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This paper presents a few stylized facts on the patterns of China's industrialization by comput-
ing a set of multi-dimensional measures on industrial concentration, regional specialization,
and clustering based on census data at the firm level in 1995 and 2004. Our results show
that China's rapid industrialization is characterized by the following patterns: industries
have become more spatially concentrated; regions have become increasingly specialized;
and firms have become more interconnected, both within industries and within regions. In ad-
dition, the number of firms is growing faster in clustered areas than non-clustered ones. To-
gether these patterns suggest that China's industrialization process is largely cluster-based—
a phenomenon in which a large number of highly interconnected firms are located within a
well-defined geographic region.
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1. Introduction

In the past three decades, China has experienced the same degree of industrialization that took two centuries to occur in Eu-
rope (Summers, 2007). The rapid industrialization has been accompanied by the emergence of numerous “specialty cities”. Thou-
sands of firms, large and small, each specialized in a finely defined production step, are lumped together in a densely populated
region, where some particular manufactured consumer good is churned out in millions (if not billions) annually. Many formerly
rural towns in the coastal areas have become so specialized that they proclaim themselves to be the world's Socks City, Sweater
City, Kid's Clothing City, Footwear Capital, and so on. Despite numerous popular media reports on this phenomena, few studies
have rigorously documented these patterns using data covering a large sample over a long period.1

Each of the specialty cities described above fits Porter's concept of an industrial cluster, which is “a geographically proximate
group of inter-connected companies (and associated institutions) in a particular field” (Porter, 2000, 6). Is increasing clustering a
general pattern of China's industrialization and economic growth over the past three decades? In this paper, we plan to explore
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this issue by conducting the following tasks. First, we will propose newmeasures for industrial clustering that capture the degree
of interconnectedness among firms within the cluster. Next, we will document the patterns of clustering in China by constructing
three sets of multi-dimensional measures: (1) the conventional concentration measure for geographic concentration of indus-
tries, (2) an extension of the concentration measure to gage the degree of regional specialization, and (3) the clustering measure
proposed above. Finally, we will evaluate the drivers behind clustering in China.

Geographic concentration of industries (or industrial concentration) and regional specialization are sometimes used inter-
changeably in the literature (for example, Bai, Duan, Tao, & Tong, 2004). In our view, however, regional specialization is better
reserved for describing howmuch a region chooses to focus on production in a limited number of industries. This is quite distinct
from an industry's total production being concentrated in a small number of regions, which is the defining feature of industrial
concentration.

In contrast to the two concepts discussed above, agglomeration is often used in the literature of spatial economics. It not only
emphasizes how specialized a region is, but it also relates to how close (and consequently interconnected) the firms are within a
region. However, because the degree of agglomeration is usually measured by the regional concentration of industries, these two
concepts are often used interchangeably in the literature. To highlight the importance of interconnectedness among firms and in-
dustries, we will reserve the usage of clustering throughout this paper for the case where firms (and other related institutions)
within a well-defined geographic region maintain a high level of interaction among themselves. In contrast, we will use agglom-
eration in a more general sense (i.e., any place witnessing high industrial concentration, also referred as spatial agglomeration),
and will treat clustering as a special case of agglomeration where the interaction among firms is an integral feature. For a graphic
illustration for how these concepts relate to one another, see Diagram 1.

The definition of clustering thus suggests that the phenomenon is usually accompanied by regional specialization, a relation-
ship that follows naturally from the high interconnectedness among firms in the same region of clustering. In addition, increased
geographic concentration of industries may also occur in successful clusters thanks to the increased productivity of firms in the
cluster and their enhanced competitiveness on the national market. Consequently, multi-dimensional variables are needed to
fully describe the phenomenon of clustering–including the conventional ones measuring regional specialization and industrial
concentration–as well as those documenting interactions among firms and industries. The aforementioned is the approach
taken in the current study.

The structure of this paper is as follows. Section 2 reviews the literature on the measurement of these related phenomena and
that on China's industrialization. Section 3 describes the data and the specific procedures for constructing the various measures,
while Section 4 presents the patterns of China's industrialization based on these measures. Section 5 provides a preliminary anal-
ysis of why China has seen increased clustering during 1995–2004, and a short conclusion is offered in Section 6.

Diagram 1. Regional Specialization within Industry (1995 v. 2004): CR3. Note: The left figure presents the distributions of the Krugman Gini coefficient in 1995
versus 2004 computed at the county level, while the right figure presents the corresponding distributions for the proximity measures. All the data is computed by
authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004.
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2. Literature review

The first strand of literature relating to our paper is on industrial districts. As highlighted by Marshall (1920), industrial dis-
tricts generate several positive externalities for firms: better access to the market and suppliers, labor pooling, and easy flow of
technological know-how. Along this line of argument, Fujita, Krugman, and Venables (2001) stress that spatial concentration is
a key feature of industrialization; indeed, industrialization is often accompanied by the spatial agglomeration of industrial
activities.

The industrialization process in Italy, Japan, and other East Asian countries and regions closely follow the Marshallian industrial dis-
trict model (Becattini, 1990). In this developmentmodel, a large number of small andmedium enterprises (SMEs) often cluster together
with comprehensive vertical division of labor. The Marshallian industrial district model was popular in the early era of European indus-
trialization. One noted example is the putting-out system in the U.K. prior to its industrialization, in which a merchant obtained market
orders and subcontracted the production to nearby farmers or skilled workers who usually finished the work in their homes or family
workshops (Hounshell, 1984). Industrial districts where different workshops and factories cluster together were ubiquitous in France
and Italy until the mid-twentieth century and are still viable in some regions of Italy (Piore & Sabel, 1984; Porter, 1998). The putting
out system was also widely observed in nineteenth-century Japan (Nakabayashi, 2006). Outsourcing (or subcontracting), the modern
variant of the traditional putting-out system, remains a major feature of industrial production organization in contemporary Japan and
Taiwan (Sonobe & Otsuka, 2006a, 2006b).

However, the patterns of industrialization in the later period in the US and UK seem to reject the Marshallian industrial district
model. In the U.K., the decentralized production system scattered in family workshops was replaced by a large integrated factory sys-
tem during the Industrial Revolution (Landes, 1998). The trend was similar andmore evident in the U.S. during its industrialization in
the 19th century (Chandler, 1977). The auto industry, for example, became highly concentrated in the Detroit metropolitan area with
several dominant firms. Markusen (1996) proposed three additional types of industrial districts: a hub-and-spoke industrial district,
centering on a few dominant externally oriented firms; a satellite platform—a congregation of branch facilities of externally based
multi-plant firms; and a state-anchored district, which rely on one or more public institutions. The Detroit auto cluster fits into the
hub-and-spokemodel. In the US, the hub-and-spokemodel is themost popular mode of clustering. In this paper, wewill focus our dis-
cussions on Marshallian and hub-and-spoke models, as the two types of clusters are less prevalent in China.

The key difference between the Marshallian and hub-and-spoke clustering models is that the first encompasses a finer vertical
division of labor in the production process. By dividing a production process into incremental stages, a large lump-sum invest-
ment can be divided into many small amounts, therefore lowering the capital entry barriers (Long & Zhang, 2011; Ruan &
Zhang, 2009; Schmitz, 1995). Therefore, this mode of industrial organization is more widely observed in countries or regions
with scarce capital, abundant labor, and a less developed financial sector.2

Unfortunately, the existing literature has not provided much insight on how to measure and distinguish between the two types of
industrial districts described above. Instead, most studies rely on various measures of the geographic concentration of industries. For
example, the market share in output of the top, say, three regions in an industry is often used as a concentration measure. The advan-
tage of this measure is that it is easy to calculate and interpret, but when the distribution of firms is relatively spread out, it may miss
those regions below the cut-off lines. To overcome this problem, the Gini coefficient is often used to calculate the regional variation of
output shares for all of the firms in an industry. Krugman (1991) furthermodifies the Gini coefficient by accounting for the discrepancy
between a region's share of output in an industry and its share in all industries in calculating the Gini coefficient.

Obviously these concentrationmeasures do not distinguish between the two kinds of industrial districts: onewhere a small number
of large firms with minimal inter-firm connections are located, versus the other where a large number of small firms congregate and
interact closely with one another, which we refer to as clusters. While the first type characterizes cities such as Detroit, the second
type of industrial district, or clustering, is the one that better fits the patterns observed in coastal China (see Diagram 1). The first con-
tribution of the current paper is thus to propose and construct measures that capture the feature of interconnectedness in clusters.

The second strand of literature relevant to the current study is the debate on China's industrialization, for which previous stud-
ies seem to have provided mixed conclusions related to two questions. First, have Chinese regions become more or less special-
ized? Second, have Chinese industries become more or less geographically concentrated?

On the issue on regional specialization, Young (2000) found that China's regions had become less specialized up to the early
1990s among the broadly defined sectors of agriculture, industry, construction, transportation, and commerce (or at the even
more aggregated primary, secondary, and tertiary sectors). These results are interpreted as evidence for high inter-regional
trade barriers in China, which had obstructed regional specialization among industries and hindered the division of labor
among regions, thus leading to more market fragmentation, at least till the early 1990s. Yet several subsequent studies produced
findings opposite to those in Young (2000) (Huang, Rozelle, & Chang, 2004; Wei & Fan, 2006; Zhang & Tan, 2007). In particular,
using data similar to Young (2000) but with a longer and more recent period, Zhang and Tan (2007) showed that the regional
distribution of industries initially became more dispersed before growing more concentrated after 1991. Thus, the increasing
market fragmentation up to the early 1990s documented in Young (2000) may have been reversed later on.

