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A data-driven global innovation system approach and the rise of
China’s artificial intelligence industry
Zhen Yua , Zheng Liangb and Lan Xuec

ABSTRACT
Building upon the global innovation system (GIS) framework, this paper develops an analytical approach to incorporate
data as a foundation-level resource in data-driven innovation systems and to unravel how the interplay of system
resources’ spatial characteristics, multi-scalar institutions and actor strategies leads to the emergence of China’s
artificial intelligence industry. China’s loose institutional regime significantly facilitates the formation of the market,
legitimacy and data, while entrepreneurs and digital platforms are the key actors coupling system resources to China’s
innovation system. As data become a critical resource, actors controlling data develop institutional power to shape the
formation of the data-driven industry.
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INTRODUCTION

Since the phenomenal victory of AlphaGo over human
players in 2016, artificial intelligence (AI) has become
the most eye-catching technology globally. As a general-
purpose technology, AI has been deployed in various sec-
tors, showing huge potential in boosting economic devel-
opment and addressing global sustainable development
challenges. Although AI advancements have sparked
widespread ethical concerns such as job replacement, loss
of accountability, algorithmic bias and privacy violations
(Butcher & Beridze, 2019), many countries have rolled
out their AI strategies to secure an advantageous position
in the new round of industrial revolution. In addition,
thousands of companies engaged in AI technology devel-
opment have sprung up around the world, forming an
emerging AI industry (Xue et al., 2018). Though still in
its formative stage, an AI value chain, including AI infra-
structure providers (e.g., in computing chips and sensors),
technology developers (e.g., in computer vision and voice
recognition), and application scenarios (e.g., in auton-
omous driving and smart healthcare), has been formed.

AI is a typical data-driven innovation as it feeds on
data (Klingenberg et al., 2019). The AI we are discussing
today mostly refers to machine learning, which relies on
data to train algorithms to predict and make decisions
(Haenlein & Kaplan, 2019). More data means more accu-
racy and more technological competencies. Therefore,
data have been widely valued as the ‘new oil’ in the age
of AI (Parkins, 2017); and it is not surprising that digital
platforms such as Google, Amazon and Facebook are at
the global frontier of AI technology development. Data
are increasingly critical not only for business value creation
but also for knowledge development and policymaking
(Yu et al., 2021). Those who possess the capacity to col-
lect, analyse and utilize large amounts of data will gain tre-
mendous competitive advantages. However, exploiting
data is a trade-off between value creation and risk control
(Abraham et al., 2019). Too little data regulation will
damage users’ benefits, while too much data protection
will discourage firms from using data to innovate (Agrawal
et al., 2019). Therefore, a country’s data regime will sig-
nificantly shape the development of data-driven inno-
vations in its territory.
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Accompanying the rising impact of AI and data is a
shift in the global industrial competitive landscape, in
which China has been one of the leading players in the
AI industry. China has hosted the world’s second-largest
cluster of AI firms (Xue et al., 2018). At the subnational
level, Beijing, Shanghai, Shenzhen and Hangzhou have
been global hotspots where AI firms emerge and aggre-
gate. In addition, pervasive applications of AI in various
scenarios are mushrooming in China. The objective of
this paper is to reveal how this controversial data-driven
industry emerges in China. Observers have mainly attrib-
uted it to China’s huge market and rich data (e.g., Ding,
2018), but what has been largely neglected are China’s
social and institutional contexts that give rise to these
resources and the role of heterogeneous actors in coupling
these resources.

Recent literature has argued that local new path cre-
ation is a process of aligning and coupling endogenous
and extra-regional system resources, particularly knowl-
edge, financial investment, market and legitimacy (Binz
et al., 2016). The latest development in the global inno-
vation system (GIS) approach by Binz and Truffer
(2017) offers a strong framework with which to under-
stand where these system resources are formed and how
they affect different industry formations in different
places. GIS contends that due to the differences in inno-
vation modes and valuation modes, the extent and form
of international interdependencies will significantly vary
in different industries, resulting in diverse development
pathways over space (Binz et al., 2020). The system
resources of an emerging industry may be generated at
different spatial scales, conditioned by multi-scalar insti-
tutions. However, the existing literature fails to reveal
through whose agency these system resources are created,
mobilized and coupled into certain places. Although many
studies have highlighted the role of entrepreneurs in coup-
ling system resources (e.g., Zhang & White, 2016), less
knowledge has been developed about how actors shape
the changing institutional environment of emerging
industries (Battilana et al., 2009; Yap & Truffer, 2019).
Additionally, innovation system approaches have paid lit-
tle attention to the role of data as a critical resource in
data-driven innovation systems, which is increasingly pro-
blematic since the world is becoming increasingly digital-
ized (Weber & Truffer, 2017).

Responding to these gaps, this paper proposes a
modified GIS approach to understand the emergence
of data-driven innovations. We differentiate two levels
of system resources in data-driven innovation systems:
data as the foundation-level resource and knowledge,
investment, market, and legitimacy as system function-
level resources. We then articulate how data matter in
the formation of function-level resources. We argue
that system resources in data-driven industries have
different GIS spatial characteristics, conditioned by
multi-scalar institutions, and actors couple these system
resources into a place by leveraging sticky resources and
shaping the changing institutions, especially those
regarding data.

