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Has high-tech cluster improved
regional innovation capacity?
evidence from Wuhan
metropolitan area in China

Jinhong Bao and Yin Li*

School of Economics, South-Central Minzu University, Wuhan, China

As the core of "Rise of Central China” strategy, the regional innovation capacity of
the Wuhan Metropolitan Area is the key to enhance the innovation ability of central
China and even China. High-tech industries are the key driving force to improving
regional innovation. Studying the relationship between high-tech clusters and
regional innovation capacity helps optimize the spatial layout of regional high-
tech industries, upgrade the industrial structure and enhance regional innovation
capacity. Based on the panel data of nine cities in the Wuhan Metropolitan Area
from 2010-2019, we measure the regional innovation capacity and the degree of
high-tech cluster using the super-SBM and locational quotient. Furthermore, we
explore the high-tech cluster’s influence on regional innovation capacity by
constructing a non-linear panel threshold model and a spatial econometric
model. The results showed: 1) The innovation capability of the Wuhan
Metropolitan Area shows a “W" type fluctuation upward trend, and the degree
of the high-tech cluster is below the quotient level of 1, showing a continuous "M"
type trend; 2) There is a non-linear double-threshold effect between high-tech
cluster and innovation capacity, and the overall effect of promotion, but there is a
marginal decreasing, probably because of the crowding effect or over-
competition of the high-tech cluster in some regions; 3) After considering the
spatial effect, the impact of the high-tech cluster on the innovation capacity of
both local and neighboring regions shows a “U”" curve, but the spillover to the
neighboring areas is relatively limited. Therefore, to give full play to the advantages
of the high-tech cluster, it is necessary to take a long-term view when formulating
relevant industrial policies while considering the differences in regional economic
development levels and spatial spillover effects.

KEYWORDS

Wuhan metropolitan area, high-tech cluster, regional innovation capacity, panel
threshold model, spatial spillover

1 Introduction

China’s economic development mode is changing from pursuing high-speed growth to
high-quality development, from factor- and investment-driven to innovation-driven (Gu
et al,, 2020). High-quality urban agglomerations are important spatial carriers for China’s
economic and social development (Fang and Yu, 2017). The construction of urban
agglomerations will also change from the previous scale-expansion type to the efficiency-
enhancing type, in which technology-intensive high-tech industries are essential to enhance
the innovation capacity of urban agglomerations.
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The “Metropolitan Area” is a critical factor in enhancing the
innovation capability of the city cluster (Fang and Yu, 2017). The
concept of “Wuhan Metropolitan Area” was formally proposed in
2002, which refers to the city cluster consisting of eight large and
medium-sized cities around Huangshi, Ezhou, Huanggang, Xiaogan,
Xianning, Xiantao, Qianjiang and Tianmen within a radius of 100 km
with Wuhan as the center of the national central city, also known as “1
+ 8 city circle”. As an essential national high-tech industrial base and
the core of the “Rise of Central China” strategy, Wuhan Metropolitan
Area is strong in high-tech industries and rich in innovative resources.
Since its establishment, the government has been actively promoting
the construction of industrial parks to promote industrial clustering
and technological innovation.

The policy of the Wuhan metropolitan area to promote the
clustering of high-tech industries can trace back to 2006. The
Hubei Provincial Government officially issued the “Hubei Province
high-tech industry development 11th Five-Year Plan” in 2006 (PGHP,
2006), which points out the general layout of the province’s high-tech
industry development in the 11th Five-Year Plan, and tries to promote
the development of high-tech industry clustering in the province,
especially highlighting the central position of the Wuhan
metropolitan area in the development of high-tech industry in the
province. In 2021, the Hubei Provincial Government promulgated
“Several measures to promote the high-quality development of Hubei
High-tech Industrial Development Zone” (PGHP, 2021), and in 2022,
“Innovative Industrial Cluster Management in Hubei Province
(PGHP, 2021) was drafted, both of them again underlined the
clustering development of high-tech in Hubei province.

After nearly 20 years of exploration and development, Wuhan
Metropolitan Area has built the Wuhan Economic and Technological

Development Zone, Lingang Economic and Technological
Development Zone, East Lake High-tech Zone, Huangshi
Economic and Technological Development Zone, Gedian

Economic and Technological Development Zone, a total of five
national economic and technological development zones, each city
has also established high-tech open areas such as Huanggang,
Xiaogan, Xianning, Xiantao and Qianjiang high-tech development
zones, gradually forming high-tech industry The new pattern of
of high-tech
promoted high-tech industry and regional development. In 2021,

regional development industry clustering has
Wuhan Metropolitan Area will have a resident population of
32.85 million, and the added value of the high-tech industry will
be over RMB 670 billion, which is one-third of the area of Hubei
province, concentrating more than half of the province’s population
and contributing nearly 70% of the added value of high-tech industry.

The report of the 20th CPC National Congress points out
“building a coordinated development pattern of large, medium
and small cities based on city clusters and metropolitan areas”
and promotes the formation of a new pattern of coordinated
regional development with city clusters and metropolitan
areas. However, from a general point of view, there are
problems of unbalanced and uncoordinated development of
innovation level and high-tech industry within the Wuhan
Metropolitan Area by 2021. According to the “China City
Science and Technology Innovation Development Report
20217, Wuhan City’s science and technology innovation
index score is 0.69, ranking 7th in China, while Xianning
City, the lowest-ranked city in the city circle, has a science

Frontiers in Environmental Science

10.3389/fenvs.2023.1180781

and technology innovation index score of only 0.279, ranking
155th out of 282 cities. The industry has a significant gap in the
distribution of resources and development in the Wuhan
Metropolitan Area. Just from the added value of the high-
tech industry in 2021 is 408.841 billion yuan in Wuhan and
25.294 billion yuan in Xianning. So, what is the degree of the
high-tech cluster in the Wuhan Metropolitan Area in 20 years?

