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Abstract 
This study uses the three-stage DEA model and the Malmquist index model to analyze 
the efficiency of social public resource networked rural-urban sharing in 31 provinces 
in China from 2013 to 2019, and uses the panel Tobit model to analyze its influencing 
factors. The study found that external environmental factors have a significant impact 
on the efficiency of social public resources networked rural-urban sharing; after 
excluding environmental factors and random interference factors, the total factor 
productivity, technical efficiency and technological progress of social public resources 
networked rural-urban sharing showed an overall improvement trend; Tobit returns 
The results show that the industrial structure has a significant positive impact on the 
efficiency of social public resource networked rural-urban sharing, and the 
government's financial capacity and regional economic development have a significant 
negative impact on it. The research conclusions provide reference and basis for 
promoting the sharing of social public resources, and also guide the direction of the 
implementation of the rural revitalization strategy. 
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1. Introduction 

Social public resources are shared by the whole society and provide services for the production 
and living of residents, which is a basic condition for safeguarding people's livelihood and civil 
rights and achieving fairness and justice. For a long time, the urban-rural dichotomy in China's 
economic and social development has led to a serious imbalance in the allocation of social 
public resources between urban and rural areas, and the scope and level of sharing is very 
limited. In the past decade, digital, networked and intelligent technologies have gradually 
penetrated into people's production and life, influencing the way of human production and life, 
promoting significant changes in the content and form of social public resources, and giving rise 
to new ways and new paths for the sharing and development of urban and rural public 
resources. The 19th National Congress pointed out that the implementation of the rural 
revitalisation strategy aims to explore the best way to allocate public resources in urban and 
rural areas, while the "Digital China" strategy uses networking as an important means to 
achieve the sharing of social public resources, accelerating the change of the dualistic structure 
of urban and rural public resource allocation and meeting the increasing demand for public 
resources in the production and life of residents. It is also meeting the growing demand for 
public resources in the production and life of residents. It is of great practical significance to 
examine the efficiency of urban-rural sharing of social and public resources in China, to examine 
the differences in the efficiency of urban-rural sharing of public resources at the provincial level, 
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to identify the key factors that give rise to such differences, and to make effective 
recommendations to improve the scope and level of urban-rural sharing of social and public 
resources, and to promote the balanced, integrated and integrated development of urban and 
rural areas. 

2. Review of the Literature 

Many experts and scholars at home and abroad have conducted a lot of research in the field of 
public resources, which mainly focuses on the efficiency of a single type of resource allocation, 
the efficiency of public service provision, the factors influencing efficiency and resource sharing 
strategies. 
In terms of resource efficiency evaluation, Gunnar Rongen uses a stochastic frontier model 
based on questionnaire data to analyse the efficiency of local fiscal expenditure on public 
services in Norway[1]. Caroline M designed a framework for evaluating the efficiency of public 
service provision[2]. Zhou Wei et al. analyse the differences in the efficiency of allocating 
science and technology resources in six 3 central provinces based on a factor analysis model in 
terms of human, financial, material and information[3]. Zhang Qichun et al. constructed an 
index system for evaluating the performance of basic public cultural services, and used factor 
analysis and data envelopment analysis to assess the performance level of basic public cultural 
services of 31 provincial governments in China from 2010 to 2014[4]. Qiao Luming et al. studied 
the efficiency of inter-provincial basic public service provision and its spatial and temporal 
patterns from 2007-2014 in China[5]. Hu et al. conducted a comprehensive and systematic 
study on the efficiency of public service provision based on the perspective of financial 
inputs[6]. Li Yi et al. used the DEA-Malmquist model to conduct a static and dynamic evaluation 
of the efficiency of allocating quality resources to urban and rural compulsory education[7]. Li 
Yi et al. From a comprehensive study of the factors influencing resource efficiency, Philip 
Grossman et al. found that there is a population size effect in public services[8]. Seol et al. argue 
that information technology has an impact on the efficiency of public service organization[9]. 
Okorafor et al. argue that rational resource allocation mechanisms have contributed to the 
equalisation of health services in South Africa[10]. Rhys Andrews et al. show that regional 
differences in public services are partly constrained by policy differences[11]. Kristof De Witte 
et al. examine public cultural services based on a study of the operational efficiency of public 
libraries and find that the level of public cultural services is influenced by the external 
environment[12]. Zhao Lianming used hierarchical analysis and fuzzy judgement to 
comprehensively evaluate the efficiency of agricultural science and technology resource 
allocation and the factors influencing it in Chongqing[13]. Chen et al. found that environmental 
factors such as economic environment, social environment, population structure and 
government support have a significant impact on the allocation efficiency of compulsory 
education resources[14]. Yang Li et al. analyzed the effects of urbanization, population size and 
GDP per capita on the efficiency of environmental basic public services in 25 cities in the 
Yangtze River Delta[15]. Li Shaohui et al. found that the supply efficiency of public digital 
cultural services is influenced by a combination of factors, among which the level of economic 
development, population density and financial investment are the key factors affecting the 
development of public digital cultural services[16]. The level of economic development, 
population density and financial input are key factors affecting the development of public 
digital cultural services. In terms of the paths and methods of resource sharing, Chang Xuejun 
points out that the networking of educational resources can make up for the problems of a 
single form of traditional education and the lack of resources, and promote the construction of 
educational resources[17]. Li Zhiye et al. argue that digital education resources, digital 
education resource providers and sharers, and online sharing platforms for digital education 



