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Abstract 

 Our main argument in this paper is that conventional growth convergence analysis 

in China is incomplete without considering intangible investment. We first document the 

unbalanced investment of intangible capital across Chinese regions. A few mega cities invest 

heavily in intangible capital, while the majority of regions have below-average investment 

levels. In addition, long-term convergence clusters is an important feature of intangible 

capital distribution: High levels of investment tend to be persistently concentrated in the few 

coastal regions while investment in poorer regions is projected to be low, leading to a long-

run distribution with probability mass located at levels much lower than the national average. 

External shocks such as the global financial crisis can exert an adverse effect: The level to 

which most regions converge based on the post-crisis transition dynamics is lower than that 

based on the pre-crisis dynamics. Finally, we document that poorer regions have less 

difficulty in converging to the average level of their neighbouring regions, suggesting that 

knowledge spill-overs is an important mechanism that help mitigate the level of unbalance 

in the context of intangible economy. 
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1. Introduction 

 Intangible capital, together with labour force and physical capital, constitutes the 

three most important input factors in the expand production function. Measuring intangible 

investment and its capital formation is therefore critical to understanding the driving force 

of economic and productivity growth.1 Figure 1.1 illustrates the progress over the last two 

decades of an important category in intangible capital, namely research and development 

(hereafter R&D), for China, the US and the world. From panel A it can be observed that 

China’s R&D investment (expressed in % of GDP) is rising fast and converging to the world 

level, while in the US the investment level is relatively stable over time. The growth rate of 

R&D investment, as shown in panel B, exhibits considerable volatility during this period for 

all countries. Although investment is slowing down recently for China, we still observe high 

and persistently positive growth rate for this country, as opposed to much lower growth rates 

for the US and for the world as a whole.  

Figure 1.1 Research and Development Expenditure, Selected Countries, 1996 – 2015  

A. R&D expenditure B. R&D growth rate 

  

Notes: This figure presents the time-series of the expenditure for research and development as percentage 

of GDP (panel A) and its growth rate (panel B) for China, the US, and all countries (including these two) 

during the period 1996 – 2015.  

Source: World Development Indicators (World Bank, 2018) and author’s calculations. 

 

 The role of intangible capital in China’s regional development can be linked to the 

classical theory of external economies of scale. Traditionally, there are two types of 

economic development patterns, namely, localization and urbanization economies, that are 

                                                
1 Intangible capital is not a novel concept in the modern world of knowledge economy. Some examples of 

intangible capital are the software developed by tech giants such as Microsoft Inc. and Coca-Cola’s famous 

coke recipe which dates back to the late 19th century. Such innovation brought large streams of revenue for 

these firms and contributes significantly to the growth of the US economy. However, due to measurement 

difficulty, intangible capital has conventionally been treated as an immediate expense, rather than an 

investment, and has been ignored at both firm-level and national account balances (Jona-Lasinio et al., 2011). 
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considered to exhibit external economies of scale (Rosenthal and Strange, 2004). As far back 

as the 19th century, British economist Alfred Marshall, who was at the time struck by the 

phenomenon of geographical concentration of single industries (i.e., localization economies) 

that cannot be explained by natural resource endowments alone, conjectured that such 

behaviour is the combined result of specialized suppliers, labour market pooling and 

knowledge spill-overs (Krugman et al., 2018).2 In recent times, regions that rely on a single 

industry is found to do worse than regions with a range of industries, giving rise to the 

concept of urbanization economies (Haskel and Westlake, 2018). According to Glaeser 

(1999, 2012), the concentration of people and firms in cities is more of a result of innovation 

and invention than of the demand for mass production of goods. This implies that intangible 

capital, as the “carrier” of knowledge and innovation, could act as a catalyst for external 

economies of scale.3 Due to its role in facilitating external economies of scale, intangible 

capital is expected to fuel China’s diverse and growing coastal regions where large 

innovation hubs are located. Once the economies of scale are obtained, they in turn attract 

more intangible capital. Our results imply that this type of “self-fulfilling” process worsens 

the existing unbalanced intangible capital investment and will eventually push up regional 

inequality in China. 

 The aim of this paper is to understand the distribution dynamics of China’s intangible 

capital. Following the framework of Corrado, Hulten and Sichel (2005, 2006) (hereafter 

CHS), we first measure the intangible capital investment and examine its distribution across 

31 Chinese provinces. A non-parametric approach is then adopted to project the current 

distribution into the future. An ergodic distribution is estimated to illustrate the long-run 

stationary development of intangible investment in China. Additionally, spatial and 

intertemporal distribution dynamics are examined by partitioning our data into sub-periods 

and sub-regional groups. Finally, since geography can be a possible explanatory channel for 

intangible spill-over, we study the distribution conditioned on distances between regions.  

                                                
2 Examples of such localized economies in developed countries include Silicon Valley (high-tech), Hollywood 

(movie making), and London and New York (finance service). Equivalence in China includes Zhongguancun 

in Beijing (high-tech), Haining in Zhejiang (leatherwork) and Hengdian World Studios in Zhejiang (movie 

making). Following Marshall’s initial observation, knowledge spill-overs within single industry were explored 

by Kenneth Arrow (Arrow, 1962) and Paul Romer (Romer, 1986), hence the well-known term Marshall-

Arrow-Romer effect (Carlino, 2001). 
3 Glaeser attributes the booming of urban population density to the knowledge spill-overs across different 

industries (i.e. the so-called “Jacobs spill-overs” effect, in honour of urbanist Jane Jacobs’s description of 

human capital spill-over from shipbuilding to auto industry in Detroit in 1969). According to this theory, the 

growing of cities attracts people with various backgrounds, facilitates face-to-face interaction, spurs innovation, 

and encourages the exchange of ideas. What Glaeser describes is essentially in line with the concept of 

intangible economy. 
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 We contribute to the literature in multiple distinct aspects. Firstly, to our best 

knowledge, this is the first study that examines Chinese intangible capital distribution 

dynamics at the regional level. Utilizing novel data, we provide evidence of the unbalanced 

development of intangible assets in Chinese regions. Second, in terms of methodology, we 

augment the non-parametric approach of Cheong and Wu (2013, 2014) by adding a bootstrap 

confidence interval to the estimates of transition probabilities, thus allowing us to examine 

the mobility of regions with greater confidence than in previous studies. Third, sub-period 

and sub-sample analyses indicate that the global financial crisis exerts a significant impact 

on intangible investment in China, especially in intangible-intensive regions. Fourth, a large 

investment gap is detected between the coastal and interior regions: Coastal regions are 

expected to outperform the rest of China in the long-run in terms of intangible investment. 

