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Abstract: China has been experienced a nutrition transition and has developed the largest population of internet users. We evaluate the impacts of internet access on the nutritional intake of Chinese
rural residents. An IV-Probit based propensity score matching method is used to determine the impact of internet access on nutritional intake. The data were collected from 10042 rural households
existed in six provinces of China. The results reveal that the rural residents with internet access have
significantly higher intakes of energy, protein, and fat than those without their counterparts. Chinese rural residents with Internet access significantly increase the intakes of energy, protein, and fat
by 1.35 percent (28.62 kcal), 5.02 percent (2.61 g), and 4.33 percent (3.30 g), respectively. There is
heterogeneity in the intakes of energy, protein, and fat among those in different income groups.
Moreover, non-staple food consumption is the main channel through which internet access affects
nutritional intake. The results stress to local population to use internet for the improvement of nutritional status.
Keywords: internet access; nutritional intake; rural China; propensity score matching

1. Introduction
Ending malnutrition is one of the main targets of the Sustainable Development Goal
(SDG) [1]. China has been experienced a nutrition transition over the past four decades [26]. In China, both urban and rural residents are switching from low-fat traditional food,
mainly based on cereals and vegetables with few animal products, to a Western-style diet
that is high in saturated fat and sugar and low in fiber [7-9].
Evidence has shown that nutritional intake is determined by income [8,10,11], agricultural/food programs [12-14], agricultural commercialization [15], microcredit [16],
farm production [17,18], nutrition labels and communication networks [19]. Moreover,
studies have found that the internet is a new factor affecting the well-being of households,
especially rural households, in both developed and developing countries/regions [20-25].
Specifically, the internet may positively affect food consumption [26-30].
In the last two decades, with the rapid development and widespread application of
the internet, the China has developed the largest population of internet users in the world.
According to the China Internet Network Information Center (CNNIC), by the end of
2018, the number of Chinese Internet users (netizens) had reached 829 million, and 222
million of them were rural residents [31]. It is surprising that the rural population of China
connected to the internet is equal to the total population of France, Germany, the UK, and
Australia. The CNNIC pointed out that the internet has already affected the lives of Chinese rural residents [31].
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The article contributes to the existing literature in three aspects. First, to the best of
our knowledge, except for Parlasca, et al. [32], the previous literature has seldom investigated the relationship between internet access and nutritional intake. Using household
panel data, Parlasca, et al. [32] proved that mobile phone adoption and use were positively
and significantly associated with dietary diversity. Although mobile phones were the
main devices by which farmers access the internet, the mobile phones could not be simply
treated as a proxy variable for the internet. Moreover, the National Bureau of Statistic of
China (NBSC) showed that only parts of mobile phones connect to the internet through
cellular data or broadband networks (Wi-Fi) in rural areas [33]. Thus, we explore internet
effects than mobile phone effects. Second, different from previous studies [22,23,29], we
mainly studied the relationship between internet access and nutritional intake except for
food expenditure, which can shows the effects of well-being of internet access more intuitively. Due to the nutrition transition process and nutrition-related health problems in
China [34-36], it is essential to investigate the determinants of nutritional intake. Third,
since there are large differences in economic development levels and diets across China,
the data used in the previous studies covered relatively few areas [22-25,29].
Thus, we use a larger sample with more provinces to control for geographical heterogeneity. Therefore, the main aim of this study is to evaluate the impacts of internet access
on the nutritional intake of Chinese rural residents. Particularly, the article provides answers of following questions: What is the difference in nutritional intake between rural
residents with and without internet access? What is the potential mechanism by which the
internet influences nutritional intake?
The remainder of the article is organized as follows. Section 2 provides the background of internet development in rural China. Section 3 introduces the PSM method.
Section 4 describes the data followed by the empirical results shown in Section 5. Section
6 discusses the potential channels through which internet access affects nutritional intake.
The final section provides conclusions and policy implications.

Figure 1. Internet users in rural and urban China. Source: The Survey Report of 2012-2014 on China’s
Rural Internet Development and the 34th-44th China Statistical Report on Internet Development issued
by the CNNIC.

