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ABSTRACT
Artificial intelligence (AI) is a fundamental driver of technological
and economic growth. However, few studies have focused on the
impact of AI industry agglomeration on economic complexity.
This study uses a unique dataset of 2,503,795 AI enterprises in
China collected through web crawlers to measure AI industrial
agglomeration and examine the relationship between AI industry
agglomeration and economic complexity in 194 Chinese cities
based on Marshall industry agglomeration theory. The study’s
results show that AI industry clustering increases economic com-
plexity. The mechanism analysis indicates that people and know-
ledge are the channels through which it boosts economic
complexity. Unexpectedly, AI industry agglomeration does not
improve the economic complexity index (ECI) through the goods
path. This study proposes three possible explanations for this
result. First, AI industrial clustering may lead to excessive rivalry in
China’s intermediate product market. Hence, sharing intermediate
inputs has no increasing returns effect. Second, the city’s high-
end talent is not fairly distributed due to China’s uneven develop-
ment. Finally, policies drive the formation of China’s AI industrial
agglomeration, which does not develop naturally. Consequently,
China should implement a talent- and knowledge-driven AI
agglomeration. To avoid overcrowding, policies must match
regional development.
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1. Introduction

Artificial intelligence (AI) has remodelled various economic activities, such as produc-
tion (Mart�ınez et al., 2022), distribution (Furman & Seamans, 2019), exchange
(Graetz & Michaels, 2018), and consumption (Graetz & Michaels, 2018), profoundly
affecting business and production. Industrial robots and AI technologies significantly
affect enterprises’ production and marketing processes through labour substitution
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(Acemoglu & Restrepo, 2019) and technology updates (Jarrahi, 2018). Many scholars
have found that the development of AI improves companies’ management, cost bene-
fits, and production efficiency (Matyushok et al., 2021; Wilson & Daugherty, 2018).
However, few scholars have focused on the effect of AI on the product complexity
index (PCI) or economic complexity index (ECI). The nature and measurements of
economic complexity and product complexity are similar; hence, the ECI may be con-
sidered an overall measurement of the PCI of a city, region, or country (Mealy
et al., 2019).

Product complexity increases by breaking through existing technologies and intro-
ducing new products (Hidalgo, 2021). Some scholars have suggested that the determi-
nants of product complexity differ between developed and developing countries
(Hidalgo, 2021; Mealy et al., 2019). The higher product sophistication of exports in
developed countries is mainly due to higher income levels and economic growth
(Mealy et al., 2019), higher technical levels (Hidalgo, 2021), lower trade costs
(Nguyen et al., 2020), and the growth of research and development (R&D) investment
(Hidalgo, 2021). Developing countries exhibit lower product complexity but are typic-
ally affected by the technology spillover of foreign direct investment (FDI)
(Antonietti & Franco, 2021), tariff reduction, and trade liberalisation (Mealy &
Teytelboym, 2020). Empirical studies using cross-country samples have shown that
improvements in institutional quality, labour division, R&D investment, and indus-
trial agglomeration increase the complexity of export products (Dai & Jin, 2014).

Many scholars have investigated whether industrial agglomeration may improve
product sophistication but have not reached a consensus (Klein & Crafts, 2020; Mo &
He, 2013; Pavelkova et al., 2021). Most scholars contend that industrial agglomeration
reduces the uncertainty of developing high-tech products by generating positive exter-
nalities (Klein & Crafts, 2020) and the cost of breaking through existing technologies
(Mo & He, 2013) to improve the technical complexity of products, ultimately increas-
ing the regional ECI. Other studies suggest that economic agglomeration may
increase competitiveness among businesses and help them build political links
(Pavelkova et al., 2021). This phenomenon may hinder product complexity.

AI industrial agglomeration is defined as the concentration of enterprises using AI
technologies and connected companies in a geographical area owing to their commonal-
ities and complementarities. According to Marshall’s theory of agglomeration external-
ities (Marshall, 2009), agglomeration in the AI industry may generate externalities
through labour reservoirs (people), intermediate product sharing (goods), and know-
ledge and technology spillovers (knowledge), reducing production costs and increasing
labour productivity. Economies of scale may be achieved by sharing intermediate prod-
ucts and public goods, reducing transportation costs per unit distance, and sharing com-
pany information (Deng, 2021; Fan & Scott, 2009; X. Wang et al., 2021). However, as
the degree of AI industry agglomeration increases, public resources face increasing pres-
sure (Pavelkova et al., 2021; X. Wang et al., 2021). Companies may abandon key techno-
logical advancements favouring simpler ones (Meliciani & Savona, 2015), and over
agglomeration of the AI industry has a crowding-out effect (X. Wang et al., 2021).
Moreover, research based on micro-geographical perspectives (X. Wang et al., 2021)
indicates an unequal agglomeration effect on product innovation.
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Most research on high-tech industry agglomeration has focused on industrialised
countries (Ellison et al., 2010; Meliciani & Savona, 2015; Pavelkova et al., 2021).
Hence, whether the conclusions and policy recommendations from industrialised
countries also apply to China is unclear. Therefore, the impact of China’s AI industry
agglomeration on economic complexity must be further explored. First, due to its
low-cost advantages and demographic rewards, China has achieved miraculous eco-
nomic growth and export development since its reforms and opening up (Krugman,
1994). China’s economic growth is constrained by an unequal industrial structure,
low export added value, and a lack of neck-locking technology (Liu & Tie, 2020). As
the Chinese society and the economy evolve, the role of AI expands (Furman &
Seamans, 2019; Mart�ın & Fern�andez, 2022). China has made AI a national priority,
seeking to use AI to improve technology and increase product complexity (Xie et al.,
2021). China’s population and industrial structure have created enough data and mar-
ket needs for AI development. In addition, the agglomeration effect is strongly related
to geographic distance (Klein & Crafts, 2020; Shao et al., 2018), and China has a large
geographical area and considerable regional disparity. Finally, China’s industrial
agglomeration model is distinct from that of industrialised countries (Shao et al.,
2018; X. Wang et al., 2021). Instead of market economies of scale, policies have
induced China’s industrial agglomeration (X. Wang et al., 2021). Therefore, the clus-
tering effect of China’s AI industry is complex.

Can AI industry agglomeration boost product complexity or the ECI? If so, how
does the AI industry promote ECI growth? Is there any disparity in the impact of AI
industry agglomeration across regions? The solution to these questions is directly
related to whether China may upgrade its industry and enhance its development
quality, leading to a new wave of competition and advantages.

To explore these issues, we construct a novel dataset of 2,503,795 AI enterprises
using web crawler technology to measure industrial agglomeration in China. To the
best of our knowledge, this is the first study to assess AI industry agglomeration at
the city level. We extend previous studies on the impact of AI on the social economy
by examining the relationship between AI industry agglomeration and ECI. Finally,
we build on Marshall’s theory of agglomeration externalities to explore the inner-
impact mechanism in the relationship of interest.

The remainder of this paper is organised as follows. Section 2 reviews the litera-
ture. Section 3 formulates the research hypotheses, and Section 4 describes the varia-
bles, data sources, and empirical models. Section 5 presents and discusses the
empirical results, exploring the impact mechanism of AI industry agglomeration on
the ECI. Finally, Section 6 concludes and provides policy implications.

2. Literature review

The impact of AI on social and business economies is crucial. Researchers have
examined the effects of AI on economic growth (Furman & Seamans, 2019), employ-
ment (Acemoglu & Restrepo, 2019; Frey & Osborne, 2017; Mutascu, 2021), corporate
competition (Sun & Hou, 2021), and company managerial efficiency (Di Vaio et al.,
2020) at various levels. Some (Acemoglu & Restrepo, 2019; Brynjolfsson et al., 2019)

1422 Y. SHOUFU ET AL.



argue that AI-derived technology boosts efficiency but not productivity. According to
Bergeaud et al. (2017), from 1890 to 2015, the total factor productivity growth rates
of the United States, the Eurozone, the United Kingdom, and Japan have continued
to decline, casting doubts on the impact of AI (Frey & Osborne, 2017). Some studies
contend that AI increases unemployment and inequality (Acemoglu & Restrepo,
2019). Mutascu (2021) predicts that AI will replace 54% of occupations in Europe in
the next 10–20 years. Others propose that AI may supplement existing labour and
assets, enhancing labour productivity (Graetz & Michaels, 2018) and capital efficiency
(Brynjolfsson et al., 2019). According to Acemoglu and Restrepo (2019), automation
replaces and creates new jobs. They contend that the employment creation effect may
boost productivity by increasing the demand for labour in non-automated tasks.

At the micro level, AI influences corporate operations and decision-making in
numerous industries (Di Vaio et al., 2020; Goldfarb & Trefler, 2019). Sun and Hou
(2021) reveal that the development of AI in China boosts the total factor productivity
of traditional manufacturing industries such as textiles and apparel. However, AI has
no significant effect on disruptive high-end manufacturing industries such as com-
puter communications. Scholars have also investigated AI’s impact on company man-
agement. For instance, Di Vaio et al. (2020) contend that AI and related technology
influence corporate human resource management and reputation risk management.
According to new trade theory, AI impacts business export decisions and global trade
(Goldfarb & Trefler, 2019). However, few studies have examined whether AI may
increase product complexity and, thus, exportability.

The existing PCI/ECI investigations focus on their measurements and determi-
nants. Several authors have proposed ECI metrics. For instance, Hidalgo and
Hausmann (2009) have introduced a reflection method to measure economic com-
plexity. However, Tacchella et al. (2012) have pointed out that Hidalgo and
Hausmann’s (2009) measure ignores the link between competitive advantage and
export diversification. They propose a new nonlinear iterative algorithm to define a
self-consistent and non-monetary index for product and economic sophistication
from a data-driven perspective. Furthermore, some studies contend that economic
complexity reflects a country’s technological strengths, as regional diversification is
linked to technology portfolios (Ivanova et al., 2017). Ivanova et al. (2017) consider
countries, product groups, and patents to measure economic complexity. In addition,
novel methods based on Hidalgo and Hausmann’s (2009) reflection method have
been proposed (Hidalgo, 2021; Utkovski et al., 2018). Several researchers have com-
pared existing economic complexity metrics (Albeaik et al., 2017; Hidalgo, 2021).
However, the method proposed by Hidalgo and Hausmann (2009) is the most widely
used approach for measuring the ECI

Previous studies have focused on the determinants of the ECI from the perspective
of factor endowments (Z. Wang & Wei, 2010), FDI (Antonietti & Franco, 2021), the
global value chain division of labour (Dai & Jin, 2014), and spatial agglomeration
(Balland et al., 2020; Malesky & Mosley, 2018; Storper, 2018). Z. Wang and Wei
(2010) argue that human capital and the local government’s high-tech zone policy
positively affect economic complexity. However, natural resources, foreign investment,
and processing trade have a marginal impact on the ECI of Chinese cities. Antonietti
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and Franco (2021) find that the effect of inward FDI stock per capita on the ECI
varies by country. Dai and Jin (2014) show that the institution quality positively
affects the technical complexity of exports. Researchers have also addressed the deter-
minants of the ECI based on geographical agglomeration. For example, Malesky and
Mosley (2018) claim that industry clustering boosts Chinese firms’ PCI. The agglom-
eration economy is more prominent in industrialised nations than in emerging coun-
tries (Thisse, 2018). Balland et al. (2020) find that regional characteristics influence
agglomeration effects. They argue that economic agglomeration improves the ECI
because complex economic operations require greater in-depth knowledge and labour
division. Klein and Crafts (2020) classify industrial clusters as specialised or diversi-
fied. Storper (2018) examines the relationship between agglomeration economies and
product complexity and finds that agglomeration externalities differ.

