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Abstract: Innovation is the primary driving force for development and the core of green, healthy,
and sustainable economic development. This paper researches the spatial effect of absorptive
capacity on regional innovation capacity from the perspective of knowledge spillover. We use the
seven dimensions such as R & D intensity to build an absorptive capacity index evaluation system.
After statistical verification, we select the most suitable empirical model, the dynamic Spatial Durbin
Model with two-way fixed effect. The empirical results show that: (1) The promotion effect of
absorptive capacity on knowledge spillovers in one province has no obvious effect on innovation
promotion in other provinces, especially provinces at similar economic levels. However, it tends to
inhibit the innovation development of neighboring provinces. (2) The impact of absorptive capacity
on promoting knowledge spillovers varies from region to region. The eastern provinces of China are
not affected by the absorptive capacity of neighboring provinces. The regression results of the central
and western regions are not substantially different from the full sample. This study puts forward
some policy suggestions based on the empirical results. It shows that a higher absorptive capacity
does not mean better performance. The Chinese government should thus promote innovation in
different provinces according to the local conditions.

Keywords: absorptive capacity; knowledge spillover; innovation ability; sustainability; dynamic
Spatial Durbin Model

1. Introduction

The concept of “sustainable development” was first introduced by World Conservation Strategy
in the 1980s. The 1992 Rio Declaration emphasized the goal of maintaining the global environment
and achieving sustainable development. There is no doubt that the theme of the 21st century is
“sustainable development.” It coincides with the general trend of achieving a resource-saving and
environmentally friendly development model. With the development of the economy, the role of pure
capital accumulation in economic development continues to weaken. In the context of limited resources,
the role of return on capital is increasingly prominent. According to the theory of endogenous growth,
innovation can not only contribute to sustainable development, but also promote economic growth.
Innovation-driven, intensive economic growth has far-reaching significance for building a national
innovation system, getting rid of the production mode of high input and low output, and achieving
sustainable development.
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Although China has already become the second largest economy in the world, its comprehensive
innovation capacity is relatively weak. Up to now, there have been some problems in China’s innovation
development, such as imbalance and inadequacy. Population and resource mismatches and weak
industrial sustainability are already prominent. The Chinese government has given long-term attention
and support to innovation development. President Xi Jinping has repeatedly stressed at various
conferences that innovation development is urgent. The National Innovation Blue Book: China Innovation
Development Report (2016) summarizes the situation: “There are two major constraints on China’s
innovation development. One is the insufficient use of innovation resources; the other is the insufficient
economic transformation rate of innovation results.” In view of the above, after consulting the relevant
literature, this paper found that the two ratios are closely related to knowledge elements and absorptive
capacity. Knowledge is an important factor in innovation development, and its spillover has a
significant effect on sustainable economic development [1]. Absorptive capacity also plays a positive
role in this process [2]. Nieto and Quevedo emphasized that only when external knowledge is absorbed
is the entire spillover process complete. In addition, absorptive capacity is the key to improving
spillover efficiency. [3] EgbeTokun and Savin explained that a region with high absorptive capacity can
quickly transform received knowledge into expected economic output and realize benefits [4].

Based on the above, this study uses panel data from 30 provinces in China (excluding Hong Kong,
Macao, Taiwan, and the Tibet Autonomous Region) from 2006 to 2017 to explore how absorptive
capacity promotes knowledge spillover effect to enhance regional innovation capacity. The empirical
results show that there is a significant positive spatial autocorrelation in China’s regional innovation
capabilities (strong or weak agglomeration). The absorptive capacity and knowledge spillover have
an insignificant effect on the innovation capacity of other provinces, especially when their economic
situation differs. It even has a significantly negative impact on the innovation capacity of neighboring
provinces. Furthermore, this study examines the situation in the eastern, central, and western regions of
China. The results show that, unlike the central and western regions, the eastern region is not affected.

The contributions of this paper are as follows: First, we use the entropy weight method to construct
a seven-dimensional absorptive capacity index, and study it in the same framework as knowledge
spillover to comprehensively examine the role of absorptive capacity. Second, the research scope of the
previous literature is mostly national. This paper not only analyzes the spatial effect of absorptive
capacity on regional innovation capacity at a national level, but also explores the situation in eastern,
central, and western China. We extend previous studies with a view to providing advice on innovation
policy for local governments. Third, from a review of China’s literature on the spatial Dubin model
(SDM), we found that most studies directly analyze the coefficients. However, these coefficients are
not explanatory [5]. This paper uses more explanatory data—on direct and indirect effects—in the
analysis. At the same time, we instituted a series of tests to make the model more rigorous.

The remainder of this paper is organized as follows: In the next section, we review the relevant
literature and set out our hypotheses. Section 3 introduces the model, constructs the absorptive capacity
and knowledge spillover indexes, deals with endogenous problems that may occur, and selects the
weight matrix of the spatial model. Section 4 describes the variables, tests the spatial autocorrelation of
China’s regional innovation capacity, and quantitatively selects the best model for this study. Section 5
reports and analyzes the empirical results and performs a robustness test. Section 6 summarizes
the study.

2. Literature Review

2.1. Absorptive Capacity

Absorptive capacity was first proposed by Kedia and Bhagat [6]. Cohen and Levinthal define it as
the ability of a company to evaluate and absorb external knowledge, and ultimately to commercialize
its results [7]. Today, scholars pay more attention to multidimensionality. Chen et al. believe that in
the analysis of enterprises, absorptive capacity is the ability of an enterprise to effectively recognize
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and digest new knowledge to commercialize and obtain benefits. From a regional perspective,
the absorptive capacity of a region is not only a summary of the capacity of its internal subjects, but
also the network role relationship among the innovative subjects [8]. Lau and Lo emphasized that the
combination of acquisition, assimilation, transformation, and exploitation in the absorption capacity
can explain the entire absorption process [9].

2.2. Regional Innovation Capability

Regional innovation capability began with Joseph Alois Schumpeter’s “Theory of Economic
Development.” He believed that innovation was an unprecedented combination of factors and
conditions of production. Since Everett M. Rogers and Judith K. Larsen applied the concept of
innovation to research at the regional level, the academic community has shifted the focus from
national innovation to regional innovation. Regional innovation capability is one aspect of the
concept of “innovation.” Unless otherwise specified, concepts such as innovation capability and
innovation output are generally not distinguished. Weng et al. and Li et al. emphasized that regional
innovation capabilities focus on actual results and consider them to be the ability to commercialize
knowledge [10,11]. Zhang and Chen pointed out that the regional innovation capability is rooted.
It achieves sustainable regional development mainly by constructing an innovation exchange network
and optimizing resource allocation [12].

