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Abstract

The effectiveness of the Triple Helix model of innovations can be evaluated in bits of
information using the TH indicator of synergy based on information theory. However syn-
ergy, measured in bits of information can’t be straightforwardly interpreted in economic
terms. The present paper is an attempt to establish a connection between synergy and other
growth relating economic measure, such as complexity indices. The synergy distribution
among 31 Chinese territorial districts is compared with corresponding distribution of com-
plexity. The latter are calculated with three different complexity measures and on differ-
ent datasets. Synergy and complexity show substantial linear relationship with each other.
These complexity measures are further tested with their ability to predict future GDP per
capita growth using employment, income, and investment data for 31 territorial districts
of China and 19 industries. The results of regression analysis suggests that the accuracy of
growth forecast can be substantially improved when exploiting links of different origin in
bipartite networks in comparison with export oriented approach.
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1 Introduction

A knowledge-based economy is a fundamentally more complex system than an indus-
trial economy. While an industrial economy can be described with a linear (input—out-
put) model of development, where an action can be expected to produce a predictable
reaction, in which innovation remains an external factor to the process of production
(OECD 2018) post-industrial economy develops non-linearly due to increased complex-
ity of innovation process (OECD 2015; Kline and Rosenberg, 1986). In post-industrial
knowledge-based economy innovations are created through collaboration of formally
independent agents engaged into network of relations that form an ecosystem through
their interactions (OECD 2015; Bramwell et al. 2012; Wessner and Wolftf 2012).
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Ecosystems are typical organizational format to produce knowledge, goods and values,
in the modern economy (MacGregor et al. 2012).

Innovation ecosystems, proliferating in period of post-industrial economy, are sup-
posed to generate innovations. As an example of innovation ecosystem may serve Triple
Helix (TH) model of university-industry-government relations (Etzkowitz and Leydes-
dorff 1995). Innovation capacity of the TH system can be mapped by the synergy of
TH actors’ interaction. This synergy can be measured on the base of network of rela-
tions among major TH actors (i.e. university, industry and government) with respect to
geographic, size, and technological distributions of firms in bits of information using
the TH indicator (e.g. Leydesdorff and Zhou 2014), Synergy refers to the coherence in
the interactions among the actors which helps to generate additional options and foster
innovations. However synergy, formulated mostly as information theoretical measure,
can hardly be directly interpreted in terms of innovations and economic growth.

Innovations also add to new economic capabilities, referring to manufacturing goods
and products, providing services, forming new organizational structures, etc. Manufac-
turing capabilities result in new products. So that considering the product range of an
economy one can roughly judge on its innovativeness. The more capabilities accumulate
countries the more complex is the economy. The notion of”’complexity” has been dis-
cussed in the literature about “complex adaptive systems” (CAS) (Holland 2002; Miller
and Page 2007) and in “complexity economics” (Beinhocker 2006; Antonelli 2011; Wil-
son and Kirman 2016). Different measures have been proposed to estimate the relative
economic complexity in terms of countries-exported products networks, such as Eco-
nomic Complexity Index (ECI) (Hidalgo and Hausmann 2009), Fitness (Tacchella et al.
2013), Modified Economic Complexity Index (MECI) (Ivanova et al. 2019). Economic
complexity measures estimate relative countries’ manufacturing capabilities in the set of
countries.

Accordingly an innovation-driven economy can be considered either as driven by
mutual arrangements, such as the Triple Helix (TH) of university-industry-government
relations, which can be mapped with help of synergy, or estimated on the basis of capa-
bilities which are revealed in the range of manufactured and exported products. One can
hypothesize that these two approaches can be interrelated. The first research question of
present paper is to explore whether there is a correlation between TH synergy and eco-
nomic complexity measures. In other words — whether synergy distribution among the set
of geographic regions follows that of complexity? Also, economic complexity stands as a
holistic measure of manufacturing capabilities. The major advantage of economic com-
plexity is that they can be used to predict long-term future growth (Hidalgo and Haus-
mann 2009; Ourens 2013). Originally two dimensional complexity measures were based
on analyzing country-product export network. However the use of only trade export data
seems rather one-sided approach. One could expect that complexity measures predic-
tion power can be increased by using alternative dimensions. Hence the second research
question is — if adding additional manufacturing relating dimensions helps to improve the
model predictive power with respect to future growth? Also since synergy and complexity
capture somewhat different information one can add the third research question — whether
the combination of synergy and complexity is able to still further improve growth forecast
accuracy?

The answer to these questions would help to link structural and productive aspects of
innovation ecosystem and advance the mapping, analysis, and forecasting. Data sources
include the data for 31 territorial districts of China and 19 industries for the measurement
of three complexity measures—ECI, Fitness, and MECI with respect to bipartite networks
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of territorial districts and industries in terms of employment, income, and investments,
synergy distribution and product export data for 31 provinces.