2. The use of internet in China
The number of internet users in rural China has rapidly increased with income
growth and policy support such as the "Broadband China" strategy implemented in 2013.
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Figure 1 reveals the number of rural netizens in China that were increased from 156 million in 2012 to 222 million in 2018 with an annual growth rate of 6.06% [31]. However,
China's internet market is still dominated by urban areas. In 2018, the number of urban
netizens increased to 607 million [31].
Given the large rural population in China, the proportion of rural netizens in the
rural population was 39.4% in 2018, while the proportion of urban netizens in the urban
population reached to 73% (Figure 2) [31,37]. Although mobile ownership is widely used
as a proxy for internet access in China [22,25,32], a large number of mobile phones are not
connected to the internet. The NBSC showed that the number of mobile phones owned
per 100 rural households was 244.3 in 2016; however, only 47.8% of these mobile phones
were connected to the internet [33]. Meanwhile, the number of computers owned per 100
rural households was 32.2 in 2016 [33], and the proportion of rural netizens in the rural
population was 34.1% in 2016 [38]. These statistics indicate that in rural China, computer
ownership is a better proxy for internet access than mobile phone ownership.

Figure 2. Proportion of netizens in China. Source: The Survey Report of 2012-2014 on China’s Rural
Internet Development and the 34th-44th China Statistical Report on Internet Development issued by the
CNNIC, and the National Bureau of Statistics of China (NBSC).

3. Materials and Methods
3.1. Data and selection of study sites
We estimated internet effects using the 2012-2018 Survey for Agriculture and Village
Economy (SAVE) data collected by the Institute of Agricultural Economics and Development (IAED), Chinese Academy of Agricultural Sciences (CAAS). After data cleaning by
dropping all samples that did not report their income, nutritional intake, 10042 samples
from six provinces (i.e., Hebei, Jilin, Fujian, Shandong, Henan, and Yunnan) remained
(Figure 3). The data include 1445 samples in 2012, 1820 samples in 2013, 1610 samples in
2014, 1471 samples in 2015, 1494 samples in 2016, 1127 samples in 2017, and 1075 samples
in 2018. Therefore, the data used in this study were unbalanced panel data. Rural households with at least one computer are considered to have internet access (treatment group),
and those without a computer are the control group, i.e., without internet access. The
treatment group includes 3307 rural residents with internet access and 6735 rural residents
without internet access.
Based on the China Food Composition, this study divides the food consumed by rural
residents into the following ten categories: cereals, edible oil, red meat, poultry, eggs,
aquatic products, dairy products, vegetables, fruits, and tubers [39]. They are converted
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into energy (kcal), protein (g), fat (g), and carbohydrate (g) based on the nutrition table.
As cereals and tubers are both staple foods, they are combined into staple foods to analyze
the quantities and prices of food consumption.

Figure 3. Location of selected areas for field survey to collect data.

3.2. Propensity score matching
An access of rural residents to the internet is a self-selection process. It could be affected by some unobserved attributes, including social networks and innate abilities and
motivation that may be correlated with their nutritional intake [40-42]. According to
Crown, these problems may cause selection bias and produce endogeneity [43]. This
study, thus, adopts a PSM method, which is a semiparametric technique and widely used
to solve the problem of selection bias and endogeneity [42,44-47]. In fact, PSM method
estimates the treatment effects between the treatment group and matched control group
of observed characteristics based on propensity scores [48-50]. The propensity score may
define as it is the conditional probability of assignment to a particular treatment given a
vector of observed covariates [46]. In this study, the rural residents with internet access
are the treatment group. Those without internet access are the control group, and a Probit
model is constructed to estimate the propensity scores. The Probit model is given as:
p(𝑥 ) = prob(𝑌 = 1|𝑥 ) =

𝜙(𝑡)d𝑡 = Φ(𝛽 𝑥 )

(1)

where p(𝑥 ) is the probability that rural resident (i) has internet access; 𝑌 = 1 indicates
rural resident i accesses the internet and 𝑌 = 0 indicates that without internet access. The
𝑥 are the relevant factors that affect internet access and mainly include the individual
characteristics of rural residents such as the gender of the household heads (HHs). It also
includes the characteristics of rural households such as per capita annual income. 𝛽 are
the vectors of parameters that are need to be estimated.
There are potential endogeneity due to the unobservable characteristics and simultaneity bias, which leads to the major limitation of the PSM. An access to internet can in-