Volume 3 Issue 4, 2022 

DOI: 10.6981/FEM.202204_3(4).0058 

457 

Frontiers in Economics and Management 

ISSN: 2692-7608 

resources are key elements in the sharing process[18]. Wang Lihua et al. point out that the 
construction of shared information resources in rural areas in China should be carried out in 
terms of both attention to resource construction and development efforts in order to promote 
the implementation of future cultural sharing projects[19]. Gu Xinjian et al. establish a system 
of sharing requirements, sharing content and sharing methods for science and technology 
resources, and put forward relevant suggestions to solve the problem of difficult sharing of 
science and technology resources[20]. 
Throughout the existing literature, scholars have mostly focused on the allocation efficiency 
and supply efficiency of a single type of resource, and proposed networking as a means to 
promote the construction and sharing of resources based on resource efficiency differences, yet 
relatively few studies have been conducted on the sharing efficiency of social public resources 
in China based on a networking perspective. Based on this, this study uses a three-stage DEA-
Malmquist model to evaluate the efficiency of networked urban-rural sharing of social public 
resources in 31 provinces (cities and districts) in mainland China from 2013 to 2019 based on 
a networked perspective, and uses a panel Tobit model to conduct an exploratory analysis of 
its influencing factors. This is significant for clarifying the current situation of social public 
resources sharing in China, realizing the optimal allocation of social public resources, and 
promoting rural revitalization and the construction of Digital China. 

3. Study Design 

3.1. Research Model 
3.1.1. Three Stage DEA Model 
The three-stage DEA model can effectively estimate decision units and overcome the 
shortcomings of traditional DEA models. Therefore, this study uses a three-stage DEA model to 
measure the efficiency of networked urban and rural sharing of social public resources in China. 
Each stage of the model is treated as follows.  
In the first stage, the traditional DEA-BCC model. This study refers to relevant literature and 
selects the input-oriented BCC model to estimate the efficiency of urban-rural sharing of 
networked social public resources. The theory is relatively mature in its development to date 
and will not be described in detail here.  
The second stage, the Tobit model. Based on the results of the first stage of the DEA-BCC model, 
slack variables can be derived for all input terms, and input slack is the difference between the 
original input and the target input, caused by random and environmental factors. In this study, 
the Tobit model was constructed with input slack variables as the explanatory variables and 
environmental variables as the explanatory variables. 
 

𝑌 =

𝑌∗   ;  0 ≤ 𝑌∗ < 1

0    ;  𝑌∗ < 0           

1    ;  𝑌∗ ≥ 1         

                                                                 (1) 

 
𝑌∗ = ∑ 𝛽𝑥 + 𝜀     (i=1,2,3,···,n)                                                       (2) 

 
Where 𝜀  is the random explanatory variable and follows a normal distribution, and 𝛽 is the 
parameter to be estimated. 𝑥  are the explanatory variables, and 𝑌  is the observable variable, 
and 𝑌∗  is the latent variable. To eliminate the effects of external environmental factors and 
random disturbances, the input variables were adjusted to: 
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𝑋 = 𝑋 + 𝑚𝑎𝑥 𝑍 ∗ β − 𝑍 ∗ β + [𝑚𝑎𝑥 (𝑣 ) − 𝑣 ] 
 

𝑖 = 1,2,···, I;  𝑛 = 1,2,···, N;                                                     (3) 
 
of which 𝑋  is the adjusted input. 𝑋  is the pre-adjusted input. 𝑍  is the environmental 
variable, and β  is the regression coefficient, and 𝑣  denotes an estimate of the random 
factor.  𝑚𝑎𝑥 𝑍 ∗ β − 𝑍 ∗ β  is an adjustment for external environmental factors. 
𝑚𝑎𝑥 (𝑣 ) − 𝑣  All decision units are placed at the same level of luck. 
In the third stage, based on the adjusted input variables and the original output variables, the 
DEA model was used again to measure the efficiency of urban-rural sharing of networked social 
and public resources. At this stage, the efficiency can reveal the management level and input 
scale of networked urban-rural sharing of social public resources in China. 
3.1.2. Malmquist Index Model 
This study uses the Malmquist index model to examine the dynamics of the efficiency of urban-
rural sharing of networked social public resources in China. The model analysis shows that the 
total factor productivity index (Tfpch) can be decomposed into the technical efficiency index 
(Effch) and the technical progress index (Tech), i.e.  𝑇𝑓𝑝𝑐ℎ = 𝐸𝑓𝑓𝑐ℎ ∗ 𝑇𝑒𝑐ℎ. Let 𝐷 (𝑥 , 𝑦 ) 
be the inter-period distance function and construct the model expression as: 
 

𝑀(𝑥 , 𝑦 , 𝑥 , 𝑦 ) =
( , )

( , )
×

( , )

( , )
                              (4) 

 

of which 𝐸𝑓𝑓𝑐ℎ =
( , )

( , )
, Tech =

( , )

( , )
∗

( , )

( , )
. 

This model uses 1 as the threshold value, when total factor productivity does not change; if M 
is higher than the threshold value, total factor productivity rises; if M is lower than the 
threshold value, total factor productivity falls. 

