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Abstract 

Agglomeration externalities is defined as the economic benefits from concentrating 

firms, housing, and output. This study investigates the impact of agglomeration externalities 

of industrial firms on product innovation output in China. In the research, I specified the 

impact of agglomeration into three types: Marshallian or localization externalities, defined 

as the impact of collocating with same-industry firms; Urbanization economies, defined as 

the impact of collocating with different-industry firms, and Porter externalities, the impact 

of competing with same-industry firms as a result of localization. My result suggests 

endogenous spatial selection of firms account for most of the agglomeration impacts we 

observe. Despite so, urbanization economies is still impactful in boosting a firm’s innovation 

performance, and should be taken into account as the government implements policies that 

boost firm performance. 
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I. Introduction 

Agglomeration externalities, defined as the benefits to entities from co-location of 

economic activities, has long been studied by a vast range of economic literature.  It is 

motivated by a central question: why do cities exist in the first place? And how do cities 

contribute to the wealth of the area? The answer to this question is approached through 

several distinct aspects such as agglomeration of households, agglomeration of consumers 

and immigrants, or agglomeration of firms. Looking from the business aspect of this question, 

scholars are interested in whether business clusters help boost firm performance, increase 

firm survival rates, and contribute to the economic prosperity of the given area. Studies on 

these topics are often useful in offering policy implications for developing countries like 

China and India. Among developing countries, China gained its attention not only through its 

rapid economic development since the last century, but also through the inseparable link 

between the nation’s economic growth, manufacturing edge, the presence of a large 

population and well-developed cities, and the emergence of agglomeration economies as a 

result of a series of widespread industrialization movements. 

China has exhibited impressive industrialization and economic growth since the 

economic reform in 1978. During this process led by the paramount leader Deng Xiaoping, 

Chinese government attempted to mimic the historical sequence of Industrial Revolution in 

Europe through gradual and experimental approaches including subsidizing infrastructure 

buildup or exchanging manufactured goods instead of natural resources for machinery 

(Andors, 1979). The result is obvious: China has grown to become one of the world’s largest 

manufacturing powerhouse, producing nearly 50 percent of the world’s industrial goods 

including steel, cement, and vehicles (Wen, 2016). Along with this stunning progress is the 
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increasing formation of industrial agglomeration, or industrial clusters, defined as the 

geographic concentration of industrial firms and activities in relatively small areas. Wen 

(2004) compared the concentration level of manufacturing firms between 1980, 1985, and 

1995, discovering that industries have become more spatially clustered after the reform. In 

fact, as one of the tactics, central and local authorities in China established more than 100 

economic zones in over 60 cities after 1995. Most of these zones are science parks and 

technological development areas that were built to boost firm performance (and therefore 

production and growth) through convenience of outsourcing, availability of resources, and 

access to industry knowledge (Zhang, 2014). Meanwhile, following the legalization of private 

sectors and private entrepreneurship in 1988, firms were granted the freedom to engage in 

location selection and optimization, in turn increasing the level of agglomeration. For 

example, Ge (2009) suggested that foreign trade and foreign investment are highly 

correlated with the significant increase in agglomeration from 1985 to 2005. Industries in 

contact with foreign businesses tend to cluster in areas that allowed them to easily access 

foreign markets. In short, during the economic reform, individual optimization behaviors, 

coupled with government policies, appeared to have substantially contributed to the 

existence of numerous agglomeration economies in China.  

The question naturally lies in how government effort of establishing and encouraging 

industrial agglomeration has actually promoted firm performance and economic growth. 

Firm performance can be quantified through one commonly used metric – firm productivity. 

While extensive literature investigated the effect of spatial clusters on productivity among 

Chinese firms (Lin et al., 2011; Li & Gibson, 2014), only a few empirical studies investigated 

its impact on product innovation. Nevertheless, innovation is frequently considered as a key 
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ingredient for firm success and economic growth, both in neoclassical theories (Solow, 1957; 

Fagerberg, 1994) and in empirical studies (Wong et al., 2005).  

That said, this study contributes to existing research by investigating whether 

industrial agglomeration in China incentivizes and improves innovation behaviors among 

individual firms. The major data used for this study is a set of firm-level panel data for 

manufacturing industries – Annual Surveys of Industrial Firms (ASIF) from 1998 to 2007. 

The data is special in that it includes a direct measure of new product output instead of 

intermediate measures such as number of patents. Here new product output is defined, 

according to the National Bureau of Statistics of China, as either the output of completely 

new products introduced by new technology or new design, or the output of existing 

products of which their functions are extended or improved (“Description of ASIF”, n.d.). In 

practice, this measure includes both government-certified new products, or uncertified new 

products invested by firms through their research and development processes. We should 

still be cautious when using this variable, since allowing for firms to report their own new 

products could potentially inflate the number if a firm reports a product with a new concept 

that however has little technological or structural improvement associated with it. Consider 

Diet Coke as an example. This could be counted as a new product since it is conceptually a 

breakthrough from the original product, and it does have a new “function” comparing to the 

original Coke, but we would find it less convincing to say that Diet Coke counts as a part of 

the firm’s product innovation. Despite such pitfall, with this definition of new product output, 

we have gained exposure to a more workable and concrete measure than less direct 

measures such as patents.  
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The rest of the paper is structured as follows: Section II introduces the concept and 

theories of agglomeration economies, focusing on two types of agglomeration: localization 

and urbanization. Section III reviews key literature on agglomeration and firm performance 

in China. Section IV describes the theoretical framework and the measures for agglomeration. 

Section V illustrates the data and variables used for the study, and Section VI presents the 

empirical methodology. Finally, Section VII concludes the study by discussing policy 

implications and future concerns.  

II. Background: What is Agglomeration? 

This section introduces the terms and theories of agglomeration economies relevant 

to the rest of my research. Regional and urban economic theories of agglomeration concern 

the external economies a firm might benefit from by being located within the vicinity of other 

firms. The central idea that presumes the existence of such benefit is that a firm can absorb 

spillovers from nearby firms, whether the spillover is knowledge, access to suppliers and 

resources, or any other type of benefits that facilitate efficiency of firm activities. A primary 

distinction of agglomeration economies is made between localization and urbanization 

economies. Localization economies is defined as the benefits a firm obtains by co-locating 

near other firms within the same industry. Urbanization economies, on the other hand, is 

defined as the benefits a firm derives from co-locating near firms of different industries. 

Therefore, the distinction lies in whether the transmission of benefits occurs within or 

between industries.   

