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Background: Improving basic public health services efficiency becomes priority to guarantee its sustainability for Chinese govern-
ment. This study aimed to explore basic public health services efficiency and its influencing factors between urban and rural in
Shandong Province, China, providing policy implications to improve efficiency.
Methods: This research assessed basic public health services efficiency of 54 districts (representing urban) and 83 counties
(representing rural) in Shandong, China, from 2014 to 2019. The data were obtained from Medical Management Service Center of
Shandong Health Commission and Statistical Yearbooks. Input variables were subsidy funds, public health staffs and material
expenditures. Output variables were assessment indicators covered all service contents from national standard. The data envelopment
analysis and panel tobit regression were used to measure efficiency scores and efficiency influencing factors.
Results: Basic public health services efficiency scores of urban were higher than those of rural during 2014 to 2019. Scale efficiency
change and technological change promoted basic public health services total factor productivity change of urban and rural respectively.
Panel tobit regression indicated that proportion of health expenditures in general public budget expenditures (P<0.01), subsidy funds
(P<0.01), public health personnel expenditures (P<0.01) and the frequency of professional health institutions’ guidance (P<0.01) were
positively associated with efficiency in both urban and rural. The number of primary medical and health institutions and public health
personnel were positively associated with urban (P<0.01), but those did not affect rural (P>0.10).
Conclusion: To improve basic public health services efficiency, urban should focus on health resource structure, especially increasing
primary medical and health institutions and public health personnel. Rural should expand the input scale, paying more attention to
subsidy funds and public health personnel expenditures. The government should also care strengthening the guidance to primary
medical and health institutions from professional health institutions.
Keywords: basic public health services efficiency, urban, rural, data envelopment analysis, panel tobit regression

Introduction
Basic Public Health Services (BPHS) is a public service product in China, focusing on the populations’ health and aiming
to narrow the gap in the fairness of health services and health resources between urban and rural areas. BPHS is a non-
profit health service program provided by government and implemented by the primary health care institutions. BPHS
targets vital groups such as children, pregnant women, the elderly, patients with chronic diseases, etc. BPHS includes
health education, women and children’s care, elderly care, immunizations and so on, which integrates Western and
traditional Chinese medicine.
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BPHS funds continue to go up, increased from RMB 15 per capita in 2009 to RMB 79 per capita in 2021 and rose
more than five times.1 The COVID-19 outbreak of 2019 led to a new urgency to increase public health funds in China.
The government paid more attention to BPHS and released nearly 85% of BPHS subsidy funds in advance. Total central
government budget reached to RMB 60.33 billion in 2020.

However, the growth rate of BPHS expenditures far exceeded that of GDP and fiscal revenue in China. Compared
with 2009, the growth rate of GDP and fiscal revenue increased by 3 percentage points and −2.3 percentage points
respectively in 2019. The per capita expenditure for BPHS in 2019 increased by an average of 36% compared with 2009
(official data from the National Bureau of Statistics). Improving BPHS efficiency becomes one effective way to ensure its
sustainable development.

Few studies investigated BPHS efficiency systematically due to the availability of data. Most of the previous studies
limited in the status of technical efficiency,2–10 and some studies concerned about BPHS technical efficiency influencing
factors,11–13 and a few studies paid attention to the difference of BPHS efficiency between urban and rural.13 Those
previous studies showed that BPHS technical efficiency was not fully effective. The reason for the inefficiency technical
efficiency of BPHS was mostly concentrated on the scale efficiency, which was mainly reflected in the lack of
investment. What’s more, only available data were considered and some indicators based on the relevance of service
program activities were not included in most studies.4–12 This situation would lead to the incomplete inclusion of input-
output indicators, and the scientific and accuracy of existed researches are remained to be discussed.

Shandong Province had more than 100 million permanent residents (accounting for 7.2 percentage of the total population
in the Chinese mainland) in 2020, and the population of Shandong ranked second in China (China National Bureau of
Statistics). The proportion of urban and rural population in Shandong was equal compared with other province (taking
Jiangsu Province as an example, the proportion was 6 to 2). It is worth noting that Shandong Province is nationally
representative in China, so analysis on BPHS efficiency of this province could be more practical and meaningful. Whereas,
the evidence observed in previous studies may not totally generalize to the context of Shandong Province.

