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Technical innovation is an important means to achieve sustainable development. Industry-university cooperation is a new form of
technological innovation. Most of the existing researches on industry-university cooperation focus on the analysis of industry-
university cooperation models, but there are few researches on the examination of the relationship between industry-university
cooperation and economic development. Using the spatial autocorrelation and spatial measurement model, the relationship
between China’s industry-university cooperation and economic development was empirically investigated. )e results indicate
that, first, the nighttime light data could be used as a proxy variable for GDP data to characterize China’s economic development.
Second, industry-university cooperation had a positive effect on China’s economic development. )ird, industry-university
cooperation affected China’s economic development through technological innovation.

1. Introduction

Coming into knowledge economy era, resources and envi-
ronment are increasingly restricting economic development
[1]. Technological innovation is gradually becoming the
primary driving force for social development [2]. According
to World Bank statistics, China’s R&D investment scale
increased from USD 4.866 billion in 1996 to USD 259.560
billion in 2017, with an average annual growth rate of 21.16%
(see Figure 1). )e number of R&D personnel in China
increased nearly threefold from 533,100 in 1996 to 1,578,800
in 2015. Accordingly, the number of patent applications in
China rapidly rose by more than 107-fold from 11.628
thousand in 1996 to 1245.709 thousand in 2017.

According to the endogenous economic theory, tech-
nological innovation, as one of the endogenous driving
forces of economic growth, mainly comes from enterprises,
universities, and scientific research institutions [3]. Indus-
try-university cooperation highlights the linkage role of
enterprises in the process of knowledge production and
application [4]. Besides, industry-university cooperation
also helps universities and research institutions

commercialize their innovations [5]. China’s 19th National
Congress has proposed that China needs to establish a
system of technological innovation that is enterprise-ori-
ented, market-oriented, and deeply integrated between in-
dustry, universities, and research institutes [6]. )erefore,
industry-university cooperation will be one of the trends of
China’s science and technology development in the future. It
is useful to note that industry-university cooperation has
received wide attention, while existing literature has almost
entirely neglected the relationships between industry-uni-
versity cooperation and economic growth. )e purpose of
this study is to examine whether industry-university co-
operation can promote economic development using the
nighttime light data.

Most of the existing research on economic development
is based on official statistics GDP data. However, the quality
of China’s official statistics is increasingly being questioned
by researchers. For example, Movshuk [7] argues that
Chinese officials exaggerate growth figures because of po-
litical pressure and the use of outdated statistical methods.
Meanwhile, the nighttime light data (DMSP/OLS data) has
received extensive attention from researchers. )e DMSP/
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OLS data provided by the National Oceanic and Atmo-
spheric Administration (NOAA) is based on meteorological
satellites, which makes up for the shortcomings of manual
statistics to some extent.

)e contributions of this study are as follows. First, using
the econometric model, this study investigates the rela-
tionship between GDP data and DMSP/OLS data, which
may provide new evidence for DMSP/OLS data agent GDP
data. Second, this study uses a spatial econometric model to
test the relationship between industry-university coopera-
tion and economic development, which may enrich the
literature on technological innovation. )ird, this study
includes technological innovation when discussing the
impact of industry-university cooperation on economic
development and empirically examines whether industry-
university cooperation affects economic development
through technological innovation.

2. Literature Review

2.1. DMSP/OLS Data and Economic Development.
Existing researches on DMSP/OLS data focus on economic
development, carbon emissions, PM 2.5 emission, urbani-
zation level, and population size [8–10]. Previous studies
have confirmed that DMSP/OLS data is associated with
socio-economic activities. For example, using DMSP/OLS
data, Bennett and Smith [11] estimated and monitored the
socioeconomic activities in Russia and China from 1992 to
2012, and they believed that there is a close relationship
between nighttime light and social economy. Zhao et al. [12]
utilized DMSP/OLS data to investigate the relationship
between net primary production and GDP in China, and
they found that net primary production has declined in areas
where GDP has increased. Propastin and Kappas [13] used
DMSP/OLS data to monitor socioeconomic parameters in
Kazakhstan, and they confirmed that DMSP-OLS data is an

effective tool for monitoring the spatial and temporal
changes of socioeconomic parameters. Zhu et al. [14] argued
that the integration of DMSP-OLS and NPP-VIIRS data can
simulate long-term spatiotemporal GDP dynamics. Li et al.
[15] analyzed regional economic development based on
time-series DMSP/OLS nighttime data, and they found that
it is feasible to use DMSP/OLS to convert GDP data. Using
the ecological footprint and DMSP/OLS data, Jin et al. [16]
investigated the relationship between ecological efficiency
and the economic agglomeration in China.

