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Abstract: This paper falls into the broad area of economic geography and economics of creativity, and it presents an alternative ap-

proach to explain why total factor productivity (TFP) growth is different across China′s regions. It establishes an empirical model to 

estimate the spatial agglomeration effects of creative industries on regional TFP growth, using China′s provincial panel data during the 

period of 2003 to 2010. We found that the creative industries agglomeration (CIA) has significant and positive impact on regional TFP 

growth. The result also implies that the CIA can facilitate regional TFP growth through promoting regional innovation instead of im-

proving regional efficiency. Therefore, we argue that policy makers should take some measures to retain and establish more creative 

zones. 
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1  Introduction 

As our society moves into a so-called post-industrial age, 
the creative sectors are growing rapidly, concentrated in 
some metropolitans such as Hollywood, Silicon Valley, 
the design and advertising cluster of London. The lit-
eratures of creative industries and the creative class 
generally support the argument that the agglomeration 
of these industries and talents has a positive effect on 
the growth of local productivities and employments. The 
combination of these production factors will contribute 
to overall economic growth (Yusuf and Nabeshima, 
2005; Cooke and Lazzeretti, 2008). Such studies on ag-
glomerations are mainly based on the advanced econo-

mies.  
It is argued that China′s economic development is 

mainly dependent on huge international market and low 
costs, particularly in manufacturing. However, scholars 
noted that China′s productivity growth has also been 
driven by the rise of creativity clusters and its develop-
ment of creative industries and talents (Wei and Hao, 
2011; Hong and Yu, 2012). There are significant differ-
ences of creative industries agglomeration (CIA) across 
regions in China. The creative industries zones in the 
coastal provinces (e.g. Beijing 798 Art Zone, Shanghai 
Zhangjiang Hi-Tech Park) are rapidly growing, while in 
the interior provinces the abilities to attract or retain the 
creative industries are limited. The spatial structure of 
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agglomeration economy may lead to variations in pro-
ductivity improvement and regional growth (Krugman, 
1991; Rosenthal and Strange 2001; Zhang et al., 2012).  

Research on creativity as a driver for economic 
growth has increased along with the work of Florida 
(2002). It is argued that an open, tolerant and diversified 
atmosphere can make an area more attractive to talents, 
high-tech firms and innovative organizations that are 
very important indicators for regional innovation and 
future economic success (Florida, 2002; Florida et al., 
2008). The idea of the creative class, however, has at-
tracted considerable controversy (Markusen, 2006; Cli-
fton, 2008; Hansen and Niedomysl, 2009). Some pro-
vide the empirical evidence (or lack thereof), while oth-
ers focus on the theoretical basis and policy recommen-
dations (Asheim and Hansen, 2009). Recently, some 
research has focused on creativity based on the creative 
industries rather than people in specific professions 
(Gordon and Beilby-Orrin, 2007; Lazzeretti et al., 2008). 
Lange et al., (2008) explored governance of the creativ-
ity of the creative industries by public administration, 
while Kathrin et al. (2009) shed light on the contribu-
tions of creative industries to urban dynamic and re-
gional development. It is recognized that the creative 
industries are highly concentrated in some regions 
(Cooke and Lazzeretti, 2008; Molina et al., 2012). Re-
cently, some scholars have investigated how the knowl-
edge spillovers happen in creative industries cluster re-
gions and initiated different approaches to measuring 
these externalities (Chapain et al., 2010). 

In this context, regional innovation and growth ef-
fects of the geographical dispersion of creativity play an 
increasingly important role in the analysis of creative 
industries (Yusuf and Nabeshima, 2005; Stam et al., 
2008). Research indicates that the CIA in space can re-
sult in regional productivity growth (Chapain et al., 
2010). The productivity growth effects of the agglom-
erations of economic activities in manufacturing can be 
realized by many approaches, such as localization ex-
ternalities (Marshall, 1890), pecuniary externalities 
(Krugman, 1991) and competitive advantage of clusters 
(Porter, 1998). The CIA in space, as a new form of in-
dustry development, can promote regional productivity 
growth like manufacturing agglomeration. There are 
two alternative approaches used to explain why the CIA 
can produce regional productivity growth. First, in the 
CIA regions there are numerous of creative workers who 

are generally self-employed and have stayed in work 
(Baines and Robson, 2001). They sell their ideas, skills 
and talents (such as in music or video industries) and 
make great efforts to produce and diffuse innovations in 
a shared enterprise, resulting in labor productivity 
growth (Florida, 2002). Second, it is easier to commu-
nicate and exchange ideas by interactions and promote 
tacit/sticky knowledge diffusion in the CIA regions, 
which helps to reduce the risks of market uncertainty 
and facilitate the production of creativity and productiv-
ity growth (Andersson et al., 2005; Rantisi et al., 2006). 

