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Table 6 Regression results based on simulated data ( Dependent variable: Performance,)

No. of Patents

1:

el po =0.1 po =0.3 po =0.9
1 2 3 4 5 6
Small World 0, 0.002 5 0.004 2 0.087 2***
(0.007 7) (0.373 6) (0.017 6)
Small World G2, -0.089 6 -0.160 8 ~0.433 §***
(0.066 9) (0.017 1) (0.156 5)
e
-
-0.002 3 -0.000 9 ~0.008 4***
Clustering Coefficient; (0.003 0) (0.017 9) (0.025 0)
Path Length, -0.000 1 0.000 1 -0.000 7***
(0.000 1) (0.000 3) (0.000 1)
Performance, | 0.901 3™ | 0.812 1% | 0.762 0*** | 0.725 8*** | 0.577 4*** | 0.648 9***
(0.0030) | (0.0432) | (0.0015) | (0.0692) | (0.0111) | (0.0322)
Constant 0.004 3% [ 0.008 6*** | 0.010 4™** | 0.012 0*** | 0.022 2** | 0.015 3***
(0.0003) | (0.0021) | (0.0438) | (0.0041) | (0.0008) | (0.0021)
Sig. 0.000 0 0.000 0 0.000 0 0.000 0 0.000 0 0.000 0
R? 0.999 0.999 0.961 0.962 0.984 0.986
Durbin-Watson 2.068 2.058 2.169 2.131 2.044 2.037
No. of Obs. 99 99 98 98 114 114
2:
po = 0.1 po =0.3 po =0.9
7 8 9 10 11 12
Small World 0, 0.048 §*** 0.039 3 -0.000 3
(0.014 5) (0.030 0) (0.005 2)
Small World Q”, —0.465 1% -0.299 6 0.002 8
(0.142 0) (0.262 6) (0.046 0)
Clustering Coefficient, 0.003 5*** 0.005 6" -0.000 3
(0.001 1) (0.003 4) (0.000 5)
) s -0.0126" -0.0139 -0.001 2
Clustering Coefficient?_,
(0.006 9) (0.014 1) (0.001 6)
Path Length, ~0.000 3*** 0.000 2 ~0.000 1***
(0.000 0) (0.000 8) (0.000 0)
Performance, . 0.762 2% | 0.773 5*** | 0.539 8*** | 0.512 8*** | 0.997 3*** |0.955 1 ***
(0.0363) | (0.0035) | (0.0490) | (0.0499) | (0.0057) | (0.0126)
Constant 0.009 2% | 0.008 9*** | 0.018 8*** |0.020 0*** | 0.001 1*** |0.001 8***
(0.0014) | (0.0016) | (0.0022) | (0.0028) | (0.0002) | (0.0005)
Sig. 0.000 0 0.000 0 0.000 0 0.000 0 0.000 0 0.000 0
R? 0.795 0.794 0.861 0.873 0.987 0.987
Durbin-Watson 2.268 2.280 1.994 1.977 1.864 1. 860
No. of Obs. 500 500 521 521 510 510
ke 1% 5%  10%
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3.4 ( In( No. of Inventors) )
2000 -2007 N
.Zhang ¥
31
( negative binomial model)
Zhang 2 Fleming Chen
Guan ®  Zhang ¥ ( fixed effect)

( random effect)

Chi2 1%

( In( R&D Investment) ) . Hausman 2.
2
Table 2 Regression results with unbalanced panel negative binomial model
No. of Patents; ,,,
1 2 3 4 5
0.056 7*** -0.000 1
Small World(Q; ,
(0.005 0) (0.000 6)
) -0.011 6™ -1.65¢-6
( Small World Q, ,)
(0.002 6) (3.25e¢-6)
0.057 57 0.046 5 0.001 5"
Clustering Coefficient Ratio; ,
(0.017 3) (0.0157) (0.000 8)
. - s -0.000 9***  ~0.000 7*** -2.92e-6"
Clustering Coefficient Ratio; ,
(0.000 3) (0.000 3) (1.50e -6)
. -0.083 7 -0.127 7 -0.002 0
Path Length Ratio; ,
(0.068 7) (0.061 6) (0.0150)
0.607 77** | 0.569 9*** 0.665 27 -0.153 2% -0.157 3%
In( R&D Investment) ;
(0.095 0) (0.095 3) (0.075 3) (0.087 6) (0.085 5)
0.108 2** 0.037 8 0.068 3 1.114 37 | 1.099 77
In( No. of Inventors) ; ,
(0.0537) (0.0599) (0.056 1) (0.078 2) (0.074 6)
-6.501 1™ -5.578 3" -6.9550™* | -0.9869 | -0.7124
Constant
(1.067 2) (1.1209) (0.909 2) (0.783 6) (0.800 2)
No. of Observations 164 164 164 102 102
Wald chi2 345.37
Fvalue 166.73 190.59 967.96 1 066. 88
Prob > chi2 0.000 0 0.000 0 0.000 0 0.000 0 0.000 0
Hausman Chi2 20. 08 *** 15.447% 2 23.84 7% 47.29 7%
Prob > chi2 0.001 2 0.017 1 0.000 0 0.000 1
DR e 1% 5% 10% i .al Hausman
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Dynamic evolution of small world innovation network and its effects

ZHANG Gu-peng
School of Public Policy & Management University of Chinese Academy of Science Beijing 100049 China

Abstract: Based on the method of numerical simulation this paper studies the impact of small worldliness on
innovation performance of networks with low medium and high openness in the dynamic evolution process of
cluster formation and disruption. As many existing studies found the inverted U relationship between small
worldliness and innovation performance the study further finds that this inverted U relationship only appears in
certain phases of network evolution. In networks with low openness the inverted U relationship is significant
in the phases where new clusters are being established and not significant in the phases where former clusters
are disrupting. In networks with high openness the inverted U relationship is totally contrary. In the other
phases of network evolution small worldliness does not impact innovation performance significantly. This is
because when innovation performance increases at a relatively high rate individuals are more motivated to
learn new knowledge. In networks with low openness the increasing intervals are mainly in the phase where
new clusters are being established while in highly opened networks it is mainly in the phase where former
clusters are disrupting. Regression result with the patent co-authorship data in China provides evidence for our
conclusions. Policy implications of this study are that we should always keep a moderately clustered network
so that less redundant information are transmitted; Different levels of openness in different phases should be a—
dopted so that the advantage of different openness in different phases are taken. Organizations should actively
react to emerging technology and make the adjustment of network relationship.

Key words: innovation network; small world quotient; clustering coefficient; path length; innovation per—

formance