The remainder of the paper is structured as follows.
The next section provides a literature review and develop
a modified GIS approach to understand why and how
data-driven industries emerge in certain places. The
third section describes the methodology. The fourth sec-
tion elaborates on the emergence of the AI industry in
China with our new conceptual approach. The fifth sec-
tion discusses the results. The final section concludes.

THEORETICAL BACKGROUND AND
CONCEPTUAL APPROACHES

Emerging industries and GIS
Emerging industries are newly formed or reformed indus-
tries that are induced by technological innovations, new
consumer needs, or other economic and sociological
changes (Porter, 2008). Economic geography has been
particularly interested in why new industries arise in
some places but not in others. Institutional economic
geography argues that a place’s institutional structure pos-
sesses the main causal power (Martin, 2000) while evol-
utionary economic geography (EEG) highlights the role
of existing local competencies in influencing the emer-
gence of new industries (Boschma & Frenken, 2011).
However, EEG has largely overlooked the extra-regional
relations that actors may use to anchor resources for
local new path creations. Relational economic geography
has shifted the focus to the role of multi-scalar actor
relations in explaining spatial outcomes (Boggs & Rantisi,
2003), but it risks downplaying internal territorial interests
and constraints in influencing territorial politics (Jonas,
2012).

Innovation system approaches have also shed much
light on the emergence of new industries (Weber & Truf-
fer, 2017). The technological innovation system (TIS)
approach highlights the interaction between actors, net-
works and institutions in the generation, diffusion and
utilization of new technologies (Bergek et al., 2008).
Recent TIS studies focus on system functions or processes
such as entrepreneurial experiments, knowledge develop-
ment, market formation, resource mobilization and legit-
imization (Bergek et al., 2008; Hekkert et al., 2007).
However, TIS studies still offer little understanding
about what and who drives the formation and evolution
of system functions (Kern, 2015).

Drawing insights from economic geography and inno-
vation system research, Binz et al. (2016) argue that local
new path creation is a process of aligning distantly distrib-
uted relevant resources and anchoring them to local inno-
vation systems. These relevant resources are condensed
into four distinct key resources: knowledge, niche markets,
financial investment and legitimacy. While mounting
research has shown the importance of knowledge in new
industry formation, the processes for market valuation
have received less attention. A niche market is critical
for emerging industries because it provides a protected
space for new products to compete with existing technol-
ogies. New technologies also have to overcome the liability
of newness (Zhang & White, 2016), and legitimacy is an
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important resource for them to align with pre-existing
institutional structures and reduce diffusion barriers.
Finally, investment is not only important in providing
scarce financial resources but also pivotal in the sense
that it could be viewed as the anticipation of future market
formation and legitimation processes and thus reduces
uncertainties (Binz et al., 2016).

As innovation is increasingly globalized, the conven-
tional hypothesis that system resources only develop
within specific territorial boundaries is severely challenged.
The allure of the GIS framework developed by Binz and
Truffer (2017) lies in its strength in explaining where
and how an industry’s system resources are formed and
coupled from a multi-scalar perspective. GIS advocates
that some system resources are highly sticky to local con-
texts whereas others are more mobile and transferable in
space, depending on the industry’s GIS typologies,
which are identified based on the industry’s innovation
mode and valuation mode. In the technological innovation
dimension, an industry can be dominated by either a
science and technology-driven innovation (STI) mode or
a doing, using and interacting (DUI) mode. In the STI
mode, knowledge is usually science based and codified
and thus more mobile through internationalized networks.
In contrast, knowledge learning in the DUI mode is more
experience based and tacit, requiring close interactions
within certain geographical boundaries. In the valuation
dimension, some products are very standardized across
global markets while others are more customized to
specific local contexts. Markets, investment and legitimacy
are more mobile in a standardized scenario, and actors in
one place could easily obtain access to these resources cre-
ated in distant places. In a customized valuation scenario,
however, these resources are closely associated with loca-
lized user needs, institutional settings and technological
opportunities; and it is costly for extra-regional actors to
transfer them to other territorial innovation systems.

The combination of these two dimensions differen-
tiates four generic GIS configurations, namely footloose,
market-anchored, production-anchored and spatially
sticky. In a footloose GIS (e.g., smartphone), both the
innovation mode and valuation mode are characterized
by high mobility, and all system resources are rather
mobile at the global level. By contrast, innovations and
valuation in a spatially sticky GIS are sticky to local con-
texts (e.g., luxury watchmaking), and the formation of sys-
tem resources is highly rooted in particular places. In a
market-anchored GIS (e.g., personalized medicine),
knowledge and financial investment are rather footloose,
but market and legitimacy are spatially sticky. The oppo-
site is true in the production-anchored GIS (e.g.,
furniture).

A main takeaway from the GIS framework is that one
needs to consider an industry’s GIS characteristics and the
corresponding resource mobility over space when examin-
ing its emergence in certain places. Although not
expressed explicitly, the GIS literature also points to the
crucial role of multi-scalar institutions in defining the
characteristics of system resources and hence the

formation of GIS types. For instance, the characteristics
of the valuation mode and its related system resources
(e.g., market, investment and legitimacy) are often contin-
gent on institutional contexts. In a specific GIS type,
whereas some resource formations are mainly conditioned
by local institutions, others are more subject to inter-
national level institutions. Besides, institutions also
shape actors’ agency and networks in aligning, mobilizing
and anchoring system resources.

