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Abstract: Technical efficiency (TE) and total factor productivity (TFP) are important criteria to ensure
the enhancement of the quality and efficiency of state-owned enterprises (SOEs) and function as
important indicators to assess the quality of their accomplishments. The purpose of this study
is to explore whether the efficiency of SOEs is higher or lower than that of private enterprises.
Transcendental logarithmic production function and stochastic frontier analysis (SFA) are used to
assess the TE and TFP of listed central SOEs, local SOEs, and private enterprises, the data of which
were taken from 2006–2020. The results show that the sampled private enterprises had the highest
average TE during the study period, followed by the central and local SOEs. The private enterprises
also had the highest average TFP growth rate, followed by the local and central SOEs. The TFP
decompositions show that the TE change (TEC) and technical change (TC) indices of the SOEs were
lower than those of the private enterprises. The TC, TEC, and scale change (SC) are limiting the
TFP growth rates of the SOEs in labor-intensive industries. The SC of the SOEs has changed less
than that of private enterprises in the sampled capital-intensive industries. Northern and southern
China had the highest rates of TE and TFP growth. Indeed, this paper measures and decomposes
TFP, and analyzes the efficiency of SOEs and private enterprises in different industries and regions in
an international context.
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1. Introduction

As the goal of economic development begins to shift from the pursuit of quantity
to quality, total factor productivity (TFP) has gradually replaced factor inputs to become
the main driving force for economic growth [1]. According to the report of the Chinese
Communist Party’s 19th National Congress, China’s economy has changed from a stage of
high-speed growth to one of high-quality development, which is critical to the enhancement
of reforms in economic development and TFP. North [2], the father of new institutional eco-
nomics, suggested that an effective property rights system may provide personal incentives,
which are key determinants of economic growth and production efficiency [3].

State-owned enterprises (SOEs) are an important means for China’s central and local
governments to directly participate in the market. Compared with private enterprises,
SOEs also undertake various social functions, such as stable employment. Many differences
exist between SOEs and private enterprises in terms of how they obtain resources and
in the factor prices they receive. This mechanism hinders the free flow of production
factors to a certain extent, resulting in resource misallocation among regions, industries,
and enterprises [4,5]. As the economy’s main driver, SOEs are not only an important basis
for the socialist market economy with Chinese characteristics, but also an important pillar
for furthering the country’s modernization and defending the people’s common interests.
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According to China’s 14th Five-Year Plan for National Economic and Social Development,
extensions to the reforming of the SOEs should be guided by the need to increase effi-
ciency [6]. According to the report of the 19th National Congress, China will adhere to
the principles of quality and efficiency first; efforts will be made to prioritize supply-side
structural reforms, increase TFP, and promote high-quality economic development, effi-
ciency, and power [7]. The report repeatedly mentions TFP and emphasizes that it could be
decomposed into efficiency and dynamic changes. Hence, the study of the TFP of SOEs
from a microeconomic viewpoint is of strategic importance.

In the face of increasingly high costs of China’s factor resources, the efficiency of
industrial enterprises will directly affect the quality and speed of economic growth. The
purpose of this study is to explore whether SOEs are more or less efficient than private
enterprises. The research objectives of this paper are to (1) measure the overall efficiency of
industrial enterprises with different ownership structures and (2) compare the efficiency
differences of enterprises with different ownership structures by regions and industries. The
research in this paper is of great reference value for objective evaluations of the performance
of past industrial policies and formulations of new policies and plans.

Using micro-level data of enterprises and a stochastic frontier production model, this
study investigates the trends of the TFP and growth factor decomposition of listed central
SEOs, local SEOs, and private enterprises by using data from 2007 to 2020. The profit of
the enterprise group, which was the subject of this study, accounted for 51.56% of China’s
gross national product in 2020. Therefore, the empirical results are of great significance to
in-depth analyses of the development trend and potential of China’s industrial productivity.

A long history of academic debate on the efficiency of SOEs has produced a large num-
ber of theoretical and empirical studies, many of which were conducted on the transitional
economies of eastern Europe, countries of the former Soviet Union, and Brazil [8–11]. The
debate on the efficiency of Chinese SOEs [4,12] has resulted in the formation of two main
opposing viewpoints: SOEs are usually inefficient vs. efficient. Section 2 discusses the
literature on Chinese SOEs.

Evaluations of the effects of reforming SOEs have always been contentious in academic
circles and their production efficiency has been one of the main topics of interest. Are SOEs
usually inefficient? Do they really have lower production efficiency than other types of
businesses? Methods of measuring TFP include the Solow residual method, stochastic
frontier analysis (SFA), data envelopment analysis (DEA), and index analysis [13]. The first
two are parametric methods, whereas the latter two are nonparametric, which mainly use
linear programming to determine the production frontiers and measure TE without setting
the frontier functions or estimating the parameters in advance. Additionally, the latter
methods do not consider the influences of random factors on production efficiency; the
stability of their calculations is low, and the parameters cannot be statistically tested. The
Solow residual method attributes all the parts, except the contributions of factor inputs, of
output growth to technological progress, thereby implying that all producers could achieve
optimal production efficiency, which is difficult to achieve in actual production. Therefore,
large errors are often present in the estimation of TFP. As a parametric method, the SFA
can separate the inefficiency term from the random error term to consider the influences
of random factors; thus, the measurement results would be closer to reality [14]. The non-
parametric method of DEA to measure TFP [15,16], as well as the Solow residual method
to measure the TFP of China’s manufacturing industry and Shanghai, respectively [17,18],
have been reported in the literature. In this paper, the stochastic frontier method is used to
consider the influence of stochastic factors on the production process; the disadvantages of
the nonparametric method and Solow residual method are avoided. In addition, the SFA
in this paper is based on the transcendental logarithmic production function. Compared
with the Cobb Douglas function, the proposed method reduces the restrictions on the
invariability of returns to scale and elasticity of substitution, is more consistent with
production behavior and has more flexible parameters. The stochastic frontier method can
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also consider the interaction of input factors and time trend. This is the first novel aspect of
this paper, compared to other papers published in this field of study.

Initially proposed by Aigner, Lover, and Schmidt [19], and Meeusen, Van den Broeck [20],
the stochastic frontier production model soon became a remarkable branch of econometrics.
The model assumes that enterprises cannot reach the best level of cutting-edge technology
because of the loss of efficiency in the production process caused by non-price factors, such
as organization, management, and system.

The scope of the stochastic frontier function is broad and it can be applied to diverse
fields, such as agriculture [21,22], manufacturing [23], commercial banking [14,24,25], cul-
tural industry [26], tax collection and management [27], open-end funds [28], insurance [29],
services [30–32], research and development [33], innovation efficiency [34–37], urbaniza-
tion [38], electric power industry [39], energy efficiency [40–44], and energy savings and
emission reduction [45]. However, few studies have been conducted on the measurements
of the TFP or TE of listed companies. In particular, most studies have only measured TFP
without decomposition [17]. Even studies that have decomposed TFP have only done so for
short time spans [46]. Hence, both types of studies have not fully reflected the levels and
changing trends of TE. How can the TE of SOEs be effectively measured? To what extent
do the sub-indicators of TFP affect the efficiency of SOEs? These questions have important
theoretical and practical significance for the reform of China’s SOEs, industrial develop-
ment planning, and innovation. This is another novel aspect of this paper, compared to
other papers published in this field of study.