2.2. Industry-University Cooperation and Regional Economic
Growth. )e endogenous economic theory proposed that
technological innovation is one of the driving forces of
economic growth. Enterprises, universities, and research
institutes are the main sources of technological innovation.
Industry-university cooperation refers to the cooperation
between enterprises and universities in technological in-
novation [17]. Industry-university cooperation is essentially
a combination of university knowledge production and the
knowledge application in enterprise. Xu and Jin [18] sug-
gested that the cooperation among government, industry,
and university in a region can significantly promote the
growth of the regional economy. Taking Malaysia as an
example, Hamdan et al. [19] found that the university-en-
terprise interaction is conducive to promoting the devel-
opment of the regional economy.Wu et al. [20] believed that
industry-university cooperation has some positive effect on
China’s economic growth and performance. Lv and Kan [21]
took Jiangxi Province as examples to discuss the effect of
industry-university cooperation on economic growth, and
they found that industry-university cooperation in Jiangxi
province can boost the economic growth.

)e neoclassical growth theory proposed that the key
factors affecting economic growth are labor, capital, and
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Figure 1: Number of patent applications in China and the world from 1996 to 2017.
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technological innovation [22]. Dhrifi [23] found that
technological innovation plays an important role in an
economy driven by foreign direct investment. Torres-Pre-
ciado et al. [24] found that technological innovation has a
positive effect on the regional economic growth of Mexico,
and technological knowledge has a cross-border diffusion
effect. Using the panel data of 30 provinces in China from
2009 to 2017, Song et al. [25] investigated the influences of
industry-university cooperation on carbon emissions, and
they found that industry-university cooperation can effec-
tively control carbon emissions. )e cooperation between
enterprises, universities, and research institutions has fa-
cilitated the flow of R&D funds, technology, and talents. Luo
et al. [26] suggested that technological innovation plays an
important role in keeping the momentum of economic
growth. Wei et al. [27] suggested that the cooperation be-
tween industry, universities, and research institutes in the
region is conducive to promoting the development of sci-
entific and technological innovation.

In summary, there are many studies on industry-uni-
versity cooperation, technological innovation, and regional
economic growth. However, there are few studies on the
relationship between industry-university cooperation,
technological innovation, and regional economic growth.
)ere are fewer studies using GDP data to analyze the re-
lationship between the three. )us, this study mainly an-
swers three questions. (1) Can DMSP/OLS data be used as
proxy for China’s regional economy? (2) Can industry-
university cooperation promote regional economic devel-
opment in China? (3) Is technological innovation an in-
termediary variable between school-enterprise cooperation
and economic development?

3. Methods and Data Sources

3.1. Methods

3.1.1. Correlation Test. Before the empirical analysis, this
study first constructed a traditional econometric model to
test whether economic development and nighttime light are
related. )is correlation test is used to demonstrate whether
nighttime light can be used as a proxy indicator of economic
development. )e traditional econometric model can be
obtained by

ln GDPit � κ ln NLit + cit + eit,

ln GDPit � κ ln NLit + ui + cit + eit,

ln GDPit � κ ln NLit + vt + cit + eit,

ln GDPit � κ ln NLit + ui + vt + cit + eit,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(1)

where GDP it means economic development. NLit is
nighttime light. Ui represents spatial effect. Vt means
temporal effect. eit is the error item.

