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The study discusses the effect of co-agglomeration between the producer service industry
and the high-tech manufacturing industry on regional innovation efficiency. Based on data
from public companies of three urban agglomerations from 2011 to 2019, we used the
Data Envelopment Approach (DEA)- Banker, Charnes, Cooper (BCC) model to estimate
real innovation efficiency. Results found that the industrial co-agglomeration and regional
innovation efficiency have an “inverted U-shaped” relationship. The industrial co-
agglomeration in regions with a low level of co-agglomeration plays an important role
in expediting regional innovation efficiency than that in high-level areas of co-
agglomeration. Moreover, it is confirmed that the prefecture-level cities of the three
urban agglomerations have low innovation efficiency types and low collaborative
agglomeration types. Yangtze and Pearl river delta urban agglomeration can promote
innovation efficiency through industrial co-agglomeration. While for the industrial co-
agglomeration of Beijing, Tianjin, and Hebei, the urban agglomeration has not become
the main way to promote innovation efficiency. The regression results of different industry
collaborative agglomeration found that the co-agglomeration of information transmission,
computer services, software industries, and the high-tech manufacturing industry plays a
significant role to improve innovation efficiency. Moreover, the co-agglomeration of the
transportation service industry and high-tech manufacturing industry plays a relatively
weak role in regional innovation efficiency. Therefore, it is suggested to formulate more
adaptive and heterogeneous market policies. The paper provides an important idea for
improving innovation efficiency by optimizing industrial spatial layout.
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1 INTRODUCTION

The producer service industry is representative of the modern service industry. The high-tech
manufacturing industry has better technological innovation ability and market competitiveness than
the traditional manufacturing industry (Peng et al., 2019b; Peng et al., 2020a; Zhao et al., 2020).
According to the National Bureau of Statistics data in 2020, the added value of the high-tech
manufacturing industry increased by 5.9% from last year in the first ten months. It is significantly
faster than the growth of industries above the designated size and continued to maintain rapid
growth. Under the epidemic’s impact, some high-tech enterprises have accelerated their
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transformation and gradually transformed into a combination of
online and offline. In the context of the current economic
transformation, the integrated development between producer
services and high-tech manufacturing can better represent the
direction of economic development and industrial structure
optimization in China (Peng et al., 2019b; Tu et al., 2019;
Zheng et al., 2020; Peng et al., 2021a). In addition, according
to the data of the “China Enterprise Innovation Capability
Ranking 2020″, the invention patents applied by the top
1000 high-tech enterprises took possession of 62.9% of the
overall number of patents applied for that year, the proportion
has increased by 2.9% than last year. It is particularly valuable to
explore regional innovation from the perspective of the high-tech
enterprises, and one of the important ways to promote enterprise
innovation is the integrated development of producer services
and manufacturing, especially high-tech manufacturing (Huang
et al., 2021; Wu et al., 2021; Zhao et al., 2021).

The ability of independent innovation is the top priority of
long-term industrial structure adjustment (Peng et al., 2019a;
Zhang H. X. et al., 2020; Peng et al., 2020c), and the improvement
of innovation ability is not only due to the continuous increase of
R&D investment because of the increase of innovation efficiency
(Dai and Liu, 2016). Adoption of technology is important for the
sustainability and efficiency of the ecosystem (Elahi et al., 2019c;
Elahi et al., 2021a). Regarding innovation efficiency, previous
studies have focused on its influencing factors, including
environmental regulation, ownership structure, equity
allocation, and industrial agglomeration (Elahi et al., 2020;
Elahi et al., 2021b; Elahi et al., 2022). Among them, around
the proposition of the relationships between the industrial
agglomeration and innovation efficiency, the early study was
mainly the perspective of producer service industry
agglomeration (Wang et al., 2019; Peng et al., 2021b; Zhong
et al., 2021). Some scholars believed that the diversification of the
producer service industry agglomerated in the eastern region and
large and medium-sized prefecture level cities. The promotion of
innovation efficiency is obvious, and the rise of specialized
agglomeration is obvious in the western and middle regions
and small cities (Yang and Bao, 2019). Specialization
agglomeration will help improve the innovation efficiency of
the manufacturing industry in the area (Shen et al., 2019;
Zhang et al., 2019; Tu et al., 2020; Peng et al., 2021d). Most
scholars agreed that the promotion influence of industrial
agglomeration on innovation efficiency is more obvious (Peng
et al., 2020b; Wang et al., 2021; Zhang et al., 2021). This research
perspective emphasizes the effect of industrial agglomeration, but
industrial agglomeration does not reflect the co-agglomeration
relationship between industries, and the conclusions that focused
on the effect of different industrial agglomeration on innovation
efficiency are inconsistent.