Related to the issue of agglomeration (or geographic concentration of industries), using data from the Second and the Third national
industrial censuses, Wen (2004) showed that Chinese manufacturing industries have become increasingly geographically concentrated
up to 1995. Basedon apanel data set of 32 industries in 29provinces, Bai et al. (2004) similarly found that the geographic concentration of

2 This does not mean that Marshallian clusters are absent in developed countries. The Marshallian industrial districts can still be observed in developed coun-
tries. For example, the high-tech clusters in the biotech sector in the US are largely dominated by small firms.
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industrial production has become increased for the period of 1984–1997. Although they do not directly address the same question as
Young (2000), the findings from both studies suggest a more integrated market in China, which is in contrast to Young's results.3

The mixed findings from previous studies may be due to their different levels of aggregation and time periods covered. In ad-
dition, these studies all use data from the earlier time period of the 1980s or the 1990s. Thus an additional contribution that the
current paper can make to the literature is to extend the previous analysis to a more recent period and shed more light on the
debate described above, given our access to firm-level data nationwide for a longer time period including more recent years,
which can be aggregated at different levels.

Several in-depth case studies and popular media reports suggest that China has followed the cluster-based industrialization path
(Huang, Zhang, & Zhu, 2008; Ruan & Zhang, 2009; Sonobe, Hu, & Otsuka, 2002, 2004). However, there is a large degree of diversity
among clusters in different places. For example, in Guangdong province, there are hundreds of specialized towns (Bellandi & Di
Tommaso, 2005; Enright, Scott, & Chang, 2005). Some of them are structured around foreign firms or big joint ventures with mul-
tinational firms, while others are dominated by SMEs, some of which were converted from town-village enterprises. In Zhejiang
province, however, most clusters originated from local entrepreneurs (Marukawa, 2006) and the share of the output values from
FDI accounts for less than 5% in 2007 (Wang & Mei, 2009). Given China's vast size and heterogeneity across regions, it is unclear
whether clusters in China generally adhere more closely to the hub-and-spoke model or the Marshallian industrial district model.

However, to our knowledge, there have been no systematic quantitative studies based upon large samples to empirically test
which type of agglomeration China has followed during its course of rapid industrialization. 4

For example, Sonobe et al. (2002) studiedhowa garment cluster formed in a rural town in Zhejiang Province startingwith small-scale
production. Fleisher, Hu,McGuire, and Zhang (2010) conducted a follow up survey on the same cluster to study the quality upgrade pro-
cess of the cluster. Huang et al. (2008) detailed how the footwear cluster inWenzhou helped overcome financial, institutional, and tech-
nological barriers. Ruan and Zhang (2009) in particular demonstrated that clustering lowered capital entry barriers and enabled more
entrepreneurs to participate in the production process. These studies provide insight into both the emergence of industrial clusters in
China andhow these clusters haveworked to facilitate further growth in their regions. However, it is not clearwhether these case studies
can be generalized and thus help shed light on the evolution of China's industrialization over time.

To fill in these gaps in the literature, we will first propose measures that better capture the feature of clustering, i.e., the inter-
connectedness among firms in the same cluster. Furthermore, we will compare these clustering measures with the more conven-
tional measures on geographic concentration and regional specialization, based on a comprehensive data set comprising of all
industrial firms in China in 1995 and 2004. Thus, we are able to document the general patterns of China's industrialization and
better describe the various features of clustering in China using more wide-ranging measures.

3. Data and measures of clustering

We begin by describing the data, and then move on to propose new measures for interconnectedness: industrial proximity
(based on Hausmann and Klinger's work), and the ratio between value added and output. The rest of the section discusses the
construction of the new and conventional measures for clustering.

3.1. Data description

We utilize firm-level data from the China National Bureau of Statistics, 1995 and the China National Bureau of Statistics, 2004
for analysis in this paper. Compared to datasets used in previous studies on China's industrialization patterns (Bai et al., 2004; Lu
& Tao, 2009; Wen, 2004; Young, 2000; Zhang & Tan, 2007), our datasets have more comprehensive coverage with respect to both
time and the number of firms—spanning a time period of nine years and including industrial firms of all sizes (not only those
above a certain scale). Table 1 and Table 2 present summary statistics of gross industrial output from the censuses by industry
and by region, respectively. Table 3 compares the sample of our data sets with the published national aggregate statistics for
China in 1995 and 2004. As shown in the table, our data sets capture the whole universe of Chinese industrial firms in these
two years.

Since the data is at the firm level, we can aggregate them at any level of our choice, such as county, prefecture, or province, for
regional aggregation, and 2, 3, or 4-digit industry level for sectoral aggregation. For the main part of the analysis, we choose prov-
ince and 2-digit CIC (China Industry Code) as the levels of aggregation. But for robustness tests, we also use prefecture and county
levels for geographic aggregation, and 3-digit and 4-digit CIC for industrial aggregation.

Because China modified its industry coding system in 2002 (switching from GB1994 to GB2002), wematch industry codes that
have changed from 1994 to 2002 as follows: for industry codes that have become more disaggregated, we use the 1994 codes as
the standard; for those that have become more aggregated, we use the 2002 codes as the standard. In other words, we use the
more aggregate codes to group and compare industries between 1995 and 2004. During the period between the two censuses

3 Bai et al. (2004) use the terms “regional specialization” and “geographic concentration of industries” interchangeably (see page 400 in Bai et al., 2004), which
is in contrast to our distinct treatments of the terms.

4 In spirit, our study is similar to Lu and Tao (2009) which is based on a sample of large firms. They found that the extent of industrial agglomeration in China
has increased steadily from 1998 to 2005. However, their sample excludes the small and medium firms and focuses only on regional concentration measures.

596 C. Long, X. Zhang / China Economic Review 23 (2012) 593–612



(1995–2004), some counties have also been elevated to cities and have changed their names. We have carefully tracked these
changes to match the counties throughout the time period.

3.2. A new measure of interconnectedness: industry proximity

As discussed before, the conventional measures used in the agglomeration literature do not adequately describe the type of
agglomeration observed in China, which we refer to as clustering. Although the clustering concept is intuitive and easy to under-
stand, the measurement of interconnectedness seems more elusive. This is mainly because the ideal information at the firm level
needed for measuring interconnectedness is largely absent in reality, as such information will require detailed accounts on who
and how often the firms interact with on a regular basis.

Lacking the first-best information, we read Porter's concept of clustering more carefully to explore alternative ways of measur-
ing interconnectedness among firms. When delineating the main actors within a cluster, Porter states, “They include, for example,
suppliers of specialized inputs such as components, machinery, and services as well as providers of specialized infrastructure. Clusters
also often extend downstream to channels or customers and laterally to manufacturers of complementary products or companies
related by skills, technologies, or common inputs” (Porter, 2000, 16–17, italics added by authors). In addition, Porter emphasizes
that one main benefit derived from geographically concentrated clusters is that industries in the same cluster share common
technologies, skills, knowledge, inputs, and institutions.

The statements cited above suggest one way to measure interconnectedness as envisioned in the cluster concept by Porter. If
industries and firms produce similar goods, then they are more likely to use similar combinations of inputs in their production

Table 1
Summary statistics of firm gross industrial output by 2-digit industry.

1995 2004

Industry Mean sd No. of firms Mean sd No. of firms

Coal mining and dressing 9664 96,605 11,953 17,643 224,515 26,822
Petroleum and natural gas extraction 1,066,011 4,254,463 134 962,613 5,758,893 481
Ferrous metals mining and dressing 5228 25,019 2141 9554 46,737 10,256
Nonferrous metals mining and dressing 8554 36,978 3766 14,919 104,298 6075
Non-metallic mineral mining and dressing 3087 11,114 11,820 3293 19,150 34,945
Other minerals mining and dressing 2515 4604 149 3948 23,920 263
Foodstuff processing industry 10,042 40,142 30,962 13,719 105,609 69,521
Foodstuff manufacturing industry 5856 34,955 16,313 11,026 87,351 29,811
Beverage manufacturing industry 7852 43,376 14,719 10,740 96,640 25,485
Tobacco processing 237,406 902,942 423 885,794 2,275,005 281
Spinning industry 18,002 53,656 24,459 14,029 100,348 83,011
Manufacturers of clothes and other fiber products 7453 25,219 18,937 9671 58,140 48,250
Leather, fur, feather and other products 9308 30,236 10,468 13,816 59,022 22,677
Timber processing and bamboo, cane, palm, straw products 2620 12,020 15,480 5072 32,941 37,028
Furniture 2580 9564 8760 6255 39,320 23,892
Paper makers and paper products 7304 27,232 13,890 10,005 83,103 39,669
Printing and record medium reproduction 2553 9898 16,763 4234 21,719 44,070
Teaching and sport products for daily use 8575 31,219 5356 9702 42,732 14,711
Oil processing and refining 73,925 716,204 2744 126,789 1,373,127 7146
Chemical material and products 13,750 116,761 26,872 19,175 239,355 69,120
Pharmaceutical and medicine manufacturing 16,527 61,057 6051 29,861 148,194 11,271
Chemical fibers 76,277 474,156 1034 59,128 329,805 3372
Rubber products 13,294 74,614 4663 13,490 128,384 15,178
Plastic products 5856 20,254 19,255 7573 44,341 69,729
Non-metallic mineral products 4926 18,678 61,278 6306 32,082 157,734
Smelting and pressing of ferrous metals 44,108 479,425 8429 84,284 961,069 20,494
Smelting and pressing of non-ferrous metals 29,697 143,612 4621 41,174 259,277 15,162
Metal products 5534 24,407 26,744 7849 52,709 80,976
Common machines 7719 41,075 31,474 9032 80,815 113,691
Special equipment 10,805 69,347 18,391 10,556 84,887 55,095
Traffic equipment 17,009 216,986 19,522 27,664 475,230 51,844
Manufacture of electrical machinery and apparatus 13,206 74,917 18,928 20,680 249,967 54,979
Electrical machines and equipment 34,343 250,416 5489 74,793 1,048,297 15,211
Electronic and communication equipment 12,552 75,699 9735 40,516 532,205 35,203
Instruments, culture and office devices 4576 17,211 12,127 6966 38,783 26,627
Recycling of material waste and scrap 2799 10,227 4440 4491 28,720 6156
Electricity, steam, thermal power production and supply 19,369 107,370 12,600 60,653 1,052,128 24,568
Coal gas production and supply 20,474 82,663 372 30,310 130,000 1445
Tap water production and supply 3545 29,942 5147 5058 34,173 11,035
Total 10,763 134,410 506,409 16,198 310,686 1,363,284