The findings show a positive Pearson correlation between synergy and complexity.
Though generally correlation doesn’t infer causal relationship but synergy and complexity
may be considered as interlinked since both rely on innovations in their origin and hence
don’t satisfy the property of probabilistic independence (e.g. Russell and Norvig 2002).
That means one can relate the TH synergy to economic complexity. The paper encour-
ages theoretical researches which combine information theoretical approaches (e.g. syn-
ergy measurement) with complexity studies into a single framework. Also simultane-
ously accounting for multiple dimensions in bipartite territory-industries network (such as
employment, income, and investments) and combining complexity with synergy one can
obtain better fit in predicting GDP/capita growth.

The paper is organized as follows. Section 2 presents data sources and the description
of the metrics used to evaluate the economic complexity, namely Economic Complexity
Index (ECI), Fitness, and Modified Economic Complexity Index (MECI). The results of
the calculations are delivered in Sect. 3. In Sect. 4, results are summarized and discussed.
Additional information of Chinese provinces Triple Helix synergy and relative complexity
values for three complexity measures—ECI, Fitness, MECI — with respect to employment,
income, and investment is provided in the Appendix.

2 Data and method

The data for 31 Chinese territorial districts (Beijing, Tianjin, Hebei, Shanxi, Inner Mon-
golia, Liaoning, Jilin, Heilongjiang, Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi,
Shandong, Henan, Hubei, Hunan, Guangdong, Guangxi, Hainan, Chongqing, Sichuan,
Guizhou, Yunnan, Xizang(Tibet), Shaanxi, Gansu, Qinghai, Ningxia Hui, Xinjiang Uygur)
and 19 industries (Agriculture, forestry, animal husbandry and fishery; Mining; Manufac-
turing; Electricity, gas and water production and supply; Construction; Transportation,
warehousing and postal services; Information transmission computer service and software
industry; Wholesale and retail trade; Accommodation and catering industry; Finance; Real
estate industry; Leasing and business services; Scientific research, technical services and
geological exploration; Water, environmental and public facilities management; Resident
services and other services; Education; Health, social security and social welfare; Culture,
sports and entertainment; Public administration and social organization) which roughly
correspond high level aggregation of NACE Rev. 2 classification,' with respect to employ-
ment (number of people employed by industry), income (total earnings of employees by
industry), and investments (total investment in fixed assets by industry) for the period
2008-2017 were obtained from the National Bureau of Statistics of China.? The values of
TH synergies among geographic, size, and technological distributions of firms, based on
402,604 records on Chinese firms in the Orbis database for the period 2008-2010, for 31
territorial districts of China were retrieved from Leydesdorff and Zhou (2014). Synergies
were obtained for all sectors, and separately for high- and medium-tech manufacturing and
knowledge-intensive services. The classification of high- and medium-tech manufacturing

! https://ec.europa.eu/sfc/sites/sfc2014/files/2007/nace_rev_2.pdf. Accessed 25 January 2021.
2 http://data.stats.gov.cn/easyquery.htm?cn=E0103. Accessed 25 January 2021.
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and knowledge-intensive services is defined according NACE (Rev. 2).* Data for provin-
cial export for 38 industry branches (which partly coincide with NACE Rev 4 two-digit
level classification*): Coal mining and washing industry; Ferrous metal mining and dress-
ing industry; Non-ferrous metal mining and dressing industry; Non-metallic mining and
dressing industry; Oil and gas extraction industry; Food manufacturing; Agricultural and
sideline food processing industry; Beverage manufacturing; Tobacco products industry;
Textile industry; Textiles, shoes and hats manufacturing; Leather, fur, feather (velvet) and
their products industry; Wood processing and wood, bamboo, rattan, palm and grass prod-
ucts industry; Furniture manufacturing; Paper and Paper Products Industry; Printing and
recording media reproduction; Cultural, Educational and Sporting Goods Manufactur-
ing; Petroleum processing, coking and nuclear fuel processing industries; Chemical raw
materials and chemical products manufacturing; Pharmaceutical manufacturing; Chemi-
cal fiber manufacturing; Rubber products industry; Plastic products industry; Non-metallic
mineral products industry; Ferrous metal smelting and rolling processing industry; Non-
ferrous metal smelting and rolling processing industry; Metal products industry; General
equipment manufacturing; Special equipment manufacturing; Transportation equipment
manufacturing; Instrumentation, cultural and office machinery manufacturing; Electrical
machinery and equipment manufacturing; Communication equipment, computer and other
electronic equipment manufacturing; Crafts and other manufacturing; Waste resources and
waste materials recycling and processing industry; Electricity and heat production and sup-
ply industry; Gas production and supply industry; Water production and supply industry
were taken from Zhonghong Industry Database 3.0.3

