear panel data estimation method for 
the random effects, the unobserved effects  are indepen-
dent of the covariates in Equation (1). Again, one of the 
key assumptions is to govern the conditional distribution 
of interest, . Often the primary interest is the 
conditional mean . For the random effects model, 

, where . The average partial 
effects (APE) is derived as 

The APE measures the average change in the unit of y as x 
increases by one unit. 

TOBIT RANDOM EFFECTS ESTIMATION 

In some datasets, we do not observe values above or below a 
certain magnitude, due to a censoring or truncation mecha-
nism. In the presence of censoring/truncation, a dependent 
variable, y, with constrained and clustered observations at 
the constraint, creates problems for the linear model. In 
this study, a significant fraction of the data on the num-
ber of foodborne incidents per capita or on the number of 
foodborne patients per capita has close to zero values. OLS 
on the complete sample is biased and inconsistent.26 OLS 
on the unclustered part is also biased and inconsistent.26 

The Tobit model,7 also called a censored normal regression 
model, is a nonlinear panel data estimation method. Con-
sider the linear regression model with panel-level random 
effects, 

The random effects, , are i.i.d., , and  are i.i.d. 
 independently of .  is not observed because of 

constraints. . If  is considered to be left-
censored at value 0, it means that 

For this Tobit model, , 
where  is the cumulative density function for a standard 
normal random variable and  is the probability density 
function of a standard normal random variable. The average 
partial effects (APE) is derived as 

It is also the average change in the unit of y when x increas-
es by one unit. 

QMLE FOR FRACTIONAL PROBIT MODEL 

The Quasi Maximum Likelihood Estimation (QMLE)27 esti-
mates a nonlinear regression model where the dependent 
variable is bounded between 0 and 1. The standard spec-
ification for the unobserved effects (UE) fractional probit 
model is 

where  is a cumulative density function of a standard nor-
mal random variable. Papke and Wooldridge27 proposed di-
rect models for the conditional mean of the fractional re-
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sponse that keep the predicted values in the unit interval. 
Essentially, their pooled QMLE method ignores all serial 
correlation in estimation and uses cluster-robust standard 
errors. For fractional probit models, 
. The APE is derived as 

which is the average change in probability when x increases 
by one unit. 

GEE FOR FRACTIONAL PROBIT MODEL 

Papke and Wooldridge28 improved upon the pooled QMLE 
with panel data by introducing the generalized estimating 
equations (GEE) approach, which models serial correlation 
(with a constant structure) to try to improve efficiency and 
the standard errors are still robust. For fractional probit 
models, . The APE is the same as 
Equation (7), which is the average change in probability 
when x increases by one unit. 

COMPUTATION REQUIREMENTS 

Stata statistical software is used to write programs to per-
form all the estimations in this study. Stata programs in 
Papke and Wooldridge28 are used to prepare the codes to es-
timate the fractional probit models for this study. 

RESULTS 
MORE ELABORATE MODELS 

Table 2Table 2 shows the average partial effects of 19 socioeco-
nomic variables on the number of foodborne incidents per 
capita from eight different models. Table 3Table 3 shows the aver-
age partial effects of the same 19 socioeconomic variables 
on the number of foodborne patients per capita from eight 
different models. Because of the small scale of the depen-
dent variables, this study examines the statistically signifi-
cant covariates and their implications rather than their nu-
merically small point estimates. 
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Table 2. Average partial effects on the number of incidents per capita (inci_pc) Table 2. Average partial effects on the number of incidents per capita (inci_pc) 

(1) 
RE-APE 

(2) 
FE-APE 

(3) 
Tobit-APE 

(4) 
RE w/o PPI-APE 

(5) 
FE w/o PPI-APE 

(6) 
Tobit w/o PPI-APE 

(7) 
QMLE-APE 

(8) 
GEE-APE 

VARIABLES 

lnewsp_pc -1.74e-05** -2.58e-05*** -1.98e-05** -2.86e-05*** -3.32e-05*** -3.25e-05*** -0.000432 

(8.03e-06) (9.50e-06) (8.14e-06) (6.65e-06) (8.28e-06) (6.96e-06) (0.000785) 

lBBS_pc -2.03e-07 3.47e-06 4.25e-06 5.54e-06 -7.26e-06 5.14e-06 -0.00398*** 

(1.08e-05) (1.07e-05) (1.03e-05) (8.93e-06) (9.19e-06) (8.62e-06) (0.00153) 

urbanization 0.000204* 0.000843*** 0.000286** 8.23e-05 0.000439*** 0.000116 0.00570 

(0.000118) (0.000177) (0.000133) (8.88e-05) (0.000126) (9.47e-05) (0.0127) 

lRGRP_pc 4.86e-06 -6.06e-06 8.64e-06 4.96e-07 1.15e-05 4.56e-06 -0.00340 

(2.00e-05) (2.24e-05) (1.98e-05) (1.75e-05) (1.99e-05) (1.74e-05) (0.00218) 