The methods for measuring industrial agglomeration include location entropy (Mo
& He, 2013), the Herfindahl-Hirschman index (Klein & Crafts, 2020), the space Gini
coefficient (X. Wang et al., 2021), the Ellison and Glaeser’s (E-G) index (Faggio et al.,
2020), and the Duranton and Overman’s (DO) index (Duranton & Overman, 2005;
Shao et al., 2018). Mo and He (2013) use location entropy to measure the degree of
agglomeration of high-tech industries in 25 Chinese provinces based on the industry’s
output value. Klein and Crafts (2020) employ the Herfindahl-Hirschman index and
employment data to observe the dynamic changes in the US manufacturing industry
agglomeration from 1880 to 1930. X. Wang et al. (2021) use the space Gini coefficient
and employment data to measure the agglomeration degree of modern services in 41
cities in China’s Yangtze River Delta city group. Faggio et al. (2020) deploy employ-
ment data from 97 three-digit industries in the UK and use the E-G index to measure
industry agglomeration. Others use the DO index based on the longitude and latitude
of firms to measure industrial agglomeration (Duranton & Overman, 2005; Shao
et al., 2018). The DO index is a metric for industrial agglomeration proposed by
Duranton and Overman (2005). Researchers have developed various agglomeration
metrics depending on the research objectives and data acquired. Using the DO index
to measure AI industry agglomeration has numerous benefits. Based on the distance
between firms, the DO index may better indicate the agglomeration of businesses
(Shao et al., 2018). Unlike other agglomeration measurement approaches, the DO
index does not require prior area delimitation (Duranton & Overman, 2005) and may
measure the entire continuous space, handling enterprise-scale distributions
more flexibly.

Existing research mainly focuses on the impact of AI on economic growth
(Furman & Seamans, 2019), employment (Acemoglu & Restrepo, 2019; Frey &
Osborne, 2017; Mutascu, 2021), corporate competition (Sun & Hou, 2021), and com-
pany managerial efficiency (Di Vaio et al., 2020). Many studies have examined how
factor endowments, spatial agglomeration, the global value chain division of labour,
and FDI affect product complexity. However, few studies have investigated the associ-
ation between AI and the ECI. Moreover, AI helps companies become superstars,
making it easy for AI companies to cluster. On the one hand, because AI is associated
with higher fixed costs and lower marginal costs, companies using AI technology
have higher barriers to entry. On the other hand, the platform economy is expected
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to become a crucial economic model due to the significant impact of AI. The plat-
form economy has cross-edge network externalities and may quickly become an oli-
gopoly (Deng, 2021; Pavelkova et al., 2021). A significant gap is observed in the effect
of AI industry agglomeration on the ECI. Hence, the action mechanism in the rela-
tionship between AI industry agglomeration and the ECI needs to be further
investigated.

3. Theoretical background and hypotheses

3.1. AI industry agglomeration and the ECI

The industrial agglomeration of traditional manufacturing and modern services has
been previously investigated (Klein & Crafts, 2020; Mo & He, 2013; Pavelkova et al.,
2021; Shao et al., 2018). Previous studies have measured industrial agglomeration
based on employment, productivity, and output values. However, as AI is an emerg-
ing industry, obtaining relevant data may be challenging. AI has played a vital role in
transforming modern society and the economy, generating new waves of digitalisation
and intelligence. All countries deploy AI and seek new regional competitive advan-
tages to gain a future first-mover advantage (Furman & Seamans, 2019). Hence, an
in-depth analysis of AI industry aggregation in terms of economic complexity
is essential.

AI industry agglomeration may increase the ECI in two ways. First, the develop-
ment of AI may directly improve the ECI. As a critical technological innovation
(Acemoglu & Restrepo, 2019), AI may help businesses enhance manufacturing tech-
nologies and produce items with higher technical content. These technologies may
use network approaches to understand complex systems and improve technical prod-
uct content by increasing dynamic data gathering and processing capabilities
(Hidalgo, 2021). Second, AI may be regarded as a new factor of production
(Acemoglu & Restrepo, 2017; Brynjolfsson et al., 2019), which may supplement exist-
ing labour and assets (Goldfarb & Trefler, 2019), improve labour productivity
(Brynjolfsson et al., 2019) and capital efficiency (Hidalgo, 2021), and help enhance
the total factor productivity (Brynjolfsson et al., 2019). Research shows that higher
productivity and capital efficiency lead to higher profitability (Sun & Hou, 2021).
Therefore, adequate capital use allows companies to tolerate the uncertain costs of
technological development and the fixed costs of exporting high-tech and complex
products (Goldfarb & Trefler, 2019). This awareness encourages companies to focus
on high-tech and complex products. Guan and Cheng (2020) show that companies’
total factor productivity directly impacts the complexity of export technology. Hence,
AI may positively affect the ECI by increasing total factor productivity. Third, the
lower costs of AI-based industrial robots have helped them grow in popularity. The
use of AI-related technology may improve labour quality. Industrial robots may
replace low-wage workers such as drivers and waiters (Frank et al., 2019). Therefore,
an enterprise’s low-wage labour demand decreases. However, industrial robots may
reintroduce labour into new tasks by changing task content. The creation effect
occurs when the popularity of industrial robots creates new jobs in coding, software
and app development, and data backup (Graetz & Michaels, 2018). Creating new jobs
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and occupations benefits the human capital of the job market. These dual effects may
enhance labour quality and increase the ECI.

Agglomeration effects may directly promote ECI growth via a secondary influence
path. First, by leveraging the scale economy effect, AI firm clustering may help an
area or city develop more efficiently (Furman & Seamans, 2019). The concentration
of AI enterprises may induce several businesses to invest and relocate (Faggio et al.,
2020; Pavelkova et al., 2021). Enterprise clustering may reduce transportation and
knowledge acquisition costs (Klein & Crafts, 2020). In addition, the increasing returns
to scale may result in a pricing advantage, enhancing the company’s ability to com-
pete in product export markets. Second, the AI industry is both knowledge- and cap-
ital-intensive and is characterised by constant learning and technological
advancement. Knowledge and technology spillover from AI industry agglomeration
benefits the entire city (Pavelkova et al., 2021). The AI industry has grown rapidly in
recent decades. Several countries, including China, have promoted AI as a national
strategy (Xie et al., 2021). Most cities in China prioritise AI (Xie et al., 2021). Social
resources outnumber traditional industries, reducing the negative externalities of
industrial agglomeration (Acemoglu & Restrepo, 2019; Klein & Crafts, 2020). As AI
industry agglomeration grows, the crowding effect is less likely to dominate (McCann
& Van Oort, 2019). Hence, we propose the following hypothesis:

H1: AI industry agglomeration has a positive effect on economic complexity.

3.2. The mediating role of per capita human capital in the labour market

Marshall (2009) explains the agglomeration economy using the industrial district the-
ory, acknowledging that externalities cause the geographic agglomeration of enter-
prises. Marshall defines externalities in three ways. First, industrial agglomeration
may create a shared labour market. Second, industrial agglomeration may improve
input availability. Third, it may generate knowledge spillover. Hence, industrial
agglomeration may generate externalities through people, goods, and knowledge.

A labour market with higher per capita human capital helps form economies of
scale (Klein & Crafts, 2020; Pavelkova et al., 2021). Human capital has recently been
recognised as an essential factor in enhancing corporate innovation capabilities
(Furman & Seamans, 2019; Pavelkova et al., 2021), corporate total factor productivity
(Pietrucha & _Zelazny, 2020), and company’s competitive advantages (Antonietti &
Franco, 2021).

In addition, according to product life cycle theory, human capital drives new prod-
uct introduction and development (Lehmann et al., 2019). Human capital investment
helps companies reduce the time of product development and improve the life cycle
of earnings (Guan & Cheng, 2020). Increasing per capita human capital in the labour
market help companies improve product diversification (Antonietti & Franco, 2021)
and core technical strength (Deng, 2021), allowing them to develop new products or
improve the technical content of existing ones. Hence, we argue that improving the
ECI requires increasing per capita human capital in the labour market.

AI industry agglomeration affects product technology content and the ECI, as dis-
cussed in H1. In addition, top talent enhances technology, complex production
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equipment, and knowledge-sharing opportunities. This strategy works best when
higher levels of per capita human capital in the labour market support higher
agglomeration levels (Liu & Tie, 2020).

According to Marshall’s theory of industrial districts (Marshall, 2009) and Porter’s
theory of industrial clusters (Porter, 2011), AI industry agglomeration improves the
ECI by gathering high-end talent. On the one hand, AI companies use industrial
robots or AI-related technology to replace low-end labour and create high-end labour
positions (Graetz & Michaels, 2018), increasing the demand for high-end talent. The
AI industry is knowledge-intensive and requires highly educated workers (Furman &
Seamans, 2019). Therefore, AI firms need more high-end technical talent. The influx
of high-end talent boosts the labour market’s per capita human capital and enhances
enterprise technological innovation capabilities, thus improving the ECI
(Hidalgo, 2021).

On the other hand, the AI industry’s agglomeration facilitates the development of
a labour market that shares different talents. A shared labour market facilitates talent
flow within and between industries (Du & Vanino, 2021). It may save companies
money on high-end talent searches, better matching between AI companies and quali-
fied job seekers. Finally, AI industry agglomeration may generate incentives to
develop more high-tech and complex products, helping increase the ECI. Hence, we
propose the following hypothesis:

H2: Per capita human capital in the labour market mediates the effect of AI industry
agglomeration on the ECI.

3.3. The mediating role of intermediate input product quality

Changes in intermediate inputs may also affect productivity. First, a higher intermedi-
ate input product quality requires more complex production technology (Amiti &
Konings, 2007) and updated equipment (Halpern et al., 2015), thus increasing pro-
duction efficiency. Second, the improvement in input positively affects output (Amiti
& Konings, 2007). Hence, the quality of intermediate input products is linked to the
complexity of final output goods. Finally, companies tend to improve their manage-
ment to better utilise high-quality intermediate input products (Meng et al., 2020).