In the last decade, with the continuous development of the
manufacturing industry and the producer service industry, the
upstream and downstream relationship between the
manufacturing industry and the producer service industry in
the same industry chain has become more obvious. The
innovation environment and innovation cost have an impact,
and then the incentives for the formation of innovation efficiency

are also emerging (Amiti, 2001; Weterings and Boschma, 2009;
Zhong et al., 2020). Consequently, the industrial co-
agglomeration has gradually become an advanced stage of
industrial agglomeration (Wang and Sun, 2020), and its
impact on innovation efficiency has also become a current
research hotspot. Many Chinese scholars agreed that the
promotion effect of the two industries’ co-agglomeration is
obvious (Hua et al., 2021). Furthermore, some scholars have
studied the effect of industrial co-agglomeration on industrial
enterprise innovation and regional innovation. In various studies,
it is found that the industrial co-agglomeration has increased the
technological innovation of manufacturing enterprises (Liu et al.,
2019). However, the selection of indicators is often limited by
factors such as enterprise characteristics and local policies.
Furthermore, it is reported that the level of urban innovation
will continue to improve with the deepening of industrial co-
agglomeration, but it will be affected by urban and industry
heterogeneity (Peng et al., 2021c; Zhang et al., 2022; Zhao et al.,
2022) (Liu et al., 2019). The promoting effect of industrial co-
agglomeration on urban innovation decreased in Eastern,
Central, and Western regions (Wang and Mu, 2020).
However, different from the research conclusions of the above
scholars on agglomeration and co-agglomeration, some scholars
believed that in the initial period of industrial agglomeration, the
crowding effect dominated and inhibited economic development
(Sun et al., 2013). Other scholars agreed that the agglomeration of
producer services has no obvious effect on regional innovation
and that there is a nonlinear relationship between co-
agglomeration and regional innovation capabilities. The
manufacturing industry mainly promoted regional innovation
through effective interaction with local human capital (Ni and Li,
2017; Sheng et al., 2019). Most previous studies focused on the
industry, enterprise, and macro-regional levels; however, did not
emphasize regional innovation efficiency. The research on the
high-tech manufacturing industry is important for innovation-
driven development. In the context of today’s domestic circular
economy, the co-agglomeration effect of producer services and
high-tech manufacturing should not be ignored. Therefore, the
current study explored the action path of the two industries’ co-
agglomeration on innovation efficiency. Moreover, we integrated
the micro data of all enterprises to measure the innovation
efficiency of the regions.

The article consists of several sections. Section 1 deals with the
introduction. Section 2 describes the theoretical framework of the
study and research hypotheses. Section 3 relates to research
methods. Section 4 presents the results and discussion.
Section 5 provides the main findings of the study with policy
implications.

2 THEORETICAL FRAMEWORK AND
HYPOTHESES

2.1 The Impact Mechanism
With the enhancement of the co-agglomeration relationship, the
competition effect, cooperation effect, spillover effect, and
learning effect gradually appeared and promoted enterprise
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innovation, and improved enterprise innovation efficiency (Xie
and Wu, 2017).

2.1.1 Competitive Effects
The product market in agglomeration areas is very competitive
(Chen and Hu, 2008). Due to the early completion of innovation,
enterprises will break the original profit distribution pattern,
putting the enterprises behind the R&D in a disadvantageous
position or even facing a choice of survival. These enterprises will
increase the enthusiasm of technical R&D personnel through the
implementation of rewards and punishment. It improves the level
and ultimately promotes the efficiency of enterprise innovation.

2.1.2 Cooperation Effect
It is often difficult for a single enterprise to maintain the supply of
knowledge, and technology required for innovation. It is more
inclined to seek cooperation with related enterprises to obtain
new ideas or product technologies, and co-agglomeration of
industries provides convenience for such cooperation. When
companies in the industry know each other well enough, they
have established a foundation of trust, which reduces the risk and
uncertainty of cooperation and makes it easier to improve
innovation efficiency (Xie and Wu, 2017).

2.1.3 Spillover Effect
By sharing R&D infrastructure, knowledge, and information
service systems, the enterprises in the industrial co-
agglomeration area are conducive to improving the utilization
efficiency of software and hardware facilities in the region,
producing a “1 + 1>2″ collaborative innovation effect,
reducing production costs in the R&D process and saving
technical consulting services between enterprises and other
time to improve the fault tolerance rate in the innovation process.

2.1.4 Learning Effect
The learning effect is reflected in the exchange and cooperation of
personnel and technology between enterprises, and co-
agglomeration reduces the cost of such frequent contacts and
provides a suitable environment. Alfred Marshall believes that
synergistic gathering in the same space will promote more
knowledge spillover. Enterprises themselves continue to
accumulate experience and knowledge in the process of
innovative products, and form an efficient conversion of
knowledge and technology through the learning-by-doing
effect, thus continuously spawning new research results.

An excessive co-agglomeration will lead to a shift from scale
effect to crowding effect. When the scale of the industry is too
large and exceeds the environmental economy and market load,
the agglomeration area will experience environmental
degradation, infrastructure shortages, and rising living costs. In
addition, there will be vicious competition among enterprises to
compete for resources, breaking the trust established before, and
the “restriction effect” of cooperative R&D is strengthened (Li
and You, 2018), and the imbalance of factor ratio leads to non-
economics, and inhibiting innovation. The negative externality of
industrial co-agglomeration is also reflected in the “path
dependence effect”. The long-term development of enterprises

in the low-end value chain will hinder the diffusion and
transformation of technology, thereby inhibiting the efficiency
of innovation.