Mutual information in three (or more) dimensions, derived from Shannon’s (1948) for-
mulas of information theory (e.g., McGill, 1954; Abramson, 1963: 131 ff.), is no longer
Shannon-type information since it can also be negative (Krippendorft 2009; Yeung 2008:
59f.). It can be shown that this mutual information can be consistently considered as a
measure of redundancy or reduction of the uncertainty that prevails at the systems level
(Ivanova and Leydesdorff 2014). The mutual information in three dimensions in formula
format is:

xyz

T =Hx+Hy+Hz_ny_Hyz_sz-i-nyz (1)

1

where: H; = — ¥ p;log,p;; Hy = ¥ X log,p; (and accordingly for other combinations of
i i
variables); Hy, = Y, ¥ ¥ log,p; The probabilities are defined as: p; = "/ (here i stands
' ik

for x,y,z, the same for j,k; i # j # k).

Corresponding variables — x, y, z — are operationalizes as geographical, technological,
and organizational dimensions in terms of postal firm addresses (as an indicator of regional
or other geographic provenance), OECD classification of firms according to the NACE
(Rev. 2), and the numbers of firm employees.

The relative economic complexity index (ECI) of a country in the group of countries
can be evaluated as in the MR of Hidalgo and Hausmann (2009):

3 Eurostat/OECD (2009, 2011); cf. Laafia (2002, p. 7) and Leydesdorff et al. (2006, p. 186).
4 https://unstats.un.org/unsd/publication/SeriesM/SeriesM_34rev4E.pdf. Accessed 25 January 2021.
5 http://mcin.macrochina.com.cn Accessed 25 January 2021.
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ECI = - 2
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where:
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and k_,, is defined through iterative sequence:
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Matrix M, , is defined with help of Balassa’s (1965) Relative Comparative Advantage
index (RCA):

X
_ “, ZP XCYP
cp
ZL‘ Xc,p ZL"p Xc,p

where X, stands for a Country (¢)-Product (p) Exports matrix (measured in mon-
etary units). Then:

RCA 6)

_ [ 1ifRCA, 21
Mep = { 0if RCA,, < 1 @

The other metric for economic complexity can serve the Fitness index (Fg")) elabo-
rated by Tacchella et al. (2013):

FO =3 M,00 "

P

1 3)
Zchp(l/F(‘”_l)>

Q;”) is the Product Complexity Index estimating complexity of separate product items
by comparing countries exporting the same products.
The intermediate values are computed and normalized at each step of the iteration:

o =

P
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7(n)
FO = o
¢ <1':£(:L)>( (9)
Q(n) = %)
P {g"),

With the initial conditions set as: ©' = 1and 0¥ = 1 (denominators in the system of Eq.
(9) are the average values for each country and product).

Still another metric of economic complexity is the Modified Economic Complexity index
(MECI), based on eco-system approach (Ivanova, Smorodinskaya, and Leydesdorft 2019),
which modifies the set of Eq. (4) as following:

NL.'
1
kp,n = ; ;1 Mc,pkc,n—lkc,n—l
v, (10)

P
1
ke,n - m pgl Mc,pkp,n—lkp,n—l

In the next section we calculate the three complexity measures using Chinese data. Instead
of country-product network we use binary network of 31 Chinese territorial districts and 19
industries, measured in employment (the number of employees by industry), income (sum-
mary earnings of employees by industry), or investment (summary investment in fixed capi-
tal by industry). Employment, income, and investment indicate the magnitude of respective
industry in specific province in corresponding sphere.

Complexity measures ECI, Fitness, and MECI were further tested as predictors of future
growth with help of OLS linear regression growth model for ten year period 2010-2019
according the formula:

LN(GDPpercapita(t + At)) = A+ B - GDP(t) + Z CVi(t) (11

where: A, B, C; — constants, GDP — gross domestic product, V; — additional variables (com-
plexity indices — either MECI, ECI, and Fitness — taken with respect to one or all three dif-
ferent data—i.e. employment, income, and investment). The sum may include zero, one or
three terms. Zero sum corresponds to null model where LN(GDPpercapita(t + At) depends
only on GDP(t). Here t refers to 2010 and 7+ At to 2020.