Using the transcendental logarithmic production function and SFA to measure the
technical efficiency (TE) and TFP, as well as their decompositions, of all listed central SOEs,
local SOEs, and private enterprises in various industries and regions for 2006 to 2020, we
have examined if SOEs are more or less efficient than other types of businesses and what
are the variations in key efficiency criteria and disparities among the efficiency of different
industries. This paper makes three contributions to the literature. First, our investigation
into the influence of company ownership structure on efficiency contributes marginally
to the thesis that the property rights system is a critical determinant of economic growth.
Second, we use data from 2006 to 2020 of all the listed companies and have updated the
time range of our study to provide an up-to-date explanation of the effects of corporate
ownership on efficiency. Third, we investigated the decompositions of the enterprises’ TE
and TFP and examined the effect mechanism of their varying levels of efficiency in terms of
ownership structure, region, and industry. This empirical study on the differences between
the efficiency of SOEs and private enterprises provides a reference for the governance
model of the coexistence and co-development of SOEs and private enterprises under mixed
ownership, which is conducive to the formation of a positive cycle of coordination between
both types of enterprises.

The remainder of this paper is structured as follows: Section 2 reviews the literature,
Section 3 proposes the SFA and the decomposition framework of the TFP growth rate,
Section 4 presents the overall measurements of TE, Section 5 discusses a comparative
analysis of the TFP growth rate decomposition, and Section 6 presents the conclusions and
relevant policy recommendations.

2. Literature Review
2.1. The Theory of SOE Inefficiency

Estrin et al. [9] argued that most studies in China had found that the effects of
non-state ownership on TFP were usually positive but sometimes negligible or nega-
tive. Zheng et al. [47] suggested that SOEs were less productive, but they survived because
of better access to credit markets. Using data from 2002 to 2009, Hao et al. [48] applied
a comprehensive factor evaluation method and concluded that the operational efficiency
of private enterprises was higher than that of SOEs. Fan et al. [49] used the DEA method
and concluded that the overall efficiency and TE of Chinese SOEs are lower than those
of foreign and private firms. Xu [50] used a stochastic frontier approach to measure the
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productivity losses of listed companies for 2006–2015; the study concluded that SOEs had
higher efficiency losses than did private enterprises. Berkowitz et al. [51] concluded that
the productivity of Chinese SOEs increased as a result of the policy of “manage large
enterprises well but ease control over smaller ones”, but the SEOs still lagged behind
foreign and private firms. Zhang et al. [52] used a three-stage DEA model to study the
productive efficiency of manufacturing firms for 2009–2014 and concluded that the overall
efficiency and pure TE of SOEs were lower than those of private firms. By calculating
TFP at the firm level in the mining and manufacturing sectors, Li and Yang [53] found
that SOEs had higher loss rates and lower TFP. Based on a firm productivity perspective,
Wang Wanjun and Liu [54] found that the proportion of zombie firms among SOEs were
much higher than the proportion of private firms. Using data from the China Industrial
Enterprise Database, Yin et al. [55] showed that enterprises with mixed ownership were
more efficient than SOEs and that a diversified ownership structure was conducive to
enterprise efficiency. Liu et al. [56] suggested that the average productivity of SOEs was
lower than that of private enterprises.

2.2. The Theory of SOE Efficiency

Hao et al. [48] argued that SOEs undertook more social functions and had higher
dynamic functional efficiency than did the other types of enterprises. Weighting and sum-
ming operational and functional efficiencies to obtain the total governance efficiency index
for different types of enterprises showed that the overall trend of governance efficiency
was higher for state-controlled enterprises and wholly controlled SOEs than for private en-
terprises. Using SFA and spatial econometric models, Zhao [57] concluded that SOEs were
the center of technology diffusion and more efficient than private and foreign enterprises
in promoting regional innovation efficiency spillover. Zhao and Fang [58] used the DEA
method to calculate the mean value (0.613) of the combined innovation efficiency of SOEs
for 2008–2015 and found that it was higher than that of non-SOEs (0.373). Tan et al. [59]
studied the efficiency of commercial banks in countries along the 21st Century Maritime
Silk Road and concluded that state-owned commercial banks were more efficient than
non-state-owned commercial banks. Using the deviation between the actual and expected
value of unit employment to measure labor investment efficiency, Kong Dongmin et al. [60]
concluded that SOEs had higher labor investment efficiency than did private enterprises.

Using different methodologies to analyze the productivity of Chinese SOEs and private
enterprises, these studies have drawn some significant conclusions but have remained
limited to comparative analyses between a purely TFP perspective and the industry level.
This study is innovative for the following reasons: first, the annual productivity of each
range of firms was measured from a micro-firm perspective. Second, we applied SFA to
decompose the growth rate of TFP.

3. Measurements and Decomposition

TFP refers to other factors that contribute to economic growth after the inputs of
capital and labor factors have been removed. TFP has a more comprehensive response to
whether the efficiency of input factors or the effects of technological progress on output
has improved. This indicator can better reflect the comprehensive level and fluctuation
of productivity than can single factor productivity. Three universal schemes can be used
to measure the TFP of enterprises: total parameter estimation (SFA), semi-parameter es-
timation (LP [61] and OP [62]), and non-parameter estimation (DEA). OP can handle
simultaneity bias and sample selection bias, but other problems may be present. For exam-
ple, the investment amounts of enterprises may be affected by the external environment
and may not completely reflect the unobservable productivity, so the estimation may fail
to meet the consistency condition. Because of the adjustment cost, the investments may
not fully respond to the change in productivity levels, so a correlation between the re-
gression quantity and the residual term would still be present, while the cost of adjusting
the intermediate input is lower. LP can respond to the whole productivity term but uses
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intermediate inputs, so LP is not significantly better than OP, which uses investment as
a proxy variable. Moreover, the Chinese economy is undergoing institutional transitions
internally and is being influenced by international economics externally. As such, avoiding
the many random disturbances and substantial factors that occur during economic growth
is almost impossible. Therefore, DEA with deterministic boundaries may not be suitable
for the measurement of the productivity of Chinese enterprises, whereas SFA will be rela-
tively more reliable [63]. Therefore, we applied SFA to measure the productivity of listed
central SOEs, local SOEs, and private enterprises by using the data from 2006 to 2020, then
conducted a comparative analysis by industry, sub-industry, region, sub-region, and type
of enterprise ownership.

3.1. Stochastic Frontier Production Model

An SFA model can be described by Equation (1):

Yi = f (xi, β)evi−ui (i = 1, 2, . . . , N), (1)

where Yi is the output, xi is the input, and β is the model parameter. The random distur-
bance εi is divided into two parts: vi to represent the statistical or random error term, and
ui to express technical inefficiency or the non-negative error term.

The random error term vi∼ N(0, σ 2
v

)
is mainly caused by uncontrollable factors, such

as natural disasters and weather. The non-negative error term ui∼ N+(0, σ 2
v

)
takes the

truncated normal distribution (the part less than 0 is removed); ui and vi are independent
of each other and the independent variables.

The model improved by Battese and Coelli [64] is widely used:

ln Yit = β0 + ∑ β jlnxit + vit − uit (i = 1, 2, . . . , N; t = 1, 2, . . . , T), (2)

where Yit and xit are the total output and input, respectively, of decision-making unit
i in period t; β is a model parameter, vit is a random error term, uit = ui e−η(t−T) is a
non-negative error term, and η is an estimated parameter.

The efficiency level of enterprise i in period t is expressed by TEit = e−uit. If ui = 0,
then TEit = 1, which indicates that the enterprise is in a state of TE. Otherwise, if uit > 0,
then 0 < TEit < 1, which means a state of technical inefficiency exists. γ = σu

2

σu2+σv2 is used

to judge if SFA should be used: when γ = 0, then σ2
v = 0, i.e., the random error term in

Equation (2) is composed only of vit, so the least square method can be directly used for
regression. When γ > 0, SFA should be adopted; TEit is mainly used to measure the distance
between an enterprise’s output and the maximum output frontier under the condition of
equal factor inputs. The greater the distance is, the lower is the TE.