Finally, knowledge spill-over is observed to be an important channel determining the 

convergence towards the average investment levels exhibited by neighbouring regions.  

 The rest of this paper is organized as follows. Section 2 reviews the literature on 

intangible capital globally and in China. The measurement of intangible capital and provides 

an overview of the shape of capital distribution are topics of section 3. Section 4 discusses 

the non-parametric approach to distribution dynamics analysis. The results based on the full 

sample, sub-periods, economic zones, and spatial factors are reported in Section 5. Section 

6 concludes the paper and provides policy implications.   

2. Literature review 

In this study, intangible capital refers to the knowledge embodied in intangible 

products or processes that can be transferred into the market, such as scientific R&D, patents, 

licenses, artistic originals and so on. The concept is fundamentally different from what we 

normally identify as “human intangible capital” that indicates knowledge created by labour 

force and encapsulated by employment. Intangible capital also differs from “technological 

intangible capital” that represents inspiration, serendipity and costless technique progress 

(Li and Wu, 2017). Currently, the invisibility and unaccountability nature of intangible 

capital poses a serious impediment to its measurement in China, not to mention data 

availability. Only one category of intangible capital, namely R&D, is currently reported, and 

only at the national level (see Figure 1.1).4 Measuring other types of intangible capital in 

China, such as computer software, copyrights and patents, and organizational capital is a 

daunting task. Because of the lack of measurement theory and data constraint, the current 

                                                
4 R&D is reported in China’s national account only after a reform of the United Nations System of National 

Accounts in 2008 (known as SNA-2008) (NBS, 2017). 
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literature yields limited insight with respect to the distribution of intangible capital, to the 

best of our knowledge. Pioneering works in the examination of aggregated intangible capital 

investment include Hulten and Hao (2012) and Tian et al. (2016), followed by Li and Wu 

(2017) who present the first study at the regional level. 

According to Jona-Lasinio et al. (2011), the expenditure of intangible capital should 

be regarded as investment instead of immediate expenditure if it satisfies the following 

criteria: a) To be identifiable, that is, the investment can be separated, transferred, sold or 

rent; b) to have a clear ownership; c) to be profitable and d) yields profits last for more than 

one year. The CHS framework, which we adopt, categorizes the usual intangible capital into 

three broad groups: Computerized information, innovative property, and economic 

competency property. Computerized information indicates knowledge embedded in 

computer software and database. Innovative property indicates knowledge acquired through 

innovation activities, including scientific R&D, mineral exploration and evaluation, 

entertainment and artistic originals, financial products and services, and architectural and 

engineering designs. Economic competency property refers to knowledge embedded in firm-

specific assets, including advertising, market research, employer-provided training and 

organizational structure.5 

Following CHS’s work, a large strand of literature seeks to examine the impacts of 

intangible capital on economic and productivity growth. Corrado et al. (2009) found that the 

inclusion of intangible investment would increase the growth rate of output per hour by 10 

to 20 percent in the non-farm sector in the US in the late 1990s. Van Ark et al. (2009) and 

Corrado et al., (2014) documented that the higher rate of investment in intangibles and 

contribution of intangible capital in service sector are associated with higher growth rates of 

GDP per capita and overall economic performance in the EU countries. Belhocine (2008) 

suggested that the growth in GDP and labour productivity is understated by approximately 

0.1 percentage point in Canada when intangible capital is excluded. The lower investment 

in intangible capital is responsible for the productivity gap between Canada and the US 

(Baldwin et al., 2012). Studies in other economies such as Japan, Australia, Brazil all pointed 

to the fact that intangible capital accounts for an increasing share in GDP and contributes 

significantly to the output and/or productivity growth (e.g. Barnes and McClure, 2009; Dutz 

et al., 2012 and Fukao et al., 2009).  

                                                
5 Two types of intangible capital in the CHS framework, namely, expenditures of computer database and 

market research, have not been incorporated in this analysis due to data constraint. The measurements of 

intangible investment are consistent with the work of Li and Wu (2017). 
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Only a few studies analyse intangible capital investment and its contributions in 

China in recent years. Also adopting the CHS framework, Hulten and Hao (2012) noted an 

increasing growth rate of intangible investment starting from 1990. During this period, China 

is still a manufacturing-oriented economy with a relative low ratio of intangible to tangible 

investment. Tian et al. (2016) highlighted the faster growth of intangibles during 2001-2012, 

but pointed out an unbalanced development structure: China invests heavily in computerized 

information and innovative properties, but underinvests in economic competency properties. 

Li and Wu (2017) examined intangible capital investment at China’s provincial level, and 

find that when intangible capital is considered in growth accounting exercises, both the 

coastal and interior regions realize faster growth in labour productivity and have larger 

capital deepening effects. However, a wide gap in intangible investment between the coast 

and the interior is detected, suggesting evidence of intangible agglomeration.  

Theoretically, the conventional production function can be expanded by 

incorporating intangible capital as additional capital input and intangible investment as 

additional component of output. 6  Consequently, conventional income would be 

underestimated without consideration of intangible capital. The impact of total factor 

productivity (TFP) would also be diminished, and the labour’s income share would be 

decreased when intangibles are counted as capital (Corrado et al., 2006, 2009). These 

arguments imply that the rising role of intangible capitalization necessitates a thorough 

revisit on classical economic problems, one among which is economic disparity and 

convergence. For example, neo-classical exogenous growth theory posits that capital 

accumulation is the source of conditional convergence, while divergence can stem from 

productivity differentials as determined by endogenous growth models (Kumar and Russell, 

2002). However, for reasons outlined above, both capital deepening effect and technological 

effect would be ambiguous without accounting for intangible capital.  

In addition to these issues, studies examining regional disparity development in 

China mainly take income per capita as the variable of interest, 7  which may result in 

misleading implications because the income measure is underestimated, especially in 

intangible-intensive regions. Even though the transmission of intangible investment into 

China’s GDP growth is currently difficult to estimate, we would expect the bias emerging 

from intangible omission to make a significant impact on GDP measures in the near future.  