Localization economies, as specified above, refers to the benefits related to the 

concentration of same-industry firms within a certain area. It is primarily measured by the 
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properties of a Marshallian vicinity1 , including population for labor market pooling, the 

availability of raw materials intermediate goods suppliers and final goods consumers, and 

the size of knowledge or technology spillovers (Marshall, 1890; Henderson, 2003). All such 

features, and hence the strength of localization economies, are expected to increase as the 

industry grows larger within the unit of area. In particular, the benefit from knowledge 

spillovers in a localization setting is referred to as Marshallian-Arrow-Romer (MAR) 

externalities (named after Marshall (1890), Arrow (1962), and Romer (1990)), the theory of 

which hypothesizes that information spillovers among same-industry firms promote firm-

level successes as well as economic growth for the given region of study. An alternative 

measure for localization economies is the number of competing firms within the same 

industry (Porter, 1990). The underlying hypothesis is that local competition motivates 

growth by forcing innovation from firms that confront the threat of closing. Porter (1990) 

provided an example of the ceramics and gold jewelry industry in Italy as an industry where 

firms intensively compete for innovation and novel ideas. In reality, competition might not 

be only local, since firms such as Samsung and Apple compete in the cellphone market even 

though they are not in the same location.  

Urbanization economies, defined as the benefit resulting from co-location of 

different-industry firms, is represented by the total population or total employment in a 

particular vicinity, city, region or any unit of area alike. The firm derives benefits mostly 

through savings from previous cost-inducing behaviors (e.g. transportation) that are now a 

part of the large-scale operations in the area. A more refined definition is proposed by Jacobs 

 
1 Marshallian vicinity: the model of localization economies proposed by Alfred Marshall in Principles of 
Economics (1890) 
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(1969) that emphasized the diversity of urban industry mix as an important component of 

urbanization externalities. A diverse industry mix in a particular area promotes exchange, 

imitation, and modification of products, activities and ideas, and so diversity itself is 

considered as a crucial source for knowledge spillovers.  

        

Figure [1] Hierarchical Structure of Agglomeration Theories 

A further decomposition of Jacobs externalities involves the concept of related variety 

and unrelated variety (Boschma & Wenting 2007). Related variety takes into account the 

cognitive or technological relatedness between industries. The hypothesis is that a firm co-

located near firms of different but similar industries absorbs inter-industry knowledge 

spillovers more quickly through better communication, but unrelated variety might also 

benefit a firm in a way similar to portfolio diversification strategy: the region can be more 

resistance to external shocks or unforeseen circumstances when it encompasses a great 

number of unrelated industries (Frenken et al., 2007), in which case the firm might stand a 

better chance to survive and seek for progress. Therefore, the net effect is ambiguous. 
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In figure 1, I plotted the hierarchical structure of agglomeration theories. One 

important aspect of my research is to find appropriate measures of agglomeration 

economies. The following section will discuss the key literature that constructed these 

valuable measures. Specifically, construction on six measures will be discussed. They are: 

localization economies, Porter externalities, urbanization economies (area size), Jacobs 

externalities (industrial diversity), related variety, and unrelated variety.  

III. Literature Review 

A plethora of past studies have proposed distinct ways to measure agglomeration. 

Martin et al. (2011) created useful measures of localization and urbanization economies. For 

a given firm, localization economies were approximated by the number of employees in 

other firms who are also working in the same industry and the same area. Since Marshallian 

externalities and the strength of localization economies are expected to increase with 

industry size, this measure comprehensively captures intra-industry spill-over effects. 

Indeed, this proxy can be improved by decomposing it into several proposed Marshallian 

externalities (such as labor pooling effect or access to suppliers and consumers), but 

constructing such decomposed measures normally requires input and output information. 

For example, Zheng & Zhao (2017) computed the difference between an industry’s ideal 

input requirement and the city’s actual employment composition across all other industries 

to approximate the extent to which the city provides suitable suppliers for the firm. While 

this measure is clearly more informative, the data for my study – Annual Surveys of 

Industrial Firms do not include any variables related to input values. Therefore, I intend to 

refer to the more doable strategies in Martin et al. (2011) to construct the index of 

localization economies.  
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In the same article, urbanization economies were similarly measured by the total 

number of employees of other industries in the given area. This is a very handy method that 

incorporates the effect of both city size and spill-over benefits gained from other industries. 

Therefore, the measures in Martin et al. (2011) are highly applicable to my research data and 

will be incorporated into my study.  

While productivities have long been a target of research in China, but productivities 

related to innovation have been less explored than expected. Zhang (2015) is one exception 

in the field. In his article, he investigated agglomeration effect and product innovation using 

Annual Surveys of Industrial Firms from 1998 to 2007. Zhang (2015) grouped firms into 

“New Product Firms” (NPF), or firms that have strictly positive new product outputs in a 

given year, and “Non-NPFs”, namely those who didn’t. Although the author didn’t explain the 

reason for doing so, the article successfully captured a firm’s inclination or potential to 

engage in innovative behaviors. In other words, the author assumed that a firm’s behavior in 

creating new products signalizes its intention to innovate and its potential to carry out 

innovation. In Zhang’s model, he mentioned that spatial selection of firms could cause 

endogeneity issues, as firms that are new or less successful might choose to cluster in a 

business area, or it might be the reverse case. While Zhang didn’t necessarily propose a 

solution to this reverse effect, I intend to minimize this concern by subsampling my data on 

a group that has little endogeneity naturally. This will be discussed further in Section VI. 

In short, my contribution to the field of research will be twofold: I will investigate the 

effect of agglomeration on production innovation in China, which is a relatively new topic for 

Chinese studies on regional economics. My model also incorporates a more concrete 

measure of product innovation. As introduced previously, instead of number of patents, I will 
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use “new product output”, defined as a completely new product or an extended/improved 

product developed through a firm’s research and investment. Finally, I will tackle the 

endogeneity concern on spatial selection of firms, which is an issue not addressed by past 

studies on the same topic, with a hope that doing so will motivate the development of better 

methodologies for studying this comparatively new theme. 

IV. Theoretical Framework 

1. Modelling Production Innovation Procedure 

Consider a stochastic frontier production function: 

𝑄𝑖𝑡 = 𝑓(𝐴𝑖𝑡, 𝐾𝑖𝑡, 𝐿𝑖𝑡, 𝑀𝑖𝑡)𝜉𝑖𝑡𝑒𝑥𝑝(𝑉𝑖𝑡) (1) 

where 𝐼𝑖𝑡  represents the production output, 𝐾𝑖𝑡,  𝐿𝑖𝑡 , and 𝑀𝑖𝑡 represent the capital, labor, 

and material (raw or intermediate materials used) needed to produce the innovative 

products, and 𝐴𝑖𝑡 represents the production capacity for firm i at time t. 𝜉𝑖𝑡 ∈ (0,1] models 

the level of production efficiency for the given firm. If 𝜉𝑖𝑡 = 1, then the firm is at its optimal 

output given its technology embodied by the production function. When 𝜉𝑖𝑡 < 1, the firm is 

not making the most of its input given its technology.  Finally, 𝑒𝑥𝑝(𝑉𝑖𝑡)  represents some 

random shock to the production function. If we assume that the production function is Cobb-

