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Abstract
Although reducing poverty has become an important issue for rural development in China, 
few studies have analyzed the role of mobile Internet use in multidimensional poverty. To 
fill this gap, this study investigated the impact of mobile Internet use on multidimensional 
poverty, using data collected from a household survey in rural China. Because households 
generally decide whether to use mobile Internet by themselves, an endogenous switching 
regression model was employed to control for potential selection bias. In total, 9.63% of 
the households were identified as multidimensionally poor and the adjusted multidimen-
sional poverty incidence was 5.47%. The results also showed that mobile Internet use has a 
significant negative impact on multidimensional poverty. Further, we provide evidence of 
heterogeneity in the effect of mobile Internet use across regions. These findings highlight 
the importance of mobile Internet use in multidimensional poverty reduction strategies for 
rural households.
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1 Introduction

Information and communication technologies (ICTs) are increasingly important in acceler-
ating economic growth for developing countries. Particularly, ICTs such as mobile Internet 
and smartphones may reduce transaction costs, increase labor productivity, and improve 
innovation capacity (Lio & Liu, 2006; Ma et al., 2018; Paunov & Rollo, 2016). Thus, many 
developing countries implement supportive policies to boost ICT development. For exam-
ple, China has issued a series of policies related to the “Internet plus” initiative (Xie et al., 
2019), aiming to improve various fields such as education, health care, finance, and com-
merce. Given their importance, ICTs have recently received more attention from policy-
makers and researchers in developing and emerging economies.

A growing body of literature has examined the relationship between ICTs and economic 
growth at the macro level, mainly focusing on GDP growth, employment rate, and agri-
cultural productivity (Atasoy, 2013; Lio & Liu, 2006; Niebel, 2018; Qiang et al., 2009). 
Previous studies found that ICTs boosted economic development and increased economic 
performance. For example, Qiang et  al. (2009) found that broadband penetration posi-
tively impacted GDP growth for both developing and developed countries. In the United 
States, Atasoy (2013) examined the nexus between ICTs and employment rate and found 
that broadband use increased the employment rate by 1.8 percent. Using data for 81 coun-
tries, Lio and Liu (2006) examined the association between adoption of ICTs and agricul-
tural productivity and found that new ICTs significantly improved agricultural productivity. 
However, there are still debates about the impact of ICTs on inclusive development. For 
instance, compared to high-income economies, Qiang et al. (2009) showed that the eco-
nomic impact of broadband was larger for low- and middle-income economies. Contrary to 
Qiang et al. (2009), using data for 59 countries, Niebel (2018) found that developing coun-
tries were not gaining more from investments in ICTs than developed economies.

Other publications have examined the effect of adopting ICTs on organization per-
formance and labor productivity at the firm level. For example, using Chinese firm-level 
production data, Fernandes et al. (2019) found that access to the Internet increased over-
all firm performance due to improved communication with buyers and suppliers. In Italy, 
Colombo et al. (2013) examined the effect of ICTs on productivity of small and medium 
enterprises (SMEs) and found that adopting advanced ICTs had a positive effect on SMEs’ 
productivity. With regard to labor productivity, some researchers found that access to the 
Internet improved firm labor productivity and expanded total employment, especially for 
micro and small firms (Paunov & Rollo, 2016; Viollaz, 2019). This is because adopting 
ICTs results in the formalization of a labor relationship, which improves labor productivity. 
Furthermore, previous studies also identified the effect of adopting ICTs on different types 
of businesses. For the banking industry, ICTs had a positive impact on banking profitabil-
ity and stability improvement, attributed to the intensive adoption of both IT and financial 
technologies (Del Gaudio et al., 2020). In their study on logistics firms, Lei et al. (2021) 
provided empirical evidence for the positive impact of different ICTs such as enterprise 
systems (ES) and Internet of Things (IoT) use on service diversification.

Given the importance of ICTs, several studies have attempted to analyze the relationship 
between adopting ICTs and reducing poverty. However, to date, the findings in previous 
studies are mixed (Beuermann et  al., 2012; Fu & Akter, 2016; Hübler & Hartje, 2016; 
Langmia, 2005; Mbuyisa & Leonard, 2017; Munyegera & Matsumoto, 2018; Sujarwoto & 
Tampubolon, 2016). Most of the studies hold the view that adopting ICTs has the potential 
to improve economic well-being and reduce poverty. For instance, using data from Peru, 
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Beuermann et al. (2012) found that mobile phone use increased consumption and lowered 
poverty incidence. In particular, the study showed that access to mobile phones has a posi-
tive impact on extreme poverty because of the spillover effects of adopting ICTs. In India, 
Fu and Akter (2016) found that ICTs improved farmers’ desire to adopt updated technology 
and increased agricultural knowledge, which resulted in poverty alleviation in the future. 
Furthermore, ICTs reduced transaction costs (e.g. transportation fares and service charges) 
and increased the likelihood of saving, borrowing, and receiving remittances, contributing 
to access to digital financial services (Munyegera & Matsumoto, 2018). Using data from 
rural Southeast Asia, Hübler and Hartje (2016) confirmed the poverty reduction effects of 
ICTs and found that owning ICTs such as smartphones has a significant and positive effect 
on household annual income. Moreover, Mbuyisa and Leonard (2017) concluded that ICTs 
could be used by SMEs as a tool for reducing poverty. ICTs enhanced the abilities of busi-
ness owners and improved business operations, thereby increasing income and reducing 
vulnerabilities.

However, some studies show that adopting ICTs has no significant effects on poverty 
reduction in developing countries. For example, Langmia (2005) argued that challenges 
existed in using ICTs for economic development in South Africa, especially in the rural 
areas, due to the lack of telecommunication and ancillary infrastructure (e.g. telephone 
lines and an electricity grid). These challenges may hinder the role of ICTs in reducing 
poverty. Moreover, the telecommunication infrastructure and Internet divide was widen-
ing and deepening across urban–rural and city–countryside areas, especially remote areas 
(Sujarwoto & Tampubolon, 2016), stemming from the high cost and low profit of providing 
telecommunication service for rural areas compared to urban areas (Salemink et al., 2017). 
The Internet divide prevents rural households from having access to the benefits of ICT 
services (van Deursen & van Dijk, 2019), resulting in income inequality and low effective-
ness of poverty reduction. A few studies even found a negative association between adopt-
ing ICTs and household welfare. For instance, in a study on “Taobao villages” in China, 
Tang and Zhu (2020) found that the diffusion of ICTs negatively affected local industry and 
household welfare. This may be attributed to the influx of large numbers of migrants into 
“Taobao villages”, which in turn leads to higher labor costs and distorted prices of prod-
ucts and production elements.