2.3. Knowledge Spillover

Knowledge spillover originates from the theory of endogenous growth. It is of great significance
for research on innovation and economic growth. Unlike knowledge transfer, knowledge spillover
focuses on the unconscious transmission of knowledge [13]. Griliches defines knowledge spillover
as doing similar things and benefiting from each other [14]. Arrow first stated that knowledge
spillover was a key factor in knowledge accumulation [15]. Furthermore, Romer found that the
root cause of knowledge spillover is the noncompetitiveness and partial exclusivity of knowledge
technology [16,17]. Ibrahim and Reilly more accurately describe knowledge spillover as an unconscious
act [13]. Bottazzi and Peri point out that the effective range of knowledge spillover is around 300 km [18].
Breschi and Lissoni put forward the concept of “tacit knowledge” to explain the spatial barriers of
spillover effect. That is to say, the knowledge generated in the research process is usually transmitted in
the form of “face-to-face communication.” Consequently, long-distance overflow cannot be achieved [19].
However, with the improvement of traffic conditions and means of communication, the knowledge
spillover effect has gradually surpassed geographical barriers [20]. Earlier studies on knowledge
spillovers mostly focused on the enterprise level. However, in 1989, Jaffe incorporated spatial factors
into production functions. Since then, scholars have become interested in the regional role of knowledge
spillovers [21]. Furthermore, the research by Audretsch and Feldman confirmed that there are obvious
externalities between knowledge output and the level of economic activity. The relevant research on
knowledge spillovers at the city and regional levels is more significant [22,23].

2.4. The Role of Absorptive Capacity

Knowledge spillovers are good for innovation. Cooke found that knowledge spillover can reduce
the innovation cost of enterprises. For example, it reduces the uncertainty of innovation [24]. However,
there are efficiency issues with spillover effects, which can be alleviated by absorptive capacity.
Szulanski found that the main reason for the stickiness of knowledge is the lack of the ability of the
receiving subject to absorb the knowledge. This shows that the amount of knowledge actually received
by the receiving entity is not only determined by the amount of knowledge available, but also by the
absorptive capacity [25]. Chen et al. confirmed that absorptive capacity contributes to the accumulation
of knowledge and thus helps to commercialize external knowledge [26]. Tura and Harmaakorpi found
that the frequency of communication is positively related to innovation efficiency. The improvement
of communication ability will promote the transfer of knowledge among innovation subjects. It also
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greatly reduces the time and capital cost of knowledge transmission [27]. Similarly, Hauser et al.
found that interpersonal trust helps with absorbing external knowledge. Newcomers among the
innovation subjects will promote exchanges and cooperation between the two parties. Thereby, it
will reduce coordination management costs and increase transaction frequency and efficiency [28].
It can be found that “talent” is an important factor for absorptive capacity to work [29]. In China,
Wang also proved that talent introduction is important for enterprise innovation and development [30].
Of course, there are exceptions. Agrawal found that the rooted inflow of foreign talent may crowd
out existing talent, which may damage the scientific development of the region [31]. In addition,
industry-university-research cooperation can also significantly improve the sustainable development
and innovation capabilities of enterprises [32,33]. Summarizing the above, it can be seen that absorptive
capacity affects innovation capacity by affecting knowledge spillovers. For example, Zhai et al. also
indirectly proved this connection, finding that entrepreneurial orientation has significantly positive
impacts on enterprise innovation performance, and that absorptive capacity plays a moderating role in
the relationship between entrepreneurial orientation and innovation performance [34].

Empirically, absorptive capacity can give full play to the knowledge spillover effect to enhance
innovation capacity. Zhang and Zhao tested the impact of the absorptive capacity of technological
research and development, human capital, and trade openness on innovation capacity, and found that
only some industries benefited from it [35]. Zhang et al. found that, among Shanghai agricultural
enterprises, those with higher technology absorptive capacity have faster innovation development
and higher innovation output [36]. However, they all consider only the enterprise level, not the
regional impact. In addition, they did not consider the role of knowledge spillovers. Although Ma
considered the effect of knowledge spillovers, the constructed absorptive capacity indicators were not
comprehensive. She did not conduct further research at the subregional level [37].

In fact, absorptive capacity is a double-edged sword. Excessive absorptive capacity may impair
innovation. Zhu and Xu empirically found that there is a “double threshold” effect on absorptive
capacity, and concluded that there is an “inverted U-shape” relationship between absorptive capacity
and regional innovation capacity [38]. Regional technological differences are also important factors
affecting the role of absorptive capacity. Jaffe found that, the stronger the technical consistency, the more
beneficial it is to enhance regional innovation capabilities [21]. Wei et al. emphasized that too large or
too small differences in technological levels are not conducive to the innovation and development of
neighboring areas [39]. However, Knag et al. reached the opposite conclusion. They believe that the
larger the technological gap is between enterprises, the stronger the willingness there will be to imitate
learning, thereby promoting innovation and development [40].

2.5. Commentary

By searching the relevant literature, we find that: First, in studying the relationship between
absorptive capacity and innovation capacity, most literature ignores the mediating role of knowledge
spillover. Second, the literature in China focuses on the role of absorptive capacity at the enterprise
level, while ignoring its role at the provincial level. Moreover, few studies have carried out more
detailed research at the subregional level. Third, the literature on the conditions of absorptive capacity
mostly focuses on technological differences, while few studies have studied factors such as economic
and cultural differences. Fourth, in the existing literature in China, most studies incorrectly use the
regression coefficients as the basis for analysis, instead of using direct and indirect effects that are
truly explanatory. Based on the above and combined with China’s reality, this paper proposes the
following hypotheses:

Hypothesis 1 (H1): Absorptive capacity inhibits the development of regional innovation capacity in
neighboring provinces.

Hypothesis 2 (H2): The greater the regional economic differences, the stronger the role of absorptive capacity in
promoting innovation.
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3. Materials and Methods

3.1. Theoretical Model

The endogenous growth theory holds that the generation of new knowledge stems from the
effective use of human and capital factors. Based on the endogenous growth model, this paper uses
the Griliches-Jaffe knowledge production function to build a knowledge production model:

Pit = AitKα
it Lβ

it , (1)

where i and t represent the region and time, respectively; Pit represents regional innovation capabilities;
Ait represents the innovation output rate, which is generally constant by default; and Kit and Lit
represents capital factor input and human factor input, respectively. Since the generation of new
knowledge takes time, the θ phase lag of Equation (1) was performed. Based on past experience, θ is
usually set to 2.