According to the literature review, on the one hand, 
empirical studies mainly focus on economic growth ef-
fects or innovation effects (Cooke and Lazzeretti, 2008; 
Boschma and Fritsch 2009; Olfert and Partridge, 2011). 
On the other hand, Chinese creative industries have de-
veloped rapidly, especially in the coastal provinces of 
China. It is evident that, however, this development is 
under-documented in literatures in China, particularly in 
empirical research.  

In this paper, we attempt to make two contributions. 
First of all, this paper is the first attempt (to our knowl-
edge) to empirically analyze the productivity growth 
effects of the CIA. Second, the model provided in this 
research facilitates to investigate the ways in which the 
CIA may influence total factor productivity (TFP) 
growth. Furthermore, we shed light on two research 
questions in the paper. First, how big are the differences 
of CIAs between the coastal provinces and the interior 
provinces in China? Second, how does the variation in 
CIA lead to the difference in regional TFP growth? This 
research would present a new perspective in explaining 
why different regions possess different TFP growth 
across China. It would also have some implications for 
the transformation of China′s economic growth from 
being efficiency-driven to innovation-driven, providing 
an alternative approach to explain why the TFP growth 
has differences across regions. 

2  Geographic Distribution of China′s Crea-
tive Industries Agglomeration  

2.1  Definition of creative industries in China 
There are different ways to measure creative industries. 
Some researchers or organizations suggest the concrete 
criteria to classify an industry as creative. Throsby 
(2003) defined the cultural industries as those creative  
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activities taking place. Others specified classifications 
that the creative industry refers to. European Commis-
sion (2006) suggested that the creative industries can be 
subsumed by four general approaches: the creative in-
dustries approach, experience economy approach, copy-
right industries approach and sector specific studies. 
Towse (2003) took creative industries to be the evolu-
tion of traditional cultural industries, while Lorenzen 
and Frederiksen (2008) focused on new technologies 
(such as media and software) by analyzing the changes 
regarding to Information Communication Technology. 
DCMS′ report (1998) considered 13 subsectors as crea-
tive industries: including advertising, architecture, arts 
and crafts, designer fashion, broadcast media, film, 
games, music, performing arts, publishing and printing, 
software and computer service. Due to absence of a 
standard, the DCMS′ definition is used as a starting 
point in much of literature (Brinkhoff, 2006; UNCTAD, 
2008). 

In this study, based on the definition of DCMS (1998) 
and other studies (Gordon and Beilby-Orrin, 2007; 
UNCTAD, 2008; Beijing Municipal Statistics Bureau, 
2011; Shanghai Municipal Statistics Bureau, 2011), we 
propose that creative industries include five major sub-
sectors whose data can be attained from China Statisti-
cal Yearbook (National Bureau of Statistics of China, 
2004–2011). These five domains include science re-
search and technology services (research and develop-
ment, professional and technical services, technology 
exchange, technology commercialization), business ser-
vices (design, advertising, intellectual property services, 
tourist service and related services), software and com-
puter services (software development, computer service, 
information transmission and data processing), resident 
service and related services (designer fashion, perform-
ing arts and related services), culture, sports & recrea-
tion (broadcast media, film, games, music, cultural arts, 
sports and entertainment). Such definition is adopted in 
our empirical analysis. 

2.2  Provincial distribution of creative industries 
agglomeration in China  
In order to analyze the provincial distribution of creative 
industries, we construct an indicator for the empirical 
study to denote the level of CIA. It is suggested that the 
location quotient (LQ) provides a clear and comparable 
measure of agglomeration economies. Similar meas-

urements are applied by other scholars for studies on the 
agglomeration of creativity (Markusen, 2006; Asheim 
and Hansen, 2009; Lazzeretti et al., 2012). The CIA in-
dex (measured by LQ indicator) is defined as: 

= ij i

j

C C
CIA

C C
  

 (1) 

where Cij is the number of employees in the creative 

industry i in province j; Ci is the total number of em-

ployee in the creative industry i; Cj denotes the em-
ployment in province j; and C denotes the total em-
ployment in China. Therefore, the CIA index is estab-
lished to represent the concentration level of creative 
industries. If the CIA index exceeds 1, it indicates that 
the degree of CIA in province j is more than the national 
average level, so that the provincial labor system in the 
creative industries is more specialized.  