Although the existing literature has investigated the role of ICTs and examined the 
relationship between ICTs and poverty reduction, few studies have analyzed the nexus 
between mobile Internet use and multidimensional poverty. Among various types of ICTs, 
mobile Internet has spread widely in recent years with the availability of mobile devices 
such as smartphones and tablets. In contrast to broadband Internet, mobile Internet ena-
bles households to access current information regardless of location. In addition, it helps 
households use mobile financial services and mobile commerce, reducing transaction costs 
and improving production efficiency. It is also worth noting that recent studies have paid 
increasing attention to poverty reduction from the perspective of multidimensionality (e.g. 
income, health, and education) (Alkire & Foster, 2011; Nowak & Scheicher, 2017; Strot-
mann & Volkert, 2018). We argue that knowledge of the relationship between mobile Inter-
net use and multidimensional poverty would provide important insights for policymak-
ers as to what sorts of interventions might be used in reducing multidimensional poverty. 
So far, however, the effect of mobile Internet use on multidimensional poverty remains 
understudied.

The objective of this study was to measure multidimensional poverty in rural China 
and investigate the impact of mobile Internet use on multidimensional poverty. We chose 
six dimensions, including income, health, assets, public service, overall satisfaction, and 
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self-rated happiness in measuring multidimensional poverty. Using a household survey 
dataset collected from different regions in rural China, we estimated the share of house-
holds deprived in each poverty dimension, headcount ratio, and adjusted multidimensional 
poverty incidence. Furthermore, we employed the endogenous switching regression (ESR) 
model to examine the impact of mobile Internet use on multidimensional poverty.

The present study contributes to the existing literature on ICT adoption and poverty 
reduction by examining the nexus between mobile Internet use and multidimensional 
poverty from four aspects. First, to our knowledge, this is the first study to examine the 
association between mobile Internet use and poverty reduction. Much of the literature on 
the role of ICTs in poverty reduction has paid particular attention to broadband Internet, 
mobile phones, and mobile money (Fu & Akter, 2016; Mora-Rivera & García-Mora, 2021; 
Munyegera & Matsumoto, 2018). However, very few studies have empirically analyzed the 
impact of mobile Internet on reducing poverty. Mobile Internet can help rural households 
strengthen social networks, update their knowledge and access to employment opportuni-
ties, and thereby it has the potential to allow rural households to benefit from mobile Inter-
net accessibility. Analyzing the impact of mobile Internet use will assist in our understand-
ing of the role of mobile ICTs in reducing poverty.

Second, we investigated the effect of mobile Internet use on multidimensional poverty, 
including both objective and subjective wellbeing dimensions in the poverty measurement. 
Many previous studies on multidimensional poverty measurement have mainly adopted 
objective wellbeing dimensions such as education, health, and living standards (Alkire 
& Seth, 2015; Santos & Villatoro, 2018), while subjective wellbeing dimensions such as 
overall satisfaction and happiness are overlooked. Incorporating subjective and objective 
wellbeing dimensions in multidimensional poverty will give a better understanding of the 
effect of mobile Internet use on poverty reduction.

Third, we employed an ESR model, which accounts for potential endogeneity stem-
ming from both observed and unobserved factors, to address selection bias in the impact 
assessment of mobile Internet use. A propensity score matching method used in several 
studies explored the effects of ICTs on household welfare (Mora-Rivera & García-Mora, 
2021; Munyegera & Matsumoto, 2016; Zheng & Lu, 2021). However, the limitation of 
this method is that it only controls the selection bias coming from observed characteristics. 
Some studies employed panel estimation techniques to examine the causality relationship 
between intervention variables and poverty (Bekun & Akadiri, 2019; Mushtaq & Bruneau, 
2019), but this method cannot estimate the treatment effects of intervention variables on 
poverty.

Fourth, we examined heterogeneity of the impact of mobile Internet use on multidi-
mensional poverty among regions with different economic levels. A few studies held the 
view that ICTs facilitated inclusive development (Mora-Rivera & García-Mora, 2021; 
Qiang et  al., 2009), while other studies concluded that ICTs increased the digital divide 
because of the wide differences in infrastructure and income levels of different regions 
(van Deursen & van Dijk, 2019). Given the mixed findings of previous studies, we attempt 
to provide more evidence by investigating the heterogeneous effects of mobile Internet use 
among different regions.

The paper’s remaining parts proceed as follows. Section 2 presents the theoretical con-
text, and measurement of key variables are introduced in Sect. 3. Section 4 presents the 
ESR model, which is used as an estimation strategy in this study. The results of descriptive 
statistics, multidimensional poverty measurement and the effect of mobile Internet use on 
multidimensional poverty are in Sect. 5. Finally, we conclude the main findings and high-
light policy implications.
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2  Theoretical Context

Poverty is a complex and broad social phenomenon, including both objective and subjec-
tive wellbeing. However, previous studies have measured poverty mainly using dimensions 
of income, consumption, or other monetary dimensions (Masanjala, 2006; Park & Wang, 
2010), due to the characteristics of easy measurement and ease of international com-
parisons. In recent studies, researchers tend to use multiple dimensions to measure and 
understand poverty, referred to as multidimensional poverty (Abeje et al., 2020; Pomati & 
Nandy, 2020). According to the perspective of multidimensional poverty, poverty includes 
not only monetary dimensions, but also non-monetary dimensions such as living stand-
ards (e.g. water, electricity, sanitation facilities), social security, and subjective perception. 
Thus, we argue that measurement of multidimensional poverty will depict a comprehensive 
status of household welfare and alleviating multidimensional poverty will help reduce ine-
quality and improve the wellbeing of low-income groups from an integrated perspective.

In recent years, globally available mobile Internet has functioned directly in reducing 
transaction costs, providing access to current information, strengthening social networks, 
and increasing productivity. Against this background, we argue that mobile Internet use 
may affect multidimensional poverty reduction via a variety of potential mechanisms. A 
conceptual framework of the potential mechanisms that connect mobile Internet use with 
multidimensional poverty is illustrated in Fig. 1.