Role of actors in resource mobilization and
institutional change
However, the GIS framework still misses a part to capture
the rise of emerging industries, and we believe this is
where actor strategies should be considered. New path cre-
ations entail actors’ strategic agency not only in mobilizing
resources but also in unlocking incumbent structures
(Karnøe & Garud, 2012). There have been attempts to
map how actors leverage their multi-scalar relations to
align and couple system resources to local innovation sys-
tems (Binz et al., 2016; Yu & Gibbs, 2020). However,
GIS research has not paid sufficient attention to how
actors affect resource formation by shaping institutional
environments. In this aspect, the institutional entrepre-
neurship literature has provided many insights (e.g., Batti-
lana et al., 2009; Grillitsch, 2019). To serve the interests
they value highly, entrepreneurs not only can utilize
opportunities in existing markets (ordinary discovery)
but also destroy the stability of existing institutions and
create rules favouring their future business (extraordinary
discovery) (Yu, 2001). In fields such as emerging industries
where the institutional setting is still very much in the
making, entrepreneurs are expected to play a more critical
role in institution formation (Gong & Hassink, 2019; Yap
& Truffer, 2019). Particularly, actors who control a broad
range of critical resources will exert a considerable impact
on the institutional structure of an innovation system at
the formation stage (Markard & Truffer, 2008).

Therefore, to understand the emergence of an industry
in a particular place, one should examine the interaction
between the industry’s GIS characteristics, multi-scalar
institutions and local actor strategies. Each resource for-
mation in different GIS types has different spatial scopes
and thus is conditioned by institutions at different scales,
which also shape and are shaped by actor actions. The
emergence of a new industry in a place needs actors’ strat-
egies not only in coupling endogenous and extra-regional
resources but also in shaping a favourable selection
environment to sustain the infant industry.

A modified GIS approach for data-driven
innovations
Another gap in the GIS literature becomes increasingly
prominent when it comes to the era of Industry 4.0,
where many innovations rely on data to offer new pro-
ducts and services (Klingenberg et al., 2019). Data-dri-
ven innovations entail the exploitation of data to create
value through the data value chain, including data acqui-
sition, data analysis, data curation, data storage and data
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usage (Curry, 2016). Consequently, data-driven inno-
vation systems involve more data-related actors such as
data suppliers, data users, data marketplaces and data
regulators.

Though often called the ‘new oil’, data have several dis-
tinct features from fossil fuels. First, data can be acquired,
stored and transferred at a very low cost (Klingenberg
et al., 2019). Second, data are rarely exhausted and are
non-rival in the sense that they can be used by different
users simultaneously. However, it is very challenging to
define the ownership of data because they are usually co-
produced, and one individual’s behavioural data often con-
tain information of others (Weber, 2017). Third, data can
be used for a much wider range of purposes, connecting
artefacts, business and people in a cyber–physical system
(Klingenberg et al., 2019). Finally, due to the network
scale effect and winner-takes-all effect of the platform
economy, valuable data are usually aggregated to a few
giant digital platforms, which can develop formidable
power to influence the development of digital economies
(Kenney & Zysman, 2016).

In data-driven innovation systems, data are the key
resource not only because they are the foundational
input but also because they are the trigger factor for the
entire innovation process (Trabucchi & Buganza, 2019).
Data are a critical material from which knowledge can
be extracted in modern scientific discovery (Curry,
2016). The explosion of available data is not only feeding
advanced data-mining technologies but also generating
new insights about the world. For business, big data
allows companies to better know customers’ ideas and
preferences and to profit from them by exploiting
unmet demand or providing personalized products (Bres-
ciani et al., 2021; Saura et al., 2021). This facilitates
entrepreneurial experiments and market formation. In
many data-driven innovations, data exist at the very
beginning of the innovation process and also represent
the final product at the end of the process (Trabucchi
& Buganza, 2019). In their survey of machine learning
start-ups, Hartmann and Henkel (2018) find that having
valuable, rare, inimitable and non-substitutable data is the
key factor in acquiring venture capital funding. Data are
also increasingly important in the public policy process,
including agenda setting, policy formulation, decision-
making, policy implementation and policy evaluation,
with more efficiency and accuracy (Valle-Cruz et al.,
2020).

Given these observations, we propose a modified GIS
approach to incorporate data as a foundation-level system
resource in data-driven innovation systems in which data
enable the formation of knowledge, investment, market
and legitimacy at the functional level. Similar to the
function-level resources, data also have GIS spatial pat-
terns. The formation of data is significantly conditioned
by institutions, which decide whether, how and what
data can be collected, transferred and utilized; who
owns data; and how the revenue from data will be dis-
tributed. Furthermore, actors apply various strategies to
produce, collect and exploit data for knowledge creation,

market formation and investment mobilization. There-
fore, to map the geography of a specific data-driven
industry in a specific place, we need to examine the
spatial mobility of data and its relations with other sys-
tem resources and investigate how relevant institutions
and local actors shape the formation and mobilization
of these resources.