Figure 1 shows the provincial distributions of CIA 
and its potential determinants. It illustrates that the val-
ues of the CIA index in the coastal provinces are higher 
than in the interior provinces, particularly in Beijing 
(4.9), Shanghai (2.3), Tianjin (1.6) and Zhejiang (1.3). It 
implicates the concentration level of creative industries 
as distributed unevenly across regions from the east to 
the west of China. As a matter of fact, the coastal region 
experiences higher economic growth, innovation capac-
ity, and labor productivity than the interior region. This 
may reflect the consistent geographic distribution of 
CIA with provincial economy development and produc-
tivity growth (i.e. the provinces with higher clustering of 
creative industries may experience higher growth).  

3  Methodology 

3.1  Data 
Our analysis applied China′s provincial panel data over 
the period 2003–2010 based on the official statistics. 
The reason why the starting period begins with 2003 is 
that the creative industries were first officially counted 
at national level in 2003. The data of provincial invest-
ment in fixed assets and its price index (the price defla-
tor is based on the year of 1990), GDP per capita, pro-
vincial employment (including the whole industries and 
creative industries), foreign direct investment (FDI), 
secondary industry output, tertiary industry output all 
come from China Statistical Yearbook (2003–2010) 
(National Bureau of Statistics of China, 2004–2011).  
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Fig. 1  Provincial distribution of creative industries agglomeration (CIA) in China (the data of Hong Kong SAR, Macau SAR and Taiwan Province are 
excluded due to data missing; the provincial values of CIA index are taken average of 8 years respectively during the period of 2003 to 2010) 
 

The data of gross industrial output value and the number 
of industrial firms are from China Statistical Yearbook 
on Science and Technology (2003–2010) (National Bu-
reau of Statistics of China, 2004–2011). The sample is 
sourced from China′s provincial panel data from 2003 to 
2010 of 30 provinces. Chong Qing, Hong Kong, Macau 
and Taiwan are excluded from our sample due to data 
missing. 

It is necessary to note that the data of provincial capi-
tal stock (1990–2005) refers to Wu′s research work (Wu, 
2007). Furthermore, the data from 2006 to 2010 were 
calculated by perpetual inventory method (Goldsmith, 
1951) and real investment was calculated by deflating 
the gross fixed capital formation by the price index of 
investment (2006–2010). The depreciation rate was 
assumed to be different for each of China′s provinces 
(Wu, 2007), and generally the rate of depreciation was 
higher in more developed regions, and lower in less 
developed regions (i.e. the higher rate of depreciation in 
the coastal provinces than that in the interior provinces). 

3.2  Model 
The aim of our empirical research is to identify the im-
pacts and the impact mechanism of the CIA on TFP 
growth. The model of creative industries clustering, 
which potentially impacts on TFP growth, can be speci-
fied as: 

1

2 3

Ln( ) Ln( ) Ln( )

Ln( ) Ln( ) it

it t it it

it itF

y c CIA FDI

SS ISC

 
  

  
  

   (2) 

where yit , the dependent variable, denotes technological 
progress (TP), technical efficiency change (TEC), and 
TFP change respectively in province i and period t; CIAit 

represents the clustering of creative industries in prov-
ince i and period t, which is measured by CIA index ac-
cording to Equation (1); FDIit, FSSit and ISCit denote 
FDI level, firm size structure (FSS) and industrial struc-
ture change (ISC) respectively in province i and period t, 
which are widely used in the studies of growth effects 

(Cingano and Schivardi, 2004; Hong and Sun, 2011); , 

,  andare the coefficients corresponding to inde- 
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pendent variable and controls impacting on dependent 

variable as mentioned above; ct is the constant term; it 
is the stochastic error term.  

