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Abstract

We use the panel data of innovation and entrepreneurship for global spatial autocorrelation and model selection
testing. At the same time, we applied the Spatial Dubin Model (SDM) to empirically study the knowledge
spillover effects of higher education campuses on regional innovation capabilities. Experimental research found
that there are significant spatial differences in the innovation efficiency of universities. Specialized
agglomeration can effectively improve the innovation efficiency and scale efficiency of colleges and universities.
At the same time, the diversified agglomeration has no obvious effect on the innovation efficiency of colleges
and universities. The accumulation of high-tech industries can effectively promote the innovation efficiency of
universities. Human capital and opening to the outside world can effectively improve the innovation efficiency
of universities.
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1. Introduction

Universities are the main body of knowledge creation and transmission, and they are also
important gathering places for scientific research talents. Since China implemented the
strategy of "rejuvenating the country through science and education," the R&D (Research and
Experimental Development) activities of universities have played an important role in the
implementation of social development, economic construction, and independent innovation
strategies [1]. Moreover, the products invested by R&D have typical characteristics of public
goods. It acts on the micro-level to show strong externalities to the regional industrial
structure and total output. The final manifestation is the overall improvement of the industry
and the improvement of the overall technical level.

From a realistic perspective, the output of university R&D activities is the intermediate
knowledge output and many market-based outputs closely related to enterprises' business
behavior [2]. Because although university R&D focuses on basic research, basic research as a
public product will stimulate technological innovation. This positive externality benefits
various enterprises and manufacturers in the form of knowledge spillovers. Therefore, the
impact of university R&D on regional innovation capabilities should also include the two
aspects mentioned above. But judging from the existing literature, it mainly revolves around
the knowledge spillover of the intermediate output of university R&D, even if there is little
literature involving two aspects of regional innovation capabilities. The main reason is that it
has not adopted a reasonable empirical method and has a relatively large limitation. Therefore,
the use of practical analytical tools and standardized empirical analysis is of great significance
to clarify the R&D knowledge spillovers in universities.

2. Model setting

2.1 Theoretical measurement model
The theoretical analysis foundation of the spillover effect of university R&D on the regional
economy is based on the conceptual framework of the knowledge production function [3]. In
essence, the knowledge production function is still a typical Cobb-Douglas production
function [4]. Since university R&D investment involves two aspects: expenditure and
personnel input, we give a revised knowledge production function based on related theories:
K = A-UE“UN*e" (1)
K is the knowledge output, which is used to measure the regional innovation capability. UE is
the expenditure of university R&D. UN provides personnel input for university R&D. « and
3 are the output elasticity of expenditure and personnel input, respectively. A stands for other

influencing factors. e” is the error term. Take the logarithm of both sides of equation (1) and
expand it to get:
InK=InA+aInUE+ BInUN + u (2)

We add the model's R&D expenditure (FE) and personnel input (FN) of large and medium-
sized enterprises as control variables. Modify the model based on the 2018-2020 inter-
provincial panel data selected in this article:

InPatent, = 4+ InUE, + /3 nUN, + 3, InFE, + f, nEN, +£, 0
lnNewRevenue[.t :7/0+71h1UE}t+7/11nlﬂviz+72 lnFEz't"_% ]‘nFY\]it+77it 4)
Models (3) and (4) are the basic measurement models used later in this article.
2.2 Spatial Autoregressive (SAR) and Spatial Error Model (SEM)

The SAR model is mainly used to measure the spatial spillover effects of dependent variables,
and its setting form is as follows:
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Y, 1s the observed value (i=1,2,L ,N;t=1,2,L ,T) of the dependent variable in the area ;
during the t period. Wij is the spatial weight matrix of order N x N .6 is the constant term,

and &, is the error term. SEM is used to reflect the spatial dependence of the error term. In

this article, SEM measures the error impact of R&D expenditures and personnel inputs of
universities in a region on the region’s innovation capabilities. And its impact on the changes
in innovation capabilities in other regions [5]. The specific form of the model is:

Vit Z)(it¢i +0+¢7[ +n,+7,

N
T, = A-ZWI. +&, ©)
=1

ij it

7, 1s the error term, ZWUT . 18 the error as mentioned above impact, and A is the coefficient;

other parameters have the same meaning as a model (5).