Calculated by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004. The gross industrial output is reported in
1000 s of RMB at current price.
*** Statistically significant at 1% level.
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processes, and more likely to rely on the same set of suppliers and clients, and thus are more likely to be interconnected through
skills, technologies, and other common inputs. The similarity among products of industries can thus be used as a measure for clus-
tering, as defined by Porter.

The proximitymeasures proposed byHausmann andKlinger (2007) allowus to implement the abovemeasure of interconnectedness
among industries (and participating firms) in a cluster. They constructed a proximitymatrix for all four-digit SITC products, in which the
proximity between any two goods captures their similarity in the following sense: If the two goods need the same combination of inputs
(or endowments and capabilities) to produce, then there is a higher probability that a country has a comparative advantage in both, and
the two products are more likely to be both exported. In other words, the proximity between each pair of goods can be computed as the

Table 2
Summary statistics of firm gross industrial output by province.

1995 2004

Province Mean sd Number of firms Mean sd Number of firms

Beijing 15,067 256,247 9623 18,926 418,528 31,364
Tianjin 13,638 155,565 10,735 23,949 500,129 25,432
Hebei 9216 80,343 23,592 15,789 201,284 64,062
Shanxi 8538 91,723 11,416 14,490 216,240 28,641
Neimeng 5559 83,740 9432 19,689 223,747 11,759
Liaoning 10,184 171,331 29,435 16,844 365,899 54,115
Jilin 7751 167,292 13,100 22,085 542,689 16,037
Heilongjiang 8524 308,216 18,745 19,613 738,370 20,101
Shanghai 23,260 273,997 16,690 26,263 499,886 55,315
Jiangsu 15,815 106,861 41,582 15,618 262,800 187,212
Zhejiang 10,363 58,130 32,725 11,236 173,580 187,588
Anhui 6912 64,940 23,474 10,808 189,114 38,827
Fujian 8080 47,063 19,038 15,126 225,394 49,532
Jiangxi 4528 45,443 18,253 9331 146,981 29,144
Shandong 17,466 179,590 26,980 20,477 303,314 119,699
Henan 9703 75,318 23,119 12,065 164,347 76,292
Hubei 10,432 139,562 20,881 18,191 359,619 28,937
Hunan 5738 66,417 23,720 9668 145,047 43,529
Gongdong 17,715 114,052 34,536 22,969 473,908 136,606
Gongxi 7719 42,786 12,312 11,870 155,918 18,753
Hainan 9932 52,781 1278 21,086 198,547 2025
Chongqing 6676 82,141 11,456 12,677 149,313 20,359
Sichuan 6675 74,866 26,380 12,137 168,971 43,325
Guizhou 5500 48,962 7450 13,831 178,497 10,996
Yunnan 13,970 223,904 6267 16,157 239,845 14,271
Tibet 2343 6554 295 7004 22,096 354
Shaanxi 6182 60,000 12,950 12,251 209,434 25,573
Gansu 8260 109,848 7140 14,648 305,597 11,549
Qinghai 8193 77,821 1446 17,524 218,482 2168
Ningxia 9011 56,606 1706 15,132 151,483 3984
Xinjiang 9990 187,435 5077 28,813 441,176 5735
Total 10,725 134,909 500,833 16,198 310,686 1,363,284

Calculated by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004. The gross industrial output is reported in
1000 s of RMB at current price.

Table 3
Comparing the aggregated output values from the two censuses with published figures.

Gross Industrial Output (Trillions of RMB, at current price)

Sample (1) Statistical Yearbook (2) (1)/(2)*100%

1995 5.495 5.528 99.438
2004 20.174 18.722 107.754

Industrial value added (Trillions of RMB, at current price)

Sample (3) Statistical yearbook (4) (3)/(4)*100%

1995 1.536 1.545 99.445
2004 5.678 5.481 103.604

The figures under the headings of Sample (2) and (3) are calculated by authors based on China National Bureau of Statistics, 1995 and China National Bureau of
Statistics, 2004. The official figures for gross industrial output and industrial value added under the headings of Statistical Yearbooks (2) and (4) are from China
Statistical Yearbook in 1996 and 2005. However, the official figures in the China National Bureau of statistics, 2005 do not include non-state owned small enter-
prises below a certain scale. Therefore, the ratio of the tabulated to official figures exceeds one in 2004.
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probability that a country has net exports in both, averaged over all countries in theworld (See the Appendix for amore detailed discus-
sion on how the Hausmann–Klinger proximity matrix is constructed and what advantages it has in measuring industry clustering).

It follows then that firms and industries that produce products with a higher proximity are more likely to interact with one
another in various ways, including dependence on similar inputs (be they raw materials, labor, or machinery), reliance on similar
technologies and research and development, and even dependence on the same supply or marketing facilities. Thus, those indus-
tries producing commodities that are more proximate in the Hausmann–Klinger space are likely to be more interconnected in the
Porter sense. As a result, this proximity measure can be used to provide a gage for how closely interconnected industries and their
participating firms are within a specific region.

To implement the idea of measuring interconnectedness among firms using product proximity, we begin with the Hausmann
and Klinger proximity matrix. Because the matrix is computed for products at the four-digit SITC level, we have made a concerted
effort to convert the CICs first to ISICs and then to SITCs based on the manuals obtained from China's National Bureau of Statistics
as well as correspondence tables from Eurostat and the United Nations. Given that both CICs and ISICs are industry-level codes,
while SITCs are based on products, there are many cases in which we have one industry corresponding to more than one product.
In such cases, we assign equal weights (that sum up to 1) to all the products made in the industry.

We then follow the procedures below to construct the interconnectedness measure, which we will refer to as the proximity
measure henceforth: (1) aggregate firm level data to the cell level, where the cell is defined as a combination of province (or
county) and a 4-digit CIC industry; (2) for each industry in a region, calculate its average proximity to all industries located in
the same region, using the Hausmann–Klinger product proximity matrix, where the average proximity (for each industry) is com-
puted as a weighted average using the size of the other industry in each pair as the weight; (3) finally, the average industry prox-
imity for each region is computed as the average of the (average) proximities of all the industries in that region, weighted by the
size of each industry.

The proximity measure can be based on output, employment, or assets, depending on the weights used to adjust for the size of
each industry. We could potentially use all of these measures, as they provide different angles of clustering and interconnected-
ness. Among the three advantages outlined by Marshall (1920), output-weighted proximity is probably more conducive to tech-
nological spillovers, since the output can be used as input in the production of other industries in the same region, while
employment-weighted proximity implies more labor-market pooling, and asset-weighted proximity more specialized supplies,
especially in capital goods. All of these effects of agglomeration will lead to higher productivity at the firm level, thus revealing
the positive spillover effects of clustering.5

3.3. Other measures of clustering

While the proximity measure described above provides information on how industries within a certain region are technolog-
ically close to one another, the value added/output ratio measures how close firms are to one another technologically within an
industry. As the ratio increases, the number of transactions among firms within industries drops, implying a lower level of inter-
connectedness. Thus there is an inverse relationship between the average value added/output ratio among firms in the same in-
dustry and the level of interaction in that industry.

To better distinguish the Detroit style versus the Chinese style of clustering, we also compute one more set of measures—the
per region number of firms and the regional average firm size for each industry, as well as their geographic distributions. In ad-
dition, we compute the conventional concentration measures to study both the geographic concentration of industries and re-
gional specialization, which also permit comparison with the existing findings.

In particular, the concentration indices we use include the total share of gross industrial output (asset or employment) con-
tributed by the top three industries or regions (referred to as CR3 henceforth), as well as the corresponding Gini coefficient
and Krugman–Gini coefficient. When these measures are computed for each industry (thus with regions as producers), they
are referred to as industrial concentration (or geographic concentration of industry) indices. Similar measures become indicators
for regional specialization when they are computed for each region (i.e., with industries as producers).

In summary, we have three sets of measures describing the geographic concentration of Chinese industries (CR3, Gini, and
Krugman–Gini of regional output for each industry), the distribution of their numbers and sizes, and interaction of firms within
the same industry (the average value added/output ratio for each industry). We also have two measures describing the regional
specialization in China (CR3, Gini, and Krugman–Gini of sectoral output for each region) and the interaction of firms within the
same region (industry proximity for each region). Next we will discuss the patterns of China's industrialization based on these
measures.