3.3  Variables 
The TFP index, TP index, and TEC index are all applied 
as dependent variables. There are many ways to measure 
TFP, but the method applied in this paper is the output- 
oriented model of Data Envelopment Analysis-Malm-
quist (Färe et al., 1994), which allows breaking TFP 
down into two components: technological progress and 
technical efficiency change. The estimate of China′s 
Malmquist productivity index is based on the China′s 
provincial panel data, where output is measured by real 
GDP deflated by the implicit deflator that is provided by 
China Statistical Yearbook (1990–2010) (National Bu-
reau of Statistics of China, 1991–2011), and input is 
measured by the employment figures and capital stock. 

Figure 2 illustrates the annual change in China′s TFP 
growth and its components at the national level. In 
1990–2010, the average annual TFP growth rate appears 
to fluctuate to some extent and is approximately 2.41% 
in China. This finding is consistent with the range re-
ported in most research and is much closer to the figure 
reported by Young (2003) and Wu (2008). Technological 
progress grows at 2.26% per annum, while technical 
efficiency change is only around 0.16% per annum. It 
seems that the China′s TFP growth has been driven more 
by its technological changes than efficiency changes 
since 1995. This result is also obtained in other re-
searches (Wu, 2000; Wei and Hao, 2011). It is clear that 
China′s economic reform has resulted in significant im-
provements in technical efficiency, while the potential in 

efficiency improvement was almost exhausted by the 
1990s, giving way to the technological innovation (Wu, 
2000). 

The CIA index is used as an independent variable that 
can be calculated by Equation (1) at the provincial level. 
Unsurprisingly, the regions with the more development 
of CIA tend to exhibit higher TFP growth. This positive 
correlation between CIA and TFP growth can also be 
shown clearly in the scatter diagram (Fig. 3) However, 
this speculation has been not confirmed empirically and 
its impacting mechanism (i.e., by improving TP and/or 
TEC) is still unknown. This issue will be further inves-
tigated in our research. 

Three factors, FDI, FSS and ISC, are controlled in 
our model. Specifically, FDI level is measured by the 
share of FDI to GDP (with yuan terms). The ratio of 
gross value of industries output to the number of enter-
prises is used to measure the control variable of FSS. 
The last control is the industrial structure which is 
measured by the proportion of tertiary industry output in 
the total, controlling the role of ISC in TFP change.  

Finally, the relative creative industries employment 
density (CIED) is introduced as an instrumental variable 
(IV) of the CIA index for robustness analysis. We use 
the following CI index to measure it:  

=
30
it

i

C
CI

C
  (3) 

where Cij is the number of employees in the creative 
industry i in province j; Ci is the total number of em-
ployees in creative industries i; Ci/30 represents aver- 
age employment in the creative industries of Chinese 30 
provinces. The CI index is established to denote relative 

 

 
 

Fig. 2  Total factor productivity (TFP) index, technology efficiency change (TEC) index and technology progress (TP) index in China 
(1990–2010) 
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Fig. 3  Correlation between creative industries agglomeration 
(CIA) and total factor productivity (TFP) growth 

 
CIED which is strongly associated with the CIA index. 
Meanwhile, it has no multicollinearity with other vari-
ables to great extent. Table 1 summarizes descriptive 
statistics for all variables applied in our models. The 
data show that the standard deviation of all variables is 
relatively small due to the ratios data, which facilitates 
to the reduction of heteroscedasticity, and to the consis-
tent estimation.  

4  Results and Discussion 

4.1  General empirical results 
Due to two considerations, in this paper, we use the 
fixed effect model rather than the random effect model 
to estimate the TFP growth effects of the CIA. First, the 
development of China′s CIA and economic growth are 
distributed unequally across the country. The fixed ef-
fect model may facilitate to reflect the individual effects 

of different provinces. Second, the Hausman test (at the 
significance of 1% level) implicates that the fixed effect 
model is statistically acceptable.  

The estimation results are reported in Table 2. First, 
Model 1, where the TFP index is used as the dependent 
variable, illustrates that the coefficient of creativity 
clustering is both significant and positive. This result 
implies that the CIA has the potential to significantly 
improve regional TFP growth. The coefficient of TFP is 
0.044, indicating that the CIA can increase TFP growth 
by an average of 4.4%. By contrast, the coefficient of 
TFP growth caused by China′s manufacturing agglom-
eration is only 0.007 in the research of Zhao and Zhang 
(2008). It suggests that the CIA has much more effect on 
TFP growth than manufacturing agglomeration in China. 
To analyze the impacting mechanism (i.e., the ways in 
which the CIA may affect TFP growth), we used the TP 
index and TEC index as the dependent variable in 
Model 2 and 3, respectively (Table 2).  