                                                
6 For instance, China’s National Bureau of Statistics revised national accounts by incorporating scientific R&D 

since 1952 in June 2016. The revised GDP in 2016 is expanded by 1.3%, with the annual growth rate being 

driven up by 0.4% (NBS, 2017). 
7 See, among many others, Cheong and Wu, 2013; Herrerías et al., 2011; Lemoine et al., 2015 and Sakamoto 

and Islam, 2008.  
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3. Overview of China’s regional intangible capital intensity 

 We are first interested in the distribution of the total intangible capital investment 

across Chinese regions. This investment is encapsulated in the sum of nine individual 

intangible asset classes listed in Table 3.1. These investments are deflated by the constant 

2010 price, using category-specific deflators. Corresponding data sources and definitions of 

price deflators are also provided. Per capita value is calculated as the ratio of total intangible 

investments to provincial populations. This quantity is divided by its national mean to get 

the relative intangible capital intensity (hereafter, RICI). The descriptive statistics of regional 

RICI is reported in Table 3.2. As can be seen, the distribution of RICI is highly skewed to 

the right, indicating that a few regions are far ahead of the rest in term of intangible capital 

investment.  

 To reduce the data dispersion, we instead use the logarithmic transformation of RICI 

as our main variable of interest: Let y#$ denote intangible capital intensity of province i in 

year t, and y&$ = (
) ∑ y#$)

#+(  be the national average of  y#$. N = 31 is the number of regions in 

our sample. The variable to be analysed in this study is: 

X#$ = ln /012032 4 = lny#$ − lny&$.                                            (3.1) 

This logarithmic transformation also has the advantage of simplifying the interpretation, 

while preserving the transition dynamics. Specifically, the value of  X#$ indicates the distance 

from a province’s intangible capital investment intensity to the national mean. If the distance 

is sufficiently small, the percentage difference between province i’s investment and the 

national mean can be approximated by the logarithmic difference: 100 × X#$ ≈ 100 ×
012:032
032

.8 Additionally, when  y#$ = y&$, X#$ = 0. That is, the national average takes a value of 

zero when log-transformed. It follows that if the spatial dispersion of capital intensity is 

small/high (i.e. there is a strong convergence/divergence of the provincial investments), the 

values of X#$ will be tightly distributed/disperse around zero. 

 Figure 3.1 is a map that illustrates the spatial distribution of RICI in the first and last 

years in our sample. Provinces are color-coded based on the ranking of relative capital 

intensity, from low (light) to high (dark). There are two important observations emerging 

from this map: First, the inland provinces (which tend to be the poorer ones) starting out 

with lower-than-average investment, while the coastal provinces enjoy above-average 

investment. Second, after the course of 13 years, there appears to be a broad pattern of 

polarization at the national level, in that more inland provinces become less-intensive  

                                                
8 However, this approximation is not precise in case of large differences. 
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Table 3.1 Categorizations, Measurements and Data Sources of Intangible Capital Investment 

Intangible Capital Category Measurement Data Source Price Deflator 
(1) (2) (3) (4) 

1. Computerized Information    

  1.1. Computer Software Revenues from software sector after 
adjusting for import and export 

China Statistical Yearbook of Electronic 
Industry, China National Statistical 
Yearbook 

Deflator of fixed capital investment 

2. Innovative Property     

  2.1. Mineral Exploration and Evaluation Direct expenditures China Statistical Yearbook of Mining GDP deflator 
  2.2. Scientific R&D Direct expenditures China Statistical Yearbook of Science 

and Technology 
GDP deflator 

  2.3. Entertainment and Artistic Originals Use ¼ of the revenues from traditional 
publication industries of books, 
magazines and newspapers and 
double it to include television, 
movies, video, audio, and digital 
press 

China Journalism Yearbook GDP deflator 

  2.4. Financial Products and Services 20% of immediate expenditures of 
financial industry 

China National Statistical Yearbook, 
World Input-Output Database 

GDP deflator 

  2.5. Architectural and Engineering Design 50% revenues from the industry of 
construction engineering and design 

National Annual Reports of Firms of 
Engineering Inspection and Design 

GDP deflator 

3. Economic Competencies    

  3.1. Advertising 60% revenues from advertising industry�  China Advertising Yearbook Implicit wages and salaries deflator 
  3.2. Employer-provided Training 2.5% management fees China Industrial Statistical Yearbook, 

China National Statistical Yearbook 
Implicit wages and salaries deflator 

  3.3. Organizational Structure 5.0% management fees�  China Industrial Statistical Yearbook, 
China National Statistical Yearbook 

Implicit wages and salaries deflator 

Notes: Discussions on the measurement of these variables are presented in Li and Wu (2017).  
Source: Authors’ own work. 
 

Table 3.2 Descriptive Statistics of Intangible Capital 

Variable Obs. Mean Median S.D Min Max Skewness Kurtosis 

RICI 434 1 0.40 1.64 0.13 10.2 3.7 18.1 

log(RICI) 434 -0.6 -0.90 0.96 -2.03 2.3 0.99 3.56 

Source: Authors’ own computations. 
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Figure 3.1 Spatial Distribution of China’s Intangible Capital Intensity, 31 Provinces, in 2003 and 2016  

 

 
Notes: This figure maps the intensity of intangible capital investment in China for two selected years. Darker colors signify higher degrees of captial concentration. The underlying 
variable is X"# = ln '()*(+* , = lny"# − lny/# where y"# is the constant price per capita investment (in RMB) for province i in year t. 
Source: Authors’ own work. 
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while more coastal regions accelerate. Overall, this pattern signifies impediments to the 

“catching up’’ process of the poor regions.  

 Next, we study this spatial distribution in a more formal fashion, by introducing a 

kernel function of the form: 

f(x) =
&

'(

∑ K +
,-./

(
0

'

12&
,                                               (3.2) 

where K(.) denotes the Epanechnikov function, N is the number of regions, X1  is the 

logarithmic RICI of province i, and h is the selected bandwidth (also called “window width” 

or “smoothing parameter”). With a fixed bandwidth, an under (over)-smoothing density 

estimation bias may occur where there are too few (too many) observations (Silverman, 

1986). To alleviate this problem, an adaptive kernel approach that allows bandwidths to vary 

(Abramson, 1982) is adopted. In this paper, we use the standard estimator proposed by 

Silverman (1986): 

f(x) =
&

∑ 6/

7

/89

∑
6/

(/

K +
,-./

(
0

:

12&
,                                          (3.3) 

where w1  is the weight associated with data point i, h1  is the flexible bandwidth that is 

defined as h1 = h	 ×	>?. The fixed bandwidth h, called as the pilot or “global” bandwidth, 

controls the overall degree of smoothing. >? is a factor that stretches or shrinks the “local” 

bandwidths to adapt to the density of the data (Kerm, 2003). The estimation involves two 

steps. In the first step, we obtain h from a “naïve” estimate. In the second, the varying local 

bandwidth factor >? is calculated as the square root of the geometric mean of the pilot density 

estimator over each point estimate. 

