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Abstract: Calculating China’s industrial total factor productivity (TFP) at the prefectural level com-
prehensively and accurately is not only an inevitable requirement for China’s industrialization to
enter the new development stage of “improving quality and efficiency”, but also a practical need
for TFP improvement at the industrial level. Based on the improved Solow residual method with
the general nesting spatial model embedded, this paper comprehensively calculated the industrial
TFPs of 280 prefectural cities in China from 2003 to 2019, and undertook a detailed analysis of the
spatiotemporal evolution law of the calculation results through Dagum’s Gini coefficient and kernel
density estimation. Three main conclusions have been drawn in this paper. First, there is an apparent
spatial difference among the industrial TFPs of the prefectural cities in China. It is the poorest and has
an evident declining trend in northeast China, and best in eastern China, while the development of
central and western China is between east and northeast China. Second, the spatial difference level of
industrial TFPs of the prefectural cities in China shows a general development trend of firstly falling
and then rising. Comparatively speaking, the contribution of intra-group differences is low, while the
contribution of inter-group and the intensity of trans-variation are high. Third, the spatiotemporal
evolution of China’s industrial TFPs at the prefectural level has the following characteristics: the
overall distribution curve moves firstly towards the right and then left, the kernel density at the peak
point continuously declines, the distribution ranges are firstly widening and then narrowing, and the
tails of the distribution curve are constantly extending. Meanwhile, the distribution figures of the
kernel density estimation in different regions show apparent heterogeneity.

Keywords: industrial TFPs; general nesting spatial model; improved Solow residual model; kernel
density estimation; Dagum’s Gini coefficient

1. Introduction

The 20th CPC National Congress held from 16 to 22 October 2022, pointed out that
China should focus on the real economy and advance new industrialization to pursue
economic growth. Industry is an important part of the real economy and vital for national
economic growth. However, the proportion of the added value of the industry in China’s
GDP has been decreasing in recent years. In 2021, the ratio was 32.58%, 12.28% lower
than in 2002. Under the declining trend of the relative scale of industrial development, it
will be an eternal theme for China’s high-quality economic development to fully improve
industrial TFPs. The prefectural city is one of the five major administrative levels in China
and is located between provinces and counties. Calculating China’s industrial TFPs at
the prefectural level accurately, and describing their laws of spatiotemporal evolution
systematically, is not only an inevitable requirement for China’s new industrialization but
also the practical need for formulating and implementing scientific policies to improve
TFPs at the industrial level in China’s prefectural cities.

Industrial TFP is the industrial productivity emphasizing the efficiency after deducting
input factors and intermediate inputs from industrial outputs. Recent studies related to
the industrial TFP mainly concentrate on the calculation methods. Generally, industrial
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TFPs are mostly calculated through two dimensions, including frontier and non-frontier.
The frontier dimension focuses on the gaps between the actual process in industrial pro-
duction and the production frontiers. There are two kinds of methods in the frontier
dimension, including data envelopment analysis (DEA) and stochastic frontier analysis
(SFA). The DEA method is derived from Farrell’s (1957) analysis [1] and developed into a
relatively mature paradigm by Charnes et al. (1978) [2] and systematically explained by
Tone (2001) [3]. At present, the methods in the DEA family include DEA-CCR, DEA-BBC,
DEA-SBM, super efficiency DEA, etc. [4]. The DEA method usually calculates the TFPs
combined with some specific indexes, including the Malmquist index [5–7], the Luenberger
index [8,9], and the ISP index [10]. Under the framework of DEA, the industrial TFP can
be decomposed into the rate of changes in industrial resource allocation efficiency and the
rate of industrial technological progress. Further, the rate of changes in industrial resource
allocation efficiency can be decomposed into the rate of changes in scale efficiency and
the rate of changes in factor disposability, and the rate of changes in pure technological
efficiency. In contrast, the rate of industrial technological progress can be decomposed
into the rate of neutral technology progress and the rate of technological progress with
non-neutral inputs [11,12]. The SFA method is derived from the systematic interpretation of
Kumbhakar and Lovell (2000) [13,14]. In the SFA analysis, the production function adopts
the transcendental logarithmic function, the distribution of the random disturbance term
is preset to be the normal distribution, and the distribution of the production inefficiency
term is preset to be semi-normal distribution. Under the framework of SFA, the industrial
TFP can be decomposed into four parts, including frontier technology progress, relative
frontier technology efficiency, resource allocation efficiency, and economies of scale [15].
The above two methods for calculating the industrial TFPs in the frontier dimension have
certain defects. The DEA method cannot consider non-input factors and cannot eliminate
the correlations between multiple outputs. Meanwhile, the preset function form and distri-
bution form in the SFA method will actually reduce the accuracy of TFP calculation because
there is no scientific evidence for the production function or the distributions to be the
same as the preset ones.

The non-frontier dimension focuses on calculating industrial TFP through particular
algebraic expressions, statistical indexes, or production functions. Nadiri and Prucha (1990)
once designed an algebraic expression for the growth rate of TFP, which included three
parts: the direct impacts of technological changes, the direct effects of the profit markup
of input factors, and the effects of the economies scale [16,17]. Industrial TFP can also be
calculated by the difference or ratio of the comprehensive growth rates of the inputs and
outputs, and these comprehensive rates are usually obtained by the statistical weighting
values of the inputs and the outputs, respectively [18–21]. The advantage of the methods
based on the algebraic expressions and statistical indexes is that they do not need to preset
the production function form or the distributions of random variables, and directly use the
equations or the indexes to calculate the TFPs. However, the biggest defect of calculating
TFP based on the equations or the indexes lies in the imprecision of determining the factor
input share. More precisely, there is no special discussion on the shares of capital, labor,
and other input factors. Industrial TFPs can also be calculated by the Solow residual
method, which is one of the most popular methods in the non-frontier dimension. The
core logic for calculating the industrial TFPs by the Solow residual method lies in the ratio
between the industrial outputs and the product of each input with its share as exponential.
Compared with other non-frontier methods, the advantage of the Solow residual method
lies in that the shares of the input factors are included in the calculation process of the
TFPs. Basically, the shares of the inputs are equal to the parameters of inputs per capita,
which can be estimated from the empirical production function. In the early analysis of
the Solow residual method, the empirical production function is usually designed as the
Cobb–Douglas production function, and the input factors only include capital and labor,
and the relevant parameters are usually estimated by the ordinary least squares under
the assumptions of constant returns to scale and technology neutrality [22]. There are
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many limitations of the Solow residual method in the early analysis. Improvement of these
limitations promotes new progress in the Solow residual method and its applications in the
field of industrial TFP calculation.