Based on the preliminary analysis of literature and data, this
paper raises three questions: 1) What is the degree of the high-
tech cluster in the Wuhan Metropolitan Area in 20 years? (2)
Moreover, in turn, does it impact regional innovation capacity?
(3)What is the impact? Therefore this paper attempts to explain
the above three questions by empolying the super-SBM and
locational quotient to measure the regional innovation
capacity (RIC) and the degree of high-tech cluster respectively.
Then constructing a nonlinear panel threshold model and a
spatial econometric model including the RIC and the degree
of high-tech cluster to fill the literature gap.

In the rest of this study, we briefly review the relevant literature
in Section 2, introduce methodology, variable, and data in Section 3,
report empirical result in Section 4. Finally we conclude the study

and offer useful policy recommendations in Section 5.

2 Literature review
2.1 Regional innovation capacity (RIC)
The study of innovation as an essential factor affecting

1986),
in his

production began with Schumpeter (Scherer, who
elaborated the idea of theory book
“Introduction to Economic Development” as early as 1912,

innovation

considering innovation as a new production function and the
regrouping of various factors of production. It was only when
scholars such as Freeman (1987) and Cooke (1992) added
concepts such as region to innovation and put forward the idea
of regional innovation that the regional innovation issue gradually
attracted scholars’ attention. At the international level for the study
of RIC, there are usually only a few case studies focused on one or a
few regions and cities (Fujita and Tabuchi, 1997; Alecke et al., 2006;
Maggioni, 2002; Zandiatashbar and Hamidi, 2022). Specifically,
research on China’s RIC has focused on RIC’s spatial and
temporal heterogeneity. The research on RIC focuses on two
factors: First, RIC’s spatial and temporal heterogeneity. For the
research on the change of RIC in the time dimension, scholars have
deepened their research on China’s RIC shows a fluctuating rise over
time (Li, 2009; Wang et al., 2020). However, with the rapid
development of China’s economy, the differences in regional
innovation performance are getting bigger and bigger, and there
are apparent spatial differences in regional innovation capabilities,
with the eastern, central and western regions forming a stepwise
decreasing trend (Li, 2009; Xu et al., 2019; Irfan et al., 2022). Second,
the study of factors influencing RIC. They mainly include regional
economic level (Li, 2009), competitive intensity (Li et al., 2016),
government intervention (Yu, 2023), economic environment (Yang
et al,, 2023), knowledge intensity (Guo et al, 2019), geographic
location (Fan et al., 2012) and high-tech industry clustering (Wu
et al., 2019).
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2.2 The relationship between high-tech
cluster and RIC

There are three main methods to measure innovation efficiency.
First, rely on the results of innovation, often expressed in the
number of patents (Jiang et al., 2022). Second, select multiple
indicators and measure RIC by principal component analysis
(Wang et al, 2020). Third, frontier surface analysis usually
measures innovation efficiency, including parametric and non-
parametric methods. The commonly used parametric method is
Random Frontier Analysis (SFA) (Charoenrat and Harvie, 2014),
and the commonly used non-parametric method is Data
Envelopment Analysis (DEA) (Li et al, 2018), both of which
have advantages and disadvantages. The application of SFA
focused mainly on enterprises’ efficiency. The DEA method can
construct a minimum set of output possibilities that can be adapted
to all individual production patterns and is gradually becoming a
standard method for measuring the efficiency of regional
innovation.

2.3 The relationship between high-tech
cluster and RIC

Industrial clustering (Liu et al, 2017) has become an inevitable
trend of economic development driven by the inherent requirements of
economies of scale. Industrial agglomeration is the aggregation of many
independent and related enterprises and institutions in a geographical
space through the division of labour. Industrial agglomeration removes
and lowers the barriers to capital, infrastructure and knowledge for
firms in the agglomeration area, providing an incentive for innovation
(Kumar and Subrahmanya, 2010; Ketels, 2003). Meanwhile, high-tech
industry clustering has received wide attention as an important
influencing factor of regional innovation capability (Furman et al,
2002; Hu and MAthews, 2008).

Economic development is accompanied by an increase in the
demand for innovation, and the high-tech industry has the
characteristics of complex technology or innovation (Zhou, 2016)
and with this requires the development of linkages or cooperation
between enterprises, which naturally promotes the creation of high-tech
industry clusters. However, there are contradictions in the conclusions
of existing studies about the relationship between industrial clusters and
RIC. Some scholars hold the opinion that high-tech clusters can
enhance innovation capability. Porter (1998) argues that intense
competition within high-tech industrial agglomerations promotes
specialized production, enhances innovation efficiency, and
ultimately promotes the of the
technological innovation capacity of the high-tech industrial
agglomeration; Carlino et al. (2007) argue that high-tech industrial
agglomeration can enhance the regional patent density by strengthening

continuous  improvement

technology and knowledge spillover among high-tech enterprises in the
region, thus promote RIC; Kesidou and Romijn (2008) argue that local
knowledge spillover from high-tech industries is the primary driver of
regional innovation, whether in developed or less developed countries.
Xie et al. (2018) studied the Wuhan Donghu High-Tech Zone. They
found a high-tech cluster that helped form an intensive entrepreneurial
community that has achieved numerous technological innovations and
contributed substantially to the economy of Hubei Province.
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In addition, other scholars have a different view. Pouder and St.
John (1996) argue that the creation and diffusion of institutional
norms create a “macro-culture” of the cluster, which leads to
homogeneity and stereotypes among firms in the cluster, which
is not conducive to innovation. Beule and Beveren (2010) argue that
whether promotes  technological
innovation and product renewal depends on the stage of

industrial ~ agglomeration
technological innovation in which the firm is located. Fritsch and
Slavtche (2010) argue with the help of German state data from
1996-2000 that there is an inverted “U" shaped curve relationship
between industrial agglomeration and innovation efficiency when
industrial agglomeration reaches a certain level. Chung et al. (2022)
analyzed global data from 90 countries. The ratio of high-tech
entrepreneurial activities has an inverted-U-shaped relationship
with innovation efficacy.