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2021

doi:10.20944/preprints202105.0289.v1

crease the income of rural residents [23], and in contrast, the income level of rural residents can affect internet access. Therefore, we use instrumental variables (IVs), including
"the location relationship between villages and towns" and "the per capita annual income
of the village", to construct an IV-Probit model to solve such problems [51,52]. The two
variables were used as instruments because they correlate with the per capita annual income of rural residents and because they do not affect the internet access of rural residents.
Although rural residents in the same county have similar internet access levels, the level
of internet development can be similar or different between different counties. Thus, we
clustered the data by county to obtain robust standard errors.
To further obtain robust matching results, this study uses three common matching
algorithms, i.e., the five-nearest neighbor matching algorithm, the kernel matching algorithm, and the radius matching algorithm. By controlling the selection bias and circumventing the endogenous problem, the unbiased estimation of the ATT is obtained. The
ATT for nutritional intake is given as:
(1)

ATT = E(𝑌 − 𝑌 𝑇 = 1) = E(𝑌 |𝑇 = 1) − E(𝑌 𝑇 = 1)

where 𝑌 and 𝑌 represent the nutritional intake of the treatment and control groups,
respectively.
4. Results
4.1. Summary statistics of basic variables
The descriptive statistics of the sample data are given in Table 1. The treatment group
has significantly lower consumption of staple foods than the control group and significantly higher consumption of the other eight food categories. Compared with the NBSC
(Table A1), the quantities of household food consumption of staple foods, red meat, poultry, aquatic products, dairy products, vegetables, and fruits are lower than the NBSC
standard, while edible oil and eggs are higher. The results reveal that the daily energy
intake is 2142.55 kcal in the treatment group and it is significantly higher than that (i.e.,
2079.89 kcal) in the control group. The daily intakes of protein and fat in the treatment
group are 54.65 g and 79.66 g, respectively, and both are significantly higher than those
(51.40 g and 73.45 g) in the control group. The daily intake of carbohydrate is not different
between the two groups. Furthermore, it is found that the internet access may significantly
promote the intake of protein, fat and energy.
Table 1. Summary statistics of basic variables.
Variables

Description

Full sample
Mean
SD

Treatment
Mean
SD

Control
Mean
SD

Diff.

Household heads (HHs) characteristics
Gender
Age
Years of education
Occupation: only engaged in agriculture
Agricultural training
Household characteristics
The proportion of children under the age of 14
The proportion of seniors above the age of 65
Income (per capita per annum)
Village characteristics
Income (per capita per annum per village)
Located in the town
Nutritional intake (per capita per day)
Energy
Carbohydrate
Fat
Protein

1=Male, 0=Female
Years

0.95

0.22

0.96

0.20

0.94

0.23

0.01**

1=Yes; 0=No
1=Yes; 0=No

51.43
7.73
0.65
0.31

10.32
2.40
0.48
0.46

49.83
8.30
0.62
0.36

9.14
2.26
0.49
0.48

52.22
7.45
0.66
0.28

10.77
2.42
0.47
0.45

-2.39***
0.86***
-0.04***
0.08***

%
%
1000 yuan

11.22
10.22
11.04

16.09
24.63
10.78

12.50
5.35
13.43

15.78
14.48
12.48

10.59
12.61
9.87

16.21
28.01
9.63

1.90***
-7.26***
3.56***

8.47
0.14

5.51
0.35

9.79
0.15

6.14
0.36

7.83
0.14

5.04
0.34

1.96***
0.02*

2100.53
307.43
75.50
52.47

786.07
119.06
48.42
20.74

2142.55
306.29
79.66
54.65

806.74
121.57
48.30
21.80

2079.89
307.99
73.45
51.40

774.95
117.81
48.34
20.12

62.66***
-1.70
6.20***
3.24***

1000 yuan
1=Yes; 0 =No
kcal
g
g
g
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Quantities of food consumption (per capita per annum)
Staple food
kg
Edible oil
kg
Red meat
kg
Poultry
kg
Eggs
kg
Aquatic products
kg
Dairy products
kg
Vegetables
kg
Fruits
kg
Number of observations