Pi,t+θ = AitKα
it Lβ

it (2)

Next, we incorporated factors such as knowledge spillover and absorptive capacity into
Equation (2):

Pi,t+θ = AitKα
it Lβ

it KSγit ABτ
itC

λ
it , (3)

where KSit represents knowledge spillover; ABit represents absorptive capability; and Cit represents
other factor inputs, that is, control variables. α, β, γ, τ, and λ represent the output elasticity of each
corresponding variable. Next, we performed logarithmic processing on Equation (3). We transformed
the model into a linear equation to alleviate potential heteroscedasticity problems.

ln Pi,t+θ = ϕ+ αlnKit + β ln Lit + γ ln KSit + τ ln ABit + λ ln Cit

s.t.ϕ = ln Ait
(4)

Absorptive capacity indicators contain human factors. In order to avoid unnecessary errors caused
by repeated indicators, we removed the ln Lit variable. At the same time, the provincial panel data
usually have two-way fixed effects that change with changes in space and time. Considering this, we
added intercept variable ui, representing the spatial fixed effect, and intercept variable vt, representing
the time fixed effect. In addition to the variables mentioned, there are many factors that have a weak
impact on regional innovation capabilities. This study summarizes them as random disturbance terms
εi,t+θ. Based on the above, this paper improves Equation (4) to create a model with two-way fixed
effects (Equation (5)):

ln Pi,t+θ = ϕ+ α ln Kit + γ ln KSit + τ ln ABit + λ ln Cit + ui + vt + εi,t+θ

εi,t+θ ∼ N
(
0,σ2In

) . (5)

In order to study the promoting effect of absorptive capacity on knowledge spillover effect, this
paper adds the interaction term of absorptive capacity and knowledge spillover, ln ABit ∗ ln KSit, based
on Equation (5):

ln Pi,t+θ = ϕ+ αlnKit + γ ln KSit + τ ln ABit +ω(ln ABit ∗ ln KSit)

+λ ln Cit + ui + vt + εi,t+θ

(6)

3.2. Empirical Model Construction

In China, no province is completely isolated from the outside world. Cooperation and exchange
between provinces will inevitably produce spatial effects. Common spatial models include the spatial
lag model (SLM), the spatial error model (SEM), and the spatial Durbin model (SDM). SLM uses
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a combination of space factor and the lagging term of the explanatory variable WlnPt+θ as the
explanatory variable. These reflect the influence of the individual on other individuals in the system.
SEM assumes that the disturbance term is spatially dependent, that is, µ = ρMµ+ ζ, ζ ∼ N

(
0,σ2In

)
.

This indicates that there are spatial correlations between missing variables or unobservable random
shocks. SDM uses the combination of spatial factors and explanatory variables WX and W ln Pt+θ as
explanatory variables. These reflect the interaction between individuals and other individuals in the
system. As a rule of thumb, spatial Durbin models are often more applicable. Therefore, in this paper,
the ordinary panel model is improved to create the spatial Durbin model according to Equation (6):

ln Pi,t+θ = α ln Kit + γ ln KSit + τ ln ABit + λ ln Cit

+ω(ln AB it × ln KSit ) + ρW ln Pi,t+θ + χ1W ln Kit

+χ2W ln KSit + χ3W ln ABit + χ4W ln Cit

+χ5W(ln ABit ∗ ln KSit) + µi + vt + εi1+θ

(7)

3.3. Measure of Absorptive Capacity

3.3.1. Construction of Absorptive Capacity

Based on the existing literature, this paper adjusted the seven-dimensional index evaluation
system of absorptive capacity as follows:

R & D capabilities. The carrier of knowledge generation is people. The research and development
capabilities are the core of new knowledge generation. In addition, they are closely related to the
ability of companies in the region to digest and apply existing knowledge. In other words, improving
R & D capabilities will help the region acquire external knowledge and increase positive externalities.

Economic level. This reflects the prosperity of a region. For most people, wages and benefits
are among the important considerations in career choice and planning. Generally, economically
developed regions (such as Beijing, Shanghai, and Shenzhen) offer higher wages and more benefits
and employment opportunities. Therefore, the economic level is one of the key factors for encouraging
innovative talents; it is also an important component of absorbing capacity.

Human capital. This directly affects a region’s ability to imitate and absorb new knowledge,
especially tacit knowledge. It is one of the important channels for knowledge spillovers.
Abundant human capital can enhance the frequency and efficiency of knowledge exchange. It can expand
the breadth and depth of knowledge exchange, and it is also an integral part of absorptive capacity.

Openness. This mainly refers to the degree of opening to the outside world, that is, the degree
of interaction between a region and foreign enterprises. It is related to the ability of enterprises to
learn advanced foreign knowledge. Trading with excellent foreign manufacturers is more conducive
to accumulating experience for regional companies. In this way, companies can absorb advanced
knowledge and technology, and learn from each other. Therefore, the degree of openness is one of the
important dimensions of absorptive capacity.

Infrastructure. Economically developed regions will attract more talent. Similarly, a beautiful
environment and sound infrastructure are also important considerations when choosing a career.
In particular, when a person’s salary rises to a certain level, his or her requirements for the quality of
life will obviously increase. In reality, such high-wage people are often the main force of innovation.
Therefore, infrastructure construction is of great significance to innovation and is an important part of
absorptive capacity.

Way of spreading. Early research shows that the spillover effect of knowledge is limited by
geographic distance. The farther apart two places are, the more difficult it is for them to communicate
knowledge. Rich and perfect transmission channels can greatly weaken the constraints of geographical
distance. They can enhance the effective range of spillover effects and promote the absorption of
external knowledge in various regions. Therefore, the transmission route is an important component
of absorptive capacity.
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Government governance. Wang and Hu found that the venture capital investment of state-owned
enterprises to promote innovation is significantly weaker than that of non-state-owned ones [41].
In China, we found that government R & D investment is negatively related to the technology market
transaction value. There are “offside,” “absence,” and “dislocation” in government support measures.
That is to say, it is difficult for the government’s innovation investment to effectively flow into small
and medium-sized enterprises, which lack sufficient funds. In a freely competitive market, funds
will flow automatically toward companies with investment value under the guidance of “invisible
acceptance.” This promotes exchanges between enterprises and enhances their innovation capabilities.
Therefore, this study treats government governance as part of absorptive capacity.

3.3.2. Description of Secondary Indicators of Absorptive Capacity

Based on the seven dimensions of the absorptive capacity index evaluation system, this paper
selects 14 representative secondary indicators from the China Statistical Yearbook, China Statistical
Yearbook on Science and Technology, Provincial Statistical Yearbook, etc., as shown in Table 1. They are
as follows:

Table 1. Absorptive capacity index evaluation system.

Target Indicator Primary Indicator Secondary Indicator Unit Attribute

Absorptive
capacity index

Evaluation System

R & D capabilities R&D input intensity % Positive
technology funding input intensity % Positive

Economic level
regional GDP 100 million yuan Positive

per capita GDP yuan Positive

Human capital R&D personnel’s full-time equivalent Person-year Positive
average education level Year/person Positive

Openness proportion of total imports to GDP % Positive
proportion of high-tech products exports to GDP % Positive

Infrastructure
road density km/km2 Positive

railway density km/km2 Positive
per capita power generation kWh/person Positive

Transmission route
mobile phone penetration rate % Positive

Internet penetration rate % Positive

Government
governance rate of non-nationalization % Positive

Dimensions of R & D intensity, using traditional indicators, namely R & D input intensity (unit: %)
and scientific and technological expenditure input intensity (unit: %). These are calculated by dividing
the regional R & D expenditure and the general public budget expenditure of science and technology
by the regional GDP.