Figure 3.2 presents the logarithmic RICI distributions in the representative years of 

2003, 2009, and 2016. The peaks of the densities in selected years lie at around -1, implying 

that most regions in China exhibit a lower-than-average per capita intangible capital 

investment during 2003-2016. As can be seen, the unimodal shape of the distribution is 

virtually unchanged from 2003 to 2009, but a weak bi-model pattern emerges in 2016. 

Throughout the period 2003 – 2016, there is an increase in the relative number of poor 

regions, which is in agreement with Figure 3.1. Furthermore, the global financial crisis may 

have played an important role in the divergence of RICI distribution into two “clubs” in 2016. 

We can clearly see that the right tail becomes “fatter” after crisis, suggesting a large 

developmental bias toward the richest regions. 

 Following Li and Wu (2017), out of the 31 regions, we group eleven into a “coastal” 

group and the rest into an “interior” group.9 We found that the logarithmic RICI values in  

                                                
9 More details can be found in Section 5. The partition into coastal and interior (inland) regions is adopted to 
distinguish export-oriented/more developed areas from domestic market-oriented/less developed areas in 
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Figure 3.2 Distribution of Intangible Capital in 2003, 2009 and 2016 

 
Notes: This Figure presents the un-weighted kernel density estimates of the distribution of intangible capital 
in China. Silverman (1986)’s adaptive bandwidth estimator is used. 
Source: Authors’ own estimates. 
  

9/11 coastal regions are equal to or greater than the 75th percentile. Shanghai and Beijing, 

the two major economic hubs, lie above the 95th and 99th percentiles, respectively.10 But will 

intangible investment continue to be concentrated in these regions? What does the 

distribution look like in the long-run if the trend of unbalanced development continues? Will 

the laggards converge to the leaders in the future? These are questions we address in the next 

two sections. 

4. Methodology 

Conventional analyses  

 From a methodology viewpoint, economic convergence studies have progressed 

along several dimensions and approaches (see Islam, 2003 for an extensive survey). One 

early mainstream approach is the so-called @- type convergence method. The title of this 

approach stems from the traditional notation of the slope coefficient in the regression of 

growth rates on initial income levels. Assuming diminishing returns, poorer economies with 

a lower initial income level will grow faster compared with richer ones with similar saving 

rates, leading to a process of “catching-up”, i.e. convergence (Barro and Sala-i-martin, 1992; 

                                                
China. The division criteria are also based on economic, administrative, historical and cultural factors (see e.g. 
Chen and Fleisher, 1996; Hao, 2008 and Ying, 2003). 
10 As discussed in Section 1, the clustering of intangible capital may be a manifestation of the effect of external 
economies of scale, i.e., initially labour-abundant coastal regions are fertile grounds for the facilitation of 
interactions among people, firms and institutions, leading to knowledge-based intangibles to be congregated 
(Faggian & Mccann, 2009). Knowledge spill-overs are more frequent where people and firms learn by doing 
and observing their peers (Howells, 2002; Lever, 2002; Storper and Venables, 2004). As a result, business and 
employers prefer to locate in diverse, growing regions (coastal regions) to enjoy knowledge spill-overs, 
synergies and network effects (Meijers et al., 2016; Puga, 2010), this process, in turn, keeps stimulating and 
attracting even more intangible investment. 
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Mankiw et al., 1992). It follows that a significant negative correlation (i.e. negative @) is 

expected between the initial income level and the subsequent growth rates, and is taken as 

evidence of convergence hypothesis. Based on the concept of @-type convergence, a vast 

body of empirical research has emerged involving China  (to name only a few, Lau, 2010; 

Pedroni and Yao, 2006; Westerlund et al., 2010, Chen and Fleisher, 1996; Gries and Redlin, 

2009; Hao, 2008 and Weeks and Yao, 2003). However, no research consensus has been 

reached. Different conclusions were generated by analysing different time periods and 

controlling for other different sets of explanatory variables.  

One of the main criticisms of this approach is that the nature of convergence is a 

complex, dynamic evolution of both income levels and growth rates, which cannot be 

captured by a simple catch-all measure such as a negative @ (Johnson and Papageorgiou, 

2018). In other words, a negative @ in the regression does not necessarily imply a reduction 

in the dispersion; hence it is a necessary but not sufficient condition for convergence.11 This 

criticism then motivates the concept of A-type convergence, which, instead of looking at the 

slope coefficient, studies the standard deviation (denoted as A) of the income distribution. A 

large strand of empirical studies presents A- convergence analyses in China context (Chen 

and Fleisher, 1996; Duan, 2008; Raiser, 1998; Zhou and Zou, 2010, among others). However, 

like their predecessors,  A-type convergence studies provide only one summary statistic of 

the distribution of interest, which cannot fully capture the complexity of the underlying 

distribution dynamics (for example changes from uni-modality to multimodality as of the 

case in Figure 3.2) . 

Dynamic Distribution Approaches 

 Via a series of seminal papers, a non-parametric distribution analysis is introduced 

by Danny Quah to study economic convergence (see e.g. Quah, 1993a, 1996a, 1996b, 1997). 

This is in essence a data-driven approach and does not impose any prerequisite assumption 

or restriction on the distribution function. Distinct from analysing single summary statistics, 

this approach focuses on the shape of the entire distribution and its dynamics, and thus 

overcomes the limitation of both @- and A-type convergence studies as described above 

(Islam, 2003). This approach can be further divided into the discrete Markov chain and 

                                                
11 Some advocates for this line of criticism attribute this error to the classical Galton fallacy (see e.g. Friedman, 
1992 and Quah, 1993b). The origin of this fallacy dates back to the studies by Charles Darwin’s cousin Sir 
Francis Galton, who studied the regression towards the mean for human heights. Specifically, he discovered a 
“paradox”: The sons of tall fathers tend to reverse towards a pool of mediocrity along with the sons of everyone 
else, yet male height dispersion does not fall overtime. Quah (1993b) shows that a given cross-sectional 
distribution that dynamically evolves is not inconsistent with arbitrary signs of the initial level regression 
coefficients (i.e. @ ). Therefore, a  @ -type convergence analysis is insufficient for a direct inference of 
convergence or divergence. 
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stochastic kernel approaches. A major disadvantage of the discrete Markov chain method is 

that the demarcation of discrete states (to which each region fall into at any point in time) 

must be associated with an arbitrary selection of grid values (see e.g. Cheong and Wu, 2018). 