It can be seen from the above analysis that industrial co-
agglomeration can improve the efficiency of regional innovation.
The industrial co-agglomeration in the region attracts a large
number of related high-tech enterprises to enter, thereby
reducing the search cost and communication cost of enterprises,
and it is inevitable for enterprises to exchange and cooperate in the
process. As an important part of regional innovation efficiency,
enterprise innovation efficiency can more deeply analyze the ways
that affect regional innovation efficiency, but excessive co-
agglomeration will influence the opposite direction of innovation
efficiency. Therefore, the co-agglomeration of producer services and
high-tech manufacturing maybe has a nonlinear relationship. When
the level of co-agglomeration is below a specific threshold, increasing
the level of co-agglomerationwill promote innovation efficiency, and
when the level of industrial collaborative agglomeration exceeds this
level. When a specific threshold is reached, innovation will be
inhibited. Thus, the paper proposes the following assumptions on
the impact of industrial co-agglomeration on innovation efficiency.

Hypothesis 1. Industrial co-agglomeration and regional
innovation efficiency may exist in an “inverted U-shaped”
relationship.

2.2 The Impact Mechanism of the
Co-Agglomeration
There are certain differences in the industry characteristics and
functional positioning of the sub-sectors of the producer service
industry. Therefore, the externalities generated by the co-
agglomeration of different types of producer services and
high-tech manufacturing industries affect innovation efficiency,
especially for innovation efficiency from the micro perspective of
high-tech enterprises may produce different results. The co-
agglomeration of transportation, warehousing, and postal
industries and high-tech manufacturing is conducive to
promoting the factors of mobility and reducing the search cost
and time cost of enterprises, which may imply an increase in
regional innovation efficiency (Lv and Yuan, 2020). The
development of high-tech manufacturing and the R&D
innovation of enterprises are much more dependent on capital
than traditional industries, and the financial industry has
functions such as risk management, supervision, and
incentives. Therefore, the co-agglomeration of the financial
industry and high-tech manufacturing is likely to a large
extent. Promote the innovation of high-tech enterprises,
thereby greatly improving the efficiency of regional innovation
(Lv and Yuan, 2020). Both industries are more closely related to
high-tech manufacturing. According to Wang et al. (2019), it is
found that the degree of co-agglomeration and correlation
between industries may have different effects on total factor
productivity. Therefore, the given assumptions can be written as:

Hypothesis 2.Heterogeneous industries of producer services and
co-agglomeration of high-tech manufacturing have a positive
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moderating effect on innovation efficiency, but the effects are
different.

In addition, the co-agglomeration of producer services and
high-tech manufacturing requires certain social and economic
conditions in the region and is affected by local policies and
macroeconomic environment, and the three major urban
agglomerations have differences in economic level, factor
endowment, and resource allocation. It not only leads to
differences in the level of co-agglomeration between sub-
sectors of producer services and high-tech manufacturing but
also may lead to differences in their impact on innovation
efficiency. Since the reform and opening up, regional
economic development has shown remarkable regional
characteristics. From South to North, the three major urban
agglomerations have successively become the new highlands of
China’s economic growth. The three major urban agglomerations
have attracted a large number of talented and skilled workers
from underdeveloped areas to gather spontaneously due to their
superior economic development environment, large development
space, and high wage levels. Due to their proximity to ports,
transportation costs and transaction costs are low, the business
environment is convenient, it is easy to form resource
agglomeration, and attract huge external incremental
resources. The entry of high-quality foreign capital has
stimulated regional industrial integration, and the growth rate
of the high value-added tertiary industry, especially the modern
service industry represented by the producer service industry has
gradually surpassed the secondary industry. The demand for
human capital and the gathering of industries and talents have
further stimulated the improvement of the technological level of
the three major urban agglomerations. However, of the
differences between urban agglomerations, the Yangtze River
Delta and Pearl River Delta urban agglomerations also contain
a large number of high-tech enterprises and traditional
manufacturing industries. Except for Beijing and Tianjin,
Beijing, Tianjin, and Hebei have smaller industrial scales and
are more affected by government policies (Liu, 2020). Therefore,
we can write a hypothesis as:

Hypothesis 3. The co-agglomeration of two industries in
different urban agglomerations may have different results on
innovation efficiency.

3 MATERIAL AND METHODS

3.1 Source of Data Collection
From 2011 to 2019, the data of public companies were collected
from the CSMAR database andWIND database of Guotaian. The
record is derived from the ‘China Urban Statistical Yearbook’ and
‘China High-tech Industry Statistical Yearbook’. According to the
data integrity and availability, the research period of this paper
began in 2011, and the cities with serious data missing were
excluded. Finally, 743 listed companies’ annual observations in
43 prefecture-level cities were obtained. The missing data were
supplemented by mean interpolation.