For the objective wellbeing dimensions, mobile Internet use may help rural house-
holds increase income through access to more employment opportunities. For example, 
employment mobile apps are emerging with widespread use of mobile Internet. Mobile 
apps can eliminate information asymmetry in the labor market and rural households can 
find more employment information, contributing to household income growth. Moreover, 
mobile Internet use helps rural households access online credit, thereby relaxing financial 
constraints, and encouraging rural inhabitants to participate in new income-increasing 
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Fig. 1  Relationship between mobile Internet use and multidimensional poverty
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activities. This may also contribute to increasing the possibilities of obtaining higher 
income. In addition to the dimension of income, the framework also reveals that mobile 
Internet can enable rural households to acquire healthcare knowledge through online medi-
cal lectures or healthcare-related mobile apps, which helps rural households reduce medi-
cal expenditures and improve their health. Furthermore, Fig. 1 shows that mobile Internet 
use can decrease the likelihood of falling into asset poverty via acquiring financial knowl-
edge and efficiently allocating assets. This potential mechanism is consistent with previous 
studies showing that ICT use will help adults facilitate their literacy and numeracy (Desh-
pande et al., 2017); higher financial literacy has a positive effect on financial outcome (Chu 
et al., 2017). With regard to the dimension of public service, governments can use mobile 
Internet to offer e-government applications and decrease service costs, enabling convenient 
access to public services in rural households.

Regarding the subjective wellbeing dimensions, interpersonal communication is an 
important way for people to obtain social and economic resources and maintain social net-
works. Mobile Internet use can promote interpersonal communication and interaction at 
relatively low cost, resulting in enlarging individual online social networks, and thereby 
helping rural households improve satisfaction and self-rated happiness. Moreover, rural 
households can use mobile Internet to search for skill training courses, participate in dis-
tance learning to enhance personal skills, and promote human capital, contributing to an 
increase in satisfaction and happiness. Furthermore, mobile Internet use can also enhance 
rural households’ overall satisfaction and self-rated happiness through online recreation 
activities such as chatting with friends, playing online games, watching free entertainment 
programs, and browsing forums. For example, in a study on COVID-19, researchers found 
that community-level quarantine decreased personal happiness (Lu et  al., 2020), while 
mobile Internet use reduced the negative impact of community-level quarantine on happi-
ness through participation in online recreation activities.

Based on the potential mechanisms illustrated in Fig. 1, we assume that mobile Internet 
use affects rural households’ different dimensions of income, health, assets, public service, 
overall satisfaction, and self-rated happiness, resulting in a synthesis effect on multidimen-
sional poverty. Despite the theoretical analysis, the impact of mobile Internet use on mul-
tidimensional poverty has never been empirically examined. Therefore, the present study 
investigated, for the first time, the impact of mobile Internet use on multidimensional pov-
erty using a rigorous econometric analysis.

3  Data and Measures

3.1  Data

The data used in this study were collected from three provinces in China in January 2019. 
To select observation units, we employed a multistage sampling procedure. First, we chose 
three provinces, Sichuan, Henan, and Fujian, from different parts of China. Second, two 
counties were randomly selected from each province: Pengshan and Pengzhou counties in 
Sichuan province; Lingbao and Qi counties in Henan province; and Jiaocheng and Yongtai 
counties in Fujian province. Third, two towns were randomly selected from each county. 
Fourth, we randomly chose three villages from each town. Finally, around 15 to 25 house-
holds including mobile Internet users and non-users were interviewed randomly in each 



Mobile Internet Use and Multidimensional Poverty: Evidence…

1 3

village. A total of 820 rural households including 549 mobile Internet users and 271 non-
users were used in the analysis.

3.2  Measuring Mobile Internet use

The binary variable of mobile Internet use is the core independent variable, which is equal 
to one if a rural household uses mobile Internet, and zero otherwise. For accuracy of meas-
urement, we measured mobile Internet use based on the indicators of smartphone use and 
expense of mobile Internet. Several rural households can use the Internet on their smart-
phones. However, we cannot ensure that they are the mobile Internet users, because they 
only use the Internet when having access to WIFI hotspots established by other house-
holds. In this study, the variable of mobile Internet use is one when households use Internet 
on smartphones, and they have expenditure on mobile Internet.

3.3  Measuring Multidimensional Poverty

To measure multidimensional poverty, we followed the method proposed by Alkire and 
Foster (2011), which has been widely used in a number of existing studies (Nowak & Sche-
icher, 2017; Ogutu & Qaim, 2019). The procedures for measuring multidimensional pov-
erty are as follows:

First, denoting a n × d matrix y =
[

Yij
]

 , where Yij represents the value of household i in 
dimension j, n represents sample size, and d represents the number of dimensions. Second, 
selecting the cut-off for each dimension and denoting Zi as the cut-off value for dimension 
j. Third, denoting a deprivation matrix g0 =

[

g0
ij

]

 , where g0
ij
= 1 if Yij < Zi, andg0

ij
= 0 other-

wise. Fourth, denoting a column vector ci =
[

g0
]

 , which represents the total number of 
deprived dimensions for household i. Fifth, denoting k as the poverty cut-off. Sixth, denot-
ing �k as the function used to identify the multidimensionally poor, where �k

(

yi;z
)

= 1 if 
ci ≥ k, and �k

(

yi;z
)

= 0 otherwise. Finally, we can calculate the multidimensional poverty 
headcount ratio:

where q is the number of the multidimensionally poor identified by �k , and n is the sample 
size.

Given that H is not sensitive to additional deprived dimensions of the multidimension-
ally poor, Alkire and Foster (2011) proposed another index, i.e., adjusted multidimensional 
poverty incidence M0, which can be expressed as follows:

where A is the average deprivation share across the multidimensionally poor and 
A =

∑n

1
Ci∕nd . 

The dimensions and indicators used in the multidimensional poverty measurement are 
presented in Table 1. For dimensions selected in the measurement, income, health, assets, 
and public service were used to represent objective wellbeing, while overall satisfaction 
and happiness were employed to measure subjective wellbeing. We used different indica-
tors to operationalize the measurement for selected dimensions and choose appropriate 
cut-offs for each dimension. Based on the identification for each dimension, the number 
of deprived dimensions can be calculated for each household. If the number of deprived 

(1)H = q∕n

(2)M0 = HA



 L. Yang et al.

1 3

Ta
bl

e 
1 

 S
el

ec
te

d 
di

m
en

si
on

s i
n 

m
ul

tid
im

en
si

on
al

 p
ov

er
ty

 m
ea

su
re

m
en

t

a   Y
ua

n 
is

 C
hi

ne
se

 c
ur

re
nc

y 
un

it,
 1

 U
SD

 =
 6.