Douglas, we would then obtain: 

𝑄𝑖𝑡 = 𝐴𝑖𝑡𝐾𝑖𝑡
𝛼𝐿𝑖𝑡

𝛽
𝑀𝑖𝑡

𝛾
𝜉𝑖𝑡𝑒𝑥𝑝(𝑉𝑖𝑡) (2) 

By agglomeration theories mentioned above, 𝐴𝑖𝑡  can be modeled as a function of 

urbanization, localization, and Porter externalities. This gives the following: 

𝐴𝑖𝑡 = (𝐿𝑂𝐶𝑖𝑡
𝑠𝑧)𝛿(𝑈𝑅𝐵𝑖𝑡

𝑠𝑧)𝜇(𝑃𝑂𝑅𝑇𝑖𝑡
𝑠𝑧)𝜂𝑈𝑖𝑡,𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛  (3) 

Here 𝑈𝑖𝑡,𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛  denotes any other possible firm-specific heterogeneity that determines 

the production capacity for firm i from industry s and area z at time t.  
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Plugging (3) into (2), and log linearizing (2), we obtain the following:  

𝑞𝑖𝑡 = 𝑢𝑖𝑡,𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 + 𝛿𝑙𝑜𝑐𝑖𝑡
𝑠𝑧 + 𝜇𝑢𝑟𝑏𝑖𝑡

𝑠𝑧 + 𝜂𝑝𝑜𝑟𝑡𝑖𝑡
𝑠𝑧 + 𝛼𝑘𝑖𝑡 + 𝛽𝑙𝑖𝑡 + 𝛾𝑚𝑖𝑡 +  𝑙𝑛(𝜉𝑖𝑡) + 𝑉𝑖𝑡 (4)  

where lower-case letters denote the log of upper-case variables in (3) and (2). Define vit= Vit 

+ uit,production + uit,innovation, where the last term now accounts for firm heterogeneity in 

innovative production.  Therefore, our final equation for innovation production is:  

𝑖𝑖𝑡 = 𝛿′𝑙𝑜𝑐𝑖𝑡
𝑠𝑧 + 𝜇′𝑢𝑟𝑏𝑖𝑡

𝑠𝑧 + 𝜂′𝑝𝑜𝑟𝑡𝑖𝑡
𝑠𝑧 + 𝛼′𝑘′𝑖𝑡 + 𝛽′𝑙′𝑖𝑡 + 𝛾′𝑚′𝑖𝑡 +  𝑙𝑛(𝜉𝑖𝑡) + 𝑣𝑖𝑡  (5) 

Note that 𝑘′𝑖𝑡 , 𝑙′𝑖𝑡, 𝑎𝑛𝑑 𝑚′𝑖𝑡 indicate the amount of inputs necessary to produce the given 

amount of innovative outputs. 𝛿′, 𝜇′,  𝜂′, …, 𝛾′ are coefficients specific to the innovative 

production, different from those for the production function in (4). In reality, since the data 

doesn’t allow us to differentiate between inputs for new product output and inputs for old 

product output, we can only let the total number of inputs enter our regression equation.  

2. Modelling Agglomeration Economies  

 We now describe our measures of localization and urbanization economies: 

𝑙𝑜𝑐𝑖𝑡
𝑠𝑧 = ln(𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑒𝑠𝑡 

𝑠𝑧 −  𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑒𝑠𝑖𝑡
𝑠𝑧 + 1) (5) 

𝑢𝑟𝑏𝑖𝑡
𝑠𝑧 = ln(𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑒𝑠𝑡 

𝑧 −  𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑒𝑠𝑡
𝑠𝑧 + 1)   (6) 

Localization economies are measured by taking the difference between total 

employment in area z from industry s at time t and firm i’s total employment in area z from 

industry s at time t. Ultimately this gives the number of other employees working at the same 

industry and the same area. This number is strictly increasing in the strength of localization 

economies: the higher the index, the greater the number of other employees, and the 

stronger the localization economies. In the meantime, this difference will equal 0 when the 

given firm is a monopolist in its area and industry. That is, all employment of the industry at 

the area comes from this firm. To take into account the monopolist situation, we add the 
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difference by 1 to avoid the unfavorable case when the index becomes ln(0). Therefore, 

localization index will be exactly equal to 0 when the firm is a monopolist and there is no 

localization economies.  

 Urbanization economies are measured by taking the difference between total 

employment in area z at time t and total employment in area z and industry s at time t. It 

measures the total number of employees working in other industries. The index is also 

strictly increasing in region size: the more urbanized the area, the higher the index. The 

proxy for urbanization will equal 0 when the area is perfectly specialized, that is, all 

employment comes from one industry in that region.  

Porter externalities, or competition, is measured by taking the log of the reciprocal of 

the Herfindahl index, and therefore: 

 𝑝𝑜𝑟𝑡𝑖𝑡
𝑠𝑧 = 𝑙𝑛

1

𝐻𝑒𝑟𝑓𝑡
𝑠𝑧   𝑤ℎ𝑒𝑟𝑒  𝐻𝑒𝑟𝑓𝑡

𝑠𝑧 = ∑ (
𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑒𝑖𝑡

𝑠𝑧

𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑒𝑡
𝑠𝑧𝑖∈𝑆𝑡

𝑠𝑧 )2  (7) 

Here 𝑆𝑡
𝑠𝑧  denotes the set of firms belonging to industry s and area z at time t. 

Herfindahl index at time t for industry s and area z is therefore calculated by the following 

procedure: 

1. For each firm i in the industry s, area z, and time t, we obtain its industry share by 

dividing its employees over the total number of employees in industry s, city z, and at time t. 

2. We square each firm's industry share. 

3. We add the squared terms up. 

Herfindahl index is originally proposed by economists Orris C. Herfindahl and Albert 

O. Hirschmanan. It is an effective measure of the concentration of market power, as the 

squared term exists in order to put larger weights on firms with larger industry share. If a 

company occupies a large share in the economy and therefore has greater market power, we 

https://en.wikipedia.org/wiki/Orris_C._Herfindahl
https://en.wikipedia.org/wiki/Albert_O._Hirschman
https://en.wikipedia.org/wiki/Albert_O._Hirschman
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would expect the index to be large. If each company represents a very small part of the 

economy, then we would expect the sum of small shares to be small as well. Linking back to 

the Porter externalities index, for firm i in industry s, city z, at time t, the index equals the log 

of the reciprocal of the local, industry-specific, and time-specific Herfindahl index, so if there 

is only one monopolistic firm in the given situation, the Herfindahl index will be 1 and the 

Porter index will be ln(1)=0, indicating that market concentration is high and competition is 

low; reversely, if Herfindahl index → 0, then the internal term of the Porter index → ∞,  and 

therefore the monotonic transformation, i.e. log transformation, of the term will also 

approach infinity. In this case, market concentration is low and competition is high. This 

mathematical nature of the Porter index enables this measure to represent local competition 

in a clear-cut way.  