How efficient is the BPHS? What are the influencing factors of BPHS efficiency? Are there differences in BPHS
efficiency between urban and rural? Those questions are important issues thought by policy makers, practitioners and
academic researchers. This study conducted a comprehensive BPHS efficiency evaluation in Shandong, China. We
focused on the status and influencing factors of BPHS efficiency between urban and rural, and expecting to provide
policy implications to improve the efficiency.

Methods
Study Design
The research was a comparative study. This study evaluated the status and the influencing factors of BPHS efficiency
between urban and rural in Shandong, China, from 2014 to 2019.

According to the standards of 2020 China Health Statistical Yearbook, urban areas include municipalities directly
under the central Government and prefecture-level city districts, and rural areas include counties and county-level cities.
Thus 54 districts represent urban and 83 counties represent rural in Shandong.

Data Sources
Input and Output Data
To assist primary medical and health institutions in keeping track of information on BPHS, Medical Management Service
Center of Shandong Health Commission collects data from district- and county-level primary medical and health
institutions in de-identifiable format on an annual basis. In the present study, the input-output data of 137 units were
obtained from the collection during 2014 to 2019, shown in Table 1.

Total expenditures for BPHS were included in the input variables, containing subsidy funds for BPHS, public health
personnel and material expenditures. Input variables focused on the district- and county-level information about primary
medical and health institutions of 137 units (54 districts and 83 counties).
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To provide technical guidance and assess implement effect of all 13 types of BPHS contents, Chinese government
issued National Basic Public Health Services Specifications (Third Edition). There are 24 assessment indicators in the
specification. All assessment indicators of BPHS were included in the output variables. Output variables focused on the
district- and county-level information about permanent residents serviced by primary medical and health institutions of
137 units (54 districts and 83 counties).

All input and output data of nominal variables were deflator-adjusted using the Consumer Price Index (official data
from the National Bureau of Statistics).

BPHS Efficiency Influencing Factors Data
According to Organization Environment Theory and the previous studies, we explored BPHS efficiency influencing
factors.11–14 Regional economic development level (GDP per capita), population (number of permanent residents at the

Table 1 The Average of the Input-Output Data and Influencing Factors Data of BPHS in 137 Areas of Shandong from 2014 to 2019

Category Variable 2014 2015 2016 2017 2018 2019

Input Subsidy funds for BPHS (RMB ten thousand) 2270 2750 2985 3296 3485 3788
Number of public health personnel (Person) 31 29 28 29 30 30

Material expenditures (RMB ten thousand) 148 156 185 223 254 265

Output Filing rate of health records (%) 85.00 85.35 85.13 85.13 81.64 81.37
Filing rate of electronic health records (%) 82.86 84.16 84.87 84.54 81.24 80.81

Utilization rate of health records (%) 42.67 50.07 52.56 58.76 63.92 64.44

Number of health education talks (Number) 1723 1943 1862 1991 1942 1895
Number of health lectures attended (Person) 49,267 42,124 38,043 28,885 22,460 36,511

Certificate issuance rate (%) 99.08 98.77 98.80 100.00 99.51 100.00
Neonatal visit rate (%) 87.48 85.98 87.02 86.80 83.23 86.32

Child health management rate (%) 87.19 88.12 88.35 87.68 86.48 87.61

Early pregnancy enrollment rate (%) 82.60 81.17 82.30 82.52 80.31 82.99
Postpartum visit rate (%) 84.73 83.76 85.18 85.82 82.46 85.41

Health management rate for the elderly (%) 78.73 72.57 68.87 67.04 68.95 69.45

Standard management rate of hypertensive patients (%) 79.48 71.15 64.48 66.88 66.18 66.13
Blood pressure control rate of management population (%) 53.90 50.02 47.52 51.43 52.92 53.20

Standard management rate of patients with type 2 diabetes (%) 78.40 68.83 64.07 67.05 66.25 66.51

Glucose control rate of management population (%) 50.35 43.93 43.44 46.36 47.69 47.67
Standard management rate of patients with severe mental disorders(%) 81.05 76.77 74.32 82.69 87.78 90.51

Tuberculosis patient management rate (%) – – 98.65 99.25 99.55 99.77

Regular drug taking rate in patients with tuberculosis (%) – – 97.21 99.17 99.09 99.54
Traditional Chinese Medicine health management rate for the elderly (%) 47.79 48.54 48.84 54.48 58.87 60.94