95
 Y

ua
n

b   T
he

 sc
or

e 
of

 se
lf-

ra
te

d 
ov

er
al

l s
at

is
fa

ct
io

n 
ra

ng
es

 fr
om

 1
 to

 1
0 

po
in

ts
 in

 th
e 

qu
es

tio
nn

ai
re

c   T
he

 sc
or

e 
of

 se
lf-

ra
te

d 
ha

pp
in

es
s r

an
ge

s f
ro

m
 1

 to
 1

0 
po

in
ts

 in
 th

e 
qu

es
tio

nn
ai

re

W
el

lb
ei

ng
D

im
en

si
on

In
di

ca
to

r
D

es
cr

ip
tio

n 
an

d 
de

pr
iv

at
io

n 
cu

to
ff

W
ei

gh
t

O
bj

ec
tiv

e 
w

el
lb

ei
ng

In
co

m
e

In
co

m
e 

pe
r c

ap
ita

In
co

m
e 

pe
r c

ap
ita

 is
 lo

w
er

 th
an

 n
at

io
na

l p
ov

er
ty

 li
ne

1
H

ea
lth

M
ed

ic
al

 e
xp

en
se

 p
er

 c
ap

ita
M

ed
ic

al
 e

xp
en

se
 p

er
 c

ap
ita

 is
 h

ig
he

r t
ha

n 
10

00
 Y

ua
n 

a
1

A
ss

et
s

C
om

pu
te

r o
r f

rid
ge

 o
w

ne
rs

hi
p

Th
e 

ho
us

eh
ol

d 
la

ck
s n

ei
th

er
 th

e 
co

m
pu

te
r n

or
 th

e 
fr

id
ge

1
Pu

bl
ic

 se
rv

ic
e

A
cc

es
si

bi
lit

y 
to

 b
us

 st
at

io
n 

or
 

ra
ilw

ay
 st

at
io

n
Th

e 
tra

ns
po

rta
tio

n 
to

 th
e 

bu
s s

ta
tio

n 
or

 ra
ilw

ay
 st

at
io

n 
is

 n
ot

 c
on

ve
ni

en
t

1

Su
bj

ec
tiv

e 
w

el
lb

ei
ng

O
ve

ra
ll 

sa
tis

fa
ct

io
n

Se
lf-

ra
te

d 
ov

er
al

l s
at

is
fa

ct
io

n
Th

e 
sc

or
e 

of
 se

lf-
ra

te
d 

ov
er

al
l s

at
is

fa
ct

io
n 

is
 le

ss
 th

an
 5

 p
oi

nt
s b

1
H

ap
pi

ne
ss

Se
lf-

ra
te

d 
ha

pp
in

es
s

Th
e 

sc
or

e 
of

 se
lf-

ra
te

d 
ha

pp
in

es
s i

s l
es

s t
ha

n 
5 

po
in

ts
 c

1



Mobile Internet Use and Multidimensional Poverty: Evidence…

1 3

dimensions is greater than or equal to a certain threshold, namely poverty cut-off, the 
household will be identified as multidimensionally poor. We used 3 as the poverty cut-off 
in the present study. Finally, we calculated multidimensional poverty headcount ratio H 
and adjusted multidimensional poverty incidence M0 based on identification as multidi-
mensionally poor.

In this study, multidimensional poverty is the dependent variable used in the economet-
ric method. However, both H and M0 are aggregated indices, and are thus not appropriate to 
use in the econometric method. To solve this problem, following Ogutu and Qaim (2019), 
we employed the total number of deprived dimensions in the present study to represent the 
dependent variable of multidimensional poverty used in the econometric method. To test 
the robustness of the results, we also used different measurements of poverty, e.g. each 
poverty dimension, as outcome variables and examined the impact of mobile Internet on 
multidimensional poverty.

4  Method and Estimation Strategy

The aim of the present study was to investigate the effect of mobile Internet use on multidi-
mensional poverty. If mobile Internet use is exogenous, ordinary least square (OLS) regres-
sion can be used directly to examine this effect. However, selection bias originating from 
observed factors and unobserved factors may occur because households generally decide 
whether to use mobile Internet by themselves. This is a common source of endogeneity. To 
solve the problem of endogeneity, following Ngoma (2018), we employed the endogenous 
switching regression (ESR) model to examine the impact of mobile Internet use on multi-
dimensional poverty.

4.1  The ESR Model

Under the ESR model framework, we estimated household i’s decision on mobile Internet 
use by employing a binary probit model in the first step. Household i’s decision on mobile 
Internet use can be expressed as:

where U∗
i
 represents the difference between the potential return of mobile Internet use and 

non-use for household i. Ui is a dichotomous variable and Ui = 1 if household i chooses to 
use mobile Internet, while Ui = 0 otherwise. Zi is a vector representing household charac-
teristics. β represents the parameters and μi is an error term.

In the second step, we can specify two outcome equations for mobile Internet users and 
non-users as:

where Yi1 and Yi0 are outcome variables respectively representing the number of deprived 
dimensions and each poverty dimension for household i. Xi represents exogenous variables. 
βi1 and βi0 are parameters to be estimated.εi1 and εi0 are random disturbance terms.

(3)U∗
i
= Zi𝛽 + 𝜇i, Ui = 1 if U∗

i
> 0

(4)Regime 1 ∶ Yi1 = Xi�i1 + �i1 if Ui = 1

(5)Regime 2 ∶ Yi0 = Xi�i0 + �i0 if Ui = 0
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Selection bias should not be ignored due to the correlation between εi1 and εi0 in Eqs. (4) 
and (5) and μi in the selection Eq. (3). To address selection bias, we can estimate the selection 
Eq. (3) and calculate the Inverse Mills Ratios (IMRs) λi1 and λi0. Then λi1 and λi0 are included 
in outcome Eqs. (4) and (5) as follows:

where ��1 = cov
(

�i, �i1
)

 and ��0 = cov
(

�i, �i0
)

 , the Inverse Mills Ratios (IMRs) 
𝜆i1 =

𝜙(Zi𝛽)
Φ(Zi𝛽)

, 𝜆i0 =
𝜙(Zi𝛽)

1−Φ(Zi𝛽)
 , and γi1 and γi0 are error terms.