PrimaryShare 9.68e-05 2.94e-05 7.68e-05 4.15e-05 5.59e-05 4.44e-05 0.0276*** 

(0.000101) (0.000130) (0.000104) (9.78e-05) (0.000130) (0.000103) (0.00972) 

lRGovhealth_pc 3.50e-05** 2.79e-05 3.54e-05** 1.76e-05 4.34e-06 1.72e-05 0.00344** 

(1.37e-05) (1.97e-05) (1.43e-05) (1.15e-05) (1.67e-05) (1.21e-05) (0.00139) 

lWater_pc -3.69e-05 4.12e-05 -3.90e-05* -1.83e-05 4.59e-05** -1.21e-05 0.000960 

(2.25e-05) (3.18e-05) (2.34e-05) (1.67e-05) (2.34e-05) (1.81e-05) (0.00360) 

lPPICFerti -4.33e-06 -3.00e-05 -1.55e-05 -0.00321 

(2.83e-05) (2.67e-05) (2.63e-05) (0.00428) 

lPPIPesti 0.000140** 0.000174*** 0.000153** 0.0119 

(6.82e-05) (6.20e-05) (6.20e-05) (0.0143) 

lIA_pc -1.12e-05 4.06e-05* -8.10e-06 -9.34e-06 1.32e-05 -5.38e-06 -0.00155 

(9.32e-06) (2.15e-05) (1.11e-05) (9.07e-06) (1.69e-05) (1.07e-05) (0.000983) 

lCCFerti_pc -6.40e-06 4.52e-05* -8.14e-06 2.29e-06 -8.46e-06 2.21e-06 0.000600 

(1.08e-05) (2.53e-05) (1.25e-05) (9.65e-06) (1.90e-05) (1.08e-05) (0.00106) 

lTVur -1.34e-06 8.72e-06 1.56e-06 -1.67e-05 -8.16e-07 -1.06e-05 -0.00805* -2.34e-05 

(2.74e-05) (2.63e-05) (2.52e-05) (2.32e-05) (2.22e-05) (2.20e-05) (0.00471) (2.06e-05) 

lTVru -4.23e-05 -3.85e-05 -4.64e-05 -3.05e-05 -4.09e-05 -3.71e-05 0.00524 1.11e-05 

(3.35e-05) (3.18e-05) (3.09e-05) (2.74e-05) (2.63e-05) (2.59e-05) (0.00474) (2.26e-05) 

lFridgeUr 0.000122*** 7.42e-05* 0.000122*** 0.000126*** 8.11e-05** 0.000117*** 0.0233*** 0.000118*** 

(4.41e-05) (4.20e-05) (4.04e-05) (3.36e-05) (3.38e-05) (3.22e-05) (0.00831) (3.97e-05) 

lFridgeRu -6.80e-06 3.07e-06 -2.55e-06 -5.41e-06 8.37e-07 -2.00e-06 -0.00572*** -1.29e-05* 

(1.11e-05) (1.06e-05) (1.03e-05) (1.05e-05) (1.04e-05) (1.00e-05) (0.00169) (6.70e-06) 

lRfoodCur_gen 9.15e-06 3.31e-05 2.11e-05 3.01e-05 3.70e-05 3.86e-05* -0.0124*** 2.40e-05 

(2.58e-05) (2.84e-05) (2.54e-05) (2.29e-05) (2.50e-05) (2.27e-05) (0.00339) (2.27e-05) 

lRfoodCru_gen -5.53e-05*** -8.25e-05*** -6.56e-05*** -4.41e-05** -7.67e-05*** -5.42e-05*** 0.00500 -2.85e-05** 

(2.11e-05) (2.22e-05) (2.06e-05) (1.92e-05) (2.02e-05) (1.94e-05) (0.00336) (1.43e-05) 

lRincomepc_ur -4.38e-05 -0.000134*** -8.06e-05** -8.00e-05** -9.22e-05** -9.90e-05*** 0.0228*** -1.00e-04*** 



(3.91e-05) (4.29e-05) (4.05e-05) (3.24e-05) (3.58e-05) (3.29e-05) (0.00582) (3.74e-05) 

lRincomepc_ru 6.26e-05** 4.93e-05 7.04e-05** 8.42e-05*** 8.95e-05** 9.45e-05*** -0.00256 3.76e-05 

(3.16e-05) (4.17e-05) (3.27e-05) (3.03e-05) (3.88e-05) (3.14e-05) (0.00448) (3.52e-05) 