METHODS AND DATA

Global AI research began in the 1950s, but it is not until
the early 2010s that AI can be commercially applied due to
the breakthroughs in algorithms (deep learning in particu-
lar), computing power and data. Nonetheless, current AI
development is still at the stage of narrow AI, which
only outperforms humans in a single capability in specific
tasks. The AI industry is a group of firms that develop
machine systems (including algorithms and hardware)
that mimic human intelligence to solve particular pro-
blems. These firms include not only start-ups that develop
and sell AI as a core product but also incumbent firms that
use AI to complement their main businesses. China has
fostered a relatively large AI cluster and accumulated cer-
tain technology advances and an evident advantage in
applications (Xue et al., 2018). Applying the above con-
ceptual approach, this paper investigates how the interplay
of the spatial characteristics of data and other system
resources, multi-scalar institutions and actor strategies
leads to the formation of the AI industry in China. It
should be noted that GIS typology mainly maps the spatial
characteristics of an industry’s core activities instead of the
entire value chain, which could contain various complex
innovation modes and valuation modes. This paper mainly
focuses on the firms that develop and commercialize AI
algorithms.

From June 2018 to May 2020, 66 semi-structured
interviews were conducted with AI enterprises, govern-
ment agencies, universities, industry associations and
research institutions in China (one in the UK). These
interviews include three topics designed to address this
research objective:

. What factors facilitate or obstruct China’s AI industry?

. How are resources distributed and how do they flow
within the AI innovation system?

. How do different actors respond to the emergence of
AI and its consequent changes?

In most of these interviews, we managed to talk to
respondents from the top management level and gather
in-depth observations from industry experts. These inter-
view materials are supplemented and triangulated by many
secondary industry reports, government documents, news
reports and expert forums. Interviewees were anonymized
in our result presentation and numbered by the type of
organization, for example, enterprise (ET), university
(UV), research institute (RI), industry association (IA)
and government (GV), and the sequence of interviews
(e.g., ET01).
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Result: the emergence of the AI industry in
China
China started its AI research in the early 1980s, but
achieved only incremental progress in the following
three decades. While technological development was
struggling, another pillar of AI, data, was growing
rapidly. Since the early 2000s, the fast deployment of
information and communication technology (ICT) infra-
structure, low labour costs and the large scale of internet
users have facilitated China to become one of the leading
countries in the internet economy. Some digital plat-
forms such as Baidu, Alibaba and Tencent (‘BAT’)
have grown to be the most valuable companies in the
world. When deep learning algorithms matured in the
early 2010s, this window of opportunity was soon seized
by China’s digital giants and new start-ups by leveraging
China’s rich data and application scenarios. Among
others, image recognition and intelligent recommen-
dation have been the two most successfully commercia-
lized AI technologies. While AI technology developers
actively apply AI to various application scenarios such
as traffic control, retailing and healthcare (‘AI+’), tra-
ditional sectors are also enthusiastically using AI to
upgrade their businesses (‘+AI’), which in turn provides
more data and sector-specific knowledge for AI technol-
ogy improvement. This positive feedback loop among
data, technology, investment and market drives China’s
AI industry development.

However, this infant industry is also suffering a liability
of newness. Though widely believed to be a promising
technology, AI has not brought revenue to most AI com-
panies so far. Most applications are in their initial stages,
and mature business models need to be developed
(ET05; ET57). Besides the heated debates on AI’s impact
on employment, the ‘black box’ nature of AI has raised
wide concern on AI discrimination (Haenlein & Kaplan,
2019). Furthermore, there are criticisms that the develop-
ment of the AI industry may cost citizens’ privacy. There-
fore, legitimacy is urgently needed for the development of
this controversial industry. In this section we present how
the interaction between GIS characteristics, multi-scalar
institutions and actors’ strategies leads to the formation
of China’s AI industry. We illustrate how data matter in
system function-level resource formation and then proceed
to the foundational level to examine the spatial pattern of
data and the institutions and actor strategies underlying
this pattern.

THE FORMATION OF SYSTEM FUNCTION-
LEVEL RESOURCES

Knowledge: footloose
Current AI technology is largely science driven (STI), and
its knowledge base is highly codified and footloose.
Initially started in a few lighthouse universities, deep
learning research gained rapid development within aca-
demic circles and industry through joint research, scientific
publications and talent mobility (Benaich & Hogarth,

2020). In this process, shared databases among academics
(e.g., ImageNet), academic communications (e.g., AI con-
ferences) and the global open-source movement played
important roles. ImageNet was established by scientists
from Stanford University in 2009 and soon became the
largest image recognition database in the world. It pro-
vided free labelled images for algorithm developers around
the world. Furthermore, algorithm developments were
facilitated by open-source communities such as GitHub,
where developers shared codes with new ideas and data.
Since 2015, technology giants such as Google, Facebook
and IBM have established open-source platforms for AI
algorithm development. The main rationale for this move-
ment was to accumulate more data to train better algor-
ithms (ET09).

In this context, Chinese universities and research insti-
tutes were actively committed to AI research through
international collaboration and the establishment of
specialized AI schools or labs. In 2018, 53% of China’s
highly cited AI papers were published through inter-
national collaboration (Xue et al., 2018). China has
become the global leader in terms of the number of AI
papers and patents, but it still faces a severe shortage of
breakthrough ideas and top talents. Many small Chinese
AI companies mainly chose to build upon existing open-
source algorithms and achieved incremental technological
development by combining sector-specific knowledge and
data (ET09; ET43; UV14). In addition to collaborating
with domestic universities, large companies spent huge
efforts recruiting overseas AI talent, especially Chinese
AI scientists from the United States. China has received
17% of American-educated AI doctoral students who
leave the United States after graduation, and 40% of
them enter the industry (Benaich & Hogarth, 2020).
Many AI start-ups were established by returnee scientists
or researchers with research experience in American AI
labs (ET05; ET08; ET25; ET35; ET44; ET57). In par-
ticular, talent spillovers and spin-offs from Microsoft
Research Asia have played a very important role in the
rise of many Chinese AI companies (ET25; RI33).
Besides, Chinese AI companies energetically sought to
bring in knowledge through, for example, funding
research centres abroad (mainly in the United States), col-
laboration with top universities and acquisitions of over-
seas AI firms.