3.2 Construction of Statistical Model and
Definitions of Variables
3.2.1 Statistical Model
In the previous literature, it is found that the co-agglomeration
level of producer services and high-tech manufacturing and
regional innovation efficiency is not a simple linear
relationship. When a variable reaches a certain value, it will
show a nonlinear relationship. Therefore, this paper discusses
when the two are related, the square term of the level of industrial
co-agglomeration is added, and the following prefecture-level,
city-level panel model is set to test the impact of the co-
agglomeration of producer services and high-tech
manufacturing on regional innovation efficiency:

effit � β0 + β1Coaggit + β2Coaggit × Coaggit + β3Contrit + ui

+ ut + εit

(1)
where eff is amount to regional innovation efficiency, Coagg is the
amount to the level of industrial co-agglomeration, and contr is
the amount to other control variables, including enterprise age,
financial leverage, enterprise scale, government subsidies, and
corporate cash flow. ui and ut represent the fixed effect of city and
year, respectively. εit is the residual term which is assumed to be
normally distributed at zero mean value and constant variance
(Elahi et al., 2019a; Elahi et al., 2019b; Elahi et al., 2020).

3.2.2 Definitions of Variables
According to a new economic growth theory, the accumulation of
human capital can generate incremental returns, and increase the
returns of other input factors, thereby increasing the total returns
to scale. Therefore, the DEA-BCC model under the condition of
variable returns to scale is selected to break through the
constraints of a small feasible domain that is established, and
the innovation efficiency eff is measured with the help of pure
technical efficiency PTE. It should be paid attention to using the
DEA-BCCmethod to measure innovation efficiency. It still needs
the input and output indicators of enterprise innovation. The
research results of Chen et al. (2012) and Liang et al. (2015)
proved that listed companies did not disclose new products. For
the sales revenue data, this paper selects the number of technical
personnel and R&D expenses of listed companies in the region as
input indicators to reflect the labor and capital input of
innovation efficiency respectively and chooses the number of
patent applications of listed companies in the region as the output
indicator of innovation efficiency. Since the contribution of
capital input to output is not only reflected in the current
period, the capital stock of R&D funds is estimated by
referring to the estimation formula of R&D capital stock (Wu,
2008).

Ki,t � Ei,t−1 + (1 − δ)Ki,t−1 (2)
where K represents the capital stock of R&D expenditures, E
represents the price-adjusted R&D expenditures, and δ is the
depreciation rate of the capital stock of R&D expenditures. The
R&D capital stock is directly set at 15% based on the experience of
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previous papers. The capital stock of R&D expenditures in the
base period is estimated using the following formula:

Ki0 � Ei0/(g + δ) (3)
The initial year of estimation is extended to 2007, where g is

the average growth rate of R&D expenditure.

3.2.2.1 Core Explanatory Variables
Following the study of Lv and Yuan (2020), the industrial synergy
agglomeration exponent refers to the measurement method, and
the synergy agglomeration exponent is constructed as follows:

maggi � (Emi

Em
)/(Ei

E
) (4)

psaggi � (Epsi

Eps
)/(Ei

E
) (5)

Coaggi � 1 −
∣∣∣∣maggi − psaggi

∣∣∣∣
(maggi + psaggi) + (maggi + psaggi) (6)

where maggi represents the location entropy exponent of high-
tech manufacturing in region i, psaggi represents the location
entropy exponent of producer services in region i. Emi and Epsi
represents high-tech manufacturing and producer services in
region i, respectively. Em and Eps represents the national
employment in high-tech manufacturing and producer
services, respectively, Ei is the total employment in i region,
and E is the total national employment.Coaggi represents the co-
agglomeration exponent of producer services and high-tech
manufacturing in region i. The larger the value of Coaggi, the
higher the level of co-agglomeration of the two industries in the
region, and vice versa. The number of employees in high-tech
manufacturing in each city is apportioned according to the
proportion of each city’s GDP in the province’s GDP. It can
reflect the heterogeneity of the co-agglomeration level of
each city.

3.2.2.2 Control Variables
Following Zhang et al. (2020b), we selected the control variables.
The selected control variables included the age of the company
(Age), expressed as the year of the current year - the year of the
company’s listing +1; financial leverage (Fle), expressed as total
liabilities and total assets. The scale of the enterprise (Scale),
expressed in the total assets of the enterprise, and taking the
natural logarithm; government subsidies (Gg), expressed in the

total government subsidies to the enterprise, and taking the
natural logarithm; enterprise cash flow (Cash), expressed as
the ratio of net operating cash flow to total assets. The
definitions of variables are given in Table 1.

4 RESULTS AND DISCUSSION

4.1 Summary Statistics of Variables
After eliminating the missing samples, all samples include 743
listed companies in 43 prefecture-level cities in 9 years of micro-
data summation, which is a balanced panel (Table 1). Specifically,
the average value of regional innovation efficiency is 0.392. The
maximum value of the collaborative agglomeration level is 11.41,
and the minimum value is 1.04. It shows that the degree of
collaborative agglomeration and regional innovation efficiency of
producer services and high-tech manufacturing industry between
different cities are quite different. Enterprise maximum age is 22,
and the minimum is 2. The maximum financial leverage is 2.414,
indicating areas where leverage is high. The maximum value of
government subsidies is 14.563, and the minimum value is 3.714,
indicating that there are great differences in government support
in different regions.