3.1.2. Spatial Econometric Model. )e spatial econometric
model is based on the traditional econometric model and
incorporates geospatial elements so that it can examine
whether the industry-university cooperation of one province

affects the economic growth of neighboring provinces [28].
)e spatial panel lag model (SLM) of industry-university
cooperation [1], technological innovation, and economic
development is defined by

ln NLit � ρ􏽘
n

j�1
WijNLjt + α ln TIit + β ln IUCit + eit,

ln NLit � ρ􏽘
n

j�1
WijNLjt + α ln TIit + β ln IUCit + eit + ui,

ln NLit � ρ􏽘

n

j�1
WijNLjt + α ln TIit + β ln IUCit + eit + vt,

ln NLit � ρ􏽘

n

j�1
WijNLjt + α ln TIit + β ln IUCit + eit + ui + vt,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(2)

where NLit, TIit, and IUCit represent economic develop-
ment, technological innovation, and industry-university
cooperation, respectively. CIit, LIit, and FIit denote capital
input, labor input, and foreign investment, respectively.
LnTIit ∗ LnIUCit represents the interaction between indus-
try-university cooperation and technological innovation. ρ is
the spatial lag coefficient, which indicates the spatial spill-
over for economic development. α, β, ϑ, φ, c, and ω represent
the coefficients of NLit, TIit, IUCit, CIit, LIit, FIit, and
LnTIit ∗ LnIUCit, respectively.Wit is the spatial weight, which
can be obtained by

Wij �

1
Yi − Yj

􏼌􏼌􏼌􏼌􏼌

􏼌􏼌􏼌􏼌􏼌
, (i≠ j),

0, (i≠ j),

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(3)

where Yi � 􏽐
T
t�T0

Yit/(T − T0) and Yit represents the per
capita GDP value in year t of province i.

When the spatial is dependent on the error item [29], the
spatial error model (SEM) for industry-university cooper-
ation, technological innovation, and economic development
can be obtained by

ln NLit � α ln TIit + β ln IUCit + λ􏽘
n

j�1
Wijϕjt + eit,

ln NLit � α ln TIit + β ln IUCit + λ􏽘
n

j�1
Wijϕjt + eit + ui

ln NLit � α ln TIit + β ln IUCit + λ􏽘
n

j�1
Wijϕjt + eit + vt,

nNLit � α ln TIit + β ln IUCit + λ􏽘
n

j�1
Wijϕjt + eit + ui + vt,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(4)

where ϕit is the spatial autocorrelation error item, λ is the
coefficient of spatial autocorrelation error item, and other
variables are the same as in (2).

When the spatial is dependent on the explanatory var-
iables and the explained variables [30], the spatial Dubin
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model (SDM) for industry-university cooperation, techno-
logical innovation, and economic development can be
constructed by

ln NLit � ρ􏽘

n

j�1
Wij ln NLjt + α ln TIit + β ln IUCit + α′􏽘

n

j�1
Wij ln TIjt + β′􏽘

n

j�1
Wij ln IUCjt + eit,

ln NLit � ρ􏽘
n

j�1
Wij ln NLjt + α ln TIit + β ln IUCit + α′􏽘

n

j�1
Wij ln TIjt + β′􏽘

n

j�1
Wij ln IUCjt + eit + ui,

ln NLit � ρ􏽘
n

j�1
Wij ln NLjt + α ln TIit + β ln IUCit + α′􏽘

n

j�1
Wij ln TIjt + β′􏽘

n

j�1
Wij ln IUCjt + eit + vt,

ln NLit � ρ􏽘
n

j�1
Wij ln NLjt + α ln TIit + β ln IUCit + α′􏽘

n

j�1
Wij ln TIjt + β′􏽘

n

j�1
Wij ln IUCjt + eit + ui + vt,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(5)

where α, β, ϑ, φ, c, and ω denote the coefficients of ex-
planatory variables. Other variables are the same as in (2). If
φ (c)� 0, ρ≠ 0, SDM can be simplified to SLM; if φ (c) + λ α
(ß)� 0, SDM can be simplified to SEM [31].