V. Data and Variables 

1. Basic Setup 

The major data used for this study is the Annual Surveys of Industrial Firms (ASIF) 

1998 – 2007 conducted by China’s National Bureau of Statistics (NBS). The surveys include 

all state-owned or non-state-owned industrial firms with annual sales over 5 million RMB.  

According to a report on annual sales by Baidu2, this cutoff likely excludes small enterprises 

but includes middle and large enterprises. The data set records the detailed address, street, 

city, province, and corresponding regional codes for each observation, and hence is 

extremely useful when constructing area-specific agglomeration indices. The data set also 

provides detailed firm-level statistics including but not limited to total output value, total 

 
2 See baijiahao.baidu.com/s?id=1657878955735267744&wfr=spider&for=pc. 

https://baijiahao.baidu.com/s?id=1657878955735267744&wfr=spider&for=pc
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employment, average wage, government subsidy, and industry codes. Note that NBS 

retracted the key variable of interest “new product output” after 2009, while government 

subsidy, a key variable that impacts firm performance and firm productivity, is also retracted 

after 2007, so surveys later than 2007 will not be used in this research. 

A few problems were tackled before using the panel data. In 2003, the old industry 

code classification system (GB/T 4754-1994) was replaced by a new classification system 

(GB/T 4754-2002). In order to retrieve a consistent classification over time, I converted 

industry codes into a common standard through the measure provided by Brandt et al. 

(2011). The end result is a 2-digit industry code for each firm. Aside from that, entries with 

missing data in key variables such as new product output or total employment were dropped. 

I also dropped entries with values that are likely erroneous, such as entries with negative 

values in new product output, total product output, capital, material, government subsidy, 

etc. Finally, to construct the panel data set, I matched firms throughout all years by their firm 

name, legal person, region code, industry code, phone number, etc. in a structured order 

using the method proposed by Brandt et al. (2011). The matched panel data set contains a 

sample of around 1.8 million entries in total, and around 180,000 entries for each year. 

Among all entries, no firm has other branches or subsidiaries, so there is no repeated 

observation per year.   

As mentioned previously, we will use new product output as our dependent variable 

(denote here as Y). This variable represents the nominal value of the completely new 

products or the improved products introduced by firms through research and development. 

Unfortunately, due to the nature of the data we are unable to differentiate between the two 

types of new product output.  
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Next, we introduce our regressors, and they are categorized into firm characteristic 

variables, denoted as X, and agglomeration variables, denoted as Z. The following table 

introduces these variables and explains how each variable is practically computed. 

Table [1.a] 

Regressors 

Z1: Urbanization Index (urb) ⚫ log(the total number of employees in the county area 

- the total number of employees in the county area in 

the given industry +1);  

⚫ 1 unit increase corresponds to e-1 people increase in 

the difference 

Z2: Localization Index (loc) ⚫ log(the total number of employees in the county area 

in the industry - the total number of employees in the 

firm in the given industry and area+1);  

⚫ 1 unit increase corresponds to e-1 people increase in 

the difference 

Z3: Porter Index (port) ⚫ log(1/Herfindahl index) 

⚫ I used county as my scope for constructing the 

Herfindahl index.  

X1: Frontier Production (𝜉) ⚫ Frontier production conceptually represents the 

technical inefficiency of a firm’s production. It 

corresponds precisely to 𝑙𝑛(𝜉𝑖𝑡) in equation (7) and 

(8). Stata offers a command that predicts this value. 

X2: Government Subsidy (sub) ⚫ He & Zhu (2019) mentioned that firms heavily rely 

on government subsidy in China, so this variable is 

expected to play an important role in firm production. 

It corresponds to a part of .  

⚫ In our data, research and development (R&D) 

subsidy, which is a determinant factor of innovation, 

is missing. Our hope is that government subsidy 

could control for a part of a firm’s R&D subsidy, 

given that government subsidy does have R&D 

subsidy as one subcategory.  

X3: Capital (K) ⚫ Capital usage that corresponds to  in the model. 

⚫ Capital usage is measured by “paid-in capital” in the 

data.  

X4: Material (M) ⚫ Material usage that corresponds to  in the model. 

⚫ It is practically measured by “total industrial 

intermediate input” in the data. 

X5: Labor (L) ⚫ Labor usage that corresponds to  in the model. 

⚫ It is measured by “total number of employees 

averaged over the year” in the data. It is consistent 

with capital and labor as soon as we obtain the real 

values of the latter two through deflation.  

X6: New product output of year t-1 (Y[t-1]) ⚫ This will be an additional control added to the model, 

because we suspect that it is likely for firms with 

innovative production last year to have similar 
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innovative production this year. So this helps account 

for firm heterogeneity in innovative production. 

X7: Profit Dummy ⚫ X7=1 if sales profit of the previous year>0, and X7=0 

otherwise. This is based on the assumption that the 

firms would be more willing to invest in research of 

new product if their sales profit last year is positive.  

X8, X9: Type of firms (foreign, joint) ⚫ I set X6=1 if the company is a foreign affiliate, 0 

otherwise. 

⚫ I then set X7=1 if the company is a joint firm, 0 

otherwise.  

⚫ The reason for doing so is that Hu & Jefferson (2002) 

pointed out foreign affiliates might systematically 

enjoy better technology and productivity. To 

distinguish further, I included joint firm as a dummy 

variable as well. 

 

Note that In the descriptive and the empirical analysis, all nominal values are deflated 

by the following GDP deflators with the base year being 2015. 

 

 

 

 

2. Multi-collinearity check and Principal Component Analysis (PCA) 

Since agglomeration indices were all constructed from number of employees, I fear 

that multi-collinearity issue might exist or magnify the standard errors of the coefficient 

estimates in our empirical model. A pairwise correlation table shows that multi-collinearity 

is not a great concern among agglomeration variables. The correlations are all kept below 

0.5. However, multi-collinearity among production factors is a concern, as all pairwise 

correlations are greater than 0.5. A potential solution is to remove one of the factors from 

the model, but here I used an alternative technique, which is principal component analysis.   

Principal component analysis is a useful reduction technique that transforms linearly 

dependent columns into linearly independent ones. At the end we would obtain three 

Table [1.b] 

 GDP deflators 1998-2007, 

base year 2015 (100) 

1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 

57.79 57.05 58.23 59.42 59.78 61.34 65.60 68.16 70.84 76.33 

Source: indexmundi.com 
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components independent of each other. Although it is difficult to interpret what each of the 

components represents, we can refer to the correlation table to see how the components 

incorporated the information of the previous variables. 