The economic level is measured by the two most direct and generally accepted indicators: regional
GDP (unit: billion yuan) and per capita GDP (unit: yuan). Regional GDP measures the overall
economic level of the region. GDP per capita includes regional size and general economic level.

Human capital dimension, measured by R & D personnel full-time equivalent (unit: person-year)
and average education level (unit: year/person). The R & D personnel’s full-time equivalent is obtained
from the existing data in the China Science and Technology Statistics Yearbook. This study calculates
the average education level according to the current Chinese academic year system. The specific
calculation formula is as follows: Average education level = (proportion of junior college or above * 16 +

proportion of high school * 12 + proportion of junior high school * 9 + proportion of primary school * 6)/
number of persons over 6 years of age.

The degree of openness is measured by the proportion of total imports in GDP (unit: %) and the
proportion of high-tech product exports in GDP (unit: %). Imported goods and high-tech products
often have advantages that are worth considering. Through long-term contact, companies will subtly
improve their own understanding of the product and then enhance their absorption capacity.
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In terms of infrastructure, Zhao and Bi found that high-speed rail can promote labor mobility.
This in turn promotes knowledge spillover effects [42]. Therefore, we use the road density (unit: km/km2)
and railway density (unit: km/km2) to reflect the level of regional transportation facilities. Moreover,
we use the per capita power generation (kWh/person or degree/person) to reflect the quality of life of
people in the region. The two density indicators are the corresponding mileage and the proportion of
the land area. The per capita power generation is calculated by dividing the regional power generation
by the total population at the end of the year.

Dimensions of transmission channels. These are measured by the mobile phone penetration rate
(unit: %) and Internet penetration rate (unit: %). Mobile phones and the Internet have facilitated
exchanges between innovation subjects. Both are calculated by dividing the corresponding number of
local users by the total population at the end of the year.

The dimension of government governance is measured by the denationalization rate (unit: %), that
is, the denationalization rate = 1 − total industrial output value of state-owned enterprises/industrial
output value of enterprises above a designated size.

3.3.3. Entropy Weight Method and Weight Determination Method

“Entropy” is derived from thermodynamics, indicating the uncertainty (degree of dispersion)
of things. The greater the degree of dispersion of each secondary indicator in the indicator system,
the greater the amount of effective information it contains, and the higher the weight. The entropy
method has the advantages of alleviating the consistency of indicators, giving weight objectively,
and reducing the overlap of multi-index information. Therefore, this paper uses the entropy method to
give weight to each secondary index of absorption capacity. The basic principle of the entropy method
is as follows:

First, we establish an index system matrix. Assuming that there are m samples in each of k periods,
and the indicator system consists of n secondary indicators, the indicator system matrix is:

At =
(
ai j,t

)
m×n

(i = 1, · · · , m j = 1, · · · , n t = 1, · · · , k) (8)

In Equation (8), the ai j,t factor of the sample i in the t-th period is expressed. In order to eliminate
the influence of the dimensions between the indicators, matrix At is standardized, and the standardized
matrix of each indicator is obtained.

Secondly, due to the dimensional problem in ai j,t, this paper uses the “0-1 normalization method”
to process the data. Considering that the “0-1 normalization method” will lead to 0 in the standardized
data and each secondary index is a positive indicator, we use an improved positive “0-1 normalization
method.” Let the normalized matrix be A =

(
ai j

)
m×n

and the coefficient U be 1 to obtain the result
before the improvement method. The constant D is 1 to solve the situation where the value is 0.
The specific formula is:

aij = U×
aij −min j

∣∣∣aij
∣∣∣

maxj
∣∣∣aij

∣∣∣−minj
∣∣∣aij

∣∣∣ + D (9)

After normalizing the statistical values, the information entropy can be calculated:

Ei = − ln (n)−1
n∑

i=1

pij ln pij (10)

where pij = a/
n∑

i=1
aij. If pij = 0, lim

pij→0
pij ln pij = 0.

Finally, the weight of each indicator is calculated by the information entropy of each indicator.
The formula is as follows:

Weighti =
1− Ei

m−
∑

Ei
(i = 1, · · · , m) (11)
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3.4. Knowledge Spillover Measure

Based on the perspectives of Xu et al., this paper uses the economic distance matrix [43] to weight
the R & D capital stock in other regions outside the region, so it reflects the level of knowledge spillovers
that may be obtained in the region. The specific formula is as follows:

KSit =
N=30∑
j,i,j=1

Wij ×K′jt (12)

W1,ij =
1∣∣∣Yi −Yj

∣∣∣ , (13)

where i and j represent regions. KSit represents the period. KSit is knowledge spillover level. Wij is
the economic distance matrix. Yi represents the average GDP per capita in area i from 2006 to 2017.
K′jt represents R & D capital stock.

Regarding R & D capital stock, this paper uses the perpetual inventory method [14,44,45].
The formula is as follows:

K′jt = Ej,t−1 + (1− δ)K′j,t−1 (14)

where Ej,t−1, measured by the internal expenditure of R & D, is the capital flow of R & D; δ represents
the depreciation rate of capital. Based on past experience, it is set to 15% [44,45]. Assuming that the
average annual growth rate of the capital stock is equal to the average annual growth rate of its flows,
we use Equations (15) and (16) to estimate the R & D stock in the base period:

K′jt −K′j,t−1

K′j,t−1
=

Ejt − Ej,t−1

Ej,t−1
= g (15)

When t = 1, we have:

K′j0 =
Ej0

g + δ
(16)

where g represents the average growth rate of R & D capital. This study uses the arithmetic average
growth rate of R & D internal expenditures from 2006 to 2017. Ej0 and K′j0 represent the R & D internal
expenditures and the stock of R & D in the base period.

In addition, we replace the economic distance matrix with the freight rail mileage matrix.
We establish a new knowledge spillover variable to test the robustness of the empirical results:

W2,ij =
1

Dij
(17)

where D is calculated by using the provincial capital city freight railway time. When there are two or
more paths, take the shortest one.

3.5. Endogenous Improvement

ln Pi,t+θ = α ln Kit + γ ln KSit + τ ln ABit + λ ln Cit + κ ln Pi,t+θ

+ω(ln ABit × ln KSit) + ρW ln Pi,t+θ + χ1W ln Kit

+χ2W ln KSit + χ3W ln ABit + χ4W ln Cit + χ5W ln Pi,t+θ

+χ6W(ln ABit ∗ ln KSit) + µi + vt + εi,t+θ

(18)

This study analyzes the possible endogenous problems of the model as follows:
There are generally three causes of endogeny: variable measurement errors (not considered

here because they cannot be processed), missing important explanatory variables, and a two-way
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causal relationship between the explanatory variables and the explained variables. In the spatial
Durbin model, it can be considered that the variable W ln Pt+θ, consisting of the explanatory variable
and the spatial factor, contains the missing variables that originally existed in the disturbance term.
Consequently, it is considered that there is no endogenous problem caused by the missing variables.
There may be endogenous problems in the model due to the causal relationship between absorptive
capacity and regional innovation capacity. Considering this, we introduce a lagging explanatory
variable, ln Pi,t+θ−1, to construct a dynamic spatial Durbin model. In this way, we can alleviate the
bidirectional causality endogeny.