Traditional Chinese Medicine health management rate of children aged

0 to 36 months (%)

51.36 54.34 54.31 59.09 61.59 64.09

Reporting rate of infectious diseases (%) 99.75 100.00 99.90 100.00 100.00 100.00

Timely reporting rate of infectious diseases (%) 99.76 99.99 99.94 100.00 100.00 100.00

Public health emergency information reporting rate (%) 100.00 100.00 100.00 100.00 100.00 100.00
Health and family planning supervision and co-management

information reporting rate (%)

98.81 99.96 97.77 100.00 100.00 100.00

Influencing
factors

GDP per capita (RMB Yuan) 52,016 55,208 57,407 59,871 62,016 64,561
Number of permanent residents at the end of the year (Ten thousand

person)

71.45 71.88 72.61 73.04 73.33 73.50

Proportion of health expenditures in general public budget
expenditures (%)

8.44 8.50 9.02 8.96 8.76 8.49

Public health personnel expenditures (RMB ten thousand) 1181 1382 1536 1656 1832 2151

Frequency of professional health institutions’ guidance (Number) 6 8 8 10 12 13
Number of primary medical and health institutions (Number of times) 532 534 532 549 567 583

Notes: Health management services for tuberculosis patients were added to BPHS since 2016. Therefore, there were no relevant data on tuberculosis patient management
rate and regular drug taking rate in patients with tuberculosis from 2014 to 2015. We showed this used 4 bold lines.
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end of the year), geographic location, time changes, fiscal expenditure structure (proportion of health expenditures in
general public budget expenditures), government investment (subsidy funds for BPHS, public health personnel expen-
ditures), guidance from professional health institutions (frequency of professional health institutions’ guidance) and
health resources (number of primary medical and health institutions, number of public health personnel) were included in
BPHS efficiency influencing factors. Influencing factors variables were shown in Table 1, and some of them (subsidy
funds for BPHS and number of public health personnel) were shown in the input variables part. Influencing factors
variables focused on the district- and county-level information about 137 units (54 districts and 83 counties).

The data of 137 units were obtained from Statistical Yearbooks of 16 cities in Shandong Province during 2014 to
2019, as well as Medical Management Service Center of Shandong Health Commission. All BPHS efficiency influencing
factors data of nominal variables were deflator-adjusted using the Consumer Price Index (official data from the National
Bureau of Statistics).

Data Analysis
Data Envelopment Analysis (DEA)
In order to make full and effective use of data, we conducted principal component analysis and efficiency coefficient
transformation analysis on the 24 original output indicators of BPHS before the efficiency analysis.

The principal component analysis could reduce the dimensionality and classify the data of original output indicators,
revealing the profound internal laws of things in a simply and intuitively way.15 The fundamental of principal component
analysis was to explain the original variables by reducing the dimensionality, achieving the purpose of common index
extraction. Principal component analysis could standardize the data, eliminating the effect of variables on an order of
magnitude or dimension. The original variable got the principal component score after principal component analysis. If
the cumulative variance contribution rate of the extracted principal component was more than 85%, we believed that it
retained the original information and could be used as the newly extracted principal component in the subsequent
analysis.

After principal component analysis, we used efficiency coefficient transformation analysis to ensure that the data met
the application conditions of DEA.16 The principal component scores were converted in the range of 0.1 to 1 by
efficiency coefficient transformation analysis, which were all positive. The data of the newly extracted principal
components represented the data of original output indicators finally, which were entered into the relevant models of
DEA for subsequent efficiency analysis.

With the method of DEA, BPHS efficiency was measured. DEA determined the weight of each indicator from the
point of view that was most beneficial to the decision-making unit (DMU). This method used a data planning model to
evaluate the relative effectiveness of units with multiple inputs and multiple outputs. DEA did not need to establish
production function expression, and it could calculate any process multiple input indexes and output indexes
simultaneously.

The CCR model and BCC model in DEA were used to measure efficiency.17,18 The CCR model assumed constant
returns to scale, and the obtained technical efficiency included the components of scale efficiency.