Historically speaking, there are four aspects of expansions in calculating industrial TFP
by the Solow residual method. First, extend the Cobb–Douglas function to more general
empirical production functions with different formulas of technological progress [23,24].
These more general functions considered the explanatory variables, periods, and their cross
terms and usually calculated the growth rate of the TFPs by the difference between the
output growth rates and the product of the inputs growth rates and their shares [25–27].
Second, refine the substitutional indicators of the explained variables and the explanatory
variables in the production function. The refined process of the explained variables is mainly
to examine whether choosing the gross values or the added values as the substitutional
indicators of the industrial outputs will improve the accuracy of the calculated results of
the industrial TFPs. Zhu and Chen (2020) support employing the gross values in the cost
and production functions to calculate the industrial TFPs with less heterogeneity [28]. The
refined process of the explanatory variables is mainly to select the scientific substitutional
indicators of capital and labor and intermediate inputs, while especially some studies
decomposed the capital into the investment in construction and installation works and
the investment in machinery and equipment [29]. Third, deal with the individual effects
differently in the production function. There are three paths for treating these individual
effects. The first way is to set the individual effects as fixed and estimate them as in the
general panel data modeling. The second way is to estimate the individual effects in the
production function using the OP method [30], which decomposes the individual effects
into investment and individual investment expectation, takes investment as the proxy
variable, and considers the monotonic relationships between outputs and muti-period
investment. The third way is to estimate the individual effects using the LP method.
The LP method closely approximates the OP method [31]. However, the OP method
takes investment as the proxy variable, while the LP method takes intermediate inputs
as the proxy variable. Fourth, improve estimation methods of the parameters in the
production function. The improved estimation methods mainly include the differential
GMM method and consistency estimation considering the survival probability [32,33]. The
differential GMM method mitigates the endogeneity of the model by taking the lag term
of the explained variable as the instrument variable, while the latter avoids the “survivor
bias” by adding the probabilities of the entrance and exit of the enterprises into the model.

Recently, some research pointed out that the industrial TFPs calculated by the Solow
residual method and its four expansions were not scientifically accurate because the
spillover effects of the explained variable, the explanatory variable, and the random distur-
bance term are usually ignored in the estimation of the empirical production function [34,35].
Thus, spatial econometrists began to embed spatial econometric models into the calculation
methods of TFP. Tientao et al. (2016) used the spatial Durbin model to capture technology
spillover and calculate the TFP [34]. Barilla et al. (2020) embedded the general nesting
spatial model (GNSM) into the Solow residual method to calculate total factor logistics
productivity [35]. However, this kind of embedded analysis is still in the stage of explo-
ration and attempt, and its method logic is not entirely mature. In the analysis of Tientao
et al. (2016), the embedded model was not a general formula of the spatial econometric
model but the spatial Durbin model (SDM) [34]. In the analysis of Barilla et al. (2020),
although the general formula of the spatial econometric model had been taken into account,
only four kinds of estimated results from the models of NSM, SAR, SEM, and SAC were
reported [35]. Actually, as the general formula of the spatial econometric model, the GNSM
could be degraded to seven other spatial econometric models, including NSM, SXL, SAR,
SEM, SDM, SDEM, and SAC [36,37]. Thus, there were still four other kinds of estimated
results from the potential models that need to be reported. Meanwhile, Barilla’s analysis
did not point out the scientific solutions for calculating the TFPs and the shares of the input
factors based on the Solow residual method with the GNSM model embedded. After all,
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the marginal effects of explanatory variables are not directly expressed as their estimated
parameters in the spatial econometric analysis. In this paper, GNSM will also be embedded
into the Solow residual method to estimate the empirical production function and calculate
China’s industrial TFP at the prefectural level. In contrast with the analysis of Barilla et al.
(2020) [35], our study will provide scientific solutions for calculating industrial TFPs under
the framework of both the Solow residual method and the spatial econometrics, and also
choose an optimal model from all the estimated results of the potential models to determine
the shares of the input factors. Moreover, the spatiotemporal difference and evolution
law of the calculated industrial TFPs of China’s prefectural cities will also be analyzed
using Dagum’s Gini coefficient and kernel density estimation. This paper will have three
marginal contributions to related research: first, the calculation scale of China’s TFPs will be
extended from the provincial level or the enterprise level to the prefectural industrial sector
scale; second, the most general formula of the spatial econometric model, GNSM, will be
used to improve the Solow residual method, and the scientific solutions for calculating
the industrial TFPs and the shares of the input factors under the improved models will
also be explained; third, spatial differences and spatiotemporal evolution law of China’s
prefectural industrial TFPs are systematically analyzed by the method of Dagum’s Gini
coefficient and kernel density estimation.

2. Model Settings and Methods Description
2.1. The Production Function Model for the Industrial Sectors of China’s Prefectural Cities

The GNSM is usually regarded as the most general spatial econometric model because
it considers all the spillover effects from the dependent and independent variables and
disturbance terms of the spatiotemporal neighbors. We employ the following production
function models as shown in Equations (1) and (2) to calculate the industrial TFPs of China’s
prefectural cities.

Log
(

YIPL
LIPL

)
= α + ρ

[
STW × Log

(
YIPL
LIPL

)]
+ β1Log

(
KIPL
LIPL

)
+ β2Log

(
EIPL
LIPL

)
+θ1

[
STW × Log

(
KIPL
LIPL

)]
+ θ2

[
STW × Log

(
EIPL
LIPL

)]
+ ui + vt + µ

(1)

µ = λ(STW × µ) + ε (2)

In Equation (1), the logarithmic model with variables of inputs and outputs per capita
is employed, and the GNSM is also embedded into this logarithmic model. The subscript
IPL indicates that the data of the corresponding variables are dealt at the dimension of
China’s prefectural industrial sectors. Y indicates the outputs of the industrial sectors of
China’s prefectural cities, while K, L, and E separately indicate inputs of capital, labor, and
energy of the industrial sectors of China’s prefectural cities. α, β1, β2, θ1, θ2 are exogenous
parameters, ui and vt separately indicate individual fixed effects and period fixed effects,
i = 1, 2, · · · , N, t = 1, 2, · · · , T.

In Equations (1) and (2), STW is the spatiotemporal weight matrix to reflect the
spillover effects among China’s prefectural industrial sectors in the spatial and temporal
dimensions. The details of the settings of STW will be specially discussed later. ρ and λ are
spatial correlation parameters. µ and ε are disturbance terms, where ε follows a normal
distribution with zero mean and constant variance, and the distribution of µ is decided by
Equation (2).

2.2. Settings of Spatiotemporal Weight Matrix

Correct settings of the spatiotemporal weight matrix (STW) are essential for estimating
Equations (1) and (2). The STW, which can accurately reflect the spillover effects in the
spatial and temporal dimensions among China’s industrial sectors at the prefectural level,
is regarded as the best. However, these spillover effects are usually abstruse, vague, and
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insubstantial. In this paper, we set the STW by the Kronecker multiplier of the temporal
weight matrix and the spatial weight matrix, as shown in Equations (3)–(7).