3.6. Spatial Weight Matrix Selection

The spatial weight matrix can reflect the specific spatial relationship between regions. It is an
essential part of the spatial econometric model. Common spatial weight matrices have a first-order
adjacency matrix, a geographical distance matrix, and an economic distance matrix. Considering the
relationships among Chinese provincial regions and the rapid development of China’s transportation
and communications, we decided to use the first-order adjacency matrix as the spatial weight matrix.
Equation (19) is the formula for the construction of the first-order adjacency matrix:

Wij =

{
1 Province I is adjacent to province J
0 Otherwise

. (19)

If two provinces are next to each other, assign 1; otherwise, assign 0. Based on the particularity of
China’s geographic location, although Hainan Province, Guangdong Province, and Guangxi Zhuang
Autonomous Region face each other across the sea, they still have an adjacent relationship by default.
Consequently, we assign a value of 1.

4. Results and Discussion

4.1. Variable Description

4.1.1. Explained Variable

The explanatory variable is the regional innovation capacity (P). Regional innovation capability
can be a comprehensive indicator or a single indicator. In terms of comprehensive indicators, Guan
and Ma defined innovation capabilities from seven levels: resource development capabilities, strategic
capabilities, learning capabilities, research and development capabilities, manufacturing capabilities,
marketing capabilities, and organizational capabilities [46]. In terms of a single indicator, patent data
are a good substitute variable. The biggest advantage is that they are closely related to the company’s
research and development process and the data are complete and easy to obtain [47–49]. In China,
scholars often use the number of patent grants as a proxy for regional innovation capabilities [37].
Due to the comprehensive consideration of absorptive capacity, some of the indicators may overlap
with the regional innovation capacity indicators, which is constructed by the comprehensive indicator
method. In order to avoid unnecessary errors such as endogeny and multicollinearity, we decided to
use the amounts of patents granted per 10,000 as a proxy for regional innovation capabilities.

4.1.2. Explanatory Variables

Explanatory variables include capital stock (K), knowledge spillovers (KS), absorptive capacity
(AB), and interaction terms of knowledge spillover and absorptive capacity (ABKS).

The capital stock is obtained by processing the internal expenditure of R & D through the perpetual
inventory method, which is described in detail in Section 3.4.

The absorptive capacity is composed of 14 indicators in seven dimensions. This study uses the
entropy weight method to weight each secondary indicator to calculate the score. The process was
described in detail in Section 3.3. We used Matlab R2016a (Matchworks, Natick, MA, USA) to perform
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calculations to get the weight of each secondary indicator of absorption capacity, as shown in Table 2
(due to the length of the chart, only some years are listed). At the same time, we draw a bar chart
of its average weight from 2006 to 2017 (Figure 1), making the conclusion more intuitive. It can
be found that the ranking of each indicator is relatively stable. they are: railway density, highway
density, R & D funding input intensity, the proportion of imported products in GDP, the proportion
of high-tech product exports in GDP, and the weight of R & D personnel’s full-time equivalent rank
in the forefront (n no particular order; the same applies hereinafter). Conversely, the mobile phone
penetration rate, Internet penetration rate, and per capita power generation have always been at the
bottom. In numerical terms, the weights of the indicators have not fluctuated greatly over the years.
There have been no extremely high indicators. It is numerically shown that each index is significant.

Table 2. Absorptive capacity of each secondary indicator weight.

Year
2006 2007 2008 2015 2016 2017

Secondary Indicator

R&D Input Intensity 0.1090 0.0740 0.0661 0.0763 0.1011 0.0755
Technology Funding Input Intensity 0.0738 0.0536 0.0490 0.0961 0.0521 0.0826

Regional GDP 0.0500 0.0740 0.0673 0.0728 0.0726 0.0688
Per Capita GDP 0.0571 0.0656 0.0631 0.0873 0.0545 0.0653

R&D Personnel’s Full-time Equivalent 0.0792 0.1067 0.0806 0.0594 0.0999 0.0765
Average Education level 0.0740 0.0495 0.0565 0.0645 0.0556 0.0702

Proportion of Total Imports to GDP 0.1029 0.0843 0.0808 0.1166 0.0747 0.1006
Proportion of High-tech Products Exports to GDP 0.0757 0.0939 0.0822 0.0768 0.0858 0.0929

Road Density 0.0478 0.0542 0.0958 0.0458 0.0896 0.0689
Railway Density 0.1100 0.0727 0.0647 0.0875 0.0746 0.0795

Per Capita Power Generation 0.0490 0.0726 0.0665 0.0499 0.0436 0.0439
Mobile Phone Penetration Rate 0.0583 0.0585 0.0769 0.0602 0.0500 0.0532

Internet Penetration Rate 0.0575 0.0694 0.0738 0.0607 0.0544 0.0574
Rate of Non-nationalization 0.0558 0.0710 0.0765 0.0463 0.0916 0.0647

Figure 1. Average weight of each index of absorptive capacity.

The knowledge spillover is composed of R & D capital stock and an economic distance spatial
weight matrix. Section 3.4 describes the measurement process in detail. Figure 2 shows a comparison of
the average knowledge spillover effects experienced by the provinces from 2006 to 2016. According to
Figure 2, Fujian, Tianjin, Shanghai, Inner Mongolia, Liaoning, and other places have strong knowledge
spillover effects, followed by Shandong, Jiangsu, Beijing, Zhejiang, and other places, while the
remaining provinces have maintained a low level.
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Figure 2. Distribution of the average knowledge spillover effect in each province in 2006–2016.

The absorptive capacity is composed of 14 indicators in seven dimensions. The score is calculated
by the entropy weight method. We describe the process in detail in Section 3.3.

4.1.3. Control Variable

Because the absorptive capacity index evaluation system covers a wide range, there is no need
to use too many control variables. Foreign direct investment (FDI) includes tangible and intangible
investments. FDI, especially the intangible investment part, plays an important role in the innovation
of the investee. Chen has empirically found that the FDI channel has a significant promoting effect
on international R & D spillover effects. He pointed out that this conclusion is more applicable to
countries in transition and developing [50]. Considering that the scope of this study is limited to China,
which is a developing country, the amount of foreign direct investment (unit: 10,000 U.S. dollars) is
used as a control variable. It can mitigate the factors affecting innovation from abroad.

All data in this study were compiled from the China Statistical Yearbook, China Statistical Yearbook
on Science and technology, Provincial Statistical Yearbook, etc. In view of the completeness and availability,
this study selects the annual data of 30 provincial units in China (excluding Hong Kong, Macao and
Taiwan regions, Tibet Autonomous Region) from 2006 to 2017. If the statistical caliber is inconsistent,
the China Statistical Yearbook on Science and Technology shall prevail. Descriptive statistics of each variable
are given in Table 3.