For identification purposes in the ESR model, Zi in Eq. (3) should contain the variables in 
Xi plus at least one instrumental variable. These instrumental variables can explain the proba-
bility of the household choosing to use mobile Internet, but should not have significant effects 
on multidimensional poverty. In the present study, the variables representing home delivery 
service and a friend’s adoption of online shopping are selected as instrumental variables. To 
test the validity of the selected instrumental variables, we employed a probit model to test 
if the household’s decision to use mobile Internet is significantly affected by home delivery 
service or a friend’s adoption of online shopping. In addition, we used OLS regression to test 
whether the instrumental variables have significant effects on multidimensional poverty. Col-
umn (1) in Appendix Table 11 shows the results of probit model estimation. The significant 
coefficients of home delivery service and a friend’s adoption of online shopping in the probit 
model suggest that home delivery service and a friend’s adoption of online shopping signifi-
cantly affect mobile Internet use. Column (2) in Appendix Table 11 shows the results of OLS 
regression, and the coefficients of home delivery service and a friend’s adoption of online 
shopping are not statistically significant, revealing that home delivery service and a friend’s 
adoption of online shopping do not affect multidimensional poverty.

Furthermore, we used the Sargan test, a test of overidentifying restrictions, to examine the 
correlation between the instrumental variables and error terms (Sargan, 1958). The result of 
the Sargan test is Pr > χ2(1) = 0.2305, affirming that the instrumental variables are uncorre-
lated with the error terms. Moreover, an F test was used to check the joint significance of the 
instrumental variables, which can help test the hypothesis of weak instrumental variables. The 
result of the F test is 10.9459 and the P value is 0.0000, suggesting that the null hypothesis of 
weak instrumental variables is rejected, and the instrumental variables selected in the present 
study are not weak instrumental variables. These findings confirm the validity of home deliv-
ery service and a friend’s adoption of online shopping as instrumental variables.

4.2  Estimating Treatment Effects

By comparing the expected values of the outcomes of mobile Internet users and the counter-
factual group, we can calculate the average treatment effect on the treated (ATT) based on the 
ESR framework (Khonje et al., 2015). The ATT can be calculated as follows:

Mobile Internet users (observed in the sample):

If mobile Internet users had not used mobile Internet (counterfactual group):

(6)Yi1 = Xi�i1 + ��1�i1 + �i1 if Ui = 1

(7)Yi0 = Xi�i0 + ��0�i0 + �i0 if Ui = 0

(8)E
[

Yi1|T = 1
]

= Xi�i1 + ��1�i1
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Thus, ATT of mobile Internet users can be derived from the difference between Eqs. (8) 
and (9):

5  Results

5.1  Descriptive Statistics

Table 2 presents descriptive statistics for the explanatory variables included in the econo-
metric model. Specific definitions of the variables are presented in the second column. 
These selected explanatory variables are based on the existing literature related to adopt-
ing ICTs and household welfare (Alalwan et al., 2018). About 67% of the respondents are 
mobile Internet users. The average education level of the respondents is 6.83 years, sug-
gesting that the rural respondents have a relatively low education level. About 84% of the 
respondents are risk averse, indicating that most are unlikely to engage in risky economic 
activities. In addition, Table 2 shows that 90% of the sample households have access to 
credit from their friends or financial institutions, while 18% of the sample households have 
cooperative membership.

Table  3 shows the results of comparing mean values for household characteristics 
between mobile Internet users and non-users. The results reveal that households using 
mobile Internet may systematically differ from non-users. Specifically, the difference of 
average age between mobile Internet users and non-users is significantly negative, indi-
cating that mobile Internet users tend to be younger than non-users. Compared to female 
respondents in the sample, male respondents tend to use mobile Internet. Mobile Internet 
users are more likely to have a higher education level and are less likely to be risk averse. 
In addition, the mean difference of the variable representing access to credit is positive and 
statistically significant, suggesting that mobile Internet users tend to have access to credit 
relative to non-users. It is not unexpected to see that rural households far from agricul-
tural markets are more likely to use mobile Internet, because mobile Internet can help them 
access market information, decrease transaction costs, and strengthen social networks, 
which may balance the negative effect of the greater distance from markets. The results 
also show that households in Henan province tend to use mobile Internet, while those who 
live in Sichuan province are less likely to use it.

5.2  Results of Multidimensional Poverty Measurement

The share of households considered deprived in each poverty dimension is presented in 
Table 4. The results show that 4.39% of the sample households are deprived in terms of 
the dimension of income, which is lower than other dimensions. Table 4 also reveals that 
about 37.56% of households are deprived in the dimension of public service, representing 
accessibility to bus or railway stations. Moreover, Table  4 also reveals that the share of 
households deprived in the dimensions of assets, overall satisfaction, and happiness are 
approximately 10%, also higher than the share of the dimension of income.

(9)E
[

Yi0|T = 1
]

= Xi�i0 + ��0�i1

(10)ATT = E
[

Yi1|T = 1
]

− E
[

Yi0|T = 1
]

= Xi

(

�i1 − �i0
)

+
(

��1 − ��0
)

�i1
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Table 5 presents the results of multidimensional poverty measurement. Multidimen-
sional poverty headcount ratio of the full sample is 0.0963, suggesting that 9.63% of 
the sample households are multidimensionally poor ones. The multidimensional poverty 
headcount ratio is higher than income poverty ratio, which is shown in Table 4, indi-
cating that we may underestimate the poverty rate if we select income poverty meas-
urement. The finding is consistent with the study of Alkire and Foster (2011), which 
revealed that the traditional income poverty rate is lower than the multidimensional 
poverty rate in the United States. We also find that adjusted multidimensional poverty 

Table 3  Mean differences in characteristics between mobile Internet users and non-users

Standard errors are in parentheses, ** p < 0.05, *** p < 0.01

Variable Users Non-users Difference t-statistic

Age 45.50 (0.39) 61.25 (0.58) − 15.75*** − 23.13
Gender 0.74 (0.02) 0.59 (0.03) 0.14*** 4.22
Education 7.90 (0.13) 4.66 (0.21) 3.24*** 13.87
Risk aversion 0.81 (0.02) 0.92 (0.02) − 0.11*** − 4.19
Household size 4.77 (0.07) 4.62 (0.11) 0.15 1.22
Access to credit 0.92 (0.01) 0.87 (0.02) 0.05** 2.30
Distance to market 5.28 (0.21) 3.20 (0.18) 2.09*** 6.48
Cooperative membership 0.19 (0.02) 0.16 (0.02) 0.03 1.02
Sichuan 0.18 (0.02) 0.65 (0.03) − 0.47*** − 15.21
Henan 0.53 (0.02) 0.05 (0.01) 0.48*** 15.17
Fujian 0.29 (0.02) 0.30 (0.03) − 0.01 − 0.33
Home delivery service 0.20 (0.02) 0.18 (0.02) 0.03 0.85
Friend’s adoption of online shopping 0.76 (0.02) 0.35 (0.03) 0.41*** 12.61

Table 4  The share of households deprived in each poverty dimension

Wellbeing Dimension Share Std. Dev.