3.2. Indicator Construction and Data Sources 
3.2.1. Construction of Input-output Indicators 

Table 1. Selection of indicators and variables 
Properties  Indicator category Breakdown of indicators 

Input indicators 

Education Coverage of digital resources in education X1 
Technology Technology information network penetration rate X2 
Culture Coverage of digital cultural resources X3 
Health Care Healthcare digital resource coverage X4 
Community Governance Smart community service rates X5 

Output indicators 

Education Average number of students in schools at all levels Y1 

Technology 
Marketization rate of scientific and technological 
achievements 

Y2 

Culture Residents' recreational and cultural consumption index Y3 
Health Care Resident Health Index Y4 
Community Governance Online government services rate Y5 

Environmental factors 

Government Support Government financial support E1 
Economic environment Level of economic development E2 

Social environment 
Level of urbanisation E3 
Level of Internet development E4 
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The networked urban-rural sharing of social public resources is intended to achieve efficient 
use of social public resources, enhance the well-being of residents' lives and effectively improve 
the dualistic structure of social public resource allocation in China. In view of this, this study 
draws on existing relevant research[21][22]. In order to measure the efficiency of networked 
urban-rural sharing of social public resources in China, this study builds a system of input-
output indicators (see Table 1) from five aspects: education, science and technology, culture, 
healthcare and community services, taking into account the availability and reliability of data. 
3.2.2. Construction of Environmental Factor Indicators 
The efficiency of networked urban and rural sharing of social public resources measured by the 
DEA model in the first stage is influenced by the external environment, and environmental 
influences need to be removed to better analyse the factors influencing the efficiency of 
networked urban and rural sharing of social public resources. Therefore, this study selects four 
indicators from three perspectives: government financial support (E1), economic development 
level (E2), urbanization level (E3) and Internet development level (E4) to reflect the 
environmental factors affecting the efficiency of networked urban-rural sharing of social public 
resources (see Table 1). Among them, the strength of government financial support is 
expressed in terms of financial expenditure on education, science and technology, culture, 
healthcare, and community affairs in adult and rural areas and the proportion of regional 
financial expenditure; the level of economic development is expressed in terms of regional GDP 
per capita; the level of urbanisation is expressed in terms of urbanisation rate; and the level of 
Internet development is expressed in terms of Internet penetration rate. 
3.2.3. Data Sources 
This study focuses on the efficiency of networked urban and rural sharing of social public 
resources in 31 provinces (municipalities and autonomous regions, excluding Hong Kong, 
Macao and Taiwan) across China from 2013 to 2019, with indicator data obtained from the 
China Statistical Yearbook, the China Internet Development Status Report, the China 
Information Society Development Report, the statistical bulletins and statistical yearbooks of 
each province, municipality and autonomous region, and relevant website statistics. 

4. Empirical Analysis of Efficiency Measures 

4.1. Static Analysis of the Three-stage DEA Model 
4.1.1. The First Stage DEA Analysis 

Table 2. Average DEA efficiency values for 31 provinces before adjustment (2013-2019) 
Region TE PTE SE RTS Region TE PTE SE RTS 

Beijing 1.000 1.000 1.000 - Hubei 0.822 0.908 0.906 irs 

Tianjin 0.863 0.896 0.964 irs Hunan 0.813 0.899 0.904 irs 

Hebei 0.799 0.915 0.874 irs Guangdong 1.000 1.000 1.000 - 

Shanxi 1.000 1.000 1.000 - Guangxi 0.948 1.000 0.948 irs 

Inner Mongolia 0.616 0.683 0.901 irs Hainan 1.000 1.000 1.000 - 

Liaoning 0.685 0.708 0.967 irs Chongqing 0.810 0.840 0.963 irs 

Jilin 0.717 0.744 0.964 irs Sichuan 1.000 1.000 1.000 - 

Heilongjiang 0.579 0.743 0.779 irs Guizhou 1.000 1.000 1.000 - 

Shanghai 1.000 1.000 1.000 - Yunnan 0.926 0.974 0.950 irs 

Jiangsu 1.000 1.000 1.000 - Tibet 1.000 1.000 1.000 - 

Zhejiang 0.961 1.000 0.961 drs Shaanxi 1.000 1.000 1.000 - 

Anhui 0.999 1.000 0.999 irs Gansu 1.000 1.000 1.000 - 

Fujian 0.947 0.981 0.965 drs Qinghai 1.000 1.000 1.000 - 
Jiangxi 0.999 1.000 0.999 irs Ningxia 0.789 1.000 0.789 drs 