The AI industry has started to play an increasingly
important role in AI knowledge development because it
possesses computing power, data and application scen-
arios. Digital giants have attracted a large number of
researchers from academia and built many ivory tower-
like research institutes for researchers to explore and pub-
lish AI knowledge. An increasing number of AI papers
have been published by AI enterprises, especially in top
academic conferences (ET35). Gradually, several Chi-
nese digital giants and AI unicorns have also become
important knowledge contributors in global open-source
platforms, especially in voice recognition and computer
vision (ET07; ET35). Some companies such as Baidu,
Sense Time and Magvii have also established their
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open-source platforms. Overall, China’s AI industry
seeks to anchor global AI knowledge through inter-
national collaborations, acquisitions and attracting top
AI talent, on the one hand, and to improve its role in glo-
bal AI knowledge generation by leveraging China’s data
and application-specific knowledge and engaging in
more basic research, on the other.

Financial investment: footloose
Financial investment in the AI industry is relatively foo-
tloose. Since 2013, the global AI industry has received stea-
dily increasing investment. In 2017, global AI investment
reached US$39.5 billion, with China alone representing
70% of this total (Xue et al., 2018). Both foreign and dom-
estic investors had a strong faith that China’s huge market
and rich data would bring high investment returns (ET05;
ET25; ET44). The interplay between investment, market
and data drove China’s AI industry to a fast track. The
growth of Sense Time is a typical example. Before the
establishment of Sense Time, Tang Xiao’ou, its founder,
led a world-leading research team in face-recognition algor-
ithms at the Chinese University of Hong Kong, but was
trapped by limited data and computing capacity. The situ-
ation soon changed when IDG, a Boston-based venture
capital, invested in Tang Xiao’ou’s team and built Sense
Time in 2014. Subsequent investors such as Star VC and
Qualcomm also helped Sense Time recruit top AI talent
and build one of the largest computing platforms in Asia.
Sense Time’s technologies then soon penetrated various
sectors, which in turn enabled Sense Time to build a
huge image database. With this virtuous feedback loop,
venture capital kept investing in this company, making it
one of the world’s most valuable AI unicorns (ET35).

Notably, most of China’s AI start-ups received invest-
ments from large digital platforms, especially BAT. An AI
entrepreneur observed the following: ‘This industry, if does
not belong to A [Alibaba], then it must belong to T [Tecent]
or B [Baidu]. Almost every new AI firm has some connec-
tions with BAT’ (ET08). Realizing the strategic importance
of applications and data, both digital giants and emerging AI
unicorns strived to build their business ecosystem by invest-
ing in new AI application firms. The chief executive officer
of an AI unicorn stated the following: ‘if you want to grow
bigger, you need to have your technologies applied in various
sectors. Our investment fund has invested in 14 firms, and
we plan to invest in 20 firms annually’ (ET07).

As the industry was in the process of being defined, there
were also many firms ‘using the name of AI to get invest-
ments but only selling conventional products’ (ET06).
Additionally, the majority of China’s AI investment was
mobilized to the application side. Nonetheless, as China’s
market demand for specialized AI chips grew rapidly, ven-
ture capital began to increase investment in Chinese AI
chip companies. Particularly, after the US chip embargo
on Chinese companies in 2018, the Chinese government
decided to strongly support the indigenous chip industry,
and investors began to invest more in AI chips (ET44).
Additionally, realizing the strategic importance of the AI
industry in future regional competition, local governments

were actively attracting AI companies and talent to their jur-
isdictions with favourable financial support, such as govern-
ment venture capital funds and lower taxes and rents.

Market: spatially sticky
AI markets are highly contingent on place contexts and
sectoral specificities. The application of AI technologies
should be adapted to specific use scenarios (e.g., a hospi-
tal). The relatively backward status of China’s traditional
sectors provided a huge market window for AI appli-
cations. In the healthcare scenario, for example, the
shortage of highly skilled doctors in identifying diseases
such as cancer was very acute (ET05; ET24). These scen-
arios thus had a strong interest in using AI technologies
to improve accuracy and efficiency, which was facilitated
by China’s lax regulations on market entry. Many appli-
cation sectors in China have not developed high stan-
dards on ethics and safety or otherwise not strictly
implemented them. A returnee entrepreneur from the
US explained his rationale for engaging in AI healthcare
in China: ‘the American healthcare market is very mature
but slow in accepting new products… they have many
rigid regulations in this sector, but China has much
fewer regulations, and hospitals are more willing to
adopt new technologies’ (ET05). Similar stories occurred
in other sectors such as finance, retailing, transportation
and education. However, these application markets
were very segmented, and in many cases, close relation-
ships (‘guanxi’) with adopters affected whether or how a
technology developer could enter the scenarios (ET57;
ET58).

Both governments and private sectors played impor-
tant roles in China’s AI market formation. In particular,
the public security bureaus’ large demand for detecting
criminals opened the first niche market for AI technol-
ogies (ET09; ET18). Many local governments have pro-
vided procurements for AI services in traffic control and
smart-city projects. They also supported the industry by,
for example, providing AI demonstration projects and
subsidizing AI technology adopters in sectors such as
healthcare, education, transportation and manufacturing
(GV03; ET29; ET34).