Increased productivity allows a company to focus on high-complexity products.
Improving intermediate input product quality may improve production efficiency
through technology spillover (Liu & Tie, 2020). As a result, the quality of intermedi-
ate input products may boost the ECI.

As discussed in H1, we assume that AI industry agglomeration positively affects
product technology content and economic complexity. Improvements in the quality
of intermediate input products strengthen the productivity effect of economic space
agglomeration (Defever et al., 2020). Hence, industrial agglomeration improves enter-
prise productivity and increases productivity spillovers from improved intermediate
input product quality (Ciccone, 2002; Pavelkova et al., 2021).

Based on the theory of industrial districts (Marshall, 2009), AI industry agglomer-
ation may increase the ECI by sharing intermediate inputs. Marshall (2009) proposes
that industrial agglomeration increases access to specialised input services by sharing

ECONOMIC RESEARCH-EKONOMSKA ISTRAŽIVANJA 1427



intermediate inputs. As the AI industry agglomerates, the available intermediate
inputs become more professional and the products more technical (Ciccone, 2002;
Pavelkova et al., 2021). Hence, we propose the following hypothesis:

H3: Intermediate input product quality mediates the effect of AI industry agglomeration
on the ECI.

3.4. The mediating role of innovation and entrepreneurship quality

Innovation and entrepreneurship generate new knowledge (Di Vaio et al., 2020), expand
existing knowledge (Di Vaio et al., 2020; Zhou & Li, 2012), and introduce new business
models (Foss & Saebi, 2017). They are common ways to improve company productivity
and profits (Bergeaud et al., 2017; Brynjolfsson et al., 2019). The benefits of innovation
and entrepreneurship are long-term (Nair, 2020), allowing companies to compete and
grow. Developing complex technologies may require years of knowledge accumulation
and innovation (Antonietti & Franco, 2021; Mealy et al., 2019). Thus, we propose that
the ECI positively relates to innovation and entrepreneurship.

The AI industry may affect innovation and entrepreneurship in several ways. AI
aids knowledge discovery and integration (Acemoglu & Restrepo, 2019; Brynjolfsson
et al., 2019). Thus, the AI industry exhibits advancements in innovation and entrepre-
neurship. Industrial agglomeration theory (Deng, 2021; Fan & Scott, 2009; Marshall,
2009) suggests that increasing AI industry agglomeration may improve the quality of
innovation and entrepreneurship.

As discussed above, H1 discusses the positive relationship between AI industry
agglomeration and the ECI. When high-quality innovation and entrepreneurship are
simultaneously backed by high AI company agglomeration (Deng, 2021), this pattern
may fully use the agglomeration effect. AI industry agglomeration may improve
innovation quality and increase knowledge and technology spillovers. Therefore, we
propose the following hypothesis:

H4: Innovation and entrepreneurship quality mediate the effect of AI industry
agglomeration on the ECI.

4. Data and methodology

4.1. Data

4.1.1. Economic complexity of the city
The PCI and ECI may be measured in several ways. Hidalgo and Hausmann (2009)
have introduced a reflection method to measure economic complexity based on a
country’s per capita GDP. This method has been used to develop novel economic
and product complexity measures. Most researchers aim to improve measurements
through algorithms (Hidalgo, 2021; Tacchella et al., 2012; Utkovski et al., 2018).
Tacchella et al. (2012) have proposed a novel nonlinear and iterative measure (FI) for
product sophistication and country fitness. Utkovski et al. (2018) have proposed a
probabilistic learning framework based on Bayesian nonparametric techniques to
measure product and country capabilities. However, with the significant change in
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the social economy and production mode, some scholars have improved the previous
methods by focusing on the nature of the ECI (Ivanova et al., 2017). Ivanova et al.
(2017) argue that capabilities may be endogenous to models of economic complexity
and construct a framework that includes countries, product groups, and patent
classes. Some studies have compared the performance of ECI measurements as more
measures have been proposed. Albeaik et al. (2017) have introduced a novel and sim-
ple measure (ECIþ). They then compare ECIþ, the ECI provided by Hidalgo and
Hausmann (2009), and the FI proposed by Tacchella et al. (2012) to show that
ECIþ outperforms the other two methods in estimating knowledge intensity and
forecasting future economic growth. However, ECIþ has poor explanatory power and
strict data requirements (Albeaik et al., 2017). As mentioned above, the method of
reflection proposed by Hidalgo and Hausmann (2009) to measure the ECI has been
widely used and accepted for several years (Hidalgo, 2021; Vu, 2022) and is equiva-
lent to ECIþ and FI algorithmically. Therefore, this study adopts the method pro-
posed by Hidalgo and Hausmann (2009) to measure the PCI.

We use data from the UN Comtrade to calculate the PCI. Then, we calculate the
ECI at the city level by weighted summation of the PCI based on the city’s export
data. The data on the trade export value of each city are obtained from the China
Customs Data. We present detailed calculations below. The data cover 194 cities from
2000 to 2016.

We define a binary country-product matrix M with elements Mcp to create two
measures: ubiquity and diversity. Mcp equals one if country c has a revealed compara-
tive advantage (RCA) in producing product p, and zero otherwise. We measure RCA
using the Balassa Index (Hidalgo & Hausmann, 2009). When RCAcp � 1, Mcp ¼ 1,
and Mcp ¼ 0 otherwise. Hence, we construct a matrix of countries and product M,
Mcp, as follows:

Mcp ¼
1, RCAcp � 1

0, RCAcp < 1:

(
(1)

After constructing matrix M, we obtain ubiquity (kp, 0) by summing the rows of
matrix M, representing the number of countries producing a product. We obtain
diversity (kc, 0) by adding up the columns of matrix M, which represents the number
of products produced in a country:

Ubiquity ¼ kp, 0 ¼
X

c
Mcp, (2)

Diversity ¼ kc, 0 ¼
X

p
Mcp: (3)

Following continuous iterations, we use the expressions Ubiquity and Diversity to
perform mutual corrections to obtain a more refined measure of both attributes.

Equations (4) and (5) are based on the expansion of Equations (2) and (3) and
present the average ubiquity and diversity for all countries, respectively:
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kp,N ¼ 1
kp, 0

X
c
Mcp� kc,N�1: (4)

kc,N ¼ 1
kc, 0

X
p
Mcp� kp,N�1: (5)

Substituting (4) into (5), we obtain:

kp,N ¼
X

p'Mpp' kp',N�2, (6)

where Mpp0 ¼
P

c
McpMcp0
kc, 0kp, 0

, p0 represents the products other than p, and N denotes the
number of iterations.

In the case of kp,N ¼ kp,N�2 ¼ 1, Mpp0 is the eigenvector of Equation (6).
However, this eigenvector only comprises values equal to one, which are not inform-
ative when used to interpret the intrinsic trade abilities of the country. Therefore, we
employ the eigenvector with the second-greatest eigenvalue (Q

!
) to capture the largest

proportion of the variance.
Hence, we define product complexity for product p as follows:

PCIp ¼
Qp
�!� hQ!i
stdevð QÞ�! , (7)

where h i refers to the average and stdev refers to the standard deviation. Finally, we
calculate the ECI at the city level (after the PCI). We use the city’s export value of
the product as the weight to obtain the ECI of the city, as follows:

ECIcity ¼

X
p

PCIp � exportp, cityX
p
exportp, city

, (8)

where exportp, city is the export value of city c for exports of product p:

4.1.2. AI industry agglomeration
This study uses the DO index proposed by Duranton and Overman (2005) to meas-
ure AI industry agglomeration in various cities in China. Most studies have calculated
industrial agglomeration based on China’s industrial enterprise data or economic cen-
sus data (Mo & He, 2013; X. Wang et al., 2021; Yuan et al., 2020). However, the AI
industry is emerging, and data on employment, output value, and productivity are
scarce. Therefore, we use the DO index to measure the degree of AI industry agglom-
eration in Chinese cities based on the longitude and latitude of AI enterprises. In
addition, the data conventionally used for analysis may not accurately reflect the
agglomeration and distribution of AI companies. Hence, this study uses a novel data-
set of 2,503,795 AI enterprises in China and the web crawler technique to overcome
the above limitations. We obtain data from a corporate credit information enquiry
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website in China, which provides information such as company name, exact address,
industry type, registration time, and exit time. We limit the business scope of the AI
industry based on the Strategic Emerging Industry Classification issued by the
National Bureau of Statistics of China in 2018.

The calculation of the DO index includes three steps. The first step estimates the
kernel density function. For an AI industry with n establishments, we calculate the
Euclidean distances for each pair of establishments. When an AI company is estab-
lished, nðn�1Þ

2 different bilateral Euclidean distances may be calculated. However, bilat-
eral Euclidean distances are only a rough estimation of the actual physical distance
between AI companies due to errors (Duranton & Overman, 2005). To decrease this
noise in the computation, we use a kernel-smooth method to estimate the distribu-
tion of bilateral Euclidean distances.

Let di, j be the Euclidean distance between AI company i and j: Assuming n AI
enterprises within the AI industry, the estimated value of the bilateral distance density
(K-density) at any point d is:

dKAðdÞ ¼ 1
n n� 1ð Þh

Xn�1

i¼1

Xn

j¼iþ1
f

d�dij
h

� �
, (9)

where h refers to bandwidth, and f �ð Þ is the Gaussian kernel function.
Second, we construct counterfactuals. In line with Shao et al. (2018), we assume

that the location of all enterprises in China’s AI industry constitutes a set of possible
locations for any company, and each company may randomly choose its location
from this set. In each simulation, we randomly select the same number of locations
as the number of enterprises to estimate the bilateral distance between these locations
and their K-density function. Following Duranton and Overman (2005) and Shao
et al. (2018), we conduct 1000 random simulations.