The studies mentioned above in the literature suggest that the
impact of the industrial cluster on RIC is so sophisticated, and
there is yet to be a unified conclusion. Firstly, the existing studies
on the nonlinear relationship between high-tech clusters and RIC
are few and only use a single model to explore the nonlinear
relationship between them; Secondly, most of the studies focus on
the impact of industry clusters on inter-provincial innovation
within the provincial scope. In recent years, the development of
China’s urban clusters has received much national attention, and
Wuhan Metropolitan Area is an important innovation highland
for the “rise of central China”, but the existing studies have not
yet covered the research on the RIC of high-tech industrial cluster
in Wuhan Metropolitan Area. Based on this, this paper
introduces the economic development level as a threshold
variable to build a panel threshold model to study its
nonlinear effect on RIC and also checks whether there is a
crowding effect by establishing a spatial econometric model
and using the quadratic term of the high-tech cluster.
Combining the spatial effect and nonlinear effect, it can not
only profoundly study the spatial spillover effect of the high-tech
cluster on the influence of RIC but also further consider the
characteristics of the role of the high-tech cluster on RIC and
their spatial relationship from a spatial perspective, to provide
policy suggestions for the development of high-tech industry in
Wuhan Metropolitan Area.

3 Methodology
3.1 Model and method

Firstly, we considered the impact of the spatial cluster of high-
tech on technological innovation. Innovation is a process that relies
on knowledge production activities, and we reviewed numerous
pieces of literature on innovation research to find out that
knowledge production function is the primary theoretical model
for studying regional innovation activities. In this study, we prefer to
use the model constructed from Jaffe et al. (1993) knowledge
production function and the model shown below.

Ineff;;= InA; + ,Inlq;, + 6y (1)

A denotes the Hicks-neutral knowledge production function.

Influenced by path dependence and cumulative effects,
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technological innovation output depends mainly on the output level
of the previous period, introducing the first-order lag term of
innovation efficiency.

Secondly, in the process of industrial cluster development, the
industrial cluster effect will reduce the marginal production cost,
enhancing the regional production efficiency and improving the RIC.
When there is the crowding effect in the industrial cluster, it will
increase the regional production factor cost and cost of living (Jiang
etal., 2023), reducing the regional production efficiency and hindering
the RIC. Therefore, the industrial cluster and the RIC will be a
quadratic function relationship. In order to test whether there is a
crowding effect, introducing the squared term of the logarithm of the
industrial cluster value into the model, and the model is as follows:

Ineffy = ap + aylnlq, + a,Inlq] + AnXy + vy +py, + & (2)

Lneff;, is for the innovation capability of region i in period t, 1q;
denotes for the high-tech cluster in region i in period t, Xj, is the
control variable, a, oj, a, a; and A are the corresponding
coefficients to be estimated, vy, and p;; denote individual fixed
effects and time fixed effects, respectively, and & is the random
disturbance term.

In addition, given that the relationship between the high-tech
cluster and innovation capability is not only purely linear, there may
also be nonlinear correlation effects, while the traditional linear
difficult to identify the
relationship. Therefore, in order to explore in detail the effect of

model is complex nonlinear
the high-tech cluster on innovation capability in different threshold
ranges, the panel threshold model proposed by Hansen (1999) is
referred to. We try to verify that the role of the high-tech cluster on
RIC, as pointed out above, may be influenced by the regional
economic development level. A panel threshold model is
constructed by using GDP density (Zeng et al., 2017) to measure
the economic development level as a threshold variable and the
high-tech cluster as the core explanatory variable. The model was set
as follows:

Ineff = o + oy Inlg, x I'(Ingdp, <6) + ay Inlq,, x I (Ingdp, > 5)
+ a3 In Xyt + &t

3)

Where I (e) is the threshold indicator function that will segment the
sample according to the threshold value. The threshold variable is
the level of economic development (Ingdp), Xit is the control
variable, and ¢it is the random disturbance term.

Finally, in order to further discuss the spatial spillover effect of
the high-tech cluster on innovation capability, a dynamic SDM
including both temporal and spatial effects (Debarsy et al., 2012;
Elhorst, 2012; Ren et al, 2021) is constructed on the basis of
Equation 2.

Ineff; = ap + pW,, Ineffy + ajlneff;, | + &, Wlneff;, ,
+ aplnlq, + 6, W, Inlq, + 0¢3lnlqi2t + 63Wnlnlqi2t
+ AnXie + O, WioXie + vy + 4y, + & (4)

Ineff; ; is the time-lagged term of RIC to analyze its inertia effect
and dynamic changes. When al1,81 = 0 is the static spatial panel data
model. p represents the spatial autoregressive coefficient, and W is
the nxn dimensional spatial weighting matrix. In the selection of the
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spatial weight matrix, we employ the spatial weight matrix W1 of
geographic-economic distance considering the geographic distance
and economic factors for estimation (Huang et al., 2021).

(5)

Where: dj; is the distance between city i and city j. Y in the diagonal
element is the annual average value of GDP per capita of region i
during the period under examination; Y is the average value of GDP
per capita of all regions during the period under examination.

3.2 Variable selection and data sources

3.2.1 Measurement of innovation capability

The quantitative index of innovation capacity is usually
expressed by innovation efficiency, which is used in this paper
to express innovation capacity (eff). Innovation efficiency is the
ratio between the increased regional economic value and
innovation input in a certain period of time, and most of the
existing literature uses the data envelopment analysis (DEA)
method to measure it. This is a non-parametric analysis
method for the relative efficiency measurement between
multiple factor inputs and outputs, which can solve the
problem of inconsistent input and output units. However, it
cannot take into account the input-output slackness, making
the measure of efficiency values less accurate. Therefore, most
studies have started to use the non-radial, non-angular SBM
model to reasonably and effectively solve the problem of non-
zero slackness between inputs or outputs. However, the efficiency
values measured by the SBM model can appear that the efficiency
values of multiple DMUs are all shown to be 1, i.e., multiple
DMUs are at the same frontier surface optimum. Therefore, this
paper uses the super-SBM model proposed by Tone (2002) to
measure innovation efficiency to represent innovation capability,
which allows the efficiency value of DMUs to exceed 1.