AI technology developers and digital platforms were
energetically seeking to enter various application scenarios
(‘AI+’) to gain access to both market and data, which in
turn improved their technological competencies. An AI
entrepreneur stated the following: ‘We have a team work-
ing in a hospital every day to learn doctors’ needs and gain
patients’ data to improve our technology. After half a year,
the accuracy rate has risen from 85% to 95%’ (ET45).
Many downstream application firms also sought to
develop their own AI technologies to better profit from
their data and relations with consumers (‘+AI’). Addition-
ally, an increasing number of AI firms strived to enter
international markets. Some technology developers
adapted their technology competence developed in
China to other countries’ application markets (ET18;
ET35; ET60), some chose to collaborate with world-
known international companies (ET29), and some sought
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to enter areas that are less controversial such as goods rec-
ognition (ET25).

Legitimacy: spatially sticky
AI is a very controversial technology, but it has different
legitimacy in different contexts. For instance, while some
Western countries and regions have banned face recog-
nition, Chinese society emphasizes its positive virtues over
its risks. Since the Reform and Opening Up, ‘development
is of overriding importance’ has been one of the dominant
development philosophies in China. Despite much
improvement in recent years, Chinese society still pays
insufficient attention to the social risks accompanying econ-
omic development in comparison with Western countries.
Moreover, as many indigenous innovations (e.g., high-
speed trains, mobile payments and bike-sharing) benefit
people’s daily lives, technological innovations were given a
‘halo’ by Chinese society. Regarding AI specifically, Chi-
nese citizens showed a high level of tolerance to AI’s social
risks. According to a survey by Xue et al. (2018), only 2.4%
of respondents were against the development of AI in
China. Trust in technologies and technology users, particu-
larly the government, mattered here. For instance, when
discussing face-recognition technology, an AI researcher
expressed his opinion: ‘as a citizen, I do know that some
of my information is being collected, but I don’t worry at
all that my data will be used maliciously’ (RI38).

In 2017, China’s central government implemented the
Development Plan for the Next Generation Artificial Intel-
ligence, aiming to build China as a global AI innovation
hub by 2030. The strategic focus of China’s AI strategy is
to promote its economic development, international com-
petition, social governance and moral governance (Roberts
et al., 2020). Since 2018, theMinistry of Science and Tech-
nology (MOST) has launched 15 National AI Open Inno-
vation Platforms, covering a wide range of fields from
computing infrastructure to sectoral applications, led by
leading digital platforms and AI players. It also initiated
AI pilot zones to encourage cities to accelerate various AI
applications and conduct AI-based policy experiments. At
the local level, most regional governments saw AI as an
important lane for economic development and supported
the industry with various favourable policies (GV02;
IA03; GV50; GV51). For some local governments, even
though they were not so confident about AI prospects,
they still took AI initiatives out of the concern that they
would lag behind others if they did nothing (GV13).

AI companies also strived for legitimacy. When asked
about AI’s negative impacts, most industrial interviewees
advocated that AI per se was neither good nor evil, but
how it is used mattered (ET05; ET18; ET30; ET35;
ET62; ET63). A manager from a surveillance camera
company argued the following:

Surveillance technology is like a knife. You can’t say having a

knife is only for murder. As a technology provider, we have

no say in how the technology should be used, and we have

nothing to do with the legitimacy involved in applications.

(ET18)

Many AI players, especially large digital platforms, tried to
promote a positive image of AI in social governance. For
instance, face-recognition companies often highlight the
use of AI in finding missing persons, especially children
and the elderly (ET01; ET37; WT63). AI firms also
sought to emphasize a collaborative human–AI relation
and AI’s long-term impacts on creating new jobs (ET05;
ET62). Facing such an emerging but controversial tech-
nology, most industrial actors advocated ‘let the bullet
fly’ (ET62) rather than early regulations.

Besides, large digital platforms actively established
public policy research institutes and hired social scientists,
lawyers and former government officials, aiming to study
the frontier of the industry and influence public policies
(ET26; ET46; ET48; ET52). Leveraging their rich real-
time data, these digital platforms usually collaborated
with influential universities to publish research reports
regularly on controversial topics such as employment,
data, privacy and ethics, which influenced public opinions
about AI. A public relations manager from an AI firm sta-
ted: ‘On the frontier social issues, we collaborate with uni-
versities to correct some wrong public ideas and to
guarantee our products can be accepted on the market’
(ET52). AI companies also actively participated in form-
ing national AI regulations. For example, some leading
AI entrepreneurs were on the board of MOST’s National
AI Governance Committee and contributed to the release
of China’s AI governance principles in 2019.