2.3 Spatial Doberman Model (SDM)

SEM does not consider the spatial spillover effects of dependent variables. The previous
research literature on the knowledge spillover effects of R&D in Chinese universities is
mainly based on the estimation results of the SEM model. The SAR model ignores the spatial
dependence in the error term, which reduces the effectiveness of the estimation. Because of
the characteristics and limitations of the SAR and SEM models, some scholars have proposed
an SDM model that can simultaneously measure the spatial spillover effect of the dependent
variable and the spatial dependence of the error term [6]. The characteristic of this model is
that it contains both the spatial lag term of the dependent variable and the spatial lag term of
the explanatory variable. Whether the real data generation process is SEM or SAR, the SDM
model has relatively general and robust estimation results. Its form is as follows:

N N
Vi=Pp I Wy, + X, B+8 D WX, 0+ +n,+&, (7)
Jj=1 j=1

ZWinw measures the impact of R&D expenditures and personnel inputs of universities in
one region on the changes in innovation capabilities in other regions. O is the coefficient. The
meaning of other parameters is the same as a model (5).

3. Selection of data sources and spatial measurement models

3.1 Data sources and related processing
Only in 2008 did university R&D expenditures. Since 2011, the statistical caliber of industrial
enterprises has been changed from large and medium-sized to large-scale [7]. Relative
quantities cannot examine the overall scale of university R&D expenditures and personnel
input knowledge spillovers in various regions, so all variables in models (3) and (4) are
absolute numbers. In 1994, China implemented the tax-sharing system reform, so we set the
1994 CPI index as the base price. Table 1 shows the running results of STATA12.0, and the
rest are obtained by Matlab R2012b.
Table 1 LMsarsem test

T 0.1 0.2 0.3 0.4 0.5
InPatent LM-LAG 1.126 | 3.002 | 5.865 | 9.739 | 14.61
P 0.289 | 0.083 | 0.015 | 0.002 0
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LM-ERROR | 56.01 56.15 55.76 | 54.46 | 51.75
P 0 0 0 0 0
T 0.1 0.2 0.3 04 0.5
LM-LAG 11.94 10.20 8.519 6.92 5.433
P 0.001 0.001 0.004 | 0.009 0.02
InNewRevenue
LM-ERROR | 13.39 11.90 10.11 8.012 | 5.647
P 0 0.001 0.001 0.005 | 0.017

3.2 Selection of spatial weight matrix form
First, select the spatial weight matrix. In the past, the research literature of university R&D
knowledge spillover only considered the geographical distance between regions and did not
consider the gap in economic growth between regions [8]. This paper adds the regional
economic distance weight matrix to the geographical distance weight matrix:

wd, =1/d,

we, =1/|Income, — Income; | (8)
W;,=rn-WD, +(1-)WE,
d,.j is the geographic distance, and wd!./ is the geographic distance weight matrix. ncome,

and Incomej represent the per capita disposable income of urban residents in regions ; and ;.

| Income, —Income, | is the economic development gap between regions [9]. We choose the

average value of urban per capita disposable income from 2018 to 2020 as the economic
distance between regions. WD, and WE, are the standardized forms of the geographical

distance weight matrix and the economic distance weight matrix, respectively. It is used to
control the share of geographic distance and economic distance. The estimation results of

SAR, SEM, and SDM models are largely determined by the value of . W,

; 1s the weighted

spatial weight matrix.