Third, we calculate the local confidence intervals. Comparing the actual K-density
estimate with the K-density estimate of the simulated distribution determines whether
an industry is agglomerated. According to Duranton and Overman (2005) and Shao
et al. (2018), 40 km is the median distance between all the pairs of AI enterprises. As
the local confidence interval only reflects the local information of industry agglomer-
ation and dispersion at a certain distance, it cannot capture global agglomeration and
dispersion (Duranton & Overman, 2005; Shao et al., 2018). Therefore, we focus on
the global confidence interval, a joint estimation of the local extreme values at mul-
tiple distances (Duranton & Overman, 2005). We obtain a 95% global confidence
interval by interpolating the local extreme values at multiple distances. Let KA

ðdÞ be
the upper confidence band of the AI industry and KA (d) be the lower confidence
band of the AI industry. The AI industry is considered to have global localisation at
a 5% confidence level if cKA dð Þ > KA

ðdÞ for at least one d 2 0, 40½ �: Similarly, whencKA dð Þ < KA
ðdÞ for at least one d 2 0, 40½ �, the AI industry is not localised, implying

a global dispersion. For the AI industry, the global localisation index is defined as:

dAðdÞ ¼ max fcKA dð Þ � KA
ðdÞ, 0g, (10)

and the global dispersion index is:
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wA dð Þ ¼ max KA dð Þ � cKA dð Þ, 0
n o

, if
Xd¼40

d¼0
dA dð Þ ¼ 0

0, otherwise:

8<: (11)

Hence, we may calculate the DO index of AI industry agglomeration. The geo-
graphical area of each city in China is different. To obtain the industrial agglomer-
ation index of subsector A in city c, where A is a subsector of the AI industry, such
as AI manufacturing, AI information transmission, and the software and information
technology service industry, this study uses the agglomeration ratio method (Shao
et al., 2018) to eliminate the impact of the difference in the size of the geographical
area, as follows:

DOA, c ¼
P

dId
dmax

, (12)

where Id ¼ 1, if cKA dð Þ> KA
dð Þ,

0, else

(
and d denotes the greatest distance. DOA, c is

defined as the agglomeration index of A subsector in City c:
To compare the agglomeration of AI industries at the city level, we calculate the

overall AI industry agglomeration index by weighting the number of enterprises in
subsector A of the AI industry in city c, as follows:

Doc ¼
P

ADOA, c � CountA, cP
ACountA, c

, (13)

where CountA, c is the number of companies in subsector A of the AI industry in
city c:

4.1.3. Control variables
We control for four variables that potentially impact the ECI. Table 1 presents their
measurements and sources.

The first variable is manufacturing development (Manu). The manufacturing
industry and export trade are strongly related. Advanced manufacturing directly
increases regional product complexity. Following Filatotchev et al. (2011), we calcu-
late Manu as the ratio of the number of employees in the manufacturing industry to
the number of employees in the region.

The second control variable is financial development (Fin). External financing may
adjust the industry structure (Nguyen et al., 2020; Pavelkova et al., 2021) and provide
financial support for high-tech industries (Nguyen et al., 2020) through resource allo-
cation, increasing the ECI. Following Filatotchev et al. (2011), we calculate Fin as the
ratio of the number of employees in the financial and insurance industries to the
number of employees in the region.

The third variable is FDI (FDI). FDI introduces foreign products and technologies
into companies, causing technological spillover, and enhancing a company’s techno-
logical R&D capabilities, thus increasing ECI. Following X. Wang et al. (2021), we
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measure FDI by the regional amount of foreign capital used in the gross
regional product.

The last control variable is infrastructure (Infra). Infrastructure positively affects
the complexity of high-tech products. An excellent infrastructure may save inventory
and production costs and reduce production uncertainty (Yuan et al., 2020).
Following Yuan et al. (2020), we use the per capita area of paved roads in the city to
measure Infra.

4.1.4. Mediators
We introduce three mediating variables. Table 1 summarises their measurements and
sources. The first is the labour market’s human capital per capita (Labour). Following
Filatotchev et al. (2011), we measure Labour using the proportion of the number of
college students in the labour market.

The second is intermediate input product quality (Quality). We calculate Quality
based on Defever et al. (2020). Due to the lack of data in Dazhou, Ordos, Tongliao,
and Zhuzhou, and the lack of information regarding product unit prices in 2016 in
China Customs Data, we only examine the mediating effect of Quality in 190 Chinese
cities from 2000 to 2015.

The third mediator is the quality of innovation and entrepreneurship (Innovation).
We employ China’s innovation and entrepreneurship index from the Peking
University Open Research Data Platform to measure Innovation. The database only

Table 1. Variables and measurements.
Variables Measurements Data sources Sources

Manufacturing
Development (Manu)

The ratio of the number
of employees in the
manufacturing industry
to the number of
employees in
the region

China city
statistical yearbook

Filatotchev et al. (2011)

Financial
Development (Fin)

The ratio of the number
of employees in the
financial and insurance
industry to the number
of employees in
the region

China city
statistical yearbook

Filatotchev et al. (2011)

FDI The regional amount of
foreign capital used for
the gross
regional product

China city statistical
yearbook; The People’s
Bank of China

X. Wang et al. (2021)

Infrastructure (Infra) Per Capita Area of Paved
Roads in the
city (sq.m.)

China city
statistical yearbook

Yuan et al. (2020)

Per capita human capital
in the labour
market (Labour)

The proportion of the
number of college
students in the
labour market

China city
statistical yearbook

Filatotchev et al. (2011)

Intermediate Input Product
Quality (Quality)

China’s Industrial
Enterprise Database;
China Customs Data

Innovation and
Entrepreneurship
Quality (Innovation)

Innovation and
entrepreneurship index

Peking University Open
Research Data Platform

Source: Own processing.
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covers prefecture-level cities in China. Data for Beijing, Shanghai, Tianjin, and
Chongqing are missing; hence, we use data from 190 cities from 2000 to 2016 to ana-
lyse the mediating effect of Innovation.

4.2. Model specification

To test the H1, this study employs the following panel regression model:

ECIi, t ¼ a0 þ a1DOi, t þ uXi, t þ ui þ ut þ ei, t , (13)

where t denotes the year ðt ¼ 2000, 2001, . . . . . . , 2016Þ, i is the number of cities
(i ¼ 1, 2, . . . . . . , 194), and ECIi, t is the economic complexity of city i in year t, the
core dependent variable. Similarly, DOi, t denotes the level of AI industry agglomer-
ation in city i in year t, and it is the core independent variable. a0 is the intercept
term. Xi, t represents the set of control variables, a1 and u are the estimated coeffi-
cients on DOi, t and Xi, t respectively, ui and ut are a full set of city dummies and
time effects capturing the common shocks to the ECI of all cities, and ei, t denotes the
error term capturing all the other omitted factors.

To evaluate the effect of mediators, following Yuan et al. (2020), we construct a
mediating effect model to test H2, H3, and H4, as follows.

ECIi, t ¼ a0 þ a1DOi, t þ uXi, t þ ui þ ut þ e1i, t, (14)

Mi, t ¼ b0 þ b1DOi, t þ uXi, t þ ki þ kt þ e2i, t , (15)

ECIi, t ¼ c0 þ c1DOi, t þ c2Mi, t þ wXi, t þ xi þ xt þ e3i, t , (16)

where M denotes a mediator, namely, Labour, Quality, or Innovation. Xi, t represents
the set of control variables, / and w are the estimated coefficients on Xi, t in
Equations (15) and (16), respectively. b1 and c1 are the estimated coefficients on
DOi, t in Equations (15) and (16), respectively, while c2 denotes the estimated coeffi-
cients on mediators. In addition, b0 and c0 in Equations (15) and (16) are inter-
preted in the same way as a0 in Equation (13), and k and x in Equations (15) and
(16) are interpreted in the same way as u in Equation. (13). e3i, t and e3i, t are the
error term in Equations (15) and (16), respectively.

5. Results

5.1. Baseline regression analysis

Table 2 reports the results of the baseline regressions. All models control for the fixed
effects of cities and years. Column (1) only considers DO. In Column (1), the esti-
mated coefficient on DO is positive and statistically significant at the 5% level.
Columns (2)–(5) add the control variables one by one; as the number of control vari-
ables included in the model increases, the sign and significance of the estimated coef-
ficient on DO exhibit no significant changes. The coefficient value shows an upward
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trend, increasing from 0.0387 to 0.0435. The above results indicate that the agglomer-
ation of China’s AI industry has a positive impact on the ECI. The agglomeration
effect generated by the AI industry is greater than the congestion effect; thus, H1 is
supported. The increase in the ECI may be promoted by the clusters of China’s AI
enterprises. The export product complexity and the city’s export value determine the
economic complexity. Furthermore, the technological content of the export may be
improved by AI involving more complex technology and more demanding human
capital support.

From the perspective of the control variables, the results of Model (5) indicate
that Manu, Fin, and Infra are statistically significant at the 1% level, and the coeffi-
cients are positive. These results suggest that, first, manufacturing technology
upgrades and manufacturing scale expansions significantly affect economic com-
plexity. China is regarded as a global factory due to its lower labour and land costs.
The more workers in China’s manufacturing industry, the more competitive the
manufacturing market. Hence, companies should be incentivised to increase R&D
investment and technical thresholds. The level of development of China’s manufac-
turing industry directly determines the ECI, lending support to Lectard and
Rougier (2018).

Second, the production of high-tech, high-value-added products requires consider-
able capital, with significant uncertainty about the success of product research.
Higher financial development level may improve the level of financing and the effi-
ciency of resource allocation. Moreover, additional funds may reduce uncertainty in
enterprise development and production. Therefore, financial development may sup-
port the production of high-tech products, thereby increasing the ECI, in line with
the results of Malesky and Mosley (2018).

Finally, high-tech industries and complex products require a complete infrastruc-
ture due to the high degree of collaboration needed in the industry chain (Mart�ın &

Table 2. Baseline results.
ECI ECI ECI ECI ECI
(1) (2) (3) (4) (5)

DO 0.0387��
(0.0173)

0.0402��
(0.0174)

0.0411��
(0.0173)

0.0410��
(0.0173)

0.0435��
(0.0173)

Manu 0.0217
(0.0162)

0.0473���
(0.0174)

0.0480���
(0.0175)

0.0489���
(0.0174)

Fin 0.4407���
(0.1120)

0.4348���
(0.1127)

0.4906���
(0.1130)

FDI 0.0235
(0.0468)

0.0261
(0.0466)

Infra 0.0009���
(0.0002)

cons 0.3766���
(0.0113)

0.3723���
(0.0118)

0.3533���
(0.0127)

0.3530���
(0.0127)

0.3456���
(0.0128)

year yes yes yes yes yes
city yes yes yes yes yes
R2 0.4624 0.4627 0.4654 0.4655 0.4690
N 3298 3298 3298 3298 3298
���: p< 1%.��: p< 5%.�: p< 10%.
Source: Own processing.
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Fern�andez, 2022). Complete infrastructure construction may reduce corporate inven-
tory and improve corporate logistics efficiency. Hence, companies could reduce pro-
duction and transportation costs, which allows companies to have sufficient funds to
produce and develop high-tech and complex products to enhance the ECI, in line
with the results of Hidalgo and Hausmann (2009). The estimated coefficient on FDI
is positive but not significant. This result is consistent with the conclusions of some
previous investigations (Lectard & Rougier, 2018) but does not support the findings
of Ozsoy et al. (2021). We suggest that foreign capital inflow may affect China’s
technological improvement in the short term. However, it is likely to restrain the pro-
gress of China’s independent innovation capability in the long term, implying that
the ECI is not affected by FDI.