3.2. Variable Selection. We constructed a panel dataset
covering 30 provinces in China during the period of
2001–2013. Economic development was characterized by
DMSP/OLS data. )e R&D funds of universities and re-
search institutes come from enterprises as a proxy variable
for industry-university cooperation (IUC). )e number of
granted patents was used as an indicator for technological
innovation (TI). In addition, we also considered the four
control variables, namely, capital input (CI), labor input
(LI), foreign investment (FI), and interaction variable
(LnTIit ∗ LnIUCit). )e GDP was deflated at a constant price
in 2001. )e depreciation rate of fixed asset investment was
9.36%.)e description and data sources for each variable are
shown in Table 1.

3.3. DMSP/OLS Data. DMSP/OLS data were collected from
meteorological satellites of DMSP [8]. )e observed longi-
tude ranges from 180° E to 180° W. )e observed latitude
ranges from −65° to 75°. )ere are four types of DMSP/OLS
data: Average Visible, Stable Lights, Cloud Free Coverages,
and Download Average Lights X Pct (https://ngdc.noaa.
gov). In this study, the Stable Lights data were selected to
characterize nighttime light (see Figure 2), because the Stable
Lights data have dealt with the impact of contingency fac-
tors, such as forest fires, noise, cloud cover, and aurora,
before being released.

4. Results

4.1. Test the Relationship between Nighttime Light Data and
GDP Data

4.1.1. Correlation Test. According to (1), this study used a
traditional econometric model to test the correlation

between nighttime light data and GDP data. In the tradi-
tional econometric model, GDP was set as the dependent
variable and nighttime light was set as the independent
variable, as shown in Table 2. Models (1) to (4) represent the
OLS model under no fixed effect, fixed year, fixed province,
and province-year fixed effect, respectively. It can be seen
from Table 2 that the LnNL coefficients under different fixed
effects were significantly positive. )is result indicates that
there was a significant positive relationship between
nighttime light and GDP.

4.1.2. Robustness Test. We averaged GDP indicator and
nighttime light indicator for robustness tests. )e per capita
GDP was selected to replace the previous GDP. )e average
regional light intensity (total nighttime light value/grid
number in one province) is used to characterize the
nighttime light, as shown in Table 3. )e coefficients of
LnANL ranged from 0.073 to 0.125, and the p values were
less than 0.01. )is finding again demonstrates that night-
time light and GDP were significantly related.

4.1.3. Spatial Autocorrelation Test. Despite some findings
for correlation tests, we still performed spatial autocorre-
lation tests [32] on GDP and nighttime light to examine the
relationship between these two. In this study, the spatial
weight for spatial autocorrelation model was selected as the
)reshold Distance, as shown in Figure 3. )e Moran’s I of
GDP from 2001 to 2013 ranged from 0.178 to 0.186 (all p

values were less than 0.05), indicating that China’s provincial
GDP was spatially dependent. )e Moran’s I of nighttime
light in China ranged from 0.104 to 0.118 (all p values were
less than 0.05), indicating that nighttime light had a positive
spatial correlation. Moreover, the change trend of curve
GDP and curve nighttime light is basically the same,
showing a downward trend.

In general, for different estimation models and different
data processing methods, the correlation coefficients be-
tween GDP and nighttime light were greater than 0 and the p

values all pass the significance test, indicating that GDP and
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nighttime light have a stable positive correlation. )erefore,
nighttime light can be used as a proxy variable for GDP.)is
result is consistent with the findings of [11, 12]. )erefore,
we used DMSP/OLS data to investigate the impact of in-
dustry-university cooperation on economic development in
the next step.

4.2. Effects of Industry-University Cooperation on Economic
Development

4.2.1. Panel Unit Root Test. In order to test the stability of the
sample, this study used five test models, namely, LLC,
Breitung t-stat, IPS, ADF-Fisher, and PP-Fisher, respec-
tively, to conduct unit root tests for nighttime light, in-
dustry-university cooperation, and technological
innovation. We conducted unit root tests for the level value
and the first-order difference value, respectively, as shown in
Table 4. )e unit root test of the level value shows that the
statistical values of each variable have passed the significance
test. )is result suggests that the level values of industry-
university cooperation, technological innovation, and
nighttime light were all stable. )e unit root test of the first-
order difference value shows that the statistical values of each
variable were all significantly positive. )is result means that
the first-order difference of each variable was all stable.