Shandong 0.789 0.815 0.968 irs Xinjiang 0.565 0.598 0.945 irs 

Henan 1.000 1.000 1.000 - Average value 0.891 0.926 0.960  
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Using the traditional DEA-BCC model, the DEAP2.1 software was used to estimate the 
comprehensive efficiency value of networked urban-rural sharing of social public resources in 
China from 2013-2019, and the empirical estimation results are shown in Table 2. 
From Table 2, it can be seen that, as a whole, during the study period, the mean value of the 
comprehensive technical efficiency (TE) of networked urban-rural sharing of social public 
resources in 31 provinces in China was 0.891, while the mean value of pure technical efficiency 
(PTE) was 0.926, which was lower than the mean value of scale efficiency (SE) of 0.960. It can 
thus be seen that the efficiency of networked urban-rural sharing of social public resources in 
China is mainly constrained by pure technical efficiency. This shows that the efficiency of urban-
rural sharing of social public resources in China is mainly constrained by pure technical 
efficiency.  
From an inter-provincial perspective, the level of efficiency in the networking of social public 
resources between urban and rural areas is high, but more than half of the provinces have non-
DEA valid efficiency values and significant gaps. The specific analysis is as follows. 
(1) There are 13 provinces with effective DEA. The technical efficiency of networked urban-
rural sharing of social public resources and its decomposition indicators in 13 provinces, 
including Beijing, Shanxi, Shanghai, Jiangsu, Henan, Guangdong, Hainan, Sichuan, Guizhou, Tibet, 
Shaanxi, Gansu and Qinghai, are all on the frontier and at the stage of constant scale payoff, 
indicating that there is room for improving both the pure technical efficiency and scale 
efficiency of networked urban-rural sharing of social public resources in the remaining 
provinces. 
(2) There are five provinces with weakly effective DEA. The decomposition of the efficiency of 
networked urban-rural sharing of social public resources in five provinces, including Zhejiang, 
Anhui, Jiangxi, Guangxi and Ningxia, reveals that their pure technical efficiency is equal to one 
and their scale efficiency is less than one, which does not reach the optimal level and is therefore 
weakly DEA effective. This indicates that the sharing mode of social public resources and public 
services in these 5 provinces is optimal, while the digital and networked development of 
resources is the bottleneck for improving the efficiency of networked urban-rural sharing of 
social public resources. Zhejiang and Ningxia are the two provinces with diminishing returns 
to scale for networked urban-rural sharing of social public resources, indicating that there is a 
problem of resource redundancy in the networked process, leading to diseconomies of scale. 
Three provinces, Anhui, Jiangxi and Guangxi, are at the stage of increasing returns to scale, 
indicating that these provinces need to expand the scope of resource sharing and strengthen 
the networked and digital use of public resources to improve the efficiency of scale. 
(3) There are 13 provinces with invalid DEA. The comprehensive technical efficiency value and 
the efficiency value of its decomposition index for networked urban-rural sharing of social 
public resources in 13 provinces, namely Tianjin, Hebei, Inner Mongolia, Liaoning, Jilin, 
Heilongjiang, Fujian, Shandong, Hubei, Hunan, Chongqing, Yunnan and Xinjiang, are not 1. The 
scale efficiency is generally higher than the pure technical efficiency, and the pure technical 
efficiency gap between provinces is obvious. In terms of returns to scale, only Fujian shows 
decreasing returns to scale, while the rest of the provinces show increasing returns to scale. 
These provinces can improve their pure technical efficiency and scale efficiency by 
strengthening the use of digitalisation and networking, improving the mode of sharing public 
resources and services, enriching the content of resources shared and expanding the scope of 
sharing. At the same time, they can also take advantage of relevant national policies to actively 
learn from provinces with high sharing efficiency, to further promote the development of 
equalisation of basic public services and steadily improve the efficiency of networked urban 
and rural sharing of social public resources. 
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As the efficiency values estimated by the traditional DEA-BCC model do not remove the 
interference of environmental and random factors, their estimation results do not accurately 
reflect the real situation of the efficiency of urban and rural sharing of networked social public 
resources. Therefore, the initial input variables need to be adjusted. 
4.1.2. Second Stage Truncated Regression Analysis 
The input slack variables obtained from the data of the first stage of the study were mostly zero, 
which did not fit the set-up of the SFA model, so it was more reasonable to apply the Tobit 
model. Luo Yanru[23], Qiao Yuanbo[24] et al. also used the Tobit model to deal with the 
truncated data problem in resource efficiency. The five input slack variables derived from the 
BCC model in the first stage were used as the dependent variables, including the coverage rate 
of digital resources in education (X1), the penetration rate of technological information 
networks (X2), the coverage rate of digital cultural resources (X3), the coverage rate of digital 
resources in healthcare (X4), and the rate of smart community services (X5); the government's 
financial support (E1), the level of economic development (E2), the level of urbanisation (E3) , 
and the level of Internet development (E4), which are the four environmental variables, as 
independent variables, the Tobit regression results were obtained using Stata software (see 
Table 3). 
 

Table 3. Tobit regression results 

Models 
Models (1) Models (2)  Models (3)  Models (4)  Models (5)  

X1 input slack X2 input slack X3 input slack X4 input slack X5 input slack 

Constant 
0.0066 -2008.0660 971.6462 7.9038 -253.4776 

(0.0266) (1831.4520) (809.6969) (12.7981) (128.7867) 

E1 
-0.1477 -1376.2480 -856.8807 -95.9250 93.7153 

(0.0872) (5909.2610) (2676.9310) (42.1614) (411.3133) 

E2 
-0.0500 -1409.1120 -1409.1120 -10.8870 -146.6112 

(0.0180) (1225.7400) (546.5688) (8.5935) (85.3523) 

E3 
0.3206 7545.2980 6033.5440 82.1559 974.3365 

(0.0543) (3706.7400) (1661.1240) (26.3393) (298.4358) 