STW = kron(TW, W) (3)

Wij =
Wij

(0)

∑
j

Wij
(0)

, Wij
(0) =

{ 1
d2

ij
, i 6= j

0, i = j
(4)

dij = re × arccos
[
sin(φiξ)sin

(
φjξ
)
+ cos(φiξ)cos

(
φjξ
)
cos
(

ϕiξ − ϕjξ
)]

(5)
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TWτυ

(0)

∑
υ

TWτυ
(0)

, TWτυ
(0) =

{
0, τ < υ

Moran_Iτ
Moran_Iυ

, τ ≥ υ
(6)

Moran_Iτ =

N
N
∑

i=1

N
∑

j=1
Wij(ηi,τ − ητ)

(
ηj,τ − ητ

)
(

N
∑

i=1

N
∑

j=1
Wij

)
N
∑

i=1
(ηi,τ − ητ)

2
, ητ =

1
N

N

∑
i=1

ηi,τ (7)

In Equation (3), W indicates the spatial weight matrix that reflects the spillover effects
among the industrial sectors of the prefectural cities in the same year. TW indicates the
temporal weight matrix that reflects the changes in the spillover effects during different
periods. STW is the spatiotemporal weight matrix, and Kron is the Kronecker multiplier.

The W is constructed as shown in Equations (4) and (5). In Equation (4), Wij
(0) is

the element of the W before standardization and is equal to the reciprocal of the square
of longitude and latitude distance (dij). The longitude and latitude distance is calculated
as in Equation (5), where re is the earth’s radius and equal to 6378.1 km; i and j are the
numbers of the prefectural cities, i 6= j; ϕ, φ are the longitude and latitude of the prefectural
cities; ξ is the empirical constant and equal to π/180; sin(·), cos(·), and arccos(·) are the
sine function, the cosine function, and the arccosine function. Wij is the row stochastic
standardized element of the W, where the standardization method is shown as Equation
(4). Wij

(0) is equal to 0 when i = j; it means the diagonal elements of the W are zeros, and
there are no spillover effects when the prefectural cities are the same one.

The TW is constructed in Equations (6) and (7). In Equation (6), TWτυ
(0) and TWτυ

are the elements of the TW before and after row stochastic standardization. TWτυ
(0) is

calculated by the ratios of the global Moran’s I, as shown in Equation (6). τ, υ are the
numbers of periods, Moran_Iτ and Moran_Iυ are the global Moran’s I at the period of τ
and υ calculated based on the W. In Equation (6), when τ is smaller than υ, TWτυ

(0) is equal
to 0; when τ = υ, TWτυ

(0) is equal to 1; and when τ is bigger than υ, TWτυ
(0) is equal to the

ratio of the global Moran’s I in corresponding years [38]. The global Moran’s I is calculated
as shown in Equation (7). In Equation (7), i and j are also the numbers of the prefectural
cities; Wij is the element of the spatial weight matrix designed as Equation (4); ηi,τ , and
ηj,τ indicate the values of some economic index reflecting the spillover effects between the
prefectural cities i and j at the period of τ; ητ is the mean value of this economic index of
all the prefectural cities at the period of τ; N is the total number of the prefectural cities.

2.3. Method of Calculating Industrial TFP of China’s Prefectural Cities: Based on the Improved
Solow Residual Method

In the normal analysis of the Solow residual method, the production function is usually
preset as Y = AKαLβ, where Y is the outputs, and A, K, and L are technology, capital, and
labor, α and β are the input share of capital and labor, α + β = 1, 0 < α < 1, and 0 < β < 1.
Let y = Y/L and k = K/L, and the TFP and its growth rate will separately be A = y

kα̂ ,

and A′
A = y′

y − α̂× k′
k under the framework of the Solow residual method, where α̂ is the

estimated share of the capital input, and the symbol of ‘ indicates the first-order derivative
of the corresponding variable. However, if the GNSM is embedded into the Solow residual



Sustainability 2023, 15, 322 6 of 21

method, the preset empirical production function model is changed, as in Equations (1) and
(2). Thus, the calculation of TFPs and the shares of the input factors will also be changed.

Set Ω1 = (INT − ρ× STW)−1, Ω2 = (INT − λ× STW)−1, yIPL = YIPL/LIPL, kIPL =
KIPL/LIPL, and eIPL = EIPL/LIPL, and the data generating process (DGP) of the empir-
ical production function model in Equations (1) and (2) can be obtained, as shown in
Equation (8).

Log(yIPL) = Ω1(β1 INT + θ1 × STW)Log(kIPL) + Ω1(β2 INT + θ2 × STW)Log(eIPL)
+Ω1(α + ui + vt) + Ω1Ω2ε

(8)

In Equation (8), INT is an identity matrix with N × T rows and N × T columns; N and
T are, separately, the total number of prefectural cities and years sampled in the model.
Taking the natural number as the base, we can obtain the production function under the
framework of both the Solow residual method and the spatial econometrics by carrying
out power operations for both sides of Equation (8), as shown in Equation (9) [39].

yIPL = Ã(kIPL)
αk (eIPL)

αen (9)

In Equation (9), Ã = exp[Ω1(α + ui + vt) + Ω1Ω2ε]; αk and αen are the shares of
capital and energy, αk = Ω1(β1 INT + θ1 × STW), αen = Ω1(β2 INT + θ2 × STW); other
expressions are defined the same as in Equations (1) and (2). The production function
in Equation (9) is similar to that of the Solow residual method, but the empirical model
in Equations (1) and (2) is more accurate because all the spillover effects in industrial
production in China’s prefectural cities have been taken into account. We thus define our
way to calculate the industrial TFP of China’s prefectural cities as an improved Solow
residual method.

By estimating the empirical model in Equations (1) and (2) and its degradation formu-
las and choosing the optimal estimated model, we can calculate shares of inputs per capita
in China’s prefectural industrial sectors. Thus, combined with the shares and the outputs
and inputs per capita, the industrial TFPs of China’s prefectural cities can be calculated by
the Solow residual method, as shown in Equation (10).

̂TFPIPL,∗ =
yIPL

(kIPL)
âk,∗(eIPL)

âen,∗
(10)

In Equation (10), the definition of yIPL, kIPL, and eIPL is the same as in Equation (9).
The symbol of ∗ indicates the optimal model selected from the estimated model of Equations
(1) and (2) and its degradation models. ̂TFPIPL,∗ indicates the calculated industrial TFPs of
China’s prefectural cities based on the selected optimal model. âk,∗, âen,∗ indicate the shares
of inputs of capital and energy calculated based on the optimal model selected.

The calculation formulas of the shares of inputs of capital and energy are not the same
when the optimal model has a different form, as shown in Table 1. Trace(·) is the statistic
of trace; the hat (̂) above the parameters means the estimated value. GNSM, SDEM, SAC,
SDM, SEM, SAR, SXL, and NSM are the eight main spatial econometric models, which are,
separately, the abbreviation of the general nesting spatial model, the spatial Durbin error
model, the spatial autocorrelation model, the spatial Durbin model, the spatial error model,
the spatial autoregressive model, the spatial X-lag model, and the non-spatial model. These
eight models have been discussed and used frequently in recent studies after the systematic
promotion by Elhorst (2014) [36]. It is worth noting that, because the shares of capital and
energy in Equation (9) are matrices with N × T rows and columns, we define the mean
value of diagonal elements of these matrices as the final shares of input factors for each
optimal model. We did not consider the mean value of all the elements because the input
factors in the Solow residual method are not indirect but direct.
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Table 1. Formulas of shares of capital and energy in China’s prefectural industrial sector under the
different optimal models.