4.2 Regression Analysis of Overall Samples
To examines the stability of the estimated coefficients of the core
explanatory variables and the control variables, the core
explanatory variables, the control variables, and the square
term of the core explanatory variables are gradually added to
the regression equation. The results are given in Table 2.
Statistical models 1 and 2 respectively, test the relationship
between industrial collaborative agglomeration and regional
innovation efficiency without introducing control variables.
Statistical model 3 based on model 2, controls the region and
year double fixed effect. Statistical model 4, based on model 1 at
the same time added the level of collaborative agglomeration and
its square term. Statistical model 5 is added to the control
variables to examine the relationship between innovation
efficiency and collaborative agglomeration level and its square
term. Considering that the existence of missing variables or other
uncontrollable factors may lead to deviations in the results, and
the regression fitting degree of the double fixed effect model is
better than that of the mixed regression, the regression estimation
results of the statistical model (3) are mainly discussed below. The
independent variables of panel data are tested by autocorrelation

TABLE 1 | Definitions and summary statistics of variables.

Variables Number of
observations

Mean Standard deviation Minimum Maximum

Innovation efficiency 387 0.392 0.306 0.027 1
Level of collaborative agglomeration 387 2.978 1.317 1.04 11.41
Firm age 387 10.071 3.686 2 22
Financial leverage 387 0.515 0.186 0.131 2.414
Size of enterprise 387 15.304 1.855 11.622 20.993
Public subsidy 387 9.714 1.945 3.714 14.563
Enterprise cash flow 387 0.049 0.04 -0.129 0.249
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and multicollinearity test. The results show that there is no
multicollinearity problem between variables, and the original
assumption that there is no first-order autocorrelation is rejected.

In terms of core explanatory variables, whether or not the
control variables are added, the regional innovation efficiency
coefficient is significantly positive. It means that the moderate co-
agglomeration of the two industries will positively promote
regional innovation efficiency. Through statistical model 4 and
model 5, it is found that the coefficient of the Coagg square term is
always negative. It indicates that the industrial co-agglomeration
and regional innovation efficiency exist in an “inverted
U-shaped” relationship, which supports the theoretical
hypothesis of this paper. With the improvement of industrial
collaborative agglomeration levels, the diffusion of knowledge
and technology is accelerating. Compared with enterprises
outside the collaborative agglomeration area, enterprises in the
collaborative agglomeration area are more likely to achieve new
technological breakthroughs through low-cost learning and
resource sharing. However, the market and space are limited.
When the degree of regional collaborative agglomeration exceeds
the load capacity of the region, the scarcity of resources will lead
to the rise of production factor prices, and directly increase the
production cost and R & D cost of enterprises (Li and You, 2018).
Moreover, the enterprises in a fixed distance long-term
cooperative relationship, excessive dependence on knowledge
in the collaborative agglomeration area, may lead to
technological innovation throughout the region is locked in a
relatively backward stage. Because the risk of imitation is far
lower than independent R & D, enterprises will continue to
reduce R & D investment to avoid uncertainty, thereby
inhibiting the improvement of regional innovation efficiency.
The results are according to Hypothesis 1.

In terms of the age control variable, the impact of enterprise
age on innovation efficiency is positive. The estimation coefficient
of financial leverage (Fle) is negative and not significant, debt is
not a major role in affecting the efficiency of enterprise
innovation. The reason for the negative coefficient is that
when the enterprise is in debt operation, the high-interest
burden will crowd out some of the profits accumulated by the

enterprise, thus crowding out the innovation activities. Enterprise
scale (Scale) is negatively correlated at the 5% level with the
continuous expansion of scale. Therefore, they are unwilling to
carry out innovation activities with high-risk coefficients, thereby
inhibiting enterprise innovation. Government subsidies (Gg) will
promote enterprise innovation. Enterprise cash flow (Cash) is
negative at the level of 10%. It means higher cash flow will inhibit
enterprise innovation (Meng et al., 2021). The possible reason is
that when the enterprise has more funds, it may be biased towards
short-term investment, thereby reducing long-term innovation
investment (Zhang H. X. et al., 2020).

4.3 High and Low Levels of Collaborative
Agglomeration
The levels of industrial co-agglomeration and regional innovation
efficiency have an inverted U-shaped relationship. For further
verification, this paper takes the average value of collaborative
agglomeration water of 43 prefecture-level cities 2.98 as the
boundary. We divided the three urban agglomerations into
high collaborative agglomeration level areas and low
collaborative agglomeration level areas and performed the
regression analysis (Table 3). The given results in columns 1
and 3 show the impacts of regions with a high level of
collaborative agglomeration and regions with a low level of
collaborative agglomeration on innovation efficiency without
introducing control variables, respectively. It is found that the
regions with a high level of collaborative agglomeration and
regions with a low level of collaborative agglomeration can
promote innovation efficiency regardless of whether the
control variables are added, and the promoting effect of the
latter is stronger than that of the former. This depicts that
with the improvement of the collaborative agglomeration level,
its promotion trend of innovation efficiency tends to be flat and
gradually reaches saturation. The comparison of columns 2 and 4
showed that the promotion of innovation efficiency in areas with
high collaborative agglomeration levels is mainly due to higher
financial leverage, namely debt management. Whether high
collaborative agglomeration or low collaborative

TABLE 2 | Results of regression.