The accuracy of innovation efficiency measurement is mainly
affected by the selection of input and output indicators. Based on
the existing research studies, this paper takes nine cities in
Wuhan Metropolitan Area from 2010 to 2019 as the research
objects and sets input indicators as the number of high-tech
industries, the number of RandD personnel, internal expenditure
of RandD funds and funds from government departments for
science and technology activities, and the expected outputs as the
number of patents approved, the value added of high-tech
industries The expected outputs are the number of patents
approved, the value added of high-tech industry, the value of
export delivery of high-tech industrial products and the sales
revenue of new products.

The research data are obtained from the city statistical yearbook
of each city and the national economic and social development
report, and some data are passed through the Hubei Provincial
Statistical Yearbook, the China Torch Statistical Yearbook, and the
statistical bulletin of each city. The missing data of export delivery
value and new product sales revenue of high-tech industries in
Qianjiang, Xiaogan and Huanggang cities in 2019 were completed
using the linear interpolation method.
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3.2.2 Core explanatory variables

The studies usually measure The degree of the industrial cluster
through location quotient (1q). British academics Haggett (Xu et al.,
2018) first developed this method and applied it to regional analysis.
It is often used to indicate the degree of concentration of a specific
industry in a specific region. The concentration of a specific industry
is generally measured by the number of enterprise units, gross
industrial product, product sales revenue and other indicators.
However, there are micro differences in the scale of operation,
business performance and revenue capacity of enterprises. We
consider that not all indicators are available, so we chose the new
product sales revenue of the high-tech industry in the Wuhan
Metropolitan Area as the index of industrial agglomeration, and
the calculation formula is:

la = Xi/ 2 X

4= Y/ YL Y ©

Where 1q; is the clustered index of high-tech industry in the city i, X;
is the new product sales revenue of high-tech industry in city i,
YL, X which is the sum of new product sales revenue in the city
circle, n is as 9. From the definition and classification standards of
the high-tech industry in OECD and China, the high-tech industry
mostly comes from the manufacturing industry. The RandD results
of new technology and new products are also primarily used in the
secondary industry, so this paper takes The gross value of the
secondary industry as the data source of Y;. Y; is the output
value of the secondary industry in city i and Y ,Y; is the gross
value of the secondary industry in the urban area.

If Ig; > 1, it indicates that the high-tech industry is relatively
concentrated in city i, and the level of the high-tech cluster exceeds
the average level of the region; If 1q; < 1, it indicates that the high-
tech cluster in city i is lower than the average level of the region. The
bigger Iq means a higher degree of clustering in the corresponding
region, with relative scale advantage and faster industrial
development.

3.2.3 Control variables

To improve the accuracy of regression results, this paper adds
the level of government intervention (gov), RandD capability
(randd),
competitive intensity (comep) and knowledge intensity (kd) as
control variables.

degree of financial development (fi), degree of

@ Level of government intervention (gov): For a long time, the
government mainly used fiscal expenditure to promote
industrial development and economic construction. The
proportion of local fiscal expenditure to GDP indicates
the degree of local government intervention.

®@ RandD capability (randd): the improvement of randd
capability brings about accelerated technological progress.
Using the randd of the Wuhan Metropolitan Area to
measure The ratio of the randd of each region.

® The degree of financial development (fi): financial
development brings down the cost of financing, which to
a certain extent increases the capital investment for

thus

technological innovation. The ratio of the deposit balance

technological ~ improvement  and promotes
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FIGURE 1

Average of RIC and high-tech cluster level in Wuhan
Metropolitan Area.

of financial institutions to GDP at the end of the year
measures the degree of financial development.

@ Intense competition (comep): Enterprise competition can
promote continuous innovation. On the other hand,
excessive competition causes a waste of resources. The
regional high-tech industry density is measured as a
percentage of industry density in urban areas.

qit/si
5./ @

Where g, is the number of high-tech industries, s; is the region’s

comep;, =

area, and S is the total area of the Wuhan Metropolitan Area.

® Knowledge intensity (kd): A region with higher knowledge
intensity implies a stronger sense of innovation and innovation
values and the more conducive to improving RandD efficiency.
The number of patents granted per 10,000 people is used to
measure the regional knowledge intensity.

The data of the study were obtained from the China City
Statistical Yearbook, the city statistical yearbooks of each city and
the national economic and social development reports, and some
data were supplemented by the Hubei Statistical Yearbook, the
China Torch Statistical Yearbook, the statistical bulletins of each
city and CSMR.

4 Empirical analysis

4.1 Characteristic facts of the RIC

Based on the above analysis in this paper, the innovation
capacity and high-tech cluster values of the Wuhan Metropolitan
Area from 2010-2019 are measured, and the mean values of these
two in the study period are calculated (Figure 1), which reflect the
overall cluster level of high-tech industry and RIC of Wuhan
Metropolitan Area to some extent through the high and low
innovation efficiency values and cluster values.

First of all, during the study period, the overall innovation
capacity of the Wuhan Metropolitan Area is on an upward trend,
with an overall “W”-shaped fluctuation trend of “slow decline-short
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rise-shortfall-then rapid rise”: from 2011 to 2014, the innovation
capacity of Wuhan Metropolitan Area slowly declined from 0.915 to
0.881. From 2011 to 2014, the innovation capacity of the Wuhan
Metropolitan Area slowly declined from 0.915 to 0.881, which is an
important period of industrial structure upgrading and
transformation in Hubei Province during the 12th Five-Year
Plan, and the adjustment of industrial structure may be the
reason for the slight decline of innovation capacity. From 2016 to
2019, the innovation capacity showed a “V" shape, with a short
decline in 2016, when the 13th Five-Year Plan was underway, and
the new normal policy continued to focus on structural adjustment
and transformation of production methods, which affected the
innovation capacity of the industry in that year. However, after
2017, it rose rapidly for three consecutive years to reach 0.98 in 2019.