4.2.2. Spatial Econometric Model. )e previous spatial au-
tocorrelation test shows that nighttime light is spatially
dependent (see Figure 3). )erefore, the spatial location
should be considered when investigating the relationship
between industry-university cooperation, technological in-
novation, and nighttime light. )us, we constructed the
spatial econometric model to test the correlation between
industry-university cooperation, technological innovation,
and nighttime light, as shown in Table 5.

It can be seen from Table 5 that the statistics of the
Hausman test all passed the significance test at the 1% level,
suggesting that the spatial econometric model was applicable
to fixed effects. )e statistics of Wald test and LR test in-
dicate that the SDM model was more suitable for our case
than the SLM model and SEM model. Models (9)–(12)
represent the SDM model under no fixed effect, province-
fixed effect, year-fixed effect, and province-year-fixed effect,
respectively. Model (13) added control variables capital
input (LnCI), labor input (LnLI), and foreign investment

(LnFI). Model (14) incorporated an interaction between
industry-university cooperation and technological innova-
tion (LnIUC× LnTI).

)e LnIUC coefficients of models (9)–(14) were all
positive and significant (see Table 5). )is result indicates
that industry-university cooperation was associated with
economic development under different fixed effects. )e
LnTI coefficients of models (9)–(14) ranged from 0.005 to
0.582, suggesting that technological innovation could pro-
mote economic development. )is result is consistent with
the findings of Cao et al. [33–35]. )e control variables LnCI
and LnLI coefficients were positive in models (13)–(14),
indicating that increased capital and labor inputs could
boost economic growth.)is result support the work of Gori
and Sodini [3, 36]. )e LnFI coefficients of models (13)–(14)
were positive, suggesting that foreign investment could drive
economic growth. )is result is consistent with the findings
of Lo et al. [37].)e coefficient of LnIUC× LnTI was positive
but not significant. )is result indicates that there is an
interaction between industry-university cooperation and
technological innovation, but it is not significant.

4.2.3. Spatial Spillover Effect Analysis. In this section, we
decomposed model (11) to calculate the spatial spillover
effects of industry-university cooperation and technological
innovation. Table 6 reports the results of spillover effect
decomposition. )e spillover coefficient of LnIUC was
−0.475 (p≤ 0.001), indicating that industry-university co-
operation had a negative spillover effect in space. )e
spillover coefficient of LnTI was 0.247 (p≤ 0.05), which
suggests that technological innovation had a positive spill-
over effect in space.

4.2.4. Robustness Test. We used GDP data instead of DMSP/
OLS data to reevaluate the spatial econometric model, as
shown in Table 7. )e LnIUC coefficients of models
(15)–(20) were positive and significant, and the LnTI co-
efficients for models (15)–(20) were positive and significant.
)is result was consistent with the results reported in Ta-
ble 7. )is finding once again demonstrates that industry-
university cooperation is conducive to regional economic
development in China. In addition, this finding also indi-
cates that it is feasible to use DMSP/OLS data as the proxy
variable of GDP.

Table 1: Description and data sources for each variable.

Variable Indicator Symbol Data source
Economic growth Nighttime light NL https://ngdc.noaa.gov
Industry-university
cooperation

R&D funds of universities and institutes
come from enterprises IUC China science and technology statistical yearbook

Technological
innovation Number of granted patents TI China science and technology statistical yearbook

Capital input )e amount of fixed asset investment CI China statistical yearbook and compilation of statistics
material of 60 years of new China

Labor input Number of employees LI Statistical yearbooks by province
Foreign investment Actually utilized FDI FI WIND database

Mathematical Problems in Engineering 5

https://ngdc.noaa.gov


N

S

W E

0 500 1,000 2,000
km

Nighttime light

high : 63

low : 0

(a)

N

S

W E

0 500 1,000 2,000
km

Nighttime light

high : 63

low : 0

(b)

Figure 2: Spatial patterns of nighttime light in China in 2001 and 2013: (a) 2001 and (b) 2013.
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4.3. Intermediary Effect Test. In this section, we conducted
an intermediary effect test on industry-university coop-
eration, technological innovation, and economic devel-
opment to determine whether industry-university
cooperation affects economic development through
technological innovation. )e sequential test procedure

method was used to investigate the intermediary effect.
Figure 4 shows the theoretical model of intermediary
effect test. If the parameters a, b, and d are significant, the
variable technological innovation is an intermediary
variable. )e FE regression model was used to model (i) to
(iii), and the control variables capital input (CI), labor

Table 2: Estimated results of correlation coefficient κ.