Table[2.a] 

Multi-Collinearity Check 

Agglomeration Production Factor 

 loc urb port  lnK lnM lnL 

loc 1   lnK 1   

urb 0.44 1  lnM 0.55 1  

port -0.11 -0.06 1 lnL 0.55 0.61 1 

 

Table [2.b]  

Components Correlation with Variables 

 PC1 PC2 PC3 

lnL 0.59 -0.36 -0.73 

lnK 0.56 0.83 0.05 

lnM 0.58 -0.44 0.69 
 

From table [2.b] we can treat the first component (PC1) as a measure of size or scale, 

since it is correlated with the three inputs in a similar fashion. Given the positive correlation 

between PC2 and capital, and its negative correlation with the others, we can loosely treat 

PC2 as capital intensity, the amount of fixed or real capital in relation to other factors of 

production. Similarly, we can treat PC3 as material intensity. After PCA, the correlation 

between each pair of PC1, PC2, PC3 is 0, so we have successfully removed multi-collinearity.  

3. Descriptive Statistics   

Table 3 displays the basic summary statistics of our variables of interest. All nominal 

values are deflated by the GDP deflators provided by table [1.b].  

The average number of employees for a firm is roughly 280 per year, indicating that 

most firms had a medium size. The standard deviation of 1367.76 indicates significant 

heterogeneity in firm size, and the maximum number of average employees is 194410. We 

can give a similar conclusion regarding firm size by looking at the total product output, 
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where the mean output per year is 81315.39 RMB, and the standard deviation is 794804.7 

RMB.  

Table [3] 

Summary Statistics for Variables 

Variable Observation Mean Standard 

Deviation 

Minimum Maximum 

New Product 

 

1,547,319 8314.02 280859.60 0 1.10×108 

Total Product 

 

1,797,103 81315.39 794804.70 0 1.86×108 

New Product 

Density 

 

1,521,662 0.031 0.14 0 1 

Capital 

 

1,799,550 33236.75 577139.40 0 3.05×108 

Material 

 

1,799,550 89881.38 856697.30 0 2.27×108 

Average Worker 

 

1,799,550 280.1277 1367.36 0 194410 

Government 

Subsidy 

 

1,799,550 243.1483 5440.46 0 1492742 

Localization 

 

1,799,550 5.74 3.30 0 12.66 

Urbanization 

 

1,799,550 10.64 1.48 0 14.62 

Porter 1,792,599 1.34 1.16 0 5.20 

Note: the unit for new product, total product, capital, material, and subsidy is (thousand RMB). The 

values are all deflated according to table [1]. 

 

In order to better understand the meaning of the statistics for new product, I 

calculated new product density by dividing new product output value over total product 

output value. We therefore intuitively see that on average new product value occupied 3.1% 

of a firm’s total product value per year, while the maximum share is 1, meaning that the firm 

only produced new products that year.   

Finally, in terms of agglomeration externalities, we see that localization level is 

skewed to the right by comparing its max of 12.66 with its mean of 5.74. Specifically, for a 

given firm in a given county, there were on average around e5.74 -1 (roughly 310) employees 
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from other companies that were working in the same industry, and the maximum number of 

surrounding employees has peaked to e12.66-1 (roughly 314895). This is an extremely high 

figure that might have belonged to some highly specialized industrial parks. In contrast, 

urbanization level is skewed to the left and exhibits lower standard deviation relative to its 

mean. This suggests that most firms were stably located in an urbanized setting. In the 

meantime, urbanization level was on average much higher than localization level, producing 

a mean of e10.64 -1 (roughly 41771) surrounding employees from different industries in the 

county. The maximum number has reached to e14.62 -1 (around 2235554), over seven-fold 

the max of surrounding specialized employees. 

 Figure [3.a] and [3.b] shows the histogram of localization level and urbanization level 

in both 1998 and 2007. Figure [3.a] reveals that most firms were located in areas with very 

little specialization. In 1998, a great number of firms had approximately 0 to 2 other 

industry-specific employees within their counties, while a small number of firms had on 

average about 1600 surrounding employees. In 2007, the number of firms in less specialized 

settings decreased, while the number of industry-specific surrounding employees for some 

of the other firms increased to about 1800. Turning to urbanization, the histogram of 

urbanization resembles a skewed normal distribution. The mode occurs at about 10 in 1998, 

indicating that most firms had roughly 22,025 surrounding employees from different 

industries. That number increased to about 162753 in 2007. In general, we can conclude that 

localization and urbanization level increased in 2007 as compared to 1998. This 

phenomenon could be explained by the increasing population in China over time (1274 
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million in 1998 to 1321 million in 20073), as well as government’s effort in building science 

parks and developing cities.  

                        

Figure [3.a] Histogram of Localization                Figure [3.b] Histogram of Urbanization 

 

Figure [3.c] Histogram of Porter Index 

The last column in table [3] shows that the Porter index is skewed to the right, 

indicating that most firms were located in cities with low competition from peers. From 

figure [3.c] we observe that most firms had very little competition in 1998, but the number 

of these firms decreased significantly in 2007. The trend in the histogram shifted right, 

implying that the peer effect increased over time. Counterintuitively, in table [2.a] we 

observed a neglectable negative correlation between localization and Porter. One possible 

 
3 Source: https://www.statista.com/statistics/263765/total-population-of-china/ 

0
.1

.2
.3

F
ra

ct
io

n

0 5 10 15
Localization in 1998 (red: 2007)

0
.0

2
.0

4
.0

6
.0

8
.1

F
ra

ct
io

n

0 5 10 15
Urbanization in 1998 (red: 2007)

0
.1

.2
.3

F
ra

ct
io

n

0 1 2 3 4 5
Competition in 1998 (red: 2007)

https://www.statista.com/statistics/263765/total-population-of-china/


23 
 

cause could be the high industry shares among localized firms, which gave birth to a market 

with high specialization but low competition. Note that the max value of competition is ∞, 

which occurs when market concentration is low and the Herfindahl index is 0. In the data 

there are 26 entries that has a 0 Herfindahl index, and for the sake of the regression, I coded 

their corresponding Porter index as l × 1010 to capture this large competition effect. 

4. A Brief Look at the Geographical Distribution 

 

Figure [4.a] Geographical Distribution of Industrial Firms, 2005-2007 
 

Figure [4.a] shows the geographical distribution of the total number of distinct 

industrial firms that existed throughout 2005-2007 at the level of province, autonomous 

region, and municipality. Among all 23 provinces, 5 autonomous regions and 4 

municipalities, Guangdong had the highest amount of industrial firms (5252), followed by 

Jiangsu (2862), Shandong (2334), Heilongjiang (1712), Zhejiang (1644), Henan (1314), and 

Sichuan (1203). Most manufacturing firms clustered at the coastal area in the eastern part 

of China, with the exception of Sichuan and Heilongjiang. The western part of China had 
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notably fewer industrial firms than the eastern part. Tibet had the least number of industrial 

firms (9), followed  by Qinghai (48) and Shanghai (50). 