THE FORMATION OF THE FOUNDATION-
LEVEL RESOURCE

Data: spatially sticky
At the foundational level of the AI innovation system, data
are a spatially sticky resource. The availability of data is
strongly conditioned by a country’s legal and socio-econ-
omic context. Although China has a big data-labelling
cluster providing services for both domestic and foreign
AI companies, labelled data are only a small part of Chi-
na’s data advantage, which mainly lies in China’s huge
population and pervasive use of internet applications. As
the payoff of rapid internet economic development,
China has become the ‘OPEC in data’,1 accounting for
20% of the world’s internet users (Ding, 2018). Moreover,
China’s lax formal and informal institutions on data pro-
tection facilitated a rather loose regime on data use. It
was not until 2020 when China realized its first compre-
hensive draft law on personal information protection.
Unlike in Western cultures where privacy is usually seen
as an individual right, perceptions of privacy in Chinese
society are more oriented by the value of collectivism,
community and ‘saving face’ (Li et al., 2021). Chinese
society had relatively fewer concerns about personal data
protection and was more willing to embrace the novelties,
securities, efficiencies and conveniences brought by new
technologies at the cost of a certain level of privacy (Arenal
et al., 2020). These contextualized institutions allowed
low-cost accumulations of large – though also often low-
quality – data for both AI algorithm training and
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marketing. A director of an multinational corporation’s
(MNC) research branch stated: ‘such as internet plus,
big data, China has no strict legislation, so there is a
room for development, and China can cross the river by
feeling the stones’ (ET06).

Nonetheless, this lax data regulation was under
increasingly heated debate. International data regulations
were also pushing China’s AI industry to improve its
data protection standards. Among them, the European
Union’s (EU) General Data Protection Regulation
(GDPR) was most influential. Several Chinese AI firms
have invested heavily to upgrade their privacy standards
to expand their international businesses (ET29; RI38;
ET44; ET47; ET48; ET60; ET65).

Under such a context, the AI industry endeavoured to
secure as much data as possible, on the one hand, and
influence the data regime when they were still in flux, on
the other. AI firms and digital platforms were expanding
to downstream applications to acquire data, even if no
profits were promised in the short run. For example, Ten-
cent, a digital giant focusing on social networks and enter-
tainment, established an autonomous driving department
in 2016. A technology manager explained the rationale:

On the one hand, autonomous driving could bring an indus-

trial transformation where cars are at the centre for future

mobility and entertainment. On the other hand, it is about

the volume of data related to autonomous driving, which

could be very important to our cloud business.

(ET53)

Some AI companies provided free equipment to users on
the condition that they can obtain access to users’ data
(ET54). Moreover, there were increasing calls from the
industry asking governments to open access to more pub-
lic data (ET23; ET25; ET47; ET48; GV50; ET63).
Many local governments have initiated digital govern-
ment projects and established specialized bureaus for
data management across government agencies (GV50;
GV51).

Benefiting from incumbent loose data regulations, most
AI firms advocated continuing the existing regime with cer-
tain levels of improvement. A digital platform manager sta-
ted: ‘I think if we consider this (stricter data protection) too
early, it might constrain our current development strategies’
(ET15). The GDPR was widely argued to put the industry
at a competitive disadvantage, and the dominant discourse
among the industry was that China needed to improve its
data protection but not to the level of GDPR (ET18;
RI38; ET48; ET60; ET63). There were also firms com-
plaining that current ambiguous data regulations created a
long-term risk for China’s AI industry and thus called for
clear regulations on data ownership and use (ET48; IA49;
ET65). In April 2020, China’s State Council issued an
opinion on the reform of the factor market and listed data
as the fifth production factor, parallel to the conventional
factors of land, labour, capital and technology, urging
open access to more government data, improved data
value and quality, and strengthened data protection.

DISCUSSION

From the GIS perspective, the AI industry is a market-
anchored GIS. In general, its knowledge and financial
investment are footloose at the global level while the mar-
ket, legitimacy and data are much more place sticky. These
resources are closely intertwined and reinforce each other
in China’s AI innovation system. From an evolutionary
view, China’s AI industry inherits most of these resources,
especially the market, legitimacy and data, from its inter-
net economy. China’s huge market and loose regime
drove the internet economy and gave rise to various inter-
net applications and digital platforms. The development of
the mobile internet in the late 2000s greatly facilitated the
diffusion of many innovations, such as food delivery, e-
payment, bike-sharing and online car-hailing, which
brought not only massive data but also more legitimacy
for new technologies. When AI knowledge became
mature in the early 2010s, entrepreneurs began to leverage
China’s rich data to improve AI technologies and develop
new business models. After 2016, the victory of AlphaGo
and the central government’s AI strategy provided further
legitimacy, leading to more government support, more AI
investments and a larger AI market. Furthermore, digital
platforms and AI unicorns expanded the AI market to var-
ious scenarios and developed institutional power to
strengthen the legitimacy of AI development in China.

Previous research has equally emphasized the role of
each system resource in system formation, but it has insuf-
ficiently explained why new path creations only occur in
certain places (Binz et al., 2016). Our results show that
some unique sticky resources should be presented in a
place before footloose resources could be attracted and
anchored to the local context. China’s huge market and
rich data are the key assets that draw other resources to
its AI innovation system. These resources were not born
there but are an outcome of the interaction between
multi-scalar institutions and actor strategies (Table 1).

As the emergence of the AI industry is relatively new to
the world, ‘one can expect windows of opportunity to exist
in regions where the regime is less dominant and only
weakly institutionalized or hybridized’ (Boschma et al.,
2017, p. 38). China’s less institutionalized regime plays a
critical role in gaining first-mover advantages in AI devel-
opment. As Table 1 shows, the formation of market,
legitimacy and data in China are closely associated with
its low entry barrier, high social acceptance of innovations,
lower privacy standards and lax data regulations. In this
sense, the catch-up of China’s AI industry is not much
different from that of many conventional industries (e.g.,
automobiles), which rely on extra-regional knowledge
but benefit mainly from China’s demographic dividends
and institutional dividends (e.g., lower environmental
standards). Whereas some Western countries have
implemented strict data regulations and banned some AI
technologies, China advances AI development with a
trial-and-error approach (Arenal et al., 2020). This philos-
ophy of ‘crossing the river by feeling the stones’ allows
more room for AI entrepreneurial experiments and policy

8 Zhen Yu et al.

REGIONAL STUDIES



experiments but may also risk ending up following the
development pathway of ‘pollution first, clean up later’.