Variables Innovation
efficiency

Innovation
efficiency

Innovation
efficiency

Innovation
efficiency

Innovation
efficiency

VIF

(1) (2) (3) (4) (5)

Coagg 0.038*** (0.014) 0.051*** (0.015) 0.023*** (0.008) 0.094*** (0.026) 0.059*** (0.022) 1.14
Age — −0.007* (0.004) 0.020 (0.015) — 0.019 (0.015) 1.09
Fle — 0.250*** (0.078) −0.002 (0.053) — −0.007 (0.053) 1.18
Scale — −0.062** (0.031) −0.363*** (0.034) — −0.359*** (0.034) 9.10
Gg — 0.024 (0.027) 0.030* (0.016) — 0.030* (0.016) 8.81
Cash — −0.166 (0.467) −0.345* (0.187) — −0.351* (0.187) 1.06
Coagg × C oagg — — — −0.006** (0.002) −0.003* (0.002) —

Xtserial — — Prob > F = 0.000 — —

City No No Yes Yes Yes —

Year No No Yes Yes Yes —

Constant 0.281*** (0.044) 0.903*** (0.245) 5.410*** (0.549) 0.172*** (0.055) 5.271*** (0.553) —

R2 0.026 0.08 0.861 0.806 0.862 —

Standard errors are given in the parentheses. * * *, * * and * represent level of significance of parameters at 1%, 5% and 10%, respectively.
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agglomeration, the expansion of enterprise scale inhibits the
increase of innovation efficiency. The possible reason is that
the three major urban agglomerations, as the core hinterland
of China’s high-quality economic development, have better
human, capital, and platform advantages, and have greater
enthusiasm for R&D and innovation activities. With the
continuous maturity of enterprises, the ability to cope with the
market is gradually strengthened, and the competitive pressure is
reduced. They are unwilling to carry out innovative activities with
high-risk factors. Therefore, it will hinder the increase of real
innovation efficiency.

4.4 Heterogeneity Analysis
Taking the mean value of regional innovation efficiency as the
abscissa, the mean value of collaborative agglomeration water as
the ordinate, and themean value of the two as the quadrant boundary
point are given in Figure 1. The samples in the three urban
agglomerations are divided into four types. Type A is low
innovation efficiency with a low collaborative agglomeration level.
Type B is the high innovation efficiency with a low collaborative
agglomeration level. Type C is the high innovation efficiency with a

high collaborative agglomeration level. Type D is the low innovation
efficiency with a high collaborative agglomeration level. Overall, most
cities are still at a low level of co-agglomeration, while cities in the
same urban agglomeration have different types of regions, indicating
the necessity of further studying the incidence of co-agglomeration on

TABLE 3 | High and low levels of collaborative agglomeration.

Variables High level of collaborative agglomeration Low level of collaborative agglomeration

(1) (2) (3) (4)

Coagg 0.029**(0.013) 0.019*(0.010) 0.057***(0.017) 0.031**(0.014)
Age — 0.032(0.028) — 0.017(0.017)
Fle — 0.592***(0.185) — −0.061(0.050)
Scale — −0.603***(0.088) — −0.337***(0.035)
Gg — 0.037(0.030) — 0.014(0.018)
Cash — −0.498(0.494) — −0.129(0.175)
City Y Y Y Y
Year Y Y Y Y
Constant 0.343***(0.052) 9.070***(1.442) 0.218***(0.041) 5.031***(0.538)
R2 0.777 0.864 0.832 0.890

Standard errors are given in the parentheses. * * *, * * and * represent level of significance of parameters at 1%, 5% and 10%, respectively.

FIGURE 1 | Scatter plot.

FIGURE 2 | Agglomeration of producer services.
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innovation efficiency of different cities. Shenzhen, Zhuhai, Foshan,
and other Pearl River Delta cities, producer services, and high-tech
manufacturing industries are developing rapidly, and a large number
of innovative elements are gathered. A good innovation environment
makes the level of co-agglomeration and innovation efficiency at the
forefront.

Similarly, Figure 2, Figure 3, Figure 4 show the relationship
between industrial agglomeration and co-agglomeration in
different regions.

To further compares the internal differences between
industrial co-agglomeration and regional innovation efficiency
in coastal areas, the results of the regression are given in Table 4.
The regression coefficient of industrial co-agglomeration on
innovation efficiency in Beijing, Tianjin, and the Hebei region
is not significant. The possible reason is that the level of co-
agglomeration and innovation efficiency in Beijing and Tianjin
are generally higher than those in other regions of Beijing,
Tianjin, and Hebei, and have obvious comparative advantages.
However, industrial collaborative agglomeration brings more
competition for technology and innovation resources and has
not yet formed a synergistic driving effect. The regression
coefficient of innovation efficiency in the Yangtze River Delta
region is significantly positive at the level of 1%. It is mainly due to
government subsidies. Moreover, listed companies in the urban
agglomeration need to reduce their cash flow and stop the
expansion of scale to better promote regional innovation. The
regression coefficient of innovation efficiency in the Pearl River
Delta region is significantly positive at the level of 10%. However,
due to the small sample size, the regression results of some
variables may not be accurate, and there is no overstatement.
By comparing the level of regional co-agglomeration, innovation
efficiency, and the regression aboriginality between the two, it can
be seen that the innovation efficiency of the three major urban
agglomerations in Eastern China is generally improved.
Compared with Shenzhen and Beijing, Shanghai’s innovation
efficiency is slightly insufficient, which is the same as the previous
research conclusion. The results confirmed Hypothesis 3.