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

Constant −4.477∗∗∗ −8.225∗∗∗ 6.722∗∗∗
(−9.228) (−20.381) (20.032)

Κ 0.650∗∗∗ 0.985∗∗∗ 1.267∗∗∗ 0.143∗∗∗
(265.086) (27.039) (41.757) (5.660)

Province effect No No Yes Yes
Year effect No Yes No Yes
Estimation method OLS FE FE FE
Adj R2 0.695 0.718 0.963 0.998
Obs 390 390 390 390
Note. t-statistics in parenthesis. ∗∗∗p value is less than 0.001.

Table 3: Results of the robustness tests.

Variables (5) (6) (7) (8)

Constant 1.742∗∗∗ 1.773∗∗∗ 1.771∗∗∗
(31.375) (39.598) (39.108)

Κ 0.125∗∗∗ 0.083∗∗∗ 0.073∗∗∗ 0.074∗∗∗
(13.872) (16.576) (17.405) (17.283)

Province effect No No Yes Yes
Year effect No Yes No Yes
Estimation method OLS FE FE FE
Adj R2 0.417 0.403 0.615 0.606
Obs 390 390 390 390
Note. t-statistics in parenthesis. ∗∗∗p value is less than 0.001.
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Table 4: Results of panel unit root test.

Variable LLC Breitung t-stat IPS ADF-fisher PP-fisher

lnNL
Level value −13.739 −6.926 −7.625 159.226 223.158

(0.001) (0.001) (0.001) (0.001) (0.001)

First-order difference −24.677 −17.911 −15.754 282.863 491.801
(0.001) (0.001) (0.001) (0.001) (0.001)

lnIUC

Level value −14.048 −14.048 −10.101 202.662 356.089
(0.001) (0.001) (0.001) (0.001) (0.001)

First-order difference −25.632 −5.491 −13.897 264.831 337.577
(0.001) (0.001) (0.001) (0.001) (0.001)

lnTI

Level value −13.633 −9.821 −4.630 108.051 134.248
(0.001) (0.001) (0.001) (0.001) (0.001)

First-order difference −22.522 −21.854 −11.453 217.334 523.813
(0.001) (0.001) (0.001) (0.001) (0.001)

Note. p-statistics in parenthesis. First generation panel unit root tests without cross-sectional dependence. Second generation panel unit root tests with cross-
sectional dependence.

Table 5: Results of SDM under nighttime light data.

Variables (9) (10) (11) (12) (13) (14)

Constant 7.523∗∗∗
(9.595)

LnIUC 0.088∗∗∗ 2.534∗∗∗ 0.073∗∗ 2.624 0.344∗∗∗ 0.275∗∗∗
(3.441) (6.849) (2.819) (8.442) (6.464) (5.631)

LnTI 0.323∗∗∗ 0.008 0.341∗∗∗ 0.022 0.023 0.233∗∗
(8.983) (0.405) (9.358) (1.365) (1.149) (2.546)

LnCI −0.249∗∗∗ 0.017∗∗∗
(−2.635) (10.453)

LnLI 0.192∗∗∗ 0.067
(3.204) (1.057)

LnFI 0.320∗ 0.089∗∗∗
(2.426) (4.079)

lnIUC× lnTI 0.013
(0.843)

W∗ LnIUC −0.238∗∗∗ −1.726∗∗∗ −0.365∗∗∗ 1.705 −2.928∗∗∗ −0.045
(−5.474) (−4.399) (−6.033) (2.828) (-4.847) (−0.348)