 

Figure [4.b] Geographical Distribution of New Product Firms, 2005-2007 

 

Figure [4.b] is the geographical distribution of the number of distinct industrial firms 

that introduced new products from 2005-2007. Henan had the largest number of new 

product firms (732), meaning that 55% of its industrial firms introduced new products over 

the span of the two years. The next is Sichuan, which had 626 new product firms, occupying 

52% of its total industrial firms. The two provinces are closely followed by Guangdong (587, 

11%), Beijing (445, 46%), Jiangsu (416, 14%), Zhejiang (365, 22%), and Shandong (362, 

15%).  Consistent with figure 4, the western part had very few new product firms, with Tibet 

ranking the lowest (1, 11%).  

Finally, figure [5.a], figure [5.b], and figure [5.c] show the distribution of the level of 

localization, urbanization, and competition respectively. We first spot that provinces such as 



25 
 

Guangdong, Heilongjiang, and Chengdu, who had high numbers of industrial firms and new 

product firms, also enjoyed high levels of localization, urbanization, and competition. We 

also spot that the coastal areas in eastern China exhibited more agglomeration compared to 

those from the western part, while the same relationship is true for the number of new 

product firms. By cross checking the distributions observed from these maps, we spot a 

moderate positive connection between product innovation and agglomeration.  

Figure [5.a] Localization        Figure [5.b] Urbanization                Figure [5.c] Porter 

(all averaged over 2005 - 2007) 

We might have recognized that the east and the west has distinct industrial structures. 

In China’s New Urbanization Path by Jiquan Hu, the author addressed the large gap between 

the eastern part of China and the western part in terms of their manufacturing industries 

and regional economic growth. The eastern parts including Shanghai, Guangzhou, Zhejiang, 

etc, are coastal areas neighboring Japan, Korea, and other East Asian countries. Such 

geographical nature attracted a great number of manufacturing companies looking for 

efficient and profitable trades with other nations. Most eastern parts are also plain areas, 

making it easier to mobilize human or physical capital and attract talented workers. The 

western parts such as Tibet and Xinjiang, on the other hand, are mostly constituted by 

plateau and mountains, with very little concentration of residents and workers. This explains 

the low agglomeration level we observed. They are also not geographically friendly for 
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people who are looking for work and trade, which is why most industrial firms won’t choose 

to agglomerate there. But the western part has its own odds, which is the abundant amount 

of mineral and other natural resources, rendering it the largest hub for energy supply.  

VI. Empirical Specification 

1. Fixed Effects Regression Model 

Referring back to table [1], I use a fixed effects regression that is specified as follows:  

𝑙𝑛𝑌𝑖𝑡 = 𝛽0𝑡̂ + ∑ 𝛽𝑖𝑡̂
6
𝑖=1 𝑙𝑛𝑋𝑖𝑡 + ∑9

𝑖=7 𝛽𝑖𝑡̂𝑋𝑖𝑡 + ∑ 𝛾𝑖̂
3
𝑖=1 𝑙𝑛𝑍𝑖𝑡  + 𝑇𝑖 + 𝐹𝑖 + 𝜖𝑖𝑡  (12) 

where Yit is the deflated new product output value, Zit is the set of agglomeration indices, and 

Xit  is the set of firm characteristic variables for firm i at year t. 𝑇𝑖 is the time fixed effect, 𝐹𝑖  is 

the firm fixed effect, and 𝜖𝑖𝑡 is the time-specific and firm-specific heterogeneity. Note that I 

lagged one year for the continuous variables in the vector X is because those values in X, such 

as capital, material, and labor, are reported as the end values of the given year, which will 

likely contribute to the production of the following year. Agglomeration variables do not 

suffer this constraint because the number of employees that were used to construct the 

indices were averaged over the year.  

OLS estimates are reported in table [4]. The first column reports the estimates with 

only agglomeration indices and fixed effects included. In the second column, I further 

included the production factor controls – frontier production, capital, material, and labor. I 

included more controls - government subsidy, new product output in the previous year, and 

profit dummy - in the third column. Finally, I added the dummy variables indicating firm type 

into the forth column.  

In all four columns the coefficients of localization economies are statistically 

significant. The relationship with the dependent variable is consistently positive. In column 
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(1) and (2), we observe that one percent increase in localization is associated with 0.0085% 

increase in new product output. The magnitude decreased in column (3) and (4) to 0.0065%. 

Urbanization also consistently exhibits a statistically significant positive effect with a larger 

magnitude throughout the four models: one percent increase in urbanization is expected to 

increase new product output by 0.23%. Porter externalities shows consistently a neglectable 

negative association with product innovation: one percentage increase in competition is 

expected to decrease new product output by 3.18~3.21×10-6 %. In reality, porter 

externalites would have little practical economic significance on product innovation, while 

urbanization would be more relevant and important for new product outputs. 

Other than the major agglomeration indices, frontier production, a measure of 

technical inefficiency, is negatively correlated with new product output with an effect of 0.12, 

implying that technical inefficiency could discount production output by 0.12%. We should 

be cautious when we interpret the coefficient of PC1 (scale), PC2 (capital intensity), PC3 

(material intensity), and subsidy, because the coefficients are likely biased and inconsistent 

due to endogeneity: production factor inputs and government subsidy measured in deflated 

market values could still rely on the economic condition of the area the firm locates in, while 

the economic condition could also correlate with product innovation output through cost-

benefit analysis that impacts research decision and production. Despite so, we still see a 

positive correlation between PC1, PC3, and new product output. Looking at lnY and profit 

dummy, we recognize that firms with positive sales profit and new product output in the 

previous year are more likely to have new product output in the given year. Finally, we didn’t 

spot any evidence showing innovation advantages for foreign firms, but we did find evidence 

that joint firms tend to produce 0.1% more than domestic firms.  
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Table [4] 

OLS Estimate: Whole Sample 

 (1) 

Agglomeration 

(2) 

Production Factor 

(3) 

Research Decision 

(4) 

Firm Type 

localization 0.0085*** 

[0.0018] 

0.0080*** 

[0.0019] 

0.0065*** 

[0.0019] 

0.0065*** 

[0.0019] 

urbanization 0.23*** 

[0.0068] 

0.24*** 

[0.0070] 

0.23*** 

[0.0069] 

0.23*** 

[0.0069] 

porter -3.18×10-6***  

[3.56×10-7] 

-3.21×10-6*** 

[4.02×10-7] 

-3.21×10-6*** 

[3.98×10-7] 

-3.21×10-6*** 

[3.98×10-7] 

ln𝜉[n-1]  -0.12*** 

[0.0035] 

-0.12*** 

[0.0035] 

-0.12*** 

[0.0035] 

PC1[n-1]  0.040*** 

[0.0022] 

0.037*** 

[0.0022] 

0.037*** 

[0.0022] 