To further compare the impact of co-agglomeration on regional
innovation efficiency, we divided the co-agglomeration of producer
services and the high-tech manufacturing industry into five types.
Transportation, warehousing and postal industry and high-tech
manufacturing industry collaborative agglomeration (Coaggjt),
information transmission, computer services, and software industry
and high-tech manufacturing industry collaborative agglomeration
(Coaggxx), scientific research and technology services and high-tech
manufacturing industry collaborative agglomeration (Coaggkx),
financial industry and high-tech manufacturing industry
collaborative agglomeration (Coaggjr) and leasing and business
services and high-tech manufacturing industry collaborative
agglomeration (Coaggzl), which are reported in Table 5. The

FIGURE 3 | High-tech manufacturing agglomeration.

FIGURE 4 | Collaborative agglomeration of two industries.

TABLE 4 | Regression results of distinguishing regions.

Variables Beijing-Tianjin-hebei Yangtze river delta Pearl river delta

(1) (2) (3) (4) (5) (6)

Coagg 0.027(0.041) 0.000(0.031) 0.062***(0.019) 0.047***(0.017) 0.026**(0.010) 0.020*(0.011)
Age — 0.049**(0.019) — 0.008(0.036) — 0.028(0.033)
Fle — −0.100*(0.052) — 0.136(0.142) — 0.361(0.236)
Scale — −0.416***(0.049) — −0.442***(0.066) — −0.340**(0.148)
Gg — −0.011(0.029) — 0.064**-0.025 — −0.012(0.037)
Cash — −0.015(0.158) — −0.749**(0.352) — −0.156(0.728)
City Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Constant 0.307***(0.083) 6.642***(0.689) 0.141***(0.053) 6.140***(1.152) 0.434***(0.046) 5.550**(2.370)

R2 0.868 0.894 0.589 0.695 0.894 0.910

Standard errors are given in the parentheses. * * *, * * and * represent level of significance of parameters at 1%, 5% and 10%, respectively.
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results showed that the co-agglomeration of the financial industry,
information transmission, computer services, and software industry,
and high-tech manufacturing industry has the most prominent effect
on improving regional innovation efficiency, while the co-
agglomeration of transportation, warehousing, and postal industry
and high-tech manufacturing industry has a relatively weak effect on
regional innovation efficiency. The results satisfied Hypothesis 2.

4.5 Robustness Test
4.5.1 The Measurement Method of Changing
Innovation Efficiency
Following the Jiang et al. (2020), the ratio of natural logarithm LN
(PATt+1+1) of authorized patent number PAT of listed
companies in the city i in t + 1 year to natural logarithm LN
(RDt+1) +1 of R&D expenditure of listed companies in the city i
in t year is used as the first replacement exponent to measure
regional innovation efficiency. Furthermore, the technical
efficiency (TE) measured by the above BCC model as the
second replacement exponent, the results remained unchanged
(Table 6).

4.5.2 Tailing Treatment
Take a 1%or 5%double-tailed test, particularly 1%or 5% is the double-
tailed treatment of all relevant variables, eliminate the impact of some
extreme values on the study, and re-examine the two-way fixed effect
regression. According to the regression results, the coefficient of
regional innovation efficiency is significantly positive at the level of
5% or 1%, which is consistent with the previous results (Table 6).

4.5.3 Adjustment in Sample Period for 2011–2016
At present, most of the literature based on the ’ China High-tech
Statistical Yearbook ’ has been studied by provincial data until 2016,
while the sample deadline selected in this paper is 2019, and some
missing data are supplemented according to relevant research
methods. To avoids interfering with the empirical results of the
processed data, we adjusted the sample period to 2011–2016 and re-
estimated it. The research conclusion is consistent with the above, and
through the regression results, it is found that government subsidies
have changed from non-significant to significant and the direction of
the coefficient remained unchanged. The government started to pay
attention to the financial support for local enterprises over time, and

TABLE 5 | Regression results of distinguishing industrial collaborative agglomeration types.

Variables Innovation
efficiency

Innovation
efficiency

Innovation
efficiency

Innovation
efficiency

Innovation
efficiency

(1) (2) (3) (4) (5)

Coaggjt 0.027**
(0.010)

— — — —

Coaggxx — 0.032***
(0.011)

— — —

Coaggkx — — 0.030***
(0.011)

— —

Coaggjr — — — 0.032***
(0.010)

—

Coaggzl — — — — 0.031***
(0.010)

Control Y Y Y Y Y
City Y Y Y Y Y
Year Y Y Y Y Y
Constant 5.395***

(0.554)
5.378***
(0.551)

5.404***
(0.551)

5.342***
(0.551)

5.411***
(0.550)

R2 0.859 0.860 0.859 0.860 0.860

Standard errors are given in the parentheses. * * *, * * and * represent level of significance of parameters at 1%, 5% and 10%, respectively.