As an alternative to circumvent the demarcation problem, a stochastic kernel approach is 

applied in our paper. Specifically, let fB(x) be the distribution of a variable x at time t, and 

let fBCD(z) denote the distribution of a variable z at time t + τ. For our purposes, x refers to 

the current RICI level, while z refers to the τ-period-ahead level. Suppose the evolution of 

the distribution is time invariant, and assume that the distribution at time t + τ depends 

solely on the distribution at time t, the dynamic evolution process of the distribution from 

time t to t + τ is can be expressed via the following differential equation: 

fBCD(z) = ∫ gD(z|x)fB(x)dx
�
M

 ,                                        (4.1) 

where gD(z|x) is the conditional transition probability kernel that maps the distribution at 

time t to that at t + τ.  

 Since it is a density function, the integration of gD(z|x) over z is unity (Johnson, 

2005), that is, ∫ gD(z|x)dz
�
M

= 1. To compute  gD(z|x), we first derive the bivariate joint-

density :  

fB,BCD(x, z) =
&

:(P(Q

∑ K +
R-S/

(P

,
,-./

(Q

0
:

12&
,                                     (4.2) 

where K(.) denotes the Epanechnikov function, n is the number of observations, and X1 and 

Z1 denote the logarithmic RICI of province i at time t and t + τ, respectively. h, and hR are 

the selected bandwidths for x and z. Similar to the case of univariate density estimates, we 

mitigate under/over smoothing biases using the two-step adaptive kernel method of 

Silverman (1986). Due to restrictive sample sizes, annual transition probability estimators 

are used in order to obtain more reliable results, as suggested by Quah (2001).12 Then the 

transition probability kernel density can be computed as: 

gD(z|x) =
UV,VWX(,,R)

UV(,)
,                                                      (4.3) 

where fB(x) is the marginal kernel density of x [see Equation (3.1)]. Finally, given the time-

invariance of gD(z|x), the current distribution will evolve into a “steady-state” when τ goes 

to infinity. This “ergodic” distribution can be expressed via:13 

f�(z) = ∫ gD(z|x)f�(x)dx
�
M

 .                                           (4.4) 

                                                
12 The primary results do not change substantially when we instead use 3-year and 5-year transitions. These 
results are reported in the appendix. Longer horizons allow for greater mobility of the regions, but also reduce 
the number of observations. 
13 We solve for the ergodic distribution following the procedures outlined in Johnson (2005) and Juessen (2009). 
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The Augmented Mobility Probability Plot 

 In addition to the above functions, we adopt another, newly developed tool in 

transition dynamics literature, namely, the mobility probability plot (MPP) proposed by 

Cheong and Wu (2014). Compared with traditional tools such as the kernel density plot, the 

contour plot, and the ergodic density plot, the MPP offers both a more direct interpretation 

and a broad overview of the results. Specifically, for each level of RICI at time t, the net 

probability of moving up to higher RICI levels is defined as the sum of the probabilities of 

moving up in the future distribution minus the sum of the probabilities of moving down. The 

MPP is measured in percentage and can be computed as: 

p(x) = ∫ gD	(z|x)dz − ∫ gD(z|x)dz
,

M

�
,

 .                                    (4.5) 

  However, the MPP in its current form is not without flaws. It is, in essence, a non-

parametric point estimate, and does not offer much in term of how certain we are about 

whether our estimate of transition probability is statistically different from zero, that is, from 

immobility. It follows that hypothesis testing is infeasible in this case. To alleviate this 

concern, we propose our own novel augmentation of the MPP method, a simple bootstrap 

confidence interval (hereafter CI) for the estimated probabilities. To construct this CI, we 

follow a five-step simulation procedure:  

1. Randomly draw with replacements from the actual sample of region-year n = N × T  

RICI values (N = 31, T = 13) . Denoted this series as x_ . This series can be 

considered as one realization of the underlying data generating process at time t;  

2. Locate the one-period ahead values of x_, then stack them into a new series denoted as 

z_. This is the simulated series at time t+1;  

3. Using x_ and xR	as inputs, re-estimate the joint density [fB,BCD(x_, z_)] and conditional 

transition density [gD(z_|x_)] via Equations (4.2) and (4.3);  

4. Re-estimate the mobility probabilities [p(x_)] using Equation (4.5).  

5. Repeat steps one to four 10,000 times. Then, record the 2.5 percentile and 97.5 

percentile of the 10,000 simulated mobility probabilities. These thresholds are the 

lower and upper bounds of the 95% confidence interval for our original estimates of 

mobility probabilities.  

Arguably, with the constructed CI, we are able to draw conclusions on the likelihood of 

movements for regions at different RICI levels with stronger confidence than any previous 

studies. The wider the CI, the more uncertainty we will be regarding the RICI transition 

probabilities. 
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5. Results  

Full Sample Dynamics 

 Panel A of Figure 5.1 displays a three-dimensional (hereafter 3D) distribution of the 

annual transition probability of log RICI across all Chinese regions during 2003-2016. It can 

be interpreted as a posterior probability distribution at time t + 1 , given a specific 

distribution at time t. Imagine a line parallel to the t + 1 axis at a chosen point on the t	axis. 

The intersection of a vertical plane with the base coincides to this line and the three-

dimensional surface will give us the density plot of the logarithmic RICI at t + 1. A more 

intuitive perspective can be obtained from the corresponding density contour map, which is 

embedded in the t-t+1 plane in panel A, and plotted separately in panel B. It offers a “bird-

eye” view of the 3D surface, and the interpretation is straightforward. The spread of contour 

lines implies that intangible investment is widely dispersed across Chinese regions in the last 

two decades. The probability mass concentrates along the 45-degree line indicates low 

regional mobility: Provinces that are more intangible-intensive in previous year tend to 

sustain their advantages in the following year.14 Consistent with the 3D plot, two peaks can 

be seen clearly from the contour map, which indicates that regions tend to cluster into two 

groups. The higher peak is at -1.2 and the lower is at -0.4, respectively, implying that the 

intangible investment intensity in most Chinese regions remains lower than the national 

average.  