Objective wellbeing Income deprivation 0.0439 0.2050
Health deprivation 0.2890 0.4536
Assets deprivation 0.1012 0.3018
Public service deprivation 0.3756 0.4846

Subjective wellbeing Overall satisfaction deprivation 0.1098 0.3128
Happiness deprivation 0.1061 0.3082

Table 5  Multidimensional poverty index among full sample, mobile Internet users, and non-users

Multidimensional poverty index Full sample Users Non-users

Multidimensional poverty headcount ratio (H) 0.0963 0.0838 0.1218
Adjusted multidimensional poverty incidence (M0) 0.0547 0.0458 0.0726
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incidence of the full sample households is 0.0547, indicating that the share of multidi-
mensionally poor households’ deprived dimensions is 5.47%.

Table 5 also shows the results of the multidimensional poverty index for mobile Internet 
users and non-users. The results reveal that the multidimensional poverty headcount ratio 
of mobile Internet users is 0.0838, indicating that 8.38% of mobile Internet users are mul-
tidimensionally poor households. The multidimensional poverty headcount ratio of users is 
lower than that of non-users, suggesting that mobile Internet use may decrease multidimen-
sional poverty headcount ratio. In addition, we also find that adjusted multidimensional 
poverty incidence of mobile Internet users is lower than that of non-users, suggesting that 
mobile Internet use may have a negative impact on multidimensional poverty.

Furthermore, we also analyze the mean difference of poverty dimensions between users 
and non-users (Table 6). The results show that the difference of multidimensional depriva-
tion1 between users and non-users is negative and statistically significant, suggesting that 
mobile Internet users are less likely to be multidimensionally poor households than non-
users. For the dimension of income, the significantly negative mean difference between 
users and non-users indicates that mobile Internet use may decrease the possibility of fall-
ing into income poverty. In addition, the results also show that mobile Internet users are 
less likely to fall into health poverty relative to non-users, but the mean difference is not 
statistically significant.

For the dimension of assets, Table 6 shows that the mean difference is negative and sta-
tistically significant, indicating that mobile Internet users have a lower possibility of being 
asset poor households. Interestingly, the mean difference of the dimension of public ser-
vice is significantly positive, revealing that mobile Internet users tend to be deprived in the 
dimension of public service. This may be attributed to the problem of self-selection, that 
is, rural households far from markets are more likely to use mobile Internet. Regarding 
the dimensions of overall satisfaction and self-rated happiness, the results show that the 
mean differences are not statistically significant, suggesting that mobile Internet use may 
not have significant effects on rural households’ subjective wellbeing.

Table  7 presents the results of a correlation analysis among mobile Internet use and 
poverty dimensions. We found a negative and statistically significant correlation between 

Table 6  Mean differences in poverty dimensions between mobile Internet users and non-users

Multidimensional deprivation is a binary variable, which equals 1 if a household is multidimensionally poor 
and 0 otherwise. Standard errors are in parentheses, * p < 0.1, *** p < 0.01

Variable Users Non-users Difference t-statistic

Multidimensional deprivation 0.08 (0.01) 0.12 (0.02) − 0.04* − 1.74
Income deprivation 0.03 (0.01) 0.08 (0.02) − 0.05*** − 3.69
Health deprivation 0.28 (0.02) 0.31 (0.03) − 0.03 − 1.09
Assets deprivation 0.06 (0.01) 0.18 (0.02) − 0.12*** − 5.40
Public service deprivation 0.41 (0.02) 0.31 (0.03) 0.10*** 2.89
Overall satisfaction deprivation 0.12 (0.01) 0.10 (0.02) 0.02 0.89
Happiness deprivation 0.10 (0.01) 0.12 (0.02) − 0.02 − 1.02

1 Multidimensional poverty headcount ratio and adjusted multidimensional poverty incidence are aggregate 
indices, while multidimensional deprivation is a binary variable that equals 1 if a household is multidimen-
sionally poor and 0 otherwise.
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mobile Internet use and multidimensional deprivation, suggesting that mobile Internet use 
may decrease the possibility of rural households falling into multidimensional poverty. The 
finding is consistent with the descriptive analysis in Tables 5 and 6. In addition, the results 
reveal that income deprivation is negatively correlated with mobile Internet use, indicating 
that mobile Internet use can reduce income poverty. The Pearson’s correlation coefficient is 
-0.19 between mobile Internet use and asset deprivation and the coefficient is statistically 
significant, suggesting that mobile Internet use has a negative effect on asset deprivation. 
Regarding overall satisfaction and self-rated happiness, the correlation coefficients are not 
statistically significant, indicating that mobile Internet use has no significant effect on sub-
jective wellbeing. However, given that households generally decide for themselves whether 
or not to use mobile Internet, the descriptive and correlation analysis may be misleading 
because of potential selection bias. To control for the potential bias, rigorous econometric 
methods such as the ESR model can be employed to examine the effect of mobile Internet 
use on multidimensional poverty.

5.3  Results of ESR Estimation

Estimates for the factors affecting mobile Internet use are shown in Column (1) in Table 8. 
Age squared appears to have a negative and statistically significant coefficient in the selec-
tion equation, suggesting that an inverted U-shaped relationship may exist between the 
variables of age and mobile Internet use. There seems to be a positive and significant asso-
ciation between the variables of education and mobile Internet use, indicating that respond-
ents with a higher education level tend to be mobile Internet users. Better education 
means enhanced ability and better understanding of new ICTs and therefore the likelihood 
of using mobile Internet may rise with education. The finding is in line with Martínez-
Domínguez and Mora-Rivera (2020) who found that people with higher education levels 
tend to have access to mobile Internet in rural Mexico.