In Model 2, we found the clustering of creative in-
dustries has a significant and positive impact on TP 
growth at the 1 per cent level. The finding implicates 
that China′s regional innovation can be improved exten-
sively in regions where creative industries are very con-
centrated. Indeed, this result can be confirmed by other 
similar works (Kathrin et al., 2009; Chapain et al., 2010; 
Hong and Yu, 2012). They propose that the spatial con-
centration of creative industries has significant positive 
impacts on regional innovation, then on labor productiv-
ity growth. In Model 3, the coefficient of the CIA index 
seems to have negative but insignificant effect. In other 
words, the spatial agglomeration of creative industries 
has not significant effects on regional changes in tech-
nical efficiency, such as management efficiency, or-
ganization efficiency even the economies of scale. 

 
Table 1  Descriptive statistics of variables 

Variable Definition Observation Mean Max Min SD 

TFP index Total factor productivity index 240 1.011 1.406 0.615 0.102 

TP index Technology progress index 240 1.032 1.534 0.864 0.076 

TEC index Technology efficiency change index 240 0.978 1.114 0.655 0.090 

CIA index Location Quotient of employment in creative industries 240 0.932 5.093 0.166 0.846 

CI index Share of regional creative industries employment in total 240 1.017 5.948 0.057 0.957 

FDI level Ratio of FDI to GDP 240 0.484 5.849 0.054 0.632 

FSS Ratio of industries output to number of enterprise 240 1.259 2.941 0.066 0.530 

ISC Share of service industry output to GDP 240 34.649 75.100 18.329 9.213 
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Table 2  Effect of creative industries agglomeration on total factor productivity growth in China 

Variable Model 1 Model 2 Model 3 Model 4 Model 1a Model 2a Model 3a Model 4a 

CIA index 
0.044*** 

(3.603) 
0.048*** 

(2.628) 
–0.013 

(–1.566) 
0.0407*** 

(3.241) 
    

CI index     
0.091** 

(2.093) 
0.191** 

(2.156) 
–0.066 

(–1.638) 
0.087*** 

(2.355) 

FDI level 
0.029*** 

(2.820) 
0.027** 

(1.981) 
–0.000 

(–0.035) 
0.036*** 

(2.949) 
0.029** 

(2.587) 
0.022** 

(1.935) 
0.008 

(0.599) 
0.034** 

(2.191) 

FSS 
–0.088*** 

(–2.986) 
–0.081** 

(–2.200) 
–0.002 

(–0.266) 
–0.102*** 

(–3.831) 
–0.093*** 

(–6.477) 
–0.082*** 

(–4.851) 
–0.009 

(–0.816) 
–0.105*** 

(–3.688) 

ISC 
–0.085* 

(–1.767) 
–0.116 

(–1.301) 
–0.009 

(–0.443) 
 

–0.071 
(–1.148) 

–0.109 
(–1.393) 

–0.015 
(–0.481) 

 

Constant 
0.317* 

(1.813) 
0.395 

(1.238) 
0.056 

(0.811) 
0.029 

(1.259) 
0.283 

(1.339) 
0.406 

(1.331) 
0.072 

(0.706) 
0.040 

(1.572) 

R2 0.603 0.569 0.268 0.597 0.599 0.564 0.239 0.596 

Adjust R2 0.540 0.500 0.150 0.535 0.535 0.495 0.117 0.534 

Observation 240 240 240 240 240 240 240 240 

Notes: All variables are natural logarithms; The Hausman test in all above models is significant at 1% level; ***, ** and * represent statistical signifi-
cance level at 1%, 5% and 10%, respectively; the data in the parenthesis is the value of t-test; Model 1a, 2a, 3a and 4a, corresponding to Model 1, 2, 3 and 
4, report the second stage regression results of the Two Stage Least Squares (with instrumental variable of CI index) 

 