4. Patterns of China's industrialization

The above measures reveal several patterns regarding China's industrialization process between 1995 and 2004. We begin
with patterns along the sectoral dimension (4.1–4.3) and then present those along the regional dimension (4.4 and 4.5). Although
the discussion below is based on measures using output, results based on asset values are very similar. Measures using employ-
ment data tend to give different patterns, but the employment-based results are less dependable, as the state-owned enterprises

5 See Long and Zhang (2011) for more detailed discussions.
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shed millions of jobs in the restructuring process during this time period, rendering the employment figures less reliable. The sec-
tion finishes with a discussion on how these patterns relate to one another. Although mutually consistent to a large degree, there
are also some important differences in how well the various measures capture the patterns of clustering in China.

4.1. Increasing industrial concentration

Table 4 compares three concentration measures between 1995 and 2004 at the more aggregate level: the total output share of
the top three producing provinces, the Gini coefficient of output across all provinces, and the Krugman–Gini coefficient of output
across all provinces, all computed for each of the 2-digit CIC industries. It is clear that between 1995 and 2004, most industries in
China have become more concentrated geographically, as all the three measures yield consistent results of increased industrial
concentration. The last two rows list the weighted sample means for each of the measures as well as the 1995–2004 differences
and their t-statistics, showing that the differences are statistically significant.6

Table 5 further lists the top three provinces ranked by output for each of the industries. A detailed analysis of the determinants
of such location patterns is beyond the scope of this paper, but explanations offered in Wen (2004) for the geographic patterns of
industries in 1995 seem to largely apply for the time period of 1995–2004 as well. Briefly, affinity to natural resources, availability
of labor and infrastructure, as well as policy initiatives, could all explain the output rankings of Chinese regions in different

Table 4
Industrial concentration.

Industry CR3_2004 CR3_1995 yr2004_gini yr1995_gini yr2004_Kgini yr1995_Kgini

Coal mining and dressing 0.495 0.390 0.610 0.574 0.556 0.567
Petroleum and natural gas extraction 0.486 0.570 0.632 0.651 0.712 0.655
Ferrous metals mining and dressing 0.486 0.422 0.607 0.574 0.612 0.772
Nonferrous metals mining and dressing 0.488 0.369 0.638 0.582 0.542 0.579
Non-metallic mineral mining and dressing 0.348 0.322 0.524 0.540 0.382 0.483
Other minerals mining and dressing 0.612 0.488 0.746 0.598 0.750 0.592
Foodstuff processing industry 0.419 0.302 0.574 0.470 0.326 0.244
Foodstuff manufacturing industry 0.341 0.307 0.530 0.512 0.337 0.336
Beverage manufacturing industry 0.319 0.305 0.487 0.483 0.352 0.259
Tobacco processing 0.367 0.457 0.525 0.614 0.626 0.688
Spinning industry 0.629 0.434 0.748 0.641 0.438 0.306
Manufacturers of clothes and other fiber products 0.591 0.511 0.770 0.716 0.595 0.465
Leather, fur, feather and other products 0.593 0.431 0.771 0.665 0.596 0.441
Timber processing and bamboo, cane, palm, straw products 0.414 0.290 0.617 0.526 0.441 0.531
Furniture 0.500 0.373 0.693 0.559 0.395 0.292
Paper makers and paper products 0.486 0.297 0.666 0.481 0.365 0.226
Printing and record medium reproduction 0.443 0.352 0.609 0.504 0.323 0.308
Teaching and sport products for daily use 0.659 0.559 0.803 0.693 0.658 0.445
Oil processing and refining 0.338 0.457 0.529 0.632 0.517 0.493
Chemical material and products 0.420 0.349 0.570 0.512 0.192 0.215
Pharmaceutical and medicine manufacturing 0.308 0.326 0.472 0.503 0.406 0.276
Chemical fibers 0.710 0.598 0.777 0.706 0.555 0.462
Rubber products 0.493 0.432 0.678 0.580 0.483 0.397
Plastic products 0.544 0.448 0.706 0.636 0.374 0.299
Non-metallic mineral products 0.371 0.320 0.561 0.501 0.318 0.233
Smelting and pressing of ferrous metals 0.378 0.391 0.527 0.558 0.321 0.357
Smelting and pressing of non-ferrous metals 0.293 0.285 0.465 0.418 0.493 0.494
Metal products 0.524 0.443 0.705 0.612 0.339 0.241
Common machines 0.493 0.592 0.668 0.683 0.350 0.330
Special equipment 0.407 0.359 0.607 0.532 0.300 0.338
Traffic equipment 0.290 0.389 0.541 0.570 0.524 0.418
Manufacture of electrical machinery and apparatus 0.553 0.440 0.718 0.654 0.392 0.371
Electrical machines and equipment 0.720 0.555 0.813 0.727 0.658 0.588
Electronic and communication equipment 0.638 0.588 0.792 0.723 0.634 0.497
Instruments, culture and office devices 0.610 0.406 0.774 0.658 0.559 0.428
Recycling of material waste and scrap 0.348 0.453 0.569 0.645 0.545 0.337
Electricity, steam, thermal power production and supply 0.306 0.267 0.446 0.419 0.250 0.258
Coal gas production and supply 0.404 0.499 0.545 0.633 0.408 0.418
Tap water production and supply 0.391 0.381 0.508 0.521 0.357 0.390
Weighted sample mean 0.460 0.387 0.622 0.563 0.424 0.370
Difference 0.073 (0.015)*** 0.060 (0.010)*** 0.054 (0.013)***

The concentration measures for each of the 2-digit CIC industry across provinces are computed by authors based on China National Bureau of Statistics, 1995 and
China National Bureau of Statistics, 2004.
*** Statistically significant at 1% level.

6 The few industries that experienced declines in their geographic concentration mainly include the tobacco industry, the oil and utility industries, and the
transportation equipment industry, where the decline in concentration may be explained by continued local protectionism (Bai et al., 2004).
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industries. In addition, as the trend of industrial concentration has intensified between 1995 and 2004, the initial conditions listed
above seem to have become more important in determining the geographic allocation of industries over time. It is also apparent
from the table that several coastal provinces, such as Guangdong, Zhejiang, Jiangsu, and Shandong, have become dominant in a
greater number of industries.

Although the tables above provide information that can be easily interpreted, industrial clusters are more appropriately de-
fined at a more disaggregate level, such as county or township level.7 Thus we now present additional evidence showing the evo-
lution of clustering at the county level. Fig. 1-1 illustrates that patterns similar to those found above are observed when county
level data are used to compute the Krugman Gini for each of the 4-digit CIC industries. The density distributions for the Krugman
Gini are shown for 1995 and 2004, with the distribution in the later year substantially to the right of that in the earlier year, in-
dicating greater concentration among Chinese counties in 2004 than in 1995 even for 4-digit CIC industries.

4.2. Greater concentration of more equally sized firms

As discussed previously, the industrial concentration measures do not distinguish between the Detroit-style and the Chinese-
style industrial districts, since the concentration measure is an aggregate measure concealing most firm-level details. To explore
the distinction between these two types, we study additional measures, with the first ones being the number of firms and the av-
erage firm size in a certain region, constructed for each industry.

Table 6 lists the per province number of firms and the provincial average firm size for each industry. As shown in the table, for
each 2-digit industry, the number of firms in a province has on average increased from 543 to 1550 from 1995 to 2004, a very

7 Because the data available to us do not have location identifiers at the township level, we can only calculate the cluster measures at the more aggregate pro-
vincial and county level but not at the township level.

Table 5
Top producing provinces for each 2-digit industry.

Industry Prov1 _04 Prov2 _04 Prov3 _04 Prov1 _95 Prov2 _95 Prov3 _95

Coal mining and dressing SX SD HEN SX SD HEB
Petroleum and natural gas extraction HLJ SD XJ HLJ SD XJ
Ferrous metals mining and dressing HEB LN SX HEB LN AH
Nonferrous metals mining and dressing SD HEN HUN SD JX HEN
Non-metallic mineral mining and dressing SD HEN ZJ SD JS AH
Other minerals mining and dressing HLJ HEN SD GX ZJ HEN
Foodstuff processing industry SD HEN JS SD JS GD
Foodstuff manufacturing industry SD GD HEN SH GD SD
Beverage manufacturing industry SD GD SC SD GD JS
Tobacco processing YN SH JS YN HUN SH
Spinning industry JS ZJ SD JS GD SH
Manufacturers of clothes and other fiber products JS GD ZJ SH JS GD
Leather, fur, feather and other products ZJ GD FJ GD FJ ZJ
Timber processing and bamboo, cane, palm, straw products JS SD ZJ JS GD HLJ
Furniture GD ZJ SD GD SD JS
Paper makers and paper products SD GD ZJ SD GD ZJ
Printing and record medium reproduction GD ZJ JS SH GD JS
Teaching and sport products for daily use GD ZJ JS GD SH JS
Oil processing and refining LN SD GD ZJ LN SD
Chemical material and products JS SD GD JS SH GD
Pharmaceutical and medicine manufacturing JS SD ZJ SH JS GD
Chemical fibers ZJ JS SD SH JS ZJ
Rubber products SD JS ZJ SH SD JS
Plastic products GD ZJ JS GD JS ZJ
Non-metallic mineral products SD HEN GD JS SD GD
Smelting and pressing of ferrous metals HEB JS LN SH LN HEB
Smelting and pressing of non-ferrous metals JS ZJ HEN JS SH LN
Metal products GD JS ZJ SH JS GD
Common machines JS ZJ SD SD JS SH
Special equipment SD JS GD JS SD SH
Traffic equipment SH JL GD SH JS HUB
Manufacture of electrical machinery and apparatus GD JS ZJ SH JS HEN
Electrical machines and equipment GD SH JS GD SH JS
Electronic and communication equipment GD JS TJ GD SH JS
Instruments, culture and office devices GD ZJ SD SD GD JS
Recycling of material waste and scrap SAX JS SD GD SH JS
Electricity, steam, thermal power production and supply GD ZJ JS GD JS SD
Coal gas production and supply GD JS SC SH GD LN
Tap water production and supply GD JS ZJ GD SH JS

Calculated by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004. Prov1, Prov2 and Prov3 stand for the top
three provinces in terms of output concentration for each 2-digit industry. See Table 2 for the abbreviations of provincial names.
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large and significant change; while the average gross output value of firms has increased from RMB 47.3 million to RMB 69.0 mil-
lion, a change that is not statistically significant. These measures suggest that the higher geographic concentration of industries
observed above has been accompanied by a larger number of similar-sized firms.