The nonlinear programming model of the CCR model was expressed as

max
∑q
r¼1 uryrk

∑m
i¼1 vixik

(1)

s:t:
∑q
r¼1 uryrj

∑m
i¼1 vixij

� 1; v � 0; u � 0

i ¼ 1; 2; . . . ;m; r ¼ 1; 2; . . . ; q; j ¼ 1; 2; . . . ; n

Then let u ¼ tu and u ¼ tu, the nonlinear model (1) was transformed into an equivalent linear programming model
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max
∑q
r¼1 uryrk

∑m
i¼1 vixik

(2)

s:t: ∑
q

r¼1
uryrj � ∑

m

i¼1
vixij � 0

∑
m

i¼1
vixik ¼ 1

v � 0; u � 0

i ¼ 1; 2; . . . ;m; r ¼ 1; 2; . . . ; q; j ¼ 1; 2; . . . ; n

The dual model of the linear programming model (2) was expressed as

min W (3)

s:t: ∑
n

j¼1
λjxij �Wxik; ∑

n

j¼1
λjyrj � yrk; λ � 0

i ¼ 1; 2; . . . ;m; r ¼ 1; 2; . . . ; q; j ¼ 1; 2; . . . ; n

In the dual model (3), λ represented the linear combination coefficient of DMU, and the optimal solution W of the
model represented the efficiency score.

The BCC model assumed variable returns to scale, and obtained technical efficiency excluded the influence of scale
efficiency, called pure technical efficiency. The BCC model was based on the CCR dual model with additional constraint
∑n

j¼1 λj ¼ 1 λ � 0ð Þ, which made the production scale of projection point at the same level as that of DMU evaluated.

The nonlinear programming model of the BCC model was expressed as
min w (4)

s:t: ∑
n

j¼1
λjxij � wxik; ∑

n

j¼1
λjyrj � yrk; ∑

n

j¼1
λj ¼ 1; λ � 0

i ¼ 1; 2; . . . ;m; r ¼ 1; 2; . . . ; q; j ¼ 1; 2; . . . ; n

The dual model of the nonlinear programming model (4) was expressed as

max∑s
r¼1 uryrk � u0 (5)

s:t: ∑
q

r¼1
uryrj � ∑

m

i¼1
vixij � u0 � 0

∑
m

i¼1
vixik ¼ 1

v � 0; u � 0; u0 free

i ¼ 1; 2; . . . ;m; r ¼ 1; 2; . . . ; q; j ¼ 1; 2; . . . ; n

After the analysis of the CCR model and BCC model in DEA, 3 efficiency indices scores could be got: technical
efficiency score, scale efficiency score and pure technical efficiency score.

Technical Efficiency ¼ Scale Efficiency� Pure Technical Efficiency (6)
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Efficiency scores included all ranges from 0 to 1 through DEA. The efficiency of the DMU was considered effective
when the score was “1”, and it was deemed to be ineffective when the score was less than “1”.

The Malmquist productivity index took into account the productivity changes of BPHS in a time-series setting.19

Total factor productivity change could be decomposed into technical efficiency changes and technological changes. In the
Malmquist productivity index, 5 indices could be generated: total factor productivity change (TFPC), technical efficiency
change (TEC), technological change (TC), pure technical efficiency change (PTEC) and scale efficiency change (SEC).20

TFPC ¼ TEC� TC ¼ PTEC� SECð Þ � TC (7)

When the Malmquist productivity index was less than “1”, BPHS efficiency was indicated deterioration in produc-
tivity. When the Malmquist productivity index was greater than “1”, BPHS efficiency was indicated growth in
productivity. When the Malmquist productivity index was “1”, BPHS efficiency had no change in productivity.

The principal component analysis and the efficiency coefficient transformation analysis were calculated by SPSS,
version 20.0. Max DEA 8 software was used to identify efficiency scores and the Malmquist productivity index.

Panel Tobit Regression
The technical efficiency scores ranged from 0 to 1, so it was preferable to use panel tobit regression analyzing BPHS
efficiency influencing factors.21

Among BPHS efficiency influencing factors, GDP per capita (PGDP), number of permanent residents at the end of
the year (NPR), geographic location and time changes were control variables. Proportion of health expenditures in
general public budget expenditures (FES), subsidy funds for BPHS (FE), public health personnel expenditures (SP),
frequency of professional health institutions’ guidance (GF), number of primary medical and health institutions (NI) and
number of public health personnel (NP) were core influencing factors variables.