138.12
14.50
25.27
4.76
10.36
6.74
4.80
65.02
23.15
10042

51.88
8.78
24.09
6.61
12.35
8.94
13.20
66.08
25.10

doi:10.20944/preprints202105.0289.v1

135.43
14.97
27.96
4.99
11.83
7.91
5.52
67.45
25.93
3307

51.01
8.67
25.16
6.82
12.96
9.64
13.13
67.91
28.34

139.44
14.26
23.95
4.64
9.64
6.16
4.44
63.83
21.78
6735

52.25
8.83
23.44
6.51
11.98
8.51
13.22
65.14
23.22

-4.01***
0.71***
4.01***
0.35*
2.19***
1.75***
1.08***
3.62*
4.15***

Notes: *** p<0.01, ** p<0.05 and * p<0.1; incomes were deflated with the consumer price index (CPI) provided by the NBSC (2012=100);
in 2018, 1 USD=6.62 yuan.

4.2. Results of PSM
We used an IV-Probit model to estimate propensity scores, and the results are given
in Table A1. Firstly, the result of the Wald test for exogeneity rejected the null hypothesis
of no endogeneity. Secondly, the F statistic value of the first stage of the IV-probit model
is 99.56 which is greater than 10. It indicates that the null hypothesis of weak IVs is rejected
[53].
The effects of internet access on nutritional intake are estimated using the PSM
method based on the five-nearest neighbor matching algorithm (Table 2). The results
showed that the daily intakes of protein and fat in the treatment group were significantly
higher by 5.02% (2.61 g) and 4.33% (3.30 g) than those in the control group. Additionally,
the intake of energy in the treatment group is significantly higher by 1.35% (28.62 kcal)
than that in the control group. However, the daily intake of carbohydrate is not different
between the two groups.
The estimated results proved that the internet access increased the proportion of protein and fat intake that is significantly higher than the proportion of energy intake. This
result may be explained by the fact that the energy was supplied mainly from carbohydrate. The carbohydrate reaches 55-65%; in contrast, for fat, it reaches only 20-30% [8].
Therefore, the increases in the intakes of protein and fat did not caused the same level of
increase in energy. Finally, the internet access significantly improved the intake main nutritional components (i.e., protein and fat) of rural residents.
Table 2. Effects of internet access on food intake.
Daily intake of nutrition
Energy (kcal)
Carbohydrate (g)
Fat (g)
Protein (g)

NN5 matchinga
Change Change (%)
28.62*
1.35*
̶ 2.90
̶ 0.94
3.30***
4.33***
2.61***
5.02***

PSM1
Kernel matchingb
Change Change (%)
32.50**
1.54**
̶ 1.58
̶ 0.51
3.13***
4.09***
2.70***
5.20***

RD matchingc
Change Change (%)
61.36***
2.95***
̶ 1.77
̶ 0.57
6.10***
8.29***
3.22***
6.27***

PSM2
NN5 matchinga
Change Change (%)
29.47*
1.40*
̶ 3.39
̶ 1.09
3.46***
4.55***
2.88***
5.55***

OLS
Change (%)
1.91
̶ 0.73
6.90*
5.77**

Notes: *** p<0.01, ** p<0.05 and * p<0.1; 1 the propensity scores calculated by the IVs-Probit model; 2 the propensity scores calculated
by the Ordinary Probit model; a results of matching using five-nearest neighbor algorithm; b results of matching using kernel algorithm; c results of matching using radius algorithm.