Table 7 studies the distributions of number of firms and firm size, presenting the Gini coefficients for both the number of firms
and the average size of firms. Clearly, the number of firms has become significantly less evenly distributed, while the average size
has become slightly more evenly distributed. In other words, while the average firm size has become more equal across regions,
the number of firms has become more concentrated across regions, with the top producing regions in each sector having a larger
share of the firms in that sector in 2004 than in 1995. The results in Tables 6 and 7 suggest that the increased industrial concen-
tration across regions is mainly driven by the larger number of small or medium-sized firms located in the top production regions.

Again, these patterns are robust to different levels of aggregation. Fig. 1-2 and 1-3 present the density distributions of the Gini-
coefficients in 1995 versus 2004 for the average number of firms and the average firm size per county at the 4-digit CIC industry
level. While the number of firms has become significantly more concentrated during this period, the average firm size has not
shown significant change.

4.3. Increasing interaction among firms

The greater concentration of more equally sized firms that we observed in 2004 suggests a trend of clustering in Chinese in-
dustries that differs from the Detroit-style agglomeration. But is there indeed much interaction among firms located in the same
region and industry? To answer this question, Table 8 presents the average value-added/output ratio for the 2-digit CIC industries
in 1995 and 2004, where the ratio is computed by dividing the total value added by the total gross industrial output value (both at
the provincial level) in the same 2-digit industry. As shown in the table, the value-added/output ratio has generally decreased
from 1995 to 2004 and the change is statistically significant.

Using 3-digit or 4-digit industries gives similar results. Fig. 1-4 uses 4-digit CIC industries (aggregated from county level data)
to compare the density distribution of the value added/output ratio in 1995 with that in 2004. The lower value-added/output ra-
tios in the later year indicate that Chinese firms in the same industry are increasingly interacting with one another through finer
division of labor.

4.4. Increasing regional specialization

The findings presented above show that Chinese industries have become more concentrated geographically and several prov-
inces on the coast have appeared as the top producers in multiple industries (see Table 5). Have regions become less or more spe-
cialized while industries have become more concentrated?

To answer this question, we use measures of regional specialization. They are similar to measures for industrial concentration,
with the only difference being that a region instead of an industry is used as an observational unit. Table 9 compares the following
measures between 1995 and 2004: the total output share of the top three CIC-2 producing industries, the Gini coefficient of

Fig.1. Industrial concentration, regional specialization, interconnectness and clustering. Note: Drawn by authors.
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output across all industries, and the Krugman–Gini coefficient of output across all industries, all computed for each of the Chinese
provinces.

These different measures yield largely consistent patterns: Within each region, the top industries account for a significantly
larger share of the total regional output in 2004 than in 1995. In other words, Chinese regions have also become more specialized
during this time period. Measures at the county level reveal the same trend, as shown in Fig. 2-1, which compares the density
distribution of the Krugman Gini coefficient for output in 1995 and that in 2004. Our results based on more updated data thus
support the view that Chinese regions have become increasingly specialized since the mid-1990s (Zhang & Tan, 2007). In other
words, the product market has become more integrated over time.

4.5. Increasing product proximity within each region

The results presented above provide supporting evidence for the pattern that Chinese regions have become more specialized.
In other words, they have increasingly allocated more resources to the top few industries. But how are these industries chosen?
Do they tend to be closely related or diversely distributed industries? We use the measure of product proximity to answer this
question. Table 10 reports the industry proximity measure (weighted by output) for each of the Chinese provinces in 1995 and
2004. The measures constructed at the county and the prefecture levels give the same pattern of higher industry proximity in
each region. Fig. 2-2 supports the pattern using measures computed at the county level, as the density distribution of the prox-
imity measure in 2004 is located substantially to the right of that in 1995.

Table 6
Number of firms and average firm size per province.

Industry n_04 n_95 size_04 size_95

Coal mining and dressing 925 386 8360 9664
Petroleum and natural gas extraction 21 6 456,127 1,066,011
Ferrous metals mining and dressing 342 71 4527 5228
Nonferrous metals mining and dressing 203 126 7069 8554
Non-metallic mineral mining and dressing 1165 369 1560 3087
Other minerals mining and dressing 9 7 1871 2515
Foodstuff processing industry 2243 968 6501 10,042
Foodstuff manufacturing industry 962 510 5225 5856
Beverage manufacturing industry 822 460 5089 7852
Tobacco processing 10 14 419,726 237,406
Spinning industry 2678 764 6648 18,002
Manufacturers of clothes and other fiber products 1556 592 4583 7453
Leather, fur, feather and other products 732 327 6547 9308
Timber processing and bamboo, cane, palm, straw products 1194 484 2403 2620
Furniture 771 274 2964 2580
Paper makers and paper products 1280 448 4741 7303
Printing and record medium reproduction 1422 524 2006 2553
Teaching and sport products for daily use 525 173 4597 8575
Oil processing and refining 238 91 60,078 73,925
Chemical material and products 2230 840 9086 13,750
Pharmaceutical and medicine manufacturing 364 189 14,149 16,527
Chemical fibers 116 34 28,017 76,277
Rubber products 506 150 6392 13,294
Plastic products 2249 602 3588 5856
Non-metallic mineral products 5088 1915 2988 4926
Smelting and pressing of ferrous metals 683 263 39,937 44,108
Smelting and pressing of non-ferrous metals 489 149 19,510 29,697
Metal products 2612 836 3719 5534
Common machines 3667 1015 4280 7719
Special equipment 1777 575 5002 10,805
Traffic equipment 1672 610 13,108 17,009
Manufacture of electrical machinery and apparatus 1833 592 9799 13,206
Electrical machines and equipment 507 177 35,440 34,343
Electronic and communication equipment 1173 314 19,198 12,552
Instruments, culture and office devices 859 379 3301 4576
Recycling of material waste and scrap 199 143 2128 2799
Electricity, steam, thermal power production and supply 793 394 28,740 19,369
Coal gas production and supply 48 12 14,362 20,474
Tap water production and supply 356 161 2397 3545
Difference 659 (110)*** 21,730 (16,882)

Calculated by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004. Firm size is measured as the average
output, with 2004 data deflated to 1995 RMB amount.
*** Statistically significant at 1% level.
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4.6. Comparing various measures of clustering

As we have used multiple measures to examine the patterns of industrialization in China between 1995 and 2004, we now
compare the various measures to see how they relate to one another in portraying the industrialization patterns in China.

Tables 11 and 12 present the correlations among different measures in industry concentration and regional specialization. At
the industry level, Table 11 shows that the various concentration measures are highly correlated. Furthermore, the more geo-
graphically concentrated their gross outputs are, the finer the division of labor among firms in 2004, as the correlation coefficient
between the value added/output ratio is negative with the concentration measures whenever the correlation is significant. But
such a pattern is missing in 1995, where the correlation coefficient between the value added/output ratio and the concentration
measure was never significant. This suggests that between 1995 and 2004 industrial agglomeration in China has exhibited more
interactions, whereby industries that are more geographically concentrated also enjoy finer vertical division of labor among firms.
Table 12 shows that for a particular region, the more specialized it is in choosing the industrial allocation, the greater proximity
there is among industries in 2004. Yet interestingly, the correlation between the proximity measure and the other measures is
insignificant or significant in the wrong direction in 1995. In other words, regions with a higher degree of specialization are
also more specialized in a range of highly interconnected industries in 2004, but more specialized regions were equally or even
less interconnected than other regions in 1995. Thus Chinese regions not only have become more specialized over time, but
they have also better at specializing. By focusing on a range of highly interconnected activities, they are more capable to take ad-
vantage of the positive spillovers from clustering in later years (Marshall, 1920; Long & Zhang, 2011).

Table 7
Distributions of number of firms and average firm size.