Observations 207 207 207 239 239 239 207 239 

Standard errors in parentheses 
*** P<0.01, ** P<0.05, * P<0.1 
APE = average partial effects; RE-APE = APE from the random effects model; FE-APE = APE from the fixed effects model; Tobit-APE = APE from the Tobit model; RE w/o PPI-APE = APE from the random effects model without Producer Price Indices for either fertilizers or pesticides; FE w/o 
PPI-APE = APE from the fixed effects model without Producer Price Indices for either fertilizers or pesticides; Tobit w/o PPI-APE = APE from the Tobit model without Producer Price Indices for either fertilizers or pesticides; QMLE-APE = APE from the Quasi-Maximum Likelihood Estima-
tion; GEE-APE = APE from the Generalized Estimating Equations 
lnewsp_pc = log of newspaper printed copies per capita; lBBS_pc = log of broadband subscribers of internet per capita; urbanization = urban population as a percent of total population, %; lRGRP_pc = log of real gross regional product per capita, yuan/person; PrimaryShare = gross (nominal) 
regional product, primary industry’s share, %; lRGovhealth_pc = log of real government expenditure for medical and health care, and family planning per capita; lWater_pc = log of number of residents with access to tap water per capita; lPPICFerti = log of producer price index for chemical 
fertilizer; lPPIPesti = log of producer price index for pesticide; lIA_pc = log of irrigated area of cultivated land in hectares per capita; lCCFerti_pc = log of consumption of chemical fertilizer in tons per capita; lTVur = log of number of color TVs per 100 urban households; lTVru = log of num-
ber of color TVs per 100 rural households; lFridgeUr = log of number of fridges per 100 urban households; lFridgeRu = log of number of fridges per 100 rural households; lRfoodCur_gen = log of real per capita annual consumption expenditure on food of urban households; yuan; lRfood-
Cru_gen = log of real per capita annual consumption expenditure on food of rural households, yuan; lRincomepc_ur = log of per capita real annual (disposable) income of urban households, yuan; lRincomepc_ru = log of per capita real annual (net) income of rural households, yuan 



Table 3. Average partial effects on the number of patients per capita (pa_pc) Table 3. Average partial effects on the number of patients per capita (pa_pc) 

(1) 
RE-APE 

(2) 
FE-APE 

(3) 
Tobit-APE 

(4) 
RE w/o PPI-APE 

(5) 
FE w/o PPI-APE 

(6) 
Tobit w/o PPI-APE 

(7) 
QMLE-APE 

(8) 
GEE-APE 

VARIABLES 

lnewsp_pc -6.75e-05 -6.23e-05 -6.83e-05 -0.000161*** -0.000137** -0.000164*** -0.000969 

(4.94e-05) (6.08e-05) (4.94e-05) (4.27e-05) (5.40e-05) (4.19e-05) (0.000801) 

lBBS_pc -4.58e-05 -1.54e-05 -2.29e-05 -2.92e-05 -6.71e-05 -2.81e-05 -0.00439*** 

(6.66e-05) (6.83e-05) (6.37e-05) (5.63e-05) (5.99e-05) (5.41e-05) (0.00152) 

urbanization 0.00142** 0.00378*** 0.00165** 0.000215 0.00122 0.000203 0.0145 

(0.000723) (0.00113) (0.000766) (0.000578) (0.000821) (0.000566) (0.0118) 

lRGRP_pc -7.68e-05 -0.000131 -6.55e-05 -8.83e-05 -0.000101 -8.76e-05 -0.00308 

(0.000123) (0.000143) (0.000121) (0.000112) (0.000130) (0.000108) (0.00210) 

PrimaryShare 0.000667 -0.000191 0.000449 0.000191 -0.000105 0.000168 0.0352*** 

(0.000618) (0.000831) (0.000640) (0.000644) (0.000849) (0.000636) (0.0109) 

lRGovhealth_pc 0.000208** 0.000162 0.000210** 8.13e-05 -1.58e-05 7.70e-05 0.00338*** 

(8.45e-05) (0.000126) (8.66e-05) (7.56e-05) (0.000109) (7.50e-05) (0.00123) 

lWater_pc -0.000183 0.000166 -0.000201 3.01e-05 0.000356** 4.51e-05 0.00198 

(0.000139) (0.000204) (0.000142) (0.000109) (0.000152) (0.000111) (0.00304) 

lPPICFerti -3.50e-05 -0.000134 -7.88e-05 0.000577 

(0.000174) (0.000171) (0.000162) (0.00354) 

lPPIPesti 0.000631 0.000788** 0.000694* 0.00859 

(0.000419) (0.000397) (0.000385) (0.0154) 

lIA_pc -4.19e-05 0.000312** -1.04e-05 -2.19e-05 0.000183* -9.79e-06 -0.00140 

(5.73e-05) (0.000138) (6.84e-05) (6.19e-05) (0.000110) (6.67e-05) (0.000946) 

lCCFerti_pc 3.53e-06 8.80e-05 -2.22e-05 -1.32e-06 -0.000218* -1.03e-05 0.000927 

(6.62e-05) (0.000162) (7.58e-05) (6.54e-05) (0.000124) (6.77e-05) (0.000938) 

lTVur -7.39e-05 1.21e-05 -5.67e-05 -0.000197 -9.84e-05 -0.000186 -0.00388 -0.000151 

(0.000168) (0.000169) (0.000156) (0.000144) (0.000145) (0.000139) (0.00423) (0.000108) 

lTVru 4.32e-05 -1.55e-06 1.35e-05 6.85e-05 -1.21e-05 5.65e-05 0.00700 0.000201 

(0.000206) (0.000204) (0.000192) (0.000170) (0.000171) (0.000164) (0.00462) (0.000145) 

lFridgeUr 0.000559** 0.000263 0.000545** 0.000647*** 0.000366* 0.000628*** 0.0128* 0.000607*** 