The variable representing distance to market also positively influences mobile Inter-
net use decisions, indicating that households with greater distances to the market tend 
to be mobile Internet users. A greater distance to market results in more difficulties in 
communication and higher transaction costs. However, access to mobile Internet can 

Table 7  Pearson correlation analysis among mobile Internet use and poverty dimensions

Multidimensional deprivation is a binary variable, which equals 1 if a household is multidimensionally poor 
and 0 otherwise.* p < 0.1, ** p < 0.05, *** p < 0.01

Variable (1) (2) (3) (4) (5) (6) (7) (8)

(1) Mobile Internet use 1.00
(2) Multidimensional depriva-

tion
− 0.06* 1.00

(3) Income deprivation − 0.13*** 0.17*** 1.00
(4) Health deprivation − 0.04 0.20*** 0.02 1.00
(5) Assets deprivation − 0.19*** 0.23*** 0.07* − 0.03 1.00
(6) Public service deprivation 0.10*** 0.31*** 0.02 0.06* − 0.01 1.00
(7) Overall satisfaction depriva-

tion
0.03 0.67*** 0.04 0.08** 0.05 0.17*** 1.00

(8) Happiness deprivation − 0.04 0.72*** 0.06* 0.06* 0.09*** 0.18*** 0.70** 1.00
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help households establish connections with the market and engage in commercial activi-
ties online and therefore reduce adverse effects caused by greater distance to market. 
Thus, households far from the market have a higher probability to use mobile Internet. 
Moreover, the coefficients of location variables (e.g. Henan and Fujian) are positive and 
statistically significant, indicating the presence of location effects that affect the house-
hold’s decision on mobile Internet use. In particular, our estimates show that compared 
with households located in Sichuan (reference group), households in Henan and Fujian 
tend to have a higher probability of mobile Internet use.

Columns (2) and (3) in Table 8 show the results of determinants of multidimensional 
poverty for users and non-users. The estimates suggest that the factors affecting multi-
dimensional poverty of mobile Internet users and non-users are different. The finding is 
in line with previous studies, which showed that the factors affecting outcome variables 
for treatment group and control group were different under the framework of the ESR 
model (Shiferaw et al., 2014). In the present study, the variables representing education, 
risk aversion, household size, access to credit, distance to market, and location have sta-
tistically significant impacts on multidimensional poverty of mobile Internet users. By 
contrast, for non-users, the multidimensional poverty is affected by the variables of age, 
household size, and location. In addition, these estimates also imply that it is reasonable 
to employ the ESR model to analyze factors affecting multidimensional poverty sepa-
rately for mobile Internet users and non-users.

Table 8  Determinants of mobile Internet use and multidimensional poverty

The reference region is Sichuan. Standard errors are in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01

Variables Selection Eq. (1) The number of deprived dimensions

Users (2) Non-users (3)

Age 0.067 (0.060) − 0.016 (0.043) − 0.170 (0.095)*
Age squared − 0.001 (0.001)** 0.000 (0.000) 0.001 (0.001)**
Gender 0.156 (0.141) − 0.057 (0.104) − 0.209 (0.154)
Education 0.115 (0.022)*** − 0.031 (0.018)* − 0.022 (0.026)
Risk aversion − 0.230 (0.202) − 0.256 (0.123)** − 0.116 (0.268)
Household size 0.036 (0.038) − 0.087 (0.028)*** − 0.118 (0.037)***
Access to credit − 0.090 (0.204) -0.312 (0.163)* − 0.399 (0.245)
Distance to market 0.035 (0.019)* 0.042 (0.009)*** 0.038 (0.031)
Cooperative membership − 0.019 (0.160) − 0.025 (0.100) 0.050 (0.161)
Henan 0.989 (0.202)*** 0.253 (0.166) 0.489 (0.468)
Fujian 0.722 (0.157)*** 0.359 (0.172)** 0.699 (0.202)***
Home delivery service 0.268 (0.151)*
Friend’s adoption of online shopping 0.528 (0.127)***
Inverse Mill’s ratio − 0.048 (0.307) − 0.235 (0.412)
Constant − 1.245 (1.691) 2.035 (1.157)* 6.554 (3.200)**
Log pseudolikelihood − 261.616
Wald χ2(13) 306.11
Pseudo  R2 0.497
Observations 820 549 271
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Table 9 shows the results of ATT of mobile Internet use on multidimensional poverty. 
The results show that mobile Internet use significantly decreases multidimensional poverty. 
In particular, the mean number of deprived dimensions for mobile Internet users is 0.989, 
while the mean outcome is 1.790 if the users do not choose to use mobile Internet. The 
ATT of mobile Internet use on multidimensional poverty is negative and statistically sig-
nificant, indicating that mobile Internet users have significantly less deprived dimensions 
relative to non-users. The finding of the negative relationship between mobile Internet use 
and poverty is consistent with the study of Fu and Akter (2016), who found that mobile 
phone technology significantly reduced poverty by improving farmers’ agricultural knowl-
edge and access to credit.

To test the robustness of the results, in addition to the number of deprived dimensions 
representing multidimensional poverty in the aggregate, we investigated the impact of 
mobile Internet use on each poverty dimension. The estimates show that the ATT of mobile 
Internet on household income per capita is positive and statistically significant, suggesting 
that mobile Internet use can significantly increase household income and lower income 
poverty incidence. Moreover, the ATT of mobile Internet on public service is positive and 
statistically significant, implying that mobile Internet can help users access public services. 
With respect to the dimensions of overall satisfaction and happiness, the ATTs are also 
positive and statistically significant, revealing that mobile Internet use can help increase 
subjective wellbeing. Unlike the dimensions of income, public service, and subjective well-
being, the ATT of mobile Internet use on the dimensions of health and assets are not statis-
tically significant, which may be attributed to the hysteresis effect of mobile Internet use on 
health and assets. On the whole, mobile Internet use can significantly increase household 
income and improve access to public services and subjective wellbeing, suggesting that 
mobile Internet use has significant effects on multidimensional poverty reduction.

5.4  Heterogeneous Effects of Mobile Internet Use among Different Regions

The results presented in Table 10 reveal a heterogeneous effect of mobile Internet use on 
multidimensional poverty among regions. Table 10 shows that mobile Internet use has neg-
ative and significant impacts on multidimensional poverty in Sichuan, Henan, and Fujian, 
suggesting that mobile Internet use can significantly reduce multidimensional poverty for 
households located in these three provinces. Nevertheless, the ATTs of mobile Internet use 

Table 9  Average treatment effects on the treated (ATT) of mobile Internet use on multidimensional poverty 
for the full sample

Standard errors are in parentheses, *** p < 0.01

Group Mean outcomes ATT t-value

Users Counterfactual

Number of deprived dimensions 0.989 (0.014) 1.790 (0.026) − 0.801*** − 27.320
Income 20,264.094 (401.788) 12,637.525 (442.398) 7626.569*** 12.761
Health 1305.379 (36.816) 1370.726 (46.613) − 65.348 − 1.100
Assets 0.938 (0.002) 0.934 (0.005) 0.004 0.641
Public service 0.590 (0.009) 0.299 (0.014) 0.291*** 17.890
Overall satisfaction 6.933 (0.030) 5.973 (0.040) 0.959*** 19.414
Happiness 7.297 (0.030) 6.229 (0.045) 1.068*** 19.895
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on multidimensional poverty are highly varied for different provinces. For example, the 
ATT of mobile Internet use on multidimensional poverty in Sichuan is -0.097. By contrast, 
the ATTs in Fujian and Henan are -0.756 and -2.006, respectively. The ATTs in Fujian and 
Henan are much lower than that in Sichuan, indicating heterogeneous effects of mobile 
Internet use among different regions. This might be attributed to the varied mobile Internet 
usage rate in different provinces, which is presented in descriptive statistics in Table 3. The 
mobile Internet usage rate in Sichuan is the lowest among the three provinces and the effect 
of mobile Internet on updated information extension may be relatively small, resulting in 
the lower effect of mobile Internet use on poverty alleviation in Sichuan.