Models Share of Capital Inputs (âk,*) Share of Energy Inputs (âen,*)

GNSM 1
NT Trace

{[
Ω̂1
(

INT β̂1 + STW θ̂1
)]} 1

NT Trace
{[

Ω̂1
(

INT β̂2 + STW θ̂2
)]}

SDM

SDEM 1
NT Trace

(
INT β̂1 + STW θ̂1

) 1
NT Trace

(
INT β̂2 + STW θ̂2

)
SXL

SAC 1
NT Trace

(
Ω̂1 β̂1

) 1
NT Trace

(
Ω̂1 β̂2

)
SAR

SEM
β̂1 β̂2NSM

2.4. Method of Analyzing the Spatial Differences and Spatiotemporal Evolution Law of China’s
Industrial TFPs at the Prefectural Level
2.4.1. Dagum’s Gini Coefficient

Dagum’s Gini coefficient is a vital tool to analyze the spatial difference, and its principal
characteristic is to divide the coefficient into three parts: intra-group difference, inter-group
difference, and difference in intensity of trans-variation [40]. In this section, the spatial
differences of China’s industrial TFPs at the prefectural level will be analyzed based on
Dagum’s Gini coefficient, and the temporal evolution law of the spatial differences will
also be interpreted through changes in the coefficients in different years, as shown in
Equations (11)–(16). In Equation (11), G indicates Dagum’s Gini coefficient; Gw, Gnb, and
Gt separately indicates intra-group difference, inter-group difference, and difference in
intensity of trans-variation, as shown in Equation (12).

G = Gw + Gnb + Gt (11)

Gw =
k
∑

j=1
GjjPjSj, Gnb =

k
∑

j=1
∑

h 6=j
Gjh
(

PjSh + PhSj
)

Djh,

Gt =
k
∑

j=1
∑

h 6=j
Gjh
(

PjSh + PhSj
)(

1− Djh

) (12)

Gjj =

nj

∑
i=1

nj

∑
l=1

∣∣∣ ̂TFPIPL,ji − ̂TFPIPL,jl

∣∣∣
2n2

j
̂TFPIPL,j

, Gjh =

nj

∑
i=1

nh
∑

r=1

∣∣∣ ̂TFPIPL,ji − ̂TFPIPL,hr

∣∣∣
njnh

(
̂TFPIPL,j + ̂TFPIPL,h

) (13)

Pj =
Nj

N
, Sj =

Nj ̂TFPIPL,j

NT̂FPIPL

, Sh =
Nh ̂TFPIPL,h

NT̂FPIPL
, Djh =

djh − pjh

djh + pjh
(14)

djh =

∞∫
0

dFj

(
̂TFPIPL,ji

) ̂TFPIPL,ji∫
0

(
̂TFPIPL,ji − ̂TFPIPL,hr

)
dFh

(
̂TFPIPL,hr

)
(15)

pjh =

∞∫
0

dFh

(
̂TFPIPL,ji

) ̂TFPIPL,ji∫
0

(
̂TFPIPL,ji − ̂TFPIPL,hr

)
dFj

(
̂TFPIPL,hr

)
(16)

In Equation (12), Gjj is the intra-group Gini coefficient of industrial TFPs of China’s
prefectural cities, while Gjh is the inter-group Gini coefficient. The definition of Gjj and
Gjh is shown as in Equation (13), where j and h are different spatial groups divided. In
Equation (12), Pj is the ratio of prefectural cities of the spatial group j in all the prefectural
cities; Sj and Sh indicate the proportions of the sum of the industrial TFPs in spatial groups



Sustainability 2023, 15, 322 8 of 21

j and h in the sum of the industrial TFPs of all the prefectural cities; ̂TFPIPL,j and ̂TFPIPL,h
indicate the mean values of industrial TFPs of prefectural cities in the spatial group j and h;

T̂FPIPL indicates the mean value of industrial TFPs of all the prefectural cities; Nj and Nh
are the numbers of prefectural cities in the spatial group j and h; Djh indicates the relative
influence power between spatial group j and h. The definitions Pj, Sj, Sh, Djh are shown in
Equation (14). djh indicates the sum of influences of both spatial group j and h, as shown in
Equation (15), while pjh indicates the first moment of trans-variation between spatial group
j and h, as shown in Equation (16).

2.4.2. Kernel Density Estimation

Kernel density estimation (KDE) is another important method for analyzing the laws
of spatiotemporal evolution [41,42]. Generally, KDE explains the characteristic of the
empirical distribution of a variable by particular kernel function and bandwidth. It can
describe the spatiotemporal evolution law by the changes in the empirical distributions
in different periods. There are many kernel functions, such as Gaussian and bi-square
functions, etc., and various bandwidth settings, such as fixed or adaptive, etc.

Suppose the industrial TFP of China’s prefectural cities is a random variable with
independent and identical distribution, and the estimated industrial TFPs of China’s
prefectural cities based on the selected optimal spatial model are the samples of the random
variable. Moreover, suppose f (·) and F(·) are separately the probability density function
and cumulative probability distribution function of the variable of the industrial TFP,
where F

(
TFP0) = Prob

(
TFP < TFP0), and TFP0 is the value of one of the industrial TFPs.

Thus, the KDE value of the industrial TFPs of China’s prefectural cities can be defined as
Equation (17).

f
(

T̂FPτ

)
=

1
N × hh

N

∑
i=1

K

 T̂FPi,τ − T̂FPτ

hh

 (17)

In Equation (17), K(·) is the kernel function and hh is the bandwidth. T̂FPτ is the
mean value of the estimated industrial TFPs of China’s prefectural cities at the period of τ,
which can be calculated by the mean value of T̂FPi,τ in a particular year. Furthermore, we
adopt the Gaussian kernel function and select the optimal bandwidth by the principle of
minimum average integral error in this paper.

3. Data Processing of Related Variables and Their Description Statistics

As shown in Equations (1) and (2), the industrial growth in China’s prefectural cities
is mainly decided by the inputs of factors of capital, labor, and energy of the industry
sectors. We will take the gross value of industrial outputs in China’s prefectural cities as
the output index in this paper, and take industrial capital stock, industrial total employed
persons, and industrial electricity consumption as the inputs of factors of capital, labor,
and energy of the industry sectors in China’s prefectural cities. The period adopted in
our research is 2003–2019. The main reason is that China formally implemented the new
industrialization strategy in 2003, which has new requirements for higher production
efficiency of the industrial sectors; meanwhile, for the sake of comparative completeness of
the data, we limit the deadline of our research cycle to 2019.

The prefectural cities adopted in our study include 265 prefectural cities and 15
sub-provincial cities. The 265 prefectural cities include all the prefectural cities in China
excluding Danzhou and Sansha in Hainan, Chaohu in Anhui, Laiwu in Shandong, Bijie
and Tongren in Guizhou, Haidong in Qinghai, Turpan and Hami in Xinjiang, and Xigaze,
Changdu, Linzhi, Shannan and Naqu in Tibet, because they adjusted the administrative
level from lower level during 2003–2019. The 15 sub-provincial cities include Guangzhou,
Wuhan, Harbin, Shenyang, Chengdu, Nanjing, Xi’an, Changchun, Jinan, Hangzhou, Dalian,
Qingdao, Shenzhen, Xiamen, and Ningbo. It is worth pointing out that the four munici-
palities of Beijing, Shanghai, Tianjin, and Chongqing, and the two unique administrative
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regions of Hong Kong and Macao, are excluded from our research because their scale of
industrial growth is different from the 280 cities employed in our study.