5.2. Analysis of heterogeneity of spatial agglomeration

The economic development conditions and development levels of various regions in
China differ substantially, so enterprises are affected differently by AI industry
agglomeration across regions. Economic complexity exhibits substantial heterogeneity
across regions. Based on the classification standards of the National Bureau of
Statistics of China, the country is divided into eastern, central, and western regions
based on economic development conditions and development levels. Beijing, Fujian,
Guangdong, Hainan, Hebei, Jiangsu, Liaoning, Shandong, Shanghai, Tianjin, and
Zhejiang provinces are the eastern regions; Anhui, Henan, Heilongjiang, Hubei,
Hunan, Jilin, Jiangxi, and Shanxi provinces are the central regions; Chongqing,
Guizhou, Gansu, Guangxi Zhuang Autonomous Region, Inner Mongolia
Autonomous Region, Ningxia Hui Autonomous Region, Tibet Autonomous Region,
Xinjiang Uygur Autonomous Region, Qinghai, Shanxi, Sichuan, and Yunnan provin-
ces are the western regions.

Table 3 reports the regression results for the whole of China, as well as the eastern,
central, and western regions. The estimated coefficient on DO in the western region
is not significant. AI industry agglomeration in the western region has almost no
impact on the ECI. We suggest that the western region lacks natural resources and is
characterised by a remote location, backward economic development, severe brain
drain, and limited development of the AI industry. Hence, the AI industry has not
formed a significant agglomeration effect.

However, the estimated coefficient on DO in the eastern and central regions is sig-
nificantly positive, and the estimated coefficient in the central region is more signifi-
cant than that in the eastern region. This result implies that AI industry
agglomeration has a substantial and positive effect on the ECI in the eastern and cen-
tral regions. Compared with the eastern region, the agglomeration of the central AI
industry has a more significant impact on the ECI. The cities in the eastern area
experience congestion due to the overcrowded AI industrial cluster. As the clustering
of AI businesses continues, land and labour costs in the eastern area grow, and sev-
eral industries relocate to the central and western regions. The central area has a dis-
tinct geographical advantage, abundant natural resources, well-developed
transportation, competitive labour forces, and solid industrial foundations (Yuan
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et al., 2020). Consequently, the central area plays an essential role in large-scale
industrial transfer inside China, resulting in a complete industrial chain, which
improves the ECI. As a result, the AI industry clustering in the central region results
in robust economic dynamism.

5.3. Endogeneity

Theoretical research has shown a mutual influence between AI industry agglomer-
ation and the ECI, generating potential endogeneity (Hidalgo, 2021; X. Wang et al.,
2021). Endogeneity may stem from self-selection. Companies with high product com-
plexity may automatically choose regions characterised by the net effect of high
agglomeration in the AI industry (X. Wang et al., 2021). Second, AI industry agglom-
eration may promote an increase in the ECI. However, cities with complex export
products usually have more developed high-end manufacturing and a more substan-
tial R&D and innovation atmosphere. They are more attractive to high-end talents;
hence, there may be a reverse causal relationship between AI industry agglomeration
and the ECI. Endogeneity may lead to biased estimation results. To deal with possible
endogeneity, this study uses instrumental variable estimation.

Angrist and Pischke (2010) have pointed out that a suitable instrumental variable
must simultaneously satisfy the relevance and exogeneity conditions. In other words,
instrumental variables must explain the changes in the degree of agglomeration of the
AI industry, but they cannot directly or indirectly affect the ECI through other
means. In general, instrumental variables related to industrial agglomeration are based
on geographic or historical perspectives (Ciccone, 2002; Hidalgo, 2021). On the one
hand, since some geographic indicators are naturally formed, and some historical
indicators refer to distant periods, they may better satisfy the exogeneity condition.

Table 3. Heterogeneity results from spatial agglomeration.
ECI ECI ECI ECI

overall east central west

DO 0.0435��
(0.0173)

0.0281�
(0.0158)

0.0903���
(0.0302)

�0.0052
(0.0509)

Manu 0.0489���
(0.0174)

0.0199�
(0.0124)

0.1187���
(0.0366)

0.2227���
(0.0749)

Fin 0.4906���
(0.1130)

0.4054���
(0.0825)

0.5874��
(0.2313)

0.2995
(0.4175)

FDI 0.0261
(0.0466)

0.0865���
(0.0304)

�0.1043
(0.1441)

0.0137
(0.2508)

Infra 0.0009���
(0.0002)

0.0001���
(0.0002)

0.0014���
(0.0005)

0.0012���
(0.0004)

cons 0.3456���
(0.0128)

0.4737���
(0.0091)

0.3290���
(0.0183)

0.3290���
(0.0183)

year yes yes yes yes
city yes yes yes yes
R2 0.4690 0.7654 0.4063 0.3632
N 3298 1462 1156 678
���: p< 1%.��: p< 5%.�: p< 10%.
Source: Own processing.
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On the other hand, geographical or historical indicators are likely related to the cur-
rent economic system’s indicators, thus meeting the relevance condition.

In terms of historical variables, in line with Ciccone (2002), we use the presence or
absence of a railroad in the city in 1933 and the population density of the city in
1984 as instrumental variables. In terms of geographic variables, following Barone
et al. (2015), this study employs the geographic slope of the city as the instrumental
variable. We use the two-step optimal GMM for estimation.

Model (1) in Table 4 includes the city’s geographic slope and population density
in 1984 as the instrumental variables. Model (2) in Table 4 includes the geographic
slope of the city and the presence or absence of a railroad in the city in 1933.

Overall, the results in Table 4 show that both the Kleibergen-Paap rk LM test and
the Cragg-Donald Wald F test reject the null hypothesis of insufficient and weak
instrumental variable identification, indicating satisfactory relevance.

After considering endogeneity, the estimated coefficients on DO are all positive
and significant at the 1% level. When using the city’s geographic slope and popula-
tion density in 1984 as instrumental variables, the estimated coefficient on DO is
0.5255. When using the geographic slope of the city and the presence or absence of a
railroad in the city in 1933 as instrumental variables, the estimated coefficient on DO
is 0.7161. Both coefficients are significantly higher than that of the benchmark regres-
sion (0.0435).

Overall, after addressing endogeneity, the AI agglomeration significantly increases
the ECI. Furthermore, the agglomeration effect is greater than that of the benchmark
regression. In other words, the positive externalities generated by China’s AI industry
agglomeration are more significant than the negative externalities; hence, H1
is supported

Table 4. Endogeneity test.
ECI ECI
(1) (2)

DO 0.5255���
(0.0833)

0.7161���
(0.0802)

Manu 0.1052���
(0.0103)

0.1095���
(0.0112)

Fin 0.8082���
(0.0922)

0.8559���
(0.0995)

FDI �0.0081
(0.0452)

�0.0460
(0.0488)

Infra -.0001
(0.0001)

0.0001
(0.0001)

cons 0.3506���
(0.0102)

0.3372���
(0.0105)

Kleibergen-Paap rk LM statistic 79.396
0.0000

141.970
0.0000

Cragg-Donald Wald F statistic 24.057 74.564
Kleibergen-Paap rk Wald F statistic 29.646 76.612
R2 0.2240 0.0931
observations 3298 3298
���: p< 1%.��: p< 5%.�: p< 10%.
Source: Own processing.
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5.4. Robustness analysis

Existing studies have shown that the special administrative status of Chinese cities
may exert administrative power on factor agglomeration and economic development,
and the agglomeration effect of the AI industry is not comparable across municipal-
ities, sub-provincial cities, and ordinary prefecture-level cities (J. Wang & Yeh, 2020).
China has four first-tier cities and 15 sub-provincial cities (J. Wang & Yeh, 2020).
Therefore, we analyse the different effects of AI industry agglomeration in
these contexts.

First, we exclude four first-tier cities in China from the regression analysis. We
report the empirical results in Column (2) of Table 5. Second, we exclude 15 sub-pro-
vincial cities in China from the regression analysis, and the results are reported in
Column (3) of Table 5. Overall, the results show that the estimated coefficients on AI
industry agglomeration are positive and significant at 0.0442 and 0.0443, respectively,
consistent with the benchmark regression results, further supporting H1.

5.5. Mechanism test

According to the above empirical results, DO significantly increases the ECI.
However, the internal mechanism through which AI industry agglomeration pro-
motes the ECI requires further investigation. Based on the industrial agglomeration
externality theory of (Marshall, 2009), we contend that AI industry agglomeration
may increase the ECI through people, goods, and knowledge.

5.5.1. Mediating effect of the per capita human capital in the labour market
The study’s results indicate that per capita human capital in the labour market medi-
ates the relationship between AI industry agglomeration and the ECI. However, AI

Table 5. Robustness test.
ECI ECI ECI

overall
Excluding

first-tier cities
Excluding

sub-provincial cities

DO 0.0435��
(0.0173)

0.0442��
(0.0175)

0.0443��
(0.0184)

Manu 0.0489���
(0.0174)

0.0503���
(0.0177)

0.0579���
(0.0188)

Fin 0.4906���
(0.1130)

0.5067���
(0.1169)

0.4766���
(0.1196)

FDI 0.0261
(0.0466)

0.0185
(0.0484)

0.0184
(0.0526)

Infra 0.0009���
(0.0002)

0.0009���
(0.0002)

0.0008���
(0.0002)

cons 0.3456���
(0.0128)

0.3448���
(0.0130)

0.3455���
(0.0133)

year yes yes yes
city yes yes yes
R2 0.4690 0.4648 0.4534
N 3298 3,230 3,043
���: p< 1%.��: p< 5%.�: p< 10%.
Source: Own processing.
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industry agglomeration is positively related to per capita human capital in the labour
market (see Model 2 in Table 6) and positively impacts the ECI (see Model 1 in
Table 6). In addition, the per capita human capital in the labour market is positively
associated with the ECI (see Model 3 in Table 6). The coefficient on AI industry
agglomeration decreases when the per capita human capital in the labour market is
considered in Model 3. Therefore, H2 is supported. The results show that the AI
industry clustering directly affects the ECI through per capita human capital in the
labour market. Increasing the degree of AI industry agglomeration promotes high-
level talent gathering and low-end labour substitution (Acemoglu & Restrepo, 2019;
Marshall, 2009), increasing the per capita human capital in the labour market.
Clustering AI enterprises in certain cities may attract highly educated talent through
greater economic development, higher salaries, and a better entrepreneurial environ-
ment. As an agglomeration effect, gathering high-level talent may help enterprises
improve their production capability and efficiency and develop new and high-tech
products. Moreover, cities with a more significant proportion of high-level labourers
may fully exploit the positive externalities of the AI industry agglomeration, thus
developing more products and producing more complex goods. Hence, the per capita
human capital in the labour market is an essential path for AI industry agglomeration
to increase the ECI.