W∗ LnTI −0.153∗∗∗ 0.011 0.075 0.112 -0.010 −0.465∗
(−3.235) (0.506) (0.846) (2.373) (−0.463) (−2.056)

W∗ LnCI 3.602∗∗∗ −0.749∗
(3.516) (−2.200)

W∗ LnLI 1.223∗∗∗ 1.495∗∗∗
(9.759) (12.355)

W∗ LnFI −0.068 0.398∗∗∗
(−1.873) (4.692)

W∗ IUC∗TI −0.132∗∗∗
(−3.078)

ρ 0.434∗∗∗ 0.636∗∗∗ 0.299∗∗∗ −0.218 0.629∗∗∗ 0.645∗∗∗
(6.801) (13.249) (4.169) (−2.445) (13.037) (13.814)

Log l −304.705 338.747 −291.650 411.624 348.723 −139.523
R2 0.591 0.985 0.609 0.989 0.986 0.828
Wald-lag 14.015∗∗∗ 40.626∗∗∗ 45.692∗∗∗
LR-lag 12.673∗∗ 37.729∗∗∗ 43.508∗∗∗
Wald-error 9.760∗∗ 37.358∗∗∗ 45.719∗∗∗
LR-error 9.525∗∗ 35.473∗∗∗ 43.529∗∗∗
Hausman 93.356∗∗∗ 67.873∗∗∗ 41.698∗∗∗

Note. t-statistics in parenthesis. ∗p< 0.05, ∗∗p< 0.01, and ∗∗∗p< 0.001.
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input (LI), and foreign investment (FI) were added for
comparative analysis. )e regression results are shown in
Table 8.

Without control variables, parameters a� 2.538
(p≤ 0.001, t� 45.515), b� 7.158 (p≤ 0.001, t� 24.496),
c� 2.261 (p≤ 0.001, t� 25.295), and d� 0.039 (p≤ 0.001,
t� 3.927) were all significant at the 1% level, indicating that
technological innovation was an intermediary variable, and
the intermediary effect was significant.With control variables,
parameters a� 1.389 (p≤ 0.001, t� 4.559), b� −3.207
(p≤ 0.001, t� −2.087), c� 1.482 (p≤ 0.001, t� 4.882), and
d� 0.029 (p≤ 0.001, t� 2.800) all passed the 5% significance
level, indicating that after adding the control variables capital
input (CI), labor input (LI), and foreign investment (FI),
parameters a, b, and d were still significant, which further
suggests that industry-university cooperation affect China’s
economic development through technological innovation.

Table 6: Results of spillover effect decomposition.

Variables Direct effect Spillover effect Total effect
LnIUC 0.053∗∗ (0.038) −0.475∗∗∗ (0.001) −0.422∗∗∗ (0.001)
LnTI 0.351∗∗∗ (0.001) 0.247∗∗ (0.047) 0.598∗∗∗ (0.001)
Note. p-statistics in parenthesis. ∗p< 0.1, ∗∗p< 0.05, and ∗∗∗p< 0.01.

Table 7: Results of SDM model under GDP data.

Variables (15) (16) (17) (18) (19) (20)

Constant 2.283∗∗∗
(7.639)

LnIUC 0.077∗∗∗ 0.855∗∗∗ 0.058∗∗∗ 0.636∗∗∗ 0.054∗∗∗ 0.069∗∗∗
(4.392) (4.376) (3.350) (3.714) (4.815) (3.648)

LnTI 0.569∗∗∗ 0.009 0.582∗∗∗ 0.005 0.064∗∗ 0.143∗∗∗
(22.808) (0.863) (23.699) (0.545) (2.918) (4.354)

LnCI 0.733∗∗∗ 0.782∗∗∗
(17.094) (20.087)

LnLI 0.327∗∗∗ 0.220∗∗∗
(13.749) (10.925)

LnFI −0.273∗∗∗ −0.125∗∗∗
(−10.033) (−5.851)

lnIUC× lnTI −0.006∗
(−2.412)

W ∗ LnIUC −0.117∗∗∗ −0.289 −0.246∗∗∗ −1.674∗∗∗ −0.047 −0.094∗
(−3.880) (−1.347) (−6.034) (−5.655) (−1.907) (−2.065)