We collected related data firstly from the EPS statistical database, China economic and
social development statistical database, DRCnet statistical database, China urban statistical
yearbook, China regional statistical yearbook, and China statistical yearbook, etc., and then
processed the data as follows: First, the total industrial output value above designated size
is used to replace the gross value of industrial outputs at the prefectural level. Second,
industrial capital stock in China’s prefectural cities is calculated by the perpetual inventory
method, as shown in Equation (18).

Kt,IPL = Kt−1,IPL × (1− ηIPL) + (It,IPL/Pt,IPL)× 100 (18)

In Equation (18), Kt,IPL indicates the actual industrial capital stock at the prefectural
level in the year t, Kt−1,IPL indicates the actual industrial capital stock at the prefectural
level in the previous year t − 1, ηIPL is the depreciation rate, It,IPL indicates the added
fixed assets in the prefectural industrial sectors in the year t, and Pt,IPL is the fixed-asset
investment prices index. Third, the related data are adjusted to their actual values, taking
1990 as the base period. More details of the data processing can be found in our related
study [42]. Then, the descriptive statistical properties of the relevant data can be obtained
by summarizing the data of the inputs and outputs in industrial sectors in China’s 280
prefectural cities during 2003–2019 and reshaping them in the way of cities first and then
period, as shown in Table 2.

Table 2. Descriptive statistics of related variables for calculating China’s industrial TFPs at the
prefectural level.

Gross Value of
Industrial Outputs
(100 Million Yuan)

Industrial Capital
Stock

(100 Million Yuan)

Industrial Total
Employed Persons

(10 Thousand)

Industrial Electricity
Consumption

(100 Million kWh)

Mean 200.41 239.67 15.48 107.15
Median 121.62 137.56 9.43 65.66

Maximum 2160.22 3984.01 260.92 1611.90
Minimum 3.29 2.14 0.31 0.23
Std. Dev. 235.51 291.34 20.73 133.45
Skewness 2.93 3.04 5.15 4.15
Kurtosis 14.66 18.42 43.34 30.69

Jarque-Bera 3.38 × 104 5.45 × 104 3.44 × 105 1.66 × 105

Probability 0.0000 0.0000 0.0000 0.0000
Sum 9.54 × 105 1.14 × 106 7.37 × 104 5.10 × 105

Sum Sq. Dev. 2.64 × 108 4.04 × 108 2.04 × 106 8.48 × 107

Observations 4760 4760 4760 4760

Note: the results are obtained based on MATLAB R2020a and EVIEWS 11.0.

4. The Calculation Results of China’s Industrial TFPs at the Prefectural Level and the
Analysis of the Law of Their Spatiotemporal Evolutions
4.1. The Spatial and Temporal Weight Matrices

In the calculation process of industrial TFPs with the GNSM embedded, the spa-
tiotemporal weight matrix needs to be exogenous. There are many types of exogenous
spatiotemporal weight matrices, such as the spatiotemporal weight matrix with the el-
ements equal to the reciprocal of Euclidean distances in three-dimensional space, the
spatiotemporal weight matrix with the elements equal to ones when the distances in the
spatial and temporal dimensions are less than a specific value, the Kronecker multiplier
of the identity matrix and the spatial weight matrix, and the Kronecker multiplier of the
lower triangular matrix with all the element equal to ones and the spatial weight matrix,
etc. However, these types of exogenous spatiotemporal weight matrices cannot capture the



Sustainability 2023, 15, 322 10 of 21

real spillover effects and their changes among different periods accurately because of their
subjective settings.

In this paper, we introduce a new spatiotemporal weight matrix to more accurately
capture the real spillover effects among the prefectural cities and their changes during
the sampling periods, as shown in Equations (3)–(7). According to Equations (4) and (5),
the spatial weight matrix reflecting the spillover effects of China’s 280 prefecture cities
can be determined as shown in Figure 1a. On this basis, we can determine the temporal
weight matrix by calculating the global Moran’s I in each year and the ratios between any
two years, as shown in Figure 1b. Subsequently, the spatiotemporal weight matrix can
be determined by the Kronecker multiplier of the temporal weight matrix and the spatial
weight matrix, as shown in Figure 1c.

It is worth noting that the global Moran’s I in the year τ (Moran_Iτ) can be calculated
according to Equation (7), where we define η as the values of some economic index in the
previous analysis. This economic index should reflect the real spillover effects among the
prefectural cities and their changes during the sampling periods, and also be independent
of the explained variable and the explanatory variables for eliminating the endogeneity. We
take the estimated residuals (0̂) of the model of Equation (19) as the alternative value of the
economic index. In Equation (19), ξ0, ξ1, ξ2 are exogenous parameters, and 0̂ is the random
disturbance term. Other variables and symbols are defined the same as in Equation (1).

Log(YIPL/LIPL) = ξ0 + ξ1Log(KIPL/LIPL) + ξ2Log(EIPL/LIPL) +0 (19)
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Figure 1. The weight matrices reflect spillover effects in 280 prefectural cities and their changes
during 2003–2019. (a) Spatial weight matrix; (b) Changes in the spillover effects during different
periods; (c) Spatiotemporal weight matrix. Note: this figure is drawn by MATLAB R2020a. In
subgraph (a), the horizontal axis and the vertical axis both indicate 280 prefectural cities; in subgraph
(b), the axes both indicate the years from 2003 to 2019; in subgraph (c), the axes both indicate the
pooled series with 280 cities and 17 years sorted first by the cities and then the years.

4.2. Selection of the Optimal Estimated Model and Calculation of China’s Industrial TFPs at the
Prefectural Level

The selection of the optimal model of the estimated production function is a milestone
step for calculating China’s industrial TFPs at the prefectural level. Basically, in spatial
econometric models, we consider first whether the model has spatial effects or not and
which types of spatial effects should be considered in the model, and then investigate the
individual or period fixed effects or random effects. Therefore, based on the spatiotemporal



Sustainability 2023, 15, 322 12 of 21

weight matrix in Figure 1c and the data of the variables of inputs and outputs, we first
estimated eight spatial econometric models without individual fixed effects and period
fixed effects and random effects, as shown in Table 3. The eight models include the model
in Equations (1) and (2) and their seven degradation models.

Table 3. Estimated results of eight spatial models without fixed effects and random effects.