5.5.2. Mediating effect of intermediate input products quality
The study’s results indicate that intermediate input product quality does not mediate
the relationship between AI industry agglomeration and the economic complexity of
the city. AI industry agglomeration has no significant impact on intermediate input
product quality, as the coefficient on AI industry agglomeration is not statistically sig-
nificant (see Model 2 in Table 7). However, the coefficient on AI industry agglomer-
ation does not decrease (see Model 3 in Table 7). Thus, H3 is not supported. This
result contradicts Ellison et al. (2010).

There may be several reasons why AI industry agglomeration does not affect inter-
mediate input product quality. On the one hand, the clustering of AI companies
causes excessive competition in the intermediate product market. Enterprises squeeze

Table 6. Regression results of the mediating effect of the per capita human capital in the
labour market.

ECI Labour ECI
(1) (2) (3)

DO 0.0435��
(0.0173)

0.7459���
(0.2539)

0.0356��
(0.0171)

Labour 0.0106���
(0.0012)

Control variables yes yes yes
year yes yes yes
city yes yes yes
R2 0.4690 0.4878 0.4818
N 3298 3,298 3,298
���: p< 1%.��: p< 5%.�: p< 10%.
Source: Own processing.
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each other’s market space and potential and implement low-price competition strat-
egies, significantly reducing their profit space. Hence, the R&D funds of enterprises
will decrease due to fierce price competition. On the other hand, the agglomeration
of AI companies may cause fierce competition in factors market. The agglomeration
of AI companies has triggered a large-scale increase in demand for some production
factors and a substantial increase in production factor costs, increasing the produc-
tion costs. Thus, the enterprise’s production profit and funds for improving the qual-
ity of the intermediate product are expected to decrease. Hence, the improvement in
intermediate input product quality is not a channel for AI industry agglomeration to
promote an increase in the ECI.

5.5.3. Mediating effect of innovation and entrepreneurship quality
The study’s results also show that innovation and entrepreneurship quality mediate
the relationship between AI industry agglomeration and the ECI. On the one hand,
AI industry agglomeration is positively associated with innovation and entrepreneur-
ship quality (see Model 2 in Table 8) and positively influences the ECI (see Model 1
in Table 8). On the other hand, innovation and entrepreneurship quality are posi-
tively associated with the economic complexity index (see Model 3 in Table 8). The
coefficient on AI industry agglomeration decreases from 0.0442 to 0.0292 when
innovation and entrepreneurship quality are included in Model 3. Thus, H4 is sup-
ported. The results indicate that the AI industry clustering directly affects the ECI via
innovation and entrepreneurship quality. We contend that the clustering of AI enter-
prises increases innovation and entrepreneurship quality for several reasons. First, the
AI industry is knowledge- and technology-intensive, promoting local high-tech indus-
tries’ development. Second, AI industry agglomeration generates knowledge and tech-
nology spillover through information sharing and mutual learning. Finally, the
clustering of AI enterprises may reduce R&D innovation costs. Hence, we suggest
that improving the agglomeration level of the AI industry enhances innovation and
entrepreneurship quality. High-quality innovation allows enterprises to develop prod-
ucts with unique, high value-added, and high technological complexity. This study
also shows that AI industry agglomeration directly promotes the ECI (based on the

Table 7. Regression results of the mediating effect of intermediate input products quality.
ECI Quality ECI
(1) (2) (3)

DO 0.0523���
(0.0181)

0.0346
(0.0319)

0.0530���
(0.0181)

Quality �0.0232��
(0.0106)

Control variables yes yes yes
year yes yes yes
city yes yes yes
R2 0.4836 0.1274 0.4844
N 3,040 3,040 3,040
���: p< 1%.��: p< 5%.�: p< 10%.
Source: Own processing.
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baseline model). Hence, improving innovation and entrepreneurship quality is a vital
channel for AI industry agglomeration to promote the ECI.

6. Discussion and conclusions

6.1. Conclusions

The integration of AI technology with other industries has deepened in China, recon-
structing various economic activities such as production, distribution, exchange, and
consumption (Furman & Seamans, 2019; Mart�ınez et al., 2022). Many studies have
analysed the factors affecting the ECI from the perspectives of factor endowments (Z.
Wang & Wei, 2010), FDI (Antonietti & Franco, 2021), the global value chain division
of labour (Dai & Jin, 2014), and spatial agglomeration (Balland et al., 2020; Malesky
& Mosley, 2018; Storper, 2018). However, few studies have focused on the impact of
AI on the ECI. To fill this gap in research, this study investigates the causal relation-
ship between AI industry agglomeration and economic complexity in 194 Chinese cit-
ies from 2000 to 2016.

First, we build a novel dataset including China’s 2,503,795 AI enterprises using the
web crawling technique. In addition, we use the DO index developed by Duranton
and Overman (2005) to measure the agglomeration of AI enterprises in 194 Chinese
cities from 2000 to 2016, avoiding the modifiable areal unit problem. Second, we use
the method of reflection proposed by Hidalgo and Hausmann (2009) to measure the
ECI of the sample cities based on UN Comtrade and China Customs Data. Third, we
employ a panel regression model to investigate the relationship between AI industry
agglomeration and the ECI. In addition, we use several instrumental variables, such
as the presence or absence of a railroad in the city in 1933, the population density of
the city in 1984, and the geographic slope of the city to deal with potential endogene-
ity. Finally, we propose a mediating model to study the inner mechanism of action in
the relationship between AI industry agglomeration and the ECI from the perspective
of the Marshall industry agglomeration theory.

We find a positive impact of AI industry agglomeration on the ECI in China.
Moreover, manufacturing development, financial development, and infrastructure are
positively related to the ECI. Unexpectedly, FDI had no significant effect on the ECI.

Table 8. Regression results of the mediating effect of innovation and entrepreneurship quality.
ECI Innovation ECI
(1) (2) (3)

DO 0.0442��
(0.0175)

0.1654���
(0.0465)

0.0292�
(0.0170)

Innovation 0.0908���
(0.0066)

Control variables yes yes yes
year yes yes yes
city yes yes yes
R2 0.4648 0.0259 0.4960
N 3,230 3,230 3,230
���: p< 1%.��: p< 5%.�: p< 10%.
Source: Own processing.
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We argue that the inflow of foreign capital may affect China’s technological improve-
ment in the short term, but it is likely to restrain the improvement of China’s inde-
pendent innovation capability in the long term. The effect of FDI on economic
complexity should be discussed in future studies, as the FDI inflow may produce
technological spillover and competition effects. Consequently, the government should
invest more resources to enhance manufacturing, finance, and infrastructure. FDI
should be strictly controlled in terms of content and form, especially in the eastern
regions, where competition is fierce.

Furthermore, we show that China’s AI industry has an asymmetric spatial agglom-
eration effect. We observe a positive impact on the ECI in the eastern and central
regions. Interestingly, AI industry agglomeration in the western region has almost no
effect on the ECI. We suggest that the western region lacks natural resources and is
characterised by remote locations, backward economic development, severe brain
drain, and limited development of the AI industry. Western areas have not experi-
enced a significant agglomeration effect in the AI industry. To promote the agglomer-
ation of the AI industry, the formation of agglomeration effects in the western region
should accelerate. However, preventing excessive agglomeration and congestion in
eastern and central regions is also crucial.

We also find that per capita human capital in the labour market as well as innov-
ation and entrepreneurship quality mediate the relationship between AI industry
agglomeration and the ECI. AI agglomeration facilitates the gathering of high-end tal-
ents and increases per capita human capital in the labour market, helping develop
more various and complex products. Similarly, AI industry agglomeration improves
innovation and entrepreneurship quality. High-quality innovation and entrepreneurship
help companies form innovative ideas and develop high-tech products. However, we
find that intermediate input product quality is not a channel for AI industry agglomer-
ation to promote an increase in the ECI, in contrast to Ellison et al. (2010) and the the-
ory of Marshall (2009). We argue that the clustering of AI enterprises causes excessive
competition in the intermediate product market. When the funds for R&D decrease,
the intermediate input product quality does not increase following the agglomeration of
the AI industry. High-end talent and high-quality innovation should complement AI
industry agglomeration to fully exploit the positive agglomeration externalities. The
government should use AI industrial policies to strengthen the import guidance of
intermediate input products, thus promoting economic complexity.

6.2. Contributions

This study makes three primary contributions to the literature. The first contribution
lies in measuring AI industry agglomeration at the city level in China. Since the AI
industry is emerging, related data are lacking. We use a novel dataset including
China’s 2,503,795 AI enterprises to overcome these limitations. These new data enrich
the available information on Chinese AI enterprises.

Second, this study extends previous research on the determinants of the ECI. Our
findings reveal a relationship between AI and economic complexity. Previous studies
have mainly focused on the factors that affect economic complexity, such as factor
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endowments, spatial agglomeration, the global value chain division of labour, and
FDI. Our work provides a new perspective for studying the determinants of product
complexity and economic complexity.

Finally, we develop a theoretical framework to examine the inner-impact mechanism
in the relationship between the AI industry clustering and economic complexity.
Although Marshall (2009) contends that industrial agglomeration may form relevant
externalities through people, goods, and knowledge, our findings are slightly different.
We find that the goods path is not a channel for AI industry agglomeration to promote
an increase in the ECI. There are three potential reasons for the different results. First,
we argue that the clustering of AI enterprises is more likely to cause excessive competi-
tion in the Chinese intermediate product market; hence, there are no increasing returns
from intermediate product sharing. Second, high-end talents are not equally distributed
across a city in China due to uneven economic and social development; thus, inter-
mediate products cannot be fully utilised. Finally, the agglomeration of China’s AI
enterprises is promoted by the government rather than naturally achieved.
Administrative divisions and local governments significantly interfere with the develop-
ment of the AI industry clusters. The agglomeration level of AI in most cities is low,
and AI enterprises’ positive agglomeration effects cannot be fully realised.

6.3. Limitations and further research

Despite its contributions, this study has several limitations. Our investigation is based
on prefecture-level city information as most data at the city level in China is available
at the prefecture-level. Future studies should address the county or district level.
Moreover, the data used for calculating economic complexity are only updated until
2016. However, since the development of the AI industry has changed significantly
from 2016 to 2021, further testing is necessary. Finally, future studies should use add-
itional indicators to measure people, goods, and knowledge.

Disclosure statement

No potential conflict of interest was reported by the authors.

Funding

The work is supported by the National Social Science Foundation of China [grant num-
ber No.21&ZD149].