 It is, however, somewhat difficult to determine where most of the probability mass 

lies by observing either the 3D plot or the contour (see e.g. Cheong and Wu, 2014), 

prompting us to use the MPP that shows the net probabilities of moving upwards (i.e. the 

probability of increasing capital intensity). This is shown in panel C of Figure 5.1. In terms 

of point estimates, a positive net probability is observed for provinces with current intensity 

smaller than -1.3 and in the interval [-0.8, -0.5]. The majority of provinces, however, exhibit 

a net negative mobility probability, that is, their level of intangible capital tends to be reduced 

in the future. This finding is strengthened with the addition of the bootstrapped CI. It can be 

seen that upward mobility probability is only significant for very poor regions (values close 

to -2). Note that the curves of actual estimate and both CI bounds start at 1 and end at -1 by 

construction (from left to right), i.e. probability of moving up (down) is 100% for the poorest 

(richest) region, hence there is no uncertainty at these extreme points. We can also see that 

uncertainty tend to increase when regions move  

                                                
14 If instead we observe a probability mass lying above the diagonal line in regions with below-average RICIs, 
and/or below the diagonal line in regions which have above-average RICIs, then a convergence is feasible: 
Poor/rich regions (in terms of capital intensity) will grow faster/slower in the future. 
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Figure 5.1 Annual Transition Dynamics of Intangible Capital, 31 Provinces, 2003-2016 
A. Conditional Probability Kernel B. Contour of Conditional Probability Kernel 

  
C. Mobility Probability Plot D. Ergodic Density Distribution 

  
Notes: In panel B, and in corresponding panels in subsequent figures, the red dot indicates the highest peak of 
the conditional transition kernel. In Panel C, bootstrap confidence interval is constructed at 95% level of 
confidence. The number of bootstrap replications is 10,000.  The notes to the rest of the figures in this paper 
are similar to these notes.  
Source: Authors’ own works. 
 

upwards. This is because estimation precision is reduced due to the decreasing number of 

observations. In short, the MPP plot reveals a lack of incentives to invest in intangible capital 

in Chinese provinces. Because of this, Chinese regions tend to converge to a lower-than-

average intangible intensity in the long run.  

 This result is corroborated in the ergodic distribution plot shown in panel D. This 

plot presents the steady-state distribution based on the current transition path. The 

distribution’s shape is unimodal with the highest peak at -1.2, and the lower peak is now 

“absorbed” into the higher. It can be argued that our results are driven by a lack of mobility 

over the short time period of annual transitions. To alleviate this concern we extend our 

examination based on a three-year and a five-year transition probability path, of which 



 

 
16 

results are reported in Appendix A1.15 Increasing the length of the time steps does produce 

more mobility, but also reduces the numbers of transitions. In general the conclusions from 

these analyses are similar to those based on the annual transition analyses. For this reason, 

the rest of the paper will focus on annual transitions only.  

Intertemporal Dynamics 

 To get better insights on the evolution of capital distribution over time, we examine 

the dynamics exhibited in two sub-periods, 2003-2009 and 2010-2016. Figure 5.2 illustrates 

the analogous plots to those in Figure 5.1 using observations partitioned into these sub-

periods. According to the 3D transition kernel plots (panel A), in the second period the peak 

clearly moves downward to a relatively lower level than that in the first. This implies that 

intangible-intensive regions in China tend to reduce their investment after outbreak of the 

global financial crisis (GFC). The shape of the distribution also changed considerably. Two 

obvious clusters are found during 2003-2009, but only one cluster is prominent during 2010-

2016. The coordinates of the peaks in sub periods are highlighted in the contour maps (panel 

B). The highest peak moves from around -1.1 during 2003-2009 to about -1.3 during 2010-

2016. As a result the most regions in China reach a lower level of intangible capital 

investment intensity after the crisis. 

In both MPP plots (panel C), similar to that in Figure 5.1, the majority of regions 

tend to reach a lower future level of capital investment. For richer regions, negative net 

mobility is actually desirable if long-run convergence is to come. However, for poorer 

regions, especially those with RICI ranging from -1.5 to 0, difficulty in moving upward 

hinders convergence. Additionally the CI gets wider for regions with high RICI levels, 

leading us to predict movements with less certainty. The inclusion of the horizontal zero line 

within CI at some low, middle and high RICI values indicate that we cannot reject the null 

hypothesis of immobility, or persistence, at these data points. This pattern is in agreement 

with the short-run concentration of the probability mass along the diagonal lines as shown 

in panels A and B. 

According to ergodic distributions in panel D, the RICI for most Chinese regions is 

far lower than the national mean (zero) in the steady-state distribution. In addition, the peak 

of the ergodic distribution is situated farther from zero in the post-crisis period than in the 

pre-crisis. It can be concluded that the under-development of intangible capital is 

exacerbated after the GFC.  

                                                
15 The choices of horizons are in general aligned with typical business cycle literature and/or the “five-year 
plan” schedule often adopted by Chinese policy makers. China’s five-year plans, also known collectively as 
the five-year guidelines (wunian jihua or guihua, in Chinese), is a series of crucial social and economic 
guidelines issued since 1953 to direct its political and economic transitions. 



 

 
17 

Figure 5.2 Annual Transition Dynamics of Intangible Capital, Two Sub-Periods 
2003-2009 2010-2016 

A. Conditional Probability Kernel 

  
B. Contour of Conditional Probability Kernel 

  
C. Mobility Probability Plot 

  
D. Ergodic Density Distribution 

   
 Notes: See notes to Figure 5.1. Source: Authors’ own work. 
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Spatial Un-conditional Dynamics 

 To understand regional disparity in China’s intangible investment, we group the regions 

into two economic zones, namely, the coastal and the interior zones. Eleven coastal regions consist 

of Beijing, Tianjin, Liaoning, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, 

and Hainan. Interior regions include the remaining twenty: Heilongjiang, Jilin, Inner-Mongolia, 

Shanxi, Anhui, Jiangxi, Henan, Hubei, Hunan, Guangxi, Sichuan, Chongqing, Guizhou, Yunnan, 

Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang and Tibet. This division is consistent with previous 

studies and largely based on the economic and geographical clusters that characterize “clubs” of 

economic growth and development in China (Li and Wu, 2017). Considerable differences can be 

found in the 3D transition probability plot and the corresponding contours between these two 

economic zones. As can be seen from panels A and B of Figure 5.3, log RICI in most coastal 

regions are higher than the national mean, with the peak at around 0.3. In contrast, the peak of the 

interior regions’ contour map is far below 0, lying around -1.2. Most interior regions have a level 

of RICI lower than the average. Panel B reveals that the largest probability mass of coastal regions 

is roughly located between [-0.5,1.0], while of interior regions is between [-1.5,-0.5]. In summary, 

there is a large gap in intangible capital investment between coastal and interior regions in China.  