Table 3. Descriptive statistics.

Variable Means Standard Deviation Maximum Minimum

P 8.820 1.494 × 10 1.315 × 102 4.000 × 10−2

K 2.966 × 106 3.789 × 106 2.036 × 107 2.104 × 104

KS 9.266 × 106 8.427 × 106 4.271 × 107 6.646 × 105

AB 3.420 × 10−2 5.510 × 10−3 4.509 × 10−2 2.368 × 10−2

FDI 6.648 × 105 7.234 × 105 3.576 × 106 1.414 × 103
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4.2. Spatial Autocorrelation Analysis

Tobler once said, “Everything is related to everything else, but near things are more related than
distant things.” [51] This view is called “the first law of geography.” It is one of the basic theories
of spatial econometrics. Spatial autocorrelation analysis is the premise of using spatial econometric
models. The spatial autocorrelation test of the interpreted variables (regional innovation capabilities)
can determine its spatial distribution characteristics. If the regional innovation capability exhibits
a random distribution, it is not necessary to use a spatial measurement method. If it exhibits the
characteristics of spatial agglomeration, we use the spatial measurement method. This study selects the
first-order adjacency matrix as the model’s spatial weight matrix. Consequently, we use the first-order
adjacency matrix to perform spatial autocorrelation analysis on regional innovation capabilities.

4.2.1. Full Spatial Autocorrelation Analysis

Global spatial autocorrelation analysis mainly examines the spatial agglomeration of the entire
spatial sequence. A commonly used test method is the Moran’s I test. The value range of Moran’s I is
[−1, 1]. When the value is greater than 0, it indicates that there is a positive spatial autocorrelation.
When the value is less than 0, it indicates that there is a negative spatial autocorrelation. When the
value is 0, it indicates that it is not. There is spatial autocorrelation. The specific formula is as follows:

I =

n∑
i=1

n∑
j=1

wi j(xi − x)
(
x j − x

)
S2

n∑
i=1

n∑
j=1

wi j

(20)

where S2 =

n∑
i=1

(xi − x)

n is the sample variance and wi j is the spatial weight matrix element; n is the
sample capacity, that is, the number of regions studied; xi and x j represent the attributes of i and j

regions, that is, regional innovation capabilities; and x = 1
n

n∑
i=1

xi, which is the mean of xi.

Using StataSE 15 (StataCorp, 4905 Lakeway Drive College Station, Texas, 77845, USA), we select
the first-order adjacency data and regional innovation capability data of 30 provincial regions in
China to calculate the Moran’s I Index of China’s regional innovation capabilities from 2006 to 2017,
as shown in Table 4. The Moran’s I values of all years are greater than 0 and have passed a significance
test of at least 5%. This indicates that China’s regional innovation capability has significant positive
spatial autocorrelation and obvious spatial agglomeration. Consequently, we should use spatial
measurement methods.

Table 4. Moran’ s I (2006–2017).

Year Moran’s I p-Value

2006 0.263 0.004
2007 0.273 0.005
2008 0.286 0.006
2009 0.264 0.023
2010 0.251 0.031
2011 0.183 0.027
2012 0.187 0.014
2013 0.194 0.024
2014 0.195 0.033
2015 0.200 0.034
2016 0.194 0.038
2017 0.206 0.013
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The Moran’s I index of China’s regional innovation capabilities over the years is positive in
value. This indicates that there is a positive spatial autocorrelation. In addition, the data of all years
have passed at least a 5% significance test, rejecting the null hypothesis that “there is no spatial
autocorrelation.” This indicates that there is a significant positive spatial autocorrelation in regional
innovation output over the years. The phenomenon of agglomeration is more obvious.

4.2.2. Local Spatial Autocorrelation Analysis

Global space autocorrelation can verify the existence and type of spatial autocorrelation. However,
there are two cases of positive space autocorrelation: high-value clustering, and low-value clustering.
Moran’s I scatter plots are needed to investigate. The Moran’s I scatter plot is established in a
standardized Cartesian coordinate system. The abscissa reflects the attributes of the local area.
The ordinate reflects the average of the attributes of adjacent areas. There are four quadrants in the
Moran’s I scatterplot. The first quadrant (HH) represents high-value clustering, also called Hot Spot.
The third quadrant (LL) represents low-value clusters, also known as Cold Spot. If the data have a
positive spatial autocorrelation, the type of aggregation can be further judged by the distribution of the
first and third quadrants. In the same way, the second quadrant (LH) and the third quadrant (HL) can
help determine the aggregation type of negative spatial autocorrelation.

Because the time interval of the data is from 2006 to 2016, this study draws Moran’s I scatter plots
for 2006, 2010, 2014, and 2017 at three-year intervals, as shown in Figures 3–6. The spatial agglomeration
and distribution of China’s regional innovation capabilities is stable. Most of them are located in the
third quadrant (LL). Only 3–4 provinces are stable in the first quadrant (HH). This indicates that the
ratio of strong and weak provinces makes China’s innovation ability stable. Innovative development
has not made significant progress.
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4.3. General Panel Effect Test

Panel models have various forms. They can be generally divided into mixed regression models,
fixed effect models, and random effects models. The special nature of the provincial panel data has
led to related studies often using fixed-effect models. However, there are three forms of fixed-effect
models: spatial fixed effects, time-fixed effects, and two-way fixed effects. The space-fixed effect
holds that the space between individuals does not change over time. The time-fixed effect holds that
spatial heterogeneity is caused by the particularities of different time periods and there is no difference
between individuals in the same period. The two-way fixed effect integrates the characteristics of the
above two. It considers that heterogeneity is related to individuals and time. So, is this study suitable
for using a fixed-effect model? If so, what fixed-effect model should be used? In this section, the F-test,
BP test, LR test, and Durbin-Wu-Hausman test were used to answer the above questions. Table 5 lists
the results of each test and Figure 7 describes the entire judgment process.

Table 5. Test results of ordinary panel model.

Kind
F-Value BP-Value LR-Value D-W-Hausman-Value

Level

1O 392.86 *** 881.44 *** 833.71 *** -
2O - - - 16.69 ***
3O 392.86 *** 3.90 *** - - -

***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. The same is true below. In 3O,
the upper value represents the test result in the spatial fixed effect, and the lower value represents the test result in
the time-fixed effect model.
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Figure 7. Derivation diagram of ordinary panel model.

4.4. Spatial Panel Model Inspection

The spatial Durbin model is a more commonly used spatial model. However, under certain
conditions, it can be simplified into a spatial lag model or a spatial error model. In order to make the
model more accurate and the empirical process more rigorous, this study tests whether the spatial
model is better than the OLS model and whether the spatial Durbin model can be simplified through
the LR test and the Wald test.

In the LR test, the LR values all passed the 1% significance test, and the null hypothesis was
rejected. This indicates that the spatial model is better than the OLS model. In the Wald test, the Wald
values also passed the 1% significance test. This indicates that SDM cannot be reduced to SLM or SEM.
Therefore, the spatial Durbin model is the most suitable spatial model for this paper. Table 6 lists the
specific results of the LR test and the Wald test.