3.2. Decomposition of TFP Growth Rate

Based on the analytical approach proposed by Kunbhakar [65] and used by Tu
and Xiao [66], we decomposed the growth of TFP into contributions from four sources:
(1) changes in TE (TEC), (2) efficiency of technological changes (TC), (3) changes in scale ef-
fects (SC), and (4) changes in factor allocation efficiency, (AE). The aim was to acquire a more
comprehensive view for analyzing the structure of the components of the enterprises’ TFP
growth rate.

The component of productivity change comes from the decisive part of the produc-
tion frontier described by Equation in Section 3.1, combined with the general formula of
productivity change, which is the Divisia index:

gTFP =
.
y − sk

.
K − sL

.
L (3)

where the point on the variable represents the change rate of the variable, gTFP indicates the
change rate of the TFP growth rate, and sk and sL, respectively, mean the shares of capital
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and labor in the total output; SK = PKK
PKK+PLK and SL = PL L

PKK+PL L , where pK and pL represent
the prices of capital and labor, respectively.

From the basic stochastic frontier production model yit = f (t, Lit, Kit; β)e(vit−uit), the
partial derivative of the time variable t with respect to y can be obtained:

.
y =

∂ ln f (t, L, K; β)

∂t
+(εK

.
K + εL

.
L)− ∂u

∂t
(4)

where εK and εL are the output elasticities of the capital and labor, respectively. Equation (4)
implies that the overall change in productivity is influenced by technological progress,
changes in input factors, or changes in TE.

Substituting Equation (4) into Equation (3), we obtain:

gTFP =
∂ ln f (t, L, K; β)

∂t
+ (RTS − 1)

[
λK

.
K + λL

.
L
]
+
[
(λK − sK)

.
K + (λL − sL)

.
L
]
− ∂u

∂t
(5)

where RTS = εK + εL represents the returns to scale, and λK = εK
RTS and λL = εL

RTS respectively
represent the shares of labor and capital in the standardized output. Equation (5) divides the
growth of TFP into four components listed below. The results show that the dual factors
of technological progress and TE promote the growth of TFP, while the returns to scale
measure the change in TFP caused by SC. In addition,

[
(λK − SK)

.
K + (λL − SL)

.
L
]

explains
the inefficiency of factor allocation caused by the deviations of input factor prices in terms
of the marginal product values of the factors.

The four components are thus defined:

(1) TEC: − ∂u
∂t

;

(2) TC: ∂ ln f (t,L,K;β)
∂t

;

(3) SC: (RTS − 1)
[
λK

.
K + λL

.
L
]
;

(4) AE:
[
(λK − sK)

.
K + (λL − sL)

.
L
]
.

TC refers to the increase in the maximum output that can be obtained from a given
input level, thus capturing the upward transformation of the production function. TEC
refers to the ability of an enterprise to obtain the maximum output at a given input
level and can also measure the change in TFP due to the shift to the production function.
SC refers to the change in TFP caused by the change in business scale, the influence of
which depends on technology and factor accumulation. When the returns to scale (RTS)
are constant (RTS = 1), SC is offset. With the increasing RTS (RTS > 1) and number of
production factors, the productivity growth rate of the enterprises is higher. If the number
of production factors decreases, the productivity change rate will also decrease. AE is the
change in an enterprise’s ability to choose its input level and ensure that the input-price
ratio is equal to the corresponding marginal output ratio; λL + λK = 1, λK − SK, and
λL − SL are symmetrical and opposite in sign. Therefore, the redistribution of factors,
i.e., increasing labor intensity and decreasing capital investment, will inevitably change the
allocation efficiency.

SC, TC, and TE are related to the technical part of TFP change, which can be cal-
culated by estimated production technology (such as the output distance function and
the parameters estimated by TE in Equation (1)). AE is caused by profit maximization,
which violates the first-order condition. If there are some imperfections in the market
(such as transaction costs, risks, quantity restrictions, incomplete information, or profits)
or the assumption of implied profit maximization is not enough, a violation may occur.
Because these influences are caused by market or behavioral conditions (they represent
a part of technically undetermined TFP changes), AE is called the market part of TFP
change and is the difference between the Divisia index and the three technical components:
AE = gTFP − (SC + TC + TE).
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4. Estimation and Decomposition of TFP of Chinese Listed Companies
4.1. Model Specifications

This study selected the transcendental logarithmic production function to construct
the model, which has the advantages of flexible function form, strong tolerance, and easy
estimation. Most importantly, compared with the Cobb–Douglas production function,
the proposed function can effectively avoid the constant scale return and substitution
elasticity between factors of C–D production function, and is more consistent with most
production behaviors. The proposed production function is a second-order flexible function
with adequate parameters, which can comprehensively reflect the impact of various input
factors, technical change (TC) and the interaction between input factors and TC on the
production frontier. In short, this function has certain research advantages. We set the
parameter model as follows:

ln yit = β0 + βtt + βK ln Kit + βL ln Lit +
1
2 βtt·t2 + 1

2 βKK·(ln Kit)
2 + 1

2 βLL·(ln Lit)
2 + 1

2 βKL·(ln Kit)·(ln Lit)
+βKt[(ln Kit)·t] + βLt[(ln Lit)·t] + vit − uit

(6)

where t signifies time trends, while lnyit, lnKit, and lnLit represent the logarithms of output,
capital, and labor, respectively, of listed company i (i = 1, 2, . . . , N; t = 1, 2, . . . , 10) in year t;
β indicates the parameter to be estimated; vit − uit is a composite random disturbance (εit);
vit represents random error, reflecting the non-efficiency of the system, and uit represents
technical loss error, reflecting technical inefficiency.

We adopted panel data. After considering the change path of efficiency, we chose the
truncated normal distribution, which is a form of joint distribution.

4.2. Variables and Data

The data in this study are from the Wind and CSMAR databases for 2006 to 2020. Our
research objects are 500 listed central SEOs, local SEOs, and private enterprises. When
calculating enterprise efficiency, capital and output were subtracted from the 2006 data
points to eliminate the influences of price factors. Moreover, we removed the financial
sector and enterprise data for the years when capital and output were negative. All the
original data were taken from the annual reports and consolidated financial statements of
the listed enterprises and processed as follows: the output variable is industrial added value
= depreciation of fixed assets + remuneration for workers + net production tax + earned
surplus. The data on remuneration for workers came from “the compensation of employees’
payables”; the data on earned surplus came from “operating profit”, and the data on net
production tax came from taxes and additional expenses. To eliminate the influences of
price factors, the producer price index (PPI) (based on 2006) was used to subtract the output
data. The capital input variable should be measured by the capital stock of each listed
company, but the data on the capital stock were not provided in the statistical yearbooks.
Therefore, we used the net value of fixed assets and fixed asset investment price index,
based on 2006, for the reduction. Both indices were obtained from the China Statistical
Yearbook 2020 [67]. The labor input variable should be measured by the labor time of
standard labor intensity, but the statistical yearbooks lacked detailed labor data. Scholars
usually substitute the number of employees for labor input, a method that we also adopted.

The decomposition involves calculating the cost shares of the input factors. To ensure
the availability of data, this study followed Tu and Xiao [66] by adopting the current year
sum of depreciation, amortization, and interest expenses as the costs of the capital inputs.
Moreover, we used the compensation of employees’ payables as the labor input costs. The
descriptive statistics of the indicators of the three types of listed companies are shown
in Table 1.
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Table 1. Descriptive statistics of relevant indicators of listed enterprises with three kinds of ownership.