Considering the regional differences in Shandong, we introduced a dummy variable geographical location. The
eastern area (D1) was assigned the value “1”, and the others were “0”. The central and western areas (D2) were assigned
the value “1”, and the others were “0”. In order to explore the impact of time changes on BPHS efficiency during 2014 to
2019, another dummy variable period (T) was introduced, with a value of “1” in and after 2017, and a value of “0” before
2017.

Taking the technical efficiency score as the dependent variable and the influencing factors as the independent
variables, a tobit regression model of BPHS efficiency influencing factors was established.

EFFHit ¼ α0 þ α1FESit þ α2FEit þ α3SPit þ α4GFit þ α5NIit þ α6NPit þ α7PGDPit þ α8NPRit þ α9D1it þ α10D2it
þ α11Tit þ μi þ εit (8)

Where EFFHit was the technical efficiency score, i represented DMUs, and t was the year. α1 ~ α11 respectively
represented the parameter vectors of 11 influencing factors variables. μi represented a cross-sectional specific effected
that varies with the individual and did not vary with time, which was not related to the influencing factors variable. εit
represented a random variable that changed independently with time and individuals.

This study performed Hausman test of econometric model on model (8). The statistical value of the test result was
80.35. The test results rejected the null hypothesis of the random effects model, thus the fixed effects model was
established.21 To address the worry about multi-collinearity in the explanatory variables, we conducted the detection
using Variance Inflation Factor.

The panel tobit regression model with fixed effects was conducted using Stata 13.0 software.

Results
Descriptive Analysis
Table 1 showed the average of the input-output data and influencing factors data of BPHS in 137 areas (54 districts and
83 counties) of Shandong from 2014 to 2019.

https://doi.org/10.2147/RMHP.S354758

DovePress

Risk Management and Healthcare Policy 2022:15732

Cao et al Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


In terms of input indicators, subsidy funds for BPHS increased the most. Compared with 2014, it reached RMB
37.88 million in 2019, an increase of 59.93%. The number of public health personnel did not change significantly,
fluctuating around 29.

In terms of output indicators, Traditional Chinese Medicine health management rate for the elderly and Traditional
Chinese Medicine health management rate of children aged 0 to 36 months increased the most, reaching 60.94% and
64.09% respectively in 2019. However, the standardized management rate of hypertension patients and patients with type
2 diabetes showed a downward trend. The two indicators were 66.13% and 66.51% in 2019.

In terms of efficiency influencing factors, the frequency of professional health institutions’ guidance was doubled and
public health personnel expenditures had an increase of 82.13%. The number of primary medical and health institutions
increased by 8.1 percentage points during 2014 to 2019. The proportion of health expenditures in general public budget
expenditures fluctuated around 8.6%.

DEA Analysis
We conducted the principal component extraction and standardization of 24 original output indicators and got 7 newly
principal components indicators. The cumulative total variance contribution rate was 90.12%, meaning that the 7
principal components indicators extracted could appropriate summarize the main information of the 24 original output
indicators. The 7 newly extracted principal components represented the 24 original output indicators, which were entered
into the relevant models of DEA for subsequent efficiency calculations. The 7 principal components extracted from the
24 original output indicators were shown in Table 2.

As shown in Table 3, the average BPHS efficiency scores of urban was higher than that of rural, and both of them showed
an upward trend from 2014 to 2019. The improvement speed of the technical efficiency in rural was higher than those of urban.
The urban technical efficiency scores increased from 0.892 in 2014 to 0.929 in 2019, and rural increased from 0.882 in 2014 to
0.923 in 2019. The good performance of urban technical efficiency was mainly due to scale efficiency, with an average score
of 0.901. The pure technical efficiency scores of rural improved significantly, almost closing to 1 by 2019.

Malmquist productivity index was applied to analyse the changes in productivity over the 2014–2019 period, shown in
Table 4. On average, urban total factor productivity change increased by 5.2%, among which, technical efficiency change
increased by 4.1% and technological change increased by 1.0%. Thus, the increase of technical efficiency changewas themain
contributor for the improvement of BPHS total factor productivity change in urban. Among technical efficiency change, pure
technical efficiency change increased by 1.8% and scale efficiency change increased by 2.3%. Scale efficiency change

Table 2 The 7 Principal Components Extracted from the 24 Original Output Indicators

The Principal
Component

Indicator Significantly Related To Principal Component (Load)