E4 
-0.0956 -2249.4160 -936.7636 -22.0164 -441.5158 

(0.0626) (4240.3640) (1895.1250) (29.6720) (128.7867) 

Log-likelihood 159.0125 -714.0127 -659.1510 -378.5686 -529.8002 

Note: Standard deviation in parentheses 
 
(1) Government support (E1). Only model (5) has a positive coefficient, indicating that 
government financial support reduces the redundancy of inputs in education, science and 
technology, culture and health, suggesting that moderate government support enables public 
resources in these four areas to be allocated efficiently and is conducive to improving the 
network coverage of resources; in contrast, government financial support increases the 
redundancy of resource inputs in community governance and is not conducive to improving the 
rate of smart community services. This may be related to the misuse of financial resources in 
community governance.  
(2) Economic environment (E2). The coefficients of all models are negative, indicating that the 
increase in the level of local economic development will reduce the redundancy of inputs of 
social public resources and public services, and promote the efficiency of urban-rural sharing 
of various types of social public resources network. With the promulgation and implementation 
of relevant national policies to promote the development of equalisation of basic social public 
services and to realise the fair sharing of social public resources among residents, regional 
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governments have taken active action to attach importance to the balanced allocation and 
circulation of public resources between urban and rural areas.  
(3) Social environment (E3, E4) The regression coefficients of urbanisation level on all five 
input slack variables are positive, indicating that higher urbanisation levels lead to lower 
efficiency in the networked urban-rural sharing of various social public resources. The reason 
for this may be that China's urban-rural dual structure is prominent and public resources are 
unevenly allocated between urban and rural areas, with local governments tilting resources 
towards urbanised development areas, resulting in redundant social public resource inputs, 
which is not conducive to improving the efficiency of urban-rural sharing of social public 
resource networking between urban and rural areas. The regression coefficients of the level of 
Internet development on the five input slack variables are all negative, indicating that the 
higher the level of Internet development, the higher the efficiency of networked urban-rural 
sharing of social public resources in the region. The Internet is an important support for the 
development of networked urban-rural sharing of social and public resources. In recent years, 
the Internet has been in full swing, which provides a convenient and effective network 
environment for the development of the sharing of various public resources, and residents can 
share the use of various public resources through online means. 
4.1.3. Phase 3 Adjusted DEA Analysis 
Using the input variables adjusted by Tobit regression in the second stage and the original 
output data, the BCC model was measured again using DEAP2.1 software to measure the 
efficiency of urban and rural sharing of networked social public resources, and the calculation 
results are shown in Table 4. 
 

Table 4. Adjusted DEA efficiency averages for the 31 provinces (2013-2019) 
Region TE PTE SE RTS Region TE PTE SE RTS 