(0.000271) (0.000269) (0.000250) (0.000210) (0.000220) (0.000204) (0.00773) (0.000205) 

lFridgeRu -9.73e-05 -1.24e-05 -7.08e-05 -5.76e-05 5.10e-06 -4.98e-05 -0.00530*** -8.36e-05 

(6.81e-05) (6.77e-05) (6.43e-05) (6.55e-05) (6.77e-05) (6.42e-05) (0.00147) (5.71e-05) 

lRfoodCur_gen -0.000113 1.75e-05 -4.93e-05 0.000128 0.000124 0.000139 -0.0155*** 0.000140 

(0.000158) (0.000182) (0.000156) (0.000146) (0.000163) (0.000142) (0.00378) (0.000217) 

lRfoodCru_gen -4.97e-06 -0.000130 -4.17e-05 -6.70e-05 -0.000187 -7.90e-05 0.00839*** -9.12e-05 

(0.000130) (0.000142) (0.000126) (0.000122) (0.000131) (0.000119) (0.00310) (0.000143) 

lRincomepc_ur 6.04e-05 -0.000394 -0.000111 -0.000296 -0.000317 -0.000319 0.0253*** -0.000748*** 



(0.000240) (0.000275) (0.000246) (0.000207) (0.000234) (0.000204) (0.00669) (0.000290) 

lRincomepc_ru 2.64e-05 3.85e-05 6.98e-05 0.000356* 0.000442* 0.000375* -0.00830* -6.80e-05 

(0.000194) (0.000267) (0.000199) (0.000197) (0.000253) (0.000196) (0.00436) (0.000207) 

Observations 207 207 207 239 239 239 207 239 

Standard errors in parentheses 
*** P<0.01, ** P<0.05, * P<0.1 
APE = average partial effects; RE-APE = APE from the random effects model; FE-APE = APE from the fixed effects model; Tobit-APE = APE from the Tobit model; RE w/o PPI-APE = APE from the random effects model without Producer Price Indices for either fertilizers or pesticides; FE w/o 
PPI-APE = APE from the fixed effects model without Producer Price Indices for either fertilizers or pesticides; Tobit w/o PPI-APE = APE from the Tobit model without Producer Price Indices for either fertilizers or pesticides; QMLE-APE = APE from the Quasi-Maximum Likelihood Estima-
tion; GEE-APE = APE from the Generalized Estimating Equations 
lnewsp_pc = log of newspaper printed copies per capita; lBBS_pc = log of broadband subscribers of internet per capita; urbanization = urban population as a percent of total population, %; lRGRP_pc = log of real gross regional product per capita, yuan/person; PrimaryShare = gross (nominal) 
regional product, primary industry’s share, %; lRGovhealth_pc = log of real government expenditure for medical and health care, and family planning per capita; lWater_pc = log of number of residents with access to tap water per capita; lPPICFerti = log of producer price index for chemical 
fertilizer; lPPIPesti = log of producer price index for pesticide; lIA_pc = log of irrigated area of cultivated land in hectares per capita; lCCFerti_pc = log of consumption of chemical fertilizer in tons per capita; lTVur = log of number of color TVs per 100 urban households; lTVru = log of num-
ber of color TVs per 100 rural households; lFridgeUr = log of number of fridges per 100 urban households; lFridgeRu = log of number of fridges per 100 rural households; lRfoodCur_gen = log of real per capita annual consumption expenditure on food of urban households; yuan; lRfood-
Cru_gen = log of real per capita annual consumption expenditure on food of rural households, yuan; lRincomepc_ur = log of per capita real annual (disposable) income of urban households, yuan; lRincomepc_ru = log of per capita real annual (net) income of rural households, yuan 



MEDIA INFLUENCE 

Both Tables 2 and 3Tables 2 and 3 illustrate that media exposure from 
newspapers and the internet may serve as a propaganda 
tool to expose the incidents of foodborne illness. As a re-
sult, food producers are more careful to meet food safety 
policies which lower the number of foodborne incidents or 
patients. Using a random effects Tobit model and media 
data on foodborne illness, Holtkamp et. al.6 found signif-
icant positive relationships between their dependent vari-
able, log reported incidents per capita, and two indepen-
dent variables, log total newspaper circulation per capita 
and log internet users per capita. However, they explain that 
this might be due to media bias. Chen and Feng17 compared 
local independent and government newspaper reports on 
the food safety scandal of Eleme, the top Online to Offline 
(O2O) take-out service provider in China, to assess het-
erogeneity in newspapers’ attitudes before and after Eleme 
was officially exposed. They showed that before the scandal 
was exposed, independent newspapers more carefully mon-
itored Eleme’s food safety issue than did the local govern-
ment newspapers which suggests that marketization or 
deregulation of newspapers might help improve timely me-
dia supervision. Zeng et. al.18 found that food companies 
strategically responded after the media disclosed food safe-
ty incidents in the food markets, suggesting that the me-
dia’s action of exposing food incidents may neither lead 
to improved competitive resource environments nor foster 
long-term socially responsible food providers. This may 
raise a challenging issue for the media on how to arouse 
public attention while promoting responsible conduct in 
the food industry. 