F1 Postpartum visit rate (0.651), Health management rate for the elderly (0.628), Neonatal visit rate (0.590), Child health

management rate (0.560), Early pregnancy enrollment rate (0.309)

F2 Traditional Chinese Medicine health management rate for the elderly (0.629), Traditional Chinese Medicine health

management rate of children aged 0 to 36 months (0.490)

F3 Standard management rate of hypertensive patients (0.784), Standard management rate of patients with type 2 diabetes

(0.759), Glucose control rate of management population (0.674), Blood pressure control rate of management
population (0.590)

F4 Number of health education talks (0.856), Number of health lectures attended (0.721)

F5 Utilization rate of health records (0.861), Filing rate of electronic health records (0.702), Filing rate of health records

(0.609)

F6 Standard management rate of patients with severe mental disorders (0.696)

F7 Regular drug taking rate in patients with tuberculosis (0.508), Tuberculosis patient management rate (0.469)
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promoted the improvement of BPHS total factor productivity change in urban finally. In rural, total factor productivity change,
technical efficiency change and technological change increased by 3.7%, 1.5% and 2.2% on average respectively. Thus,
technological change mainly promoted the improvement of BPHS total factor productivity change in rural.

Panel Tobit Regression of BPHS Efficiency
The tobit regression analysis results of BPHS efficiency influencing factors between urban and rural were shown in
Table 5. Proportion of health expenditures in general public budget expenditures (P<0.01), subsidy funds for BPHS
(P<0.01), public health personnel expenditures (P<0.01) and the frequency of professional health institutions’ guidance
(P<0.01) were positively associated with BPHS efficiency in both urban and rural. The number of primary medical and
health institutions (P<0.01) and the number of public health personnel (P<0.01) were positively associated with urban
BPHS efficiency, but those did not affect rural BPHS efficiency (P>0.10). There was not multi-collinearity in the
explanatory variables (the largest Variance Inflation Factor was 2.41, much less than 10).

In terms of the control variables, influencing factors such as regional economic development level and geographic
location had a significant impact on BPHS efficiency in both urban and rural. GDP per capita (P<0.01) and east area
(P<0.01) were positively associated with BPHS efficiency, while central and western areas (P<0.01) were negatively
associated. The number of permanent residents at the end of the year was negatively associated with BPHS efficiency, but
it was significant in urban (P<0.01) and was not significant in rural (P>0.10). The factor of time changes (Period) had not
a significant impact on BPHS efficiency in both urban (P>0.10) and rural (P>0.10).

Table 3 The Average BPHS Efficiency Scores of Urban and Rural in Shandong from 2014 to 2019

Efficiency Type Dimension 2014 2015 2016 2017 2018 2019 Average

Technical Efficiency Urban 0.892 0.843 0.875 0.928 0.913 0.929 0.897
Rural 0.882 0.832 0.882 0.927 0.924 0.923 0.895

Pure Technical Efficiency Urban 0.999 0.995 0.998 0.998 0.999 1.000 0.998

Rural 0.999 0.994 0.998 0.997 0.998 1.000 0.997
Scale Efficiency Urban 0.893 0.847 0.883 0.931 0.913 0.941 0.901

Rural 0.882 0.837 0.878 0.927 0.928 0.927 0.896

Table 4 The Malmquist Productivity Index Between Urban and Rural Over the 2014–2019 Period

Dimension Year Technical
Efficiency
Change

Technological
Change

Pure Technical
Efficiency Change

Scale
Efficiency
Change

Total Factor
Productivity
Change

Urban 2014–2015 0.932 0.969 0.986 0.945 0.903
2015–2016 1.094 1.033 1.037 1.055 1.130

2016–2017 1.064 1.004 1.001 1.063 1.068

2017–2018 1.008 1.019 1.036 0.973 1.027
2018–2019 1.110 1.025 1.031 1.077 1.138

Average 1.041 1.010 1.018 1.023 1.052

Rural 2014–2015 0.878 0.980 0.945 0.929 0.860
2015–2016 1.088 1.072 1.023 1.064 1.167

2016–2017 1.073 1.002 0.995 1.078 1.075

2017–2018 0.973 1.021 1.000 0.973 0.993
2018–2019 1.069 1.034 1.042 1.026 1.105

Average 1.015 1.022 1.001 1.014 1.037
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Discussion
Under the background of medium-low speed economic development, improving BPHS efficiency becomes the priority to
guarantee its sustainability in China. However, the previous researches were not enough to fully explore BPHS efficiency
and its influencing factors between urban and rural. This study used DEA and panel tobit regression approach to analysis
these issues.