Beijing 1.000 1.000 1.000 - Hubei 0.835 0.934 0.894 irs 

Tianjin 1.000 1.000 1.000 - Hunan 0.865 0.930 0.931 irs 

Hebei 0.762 0.928 0.821 irs Guangdong 1.000 1.000 1.000 - 

Shanxi 1.000 1.000 1.000 - Guangxi 0.978 1.000 0.978 irs 

Inner Mongolia 0.815 0.919 0.886 irs Hainan 1.000 1.000 1.000 - 

Liaoning 0.909 0.916 0.992 irs Chongqing 0.842 0.869 0.968 irs 

Jilin 0.974 0.991 0.982 irs Sichuan 1.000 1.000 1.000 - 

Heilongjiang 0.902 1.000 0.902 irs Guizhou 1.000 1.000 1.000 - 

Shanghai 1.000 1.000 1.000 - Yunnan 0.915 0.969 0.944 irs 

Jiangsu 0.931 0.942 0.988 drs Tibet 1.000 1.000 1.000 - 

Zhejiang 1.000 1.000 1.000 - Shaanxi 1.000 1.000 1.000 - 

Anhui 0.907 0.993 0.913 irs Gansu 1.000 1.000 1.000 - 

Fujian 0.918 0.918 1.000 - Qinghai 1.000 1.000 1.000 - 

Jiangxi 1.000 1.000 1.000 - Ningxia 1.000 1.000 1.000 - 

Shandong 0.843 0.970 0.869 irs Xinjiang 0.797 0.887 0.899 irs 

Henan 1.000 1.000 1.000 - Average value 0.942 0.973 0.967  

 
Overall analysis. After removing the influence of environmental factors and random 
disturbances, the overall efficiency values and decomposition indicators of China's networked 
urban-rural sharing of social public resources generally increased, indicating that the efficiency 
of networked urban-rural sharing of social public resources in all provinces was influenced by 
environmental factors such as government finance, economic environment and social 
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environment. The adjusted efficiency of networked urban and rural sharing of social and public 
resources in each province has changed significantly relative to the first stage. Among them, 17 
provinces reached the frontier side of technical efficiency, with all three efficiency averages at 
1. Figure 1 further shows the evolution pattern of urban and rural sharing efficiency of social 
public resource networking before and after the adjustment in 31 provinces in China. 
In terms of overall technical efficiency. Five provinces (Tianjin, Zhejiang, Fujian, Jiangxi and 
Ningxia) reached the efficiency frontier surface after adjustment and were DEA effective, 
indicating that these five provinces were influenced by government financial support, economic, 
social and other environmental factors. In addition, among the 31 provinces, only Jiangsu 
Province's adjusted integrated technical efficiency value was a decrease, from 1 before the 
adjustment to 0.931 after the adjustment, from DEA effective to DEA ineffective, while the rest 
of the provinces' integrated technical efficiency values increased.  
In terms of pure technical efficiency. Thirteen provinces (Hebei, Inner Mongolia, Liaoning, Jilin, 
Jiangsu, Anhui, Fujian, Shandong, Hubei, Hunan, Chongqing, Yunnan and Xinjiang) still have a 
technically ineffective efficiency of networked urban-rural sharing of social public resources 
after adjustment, indicating that social public resources in these areas are wasted. The 
efficiency of networked urban-rural sharing of social public resources in the remaining 18 
provinces is technically effective, indicating that social public resources in these provinces have 
been reasonably allocated and effectively shared after the adjustment. Among them, Inner 
Mongolia, Jilin, Heilongjiang and Xinjiang had the greatest changes before and after the 
adjustment, with 0.683, 0.744, 0.743 and 0.598 before the adjustment rising to 0.919, 0.991, 
1.000 and 0.887 after the adjustment, respectively.  
In terms of scale efficiency. The scale payoffs of networked urban-rural sharing of social public 
resources in a total of 17 provinces remain unchanged (-) after adjustment, indicating that the 
scale of networked urban-rural sharing of social public resources in these regions has reached 
the optimum. Jiangsu province has decreasing returns to scale (drs) after adjustment, so it is 
possible to appropriately scale down the input and scale of social public resource sharing in 
this region to avoid wasting public resources, while the government should appropriately 
adjust the scale of sharing in other provinces that are in increasing returns to scale (ins). Among 
them, Heilongjiang and Ningxia have the biggest change before and after the adjustment, from 
0.779 and 0.789 before the adjustment to 0.902 and 1.000 after the adjustment. 

4.2. Dynamic Analysis of the Malmquist Index Model 
Based on the adjusted input variables and the original output variables, the Malmquist index 
model was applied to decompose the Malmquist index for the efficiency of urban and rural 
sharing of social public resources networking, and the results of the model decomposition are 
shown in Table 5. As seen from Table 5, the average growth rate of total factor productivity 
after adjustment was 2.5%, which was higher than that before adjustment. Comparing the 
average growth rates of technical progress, technical efficiency and pure technical efficiency, 
which are 3%, -0.5% and -0.5% respectively, it is found that the average growth rate of technical 
progress is the highest, indicating that technical progress is the key driver of total factor 
productivity growth and the main reason for the increase in adjusted total factor productivity. 
The relatively low average growth rate of technical efficiency, on the other hand, is mainly 
caused by the decline in the average level of pure technical efficiency, indicating that the 
resource allocation and sharing model of China's social public resources has not reached an 
optimal state in general. Although the three-stage DEA model found that the efficiency of 
networked urban-rural sharing of social public resources in China was already at a high level, 
the unstable state of intermittent highs and lows was not conducive to the efficient allocation 
of social public resources and the development of networked urban-rural sharing. Meanwhile, 
as seen from the time series, the adjusted total factor productivity is basically greater than 1. 



Volume 3 Issue 4, 2022 

DOI: 10.6981/FEM.202204_3(4).0058 

464 

Frontiers in Economics and Management 

ISSN: 2692-7608 

Although the total factor productivity of 2014-2015 is less than 1, the growth rate of this period 
is the fastest, up to 5.2%, while the lowest growth rate is the period of 2015-2016, only 1.1%. 
This shows that total factor productivity has been increasing year on year, although the growth 
rate has been erratic, mainly as a result of changes in technological progress.  
 

Table 5. Decomposition results of Malmqiust index model 

Year 
Effch Techch Pech Sech Tfpch 

Before After Before After Before After Before After Before After 
2013-2014 1.067 1.034 0.941 0.992 1.050 1.022 1.017 1.012 1.004 1.026 

2014-2015 1.016 0.998 0.924 0.988 1.007 0.996 1.009 1.002 0.938 0.987 

2015-2016 0.988 1.000 1.025 1.024 0.994 0.996 0.994 1.004 1.013 1.024 

2016-2017 1.015 1.010 0.966 1.002 1.007 1.004 1.007 1.006 0.980 1.012 

2017-2018 0.994 1.002 1.014 1.021 0.991 1.002 1.003 0.999 1.009 1.023 

2018-2019 1.000 1.004 1.018 1.030 1.000 1.000 1.000 1.004 1.018 1.034 

Average value 1.013 1.008 0.980 1.010 1.008 1.003 1.005 1.004 0.993 1.018 

5. Empirical Analysis of Influencing Factors 

5.1. Selection and Description of Impact Factor Indicators 
The development of networked urban-rural sharing of social and public resources is subject to 
the combined effect of various factors. Drawing on existing research results on social public 
resource sharing, and taking into account the current situation of the development of 
networked urban-rural sharing of resources, this study takes the comprehensive efficiency 
values of networked urban-rural sharing of social public resources in 31 provinces 
(municipalities and autonomous regions) in China as the explanatory variables, and constructs 
a system of indicators of influencing factors covering three aspects: government financial 
capacity, socio-economic environment and networked social development (see Table 6), in 
order to further (see Table 6), in order to further analyse the factors affecting sharing efficiency 
and provide directions for improving the efficiency of networked urban-rural sharing of social 
public resources in China and reducing the waste of public resources. 
 