NSM SXL SAR SDM SEM SDEM SAC GNSM

Const. 1.8445
(66.69 ***)

1.1687
(22.76 ***)

−0.2521
(−5.62 ***)

0.2062
(43.22 ***)

20.414
(86.63 ***)

19.635
(119.43 ***)

1.3248
(9.76 ***)

2.4504
(6.14 ***)

Log(K/L) 0.6128
(51.41 ***)

0.4774
(33.22 ***)

0.3498
(32.95 ***)

0.4552
(11.21 ***)

0.456
(66.62 ***)

0.4503
(43.41 ***)

0.4502
(41.21 ***)

0.4404
(40.07 ***)

Log(E/L) 0.066
(6.04 ***)

0.0817
(7.26 ***)

0.0942
(10.89 ***)

0.0995
(7.95 ***)

0.0992
(11.42 ***)

0.1088
(12.07 ***)

0.1009
(11.77 ***)

0.1069
(11.86 ***)

STW ×
Log(K/L)

0.5161
(14.77 ***)

−0.4676
(−38.29 ***)

−0.0433
(−1.40)

−0.2676
(−4.91 ***)

STW ×
Log(E/L)

−0.0748
(−2.40 **)

−0.0764
(−2.73 ***)

0.1013
(3.51 ***)

0.0964
(3.23 ***)

ρ0
0.866

(53.58 ***)
0.9899

(33.58 ***)
−0.133

(−3.24 ***)
0.4004

(4.46 ***)

λ0
0.99

(5040.3 ***)
0.99

(7078.2 ***)
1.2072

(64.20 ***)
0.9019

(43.24 ***)
R̂2 0.4788 0.5053 −0.3163 −520.13 −0.3163 0.7044 0.7113 0.7032
σ2 0.3265 0.3099 0.2037 0.1854 0.2037 0.1850 0.1807 0.1857

Log(L) −4088.4 −3963.1 −1354.6 −1123 −1354.6 −1117.7 −1084.5 −2771.7

Note: the above outputs were collected based on MATLAB R2020a. () represents T-statistic, ***, and ** mean
having passed the hypothesis test with a significance level of 1%, and 5%.

In Table 3, the goodness of fit of the models of SAR, SDM, and SEM is negative, the
estimated parameter of the composed variable (STW × Log(K/L)) is not significant in the
model of SDEM, and the estimated spatial autoregressive coefficient of the model of SAC is
negative and inconsistent with the calculated value of the global Moran’s I. Therefore, the
optimal model cannot be these five models. Meanwhile, although the estimated parameters
are significant and the statistical properties of the GNSM are also good, the GNSM cannot
be the optimal model because the former five models that are less general are not the
optimal model. Thereby, the optimal model will be one of the two models between SXL
and NSM.

Comparing the two candidates, the goodness of fit and log-likelihood of the SXL
are more significant than those of the NSM, and the estimated variance of the random
disturbance term of the SXL is smaller than that of the NSM. Thus, the SXL might be
the optimal model for the empirical production function of China’s industrial sectors at
the prefectural level. Further investigation of the individual or period fixed effects or
random effects will help to select the optimal model between the two candidates. We list
the estimated results of the two candidate models with different fixed effects in Table 4
below. We do not consider the models of the SXL and NSM with random effects because
almost all the spatial units at the prefectural level are included in our analysis [43]. From
Table 4, the SXL is better than the NSM because of the following three points: first, the
significances of the estimated parameters in the SXL of three kinds of fixed effects are better
than those of the NSM; second, the goodness of fit and the log-likelihood of the SXL with
three different fixed effects are more significant than those of the NSM; third, the estimated
variances of the disturbance terms of the SXL model with other fixed effects are lower than
those of the NSM.
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Table 4. Estimated results of NSM and SXL models with fixed effects.

Individual Fixed Effects Models Period Fixed Effects Models Individual and Period Fixed
Effects Models

NSM SXL NSM SXL NSM SXL

Log(K/L) 0.7186
(78.44 ***)

0.5919
(43.52 ***)

0.4581
(34.37 ***)

0.4104
(29.33 ***)

1.201
(137.28 ***)

0.5649
(44.53 ***)

Log(E/L) 0.2062
(18.64 ***)

0.1417
(14.10 ***)

0.0563
(5.62 ***)

0.0792
(7.61 ***)

0.2058
(16.88 ***)

0.1202
(12.83 ***)

STW × Log(K/L) −0.8341
(−18.13 ***)

0.3987
(11.20 ***)

0.519
(9.75 ***)

STW × Log(E/L) 1.9307
(33.56 ***)

−0.1981
(−6.87 ***)

0.4655
(6.65 ***)

R̂2 0.7389 0.7927 0.2831 0.3016 0.036 0.4504
σ2 0.0969 0.0769 0.265 0.2581 0.1103 0.0629

Log(L) −1197.4 −647.22 −3592.1 −3528.7 −1505.1 −166.79

Note: the above outputs were collected based on MATLAB R2020a. () represents T-statistic, *** means having
passed the hypothesis test with a significance level of 1%.

We discuss the specific form of the fixed effects of the SXL further by LR tests after
choosing the SXL as the potential optimal model. We compare the two models of the
SXL with individual fixed effects and without any fixed effects through the LR test with
the null hypothesis H0,1 : µ1 = µ2 = · · · = µ280, where the LR Statistic, equal to minus
twice the differences between the log-likelihood values of the two models, obeys the chi-
square distribution with 280 degrees of freedom. We also compare the two models of the
SXL with period fixed effects and without any fixed effects through the LR test with the
null hypothesis H0,2 : ν1 = ν2 = · · · = ν17, where the LR statistic obeys the chi-square
distribution with 17 degrees of freedom. From comparing the two LR statistics above
(6631.8 and 868.8, respectively) and their critical values, the SXL with individual fixed
effects or period fixed effects is better than that without any fixed effects. On this basis,
further discussion should be made among the models of the SXL with three different fixed
effects. We also use LR tests to select the SXL with appropriate fixed effects with the null
hypotheses of H0,3 : ν1 = ν2 = · · · = ν17 and H0,4 : µ1 = µ2 = · · · = µ280. We can
determine that the SXL with both individual and period fixed effects is better than the
model with either individual or period fixed effects because the LR statistic under the null
hypothesis of H0,3 and H0,4 (960.85 and 6723.9, respectively) are both bigger than the critical
values. The estimated results of the selected optimal model are listed in the seventh column
of Table 4.

As analyzed above, the selected optimal model is the SXL with both individual and
period fixed effects. It is a degradation form of Equations (1) and (2) with the conditions
of ρ = 0 and λ = 0. In the selected optimal model, the spatial spillover effects of the
explained variables and random disturbance terms are not obvious in the industrial pro-
duction process in China’s prefectural cities. These spatial spillover effects are mainly
reflected in the explanatory variables. Specifically, the elasticity of capital per capita and
energy consumption per capita in the spatial adjacent regions to the outputs per capita in
prefectural industrial sectors is 0.519 and 0.4655, respectively. These results are consistent
with the positive global Moran’s I. It is worth noting that, these values of elasticity have
no significant economic meanings because we usually did not use them to calculate the
industrial TFPs and the shares of input factors directly. Moreover, from the estimated result
of the selected optimal model, the elasticity of local capital per capita and local energy
consumption per capita to the outputs per capita in prefectural industrial sectors is 0.5649
and 0.1202, respectively. These two values of elasticity also have no special economic signif-
icance because we cannot treat these values as the shares of the corresponding input factors
directly. Although there is no special economic significance for the above four elasticity
values, we are supposed to estimate all the models listed in Tables 3 and 4 and select the best
model to calculate the shares of inputs and the industrial TFPs as stated in Table 1. Based
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on the estimated results of the optimal model, combined with Table 1, shares of inputs
of capital and energy in China’s prefectural industrial sectors can be determined, where
the share of capital is 0.5649 while the share of energy is 0.1201. Under the assumption of
Hicks’ neutral technological progress and constant returns to scale, the input share of the
labor factor in China’s prefectural industrial sectors will be 0.3150. Thereafter, according to
Equation (10), the industrial TFPs of China’s 280 prefectural cities during 2003–2019 can be
calculated, as shown in Figure 2 below.
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Figure 2. Calculated results of China’s industrial TFPs at the prefectural level. Note: the figure is
drawn by MATLAB R2020a; the horizontal axis indicates years from 2003 to 2019, and the vertical
axis indicates 280 prefectural cities; the details of the order of the cities can be obtained from the
author by email.