Enquiring into why there are potential negative ef-
fects on efficiency improvement, we found two reasons. 
First, although the regional creative parks or zones are 
developing rapidly in China, the related ′hard′ or ′soft′ 
amenities to support the creative industries are highly 
under developed in the CIA regions (Zhang, 2010). 
Lake of expenditure on local amenities may directly 
lead to lowering the efficiency of the concentrated crea-
tive industries and may have negative impact on re-
gional TEC. Second, the negative coefficient of the CIA 
index may relate to the declining role of China′s effi-
ciency change in TFP growth. As shown in Fig. 2, 
China′s technological efficiency has been declining over 
time and its effect on TFP growth is being replaced by 
China′s innovation improvement, although the overall 
level has increased. Therefore, the negative estimates 
may indicate that TFP growth is adversely, albeit insig-
nificantly, affected by the low efficiency of development 
of Chinese creative industries and the decline in TEC. 
This result is supported by Rantisi et al., (2006) who 
suggest the clustering of creativity provides traditional 
agglomeration advantages of transaction cost reductions 
as well as knowledge spillovers but may limit effective-
ness in creating specialized labor pools or meaningful 
business alliances. 

The regressions imply that the local development of 
CIA can increase TFP growth by the way of technologi-
cal improvement rather than efficiency change. This 
finding is significant for the transformation of China′s 
economic growth from being efficiency-driven to inno-

vation-driven. China is now facing the challenge of 
economic transition. The development of clustering in 
creative industries may promote China′s traditional in-
dustry upgrading and facilitate the boost of productivity 
driven by innovation.  

The coefficients of FDI are significant and positive in 
the models. Such result confirms that China′s FDI still 
has strong externalities on TFP growth. It is also consis-
tent with the research of Madariaga and Poncet (2007) 
and Hong and Sun (2011). The control of firm size is 
found to have significant but negative effects on TFP 
and TP growth. Unexpectedly, it implicates that innova-
tion and productivity effects in smaller enterprises are 
more than those in the bigger ones. Bigger enterprises 
such as China′s state-owned enterprises own stronger 
innovative capacities. However, as economic reform 
continues, particularly after world financial crisis in 
2008, a lot of small and medium-sized creative firms are 
spilling over, resulting in more innovation which in turn 
significantly effects economic growth. Similar results 
were also observed by Fu and Gong (2011). Another 
control of industrial structure is found to have negative 
but insignificant effects. It suggests that the develop-
ment of Chinese service industries is not in favor of TFP 
growth and TP. These findings are not consistent with 
similar research from developed countries (Stam et al., 
2008). The reason may be that the secondary industries 
in China, particularly manufacturing, are more devel-
oped than other industries and have become impetus for 
regional economic growth. In contrast, productivity in 
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the services industry is still low, because traditional and 
low productivity services still account for a large share. 
However, the control of industrial structure lacks of sig-
nificance in the models. In order to further check the 
reliability of the insignificance, we remove the industrial 
structure from the model and re-estimate with the TFP 
index as dependant variable (see Model 4 in Table 2). 
The result reported in Model 4 is consistent with that in 
Model 1, which shows that the control of industrial 
structure is insignificant indeed. In addition, all controls 
are not significant in Model 3. This may be due to the 
declining role of China′s efficiency improvement in TFP 
growth.  

To address the possible endogeneity and selection 
problems of the CIA, we employ the fixed effect estima-
tion methods and Two Stage Least Squares (TSLS). The 
CIED (i.e. CI index) is used as an instrument for CIA 
index. We only report the second stage regression results 
in Table 2, where Model 1a, 2a, 3a and 4a corresponds to 
Model 1, 2, 3 and 4. The TSLS estimation results are 
similar to those in Model 1, 2, 3 and 4, suggesting that 
our findings are robust to different estimation methods.  

4.2  Impact of creative industries agglomeration 
across regions 
The development of Chinese economy is unequal across 
the developed eastern coastal regions, the developing 
central regions and western regions. In recent years, the 
governments have taken measures to deal with this 
problem, such as attracting talent and developing crea-

tive industry parks in the western and central China 
(Zhang, 2010). To identify the impact of the clustering 
of creative industries on TFP growth across regions, we 
classify the provinces into two regions based on their 
geographical location: coastal region and interior region. 
The coastal region covers 15 provinces or special ad-
ministrative regions (SAR), referring to Hong Kong, 
Macau, Taiwan, Beijing, Tianjin, Hebei, Liaoning, 
Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guang-
dong, Guangxi, and Hainan (Hong Kong, Macau and 
Taiwan are excluded from our sample due to data miss-
ing). The interior region covers 19 provinces, Shanxi, 
Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, 
Henan, Hubei, Hunan, Chongqing, Sichuan, Guizhou, 
Yunnan, Shaanxi, Tibet, Gansu, Qinghai, Ningxia, Xin-
jiang (Chongqing is excluded from our sample due to 
data missing). This classification is preferred because 
there are significant differences in growth rates and the 
development of creative industries between coastal 
provinces and interior provinces.  