Our case has also highlighted the role of actor strat-
egies in both coupling system resources and shaping the
institutional environment. China’s national innovation
system is usually described as a ‘statist’ triple helix
(Ranga & Etzkowitz, 2013), where the government dom-
inates the direction of academic research and industry
development. This triple helix is changing in the AI inno-
vation system, which is mainly market driven and led by
digital platforms and AI entrepreneurs (Yu et al., 2021).
Scientist entrepreneurs not only linked global knowledge
with local markets but also provided certain legitimacy
and positive signal effects to investors. Digital giants and
MNCs anchored global resources, contributing to the
local cluster through the ‘global pipeline and local buzz’
model (Bathelt et al., 2004). In addition, the industry
actively strived to shape the loose institutional regime
before it was fully established. They advocated positive
images of AI and collaborated with universities to influ-
ence public opinions and policymaking, acting in the
role of institutional entrepreneurship. Nevertheless, the
government also played an important role as a supporter,
an enabler, a regulator and a customer. The central gov-
ernment and local governments have considerably contrib-
uted to the AI innovation system in guide of search (e.g.,
strategic planning), market formation (e.g., procurement),
investment mobilization (e.g., government funding) and
legitimization. More importantly, the government facili-
tated the formation of the foundational resource by, for
example, providing lax regulations, opening access to gov-
ernment data and listing data as a new production factor.

Finally, this study also implies the role of data in
strengthening the power of large digital platforms in
data-driven innovation systems. In the AI era, data are
critical not only for knowledge development but also for
market formation and public policymaking (Yu et al.,
2021). Owning critical resources could enable certain
actors to become prime movers and develop structural
power to direct meso-level system changes (Markard &
Truffer, 2008). This is particularly true for data-driven
innovations because the network effects of data usually
result in a few giant digital platforms controlling most of
the valuable data. Those who can control data could gain
not only tremendous commercial value but also discursive
and institutional power to shape the innovation system.
Digital giants such as BAT played a central role as
prime movers in coupling the system resources for China’s
AI industry. Moreover, they considerably affected how AI
was discussed by the public and policymakers and hence
influenced the formal and informal institutions around
the emerging AI industry.

CONCLUSIONS

To understand the geography of emerging data-driven
industries, this paper develops a modified GIS approach
and investigates how the AI industry emerges in China.
Data are the foundational resource in data-driven inno-
vations and significantly influence the formation of func-
tion-level resources. The AI industry is a market-
anchored GIS in which knowledge and financial invest-
ment are footloose while market, legitimacy and data are
highly contingent on local contexts. China’s loose

Table 1. System resources, institutions, and actor strategies in China’s artificial intelligence (AI) industry.

Level Resources
Spatial

characteristics Multi-scalar institutions Actors’ strategies

Function Knowledge Footloose Global open-source

communities; international

academic networks

Combining external knowledge with local

data and applications; attracting oversea

talents; oversea acquisitions; returnee

entrepreneurship; international

collaborations

Investment Footloose Global investment rationale Investment from international/domestic

investors; digital giants invest to expand

their ecosystems; government funding

Market Spatially sticky Huge population; high AI

demand; low entry barriers;

‘Guanxi’

Governments create niche markets and

support applications; digital platforms and

AI firms’ ‘AI+’; ‘+AI’ by conventional

sectors; entering international markets

Legitimacy Spatially sticky Philosophy of ‘development

first’; high acceptance of

innovations; trust in public

organizations

Government’s planning and supports; AI

firms promote positive images of AI; digital

giants influence AI institutions

Foundation Data Spatially sticky Booming internet economy;

loose data regulation;

community-oriented privacy

Accumulating data by penetrating to

applications; calling for open data;

lobbying for moderate data regulations
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institutional regime significantly facilitates the formation
of market, data and legitimacy. AI entrepreneurs and digi-
tal platforms couple these resources into China’s AI inno-
vation system and also act as institutional entrepreneurship
to shape the changing institutional environment.

There are two contributions of this paper to the litera-
ture. First, building upon the recently developed GIS fra-
mework, it proposes a conceptual approach to depict the
rise of an emerging industry through the interplay between
its GIS characteristics, multi-scalar interactions and actor
strategies. This conceptual approach acknowledges indus-
try-specific resource mobilities and points to the key role
of structure-agency interaction in shaping emerging
industries where institutions are usually in flux. Second,
responding to the call for novel approaches to capture
innovation system dynamics in a digitalized world, this
paper differentiates two levels of system resources in
data-driven innovation systems and conceptualizes data
as the foundation-level system resource. Data are not
merely a new production factor, they are also highly associ-
ated with the formation of knowledge, investment, market
and legitimacy. Therefore, those who control a large
amount of valuable data could develop structural power
to direct the evolution of data-driven industries. Neverthe-
less, a deeper understanding of the process of data-shaping
power structures could be further studied in future
research.
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