The study found that BPHS efficiency scores of urban were higher than those of rural. However, this result did not
square with another study finding in Guangzhou Province.13 The reason for the inconsistency might be that the existed
research only included the quantity indicators of output (eg, standard management rate of hypertensive patients) into the
analysis, while the present study covered both all quantity indicators of output (eg, standard management rate of
hypertensive patients) and all quality indicators of output (eg, blood pressure control rate of management population)
from national standard into the analysis. Thus, the different indicators included led to different research results.

The results also showed that although BPHS technical efficiency scores of urban were higher than those of rural, the
gap was gradually narrowing. The main reasons were the high level of scale efficiency scores of urban and the rapid
improvement of pure technical efficiency scores of rural. High scale efficiency score represented a sufficient scale of
investment in the implementation of BPHS, that was, the funds and personnel invested could fully meet the operation of
BPHS.8,9 High pure technical efficiency score represented standardized project management, excellent personnel training

Table 5 Panel Tobit Regression Results of BPHS Efficiency Influencing Factors Between Urban and Rural in Shandong

Variables Urban Rural

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

Proportion of health expenditures in

general public budget expenditures

2.024***
(0.001)

1.457**
(0.001)

1.380**
(0.000)

1.184**
(0.001)

3.301**
(0.001)

3.174***
(0.000)

2.781**
(0.000)

2.168***
(0.000)

Subsidy funds for BPHS 2.496***
(0.002)

2.087***
(0.000)

1.856***
(0.000)

1.680***
(0.000)

2.787***
(0.000)

2.876***
(0.000)

1.850***
(0.000)

2.134***
(0.000)

Public health personnel expenditures 3.035***
(0.000)

2.359**
(0.002)

2.790**
(0.001)

1.979***
(0.001)

3.667***
(0.001)

3.994**
(0.000)

2.473**
(0.001)

2.123***
(0.001)

Frequency of professional health

institutions’ guidance

2.850***
(0.001)

2.246***
(0.000)

1.965***
(0.000)

1.782**
(0.000)

2.359***
(0.001)

2.150***
(0.000)

1.686***
(0.000)

1.998**
(0.000)

Number of primary medical and health

institutions

1.810**
(0.000)

1.791**
(0.002)

1.783**
(0.002)

1.818**
(0.001)

1.966

(0.350)
1.063

(0.307)
1.945

(0.678)
1.656

(0.501)
Number of public health personnel 2.535***

(0.003)
1.767***
(0.000)

1.970***
(0.001)

1.684**
(0.001)

3.573
(0.602)

2.895
(0.304)

1.730
(0.706)

1.729
(0.404)

GDP per capita 2.586*
(0.000)

1.945*
(0.001)

1.445*
(0.002)

3.506*
(0.002)

2.870*
(0.001)

1.799*
(0.002)

Number of permanent residents at the

end of the year

−1.763**
(0.001)

−1.422*
(0.001)

−0.961
(0.561)

−1.103
(0.509)

East area 1.594**
(0.003)

1.676**
(0.001)

Central and western areas −1.060*
(0.002)

−1.609*
(0.001)

Period 1.274

(0.087)
2.990

(0.201)
Constant 0.185***

(0.192)
2.673
(0.175)

1.358*
(0.260)

0.186
(0.149)

0.190
(0.486)

5.497**
(0.690)

6.590
(0.876)

6.603
(0.455)

Sigma 0.106 0.107 0.178 0.121 0.111 0.179 0.144 0.115

Wald χ2 245.632 289.617 292.190 315.107 267.596 295.307 295.604 310.192
Pseudo R2 0.475 0.480 0.390 0.483 0.442 0.380 0.475 0.508

Observations 83 83 83 83 54 54 54 54

Notes: Bold texts were the P values. *, **, ***Indicated significant at the level of 0.10, 0.05 and 0.01 respectively.
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and suitable service mechanisms, providing professional technical support for the implementation of BPHS.22 It could be
seen that the scale of resource investment for BPHS in urban was better than that in rural, and the management and
technical level of BPHS were being rapidly improved in rural. The conclusion was consistent with the existed study.12