Table 6. System of impact factor indicators 
Explained variables Explanatory variables Characterization indicators 

Integrated efficiency value of 
networked urban and rural sharing 

of social public resources 

Government financial 
capacity Z1 Financial expenditure per capita 

Regional economic 
development Z2 Gross regional product 

Industrial structure Z3 Share of tertiary sector 

Degree of openness to 
the outside world 

Z4 
Import/export trade in goods and 

foreign direct investment and share 
of GDP 

Network 
Infrastructure Z5 

Number of Internet broadband 
access ports 

5.2. Analysis of the Empirical Results 
As the efficiency values estimated by the DEA model are within the [0,1] interval, the OLS model 
would lead to serious bias in the results if it is used for estimation. Therefore, this study uses a 
panel Tobit model to analyse the factors influencing the efficiency of networked urban and rural 
sharing of social public resources in China and constructs the model as follows. 
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𝑇𝐸 = 𝛼 + 𝛽 𝑍1 + 𝛽 𝑍2 + 𝛽 𝑍3 + 𝛽 𝑍4 + 𝛽 𝑍5 + 𝜀                          (5) 

 
In equation (5), the 𝑇𝐸  is the adjusted integrated efficiency value of networked urban and 
rural sharing of social public resources in period t of province i, and 𝛼  is the constant term, 
and 𝛽 is the regression parameter, and 𝜀  is the error term.  
This study was calculated with the help of Stata software and the results are shown in Table 7. 
 

Table 7. Tobit regression results 
Variables Coefficient Standard deviation t-test P 

Z1 -0.033* 0.019 -1.72 0.086 

Z2 -0.085*** 0.032 -2.64 0.009 

Z3 0.701*** 0.195 3.59 0.000 

Z4 0.043 0.049 0.88 0.381 

Z5 0.038 0.029 1.33 0.183 

_cons 1.277*** 0.170 7.49 0.000 

LR chi2(5) 38.2 Prob > chi2 0.000  

Log likelihood 2.029705    

Note: *** p<0.01, ** p<0.05, * p<0.1 
 
(1) Government fiscal capacity is significantly and negatively correlated with the efficiency of 
urban and rural sharing of social public resources networking. The regression results show that 
the coefficient of the government's fiscal spending capacity on China's social public resources 
networking urban-rural sharing efficiency index is -0.033, indicating that the government's 
excessive fiscal spending capacity is not conducive to the improvement of sharing efficiency, 
and is the main inhibiting force for the improvement of social public resources networking 
urban-rural sharing efficiency. However, this does not mean that the government's fiscal 
spending capacity necessarily impedes the development of urban-rural sharing of social public 
resources networking; this inhibitory force depends on whether the government's financial 
support for public resources is rationalised. Specifically, with the promulgation and 
implementation of national policies on the equalisation of public services, the more local 
governments invest in public resources and public services, the more likely it is to cause 
redundancy in social public resources and even lead to waste of resources, which to a certain 
extent is not conducive to the enhancement of efficiency in the sharing of public resources.  
(2) Regional economic development is significantly and negatively related to the efficiency of 
urban-rural sharing of social public resources networking. The regression results show that the 
coefficient of regional economic development on the efficiency of networked urban-rural 
sharing of social public resources is -0.085, indicating that regional economic development will, 
to a certain extent, inhibit the improvement of the efficiency of public resource sharing. 
However, this does not mean that regional economic development will hinder the development 
of networked urban-rural sharing of social public resources, depending on the main driving 
industries that drive regional economic development. If public resources and public services do 
not have a place in a region's economic growth, then the region is not paying enough attention 
to the development of public resources and public services, and as a result, the region's 
economic growth will, to a certain extent, hinder the improvement of the efficiency of 
networked urban-rural sharing of public resources.  
(3) Industrial structure is significantly and positively related to the efficiency of social public 
resources networking in urban and rural areas. The regression results show that the coefficient 
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of influence of industrial structure on the index of sharing efficiency of social public resources 
networking in urban and rural areas is 0.701, which is significant at the 1% level, indicating 
that the increase in the proportion of tertiary industry significantly contributes to the 
improvement of sharing efficiency, and is the source of the improvement of sharing efficiency 
of social public resources networking in urban and rural areas. This is reflected in: firstly, the 
tertiary industry includes all kinds of services, and the greater the proportion of the tertiary 
industry, the more types and quantities of public resources residents can share, improving 
sharing efficiency; secondly, an increase in the proportion of the tertiary industry effectively 
improves the dualistic structure of urban-rural public resource allocation, improves the 
socialist market economy system, and facilitates the development of urban-rural sharing of 
social public resources.  
(4) There is a positive relationship between the degree of openness to the outside world and 
the efficiency of networked urban-rural sharing of social and public resources. The regression 
results show that the increase in the degree of openness to the outside world has a positive 
effect on the networked urban-rural sharing of social and public resources, but it fails the 
significance test and has a small effect of 0.043. The rapid development of Chinese society and 
the increase in the abundance of market and trade resources have increased the degree of 
openness to the outside world. It is not possible to effectively determine whether the increase 
in regional openness directly contributes to the efficiency of networked urban-rural sharing of 
social public resources, so there is a possibility of insignificance, but the increase in openness 
still has a positive effect on the efficiency of networked urban-rural sharing of public resources.  
(5) Network infrastructure has a positive relationship with the efficiency of networked urban 
and rural sharing of social and public resources. The regression results show that the coefficient 
of influence of network infrastructure on the index of efficiency of networked urban and rural 
sharing of social public resources is 0.038, which is less influential but does not pass the 
significance test. The reasons for this may be that, firstly, networking has developed rapidly in 
recent years, opening up new development paths for sharing social public resources, but 
correspondingly cyber fraud crimes are frequent and residents' awareness of cyber security 
has gradually increased, and their trust in the security of networked urban-rural sharing of 
resources is weak; secondly, the network infrastructure construction in many remote areas is 
not complete, and most of the rural population is not very receptive to using networked means 
to share social Secondly, the network infrastructure in many remote areas is not well developed, 
and most rural people are not very receptive to using networked means to share social 
resources, making the development of public resource sharing in rural areas less satisfactory, 
and therefore failing the significance test. 