Secondly, the average industrial cluster level in the decade of
2010-2019 is below 1, showing a continuous “M" type trend, and

each time it rises, it will experience a short decline, and the cluster

Frontiers in Environmental Science

level is in an upward trend before 2016, and tends to rise after
experiencing a decline in 2017. Finally, in terms of the relationship
between industrial cluster and innovation capacity, the two trends
converge, but in 2019 they diverge significantly, which indicates that
the influence of high-tech industrial cluster level on innovation
capacity in the Wuhan Metropolitan Area is beginning to weaken.

4.2 Spatial characteristics of the RIC

In Figure 2, this paper further draws the spatial distribution of
the RIC levels in the Wuhan Metropolitan Area from 2010 to 2019,
in order to visually analyze the distribution of RIC levels in various
cities. According to the changes in RIC levels, we applied the natural
break point method to classify the RIC levels into five types: low,
lower, moderate, high, and higher. As can be seen from Figure 2, the
RIC of cities in the Wuhan Metropolitan Area from 2010 to 2013 is
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TABLE 1 Results of the threshold effect test.

Threshold variables

10.3389/fenvs.2023.1180781

Ingdp

Test for threshold effect Threshold value 10% 5%
single threshold —1.7460 25.18 0.0100 13.5389 17.0104 25.0041
double threshold ~1.2437 16.31 0.0600 13.1657 17.1517 23.6737

TABLE 2 Estimation results of the parameters of the panel threshold model.

Variables Coeff.

InlqxI (Ingdp<81) 0.0824 (0.0811)

InlgxI (81<Ingdp<52) 0277 (0.0789)

InlgxI (Ingdp>62) 0.157* (0.0830)

Inlq2 ~0.0156 (0.0184)
Lngov —-0.0302 (0.134)
Lnkd 0.0718** (0.0309)
Inrandd -0.0734*** (0.0237)
Lnfi —0.550%** (0.126)
Incomep —0.0890*** (0.0334)

Note: *, **, *** indicate significance at the 10%, 5%, and 1% levels, respectively, and, and the
numbers in brackets are “t”.

dominated by moderate, lower and low; the RIC level from 2016 to
2019 is dominated by Higher. Wuhan, as the core city of the Wuhan
metropolitan area, is far ahead of the surrounding cities in terms of
its level of RIC development, which has a radiation-driven effect on
the RIC development of the surrounding cities. But as seen in
Figure 2, the RIC of Xiaogan and Huanggang is still low.

4.3 Threshold effect analysis

In this part, we use the panel threshold model proposed by
Hansen (1999) to test whether there is a non-linear relationship
between high-tech industry clustering and RIC under the influence
of economic development level? The estimation process is as follows.

4.3.1 Threshold effect test

Table 1 shows the threshold values, F-values and critical values
of variables at different significant levels. Table 1 shows that if the
level of economic development is used as the threshold variable, the
single threshold and the double threshold pass the significance test,
the corresponding threshold values are —-1.7460 and -1.2437,
respectively.

4.3.2 Estimation of the threshold model

On the basis of the threshold effect significance test passed, this
paper empirically tested the non-linear effect of the high-tech cluster
on innovation capability based on the panel threshold regression
estimation method, and the estimation of relevant parameters is
shown in Table 2. When the economic development level is below
the lower threshold value of —1.7460, the effect of the high-tech
cluster on innovation capacity is positive but not significant. This
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indicates that there is an aggregation bottleneck at this point, i.e., the
role of the high-tech cluster in promoting innovation capability is
not significant at low levels. When the economic development level
is between —1.7460 and -1.2437, the regression coefficient of
the high-tech cluster is 0.276, which plays a significant role in
promoting innovation capability, and it is significant at a 1%
significant level. When the economic development level
crosses —1.2437, the regression coefficient of the high-tech cluster
decreases to 0.157.

From the regression estimation results, it can be concluded that
when the level of economic development is in the first interval,
i.e., within the low interval, the impact of the high-tech cluster on
innovation capability presents a non-significant positive boosting
effect; when the level of economic development is in the second
interval, i.e., within the middle interval, the impact of the high-tech
cluster on innovation capability presents a significant positive
boosting effect; when the level of economic development is in the
When the economic development level is in the third interval, i.e., in
the higher interval, the impact of the high-tech cluster on innovation
capacity still shows a significant positive promotion effect, and this
positive effect is weakened compared with the second interval.

Combining the three interval bands, the effect of the high-tech
cluster on innovation capability is not linearly distributed from
2010 to 2019, but there is a non-linear double threshold effect based
on the level of economic development, and it shows a certain
promotion effect overall, but there is a marginal decreasing effect.
It may be that with the increase in the level of economic
development, the increase in the concentration of high-tech
industries gradually produces a crowding effect. In addition,
among the control variables, knowledge intensity has a positive
promoting effect on RIC, and the degree of competitive intensity,
RandD capability, level of government intervention and degree of
financial development all have a negative inhibiting effect on RIC,
but the negative effect of the level of government intervention is not
significant. Among them, the significant suppression of innovation
capability by the intensity of competition indicates that there is
excessive competition wasting resources in high-tech industries in
Wuhan Metropolitan Area. The RandD capability is significantly
negative, indicating the weak RandD capability in Wuhan
Meanwhile, the
development and the level of government intervention both show

Metropolitan ~ Area. degree of financial
a negative relationship with innovation capability, which is
consistent with Guan ad Chen (2010), indicating that for the
stronger innovation capability and the greater innovation
demand, enterprises are more willing to invest in research,
develop new technologies and new products rather than relying
on government support and good financial However, the support
from the government and financial institutions is especially
important for enterprises whose innovation activities are in the

initial stage.
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TABLE 3 Global Moran’s | index of Innovation Capacity.