TABLE 6 | Results of the robustness test.

Variables Change variable measurement
method

Tailing treatment Adjusted sample
time

One Lag
phase

2SLS_IV

(1) (2) (3) (4) (5) (6) (7)

Coagg 0.003*(0.002) 0.021***(0.007) 0.029***(0.009) 0.040***(0.012) 0.032***(0.009) 0.022***(0.008) 0.062***(0.02)
Control Y Y Y Y Y Y Y
City Y Y Y Y Y Y Y
Year Y Y Y Y Y Y Y
Constant 1.380***(0.378) 3.002***(0.473) 5.377***(0.540) 5.811***(0.513) 2.389***(0.760) 5.064***(0.569) 0.906***(0.244)

R2 0.854 0.846 0.862 0.865 0.928 0.862 0.078

Wald inspection — — — — — — 445.01
unrecognizedLM — — — — — — 24.234 (0.0000)

Standard errors are given in the parentheses. * * *, * * and * represent level of significance of parameters at 1%, 5% and 10%, respectively.
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become one of the factors affecting the innovation efficiency of
obviousness. However, it should be noted that reasonable policies
and strict subsidy standards should be formulated to avoid the
occurrence of non-benign rent-seeking and other situations that
lead to the suppression of innovation. The results are given inTable 5.

4.5.4 One-Period Lag of Control Variables
In the previous literature, the impact of input is not all the current
output is alleviated by the lag of R&D expenditure, but other
control variables may also have potential endogenous problems.
To check the robustness of the results, all other control variables
are lagged for one period and tested by two-way fixed regression.
The results remained unchanged (Table 6).

4.5.5 Endogenous Problems
The increase in innovation efficiency will reduce the production cost
of the region. Through the strengthening of communication and
cooperation, the factor flow between industries leads to the
formation of the industrial association effect between upstream
and downstream industries, and further promotes industrial
collaborative agglomeration. At the same time, to reduce the cost
of learning, transportation, and trading, it will be biased toward the
location of the region. Although the two-way fixed effect can reduce
the impact of missing variables to a certain extent when enterprises
with high innovation ability move into areas with high collaborative
agglomeration. To better alleviate the endogenous errors caused by
two-way causality and missing variables, this paper adopts
instrumental variables to further test. According to Ji and Gu
(2020), the lag phase of the core explanatory variable is used as a
tool variable to estimate the two-stage least squares method. The test
results are shown in column 7 of Table 6. The estimated coefficient
of the core explanatory variable is significantly positive at the level of
10%, and the Cragg-Donald Wald F statistic 445.01 is greater than
the critical value at the level of 10%, which rejected the hypothesis of
weak instrumental variables. The unidentifiable LM test p-value is
0.0000, which rejected the unidentifiable hypothesis. Therefore, the
selection of instrumental variables is reasonable and effective.

5 CONCLUSION AND POLICY
IMPLICATIONS

This paper uses the data of listed companies in the three major
urban agglomerations from 2011 to 2019 to explore the impact of
the co-agglomeration of producer services and high-tech
manufacturing on innovation efficiency through two-way fixed
panel model. The main findings of the study can summarize as:

1) Industrial co-agglomeration can encourage innovation efficiency
through multiple effects, but excessive agglomeration may also
inhibit innovation efficiency. The empirical results also test the
“inverted U-shaped” relationship between collaborative
agglomeration and innovation efficiency. It means strengthening
co-agglomeration can promote innovation efficiency when the
industrial co-agglomeration is at a relatively low level.

2) The promotion effect of industrial co-agglomeration on innovation
efficiency is more obvious, especially for the regions with low-level

of co-agglomeration. On the one hand, differentiated policies
should be implemented in regions with different situations to
encourage innovation through the level of co-agglomeration of
the two industries. On the other hand, to guide enterprises in
regions with higher collaborative agglomeration to develop into
labor-intensive or capital-intensive regions with low technological
content. The gap in innovation efficiency among the three major
urban agglomerations has shown a narrowing process.

3) Most regions are divided into low-level industrial agglomeration
types. Therefore, it is an important way for economic
development to promote innovation efficiency in different
regions by coordinating the development of heterogeneous
related industries. For the Yangtze River Delta and Pearl River
Delta Urban Agglomeration, there is a strong complementary
effect between producer services and manufacturing. Although
the Beijing, Tianjin, and Hebei urban agglomeration has a lot of
human capital and material capital, the siphoning effect of
important cities such as Beijing and Tianjin is stronger than
its radiation effect. Therefore, industrial co-agglomeration has not
yet become the main way to promote innovation. The results of
industry heterogeneity showed that the co-agglomeration of the
financial industry, information transmission, computer services,
and software industry, and high-tech manufacturing industry in
producer services has the strongest influence on city innovation
efficiency. While the co-agglomeration of transportation,
warehousing and postal industry and high-tech manufacturing
industry has a relatively weak effect on regional innovation
efficiency.

4) The results of the study stress that the states should encourage
and adjust the level of collaborative agglomeration among
regions through fiscal and taxation policies.
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