Industry n_04 n_95 size_04 size_95

Coal mining and dressing 0.580 0.531 0.668 0.526
Petroleum and natural gas extraction 0.533 0.680 0.524 0.643
Ferrous metals mining and dressing 0.660 0.541 0.524 0.776
Nonferrous metals mining and dressing 0.541 0.475 0.718 0.418
Non-metallic mineral mining and dressing 0.426 0.404 0.305 0.381
Other minerals mining and dressing 0.512 0.435 0.648 0.414
Foodstuff processing industry 0.512 0.433 0.316 0.364
Foodstuff manufacturing industry 0.444 0.321 0.341 0.408
Beverage manufacturing industry 0.432 0.427 0.308 0.419
Tobacco processing 0.411 0.432 0.548 0.461
Spinning industry 0.728 0.526 0.318 0.233
Manufacturers of clothes and other fiber products 0.700 0.507 0.358 0.430
Leather, fur, feather and other products 0.732 0.446 0.350 0.412
Timber processing and bamboo, cane, palm, straw products 0.569 0.492 0.281 0.402
Furniture 0.551 0.364 0.395 0.410
Paper makers and paper products 0.566 0.373 0.311 0.253
Printing and record medium reproduction 0.514 0.341 0.261 0.316
Teaching and sport products for daily use 0.738 0.515 0.459 0.373
Oil processing and refining 0.507 0.486 0.455 0.528
Chemical material and products 0.524 0.394 0.230 0.264
Pharmaceutical and medicine manufacturing 0.391 0.366 0.194 0.255
Chemical fibers 0.740 0.556 0.391 0.405
Rubber products 0.610 0.428 0.476 0.423
Plastic products 0.650 0.468 0.256 0.302
Non-metallic mineral products 0.477 0.405 0.317 0.308
Smelting and pressing of ferrous metals 0.474 0.403 0.321 0.508
Smelting and pressing of non-ferrous metals 0.552 0.395 0.415 0.365
Metal products 0.635 0.401 0.286 0.347
Common machines 0.643 0.446 0.233 0.285
Special equipment 0.630 0.439 0.271 0.323
Traffic equipment 0.548 0.385 0.437 0.380
Manufacture of electrical machinery and apparatus 0.673 0.469 0.275 0.349
Electrical machines and equipment 0.711 0.579 0.493 0.457
Electronic and communication equipment 0.698 0.562 0.420 0.295
Instruments, culture and office devices 0.701 0.461 0.345 0.418
Recycling of material waste and scrap 0.517 0.378 0.467 0.432
Electricity, steam, thermal power production and supply 0.583 0.521 0.619 0.595
Coal gas production and supply 0.472 0.447 0.495 0.751
Tap water production and supply 0.531 0.485 0.508 0.585
Weighted sample mean 0.586 0.461 0.375 0.391
Difference 0.125 (0.014)*** −0.016 (0.020)

The distribution is measured as Gini coefficient in number of firms (n_95 and n_04) and firm size (size_95 and size_04) by industry in 1995 and 2004. Calculated
by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004.
*** Statistically significant at 1% level.
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These results support the argument that China's “Reform and Opening-up” policies since the 1980s have helped the industrial
clustering process. The lack of correlation between regional specialization and industry proximity in 1995 indicates the existence
of local protectionism, as the planned economy legacy implies that industries had developed in many regions not based on their
comparative advantages (Young, 2000). Largely in response to the then widespread market fragmentation, China has implemen-
ted a series of policy reforms since the mid-1990s to integrate the product market (Zhang & Tan, 2007). Reassuringly, our industry
proximity measure became significantly correlated with the CR3 and Gini measures by 2004. In other words, regions that are
more specialized in their industry allocations are also more likely to have closer linkages among upstream and downstream in-
dustries, a key feature of industrial clusters.

5. Explaining greater proximity in China

A more detailed study is required to fully understand the mechanisms through which Chinese regions and industries have be-
come more clustered between 1995 and 2004, but we test a few conjectures here. First of all, different industries have different
tendencies for forming agglomerations as they may benefit differently from locating in clusters. Following Marshall (1920), clus-
tering should be preferred by industries for which access to market and suppliers is important, for which labor skills are impor-
tant, and for which benefits from technological spillovers are more important.

In transition economies such as China, some additional factors may also play important roles in explaining agglomeration. As
financial access is often limited, Chinese industries that rely more on external finances may have a greater need for clustering as
closer interactions may facilitate inter-firm financing practices such as trade credit. Similarly, clustering will be more desired by
firms in regions with lower levels of financial development. In addition, the ownership structure of Chinese firms may determine

Table 8
Value added/Output ratio (2004 v. 1995).

Industry 2004 1995

Coal mining and dressing 0.353 0.508
Petroleum and natural gas extraction 0.617 0.555
Ferrous metals mining and dressing 0.336 0.394
Nonferrous metals mining and dressing 0.292 0.348
Non-metallic mineral mining and dressing 0.202 0.385
Other minerals mining and dressing 0.053 0.400
Foodstuff processing industry 0.207 0.165
Foodstuff manufacturing industry 0.260 0.216
Beverage manufacturing industry 0.347 0.312
Tobacco processing 0.683 0.533
Spinning industry 0.238 0.184
Manufacturers of clothes and other fiber products 0.205 0.237
Leather, fur, feather and other products 0.192 0.198
Timber processing and bamboo, cane, palm, straw products 0.176 0.257
Furniture 0.160 0.264
Paper makers and paper products 0.217 0.234
Printing and record medium reproduction 0.229 0.310
Teaching and sport products for daily use 0.160 0.185
Oil processing and refining 0.194 0.257
Chemical material and products 0.276 0.260
Pharmaceutical and medicine manufacturing 0.373 0.293
Chemical fibers 0.189 0.189
Rubber products 0.205 0.221
Plastic products 0.185 0.189
Non-metallic mineral products 0.242 0.318
Smelting and pressing of ferrous metals 0.264 0.266
Smelting and pressing of non-ferrous metals 0.218 0.221
Metal products 0.194 0.249
Common machines 0.241 0.292
Special equipment 0.226 0.216
Traffic equipment 0.230 0.252
Manufacture of electrical machinery and apparatus 0.233 0.243
Electrical machines and equipment 0.237 0.228
Electronic and communication equipment 0.281 0.277
Instruments, culture and office devices 0.200 0.276
Recycling of material waste and scrap 0.164 0.219
Electricity, steam, thermal power production and supply 0.356 0.530
Coal gas production and supply 0.308 0.081
Tap water production and supply 0.426 0.478
Weighted sample mean 0.262 0.282
Difference −0.021 (0.013)*

Calculated by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004.
* Statistically significant at 10% level.
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the development of industrial clusters for two reasons: firms of different ownership types may have different demands for clus-
tering due to their different abilities to benefit from agglomeration, and the access to financing may also vary substantially
depending on the firm's ownership type. Finally, various governments in China often have a large presence in determining the
development of industrial clusters.

As shown in Long and Zhang (2011), the newly constructed proximity measure best fits the pattern of industrial clustering
observed in China. We thus focus on how various factors determine the different degree of proximity across Chinese industries
and regions. Various factors may determine the degree of proximity. At the industry level, initial conditions such as reliance on
external finances, reliance on contracting, capital intensity, human intensity, as well as export intensity may all affect the poten-
tial benefits from locating within an industrial cluster and thus the incentive for forming one. We rely on Gao (2007) for data on
Chinese industries' export intensity and Ciccone and Papaioannou (2009) for information on the other industry characteristics.
Note that all these variables were evaluated before the early 1990s; thus they are appropriate to use as the initial values in
1995. Along the regional dimension, the level of local financial development, ownership structure of local industries, and whether
the region is along the coast or in the inland also potentially influence the level of proximity. To obtain the regional level infor-
mation, we use the 1995 Census data, aggregating firm level data to obtain regional averages. For ownership structure, we com-
pute the average percentage of privately owned firm shares and that of foreign-owned shares in the county (both weighted by
sales). To measure the degree of financial constraint faced by firms located in a certain region, we computed the coefficient of var-
iation for the marginal product of capital for the region (as measured by the log of the valued added/capital ratio); thus a higher
value for this variable indicates a lower level of local financial development.8

To explore the effects of both sectoral and regional features, we conduct two sets of estimations using proximity measures
computed at the 4-digit CIC industry-county level. In the first set of estimations, we explain proximity by various industry

8 The variable is also used in Long and Zhang (2011).

Table 9
Regional specialization.

Province CR3_04 CR3_95 gini_04 gini_95 Kgini_04 Kgini_95

Beijing 0.357 0.351 0.664 0.627 0.483 0.414
Tianjin 0.402 0.304 0.656 0.560 0.477 0.366
Hebei 0.400 0.307 0.625 0.565 0.402 0.359
Shanxi 0.590 0.485 0.789 0.713 0.689 0.548
Neimeng 0.394 0.337 0.679 0.614 0.570 0.542
Liaoning 0.386 0.318 0.640 0.599 0.325 0.520
Jilin 0.571 0.437 0.757 0.647 0.534 0.519
Heilongjiang 0.499 0.432 0.719 0.639 0.699 0.578
Shanghai 0.322 0.320 0.589 0.553 0.289 0.315
Jiangsu 0.293 0.309 0.633 0.564 0.310 0.280
Zhejiang 0.280 0.284 0.552 0.551 0.403 0.312
Anhui 0.259 0.269 0.559 0.529 0.284 0.322
Fujian 0.244 0.205 0.600 0.489 0.357 0.555
Jiangxi 0.286 0.231 0.562 0.525 0.407 0.534
Shandong 0.239 0.235 0.531 0.506 0.274 0.276
Henan 0.294 0.231 0.551 0.541 0.361 0.335
Hubei 0.428 0.334 0.666 0.597 0.400 0.279
Hunan 0.255 0.238 0.550 0.544 0.378 0.329
Gongdong 0.385 0.234 0.676 0.537 0.381 0.367
Gongxi 0.383 0.318 0.661 0.573 0.431 0.496
Hainan 0.443 0.371 0.670 0.626 0.577 0.608
Chongqing 0.451 0.406 0.683 0.665 0.467 0.476
Sichuan 0.279 0.283 0.560 0.583 0.342 0.309
Guizhou 0.426 0.308 0.698 0.644 0.601 0.503
Yunnan 0.478 0.510 0.728 0.708 0.709 0.662
Tiebet 0.614 0.453 0.734 0.635 0.697 0.740
Shaanxi 0.308 0.252 0.584 0.563 0.551 0.383
Gansu 0.490 0.374 0.733 0.660 0.587 0.500
Qinghai 0.612 0.497 0.802 0.711 0.705 0.614
Ningxia 0.389 0.331 0.716 0.666 0.591 0.599
Xinjiang 0.610 0.549 0.782 0.742 0.690 0.588
Weighted sample average 0.340 0.293 0.620 0.563 0.386 0.368
Difference 0.047 (0.019)** 0.057 (0.014)*** 0.018 (0.015)

CR3, Gini and Kgini measure the total output share of the top three CIC-2 producing industries, the Gini coefficient of output across all industries, and
the Krugman-Gini coefficient of output across all industries by province. Calculated by authors based on China National Bureau of Statistics, 1995 and
China National Bureau of Statistics, 2004.
*** Statistically significant at 1% level.
** Statistically significant at 5% level.
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features. To further allow the effects to vary across different ownership types, we also include the interaction terms between the
industry's external finance reliance and the region's ownership measures, as well as the interactions between the industry's ex-
port intensity and the region's ownership structure. To abstract from the effects of county level characteristics, we control for
county fixed effects in the estimations, with standard errors clustered at the 4-digit CIC level.