ECONOMIC DEVELOPMENT 

Tables 2Tables 2 and 33 show that as the Chinese economy develops, 
urbanization tends to worsen the foodborne illness situ-
ation, a result that is consistent with studies by Chen,19 

Holtkamp et. al.,6 Ortega et. al.4 and others. Chen19 shows 
how the serious land degradation which occurs during ur-
banization has worsened the food safety situation. Chen19 

as well as Holtkamp et. al.6 explain that rapid urbanization 
and the explosive improvement in the standard of living 
have resulted in the diversification of Chinese food compo-
sition. Remarkable income increases have created demands 
for more animal protein, high-quality vegetables and fruits 
in addition to subsistence grains, which should lead to a de-
cline in food safety problems. However, the coefficients on 
the log real gross regional product per capita in Tables 2 Tables 2 
and 33 are not statistically significant, though their values 
are negative. The positive association between the number 
of foodborne incidents or patients and the share of the agri-
cultural sector in the gross regional product as indicated 
in column (7) (QMLE estimation) indicates that as more 
and more land is converted to construction use or use for 
economic development zones, large crop production might 
come to rely on the heavy use of synthetic fertilizers pos-
ing direct and indirect risks to human health.20 Holtkamp 
et. al.6 finds a negative association between foodborne in-
cidents and government expenditure while He et. al.21 finds 
that at the province level, a positive correlation exists be-

tween food safety satisfaction and per capita GDP, per capi-
ta food safety fiscal expenditure, and food safety fiscal ex-
penditures. The results in this study differs from He et. al.21 

for two reasons. First, the dependent variable represent-
ing the actual number of the foodborne incidents and pa-
tients is based on provincial level data taken from the China 
Health Statistical Yearbooks8 whereas He et. al.21 used in-
dividual level survey data on food safety satisfaction taken 
from the Asian Barometer Survey (ABS). Second, this study 
uses per capita government overall expenditure for medical 
and health care as an independent variable whereas He et. 
al.21 used fiscal expenditures of general public services to 
represent food safety fiscal expenditure or per capita food 
safety fiscal expenditure. More people with access to tap 
water can help reduce the foodborne illness, but this vari-
able is statistically significant with the right sign only in 
the Tobit model found in column 3 of Table 2Table 2. Government 
spending on the infrastructure which expands the supply 
of clean tap water can help reduce the foodborne illness. 
However, Zhang et. al.22 finds that there are annual reports 
of incidents of tap water pollution caused by cyanobacteria 
bloom. 

AGRICULTURAL PRODUCTION FACTORS 

For the production-side factors, this study finds a positive 
association between foodborne illness and the price of pes-
ticides in the random effects, the fixed effects, and the Tobit 
models as illustrated in columns 1-3 of Table 2Table 2 and in 
columns 2 and 3 of Table 3.Table 3. FoodPrint,20 He et. al.,21 and 
Zhang et. al.22 also document the negative effects of the use 
of fertilizer and pesticide on human health. The log of ir-
rigation shows little statistical significance except for the 
fixed effects model in column (2) of Tables 2 and 3 where 
more irrigated land implies more foodborne illness. Zhang 
et. al.22 argues that crop quality depends on the quantity 
and quality of irrigation water. The small positive coeffi-
cient on the log of irrigated areas of cultivated land could be 
explained by crop contamination from surface water pollu-
tants. Higher demand for chemical fertilizers is associated 
with more foodborne illness when the price of chemical fer-
tilizers is accounted for as can be seen from the fixed effects 
model in column 2 of Table 2Table 2. The residue of chemical fer-
tilizers on agricultural produce might account for the nega-
tive effects of chemical fertilizers on human health. 

URBAN-RURAL DIVIDE 

The urban and rural variables in this study help to explain 
the relationship between households’ ownership of some of 
the electric appliances and foodborne illness. They also il-
lustrate the relationships between household income, food 
consumption, and foodborne illness. Tables 2Tables 2 and 33 show 
that owning more colour TVs either in the urban or rural ar-
eas does not have a statistically significant effect on food-
borne illness. However, more TVs in urban households could 
make them more aware of food safety issues and more cau-
tious in their food consumption choices which might ac-
count for the smaller number of the foodborne incidents. 
Since TVs are still considered a luxury good in rural Chinese 
households, owning a TV could result in more frugal con-
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sumption of other items such as food, which could increase 
the foodborne incidents in rural areas. 

The positive coefficients on the number of refrigerators 
per 100 urban households imply that more fridges are pos-
itively associated with increased foodborne illness while 
fridges in rural households are negatively associated with 
foodborne illness. Fridges are considered necessities in ur-
ban households but are luxuries in rural areas which might 
result in different and complicated food composition pat-
terns between the two areas. 