3.3 LM spatial autocorrelation-spatial error test (LMsarsemtest) and determination of
the value of ©

Some scholars have proposed that the LM statistic obeys the asymptotic ¥2(1) distribution. In
this way, it is judged whether to choose a space measurement model and what form of the
space measurement model to choose. This model is more concise and convenient than
Moran’s I statistics.

When the explained variable is InPatent, regardless of the value of , the LM-ERROR statistic
is very significant. Explain that the data generation process is in SEM format. But with the
increase of the geographic distance share, the significance of the LM-ERROR statistics
diminishes. At this time, the model completely uses geographic distance as the weight matrix.
When 11=0.1, the SAR model is not suitable. When 1=0.2, the LM-LAG statistic is significant
at the 1% level. SAR models can be selected starting from n=0.3. When the explained
variable is InNewRevenue, when « takes a value of 0 to 0.6, both SAR and SEM models are
suitable. It shows that the data generation process conforms to both the SAR format and the
SEM format. At this time, it is very necessary to choose the SDM model. Otherwise, the
validity and consistency of the parameter estimation will be biased. When the explained
variable is LnPatent, the © values are 0.7, 0.7, and 0.6, respectively. When the explained
variable is LnNewReveue, 7 is 0.3, 0.6, and 0.3, respectively.
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4. Empirical analysis

4.1 Non-spatial econometric model estimation results

The results of the hybrid OLS estimation show that regardless of whether the explained
variable is InPatent or In New Revenue, the expenditure and personnel input of university
R&D and enterprise R&D are significant. Hybrid OLS is the benchmark and reference model
for subsequent spatial measurement model estimation. The LM space autoregressive-error test
is based on the OLS model. The table also shows the estimated results of the ordinary panel's
fixed effects and random-effects models. LnPatent and In New Revenue reject the assumption
that there is no difference between fixed effects and random effects at the significance levels
of 1% and 5%, respectively [10]. The estimation method of the fixed effect model is better, so
the fixed effect model is also used to estimate the spatial measurement model. When the
explained variable is InPatent, the effect of university R&D personnel input is uncertain.
When the explained variable is In New Revenue, the explanatory variables are significant, and
the degree of fit is relatively higher. The DW value under the mixed OLS model is also close
to 2, which shows that heteroscedasticity does not affect the model.

4.2 Estimated results of SAR and SEM models

The SEM model measures the error impact of the R&D expenditure and personnel input of
universities in a region on the region's innovation capability. At the same time, it also reflects
the extent of its impact on the changes in innovation capabilities in other regions. Tables 2
and 3 show the parameter estimation results of the SAR and SEM models of the knowledge
spillover effects of university R&D on regional innovation capabilities as the explained
variables In Patent and In New Revenue respectively.

Table 2 The knowledge spillover effect of university R&D when the explained variable is

InPatent
InPatent
SAR SEM
Regional Fixed Double Regional Fixed time Double
fixed time fixation fixed fixation
InUE -0.1061 0.1495 -0.2030 -0.1549 0.1984 -0.2071
(-2.8704) | -3.3179 | (-4.3726) | (-3.2648) -4.2377 (-4.1984)
InUN -0.1433 0.1595 -0.1322 -0.1493 0.1182 -0.1278
(- 1.8661) | -2.1488 | (- 1.5826) | (-1.7383) -1.525 (- 1.4396)

InFE 0.2418 0.6328 0.1634 0.1591 0.7266 0.1691
-5.7823 -11.0594 -3.2596 -3.0969 -12.0784 -3.1735
InFN 0.1205 -0.0379 0.1545 0.0984 -0.1156 0.1653
-2.7329 (- 0.634) -3.3443 -2.0245 (- 1.8273) -3.3719