Complexity was originally estimated with respect to bipartite network connecting countries
and exported products, in the assumption that countries are able to make products for which
they have available capabilities. But using only exported products doesn’t account for product
domestic consumption and services which also adds to economic growth. Here complexity
measures were used to evaluate not countries but different regions of one country — China.
Bipartite networks are China provinces — industries, where industries are characterized with
respect to employment, income and investment. One can expect that extending product space
dimensionality may increase model prediction accuracy. The effect of employment, income
and investment on production and growth seem obvious, though it also depends on the market
situation.
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Fig. 2 Fitness (income based) temporal evolution for 2010-2019

3 Results

Figures 1, 2 and 3 present ECI, Fitness, and MECI longitudinal chart for six Chinese
territorial districts (provinces) Beijing, Guangdong, Liaoning, Shaanxi, Gansu, Qinghai

@ Springer



202 I. Ivanova

1,50
\ .
cocece, ¢~ .-..----o..-..-oooo-"'._;"--_'_ . -
1,00 =g S s
0,50 . e ==
N x e e \\
/ Beijin
0,00 —< s L% yne
2020~ 2071 201?2(113 2034 2015 2016 2017 2018 2019 = =Guangdong
o] - N
w -0,50 =« = Ljaoning
=
==« Shaanxi
_1’00 ...... Gansu
150 | = e =+ =Qinghai
-1, /v \/
\ . N
-2,00 —— =N

-2,50
years

Fig. 3 MECI (income based) temporal evolution for 2010-2019
180000
160000 //
140000 /

120000

E / Beijing
S
© 100000 _ T
i / - — Loning
80000 L
; — = — == Shaanxi
60000 . = o= - . -
- oo = " - __ o sesees Gansu
40000 L S .’_ - ."_ _ -
== eese — - -Qinghai
= [T PR UUURRRRPPPPPPIPTILEL
20000 —rrereenatt
0

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
years

Fig. 4 GRP by provinces (100 million Yuan) for 2010-2019

during the period 2010-2019, calculated according income data. The sample serves
for illustrative purposes and represents high medium and low developed regions. Fig-
ure 4 displays GRP per capita by provinces (Yuan) for 2010-2019. Beijing’s economy
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Fig.5 Pearson correlation coefficient for binary combinations of three complexity measures — ECI, Fitness,
and MECI (income based) for 2010-2019

(164,212) is one of the most developed and prosperous in China (in brackets is the vol-
ume of GRP per capita in Yuan for 2019). It is becoming more and more famous as a
center for innovative entrepreneurship and successful venture business. There are six
high-end economic zones around Beijing which serve the base for local economic gro
wth.

Guangdong (93,456) also appears among the main economic provinces of China
appear. Guangdong in terms of GDP surpasses all other provinces and is the most eco-
nomically developed province, where the special economic zones of Shenzhen, Shan-
tou, Zhuhai are located.

Liaoning (57,236) and Shaanxi (66,545) are in the middle of the list. The most
important industries in Hunan are metallurgy, energy, electronics production. Liaoning
province specializes in the development of light industry, vegetable growing and cattle
breeding. Shaanxi province is focused on light and food industries, mechanical engi-
neering, electronics and other areas.

Gansu (32,936) and Qinghai (48,782) are among the poorest Chinese provinces.
Gansu’s economy is mostly based on mining and the extraction of minerals and Qinghai
specialization is iron and steel production and oil and gas mining.

When ECI and MECI provide similar territorial districts’ ranking, Fitness index is
inverse proportional to the previous two measures. One can mention that complexity
measures follow provinces stratification in accordance with GRP.

While ECI/MECI and ECI/Fitness strongly correlate during the observed period, the
MECT/Fitness correlation is less accentuated (Fig. 5) which may indicate that they cap-
ture different kinds of information.

Correlation numerical values between complexity indices (obtained for employment,
income, and investment data) and regional TH synergy for all, high- and medium- tech,
and knowledge intensive sectors are given in Tables 1, 2 and 3.
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Table 1 Pearson correlations between the values of ECI, Fitness, MECI, and TH synergy (for all, high- and
medium- tech, and knowledge intensive sectors) for the set of 31 territorial districts in employment (Num-
ber of people employed by industry); data for 2010

ECI Fitness MECI
TH synergy (all sectors) 0.632 0.336 0.721
TH synergy (high- and medium- tech. 0.652 0.288 0.716
sectors)
TH synergy (KIS) —0.115 0.049 —0.196

Table 2 Pearson correlations between the values of ECI, Fitness, MECI, and TH synergy (for all, high- and
medium- tech, and knowledge intensive sectors) for the set of 31 territorial districts in income (Total earn-
ings by industry—yuan); data for 2010

ECI Fitness MECI
TH synergy (all sectors) 0.440 —0.328 0.510
TH synergy (high- and medium- tech. 0.439 —-0.360 0.536
sectors)
TH synergy (KIS) —0.086 0.166 -0.176

Table 3 Pearson correlations between the values of ECI, Fitness, MECI, and TH synergy (for all, high- and
medium- tech, and knowledge intensive sectors) for the set of 31 territorial districts in investment (Total
investment in fixed capital—yuan); data for 2010

ECI Fitness MECI
TH synergy (all sectors) 0.616 —0.188 0.581
TH synergy (high- and medium- tech. 0.8 —0.003 0.679
sectors)
TH synergy (KIS) -0.013 —0.044 -0.012

For employment based data both ECI and MECI positively correlate with TH synergy
for high- and medium- tech. sectors, Synergy/Fitness correlation is low in comparison with
synergy/ECI and synergy/MECI correlation.