Central State-Owned Local State-Owned Private Enterprise

Variable lnY lnK lnL lnY lnK lnL lnY lnK lnL

Mean 11.05 11.9 8.423 10.87 11.62 8.089 10.41 11.06 8.057
Std. Dev. 1.654 2.072 1.393 1.349 1.611 1.338 1.309 1.309 1.116

Min 5.674 4.696 3.466 6.235 5.43 2.708 4.46 5.061 3.178
Max 17.34 17.96 13.02 15.64 16.01 12.29 14.29 14.71 11.47

N 1920 1920 1920 3390 3390 3390 2190 2190 2190

4.3. Industry Classification Method

According to Lu Tong and Dang Yin [68] and the industry classification of the China
Securities and Regulatory Commission (CSRC) 2012 [69], the manufacturing industry can be
subdivided into 44 sub-industries classified into labor-, capital-, and technology-intensive,
as shown in Table 2.

Table 2. Industry classifications by factor intensity.

Labor-Intensive Capital-Intensive Technology-Intensive

A Agriculture, forestry, animal
husbandry and fishery
B Mining industry
C13 Processing of food from
agricultural products
C14 Manufacture of foods
C15 Wine, beverage and refined
tea manufacturing
C17 Manufacture of textile
C18 Manufacture of textile wearing
apparel and fashion
C19 Manufacture of leather, fur, feather
and related products, manufacture
of footwear
C20 Processing of timber, manufacture of
wood, bamboo, rattan, palm and
straw products
C21 Manufacture of furniture
D Production and supply of electric
power, heat power, gas and water
E Construction industry
F Wholesale and retail trade
G Transportation, warehousing and
postal services
R Culture, sports and
entertainment industry
S Comprehensive

C22 Manufacture of paper and
paper products
C23 Printing, reproduction of
recording media
C24 Culture and education, art, sports
and recreation goods manufacturing
C25 Processing of petroleum, coking,
processing of nuclear fuel
C26 Manufacture of raw chemical
materials and chemical products
C28 Manufacture of chemical fibers
C29 Manufacture of rubber and plastics
C30 Manufacture of non-metallic
mineral products
C31 Smelting and pressing of
ferrous metals
C32 Smelting and pressing of
non-ferrous metals
C33 Manufacture of metal products
K Real estate industry
L Lease and business services industry
M Scientific research and
technology services
N Water conservancy, environment and
public facilities management
Q Health and social work
O Residential services, repairs and
other services

C27 Manufacture of medicines
C34 Manufacture of general
purpose machinery
C35 Manufacture of special
purpose machinery
C36 Automobile manufacturing industry
C37 Manufacturing of railway, marine,
aerospace and other
transportation equipment
C38 Manufacture of electrical machinery
and equipment
C39 Manufacture of communication
equipment, computers and other
electronic equipment
C41 Other manufacturing
C43 Manufacture of metal products,
machinery and equipment
repair industry
I Information transmission, software and
information technology services

Note: According to Lu and Dang [68] and the industry classification of China Securities Regulatory Commission
in 2012 [69], the manufacturing industry can be divided into 44 sub industries, which are labor intensive, capital
intensive and technology intensive. Source: own elaboration.

The term ‘labor-intensive industries’ refers to production that mainly depends on
labor and the wage expenditures of which account for a large proportion of the production
costs. These industries can be classified into 16 subsectors, such as mining, processing
of agricultural products, and textiles, etc. Capital-intensive industries mainly rely on
large amounts of capital input and belong to traditional state-owned monopoly industries.
During China’s economic reforms and liberalization, private and foreign capital were
introduced to improve the supply capacity and the enthusiasm of enterprises to operate
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independently. However, monopoly power still exists, because the nature of China’s society
cannot achieve complete market competition. Capital-intensive industries include paper
manufacturing, smelting and pressing of ferrous metals, transportation, warehousing,
and postal services, among 18 other sub-industries. Technology-intensive industries are
characterized by high investments, high risks, high competition, and long transformation
cycles of scientific and technological achievements. These industries play very important
leading roles in China’s innovation-driven development strategy. Hence, government
subsidies play a very important role in the development of these industries, which include
10 sub-industries, such as the manufacture of medicines, automobiles, communication
equipment, computers, and other electronic equipment.

4.4. Total Estimate Results of SFA

Before SFA estimation, descriptive statistics (Table A1) and correlation analysis (Table A2)
are performed on the variables in Equation (6). As indicated by the Jarque–Bera test, the
10 variables of interest were non-normally distributed at the 1% levels [70–72].

Stata 16.0 software was used to estimate the frontier production function. The esti-
mated parameter values and test results are shown in Table 3.

Table 3. SFA estimation results of all ownership enterprises.

Parameter
(1) (2) (3)

Central State-Owned Enterprise Local State-Owned Enterprise Private Enterprise

β0 8.058 *** 9.041 *** 12.843 ***
(18.22) (15.50) (11.92)

βt 0.076 *** 0.139 *** 0.098 ***
(4.03) (7.24) (3.05)

βK −0.568 *** −0.193 * −0.208
(−6.34) (−1.94) (−1.33)

βL 0.573 *** −0.039 −1.001 ***
(4.03) (−0.35) (−4.45)

βtt 0.004 *** 0.002 *** 0.000
(6.09) (3.86) (0.04)

βKK 0.089 *** 0.046 *** 0.030 ***
(13.42) (7.54) (2.60)

βLL 0.075 *** 0.065 *** 0.081 ***
(5.95) (8.59) (6.29)

βKL −0.126 *** −0.062 *** −0.011
(−9.28) (−5.74) (−0.53)

βKt −0.006 *** −0.008 *** −0.005
(−2.82) (−4.10) (−1.33)

βLt −0.005 * −0.005 ** 0.002
(−1.74) (−1.97) (0.59)

γ 0.876 0.889 0.867
Observations 1920 3390 2190

Number of dmu 128 226 146
Wald chi2 (9) 3265.72 3120.31 2423.62
Prob > chi2 0.000 0.000 0.000

Log likelihood −1423.292 −2809.570 −2000.917

Notes: 1 *, ** and *** are significant at the level of 10%, 5% and 1%, respectively, and the z statistic is in parentheses.
2 The symbols above the variable column correspond to Equation (6), and the variable description table is shown
in Table A4. 3 Prob > chi2 indicates the concomitant probability of chi square, which is less than 1%, indicating
that the model as a whole passes the significance test at the significance level of 1%.

Most of the coefficients in the SFA results for the central SOEs are significant at the
level of 1%; γ = 0.876 shows that 87.6% of estimation error is due to technical inefficiency
loss, while 12.4% of estimation error is caused by uncontrollable pure random factors,
so the adoption of SFA is justified. The maximum likelihood value is −1423.292, which
indicates that the model fits well. Most of the coefficients of the local SOEs are significant at
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the level of 1%; γ = 0.889 shows that more than 88.9% of estimation error is due to technical
inefficiency loss, while 10.1% of estimation error is caused by uncontrollable pure random
factors, so SFA is also justified. The maximum likelihood value is −2809.570, which also
indicates that the model fits well. Most of the coefficients of the private enterprises are
significant at the level of 1%. Next, γ = 0.867 shows that more than 86.7% of estimation
error is due to technical inefficiency loss, while 13.3% of estimation error is caused by
uncontrollable pure random factors, so SFA is again justified. The maximum likelihood
value is −2000.917, which again indicates that the model fits well.

5. Comparison of TE and TFP Decompositions of Listed Enterprises
5.1. Comparison of TE

With the application of Stata 16.0, an SFA model based on the transcendental logarith-
mic production function was used to measure the enterprises’ TE; the average TE values
for each year (from 2007 to 2020) are shown in Figure 1. Private enterprises have the overall
highest mean value of TE, followed by the central and local SOEs. The overall trends of
change in TE for all three enterprises during the thirteen-year period are roughly the same.
In 2008, a significant plunge was followed by a climb over the following two years. TE
declined significantly again in 2011 and 2012, fluctuated slightly during 2013–2015, in-
creased in 2016–2018, then decreased. Notably, during 2017–2018, the TE of both the private
enterprises and local SOEs decreased, whereas that of the central SOEs still maintained
growth momentum, despite a low rate.
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Figure 1. Trends of technical efficiency change of enterprises under all kinds of ownership in 2007–2020.