4.3. The Spatiotemporal Evolution Law of China’s Industrial TFPs at the Prefectural Level

Based on the methods of the Dagum’s Gini coefficient and the kernel density estimation
explained in Equations (11)–(17) and the basic mean value analysis, the spatiotemporal
evolution characteristics of China’s industrial TFPs at the prefectural level can be analyzed
as follows.

(1) There is an apparent spatial difference among China’s industrial TFPs at the prefec-
tural level; it is best in eastern China and poorest in northeast China. Figure 3 below
shows the mean value of the industrial TFPs at the prefectural level by region or
period, where subgraph (a) shows the average industrial TFPs of the 280 prefectural
cities, subgraph (b) shows the histogram of the average industrial TFPs in subgraph
(a) and its simulation of normal distribution, and the subgraph (c) shows the average
industrial TFPs in the year from 2003 to 2019. From Figure 3a, there is a significant
spatial difference in the mean value of China’s industrial TFPs at the prefectural level,
and its range is about 1~19. From Figure 3b, the mean value of China’s industrial
TFPs at the prefectural level has an inevitable concentration trend. There are 156 cities
with an average industrial TFP between 5 and 10, accounting for 55.71% of all the
prefectural cities. From Figure 3c, during 2003–2019, the mean values of industrial
TFPs of the prefectural cities in eastern China are higher than the mean values of the
280 prefectural cities, the mean values of industrial TFPs of the prefectural cities in
northeast China are lower than the mean values of all the prefectural cities, and the
mean values of the industrial TFPs of the prefectural cities in central and western
China fluctuate considerably. From the perspective of development trends, the indus-
trial TFPs of China’s prefectural cities show a trend of first rising, then declining, and
then slowly recovering, where the recovery and development trends are apparent in
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central and western China recently, and there is still a downward trend in eastern and
northeastern China in recent years.
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Figure 3. Mean values of industrial TFPs of China’s prefectural cities and their histogram fit. Note:
the figure is drawn by MATLAB R2020a.

(2) The spatial difference level of China’s industrial TFPs at the prefectural level presents
a general development trend of firstly decreasing and then rising, with a relatively
lower contribution of intra-group differences, while the somewhat higher contribution
of both the inter-group differences and the intensity of trans-variation differences.
Figure 4 shows the Dagum’s Gini coefficients of China’s industrial TFPs at the pre-
fectural level and their contributions originating from three parts, including the
intra-group difference, the inter-group difference, and the difference in intensity of
trans-variation. It is worth noting that the spatial groups in Figure 4a are classified
by the prefectural cities belonging to different provinces or municipalities, while the
spatial groups in Figure 4b are classified by the prefectural cities belonging to eastern,
central, western, or northeast China. In Figure 4a, the overall Gini coefficient and
the contribution part from the inter-group difference show U-shaped trends of firstly
declining and then rising. The contribution part from the inter-group difference is
higher than the contribution part separately from the intra-group difference and the
difference in intensity of trans-variation. Moreover, the changes in the contributions
from the intra-group difference and the difference in intensity of trans-variation are
relatively gentle. In Figure 4b, the overall Gini coefficient and the contribution part
from the inter-group difference also show the same trends as in Figure 4a. In contrast,
the contributions from the inter-group difference and the difference in intensity of
trans-variation are higher and fluctuate more than the contribution from the third part.
Comparing Figure 4a with Figure 4b, under the different classifications of the spatial
groups, the overall Gini coefficient is the same, and the contribution of the difference
in intensity of trans-variation is also almost the same. However, the contribution from
the intra-group differences is higher under the spatial groups classified according to
eastern, central, western, and northeast China. In comparison, the contribution from
the inter-group differences is higher on the condition of the spatial groups divided by
the provincial administrative regions.
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(3) The spatiotemporal evolution of China’s industrial TFP at the prefectural level has the
following characteristics: the overall distribution curve moves towards firstly right
and then towards left, the kernel density at the peak point continuously declines, and
the distribution ranges are first widening and then narrowing. Figure 5a below shows
the three-dimensional kernel density estimation of China’s industrial TFPs at the
prefectural level in 2003, 2006, 2011, 2016, and 2019. From Figure 5a, compared with
2003, the overall distribution curve of the kernel density estimation shifts to the right
in 2006, while the kernel density at the peak decreases, and the distribution range
widens; compared with 2006, the distribution curve continued to shift to the right in
2011, the kernel density at the peak continues to decrease, and the distribution range
continues to widen; compared with 2011, the distribution curve began to shift to the
left in 2016, and the kernel density at the peak increases slightly, but the distribution
range narrows; compared with 2016, the distribution curve shifts to the right slightly
in 2019, the kernel density at the peak flatters and decreases, the distribution range
widens. The tail of the distribution curve on the right side obviously extends.

(4) There are also obvious spatial heterogeneities in the kernel density estimation of
China’s industrial TFPs at the prefectural level. Figure 5b–d below separately show
the two-dimensional kernel density estimation of the industrial TFPs of the prefectural
cities belonging to eastern, central, western, and northeast China in 2003, 2011, and
2019. In Figure 5b, compared with the prefectural cities in central China, the distribu-
tion curve of the kernel density estimation of the industrial TFPs of the prefectural
cities in eastern China in 2003 moves towards the right, the kernel density at the peak
obviously decreases, the distribution range widens, and the tail of the distribution
curve on the right side obviously extends; compared with the prefectural cities in
central China, the distribution curve of the western prefectural cities in 2003 moves to-
wards the left, the kernel density at the peak is also decreasing, the distribution range
almost stays the same; compared with the western prefectural cities, the distribution
curve of the northeast prefectural cities in 2003 moves towards the right slightly, the
kernel density at the peak decreases while the distribution range obviously widens.
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The spatial heterogeneities of the kernel density estimation in 2011 and 2019 can also
be analyzed in the same way as in 2003. In detail, we list the relative changes in the
distribution curve, the kernel density at the peak point, the distribution range, and
the tails of the distribution curve in the four regions, as shown in Table 5.
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Table 5. Relative changes in the kernel density estimation results.