The coastal estimation results are presented in Table 3, 
where TFP, TP and TEC growth are taken as the de-
pendent variables in Model 5, 6 and 7 respectively. It 
shows that the results from coastal region are rudimen-
tarily consistent with the findings of the general estima-
tion (Table 2). Thus, it confirms that the development of 
CIA can significantly promote regional TFP growth 
through the path of technological change instead of 
technical efficiency growth. However, in the interior 
region, the coefficients of CIA are not significant in all 

 
Table 3  Effect of creative industries agglomeration on total factor productivity growth in coastal region of China  

Variable Model 5 Model 6 Model 7 Model 5a Model 6a Model 7a 

CIA index 
0.094** 

(2.391) 
0.036* 

(1.870) 
0.010 

(0.602) 
   

CI index    
0.065* 

(1.761) 
0.253* 

(1.694) 
–0.091 

(–1.046) 

FDI level 
0.044* 

(1.716) 
0.016 

(1.575) 
0.022** 

(2.264) 
0.046*** 

(4.173) 
0.002 

(0.101 
0.031** 

(2.191) 

FSS 
–0.173*** 

(–3.586) 
–0.028** 

(–2.072) 
–0.092*** 

(–2.76) 
–0.134*** 

(–4.159) 
–0.081*** 

(–2.839) 
–0.081** 

(–2.555) 

ISC 
0.170 

(1.471) 
0.161*** 

(4.059) 
–0.162*** 

(–2.737) 
0.037 

(0.691) 
0.268*** 

(3.409) 
–0.157** 

(–2.313) 

Constant 
–0.610 

(–1.466) 
–0.566*** 

(–4.009) 
0.575*** 

(2.674) 
–0.126 

(–0.648) 
–0.981*** 

(–3.421) 
0.571** 

(2.403) 

R2 0.555 0.253 0.568 0.632 0.121 0.546 

Adjust R2 0.472 0.114 0.487 0.563 0.044 0.460 

Observation 96 96 96 96 96 96 

Notes: All variables are natural logarithms; the Hausman test in all above models is significant at 1% level; ***, ** and * represent statistical significance 
level at 1%, 5% and 10%, respectively; the data in the parenthesis is the value of t-test; Model 5a, 6a and 7a, corresponding to Model 5, 6 and 7, report the 
second stage regression results of the Two Stage Least Squares (with instrumental variable of CI index). 
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models where TFP, TP and TEC growth are regarded as 
the dependent variable in Model 8, 9 and 10 respectively 
(Table 4), suggesting that the clustering of creative in-
dustries does not have significant role in promoting in-
terior local productivity growth, efficiency change or 
innovation progress. This may be due to lagging devel-
opment of CIA in the western and central regions. Al-
though the interior provinces have initiated lots of poli-
cies concerning retaining and attracting creative zones 
or parks, the efficiency and productivity of creative in-
dustries clustering is still not significant, leading to 
synonymous insignificant effects on TFP growth. An-
other reason may be the insignificant growth of TFP in 
the inland region. According to our estimation and the 
research of Wei and Hao (2011), the TFP growth in the 
inland region is slow and falls far behind the coastal 
region. The control of industrial structure is similar to 
the general estimation (i.e. negative effect on TFP 
growth) in the central and western regions, while in the 
coastal region it has a significant and positive effect. 
This implicates that service industries in the eastern 
China are more developed than the central and western 
regions. The results of other controls are quite similar to 
theoe in the general model. 

Overall, we found that the CIA affects regional TFP 
growth differently across regions. TFP growth in the 
coastal region significantly benefits from the CIA, while 
in the interior region, productivity growth is not signifi-
cantly attributable to the development of CIA. To con-
firm that the results are not simply due to reverse cau-

sality, the IV estimation is used with the same instru-
mental variable as in general estimation, where Model 
5a, 6a, 7a, 8a, 9a and 10a correspond with Model 5, 6, 7, 8, 
9 and 10. This suggests that our previous estimations 
across regions were basically robust to different estima-
tion methods.  