ORCID

Ma Dan http://orcid.org/0000-0002-7168-6076

References

Acemoglu, D., & Restrepo, P. (2017). Secular stagnation? The effect of aging on economic
growth in the age of automation. American Economic Review, 107(5), 174–179. https://doi.
org/10.1257/aer.p20171101

1444 Y. SHOUFU ET AL.

https://doi.org/10.1257/aer.p20171101
https://doi.org/10.1257/aer.p20171101


Acemoglu, D., & Restrepo, P. (2019). Automation and new tasks: How technology displaces
and reinstates labor. Journal of Economic Perspectives, 33(2), 3–30. https://doi.org/10.1257/
jep.33.2.3

Albeaik, S., Kaltenberg, M., Asaleh, M., & Hidalgo, C. (2017). 729 new measures of economic
complexity (Addendum to Improving the Economic Complexity Index), ArXiv, 1708.04107.
https://doi.org/10.48550/arXiv.1707.05826

Amiti, M., & Konings, J. (2007). Trade liberalization, intermediate inputs, and productivity:
Evidence from Indonesia. American Economic Review, 97(5), 1611–1638. https://doi.org/10.
1257/aer.97.5.1611

Angrist, J. D., & Pischke, J. S. (2010). The credibility revolution in empirical economics: How
better research design is taking the con out of econometrics. Journal of Economic
Perspectives, 24(2), 3–30. https://doi.org/10.1257/jep.24.2.3

Antonietti, R., & Franco, C. (2021). From FDI to economic complexity: a panel Granger caus-
ality analysis. Structural Change and Economic Dynamics, 56, 225–239. https://doi.org/10.
1016/j.strueco.2020.11.001

Balland, P.-A., Jara-Figueroa, C., Petralia, S. G., Steijn, M., Rigby, D. L., & Hidalgo, C. A.
(2020). Complex economic activities concentrate in large cities. Nature Human Behaviour,
4(3), 248–254. https://doi.org/10.1038/s41562-019-0803-3

Barone, G., D’Acunto, F., & Narciso, G. (2015). Telecracy: Testing for channels of persuasion.
American Economic Journal: Economic Policy, 7(2), 30–60. https://doi.org/10.1257/pol.
20130318

Bergeaud, A., Cette, G., & Lecat, R. (2017). Total factor productivity in advanced countries: A
long-term perspective. International Productivity Monitor, (32), 6–24.

Brynjolfsson, E., Rock, D., & Syverson, C. (2019). Artificial intelligence and the modern prod-
uctivity paradox. The Economics of Artificial Intelligence: An Agenda, 23, 23–57. https://doi.
org/10.7208/9780226613475

Ciccone, A. (2002). Agglomeration effects in Europe. European Economic Review, 46(2),
213–227. https://doi.org/10.1016/S0014-2921(00)00099-4

Dai, X., & Jin, B. (2014). Intra-product specialization, institution quality and export sophistica-
tion. Economic Research Journal, 49(7), 4–17.

Defever, F., Imbruno, M., & Kneller, R. (2020). Trade liberalization, input intermediaries and
firm productivity: Evidence from China. Journal of International Economics, 126, 103329.
https://doi.org/10.1016/j.jinteco.2020.103329

Deng, Y. (2021). Agglomeration of technology innovation network of new energy automobile
industry based on IoT and artificial intelligence. Journal of Ambient Intelligence and
Humanized Computing, 1–17. https://doi.org/10.1007/s12652-021-03102-2

Di Vaio, A., Palladino, R., Hassan, R., & Escobar, O. (2020). Artificial intelligence and business
models in the sustainable development goals perspective: A systematic literature review.
Journal of Business Research, 121, 283–314. https://doi.org/10.1016/j.jbusres.2020.08.019

Du, J., & Vanino, E. (2021). Agglomeration externalities of fast-growth firms. Regional Studies,
55(2), 167–181. https://doi.org/10.1080/00343404.2020.1760234

Duranton, G., & Overman, H. G. (2005). Testing for localization using micro-geographic data.
The Review of Economic Studies, 72(4), 1077–1106. https://doi.org/10.1111/0034-6527.00362

Ellison, G., Glaeser, E. L., & Kerr, W. R. (2010). What causes industry agglomeration?
Evidence from coagglomeration patterns. American Economic Review, 100(3), 1195–1213.
https://doi.org/10.1257/aer.100.3.1195

Faggio, G., Silva, O., & Strange, W. C. (2020). Tales of the city: what do agglomeration cases
tell us about agglomeration in general? Journal of Economic Geography, 20(5), 1117–1143.
https://doi.org/10.1093/jeg/lbaa007

Fan, C. C., & Scott, A. J. (2009). Industrial agglomeration and development: a survey of spatial
economic issues in East Asia and a statistical analysis of Chinese regions. Economic
Geography, 79(3), 295–319. https://doi.org/10.1111/j.1944-8287.2003.tb00213.x

ECONOMIC RESEARCH-EKONOMSKA ISTRAŽIVANJA 1445

https://doi.org/10.1257/jep.33.2.3
https://doi.org/10.1257/jep.33.2.3
https://doi.org/10.48550/arXiv.1707.05826
https://doi.org/10.1257/aer.97.5.1611
https://doi.org/10.1257/aer.97.5.1611
https://doi.org/10.1257/jep.24.2.3
https://doi.org/10.1016/j.strueco.2020.11.001
https://doi.org/10.1016/j.strueco.2020.11.001
https://doi.org/10.1038/s41562-019-0803-3
https://doi.org/10.1257/pol.20130318
https://doi.org/10.1257/pol.20130318
https://doi.org/10.7208/9780226613475
https://doi.org/10.7208/9780226613475
https://doi.org/10.1016/S0014-2921(00)00099-4
https://doi.org/10.1016/j.jinteco.2020.103329
https://doi.org/10.1007/s12652-021-03102-2
https://doi.org/10.1016/j.jbusres.2020.08.019
https://doi.org/10.1080/00343404.2020.1760234
https://doi.org/10.1111/0034-6527.00362
https://doi.org/10.1257/aer.100.3.1195
https://doi.org/10.1093/jeg/lbaa007
https://doi.org/10.1111/j.1944-8287.2003.tb00213.x


Filatotchev, I., Liu, X., Lu, J., & Wright, M. (2011). Knowledge spillovers through human
mobility across national borders: Evidence from Zhongguancun Science Park in China.
Research Policy, 40(3), 453–462. https://doi.org/10.1016/j.respol.2011.01.003

Foss, N. J., & Saebi, T. (2017). Fifteen years of research on business model innovation: How
far have we come, and where should we go? Journal of Management, 43(1), 200–227.
https://doi.org/10.1177/0149206316675927

Frank, M. R., Autor, D., Bessen, J. E., Brynjolfsson, E., Cebrian, M., Deming, D. J., Feldman,
M., Groh, M., Lobo, J., Moro, E., Wang, D., Youn, H., & Rahwan, I. (2019). Toward under-
standing the impact of artificial intelligence on labor. Proceedings of the National Academy
of Sciences of the United States of America, 116(14), 6531–6539. https://doi.org/10.1073/pnas.
1900949116

Frey, C. B., & Osborne, M. A. (2017). The future of employment: How susceptible are jobs to
computerisation? Technological Forecasting and Social Change, 114, 254–280. https://doi.org/
10.1016/j.techfore.2016.08.019

Furman, J., & Seamans, R. (2019). AI and the economy. Innovation Policy and the Economy,
19(1), 161–191. https://doi.org/10.1086/699936

Goldfarb, A., & Trefler, D. (2019). Artificial intelligence and international trade. The
Economics of Artificial Intelligence: An Agenda, 463–492. https://doi.org/10.7208/
9780226613475

Graetz, G., & Michaels, G. (2018). Robots at work. The Review of Economics and Statistics,
100(5), 753–768. https://doi.org/10.1162/rest_a_00754

Guan, S., & Cheng, L. (2020). Does product complexity matter for firms’ TFP? Technological
Forecasting and Social Change, 160, 120233. https://doi.org/10.1016/j.techfore.2020.120233

Halpern, L., Koren, M., & Szeidl, A. (2015). Imported inputs and productivity. American
Economic Review, 105(12), 3660–3703. https://doi.org/10.1257/aer.20150443

Hidalgo, C. A. (2021). Economic complexity theory and applications. Nature Reviews Physics,
3(2), 92–113. https://doi.org/10.1038/s42254-020-00275-1

Hidalgo, C. A., & Hausmann, R. (2009). The building blocks of economic complexity.
Proceedings of the National Academy of Sciences of the United States of America, 106(26),
10570–10575. https://doi.org/10.1073/pnas.0900943106

Ivanova, I., Strand, Ø., Kushnir, D., & Leydesdorff, L. (2017). Economic and technological
complexity: A model study of indicators of knowledge-based innovation systems.
Technological Forecasting and Social Change, 120, 77–89. https://doi.org/10.1016/j.techfore.
2017.04.007

Jarrahi, M. H. (2018). Artificial intelligence and the future of work: Human-AI symbiosis in
organizational decision making. Business Horizons, 61(4), 577–586. https://doi.org/10.1016/j.
bushor.2018.03.007

Klein, A., & Crafts, N. (2020). Agglomeration externalities and productivity growth: US cities,
1880–1930. The Economic History Review, 73(1), 209–232. https://doi.org/10.1111/ehr.12786

Krugman, P. (1994). The myth of Asia’s miracle. Foreign Affairs, 73(6), 62–78. https://doi.org/
10.2307/20046929

Lectard, P., & Rougier, E. (2018). Can developing countries gain from defying comparative
advantage? Distance to comparative advantage, export diversification and sophistication, and
the dynamics of specialization. World Development, 102, 90–110. https://doi.org/10.1016/j.
worlddev.2017.09.012

Lehmann, E. E., Schenkenhofer, J., & Wirsching, K. (2019). Hidden champions and unicorns:
a question of the context of human capital investment. Small Business Economics, 52(2),
359–374. https://doi.org/10.1007/s11187-018-0096-3

Liu, Q., & Tie, Y. (2020). Employment structure, intermediate inputs and China’s mystery of
changes in export product quality. Management World, 36(3), 1–23. https://doi.org/10.
19744/j.cnki.11-1235/f.2020.0031

Malesky, E. J., & Mosley, L. (2018). Chains of love? Global production and the firm-level diffu-
sion of labor standards. American Journal of Political Science, 62(3), 712–728. https://doi.
org/10.1111/ajps.12370

1446 Y. SHOUFU ET AL.

https://doi.org/10.1016/j.respol.2011.01.003
https://doi.org/10.1177/0149206316675927
https://doi.org/10.1073/pnas.1900949116
https://doi.org/10.1073/pnas.1900949116
https://doi.org/10.1016/j.techfore.2016.08.019
https://doi.org/10.1016/j.techfore.2016.08.019
https://doi.org/10.1086/699936
https://doi.org/10.7208/9780226613475
https://doi.org/10.7208/9780226613475
https://doi.org/10.1162/rest_a_00754
https://doi.org/10.1016/j.techfore.2020.120233
https://doi.org/10.1257/aer.20150443
https://doi.org/10.1038/s42254-020-00275-1
https://doi.org/10.1073/pnas.0900943106
https://doi.org/10.1016/j.techfore.2017.04.007
https://doi.org/10.1016/j.techfore.2017.04.007
https://doi.org/10.1016/j.bushor.2018.03.007
https://doi.org/10.1016/j.bushor.2018.03.007
https://doi.org/10.1111/ehr.12786
https://doi.org/10.2307/20046929
https://doi.org/10.2307/20046929
https://doi.org/10.1016/j.worlddev.2017.09.012
https://doi.org/10.1016/j.worlddev.2017.09.012
https://doi.org/10.1007/s11187-018-0096-3
https://doi.org/10.19744/j.cnki.11-1235/f.2020.0031
https://doi.org/10.19744/j.cnki.11-1235/f.2020.0031
https://doi.org/10.1111/ajps.12370
https://doi.org/10.1111/ajps.12370