2010 2011 2012 2013

10.3389/fenvs.2023.1180781

2015 2016 2018 2019

Moran'l -0.224 -0.292 -0.083 -0.038

0.017

0.148** 0.240°¢ 0.217°7¢ 0.2280¢ 0.2770¢

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

TABLE 4 Spatial econometric model regression estimation results.

Variables (1)Static spatial panel (2)Space lag (3)Time lag (4)Space-time lag
Coeff. Wx Coeff. Wx Coeff. Wx Coeff. Wx
Inlq 0328+ 0.00497 0.4454+ 0.419* 042744 0435 0428 0.389**
(0.0750) (0.192) (0.0699) (0.218) (0.0656) (0.202) (0.0601) (0.192)
Inlg® 0.1094+ ~0.0309 0.186** 0.223* 0.166*** 0.156* 0178 0.167*
(0.0274) (0.0724) (0.0286) (0.0979) (0.0272) (0.0916) (0.0253) (0.0871)
Ingdp 1.046** 0.719 0.734 0.0436 0.673* 1313 0.0734 ~0.756**
(0.287) (1.161) (0.295) (1.311) (0.272) (1.253) (0.105) (0.335)
Incomep ~0.0852%** ~0.00909 ~0.0859%** 0.0149 ~0.125%4 ~0.0619 ~0.106*** -0.175*
(0.0306) (0.0892) (0.0294) (0.0893) (0.0286) (0.0826) (0.0262) (0.0906)
Ingov ~0.208 ~1.478% ~0.0826 ~0.808** 0.0701 ~0.650* 0.291% 0.170%%*
(0.127) (0.386) (0.116) (0.381) (0.114) (0.341) (0.165) (0.0575)
Inrandd ~0.120°* ~0.306"** ~0.0873%%* -0.122 ~0.0762%* -0.113 1.389 0.813%%
(0.0222) (0.0805) (0.0276) (0.0960) (0.0257) (0.0902) (1.190) (0.263)
Inkd 0.0321 -0.0773 ~0.0245 ~0.236"* ~0.0269 ~0.120 ~0.0812 0.00299
(0.0315) (0.0818) (0.0340) (0.0840) (0.0317) (0.0804) (0.0810) (0.0312)
Infi -0.129 ~1.9170 -0.0607 ~1.356%* -0.135 ~0.753* 0.115%* 0.0285*
(0.138) (0.369) (0.147) (0.388) (0.132) (0.387) (0.0406) (0.0157)
Llneff - - 0.266** 0.243*
(0.0908) (0.0947)
‘WxL.Ineff - 0.151 - -0.233
(0.307) (0.303)
p ~0.106 (0.195) 0.238 (0.210) 0.441** (0.202) 0.448* (0.210)
R-squared 0.370 0.429 0.493 0.466

Note: ***, ** and * indicate significant at the 1%, 5% and 10% levels, respectively; Wx coefficients are spatial lag term coefficients; values in parentheses indicate standard deviations.

4.4 Spatial autocorrelation analysis

Before constructing the spatial econometric model, it is
necessary to check whether there is spatial autocorrelation of
the explanatory variable innovation ability. According to the
Moran’s I index (Anselin, 1988) in Table 3, the years
2010-2014 all failed the significance level test, and the
Moran’s I index from 2015-2019 all passed the significance
test. It shows that the innovation capability of advanced
technology industries in the Wuhan Metropolitan Area was in
a spatially random distribution from 2010-2014, which
transformed into a significant positive spatial correlation in
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2015-2019, which shows a stable spatial autocorrelation with
the increase of time in the study period.

In order to more intuitively and in-depth analyze the spatial
corre-lation of RIC, this paper draws Moran’ I scatter plot of RIC of
9 cities in the Wuhan Metropolitan Area in partial years. According
to the Moran’ I scatter plot in Figure 3, the cities in the Wuhan
Metropolitan Area were located in the H-H, L-H and H-L regions at
the end of the Plan, i.e., 2010, and mainly in the H-H region in 2019,
indicating that the “H-H" cluster effect is expanding and the high-
efficiency cities are driving the improvement of the innovation
capacity of neighbouring cities. Xiaogan City and Huanggang
City are still in the H-L type region in 2019, probably because
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Moran scatter plot of Ineff in different periods. (A) 2010. (B) 2013. (C) 2016. (D) 2019.

they are in the edge structure of the Wuhan Metropolitan Area and
have lower intensity of the external connection. In the future, it is an
important direction to continue to strengthen the radiation-driven
role of high-efficiency cities of high-tech industrial technology
innovation in the Wuhan Metropolitan Area to the surrounding
low-level areas and accelerate the prominence of spatial spillover
effects.

5 Regression results
5.1 Selection of the best model

For comparative analysis, the ordinary dynamic panel model,
static spatial panel model, and dynamic spatial panel model are
used for estimation. We conduct a series of tests to select the most
suitable econometric model. Specifically, we apply the LR test and
Wald test to test whether the SDM is appropriate, and use the LM
test and its robustness test to judge whether the SDM is a better
model.

Frontiers in Environmental Science

From the results of the dynamic spatial panel model in Table 4, it
can be seen that the coefficients of the time-lagged term and the
space-lagged term of innovation capability are 0.243 and —0.233,
respectively, where the coefficient of the time-lagged term passes the
1% significance test and the coefficient of the spatial-lagged term
fails the significance test. This indicates that innovation capability
has a significant circular cumulative time effect, i.e., there is a time-
dependent characteristic of innovation capability, and the level of
innovation capability in past periods cannot be ignored. The
coefficient of the time lag term is positive, which means that the
innovation ability will be improved with the progress of its own past
periods. With comprehensive theoretical analysis and statistical test
results, this paper is mainly based on the regression results of model
3) for interpretation and subsequent analysis.

From the regression results of model 3), the coefficients of both
primary and secondary terms of high-tech cluster values are positive at
1% level, which indicates the “U" curve relationship between the high-
tech cluster and RIC. With the help of Lind and Mehlum (2010), the
lowest point of the “U" curve is —1.27, and the value of Inlq is in the
range of [-2.80, 0.32], and the extreme point is within the data range and
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TABLE 5 Total, direct and indirect effects of the spatial econometric model.