Higher urban household food consumption expenditure 
in general is associated with a lower number of foodborne 
incidents or patients as can be seen in the QMLE estimation 
in column 7 of Tables 2Tables 2 and 33, whereas this relationship is 
found in most model estimations for foodborne incidents 
involving rural households. However, the more food con-
sumed in rural households is associated with more food-
borne illness in terms of number of patients per capita as 
can be seen in column 7 of Table 3Table 3. These mixed results 
might indicate that, although accelerated urbanization is 
increasing the demand for high-quality and diverse food 
products,19 the growing complexity of the urban and rural 
food supply chains do not allow us to draw any affirmative 
conclusion about the relationship between food consump-
tion expenditure in general and foodborne illness. 

Lastly, coefficients on urban and rural income reveal op-
posite signs. Higher urban household income is associated 
with fewer foodborne illness measured by both the number 
of foodborne incidents and patients, except for column 7 in 
Table 3Table 3, whereas higher rural household income is associ-
ated with more foodborne illness as can be seen from both 
Tables 2Tables 2 and 33, except for column 7 of Table 3Table 3. This might 
be explained by the fact that the standard of living improves 
more dramatically in the urban compared to the rural areas. 
Urban households can afford high-quality safe food where-
as the relatively poor rural households have limited choic-
es regarding the quality of their food. However, He et. al.21 

argues that this is due to the large disparity in amenities 
between urban and rural development which would include 
education, income, government resources, and other demo-
graphics. In a rural area, residents with agricultural census 
register are self-sufficient because they can do their own 
farming and are less dependent on food sold in markets. 
Food purchased in markets have potential risks due to the 
aggregation effect of the city which makes the food indus-
try more complicated and increases the consumer distrust 
of food safety in urban areas. These gaps require govern-
ments to respond according to the needs of each area. The 
characteristics of the average partial effects (APE) of urban 
and rural variables on the foodborne illness depicted in col-
umn 8 of Tables 2Tables 2 and 33, can also be seen in Figures 1Figures 1 and 
22 where the average partial effects (APE) of only the ur-
ban and rural independent variables on the number of food-
borne incidents per capita and patients per capita respec-
tively are estimated by the GEE approach. In these two fig-
ures, the variables shown on the horizontal axis are the ur-
ban and rural independent variables respectively, the dots 
show the APE estimates and, the vertical lines show the 90% 
confidence intervals for the APE. 

LESS ELABORATE MODELS 

Because the large number of explanatory variables in the 
GEE estimation violated the rank condition of the variance 
and covariance matrix, a less elaborate model with ten inde-
pendent variables rather than nineteen for the urban equa-
tion and similarly for the rural equation are estimated sep-
arately using the bootstrap GEE approach. With the depen-
dent variable being the number of foodborne incidents per 
capita, Figure 3Figure 3 shows the APE for the urban regression 
model and Figure 4Figure 4 shows the APE for the rural regression 
model. With the dependent variable being the number of 
foodborne patients per capita, Figure 5 shows the APE for 
the urban regression model and Figure 6Figure 6 shows the APE for 
the rural regression model. The variables shown on the ver-
tical axis are the ten independent variables, the dots show 
the APE estimates and, the horizontal lines show the 90% 
confidence intervals for the APE. Figures 3-6Figures 3-6 indicate that 
the food safety problem is intensified by the growth of ur-
banization and the share of the primary industry, i.e. agri-
culture, in the gross regional product. The urban and rural 
variables do not show much of an effect on the foodborne 
incidents although increasing the number of refrigerators 
in urban households could increase rather than decrease 
the number of foodborne incidents or patients as can be 
seen from Figures 3Figures 3 and 55 respectively. What can also be 
seen in these figures is that, although statistically insignif-
icant, the higher the per capita gross regional product and 
per capita government medical and health care expendi-
ture, the lower the number of foodborne incidents or pa-
tients. This implies that in order to improve food safety, lo-
cal governments should implement policies which promote 
economic growth, raise the regional standards of living, and 
increase expenditures on public health. 

DISCUSSION 

As can be seen from Figures 1Figures 1 and 22, owning more TVs in ur-
ban households can decrease the foodborne illness where-
as owning more TVs in rural households can increase the 
foodborne illness due likely to the different awareness of 
the media influence. Owning more refrigerators in urban 
households can increase the foodborne illness whereas 
owning more refrigerators in rural households can decrease 
the foodborne illness due likely to the different food storage 
patterns. Higher food consumption expenditure in general 
by the urban households is positively associated with food-
borne illness whereas higher food consumption expenditure 
in general by the rural households is negatively associated 
with foodborne illness, but none of this effect is statistically 
significant, implying that food safety issue in China might 
not be systematic. Higher income in urban households is 
negatively associated with foodborne illness whereas higher 
income in rural households has no statistically significant 
effect on the foodborne illness, implying that improving the 
standard of living could raise Chinese people’s demand for 
safe and quality food. Overall, China’s urban-rural divide 
reflected in both Figures 1 and 2 indicates that food safety 
is associated with consumption inequality across China. Us-
ing the Urban Household Survey (UHS) data and having cor-
rected for measurement errors, Zhao et. al.23 demonstrates 

Urban-rural divide in foodborne illness in China: what can we learn from the socioeconomic factors?