Data for synergy correlation with income and investment based complexity measures
provide roughly the similar results (Tables 2, 3) but correlation for income based data is
less accentuated. This may indicate that regional innovation system actors’ relations have
less effect on income. Correlation with KIS based synergy for all three complexity meas-
ures in all cases is missing. This may be attributed to either non-linear synergy/complex-
ity KIS coupling or policy issues. According European Commission undertaken policy
measures for promoting KIS innovation activity are ineffective since they are concentrated
mostly on manufacturing technologies and miss organizational innovations.® That is one

6 https://ec.europa.eu/research/innovation-union/pdf/knowledge_intensive_business_services_in_europ
e_2011.pdf Accessed 25 January 2021.
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Table 4 Employment data based ten year OLS growth model for 2010-2019 (¢-values are provided in
parentheses)

Predicted variable/ LN(GRP/capita) (2019) LN(GRP/capita) (2019) LN(GRP/capita) (2019)
predictors

GRP (yuan) —1.4E-09 (- 0.27) 1.68E—08 (3.61) —2.3E-09 (0.46)

ECI —23,652.9 (—4.1)

Fitness 13,400.5 (2.57)

MECI —25,005.9 (—4.44)
Constant 70,992.6 (8.4) 45,411.5 (5.55) 72,307 (8.8)
Observations 31 31 31

Adjusted R? 0.46 0.303 0.495

Table 5 Income data based ten year OLS linear regression growth model for period 2010-2019 (t-values
are provided in parentheses)

Predicted variable/ LN(GRP/capita) (2019) LN(GRP/capita) (2019) LN(GRP/capita) (2019)
predictors

GRP (yuan) 4.57E-09 (1.34) 6.96E—09 (1.87) 5.33E-09 (1.25)

ECI —23,675.7 (—6.17)

Fitness 20,703.2 (4.95)

MECI —19.436 (—4.09)
Constant 62,599.8 (10.46) 59,233.34 (8.99) 61,536.5 (8.35)
Observations 31 31 31

Adjusted R? 0.635 0.541 0.46

Table 6 Investment data based ten year OLS linear regression growth model for period 2010-2019 (¢-val-
ues are provided in parentheses)

Predicted variable/ LN(GRP/capita) (2019) LN(GRP/capita) (2019) LN(GRP/capita) (2019)
predictors

GRP (yuan) 7.45E-09 (1.28) 1.41E-08 (2.83) 8.15E-09 (1.55)

ECI —9854.8 (—1.51)

Fitness —5672.4 (- 1.02)

MECI —10,421 (- 1.76)
Constant 58,543.8 (6.03) 49,207.4 (5.59) 57,554.8 (6.36)
Observations 31 31 31

Adjusted R? 0.203 0.225 0.225

should search for additional variables, other than employment, income and investment, for
supporting KIS innovation activity.

Observed correlation points to statistical linear relationship of synergy and complex-
ity, where change in the values of one these quantities accompany a systematic change
in the values of the other. The correlation is calculated for 2010 and the value can
change over time. This is due to different nature of these two measures. While synergy
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refers to “coherence” of interactions among major TH actors and generation of addi-
tional options (Leydesdorff 2021) complexity reflects “manufacturing capabilities”,
which can be considered as a result of additional options realization. And there is no
rigid link between these things.

Synergy provides additional options that can eventually transform into new capabili-
ties but realization of these capabilities can be envisaged only over time. The time laps
between options emergence and their realization depend on many circumstances, such
as the state of economy, economy growth rate, market opportunities, etc. Existing capa-
bilities, in turn, imply the presence of certain synergy as otherwise they wouldn’t be
available.

As a further step the model is tested with respect to future growth (Eq. (11)), Results are
summarized in Tables 4, 5, 6 and 7. Regression was first calculated with complexity meas-
ures evaluated with respect to separate datasets.

Table 4 presents 10 year (2010-2019) OLS growth models with ECI, Fitness, MECI (on
the base of employment data).

The best prediction is provided with MECI index which explains up to 50% of the vari-
ation. ECI demonstrates close result and Fitness is in last place. Employment affects pro-
duction and growth. According Okun’s law (Okun 1970) there is a relationship between
unemployment and GDP. There is also inverse relationship between GDP per capita growth
(decline) and increase (decrease) in employment (Maitah et al. 2015).