Columns 1–3 in Table 12 indicate that the proximity measure in 2004 is significantly correlated with its value in 1995, no mat-
ter whether the weight used to construct the proximity measure is sales, employment, or assets. More interestingly, sectors with
higher capital intensity tend to show higher degrees of proximity, regardless of which weight is used. These results are consistent
with the agglomeration effects based on knowledge and technology. As spillover effects of technology (as captured by capital) are
important sources of benefit for firms within a conglomeration, there is a greater incentive for technology-intensive industries to
form clusters.

But the patterns observed above are also consistent with a less sanguine interpretation. Local governments in China have been
playing prominent roles in promoting industrial clusters and they are often drawn to industries with higher capital intensity be-
cause these industries can quickly bring about higher local GDP growth. The findings from Long and Zhang (2011), however,
show that compared to other clusters, smaller benefits are obtained from those involving industries with higher capital intensity.
The positive correlation between industry capital intensity and the degree of proximity observed above can then be interpreted as
evidence that the government's intervention might have led to the over-clustering of capital intensive industries in China.

There is also some evidence that industries with higher reliance on contracting are more likely to have higher degrees of prox-
imity (see Column 2). This suggests that industries that have the need for greater interaction with their downstream and up-
stream industries have somewhat succeeded to locate more closely to their related industries. Although neither the industry's
reliance on external finance nor its export intensity has a significant effect on the degree of proximity, the estimates for the in-
teraction terms tell a more subtle story. Industries that rely more heavily on external finances tend to have significantly higher
levels of proximity when located in regions with a substantial presence of either private ownership or foreign ownership.
These results are consistent with the argument that a main benefit from clustering in China is the access to finances, especially
for private firms and foreign firms, which are the outsiders of a financial system dominated by state banks that prefer other SOEs.

Similar results are obtained regarding export intensity, with industries that have comparative advantage enjoying higher de-
grees of proximity when they are located in regions with a substantial presence of private ownership. This is consistent with Mar-
shall's arguments that enhanced access to market and knowledge spillovers are both important sources of benefit for firms within
industrial clusters. As information regarding overseas markets is more easily obtained within a cluster, more firms are drawn to
agglomeration in industries that have comparative advantages in exporting. But note that these effects are only observed when
the presence of private ownership or foreign ownership is substantial. Marshall's predictions do not apply when the regions
are dominated by Chinese SOEs, as their operations are still not fully profit driven.

Columns 4–6 in Table 13 present results from the second set of estimations, where we explain proximity by regional charac-
teristics. Similar to the first set of estimations above, we also include interaction terms between ownership structure and

Fig. 2. Industrial concentration (1995 v. 2004). Note: Fig. 1-1 presents the distribution of the Krugman Gini Coefficients as the concentration index in 1995 versus
2004 for each 4-digit CIC industry; Fig. 1-2 presents the distribution of Gini coefficients in 1995 versus 2004 in firm number per county for each 4-digit CIC in-
dustry; Fig. 1-3 presents the distribution of Gini coefficients in 1995 versus 2004 in average firm size per county for each 4-digit CIC industry; while Fig. 1-4 pre-
sents the distribution of the average value added/output ratio in 1995 versus 2004 for each 4-digit CIC industry. All the data used in graphing the figures is
computed by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004.
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Table 10
Product proximity.

Province 2004 1995

Beijing 0.220 0.206
Tianjin 0.208 0.194
Hebei 0.219 0.212
Shanxi 0.208 0.207
Neimeng 0.214 0.198
Liaoning 0.205 0.204
Jilin 0.220 0.206
Heilongjiang 0.197 0.186
Shanghai 0.219 0.222
Jiangsu 0.210 0.210
Zhejiang 0.220 0.211
Anhui 0.211 0.204
Fujian 0.202 0.208
Jiangxi 0.206 0.200
Shandong 0.205 0.200
Henan 0.209 0.201
Hubei 0.216 0.207
Hunan 0.210 0.201
Gongdong 0.215 0.209
Gongxi 0.214 0.208
Hainan 0.207 0.201
Chongqing 0.197 0.206
Sichuan 0.202 0.198
Guizhou 0.196 0.188
Yunnan 0.197 0.187
Tibet 0.238 0.223
Shaanxi 0.192 0.191
Gansu 0.205 0.199
Qinghai 0.217 0.197
Ningxia 0.220 0.215
Xinjiang 0.199 0.190
Weighted sample average 0.211 0.206
Difference 0.005 (0.001)***

The industry proximity measure (weighted by output) for each of the Chinese provinces in 1995 and 2004 are calculated by authors based on China National
Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004.
*** Statistically significant at 1% level.

Table 11
Correlation matrix for industry concentration and firm interaction measures.

CR3 Gini_output K-Gini_output Firm number Firm size Value added/output

2004
Gini_output 0.3896 1

(0.000)
K-Gini_output 0.4179 0.5204 1

(0.000) (0.000)
Firm number −0.3783 0.2707 −0.1028 1

(0.000) (0.000) (0.027)
Firm size 0.3996 0.6104 0.5205 −0.2815 1

(0.000) (0.000) (0.001) (0.000)
Value added/output 0.0454 −0.0848 −0.0965 −0.0718 0.0127 1

(0.325) (0.069) (0.038) (0.124) (0.785)

1995
Gini_output 0.1595 1

(0.000)
K-Gini_output 0.1891 0.5524 1

(0.000) (0.000)
Firm number −0.4953 0.3192 0.0192 1

(0.000) (0.000) (0.676)
Firm size 0.3008 0.8553 0.5586 0.0318 1

(0.108) (0.639) (0.000) (0.489)
Value added/output −0.0043 0.0405 0.0296 0.0678 0.0271 1

(0.925) (0.378) (0.521) (0.140) (0.555)

Calculated using county level data by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004. The figures in
parentheses are p-values of the correlation coefficients among the concentration and firm interaction measures.
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industry's reliance on external finance as well as ownership's interactions with industry's export intensity. There is evidence in
two out of three columns that greater proximity may have occurred due to greater difficulty in accessing finances (see Columns
4 and 5), as regions with lower levels of financial development tend to have higher degrees of proximity. Finally, coastal regions
tend to see more industrial clustering (see Columns 4 and 5)—this is consistent with other empirical findings (see, for instance, Li
& Fung, 2006). Finally, coefficient estimates for the interaction terms tell stories very similar to those found in Columns 1–3. A
higher degree of proximity is more likely to emerge when private ownership (or foreign ownership) is combined with a greater
reliance on external finance (or export comparative advantage).

Table 13
Explaining proximity using industry and regional characteristics.

(1) (2) (3) (4) (5) (6)

Proximity(output) 0.865*** 0.736***
(0.0442) (0.00946)

Proximity(employment) 0.729*** 0.570***
(0.0578) (0.00900)

Proximity(asset) 0.867*** 0.737***
(0.0491) (0.00916)

Comparative advantage 0.00186 0.00551 0.00346
(0.00423) (0.00622) (0.00458)

Reliance on external finance −0.00509 −0.0107 −0.00391
(0.00384) (0.00684) (0.00418)

Reliance on contracting 0.00731 0.0254* 0.00682
(0.00597) (0.0125) (0.00636)

Capital intensity 0.00695** 0.0125*** 0.00740**
(0.00246) (0.00411) (0.00263)

Human capital intensity 0.00173 −0.000378 0.00231
(0.00204) (0.00281) (0.00223)

Private share −0.0129 0.00155 −0.0221
(0.0120) (0.0145) (0.0140)

Foreign share −0.00257 0.00918** 0.000655
(0.00431) (0.00409) (0.00454)

Financial constraint 0.000920* 0.00159*** 0.000208
(0.000550) (0.000567) (0.000638)

Coast dummy 0.00107* 0.00302*** 0.000379
(0.000643) (0.000639) (0.000645)

Comparative advantage
* private share

0.0401*** 0.0548*** 0.0367** 0.0321** 0.0369** 0.0273*
(0.0129) (0.0114) (0.0152) (0.0162) (0.0158) (0.0146)

Comparative advantage
* foreign share

0.0229*** 0.0281* 0.0140** 0.0168*** 0.0197*** 0.00939**
(0.00671) (0.0141) (0.00653) (0.00435) (0.00447) (0.00444)

Ext. finance reliance
* private share

0.0703*** 0.0445** 0.0745** 0.0559** 0.0102 0.0579**
(0.0216) (0.0183) (0.0346) (0.0242) (0.0262) (0.0243)

Ext. finance reliance
* foreign share

0.0589*** 0.0781*** 0.0518*** 0.0479*** 0.0481*** 0.0383***
(0.00940) (0.0224) (0.0122) (0.00957) (0.00759) (0.00933)

Constant −0.00501 0.0307 −0.0121 0.0570*** 0.0910*** 0.0580***
(0.0253) (0.0356) (0.0271) (0.00205) (0.00201) (0.00206)

Observations 33,941 33,893 33,945 33,784 33,724 33,792
Adjusted R-squared 0.746 0.699 0.757 0.657 0.631 0.673

Dependent variables are the proximity measures at the industry-county level, computed by the authors using different weights (output in Columns 1 and 4, em-
ployment in Columns 2 and 5, and asset in Columns 3 and 6). Chinese industries' comparative advantage data is from Gao (2007), while other industry level data
is from Ciccone and Papaioannou (2009). County level information is computed by the authors based on the 1995 census data.
*** Statistically significant at 1% level.
** Statistically significant at 5% level.
* Statistically significant at 10% level.