0.7510 0.5060 0.2080

P -19.0213 -8.8495 -1.6646

N 0.9220 0.2700 0.2604

-62.9079 -2.2429 -2.1436
R2 0.9726 0.9047 0.9732 0.8871 0.8944 0.973
Adjust R2 0.8782 0.8714 0.8696 0.8672 0.8687 0.8623
LogL -2.0509 247 1127 10.6244 -2.0134 -254.54 9.8759
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Table 3 The knowledge spillover effect of university R&D when the explained variable is In
New Revenue
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In New Revenue
SAR SEM
Regional Fixed Dou‘ple Regional Fixed fime Double
fixed time fixation fixed fixation
InUE 0.1895 0.2529 0.1893 0.2565 0.3005 0.1886
-3.4387 -4.8188 -3.0238 -5.1687 -5.6397 -2.8485
InON 0.2960 0.1432 0.2253 0.2025 0.1120 0.2281
-2.8203 -1.6604 -1.9983 -1.7871 -2.2665 -1.9115
InFE 0.3786 0.8486 0.3258 0.3679 0.9332 0.3269
-6.1334 -12.3513 -4.8205 -5.5543 -13.0891 -4.5652
-0.1013 -0.2566 -0.1162 -0.0662 -0.3292 -0.1181
InFN
(- 1.6818) | (-3.6053) | (-1.8667) (- 1.0265) | (-4.4152) | (-1.7947)
0.4820 0.4390 0.1139
P -9.4609 -8.3856 -1.6582
N 0.8660 0.2540 0.1068
-33.3533 -5.2703 -1.6751
R2 0.9665 0.9158 0.9681 0.906 0.9013 0.9681
Adjust R2 0.8917 0.8724 0.8741 0.8733 0.8614 0.8542
LogL -121.1745 | -300.0728 | -105.3039 -149.3385 | -316.9979 | -101.2397

When the explained variable is InPatent, the m value of the SAR and SEM spatial weight
matrices are both 0.7. This shows that the influence of geographic distance is greater than that
of economic distance. From the LM inspection in Table 1, it can be seen that the data
generation process at this time is both SAR and SEM forms. In the SEM model, when they
are 0.1691% and 0.1653%, respectively, the effect of capital investment in enterprise R&D is
only slightly higher than the effect of personnel input. For every increase of 1% of the
knowledge spillover effect of the innovation capability level of the region on the innovation
capability of the surrounding area, the innovation capability of the surrounding area will
increase by 0.208%.

When the explained variable is In New Revenue, the m value in the SAR model is 0.3. The
impact of economic distance is 70%, and the value of & in the SEM model is 0.6. The impact
of geographic distance is greater than that of economic distance. Although the value of & is
different, the data generation process is still in both SAR and SEM formats. Both university
R&D expenditures and personnel input are significantly conducive to the increase in sales
revenue of new products in the region. In SAR, every 1% increase in university R&D funding
will increase sales revenue by 0.1893%. For every 1% increase in staff full-time equivalent,
new product sales revenue will increase by 0.2253%. The relevant data in SEM were
0.1886% and 0.2281%. This is not much different from SAR. Corporate R&D expenditures
and personnel inputs have different effects on new product sales revenue. Expenditures are
significantly conducive to the increase in sales revenue of new products. The SAR and SEM
models are 0.3258% and 0.3269%, respectively, which are significantly greater than the
contribution of college R&D expenditures. However, the personnel investment of enterprise
R&D is not conducive to the increase of sales revenue of new products.

4.3 Spatial Doberman Model (SDM)
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When the explained variable is InPatent or In New Revenue, the data generation process is
both in the form of SAR and SEM. Therefore, it is necessary to use the SDM model. It can be
seen from Table 4 that when the explained variable is InPatent or In New Revenue, the fitting
degree of the SDM model under the double fixed effects is higher than that of the SAR and
SEM models. When the explained variable is InPatent, university R&D expenditure and
personnel input are still not conducive to improving regional basic innovation capabilities.
This point is consistent with the estimated results of SAR and SEM, and the spatial spillover
effects of the two to other regions are not significant. Enterprise R&D expenditure and
personnel input have a significant positive effect on improving regional basic innovation
capabilities. The effect of capital investment is greater than the effect of personnel investment.
The elasticity is 0.1739% and 0.1257%, respectively. The SAR and SEM models respectively
underestimate the former and significantly overestimate the role of enterprise R&D personnel
input in promoting regional basic innovation capabilities. The spatial spillover effect of the
dependent variable is -0.3860%.