Marshall, A. (2009). Principles of economics: unabridged eighth edition. Cosimo, Inc.
Mart�ın, J. M. M., & Fern�andez, J. A. S. (2022). The effects of technological improvements in

the train network on tourism sustainability. An approach focused on seasonality.
Sustainable Technology and Entrepreneurship, 1(1), 100005. https://doi.org/10.1016/j.stae.
2022.100005

Mart�ınez, J. M. G., Carracedo, P., Comas, D. G., & Siemens, C. H. (2022). An analysis of the
blockchain and COVID-19 research landscape using a bibliometric study. Sustainable
Technology and Entrepreneurship, 1(1), 100006. https://doi.org/10.1016/j.stae.2022.100006

Matyushok, V., Krasavina, V., Berezin, A., & Garc�ıa, J. S. (2021). The global economy in
technological transformation conditions: A review of modern trends. Economic Research-
Ekonomska Istra�zivanja, 34(1), 1471–1497. https://doi.org/10.1080/1331677X.2020.1844030

McCann, P., & Van Oort, F. (2019). Theories of agglomeration and regional economic growth: a
historical review (Handbook of regional growth and development theories. Edward Elgar
Publishing.

Mealy, P., & Teytelboym, A. (2020). Economic complexity and the green economy. Research
Policy, 103948. https://doi.org/10.1016/j.respol.2020.103948

Mealy, P., Farmer, J. D., & Teytelboym, A. (2019). Interpreting economic complexity. Science
Advances, 5(1), eaau1705. https://doi.org/10.1126/sciadv.aau1705

Meliciani, V., & Savona, M. (2015). The determinants of regional specialisation in business
services: agglomeration economies, vertical linkages and innovation. Journal of Economic
Geography, 15(2), 387–416. https://doi.org/10.1093/jeg/lbt038

Meng, B., Ye, M., & Wei, S. J. (2020). Measuring smile curves in global value chains. Oxford
Bulletin of Economics and Statistics, 82(5), 988–1016. https://doi.org/10.1111/obes.12364

Mo, S., & He, G-x. (2013). The research on industrial agglomeration and export sophistication
of Chinese high-tech industry. Economic Survey, (5), 47–52. https://doi.org/10.15931/j.cnki.
1006-1096.2013.05.013

Mutascu, M. (2021). Artificial intelligence and unemployment: New insights. Economic
Analysis and Policy, 69, 653–667. https://doi.org/10.1016/j.eap.2021.01.012

Nair, S. R. (2020). The link between women entrepreneurship, innovation and stakeholder
engagement: A review. Journal of Business Research, 119, 283–290. https://doi.org/10.1016/j.
jbusres.2019.06.038

Nguyen, C. P., Schinckus, C., & Su, T. D. (2020). The drivers of economic complexity:
International evidence from financial development and patents. International Economics,
164, 140–150. https://doi.org/10.1016/j.inteco.2020.09.004

Ozsoy, S., Fazlioglu, B., & Esen, S. (2021). Do FDI and patents drive sophistication of exports?
A panel data approach. Prague Economic Papers, 30(2), 216–244. https://doi.org/10.18267/j.
pep.755

Pavelkova, D., Zizka, M., Homolka, L., Knapkova, A., & Pelloneova, N. (2021). Do clustered
firms outperform the non-clustered? Evidence of financial performance in traditional indus-
tries. Economic Research-Ekonomska Istra�zivanja, 34(1), 3270. https://doi.org/10.1080/
1331677X.2021.1874460

Pietrucha, J., & _Zelazny, R. (2020). TFP spillover effects via trade and FDI channels. Economic
Research-Ekonomska Istra�zivanja, 33(1), 2509–2525. https://doi.org/10.1080/1331677X.2019.
1629327

Porter, M. E. (2011). Competitive advantage of nations: creating and sustaining superior per-
formance. Simon and Schuster.

Shao, C., Su, D., & Li, K. (2018). Agglomeration across the border: Spatial characteristics and
driving factors. Finance & Trade Economics, 39(4), 99–113. https://doi.org/10.19795/j.cnki.
cn11-1166/f.2018.04.008

Storper, M. (2018). Separate worlds? Explaining the current wave of regional economic polar-
ization. Spatial Transformations, 136, 17–59. https://doi.org/10.1093/jeg/lby011

Sun, Z., & Hou, Y-l. (2021). The influence of artificial intelligence development on industrial
total factor productivity: An empricial research based on manufacturing industries in China.
Economist, (1), 32–42. https://doi.org/10.16158/j.cnki.51-1312/f.2021.01.004

ECONOMIC RESEARCH-EKONOMSKA ISTRAŽIVANJA 1447

https://doi.org/10.1016/j.stae.2022.100005
https://doi.org/10.1016/j.stae.2022.100005
https://doi.org/10.1016/j.stae.2022.100006
https://doi.org/10.1080/1331677X.2020.1844030
https://doi.org/10.1016/j.respol.2020.103948
https://doi.org/10.1126/sciadv.aau1705
https://doi.org/10.1093/jeg/lbt038
https://doi.org/10.1111/obes.12364
https://doi.org/10.15931/j.cnki.1006-1096.2013.05.013
https://doi.org/10.15931/j.cnki.1006-1096.2013.05.013
https://doi.org/10.1016/j.eap.2021.01.012
https://doi.org/10.1016/j.jbusres.2019.06.038
https://doi.org/10.1016/j.jbusres.2019.06.038
https://doi.org/10.1016/j.inteco.2020.09.004
https://doi.org/10.18267/j.pep.755
https://doi.org/10.18267/j.pep.755
https://doi.org/10.1080/1331677X.2021.1874460
https://doi.org/10.1080/1331677X.2021.1874460
https://doi.org/10.1080/1331677X.2019.1629327
https://doi.org/10.1080/1331677X.2019.1629327
https://doi.org/10.19795/j.cnki.cn11-1166/f.2018.04.008
https://doi.org/10.19795/j.cnki.cn11-1166/f.2018.04.008
https://doi.org/10.1093/jeg/lby011
https://doi.org/10.16158/j.cnki.51-1312/f.2021.01.004


Tacchella, A., Cristelli, M., Caldarelli, G., Gabrielli, A., & Pietronero, L. (2012). A new metrics
for countries’ fitness and products’ complexity. Scientific Reports, 2, 723. https://doi.org/10.
1038/srep00723

Thisse, J. F. (2018). Human capital and agglomeration economies in urban development. The
Developing Economies, 56(2), 117–139. https://doi.org/10.1111/deve.12167

Utkovski, Z., Pradier, M. F., Stojkoski, V., Perez-Cruz, F., & Kocarev, L. (2018). Economic
complexity unfolded: Interpretable model for the productive structure of economies. PloS
One, 13(8), e0200822. https://doi.org/10.1371/journal.pone.0200822

Vu, T. V. (2022). Does institutional quality foster economic complexity? The fundamental
drivers of productive capabilities. Empirical Economics, 1–34. https://doi.org/10.1007/s00181-
021-02175-4

Wang, J., & Yeh, A. G. (2020). Administrative restructuring and urban development in China:
Effects of urban administrative level upgrading. Urban Studies, 57(6), 1201–1223. https://doi.
org/10.1177/0042098019830898

Wang, X., Zhang, Y., & Chen, N. (2021). Modern service industry agglomeration and its influ-
encing factors: spatial interaction in Chinese cities. Economic Research-Ekonomska
Istra�zivanja, 1–20. https://doi.org/10.1080/1331677X.2021.2006733

Wang, Z., & Wei, S.-J. (2010). What accounts for the rising sophistication of China’s exports?
China’s Growing Role in World Trade, 63–104. https://doi.org/10.7208/9780226239729

Wilson, H. J., & Daugherty, P. R. (2018). Collaborative intelligence: Humans and AI are join-
ing forces. Harvard Business Review, 96(4), 114–123.

Xie, M., Ding, L., Xia, Y., Guo, J., Pan, J., & Wang, H. (2021). Does artificial intelligence affect
the pattern of skill demand? Evidence from Chinese manufacturing firms. Economic
Modelling, 96, 295–309. https://doi.org/10.1016/j.econmod.2021.01.009

Yuan, H., Feng, Y., Lee, C.-C., & Cen, Y. (2020). How does manufacturing agglomeration
affect green economic efficiency? Energy Economics, 92, 104944. https://doi.org/10.1016/j.
eneco.2020.104944

Zhou, K. Z., & Li, C. B. (2012). How knowledge affects radical innovation: Knowledge base,
market knowledge acquisition, and internal knowledge sharing. Strategic Management
Journal, 33(9), 1090–1102. https://doi.org/10.1002/smj.1959

1448 Y. SHOUFU ET AL.

https://doi.org/10.1038/srep00723
https://doi.org/10.1038/srep00723
https://doi.org/10.1111/deve.12167
https://doi.org/10.1371/journal.pone.0200822
https://doi.org/10.1007/s00181-021-02175-4
https://doi.org/10.1007/s00181-021-02175-4
https://doi.org/10.1177/0042098019830898
https://doi.org/10.1177/0042098019830898
https://doi.org/10.1080/1331677X.2021.2006733
https://doi.org/10.7208/9780226239729
https://doi.org/10.1016/j.econmod.2021.01.009
https://doi.org/10.1016/j.eneco.2020.104944
https://doi.org/10.1016/j.eneco.2020.104944
https://doi.org/10.1002/smj.1959

	Abstract
	Introduction
	Literature review
	Theoretical background and hypotheses
	AI industry agglomeration and the ECI
	The mediating role of per capita human capital in the labour market
	The mediating role of intermediate input product quality
	The mediating role of innovation and entrepreneurship quality

	Data and methodology
	Data
	Economic complexity of the city
	AI industry agglomeration
	Control variables
	Mediators

	Model specification

	Results
	Baseline regression analysis
	Analysis of heterogeneity of spatial agglomeration
	Endogeneity
	Robustness analysis
	Mechanism test
	Mediating effect of the per capita human capital in the labour market
	Mediating effect of intermediate input products quality
	Mediating effect of innovation and entrepreneurship quality


	Discussion and conclusions
	Conclusions
	Contributions
	Limitations and further research

	Disclosure statement
	Funding
	Orcid
	References