The results for income data are even better since income is closely linked with GRP
(Table 5). Income is a proxy of labor productivity which is a key driver of economic
growth and international competitiveness (OECD 2021). This time ECI takes the first place
and is followed by Fitness and MECI.

The situation with investment data is less encouraging (Table 6). One is able to explain
only about 30% of the variation. Though investments are known to lead to productivity
improvements and also have a distinct role as a determinant of economic growth (Arrow
and Kurz 1970; Mankiw et al. 1992) total investments amount is not so decisive for eco-
nomic growth, since everything depends on their rational use. Both employment and
income are more closely linked to growth.

The different results obtained for separate datasets suggest that these complexity meas-
ures capture different kinds of information. One can try to combine these dimensions in an
attempt to better predictive power. Considering the summary effect of the three data sets
in accordance with Eq. (11), where the sum in the right hand part is taken over the sum of
complexity measures relating to employment, income, and investment, one can get sub-
stantially better results (Table 7). Especially impressive is the ECI case which now explains
up to 70% of the variations. Fitness and MECI also improve the model and correspond-
ingly explain 55% and 50%. The last column in the Table 7 refers to the null model (i.e.
which has only 2010 GRP as a predictor). Accounting only GRP as a single variable one
can explain only about 17% of the variation. Adding synergy increases this value by one
and a half times up to 26% (penultimate column).

Since synergy and complexity capture somewhat different kinds of information one can
expect that combining them in a single model can further improve the prediction accu-
racy. This proves to be true for ECI and Fitness measures (Table 8), though MECI measure
demonstrates some weaker result. This may be due to the fact that both synergy and MECI
were constructed on similar conceptual base utilizing eco-system approach.

Obtained results suggest that simultaneous use of different data sets helps to provide bet-
ter model growth prediction potential as opposed to one utilizing only product export data.
Table 9 displays the results for OLS growth model based on export data for 38 industries.
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Table 8 OLS ten-year linear regression growth incorporating GRP, complexity and synergy as predictors

Predicted variable/predictors LN(GRP/capita) (2019) LN(GRP/capita) (2019) LN(GRP/capita) (2019)

GRP (yuan) —1.1E-08 (- 1.59) 5.6E—09 (—0.73) —1.4E-09 (-0.259)
ECI (employment) —10,775 (—2.08)

ECI (income) —1803.1 (—4.5)

ECI (investment) —3641.8 (—0.84)

Synergy —3228.6 (—1.6)

Fitness (employment) —1249.3 (- 0.19)

Fitness (income) 20,784.5 (3.21)

Fitness (investment) —4848.3 (—1.21)

Synergy —4716.77

MECI (employment) —12,886.6 (—1.23)
MECI (income) —8930.1 (— 1.08)
MECI (investment) —4231.3 (-0.79)
Synergy —2049.9 (-0.71)
Constant 67,778.4 (9.46) 52,494.9 (5.81) 66,971.7 (6.41)
Observations 31 31 31

Adjusted R? 0.717 0.597 0.488

Table 9 Export data based OLS linear regression growth model (¢-values are provided in parentheses)

Predicted variable/ LN(GRP/capita) (2019) LN(GRP/capita) (2019) LN(GRP/capita) (2019)
predictors

GRP (yuan) 9.05E—-09 (2.53) 1.56E — 08 (2.58) 1.26E—-08 (3.12)

ECI —20,351.8 (—5.08)

Fitness —5388.8 (—1.02)

MECI —15,895.7 (-3.5)
Constant 56,285.1 (8.81) 47,037.4 (4.66) 51,236.3 (7.03)
Observations 31 31 31

Adjusted R? 0.552 0.157 0.401

The comparison of Tables 7 and 9 shows that even without accounting for synergy,
employment, income, and investment data based model demonstrates substantially better
predictive ability than export based model, since it takes into consideration in region con-
sumption and non-manufacturing and non-exporting assets (e.g. leasing, research, resident
services etc.).

4 Conclusion

It is often important to numerically evaluate the effectiveness of innovation system. In
case of Triple Helix model of university-industry-government relations this effectiveness
can be measured with help of TH indicator built on information theoretical approach.
This approach utilizes geographic, size, and technological distributions of firms in the
network of relations among TH actors. The effectiveness of innovation system, defined
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as synergy of interactions among the three dimensions, can be expressed in terms of
bits of information. However this abstract information theoretical measure can hardly be
appreciated in terms of conventional economic measures.