6  Conclusions and Discussion

This study measured multidimensional poverty and investigated the impact of mobile 
Internet use on multidimensional poverty, using primary household survey data collected 
in rural China. Both objective and subjective dimensions were included in the multidimen-
sional poverty measurement. Given that households decide for themselves whether or not 
to use mobile Internet, the ESR model was used to account for selection bias. In addition, 
this study also examined the heterogeneous effects of mobile Internet use on multidimen-
sional poverty among different regions.

The results of multidimensional poverty measurement showed that 9.63% of the house-
holds are multidimensionally poor and the adjusted multidimensional poverty incidence is 
5.47%. These two figures are both higher than the income poverty ratio, suggesting that the 
poverty incidence would be underestimated if we chose income poverty measurement. This 
finding is in agreement with the study of Park and Nam (2020), which also showed that the 
multidimensional poverty rate is higher than the monetary poverty rate in South Korea. 
The difference between multidimensional poverty measurement and income poverty meas-
urement might be due to the selection of poverty dimensions. Specifically, income pov-
erty measurement only includes the dimension of income, while multidimensional poverty 
measurement includes both monetary and non-monetary dimensions. For example, some 
households may have tried to avoid monetary poverty, but they might still be deprived in 
non-monetary poverty dimensions (Mahadevan & Jayasinghe, 2020).

Our estimates revealed that mobile Internet use exerts a negative and significant effect 
on multidimensional poverty. In particular, being a mobile Internet user results in fewer 
deprived dimensions than non-user counterparts. This finding broadly supports the work 
by Ma et  al. (2020) who found that Internet use can significantly increase household 
income and expenditures. In addition, our findings also reflect the study of Hübler and 
Hartje (2016), which revealed that mobile ICTs such as smartphones have a positive effect 
on households’ income in rural Southeast Asia, due to the techno-economic development 

Table 10  Average treatment 
effects on the treated (ATT) 
of mobile Internet use on 
multidimensional poverty among 
different regions

Standard errors are in parentheses, * p < 0.1, *** p < 0.01

Region Mean outcomes ATT t-value

Users Counterfactual

Sichuan 0.724 (0.035) 0.821 (0.041) − 0.097* − 1.799
Henan 1.032 (0.027) 3.038 (0.190) − 2.006*** − 10.480
Fujian 1.070 (0.028) 1.826 (0.054) − 0.756*** − 12.465
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brought by mobile ICT use. Nevertheless, the present study goes further than previous 
studies by investigating the effect of mobile Internet on several poverty dimensions besides 
income. For instance, in addition to income dimension, we also found that mobile Internet 
use can help rural households access public services and increase subjective wellbeing. 
However, unlike the findings of the present study, Galperin and Viecens (2017) concluded 
that the effect of Internet technologies for low-income regions remain highly uncertain. 
The inconsistent findings might be attributed to the discrepancy of human capital in differ-
ent countries. The effective intervention of Internet technologies should be supported by 
various skills, relatively higher education level, and complementary investments in human 
capital (Galperin & Viecens, 2017). In some less advanced countries, the amount of invest-
ment in human capital is relatively low, while other economies may attach importance to 
human capital investment, contributing to the different returns of Internet technologies.

With regards to the factors affecting mobile Internet use, our estimates showed that age, 
education, distance to market, and location variables significantly affected mobile Internet 
use. This finding was also reported by Mora-Rivera and García-Mora (2021), who showed 
that Internet access was influenced by human capital characteristics. In addition, our results 
echo those of Martínez-Domínguez and Mora-Rivera (2020) who found that age, educa-
tional level, and geographic location affected Internet usage. Furthermore, our estimates 
revealed that the impact of mobile internet use on multidimensional poverty is quite hetero-
geneous among different regions. The finding is supported by Leng et al. (2020), who also 
found that the impact of ICT adoption is heterogeneous among farmers located in different 
regions in China. This result may be attributed to the infrastructure gap and economic dis-
parity among eastern, central, and western regions in China.

The findings of the present study have some policy implications. Given the importance 
of mobile Internet use in reducing multidimensional poverty, policy design should aim to 
reduce the constraints that hinder mobile Internet use in rural regions. In particular, the 
positive impact of education on mobile Internet use suggests that improving education 
level would help facilitate the willingness of households to use mobile Internet. Given that 
technical training is one of the important goals of adult education, governments should 
implement training programs that are helpful for households to better understand the appli-
cations of mobile Internet in agricultural production and daily life. The positive relation-
ship between the distance to market and mobile Internet use indicates that governments 
should invest in telecommunications infrastructure for households living far from the mar-
ket. For instance, governments can build more mobile telecommunications base stations 
and improve the coverage of mobile Internet service in remote areas. The improvement of 
telecommunications infrastructure will help households improve the probability of using 
mobile Internet, thereby promoting the development of e-commerce and fostering new 
drives for rural development.

Finally, some limitations need to be noted regarding the present study. First, we have 
identified a negative relationship between mobile Internet use and multidimensional pov-
erty and discussed the underlying mechanisms through which mobile Internet use affects 
multidimensional poverty, but did not carry out the empirical analysis to test these poten-
tial mechanisms. Second, we investigated the nexus between mobile Internet use and mul-
tidimensional poverty only in China. However, many countries are quite heterogeneous in 
terms of economic conditions or cultural background. The generalizability of the conclu-
sions and the extent to which they may apply in other countries still need to be tested. 
Third, due to the cross-sectional design, we were unable to explore the dynamic relation-
ship between mobile Internet use and multidimensional poverty. Thus, these are important 
research directions to be explored in future studies.
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Appendix

See Appendix Table 11
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