PC2[n-1]  -0.028*** 

[0.0038] 

-0.024*** 

[0.038] 

-0.024*** 

[0.0038] 

PC3[n-1]  0.016*** 

[0.0043] 

0.0093** 

[0.0044] 

0.0094** 

[0.0043] 

lnsub[n-1]   -0.0094*** 

[0.0011] 

-0.0094 

[0.0011] 

lnY[n-1]   0.083*** 

[0.0014] 

0.083*** 

[0.0014] 

Profit dummy   0.042*** 

[0.0053] 

0.042*** 

[0.0053] 

Foreign dummy    0.038 

[0.033] 

Joint dummy    0.10*** 

[0.031] 

Time fixed 

effect 

Yes Yes Yes Yes 

Firm fixed 

effect 

Yes Yes Yes Yes 

Number obs. 1,440,762 1,388,692 1,388,502 1,388,502 

R2 0.0014 0.14 0.17 0.17 

Note: standard errors are reported in the bracket. *, **, and *** indicate significance at level 0.1, 0.05, and 

0.01. 

 

Table [5.a] groups the sample through the threshold of 25%, 50%, and 75% percentile 

of average number of total employees, a variable that could be treated as a measure of firm 

size. We can steadily see an increasing positive correlation of urbanization and new product, 

from 0.085% to 0.29%, as we go from the lowest to the highest percentile group.  This might 

suggest that urbanization has a larger impact on product innovation incentivization and 

improvement for larger firms than for smaller firms. We also see an interesting trend on the 
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coefficient of the Porter index: the effect is extremely small and negative for the lowest 

percentile group, but for the other groups it is positive in an increasing manner with firm 

size. This might explain why we obtained a neglectable positive correlation when we 

averaged over all groups. Finally, localization has a statistically significant negative impact 

on new product output for medium sized firms, but we have found no evidence on how it 

impacts the smallest and the largest percentile group. The heterogeneity in the two polarized 

group might explain why we observed a small positive coefficient in table [4].  

Table [5.a] 

OLS Estimate: Firm Size 

 (1) 

<25% 

(2) 

25%~50% 

(3) 

50%~75% 

(4) 

>=75% 

loc 0.0024 

[0.0034] 

-0.013*** 

[0.0042] 

-0.016*** 

[0.0047] 

-0.0027 

[0.0052] 

urb 0.085*** 

[0.012] 

0.11*** 

[0.012] 

0.15*** 

[0.013] 

0.29*** 

[0.017] 

port -1.08×10-6 

[3.65×10-7] 

0.091*** 

[0.013] 

0.11*** 

[0.016] 

0.089*** 

[0.021] 

All controls Yes Yes Yes Yes 

Time fixed 

effect 

Yes Yes Yes Yes 

Firm fixed 

effect 

Yes Yes Yes Yes 

Number obs. 309,457 371,320 351,089 356,636 

R2 0.13 0.12 0.15 0.2 

Note: standard errors are reported in the bracket. *, **, and *** indicate significance at level 0.1, 0.05, and 

0.01. 

 

Table [5.b] groups the sample by geographic locations. As we recognized in figure [4] 

and [5], the west and the east are significantly different in their economic structures, which 

is why I sorted out the west as a subsample in the following regression. For the eastern part, 

I also subsampled it by the “Northern Industrial Base (IB)” and the “Southern Industrial Base” 

(Baidu; n.d.). The major two industrial bases in the north are Beijing-Tianjing-Tangshan 

industrial base and Southern Liaozhong (including Shenyang, Dalian, Liaoyang, etc.) 
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industrial base. These two bases mostly specialize in heavy industries such as iron, 

machinery, soil, and chemicals. On the other hand, the major two industrial bases in the south 

are Shanghai-Nanjing-Hangzhou industrial base and the Pearl River Delta (including 

Guangzhou, Shenzhen, Zhuhai, etc.) industrial base. These southern two bases mostly 

specialize in light industries such as clothing, food, toy, electronic goods, etc. The difference 

in specialization might result in different relationship with agglomeration variables.  

Table [5.b] 

OLS Estimate: Geographic Specification 

 (1) 

West 

(2) 

Northern IB 

(3) 

Southern IB 

loc -0.021 

[0.014] 

-0.0031 

[0.0034] 

0.0066** 

[0.0027] 

urb -0.0051 

[0.02] 

0.067*** 

[0.015] 

0.3*** 

[0.009] 

port -1.32×10-6 

[1.43×10-6] 

-3.84×10-6*** 

[8.12×10-7] 

-4.14×10-7*** 

[0.016] 

All controls Yes Yes Yes 

Time fixed effect Yes Yes Yes 

Firm fixed effect Yes Yes Yes 

Number obs. 9,086 371,320 854,451 

R2 0.0033 0.12 0.14 

Note: standard errors are reported in the bracket. *, **, and *** indicate significance at level 0.1, 0.05, and 

0.01. 

 

From column (1) in table [5.b] we find no evidence for the existence of agglomeration 

externalities in the west. All agglomeration variables are statistically insignificant. In column 

(2) we find evidence of a positive correlation between urbanization and new product output 

among firms in the northern industrial base. For firms in the southern industrial base, we 

discover that both localization and urbanization positively impact new product output, and 

the magnitude for urbanization is larger than that in the northern IB. Competition effects in 

both IBs are neglectable and of little practical significance. In conclusion, the regression 
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result with geographic specification suggests that southern IB might be the most benefitted 

recipient of agglomeration externalities. 

2. Robustness Check 

One major issue that could bias the estimate is spatial selection of firms. For example, 

if firms with better productivity selected to locate in agglomerated areas in the first place, 

then our estimates would be inconsistent, as firm productivity would now reversely affect 

the agglomeration indices assigned to the firms.   

Alfred Marshall proposed that geographic features play an important role in a firm’s 

spatial selection decision. For example, manufacturing companies would likely choose to 

locate in areas with less urbanization in order to dispose of waste and avoid polluting the 

inner cities. Other industries would likely locate in areas with available natural resources 

that would help lower transaction and transportation cost for needed materials. In an 

economy with international trades, manufacturing firms might also locate in coastal areas to 

reduce the export cost for their goods.  

In the meantime, state-owned firms in China traditionally have less freedom to 

engage in spatial selection, as they are established by local government of each of the cities 

and counties, hence we would expect agglomeration indices to be orthogonal with 

heterogeneity among state-owned firms. Since we observed from table [5.a] that firms with 

a size under the 25 percentile tend to exhibit distinct effects, especially for competition, 

compared to firms with a size over the 25 percentile, table [6.a] and [6.b] shows the 

regression result for state-owned firms with a size under and over the 25 percentile 

threshold respectively. I also included the interaction terms of firm size and agglomeration 
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indices to take into account the idiosyncratic agglomeration effects we observed among 

firms with different sizes.  