Table 6. Results of LR test and Wald test.

Hypothesis LR-Value Hypothesis Wald-Value

Null hypothesis: SEM is not better
than OLS Model 86.1970 ***

Null hypothesis: SDM can be
simplified to SEM 58.5727 ***

Alternative hypothesis: SEM is
better than OLS Model

Alternative hypothesis: SDM cannot
be simplified to SEM

Null hypothesis: SLM is not better
than OLS Model 61.5252 ***

Null hypothesis: SDM can be
simplified to SLM 109.2684 ***

Alternative hypothesis: SLM is
better than OLS Model

Alternative hypothesis: SDM cannot
be simplified to SLM

*, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

5. Spatial Econometrics Analysis

5.1. Estimated Results of the Spatial Econometric Model

This paper is based on the annual panel data of 30 provinces in China from 2006 to 2017
(excluding Hong Kong, the Macao and Taiwan regions, and the Tibet Autonomous Region). We used
StataSE 15 to calculate the model of Equation (18) with the maximum likelihood estimation method.
During the regression process of the spatial Durbin model, we found that the coefficients of
W ∗ L.P, W ∗ ln FDI, and W ∗ ln KS were not significant (L.P represents the explanatory variable with
a lag period). Therefore, we removed these three variables from W ∗X by the “Durbin (variables)”
command. The final regression results are shown in Table 7. However, Elhorst pointed out that the
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regression coefficients of the spatial Durbin model have no explanatory power and it is meaningless
to discuss the value and significance of the coefficients. He emphasized that the coefficients should
be decomposed into direct and indirect effects before the regression results should be explained [5].
Therefore, the empirical results in Table 7 are only used in the empirical test to further test the
double-effect fixed-effect dynamic space. The Durbin model is the best choice in this paper. At the
same time, the study decomposes the coefficients of the explanatory variables to obtain direct and
indirect effects, as shown in Table 8.

Table 7. Comparison results of Spatial Durbin Model.

Spatial Durbin Model Ordinary Panel Model

Independent
Variable

Spatial
Fixed Effect

Time-period
Fixed Effect

S&T Fixed
Effect

S&T Fixed
Effect Pooled OLS S&T Fixed

Effect

W*K 0.9468 ***
(3.21)

0.6174 ***
(5.07)

1.2169 ***
(3.83)

1.2644 ***
(3.96) - -

W*AB 3.0622 ***
(3.55)

9.2484 ***
(3.17)

2.3371 ***
(2.64)

2.1374 **
(2.41) - -

W*ABKS −0.1867 ***
(−3.52)

−0.5643 ***
(−3.15)

−0.1436 ***
(−2.64)

−0.1356 **
(−2.42) - -

Constant - - - - −19.4905 *** 10.2073
(−27.44) (−0.95)

R2 0.8123 0.6448 0.8099 0.8083 0.5781 0.7368

Spat-rho −0.0937
(−1.11)

0.5268 ***
−8.66

−0.4085 ***
(−4.44)

−0.4077 ***
(−4.41) - -

*, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. Z statistics in parentheses.

Table 8. Direct and indirect effects in China.

Direct Effect Coefficient Z-Value p-Value Indirect Effect Coefficient Z-Value p-Value

L1.p −0.0171 −1.86 0.062 L1.p 0.0053 1.75 0.08
K 0.357 2.97 0.003 K 0.8241 3.24 0.001

KS −0.4871 −1.42 0.155 KS 0.1531 1.32 0.187
AB −0.4162 −1.08 0.282 AB 1.9066 2.79 0.005
FDI 0.056 2.07 0.039 FDI −0.0174 −1.83 0.067

ABKS 0.0275 1.15 0.249 ABKS −0.1176 −2.8 0.005

By comparing R2, Spat-rho and W*X items, from Table 7, we decided that the dynamic spatial
Durbin model with two-way fixed effects is the optimal choice.

An analysis of Table 8 revealed that the direct effect coefficient of the interaction term of absorptive
capacity and knowledge spillover (ABKS) is 0.0275, and the p-value is 0.249, which is not significant.
However, the coefficient of its indirect effect is −0.1176, and the p-value is 0.005, which is significant.
(In Section 3.4, this paper uses the economic distance matrix to measure the knowledge spillover
index. The greater the economic distance, the smaller the level of knowledge spillover. Therefore,
the direct effect containing the variable KS is similar to the “indirect effect” on economic distance. In the
indirect effect, the priority of the first-order adjacency matrix is higher than the economic distance
matrix. Therefore, the indirect effect still reflects the spillover effect of a province on neighboring
provinces.) This shows that absorptive capacity has an inhibiting effect on the innovation capacity of
neighboring provinces (H1 is correct). At the same time, the greater the economic distance between the
two provinces, the stronger the promotion effect of absorptive capacity, but this effect is not significant
(H2 is not correct). According to the actual situation in China, the possible reasons are as follows: First,
the absorptive capacity of provinces with strong economic levels (such as eastern China, which accounts
for half of the Chinese economy) is already at a high level. Moreover, it has moved away from the
stage of simple imitation and learning, and continued to improve the level of absorptive capacity and
knowledge spillovers, which has inhibited the development of innovation. For example, there is a
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“siphon effect” on areas with weak economic levels, or spillover knowledge cannot be absorbed and
used because of the large technological gap. The direct effects of KS and AB (both signs are negative
and insignificant) also confirm this. Second, there is a “double threshold” characteristic of absorption
capacity, showing an “inverted U-shape” characteristic. China has experienced rapid development in
reform and opening-up for decades. The overall level of absorptive capacity has reached a high level,
approaching the apex of an “inverted U-shape.” The benefits of improving absorptive capacity are
less than the cost of upgrading. Third, according to the definition of absorptive capacity in this study,
regions with higher absorptive capacity have more talent and are more likely to attract a further influx
of talent. This often leads to problems such as a lack of talent in neighboring provinces, which restricts
their innovation and development. For example, if Zhejiang and Guangdong implement a talent
introduction policy, it will inevitably cause a decrease in the number of talented individuals moving
into Fujian.

5.2. Regional Tests

There are large differences in the economy, culture, environment, and policies of China’s
eastern, central, and western regions. (According to the Fifth Session of the Eighth National
People’s Congress of China, China is divided into eastern regions (Beijing, Tianjin, Hebei, Liaoning,
Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan), central regions (Shanxi, Jilin,
Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and Hunan), and western regions (Sichuan, Chongqing,
Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang, Guangxi, and Inner Mongolia).)
Furthermore, we need to make the empirical results more convincing and to explore the role of
absorptive capacity, enhance knowledge spillovers, and thus enhance innovation. Consequently, this
study conducted the abovementioned empirical tests in the eastern, central, and western regions
of China. The results are shown in Table 9. Figure 8 shows the distribution of eastern, central,
and western China.