4.3. Balancing, sensitivity and robustness tests
To ensure that the matching estimators correctly identify the treatment effects, the
matching balancing condition and the conditional independence condition must be satisfied [46]. The matching balance is tested based on three alternative algorithms. Table 3
shows no significant differences between the treatment group and the control group after
matching, and the five-nearest neighbor matching algorithm is preferred over the other
algorithms.
Table 3. The test of matching balance.
Variables

Percentage of bias after
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NN5 matchinga
Kernel matchingb
RD matchingc
Gender of HHs (1=Male, 0=Female)
3.9
4.4*
5.5**
Age of HHs
̶ 2.8
̶ 2.3
̶ 22.3***
Square of age of HHs
̶ 3.0
̶ 2.6
̶ 24.5***
Years of education of HHs
0.1
1.6
35.0***
Occupation of HHs: only engaged in agriculture (1 = Yes, 0 = No)
̶ 0.1
1.1
̶ 8.2***
Agricultural training (1 = Yes, 0 = No)
̶ 0.7
̶ 0.1
16.5***
The proportion of children under the age of 14
̶ 1.4
̶ 2.1
11.4***
The proportion of seniors above the age of 65
0.3
̶ 0.2
̶ 29.7***
Per capita per annual income (Yuan)
̶ 0.4
̶ 0.1
23.2***
Pseudo-R2
0.001
0.001
0.045
Notes: *** p<0.01, ** p<0.05 and * p<0.1; a matching using five-nearest neighbor algorithm; b matching using kernel algorithm with
bandwidth of 0.06; c matching using radius algorithm with caliper of 0.05.

Although it’s difficult to directly test the conditional independence condition, the
Rosenbaum bounds test is used to assess the sensitivity of the PSM method to unobserved
variables [47]. The results of Rosenbaum bounds test are shown in Table A2. It is found
that the matching results were not sensitive to unobserved factors, except for protein.
However, the IV-Probit procedure partly fixed the endogeneity problem caused by the
omitted variables. There are reasons to believe that our results in Table 2 are reliable.
We compared the results of different estimation techniques to test the robustness of
the estimated ATTs (Table 2). The results of the robustness test showed that the signs and
magnitudes of energy, protein, fat, and carbohydrate are consistent with different estimation method, Probit models, and the PSM algorithms. The results in Table 2 suggested that
the PSM results are robust. The results estimated by the OLS method and the ordinary
Probit model based on PSM method are biased due to ignoring the problems of endogeneity (Table 3). Compared with the PSM method, the OLS method overestimated the results of protein and fat. While the estimated ATTs of energy, protein, and fat obtained by
the Ordinary Probit model based PSM method are higher than those obtained by the IVProbit based on PSM method.
4.4. Test of heterogeneity
To further analyze the heterogeneity of the matching results, this study investigates
the impacts of internet access on the nutritional intake of rural residents with different
incomes based on the five-nearest neighbor matching algorithm. First, this study divides
the per capita annual income of rural residents into three quantiles: 1) those with an upper
limit of 4887.59 yuan (low-income group); 2) those with an upper limit of 12233.90 yuan
(medium-income group), and 3) those with an upper limit of 65911.20 yuan (high-income
group).
Compared with the results of whole sample, the impacts of internet access on the
nutritional intake of those in the different income groups have different features (Table 4).
Specifically, in the low-income group, internet access significantly affects the intakes of
energy, protein, and fat, with incensement of 3.52%, 7.40%, and 10.42%, respectively.
These figures are higher than those of the full sample and the other two income groups.
In the medium-income group, the intakes of protein and fat are affected by internet access
with increase of 5.82% (higher than the full sample) and 3.79% (lower than the full sample). In contrast, energy and carbohydrate are not affected. In the high-income group, only
the protein intake is significantly affected with an increase of 2.59%. However, it is lower
than full sample.
Furthermore, the results revealed that the internet access primarily affects the intakes
of protein and fat in the low- and medium-income groups. The intake of energy is affected
only in the low-income group. Moreover, for the high-income group, only the protein intake is affected by internet access, but the impact is less than that of the other two groups.
Besides, the intake of carbohydrate in the three groups is not affected by internet access
which is consistent with the full sample.
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Table 4. Effects of internet access on nutritional intake for different income level.
Daily nutritional intake

Full sample
Energy (kcal)
1.35*
Carbohydrate (g)
̶ 0.94
Fat (g)
4.33***
Protein (g)
5.02***
N
10042
Notes: *** p<0.01, ** p<0.05 and * p<0.1.