The following sections present comparative analyses of the preliminary TE measure-
ments by industry and region. In terms of industry, the enterprises have been classified
into labor-, capital-, and technology-intensive, according to the different percentages of
their input factors. SOEs have different monopoly powers among these three industries, so
we can analyze if the effects of their monopoly power on TE have really been negative. In
terms of region, all the provinces, districts, and municipalities directly under the central
government in mainland China have been divided into seven regions, so the comparison
has analyzed if geographical factors affected TE and if the SOEs with really low TE were
limited to particular regions or were distributed over the whole mainland.

5.1.1. Comparison of TE by Industry

All the listed enterprises were classified according to the three intensive industries,
and their average TE values from 2007 to 2020 are shown in Table 4.
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Table 4. The average value of TE of enterprises under all kinds of ownership by industry.

Industry Classification Central State-Owned Enterprise Local State-Owned Enterprise Private Enterprise Industry Average

Labor-intensive 0.5879 0.5816 0.5741 0.5812
Capital-intensive 0.5673 0.4982 0.6063 0.5573

Technology-intensive 0.5886 0.6122 0.6111 0.6040

In terms of overall industry averages, capital-intensive industries have the highest TE,
followed by labor- and technology-intensive. However, the TE of the private enterprises
in the technology-intensive industries is higher than in the capital-intensive, because of
the low TE of the central and local SOEs in the technology-intensive industries, especially
that of the latter, which is only 0.49822 and pulls down the TE of the technology-intensive
industries as a whole. In the labor-intensive industries, the TE of central SOEs, local SOEs
and private enterprises are very close to the industry average (the gap between them
and the industry average is less than 0.01). Therefore, the single factor ANOVA method
is used to compare the TE differences of different ownership, because the concomitant
probability of F statistic is 0.4254 > 0.1 (Table A3.). These industries have been reformed to
a certain extent, to separate the government and enterprises, as the latter is the foundation
of national economic life. However, 39 central SOEs and 118 local SOEs account for 78.89%
of the overall number of enterprises, of which only 42 are private. This finding indicates
that the monopoly power of SOEs still exists in the labor-intensive industries and puts
up high barriers to entry for private enterprises. However, monopoly reduces the market
competition faced by SOEs, while private enterprises can improve their competitiveness
through layoffs. Therefore, the technical efficiency of state-owned enterprises and private
enterprises in labor-intensive industries is almost the same.

For the capital-intensive industries, both the local SOEs and private enterprises have
relatively high TE, whereas the central SOEs are relatively less technically efficient. The
scale and crowding effects are two sides of the same coin, and agglomeration also leads
to a transformation from the former to the latter [73]. In general, SOEs have more capital
and scale resources, so they have certain advantages in terms of time and space, as well as
efficiency. Therefore, when environmental interference factors are excluded, SOEs should
be more efficient, as is reflected in the higher TE of the local SOEs. However, when the
scale effect reaches a certain level, this can lead to an intra-industry crowding effect, with
consequences such as large but single volumes of business, non-profit orientations of
enterprise resources, or too many branch offices in an enterprise, all of which lead to a less
than optimal allocation of production factors. The benefits of scale originally enjoyed by
the central SOEs have become weaker than those of the local SOEs and private enterprises,
which have been more flexible in resource allocation.

In the technology-intensive industries, the TE of the private enterprises is the highest,
followed by those of the local and central SOEs, which still have certain advantages over the
local SOEs. This is mainly because of the formers’ high-tech traits, strong innovation, high
degree of industrial concentration, strong market competitiveness, the rapid elimination of
private enterprises, and the higher requirements for product market competitiveness. When
private enterprises cannot provide competitive products or services for a sustained period
of time, they tend to be eliminated from the market, leaving behind those with relatively
high TE and high output efficiency. Among the SOEs, the central ones undertake most of
the scientific research tasks that are extremely important to the development of national
science and technology. Additionally, they are supported by a high density of high-tech
talents and strong government subsidies. For example, in 2020, the central SOEs in scientific
research and technology services received subsidies totaling CNY 27,149,396,967.25, while
local SOEs received CNY 25,932,459,902.26.

5.1.2. Comparison of TE by Region

China’s mainland is generally divided into seven geographical regions: northeast-
ern (Heilongjiang, Jilin, and Liaoning Provinces), eastern (Shanghai City; Jiangsu, Zhe-
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jiang, Anhui, Fujian, Jiangxi, and Shandong Provinces), northern (Beijing and Tianjin
Cities; Shanxi and Hebei Provinces; Inner Mongolia Autonomous Region), central (Henan,
Hubei, and Hunan Provinces), southern (Guangdong and Hainan Provinces; Guangxi
Zhuang Autonomous Region), southwestern (Sichuan, Guizhou, and Yunnan Provinces;
Chongqing City; Tibet Autonomous Region), and northwestern (Shaanxi, Gansu, and Qing-
hai Provinces; Ningxia Hui and Xinjiang Uygur Autonomous Regions). Table 5 lists by de-
scending order of average TE each type of enterprise in each region over a ten-year period.

Table 5. Average TE of ownership enterprises by region.

Region Central State-Owned Enterprises Local State-Owned Enterprises Private Enterprises Mean Value

North China 0.6567 0.6684 0.5363 0.6205
South China 0.6272 0.6036 0.5714 0.6007
East China 0.5943 0.5816 0.6115 0.5958

Northeast China 0.5022 0.5202 0.6287 0.5504
Southwest China 0.4579 0.4791 0.6252 0.5208
Northwest China 0.3855 0.4527 0.6977 0.5119

Central China 0.5225 0.4526 0.4585 0.4779

The three regions with the highest mean TE are the northern, southern, and eastern.
Beijing has made great contributions to the TE of northern China, with a mean value of
0.6739, which ranks second among all the provinces. The TE of southern China ranks second
among all the regions. Here, Guangdong Province has made important contributions, with
an average TE of 0.6150, which ranks fifth among all provinces. The average TE of eastern
China is slightly lower than that of southern China. The main driving engine is Shanghai,
with an average TE of 0.6955, which ranks first among all the provinces. However, the
average TE of Anhui Province in eastern China is low, at only 0.5119, which lowers the
overall level of the region’s TE, such that it ranks third among all the regions. Although
the average TE of SOEs in eastern China is far lower than that in southern China, eastern
China has the largest number of private listed enterprises among all the regions. During
2007 to 2020, 1185 observations accounted for 54.11% of the total number of private listed
enterprises. With this huge base, the average TE of the private enterprises in eastern China
remained at 0.6115, which has generally raised the TE level of all types of listed companies
in the region. The average TE of the local SOEs in the top three regions is much higher
than those in the remaining regions, but the differences in the TE of the private enterprises
among the seven regions are not very large. In particular, the TE of central China’s central
SOEs ranks fourth among the regions. However, the low level of the TE, at only 0.4526 of
the local SOEs, leaves this region ranking last. Therefore, we can conclude that the level of
the TE of the local SOEs largely determines the level of the whole region.