10.3389/fenvs.2023.1180781

Variables Short-term Long-term
Direct effect Indirect effect Total effect Direct effect Indirect effect Total effect

Inlq 0404 0.193 0597 07150 0.139 0.854*
(0.0590) (0.149) (0.175) (0.120) (0.273) (0.275)
Inlg? 0.160* 0.0655 0225 0,285 0.0373 0.3224%
(0.0247) (0.0704) (0.0783) (0.0540) (0.128) (0.122)

Ingdp 0.568** 0.819 1.387 0.892 1.081 1.973
(0.274) (0.959) (0.943) (0.605) (1.562) (1.379)
Incomep —0.124%+ ~0.00846 -0.133* ~0.226%* 0.0376 ~0.189**
(0.0264) (0.0579) (0.0650) (0.0526) (0.0959) (0.0951)

Ingov 0.137 -0.519* -0.382 0.343 ~0.890** -0.547
(0.117) (0.267) (0.291) (0.281) (0.451) (0.436)

Inrandd ~0.0677** -0.0630 -0.131* ~0.114** -0.0719 ~0.185*
(0.0251) (0.0652) (0.0729) (0.0486) (0.104) (0.106)

Inkd -0.0202 ~0.0859 -0.106 -0.0272 -0.127 -0.154
(0.0280) (0.0672) (0.0787) (0.0535) (0.112) (0.123)
Infi -0.0703 -0.528* -0.598** ~0.0444 -0.808 ~0.853**
(0.145) (0.320) (0.270) (0.340) (0.569) (0.400)

can be rejected at the 5% statistical level. The original hypothesis of the
“U" type relationship. Combined with the level of the high-tech cluster in
each region, by 2013, all study regions were on the right side of the lowest
point of the “U" curve, ie., the high-tech cluster has a significant role in
promoting innovation capacity, which indicates that the construction of
high-tech industry is vigorously promoted in each region to achieve
innovation development so that high-tech cluster does not There is no
crowding effect. However, in 2016, Ezhou and Tianmen were on the left
side of the lowest point of the “U" curve, and the clustering of high-tech
industries in these two places had a crowding effect.

In addition, the coefficients of the spatial lag term of the high-
tech cluster value are significantly positive, and the coefficients of the
spatial lag term of its square term are significantly positive, which
indicates that the spillover effect of the high-tech cluster on the
innovation capacity of neighboring regions shows a positive “U"-
shaped relationship. Therefore, according to the results of the panel
threshold model and the spatial econometric model, there is a
certain promotion effect of high-tech industries on innovation
capacity, but there is a marginal decreasing effect. Meanwhile,
the estimated values of spatial spillover effect coefficients of
primary and secondary terms of high-tech industry aggregation
are 0.419 and 0.223, indicating that high-tech industry aggregation
has a promoting effect on the innovation capacity of neighboring
regions, indicating that high-tech industry in Wuhan Metropolitan
Area forms industrial linkage and has the advantages of factor
aggregation and division of labor cooperation brought by
industrial aggregation. As for the control variables, the direction
and significance of the influence of each control variable on RIC in
the threshold model and spatial panel model test remain basically
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the same, and the influence coefficients are also close. This makes the
estimation results more robust and also makes the research
conclusions of this paper more reliable.

5.2 Spatial spillover effects

Notably, it is worth noting that the direct interpretation of the
coefficient values of the variables in Table 4 is not rigorous enough.
So, to further analyze the spatial impact of high-tech cluster on RIC,
this paper breaks down the spatial effect with the help of a partial
differential equation. Model 3) has its spatial auto regressive
coefficient significant at 1% level, and its coefficient is 0.441,
which is positive, indicating that the explanatory variables have
positive spatial spillover effects on themselves and the spatial
interaction of economic activities of cities in Wuhan
Metropolitan Area should be considered. The direct effect,
indirect effect and total effect of the model 3) were summarized
with reference to Lesage and Pace’s (2009) approach, and the results
are shown in Table 5, where the direct effect reflects the degree of the
independent variable’s contribution to innovation capability, the
indirect effect mainly reflects the spatial spillover effect, and the total
effect mainly reflects the degree of the combined effect of the direct
and indirect effects on innovation capability. The results indicate
that, for both of the squared term of high-tech cluster and
agglomeration we adopted in this study, the direct (intra-
regional) spillovers and indirect (inter-regional) spillovers present
very different spatial increase pattern. They has a significant
promoting effect on the innovation development of the Wuhan
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TABLE 6 Robustness test with different matrices.

VARIABLES R
Inlq 0.4114%* 1.002%%* 0.443*** 1.035%*
(0.0779) (0.305) (0.0756) (0.324)
Inlq? 0.129*** 0.309*** 0.406*** 0.270**
(0.0301) (0.109) (0.0776) (0.110)
Ingdp -0.387 —4.267** 0.116%** —3.677**
(0.371) (1.706) (0.0300) (1.583)
Incomep —-0.0573 0.152 —0.489 0.186
(0.0369) (0.112) (0.379) (0.114)
Ingov —-0.0200 —-1.196** —-0.0430 —1.432%%*
(0.154) (0.591) (0.0380) (0.524)
Inrandd —0.0575** —-0.0837 —-0.0880 -0.120
(0.0287) (0.117) (0.148) (0.106)
Inkd 0.00863 -0.0877 —0.0666** —-0.158
(0.0345) (0.142) (0.0285) (0.145)
Infi —-0.0897 0.167 —-0.00511 0.241
(0.121) (0.470) (0.0338) (0.466)
L.Ineff 0.426*** 0.443*%*
(0.0785) (0.0756)
P 0.400* (0.243) 0.357 (0.252)
R-squared 0.159 0.159

Metropolitan Area, but the technology spillover effect on the
neighboring area cities is limited.