 More importantly, the investment gap in China is predicted to be gradually widened. 

According to the left-hand side plot of panel C, the coastal regions’ MPP curve lies above the 

horizontal zero line not only for very poor regions, but also in the [-0.5,0.5] range, which 

corresponds to where most of the probability mass concentrates. In words, provinces at which 

investment level is approximately 50 percent above or below the national mean tend to enjoy 

increasing investment. Furthermore, due to greater uncertainty associated with regions located at 

the right tail of the distribution, the CI implies that some far-ahead coastal regions can still sustain 

their intangible advantages. This can be seen by the upper bound of the CI crossing the horizontal 

zero line in the [1.2, 1.8] range. As a result, in the long-run the coastal regions will cluster to a 

higher-than-average investment peak, as illustrated by the steady-state unimodal distribution 

shown in the left-hand side plot of panel D. In stark contrast, MPP plot for interior regions 

indicates a strong trend of moving downward. Since there are only a few regions here belong to 

the right tail, compared with the coastal sample, we observe a much narrower CI towards the high 

values. There seem to be impediments for the convergence of interior provinces to reach the 

national mean. Additionally, “rich” regions in the interior sample will almost certainly become 

poorer in the long-run. Consequently, the ergodic distribution for this sample exhibits a very heavy 

left tail with a peak around -1.2. The main finding that China’s coastal regions will out-perform 

interior regions in terms of intangible capital investments corroborates  
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Figure 5.3 Annual Transition Dynamics of Intangible Capital, Two Economic Zones 
Coastal Interior 

A. Conditional Probability Kernel 

  
B. Contour of Conditional Probability Kernel 

  
C. Mobility Probability Plot 

    
D. Ergodic Density Distribution 

   
Notes: See notes to Figure 5.1. Source: Authors’ own work. 
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the viewpoints made by Haskel and Westlake (2018) in their recently published book “Capitalism 

without Capital”. These authors argued that diverse, growing cities will become more attractive to 

businesses in a more intangible-oriented economy. This in turn increase industry congregation in 

specific places, raise housing prices, and finally push up the wealth inequality.16 In our context, 

coastal regions in China can capitalise on their historical advantages during the tangible-to-

intangible economic transition.17 The benefits of spill-overs and synergies in more-developed 

coastal regions induce business and talents to congregate to exploit and expand the already large 

cumulative network effects. In short, this newly developed “intangible economy of scale” 

mechanism is predicted to create a winner-takes-all setting and deteriorate China regional equality 

in the long run. 

Spatial Conditional Dynamics  

 As mentioned above, intangible investment is perceived to involve knowledge spill-over 

effects. Geography is thus considered as one of the important determinants of the intangible 

investment distribution. Therefore, in the following discussion we re-examine the distribution with 

a geographical consideration. Specifically, we define conditional RICI as the ratio of log per capita 

intangible investment and the average of its geographical neighbours: X
1B

a
= ln c

d/V

def,V

g. yi',B  denotes 

the mean of region i’s neighbours (excluding the region itself). Neighbouring provinces are those 

sharing borders with the examined province. As the conditional distribution represents the impact 

of the conditioning factor on the distribution of the conditioned variable, the larger the distinction 

between unconditional and conditional distributions, the higher the explanatory power of the factor 

(Wu et al., 2018).  

 It can be seen from Figure 5.4 that the dynamic of the spatially conditional RICI is 

markedly different from that of the unconditional RICI (from Figure 5.1). Firstly, as shown by the 

transition kernel and contour plots (panel A and B), the probability mass of the conditional RICI 

lies in a range of [-1, 0.5] compared with that lies in [-2, 0] in the original transition plot. Different 

convergence clubs also occur, and the peak is close to the neighbours’ average, which is zero in 

                                                
16 Haskel and Westlake (2018) emphasize the “four S” of intangible investment: Scalability, sunken-ness, spill-overs, 
and synergies. Specifically, intangible capital categories, relative to tangible types, are more likely to be scalable, 
meaning their costs are more likely to be sunk, and they are inclined to induce spill-overs and to exhibit synergies 
with each other. Because of the benefits from spill-overs (benefiting from intangible investments made by other firms 
and business) and synergies (combining different intangibles to produce unexpectedly large benefits), prosperous 
regions are more likely to thrive. The authors also linked the characteristics of intangibles with Glaeser’s model of 
urban spill-overs and “Jacobs spill-overs” mentioned previously. 
17 Several empirical observations can be used to illustrate this point. Coastal regions currently host 75 percent of the 
biggest 500 companies (in terms of market capitalization) in 2010, a fifth of which are in Beijing. Headquarters of 
high-tech and retail giants are all located in coastal regions, for examples, Alibaba (Zhejiang), Baidu (Beijing), 
Tencent, HUAWEI and ZTE (Guangdong). In 2015, seven out of the top ten industrial clusters are in coastal regions, 
according to the Thousand Talents Program report (Duan, 2015). With respect to foreign direct investment (FDI), 
though the overall growth of investment tripled during 2005-2016, interior regions only have a share of less than 15% 
(RFIC, 2017). 
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this case. In panel C, there are only a few intersection points between the horizontal zero line and 

the conditional MPP estimate, meaning provinces move up and down with more or less equal 

probabilities. The results are quite robust with a narrow CI that has relatively stable width. As a 

result, the ergodic distribution resembles normality, with a peak located near zero. The finding 

that regional intangible investment levels in China are more likely to converge towards the mean 

of their geographical neighbours instead of the national average strengthens our proposition that 

investment distribution is a result of spill-over effects. 