In recent years, the average value of the TE of the central SOEs in northeastern
China has ranked fourth, mainly because the mean value of the TE of the central SOEs
in Heilongjiang Province has only been 0.3451. Only the mean value of the TE of the
central SOEs in the Ningxia Hui Autonomous Region is lower. The central SOEs in
Heilongjiang Province involve only four industries, namely power, heat, gas, and water
supply (the TE of one listed enterprise is 0.2959), agriculture, forestry, animal husbandry,
and fishery (the TE of one listed enterprise is 0.3801), and manufacturing (the TE of two
listed enterprises is 0.3840; the TE of one listed enterprise in the railway, ship, aerospace,
and other transportation equipment manufacturing industry is 0.4636; and the TE of one
listed enterprise in the chemical raw materials and chemical products manufacturing
industry is 0.1923). The average TE of the central SOEs in the chemical raw materials
and products manufacturing industry is only 0.1923, while the highest is 0.4636 in the
railway, ship, aerospace, and other transportation equipment manufacturing industries.
The average TE of the other two industries is within the range of 0.29–0.39.

The average TE of the central SOEs in these four industries in Heilongjiang Province
is at a very low level. The province is located in the cradle of the old industrial base
in northeastern China, the manufacturing industry of which used to be representative
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of the region’s economic competitiveness. However, in the past decade, the traditional
manufacturing industry has faced the constraints and challenges of overcapacity, excessive
debt burden, a weakening comparative advantage, and a declining position in the national
industrial division of labor. However, the emerging manufacturing industry is small in
scale and insufficient in capacity. The manufacturing industry has a structural imbalance,
which hinders regional economic development. As a result, the TE of the central SOEs
in the manufacturing industry of Heilongjiang Province is very low. In contrast, the TE
is relatively high, mainly in Jilin Province, because the FAW Group’s subsidiary in this
province is engaged in automobile manufacturing, which is one of the industries with the
highest degree of automation. The average TE has reached 0.8530, which has raised the
average level of the central SOEs in the manufacturing industry of Jilin Province.

Northwestern China is a vast area characterized by drought and water shortages,
widespread deserts, a great deal of wind and sand, a fragile ecology, a sparse population,
rich mineral resources, and underdevelopment. Therefore, this region has disadvantages in
the level of the TE of all types of enterprises.

5.2. Decomposition and Comparison of TFP

A large difference exists between the total number of employees in the databases of
some enterprises and the data of industrial added value after reduction in successive years.
It is reasonable to suspect that abnormal values are present in the original data, which
would make the calculated SC and AE values too large or too small, thereby affecting the
stability of the results. Therefore, we removed 36 abnormal values with SC and AE greater
than 5 or less than −5, which would account for 0.48% of the total number of 7500 records,
to ensure the stability of the results, which are shown in Table 6.

Table 6. SFA decomposition results of all ownership enterprises, from 2007 to 2020.

Year TE TC SC AE gTFP

Central state-owned enterprises

2007 0.1878 −0.0125 −0.0518 0.0486 0.1721
2008 −0.0447 −0.0061 −0.0630 0.0373 −0.0766
2009 0.2150 0.0004 −0.0381 0.0036 0.1808
2010 0.1127 0.0063 −0.0660 0.0733 0.1264
2011 −0.0225 0.0138 −0.0264 0.0334 −0.0016
2012 0.0881 0.0201 −0.0460 0.0222 0.0844
2013 0.1037 0.0267 −0.0436 −0.0195 0.0673
2014 0.0760 0.0335 −0.0410 −0.0414 0.0270
2015 −0.0061 0.0406 −0.0287 −0.0471 −0.0414
2016 0.3380 0.0473 −0.0527 −0.0401 0.2925
2017 0.1426 0.0546 −0.0287 −0.0174 0.1510
2018 0.0060 0.0622 −0.0252 0.0073 0.0503
2019 0.0311 0.0693 −0.0461 −0.0056 0.0487
2020 0.0112 0.0769 −0.0159 −0.0203 0.0518

Mean value 0.0885 0.0309 −0.0410 0.0024 0.0809

Local state-owned enterprises

2007 0.2187 0.0264 −0.0800 0.0503 0.2154
2008 0.0055 0.0296 −0.0604 0.0476 0.0225
2009 0.1730 0.0324 −0.0611 −0.0147 0.1295
2010 0.2695 0.0353 −0.0925 0.0131 0.2254
2011 0.0171 0.0384 −0.0736 0.0534 0.0352
2012 −0.0458 0.0405 −0.0963 0.0743 −0.0273
2013 0.0828 0.0438 −0.0615 −0.0064 0.0587
2014 0.0189 0.0468 −0.0472 −0.0104 0.0081
2015 0.1338 0.0498 −0.0721 −0.0501 0.0614
2016 0.1787 0.0529 −0.0731 −0.0105 0.1480
2017 0.1702 0.0565 −0.0230 −0.0072 0.1966
2018 0.0039 0.0606 −0.0120 0.0010 0.0535
2019 −0.0265 0.0640 −0.0190 −0.0140 0.0045
2020 0.0152 0.0674 −0.0587 −0.0176 0.0064

Mean value 0.0868 0.0460 −0.0593 0.0078 0.0813
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Table 6. Cont.

Year TE TC SC AE gTFP

Private enterprises

2007 0.1432 0.0665 −0.0808 0.0313 0.1602
2008 −0.0651 0.0666 −0.0742 0.0496 −0.0231
2009 0.2820 0.0663 −0.1069 −0.0300 0.2114
2010 0.1356 0.0664 −0.0718 0.0257 0.1558
2011 0.0173 0.0661 −0.0395 0.0275 0.0713
2012 −0.0495 0.0660 −0.0807 0.0264 −0.0378
2013 0.2097 0.0656 −0.0589 −0.0467 0.1697
2014 0.0275 0.0653 −0.0604 −0.0206 0.0118
2015 0.0421 0.0648 −0.0980 −0.0112 −0.0022
2016 0.2272 0.0645 −0.0678 −0.0367 0.1872
2017 0.1001 0.0645 −0.0566 −0.0036 0.1043
2018 −0.0357 0.0645 −0.0468 −0.0020 −0.0201
2019 0.0512 0.0643 −0.0112 −0.0152 0.0891
2020 0.1686 0.0642 −0.0273 −0.0461 0.1594

Mean value 0.0896 0.0654 −0.0629 −0.0037 0.0884

Table 6 shows the TFP growth rate of all types of enterprises, from 2007 to 2020, as
well as four decomposition parts, in which TEC represents the growth rate of TE. Since
2006 was used as the base year for calculating TE, SC, and AE, the information from that
year was not considered.

Horizontal and vertical line graphs of the TFP growth rates from 2007 are shown in
Figure 2. In the horizontal graph, the change trend of the TFP growth rate for private
enterprises is the smoothest, and the mean value is the highest. In general, the TFP growth
rates in 2020 are all lower than in 2007. In most years, all the enterprises were able to
maintain their rates, which declined only in 2008, 2012, and 2014. The main reason is the
negative TE change rates, which reduced the TFP growth rates. In 2008, the financial crisis
reduced the TFP growth rates of all enterprises, but subsequent macroeconomic control by
the state increased them in 2009, with the largest increase for private enterprises. The TFP
growth rates of the central SOEs, local SOEs, and private enterprises reached their highest
in 2017, at 0.1349, 0.1325, and 0.1327, respectively.
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Figure 3 shows the mean values of the four decomposition parts of each type of
enterprise. In terms of overall TE, all types experienced an increasing trend. In the
horizontal graph, private enterprises had the highest mean rate of TE growth, followed by
local and central SOEs. This situation may have been due to a series of policies, such as
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‘invigorate the large enterprises while relaxing control over the small ones’ and ‘strategic
adjustment’. Larger SOEs had been given more high-quality resources and were more
dependent on government subsidies. In fact, these policies and the cheap credit provided
to the SOEs resulted in changes in TE lower than those of the sampled private enterprises.

Mathematics 2023, 11, x FOR PEER REVIEW 15 of 23 
 

 

 
Figure 2. Change chart of TFP growth rates by ownership enterprises. 