The paper argues that different approaches to mapping innovation system capacity
can be related to each other. The Chinese case-study demonstrates that TH synergy can
be linked to complexity measures. Geographic synergy variations linearly relate to geo-
graphic complexity variations. Since complexity measures possess explicit economic
meaning and can be used to predict future economic growth the same should hold for
TH synergy. Complexity is defined with respect to manufacturing and capabilities which
are often linked to the endowments of a nation. These endowments are those that can-
not be exported or easily acquired from another nation, and usually refer to infrastruc-
tures, geography and climate, demographics, laws, instruction, etc. Synergy in turn is
defined with respect to innovation system effectiveness and technological change. How-
ever, endowments are relatively stable over time. Long-run economic growth is based
on technological progress as an additional factor. Technological change is not naturally
given, but the result of intentional actions for research and development (Solow 1956;
Swan 1956; Romer 1986). Consequently, technological knowledge is largely responsi-
ble for technological change and the improvements in manufacturing capabilities. This
may explain complexity-synergy relation. In Chinese case study this relation is linear.
More research with respect to other countries’ cases is needed to validate the obtained
results. Using Chinese data is due to the fact that China is both one of world largest and
at the same time rapidly growing economy. That is having a large set of manufacturing
capabilities it also possesses wide opportunities for their implementation. Accordingly
synergy/complexity correlation can be expected as most prominent in comparison with
less dynamically developing economies. However this is a topic of further studies.

Complexity measure originally was based on evaluation of country-product bipar-
tite network where the links between countries and products are expressed in monetary
units. Lately it was as well extended to country-patent network with the links measured
in number of patents. The paper argues that while analyzing bipartite networks, includ-
ing geographic and manufacturing dimensions, one should exploit the links of different
manufacturing relating origins which can be considered as important methodological
decision. Accounting for the summary effect of different origin links can help to sub-
stantially improve the model predictive power. Additionally adding synergy still further
improves the prediction accuracy. In other words growth is not only a function of avail-
able capabilities but also conditioned by network of relations among innovation sys-
tem actors. This is an important feature which should be considered when developing
informed sustainable growth policies.

Appendix

See Tables 10, 11, 12, and 13
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Table 10 Triple H,eli),‘ synergy All sectors  High- and medium KIS

for.31 t;rntonal dlstrlgts of technology sectors

China for all sectors, high- and

gl e d 1 hs sen 2l

for 2010) 2 Tianjin —-2.69 —-0.83 0.00
3 Hebei -5.82 -1.22 0.00
4 Shanxi -2.72 -0.72 0.01
5 Inner Mongolia —2.33 —-0.28 —0.01
6 Liaoning —7.25 —1.44 —0.01
7 Jilin -5.09 —-1.12 0.02
8 Heilongjiang -5.99 —-1.22 0.04
9 Shanghai -7.93 -2.37 0.01
10-  Jiangsu —12.48 -3.19 0.03
11 Zhejiang -10.92 -2.33 0.05
12 Anhui —-6.98 —1.61 —-0.01
13 Fujian -5.59 -1.17 —-0.03
14 Jiangxi -4.01 -0.98 -0.02
15 Shandong —12.23 —2.66 0.01
16 Henan —6.62 —1.46 0.01
17 Hubei -7.39 -1.66 -0.02
18 Hunan —8.38 —-1.80 -0.12
19 Guangdong —-10.99 -1.75 —0.01
20 Guangxi -3.33 —-0.65 —-0.07
21 Hainan —-0.54 —0.05 0.01
22 Chongqing -5.7 -1.38 0.11
23 Sichuan —-7.34 -1.47 -0.04
24 Guizhou —-2.11 -0.23 0.03
25 Yunnan —-1.72 -0.15 0.00
26 Xizang(Tibet) 0.01 0.00 0.01
27 Shaanxi -1.92 -0.45 0.02
28 Gansu —-1.82 -0.21 0.05
29 Qinghai —0.08 0.00 0.00
30 Ningxia Hui -0.29 -0.92 0.00
31 Xinjiang Uygur ~ —2.05 -0.11 0.07
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Table 11 Province-industry
relative complexity values for

31 Chinese territorial districts

for three complexity measures—
ECI, Fitness, MECI (employment
data 2010)