Journal of Global Health Reports 11



Figure 1. Average partial effects on the number of incidents per capita (inci_pc): generalized estimating equations Figure 1. Average partial effects on the number of incidents per capita (inci_pc): generalized estimating equations 
(GEE). (GEE). 

lTVur = log of number of color TVs per 100 urban households; lTVru = log of number of color TVs per 100 rural households; lFridgeUr = log of number of fridges per 100 urban 
households; lFridgeRu = log of number of fridges per 100 rural households; lRfoodCur_gen = log of real per capita annual consumption expendiutre on food of urban house-
holds, yuan; lRfoodCru_gen = log of real per capita annual consumption expenditure on food of rural households, yuan; lRincomepc_ur = log of per capita real annual (dispos-
able) income of urban households, yuan; lRincomepc_ru = log of per capita real annual (net) income of rural households, yuan 

Figure 2. Average partial effects on the number of patients per capita (pa_pc): generalized estimating equations (GEE) Figure 2. Average partial effects on the number of patients per capita (pa_pc): generalized estimating equations (GEE) 
lTVur = log of number of color TVs per 100 urban households; lTVru = log of number of color TVs per 100 rural households; lFridgeUr = log of number of fridges per 100 urban 
households; lFridgeRu = log of number of fridges per 100 rural households; lRfoodCur_gen = log of real per capita annual consumption expendiutre on food of urban house-
holds, yuan; lRfoodCru_gen = log of real per capita annual consumption expenditure on food of rural households, yuan; lRincomepc_ur = log of per capita real annual (dispos-
able) income of urban households, yuan; lRincomepc_ru = log of per capita real annual (net) income of rural households, yuan 

that consumption inequality in urban China increased by 
67% during the sample period 1993 – 2010. Engel expendi-
ture elasticity calculated by the authors indicates that con-
sumption of vegetables, meat and fruits have the small-
est expenditure elasticity. From 1993 to 2010, the ratios of 
expenditure on cultural and entertainment service to ex-
penditures on vegetable, meat and fruits indicates that a 
gap in consumption between income groups in urban ar-

eas. More importantly, consumption inequality in urban ar-
eas of China is due to the absolute low consumption of low-
income groups, rather than the large relative disparity be-
tween groups. This study echoes Zhao et. al.23 arguing that 
social welfare is related to consumption levels which de-
pend on current income, wealth, lending ability and other 
non-cash social resources. Furthermore, social welfare can 
be improved through the implementation of more effective 
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Figure 3. Average partial effects on the number of incidents per capita (inci_pc): urban and bootstrap generalized Figure 3. Average partial effects on the number of incidents per capita (inci_pc): urban and bootstrap generalized 
estimating equations (GEE) estimating equations (GEE) 

lnewsp_pc = log of newspaper printed copies per capita; lBBS_pc = log of broadband subscribers of internet per capita; urbanization = urban population as a percent of total 
population, %; lRGRP_pc = log of real gross regional product per capita, yuan/person; PrimaryShare = gross (nominal) regional product, primary industry’s share, %; lRGov-
health_pc = log of real government expenditure for medical and health care, and family planning per capita; lCCFerti_pc = log of consumption of chemical fertilizer in tons per 
capita; lTVur = log of number of color TVs per 100 urban households; lFridgeUr = log of number of fridges per 100 urban households; lRfoodCur_gen = log of real per capita an-
nual consumption expenditure on food of urban households, yuan 

Figure 4. Average partial effects on the number of incidents per capita (inci_pc): rural and bootstrap generalized Figure 4. Average partial effects on the number of incidents per capita (inci_pc): rural and bootstrap generalized 
estimating equations (GEE) estimating equations (GEE) 

lnewsp_pc = log of newspaper printed copies per capita; lBBS_pc = log of broadband subscribers of internet per capita; urbanization = urban population as a percent of total 
population, %; lRGRP_pc = log of real gross regional product per capita, yuan/person; PrimaryShare = gross (nominal) regional product, primary industry’s share, %; lRGov-
health_pc = log of real government expenditure for medical and health care, and family planning per capita; lCCFerti_pc = log of consumption of chemical fertilizer in tons per 
capita; lTVru = log of number of color TVs per 100 rural households; lFridgeRu = log of number of fridges per 100 rural households; lRfoodCru_gen = log of real per capita an-
nual consumption expenditure on food of rural households, yuan 

redistribution policies for urban and rural groups, the pro-
motion of local economic development, and the improve-
ment of social security benefits. 

As can be seen from Figures 3-6Figures 3-6, the incidents of food-
borne illness may be driven by growing urbanization and 
the primary industry’s share in gross regional product. Ur-

banization may complicate China’s food supply chain by 
eroding arable land and relying on chemical fertilizers and/
or pesticides which may pollute the water supply and in-
crease risks to health. Lu et. al.24 conducted a comprehen-
sive study on the relationship between agricultural envi-
ronment, food safety and public health. For years many ar-

Urban-rural divide in foodborne illness in China: what can we learn from the socioeconomic factors?