According to these findings, rural areas should pay attention to scale of resource investment.
The Malmquist productivity index indicated that technological change contributed to BPHS total factor productivity

change in rural, which verified the conclusion before. Scale efficiency change was the main reason for the improvement
of BPHS total factor productivity change in urban of Shandong Province. It was consistent with a finding in Anhui
Province.23

Through the analysis of BPHS efficiency influencing factors, we found that regional health resource factors had
different effects on BPHS efficiency in urban and rural. The number of primary medical and health institutions and the
number of public health personnel had a positive effect on BPHS efficiency in urban, but no significant impact in rural.
The previous study in Guangzhou, China also showed that more primary medical and health institutions and public health
personnel could promote urban BPHS efficiency.13 There were more large hospitals and clinicians and less primary
medical and health institutions and public health personnel in urban. Therefore, if the number of BPHS implementation
agencies (primary medical and health institutions) and service personnel (public health personnel) were increased, BPHS
efficiency would be significantly promoted in urban. A result found in UK was similar to the present finding, which the
increasing of public health personnel redounded to public health.24 The primary medical and health institutions and
public health personnel were relatively sufficient in rural, thus those health resource factors had no obvious impact on
BPHS efficiency. Above findings hinted that the urban BPHS efficiency could be improved by increasing the number of
primary medical and health institutions and public health personnel.

Panel tobit regression analysis also found that proportion of health expenditures in general public budget expendi-
tures, subsidy funds for BPHS and public health personnel expenditures were positively associated with BPHS efficiency
in both urban and rural. Similarly, a study in Fuzhou found that BPHS performed more efficiently after increasing
proportion of health expenditures in general public budget expenditures, subsidy funds for BPHS and public health
personnel expenditures.11 The subsidy funds for BPHS were arranged through the transfer payment method of common
fiscal power. The funds could not be used for other expenditures, such as basic construction projects and large-scale
equipment. The increasing of subsidy funds for BPHS and proportion of health expenditures in general public budget
expenditures could obviously promote BPHS efficiency. Increasing public health personnel expenditures could create
material incentives, inspiring public health personnel to provide better services and ultimately improving BPHS
efficiency. The empirical evidence did exist suggesting that public health were boosted by economic input.25,26

In the present study, the frequency of professional health institutions’ guidance was also positively associated with
BPHS efficiency in both urban and rural. It found that professional health institutions’ guidance could promote BPHS
efficiency in both urban and rural. The BPHS included many services for priority groups, such as health management
services for patients with severe mental disorders, tuberculosis patients, hypertension patients and type 2 diabetes
patients. These services required service personnel to have specialized knowledge and expertise in related diseases.
More guidance and training from professional health institutions were beneficial to the professional quality and
competence of service personnel in primary health care institutions, which facilitating BPHS efficiency. This result
was similar with some study findings in developing countries, showed that training the public health workforce was an
importance way to improve implementation effect of public health.27,28 The important finding suggested that government
should more concern about the guidance to primary medical and health institutions from professional health institutions.

Compared with previous researches, the contribution and innovation of this study were knowable. This research fully
explored the situation and its influencing factors of BPHS efficiency, narrowing the knowledge gaps and contributing to
our understanding of what variables influence BPHS efficiency between urban and rural. The limitations of the present
study were as follows. Firstly, only BPHS efficiency in Shandong Province was analyzed in this study, so the results of
other provinces could not be known. Secondly, this study lacked of data analysis relevant to health outcomes in the
population, which would be part of the panel of variables that could shed light on comparable outcomes of BPHS in
urban and rural. There are many gaps in the research on BPHS efficiency at present. Future research should pay more
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attention to the influencing factors of BPHS efficiency. In addition, input-output indicators should be included compre-
hensively to improve the scientific and accuracy of the research when carrying out efficiency analysis.

Conclusions
BPHS efficiency scores of urban were higher than that of rural. Scale efficiency change and technological change
promoted urban and rural BPHS total factor productivity change respectively. BPHS efficiency influencing factors were
different between urban and rural. For urban, BPHS health resource structure should be adjusted properly, especially
increasing primary medical and health institutions and public health personnel. For rural, input scales should be
expanded, especially BPHS subsidies and public health personnel expenditures. The government should also pay more
attention to strengthen the guidance to primary medical and health institutions from professional health institutions.
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