ECI Fitness MECI
1 Beijing —0.468 1.803 —1.093
2 Tianjin -0.762 1.063 —1.015
3 Hebei 0.707 -0.674 0.56
4 Shanxi 0.642 -0.82 0.077
5 Inner Mongolia 0.543 1.112 1.259
6 Liaoning —-0.09 0.799 0.154
7 Jilin 0.609 0.934 1.302
8 Heilongjiang 0.416 —0.158 —0.485
9 Shanghai —0.763 1.926 —1.091
10 Jiangsu -3.714 —2.087 —1.986
11 Zhejiang —1.862 —0.967 —1.903
12 Anhui 0.678 -0.734 0.569
13 Fujian —1.897 —-0.992 -1914
14 Jiangxi 0.705 —0.363 0.838
15 Shandong —-0.692 —1.783 —-1.337
16 Henan 0.633 —0.901 0.095
17 Hubei 0.461 -0.95 —0.437
18 Hunan 0.229 —0.078 0.399
19 Guangdong —1.156 0.96 —1.461
20 Guangxi 0.477 -0.136 0.799
21 Hainan 0.137 0.981 0.882
22 Chongging —0.069 —-0.06 —0.564
23 Sichuan 0.603 —0.492 0.428
24 Guizhou 0.378 —-0.503 0.112
25 Yunnan 0.487 0.11 0.56
26 Xizang(Tibet) 0.634 0.357 0.528
27 Shaanxi 0.337 1.618 1.181
28 Gansu 0.707 -0.35 0.901
29 Qinghai 0.452 1.198 0.676
30 Ningxia Hui 0.745 -0.162 1.179
31 Xinjiang Uygur 0.89 —0.652 0.787

@ Springer



212 I. Ivanova

Tablg 12 Provin?e-industry ECI Fitness MECI
relative complexity values for
31 Chinese territorial districts

. 1 Beijing —2.223 3.009 —1.607

for three complexity measures—

ECI, Fitness, MECI (income data 2 Tianjin —0.639 -0.317 —1.263

2010) 3 Hebei 0.797 -045 0.319
4 Shanxi 0.929 —-0.493 —0.522
5 Inner Mongolia 0.641 -0.375 1.17
6 Liaoning 0.32 —-0.403 -0.239
7 Jilin 0.522 —-0.357 1.443
8 Heilongjiang 0.37 —0.368 —0.234
9 Shanghai —2.158 3.042 —1.579
10 Jiangsu 0.312 —0.459 —0.13
11 Zhejiang —1.856 0.105 —1.751
12 Anhui 0.864 -0.46 0.19
13 Fujian -1.812 -0.29 —2.062
14 Jiangxi 0.633 —0.385 1.329
15 Shandong 0.215 -0.444 —0.663
16 Henan 0.632 —-0.382 0.707
17 Hubei 0.38 —-0.403 0.698
18 Hunan -0.38 -0.267 0.007323
19 Guangdong -2.376 2.892 —1.468
20 Guangxi 0.725 -0.423 1.172
21 Hainan —-0.08 —-0.199 1.225
22 Chongqing -0.014 —0.407 —-0.67
23 Sichuan 0.434 —0.408 0.002784
24 Guizhou 0.684 -0.416 —0.111
25 Yunnan 0.644 —-0411 0.013
26 Xizang(Tibet) —0.266 —0.00572 —0.131
27 Shaanxi -0.275 0.662 1.037
28 Gansu 0.839 —0.409 1.104
29 Qinghai 0.32 —-0.303 1.293
30 Ningxia Hui 0.969 —-0.439 0.139
31 Xinjiang Uygur 0.85 -0.44 0.58

@ Springer



The relation between complexity and synergy in the case of China:... 213

Tablg 13 Provin?e-industry ECI Fitness MECI

relative complexity values for

31 Chinese territqrial districts 1 Beijing —0.045 ~0.296 —0.384

for three complexity measures—

ECI, Fitness, MECI (investment 2 Tianjin —1.66 —0.809 —1.662

data 2010) 3 Hebei —0.469 -1.367 -1.013
4 Shanxi 1.434 —1.583 0.563
5 Inner Mongolia 0.596 0.667 0.885
6 Liaoning —1.136 1.769 —0.827
7 Jilin -0.172 —0.491 —-0.61
8 Heilongjiang 0.725 0.382 0.957
9 Shanghai —0.692 —0.754 -1.012
10 Jiangsu —2.314 —0.087 —1.901
11 Zhejiang —1.538 —1.072 —1.599
12 Anhui -0.583 0.149 —-0.597
13 Fujian -0.372 -0.371 —0.543
14 Jiangxi —1.859 -0.22 —1.755
15 Shandong —1.146 1.206 —1.385
16 Henan —-0.521 0.192 -0.252
17 Hubei -0.516 1.819 0.025
18 Hunan 0.992 —1.05 0.305
19 Guangdong —0.141 1.976 0.739
20 Guangxi 0.826 -0.812 0.851
21 Hainan 0.165 1.902 1.029
22 Chongging 0.829 —-0.418 0.397
23 Sichuan 0.388 1.004 0.772
24 Guizhou 0.545 —0.603 0.378
25 Yunnan 0.61 0.272 1.196
26 Xizang(Tibet) 0.881 0.982 1.591
27 Shaanxi 0.857 0.21 1.167
28 Gansu 0.575 0.288 0.586
29 Qinghai 1.364 —1.044 0.614
30 Ningxia Hui 1.326 -1.371 0.191
31 Xinjiang Uygur 1.051 —0.469 1.297
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