5  Conclusions  

This paper, based on China′s provincial panel data dur-
ing the period 2003–2010, provides strong empirical 
evidence that creative industries are fast growing but 
unevenly distributed across regions in China. Our re-
gression analyses clearly show that the agglomeration of 
creative industries has a positive effect on regional TFP 
growth by stimulating regional innovation instead of 
efficiency change. Therefore, the development of CIA is 
likely to be a successful transition in China from ex-
port-oriented manufacturing to a creative economy that 
is integrated with global systems and China′s unique 
cultures. In general, this work helps to give an interpre-
tation of the results of TFP growth regressions and 
guidelines for future empirical work on creativity found 
in the previous literature.  

Our empirical study provides strong evidence of the 
prominent role of CIA in productivity growth. To en-
hance productivity growth, China should further estab-
lish more creative clusters at regional levels. Due to the 
difference across regions in China, the policy on devel-
oping CIA also should be different. In the coastal region, 

 

Table 4  Effect of creative industries agglomeration on total factor productivity growth in interior region of China 

Variable Model 8 Model 9 Model 10 Model 8a Model 9a Model 10a 

CIA index 
0.046 

(1.369) 
0.085 

(1.649) 
–0.057 

(–1.350) 
   

CI index    
0.183*** 

(3.014) 
0.140 

(1.323) 
–0.134 

(–1.572) 

FDI level 
0.025 

(1.293) 
0.043* 

(1.729) 
–0.028 

(–1.006) 
0.025 

(1.209) 
0.041** 

(2.271) 
–0.026 

(–1.130) 

FSS 
–0.061*** 

(–3.033) 
–0.064* 

(–1.703) 
0.001 

(0.052) 
–0.052** 

(–2.352) 
–0.066** 

(–2.016) 
–0.001 

(–0.026) 

ISC 
–0.148** 

(–2.233) 
–0.060 

(–0.434) 
–0.114 

(–1.636) 
–0.146** 

(–1.999) 
0.023 

(0.195) 
–0.103 

(–1.319) 

Constant 
0.531** 

(2.360) 
0.246 

(0.460) 
0.350 

(1.556) 
0.599** 

(2.399) 
–0.015 

(–0.028) 
0.274 

(0.856) 

R2 0.588 0.530 0.292 0.554 0.119 0.263 

Adjust R2 0.517 0.449 0.171 0.477 0.094 0.137 

Observation 144 144 144 144 144 144 

Notes: All variables are natural logarithms; the Hausman test in all above models is significant at 1% level; ***, ** and * represent statistical significance 
level at 1%, 5% and 10%, respectively; the data in the parenthesis is the value of t-test; Model 8a, 9a and 10a, corresponding to Model 8, 9 and 10, report 
the second stage regression results of the Two Stage Least Squares (with instrumental variable of CI index) 
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the policy makers should pay more attention on how to 
promote efficiencies of the CIA and developing various 
types of higher value-added creative industries, such as 
digital media and software development. While in the 
developing central and western regions, it should pro-
mote the agglomeration level of CIA and develop local 
preponderant types of creative industries, such as cul-
tural tourism. Moreover, as industry convergence pro-
gresses, China should promote more innovation in 
manufacturing through the development of creative in-
dustries. This would facilitate China′s economic transi-
tion from the development of less creative industries to 
more creative industries and from being efficiency- 
driven to innovation-driven.  

In the future study, first, it is necessary to both apply 
more micro data and understand deeper the meaning of 
′creativity′ in industries, because the firm-level data 
rather than industry-level data may facilitate an under-
standing of the relationship between CIA and productiv-
ity growth more precisely. Second, in order to link the 
CIA more precisely to TFP growth, it should define 
creative industries more precisely, for example, to iden-
tify which firms are really creative instead of judging by 
industries or sectors that merely seem creative. Future 
studies could explore different types of creativity for the 
purpose of examining productivity growth effects pre-
cisely. Third, it is crucial to extend the TFP growth ef-
fects of creative industries to other sectors, and to check 
whether our insights can apply to other industries, par-
ticularly in the ′high-tech′ sector. 
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