W ∗ LnTI −0.435∗∗∗ −0.00 0.010 0.030 −0.079 0.029
(−12.361) (−0.622) (0.131) (1.165) (−1.124) (0.352)

W ∗ LnCI −0.152∗∗ 0.926∗∗∗
(−2.666) (8.146)

W ∗ LnLI 0.568∗∗∗ −0.233∗∗∗
(3.827) (−6.524)

W ∗ LnFI 0.287∗∗∗ 0.130∗
(4.696) (2.412)

W ∗ IUC ∗TI −0.007
(−1.235)

ρ 0.650∗∗∗ 0.848∗∗∗ 0.144 −0.024 −0.008 −0.136
(14.103) (36.935) (1.838) (−0.278) (−0.098) (−1.827)

Log l −171.811 567.503 −135.835 648.146 171.362 246.640
R2 0.875 0.997 0.886 0.998 0.971 0.984
Wald-lag 32.559∗∗∗ 51.902∗∗∗ 179.391∗∗∗
LR-lag 31.384∗∗∗ 48.688∗∗∗ 149.867∗∗∗
Wald-error 30.750∗∗∗ 49.706∗∗∗ 321.430∗∗∗
LR-error 31.345∗∗∗ 48.700∗∗∗ 235.051∗∗∗
Hausman 29.788∗∗ 28.471∗∗ 32.221∗∗∗

Note. t-statistics in parenthesis. ∗p< 0.05, ∗∗p< 0.01, and ∗∗∗p< 0.001.

NL = aTI + e1

IUC = bTI + e2

NL = cTI + dIUC + e3

(i)

(ii)

(iii)

d

a

b

c

TI NL

TI NL

IUC

Figure 4: )eoretical model of intermediary effect test.
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5. Conclusions and Policy Implications

Using the spatial autocorrelation, panel unit root test, and
spatial measurement model, the relationship between
China’s industry-university cooperation and economic de-
velopment was empirically investigated. )e main conclu-
sions of this study are as follows.

First, the nighttime light could be used as a proxy
variable for GDP.)ere was a significant positive correlation
between GDP and nighttime light. GDP and nighttime light
showed basically the same spatial autocorrelation.

Second, industry-university cooperation was associated
with economic development.)ere is an interaction between
industry-university cooperation and technological innova-
tion, but it is not significant. Technological innovation was
an intermediary variable and industry-university coopera-
tion affect China’s economic development through tech-
nological innovation.

Employing the results in Section 4, we proposed three
policy implications to improve regional economic
development.

First, the government should optimize the technological
innovation environment. To this end, it can be expanded
from three aspects: (1) encouraging enterprises, universities,
and research institutions to jointly carry out technological
innovation activities; (2) improving the technology inno-
vation system and promoting the transfer of innovation
achievements; and (3) encouraging enterprises to carry out
scientific and technological innovation activities by
streamlining administration and delegating power.

Second, the government should improve the quality of
industry-university cooperation. )e government can use
preferential policies to guide in-depth industry-university
cooperation. )e government should standardize and op-
timize the cooperation model between universities, enter-
prises, and research institutions, improve the common
management of research funds, and strengthen the sharing
of interests and risks.

)ird, the government should pay attention to the
collaborative innovation development of industry, univer-
sity, and research institute.)e government can improve the
intellectual property protection system, standardize the
operation of the technical knowledge market, and promote
the effective use of collaborative innovation by industry,
universities, and research institutions.
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[36] B. Xu, J. Sendra-Garćıa, Y. Gao, and X. Chen, “Driving total
factor productivity: capital and labor with tax allocation,”
Technological Forecasting and Social Change, vol. 150, Article
ID 119782, 2020.

[37] D. Lo, F. Hong, and G. Li, “Assessing the role of inward
foreign direct investment in Chinese economic development,
1990-2007: towards a synthesis of alternative views,” Struc-
tural Change and Economic Dynamics, vol. 37, pp. 107–120,
2016.

Mathematical Problems in Engineering 11