Low-income group
3.52**
̶ 0.43
10.42***
7.40***
3348

Change (%)
Medium-income group
1.28
̶ 0.78
3.79*
5.82***
3347

High-income group
0.16
̶ 1.17
1.59
2.59**
3347

5. Discussions
The impacts of internet access on expenditure and food consumption have been
proved to be significant [23,29]. It is suggested that the expenditure and food consumption
can be the channels of the impacts of internet access on nutritional intake [54]. First, the
internet can break the constraints of market access and connect the closed rural areas with
the market [35]. Thus, the rural residents with internet access may have a stronger willingness to consume both food and other goods, even at the same income level. Second,
one of the biggest advantages of online shopping is the low prices. Although the price
elasticities for nutrients were negative [55], low prices may lead to an increase in nutritional intake. Unlike to urban residents, the rural residents were also food producers,
mainly staple food producers.
5.1. The channel of expenditure
The impacts of internet access on various consumption expenditure items are shown
in Table 5. The internet access significantly increases the total consumption expenditure
of rural residents by 8.90% (483.18 yuan), which is in line with the conclusions of Ma et al
[23]. Specifically, the internet access significantly increased consumption expenditures on
food by 6.35% (188.97 yuan), suggested that the internet access affects nutritional intake
by increasing the expenditure of rural residents on food. The consumption expenditures
on clothing, residence, household facilities, articles and services (HFAS), transport and
communication, education, culture and recreation (ECR), and miscellaneous goods and
services (MGS) are also significantly increased with the internet access, while expenditure
on HCMS significantly decreased.
Table 5. The channels of internet access affect nutritional intake.
Channels of expenditure

Consumption expenditure
per capita per annum
Change
Change %
(yuan)

Channel of food
consumption

Food

188.97***

6.35***

Clothing

77.97***

12.90***

Edible oil

Residence

22.17*

16.17*

Red meat

HFAS
Transport and communication
ECR

26.23**

19.68**

Poultry

112.13***

23.36***

33.18*

̶ 0.05

̶ 1.29

0.43**

2.93**

̶ 0.12

̶ 0.97

1.52***

5.74***

0.12

0.46

0.05

1.08

̶ 0.48*

̶ 2.80*

Eggs

2.10***

21.53***

̶ 0.12

̶ 1.29

5.03*

Aquatic products

1.01***

14.55***

0.66**

4.29**

Dairy products

1.05***

23.35***

0.13

1.16

2.07

3.16

0.16**

3.64**

̶ 27.13*

-9.35*

MGS

49.66***

33.79***

Vegetables

̶ 3.28*

Prices of food consumption
Change
Change %
(yuan/kg)

̶ 2.36*

HCMS

Staple food

Quantities of food consumption
Change
Change%
(kg)

Total
483.18***
8.90***
Fruits
3.32***
14.70***
0.14
1.75
Notes: *** p<0.01, ** p<0.05 and * p<0.1; HFAS=household facilities, articles and services; HCMS=health care and medical services.
MGS=miscellaneous goods and services; ECR= education, culture and recreation.