Table 9. Direct and indirect effects of ABKS in different regions.

Direct Effect Indirect Effect R2 Spat-rho Log-L

Eastern region 0.0075 (0.26) −0.0501 (−1.41) 0.8589 −0.2722 *** (−3.15) 45.8746
Central region 0.0135 (0.36) −0.1417 ** (−2.32) 0.7356 −0.1351 * (−1.72) 19.4872
Western region 0.0562 (1.37) −0.1674 * (−1.83) 0.8172 −0.3394 ** (−2.37) −66.2759

*, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. Z statistics in parentheses.

Figure 8. Distribution in eastern, central and western China.
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According to Table 9, the direct effect coefficients of ABKS are all positive, but not significant.
Of the indirect effects, the coefficients of all regions are negative, but only the central and western
regions have passed the significance test. (1) The direct effects of the three subregions are not significant,
which is the same as the conclusions in Table 9. (2) Different from the conclusions in Table 9, the indirect
effect coefficient of the eastern region is not significant. This is due to the higher level of innovation in
the eastern provinces and the departure from the innovation and promotion mechanism that relies on
imitation, which greatly reduces the effect of spillover effects. 3) The result of indirect effects in the
central and western regions is the same as the conclusions in Table 9.

5.3. Robustness Test

In order to ensure the robustness of the conclusion, we will further use the freight railway distance
matrix to replace the economic distance matrix and construct a new knowledge spillover index in the
spatial econometric model. The results are shown in Table 10.

Table 10. Results of robust test.

Direct Effect Coefficient Z-Value p-Value Indirect Effect Coefficient Z-Value p-Value

L1.p −0.0103 −1.16 0.246 L1.p 0.0029 1.11 0.268
K 0.1633 1.32 0.187 K 1.4722 4.97 0.000

KS −1.8908 −4.82 0.000 KS 0.5432 3.48 0.001
AB −0.4764 −1.22 0.222 AB 1.2349 1.89 0.059
FDI 0.0856 3.23 0.001 FDI −0.0248 −2.51 0.012

ABKS 0.0308 1.3 0.195 ABKS −0.0762 −1.92 0.055

It can be seen from Table 10 that in terms of direct effects and indirect effects, the signs of the
coefficients of the variables are the same, the sizes are the same, and the significant conditions are
about the same. The direct effect of the ABKS term is not significant, but its indirect effect is more
significant. On the whole, the empirical results are consistent with the previous ones, indicating that
the previous conclusions are robust.

6. Conclusions

6.1. Concluding Remarks

Based on the annual panel data of 30 provinces in China from 2006 to 2017, this paper constructs a
seven-dimensional absorptive capacity index evaluation system. We use the entropy weight method
to measure its score. We explore the spatial relationship between the promotion effect of absorptive
capacity on knowledge spillovers and regional innovation capacity through spatial measurement
methods. First, this paper shows that there is a clear positive spatial autocorrelation in regional
innovation capacity (as measured by the number of patent grants). Moreover, 80% of provinces
exhibit low-low agglomeration (LL) characteristics throughout the year. Fewer than 20% of provinces
exhibit high-agglomeration (HH) characteristics. This is because China’s “common prosperity” policy
encourages the development of some regions (mainly the eastern region). Namely, it allows some
people to get rich first, but drives other regions to achieve common prosperity. Thirty years after
the implementation of the policy, with the support of the Chinese government, the eastern region
has rapidly increased and developed rapidly. It has also played a positive role in the development
of the central and western regions. However, development takes time. Until 2019, the central and
western regions of China were still significantly weaker than the eastern regions, thus contributing
to HH-LL differentiation. Secondly, at the national level, the promotion effect of absorptive capacity
in one province on knowledge spillovers has no obvious effect on innovation promotion in other
provinces, especially in provinces with similar economic levels. This will inhibit the innovation
development of neighboring provinces. Finally, by studying the eastern, central, and western regions
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of China, we find that the role of absorptive capacity in promoting knowledge spillover varies
from region to region. The eastern provinces will not be adversely affected by the development of
absorptive capacity of neighboring provinces. The results in the central and western regions are
not substantially different from the full sample study. This is due to the high level of innovation in
the eastern provinces, which is separate from the innovation promotion mechanism that relies on
imitation. This greatly reduces spillover effects. Furthermore, there is more talent concentrated in
the eastern region. Consequently, increasing the absorption capacity of one province will not cause
a talent shortage in neighboring provinces, while the central and western regions are dominated by
basic industries. There are fewer exchanges and cooperation, lower inter-industry linkages, and thus
lower matching of spilled external knowledge.

6.2. Theoretical and Policy Implications

First, we must firmly adhere to the principle of “common prosperity,” and the “rich first, rich
later, common prosperity” concept. We are bound to find and seize the opportunity. We should also
formulate corresponding policies to support subsidies so as to achieve economic prosperity in central
and western regions. At the same time, we must always grasp the scientific development concept and
the sustainable development concept. We should take eastern development as an example to realize
the harmonious coexistence and common development of man and nature in modernization.

Second, we need to build an innovation platform. We should promote the cooperation between
local governments, scientific research institutions, and universities. At the same time as optimizing the
allocation of innovation resources, through the government bridge, we should encourage talent across
the country to break the space constraints on innovative talent and train up more talented individuals.

Third, we must optimize the talent training mechanism and increase the treatment for talent
introduction. Human capital is the fundamental element of innovation. By encouraging the cultivation
of innovative and research talents, we should provide more support and convenience for the education
of master’s and doctoral students. In this way, we strive to cultivate China’s own outstanding talent.
At the same time, we will increase talent introduction. That is to say, we not only need to prevent
talent from flowing abroad, but must continue to inject new blood into the domestic market in terms of
innovation. In this way, we can maintain the green, healthy, and sustainable development of China.

Fourth, we must promote the reform of state-owned enterprises and improve the competitiveness
of the state-owned economy. State-owned enterprises face conflicts of demands for “profitable
missions” and “public policy use” in the process of production and operation. They have the problems
of redundant structures, a lack of incentives, poor management, and sustained losses. These are not
conducive to the effective allocation and utilization of resources. In this case, state-owned enterprise
reform is imperative. On the one hand, the privatization of state-owned enterprises makes them
participate in market competition. This will force them to improve their competitiveness, optimize
management structure, operate rationally, and increase profits. On the other hand, they should clarify
their positioning and focus the state-owned capital on industries that are important to the national
economy. The government should reduce its intervention in the market and allow “invisible hands” to
regulate market resources.

6.3. Limitations and Guidelines for Future Research

First, limited by the data, there is still room for improvement of the absorptive capacity index
constructed in this paper.

Second, due to the lack of corresponding data, the paper only uses FDI as a control variable to
mitigate the impact of foreign countries, but the impact cannot be eradicated.

Third, the paper has done research on the national level, and at the eastern, central and western
regions level. Researchers who are interested in a particular area can try to analyze it from the
perspective of a city group level or prefecture-level city.
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