Figure 3 shows the mean values of the four decomposition parts of each type of en-
terprise. In terms of overall TE, all types experienced an increasing trend. In the horizontal 
graph, private enterprises had the highest mean rate of TE growth, followed by local and 
central SOEs. This situation may have been due to a series of policies, such as ‘invigorate 
the large enterprises while relaxing control over the small ones’ and ‘strategic adjustment’. 
Larger SOEs had been given more high-quality resources and were more dependent on 
government subsidies. In fact, these policies and the cheap credit provided to the SOEs 
resulted in changes in TE lower than those of the sampled private enterprises. 

 
Figure 3. TFP decomposition by ownership enterprises. 

The changes in technological progress are positive in ascending order by the central 
SOEs, local SOEs, and private enterprises. This can be explained by the central SOEs being 
strongly directed by the central government, so they face little competition, and conse-
quently, the motivation for technological progress is low. The local SOEs and private en-
terprises are motivated, due to the large enterprise base and fierce competition. 

In contrast with changes in TE and technological progress, scale efficiency depresses 
the growth rate of TFP. Changes in scale efficiency were all negative in ascending order 
by private enterprises, local SOEs, and central SOEs (−0.0283). After the downsizing of the 
central SOEs by the State-Owned Assets Supervision and Administration Commission 
(SASAC), they are no longer large central enterprises that have significant control over 
important industries of the national economy and over people’s livelihoods; nor do they 

Figure 3. TFP decomposition by ownership enterprises.

The changes in technological progress are positive in ascending order by the central
SOEs, local SOEs, and private enterprises. This can be explained by the central SOEs
being strongly directed by the central government, so they face little competition, and
consequently, the motivation for technological progress is low. The local SOEs and private
enterprises are motivated, due to the large enterprise base and fierce competition.

In contrast with changes in TE and technological progress, scale efficiency depresses
the growth rate of TFP. Changes in scale efficiency were all negative in ascending order
by private enterprises, local SOEs, and central SOEs (−0.0283). After the downsizing of
the central SOEs by the State-Owned Assets Supervision and Administration Commission
(SASAC), they are no longer large central enterprises that have significant control over
important industries of the national economy and over people’s livelihoods; nor do they
have strong driving forces in new energy, new materials, aerospace, intelligent manufac-
turing, and other industries. The central enterprises generally adopt overall listing and
operate the whole group as a listed company. The resources between the group and its
subsidiaries, as well as among departments, can be better integrated as upstream and
downstream are combined. As a result, average costs and operational risks are reduced, in
order to realize external economies of scale. As a whole, improvements in scale efficiency
have great potential to boost TFP.

The factor allocations have improved to a relatively small extent. The factor allocation
efficiency of both SOEs has improved faster than that of the private enterprises, indicating
that the significant marketization process of China’s economy has also gradually improved
the marketization degree of the private enterprises, so the market can reasonably and
effectively allocate resources. Nonetheless, the AE of the SOEs is lower, which may be due
to the fact that the SOEs have long been an important means by which China’s central and
local governments have participated in the market. Consequently, the SOEs undertake
social functions, such as facilitating stable employment. Their market-oriented reforms are
challenging [53]. The SOEs and the private enterprises differ greatly in terms of obtaining
resources and receiving factor prices. This mechanism has hindered the free flow of
production factors to a certain extent and has resulted in the allocation efficiency of the
SOEs not reaching the growth rate of the private enterprises.
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5.2.1. Comparison of TFP Decompositions

Figure 4 shows the average values of the four components.
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different industries.

The SC of all industries is negative, indicating that the SC has hindered the growth
of TFP. For the central SOEs, the TFP growth rate is relatively low in the labor-intensive
industries (0.0104) but relatively high in the technology-intensive (0.0265) and capital-
intensive industries (0.0240). The decomposition indices of the TFP growth rates show that
the main factors hindering the rates of the central SOEs in the labor-intensive industries
are the TEC (0.0031) and TC (0.0233), which are far lower than in the other industries.
Therefore, the central SOEs should attach importance to the improvement of TE and TC in
the labor-intensive industries. They should also effectively increase the TFP growth rates
by increasing investments in technological innovation. Similarly, the TFP growth rates
of the local SOEs are the lowest in the labor-intensive industries (0.0169), highest in the
technology-intensive industries (0.0563), and medium in the capital-intensive (0.0319) in-
dustries. A comparison of the decomposition indices of the TFP growth rates by industry
shows that low EC and SC are the main factors that hinder the TFP growth rates of the
labor-intensive industries. In the capital-intensive industries, the TFP growth rates are
lower than that of the technology-intensive industries, mainly because of low TEC. For
private enterprises, the TFP growth rates in all industries are relatively similar and high at
about 0.05. The TEC of the labor-intensive industries is significantly lower than those of the
other two. In the technology- and capital-intensive industries, SC decreases significantly,
by −0.0510 and −0.0527, respectively, which seriously affects the improvement of the TFP
growth rates.

The labor-intensive industries have the lowest TEC and smallest decrease in SC, sug-
gesting that the TFP growth rates currently rely mainly on the maintenance of the scale
effect, rather than the increase in TE. The scale effect of the local SOEs is the lowest, but
their resource allocation efficiency is the highest. The technology-intensive industries have
the highest increase in TEC (0.0425 for local SOEs), and the highest rate of TC, (0.06566 for
private enterprises). These findings suggest that the high degree of openness and intensity
of competition has provided incentives for innovation and TEC. The scale effect of private
enterprises decreases the most, followed by local SOEs. In the capital-intensive industries,
private enterprises have the largest decrease SC at −0.0527, as well as the highest TEC and
TC. Since the marketization in China has been on track, the domestic economy has under-
gone a transformation from undersupply to oversupply. Market competition has become
increasingly fierce since the economic reforms and liberalization, so enterprises must invest
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more in technological innovation and improve their efficiency. Private enterprises have
recognized the importance of technology and have taken the path of development largely
driven by technology rather than scale.

5.2.2. Decomposition and Comparison

Figure 5 shows the decomposition results of the TFP growth rates in each region.
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In general, the TFP growth rates in various regions have been supported by TEC and
TC, which have especially been the most important contributing factors. The TEC of each
region is positive, with the highest being 0.0512 in northwestern China, while those in
eastern, central, and southern China are higher than 0.02. The TC of each region is higher
than 0.04, with the highest being 0.0514 in eastern China. The SC is negative in all regions,
indicating that improvement is required. The AE is negative in central and northwestern
China, indicating that the matching ratios of the factors in these regions are unreasonable.
In northern and southern China, the AE is higher, at 0.0100 and 0.0089, respectively, which
indicates effective contributions to their TFP growth rates.

A comparison of the average regional TE shows that the TFP growth rate in southern
China (0.0501) is the highest. Its average TE is also high, ranking second. The average
growth rate of TFP in northwestern China is relatively high, also ranking second, but the
average TE is relatively low, ranking third from the bottom. In contrast, the average TFP
growth rate in northern China is relatively low, ranking sixth, whereas the average TE is
high, ranking first.

The changes in TE and TC in northeastern and southwestern China are similar, but
their TFP growth rates rank quite differently, mainly because of the large difference in their
SC. The SC in southwestern China decreased by −0.0546, which has seriously affected the
increase in that region’s TFP growth rate. However, the SC in northeastern China has the
smallest decrease of −0.0173, which ranks the region’s TFP growth rate relatively high.