We argue that possible explanation is as follows: Many high-tech
clusters in the Wuhan Metropolitan Area are mainly carried by high-
tech industrial parks or development zones. These high-tech clusters are
not formed by the allocation of production factors according to market
and economic laws, but are formed by the local government. This so-
called high-tech cluster is still a phenomenon of “clustering” does not
promote the connection between enterprises in neighbor regional, nor
does it give play to the spillover effect of knowledge and technology.

5.3 Robustness test

The above study mainly uses the spatial geographic-economic
weight matrix as the spatial weight matrix, and this paper uses the
geographical distance spatial weight matrix (W2) and the
economic spatial weight matrix (W3) (Huang et al., 2021) for
robustness testing. After the LM test, Wald test and LR test, the
spatial Durbin model is still applicable, and the results are shown
in Table 6. And although the magnitudes of the coefficients of the
estimated results differed, their directions and significance levels
remained largely unchanged fundamentally. This also indicates
that the results of the study are robust and reliable.
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6 Conclusion, policy recommendations
and future research

6.1 Conclusion

The Wuhan Metropolitan Area is one of the earliest
comprehensive reform pilot area of high-tech cluster. Authorities
have issued a number of plans in recent decades to build the Wuhan
Metropolitan Area as a new growth engine for regional innovation,
especially in the central China and the Yangtze River Economic Bel.
Similar to many other cities, this region transformed its economic
strategy from factor- and investment-driven to innovation-driven,
which may play an important role in promoting RIC.

Based on the panel data of nine cities in the Wuhan
Metropolitan Area from 2010 to 2019, this paper constructs a
super-SBM model to measure their RIC, measures the degree of
the high-tech cluster by using a location quotient, and constructs a
panel threshold model and a spatial econometric model to
investigate the effect of the high-tech cluster on RIC.

First, the regional innovation capability of the Wuhan
Metropolitan Area shows a rising trend of “W"-shaped
fluctuation on the whole. The clustering level of high-tech
industries in the Wuhan Metropolitan Area is below 1, which
indicates that the distribution of high-tech industries in the
Wuhan Metropolitan Area is relatively scattered and should be
guided to change to the direction of the scale (Liu et al., 2019).

Second, there is a non-linear double threshold effect between high-
tech industry clustering and RIC in the Wuhan Metropolitan Area
based on the level of economic development, but there is a marginal
decrease. When the economic development level is in the first threshold
interval, the high-tech cluster shows a non-significant positive effect on
innovation capability, and as the economic development level further
increases, the effect of the high-tech cluster on innovation capability is a
significant homogeneous promotion effect, and the positive promotion
effect of the high-tech cluster on innovation capability weakens when
the economic development level crosses the second threshold.

Thirdly, the regional innovation capability of the Wuhan
Metropolitan Area has a significant circular accumulation effect and
spatial correlation, and the high-tech cluster has a significant positive
spatial promotion effect on regional innovation capability, and there is
spatial and temporal heterogeneity. After considering the spatial effect,
the impact of the high-tech cluster on the innovation capacity of both
local and neighboring areas shows a “U" curve, but the technology
spillover to neighboring areas is limited.

Finally, there is a marginal decreasing promotion effect of the
high-tech cluster on RIC, which may be due to the crowding effect in
some regions (Jiang et al, 2023). The expansion of cluster scale
causes the crowding effect or undesirable competition effect under
the limited environmental resources and certain spatial carrying
capacity, and the excessive competition causes the waste of resources
and hinders the enhancement of the innovation capacity of the high-
tech industry.

6.2 Policy recommendations

In light of the empirical findings, combined with the innovation
development background of in China. We propose the following
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policy recommendations in order to strengthen the positive
externalities of the high-tech cluster and thus enhance the RIC,
finally provide a constant source of innovative power for the
development of Wuhan city circle and even central China.

Firstly, the growth of RIC in the Wuhan Metropolitan Area is highly
volatile, and at the same time, the innovation capacity also has a
significant circular accumulation effect. Therefore, when formulating
policies that affect the high-tech industry, the long-term impact of the
policies should be fully considered. We should not be too rigid about the
current effect of the policy but grasp and utilize the cyclic cumulative
effect of the RIC and make use of the “leverage effect” of the innovation
capacity and other influencing factors to achieve the best development of
regional innovation in Wuhan Metropolitan Area with the least
intervention. At mean time, the government should strengthen the
development level of high-tech industry clusters. and we should guide
the standardized competition and cooperation among high-tech
enterprises, form a mature high-tech industrial cluster gradually.
Because the scale and concentration of high-tech clusters can
effectively accelerate the speed of knowledge and technology diffusion
and transformation, reduce the cost of information transfer and search,
make the exchange mode of knowledge and technology more specialized
and efficient, and help improve the innovation capacity (Pan et al., 2018;
Yum, 2019) and then promote the high-quality development of regional
innovation through high-tech industry cluster.

Secondly, the relationship between high-tech industry clustering and
RIC should be dealt with scientifically and dynamically, and
differentiated response strategies should be implemented according to
the different levels of regional economic development. Under different
levels of economic development, the high-tech cluster shows different
effects on innovation capacity. At the same time, the impact of the high-
tech cluster on innovation capacity shows a “U" shaped curve. Local
governments should take into account the actual economic development
and high-tech industry situation when developing regional innovation
and should not blindly copy the unified development model (Liu et al,,
2019). Ezhou and Tianmen should actively investigate and analyze the
reasons for the negative effects of high-tech industry clustering and
reasonably adjust the layout of the high-tech industry. The innovative
construction of the Wuhan Metropolitan Area should not simply
continue the core-edge development model but should promote the
construction of the Wuhan Metropolitan Area innovation synergy
development. While the core city of Wuhan “siphons” capital and
high-quality labor from neighboring areas, it should also increase the
“feeding” efforts to neighboring areas, promote the two-way flow of
resources, release the innovation dividend at the right time, and narrow
the regional differences.

6.3 Future research
There are at least three aspects that can be further explored in the

future. First, the government has issued many policy documents to
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