  Figure 5.4 Annual Conditional Transition Dynamics, 31 Provinces, 2003-2016 

A. Conditional Probability Kernel B. Contour of Conditional Probability Kernel 

 
 

C. Mobility Probability Plot D. Ergodic Density Distribution 

  

Notes: See notes to Figure 5.1. Source: Authors’ own work. 

 As a robustness check, we repeat the above conditioning exercises for the two economic 

zones examined previously. If our hypothesis regarding spill-over effects is valid, this effect 

should be more profound for less geographically dispersed areas, i.e. those with lower physical 

costs of knowledge transfer. The results are presented in Figure A2 in the appendix, and we 



 

 
22 

highlight the main findings here. In general, knowledge spill-overs affect intangible dynamic 

distributions in both main economic zones in China: Multimodality is found in the short-run 

distributions for both. Overall, the results echo those presented in the unconditional spatial 

distribution analyses. According to the conditional MPP plot of the coastal sample, richest regions 

(with logarithmic RICI values in the [1, 1.8] range) can still move up. More importantly, it appears 

that knowledge spill-overs tend to have a larger impact on regions with already high intangible 

capital intensity, than for less-developed regions. Again, the accumulation of intangible capital 

may lead to stronger economy of scales in these regions.18 A caveat for these experiments is that 

again, we observe wider CIs due to reduced sample sizes. 

6. Conclusions  

 Arguably, a comprehensive interpretation of intangible investment across Chinese regions 

is of importance to understand China’s regional economic growth and disparity. There has been, 

and will continue to be, a gradual shift from tangible to intangible economy across the globe, and 

China is not an exception to this rule. This transformation process is endogenously linked with the 

development of knowledge spill-over effects. In this paper, we emphasize that such effects are 

stronger in intangible-oriented regions, and therefore are crucial in understanding China’s 

intangible capital distributions. Adopting a non-parametric transition dynamics approach, we 

examine the short-run transitional patterns as well as the long-term trends of per capita intangible 

capital investments in 31 Chinese provinces, cities and municipalities during the 13-year period 

2003-2016. In addition to studying the full sample, we also examine sub-samples of different 

periods and economic zones.  

 The overall result indicates the underinvestment and unbalanced development characterize 

intangible investment in Chinese regions, which tend to manifest into convergence clusters. While 

there are only a few mega cities that are well endowed in intangible capital, most Chinese regions 

achieve below-average intangible capital intensity. In addition, long-term investment is projected 

to be low, leading to a steady-state distribution converging towards a level far lower than the 

national average.  

 The sub-period analysis is implemented by setting the global financial crisis as a cut-off.  

Considerable differences are found in pre- and post-crisis transition probabilities. In general, 

intangible capital investment is adversely affected by the crisis. Chinese regions, especially those 

with higher intangible capital intensity, tend to reduce investment in the post-crisis era. Investment 

clusters are not apparent in the second sub-periods. Compared with the pre-crisis transition path, 

                                                
18 Regarding interior regions, intersection values are greater in the conditional MPP plot compared with that in the 
unconditional one. The peak of the corresponding ergodic distribution also moves closer to zero. Similar to the coastal 
zone, it is easier for interior regions to converge to their neighbours’ mean than to the national mean. 
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most Chinese regions tend to converge to a lower RICI level based on the post-crisis transition 

path.  

 When we divide the regions into two economic zones, we find evidence supporting the 

idea that coastal regions dominant in intangible capital investment. In contrast, most interior 

regions lag behind, with investment levels far below the national average. Based on mobility 

probability plots and ergodic distribution plots, interior regions struggle to increase investment in 

the long run. Furthermore, as a robustness check of the importance of spatial factors, intangible 

investment distributions are re-estimated conditioning the average level of neighbouring provinces. 

The conditional RICI distribution dynamics change considerably, which highlights the role of 

knowledge spill-overs. We then find that it is easier for Chinese regions to converge to their 

neighbours’ mean rather than the national mean investment. 

 Our findings suggest important implications for policy makers. First, intangible capital 

development is unbalanced in China. As an increasingly important economic power, it is crucial 

for China to strengthen its intangible infrastructure, especially in laggard interior regions. Beyond 

that, it also important to develop standards, rules and norm that underpin business’ intangible 

investment (Haskel and Westlake, 2018). Technological synergies are crucial for an intangible 

economy while norms and standards safeguard such synergies. For instance, technological 

progress allows softwares to become more compatible overtime, but also more susceptible to 

illegal intellectual property (IP) right violations and privacy breaches. As such, well-designed 

regulations should help protect IP, facilitate balance between personal privacy and data collection 

and analyses.19 

 A second important finding is that a large gap is found in intangible capital investment 

between the coast and interior zones, and is predicted to be enlarging and lead to bimodal 

“convergence clubs” in the future. Spill-over effects play a crucial role in the distribution of 

intangible capital investment, and convergence is more likely to happen in adjacent regions first.  

With respect to this empirical regularity, the government may take advantage of spill-over effects 

by establishing intangible-intensive centres in middle-sized interior regions, reducing 

geographical barriers, and expand internet coverage. From the experiences of the special economic 

zone program, these clusters will benefit from a combination of intangible tax breaks, flexible 

financial supports, university-industry research collaborative joint-ventures, intangible capital 

subsidies, among other policies. 

                                                
19 An example of encouragement to intangible investment is the introduction of IP right protection. Thanks to the 
consistent effort from the government in enforcing this right, the numbers of computer software copyright registered 
increases by 83 percent in 2017 (SCIO, 2018). Other endeavours such as establishment of national funds for 
technology transfer, copyright transaction centres, and pilot commercialization centres (located in Xi’an and Zhuhai) 
have also supported the transfer and commercialization of intangible assets in recent years. 
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Figure A1. Three-year and Five-year Transition Dynamics, 31 Provinces 
Three-year Five-year 

A. Conditional Probability Kernel 

  
B. Contour of Conditional Probability Kernel 

  
C. Mobility Probability Plot 

     
D. Ergodic Density Distribution 

      
Notes: See notes to Figure 5.1. Source: Authors’ own work. 
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Figure A2. Annual Conditional Transition Dynamics, Coastal and Interior Regions 

Coastal Interior 
A. Conditional Probability Kernel 

  
B. Contour of Conditional Probability Kernel 

  
C. Mobility Probability Plot 

     
D. Ergodic Density Distribution 

      
Notes: See notes to Figure 5.1. Source: Authors’ own work.  
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