6. Conclusions

This study uses stochastic frontier analysis (SFA), a transcendental logarithmic produc-
tion function, and the industrial added value and labor input data (from 2006 to 2020) of
listed central state-owned enterprises (SOEs), local SOEs, and private enterprises. The data
are used to calculate the enterprises’ technical efficiency (TE). In addition, we divided the
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growth rate of total factor productivity (TFP) into four components: TE change (TEC), tech-
nical change (TC), scale change (SC), and allocation efficiency change (AE). The conclusions
are as follows:

First, the private enterprises have the highest TE, followed by the central and local
SOEs. The TFP growth rate of the private enterprises is the most stable but has declined
overall. The TEC and TC of the private enterprises are also the highest, followed by the
local and central SOEs. However, the SC and AE of the central SOEs are better than those
of the private enterprises.

Second, a cross-industry comparison of the labor-, capital-, and technology-intensive
industries shows that the TFP growth rates of the central SOEs were relatively low in the
labor-intensive industries, mainly because of the low TEC and TC. Therefore, increasing
investment in technological innovation would be urgently required. The main reasons for
the low TFP growth rates in the labor-intensive enterprises are the low TEC and SC of the
local SOEs. The TFP growth rates of private enterprises in all three industries are higher
than the average levels. The TFP growth rates of the labor-intensive industries mainly
depend on the maintenance of SC, rather than the improvement of TE. The technology-
intensive industries actively engage in TC and have high TE. In the capital-intensive
industries, the decreases in the SC of the central and local SOEs are smaller, but their TEC
and TC are lower than those of private enterprises.

Third, a cross-regional comparison shows that the local SOEs in a region largely
determined that region’s TE level during the study period. Northern China has the highest
TE, and southern China has the highest TFP growth rate. Eastern China has the highest
number of private enterprises, which the region relies on to raise its level of TC.

The overall efficiency of China’s SOEs is relatively low. The results of this study
provide China’s interpretation of the international experience, based on the theory of
property rights and monopoly. The main point of monopoly theory is that monopoly creates
economic profits, rather than competition. Therefore, enterprises that enjoy a monopoly
lack the power to reduce costs and innovate technology, which leads to inefficiency. This
situation is common in both Western countries and China. Peterson and Lewis believed
that the existence of monopolistic enterprises was not threatened, because these enterprises
could obtain monopoly-based profits, even if their costs increased [74]. The view of property
right theory is that the ownership of SOEs belongs to all members of society, but the theory
is not specific regarding who exercises the ownership rights on behalf of all members of
society. This leads to unclear property rights, unclear responsibilities, and the absence
of owners, which, in turn, causes the operators of SOEs to lack effective incentives and
constraints, ultimately affecting the overall efficiency of SOEs. Dilorenzo and Robinson [75],
and Atkinson and Halvorsen [76] concluded that the low efficiency of SOEs was mainly
due to the capital subsidies received by those enterprises.

Our results convey some messages for policymakers. To a certain degree, the central
SOEs are more efficient than the local SOEs, which should learn from the central SOEs
in terms of the direction of deepening reforms. Listed companies still have much room
to achieve sustainable growth through the improvement of TFP. From the perspective of
property rights theory, through the supervision and incentive mechanism, the reform of
SOEs can ensure that the residual claim and residual control rights of managers during their
tenure partially correspond to each other. This would reduce the SOEs’ loss of efficiency.
Moreover, SOEs should consider making use of their scale advantages to put more effort
into technological development, and technological innovation should be promoted. From
the perspective of monopoly theory, this paper recommends that the industries in which
the SOEs have high degrees of monopoly should improve the degree of openness and allow
the market to develop high-intensity competition to a certain extent. The acceleration of
marketization, allowance of the rational and free flow of factors and resources between
SOEs and non-SOEs, and improvement of the factor allocation efficiency of the SOEs
are necessary. Local SOEs and private enterprises should also learn from the central
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SOEs, strengthen the integration of the various links and linkages between upstream and
downstream, and improve the external scale effect.

This study has some limitations. We did not further compare the efficiency of SOEs
in multiple economies. Moreover, we used the transcendental logarithmic production
function, but did not consider the case of multiple outputs. These will be the direction of
future research in this field.
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Appendix A

Table A1. Descriptive stati stics.

t lny lnk lnl t2 lnk2 lnl2 lnklnl tlnk tlnl

Mean 8.529 10.850 11.570 8.221 89.000 136.800 69.210 96.610 100.100 71.310
Median 9.000 10.770 11.447 8.248 81.000 131.034 68.032 94.005 96.966 69.646

Minimum 2.000 4.460 4.696 2.708 4.000 22.050 7.334 21.280 11.720 5.416
Maximum 15.000 17.340 17.960 13.020 225.000 322.700 169.500 233.500 265.600 192.900
Std. dev. 4.033 1.431 1.696 1.274 70.150 40.150 20.950 26.790 52.030 37.240
Skewness −0.008 0.393 0.201 −0.117 0.520 0.823 0.555 0.731 0.249 0.227
Kurtosis 1.787 3.923 3.995 3.987 2.000 4.600 4.254 4.796 2.101 2.090

Jarque–Bera test 416.8 *** 416.4 *** 326.3 *** 291.6 *** 589.7 *** 1492 *** 794 *** 1518 *** 298.9 *** 292.6 ***
Observations 6794 6794 6794 6794 6794 6794 6794 6794 6794 6794

Note: *** indicate significance at the 1% and 5% levels, respectively.

Table A2. Correlation matrix.

Variables lny t lnk lnl t2 lnk2 lnl2 lnklnl tlnk tlnl

lny 1
t 0.282 *** 1

lnk 0.711 *** 0.202 *** 1
lnl 0.631 *** 0.232 *** 0.678 *** 1
t2 0.273 *** 0.979 *** 0.195 *** 0.217 *** 1

lnk2 0.732 *** 0.201 *** 0.992 *** 0.671 *** 0.194 *** 1
lnl2 0.657 *** 0.225 *** 0.691 *** 0.991 *** 0.212 *** 0.692 *** 1

lnklnl 0.747 *** 0.234 *** 0.903 *** 0.916 *** 0.222 *** 0.907 *** 0.929 *** 1
tlnk 0.452 *** 0.951 *** 0.466 *** 0.398 *** 0.935 *** 0.465 *** 0.397 *** 0.468 *** 1
tlnl 0.437 *** 0.952 *** 0.379 *** 0.486 *** 0.935 *** 0.378 *** 0.482 *** 0.472 *** 0.970 *** 1

Note: *** indicate significance at the 1% and 5% levels.

Table A3. Single factor ANOVA table for labor-intensive industries.

Source of Variation SS df MS F p-Value F Crit

Between groups 0.1065 2 0.0532 0.8550 0.4254 2.9987
Within groups 187.5677 3012 0.0623

Total 187.6742 3014

https://www.wind.com.cn/
https://www.gtarsc.com
http://www.stats.gov.cn/tjsj/ndsj/
http://www.stats.gov.cn/tjsj/ndsj/


Mathematics 2023, 11, 657 20 of 22

Table A4. Variables definition.

Variable Description

t Time trends.
lnyit Logarithms of the output of the listed company i (i = 1, 2, . . . , N; t = 1, 2, . . . , 10) in year t.
lnkit Logarithms of the capital of the listed company i (i = 1, 2, . . . ,N; t = 1, 2, . . . , 10) in year t.
lnlit Logarithms of the labor of the listed company i (i = 1, 2, . . . , N; t = 1, 2, . . . , 10) in year t.
vit Random error, reflecting the non-efficiency of the system.
uit Technical loss error, reflecting technical inefficiency.

Number of dmu Number of enterprises in each model. Each enterprise has 15 years of data, from 2006 to 2020, which
is a balanced panel.

γ
γ = σ2

u
σ2

u+σ2
v

, γ is the proportion of technical invalid rate in random disturbance term; when γ

approaches 1, this shows that the error of SFA estimation is mainly due to the loss of technical
efficiency, and SFA fits the production function model well.
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