6. Conclusions and Recommendations 

The networked urban-rural shared development of social public resources can effectively 
improve the dualistic structure of resource allocation and promote balanced, integrated and 
integrated urban-rural development. This study examines the efficiency of networked urban-
rural sharing of social public resources in 31 provinces in China from 2013 to 2019 based on 
static and dynamic perspectives, and explores and analyses its influencing factors to draw the 
following conclusions. 
First, from a static perspective, comparing the average efficiency values of the first and third 
stages of each province during the study period, it is found that after excluding the influence of 
environmental and random factors, the comprehensive technical efficiency values and 
decomposition index values of networked urban-rural sharing of social public resources in 
more than 35% of the provinces have improved to varying degrees, with 17 of them reaching 
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the frontier surface. This indicates that the efficiency of networked urban-rural sharing of social 
public resources is affected to a certain extent by various external environmental factors. 
Secondly, from a dynamic perspective, the total factor productivity of networked urban-rural 
sharing of social public resources in each province from 2013 to 2019 showed an overall 
upward trend and developed in a better trend. After excluding environmental and random 
factors, the total factor productivity, technical efficiency and technological progress of 
networked urban-rural sharing of social public resources show an overall improving trend, and 
the study finds that the main driver of efficiency improvement of networked urban-rural 
sharing of social public resources is technological progress. This suggests that provinces should 
clarify the direction of technological improvement and balance technological improvement and 
technical efficiency, so as to steadily improve the efficiency of networked urban-rural sharing 
of social public resources. 
Thirdly, Tobit regression analysis shows that industrial structure has a significant positive 
effect on the efficiency of networked urban-rural sharing of social public resources, while 
government financial capacity and regional economic development have a significant negative 
effect. The degree of openness to the outside world and network infrastructure have a positive 
effect on the efficiency of networked urban-rural sharing of social and public resources, but 
they do not pass the significance test.  
Based on the above research findings, the following policy recommendations are derived to 
further stabilise and enhance the efficiency of networked urban and rural sharing of social 
public resources in China. 
Firstly, it is important to focus on the overall improvement of the comprehensive efficiency and 
decomposition index efficiency of the networked urban and rural sharing that there is more 
room for improving the efficiency of networked urban-rural sharing of social public resources, 
and it is necessary to pay attention to the balanced development of technical efficiency and 
technological progress, improve the input mechanism of social public resources in accordance 
with local conditions, expand the scope of resource sharing, and enrich the modes and channels 
of networked urban-rural sharing of public resources, taking into account the geographical, 
economic and social environments of each region. At the same time, the government's resource 
allocation capacity and supply system should be strengthened, and the development of 
"Internet+" public services should be emphasized and encouraged, so as to promote the 
development of networked urban-rural sharing of social public resources.  
Secondly, the impact of environmental factors such as government financial support, the level 
of economic development, the level of urbanisation and the level of internet development on 
the efficiency of networked urban and rural sharing of social and public resources should be 
taken into account. Take external environmental factors into full consideration, refine 
government policies, adjust the structure of government financial expenditures, allocate and 
use financial funds efficiently, and create a favorable policy environment, economic 
environment and social environment for resource sharing, so as to improve the efficiency of 
networked urban-rural sharing of social public resources. 
Thirdly, build a platform for networked social public resource sharing and a sharing ecosystem, 
strengthen mutual learning and cooperation between regions, and take differentiated measures 
to enhance sharing efficiency according to the specific circumstances of regional sharing 
development. Regions with low efficiency in networked urban-rural sharing of social public 
resources should learn from the advanced experience of regions with high efficiency, adapt to 
local conditions, effectively learn, improve and innovate, adjust the content, areas and modes 
of sharing resources, and strengthen inter-provincial cooperation to share their resources and 
technologies; at the same time, we should accelerate the construction of digital villages, 
accelerate the flow of social public resources to rural areas, and provide strong impetus for 
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agricultural development, rural construction and farmers' lives. provide a strong impetus, and 
stimulate vitality, potential and creativity for rural revitalisation. 
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