When the explanatory variable is In New Revenue, university R&D expenditures and
personnel input are conducive to improving regional secondary innovation capabilities. The
improvement ratio was 0.1762% and 0.2768%, respectively. The SAR and SEM models
overestimate the former and significantly underestimate the role of university R&D personnel
input. Personnel investment is also not conducive to improving regional secondary innovation
capabilities, which are close to the estimated results of SAR and SEM models. The spatial
spillover effect of the dependent variable is positive. This shows that the increase in sales
revenue of new products in this region is conducive to improving secondary innovation
capabilities in surrounding areas. This effect is 0.0249%.

Table 4 Spatial Dubin model estimation results

Explanatory ; S AR ; SEM

variables Regional F;xed Dou‘ple Regional Fixed time Doul?le
fixed time fixation fixed fixation

InUE -0.1607 0.0998 -0.1636 0.1695 0.1811 0.1762
(-3.6828) | -2.0982 (-3.6731) -2.7025 -3.3192 -2.7827

InUN -0.1291 0.2047 -0.0949 0.2978 0.2179 0.2768
(-1.6639) | -2.6456 (-1.1611) -2.6684 -2.455 -2.3919

InFE 0.1707 0.6013 0.1739 0.3742 0.8327 0.3454
-3.6306 | -9.8824 -3.6084 -5.5388 -11.775 -5.0811

InFN 0.1274 -0.0121 0.1257 -0.1263 -0.2361 -0.1170
-2.8754 | (-0.1927) -2.7945 (-1.9710) | (-3.1813) | (-1.8350)

WInUE 0.0618 -0.1944 -0.1554 -0.2507 -0.2236 -0.0996
-0.5387 | (-0.6875) | (-0.7059) (-1.9035) | (-1.1171) | (-0.5241)

WInUN -0.0451 -0.408 0.5391 0.6837 0.2259 0.5859
(-0.2282) | (-1.0500) -1.2123 -2.7406 -0.7605 -1.4445

WInFE 0.5128 2.0471 0.5202 0.5288 1.2255 0.7136

-3.2092 | -6.7424 -1.8907 -2.9566 -5.0426 -2.839

WInFN 0.7663 -1.3748 0.9643 -0.3629 -1.3439 -0.3925
-5.0543 | (-4.5872) -4.4216 (-2.3054) | (-5.8152) | (-2.0111)

-0.3040 0.104 -0.3860 0.2680 0.3450 0.0249

P (-2.2383) | -0.9781 (-2.5783) -3.0599 -4.2713 -1.6621

R2 0.9755 0.915 0.9762 0.967 0.9218 0.9686

Adjust R2 0.8917 0.8943 0.8752 0.8973 0.8831 0.8667
LogL. 27.5879 | -214.061 32.514 -114.031 -283.615 -102.539
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5. Conclusion

This paper uses China's provincial data from 2018 to 2020 and uses the Spatial Dubin Model
(SDM) to study the knowledge spillover effect of R&D in Chinese universities on regional
innovation capabilities. The results show that (1) University R&D expenditures are not
conducive to improving basic innovation capabilities in the region, and the impact of
personnel input is not significant. (2) Expenditure and personnel input have a significant role
in promoting the secondary innovation capabilities of the region, and the promotion effect of
personnel input is greater than the effect of expenditures. (3) The expenditure and personnel
input of university R&D did not produce direct knowledge spillover effects on surrounding
areas. This spillover effect is more indirectly realized through changes in the region's
innovation capabilities.
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