5.2. The channel of food consumption
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The impacts of internet access on the quantities and prices of food consumption are
shown in table 5. In terms of the quantities of food consumption, the internet access has
significant positive impacts on the consumption of non-staple foods that are favored by
people such as edible oil, red meat, eggs, aquatic products, dairy products, and fruits [6].
In contrast, the internet access has negative impacts on the consumption of staple foods
and no effects on poultry and vegetables.
Regarding the consumption of nonstable foods by rural residents, the internet access
has significant impacts on the consumption of red meat, eggs, aquatic products, dairy
products, and fruits, with incensement of 5.74% (1.52 kg), 21.53% (2.10 kg), 14.55% (1.01
kg), 23.35% (1.05 kg), and 14.70% (3.32 kg), respectively. However, it has little impact on
edible oil consumption, increasing it by only 2.93% (0.43 kg). The internet access increased
the food access channels of rural residents to a certain extent, for example, by fostering
the development of e-commerce in rural areas, and more food access channels can improve the dietary quality of rural residents [56,57].
In terms of the prices of food consumption, the internet access significantly affects
the prices of only poultry, aquatic products, and vegetables that have no effects on the
prices of other foods. In most of the studies on price data in China, the price data are not
the actual prices of food. Rather, they reflect the unit value of food, i.e., they comprehensively reflect the quality of food such as the appearance, nutrient content, flavor, and taste
of food [58]. When the food consumption expenditure of rural residents increased, they
may consume more high-quality food, leading to a non-significant impact of internet access on the prices of the most expensive foods.
6. Conclusion and policy implications
In the current study, the PSM method was used to explore the effects internet access
on the nutritional intake of rural residents using the SAVE data from 2012 to 2018. We
also conducted various robustness tests and analyzed the heterogeneity across different
income levels of rural residents in China. Furthermore, we found that how the internet
access can affect the nutritional intake on rural residents.
The results reveal that the Chinese rural residents with internet access significantly
increased the intake of energy, protein, and fat by 1.35 percent (28.62 kcal), 5.02 percent
(2.61 g), and 4.33 percent (3.30 g), respectively. The internet access significantly improved
the nutritional status of Chinese rural residents. There is heterogeneity in the intakes of
energy, protein, and fat among those in different income groups, while there is no such
heterogeneity in the intake of carbohydrates. For the low-income group, residents with
internet access significantly increased the intake of protein and fat by 7.40 percent and
10.42 percent, respectively. For the high-income group, only the intake of protein is affected by the internet access. The food consumption is the main channel through the internet access affects nutritional intake, mainly by increasing the quantities of non-staple
food consumption to improve the nutritional intake of rural residents.
The findings of the study have important implications for policymakers. The positive
effects of internet access suggest that it is important to speed up the construction of rural
telecommunications infrastructure to ensure that most rural residents in China can access
the internet. It is likely that the nutritional status of the Chinese rural residents can be
improved. Although the nutritional status of low-income group benefits the most from
the internet access, reducing the cost of the internet use in the rural area should be an
important goal in the process of implementing the "rural vitalization strategy".
Our study, however, has two limitations. First, we use computer ownership as the
proxy for the internet access subject to the questionnaire design. Though the proportion
of computer ownership is similar to the current rural internet access rates, there is still a
gap between computer ownership and the internet access. Second, the SAVE data only
contains data on food at home consumption. As food consumed away from home growing
faster than at home counterparts in China [59], further studies may provide new insights
into that issue.
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Appendix A
Table A1. The results of the IV-Probit model.
Variables

Coefficients

Robust Standard Error

0.68***

0.13

Gender of HH (1=Male, 0=Female)

0.14

0.13

Age of HHs

0.05*

0.03

Square of age of HHs

̶ 0.00*

0.00

Years of education of HHs

0.04**

0.02

Occupations of HHs: only engaged in agriculture
(1 = Yes; 0 = No)

0.40***

0.11

Agricultural training (1 = Yes; 0 = No)

0.17***

0.06

The proportion of children under the age of 14

0.59***

0.23

The proportion of seniors above the age of 65

0.29

0.33

Dummy of year (Year=2013)

0.13

0.10

Dummy of year (Year=2014)

0.13

0.09

Dummy of year (Year=2015)

0.27**

0.12

Dummy of year (Year=2016)

0.23

0.20

Dummy of year (Year=2017)

0.16

0.21

Dummy of year (Year=2018)

0.31

0.20

Per capita per annual income (Yuan)

Constant

̶ 8.37***

Log likelihood

1.17
̶ 22033.97

N

10042

Wald test of exogeneity

5.23**

F (1410027)
99.56
Notes: *** p<0.01, ** p<0.05 and * p<0.1; robust standard errors are obtained by clustered at the county level.
Table A2. The hidden bias test based on Rosenbaum bounds.
Variables
Energy
Carbohydrate
Fat
Protein



1.23 ̶
1.23 ̶
1.15 ̶
1.02 ̶
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Notes: Rosenbaum bounds are tested based on five-nearest neighbor matching; Γ is the sensitivity
parameter when p-value reaches the 0.05 threshold; - indicates the p-value is on lower bound.
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