Journal of Global Health Reports 13

https://www.joghr.org/article/14173-urban-rural-divide-in-foodborne-illness-in-china-what-can-we-learn-from-the-socioeconomic-factors/attachment/38845.png
https://www.joghr.org/article/14173-urban-rural-divide-in-foodborne-illness-in-china-what-can-we-learn-from-the-socioeconomic-factors/attachment/38846.png


Figure 5. Average partial effects on the number of patients per capita (pa_pc): urban and bootstrap generalized Figure 5. Average partial effects on the number of patients per capita (pa_pc): urban and bootstrap generalized 
estimating equations (GEE) estimating equations (GEE) 

lnewsp_pc = log of newspaper printed copies per capita; lBBS_pc = log of broadband subscribers of internet per capita; urbanization = urban population as a percent of total 
population, %; lRGRP_pc = log of real gross regional product per capita, yuan/person; PrimaryShare = gross (nominal) regional product, primary industry’s share, %; lRGov-
health_pc = log of real government expenditure for medical and health care, and family planning per capita; lCCFerti_pc = log of consumption of chemical fertilizer in tons per 
capita; lTVur = log of number of color TVs per 100 urban households; lFridgeUr = log of number of fridges per 100 urban households; lRfoodCur_gen = log of real per capita an-
nual consumption expenditure on food of urban households, yuan 

Figure 6. Average partial effects on the number of patients per capita (pa_pc): rural and bootstrap generalized Figure 6. Average partial effects on the number of patients per capita (pa_pc): rural and bootstrap generalized 
estimating equations (GEE) estimating equations (GEE) 

lnewsp_pc = log of newspaper printed copies per capita; lBBS_pc = log of broadband subscribers of internet per capita; urbanization = urban population as a percent of total 
population, %; lRGRP_pc = log of real gross regional product per capita, yuan/person; PrimaryShare = gross (nominal) regional product, primary industry’s share, %; lRGov-
health_pc = log of real government expenditure for medical and health care, and family planning per capita; lCCFerti_pc = log of consumption of chemical fertilizer in tons per 
capita; lTVru = log of number of color TVs per 100 rural households; lFridgeRu = log of number of fridges per 100 rural households; lRfoodCru_gen = log of real per capita an-
nual consumption expenditure on food of rural households, yuan 

eas relied on the long-term use of waste-water irrigation to 
meet their water requirements for agricultural production 
because China lacked both the quantity and quality of sur-
face water resources. The presence of heavy metals in the 
waste-water irrigation system and the over-application of 
pesticides resulted in serious agricultural land and food pol-

lution. The negative effects of environmental pollutions es-
pecially from soil and water on food safety have put more 
people at risk of carcinogenic diseases. Lu et. al.24 argues 
that these issues can best be resolved by taking a holistic 
approach which integrates food safety, water pollution, and 
soil management policies. The results in this study are con-
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sistent with those of Lu et. al.,24 which indicate that the av-
erage partial effects (APE) of the irrigated areas of cultivat-
ed land on foodborne illness have not yet improved. 

CONCLUSIONS 

Over the last decades, food safety has become an issue of 
prime importance to the Chinese government. The goal of 
this study was to explore the socioeconomic factors across 
and within urban and rural areas in order to find their re-
lationship to foodborne illness. This study utilized Chinese 
official data8,9 to explain the number of foodborne inci-
dents per capita and the number of foodborne patients per 
capita in the 26 provinces in China over the eight years from 
2011 to 2018. The study examined the important role media 
has played in exposing the incidents of foodborne illness as 
they occurred and revealed how growing urbanization has 
affected the incidents of foodborne illness. This study also 
revealed how the urban-rural divide is related to foodborne 
illness both in the number of incidents and in the number of 
patients. The policy implications of this study indicate that 
government investment in public health can raise the living 
standards and reduce the incidents of the foodborne illness. 

One of the limitations of this study is that both official 
and media data on food safety at the provincial level in Chi-
na are scarce. For example, the official foodborne illness da-
ta collected from various issues of China health statistical 
yearbook8 are only available through 2011 while the media 
data that used by Holtkamp et. al.6 are no longer publicly 
available. Were both types of data available for the same 
time period, same regression models could be estimated 
which can examine the robustness of the results. More im-
portantly, the use of secondary data sources by researchers, 
whether collected by governments or by the media, may 
not be suited to answer the specific research questions they 
raised, or may not contain specific information that re-
searchers would like to have. For example, when assessing 
the effectiveness of food safety policies, researchers should 
use government expenditure on the monitoring of food 
safety and food safety management rather than using ex-
penditure on medical and health care or other public ser-

vices. Given the disadvantages of using secondary data, re-
searchers might prefer using survey data to conduct the 
analysis if they can either design their experiment or know 
how survey data is sampled. 
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