Table 12
Correlation matrix for regional specialization and product proximity measures.

2004 1995

CR3 Gini K-Gini CR3 Gini K-Gini

Gini 0.5568 1 0.6900 1
(0.000) (0.000)

K-Gini 0.4495 0.8019 1 0.5182 0.7218 1
(0.000) (0.000) (0.000) (0.000)

Proximity 0.1147 0.0232 0.0025 −0.0108 −0.0299 −0.1320
(0.001) (0.224) (0.894) (0.571) (0.117) (0.000)

Calculated by authors based on China National Bureau of Statistics, 1995 and China National Bureau of Statistics, 2004, using county level data. The figures in
parentheses are p-values of the correlation coefficients among regional specialization and product proximity measures.
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To summarize, we have found evidence that both regional features and industry features play significant roles in explaining
the increase in proximity during 1995 and 2004 in China. While the regional features mainly work through the channel of finan-
cial development and ownership structure, the effects of industry characteristics illustrate the importance of intrinsic technolog-
ical requirements in influencing how clusters form. Finally, the interaction effects of ownership structure and technological
features highlight how technological factors and institutional arrangements can impact each other's influence on economic
outcomes.

6. Conclusion

By computing various measures of clustering using firm-level census data for 1995 and 2004, we have shown in this paper that
China's industrialization has been accompanied by greater spatial concentration, increasing regional specialization, and more in-
teractions among firms within industries and within regions. The increased spatial concentration resembles the industrialization
path in other countries. But our results also indicate that the number of firms is growing faster and firm size is not significantly
larger in clustered areas than in non-clustered regions; at the same time there is finer division of labor and closer technological
affinity among firms. This pattern mirrors the East Asian cluster-based industrialization led by SMEs but differs from the U.S. ex-
perience, where industrial districts were dominated by large firms.

These patterns put together suggest that China's industrialization process has been accompanied by industrial clusters as de-
fined by Porter, where a large number of highly inter-connected firms are located within a well-defined geographic region. This
cluster-based industrialization may have fit well with China's comparative advantage at the onset of its reform that was marked
with limited capital and abundant labor, as the cluster-based business model makes use of more entrepreneurs and labor and less
capital compared to the non-clustered large factories. This may explain why clusters have emerged as the organizational choice of
Chinese firms over time. A recent paper by Long and Zhang (2011) has provided empirical evidence that clustering has indeed
helped Chinese firms overcome financial constraints and further improve their productivity and export performance.

Although the patterns are clear and robust, many important issues remain to be explored. For example, is there a natural ten-
dency toward clustering in the process of industrialization? Why is the scale of clustering in China much higher than many parts
of the world? Is it because of China's large domestic market or the more active intervention of local governments? What factors
tend to promote the development of industrial clusters? Is the cluster-based industrialization model observed in China applicable
to other developing countries, such as Sub-Saharan African countries?

Furthermore, what are the mechanisms through which clustering affects firm growth and economic development? Two cru-
cial problems facing Chinese firms are credit constraints and weak protection of property and contracting rights. Does clustering
play any role in helping to resolve these difficulties? Some characteristics of clustering suggest a potentially important role of in-
dustrial clusters in promoting economic growth. Close proximity and intense competition among firms within a cluster may re-
duce the temptation of cheating, and finer division of labor and frequent usage of trade credit among firms within a cluster may
reduce the need for external finances.

As firms cluster in a narrowly defined geographic region, how do they cope with natural and market shocks at the regional
level? Given that the cluster-based model is labor intensive, how will the clusters respond to the rising labor cost in China
(Wang & Mei, 2009)? Finally, innovation is the engine for growth in the long run. But what role does clustering play in upgrading
the local economy's structure and bringing about technological, managerial, and institutional innovations? In other words, will
clustering become a long-term feature of China's economic growth or will it serve as a temporary arrangement waiting to be
replaced by some other more efficient system?

The empirical findings in this paper are just the first step in identifying the regularities of China's rapid industrialization. A bet-
ter understanding of these issues will help shed light on whether the lessons drawn from China's experience in industrialization
can be applied to other developing regions in the world.

Appendix. More on the Hausmann–Klinger proximity matrix

Specifically, Hausmann andKlinger propose the proximity between twoproducts i and j to be computed as follows: Pi, j=min{P(xi|xj),
P(xj|xi)}, where xi=1 if a country has the revealed comparative advantage in product i (or if RCAi N1), and 0 otherwise, while the condi-
tional probabilities P(xi|xj), P(xj|xi) are computed using trade information on all countries.

To get to the intuition of the formula, consider the pair of goods of ostrich meat (good i) and metal ores (good j). Some coun-
tries such as Australia export both goods. The formula implies that the probability of exporting metal ores given that a country
exports ostrich meat is large, but the probability that a country exports ostrich meat given that it exports metal ores is
very low, since although Australia exports both, Chile, Peru, and Zambia do not export ostrich meat but do export metals. The
proximity between ostrich meat and metal ores will thus be low, because the formula requires the minimum of the two condi-
tional probabilities, with P(xi|xj) being low, despite a high P(xj|xi). Thus, the formula is superior to a simple conditional probability
P(xi|xj)orP(xj|xi).

The proximity measure also isolates the degree of similarity between the two goods from how prevalent they are in different
countries. An alternative measure for proximity is the joint probability P(xi∩xj), which Hausmann and Klinger rejected for the
following reason. Consider ostrich meat and ostrich eggs, two goods with extremely high similarity, because every single country
that exports ostrich eggs also exports ostrich meat. But if only three countries in the world export these two goods, “then the joint
probability for any single country exporting the two would be small, instead of large.” (Hausmann & Klinger, 2007, page 10) The

610 C. Long, X. Zhang / China Economic Review 23 (2012) 593–612



problem with using the joint probability to measure proximity is that it combines the degree of similarity between the two goods
and their prevalence in different parts of the world.

Some additional nice features of the proximitymeasure as an indicator of industry interconnectedness include the following: (1) as a
characteristic of the production technology based on export/import information fromall countries, it applies to all countries, be they open
or closed; (2) computed as theminimum between two conditional probabilities, it is a symmetricmeasure; (3) by focusing on countries
with a revealed comparative advantage in product i (i.e., xi=1 if a country has the revealed comparative advantage in product i [or if RCAi
N1] and 0 otherwise), the measure captures all the significant exports but leaves aside the noise; and, (4) finally, by computing the av-
erage proximities between 1998 and 2000, the Hausmann–Klinger proximity matrix integrates some stability over time.

The proximity measure can be based on assets, employment, or output, depending on the weights used to adjust for the size of
each industry. We use all these measures, as they may provide different angles of clustering. An illustration follows. Consider a
region with three industries: steel, automobiles, and rubber. Intuitively, the automobile industry has a high proximity to both
the steel and rubber industries, while the proximity between the other two is low. Now suppose that the region has experienced
faster growth in the auto industry than in the other industries. Following the procedures describe above, we see that the average
proximity of the auto industry has not changed, since the relative weights of the other two industries have not changed. But the
average industry proximity of the whole region has increased, because the industry that is closer to the others, the auto industry
in this case, has grown faster. Now consider the role of the weight. If the growth of the auto industry is in its output relative to
those of the other industries, then the greater interconnectedness among industries in the region will be reflected in a greater
proximity using output as the weight. Proximity measures weighted by asset or employment can be understood accordingly.

These three proximities may therefore measure different kinds of interconnectedness, which in turn imply different kinds of
cluster effects. Marshall (1920) outlined three types of advantages from agglomeration (which includes clusters as a special case):
labor market pooling, specialized supplies, and technological spillovers. Large populations of skilled laborers enter the area and
are able to exchange knowledge, ideas, and information. In addition, there is increased access to the specialized goods and ser-
vices provided for the clustering firms, which provides increasing returns to scale for each of the firms located within that area
because of the proximity to the available sources needed for production. Finally, clustering in specific fields leads to quicker dif-
fusion and adoption of ideas.

Although likely to contribute to all three of these advantages, output-weighted proximity is probably more conducive to tech-
nological spillovers, since the output can be used as input in the production of other industries in the same region, while
employment-weighted proximity implies more labor-market pooling, and asset-weighted proximity implies more specialized
supplies, especially in capital goods. All of these effects of agglomeration will lead to higher productivity at the firm level, thus
revealing the positive spillover effects of clustering.
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