Year Analyzed
Regions

Benchmark
Regions

Movement Direction of
the Distribution Curve

Kernel Density
at the Peak Point

Distribution
Range

Tails of the
Distribution Curve

2003
Eastern Central → ↓ Widen Extend

Western Central ← ↓ Almost the
same -

Northeast Western → ↓ Widen -

2011
Eastern Central ← ↑ Almost the

same -

Western Central ← Almost the same Almost the
same Extend

Northeast Western → ↓ - Narrow

2019
Eastern Central Almost the same ↑ - Narrow
Western Central ← ↑ - -

Northeast Western Almost the same ↑ Narrow Narrow

Note: →,←, ↓, and ↑ indicate moving rightwards, leftwards, downwards, and upwards.

5. Conclusions and Further Research Directions

In the former analysis, we calculated the industrial TFPs of China’s 280 prefectural
cities during 2003–2019 using the improved Solow residual method with the GNSM em-
bedded; we also analyzed the spatiotemporal evolution law of the industrial TFPs with the
mean value analysis and the Dagum’s Gini coefficient and the kernel density estimation.
Many important conclusions can be drawn as follows:

(1) The optimal model of the estimated production functions of the industrial sectors
in China’s prefectural cities is the SXL with both the individual fixed effects and
the period fixed effects. From this optimal model, China’s industrial TFPs at the
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prefectural level can be calculated scientifically. From the calculation results, there are
apparent spatial heterogeneities in these industrial TFPs, where the industrial TFPs
of the prefectural cities in eastern China are higher, and those in northeast China are
lower, while the industrial TFPs of the prefectural cities in central and western China
fluctuate considerably.

(2) The level of spatial differences of China’s industrial TFPs at the prefectural level shows
an overall trend of first decreasing and then rising. Comparatively, the decomposed
contribution of the general Gini coefficients from the intra-group differences is lower,
and the contributions from the inter-group differences and the differences in the
intensity of trans-variation are higher.

(3) The spatiotemporal evolution of China’s industrial TFPs at the prefectural level has the
following characteristics: first, the overall distribution curve moves firstly towards the
right and then left; second, the kernel density at the peak point continuously declines;
third, the distribution ranges are first widening and then narrowing; fourth, the tails
of the distribution curve are constantly extending. Meanwhile, the distribution figures
of the kernel density estimation in different regions show apparent heterogeneity.

In our study, three efforts have been made: first, we extend the research of Barilla et al.
(2020) [35], introduce an improved Solow residual method with the GNSM embedded,
and provide the general solution for calculating the industrial TFPs and the shares of
inputs in industrial sectors. Second, we calculate industrial TFPs at the level of China’s
prefectural cities based on the optimal production function model chosen from the eight
kinds of estimated models, including the GNSM and its degradation forms. These TFPs
are traditionally calculated at the macro level of provinces or the micro level of enterprises,
and the empirical production function employed to calculate these TFPs is usually the C-D
function without spatial spillover taken into account. Third, we use the method of Dagum’s
Gini coefficient and kernel density estimation to analyze the spatial–temporal evolution
law of the industrial TFPs in China’s prefectural cities. Although our efforts will contribute
to the new development of related research to some extent, there are still some works that
need to be conducted in the future, including embedding spatial econometrics into the TFP
calculation methods in the frontier dimension, such as SFA, and comparing the calculation
results from the improved methods in both the frontier and non-frontier dimensions, and
decomposing the main influencing factors for the industrial TFPs in China’s prefectural
cities. The above three issues need future concentration.

6. Policy Suggestions

Based on the main conclusions above, we suggest formulating and implementing the
following policies to improve the industrial TFPs of China’s prefectural cities and constantly
reduce the development gap of the industrial TFPs among different prefectural cities.

(1) Further improve the resource allocation efficiency of China’s industrial sectors at the
prefectural level. From Equation (10), the industrial TFPs in China’s prefectural cities
are determined by three parts: the industrial outputs per capita, the inputs of capital
per capita and energy per capita in the industrial sectors, and the shares of capital
and energy. Moreover, higher outputs and lower inputs and their shares will lead
to higher industrial TFPs. Therefore, improving the allocation efficiency of capital,
labor, and energy will be a necessary means to improve the industrial TFPs in China’s
prefectural cities. Here, we propose three suggestions for improving the allocation
efficiency of the three main input factors. First, the capital should be guided actively
to invest in regions with lower industrial TFPs with more favorable tax subsidies,
land concessions, etc. Second, the establishment of colleges and vocational schools
should be actively promoted in the prefectural cities to cultivate high-level skilled
talents and workers needed for industrial development. Third, the construction of
industrial energy storage bases and related equipment (such as photovoltaic power
generation, etc.) should be further strengthened through special subsidies to reduce
the cost of industrial electricity consumption.



Sustainability 2023, 15, 322 19 of 21

(2) Further promote industrial and technological innovation to improve the industrial
TFPs of China’s prefectural cities comprehensively. Generally, industrial innovation
and technological innovation are vital paths to the growth of industrial outputs. These
two kinds of innovations can also change the structure of industrial input factors and
then promote the development of the industrial sectors in China’s prefectural cities.
As a matter of fact, the improvement of industrial TFPs itself is an important manifes-
tation of industrial innovation and technological innovation, and also an inevitable
result of these innovative developments. Therefore, we suggest promoting indus-
trial innovation and technological innovation from the following three aspects: First,
strengthen the supply side structural reform and find the scientific mode and path
to promote the high-quality development of the industrial sectors at the prefectural
level. Second, accelerate the application of new concepts, new business types, and
new scenes (such as intelligent digital manufacturing, “Internet plus”, artificial intelli-
gence, and the meta-universe, etc.) in the industrial sectors to cultivate new drivers
of industrial development. Third, promote new technologies to be the inexhaustible
driving force for the improvement of China’s industrial TFPs at the prefectural level
by more applications of new generation technologies (such as industrial robots, cloud
computing, and the internet of things) in the industrial sectors.

(3) Promote the coordinated development of the industrial TFPs of China’s prefectural
cities through effective regional coordination among industries of different cities.
The biggest obstacle to the overall improvement of the industrial TFPs in China’s
prefectural cities lies in their imbalance among different regions. Specifically, there
are big gaps between the development levels of the industrial TFPs in the prefectural
cities between eastern and northeast China. This problem requires special attention.
We hope that the coordinated development of the industries among different regions
will help to promote the overall improvement of the industrial TFPs in China’s
prefectural cities. Thus, we provide three suggestions to improve the TFPs from
the perspective of industrial-coordinated development. First, promote the efficient
transfer of industries from eastern and central China to the vast western and northeast
China, and enhance the environmental protection examination in the transfer of the
industries comprehensively considering the resource endowment and development
conditions of the cities where the industries are transferred. Second, strengthen the
co-construction and sharing of industrial data and resources. Moreover, build a
new integrated development pattern of industrial services by constructing regional
industrial service platforms. Third, promote the development of the industrial sectors
collaboratively by further strengthening the integration of resources of the industrial
sectors in the prefectural cities, primarily through the integration of the platforms of
the enclave industrial zones and adjacent industrial zones, etc.
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