Table [6.a] 

OLS Estimate: State-owned Firms 

(>=25% in firm size) 

 (1) 

West 

(2) 

Northern IB 

(3) 

Southern IB 

loc 0.032 

[0.0034] 

-0.0089 

[0.0088] 

0.029 

[0.019] 

urb -0.045* 

[0.012] 

0.10*** 

[0.03] 

0.0068 

[0.036] 

port 0.080 

[0.21] 

-0.21*** 

[0.079] 

-0.74 

[0.11] 

loc*L -0.000043 

[0.0000313] 

7.21×10-6*** 

[2.62×10-6] 

-1.51×10-6 

[7.10×10-6] 

urb*L 0.000024 

[0.000020] 

-3.15×10-7 

[2.95×10-6] 

8.13×10-6** 

[3.85×10-6] 

port*L 0.00018 

[0.00042] 

0.00021*** 

[0.000073] 

0.00021* 

[0.00012] 

All controls Yes Yes Yes 

Time fixed effect Yes Yes Yes 

Firm fixed effect Yes Yes Yes 

Number obs. 2,036 28,880 21,308 

R2 0.02 0.44 0.43 

Note: standard errors are reported in the bracket. *, **, and *** indicate significance at level 0.1, 0.05, and 

0.01. 

 

In table [6.a], we recognize that localization is no longer statistically significant for 

any geographic specification for medium to large-size firms. We also notice that the 

magnitude of urbanization has decreased intensively: urbanization likely decreases new 

product output of firms in the western part by 0.045% and increases firms in northern IBs 

by 0.1%. We haven’t found any evidence to conclude that urbanization plays a part in 

promoting product innovation in Southern IBs. The statistically significant interaction term 

for urbanization implies that large firms benefit from urbanization more. Consider the max 

number of firm size, which is 194410 people, we recognize that urbanization can increase 
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innovation production of the largest-size firm by 1.5% if we assume that the main 

urbanization effect is 0. Similarly, in northern IBs, the firm with the largest size could benefit 

from an increase of roughly 1.4% in new product output by 1% increase in localization. A 

similar reasoning applies to the porter interaction term: the largest firm (either in Northern 

IBs or in Southern IBs) potentially could receive a 40% increase in product innovation output 

through increase in competition. Finally, in table [6.b], we find it hard to conclude any 

evidence about agglomeration effects for small-size firms.  

Table [6.b] 

OLS Estimate: State-owned Firms 

（<25% in firm size) 

 (1) 

West 

(2) 

Northern IB 

(3) 

Southern IB 

loc 0.036 

[0.024] 

0.0041  

[0.0088] 

-0.0016 

[0.011] 

urb 0.0018 

[0.012] 

0.0055 

[0.021] 

-0.0026 

[0.029] 

port 5.81×10-8 

[1.01×10-7] 

1.78×10-7 

 [1.2×10-7] 

-3.47×10-9 

 [6.24×10-8] 

loc*L -0.0016  

[0.0012] 

-0.00026  

[0.00048] 

0.00037  

[0.00064] 

urb*L 0.00010  

[0.00022] 

0.00050 

[0.00018] 

-0.000073 

 [0.00027] 

port*L 0.0012 

[0.0025] 

0.0012 

[0.0019] 

0.00033 

[0.0017] 

All controls Yes Yes Yes 

Time fixed effect Yes Yes Yes 

Firm fixed effect Yes Yes Yes 

Number obs. 12,52 11,961 6,463 

R2 0.002 0.02 0.02 

Note: standard errors are reported in the bracket. *, **, and *** indicate significance at level 0.1, 0.05, and 

0.01. 

 

3. Discussion  

 Our result shows that spatial selection accounts for most of the effects that 

agglomeration indices captured, and this is especially prominent for localization. Indeed, 
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aside from the localized benefits such as natural resources and distance to ports, Alfred 

Marshall proposed some other benefits, such as knowledge spill-over, that would occur after 

a firm chooses its location. However, recent research, such as Zhang (2014) and Tavassoli & 

Jienwatcharamongkhol (2016), failed to find evidence that shows how localization benefits 

individual firms after they entered the location. It might be the case that the opportunity 

costs, such as regulations in science parks, outweighed the benefit brought by labor pooling, 

transportation, or knowledge spill-over. We did notice that urbanization externalities are 

more impactful in boosting a firm’s innovation performance. This is also consistent with past 

research results from Martin et al. (2011) and Zhang (2014). The result might imply that 

industrial diversity and inter-industry knowledge spill-over are more helpful for firms than 

localized benefits. It is a reasonable speculation since industrial firms might depend on 

technologically related firms from other industries to develop its new technology and new 

design, in a similar way how interdisciplinary studies incorporate knowledge from different 

fields to achieve new discoveries. Industrial firms can also trade outputs to and obtain 

necessary inputs  from different sectors more easily in an area with a larger size or 

population base.  

In the meantime, we also discover that larger firms are more likely to benefit from 

agglomeration. This could be due to their market power, as firms with larger size tend to 

attract more workers, synthesize resources faster, and have better connection, 

communication, or intellectual interaction with other firms. Although it would be 

illuminating if we could discover methods to help smaller firms perform better, we couldn’t 

find evidence that small firms benefit from agglomeration and spatial clustering. We also 

recognize that firms in the west tend not to benefit from any agglomeration in terms of 
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product innovation output. This could be due to their low agglomeration level that is too 

small to make a positive impact. We could call for policies that promote formation of spatial 

clusters, but the key question would be whether it is necessary to change the economic 

structure of the west. In general, we recognize that localized clusters such as science parks 

might have not delivered their goals of boosting firm performance, as well as innovation, as 

expected. 

VII. Conclusion 

In this study, I investigated the effect of agglomeration activities on product 

innovation in order to reflect the industrialization and economic growth of China. I followed 

the theoretical framework proposed by Martin et al. (2011), and constructed the 

corresponding agglomeration variables including localization economies, urbanization 

economies, and competition. I employed a fixed effects regression with firm-specific controls 

(productivity, firm size, etc.) and agglomeration variables. I then conducted a robustness 

check by assuming exogeneity of treatment variables among state-owned firms. I discussed 

the latter regression results with policy implications.   

My study implies that policymakers could promote innovation by encouraging firms 

to locate in industrially diversified cities and areas. In the meantime, government designing 

science parks should also take into consideration the industrial composition across the park: 

introducing a diversified pool of enterprises will be more effective than constructing a 

specialized setting. 

Finally, future research should investigate agglomeration externalities in a more 

specific manner. Given the data constraint, this paper cannot construct measures such as 

labor pooling effect, related variety, unrelated variety, etc.  Future research can also improve 
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the methodology by constructing a structural equation model for this topic, taking into 

account a firm’s decision in research and development, the probabilistic trial of success in 

innovation, and the process of realizing innovation into actual production. 
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